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A Fuzzy Set Approach to Query Syntax
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Abstract. This article investigates whether a fuzzy set approach to the
natural language syntactic analysis can support information retrieval sys-
tems. It concentrates on a web search since the internet becomes a vast
resource of information. In addition, this article presents a module of
syntax analysis of TORCH project where the fuzzy set disambiguation
has been implemented and tested.

1 Introduction

Some recent developments on information technology have concured to acceler-
ate a research in the field of artificial intelligence [5]. The appeal of fantasizing
about intelligent computers that understand human communication is practi-
cally unavoidable. However, the natural language research seems to be one of
the hardest problems of artificial intelligence due to the complexity, irregularity
and diversity of human languages [8].

This article investigates whether a fuzzy set approach to natural language
processing can support the search engines in web universe. An overview of syn-
tactic analysis based on fuzzy set disambiguation will be presented and may
provide some insight for further inquiry.

2 Syntax Analysis in TORCH - a Fuzzy Set Approach

TORCH is an information retrieval system with a natural language interface. It
has been designed and implemented by author in order to facilitate searching of
physical data in CERN (European Organization for Nuclear Research, Geneva).
TORCH relies on a textual database composed of web documents published in
the internet and intranet networks. It became an add-on module in Infoseek
Search Engine environment [6].

2.1 TORCH Architecture

The architecture of TORCH has been shown in figure 1. To begin with, a natural
language query is captured by the TORCH user interface module and transmit-
ted to the syntactic analysis section. After the analysis is completed, the query



Fig. 1. TORCH Architecture

is being conveyed to the semantic analysis module [6], then interpreted and
translated into a formal Infoseek Search Engine query.

Let us focus on the syntax analysis module of TORCH which is shown in
figure 2. The syntax analysis unit has been based on a stepping-up parsing al-
gorithm and equipped with a fuzzy logic engine that supports syntactic disam-
biguation. The syntactic dissection goes through several autonomous phases [6].
Once the natural language query is transformed into a surface structure [4], the
preprocessor unit does the introductory work and query filtering.

Fig. 2. Syntax Analysis Module

Next, the morphological transformation unit turns each word from a non-
basic form into its canonical one [7]. WordNet lexicon and CERN Public Pages
Dictionary provide the basic linguistic data and therefore play an important role
in both syntactic and semantic analysis. WordNet Dictionary has been built on
Princeton University [7], while CERN Public Pages Dictionary extends TORCH
knowledge on advanced particle physics. At the end of dissection process, a fuzzy
logic engine formulates the part of speech membership functions [6] which char-



acterize each word of the sentence. This innovatory approach allows to handle
the most of syntax ambiguity cases which happen in English (tests proved that
approx. 90% of word atoms are properly identified).

2.2 Fuzzy Set Approach

The fuzzy logic provides a rich and meaningful addition to standard logic and
creates the opportunity for expressing those conditions which are inherently
imprecisely defined [11]. The architecture of fuzzy logic engine has been shown
in figure 3.

Fig. 3. Fuzzy Logic Engine

The engine solves several cases where syntactic ambiguation may occur.
Therefore, it constructs and updates four descrete membership functions des-
ignated as ΨN , ΨV , ΨAdj and ΨAdv. At first stage, the linguistic data retrieved
from WordNet lexicon are used to form the draft membership functions, as it is
described below:

Let us assume that :

LK - refers to the amount of categories that may be assigned to the word;
Nx - refers to the amount of meanings within the selected category;

Note that x ∈ M, where M = {N(oun), V (erb), Adj, Adv};
NZ - refers to the amount of meanings within the all categories;
w(n) - refers to the n-vector (n-word) of the sentence;
ξK - is a heuristic factor that describes a category weight (e.g., ξK = 0.5)

The membership functions have been defined as follows:

NZ [w(n)] =
∑

x∈M
Nx[w(n)]



ΨN [w(n)] =
1 − ξK

NZ [w(n)]
· NN [w(n)] +

ξK

LK

Similarly,

ΨV [w(n)] =
1 − ξK

NZ [w(n)]
· NV [w(n)] +

ξK

LK

ΨAdj[w(n)] =
1 − ξK

NZ [w(n)]
· NAdj [w(n)] +

ξK

LK

ΨAdv[w(n)] =
1 − ξK

NZ [w(n)]
· NAdv[w(n)] +

ξK

LK

In order to illustrate the algorithm, let us take an example query: Why do
the people drive on the right side of the road? Figures 4 and 5 describe the draft
ΨN , ΨV , ΨADJ and ΨADV functions.
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Fig. 4. ΨN and ΨV membership functions
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Fig. 5. ΨADJ and ΨADV membership functions

Certainly, each word must be considered as a specific part of speech and may
belong to only one of the lingual categories in the context of a given sentence.
Thus, the proper category must be assigned in a process of defuzzyfication, which
may be described by the following steps and formulas (KN ,KV ,KAdj and KAdv



represent the part of speech categories):

Step 1.: w(n) ∈ KN ⇔ ΨN [w(n)] ≥ max(ΨAdj [w(n)], ΨV [w(n)], ΨAdv[w(n)])

Step 2.: w(n) ∈ KAdj ⇔
ΨAdj[w(n)] ≥ max(ΨV [w(n)], ΨAdv[w(n)]) ∧ (ΨAdj [w(n)] > ΨN [w(n)])

Step 3.: w(n) ∈ KV ⇔
ΨV [w(n)] > max(ΨN [w(n)], ΨAdj[w(n)]) ∧ (ΨV [w(n)] ≥ ΨAdv[w(n)])

Step 4.: w(n) ∈ KAdv ⇔ ΨAdv[w(n)] > max(ΨN [w(n)], ΨAdj[w(n)], ΨV [w(n)])

Unfortunately, the syntactic disambiguation based on lexicon data exclusively
cannot handle all the cases. Therefore, a second stage of processing - based on
any grammar principles - seems to be necessary [2] [3]. For that reason, TORCH
employs its own English grammar engine [6] (shown in figure 6) with a set of
simple grammar rules that can verify and approve the membership functions.

Fig. 6. English Grammar Engine

It utilizes a procedural parsing, so the rules are stored in a sort of static
library [10] and may be exploited on demand. When the engine exploits English
grammar rules upon the query and verifies the fuzzy logic membership functions,
the deep structure of the question is constructed [1] [9] and the semantic analysis
initialized [6].

The query syntax analysis of TORCH seems to be simple and efficient. A
set of tests based on 20000-word samples of e-text books has been done, and
the accuracy results (Acc-A when the English grammar engine was disable, and
Acc-B with the grammar processing switched on) are shown in table 1.

Natural language clearly offers advantages in convenience and flexibility, but
also involves challenges in query interpretation.



E-Text Books from Project Gutenberg Acc-A Acc-B

Cromwell by William Shakespeare 58% 84%

J.F. Kennedy’s Inaugural Address (Jan 20, 1961) 67% 92%

The Poetics by Aristotle 61% 86%

An Account of the Antarctic Expedition by R. Amundsen 63% 89%

Andersen’s Fairy Tales by H.Ch. Andersen 70% 94%

Table 1. The accuracy of TORCH syntax analysis

TORCH with its fuzzy set approach to the syntactic disambiguation attempts
to step towards intelligent systems that one day might be able to understand
human communication.
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Acquisition of Hypernyms and Hyponyms from the WWW 

Abstract. Recently research in automatic ontology construction has become a hot topic, because of the vision that 

ontology will be the core component to realize the semantic web. This paper presents a method to automatically 

construct ontology by mining the web. We introduce an algorithm to automatically acquire hypernyms and hyponyms 

for any given lexical term using search engine and natural language processing techniques. First, query phrase is 

constructed using the frame “X is a/an Y”. Then corpora sentences is obtained from the result from search engine. 

Natural language processing techniques is then employed to discover hypernym/hyponym lexical terms. The 

methodologies proposed here in this paper can be used to automatically augment natural language ontology, such as 

WordNet, domain specific knowledge. 

1. Introduction 

Recently research in ontology has been given a lot of attention, because of the vision that ontology will be the core 
component to realize the next generation of the web, Semantic Web [1]. For example, natural language ontology 

(NLO), like WordNet [2], will be used to as background knowledge for a machine; domain ontology will be needed as 
specific knowledge about a domain when particular domain comes into discussion, and so on. 

However, the task of ontology engineering has been very troublesome and time -consuming as it needs domain expert 
to manually define the domain’s conceptualization, left alone maintaining and updating ontologies. 

This paper presents an approach to automatically acquire hypernyms and hyponyms  for any given lexical term. The 
methodologies proposed can be used to augment domain specific natural language ontology automatically or as a tool to 

help constructing the ontology manually. 

2. Related Work 

There has been studies on extracting lexical relation from natural language text. The work by Hearst [3] introduces an 
idea that hyponym relation can be extracted from free text by using predefined lexico-syntactic patterns, such as ”NP0 

such as {NP1, NP2 … , (and | or)} NPn” or ”NP {,} including {NP ,}* {or | and} NP”, and so on. For example, in the 
former pattern, the relations hyponym(NPi, NP0); for all i from 1 to n can be inferred. With these predefined patterns, 

hyponym relations can be obtained by running an acquisition algorithm using pattern matching through text corpus. 
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Step 3: Filtering Discovered Rules 
We filter discovered rules by using the result of MEDLINE document retrieval. 

More precisely, based on a result of document retrieval, we rank discovered rules. 
How to rank discovered rules by using the result of document retrievals is a core 
method of discovered rule filtering. 

We assume the number of MEDLINE documents hit by a set of keywords shows a 
trend of research activity related to the keywords, so we may say that the more the 
number of hits is, the more the rule that contains the keywords is commonly known in 
the research field. The published month or year of document may be another hint to 
rank rules. If many documents related to a rule are published recently, the rule may 
contain a hot topic in the field. 

3   Two Approaches to Discovered Rule Filtering 

How to filter discovered rules according to the search result of MEDLINE document 
retrieval is a most important issue of this work. We have two approaches; micro view 
approach and macro view approach, to realize discovered rule filtering. 

3.1   Micro View Approach 

In the micro view approach, we retrieve and show documents related to a discovered 
rule directly to the user. 

By using the micro view approach, the can obtain not only novel rules discovered 
by a data mining system, but also documents related to the rules. By showing a rule 
and documents related to the rule at once, the user can get more insights on the rule 
and may have a chance to start a new data mining task. For the detail, please refer to 
[3]. 

However, it is actually difficult to retrieve appropriate documents rightly related a 
rule because of the low performance of information technique. Especially, when a 
rule is simple as it is composed of a small number of attributes, the IR system returns 
a noisy output, documents including a large number of unrelated ones. When a rule is 
complicated as it is composed of a large number of attributes, it returns few docu-
ments. 

To see how a micro view approach works, we performed a preliminary experiment 
of discovered rule filtering. We used 20 rules obtained from the team in Shizuoka 
University and gathered documents related to the rules from the MEDLINE database. 
The result is shown in Table 1. 

In this table, "ID" is the ID number of rule and "Keywords" are extracted from the 
rule and are submitted to the Pubmed. "No" shows the number of submitted keywords. 
"Hits" is the number of documents returned. "Ev" is the evaluation of rule by a medi-
cal doctor. He evaluated each rule, which was given in a form depicted in Fig. 1, and 
categorized into 2 classes; R (reasonable rules) and U (unreasonable rules). 



 

Fig. 1. New approach to Ontology Construction from the WWW using search engine 

 
Another lexical relation acquisition using pattern matching proposed by Sundblad [4]. The approach in [4] extracts 

hyponym and meronym relation from question corpora. For example, ‘Maebashi’ can be inferred as a location from a 
question like “Where is Maebashi?” However, question corpora are very limited in amount since question is less 

frequently used in normal text. Moreover, relations that can be acquired form question are very limited. 
Both methodologies in both [3] and [4], acquires whatever relation found in the text corpora. Because matching 

pattern on large text corpora consumes a lot of machine processing power and time, therefore  relation of specific 

interest of specific concept cannot be specifically inquired. The methodology to solve this problem is described in the 
next section. 

3. Our Approach 

Huge amount of information is currently available on the WWW and increasing at a very high rate. At the time of 
writing, there are more than 3 billion web pages on the web with more than one million web pages are added daily. Web 

users can get to these pages by querying specific term(s) to search engine. With index structure of currently available 
search engine, it is possible to form a more specific a query with phrasal expression, boolean operation, and etc. The 

result returned by search engine contains a URL and a sentence that the query appears with their context , which is 
called snippet. All of above inspired us the new approach in acquiring lexical relations, which will be introduced next. 

The web is huge, and therefore we want to use it as our corpus to discover lexical relations, but neither obtaining all 

the text from the web, nor processing it is possible. Therefore we construct a small corpus according to query on-fly 
from putting sentences  together. Corpora sentences are extracted from the query result’s snippets , which means there is 

no interaction with web page’s host, only interaction with search engine index is needed. However, to obtain corpora 
sentences that can be used to extracted lexical relation, we need to formulate a query according to the pattern that we 

will use to extract relation to a search engine. For example, if we will use “X is a/an Y” pattern to extract hyponym 
relation between X and Y, then we build up a query as the phrase “X is a/an” or “is a/an Y”. 

After the corpora sentences have been obtained, pattern matching and natural language processing technique can be 
applied to discover lexical relation, and then statistical technique will be employed to guarantee the accuracy of the 

result. Finally, doma in ontology can be constructed. (see figure 1). 



4. Acquiring Hypernyms 

From the definition of hyponymy relation written in [2] –  a concept represented by the synset {x, x’, …} is said to be a 

hyponym of the concept represented by the synset {y, y’, …} if native speaker of English accept sentences constructed 
from such frames as “An x is a (kind of) y”, we query to search engine using the query phrase “X is a/an” to acquire 

hypernyms for X, For example, we query to search engine with the phrase “scripting language is a/an” to find 
hypernyms for the “scripting language”. For each result returned from search engine, the sentence that contains the 

query phrase is then extracted from snippet. Example of these sentences can be seen in figure 2. 
From those sentences we then filter out undesirable sentences, e.g. sentences marked by * in figure 2, and extract 

lexical items that are conceivable as query term’s hypernyms (The terms  that appear in bold face in the figure). In 
filtering out the undesirable sentences, we remove the sentences that is the query phrase is not the start of the sentence 

or not preceded by conjunctions such as ‘that’, ‘because’, ‘since’, ‘while’, ‘although’, ‘though’, ‘even if’, and etc. For 
extracting the hypernyms  term, we first tag all terms with POS and capture the first noun (or compound noun) in the 

noun phrase ignoring its descriptive adjective. 
Extracted lexical items  that represents the same concept are then grouped together according to synonymy (synsets) 

defined in WordNet. Finally, the concepts that occur more frequently proportion to the others are then suggested as 
hypernyms  for the query. As an example, from figure 2., we can infer relation hypernym(“scripting language”, 
“programming language”) , since ‘programming language’ is the lexical concept that appear most frequently. 

 
A scripting language is a lightweight programming language. 

Scripting language, is an interpreted programming language  that … 

I think that a scripting language is a  very limited, high-level language . 

Since a scripting language is a full function programming language 

* The BASIC scripting language is a dream to work with. 

* The scripting language is a bit tough for me, esp.… 

Fig. 2. Example of sentences extracted from results obtained from a search engine for query phrase “scripting language is a/an”. 

5. Acquiring Hyponyms 

The algorithm to acquire hyponyms is similar to acquiring hypernyms in section 4. It begins with formulate a query 
phrase, query to search engine, and then obtain the results which will be used as a corpus to extract hyponyms. 

Same as the in acquiring hypernyms, we exploit the frame of “An x is a (kind of) y” to discover hyponyms. To 
discover hyponyms for lexical concept Y, we first construct query phrase, “is a/an Y” , and query to a search engine. As 

an example, the sentences extracted from returned result for the query “is a scripting language” are shown in figure 3. 
 

XEXPR is a scripting language that uses XML as… 

I know that python is a scripting language, but I’m not sure… 

JavaScript  is a scripting language used in Web pages, similar to… 

Tell your friend that C is a scripting language too. 

* What is a scripting language? 

* A language is decided upon whether it is a scripting language by… 

Fig. 3. Example of sentences extracted from results obtained from a search engine for query phrase “is a scripting language” 

 



After we have extracted the sentence out of each snippet, and filter out the sentence like the one marked by * in 

figure 3., lexical items that comes right before the query phrase “is a/an Y” are spotted as candidate hyponyms of Y. 
(Shown as bold face in the figure.) 

Subsequently, each candidate with small number of occurrence is  then confirmed by acquiring its hypernyms and 
check if concept Y is in its top hypernyms acquired. If it is, then the candidate term is accepted as hyponym. For 

example, in the figure 3, there is a statement that ‘C’ is a scripting language, however, as you might know ‘C’ is 
actually not a scripting language (or if it is, definitely it is not well recognized as a scripting language and thus should 

there be no formal semantic relation between the terms ). Therefore, ‘C’ will be rejected in the confirmation process 
since scripting language will not be in the top hypernyms of ‘C’. 

Finally, the candidate terms that have large number of occurrence and the candidate terms that pass the confirmation 
process are suggested as hyponyms for Y. 

6. Examples 

In this section, we report an exp eriment of our proposed algorithm for acquiring hypernyms and hyponyms. The system 

is implemented with Perl using Google Web APIs [5] as an interface with index of Google search engine[6]. The 
number of corpora sentences retrieved from the search engine ranges from zero to more than thousand sentences. We 

avoid a problem of reliability of information source by limit maximum number of sentences extracted from a particular 
domain to 2 sentences. The result of experiment for query terms that yield outputs are shown in figure 4 and 5. 

In figure 4, given query terms  as input, a list of their hypernyms can be derived. There  are large amount of 
information regarding the first three query terms on the web, in which a lot of “X is a/an NP” sentence pattern can be 

ext racted (number of corpora sentences  extracted is written in brackets next to the query term), and thus yield very 
accurate results , as the system acquires ‘programming language’ and ‘language’ as hypernyms for query terms ‘Java’, 
‘Perl’, and ‘Python’ with highest percentage relative to acquired hypernyms (number on the right of acquired 

hypernyms shows proportion of number of sentence the hypernym appears with number of total corpora sentences 
expressed as a percentage). For the query terms ‘Maebashi’ and ‘Active Mining’, which less information is available on 

the web (in English text, to be accurate), there is only a small number of corpora sentences  can be extracted. 
Nevertheless, the result hypernyms yielded are still accurate as it can tell that ‘Maebashi’ is a city, however for ‘Active 

Mining’, ‘new direction’ is the result because 3 out of 5 corpora sentences are “Active mining is a new direction in data 
mining/the knowledge discovery process” 

The result of applying hyponyms acquisition algorithm proposed in this paper can be seen in figure 5. The query 
terms are ‘programming language’, ‘scripting language’, and ‘search engine’. Each of these lexical concepts represent a 

very large class with a lot of members, which a number of those members can be discovered as shown in the figure. The 
precision of the acquired hyponyms is quite satisfying as shown in the acquired result, however we do not show the 

recall measure here, and thus it will be our future work on result evaluation. 

7. Discussion and Conclusions 

We have introduced a new approach to automatically construct ontology using search engine, natural language 
processing techniques. Methodologies for acquiring hypernyms and hyponyms of a query term are described. With 

these two techniques, taxonomy of domain ontology as shown in figure 6 and alike can be automatically constructed in 
a very low cost with no domain-dependent knowledge is required. Finally, the domain specific ontology constructed can 

then be augmented to natural language ontology (NLO), e.g. WordNet. 



QUERY TERM ACQUIRED HYPERNYMS  

JAVA (1011) 
programming language(0.33), language(0.20), object-oriented language(0.06), 

interpreted language(0.05), trademark(0.05) 

PERL (913) 
programming language(0.23), language(0.23), interpreted language(0.15), 

scripting language(0.11), tool(0.03), acronym(0.03) 

PYTHON (777) 
programming language(0.37), language(0.20), scripting language(0.14), 

interpreted language(0.06), object-oriented language(0.03) 

SEARCH ENGINE (84) 
tool(0.13), index(0.07), site(0.06), database(0.06), program(0.6), searchable 

database(0.05) 

SCRIPTING LANGUAGE (23) programming language(0.35) 

MAEBASHI (11) City(0.63), international city(0.45) 

ACTIVE MINING (5) new direction (0.60) 

Fig. 4. Hypernyms acquired for selected query terms 

PROGRAMMING LANGUAGE : ABAP, ADA, APL ,AppleScript, awk, C, CAML, Cyclone, 

DarkBASIC, Eiffel, Erlang, Esterel, Expect, Forth, FORTRAN, Giotto, Icon, INTERCAL, Java, JavaScript, 

Kbasic, Liberty BASIC, Linder, Lisp, LOGO, Lua ,ML, Mobile BASIC, Modula-2, Nial, Nickle, 

Occam ,Pascal, Perl, PHP, Pike, PostScript, Prolog, Python, Quickbasic, Rexx, Smalltalk, SPL, ToonTalk, 

Turing, VBScript, VHDL, Visual DialogScript, XSLT  

SCRIPTING LANGUAGE : AppleScript, AREXX, ASP, AWK, CCSH, CFML, CFSCRIPT, ColdFusion, 

Compaq Web , anguage, CorbaScript, DelphiWebScript, ECMAScript, Expect, FDL, ferrite, Glish, IDLScript, 

JavaScript, Jint, Jscript, KiXtart, ksh, Lingo, Lite, Lua, Lucretia, Miva Script, MML, Perl, Pfhortran, PHP, 

PHP3, Pnuts, Python, REXX, Ruby, RXML, STEP, Tcl, Tcl/Tk, UserTalk, VBScript, WebScript, WinBatch 

SEARCH ENGINE: Aeiwi, AFSearch, AlltheWeb, AltaVista, antistudy.com, Ask Jeeves, ASPseek, 

Biolinks, Convonix, CPAN Search, Dataclarity, DAYPOP, FDSE, Feedster, FileDonkey, Fluffy Search, 

FreeFind, GamblingSeek, Google, HotBot, Inktomi, kids.net.au, Londinium.com, Mirago, mnoGoSearch, 

Northern Light, OttawaWEB, Overture, Phantis, PsychCrawler, Scirus, Search Europe, search4science, 

SearchNZ, Searchopolis.com, SiteSearch, SpeechBot, Teoma, Vivisimo, WebCrawler, WebWombat, XL 

Search, Yahoo!, Yahooligans!  

Fig. 5. Hyponyms acquired for query term programming language, scripting language, and search engine 

Moreover, this methodology requires only small amount of time (in the matter of seconds for hypernyms acquisition 

or minutes for hyponyms  including confirmation process) to discover the query’s subset/superset concepts , and thus 
domain specific lexical concept can be learned on-fly (given the term is  described somewhere on the web with “is 

a/an” pattern, and has been indexed by the search engine employed in the system). 
Although the work reported in this paper uses only the pattern “NP is a/an NP”, we can also use a set of lexicon 

syntactic patterns suggested by Hearst [3] to acquire hyponyms of a query term. For example, we can use a pattern “NP0 
such as {NP1, NP2 …, (and | or)} NPn” to formulate the query to search engine as “Y such as” and derived corpora 

sentences to subsequently extract the hyponyms  of query term Y. However, as a trade-off for the web’s growth rate and 
its size, there is innumerable natural language text on the web that is highly informal, unstructured or unreliable. For 

that reason, using only pattern matching alone will result in low precision. To solve this problem, we treat terms 
extracted from pattern matching as candidate terms for hyponym, and then confirm if a candidate term is  actually the 
query term’s hyponym by acquiring their hypernyms using method described in section 4, and then check with their 

acquired hypernyms  as suggested in section 5. 



 

Fig. 6. Example of taxonomy built using proposed methodology

Our method works very well for specific terms. However, it  often fail in acquiring hypernyms of general noun, 

such as ‘student’, ‘animal’, and etc. because descriptive sentence with a “is a/an” pattern is rarely appear in normal 
text. Nevertheless, acquiring hypernyms for general terms is hardly of any interest, since general term usually has 

already been defined in well-established machine understandable dictionary such as WordNet.  

8. Future Work 

Firstly, we need to formulate an evaluation method based on precision and recall of acquired hypernyms and hyponyms. 
Secondly, In addition to acquiring lexical term, we also want to acquire its meaning, and thus using corpora sentence’s 

context to disambiguate word sense is our interest for future study. Lastly, apart from hyponymy or ISA relation, there 
are other semantic relations that we are interested to automate the acquisition process, such as meronymy or HASA 

relation, and non-taxonomic relation such as ‘created by’, ‘produce’, and etc. 
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Abstract. A data mining system can semi-automatically discover knowledge 
by mining a large volume of data, but the discovered knowledge is not always 
novel and may contain unreasonable facts. We try to develop a discovered rule 
filtering method to filter rules discovered by a data mining system to be novel 
and reasonable ones for the user by using information retrieval technique. In 
this method, we rank discovered rules according to the results of information 
retrieval from an information source on the Internet. In this paper, we show two 
approaches toward discovered rule filtering; micro view approach and macro 
view approach. The micro view approach tries to retrieve and show documents 
directly related to discovered rules. On the other hand, the macro view ap-
proach tries to show research activities related to discovered rules by using the 
results of information retrieval. We discuss advantages and disadvantages of 
micro view approach and possibilities of macro view approach by using an ex-
ample of clinical data mining and MEDLINE document retrieval. 

1   Introduction 

The active mining [1] is a new approach to data mining, which tries to discover "high 
quality" knowledge that meets users' demand in an efficient manner by integrating 
information gathering, data mining, and user reaction technologies. This paper argues 
the discovered rule filtering method [3,4] that filters rules obtained by a data mining 
system based on documents retrieved from an information source on the Internet. 

Data mining is an automated method to discover useful knowledge for users by 
analyzing a large volume of data mechanically. Generally speaking, conventional 
methods try to discover significant relations among attributes in the statistics sense 
from a large number of attributes contained in a given database, but if we pay atten-
tion to only statistically significant features, we often discover rules that have been 
known by the user. To cope with this problem, we are developing a discovered rule 



filtering method that filters a large number of rules discovered by a data mining sys-
tem to be novel to the user. To judge whether a rule is novel or not, we utilize infor-
mation sources on the Internet and try to judge the novelty of rule according to the 
search result of document retrieval that relates to the discovered rule.. 

In this paper, we show the concept and the procedure of discovered rule filtering 
using an example of clinical data mining in Section 2. We then show two approaches 
toward discovered rule filtering; the micro view approach and the macro view ap-
proaches in Section 3. Finally we conclude this paper with our future work in Section 
4. 

2   Discovered Rule Filtering 

As a target of data mining, we use a clinical examination database of hepatitis pa-
tients, which is offered by the Medical School of Chiba University, as a common 
database on which 10 research groups cooperatively work in our active mining pro-
ject. Some groups have already discovered some sets of rules. For example, a group 
in Shizuoka University analyzed sequential trends between a set of blood test data 
(GPT), which represents a progress of hepatitis, and other test data and has already 
discovered a number of rules, as one of them is shown in Fig. 1. 
 

 
Fig. 1. An example of  discovered rule. 

 
This rule shows a relation among GPT (Glutamat-Pyruvat-Transaminase), TTT 

(Thymol Turbidity Test), and D-BIL (Direct Bilirubin) and means “If, for 24 months, 
D-BIL stays unchanged, TTT decreases, and GPT increases, then GPT decreases for 
24 months.” A data mining system can semi-automatically discover a large number of 
rules by analyzing a set of data given by the user. On the other hand, discovered rules 
may include ones that are known by the user. Just showing all of the discovered rules 
to the user may not be a good idea and may result in putting a burden on her. We 
need to develop a method to filter the discovered rules into a small set of unknown 
rules for her. To this end, in this paper, we try to utilize information retrieval tech-
nique from an information source on the Internet. 



When a set of discovered rules are given from a data mining system, a discovered 
rule filtering system first retrieves information related to the rules from an informa-
tion source on the Internet and then filter the rules based on the result of information 
retrieval. In our project, we aim at discovering rules from a hepatitis database, but it 
is not easy to gather information related to hepatitis from the Web by using a naïve 
search engine because the Web information sources generally contain a huge amount 
of various and noisy information. We instead use the MEDLINE (MEDlars on LINE) 
database as the target of retrieving information, which is a bibliographical database 
(including abstracts) that covers more than 4000 medical and biological journals that 
have been published in about 70 countries. It has already stored more than 11 million 
documents since 1966. PubMed (http://www.ncbi.nlm.nih.gov/entrez/query.fcgi) is a 
free MEDLINE search service on the Internet run by NCBI (National Center for 
Biotechnology Information). By using Pubmed, we can retrieve MEDLINE docu-
ments by submitting a set of keywords just like an ordinary search engine. In addition, 
we can retrieve documents according to the year of publication and/or a category of 
documents. These functions are not available in ordinary search engines. 

A discovered rule filtering process takes the following steps. 
 

Step 1: Extracting keywords from a discovered rule 
At first, we find a set of proper keywords to retrieve MEDLINE documents that re-

late to a discovered rule. Such keywords are extracted from a discovered rule and the 
domain of data mining as follows. 

 Keywords related to attributes of a discovered rule. These keywords rep-
resent attributes of a discovered rule. For example, keywords that can be ac-
quired from a discovered rule shown in Fig. 1 are GPT, TTT, and D-BIL be-
cause they are explicitly shown in the rule. When abbreviations are not ac-
ceptable for Pubmed, they need to be translated into normal names. For ex-
ample, TTT and GPT should be translated into “thymol turbidity test” and 
“glutamic pyruvic transaminase” respectively. 

 Keywords related to the domain. These keywords represent the purpose or 
the domain of the data mining task. They should be included as common key-
words. For hepatitis data mining, “hepatitis” is the domain keyword. 

 
Step 2: Gathering MEDLINE documents efficiently 

We then perform a sequence of MEDLINE document retrievals. For each of dis-
covered rules, we submit the keywords obtained in Step 1 to the Pubmed system. 
However, redundant queries may be submitted when many of discovered rules are 
similar, in other words common attributes constitute many rules. The Pubmed is a 
popular system that is publicly available to a large number of researchers over the 
world, so it is required to reduce the load to the system. Actually, too many requests 
from a user lead to a temporal rejection of service to her. To reduce the number of 
submissions, we try to use a method that employs a graph representation to store the 
history of document retrievals. By referring to the graph, we can gather documents in 
an efficient way by reducing the number of meaningless or redundant keyword sub-
missions. 

 



As we can see, except Rule 13, rules with hits more than 0 are categorized in rea-
sonable rules, but a number of reasonable rules hit no document. It seems that the 
number of submitted keywords affects the number of hits. In other words, if a rule is 
complex with many keywords, the number of hits tends to be few. 

This result tells us that it is not easy to distinguish reasonable or known rules from 
unreasonable or gabage ones by using only the number of hits. It shows a limitation 
of macro view approach. 

 
To cope with the problem, we need to improve the performance of micro view ap-

proach as follows. 
(1) Accurate document retrieval. In our current implementation, we use only 

keywords related to attributes contained in a rule and those related to the domain, and 
the document retrieval is not accurate enough and often contains documents unrelated 
to the rule. To improve the accuracy, we need to add adequate keywords related to 
relations among attributes. These keywords represent relations among attributes that 
constitute a discovered rule. It is difficult to acquire such keywords directly from the 
rule because, in many cases, they are not explicitly represented in the rule. They need 

Table 1. The preliminary experiment of discovered rule filtering. 

ID 

Ev

. Hits No. Keywords 

1 R 6 4 hepatitis, gpt, t-cho, albumin 

2 U 0 4 hepatitis b, gpt, t-cho, chyle 

3 U 0 4 hepatitis c, gpt, lap, hemolysis 

4 R 0 5 hepatitis, gpt, got, na, lap 

5 R 0 6 hepatitis, gpt, got, ttt, cl, (female) 

6 U 0 5 hepatitis, gpt, ldh, hemolysis, blood group a 

7 R 7 4 hepatitis, gpt, alb, jaundice 

8 R 9 3 hepatitis b, gpt, creatinine 

10 R 0 4 hepatitis, ttt, t-bil, gpt 

11 U 0 4 hepatitis, gpt, alpha globulin, beta globulin 

13 U 8 4 hepatitis, hemolysis, gpt, (female) 

14 U 0 4 hepatitis, gpt, ttt, d-bil 

15 U 0 3 hepatitis, gpt, chyle 

17 R 0 5 hepatitis, gpt, ttt, blood group o, (female) 

18 R 2 3 hepatitis c, gpt, t-cho 

19 R 0 6 hepatitis, gpt, che, ttt, ztt, (male) 

20 R 0 5 hepatitis, gpt, lap, alb, interferon 

22 

 

U 

 

0 

 

7 

 

hepatitis, gpt, ggtp, hemolysis, blood group a, 

(female), (age 45-64) 

23 U 0 4 hepatitis b, gpt, got, i-bil 

27 U 0 4 hepatitis, gpt, hemolysis, i-bil 



to be included manually in advance. For example, in the hepatitis data mining, “pe-
riodicity” should be included when the periodicity of attribute value change is impor-
tant. 

 
(2) Document analysis by applying natural language processing methods. An-

other method is to refine the results by analyzing the documents using natural lan-
guage processing technique. Generally speaking, information retrieval technique only 
retrieves documents that contain the given keyword(s) and does not care the context 
in which the keyword(s) appear. On the other hand, natural language processing tech-
nique can clarify the context and can refine the result obtained by information 
retrieval technique. For example, if a keyword is not found in the same sentence in 
which another keyword appears, we might conclude that the document does not argue 
a relation between the two keywords. We hence can improve the accuracy of discov-
ered rule filtering by analyzing whether the given keywords are found in a same sen-
tence. In addition, if we can analyze whether the sentence argues the conclusion of 
the document, we can further improve the accuracy of rule filtering. 

3.2   Macro View Approach 

In the macro view approach, we try to roughly observe the trend of relation among 
keywords. For example, the number of documents in which the keywords co-occur 
approximately shows the strength of relation among the keywords. We show two 
methods based on the macro view approach. 

 
(1) Showing research activities based pair-wise keyword co-occurrence graph 
We depicted a graph which shows a research activities related to a discovered rule 

by using the number of co-occurrences of every two keywords found in the rule. A 
node in the graph represents a keyword which specifies an attribute found in the rule 
and an edge represents the number of co-occurrences of two keywords connected by 
the edge. 

Fig. 2 shows a graph concerning rule 1. 
This graph shows that the number of co-occurrences of "albumin" and "gpt" is 150, 

that of "total cholesterol" and "albumin" is 16, and that of "gpt" and "total choles-
terol" is 14. As shown in Table 1, the rule is judged as "reasonable" by a medical 
doctor and we can see each attribute is interconnected to other attributes strongly. 

Fig. 3 shows research activities related to rule 2. This rule is judged as "unreason-
able" and the number of hits is 0. Research activities look weak because only 14 
documents related to "total cholesterol" and "gpt" are retrieved. 

Fig. 4 shows research activities related to rule 4. This rule is judged as "reason-
able", but the number of hits is 0. Contrasting with rule 2, research activities related 
to rule 4 look active because a number of documents are retrieved except documents 
related to "na" and "lap". 



As a conclusion, the graph shape of reasonable rules looks different from that of 
unreasonable rules. But, when given a graph, how to judge whether the rule is rea-
sonable or not is our future work. 

 
(2) The yearly trend of research activities 
The MEDLINE database contains bibliographical information of bioscience arti-

cles, which includes the year of publication, and the Pubmed can retrieve the informa-
tion according to the year of publication. By observing the yearly trend of co-
occurrences, we can see the change of the research activity. For example, we can 
have the following interpretations as shown in Fig. 5. 

(a) If the number of co-occurrences moves upward, the research topic related to the 
keywords is hot.  

(b) If the number of co-occurrences moves downward, the research topic related to 
the keywords is terminating. 

(c) If the number of co-occurrences keeps high, the research topic related to the 
keyword is commonly known. 

albumin gpt
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14

0 0
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chyle
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Fig. 2. Research activities related to rule 1. Fig. 3. Research activities related to rule 2. 
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Fig. 4. Research activities related to rule 4. 



(d) If the number of co-occurrences keeps low, the research topic related to the 
keyword is not known. Few researchers show interest in the topic. 

 
To evaluate a feasibility of this method, we submitted 4 queries to the MEDLINE 

database and show the results in Fig. 6. 
(a) "hcv, hepatitis" 
The number of co-occurrences has been increasing since 1989. In 1989, we have 

an event of succeeding HCV cloning. HCV is a hot topic of hepatitis research. 
(b) "smallpox, vaccine" 
The number of co-occurrences has been decreasing. In 1980, the World Health As-

sembly announced that smallpox had been eradicated. Recently, we see the number 
turns to increasing because discussions about smallpox as a biochemical weapon arise 

(b) Downward:

an old topic.
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a hot topic.
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(d) Keeping Low:

an uninvestigated 
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Fig. 5. Yearly Trends of co-occurrences. 

1

10

100

1000

10000

19
63

19
65

19
67

19
69

19
71

19
73

19
75

19
77

19
79

19
81

19
83

19
85

19
87

19
89

19
91

19
93

19
95

19
97

19
99

20
01

Year

C
o
-
o
c
c
u
re

n
c
e

hcv, hepatitis

smallpox, vaccination

gpt, got

albumin, urea nitrogen

 
Fig. 6. The yearly trend of research activities. 



(c) "gpt, got" 
The number of co-occurrences stays high. GPT and GOT are well known blood 

test measure and they are used to diagnose hepatitis. The relation between GPT and 
GOT is well known in the medical domain. 

(d) "albumin, urea nitrogen" 
The number of co-occurrences stays low. The relation between albumin and urea 

nitrogen is seldom discussed. 
From above results, the yearly trends well correspond with historical events in the 

medical domain, and can be a measure to know the research activities. 

4   Summary 

We discussed a discovered rule filtering method which filters rules discovered by a 
data mining system into novel ones by using the IR technique. We proposed two 
approaches toward discovered rule filtering; the micro view approach and the macro 
view approach and showed merits and demerits of micro view approach and possibili-
ties of macro view approach. 

Our future work is summarized as follows. 
 We need to find a measure to distinguish reasonable rules from unreasonable 

one, which can be used in the macro view method. We also need to find a 
measure to know the novelty of rule. 

 We need to improve the performance of micro view approach by adding 
keywords that represent relations among attributes and by using natural lan-
guage processing techniques. The improvement of micro view approach can 
contribute the improvement of macro view approach. 

 We need to implement the macro view method in a discovered rule filtering 
system and apply it to an application of hepatitis data mining. 
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Abstract. We investigate the following data mining problems from the
document retrieval: From a large data set of documents, we need to find
documents that relate to human interest as few iterations of human test-
ing or checking as possible. In each iteration a comparatively small batch
of documents is evaluated for relating to the human interest. We apply
active learning techniques based on Support Vector Machine for evaluat-
ing successive batches, which is called relevance feedback. Our proposed
approach has been very useful for document retrieval with relevance feed-
back experimentally. In this paper, we adopt several representations of
the Vector Space Model and several selecting rules of displayed docu-
ments at each iteration, and then show the comparison results of the
effectiveness for the document retrieval in these several situations.

1 Introduction

As progression of the internet technology, accessible information by end users is
explosively increasing. In this situation, we can now easily access a huge doc-
ument database through the WWW. However it is hard for a user to retrieve
relevant documents from which he/she can obtain useful information, and a lot
of studies have been done in information retrieval, especially document retrieval
[1]. Active works for such document retrieval have been reported in TREC(Text
Retrieval Conference) [2] for English documents, IREX(Information Retrieval
and Extraction Exercise) [3] and NTCIR(NII-NACSIS Test Collection for Infor-
mation Retrieval System) [4] for Japanese documents.

In most frameworks for information retrieval, a Vector Space Model(which is
called VSM) in which a document is described with a high-dimensional vector is
used [5]. An information retrieval system using a vector space model computes
the similarity between a query vector and document vectors by cosine of the two
vectors and indicates a user a list of retrieved documents.

In general, since a user hardly describes a precise query in the first trial,
interactive approach to modify the query vector by evaluation of the user on
documents in a list of retrieved documents. This method is called relevance



feedback [6] and used widely in information retrieval systems. In this method,
a user directly evaluates whether a document is relevant or irrelevant in a list
of retrieved documents, and a system modifies the query vector using the user
evaluation. A traditional way to modify a query vector is a simple learning rule
to reduce the difference between the query vector and documents evaluated as
relevant by a user.

In another approach, relevant and irrelevant document vectors are consid-
ered as positive and negative examples, and relevance feedback is transposed to
a binary classification problem [7]. For the binary classification problem, Sup-
port Vector Machines(which are called SVMs) have shown the excellent ability.
And some studies applied SVM to the text classification problems [8] and the
information retrieval problems[9].

Recently, we have proposed a relevance feedback framework with SVM as
active learning and shown the usefulness of our proposed method experimen-
tally[10]. Now, we are interested in which is the most efficient representation for
the document retrieval performance and the learning performance, boolean rep-
resentation, TF representation or TFIDF representation, and what is the most
useful selecting rule for displayed documents at each iteration. In this paper, we
adopt several representations of the Vector Space Model and several selecting
rules of displayed documents at each iteration, and then show the comparison
results of the effectiveness for the document retrieval in these several situations.

In the remaining parts of this paper, we explain a SVM algorithm in the
second section briefly. An active learning with SVM for the relevance feedback,
and our adopted VSM representations and selecting displayed documents rules
are described in the third section. In the fourth section, in order compare the
effectiveness of our adopted representations and selecting rules, we show our
experiments using a TREC data set of Los Angeles Times and discuss the ex-
perimental results. Eventually we conclude our work in the fifth section.

2 Support Vector Machines

Formally, the Support Vector Machine (SVM) [11] like any other classification
method aims to estimate a classification function f : X → {±1} using labeled
training data from X × {±1}. Moreover this function f should even classify
unseen examples correctly.

For SV learning machines that implement linear discriminant functions in
feature spaces, the capacity limitation corresponds to finding a large margin
separation between the two classes. The margin � is the minimal distance of
training points (x1, y1), . . . , (xi, yi),xi ∈ R, yi ∈ {±1} to the separation surface,
i.e. � = mini=1,...,� ρ(zi, f), where zi = (xi, yi) and ρ(zi, f) = yif(xi), and f is
the linear discriminant function in some feature space

f(x) = (w · Φ(x)) + b =
�∑

i=1

αiyi(Φ(xi) · Φ(x)) + b, (1)



Fig. 1. A binary classification toy problem: This problem is to separate black circles
from crosses. The shaded region consists of training examples, the other regions of test
data. The training data can be separated with a margin indicated by the slim dashed
line and the upper fat dashed line, implicating the slim solid line as discriminate func-
tion. Misclassifying one training example(a circled white circle) leads to a considerable
extension(arrows) of the margin(fat dashed and solid lines) and this fat solid line can
classify two test examples(circled black circles) correctly.

with w expressed as w =
∑�

i=1 αiyiΦ(xi). The quantity Φ denotes the mapping
from input space X by explicitly transforming the data into a feature space
F using Φ : X → F . (see Figure 1). SVM can do so implicitly. In order to
train and classify, all that SVMs use are dot products of pairs of data points
Φ(x), Φ(xi) ∈ F in feature space (cf. Eq. (1)). Thus, we need only to supply a
so-called kernel function that can compute these dot products. A kernel function
k allows to implicitly define the feature space (Mercer’s Theorem, e.g. [12]) via

k(x,xi) = (Φ(x) · Φ(xi)). (2)

By using different kernel functions, the SVM algorithm can construct a va-
riety of learning machines, some of which coincide with classical architectures:

Polynomial classifiers of degree d: k(x,xi) = (κ · (x · xi) + Θ)d, where κ, Θ,
and d are appropriate constants.
Neural networks(sigmoidal): k(x,xi) = tanh(κ · (x ·xi)+ Θ), where κ and Θ
are appropriate constants.
Radial basis function classifiers: k(x,xi) = exp

(
− ‖x−xi‖2

σ

)
, where σ is an

appropriate constant.

Note that there is no need to use or know the form of Φ, because the mapping
is never performed explicitly The introduction of Φ in the explanation above was
for purely didactical and not algorithmical purposes. Therefore, we can compu-
tationally afford to work in implicitly very large (e.g. 1010- dimensional) feature
spaces. SVM can avoid overfitting by controlling the capacity and maximizing
the margin. Simultaneously, SVMs learn which of the features implied by the
kernel k are distinctive for the two classes, i.e. instead of finding well-suited fea-
tures by ourselves (which can often be difficult), we can use the SVM to select
them from an extremely rich feature space.
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Fig. 2. Image of the relevance feedback documents retrieval: The gray arrow parts
are made iteratively to retrieve useful documents for the user. This iteration is called
feedback iteration in the information retrieval research area.

With respect to good generalization, it is often profitable to misclassify some
outlying training data points in order to achieve a larger margin between the
other training points (see Figure 1 for an example). This soft-margin strategy can
also learn non-separable data. The trade-off between margin size and number of
misclassified training points is then controlled by the regularization parameter
C (softness of the margin). The following quadratic program (QP) (see e.g. [11,
13]):

min ‖w‖2 + C
∑�

i=1 ξi

s.t. ρ(zi, f) ≥ 1 − ξi for all 1 ≤ i ≤ 	
ξi ≥ 0 for all 1 ≤ i ≤ 	

(3)

leads to the SV soft-margin solution allowing for some errors.
In this paper, we use VSMs, which are high dimensional models, for the

document retrieval. In this high dimension, it is easy to classify between relevant
and irrelevant documents. Therefore, we generate the SV hard-margin solution
by the following quadratic program.

min ‖w‖2

s.t. ρ(zi, f) ≥ 1 for all 1 ≤ i ≤ 	
(4)

3 Active Learning with SVM in Document Retrieval

In this section, we describe the information retrieval system using relevance
feedback with SVM from an active learning point of view, and several VSM rep-
resentation of documents and several selecting rules, which determine displayed
documents to a user for the relevance feedback.

3.1 Relevance Feedback Based on SVM

Fig. 2 shows the concept of the relevance feedback document retrieval. In Fig. 2,
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Fig. 3. The left side figure shows a discriminant function for classifying relevant or
irrelevant documents: Circles denote documents which are checked relevant or irrelevant
by a user. The solid line denotes a discriminant function. The margin area is between
dotted lines. The right side figure shows displayed documents as the result of document
retrieval: Boxes denote non-checked documents which are mapped into the feature
space. Circles denotes checked documents which are mapped into the feature space.
The system displays the documents which are represented by black circles and boxes
as the result of document retrieval to a user.

the iterative procedure is the gray arrows parts. The SVMs have a great ability to
discriminate even if the training data is small. Consequently, we have proposed
to apply SVMs as the classifier in the relevance feedback method. The retrieval
steps of proposed method perform as follows:

Step 1: Preparation of documents for the first feedback: The conventional
information retrieval system based on vector space model displays the top
N ranked documents along with a request query to the user. In our method,
the top N ranked documents are selected by using cosine distance between
the request query vector and each document vector for the first feedback
iteration.

Step 2: Judgment of documents: The user then classifiers these N documents into
relevant or irrelevant. The relevant documents and the irrelevant documents
are labeled. For instance, the relevant documents have ”+1” label and the
irrelevant documents have ”-1” label after the user’s judgment.

Step 3: Determination of the optimal hyperplane: The optimal hyperplane for
classifying relevant and irrelevant documents is determined by using a SVM
which is learned by labeled documents(see Figure 3 left side).

Step 4: Discrimination documents and information retrieval: The documents,
which are retrieved in the Step1, are mapped into the feature space. The
SVM learned by the previous step classifies the documents as relevant or ir-
relevant. Then the system selects the documents based on the distance from
the optimal hyper plane and the feature of the margin area. The detail of
the selection rules are described in the next section. From the selected doc-
uments, the top N ranked documents, which are ranked using the distance
from the optimal hyperplane, are shown to user as the information retrieval
results of the system. If the number of feedback iterations is more than m,



then go to next step. Otherwise, return to Step 2. The m is a maximal
number of feedback iterations and is given by the user or the system.

Step 5: Display of the final retrieved documents: The retrieved documents are
ranked by the distance between the documents and the hyper-plane which
is the discriminant function determined by SVM. The retrieved documents
are displayed based on this ranking(see Figure 3 right side).

3.2 VSM Representations and Selection Rules of Displayed
Documents

We discuss the issue of the term ti in the document vector dj . In the Information
Retrieval research field, this term is called the term weighting, while in the
machine learning research filed, this term is called the feature. ti states something
about word i in the document dj . If this word is absent in the document dj , ti is
zero. If the word is present in the document dj , then there are several options.
The first option is that this term just indicates whether this word i is present
or not. This presentation is called boolean term weighting. The next option is
that the term weight is a count of the number of times this word i occurs in
this document dj . This presentation is called the term frequency(TF). In the

original Rocchio algorithm[6], each term TF is multiplied by a term log
(

N
ni

)

where N is the total number of documents in the collection and ni is the number
of documents in which this word i occurs. This last term is called the inverse
document frequency(IDF). This representation is called the term frequency-the
inverse document frequency(TFIDF)[1]. The Rocchio algorithm is the original
relevance feedback method. In this paper, we compare the effectiveness of the
document retrieval and the learning performance among boolean term weighting,
term frequency(TF) and term frequency inverse document frequency(TFIDF)
representations for our relevance feedback based on SVM.

Next, we discuss two selection rules for displayed documents, which are used
for the judgment by the user. In this paper, we compare the effectiveness of
the document retrieval and the learning performance among the following three
selection rules for displayed documents.

Rule 1: The retrieved documents are mapped into the feature space. The learned
SVM classifies the documents as relevant or irrelevant. The documents,
which are discriminated relevant and in the margin area of SVM are se-
lected. From the selected documents, the top N ranked documents, which
are ranked using the distance from the optimal hyperplane, are displayed to
the user as the information retrieval results of the system(see Figure 4 left
side). This rule should make the best learning performance from an active
learning point of view.

Rule 2: The retrieved documents are mapped into the feature space. The learned
SVM classifies the documents as relevant or irrelevant. The documents,
which are on the optimal hyperplane or near the optimal hyperplane of
SVM, are selected. The system chooses the N documents in these selected
documents and displays to the user as the information retrieval results of the
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Fig. 4. Mapped non-checked documents into the feature space: Boxes denote non-
checked documents which are mapped into the feature space. Circles denotes checked
documents which are mapped into the feature space. Black and gray boxes are doc-
uments in the margin area. We show the documents which are represented by black
boxes to a user for next iteration. These documents are in the margin area and near
the relevant documents area(see the left side figure). These documents are near the
optimal hyperplane(see the right side figure).

system(see Figure 4 right side). This rule is expected to achieve the most ef-
fective learning performance. This rule is our proposed one for the relevance
feedback document retrieval.

4 Experiments

4.1 Experimental setting

In the reference [10], we already have shown that the utility of our interactive
document retrieval with active learning of SVM is better than the Rocchio-based
interactive document retrieval[6], which is conventional one. This paper presents
the experiments for comparing the utility for the document retrieval among
several VSM representations, and the effectiveness for the learning performance
among the several selection rules, which choose the displayed documents to judge
whether a document is relevant or irrelevant by the user. The document data set
we used is a set of articles in the Los Angeles Times which is widely used in the
document retrieval conference TREC [2]. The data set has about 130 thousands
articles. The average number of words in a article is 526. This data set includes
not only queries but also the relevant documents to each query. Thus we used
the queries for experiments.

We adopted the boolean weighting, TF, and TFIDF as VSM representations.
The detail of the boolean and TF weighting can be seen in the section 3. And
the detail of the adopted TFIDF can be seen in the reference [10]. In our exper-
iments, we used two selection rules to estimate the effectiveness for the learning
performance. The detail of these selection rules can be seen in the section 3.

The size N of retrieved and displayed documents at each iteration in the
section 3 was set as twenty. The feedback iterations m were 1, 2, and 3. In order



to investigate the influence of feedback iterations on accuracy of retrieval, we
used plural feedback iterations. In our experiments, we used the linear kernel
for SVM learning, and found a discriminant function for the SVM classifier in
this feature space. The VSM of documents is high dimensional space. Therefore,
in order to classify the labeled documents into relevant or irrelevant, we do not
need to use the kernel trick and the regularization parameter C(see section 2).
We used LibSVM [14] as SVM software in our experiment.

In general, retrieval accuracy significantly depends on the number of the feed-
back iterations. Thus we changed feedback iterations for 1, 2, 3 and investigated
the accuracy for each iteration. We utilized precision and recall for evaluating
the two information retrieval methods [15][16] and our approach.

4.2 Comparison of recall-precision performance curves among the
boolean, TF and TFIDF weightings

In this section, we investigate the effectiveness for the document retrieval among
the boolean, TF and TFIDF weightings, when the user judges the twenty higher
ranked documents at each feedback iteration. In the first iteration, twenty higher
ranked documents are retrieved using cosine distance between document vectors
and a query vector in VSMs, which are represented by the boolean, TF and
TFIDF weightings. The query vector is generated by a user’s input of keywords.
In the other iterations, the user does not need to input keywords for the infor-
mation retrieval, and the user labels ”+1” and ”-1” as relevant and irrelevant
documents respectively.

Figure 5 left side shows a recall-precision performance curve of our SVM
based method for the boolean, TF and TFIDF weightings, after four feedback
iterations. Our SVM based method adopts the selection rule 1. The thick solid
line is the boolean weighting, the broken line is the TFIDF weighting, and the
thin solid line is the TF weighting.

This figure shows that the retrieval effectiveness of the boolean representa-
tion is higher than that of the other two representations, i.e., TF and TFIDF
representations. Consequently, in this experiment, we conclude that the boolean
weighting is a useful VSM representation for our proposed relevant feedback
technique to improve the performance of the document retrieval.

4.3 Comparison of recall-precision performance curves between the
selection rule 1 and 2

Here, we investigate the effectiveness for the document retrieval between the
selection rule 1 and 2, which are described in the section 3.

Figure 5 right side shows a recall-precision performance curves of the selection
rule 1 and 2 for the boolean weightings, after four feedback iterations. The thick
solid line is the selection rule 1, and the thin solid line is the selection rule 2.
Table 1 gives the average number of relevant documents in the twenty displayed
documents for the selection rule 1 and 2 as a function of the number of iterations.
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Fig. 5. The left side figure shows the retrieval effectiveness of SVM based feed-
back(using the selection rule 1) for the boolean, TF, and TFIDF representations: The
lines show recall-precision performance curve by using twenty feedback documents on
the set of articles in the Los Angeles Times after 3 feedback iterations. The wide solid
line is the boolean representation, the broken line is TFIDF representation, and the
solid line is TF representation. The right side figure shows the retrieval effectiveness
of SVM based feedback for the selection rule 1 and 2: The lines show recall-precision
performance curves by using twenty feedback documents on the set of articles in the
Los Angeles Times after 3 feedback iterations. The thick solid line is the selection rule
1, and the thin solid line is the selection rule 2.

This figure shows that the precision-recall curve of the selection rule 1 is
better than that of the selection rule 2. However, we can see from the table 1 that
the average number of relevant documents in the twenty displayed documents for
the selection rule 1 is higher than that of the selection rule 2 at each iteration.
After all, the selection rule 2 is useful to totally put on the upper rank the
documents, which relate to the user’s interesting. When the selection rule 2 is
adopted, the user have to see a lot of irrelevant documents at each iteration. The
selection rule 1 is effective to immediately put on the upper rank the special
documents, which relate to the user’s interesting. When the selection rule 1
is adopted, the user do not need to see a lot of irrelevant documents at each
iteration. However, it is hard for the rule 1 to immediately put on the upper rank
all documents, which relate to the user’s interesting. In the document retrieval,
a user do not want to get all documents, which relate to the user’s interest. The
user wants to get some documents, which relate to the user’s interest as soon as
possible. Therefore, we conclude that the feature of the selection rule 1 is better
than that of the selection rule 2 for the relevance feedback document retrieval.

5 Conclusion

In this paper, we adopt several representations of the Vector Space Model and
several selecting rules of displayed documents at each iteration, and then show



Table 1. Average number of relevant documents in the twenty displayed documents
for the selection rule 1 and 2 using the boolean representation

No. of feedback Ave. No. of relevant documents
iterations selection rule 1 selection rule 2

1 11.750 7.125
2 9.125 7.750
3 8.875 7.375
4 8.875 5.375

the comparison results of the effectiveness for the document retrieval in these
several situations.

In our experiments, when we adopt our proposed SVM based relevance feed-
back document retrieval, the boolean representation and the selection rule 1,
where the documents that are discriminated relevant and in the margin area of
SVM, are displayed to a user, show better performance of document retrieval.
In future work, we will plan to analyze our experimental results theoretically.
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Abstract. We present an experimental text retrieval system to facilitate search in
the MEDLINE database. A unique feature of the system is that the user can search
not only throughout the whole abstract text, but also from the limited “sections” in
the text. These “sections” are determined so as to reflect the structural role (back-
ground, objective, conclusions, etc.) of the constituent sentences. This feature of
the system makes it easier to narrow down search results when adding extra key-
words does not work, and also enables to rank search results according to the
user’s needs. The realization of the system requires each sentence in the MED-
LINE abstracts be classified to one of the sections. For this purpose, we exploit
the “structured” abstracts contained in the MEDLINE database in which sections
are explicitly marked by the headings. These abstracts provide training data for
constructing sentence classifiers that are used to section unstructured abstracts, in
which explicit section headings are missing.

Key words: MEDLINE database, structured abstracts, information retrieval, text
classification.

1 Introduction

With the rapid increase in the volume of scientific literature, demands are growing for
systems with which the researchers can fin relevant pieces of literature with less effort.
Online literature retrieval services, including PubMed [8] and CiteSeer [5], are increas-
ing their popularity, as they permit the users to access the large corpora of abstracts or
full papers.

PubMed facilitate retrieval of medical and biological papers by means of keyword-
search in the MEDLINE abstracts [7]. It also provides a number of auxiliary ways to
filter search results. For example, it is possible to perform search on a specific field such
as titles and publication date. And most abstracted citations are given peer-reviewed
annotation of topics and keywords chosen from controlled vocabulary, which can also
be used to restrict search. All these facilities, however, rely on information external
to the content of the abstract text. In this report, by contrast, we explore the use of
information that is inherent in the abstract text, to make retrieval process more goal-
oriented.



The information we exploit is the structure underlying the abstract texts. Our system
allows search to be executed within restricted portions of the texts, where ‘portions’ are
determined in accordance with the structural role of the sentences that constitute the
text. We expect such a system to substantially reduce users’ effort to narrow down
search results, whose amount may be overwhelming if only one or two keywords are
specified. Consider sentences in the abstracts were classified a priori by their roles,
say, Background and Objectives, (Experimental) Methods, (Experimental) Results, and
Conclusions.

Generally speaking, the goal of the user is closely related to some of these “sec-
tions,” but not to the rest. For instance, if a clinician intends to find whether an effect of
a chemical substance on a disease is known or not, she can ask the search engine for the
passages in which the names of the substance and the disease co-occur, but only in the
sentences from the Results and the Conclusions sections. Such a restriction is not easily
attainable by simply adding extra query terms. Furthermore, it is often not immediately
evident what extra keywords are effective for narrowing down the results. Specifying
target sections may be helpful in such a case as well.

A problem in constructing such a system is how to deduce the sectioning of each
abstract text in the large corpus of MEDLINE. Due to the size of the corpus, it is not
viable to manually assign a section label to each sentence; we are hence forced to seek
for a way to automate this process. In our previous work [11, 13], we have reported
preliminary results concerning the use of text classification techniques for inferring
the label of the sentences but with no emphasis on any specific application. This paper
reports the extension of the work with more focus on its application to the search system
for MEDLINE.

The main topics of the paper are (1) how to reduce reliance on human supervision in
making training data for the sentence classifier, and (2) what classes, or sections, should
be presented to the users to which they can restrict search. This decision must be made
on account of the trade-off between usability and accuracy of sentence classification.
Another topic also addressed is (3) what types of features are effective for classification.

2 Statistics on the MEDLINE abstracts

Our method of classifying sentences into sections relies on the “structured abstracts”
contained in MEDLINE. Since these abstracts have explicit sections in its text, we use
them as the training data for constructing the sentence classifiers for the rest of the ab-
stracts. Because the quality of training data affects the performance of resulting classi-
fiers, we first analyze and present some statistics on the structured abstracts as contained
in MEDLINE, as well as their impact on the design of the system.

2.1 Structured abstracts

Since its proposal in 1987, a growing number of biological and medical journals have
begun to adopt so-called “structured abstracts” [1]. These journals require authors to
divide the abstract text into sections that reflect the structure of the text, such as BACK-
GROUND, OBJECTIVES, and CONCLUSIONS. The sectioning schemes are some-
times regulated by the journals, and sometimes left to the choice of the authors. As



Table 1. Ratio of structured and unstructured abstracts in MEDLINE 2002.

# of abstracts / %
Structured 374,585 / 6.0%
Unstructured 5,912,271 / 94.0%
Total 11,299,108 / 100.0%

Table 2. Frequency of individual sections in the structured abstracts in MEDLINE 2002.

Sections # of abstracts # of sentences
CONCLUSION(S) 352,153 246,607
RESULTS 324,479 1,378,785
METHODS 209,910 540,415
BACKGROUND 120,877 264,589
OBJECTIVE 165,972 166,890

...
...

...
Total 2,597,286

the sections in these structured abstracts are explicitly marked with a heading (usually
written in all upper-case letters), this allows us to identify a heading as a category label
for the sentences that follow. Unfortunately, the number of unstructured abstracts in the
MEDLINE database far exceeds that of structured abstracts (Table 1). Tables 2 and 3
respectively show the frequencies of individual headings as well as sectioning schemes.

2.2 Section headings = categories?

The fact that unstructured abstracts form a majority leads to the idea of automatically
labeling each sentences when the abstracts are unstructured. This labeling process can
be formulated as a text categorization task if we fix a set of sections (categories) into
which the sentences should be classified. The problem remains what categories, or sec-
tions, must be presented to the users to specify the portion of the abstract texts to which
search should be restricted. It is natural to choose the categories from the section head-
ings occurring in the structured abstracts, as it will allow us to use those abstract texts
to train the sentence classifiers. However, there are more than 6,000 distinct headings
in MEDLINE 2002.

To maintain usability, the number of sections offered to the user must be kept as
small as possible, but not too small as to render the facility useless. But then, if we re-
strict the number of categories, how should a section in a structured abstract be treated
when its heading does not match any of the categories presented to the users? If the se-
lection of the category set were sensible, most sections translate into a selected category
in a straightforward way, such as identifying “OBJECTIVES” and “PURPOSE” sec-
tions is generally admissible. But there are headings such as “BACKGROUND AND
PURPOSES.” If BACKGROUND and PURPOSES were two distinct categories pre-
sented to the user, which we believe is a sensible decision, we would have to determine
which of these two classes each sentence in the section belongs to. Therefore, at least
some of the sentences in the structured abstracts must go through the same labeling



Table 3. Frequency of sectioning schemes (# of abstracts). Percentages show the frequency rela-
tive to the total number of structured abstracts. Schemes marked with ‘*’ and ‘†’ are used for the
experiment in Section 3.3.

Rank # / % Section sequence
1 61,603 / 16.6% BACKGROUND / METHOD(S) / RESULTS / CONCLUSION(S)

*2 54,997 / 14.7% OBJECTIVE / METHOD(S) / RESULTS / CONCLUSION(S)
*3 25,008 / 6.6% PURPOSE / METHOD(S) / RESULTS / CONCLUSION(S)
4 11,412 / 3.0% PURPOSE / MATERIALS AND METHOD(S) / RESULTS / CON-

CLUSION(S)
†5 8,706 / 2.3% BACKGROUND / OBJECTIVE / METHOD(S) / RESULTS / CON-

CLUSION(S)
6 8,321 / 2.2% OBJECTIVE / STUDY DESIGN / RESULTS / CONCLUSION(S)
7 7,833 / 2.1% BACKGROUND / METHOD(S) AND RESULTS / CONCLUSION(S)

*8 7,074 / 1.9% AIM(S) / METHOD(S) / RESULTS / CONCLUSION(S)
9 6,095 / 1.6% PURPOSE / PATIENTS AND METHOD(S) / RESULTS / CONCLU-

SION(S)
10 4,087 / 1.1% BACKGROUND AND PURPOSE / METHOD(S) / RESULTS / CON-

CLUSION(S)
...

...
...

...
Total 374,585 / 100.0%

process we use for unstructured abstracts, namely, when sectioning does not coincide
with the categories presented to the users.

Even when the section they belong to has a heading that seems straightforward to
assign a class, there are cases in which we have to classify sentences in a structured
abstract. The above mentioned OBJECTIVE (or PURPOSE) class is actually one such
category that needs sentence-wise classification. Below, we will further analyze this
case.

As Table 3 shows, the most frequentsequences of headings are (1) BACKGROUND,
METHOD(S), RESULTS, and CONCLUSION(S), followed by (2) OBJECTIVE, METHOD(S),
RESULTS, and CONCLUSION(S). Inspecting abstract texts that conform to formats
(1) and (2), we found that in the BACKGROUND and OBJECTIVE sections, most of
these texts actually contain both the sentences describing the research background, and
those describing the research objectives.

We can verify this claim by computing Sibson’s information radius (Jensen-Shannon
divergence) [6] for each sections. Information radiusDJS between two probability dis-
tributionsp(x) andq(x) is defined as follows, using Kullback-Leibler divergenceDKL .

DJS(p‖q) =
1
2

[
DKL

(
p
∥∥ p+q

2

)
+DKL

(
q
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2

)]

=
1
2
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∑
x

p(x) log
p(x)(

p(x)+q(x)
)
/2

+∑
x

q(x) log
q(x)(

p(x)+q(x)
)
/2

]
.

Hence, information radius is a measure of dissimilarity between distributions. It is sym-
metric in p andq, and is always well-defined, which are not always the case withDKL .



Table 4. Information radius between the sections.

(a) Word bigrams
Class BACKGROUND OBJECTIVE METHODS RESULTS CONCLUSION(S)
BACKGROUND 0 0.1809 0.3064 0.3152 0.2023
OBJECTIVE 0.1809 0 0.2916 0.3256 0.2370
METHODS 0.3064 0.2916 0 0.2168 0.3201
RESULTS 0.3152 0.3256 0.2168 0 0.2703
CONCLUSIONS 0.2023 0.2370 0.3201 0.2703 0

(b) Word unigrams and bigrams
Class BACKGROUND OBJECTIVE METHODS RESULTS CONCLUSION(S)
BACKGROUND 0 0.1099 0.2114 0.2171 0.1202
OBJECTIVE 0.1099 0 0.1965 0.2221 0.1465
METHODS 0.2114 0.1965 0 0.1397 0.2201
RESULTS 0.2171 0.2221 0.1397 0 0.1847
CONCLUSIONS 0.1202 0.1465 0.2201 0.1847 0

Table 4 shows that the sentences under the BACKGROUND and OBJECTIVE sec-
tions have similar distributions of word bigrams as well as the combination of words
and word bigrams. Also note the smaller divergence between these classes (bold faced
figures), compared with those for the other class pairs. The implication is that these two
headings are not reliable as separate category labels.

3 Classifier design

3.1 The number and the types of categories

In our previous work [11, 13], we used five categories, BACKGROUND, OBJECTIVE,
METHOD(S), RESULTS, and CONCLUSION(S), based on the frequency of individ-
ual headings (Table 2). We believe this to be still a reasonable choice considering the
usability of the system and the ambiguity arising from limiting the number of classes.
For example, the BACKGROUND and the OBJECTIVE section headings are unreli-
able to be taken as a category label for the sentences in the sections, as we mentioned
earlier. Nevertheless, it is not acceptable to merge them as a single class, although it
might the classification task much easier. Merging them would deteriorate the useful-
ness of the system, since they are quite different in their structural roles, which, as a
result, have different utility according to search purposes.

3.2 Support Vector Machines and feature representation

Following our previous work, soft-margin Support Vector Machines (SVMs) [2, 12]
were used as the classifier for each categories. We first construct SVM classifiers for
each of the BACKGROUND, OBJECTIVE, METHODS, RESULTS, and CONCLU-
SIONS classes, using the one-versus-rest configuration. Since SVM is a binary classifier
while our task involves five classes, we combine the results of these classifiers as fol-
lows: the classi assigned to a given test examplex is the one the one represented by



the SVM whose value offi(x) is the largest, wherefi(x) is a decision function of SVM
for the i-th class, i.e., the signed distance from the optimal hyperplane after the margin
width is normalized to 1.

The basis of our feature representations is words and word bigrams. In the previous
work [11, 13], we have used non-contiguous sequential word patterns as features. We
use word bigrams here instead of sequential patterns due to a practical reason: the speed
of the feature construction is prohibitive because of the large number of documents to
process.

3.3 Contextual information

Since we are interested in labeling aseries of sentences, it is expected that incorporating
contextual information into the feature set will improve classification performance. For
example, it is unlikely that experimental results (RESULTS) are presented before the
description of experimental design (METHODS). Thus, knowing that preceding sen-
tences have been labeled as METHODS conditions the probability of the present sen-
tence being classified as RESULTS. And the sentences of the same class have high prob-
ability of appearing consecutively; we would not expect the authors to interleave sen-
tences describing experimental results (RESULTS) with those in the CONCLUSIONS
and OBJECTIVES classes.

Since it is not clear what kind of contextual information performs best, the following
types of contextual representation were examined in an experiment (Section 4.1).

1. The class of the previous sentence.
2. The classes of the previous two sentences.
3. The class of the next sentence.
4. The classes of the next two sentence.
5. Relative location of the current sentence in the abstract text.
6. The word features of the previous sentence.
7. The word features of the next sentence.
8. The word features of the previous and the next sentences.
9. The number of previous sentences having the same class as the previous sentence,

and its class.

4 Experiments

This section reports the results of preliminary experiments that we conducted to exam-
ine the performance of the classifiers used for labeling sentences.

4.1 Contextual information

In this experiment, structured abstracts from MEDLINE 2002 were used. The classes
we considered (or, sections to which sentences are classified) are OBJECTIVE(S),
METHOD(S), RESULT(S), and CONCLUSION(S). Note that this set does not coin-
cide with the five classes we employed in the final system. According to Table 3, the



Table 5. Performance of context features

Accuracy (%)
Features sentence abstract

(0) No context features 83.6 25.0
(1) The class of the previous sentence 88.9 48.9
(2) The classes of the previous two sentences 89.9 50.6
(3) The class of the next sentence 88.9 50.9
(4) The classes of the next two sentences 89.3 51.2
(5) Relative location of the current sentence 91.9 50.7
(6) The word features of the previous sentence 87.3 37.5
(7) The word features of the next sentence 88.1 39.0
(8) The word features of the previous and the next sentences 89.7 46.4
(9) The number of preceding sentences having the same class

as the previous sentence, and its class
90.6 50.9

section sequence consisting of these sections are only second after the sequence BACK-
GROUND / METHOD(S) / RESULT(S) / CONCLUSION(S). However, identifying the
sentences with headings PURPOSE(S) and AIM(S) with those with OBJECTIVE(S)
makes the corresponding sectioning scheme the most frequent.

Hence, we collected structured abstracts whose heading sequences matches the fol-
lowing patterns:

1. OBJECTIVE(S) / METHOD(S) / RESULTS / CONCLUSION(S),
2. PURPOSE(S) / METHOD(S) / RESULTS / CONCLUSION(S),
3. AIM(S) / METHOD(S) / RESULTS / CONCLUSION(S).

We split each of these abstracts into sentences using UIUC Sentence Splitter [9],
after removing all symbols and replacing every contiguous sequence of numbers with a
single symbol ‘#’. After sentence splitting, we filtered out the abstracts that produced a
sentence with less than three words, regarding it as a possible error in sentence splitting.
This yielded a total of 82,936 abstracts.

To reduce the number of features, we only took into account word bigrams occurring
in at least 0.05% of the sentences, which amounts to 9,078 bigrams. The number of
(unigram) word features was 104,733.

We obtained 103,962 training examples (sentences) from 10,000 abstracts randomly
sampled from the set of 82,936 structured abstracts described above, and 10,356 test
examples (sentences) from 1,000 abstracts randomly sampled from the rest of the set.

The quadratic kernel is used with SVMs, and the optimal soft margin (or capacity)
parameterC is sought for each of the SVMs using different context features. The results
are listed in Table 5.

There were not much differences in the performance of contextual features as far
as accuracy were measured on a per-sentence basis. All contextual features (1)–(9) ob-
tained about 90% accuracy, which is an improvement of 4 to 8% over (0) when no con-
text features were used. In contrast, the performance on a per-abstract basis, in which a
classification of an abstract is judged to be correct only if all the constituent sentences
are correctly classified, varied between 50% and 37.5%. The maximum performance of



51%, which is 25% improvement over the baseline (0) in which no context feature was
used, was obtained for features (3), (4), and (5).

4.2 Separating ‘Objectives’ from ‘Background’

The analysis in the Section 2.2 suggest that it is unreliable to use the headings BACK-
GROUND and OBJECTIVE(S) as the labels of the sentences in the sections, because
the BACKGROUND section frequently contains sentences that should rather be classi-
fied as OBJECTIVES and vice versa. Yet, it is not acceptable to merge them as a single
class, because they are quite different in their structural roles; doing so would severely
impairs the utility of the system.

To resolve this situation, we construct an SVM classifier to distinguish between
these classes again. To train this classifier, we use the sentences in the structured ab-
stracts that contain both the BACKGROUND and the OBJECTIVES sections (such as
in the scheme marked with a dagger in Table 3).

To assess the feasibility of this approach, we collected 11,898 abstracts that contain
both the BACKGROUND and the OBJECTIVE(S) headings. The texts in this collection
were preprocessed in an identical manner as the previous subsection, and the number of
sentences in the BACKGROUND and the OBJECTIVES sections from this collection
was 34,761. The classification of individual sentences with SVMs exhibited an F1-score
of 96.4 (which factors into a precision of 95.6% and a recall of 97.2%), on average over
10-fold cross validation trials. The SVMs used quadratic kernels, and used the bag-of-
words-and-word-bigrams features only. No context features were used.

5 A prototype implementation

Using the feature set described in Section 3.2 as well as the context feature (5) of
Section 3.3, we constructed five SVM classifiers for each of the five sections, BACK-
GROUND, OBJECTIVES, METHODS, RESULTS, and CONCLUSIONS. With these
SVMs, we labeled the sentences in the unstructured abstracts in MEDLINE 2003 whose
publication year is 2001 and 2002. The same labeling process is applied to the sen-
tences in structured abstracts as well, but only when their section heading when the
correspondence to any of the above five sections is not evident. We also classified each
sentence in the BACKGROUND and OBJECTIVE (and equivalent) sections into one
of the BACKGROUND and OBJECTIVE classes using the classifier of Section 4.2,
when the structured abstract contained only one of them.

We implemented an experimental search system for these labeled data using PHP
on top of an Apache web server. The full-text retrieval engine Namazu was used as
a back-end search engine. The screen shot for the service page is shown in Figure 1.
The form on the page contains a field for entering query terms, a ‘Go’ button as well
as radio buttons marked ‘Any’ and ‘Select from’ for choosing whether the keyword
search should be performed on the whole abstract texts, or on limited sections. Plain
keywords, phrases (specified by enclosing the phrase in braces), and boolean conjunc-
tion (‘and’), disjunction (‘or’), and negation (‘not’) are allowed for query field. If the
user chooses ‘Select from’ button rather than ‘Any,’ the check boxes on its right are



Fig. 1. A screen shot.

activated. These boxes corresponds to the five target sections, namely, ‘Background,’
‘Objectives,’ ‘Methods,’ ‘Results,’ and ‘Conclusions.’

Matching query terms found in the abstract text are highlighted in bold face letters,
and the sections (either deduced from headings or from the content of the sentence with
automatic classifier) are shown in different background colors.

6 Conclusions and future work

We have reported the first step towards construction of a search system for the MED-
LINE database that allows the users to exploit the underlying structure of the abstract
text. The implemented system, however, is only experimental, and surely needs more
elaboration.

First of all, the adequacy of five sections presented to the user needs evaluation. In
particular, OBJECTIVE and CONCLUSIONS are different as they each describes what
has been sought and what is really achieved, respectively, but they are the same in the
sense that they provides a summary of what the paper deals with. They are not about
the details of experiments, and not about what is done elsewhere. Thus grouping them
into one class might be sufficient for most users.



We plan to incorporate re-ranking procedure of label sequences based on the over-
all consistency of the sequences. By ‘consistency’ here, we mean the constraint on the
sequences such as it is unlikely that conclusions appear in the beginning of the text, and
the same section seldom occur twice in a text. The similar lines of research [4, 10] have
been reported recently in ML and NLP communities, in which the sequence of clas-
sification results is optimized over all possible sequences. We also plan to incorporate
features that reflect cohesion or coherence between sentences [3].
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∗ University of North Carolina, Department of Computer Science

Charlotte, N.C. 28223, USA
◦ Polish Academy of Sciences, Institute of Computer Science

Ordona 21, 01-237 Warsaw, Poland
+Bialystok University of Technology, Department of Mathematics

15-351 Bialystok, Poland
ras@uncc.edu or adardzin@uncc.edu

Abstract. A rule-based chase algorithm used to discover values of incomplete
attributes in a database is described in this paper. To begin the chase process,
each attribute that contains unknown or partially incomplete values is set, one by
one, as a decision attribute and all other attributes in a database are treated as
condition attributes for that decision attribute. Now, assuming that d is a decision
attribute, any object x such that d(x) �= NULL is used in the process of extracting
rules describing d. In the next step, each incomplete database field in a column
corresponding to attribute d is chased with respect to previously extracted rules
describing d. All other incomplete attributes in a database are processed the same
way.

1 Introduction

Common problems encountered by Query Answering Systems QAS, introduced
by Ras8,9, either for Information Systems S or for Distributed Autonomous In-
formation Systems DAIS include the handling of incomplete attributes when
answering a query. One plausible solution to answer a query involves the gen-
eration of rules describing all incomplete attributes used in a query and then
chasing the unknown values in the local database with respect to the gen-
erated rules. These rules can be given by domain experts but also can be
discovered locally or at remote sites of DAIS. Since all unknown values would
not necessarily be found, the process is repeated on the enhanced database
until all unknowns are found or no new information is generated. When the
fixed point is reached by this process, QAS will run the original query against
the enhanced database. The chase algorithm presented in 2 was based only on
consistent set of rules. The notion of a tableaux system and the chase algo-
rithm based on functional dependencies F is presented for instance in1. Chase
algorithm based on F always terminates if applied to a finite tableaux system.
Also, it was shown that, if one execution of the algorithm generates a tableaux
system that satisfies F , then every execution of the algorithm generates the



same tableaux system. Using Chase algorithm for predicting what attribute
value should replace an incomplete value has a clear advantage over many
other methods for predicting incomplete values mainly because of the use of
existing associations between values of attributes. To find these associations
we can use either any association rule mining algorithm or any rule discovery
algorithm like LERS 5 or Rosetta 11. Unfortunately, these algorithms, includ-
ing Chase algorithm presented by us in 3, do not handle partially incomplete
data, where a(x) is equal, for instance, to {(a1,

1
4 ), (a2,

1
4 ), (a3,

1
2 )}. Clearly,

we assume here that a is an attribute, x is an object, and {a1, a2, a3} ⊆ Va.
By Va we mean the set of values of attribute a. The weights assigned to these
3 attribute values should be read as: the confidence that a(x) = a1 is 1

4 , the
confidence that a(x) = a2 is 1

4 and, the confidence that a(x) = a3 is 1
2 .

In this paper we present a new chase algorithm (called Chase2) which
can be used for chasing incomplete information systems with rules which do
not have to be consistent (this assumption was required by Chase1 algorithm
2. Also, we show how to compute a confidence of inconsistent rules and how
it can be normalized. These rules are used by Chase2.

2 Handling Incomplete Values using Chase Algorithms

There is a relationship between interpretation of queries and the way the in-
complete information in an information system is seen. Assume, for example,
that we are concerned with identifying all objects in the system satisfying a
given description. For example an information system might contain infor-
mation about students in a class and classify them using four attributes of
hair color, eye color, gender and size. A simple query might be to find all
students with brown hair and blue eyes. When the information system is in-
complete, students having brown hair and unknown eye color can be handled
by either including or excluding them from the answer to the query. In the
first case we talk about optimistic approach to query interpretation while in
the second case we talk about pessimistic approach. Another option to han-
dle such a query is to discover rules for eye color in terms of the attributes
hair color, gender, and size. Then, these rules can be applied to students
with unknown eye color to discover that color and possibly to identify more
objects satisfying the query.

Consider that in our example one of the generated rules said:
(hair brown) ∧ (size medium) → (eye brown).

Thus, if one of the students having brown hair and medium size has no
value for eye color, then the student should not be included in the list of
students with brown hair and blue eyes. Attributes hair color and size are



classification attributes and eye color is the decision attribute.
Now, let us give example showing the relationship between incomplete

information about objects in an information system and the way queries (at-
tribute values) are interpreted. Namely, the confidence in object x that he has
brown color of hair is 1

3 can be either written as (brown, 1
3 ) ∈ color of hair(x)

or (x, 1
3 ) ∈ I(brown), where I is an interpretation of queries (the term brown

is treated here as a query).
In 2 we presented Chase1 strategy based on the assumption that only consis-
tent subsets of rules extracted from an incomplete information system S can
be used for replacing Null values by new less incomplete values in S. Clearly,
rules discovered from S do not have to be consistent in S. Taking this fact
into consideration, the Chase algorithm (Chase2) proposed in this paper has
less restrictions and it allows chasing information system S with inconsistent
rules as well.

Assume that S = (X, A, V ), where V =
⋃{Va : a ∈ A} and each a ∈ A is

a partial function from X into 2Va − {∅}.

In the first step of Chase algorithms, we identify all incomplete attributes
used in S. An attribute is incomplete if there is an object in S with incomplete
information on this attribute. The values of all incomplete attributes in S are
treated as concepts to be learned (in a form of rules) either only from S or from
S and its remote sites (if S is a part of a distributed autonomous information
system).

The second step of Chase algorithm is to extract rules describing these
concepts. These rules are stored in a knowledge base D for S (see 8, 9, 10).
The algorithm Chase1 presented in 3 assumes that all inconsistencies in D
have to be repaired before they are used in the chase process. Rules de-
scribing attribute value va of attribute a are extracted from the subsystem
S1 = (X1, A, V ) of S where X1 = {x ∈ X : card(a(x)) = 1}. Chase2 does not
have such restrictions placed on D.

The final step of Chase algorithms is to replace incomplete information in
S by less incomplete information provided by rules from D.

3 Partially Incomplete Information Systems

We say that S = (X, A, V ) is a partially incomplete information system of type
λ, if S is an incomplete information system and the following three conditions
hold:

• aS(x) is defined for any x ∈ X , a ∈ A,



• (∀x ∈ X)(∀a ∈ A)[(aS(x) = {(ai, pi) : 1 ≤ i ≤ m}) → ∑
pi = 1],

• (∀x ∈ X)(∀a ∈ A)[(aS(x) = {(ai, pi) : 1 ≤ i ≤ m}) → (∀i)(pi ≥ λ)].

Now, given two partially incomplete information systems S1, S2 classifying
the same sets of objects (let’s say objects from X) using the same sets of
attributes (let’s say A), we assume that aS1(x) = {(a1,i, p1,i) : i ≤ m1} and
aS2(x) = {(a2,i, p2,i) : i ≤ m2}.

We say that containment relation Ψ holds between S1 and S2, if the fol-
lowing two conditions hold:

• (∀x ∈ X)(∀a ∈ A)[card(aS1 (x)) ≥ card(aS2(x))],

• (∀x ∈ X)(∀a ∈ A)[card[(aS1 (x)) = card(aS2(x))] →∑
i�=j | p2,i − p2,j |> ∑

i�=j | p2,i − p2,j |].

If containment relation Ψ holds between systems S1 and S2, both of type
λ, we say that information system S1 was mapped onto S2 by containment
mapping Ψ and denote that fact as Ψ(S1) = S2 which means that (∀x ∈
X)(∀a ∈ A)[Ψ(aS1(x)) = Ψ(aS2(x))]. We also say that containment relation
Ψ holds between aS1(x) and aS2(x), for any x ∈ X , a ∈ A.

So, the containment mapping Ψ for incomplete information systems does
not increase the number of possible attribute values for a given object. If the
number of possible values of a given attribute assigned to an object is not
changed, then the average difference in confidence assigned to these attribute
values has to increase.

Let us take an example of two systems S1 , S2 of type λ = 1
4 (see Table 1

and Table 2).

It can be easily checked that values a(x3),a(x8),b(x2),c(x2),c(x7), e(x4)
are different in S1 than in S2. In each of these six cases, the attribute value
assigned to an object in S2 is less general that in S1. It means that Ψ(S1) = S2.

Assume now that L(D) = {(t → vc) ∈ D : c ∈ In(A)} is the set of all
rules extracted from S by ERID(S, λ1, λ2), where λ1, λ2 are thresholds for
minimum support and minimum confidence, correspondingly. ERID is the
algorithm for discovering rules from incomplete information systems presented
in 3. Finally, let us assume that by NS(t) we mean the interpretation of term
t in S = (X, A, V ) defined as:

• NS(v) = {(x, p) : (v, p) ∈ a(x)}, for any v ∈ Va,

• NS(t1 + t2) = NS(t1) ⊕ NS(t2),



X a b c d e

x1 (a1,
1
3 ),(a2,

2
3 ) (b1,

2
3 ),(b2,

1
3 ) c1 d1 (e1,

1
2 ),(e2,

1
2 )

x2 (a2,
1
4 ),(a3,

3
4 ) (b1,

1
3 ),(b2,

2
3 ) d2 e1

x3 b2 (c1,
1
2 ),(c3,

1
2 ) d2 e3

x4 a3 c2 d1 (e1,
2
3 ),(e2,

1
3 )

x5 (a1,
2
3 ),(a2,

1
3 ) b1 c2 e1

x6 a2 b2 c3 d2 (e2,
1
3 ),(e3,

2
3 )

x7 a2 (b1,
1
4 ),(b2,

3
4 ) (c1,

1
3 ), (c2,

2
3 ) d2 e2

x8 b2 c1 d1 e3

Table 1: System S1

X a b c d e

x1 (a1,
1
3 ),(a2,

2
3 ) (b1,

2
3 ),(b2,

1
3 ) c1 d1 (e1,

1
2 ),(e2,

1
2 )

x2 (a2,
1
4 ),(a3,

3
4 ) b1 (c1,

1
3 ),(c2,

2
3 ) d2 e1

x3 a1 b2 (c1,
1
2 ),(c3,

1
2 ) d2 e3

x4 a3 c2 d1 e2

x5 (a1,
2
3 ),(a2,

1
3 ) b1 c2 e1

x6 a2 b2 c3 d2 (e2,
1
3 ),(e3,

2
3 )

x7 a2 (b1,
1
4 ),(b2,

3
4 ) c1 d2 e2

x8 (a1,
2
3 ),(a2,

1
3 ) b2 c1 d1 e3

Table 2: System S2



• NS(t1 ∗ t2) = NS(t1) ⊗ NS(t2)

where, for any NS(t1) = {(xi, pi)}i∈I , NS(t2) = {(xj , qj)}j∈J we have:

• NS(t1)⊕NS(t2) = {(xj , pj)}j∈J−I∪{(xi, pi)}i∈I−J∪{(xi, max(pi, qi))}i∈I∩J ,

• NS(t1) ⊗ NS(t2) = {(xi, pi · qi)}i∈I∩J

Algorithm Chase2, given below, converts information system S of type λ to
a new more complete information system Chase2(S).

Algorithm Chase2(S, In(A), L(D))
Input
System S = (X, A, V ),
Set of incomplete attributes In(A) = {a1, a2, ..., ak},
Set of rules L(D).
Output
System Chase2(S)
begin j := 1;
while j ≤ k do

begin
Sj := S;
for all x ∈ X do

pj := 0;
begin
bj(x) := ∅;
nj := 0;
for all v ∈ Vaj do
if card(aj(x)) = 1 and {(ti → v) : i ∈ I}
is a maximal subset of rules from L(D)
such that (x, pi) ∈ NSj(ti) then

if
∑

i∈I [pi · conf(ti → v) · sup(ti → v)] ≥ λ then
begin
bj(x) := bj(x) ∪ {(v,

∑
i∈I [pi · conf(ti → v) · sup(ti → v)])};

nj := nj +
∑

i∈I [pi · conf(ti → v) · sup(ti → v)];
end

pj := pj + nj ;
end

if Ψ(aj(x)) = [bj(x)/pj ]
(containment relation holds between aj(x), [bj(x)/pj ])
then aj(x) := [bj(x)/pj ];
j := j + 1;



end
S :=

∏{Sj : 1 ≤ j ≤ k}
(see the definition of S :=

∏{Sj : 1 ≤ j ≤ k} below)
Chase2(S, In(A), L(D))
end

Definitions:
To define S it is enough to assume that aS(x) =(if a = aj then aSj (x) for any
attribute a and object x).
Also, if bj(x) = {(vi, pi)}i∈I , then [bj(x)/p] is defined as {(vi, pi/p)}i∈I .

To explain the algorithm, we apply Chase2 to the information system
given in Table 3. We assume that L(D) contains the following rules (listed
with their support and confidence):
r1 = [a1 → e3], sup(r1) = 1, conf(r1) = 0.5
r2 = [a2 → e2], sup(r2) = 5

3 , conf(r2) = 0.51
r3 = [a3 → e1], sup(r3) = 17

12 , conf(r3) = 0.51
r4 = [b1 → e1], sup(r4) = 2, conf(r4) = 0.72
r5 = [b2 → e3], sup(r5) = 8

3 , conf(r5) = 0.51
r6 = [c2 → e1], sup(r6) = 2, conf(r6) = 0.66
r7 = [c3 → e3], sup(r7) = 7

6 , conf(r7) = 0.64
r8 = [a3 ∗ c1 → e3], sup(r8) = 1, conf(r8) = 0.8
r9 = [a3 ∗ d1 → e3], sup(r9) = 1, conf(r9) = 0.5
r10 = [c1 ∗ d1 → e3], sup(r10) = 1, conf(r10) = 0.5

Only two values e(x1), e(x6) of the attribute e can be changed. The
next section shows how to compute these two values and decide if the current
attribute values assigned to objects x1, x6 can be replaced by them. Similar
process is applied to all incomplete attributes in S. After all changes of all
incomplete attributes are recorded, system S is replaced by Ψ(S) and the whole
process is recursively repeated till some fix point is reached.

Algorithm Chase2 will try to replace the current value of e(x1) which is
{(e1,

1
2 ), (e2,

1
2 )} by a new value enew(x1) initially denoted by {(e1, ?), (e2, ?), (e3, ?)}.

Because Ψ(e(x1)) = enew(x1), the value e(x1) will change.

To justify our claim, let us compute enew(x) for x = x1, x4, x6:
For x1:

(e3,
1
3 · 1 · 1

2 + 1
3 · 8

3 · 51
100 + 1 · 1 · 1

2 ) = (e3, 1.119);
(e2,

2
3 · 5

3 · 51
100 ) = (e2, 1.621); (e1,

2
3 · 2 · 72

100 ) = (e1, 0.96).



X a b c d e

x1 (a1,
1
3 ),(a2,

2
3 ) (b1,

2
3 ),(b2,

1
3 ) c1 d1 (e1,

1
2 ),(e2,

1
2 )

x2 (a2,
1
4 ),(a3,

3
4 ) (b1,

1
3 ),(b2,

2
3 ) d2 e1

x3 a1 b2 (c1,
1
2 ),(c3,

1
2 ) d2 e3

x4 a3 c2 d1 (e1,
2
3 ),(e2,

1
3 )

x5 (a1,
2
3 ),(a2,

1
3 ) b1 c2 e1

x6 a2 b2 c3 d2 (e2,
1
3 ),(e3,

2
3 )

x7 (a2 (b1,
1
4 ),(b2,

3
4 ) (c1,

1
3 , (c2,

2
3 ) d2 e2

x8 a3 b2, c1 d1 e3

Table 3: System S

So, we have:

enew(x1) = {(e1,
0.96

0.96+1.621+1.119 ), (e2,
1.621

0.96+1.621+1.119 ), (e3,
1.119

0.96+1.621+1.119 )} =
{(e1, 0.26), (e2, 0.44), (e3, 0.302)}.

Because, the confidence assigned to e1 is below the threshold λ, then only
two values remain: (e2, 0.44), (e3, 0.302). So the value of attribute e assigned
to x1 is {(e2, 0.59), (e3, 0.41)}.

For x4:

(e3, 1 · 1 · 1
2 ) = (e3, 0.5); (e2, 0); (e1, 1 · 17

12 · 51
100 ) = (e1, 0.7225).

So, we have:

enew(x4) = {(e1,
0.7225

0.5+0.7225 ), (e3,
0.5

0.5+0.7225 )} = {(e1, 0.59), (e3, 0.41)}

which means, the value of attribute e assigned to x4 remains unchanged.
For x6:

(e3,
8
3 · 1 · 51

100 + 1 · 7
6 · 64

100 ) = (e3, 2.11); (e2, 1 · 5
3 · 51

100 ) = (e2, 0.85);
(e1, 0).

So, we have:



X a b c d e

x1 (a1,
1
3 ),(a2,

2
3 ) (b1,

2
3 ),(b2,

1
3 ) c1 d1 (e2, 0.59),(e3, 0.41)

x2 (a2,
1
4 ),(a3,

3
4 ) (b1,

1
3 ),(b2,

2
3 ) d2 e1

x3 a1 b2 (c1,
1
2 ),(c3,

1
2 ) d2 e3

x4 a3 c2 d1 (e1,
2
3 ),(e2,

1
3 )

x5 (a1,
2
3 ),(a2,

1
3 ) b1 c2 e1

x6 a2 b2 c3 d2 e3

x7 a2 (b1,
1
4 ),(b2,

3
4 ) (c1,

1
3 , (c2,

2
3 ) d2 e2

x8 a3 b2 c1 d1 e3

Table 4: New System S

enew(x6) = {(e2,
0.85

2.11+0.85 ), (e3,
0.85

2.11+0.85 )} = {(e2, 0.29), (e3, 0.713)}.

Because, the confidence assigned to e3 is below the threshold λ, then only
one value remains: (e3, 0.713). So, the value of attribute e assigned to x6 is e3.

The new resulting information system is presented by Table 4.
This example shows that the values of attributes stored in the resulting

table depend on the threshold λ. Smaller the threshold λ, the level of incom-
pleteness of the system will get lower.

Initial testing performed on several incomplete tables of the size 50×2, 000
with randomly generated data gave us quite promising results.

4 Conclusion

We expect much better results if a single information system is replaced by
distributed autonomous information systems investigated by Ras in [8, 9, 10].
Our claim is justified by experimental results showing higher confidence in rules
extracted through distributed data mining than in rules extracted through local
mining.
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Abstract. MUSASHI is a set of commands that enables us to efficiently
execute various types of data manipulations in a flexible manner, mainly
aiming at data processing of huge amount of data required for data min-
ing. Data format which MUSASHI can deal with is either an XML table
written in XML or plain text file with table structure. In this paper we
shall present data mining oriented CRM systems based on MUSASHI,
which are integrated with the marketing tools and data mining technol-
ogy. Everybody can construct useful CRM systems at extremely low cost
by introducing MUSASHI.

1 Introduction

MUSASHI is a set of commands developed for the processing of a large amount
of data required for data mining in business field and open-source software for
achieving efficient processing of XML data [1] [2] [3] [4]. We have developed a
data mining oriented CRM system that runs on MUSASHI by integrating sev-
eral marketing tools and data mining technology. Discussing the cases regarding
simple customer management we shall describe general outlines, components,
and analytical tools for CRM system which we have developed.

With the progress of deflation in recent Japanese economy, retailers in Japan
are now under severe pressure. Many of these enterprises are now trying to
encompass and maintain loyal customers through the introduction of FSP [5][6].
FSP (Frequent Shoppers Program) is defined as one of the CRM systems to
accomplish effective sales promotion by accumulating purchase history of the
customers in its own database and by recognizing the nature and the behavior
of the loyal customers. However, it is very rare that CMS system such as FSP
has actually contributed to successful business activities of the enterprises in
recent years.

� Research of this paper is partly supported by the Grant-in-Aid for Scientific Research
on Priority Areas (2), RCSS fund by the Ministry of Education, Science, Sports and
Culture of Japan, and the Kansai University Special Research fund, 2002.



There are several reasons why the existing CRM system cannot contribute to
the acquisition of customers and to the attainment of competitive advantage in
the business. First of all, the cost to construct CRM system is very high. In fact,
some of the enterprises have actually spent a large amount of money merely for
the construction of data warehouse to accumulate purchase history data of the
customers and, as a result, no budget is left for carrying out customer analysis.

Secondly, it happens very often that data are actually accumulated while
technique, software and human resources in their firms to analyze these data are
in shortage, and the analysis of the customers is not in progress. Therefore, in
many cases, the enterprises simply accumulate the data but do not carry out the
analysis of the customers.

In this paper, we shall introduce a CRM system which can be constructed
at very low cost by the use of the open-source software MUSASHI, which can
be adopted freely even by a small enterprise. The components of the system
comprise marketing tools and data mining technology, which we developed so
far through joint research activities with various types of enterprises. Thus, it is
possible to carry out the analysis of the customers without building up a new
analytical system.

2 C-MUSASHI in Retailers

C-MUSASHI is defined as a CRM system that runs on MUSASHI, by which it
is possible to process the purchase history of a large number of customers and
to analyze consumer behavior in detail for an efficient customer control. Fig.
1 shows the positioning of C-MUSASHI in a system for daily operation of the
retailers.

By using C-MUSASHI, everybody can build up a CRM system without intro-
ducing data warehouse through the processes given below. POS registers used in
recent years output the data called electronic journal, in which all operation logs
are recorded. Store controller collects the electronic journals from the registers
in the stores and accumulates them. The electronic journal data is converted by
”MUSASHI journal converter” to XML data with minimal data loss.

The framework of such system design provides two advantageous features.
First, the loss of data is minimized. In the framework given above, no data will
be lost basically. If new data is needed to discover new knowledge, the data can
be provided from XML data if it can be obtained from the operation of POS
registers.

Secondly, the burden of the system design can be extensively reduced. Be-
cause all of the data are accumulated, necessary data can be easily extracted
later. Therefore, these schemes can flexibly cope with the changes in the system.

However, if all operation logs at the POS registers are accumulated on XML
data, the amount of data may become enormous which in turn leads to the
decrease of the processing speed. In this respect, we define a table-type data
structure called XML table. A system is built up by combining XML data such
as operation logs with XML data and XML table data. Thus, by properly using
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Fig. 1. C-MUSASHI system in the retailers.

pure XML and XML table depending on the purposes, MUSASHI is able to
construct an efficient system with high degree of freedom.

Based on the purchase data of the customers thus accumulated, the follow-
ing systems are built up: store management system for the basic data processing
in stores such as accounting information, merchandising system for commod-
ity control and price control, and C-MUSASHI, which will be explained in the
succeeding sections.

3 Components of C-MUSASHI

Software tools of C-MUSASHI are categorized into two groups: those for basic
customer analysis and CRM systems using data mining technique. The former
provides basic information necessary for the implementation of CRM strategy.
The latter is a system to discover new knowledge to carry out effective CRM by
using data mining technique.

In this section, we shall introduce the tools for basic customer analysis. Basic
tools in C-MUSASHI have several tools usually incorporated in general CRM
systems: decil analysis, RFM analysis, customer attrition analysis, and LTV
measurement. They are used for basic customer analysis. C-MUSASHI also has
many other tools for customer analysis. We will present here only a part of them
here.



3.1 Decil analysis

In decil analysis, based on the ranking of the customers derived from the amount
of purchase, customers are divided into 10 groups with equal number of cus-
tomers, and then basic indices such as average amount of purchase, number of
visits to the store, and etc. are computed for each group [5][6]. From this report,
it can be understood that all customers do not have equal value for the store,
but only a small fraction of the customers contribute to most of the profits in
the store.

3.2 RFM analysis

RFM analysis [6][7] is one of the tools most frequently used in the application
purpose such as direct-mail marketing. The customers are classified according to
three factors, i.e. recency of the last date of purchase, frequency of purchase, and
monetary factor (purchase amount). Based on this classification, adequate sales
promotion is executed for each customer group. For instance, in a supermarket, if
a customer had the highest purchase frequency and the highest purchase amount,
and did not visit to the store within one month, sufficient efforts must be made
to bring back this customer from the stores of the competitors.

3.3 Customer attrition analysis

This analysis indicates what fraction of customers in a certain customer group
would continuously visit the store in the next period (e.g. one month later) [7].
In other words, this is an analysis to indicate how many customers have gone
away to the other stores. These numerical values are also used for the calculation
of LTV as described below.

3.4 LTV (Life Time Value)

LTV is a net present value of the profit which an average customer in a certain
customer group brings to a store (an enterprise) within a given period [7][8].
It is calculated from the data such as sales amount of the customer group,
customer maintaining rate, and discount rate such as the rate of interest on a
national bond. Long-term customer strategy should be set up based on LTV,
and it is an important factor relating to CRM system. However, the component
for calculation of LTV prepared in C-MUSASHI is very simple and it must be
customized depending on enterprises to use it.

These four tools are minimally required as well as very important for CRM
in business field. It is possible to set up various types of marketing strategies
based on the results of analysis. However, they are general and conventional, and
then do not necessarily bring new knowledge to support differentiation strategy
of the enterprise.



4 CRM Systems Based on the data mining technique

In this section, CRM system based on the data mining technique will be pre-
sented, which discovers new knowledge useful for implementing effective CRM
strategy from the purchase data of the customers. General CRM system commer-
cially available simply comprises the processes of retrieval and aggregation for
each customer group, and there are very few CRM systems in which analytical
system that can deal with large-scale data equipped with data mining engine is
available in actual business field. In this section, we explain our system that can
discover useful customer knowledge by integrating the data mining technique
with CRM system.

4.1 Systems structure of C-MUSASHI and four modules

Fig. 2 shows a structure of CRM system using C-MUSASHI. Customer purchase
history data accumulated as XML table is preprocesses by a core system of
MUSASHI. The preprocessed data is then provided as retail support information
in two different ways.

Script
Processing

Pre-
processed

Data
XML Table

DB

WEB Server

Existing Application
(Excel, Clementine,
Intelligent Miner,

..., etc.)

MUSASHI
Mining Engine

Retail Support

 

MUSASHI Core

Fig. 2. System structure of C-MUSASHI.

In the first approach, the data preprocessed at the core of MUSASHI is
received through WEB server. Then, the data is analyzed and provided to the
retail stores by existing application software such as spread-sheet or data mining
tools. In this case, C-MUSASHI is only in charge of preprocessing of a large
amount of data.

In the second approach, the data is directly received from the core system of
MUSASHI. Rules are extracted by the use of data mining engine in MUSASHI,
and useful knowledge is obtained from them. In this case, C-MUSASHI car-
ries out a series of processing to derive prediction model and useful knowledge.
Whether one of these approaches or both should be adopted by the enterprise
should be determined according to the existing analytical environment and daily
business activities.



CRM system in C-MUSASHI which integrates the data mining technique
consists of four modules corresponding to the life cycle of the customers [8][9][10].
Just as each product has its own life cycle, each customer has life cycle as a
growth model. Fig. 3 shows the time series change of the amount of money
used by a typical customer. Just like the life cycle of the product, it appears
that customer life cycle has the stages of introduction, growth, maturation, and
decline.

Monetary

Time
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Fig. 3. Customer life cycle and four CRM modules.

It is not that all customers should be treated on equal basis. Among the
customers, there are bargain hunters which purchase only the commodities at
a discounted price and also loyal customers who give great contribution to the
profit of the store. In the stage 1, the loyal customers are discriminated from
among new customers. We developed an early discovery module to detect loyal
customers in order to attract the customers who may bring higher profitability.

In the stage 2, an analysis is required to promote new customers and quasi-
loyal customers to turn them to the loyal customers. For this purpose, we devel-
oped a decil switch analysis module. In the stage 3, merchandise assortment is
set up to meet the requirements of the loyal customers. A basket analysis module
was prepared for the loyal customers in order to attain higher satisfaction and
to raise the sales for them. In the final stage 4, for the purpose of preventing
the loyal customers from going away to the other competitive stores, analysis
is performed using the customer attrition analysis module. Detailed description
will be given below on these modules.

4.2 Early discovery modules to detect loyal customers from
newcomers

This module is a system for constructing a predictive model to discover potential
loyal customers from new customers within short time after the first visit to the
store and to acquire knowledge to capture these customers [11][12]. The user can
select the preferred range of the customer groups classified in Sections 3.1 and
3.2 and the period to be analyzed. The new customers are then classified into
loyal customers and non-loyal ones.



The explanatory attributes are prepared from the purchase data during the
specified period such as one-month or during the number of visits to the store
from the first visit. Sales ratio of the product category for each customer (the
ratio of sales amount of the product category to total sales amount) is generated
in the module. When a model is built up by using the data mining engine of
MUSASHI, a model for predicting loyal customers can be constructed from the
above data joined together by using the model generating command ”xtclassify”.

As a result, the model tells us which category of purchasing features these new
prospective loyal customers have. Such information provides valuable implication
when loyal customers are obtained from the competitive stores or when it must
be determined on which product category the emphasis should be put when a
new store will be opened.

4.3 Decil switch analysis module

Decil switch analysis module is a system to find out what kind of changes of
purchase behavior of each customer group based on decil give strong influence
on the sales of the store. Given two periods, the following processing will be
automatically started: The changes of purchase behavior of the customers during
the two periods are calculated, and the customers are classified into 110 customer
groups according to the decil value of both periods. For instance, the customers
who was classified as decil 3 in the preceding period are to be classified as one
of decil 1 through 10 or as the customers who did not visit the store in the
subsequent period. For each of these customer groups, the difference between
the purchase amount in the preceding period and that in the subsequent period
is calculated, which makes it clear how the changes of sales amount of each of
the customer groups give strong influence on total sales amount of the store.

Next, judging from the above numerical values (influence on total sales
amount of the store), the user decides which of the following data he/she wants
to see, e.g., decil switch of all customers, loyal customers of the store, or quasi-
loyal customers. If the user wants to see the decil switch of quasi-loyal customers,
sales ratio of each product category for each customer group in the preceding
period is calculated, and a decision tree is generated, which shows the differ-
ence in the purchased categories between the quasi-loyal customers whose decil
increased in the subsequent period (decil-up) and those whose decil value de-
creased (decil-down). Based on the rules obtained from the decision tree, the
user can judge which product category should be recommended to quasi-loyal
customers in order to increase the total sales of the store.

4.4 Basket analysis module of the loyal customer

For the purpose of increasing the sales amount of a store, the most important
and also minimally required condition is to keep loyal customers exclusively for
a store. In general, the loyal customers tends to continue to visit a particular
store. As far as the merchandises and services to satisfy these customers are
provided, it is easier to continuously keep these customers to the store than



to make efforts to acquire the new customers. This module is to find out the
merchandises preferred by loyal customers according to the result of the basket
analysis on their purchase data [13].

From the results obtained by this module, it is possible not only to find out
which product category the loyal customer prefers, but also to extract the most
frequently purchased merchandise and to indicate the product belonging to C
rank in ABC analysis. In the store control practiced in the past, if sales amount
of the products preferred by the loyal customers is not very large, then the prod-
uct often tends to disappear from the sales counter. Based on such information
extracted from this module, the store manager can display the particular mer-
chandise on the sales counter which loyal customer prefers and can pay special
attention so that the merchandise will not be out of stock.

4.5 Customer attrition analysis module

Customer attrition analysis module is a system for extracting the purchase be-
havior of the loyal customers who left the store and to provide information for
effective sales promotion in order to regain such loyal customers. When the user
defines the loyal customers, the group of the customers is extracted, who had
been loyal customers continuously for the past four months and had gone there-
after to the other stores. Using the sales ratio of product category preceding the
attrition of the customers as explanatory variable, a classification model of the
customer group is generated. By elucidating which group of customers is more
easily diverted to the other store and which category of products these customers
had been purchasing, the store manager can obtain useful information on the
improvement of merchandise lineup at the store to keep loyal customers.

4.6 The case of decil switch analysis module in a supermarket

Since we cannot discuss all of the cases of the above four modules in this paper,
we will analyze the data of a large-scale supermarket and try to find out the
possibility to promote quasi-loyal customers to loyal customers by using decil
switch analysis module.

In the supermarket used in this research, the sales increased more than those
of the other stores during the period we are concerned with. The purpose of the
analysis is to elucidate the reason in terms of features of the purchase behavior
of the customers.

First, two periods, i.e. April and May of 2003, were set up for analysis. Fig.
4 shows the changes of the purchase amounts in April and May of the customer
groups classified according to the decil values of both periods. In the figure, the
portion indicated by a circle shows that the sales for the quasi-loyal customers
groups (the customers with decil 2 -4) in April increases in May. From the
figure, it is clear that the sales increase of quasi-loyal customers makes great
contribution to the increase of the total sales amount of the store.

Next, focusing on the quasi-loyal customers, decil switch analysis was carried
out by using decision tree. In the rules obtained from the decision tree, we found



 

Fig. 4. Changes of sales amount for each decil switch group.

some interesting information. For instance, it was found that the customer who
had purchased higher percentage of the product category such as milk, eggs,
yoghurt, etc., which are easily perishable, shows high purchase amount in the
subsequent period. Also, it was discovered that the customers who had been
purchasing drugs such as medicine for colds or headache exhibited the increase
in decil value in the subsequent period.

The store manager interpreted these rules as follows: If a customer is inclined
to purchase daily foodstuffs at a store, total purchase amount of the customer
including other categories can be maintained at high level. As a result, the
customer may have a sense of comfort, relief and sympathy with the store and
would be more likely to buy other goods relating to health such as drugs. Based
on such information, the store manager is carrying out sales promotion to keep
the store in such atmosphere as to give the customers a sense of comfort, relief
and sympathy to the store.

5 Conclusion

In this paper, we have introduced a CRM system called C-MUSASHI which
can be constructed at very low cost by the use of the open-source software
MUSASHI. We have explained components and software tools of C-MUSASHI.
In particular, C-MUSASHI contains several data mining tools which can be used
to analyze purchase behavior of customers in order to increase the sales amount
of a retail store. However, we could not explain the details of all of the modules
in this paper. In some of the modules, sufficient analysis cannot be carried out
in actual business. We will try to offer these modules to the public as soon
as possible so that those who are concerned in business field would have an
advantage to use the modules. In future, we will continue to make improvement



for the construction of effective CRM systems by incorporating the comments
and advices from the experts in this field.

In C-MUSASHI, a typical decision tree tool and basket analysis tool were
used as data mining technique. A number of useful data mining algorithms are
now provided by the researchers. We will continuously try to utilize and incor-
porate these techniques into C-MUSASHI, and we will act as a bridge between
the research results and actual business activities.
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Abstract. This paper describes how data mining is being used to iden-
tify primary factors of cancer incidences and living habits of cancer pa-
tients from a set of health and living habit questionnaires, which is help-
ful for cancer control and prevention. Decision tree, radial basis function
and back propagation neural network have been employed in this case
study. Decision tree classification uncovers the primary factors of can-
cer patients from rules. Radial basis function method has advantages in
comparing the living habits between cancer patients and healthy people.
Back propagation neural network contributes to elicit the important fac-
tors of cancer incidences. This case study provides a useful data mining
template for characteristics identification in healthcare and other areas.
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1 Introduction

With the development of data mining approaches and techniques, the appli-
cations of data mining can be found in many organizations, such as banking,
insurance, industries, and government. Large volumes of data are produced in
every social organization, which can be from scientific research or business. For
example, the human genome data is being created and collected at a tremen-
dous rate, so the maximization of the value from this complex data is very
necessary. Since the ever increasing data becomes more and more difficult to
be analyzed with traditional data analysis methods. Data mining has earned
an impressive reputation in data analysis and knowledge acqusition. Recently
data mining methods have been applied to many other areas including banking,
finance, insurance, retail, healthcare and pharmaceutical industries as well as
gene analysis[1, 2].

Data mining methods [3–5] are used to extract valid, previously unknown,
and ultimately comprehensible information from large data sources. The ex-
tracted information can be used to form a prediction or classification model,



identifying relations between database records. Data mining consists of a num-
ber of operations each of which is supported by a variety of techniques such as
rule induction, neural networks, conceptual clustering, association discovery, etc.
Usually, it is necessary to apply several mining methods to a data set to identify
discovered rules and patterns with each other. Data mining methods allow us to
apply multi-methods to broadly and deeply discover knowledge from data sets.
For example, there is a special issue about the comparison and evaluation of
KDD methods with common medical databases [6], where researchers employed
several mining algorithms to discover rules from common medical databases.

This paper presents a mining process with a set of health and living habit
questionnaire data. The task is to discover the primary factors and living habits
of cancer patients via questionnaires. These rules or patterns are helpful for
cancer control and cancer incidence prevention. Several mining methods have
been used in the mining process. Decision tree, radial basis function (Rbf) and
back propagation neural network (Bpn) are included. Decision tree method helps
to generate important rules hidden behind the data, and facilitates useful rule
interpretation. However, when the severity distribution of the objective variable
(with its class values) exists, decision tree method is not effective, being highly
skewed with generating a long thick tail tree (also pointed out by Epte et al.
[7]). Moreover, decision tree rules do not give the information that can be used
to compare living habits between healthy people and cancer patients. Rbf, with
its ”divide and conquer” ability, performs well in predictions even though it is
in presence of severity distribution and noisy data. With Rbf, we can obtain
rules and patterns of cancer patients and healthy people as well, which is useful
for the living habit comparison. On the other hand, back propagation neural
network can be used for both prediction and classification. In this study, Bpn
is used as neural classification and sensitivity analysis [8]. Both predication (for
a numerical variable) and classification (for a categorical variable) of Bpn have
been applied in many areas (e.g., in genome analysis [9, 10]).

This paper describes a multi-strategy data mining application. For example,
with Bpn’s sensitivity analysis, irrelevant and redundant variables are removed,
which leads to generate a decision tree in a more understandable way. By means
of the combined mining methods, rules, patterns and critical factors can be effec-
tively discovered. Of course, mining with the questionnaire data should carefully
investigate the data contents in the data processing, since such a data set con-
tains not only noise but also missing values.

In the rest of this paper, there is the description of decision tree classification,
Rbf and Bpn algorithms. There is about how to build data marts, how to use
these algorithms to perform a serial of effective mining processes. Finally, there
is the related works and conclusion.

2 Data mining approach

Generally, there may be several methods available to a mining problem. Con-
sidering the number of variables and records, as well as the quality of training



data, applying several mining methods on the given mining data is recommended.
Since one mining algorithm may outperform another, more useful rules and pat-
terns can be further revealed.

2.1 Classification method

Classification method is very important for data mining, which has been exten-
sively used in many data mining applications. It analyzes the input data and
generate models to describe the class using the attributes in the input data.
The input data for classification consists of multiple attributes. Among these
attributes, there should be a label tagged with class. Classification is usually
performed through decision tree classifiers. A decision-tree classifier creates a
decision-tree model with tree-building phase and tree-pruning phase (e.g., CART
[11], C4.5 [12] and SPRINT [13]).

In the tree-building phase, a decision tree is grown by repeatedly partitioning
the training data based on values of a selected attribute. Therefore the training
set is split into two or more partitions according to the selected attribute. The
tree-building process is repeated recursively until a stop criterion is met. Such
a stop criterion may be all the examples in each partition has its class label or
the depth of tree reaches a given value or other else.

After the tree-building phase, the tree-pruning phase is used to prune the
generated tree with test data. Since the tree is built with training data, it may
grow to be one that fits the noisy training data. Pruning tree phase removes the
overfitting branches of the tree given the estimated error rate.

Decision tree has been used to build predictive models and discover under-
standable rules. In this paper, decision tree is applied to discover rules.

2.2 Radial basis function method

The radial basis function algorithm is used to learn from examples, usually used
for prediction. Rbf can be viewed as a feedforward neural network with only one
hidden layer. The outputs from the hidden layer are not simply the product of
the input data and a weight. All the input data to each neuron in the hidden layer
are treated as a measure of distance which can be viewed as how far the data are
from a center. The center is the position of the neuron in a spatial system. The
transfer functions of the nodes are used to measure the influence that neurons
have at the center. These transfer functions are usually radial spline, Guassian
or power functions. For example, 2-dimension Gaussian radial basis function
centered in t can be written as:

G(‖x − t‖2) ≡ e‖x−t‖2
= e(x−tx)2e(y−ty)2 . (1)

This function can be easily extended for dimensions higher than 2 (see [14]).
As a regularization network, Rbf is equivalent to generalized splines. The

architecture of backpropagation neural network consists of multilayer networks
where one hidden layer and a set of adjustable parameters are configured. Their



Boolean version divides the input space into hyperspheres, each corresponding to
a center. This center, also call it a radial unit, is active if the input vector is within
a certain radius of its center and is otherwise inactive. With an arbitrary number
of units, each network can approximate the other, since each can approximate
continuous functions on a limited interval.

This property, we call it ”divide and conquer”, can be used to identify the
primary factors of the related cancer patients within the questionnaires. With
the ”divide and conquer”, Rbf is able to deal with training data, of which the
distributions of the training data are extremely severity.

The Rbf is also effect on solving the problem in which the training data in-
cludes noise. Because the transfer function can be viewed as a linear combination
of nonlinear basis functions which effectively change the weights of neurons in
the hidden layer. In addition, the Rbf allows its model to be generated in an
efficient way.

2.3 Back propagation neural network

Bpn can be used for both neural prediction and neural classification. Bpn con-
sists of one layer of input nodes, one layer of output nodes, and one or more
hidden layers between the input and output layers. The input data (called vec-
tors) xi, each multiplied by a weight wi and adjusted with a threshold θ, is
mapped into the set of two binary values Rn → {0, 1}. The threshold function
is usually a sigmoid function

f(sum) =
1

1 + e−sum
(2)

where the sum is the weighted sum of the signals at the unit input. The unit out-
puts a real value between 0 and 1. For sum = 0, the output is 0.5; for large neg-
ative values of sum, the output converges to 0; and for large positive value sum,
the output converges to 1. The weight adjustment procedure in backpropagation
learning is explained as: (1) Determine the layers and the units in each layer of a
neural net; (2) Set up initial weights w1ij and w2ij ; (3) Input a input vector to
the input layer; (4) Propagate the input value from the input layer to the hid-
den layer, where the output value of the jth unit is calculated by the function
hj = 1

1+e
−
∑

i
(w1ij ·xi)

. Propagate the value to the output layer, and the output

value of the jth unit in this layer is defined by the function: oj = 1

1+e
−

∑
i
(w2ij ·hi)

;

(5) Compare the outputs oj with the given classification yj, calculate the correc-
tion error δ2j = oj(1−oj)(yj−oj), and adjust the weight w2ij with the function:
w2ij(t + 1) = w2ij(t) + δ2j · hj · η, where w2ij(t) are the respective weights at
time t, and η is a constant (η ∈ (0, 1)); (6) Calculate the correction error for the
hidden layer by means of the formula δ1j = hj(1− hj)

∑
i δ2i ·w2ij , and adjust

the weights w1ij(t) by: w1ij(t + 1) = w1ij(t) + δ1j · xj · η; (7) Return to step 3,
and repeat the process.

The weight adjustment is also an error adjustment and propagation process,
where the errors (in the form of weights) are feedback to the hidden units. These



errors are normalized per unit fields in order to have a sum of all as 100%. This
process is often considered as a sensitivity analysis process which shows the in-
put field (variable) contributions to the classification for a class label. Therefore,
omitting the variables that do not contribute will improve the training time and
those variables are not included in the classification run. As we know, real data
sets often include many irrelevant or redundant input fields. By examining the
weight matrix of the trained neural network itself, the significance of inputs can
be determined. A comparison is made by sensitivity analysis, where the sensi-
tivity of outputs to input perturbation is used as a measure of the significance
of inputs. Practically, in the decision tree classification, by making use of sen-
sitivity analysis and removing the lowest contributed variables, understandable
and clear decision trees are easily generated.

3 Application template overview

Our task for this study is to uncover the primary factors of cancer incidences and
living habits of cancer patients, and further compare these factors and habits
with healthy people.

The mining sources are from an investigation organization which collected
data via questionnaires. The questionnaire data set consists of 250 attributes
and is full of 47,000 records. These attributes are from 14 categories. These
categories mainly include: personal information (the date of birth, living area,
etc.); records of one’s illnesses (apoplexy, high blood pressure, myocardial in-
farction, tuberculosis, cancer, etc.); the health statute of one’s families (parents,
brothers and sisters); the health status of one in the recent one year (bowels
movement, sleeping, etc.); one’s drinking activity (what kind of liquor, how of-
ten, how much, etc.); one’s smoking records (when begun, how many cigarettes
a day, etc.); one’s eating habit (regular meal time, what kind of food, what kind
of meat and fish, etc.); occupation (teacher, doctor, company staff, etc.), and so
on. A questionnaire record may contain missing values of some attributes. For
example, a female-oriented question is not answered by males. In other cases,
missing data is due to lack of responses. There are several ways to deal with
missing-data (see [15]). One effective way is EM (Expectation and Maximiza-
tion) [16]. This method has been implemented in some analytical tool, such as
Spss. We use Spss to deal with the missing values before mining operations.

Mining data marts are the data sources used for mining. Several data marts
are created, which are used for decision tree, Rbf and Bpn mining. In fact,
decision tree could not directly applied to the whole dataset. The decision tree
mining operation is applied to the output from clustering operation, where the
distribution for a selected objective variable is almost balanced. For example, to
classify the cancer/non-cancer (with value 1/0) people, the variable ”cancer flag”
is selected as the class variable. For efficiently generating decision trees, remov-
ing irrelevant or redundant processes are performed by first applying the Bpn
sensitivity analysis. In addition, the data marts and mining processes are also



repeated with Bpn operation, for acquiring a list of significant cancer incidence
factors.

When building a data mart for Rbf analysis, the analysis object is to predict
the probability of the cancer accident. The variable ”cancer flag” is mapping
to a new variable ”probV26” with value of [0,1]. This new variable is used as a
dependence variable, whose values (e.g., probability) will be predicted using the
other variables (independence variables).

4 Mining process and mining result

ibm intelligent miner for data (Im4d) [17] is used as the mining tool, since
the combined mining processes can be performed with Im4d, which includes
decision tree, Rbf and Bpn algorithms as well as clustering. In this application,
we clean the data source with Spss, build data marts for mining, and perform
mining operations to acquire useful cancer incidence factors and related rules.

The mining process includes building data marts, creating mining bases, min-
ing with decision trees, Rbf and Bpn. As we know, not all the questionnaire
objects are cancer patients. In fact, only 561 persons were or are cancer patients
in the given records. The missing values are allocated as unknown (more detail
processes see [18]).

4.1 Mining with decision tree

Decision tree is performed based on the output data from a clustering model,
where the class variable distribution can be well balanced. With carefully se-
lected data, objective-oriented trees are generated. For example, a decision tree
can be created for describing the male cancer patients or the female ones. In
order to further investigate the cancer factors, decision trees are generated with
selected variables from personal information, from illness category, health statute
of family category, from drinking, smoking and eating activity, respectively.

The results of the decision tree mining are useful in understanding primary
factors of cancer incidences. For instance, with respect to male cancer patients,
there are tree rules generated like: (a) the cancer patients were alcohol drinkers,
there were smokers in their family, and their smoking period was more than 9
years; (b) They were accepted surgery on the abdomen, 62 age over, suffering
from apoplexy, experiencing blood transfusion; (c) They have no work now but
are living with stresses, they ever had been teachers, or doing management work
in company or government. From another decision tree, for both male and female
cancer patients, there is a rule: among 122 cancer patients, 42 of them accepted
surgery on the abdomen, contracted gallstone/gallbladder inflammation, and
suffered from diabetes. Another rule denotes: among 372 cancer patients, 100 of
female cancer patients’ menses were stopped by surgery, their initial marriage
ages were less than 26, and suffering from both constipation and diabetes.



4.2 Mining with Rbf

As shown above, these rules from decision trees are useful for understanding the
primary factors of cancers. But there is no information for comparison between
cancer patients and healthy people.

With Rbf, several predictive models have been generated. First, one predic-
tive model is generated with the dependence variable ”probV26” (mentioned be-
fore) and all independence variables. More predictive models have been built for
male and female cancer patients. Second, in order to further discover the different
living habits between the cancer patients and healthy people, the independence
variables of predictive models are selected from only personal information and
illness information, from only health statute of families, and from only drinking
activity and smoking information. With these data marts Rbf predictive models
are built respectively.

Fig. 1. The ”divide and conquer” of Rbf method

Fig. 1 shows the Rbf predictive models which predict probability of cancer
incidences, where Rbf automatically builds small, local predictive models for
different regions of data space. This ”divide and conquer” strategy appears well
for prediction and factor identifier. This chart indicates eating habits in terms
of food-eating frequency. The segment with low probability of cancer incidence
segment (at bottom) shows the chicken-eating frequency (the variable located
in the second from the left) is higher than that of the segment (at top) with
higher probability of cancer incidences. The detailed explanation of distribution



Histogram chart Pie chart

Fig. 2. Variable distribution in the population and current segment in Rbf

Table 1. Comparison between female patients and healthy people in suffered illness

Illness Female patients Healthy women

Kidney 6.5% 3.5%

Womb illness 24.6% 14.2%

Blood transfusion 12.7% 7.1%

Diabetes 3.5% 1.2%

is described in Fig. 2, where for a numerical variable, the distributions in the
population and in the current segment are indicated. Moreover, the percentage
of each distribution can be given if necessary. With Rbf predictive ability, the
characteristic of every segment can be identified. By means of Rbf, the living
habits of cancer patients and healthy people are discovered.

Fig. 2 shows an example of distributions of a variable. The histogram chart
is for a numerical variable in a segment of Rbf models, where the distributions
of population and current segment of the variable are described, respectively.
For instance, the percentage of partition 4 in the current segment is higher than
that of the population (the entire data set). The pie chart is for a categorical
variable. The outside ring of the pie chart shows the distribution for the variable
over the population. The inside ring shows the distribution for this variable in
the current segment. In the pie chart of Fig. 1, the distribution of No in the
current segment is less than that of the population.

The results of Rbf mining processes are interesting. The results provide com-
parable information between cancer patients and healthy people in suffered ill-
ness. Some results from Rbf are described in Table 1. In this table, there is a
prediction case of cancer incidence of women, 6.5% of a high cancer incidence
group has kidney illness, while the percentage for healthy people is 3.5%. For
womb illness and blood transfusion, the figures for female cancer patients are
higher than those of healthy women.



Fig. 3. Comparison of eating habits: female cancer incidences and healthy women

The eating habits between female cancer incidences and healthy women are
compared. The results of Rbf (described in Fig. 3) show the characteristics in
the segment with highest cancer incidence probability (with 0.15 probability
and segment ID 98) and that of lowest probability as well (with 0 probability
and segment ID 57). By picking up the variables with obviously different distri-
butions between these two segments, comparable results are obtained. Within
eating habits, comparing regular breakfast habit category, 87% of female can-
cer patients have regular breakfast habit, which is lower than 93.3% of healthy
women. Amongst meat-eating and chicken-eating 3-4 times per-week, the per-
centage figures are 12% and 8% of female cancer patients, 27.7% and 18% of
healthy women, respectively. In one’s personal life, 54.5% of female cancer pa-
tients are living in a state of stress, far higher than 15% the percentage of healthy
women. For judgment on matters, 36% of female cancer patients gives out their
judgments very quickly. This percentage is also higher than 13%, the percentage
figure of healthy women.

4.3 Mining with back propagation neural network

This section describes the mining results with back propagation neural network.
When the back propagation method is used for classification, it is also used as
sensitivity analysis simultaneously. With sensitivity analysis, the important fac-
tors of cancer incidences can be acquired. In this case study, sensitivity analysis



has been performed with the data marts built for in decision tree classifica-
tion. With Bpn, mining run on these data sets tries to discover the relationship
between the input variables and the class variable cancer flag.

Table 2. Most important factors of cancer incidences

Attribute related cancer Sensitivity

blood transfusion 1.4

job-category (now) 1.3

menstruation 1.2

surgery experience or not 1.2

volume of meal 1

the longest occupation 0.8

lactation type (of woman) 0.8

site of uterine cancer check 0.8

site of breast cancer check 0.8

somking 0.7

site of stomach cancer check 0.7

biological mother suffered cancer 0.7

volume of alcolhol 0.6

hot favorance 0.6

rich oil favorance 0.6

biological father suffered cancer 0.6

Table 2 shows those variables with most contributions to the cancer incidence,
which is the Bpn mining results with a data mart where both male and female
cancer patients’ records are included. The important factors are those with high
sensitivity. blood transfusion (sensitivity 1.4) and job-category (sensitivity 1.3)
are important factors. For a female patient, menstruation (if her menstruation
is regular or not) and lactation type (which type of lactation was applied for
her children) are indicated as important factors. It also shows that smoking and
alcohol are tightly related to cancer incidences, which is similar to the results
acquired in the decision tree rules. The fact that one’ biological father/mother
has suffered cancer is also important. The factor hot favorance and rich oil
favorance are also noticed.

As described above, decision tree classification, Rbf and Bpn mining pro-
cesses generate useful rules, patterns and cancer incidence factors. By carefully
prepared mining data marts and removing irrelevant or redundant input vari-
ables, decision tree rules show the primary factors of cancer patients. Rbf pre-
dictive models reveal more details about comparison information between cancer
patients and healthy people. Bpn obviously reports the important cancer inci-
dence factors. These results enable us to discover the primary factors and living
habits of cancer patients, their different characteristics compared with healthy



people, further indicating what are the most related factors contributing to can-
cer incidences.

5 Concluding remarks

This paper has described an integrated mining method that includes multiple
algorithms, and mining operations for efficiently obtaining results.

In applying data mining to medical and healthcare area, the special issue in [6]
describes details mining results from variety of mining methods, where common
medical databases are presented. This is a very interesting way to identifying
the mined results. The results obtained with proposed algorithms are interesting.
However, for a specific mining propose, the researchers have not described which
algorithm is effective and which result (or part of results) is more useful or
accurate compared to that generated with other algorithms.

In applying decision tree to medical data, our earlier work [19] was imple-
mented with clustering and classification, where comparison between cancer pa-
tients and healthy people could not be given. In addition, the critical cancer
incidence factors were not acquired. This case study with Rbf and Bpn has
successfully compared the difference between cancer patients and healthy peo-
ple and the significant cancer incidence factors. With applying Rbf in factor
identification, a case study of semiconductor yield forecasting can be found in
[20]. We believe that this application template can be also used in computational
biology. The work of [9, 10] are applications of Bpn in genome. However, these
applications are single method mining runs. Therefore, the mining results can
be improved with multistrategy data mining. The integration of decision tree,
Rbf and Bpn to do mining is an effective way to discover rules, patterns and
important factors.

Data mining is very a useful tool in the healthcare and medical area, as this
study has demonstrated. Ideally, large amounts of data (e.g., the human genome
data) are continuously collected. This data is then segmented, classified, and
finally reduced to a predictive model. With an interpretable predictive model,
significant factors of a predictive object can be uncovered. In some extent, this
paper has given an application template which answers the questions of how to
employ multistrategy data mining tools to discover quality rules and patterns.
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The distance of ‘the average of the first half’
and ‘theaverage of the second half’
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Abstract. This research experimentally investigates the performance of
conventional rule interestingness measures and discusses their availabil-
ity to supporting KDD through system-human interaction. We compared
the evaluation results by a medical expert and that by several selected
measures for the rules discovered from the medical test data on chronic
hepatitis. The measure on antecedent-consequent dependency using all
instances showed the highest performance, and ones on the both of de-
pendency and generality the lowest under this experimental condition.
The whole trend of the experimental results indicated that the measures
detected really interesting rules at a certain level and offered us the rough
guideline to apply them to system-human interaction.

1 Introduction

The concern with the contribution of data mining to Evidence-Based Medicine
(EBM) has been growing for the last several years, and there have been many
medical data mining studies [21, 27]. It is experientially known as the important
factor influencing on discovered knowledge quality how to pre-/post-process real
ill-defined clinical data and how to polish up rules through the interaction be-
tween a system and its human user. However, it has not been discussed enough
[4].

Thus, to discuss the pre-/post-processing and the system-human interaction
in medical domain, we have been conducting case studies using medical test
data on chronic hepatitis. We estimated that the temporal patterns of medical
test results would be useful for a medical expert to grasp diagnosis and predict
prognosis. We then obtained the graph-based rules predicting the future pattern
of GPT, one of major medical tests. We iterated the rule generation by our
mining system and the rule evaluation by a medical expert two times [28].



As the results, we obtained the knowledge on the rule interestingness for
a medical expert and learned the lessons on the pre-/post-processing and the
system-human interaction in medical domain. We then focused on system-human
interaction and proposed its concept model and its semi-automatic system frame-
work [29]. These case studies made us recognize the significance of clarifying the
rule interestingness really required by a human user and that of returning such
information to a mining system.

Therefore, this research has the following two purposes: (1) investigating
the conventional interestingness measures in Knowledge Discovery in Databases
(KDD) and comparing them with the rule evaluation results by a medical ex-
pert, and (2) discussing whether they are available to support system-human
interaction in medical domain.

In this paper, Section 2 introduces conventional interestingness measures
and shows the selected several measures suitable to our purpose. Section 3 notes
the experimental conditions and results to evaluate the rules on chronic hepatitis
with the measures and to compare them with the evaluation results by a medical
expert. In addition, it discusses the availability of the measures for system-human
interaction support. Finally, Section 4 concludes the paper and comments on the
future work.

2 Related Work

2.1 Outcome of Our Previous Research

We have conducted the case studies to discover the rules on diagnosis and prog-
nosis from a chronic hepatitis data set. The set of the rule generation by our
mining system and the rule evaluation by a medical expert was iterated two
times and leaded us to discover the rules valued as interesting ones by the med-
ical expert.

We used the data set of the medical test results on viral chronic hepatitis
[15]. Before mining, we finely pre-processed it based on medical expert’s advice
since such a real medical data set is ill-defined and has many noises and missing
values. We then extracted the representative temporal patterns from the data set
by clustering and generated the rules consisting of the patterns and predicting
the prognosis by a decision tree [5].

Figure 1 shows one of the rules, which the medical expert focused on, obtained
in the first mining. It estimates the future trend of GPT, one of major medical
tests to grasp chronic hepatitis symptom, in the future one year by using the
change of several medical test results in the past two years. The medical expert
commented on it as follows: the rule offers a hypothesis that GPT value changes
with about a three-years cyclic, and the hypothesis is interesting since it differs
from the conventional common sense of medical experts that GPT value basically
decreases in a monotone.

We then improved our mining system, extended the observation term, and
generated new rules. Figure 2 shows two of the rules, which the medical expert



valued, obtained in our second mining. The medical expert commented on them
that they imply GPT value globally changes two times in the past five years and
more strongly support the hypothesis of GPT’s cyclic change.

The literature [28] explains the details of our previous research, namely the
pre-processing methods, the developed system, and the process of rule generation
and evaluation. Refer it if you need to know the details.

Fig. 1. Rule valued by a medical expert in the first mining.

As the next research, we tried to systematize the knowledge obtained in
the previous research, on the pre-/post-processing suitable to medical data and
the system-human interaction to polish up rules. Especially on system-human
interaction, we formulated its concept model that describes the roles and the
functions of a system and a human user (See Figure 3) and the framework
to support semi-automatic system-human interaction based on the model (See
Figure 4).

As shown in Figure 3, a mining system discovers the rules faithfully to the
data and offers them to a medical expert as the materials for hypothesis gen-
eration and justification. While, the medical expert generates and justifies a
hypothesis, a seed of new knowledge, by evaluating the rules based on his/her
domain knowledge. A system to support such interaction requires the function
to generate and present rules to a medical expert based on their validity at the
viewpoints of objective data structure and subjective human evaluation criteria.
The flow of “System Evaluation” and “Human Evaluation” in Figure 4 means
that.

Note that the word ’justification’ in this paper does not mean the highly
reliable proof of a hypothesis by additional medical experiments under strictly
controlled conditions. It means the additional information extraction to enhance
the reliability of an initial hypothesis from the same data.



Fig. 2. Rules valued by a medical expert in the second mining.

The literature [29] explains the details of the concept model of system-human
interaction and the framework for semi-automatic system-human interaction.
Refer it to know the details.

These researches notified us that it is required for realizing the framework
in Figure 4 to investigate the rule interestingness measures available for “Sys-
tem Evaluation” and the relation between “System Evaluation” and “Human
Evaluation”. Therefore, this research selects several conventional measures and
compares the rule evaluation results by them with “Human Evaluation”, namely
that by a medical expert.

2.2 Rule Interestingness Measures

Rule interestingness is one of active research fields in KDD. There have been
many studies to formulate interestingness measures and to evaluate rules with
them instead of humans. Interestingness measures are categorized into objective



Fig. 3. Interaction model between a system and a human expert at a concept level.

and subjective ones. Objective measures mean how a rule is mathematically
meaningful based on the distribution structure of the instances related to the
rule. Subjective measures mean how a rule fit with a belief, a bias, or a rule
template formulated beforehand by a human user [16].

Objective measures are mainly used to remove meaningless rules at the view-
point of data structure rather than to discover really interesting ones for a human
user, since they do not include domain knowledge [31, 34, 12, 6, 9, 26, 8, 25, 18, 36]
On the other hand, subjective measures are available to discover really interest-
ing rules to some extend due to their built-in domain knowledge. However, they
depend on the precondition that a human user can clearly formulate his/her own
interest [20, 19, 23, 24, 30, 32, 33] Few subjective measures adaptively learn real
human interest through system-human interaction [10].

The conventional interestingness measures, not only objective ones but also
subjective ones, do not directly reflect the interest that a human user really has.
To avoid the confusion of real human interest and the interestingness measures,
we define them as follows (Note that while we define “Real Human Interest”
by ourselves, the definitions of the other terms are based on many conventional
studies on interestingness measures):

Objective Measure: The feature such as correctness, uniqueness, etc. of
a rule or a set of rules, mathematically calculated using data structure. It does
not include human evaluation criteria. Subjective Measure: The similarity
or the difference between the information on interestingness beforehand given
by a human user and that obtained from a rule or a set of rules. Although it
includes human evaluation criteria in its initial state, its calculation of similarity
or difference is mainly based on data structure. Real Human Interest: The
interest in a rule, which a human user really feels in his/her mind. It is formed
from the synthesis of human natural cognition, individual domain knowledge
and experiences, and the influences of the rules that the human user evaluated
before.



Fig. 4. Framework for semi-automatic system-human interaction.

Objective Measures Objective measures are the mathematical analysis results
of data distribution structure. There are many objective measures, and they can
be categorized into some groups using evaluation criterion, evaluation target, and
theory for analysis. The evaluation target means whether an objective measure
evaluates a rule or a set of rules. This research deals with not the objective
measures for a set of rules [13, 16] but ones for a rule, because it focuses on the
quality of each rule.

Table 1 shows some major objective measures. They assume one of the fol-
lowing evaluation criteria and examine how a rule matches with the criteria by
calculating the instance distribution difference between the data and the rule or
between the antecedent and the consequent of the rule.

Correctness: How many instances the antecedent and/or the consequent of
a rule supports, or how strong their dependence is [31, 34, 26, 25, 18] Informa-
tion Plentifulness: How much information a rule possesses [12]. Generality:
How similar the trend of a rule is to that of all data [9]. Uniqueness: How
different the trend of a rule is from that of all data [6, 8, 36] or the other rules
[9, 26].

Although objective measures are useful to automatically remove obviously
meaningless rules, some evaluation criteria have the contradiction to each other
such as generality and uniqueness. In addition, the evaluation criterion of an
objective measure may not match with or may contradict real human interest.
For example, a rule with a plenty of information may be too complex for a
human user to understand. Many of the objective measure proposers showed the
validity of their measures with mathematical proofs or the experimental results
using benchmark data. However, they hardly conducted the comparison between



Table 1. List of the objective measures of rule interestingness. The measures used
in this research have the symbol ’*’. The following symbols in the column ’Calc.’
mean what is used to calculate the measure. N: Number of instances included in
the antecedent and/or the consequent. P: Probability of the antecedent and/or the
consequent. S: Statistical variable based on P. I: Information of the antecedent and/or
the consequent. D: Distance of the rule from the other rules based on rule attributes.
C: Complexity of the tree structure of the rule.

Name Calc. Evaluation Criterion

Rule Interest [31] N Dependency between the antecedent and the consequent

Support * P Generality of the rule

Precision (Confidence) * P Performance of the rule to predict the consequent

Recall * P Performance of the rule not to leak the consequent

Accuracy P Summation of the precision and its converse of contrapositive

Lift * P Dependency between the antecedent and the consequent

Leverage * P Dependency between the antecedent and the consequent

Reliable Exceptions [25] P Rule with small support and high precision

Gray and Orlowska’s P Multiplication of the support and
measure (GOI) * [11] the antecedent-consequent dependency

Surprisingness [8] P Rule occurring Sympson’s paradox

χ2 measure 1 * [26] S Dependency between the antecedent and the consequent

χ2 measure 2 [26] S Similarity between two rules

J-Measure [34] * I Dependency between the antecedent and the consequent

General Measure [18] S & I Fusion of the χ2 measure 1 and the information gain measure

Distance Metric [9] D Distance of the rule from the rule with the highest coverage

Dong and Li’s measure [6] D Distance of the rule from the other rules

Peculiarity [36] D Distance of the attribute value from frequent attribute values

I-Measure [12] C Complexity of the rule

their measures and the other ones or the investigation of the relation between
their measures and real human interest for a concrete application.

Subjective Measures Subjective measures are the similarity or difference be-
tween the information given by a human user and that given by a rule. There
are several subjective measures and can be categorized into some groups with
human evaluation criterion, method to give information from a human user to
a mining system, theory for calculating the similarity or difference. The human
evaluation criterion means what feature of a rule is interesting for a human user
and, ’Unexpectedness’ and ’Actionability’ are popular as the human evaluation
criterion. The method to give information means whether a human user give
information before mining or through system-human interaction.

If we categorize subjective measures with human evaluation criterion, there
are the following groups: the group based on the rule template or the mathe-
matical expression of human cognition characteristics and/or domain knowledge
[7, 20, 22], one expressing unexpectedness based on the difference between a rule



and a human belief [33, 19, 30, 23], one expressing actionability based on the
similarity based on that [24].

Although many of subjective measures use the information given beforehand
by a human user, a few subjective measures use that given through iterative
system-human interaction in the mining process. The subjective measure using
a rule template in [20] allows a human user to modify the rule template. The
literature [10] developed a mining system that interactively learns real human
interest.

Objective measures are mainly used to remove meaningless rules. While,
subjective measures are available to the positive usage finding really interesting
rules. However, the trade-off exists between the generality and the correctness
of subjective measures and their applicability. There are two contrastive types
of subjective measures: mathematically defining subjective interestingness at
a high abstract level to secure the generality and the correctness, and finely
implementing real human interest specific for a certain domain to secure the
applicability. Therefore, a generic subjective measure existing between them is
required at present. Other problem is how to adaptively reflect the change of
real human interest caused by comparing and evaluating various rules.

Selection of Interestingness Measures This research experimentally investi-
gates the availability of objective measures by comparing them with real human
interest in medical domain. As mentioned in Section 2.2, the evaluation crite-
ria of objective measures are obviously not the same of humans, since objective
measures do not include the knowledge on rule semantics. However, they may
be available to support the KDD through system-human interaction if they pos-
sess a certain level of performance to detect really interesting rules. That is the
motivation of this research. The investigation of subjective measures will be our
future work.

From the objective measures shown in Table 1, we selected the followings
as the investigation targets: the most popular ones (Support, Precision, Recall,
Lift, and Leverage), probability-based one (GOI [11]), statistics-based one (χ2

measure 1 [26]), and information-based one (J-Measure [34]).

3 Comparison between Objective Measures and Real
Human Interest

3.1 Experimental Conditions

In our previous researches, we repeated the data mining process two times using
a dataset of chronic hepatitis and generated a set of rules for each mining (Refer
Section 2.1). After each mining, a medical expert evaluated the rules and gave
each rule one of the following rule quality labels: ’Especially-Interesting’, ’In-
teresting’, ’Not-Understandable’, and ’Not-Interesting’. ’Especially-Interesting’
means that the rule was a key factor to generate the hypothesis of GPT’s cyclic
change in the first mining or to justify it in the second mining. As the results,



we obtained 12 and 8 ’Interesting’ rules in the first and the second mining,
respectively.

In this research, we applied the objective measures selected in Section 2.2
to the same rules and sorted them in the descending order of their evaluation
values. We then regarded the rules from top to 12-th in the first mining and
that to 8-th in the second mining as ’Interesting’ ones judged by the objective
measures.

Note that there are two types of GOI [11], GOI-D (GOI emphasizing De-
pendency) and GOI-G (GOI emphasizing Generality). GOI is the multiplication
of antecedent-consequent dependency and generality factors and possesses a pa-
rameter to balance them. Therefore, we used GOI-D in which the weight of the
dependency factor was twice that of the generality one and GOI-G with the
adverse condition.

3.2 Results and Discussion

The upper and the lower tables in Figure 5 show the evaluation results in the
first and the second mining, respectively. The caption of Figure 5 explains the
contents of these tables in detail. The tables describe how the evaluation re-
sults of an objective measure matches with that of the medical expert. The
white cells in the square on the left side of a table mean the evaluation concor-
dance on ’Interesting’. Similarly, that in the gray-colored columns means that
on ’Especially-Interesting’. Therefore, the number of the former and the latter
describes the detection performance of an objective measure on ’Interesting’ and
’Especially-Interesting’, respectively.

To grasp the whole trend of the experimental results, we define the compre-
hensive criteria to evaluate the objective measure’s performance as follows: #1
Performance on ’Interesting’ (the number of ’Interesting’ rules judged by an ob-
jective measure per that by the medical expert), #2 Performance on ’Especially-
Interesting’ (the number of ’Especially-Interesting’ rules judged by an objective
measure per that by the medical expert), #3 Count-based performance on all
evaluation (the number of rules with the same evaluation results by an objective
measure and the medical expert per that of all rules), and #4 Correlation-based
performance on all evaluation (the correlation coefficient between the evaluation
results by an objective measure and that by the medical expert).

At first, we discuss on the results in each mining. As shown in the upper table
of Figure 5, χ2 measure 1 and Recall demonstrated the highest performance, and
J-Measure, GOI-D, GOI-G, and Support the lowest in the first mining. While,
in the lower table of Figure 5, χ2 measure 1 and Lift demonstrated the high-
est performance, and J-Measure, GOI-D, and Support the lowest in the second
mining. Although the objective measures with the highest performance failed to
detect some of ’Especially-Interesting’ and ’Interesting’ rules, their availability
to supporting system-human interaction was confirmed at a certain level.



Fig. 5. Evaluation results by a medical expert and the selected objective measures,
for the rules obtained in the first mining (the upper table) and that in the second one
(the lower table). Each line means a set of evaluation results of the medical expert
or the objective measure, and each column means each rule. The rules are sorted in
the descending order of the evaluation values given by the medical expert. The rules
judged ’Interesting’ by the medical expert are surrounded by a square, and ones judged
’Especially-Interesting’ are colored in gray. In the line of medical expert’s evaluation,
EI: ’Especially-Interesting’, I: ’Interesting’, NU: ’Not-Understandable’, and NI: ’Not-
Interesting’. In the lines of objective measure’s evaluation, white cell: “Same as med-
ical expert’s evaluation”, and black cell: “Different from that”. In the four columns
in the right side, #1: Performance on ’Interesting’, #2: Performance on ’Especially-
Interesting’, #3: Count-based performance on all evaluation, and #4: Correlation-
based performance on all evaluation.

Next, we discuss on the whole trend of the results through the first and
the second mining. χ2 measure 1 maintained the highest performance, and J-
Measure, GOI-D, and Support the lowest. Although the performance of Recall
and Lift slightly changed, there was no objective measure with dramatic perfor-
mance change.

We then consider why such trend appeared comparing it with the analysis of
medical expert’s comments on evaluation. The analysis illustrated the following
points of medical expert’s observation: (1) the medical expert focused on the
shape of temporal patterns in a rule rather than the rule performance to predict
prognosis, (2) he evaluated a rule considering the reliability, the unexpectedness,



and the other factors, and (3) although the reliability was one of important
evaluation factor, many reliable rules were not interesting due to their well-
knownness.

The highest performance of χ2 measure 1 may be caused by (1). Only χ2

measure 1 uses the instances for the all combination of supporting the antecedent,
not supporting the antecedent, supporting the consequent, and not supporting
the consequent [26]. Accordingly, it valued the rules in which the temporal pat-
terns in the antecedent and that in the consequent were smoothly connected.
This feature of χ2 measure 1 possibly met the medical expert’s needs. While,
the lowest performance of Support seems to be deserved by considering (3). The
reason of the lowest performance of J-Measure and GOI-D can be estimated base
on (2). J-Measure and GOI-D consists of the generality and dependency factors
[34, 11], and the balance of these factors was not the same in medical expert’s
mind in this experiment.

We then summarize the results and the discussions so far: χ2 measure 1
[26] showed the highest performance, and while J-Measure [34], GOI-D [11], and
Support the lowest under these experimental conditions. The objective measures
used here possessed not enough but a certain level of performance to detect
really interesting rules. The results indicated that the availability of the objective
measures for supporting KDD through system-human interaction.

4 Conclusions and Future Work

This research discussed how objective measures can contribute to detect the
interesting rules for a medical expert through the experiment using a real chronic
hepatitis dataset. The objective measures used here possessed a certain level of
detection performance, and then their availability for system-human interaction
was indicated. In our future work, we will design the system-human interaction
function using objective measures based on this research outcome and equip
it to our rule discovery support system. In addition, we will continue the case
studies on objective and subjective measures from the viewpoints of not only
post-processing but also rule quality management.
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Abstract

In this paper, we give experimental evaluation of our time-series decision tree induction method under various conditions.
It has been empirically observed that the method induces accurate and comprehensive decision trees in time-series classifi-
cation, which has gaining increasing attention due to its importance in various real-world applications. The evaluation has
revealed several important findings including interaction between a split test and its goodness.

1 Introduction

Time-series data are employed in various domains including politics, economics, science, industry, agriculture, and
medicine. Classification of time-series data is related to many promising application problems. For instance, an accurate
classifier for liver cirrhosis from time-series data of medical tests might replace a biopsy which picks liver tissue by inserting
an instrument directly into liver. Such a classifier is highly important since it would substantially reduce costs of both patients
and hospitals.

Our time-series decision tree represents a novel classifier for time-series classification. Our learning method for the time-
series decision tree has enabled us to discover a classifier which is highly appraised by domain experts [8]. In this paper,
we perform extensive experiments based on advice from domain experts, and investigate on various characteristics of our
time-series decision tree.

2 Time-series Decision Tree

2.1 Time-series Classification

A time sequence A represents a list of values α1, α2, · · · , αI sorted in chronological order. For simplicity, this paper
assumes that the values are obtained or sampled with an equivalent interval (= 1).

A data set D consists of n examples e1, e2, · · · , en, and each example ei is described by m attributes a1, a2, · · · , am

and a class attribute c. An attribute aj can represent a time-series attribute which takes a time sequence as its value. The class
attribute c represents a nominal attribute and its value is called a class. In time-series classification, the objective represents
induction of a classifier, which predicts the class of an example e, given a training data set D.



2.2 Learning Time-series Decision Tree

Our time-series tree [8] has a time sequence which exists in data and an attribute in its internal node, and splits a set
of examples according to the dissimilarity of their corresponding time sequences to the time sequence. The use of a time
sequence which exists in data in its split node contributes to comprehensibility of the classifier, and each time sequence is
obtained by exhaustive search. The dissimilarity measure is based on dynamic time warping (DTW) [6].

We call this split test a standard-example split test. A standard-example split test σ(e, a, θ) consists of a standard example
e, an attribute a, and a threshold θ. Let a value of an example e in terms of a time-series attribute a be e(a), then a standard-
example split test divides a set of examples e1, e2, · · · , en to a set S1(e, a, θ) of examples each of which ei(a) satisfies
G(e(a), ei(a)) < θ and the rest S2(e, a, θ). We also call this split test a θ-guillotine cut.

As the goodness of a split test, we have selected gain ratio [7] since it is frequently used in decision-tree induction. Since
at most n − 1 split points are inspected for an attribute in a θ-guillotine cut and we consider each example as a candidate
of a standard example, it frequently happens that several split points exhibit the largest value of gain ratio. We assume that
consideration on shapes of time sequences is essential in comprehensibility of a classifier, thus, in such a case, we define
that the best split test exhibits the largest gap between the sets of time sequences in the child nodes. The gap gap(e, a, θ) of
σ(e, a, θ) is equivalent to G(e′′(a), e(a)) − G(e′(a), e(a)) where e′ and e′′ represent the example ei(a) in S1(e, a, θ) with
the largest G(e(a), ei(a)) and the example ej(a) in S2(e, a, θ) with the smallest G(e(a), ej(a)) respectively. When several
split tests exhibit the largest value of gain ratio, the split test with the largest gap(e, a, θ) among them is selected.

We have also proposed a cluster-example split test σ′(e′, e′′, a) for comparison. A cluster-example split test divides a set
of examples e1, e2, · · · , en into a set U1(e′, e′′, a) of examples each of which ei(a) satisfies d(e′(a), ei(a)) < d(e′′(a), ei(a))
and the rest U2(e′, e′′, a). The goodness of a split test is equivalent to that of the standard-example split test without θ.

2.3 Experimental Results and Comments from Domain Experts

We have evaluated our method with Chronic hepatitis data [1], the Australian sign language data [4], and the EEG data
[4]. As a result of pre-processing, we have obtained two data sets, which we call H1 and H2, from Chronic hepatitis data.
Similarly, two data sets, which we call Sign and EEG, have been generated from the Australian sign language data and the
EEG data respectively. The classification tasks in H1 and H2 are prediction of liver cirrhosis from medical tests data. We
have employed time sequences each of which has more than 9 test values during a period of before 500 days and after 500
days of a biopsy. In both data sets, there are 30 examples of liver cirrhosis and 34 examples of the other class. Since the
intervals of medical tests differ, we have employed liner interpolation between two adjacent values and transformed each
time sequence to a time sequence of 101 values with a 10-day interval. In H1, one of us, who is a physician, suggested to
use in classification 14 attributes (GOT, GPT, ZTT, TTT, T-BIL, I-BIL, D-BIL, T-CHO, TP, ALB, CHE, WBC, PLT, HGB)
which are important in hepatitis. In H2, we have measured shifts for each of these attributes from its average value and
employed these 14 attributes in addition to the original attributes. Experimental results have confirmed that our induction
method constructs comprehensive and accurate decision trees.

We have prepared another data set, which we call H0, from the chronic hepatitis data by dealing with the first biopsies
only. H0 consists of 51 examples (21 LC patients, and 30 non-LC patients) each of which is described with 14 attributes.
Experimental results show that our time-series tree is promising for knowledge discovery. We show a time-series decision
tree learned from H0 in figure 1.

We obtained the following comments from medical experts.

– The proposed learning method exhibits novelty and is highly interesting. The splits in the upper parts of the time-decision
trees are valid, and the learning results are surprisingly well as a method which employs domain knowledge on attributes
only.

– Medical test values which are measured after a biopsy are typically influenced by treatment such as interferon (IFN). It
would be better to use only medical test values which were measured before a biopsy.

– 1000 days are long as a period of measurement since the number n of patients is small. It would be better to use shorter
periods such as 365 days.

– The number of medical tests might be possibly reduced to 4 per year. Prediction from a smaller number of medical tests
has a higher impact on clinical treatment.

– A medical expert is familiar with sensitivity, specificity, and an ROC curve as evaluation indices of a classifier. It causes
more problems to overlook an LC patient than mistake a non-LC patient.
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Fig. 1. Time-series tree learned from H0 (chronic hepatitis data of the first biopsies)

3 Experiments for Misclassification Costs

3.1 Conditions of Experiments

Based on a comment in the previous section, we evaluated our time-series decision tree without using medical test data
after a biopsy. For a continuous attribute, C4.5 [7] employs a split test which verifies whether a value is greater than a
threshold. This split test will be called an average-split test in this paper. We call our approach which employs both the
standard-example split test and the average-split test a combined-split test. For the sake of comparison, we also employed the
average-split test alone and a line-split test, which replaces a standard example by a line segment. A line segment in the latter
method is obtained by discretizing test values by an equal-frequency method with α − 1 bins, and connecting two points
(l1, p1) and (l2, p2) where l1 and l2 represent the beginning and the end of a measurement respectively. Each of p1 and p2

represents one of the end values of discretized bins. For instance, it considers 25 line segments if α = 5. The cluster-example
split test was not employed since it exhibited poor performance in [8].

Table 1. Confusion matrix

LC non-LC
LC (Prediction) TP FP

non-LC (Prediction) FN TN

We show a confusion matrix in table 1. As the domain experts stated, it is important to decrease the number FN of
overlooked LC patients than the number FP of mistaken non-LC patients. Therefore, we employ sensitivity, specificity,
and (misclassification) cost in addition to predictive accuracy as evaluation indices. The added indices are considered to be
important in the following order.

Cost =
C FN + FP

C(TP + FN) + (TN + FP )
(1)

Sensitivity (True Positive Rate) =
TP

TP + FN
(2)

Specificity (True Negative Rate) =
TN

TN + FP
(3)



where C represents a user-specified weight. We settled C = 5 throughout the experiments, and employed a leave-one-out
method. Note that Cost is normalized in order to facilitate comparison of experimental results from different data sets.

It is reported that Laplace correction is effective in decision tree induction for cost-sensitive classification [2]. We obtained
the probability Pr(a) of a class a when there are ν(a) examples of a among ν examples as follows.

Pr(a) =
ν(a) + l

ν + 2l
(4)

where l represents a parameter of the Laplace correction. We settled l = 1 unless stated.
We modified data selection criteria in each series of experiments and prepared various data sets as shown in table 2. In a

name of a data set, the first figure represents the selected period of measurement before a biopsy, the figure subsequent to a
“p” represents the number of required medical tests, and the figure subsequent to an “i” represents the number of days of an
interval in interpolation. Since we employed both B-type patients and C-type patients in all experiments, each name of a data
set contains strings “BC”. Since we had obtained novel data of biopsies after [8], we employed an integrated version in the
experiments.

3.2 Experimental Results

Firstly, we modified the required number of medical tests to 6, 3, 2 under a 180-day period and a 5-day interpolation
interval. We show the results in table 3. From the table, we see that the average-split test and the line-split test outperform
other methods in cost for p2 and p6 respectively. For p3, the methods exhibit the same cost and outperform our standard-
example split test. We believe that the poor performance of our method is due to lack of information on shapes of time
sequences and the number of examples. We interpret the results that lack of the former information in p2 favors the average-
split test, while lack of the latter information in p6 favors the line-split test. If simplicity of a classifier is also considered, the
decision tree learned with the average-split test from p2 would be judged as the best.

Secondly, we modified the selected period to 90, 180, 270, 360 days under an interpolation interval 5 days and the number
of required medical tests per 30 days 1. We show the results in tables 4 and 5. From table 4, we see that the average-split
test and the line-split test almost always outperform our standard-example split test in cost though there is no clear winner
between them. We again attribute these to lack of information on shapes of time sequences and the number of examples. Our
standard-example split test performs relatively well for 90 and 180 and this would be due to their relatively large numbers of
examples. If simplicity of a classifier is also considered, the decision tree learned with the line-split test from 180 would be
judged as the best.

Thirdly, we modified the interpolation intervals to 2, 4, · · ·, 10 days under a 180-day period and the required number of
medical tests 6. We show the results in tables 6 and 7. From the table 6, we see that our standard-example split test and the
line-split test outperform the average-split test in cost though there is no clear winner between them. Since a 180 in tables 4
and 5 represents 180BCp6i5, it would be displayed as i5 in this table. Our poor performance of cost 0.35 for i5 shows that
our method exhibits good performance for small and large intervals, and this fact requires further investigation. If simplicity
of a classifier is also considered, the line-split test is judged as the best and we again attribute this to lack of information for
our method.

Lastly, we modified the Laplace correction parameter l to 0, 1, · · · , 5 under a 180-day period, the required number of
medical tests 6, and a 6-day interpolation interval. We show the results in table 8. From the table, we see that the Laplace
correction increases cost for our standard-example split test and the line-split test contrary to our expectation. Even for the
average-split test, the case without the Laplace correction (l = 0) rivals the best case with the Laplace correction (l = 1). The
table shows that these come from the fact that the Laplace correction lowers sensitivity but this requires further investigation.

Table 2. Data sets employed in the experiments

experiments data (# of non-LC patients : # of LC patients)

experiments for the number of medical tests 180BCp6i5 (68:23), 180BCp3i5 (133:40), 180BCp2i5 (149:42)
experiments for the selected period 90BCp3i5 (120:38), 180BCp6i5 (68:23), 270BCp9i5 (39:15), 360BCp12i5 (18:13)
experiments for the interpolation interval 180BCp6i2, 180BCp6i4, 180BCp6i6, 180BCp6i8, 180BCp6i10 (all 68:23)



Table 3. Results of experiments for test numbers, where data sets p6, p3, and p2 represent 180BCp6i5,
180BCp3i5, and 180BCp2i5 respectively

accuracy (%) size cost sensitivity specificity
method p6 p3 p2 p6 p3 p2 p6 p3 p2 p6 p3 p2 p6 p3 p2
Combined 78.0 75.7 80.6 10.9 20.5 18.9 0.35 0.35 0.33 0.52 0.53 0.52 0.87 0.83 0.89
Average 83.5 82.1 87.4 3.2 24.7 7.4 0.39 0.27 0.27 0.39 0.63 0.57 0.99 0.88 0.96
Line 84.6 82.7 85.9 9.0 22.7 3.6 0.30 0.27 0.34 0.57 0.63 0.43 0.94 0.89 0.98

Table 4. Results for accuracy, size, and cost of experiments for periods, where data sets 90, 180, 270,
and 360 represent 90BCp3i5, 180BCp6i5, 270BCp9i5, and 360BCp12i5 respectively

accuracy (%) size cost
method 90 180 270 360 90 180 270 360 90 180 270 360
Combined 77.8 78.0 64.8 45.2 19.5 10.9 8.5 5.5 0.36 0.35 0.52 0.69
Average 79.7 83.5 79.6 71.0 23.7 3.2 8.7 6.4 0.30 0.39 0.41 0.40
Line 77.2 84.6 74.1 48.4 18.7 9.0 8.7 6.5 0.41 0.30 0.40 0.58

Table 5. Results for sensitivity and specificity of experiments for periods

sensitivity specificity
method 90 180 270 360 90 180 270 360
Combined 0.50 0.52 0.33 0.23 0.87 0.87 0.77 0.61
Average 0.61 0.39 0.40 0.54 0.86 0.99 0.95 0.83
Line 0.39 0.57 0.47 0.38 0.89 0.94 0.85 0.56

Table 6. Results for accuracy, size, and cost of experiments for intervals, where data sets i2, i4, i6, i8,
and i10 represent 180BCp6i2, 180BCp6i4, 180BCp6i6, 180BCp6i8, and 180BCp6i10 respectively

accuracy (%) size cost
method i2 i4 i6 i8 i10 i2 i4 i6 i8 i10 i2 i4 i6 i8 i10
Combined 85.7 85.7 82.4 81.3 82.4 10.9 10.9 12.4 12.3 12.4 0.29 0.31 0.33 0.33 0.33
Average 84.6 84.6 83.5 84.6 82.4 3.0 3.0 3.2 3.9 5.1 0.36 0.36 0.39 0.36 0.39
Line 85.7 83.5 83.5 84.6 79.1 9.0 9.0 8.9 9.1 11.2 0.29 0.32 0.32 0.30 0.32

Table 7. Results for sensitivity and specificity of experiments for intervals

sensitivity specificity
method i2 i4 i6 i8 i10 i2 i4 i6 i8 i10
Combined 0.57 0.52 0.52 0.52 0.52 0.96 0.97 0.93 0.91 0.93
Average 0.43 0.43 0.39 0.43 0.39 0.99 0.99 0.99 0.99 0.97
Line 0.57 0.52 0.52 0.57 0.57 0.96 0.94 0.94 0.94 0.87



Table 8. Results of experiments for Laplace correction values with 180BCp6i6, where methods C, A,
and L represent Combined, Average, and Line respectively

accuracy (%) size cost sensitivity specificity
value C A L C A L C A L C A L C A L

0 86.8 85.7 82.4 10.9 10.8 7.4 0.28 0.29 0.33 0.57 0.57 0.52 0.97 0.96 0.93
1 82.4 83.5 83.5 12.4 3.2 8.9 0.33 0.39 0.32 0.52 0.39 0.52 0.93 0.99 0.94
2 81.3 83.5 80.2 9.1 3.0 9.0 0.36 0.39 0.38 0.48 0.39 0.43 0.93 0.99 0.93
3 83.5 73.6 83.5 9.1 2.5 9.0 0.30 0.63 0.34 0.57 0.00 0.48 0.93 0.99 0.96
4 81.3 83.5 79.1 9.2 2.6 8.9 0.36 0.39 0.39 0.48 0.39 0.43 0.93 0.99 0.91
5 82.4 83.5 82.4 9.1 2.7 8.9 0.35 0.39 0.37 0.48 0.39 0.43 0.94 0.99 0.96

3.3 Analysis of Experiments

In the experiments of [8], we employed longer time sequences and a larger number of training examples than in this
paper. It should be also noted that the class ratio in [8] was nearly equivalent. We believe that our time-series decision tree
is adequate for this kind of classification problems. The classification problems in this paper, since they neglect medical
tests data after a biopsy, exhibit opposite characteristics, favoring a robust method such as the average-split test. Though it
is appropriate to neglect medical tests data after a biopsy from medical viewpoint, the effect is negative for our time-series
decision tree.

The decision trees which were constructed using the split tests contain many LC-leaves, especially those with the combined-
split test. Most of the leaves contain a small number of training examples, thus they rarely correspond to a test example. This
observation led us to consider modifying tree-structures in order to decrease cost.

4 Experiments for Goodness of a Split Test

4.1 Motivations

Table 9. Two examples of a split test

Split test Left Right gain gain ratio
test 1 6 ( 0, 6) 113 (76, 37) 0.078 0.269
test 2 47 (42, 5) 72 (34, 38) 0.147 0.152

From the discussions in the previous section, we considered to use the medical tests data after a biopsy and to replace gain
ratio by gain. The former was realized by using the data sets employed in [8]. For the latter, consider their characteristics as
goodness of a split test with tests 1 and 2 in table 9. Tests 1 and 2 are selected with gain ratio and gain respectively. As stated
in [7], gain ratio tends to select an unbalanced split test where a child node has an extremely small number of examples. We
believe that example 1 corresponds to this case and decided to perform a systematic comparison of the two criteria.

4.2 Experiments

We have compared our standard-example split test, the cluster-example split test, the average-split test, a method by Geurts
[3], and a method by Kadous [5]. We settled Nmax = 5 in the method of Geurts, and the number of discretized bins 5 and the



number of clusters 5 in the method of Kadous. Experiments were performed with a leave-one-out method, and without the
Laplace correction.

We show the results in table 10, and the decision trees learned from all data with the standard-example split test, the
cluster-example split test, and the average-split test in figures 2, 3, and 4 respectively. The conditions are chosen so that each
of them exhibits the lowest cost for the corresponding method.

From the table, we see that our standard-example split test performs better with gain ratio, and the cluster-example split
test and the average-split test perform better with gain. We think that the former is due to affinity of gain ratio, which
tends to select an unbalanced split, to our standard-example split test, which splits examples based on their similarities or
dissimilarities to its standard example. Similarly, we think that the latter is due to affinity of gain, which is known to exhibit
no such tendency, to the cluster-example split test and the average-split test, both of which consider characteristics of two
children nodes in split. Actually, we have confirmed that a split test tends to produce a small-sized leaf with gain ratio while
a split test tends to construct a relatively balanced split with gain.

Table 10. Experimental results with gain and gain ratio

accuracy (%) size cost sensitivity specificity
method goodness H1 H2 H1 H2 H1 H2 H1 H2 H1 H2

SE-split
gain 64.1 78.1 10.6 7.2 0.34 0.25 0.67 0.73 0.62 0.82
gain ratio 79.7 85.9 9.0 7.1 0.24 0.18 0.73 0.80 0.85 0.91

CE-split
gain 81.2 76.6 9.0 8.7 0.20 0.23 0.80 0.77 0.82 0.76
gain ratio 65.6 73.4 9.4 7.2 0.36 0.31 0.63 0.67 0.68 0.79

AV-split
gain 79.7 79.7 7.8 10.8 0.22 0.24 0.77 0.73 0.82 0.85
gain ratio 73.4 70.3 10.9 11.4 0.31 0.39 0.67 0.57 0.79 0.82

Geurts
gain 68.8 70.3 10.1 9.7 0.28 0.32 0.73 0.67 0.65 0.74
gain ratio 71.9 67.2 10.0 9.2 0.29 0.29 0.70 0.73 0.74 0.62

Kadous
gain 65.6 62.5 12.6 12.0 0.38 0.41 0.60 0.57 0.71 0.68
gain ratio 71.9 65.6 8.8 13.2 0.29 0.27 0.70 0.77 0.74 0.56

1-NN 82.8 84.4 N/A N/A 0.19 0.18 0.80 0.80 0.85 0.88
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Fig. 2. SE-split decision tree (H2, GainRatio)

5 Conclusions

For our time-series decision tree, we investigated the case in which medical tests before a biopsy are neglected and the
case in which goodness of a split test is altered. In the former case, our time-series decision tree is outperformed by simpler
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decision trees in misclassification cost due to lack of information on sequences and examples. In the latter case, our standard-
example split test performs better with gain ratio, and the cluster-example split test and the average-split test perform better
with gain probably due to affinities in each combination. We plan to extend our approach as both a cost-sensitive learner and
a discovery method.
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Abstract. In managing medical data, handling time-series data, which
contain irregularities, presents the greatest difficulty. In the present pa-
per, we propose a first-order rule discovery method for handling such
data. The present method is an attempt to use graph structure to rep-
resent time-series data and reduce the graph using specified rules for
inducing hypothesis. In order to evaluate the proposed method, we con-
ducted experiments using real-world medical data.

1 Introduction

Hospital information systems that store medical data are very popular, especially
in large hospitals. Such systems hold patient medical records, laboratory data,
and other types of information, and the knowledge extracted from such medical
data can assist physicians in formulating treatment strategies. However, the
volume of data is too large to allow efficient manual extraction of data. Therefore,
physicians must rely on computers to extract relevant knowledge.

Medical data has three notable features [14]; namely, the number of records
increases each time a patient visits a hospital; values are often missing, usually
because patients do not always undergo all examinations; and the data include
time-series attributes with irregular time intervals. To handle medical data, a
mining system must have functions that accommodate these features. Methods
for mining data include K-NN, decision trees, neural nets, association rules, and
genetic algorithms [1]. However, these methods are unsuitable for medical data,
in view of the inclusion of multiple relationships and time relationships with
irregular intervals.

Inductive Logic Programming (ILP) [4] is an effective method for handling
multiple relationships, because it uses horn clauses that constitute a subset of
first order logic. However, ILP is difficult to apply to data of large volume, in view
of computational cost. We propose a new graph-based algorithm for inducing



Table 1. Example medical data.

ID Examination Date GOT GPT WBC RNP SM

14872 19831212 30 18
14872 19840123 30 16
14872 19840319 27 17 4.9
14872 19840417 29 19 18.1
14872 . . .

5482128 19960516 18 11 9.1 - -
5482128 19960703 25 23 9.6
5482779 19980526 52 59 3.6 4 -
5482779 19980811 4
5482779 . . .

horn clauses for representing temporal relations from data in the manner of ILP
systems. The method can reduce computational cost of exploring in hypothesis
space. We apply this system to a medical data mining task and demonstrate the
performance in identifying temporal knowledge in the data.

This paper is organized as follows. Section 2 characterizes the medical data
with some examples. Section 3 describes related work in time-series data and
medical data. Section 4 presents new temporal relationship mining algorithms
and mechanisms. Section 5 applies the algorithms to real-world medical data to
demonstrate our algorithm’s performance, and Section 6 discusses our experi-
mental result and methods. Finally, in Section 7 we present our conclusions.

2 Medical Data

As described above, the sample medical data shown here have three notable
features. Table 1 shows an example laboratory examination data set including
seven attributes. The first attribute, ID, means personal identification. The sec-
ond is Examination Date, which is the date the patient consults a physician.
The remaining attributes designate results of laboratory tests.

The first feature shows that the data contain a large number of records.
The volume of data in this table increases quickly, because new records having
numerous attributes are added every time a patient undergoes an examination.

The second feature is that many values are missing from the data. Table 1
shows that many values are absent from the attributes that indicate the results
of laboratory examinations. Since this table is an extract from medical data, the
number of missing values is quite low. However, in the actual data set this number
is far higher. That is, most of the data are missing values, because each patient
undergoes only some tests during the course of one examination. In addition,
Table 1 does not contain data when laboratory tests have not been conducted.
This means that the data during the period 1983/12/13 to 1984/01/22 for patient
ID 14872 can also be considered missing values.



Time

Value

1 2 3 4
Time

Value

1 2 3 4
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The other notable feature of the medical data is that it contains time-series
attributes. When a table does not have these attributes, then the data contain
only a relationship between ID and examination results. Under these circum-
stances, the data can be subjected to decision tree learning or any other propo-
sitional learning method. However, relationships between examination test dates
are also included; that is, multiple relationships.

3 Related Work

These kinds of data can be handled by any of numerous approaches. We sum-
marize related work for treating such data from two points of view: time-series
data and medical data.

3.1 Time-Series Data

One approach is to treat the data described in Section 2 as time-series data.
When we plot each data point, we can obtain a graph similar to stock market
chart, and can apply a mining method to such data. Mining methods include
the window sliding approach [3] and dynamic time warping [7]. Those methods
can identify similar graphs. However, the methods assume that the time-series
data are collected continuously. This assumption is not valid for medical data,
because of the missing values. Let us illustrate the problem by way of example.
When we look at the plots of two patient data sets in Figure 1, the graph shapes
are not the same in. Therefore, those methods do not consider the two graphs
to be similar graphs. However, if we consider that the second data set to have
a missing value at time 3, these two graphs can be considered to be the same.
Hence, this type of method is not robust for missing values and is not directly
applicable to the medical data described in Section 2.

3.2 Medical Data

Many systems for finding useful knowledge from medical data have been devel-
oped [8]. However, not many systems for treating temporal medical data have



been developed. Active mining projects [9] progressing in Japan are now being
developed in order to obtain knowledge from such data. The temporal description
is usually converted into attribute features by some special function or dynamic
time warping method. Subsequently, the attribute feature in a standard machine
learning method such as decision tree [15] or clustering [2] is used. Since these
methods do not treat the data directly, the obtained data can be biased by
summarization of the temporal data.

Another approach incorporates InfoZoom [13], which is a tool for visualiza-
tion of medical data in which the temporal data are shown to a physician, and
the physician tries to find knowledge from medical data interactively. This tool
lends useful support for the physician, but does not induce knowledge by itself.

4 Temporal Relationship Mining

4.1 Approach

An important consideration for obtaining knowledge from medical data is to
have a knowledge representation scheme that can handle the features described
in Section 2 One such scheme is Inductive Logic Programming (ILP)[4], because
it uses horn clauses, which can represent such complicated and multi-relationship
data [6]. Since ILP framework is based on the proof of logic, existing values are
processed and missing values are ignored for inducing knowledge. Therefore,
ILP constitutes one solution for the second problem inherent to medical data
described in Section 2. Horn clause representation permits multiple relations,
such as time-series relation and attributes relations. It can also be a solution to
the third problem inherent to medical data. However, the ILP system does not
provide a good solution to the first problem, because its computational cost is
much higher than that of other machine learning methods. In this section, we
propose a new algorithm for solving the problem by using graphs.

4.2 Temporal Predicate

Data mining of medical data requires a temporal predicate, which can represent
irregular intervals for the treatment of temporal knowledge. We employ a pred-
icate similar to one proposed by Rodŕıguez et al. [12]. The predicate has five
arguments and is represented as follows:

blood test(ID, Test, V alue, BeginningDate,EndingDate)

The arguments denote the patient ID, kind of laboratory test, value of the
test, beginning date of the period being considered, and ending date of the period
being considered, respectively. This predicate returns true if all tests conducted
within the period have a designated value. For example, the following predicate



Table 2. The external loop algorithm.

E+ is a set of positive examples, R is a set of discovered rules.

1. If E+ = φ, return R
2. Construct clause H by using the internal loop algorithm
3. Let R = R ∪H
4. Goto 1

Table 3. The internal loop algorithm.

H is a hypothesis.

1. Generate H, which contains only head
2. Use refinement operator to generate literal candidate
3. Select the best literal L according to MDL criteria
4. Add L as a body of literal H
5. If H qualified criteria, return H, otherwise goto 2

is true if patient ID 618 had at least one GOT test from Oct. 10th 1982 to Nov.
5th 1983, and all tests during this period yield very high values.

blood test(618, got, veryhigh, 19821010, 19831105)

This predicate is a good example for representing temporal knowledge in
medical data, because it can represent the predisposition within a certain pe-
riod, regardless of test intervals. Moreover, it can handle missing values without
affecting the truth value. This naturally implies that our approach is a good solu-
tion for two of the problems inherent to medical data (e.g., multiple relationships
and time relationships with irregular intervals) described in Section 2

4.3 Rule Induction Algorithm

In this paper, we utilize a top-down ILP algorithm similar to FOIL[11]. We can
divide this algorithm into two parts. One part is an external loop for covering
algorithm[10]. This algorithm is used for deleting from a positive example set
examples that are covered by a generated hypothesis, and is shown in Table 2.
The second part of the algorithm is an internal loop for generating a hypothe-
sis. The algorithm is shown in Table 3. Initially, the algorithm creates the most
general hypothesis. Subsequently, it generates literal candidates by using a re-
finement operator discussed in the following section. Next, the algorithm chooses
the most promising literal according to MDL criteria, and adds it to the body of
the hypothesis. If the MDL cannot be increased by adding a literal, the algorithm
returns the hypothesis.



Table 4. Example data.

Id Attribute Value Date

23 got vh 80
31 got vh 72
31 got vh 84
35 got vh 74

4.4 Refinement

In our method, the search space for the hypothesis is constructed by combina-
tions of predicates described in Section 4.2. Suppose that the number of the
kinds of tests is Na, the number of test domains is Nv, and the number of date
possibilities is Nd. Then, the number of candidate literals is Na × Nv × N2

d/2.
As we described in Section 2, because medical data consist of a great number
of records, the computational cost for handling medical data is also great. How-
ever, medical data have many missing values and consequently, often consist of
sparse data. When we make use of this fact, we can reduce the search space and
computational cost.

To create candidate literals which are used for refinement, we propose employ-
ing graphs created from temporal medical data. The purpose of this literal cre-
ation is to find literals which cover many positive examples. In order to find them,
a graph is created from positive examples. The nodes in the graph are defined by
each medical data record and the node has four labels; i.e. patient ID, laboratory
test name, laboratory test value, and date test conducted. Arcs are created for
each node. Suppose that two nodes represented by n(Id0, Att0, V al0, Dat0) and
n(Id1, Att1, V al1, Dat1) exist. The arc is created if all the following conditions
hold:

– Id0 6= Id1

– Att0 = Att1
– V al0 = V al1
– For all D{D ≥ Dat0 ∧D ≤ Dat1},

if n(Id0, Att0, V al, D) exists, V al = V al0
and
if n(Id1, Att1, V al, D) exists, V al = V al1

For example, supposing that we have data shown in Table 4, we can obtain
the graph shown in Figure 2.

After constructing the graph, the arcs are deleted by the following reduction
rules:

– The arc n0 − n1 is deleted if a node n2 which is connected to both n0 and
n1 exists, and
• Dat2 for n2 is greater than both Dat0 and Dat1 or
• Dat2 for n2 is smaller than both Dat0 and Dat1



n(23,got,vh,80)

n(31,got,vh,84)

n(35,got,vh,74)

n(31,got,vh,72)

Fig. 2. Example graph.

n(23,got,vh,80)

n(31,got,vh,84)

n(35,got,vh,74)

n(31,got,vh,72)

Fig. 3. Graph after deletion.

After deleting all arcs for which the above conditions hold, we can obtain
the maximum period which contains positive examples. Then we pick up the
remaining arcs and set the node date as BeginingDate and EndingDate. Af-
ter applying the deletion rules for the graph shown in Figure 2, we obtain
the graph shown in Figure 3. Then the final literal candidate for refinement is
blood test(Id, got, veryhigh, 72, 80) and blood test(Id, got, veryhigh, 74, 84), which
in this case covers all three patients.

5 Experiment

5.1 Experimental Settings

In order to evaluate the proposed algorithm, we conducted experiments on real
medical data donated from Chiba University Hospital. These medical data con-
tains data of hepatitis patients, and the physician requires us to find an effective
timing for starting interferon therapy. Interferon is a kind of medicine for re-
ducing the hepatitis virus. It has great effect for some patients; however, some
patients exhibit no effect, and some patients exhibit deteriorated condition. Fur-
ther, the medicine is expensive and has side effects. Therefore, physicians wants
to know the effectiveness of Interferon before starting the therapy. According to
our consulting physician, the effectiveness of the therapy could be changed by
the patient’s condition and could be affected by the timing for starting it.



We input the data of patients whose response is complete as positive ex-
amples, and the data of the remaining patients as negative examples. Complete
response is judged by virus tests and under advice from our consulting physician.
The number of positive and negative examples are 57 and 86, respectively. GOT,
GPT, TTT, ZTT, T-BIL, ALB, CHE, TP, T-CHO, WBC, and PLT, which are
attributes of the blood test, were used in this experiment. Each attribute value
was discretized by the criteria suggested by the physician. We treat the starting
date for interferon therapy as base date, in order to align data from different
patients. According to the physician, small changes in blood test results can be
ignored. Therefore, we consider the predicate blood test to be true if the per-
centage p, which is set by parameter, of the blood tests in the time period show
the specified value.

5.2 Result

Since not all results can be explained, because of space limitations, we introduce
only three of the rules obtained by our system.

inf_effect(Id):-
blood_test(Id,wbc,low,149,210). (1)

This rule is obtained when the percentage parameter p is set at 1.0.
Among the 143 patients, 13 satisfied the antecedent of this rule, and
interferon therapy was effective in 11 of these. The rule held for 19.3
percent of the effective patients and had 84.6 percent accuracy. The blood
test data for effective patients are shown in Figure 4. The number of the
graph line represents patient ID, and the title of the graph represents
test-name/period/value[low:high]/parameter p, respectively.

inf_effect(Id):-
blood_test(Id,tp,high,105,219). (2)

This rule is obtained when the percentage parameter p is set at 1.0.
Among the 143 patients, 7 satisfied the antecedent of this rule, and
interferon therapy was effective for 6 of these. The rule held for 10.5
percent of the effective patients and had 85.7 percent accuracy. The
blood test data for effective patients are shown in Figure 5.

inf_effect(Id):-
blood_test(Id,wbc,normal,85,133),
blood_test(Id,tbil,veryhigh,43,98). (3)

This rule is obtained when the percentage parameter p is set at 0.8.
Among the 143 patients, 5 satisfied the antecedent of this rule, and
interferon therapy was effective in all of these. The rule held for 8.8
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Fig. 4. Blood test graph for rule (1).

percent of the effective patients and had 100 percent accuracy. The blood
test data for effective patients are shown in Figure 6. The patients who
satisfied both test in rule (3) are positive patients. This means that we
have to view both graphs in Figure 6 simultaneously.

6 Discussion

The results of our experiment demonstrate that our method successfully induces
rules with temporal relationships in positive examples. For example, in Figure 4,
the value range of WBC for the patients is wide except for the period between
149 and 210, but during that period, patients exhibiting interferon effect have
the same value. This implies that our system can discover temporal knowledge
within the positive examples.

We showed these results to our consulting physician. He stated that if the
rule specified about half a year before therapy starting day, causality between
the phenomena and the result would be hard to imagine. It was necessary to
find a connection between them during the period. In relation to the third rule,
he also commented that the hypothesis implies that temporary deterioration in
a patient’s condition would indicate the desirability to start interferon therapy
with complete response.

The current system utilizes a cover set algorithm to induce knowledge. This
method starts from finding the largest group in positive examples, then pro-
gresses to find smaller groups. According to our consulting physician, the pa-
tients could be divided into groups, even within the interferon effective patients.
One method for identifying such groups is the subgroups discovery method [5].
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When it is used in place of the cover set algorithm, this method could assist the
physician.

In its present form, our method uses only the predicate defined in Section 4.2.
When we use this predicate with the same rule and different time periods, we can
represent movement of blood test values. However, this induction is somewhat
difficult for our system, because each literal is treated in each refinement step
separately. This is a current limitation for representing the movement of blood
tests. Rodŕıgues et al. [12] also propose other types of temporal literals. As we
mentioned previously, the hypothesis space constructed by the temporal literal
requires a high computational cost for searching, and only a limited hypothesis
space is explored. In this paper, we propose inducing the literals efficiently by
using graph representation of hypothesis space. We believe that we can extend
this approach to other types of temporal literals.

7 Conclusion

In this paper, we propose a new data mining algorithm. The performance of
the algorithm was tested experimentally by use of real-world medical data. The
experimental results show that this algorithm can induce knowledge about tem-
poral relationships from medical data. The temporal knowledge is hard to obtain
by existing methods, such as a decision tree. Furthermore, physicians have shown
interest in the rules induced by our algorithm.

Although our results are encouraging, several areas of research remain to be
explored. As shown in Section 5.2, our system induces hypothesis regardless of
the causality. We must bias the induction date period to suit the knowledge of
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our consulting physicians. In addition, our algorithm must be subjected to exper-
iments with different settings. We plan to apply this algorithm to other domains
of medical data and also apply it to non-medical, temporal data. Extensions to
treating numerical values also must be investigated. Our current method require
attributes in discrete values. We plan to investigate these points in our future
work.
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4. Džeroski, S. & Lavrač, N. (2001). Relational Data Mining. Berlin: Springer.
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Abstract. Obtaining scenarios has been a major approach for decisions in 
domains where a sequence of events and actions in the future is significant. 
Chance discovery, in which events with significance for making a decision, can 
be regarded as the emergence of a scenario, with extracting chances i.e. 
essential events in the turning points of valuable scenarios by means of the 
interaction with the environment. In this paper, we apply a method of chance 
discovery to the data of diagnosis of hepatitis patients, for obtaining scenarios 
of how the most essential symptoms appear in the patients of hepatitis of type B 
and C. In the process of discovery, the results are evaluated to be novel and 
potentially useful, under the mixture of objective facts and the subjective 
widening and narrowing of the surgeon’s concerns. 

1. Introduction: Scenarios in the Basis of Critical Decisions  
Scenarios have been a significant basis of decisions, in domains where a sequence 

of events in the future becomes significant. Let us stand on the position of a surgeon, 
for example, looking at the time series of symptoms  during the progress of an 
individual patient’s disease.  The surgeon should make an appropriate action for 
curing this patient, at an appropriate time. If he does the patient’s disease may be 
cured efficiently, but otherwise the patient’s health condition might turn radically  into 
a worse state.  The situation of this surgeon can be described as a choice from two 
sequences, for example, 

Sequence 1) state 1 -> state 2 -> state 3 -> state 4. 

Sequence 2) state 1 -> state 2 -> state 5.  
(1) 

Suppose that state 4 and 5 mean two opposite situations, i.e., one where the disease 
is cured and a fatal situation. The surgeon should choose a effective action at the time 
state 2 appears, for this patient to shift to state 4. This kind of state,  which is essential 
for decision has been called a chance [1]. 

 On the other hand, the event-sequence in (1) has been called a scenario in cases 
where considering a sequence is essential for decision. All in all, the discovery of a 
chance is quite relevant to obtaining valuable scenarios. Thus scenarios are tools for 
chance discovery, and also the purpose of chance discovery. That is , detecting the 
branching events between multip le scenarios between the two scenarios, as state 2 in 
(1), means the chance discovery for the surgeon. This chance is regarded as valuable, 



only if the purpose is achievable, i.e. if the scenario including state 2 is valuable, 
because a scenario is easier to understand than an event shown alone. Suppose you are 
the patient and told just that you have a polyp in the stomach, it would be hard to 
decide to cut it or to do nothing to leave it in the current position. On the other hand, 
suppose the doctor tells that you are in the branch of two scenarios – in one, it will 
turn larger and worse. In the other, the polyp is cut away, you will be cured. 
Normally, you will prefer the latter choice.  

 
2. Scenario “Emergence” in the Mind of Experts 

 In the term “scenario development”, a scenario sounds like something to be 
“developed” by human(s) who consciously rules the process of making a scenario. 
However, scenario really “emerges” by partially unconscious interaction of human(s) 
and the environment. For example, a scenario workshop starts from scenarios preset 
by writers, then experts in the corresponding domain discusses to improve the 
scenarios [2]. It is usual that the discussants write down their opinions during the 
workshop, but rarely they notice why those opinions came out and the why the 
workshop selected the scenarios obtained finally. In the very origin of aiding creation, 
the KJ method begins from cards on which the initial ideas are written and arranged in 
the 2D-space by co-working discussants. The new combination of proposed scenarios 
may help the emergence of a new valuable scenario. In the design process, ambiguous 
information can trigger creations [3].  

The common points among “experts” in scenario workshops, “combination” of 
ideas in KJ method, and the “ambiguity” in the information to a designer is that 
multiple scenarios in the interaction of subjects  with their own environments are 
bridged via the links between the contexts in the mental world they attend. From these 
bridges, they unconsciously introduce some situations or events  which may work as 
“chances” to import others’ scenarios. In the example of (1), a surgeon who almost 
gave up because he imagined scenario 2, may obtain a new hope in scenario 1 
proposed by his colleague, by noticing that state 2 is shared by the two scenarios.  

 In this paper, we show a method of aiding scenario emergence, by means of visual 
interaction with real data using two tools KeyGraph and Text Drop. KeyGraph, with 
an additional function to show causal directions in the relations between events (let us 
call this  scenario map), visualizes the complex relations among values of variables in 
diagnosis data of hepatitis, and Text Drop helps in extracting the part of data 
corresponding to the interest of an expert, a surgeon here.   

These tools help in picking essential scenarios of specific types of patience from 
the complex diagram of their mixture, i.e. KeyGraph  These results are evaluated by 
the surgeon as useful in the decision of curing hepatitis B and C. This evaluation is 
subjective in the sense that too small number of patients were observed to follow the 
entire scenarios obtained, to evaluate the scenarios quantitatively. Further more, we 
should say the evaluation is made in the process of discovery, merging the subjective 
interest of the expert and the objective within the process of chance discovery. Rather 
than calling data-mining, this is a self-mining of the subject, where the quality of the 
self’s experience affects much on the result.  
 
3. Mining the Scenarios of Hepatitis Cases 
3.1 The Double Helical Process of Chance Discovery 



In the most recent state of art, the process of chance discovery is supposed to 
follow the Double Helix (DH) model [1]. 

DH starts from a state of mind concerned with winning a new chance, and this 
concern  (ambiguous interest) is reflected to acquiring data to be analyzed by a data-
mining tool, specifically designed for chance discovery, for making a new decision. 
Looking at the result of this analysis, possible scenarios and their values may become 
clarified in the user’ mind. If multiple  users co-works sharing the same data-mining 
result, the effect of scenario emergence might help in mining valuable scenarios by 
bridging the various experience of participants to form a novel scenario. Based on the 
chances discovered here, the user(s) make actions or simulate actions in a virtual 
(imagined /computed) environment, and obtains renewed concerns with chances – the 
helical process returns to the initial step. DH is embodied in this paper, in the 
application to hepatitis diagnosis. The user sees and manipulates KeyGraph, thinking 
and talking about the scenarios the diagram may imply. Here, “manipulate” means to 
cut, move, and unify nodes/links in KeyGraph - it enforces the bridges between 
multiple experiences to be combined in scenario emergence. In other words, 
manipulation urges user to ask “why is this  node here?” and to virtually experience 
alternative scenarios s/he did not think of. 

3.2 KeyGraph and Text Drop for Accelerating DH  
In the case of marketing for textile products, Nittobo Inc. made a success in selling a 
new product with adding a new value represented by a scenario in the life of people 
who may buy the product. They visualized the map of the market by means of 
KeyGraph [1,4], shown as a diagram of co-occurrences between products in the 
basket data of buyers of textiles. In this map, their marketing researchers found a 
valuable new scenario in the life people who may go buying textiles across a wide 
range in the market. They successfully found essential new products in valuable 
scenarios they found. This realized a sales hit of the new textile. 

  However, it was not efficient to follow the process of DH, using KeyGraph 
solely. A critical defect of this method was that user could not extract the interesting 
part of the data easily, when s/he has got a new concern with chances. For example, 
they may become interested in a customer who buys product A or product B, who 
also buys product C, but does never touch product D. Then, the user desires to look 
easily into such customers deeply to take advantage of chances in the submarket 
formed by such kind of customers they came to be interested in. Text Drop is a simple 
tool for Boolean-selection of the part of data corresponding to users’ interest which 
can be described in a Boolean formula, e.g. 

boolean =“(product A | product B) & product C & !product D” (2) 

Then Text Drop obtains a new data, made of baskets including product A or 
product B, and product C, but not including product D. Its simple interface is useful in 
the case where the user can express his/her own interest in Boolean formula as in (2). 
The interest of user might be more ambiguous, especially in the beginning of the 
process of chance discovery. In such a case, the user is supposed to enter the formula 
“as much as precisely” reflecting one’s own interest.  Having KeyGraph, Text Drop, 
and the freedom to use these on necessity, the user can follow the procedure below to 
realize a DH process.  

 



 

[DH Process supported by KeyGraph and Text Drop] 
1) Obtain a data of baskets, reflecting user’s interest 
2) Apply KeyGraph to the data to visualize the map representing the relations, or the 

causal order of occurrences if possible, among items in the baskets. 
3) Manipulate KeyGraph as follows: 
 3-1) Move nodes and links to the positions in the 2D output of KeyGraph, or 

remove nodes and links which are apparently meaningless in the target domain. 
 3-2) Write down scenarios, imaginable on KeyGraph 
4) Read or visualize the comments of experts in 3-2), and become aware of 

interesting items in the data for user him/herself. 
5) Enter interesting items or their combination in Boolean formula, into Text Drop. 

The data of baskets, reflecting user’s new interest is obtained. Return to Step 1). 
 

4. Results for the Diagnosis Data of Hepatitis  
4.1 The Hepatitis Data 

The following shows the style of data in the case of the diagnosis of hepatitis. Each 
item represents the pair, of a variable and its observed value. That is, an item put as 
“a_b” means a piece of data where the value of variable a is b. For example, T-
CHO_high (T-CHO_low) means T-CHO (total cholesterol) is higher (lower) than a 
predetermined threshold. Each line in the data represents the sequence of diagnosis 
results for one patient. See description (3). 

Patient 1) item1, item2, ….., item m1. 
Patient 2) item 2, item 3, …., item m2. 
Patient 3) item 1, item 5, …, item m3. 

(3) 

As in (3), we can regard one patient as a unit of co-occurrence of items. That is, 
there are various cases of patients and the sequence of one patient’s diagnosis items 
means his/her scenario of wandering in the map of the various symptoms. By 
applying KeyGraph to the data in (3), we can obtain the following components: 
- Islands of items: A group of items co-occurring frequently, i.e. occurred to many 

same patients or many same lines in (3). The doctor can be expected to know what 
kind of patient each island corresponds to.  

- Bridges across islands: A patient may switch from one island to another, in the 
progress of the disease or its cure.  

Figure 2 is the KeyGraph obtained first, for cases of hepatitis B. The arrows, which 
does not appear in the original KeyGraph, depict approximate causations, i.e., X -> Y 
means that if event X appears in the scenario, then the patient tended to experience Y 
also. That is, each line in (3) is a set of observations of a certain patient from his/her 
certain situation in the disease progress or cure. On this specific feature of diagnosis 
data, the relative strength of the statement “if event X appears , then event Y follows” 
in comparison with its inverse, say “if event Y appears, then event X follows” means 
X is likely to be tied to the cause of Y.  Thus, even if there are relations where the 
order of causality and time are opposite (i.e. if X is the cause of Y but was observed 
after Y due to the delay of observation or the setting of strict threshold for being 
detected), we can express approximate scenarios by giving an arrow from X to Y, just 
with comparing the two results of KeyGraph, one for data including X and the other 
for one including Y.  That is, if the former includes more causal events than the latter 



and if the latter includes more consequent events than the former, X is expected to 
proceed Y in the scenario. In a case the order of causality and time are opposite, we 
may interpret that Y appeared before X only because the threshold of Y was set easy 
to exceed, e.g., the upper threshold of ZTT may be set low and easy to exceed than 
that of G_GL, which makes ZTT appear before G_GL even if ZTT is a result of 
G_GL. Let us call a KeyGraph with these arrows a scenario map. 
4.2 Results for Hepatitis B 

An initial KeyGraph was shown to a surgeon (see acknowledgement) in Step 2), 
and was manipulated to form a scenario map in step 3). In the manipulation, the 
surgeon grouped the nodes in the circles in the graph, got rid of unessential nodes 
from the figure, and unified redundant nodes as “jaundice” and “T-BIL_high” (high 
total bilirubin), and the necessary process for making a scenario map in 4.1. Figure 1 
was the result of this manipulation. Simultaneously, we wrote down what the doctor 
has been teaching us about hepatitis looking at the KeyGraph, and we applied 
KeyGraph to the memo. According to its result, two of the most significant terms 
were “mixture” and factors relevant to jaundice. An important lesson here was that 
KeyGraph depicted a mixture of various scenarios. Some of the scenarios were 
common sense for the surgeon, about the progress of hepatitis B, e.g., 
(Scenario B1) Transition from CPH (chronic persistent hepatitis) to CAH (chronic 

active hepatitis). 
(Scenario B2) Decrease in blood platelets (PT) and hemoglobin (HDB), leading to 

jaundice i.e., increase in the T-BIL. Considering D-BIL increases more keenly than 
I-BIL, this is from the activation of lien, due to the critical illness of liver. 

(Scenario B3) Biliary blocks accelerate jaundices 
Although scenarios for the cure of hepatitis B were not observed apparently, we 

could see that a quick sub-process from LDH_high to LDH_low (LDH: lactate 
dehydrogenase) is a significant bridge from a light hepatitis to a critical state of liver 
as the high value of T-BIL.  

  According to the surgeon, a sudden change in the value of LDH is sometimes 
observed in the introductory steps of ferminate hepatitis  in the real treatment, but the 
quick change has been regarded no more than an ambiguous information for 
treatment. However, the result of KeyGraph for the sub-data extracted from various 
aspects showed LDH plays a significant role in the scenario of progress of hepatitis, 
e.g., Fig.2. Figure 2 shows the scenario map, for cases including “IG-M_high”, 
considering that IG-M (immunoglobulin M) is activated in the beginning of infection 
with virus. For the reason that the data of symptoms is taken from a certain time to the 
termination of the individual patient’s data, the data including IG-M_high was 
regarded as a summary of the overall scenario of infectious disease.  

Note that Fig.2 is still a simple summary of mixed scenarios, just showing 30 nodes 
where 50 to 60 is the typical range. Having obtained the new concern, i.e. what the 
scenario can be like if it includes the change in the value of LDH, i.e. decrease shortly 
after increase, we obtained the result in Figure 3 for data of hepatitis B including 
“LDH_high” and “LDH_low”. This figure shows the change in the value of LDH 
triggers a shift from the initial state stared by biliary-relevant enzymes as G-GTP and 
ALP, to a critical state in the large circle where T-BIL, I-BIL, and D-BIL are high and 
CHE (choline esterase) decreases. According to the surgeon, he has been tacitly aware 



 
 

of this position of the change in LDH, in the real experiences. This was a useful, but 
not published piece of knowledge for detecting a sign of critical changes in the liver. 
4.3 Results for Hepatitis C 
In cases of hepatitis C, as in Fig.4, we find a mixture of a number of scenarios, e.g., 
 
(Scenario C1) Transition from CPH to CAH, 
(Scenario C2) Transition to critical states, e.g. cancer, jaundice. 
 

These common-sense scenarios are quite similar to the scenarios in the cases of 
hepatitis B, but we also find “interferon” and an ambiguous region in the top (in the 
dotted circle) of figure  4. That is, GOT and GPT can be low both after the fatal 
progress of heavy hepatitis and if the disease is cured. The latter case is rare because 
GOT and GPT are expected to normally take “normal” value, i.e., between the lower 
and the upper threshold, rather than being “low” i.e. lower than the lower threshold. 

 Thus we saw the results of renewed scenario map for cases including both 
GOT_low and GPT_low. We still find a complex mixture of scenarios, and find some 
events looking like a better state in the region without arrows in figure 5. 

Fig.5 seems to be separated roughly into good and bad liver states. We assumed 
this represents the shift from a bad liver to a mixture of good and bad states due to the 
treatment by interferon. This suggested that the data with “GOT_low & GPT_low 
& !interferon” (i.e. GOT and GOT both became low at least once, and interferon has 
never been used) may separate the two areas, one of critical scenario and the other not 
so severe. In the result of Fig.6, we find two clusters: 

 
(Upper cluster) The scenario of fat liver, to be cured, not requiring interferon. This 

cluster does not mean to turn to a critical state. The item F-B_G1_high and F-
A1_Gl_high are the turning points from bad to a better state. 

(Lower cluster) Critical scenario beyond the effect of interferon, i.e., of high 
bilirubins. F-A1_Gl_low and F-A1_Gl_gl_low are on the switch to critical states. 

 
Here we can suppose that globulins as  F-A1_Gl, F-A12_Gl, and F-B_GL are 

relevant to the role of interferon, in curing hepatitis C, and this hypothesis also 
matches with Fig. 4 where interferon is linked in the branch of F-A1_Gl _high/low 
and F-A1_Gl _high/low. Finally, under this new concern with globulins, we obtained 
the scenario map as in Fig.7, showing that a case treated with interferon and had a 
switch from F-A1_GL_high to F-A1_GL_low had a significant turning point to be 
cured on the recovery of TP (total protein) quantity, matching with the result in Fig.5 
where TP_low, TP_high, and globulins are in the intersection of critical and easier 
scenarios. The decrease in GOT and GPT, and then in ZTT followed this, matching 
with the results in [5]. HCV (virus of hepatitis C) also decreased. 
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Fig. 1. The scenario map, after manipulation on Fig.2. The surgeon acquired concerns with 
biliary relevant enzymes, G_GTP, LDH etc., especially LDH he has been feeling important in 
his own experiences. Note: in all figures hereafter, the arrows were drawn reflecting the 
causations as in 4.1, and round frames and their interpretations were drawn manually. 

Fatty, and CPH
in the worst

CAH, and critical
states

 
Fig. 2.  The scenario map or hepatitis B with IG-M_high, to see scenarios in the early 
of disease where biliary enzymes as LDH are affected. A temporary increase in LDH 
is found to be a bridge from a persistent to an active states. This deepened the concern 
with LDH, and embodied the concern to an interest in entering “LDH_high & 
LDH_low” to Text Drop. 



 

Critical states

 
Fig. 3.  The scenario map for hepatitis B, with “LDH_high & LDH_low.” This “tacitly matches 
with experiences and potentially useful, although not published ever” according to the surgeon. 

inflammation

Critical

interferon

Ambiguous

 
Fig. 4.  For cases of hepatitis C. The ambiguity in interpreting GOT_low and GPT_low in the 
dotted frame at the top caused a new concern. 
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Fig. 5.  Scenarios for cases including GOT_low and GPT_low 

Cured

Critical

 
Fig. 6. Hepatitis C without interferon, with GOT_low & GPT_low.  Making scenario maps 
including GOT_low, GPT_low, and additional conditions, we clarified the significance of 
proteins, e.g. F_B_GL. 

 



 

5. Discussion: Subjective but Trustworthy   
We obtained some qualitative new findings. That is, HDL is relevant to the turning 

point for hepatitis B, to shift to a critical situation of the liver. And, the effect of 
interferon is relevant to the change in the quantity of protein (e.g. F-A1_GL and F-
B_GL), and this effect appears beginning with the recovery of TP. The latter result is 
apparently significant from Fig.7, but it is still an open problem how interferon affects 
such proteins as a globulins. All in all, “reasonable, and sometimes novel and useful” 
scenarios of state-transitions were obtained according to the surgeon.  

Although not covered above, we also found other scenarios approaching to 
significant situations. For example, reader can find the increase in AMY (amylase) at 
the arrow terminals in Fig.1, Fig.4, Fig.5, and Fig.6, which seems to be relevant to 
surgical operations. This corresponds to reference [6]. Also, the decrease in GOT 
because of the exhaustion of liver cells, “bridge” effect of F-B_GL in the cure by 
interferon, etc. were visualized, not shown in this paper. These are the effects of the 
double helix process we developed, which can be summarized very shortly as a 
concern-based focusing of target data.   

 

Cured

 
Fig. 7.  Cases with F-A2_GL_high & F_A2_GL_low, and interferon. The effect of interferon is 
clearly extracted at the top of the map. 

Apparently, subjective interests of the surgeon influences the results to be obtained 
in this manner, but the results are objectively trustworthy because they just show the 
summary of facts, i.e. objective facts selected on the surgeon’s subjective experiences. 
As a positive face of this combination of subjectivity and objectivity we discovered a 
broad range of decision-oriented knowledge, i.e. scenarios, because subjectivity has 
both effects of widening and narrowing the target environment. He re, widening was 
aided by the projection of the scenario maps to one’s own experiences in various real-
world contexts. The narrowing, i.e. data-focusing, was aided by Text Drop. Like a 



human wandering in an unknown island, a doctor wondering which way the patient 
can go will be helped by scenario map, a map with directed landmarks especially if 
the symptom is ambiguous or novel. 

 
6. Conclusions 

Scenario emergence and chance discovery are useful concepts for decisions in the 
real world, where events occur dynamically and one is required to make a decision 
promptly at the time a chance, i.e. significant event occurred. Here we showed an 
introductory application of scenario emergence with discovering the triggering events 
of essential scenarios, in the area of hepatitis treatment. Some interesting results were 
obtained according to the surgeon, but it is meaningless to say “interesting” – the next 
step we are to work on clarifying what a human means by “interesting” via the further 
runs on the DH process, which can be regarded as a process of human’s self-
discovery. 
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Abstract. This paper presents a comparative study of methods for clus-
tering long-term temporal data. We split a clustering procedure into two
processes: similarity computation and grouping. As similarity computa-
tion methods, we employed dynamic time warping (DTW) and multiscale
matching. As grouping methods, we employed conventional agglomera-
tive hierarchical clustering (AHC) and rough sets-based clustering (RC).
Using various combinations of these methods, we performed clustering
experiments of the hepatitis data set and evaluated validity of the results.
The results suggested that (1) complete-linkage (CL) criterion outper-
formed average-linkage (AL) criterion in terms of the interpret-ability
of a dendrogram and clustering results, (2) combination of DTW and
CL-AHC constantly produced interpretable results, (3) combination of
DTW and RC would be used to find the core sequences of the clusters,
(4) multiscale matching may suffer from the treatment of ’no-match’
pairs, however, the problem may be eluded by using RC as a subsequent
grouping method.

1 Introduction

Clustering of time-series data [1] has been receiving considerable interests as a
promising method for discovering interesting features shared commonly by a set
of sequences. One of the most important issue in time-series clustering is deter-
mination of (dis-)similarity between the sequences. Basically, the similarity of
two sequences is calculated by accumulating distances of two data points that
are located at the same time position, because such a distance-based similar-
ity has preferable mathematical properties that extend the choice of grouping
algorithms. However instead, this method requires that the lengths of all se-
quences be the same. Additionally, it cannot compare structural similarity of
the sequences; for example, if two sequences contain the same number of peaks,
but at slightly different phases, their ’difference’ is emphasized rather than their
structural similarity [2].

These drawbacks are serious in the analysis of time-series data collected over
long time. The long time-series data have the following features. First, the lengths
and sampling intervals of the data are not uniform. Starting point of data ac-
quisition would be several years ago or even a few decades ago. Arrengement of



the data should be performed, however, shortening a time-series may cause the
loss of precious information. Second, long-time series contains both long-term
and short-term events, and their lengths and phases are not the same. Addition-
ally, the sampling interval of the data would be variant due to the change of
acquisition strategy over long time.

Some methods are considered to be applicable for clustering long time series.
For example, dynamic time warping (DTW) [3] can be used to compare the two
sequences of different lengths since it seeks the closest pairs of points allowing
one-to-many point matching. This feature also enable us to capture similar events
that have time shifts. Another approach, multiscale structure matching [6][5],
can also be used to do this work, since it compares two sequences according
to the similarity of partial segments derived based on the inflection points of
the original sequences. However, there are few studies that empirically evaluate
usefulness of these methods on real-world long time-series data sets.

This paper reports the results of empirical comparison of similarity measures
and grouping methods on the hepatitis data set [7]. The hepatitis dataset is
the unique, long time-series medical dataset that involves the following features:
irregular sequence length, irregular sampling interval and co-existence of clini-
cally interesting events that have various length (for example acute events and
chronic events). We split a clustering procedure into two processes: similarity
computation and grouping. For similarity computation, we employed DTW and
multiscale matching. For grouping, we employed conventional agglomerative hi-
erarchical clustering [8] and rough sets-based clustering [9], focusing that these
methods can be used as un-supervised methods and are suitable for handling
relative similarity induced by multiscale matching. For every combination of the
similarity computation methods and grouping methods, we performed clustering
experiments and evaluated validity of the results.

2 Materials

We employed the chronic hepatitis dataset [7], which were provided as a common
dataset for ECML/PKDD Discovery Challenge 2002 and 2003. The dataset con-
tained long time-series data on laboratory examinations, which were collected at
Chiba University Hospital in Japan. The subjects were 771 patients of hepatitis
B and C who took examinations between 1982 and 2001. We manually removed
sequences for 268 patients because biopsy information was not provided for them
and thus their virus types were not clearly specified. According to the biopsy
information, the expected constitution of the remaining 503 patients were, B
/ C-noIFN / C-IFN = 206 / 100 / 197. However, due to existence of missing
examinations, the numbers of available sequences could be less than 503.

The dataset contained the total of 983 laboratory examinations. However, in
order to simplify our experiments, we selected 13 items from blood tests relevant
to the liver function: ALB, ALP, G-GL, G-GTP, GOT, GPT, HGB, LDH, PLT,
RBC, T-BIL, T-CHO and TTT. Details of each examination are available at the
URL [7].
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Fig. 1. Segment difference.

Each sequence originally had different sampling intervals from one day to
one year. From preliminary analysis we found that the most frequently appeared
interval was one week; this means that most of the patients took examinations on
a fixed day of a week. According to this observation, we determined resampling
interval to seven days. A simple summary showing the number of data points
after resampling is as follows (item=ALB, n = 499) : mean=456.87, sd=300,
maximum=1080, minimum=7. Note that one point equals to one week; therefore,
456.87 points equals to 456.87 weeks, namely, about 8.8 years.

3 Methods

We have implemented algorithms of symmetrical time warping describe briefly
in [2] and one-dimensional multiscale matching described in [4]. We modified
segment difference in multiscale matching as follows.
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where θ, l, φ, g respectively represent differences on rotation angle, length, phase
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j at scales k and h. These differences are
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Figure 1 provides an illustrative explanation of these terms. Multiscale matching
usually suffers from the shrinkage of curves at high scales caused by excessive
smoothing with a Gaussian kernel. On one-dimensional time-series data, shrink-
age makes all sequences flat at high scales. In order to elude this problem, we
applied shrinkage correction proposed by Lowe [10].



Table 1. Comparison of the number of generated clusters. Each item represents clusters
for Hepatitis B / C-noIFN / C-IFN cases.

Exam Number of Number of Generated Clusters
Instances DTW Multiscale Matching

AL-AHC CL-AHC RC AL-AHC CL-AHC RC

ALB 204 / 99 / 196 8 / 3 / 3 10 / 6 / 5 38 / 22 / 32 19 / 11 / 12 22 / 21 / 27 6 / 14 / 31
ALP 204 / 99 / 196 6 / 4 / 6 7 / 7 / 10 21 / 12 / 29 10 / 18 / 14 32 / 16 / 14 36 / 12 / 46
G-GL 204 / 97 / 195 2 / 2 / 5 2 / 2 / 11 1 / 1 / 21 15 / 16 / 194 16 / 24 / 194 24 / 3 / 49

G-GTP 204 / 99 / 196 2 / 4 / 11 2 / 6 / 7 1 / 17 / 4 38 / 14 / 194 65 / 14 / 19 35 / 8 / 51
GOT 204 / 99 / 196 8 / 10 / 25 8 / 4 / 7 50 / 18 / 60 19 / 12 / 24 35 / 19 / 19 13 / 14 / 15
GPT 204 / 99 / 196 3 / 17 / 7 7 / 4 / 7 55 / 29 / 51 23 / 30 / 8 24 / 16 / 16 11 / 7 / 25
HGB 204 / 99 / 196 3 / 4 / 13 2 / 3 / 9 1 / 16 / 37 43 / 15 / 15 55 / 19 / 22 1 / 12 / 78
LDH 204 / 99 / 196 7 / 7 / 9 15 / 10 / 8 15 / 15 / 15 20 / 25 / 195 24 / 9 / 195 32 / 16 / 18
PLT 203 / 99 / 196 2 / 13 / 9 2 / 7 / 6 1 / 15 / 19 33 / 5 / 12 34 / 15 / 17 1 / 11 / 25
RBC 204 / 99 / 196 3 / 4 / 6 3 / 4 / 7 1 / 14 / 26 32 / 16 / 13 40 / 23 / 17 1 / 6 / 17
T-BIL 204 / 99 / 196 6 / 5 / 5 9 / 5 / 4 203 / 20 / 30 17 / 25 / 6 20 / 30 / 195 11 / 23 / 48
T-CHO 204 / 99 / 196 2 / 2 / 7 5 / 2 / 5 20 / 1 / 27 12 / 13 / 13 17 / 23 / 19 12 / 5 / 23
TTT 204 / 99 / 196 7 / 2 / 5 8 / 2 / 6 25 / 1 / 32 29 / 10 / 6 39 / 16 / 16 25 / 16 / 23

We also implemented two clustering algorithms, agglomerative hierarchical
clustering (AHC) in [8] and rough sets-based clustering (RC) in [9]. For AHC we
employed two linkage criteria, average-linkage AHC (CL-AHC) and complete-
linkage AHC (AL-AHC).

In the experiments, we investigated the usefulness of various combinations
of similarity calculation methods and grouping methods in terms of the inter-
pretability of the clustering results. Procedures of data preparation were as fol-
lows. First, we selected one examination, for example ALB, and split the cor-
responding sequences into three subsets, B, C-noIFN and C-IFN, according to
the virus type and administration of interferon therapy. Next, for each of the
three subgroups, we computed dissimilarity of each pair of sequences by using
DTW. After repeating the same process with multiscale matching, we obtained
2 × 3 sets of dissimilarities: one obtained by DTW, and another obtained by
multiscale matching.

Then we applied grouping methods AL-AHC, CL-AHC and RC to each of the
three dissimilarity sets obtained by DTW. This yielded 3×3=9 sets of clusters.
After applying the same process to the sets obtained by multiscale-matching, we
obtain the total of 18 sets of clusters.

The above process is repeated with the remaining 12 examination items. Con-
sequently, we constructed 12×18 clustering results. Note that in this experiments
we did not perform cross-examination comparison, for example comparison of
an ALB sequence with a GPT sequence.

We used the following parameters for rough clustering: σ = 5.0, Th = 0.3.
In AHC, cluster linkage was terminated when increase of dissimilarity firstly
exceeded mean+SD of the set of all increase values.



4 Results

Table 1 provides the numbers of generated clusters for each combination. Let us
explain the table using the raw whose first column is marked ALB. The second
column “Number of Instances” represents the number of patients who took the
ALB examination. Its value 204/99/196 represents that 204 patients of Hepatitis
B, 99 patients of Hepatitis C (who did not take IFN therapy) and 196 patients
of Hepatitis C (who took IFN therapy) took this examination. Since one patient
has one time-series examination result, the number of patients corresponds to
the number of sequences. The third column shows the number of generated
clusters. Using DTW and AL-AHC, 204 hepatitis B sequences were grouped
into 8 clusters. 99 C-noIFN sequences were grouped into 3 clusters, as well as
196 C-IFN sequences.

4.1 DTW and AHCs

Let us first investigate the case of DTW-AHC. Comparison of DTW-AL-AHC
and DTW-CL-AHC implies that the results can be different if we use differ-
ent linkage criterion. Figure 2 left image shows a dendrogram generated from
the GTP sequences of type B hepatitis patients using DTW-AL-AHC. It can
be observed that the dendrogram of AL-AHC has an ill-formed structure like
’chaining’, which is usually observed with single-linkage AHC. For such an ill-
formed structure, it is difficult to find a good point to terminate merging of
the clusters. In this case, the method produced three clusters containing 193, 9
and 1 sequences respectively. Figure 3 left image shows a part of the sequences
grouped into the largest cluster. Almost all types of sequences were included in
this cluster and thus no interesting information was obtained.

On the contrary, the dendrogram of CL-AHC shown in the right of Figure 2
demonstrates a well formed hierarchies of the sequences. With this dendrogram
the method produced 7 clusters containing 27, 21, 52, 57, 43, 2, and 1 sequences.
Figure 3 right image and Figure 4 show examples of the sequences grouped into
the first three clusters respectively. One can observe interesting features for each
cluster. The first cluster contains sequences that involve continuous vibration of
the GPT values. These patterns may imply that the virus continues to attack the
patient’s body periodically. The second cluster contains very short, meaningless
sequences, which may represent the cases that patients stop or cancel receiving
the treatment quickly. The third cluster contains another interesting pattern:
vibrations followed by the flat, low values. This case may represent the cases
that the patients were cured by some treatments, or naturally.

4.2 DTW and RC

For the same data, rough set-based clustering method produced 55 clusters. Fifty
five clusters were too many for 204 objects, however, 41 of 55 clusters contained
less than 3 sequences, and furthermore, 31 of them contained only one sequence.
This was because of the rough set-based clustering tends to produce independent,



Fig. 2. Dendrograms for DTW-AHC-B. Left: AL-AHC. Right: CL-AHC.

Fig. 3. Examples of the clusters. Left: AL-AHC. Right: CL-AHC.

Fig. 4. Other examples of the clusters obtained by CL-AHC. Left: the second cluster
containing 21 sequences. Right: the third cluster containing 52 sequences.

small clusters for objects being intermediate of the large clusters. Ignoring small
ones, we found 14 clusters containing 53, 16, 10, 9, 6 . . . objects. The largest



Fig. 5. Examples of the clusters obtained by RC. Left: the second cluster containing
16 sequences. Right: the third cluster containing 10 sequences.

Fig. 6. Other examples of the clusters obtained by RC. Left: the fourth cluster con-
taining 9 sequences. Right: the fifth cluster containing 6 objects.

cluster contained short sequences quite similarly to the case of CL-AHC. Figure 5
and 6 show examples of sequences for the 2nd, 3rd, 4th and 5th clusters. Because
this method evaluates the indiscernibility degree of objects, each of the generated
clusters contains strongly similar sets of sequences. Although populations in
the clusters are not so large, one can clearly observe the representative of the
interesting patterns described previously at CL-AHC.

4.3 Multiscale Matching and AHCs

Comparison of Multiscale Matching-AHC pairs with DTW-AHC pairs shows
that Multiscale Matching’s dissimilarities resulted in producing the larger num-
ber of clusters than DTW’s dissimilarities.

One of the important issues in multiscale matching is treatment of ‘no-match’
sequences. Theoretically, any pairs of sequences can be matched because a se-
quence will become single segment at enough high scales. However, this is not
a realistic approach because the use of many scales results in the unacceptable



Fig. 7. Dendrograms for MSMmatch-AHC-C-IFN. Left: AL-AHC. Right: CL-AHC.

increase of computational time. If the upper bound of the scales is too low, the
method may possibly fail to find the appropriate pairs of subsequences. For ex-
ample, suppose we have two sequences, one is a short sequence containing only
one segment and another is a long sequence containing hundreds of segments.
The segments of the latter sequence will not be integrated into one segment until
the scale becomes considerably high. If the range of scales we use does not cover
such a high scale, the two sequences will never be matched. In this case, the
method should return infinite dissimilarity, or a special number that identifies
the failed matching.

This property prevents AHCs from working correctly. CL-AHC will never
merge two clusters if any pair of ’no-match’ sequences exist between them.
AL-AHC fails to calculate average dissimilarity between two clusters. Figure
7 provides dendrograms for GPT sequences of Hepatitis C (with IFN) patients
obtained by using multiscale matching and AHCs. In this experiment, we let the
dissimilarity of ’no-match’ pairs the same as the most dissimilar ’matched’ pairs
in order to elude computational problems. The dendrogram of AL-AHC is com-
pressed to the small-dissimilarity side because there are several pairs that have
excessively large dissimilarities. The dendrogram of CL-AHC demonstrates that
the ’no-match’ pairs will not be merged until the end of the merging process.

For AL-AHC, the method produced 8 clusters. However, similarly to the
previous case, most of the sequences (182/196) were included in the same cluster.
As shown in Figure 8 left image, no interesting information was found in the
cluster. For CL-AHC, the method produced 16 clusters containing 71, 39, 29, . . .
sequences. Figure 8 right image and Figure 9 provide examples of the sequences
grouped into the three primary clusters, respectively. Similar sequences were
found in the clusters, however, obviously dissimilar sequences were also observed
in their clusters.



Fig. 8. Examples of the sequences clusters obtained by AHCs. Left: AL-AHC. The
first cluster containing 182 sequences. Right: CL-AHC. the first cluster containing 71
sequences.

Fig. 9. Other examples of the clusters obtained by CL-AHC. Left: the second cluster
containing 39 sequences. Right: the third cluster containing 29 sequences.

4.4 Multiscale Matching and RC

Rough set-based clustering method produced 25 clusters containing 80, 60, 18,
6 . . . sequences. Figures 10 and 11 represent examples of the sequences grouped
into the four primary clusters. It can be observed that the sequences were prop-
erly clustered into the three major patterns: continuous vibration, flat after vi-
bration, and short. This should result from the ability of the clustering method
for handling relative proximity.

5 Conclusions

In this paper we have reported a comparative study of clustering methods
for long time-series data analysis. Although the subjects for comparison were
limited, the results suggested that (1) complete-linkage criterion outperforms
average-linkage criterion in terms of the interpret-ability of a dendrogram and



Fig. 10. Examples of the clusters obtained by RC. Left: the second cluster containing
16 sequences. Right: the third cluster containing 10 sequences.

Fig. 11. Other examples of the clusters obtained by RC. Left: the fourth cluster con-
taining 9 sequences. Right: the fifth cluster containing 6 objects.

clustering results, (2) combination of DTW and CL-AHC constantly produced
interpretable results, (3) combination of DTW and RC would be used to find
core sequences of the clusters. Multiscale matching may suffer from the prob-
lem of ’no-match’ pairs, however, the problem may be eluded by using RC as a
subsequent grouping method.
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Abstract. In the present work, we investigated an applicability of Support Vec-
tor Machine (SVM) for classification of pharmacological activities of drugs. 
The numerical description of chemical structure of each drug was based the 
Topological Fragment Spectra (TFS) which was proposed by the authors. Do-
pamine antagonists of 1,227 that interact with different type of receptors (D1, 
D2, D3 and D4) were used for training the SVM.  For a prediction set of 137 
drugs that were not included in the training set, the obtained SVM classified 
123 (89.8 % ) drugs of them into their own activity classes correctly. The com-
parison of the usage of SVM and that of artificial neural network will be dis-
cussed too. 

1   Introduction 

For a half century, a lot of effort has been devoted to develop new drugs. It is true that 
such new drugs allow us to have better life. However, serious side effects of the drugs 
often have been reported and those raise a social problem. The aim of this research 
project is in establishing a basis of computer-aided risk report for chemicals on the 
basis of pattern recognition techniques and chemical similarity analysis.  

The authors [1] proposed the Topological Fragment Spectral (TFS) method for a 
numerical vector representation of the topological structure profile of a molecule. The 
TFS provides us a useful tool for the evaluation of structural similarity between mole-
cules. In our preceding work [2], we reported that an artificial neural network ap-
proach combined with input signals of the TFS allowed us to successfully classify the 
type of activities for dopamine receptor antagonists, and it could be applied to the 
prediction of active class of unknown compounds. And we also suggested that similar 
structure searching on the basis of the TFS representation of molecules could provide 
us a chance discovery for some new insight or knowledge from a huge amount of data. 
It is clear that these approaches are quite useful for data mining and data discovery 
problems too. 

On the other hand, in the past few years, support vector machines (SVM) have 
brought us a great interest in the area of machine learning due to its superior generali-
zation ability in a wide variety of learning problems [3-5]. Support vector machine is 



 

 

originated from perceptron theory, but some classical problems such as multiple local 
minima, curse of dimensionality and over-fitting in artificial neural network little 
occur in this method. Here we investigate the utility of support vector machine com-
bined with the TFS representation of chemical structures in classification of pharma-
cological activity of drugs. 

2   Methods 

2.1   Numerical representation of chemical structure 

In the present work, to describe structural information of drugs, Topological Fragment 
Spectra (TFS) method [1] was employed. The TFS is based on enumeration of all the 
possible substructures from a chemical structure and numerical characterization of 
them. A chemical structure can be regarded as a graph in terms of graph theory. For 
graph representation of chemical structures, hydrogen suppressed graph is often used.  

 

 
Fig. 1.  A schematic flow of TFS generation. S(e) is the number of edges (bonds) of the frag-
ments to be generated. 

 



 

 

To get a TFS representation of a chemical structure, all the possible subgraphs with 
the specified number of edges are enumerated. Subsequently, every subgraph is char-
acterized with a numerical quantity. For the characterization of a subgraph we used 
the overall sum of the mass numbers of the atoms corresponding to the vertexes of the 
subgraphs. In this characterization process, suppressed hydrogen atoms are taken into 
account as augmented atoms. The histogram is defined as a TFS that is obtained from 
the frequency distribution of a set of individually characterized subgraphs (i.e. sub-
structures or structural fragments) according to the value of their characterization 
index. 

The TFS generated along with this manner is a digital representation of topological 
structural profile of a drug molecule. This is very similar to that of mass spectra of 
chemicals. A schematic flow of the TFS creation is shown in Fig. 1. 

The computational time required for the exhaustive enumeration of all possible 
substructures is often very large especially for the molecules that involve highly fused 
rings. To avoid such a problem the use of subspectrum was employed for the present 
work, in which each spectrum could be described with structural fragments up to a 
specified size in the number of edges (bonds). 

2.2   Support Vector Machine 

Support vector machine has been focused as a powerful nonlinear classifier due to 
introducing kernel function trick in the last decade [5]. The basic idea of SVM is 
described as follows: it maps the input vectors x  into a higher dimensional feature 
space z through some nonlinear mapping chosen in advance. In this space, an optimal 
discriminant surface with maximum margin is constructed (Fig.2). Given a training 
dataset represented by ),...,,...,( 1 ni xxxX , ix that are linearly separable with class 
labels niyi ,...,1},1,1{ =−∈ , the discriminant function can be described as the follow-
ing equation. 

bf ii +⋅= )()( xwx  (1) 

Where w is a weight vector, b is a bias. The discriminant surface can be described as 
0)( =if x . The plane with maximum margin can be determined by minimizing 
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with constraints, 
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The decision function is represented as )()( bsignf +⋅= xwx  for classification, where 
sign is a simple sign function which returns 1 for positive argument and -1 for a nega-
tive argument. This basic concept would be generalized to a linearly inseparable case 
by introducing slack variables iξ  and minimizing the following quantity, 
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which is subject to the constraints iii by ξ−≥+⋅= 1)( xw  and 0≥iξ . This primal infor-
mation of the optimization problem reduces to the previous one for separable data 
when the constant C is enough large. This quadratic optimization problem with the 
constraints can be reformulated using Lagrangian multipliers α . 

∑−∑ ⋅=
==

n

i
i

n

ji
jijiji yyW

11,2
1)( αααα xx  (5) 

with the constraints Ci ≤≤ α0  and 0
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Since the training points ix  do appear in the final solution only via dot products, this 
formulation can be extended to general nonlinear functions by using the concepts of 
nonlinear mappings and kernels [6]. Given a mapping, )(xx φ→ , the dot product in 
the final space can be replaced by a kernel function. 
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Here we used radial basis function as the kernel function for mapping the data into a 
higher dimensional space. 
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Basically, the SVM is a binary classifier. For classification problem of three or 
more categorical data, plural discrimination functions are required for the current 
multi categorical classification.  In this work, one-against-the-rest approach was used 
for the case. The TFS were used as input feature vectors to the SVM.  All the SVM 
analyses were carried out using a computer program developed by the authors accord-
ing to Platt’s algorithm [7]. 
 

 
Fig. 2. Illustrative scheme of nonlinear separation of two classes by the SVM with a kernel 
trick. 

 



 

 

2.3   Data set 

In this work we employed 1,364 dopamine antagonists that interact with four different 
types of receptors (D1, D2, D3 and D4). The data are a subset of MDDR [6] database. 
The data set was divided into two groups; training set and prediction set. The two 
include 1,228 compounds and 136 compounds respectively. 

3   Results and Discussion 

3.1   Classification and Prediction of pharmacological activity of dopamine 
receptor antagonists by SVM 

The applicability of the SVM combined with the TFS representation of chemical 
structures was validated in discriminating active classes of pharmaceutical drugs. Here, 
Dopamine antagonists of 1,227 that interact with different type of receptors (D1, D2, 
D3 and D4) were used for training the SVM with their TFS to classify the type of 
activity. The SVM model was able to learn to classify all the compounds into their 
own active classes correctly. Then, the trained SVM model was used for the predic-
tion of activity for unknown compounds. For 137 separately prepared in advance, the 
activity classes of 123 compounds (89.8% ) were correctly predicted. The results are 
summarized in Table 1. In the comparison among the results for four classes it is 
shown that the prediction result for D4 receptor antagonists is better than those of 
other classes in both cases of the training and the prediction. It would be considered 
that the SVM model have got a set of well defined support vectors from the training 
set because the number of samples is considerably larger than those of the others. 
These results show that the SVM provides us a very powerful tool for the classifica-
tion and prediction of pharmaceutical drug activities, and that the TFS representation 
should be suitable as input signal to SVM in the case.  

 

Table 1. Results of SVM analyses for 1364 dopamine antagonists 

 Training Prediction 
Class Data %Correct Data %Correct 
All 1227 100 123/137 89.8 
D1 155 100 15/18 83.3 
D2 356 100 31/39 79.5 
D3 216 100 22/24 91.7 
D4 500 100 55/56 98.2 



 

 

3.2   Comparison between SVM and ANN 

In the preceding work [2], the authors reported that an artificial neural network based 
on the TFS gives us a successful tool for the discrimination of active classes of drugs. 
To evaluate the better performance of the SVM approach for the current problem, 
here, we tried to compare the results by SVM with those by artificial neural network 
(ANN). The data set of 1364 drugs used in the above section was employed for the 
analysis as well. Ten-fold cross validation technique was used for the computational 
trial. The results were summarized in Table 2. 

Table 2. Comparison between SVM and ANN by ten-fold cross validation test. 

 SVM ANN 
Training Prediction Training Prediction Active 

Class %Correct %Correct %Correct %Correct 

All 100 90.6 87.5 81.1 

D1 100 87.5 76.0 70.7 
D2 100 86.1 80.7 69.9 
D3 100 88.3 90.9 85.8 
D4 100 95.5 94.5 90.5 

 
 

The table shows that the results obtained by SVM were better ANN for every case in 
this trial. These results show that the TFS-based support vector machine could give us 
more successful results than TFS-base artificial neural network for the current problem. 

4   Conclusions and Future Work 

In this work, we investigated the usage of support vector machine for classification of 
pharmacological activities of drugs. The Topological Fragment Spectra (TFS) method 
was used for the numerical description of chemical structure information of each drug. 
It is concluded that the TFS-based support vector machine can be successfully applied 
for the prediction of type of activities of drug molecules. However, because many 
instances are required to establish predictive risk assessment and risk report of drugs 
and chemicals, further works would be still required to test the usage of the TFS-based 
support vector machine with much more various kinds of drugs. In addition, it would 
also be interesting to identify the support vectors chosen in the training phase and 
analyze their structural features from the view point of structure-activity relationships 
of the drug molecules. 
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Abstract. We propose an approach for making FOIL better handling
multiple-instance data. This learning problem arises when trying to gen-
erate hypotheses from examples in the form of positive and negative
bags. Each bag contains one or more instances and a bag is labelled
as positive when there is at least one positive instance, otherwise, it is
labelled as negative. Several algorithms have been proposed for learn-
ing in this framework. However all of them can only handle data in
the attribute-value form which has limitations in knowledge representa-
tion. Therefore, it is difficult to handle examples consisting of structures
among components, such as chemical compounds data. In this paper, the
Diverse Density, a measure for multiple-instance data, is applied to adapt
the heuristic function in FOIL in order to improve learning accuracy in
multiple-instance data. We conducts the experiments on real-world data
related to chemical compound data analysis in order to show the im-
provement.

1 Introduction

Multiple-instance (MI) learning [1] is a framework extended from supervised
learning in the case that training examples cannot be labelled completely. Train-
ing examples are grouped into labelled bags marked as positive if there is at least
one instance known to be positive. Otherwise, they are marked as negative. The
MI learning framework was originally motivated by the drug activity predic-
tion problem which aims to determine whether aromatic drug molecules bind
strongly to a target protein. As a lock and a key, the shape of molecules is the
most important factor for determining this binding. The molecules can neverthe-
less adapt their shapes widely. Then, each shape is represented as an instance
and the positive bags are the molecules with at least one shape binding well.
On the other hand, the negative bags contains molecules whose shapes did not
bind at all. Dietterich et al. formalised this framework and proposed the axis-
parallel rectangles algorithm [1]. After this work, many approaches have been
proposed for MI learning [2–4], they nevertheless aim for handling only data in



the attribute-value form where an instance is represented as a fixed-length vec-
tor inheriting a limitation that complicated relations among instances become
difficult to be denoted, for example, representing chemical compound structures
by describing atoms and bonds among atoms.

Inductive Logic Programming (ILP) has introduced more expressive first-
order representation to supervised learning. ILP has been successfully applied
to many applications and the first-order logic can also be represented the MI
data well. However, in order to make the ILP systems able to generate more
accurate hypotheses, the distance among instances would be useful because in
MI data the positive instances cannot be specified exactly, thus the distance
between positive instances and negative instances plays an important role in
this determination. If there is an area that many instances from various positive
bags locating together and that area is far from the instances from negative bags,
the target concept would come from the instances in that area.

This paper presents the extension of FOIL [5] using the Diverse Density
(DD) [2], a measure for evaluating MI data. Applying this measure will make
FOIL more precisely identify the positive instances and generate more suitable
hypotheses from training data. In this research, we focus on applying this ap-
proach to predict the characteristics of chemical compound. Each compound (or
molecule) is represented using properties of atom and bonds between atoms.

The paper is organised as follows. The next section described the background
of DD and FOIL which are the bases of our approach. Then the modification of
FOIL algorithm is considered. We evaluate the proposed algorithm with chemical
compound data. Finally the conclusion and our research direction are given.

2 Background

2.1 Diverse Density

The Diverse Density (DD) algorithm aims to measure a point in an n-dimensional
feature space to be a positive instance. The DD at point p in the feature space
shows both how many different positive bags have an instance near p, and how
far the negative instances are from p. Thus, the DD is high in the area where
instances from various positive bags are located together. It can be calculated
as

DD(x) =
∏

i

(1−
∏

j

(1− exp(−‖B+
ij − x‖2))) ·

∏

i

∏

j

(1− exp(−‖B−ij − x‖2)) (1)

where x is a point in the feature space and Bij represents the jth instance of the
ith bag in training examples. For the distance, the Euclidean distance is adopted
then



‖Bij − x‖2 =
∑

k

(Bijk − xk)2 (2)

In the previous approaches, several searching techniques are proposed for
determining the value of features or the area in the feature space that maximises
DD. In this paper, the DD is however applied in the heuristic function in order
to evaluate each instance from the positive bags with the value between 0 and
1.

2.2 FOIL

The learning process in FOIL starts with a training set (examples) containing
all positive and negative examples, constructs a function-free Horn clause (a
hypothesis) to cover some of the positive examples, and removes the covered
examples from the training set. Then it continues with the search for the next
clause. When the clauses covering all the positive examples have been found,
they are reviewed to eliminate any redundant clauses and re-ordered so that all
recursive clauses come after the non-recursive ones.

FOIL uses a heuristic function based on the information theory for assessing
the usefulness of a literal. It seems to provide effective guidance for clause con-
struction. The purpose of this heuristic function is to characterise a subset of
the positive examples. From the partial developing clause R(V1, V2, . . . , Vk) ←
L1, L2, . . . , Lm−1, the training examples covered by this clause are denoted as
Ti. The information required for Ti is given by

I(Ti) = − log2(|T+
i |/(|T+

i |+ |T−i |)) (3)

If a literal Lm is selected and yields a new set Ti+1, then the similar formula
is given as

I(Ti+1) = − log2(|T+
i+1|/(|T+

i+1|+ |T−i+1|)) (4)

From above, a heuristic used in FOIL is calculated an amount of information
gained when applying a literal Lm;

Gain(Li) = T++
i × (I(Ti+1)− I(Ti)) (5)

T++
i in this equation is the positive examples extended in Ti+1.

This heuristic function is used over every candidate literal and the literal
with a largest value is selected. The algorithm will continue until the generated
clauses cover all positive examples.

3 Our Approach

The essential difference between the MI problem and the classical classifica-
tion problem is in the positive examples. In the classical problem, positive and
negative examples are precisely separated, where in the MI problem, positive



instances cannot be specified exactly since positive bags only contain at least
one positive instance. FOIL nevertheless evaluates and selects the best literal
based on a number of positive and negative instances covered and uncovered.
The negative examples can exactly be obtained from negative bags but for the
positive examples, they are mixed in the positive bags together with the nega-
tive ones. Thus, if the MI data are applied to the original algorithm, it would
be more difficult to get the correct concept since the positive examples contain
a lot of noises. In order to handle these data, most of MI learning algorithms
assume the area in the feature space where instances from different positive bags
locating together as the target concept and this is formalised into the measure
in DD.

The basic idea of our approach is to evaluate instances from the positive
bags by using DD to show the strength of the instance to be positive using
a value between 0 and 1. We then modified the heuristic function in FOIL to
use the sum of DD values covered instead of the number of positive examples.
For negative examples, as they are exactly labelled, we then use the number of
negative examples in the same manner as the original function. Therefore, |T+

i |
in formula (3) is changed to the sum of DD of positive examples, but |T−i | still
remains the same as in the original approach. The modified heurisfic function
can be written as follows.

DDs(T ) =
∑

Ti∈T
DD(Ti) (6)

I(Ti) = − log2(DDs(T+
i )/(DDs(T+

i ) + |T−i |)) (7)
Gain(Li) = DDs(T++

i )× (I(Ti+1)− I(Ti)) (8)

3.1 DD computation

In order to compute DD, the features describing each instance are necessary so
that the instances can be separated. However, the first-order representation is
so flexible that the feature can be described in several ways using one or more
predicates. Therefore, predicates representing each instance have to be specified
first.

In this research, the distance between predicates is calculated from the dif-
ference between each parameter in the predicates, then, these difference values
are combined to the distance by using the Euclidean distance. For example, in
the chemical compound data, we treat each atom in a molecule as an instance.
The atom may be defined as atm(compoundid, atomid, elementtype, atomtype,
charge). The distance between two atoms can be computed by using the differ-
ence between parameters. However, a parameter may be discrete or continuous
value. In case of continuous value, the difference is computed by substraction.

∆p = |p1 − p2| (9)

In case of discrete value, the difference value will be 0 if they are the same
value. Otherwise, it will be 1.



Fig. 1. An example of problem domain for MI data (a molecule represents a bag and
an atom is an instance in a bag.)

∆p =

{
0 if p1 = p2,

1 otherwise.
(10)

Then, the distance between two predicates can be calculated in the same way
as formula 2 as

‖P1 − P2‖2 =
∑

p1i∈P1,p2i∈P2

(∆p)2 (11)

For example, the distance between atm(m1, a1 1, c, 20, 0.1) and atm(m1,
a1 2, o, 15, 0.2) will be calculated from the difference between ‘c’ and ‘o’, ‘20’
and ‘15’ (these values are treated as discrete because it is the atom type), and
‘0.1’ and ‘0.2’ that is 12 + 12 + 0.12 = 1.01. Figure 1 shows an example of
problem domain for MI data that a molecule represents a bag and an atom is
an instance in a bag. The DD approach tries to evaluate the area that instances
from various positive bags locating together and is far from negative instances.
From the figure, the shaded area has high DD value. For the chemical compound
prediction, this area shows the characteristics of atoms that are common among
the positive molecules.

3.2 The Algorithm

From the proposed approach, we examined the heuristic calculation in order to
suit the MI data. We then considered modifying the algorithm.

Figure 2 shows the main algorithm used in the proposed system. This algo-
rithm starts by initialising the set Theory to null, and the set Remaining to
the set of positive examples. The algorithm loops to find rules and add each
rule found to Theory until all positive examples are covered. It can be seen that
this main algorithm is the same as FOIL. We modified the heuristic calculation
which is in subroutine FindBestRule.



– Theory ← ∅
– Remaining ← Positive(Examples)
– While not StopCriterion(Examples,Remaining)
• Rule← FindBestRule(Examples,Remaining)
• Theory ← Theory ∪Rule
• Covered← Cover(Remaining,Rule)
• Remaining ← Remaining − Covered

Fig. 2. The main algorithm.

Subroutine FindBestRule is shown in figure 3. As explained above, the DD
is applied for calculating a heuristic function. Another problem can nevertheless
be considered in this learning approach. When using the DD in counting the
number of positive examples covered, there are many cases that the heuristic
value may not increase during the searching process (the information gained
equals to 0) because there are usually few true positive instances in one positive
bag; hence, most of instances from positive bags have the DD value close to 0.
This situation makes it difficult to find the best rules using only the hill-climbing
approach as in FOIL since there are various candidates with the same heuristic
value, aimlessly selecting the candidate may lead to the wrong direction. In
order to avoid this problem, the beam search is applied to the proposed system
so that the algorithm maintains a set of good candidates instead of selecting
of the best candidate at that time. This searching method makes the algorithm
able to backtrack to the right direction and finally get to the goal.

FindBestRule(Examples,Remaining)

– Initialise Beam with an empty rule, R as

R(V1, V2, V3, . . . , Vk)←

– R← BestClauseInBeam(Beam)
– While Cover(R,Negative(Examples))
• Candidates← SelectCandidate(Examples,R)
• For each C in Candidates
∗ GenerateTuple(Examples, Tuples)
∗ If C contains new relation Then re-calculate DD.
∗ Calculate heuristic value for Tuples and attach to C.

• UpdateBeam(Candidates,Beam).
• R← BestClauseInBeam(Beam)

Fig. 3. The algorithm for finding the best literals



Approach Accuracy

Proposed method 0.82
Progol 0.76[7]
FOIL 0.61[7]

Table 1. Accuracy on the mutagenesis dataset comparing to the other ILP systems.

4 Experiments and Discussion

We conduct experiments on datasets related to chemical structures and activity.
The objective of these dataset is to predict characteristics or properties of the
chemical molecules which consist of several atoms and bond between atoms.
Therefore, the first-order logic would be more suitable for representing this kind
of data since it is able to denote relations among atoms comprehensibly. This
learning problem can also be considered as multiple-instance problem because
each molecule may consist of a lot of atoms but only some connected atoms may
effect on the characteristics or properties of the molecule. Therefore, we treat a
molecule as a bag that consists of instances as atoms.

4.1 Mutagenesis Prediction Problem

The problem aims to discover rules for testing mutagenicity in nitroaromatic
compounds which are often known to be carcinogenic and also cause damage to
DNA. These compounds occur in automobile exhaust fumes and are also common
intermediates used in chemical industry. The training examples are represented
in form of atom and bond structure. 230 compounds were obtained from the
standard molecular modelling package QUANTA [6].

– bond(compound, atom1, atom2, bondtype), showing that there is a bond of
bondtype betweem the atom atom1 and atom2 in the compound.

– atom(compound, atom, element, atomtype, charge), showing that in the com-
pound there is the atom that has element element of atomtype and partial
charge charge

We conduct the experiment on this dataset and evaluate the results with
10-fold cross validation comparing to the existing ILP systems (FOIL and Pro-
gol). Table 1 shows the experimental results on this dataset. Examples of rules
generated from the proposed system is shown in figure 4.

4.2 Dopamine Antagonists Activity

This is another dataset that we conducted the experiment on. We used the
MDDR database of MDL Inc. This dataset contains 1,364 molecules that de-
scribe dopamine antagonist activity with atoms and bonds structure in the sim-
ilar manner to the mutagenesis dataset in the previous experiment. Dopamine



– active(A) ← atm(A,B,C,D,E), D=95.
The molecule contains an atom whose type is 95.

– active(A) ← atm(A,B,C,D,E), D=27, E<0.
The molecule contains an atom whose type is 27 and charge is less than 0.

– active(A) ← atm(A,B,C,D,E), E>=0.816, E<0.823, atm(A,F,G,H,I), I>=0.817.
The molecule contains two atoms. One has charge value between 0.816 and 0.823.
Another one has charge value greater than 0.817.

– active(A) ← atm(A,B,C,D,E), D=27, atm(A,F,G,H,I), H=27, bond(A,B,F,J).
The molecule contains two atoms. Both atoms are the same type which is 27 and
there is a bond between them.

Fig. 4. Examples of rules generated from the proposed system on the mutagenesis
dataset.

is a neurotransmitter in the brain that neural signals are transmitted via the
interaction between dopamine and proteins known as dopamine receptors. An
antagonists are a chemical compound that binds to a receptor, but does not
function as a neurotransmitter. It blocks the function of the dopamine molecule.
Antagonists for these receptors might be useful for developing schizophrenia
drugs. There are four antagonist activities (D1, D2, D3, and D4). In this ex-
periment, we aim to predict these activities by using the background knowledge
consisting of two kinds of predicate.

– bond(compound, bond, atom1, atom2, bondtype, length), showing that there
is a bond of bondtype between the atom atom1 and atom2 in the compound
with length.

– atom(compound, atom, element), showing that in the compound there is the
atom of element.

In this dataset, each atom is described by only its element. This would not be
enough for computing distances for the DD. Therefore, due to consulting with the
domain expert, the number of bonds linked to the atom and the average length
of bonds are added for the distance computing. Hence, each atom is represented
by three features, element type, number of bond linked, and average length of
bonds.

Moreover, as the proposed method can handle only two-class data (only
positive or negative), but there are four classes for the dopamine antagonist
compounds. Then, hypotheses for each class are learned by one-against-the-rest
technique, for instance, learning class D1 by using D1 as positive examples and
D2,D3,D4 as negative examples. The example of rules for D1 activity are shown
in figure 5.

4.3 Discussion

From the experiments, we found that the proposed method generates more ac-
curate rules when comparing to Progol and FOIL. Example of rules in figure



– d1(A) ← bond(A,B,C,D,E,F), F=1.45, atom(A,C,G), G=c.
This rule shows that a compound is class D1 if it contains a bond of length 1.45
and one of atom linked with this bond is a carbon atom.

– d1(A) ← bond(A,B,C,D,E,F), F=1.78, bond(A,G,H,D,I,J).
This rule shows that a compound is class D1 if it contains two bonds which link
three atoms together as shown in the figure below where each node represents an
atom and each edge represents a bond.

C D H

1.78

– d1(A) ← bond(A,B,C,D,E,F), F=1.345, bond(A,G,H,C,I,J), J=1.35.
This rule shows that a compound is class D1 if it contains two bonds which link
three atoms together as shown in the figure below.

H C D

1.35 1.345

– d1(A) ← bond(A,B,C,D,E,F), F<1.123, bond(A,G,C,H,I,J), J<1.458,
bond(A,K,H,L,M,N).
This rule shows that a compound is class D1 if it contains three bonds and the
relation between bonds and their length is shown in the figure below.

L CH D

<1.123<1.458

These rules are needed to be evaluated by the domain expert so that the predicate
or background knowledge can be improved in order to discover the interesting
knowledge.

Fig. 5. Example of rules generated on the dopamine antagonist analysis.



4 also shows the benefit of the proposed method which produces hypotheses in
the first-order represenation, for instance, rule (3) and (4) consist of two atoms
or a bond between atoms. These kinds of rule cannot be represented using the
propositional logic. Moreover, when considering the knowledge discovery, only
properties of one atom may not be good enough for describing the characteristic
of molecule. Therefore, in this classification the first-order logic would be more
suitable than the propositional logic. We will also try to improve the heuristic
function or the search technique in order to generate hypotheses that incorporate
a group of atoms and bonds between atoms.

5 Conclusions

We have presented the extension of FOIL for better handling multiple-instance
data by using Diverse Density to evaluate tuples from positive bags. This eval-
uation is similar to setting the instances with different sets of feature which
is actually the benefit of using the first-order representation. The experimental
results show that our approach learns from the real-world problem better than
Progol and FOIL.

In the current system, only atoms are considered as instances in bags. How-
ever, each bond itself may also be considered as an instance. Therefore, we will
try to improve the proposed system in order to handle various kinds of instances
in one bag in the future works. We also plan to improve the background knowl-
edge due to the discussion with the domain expert.
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2. Maron, O., Lazano-Pérez, T.: A framework for multiple-instance learn-
ing. Neural Information Processing Systems 10 (1998) Available at
ftp://ftp.ai.mit.edu/pub/users/oded/papers/NIPS97.ps.Z.

3. Chevaleyre, Y., Zucker, J.D.: A framework for learning rules from multiple in-
stance data. In: Proceedings of the 12th European Conference on Machine Learning,
Freiburg, Germany (2001) 49–60

4. Zhang, Q., Goldman, S.A.: Em-dd: An improved multiple-instance learning tech-
nique. In Dietterich, T.G., Becker, S., Ghahramani, Z., eds.: Advances in Neural
Information Processing Systems 14, Cambridge, MA, MIT Press (2002)

5. Quinlan, J.R.: Learning logical definitions from relations. Machine Learning 5
(1990) 239–266

6. Srinivasan, A., Muggleton, S., King, R.D., Sternberg, M.: Mutagenesis: ILP ex-
periments in a non-determinate biological domain. In Wrobel, S., ed.: Proceedings
of the 4th International Workshop on Inductive Logic Programming. Volume 237.,
Gesellschaft für Mathematik und Datenverarbeitung MBH (1994) 217–232

7. Chevaleyre, Y., Bredeche, N., Zucker, J.D.: Learning rules from multiple instance
data : Issues and algorithms. In: Proceedings of the 9th International Conference
on Information Processing and Management of Uncertainty in Knowledge-Based
Systems (IPMU02). (2002)



Development of a 3D Motif Dictionary System  
for Protein Structure Mining 

Hiroaki Kato, Hiroyuki Miyata, Naohiro Uchimura,  
Yoshimasa Takahashi, and Hidetsugu Abe 

Department of Knowledge-based Information Engineering,  
Toyohashi University of Technology,  

1-1 Hibarigaoka Tempaku-cho, Toyohashi, 441-8580 Japan 
{hiro, miyata, utimura}@cilab.tutkie.tut.ac.jp 

taka@mis.tutkie.tut.ac.jp, abe@cilab.tutkie.tut.ac.jp 

Abstract. This paper describes a three-dimensional (3D) protein motif diction-
ary system that is closely related to the PROSITE sequence motif database.  
Because there are many different 3D motif patterns but having a particular 
PROSITE sequence pattern, we have investigated the approaches for quantita-
tive comparison and clustering such 3D structure segments.  For a pair of 3D 
structure segments, the dissimilarity value is defined as the root mean squares 
of inter-residue distances.  A conformational pattern clustering is employed for 
grouping the 3D patterns on the basis of the dissimilarity matrix.  Some addi-
tional knowledge information described in PROSITE are also referred to refine 
the result.  The 3D motif dictionary was constructed using all the data set of 
PDB.  The graphical user interface for using the dictionary is also developed.  
The usefulness of the additional approach for the 3D motif dictionary is also 
discussed with an illustrative example. 

1   Introduction 

With the rapidly increasing number of proteins of which three-dimensional (3D) 
structures are identified, the protein structure database is one of the key elements in 
many attempts being made to derive the knowledge of structure-function relationships 
of proteins [1].  However, it is almost impossible to search manually 3D local struc-
tural features called motifs within protein full structures because of increasing num-
ber and their structural complexity.  For the reason, computerized methods are re-
quired for a systematic searching of the 3D features of proteins in such a database.  
For knowledge discovery based on 3D structural feature analysis of proteins, we have 
investigated to construct a dictionary of 3D partial structures that are conformed to 
the motifs in PROSITE [2], and systematic extensive analysis of 3D protein structures 
based on the 3D motif dictionary established.   

As shown in Table 1, each sequence motif pattern in PROSITE database is de-
scribed with regular expression.  In our preceding work, using the sequence motif 
patterns, the corresponding sites of them were extensively explored on the 3D struc-
tures of proteins taken from the Protein Data Bank (PDB [3]) database.  The segments 



found by the searching are collected for constructing a 3D motif database [4].  How-
ever, the results of structural feature analysis showed that a particular PROSITE se-
quence motif pattern corresponds to many different 3D protein segments. 

In this paper, we have investigated the approaches for quantitative comparison and 
clustering such 3D structure segments.  A dictionary that contains the representative 
3D geometrical pattern for each sequence motif is constructed using all the data sets 
in PDB (Fig.1).  The WWW-based user interface programs are also developed for 
managing and using the motif dictionary. 

 

Table 1. Example of sequence motif representation in PROSITE [2] 

Motif Pattern 
Kringle [FY]-C-R-N-P-[DNR]. 
Zinc fingerC2H2 C-x(2,4)-C-x(3)-[LIVMFYWC]-x(8)-H-x(3,5)-H. 

EF-hand D-x-[DNS]-{ILVFYW}-[DENSTG]-[DNQGHRK]-{GP}- 
[LIVMC]-[DENQSTAGC]-x(2)-[DE]-[LIVMFYW]. 

 
 

 
Fig. 1. Basic concept of 3D motif dictionary of proteins in the present work 

 



2   Methods 

2.1   Comparison and Clustering of 3D Geometric Patterns 

In the present work, the 3D structure segment of a protein is represented by a set of 
amino acid residues, and their 3D coordinates are approximated at those of α-carbon 
atoms of the residues.  For every pair of 3D segments, a value of dissimilarity is com-
puted.  The root-mean-square value of Euclidean distances between the correspond-
ing α-carbons of segments to be compared is defined as a measurement of dissimilar-
ity.  
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Where n is the number of amino acid residues of the 3D structure segment, dA(i, j) 
and dB(i, j) are the Euclidean distances between i-th and j-th residues of segment A 
and B, respectively. 

A dissimilarity matrix is made for the 3D segments that have a particular common 
sequence motif pattern.  Using the matrix, the segments are clustered into several 
structural clusters with a certain threshold value.  Then, for each cluster, a representa-
tive 3D feature pattern was determined on the basis of minimum variance of the dis-
tances between the representative and others.  Here, all possible cluster patterns can 
be enumerated by using every element of the matrix as the threshold value.  We de-
fined a difference of the threshold values for a pair of adjacent cluster patterns as the 
priority value for the cluster (Fig.2).   

 

 
Fig. 2. Enumerated cluster patterns and their priority value.  The patterns which have identical 
clustering result to the neighbors were removed for the candidate 
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2.2   Refinement of the Cluster Patterns 

Some additional knowledge information described in PROSITE are also used to re-
fine the result of cluster patterns.  Especially, the DR (Database Reference) records 
contain the pointers to entries of a protein sequence database, SWISS-PROT [5], and 
flags that indicate the said motif is found or not.  For example, the flag “T” in DR 
record means for a true positive entry, and “F” for a false positive: a sequence which 
does not belong to the set in consideration, respectively [2].  If this information is 
available, we have referred it and filtered the cluster patterns by using the cross refer-
ence table of SWISS-PROT to PDB [5].  That is, the cluster patterns which satisfied 
the following condition are selected: all 3D segments corresponding to the sequence 
with flag “T” ascribed to one cluster, and the segment with flag “F” to another cluster. 

3   Results and Discussion 

3.1   Construction of 3D Motif Dictionary 

We have prepared a target database that contains 25,980 protein structures (chains) 
taken from PDB Rel.102.  For 1,331 sequence patterns that are available on the 
PROSITE Rel.17.01, the 3D features are extensively explored on the target database.  
As the result, 907 patterns were found in the target database, and they were automati-
cally clustered on the basis of dissimilarity of their 3D geometrical patterns men-
tioned above.  If DR records in PROSITE are not available, or there are two or more 
candidate cluster patterns remained in the filtering procedure, the pattern which has 
the best priority value is temporarily selected.  The cluster which contained “true” 
motif segments, or the largest cluster if there is no such information, is assumed as 
the major pattern for this motif.  Then, a representative 3D segment pattern for major 
cluster is also automatically registered in 3D motif dictionary.  

3.2   Graphical User Interface for Using 3D Motif Dictionary 

For every PROSITE motif, 3D structure files for the corresponding motif segments, a 
list of enumerated cluster pattern, a representative 3D pattern, and other related in-
formation are registered in the dictionary.  We also developed the graphical user 
interface program for this motif dictionary in the present work.  It is implemented as a 
CGI program using Perl language.  For displaying 3D structural information of pro-
teins, MDL’s Chime plug-in [6] is required, and RasMol scripts are used for instruc-
tion of the view models.  The user can easily browse a list of motif with the represen-
tative 3D pattern, a table of other corresponding segments for each motif, and alterna-
tive cluster patterns.  In the database administrator’s mode, you may choice more 
reasonable cluster pattern if necessary.  Then, the corresponding representative 3D 
pattern is automatically modified.  For each 3D segment stored in this dictionary, a 



whole protein structure and the corresponding motif sites are also interactively dis-
played (Fig. 3). 
 

3.3   3D Pattern Searching Using the Dictionary 

Alternatively, in the previous work, the authors reported a computer program for 3D 
structural feature searching, which allows us to identify all occurrences of a user-
defined 3D query pattern consisting not only of chain-based peptide segments but 

 
 

 
Fig. 3. Some snapshots of WWW-based user interface for 3D motif dictionary



also of a set of disconnected amino acid residues [7].  More extensive analyses of 3D 
structural features of proteins can be also executed by using our program with the 
representative patterns registered in the 3D motif dictionary.  For example, 3D pattern 
searching was carried out for the representative pattern of EF-hand motif (PS00018).  
Several sites that are different from the sequence search were identified.  The pattern 
of 1B47A (D229-F241) shows one of them.  It was realized that the site is true for the 
EF-hand but that has a different residue in the sequence pattern reported in the 
PROSITE [8].  The result suggests that the present approach is quite useful for 3D 
structural feature analysis of proteins. 

4   Conclusion and Future Works 

We have developed 3D protein motif dictionary system based on PROSITE database.  
A representative 3D geometrical pattern for each sequence motif was automatically 
identified and stored into the dictionary with other structural information.  The au-
thors now are doing investigation on the development of filtering tool to get alterna-
tive features of protein too.  We believe that the dictionary described here will be 
more and more important in post genomic research to understand structure-function 
relationships of proteins. 
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Abstract.  Active responses from experts play an essential role in the 
knowledge discovery of SAR (structure activity relationships) from drug data. 
Experts often think of hypotheses, and they want to reflect these ideas to the 
attribute generation and selection processes. Authors have analyzed SAR of 
dopamine antagonists using the cascade model. In this paper, we generated 
attributes indicating the presence of hydrogen-bonded fragments from 3D 
coordinates of molecules, which were suggested by experts. The selection of 
attributes by experts has been shown to be useful in obtaining rules that lead to 
valuable knowledge. 

 1   Introduction 

The importance of SAR (structure-activity relationship) studies relating chemical 
structures and biological activity is well recognized. Early studies used statistical 
techniques, and concentrated on establishing quantitative structure activity 
relationships involving compounds sharing a common skeleton. However, it is more 
natural to treat a variety of structures together, and to identify the characteristic 
substructures responsible for a given biological activity. Recent innovations in high 
throughput screening technology have produced vast amounts of SAR data, and the 
demand for a new data mining method to facilitate drug development has increased. 

The author has already analyzed SAR’s [1, 2] using the cascade model that we 
developed [3]. Later, I pointed out the importance of the “datascape survey” in the 
mining process in order to obtain valuable knowledge. We added several functions to 
the mining software of the cascade model (DISCAS) to facilitate the datascape survey 
[4, 5].  

This new method was recently used in a preliminary study of the SAR for the 
antagonist activity of dopamine receptors [6]. The resulting interpretations of the rules 
were highly regarded by experts of drug design. However, the interpretation process 
of rules employed the visual inspection of supporting chemical structures as an 
essential step, and a user had to be very careful so that he/she did not miss 
characteristic substructures.  

Fruitful mining results will never be obtained unless an active user’s response is 
not expected. This paper reports an attempt to reflect expert’s ideas to the attribute 
generation and selection processes. Attributes indicating the hydrogen-bonded 



 

fragments are created using 3D coordinates of molecular structures. The attribute 
selection process provides a framework for active user’s responses. The next section 
briefly describes the aims of mining as well as the basic introduction to the mining 
method employed. The attribute generation and selection methods are described in 
Section 3. Typical rules and their interpretations are discussed in Section 4. 

2   Aims and Basic Methods 

2.1  Aims and Data Source for the Dopamine Antagonists Analysis 

Dopamine is a neurotransmitter in the brain. Neural signals are transmitted via the 
interaction between dopamine and proteins known as dopamine receptors. There are 
five different receptor proteins, D1 – D5, each of which has a different biological 
function. Their amino acid sequences are known, but their 3D structures are not yet 
established. 

Certain chemicals act as antagonists for these receptors. An antagonist binds to a 
receptor, but does not function as a neurotransmitter. Therefore, it blocks the function 
of the dopamine molecule. Antagonists for these receptors might be used to treat 
schizophrenic patients. The structural characterization of these antagonists is an 
important problem in developing new schizophrenia drugs. 

We used the MDDR database of MDL Inc. as the data source. It contains 1,349 
records that describe dopamine (D1, D2, D3, and D4) antagonist activity. Some of the 
compounds affected multiple receptors. The problem is to discover the structural 
characteristics responsible for each type of antagonist activity.  

2.2  The Cascade Model  

The cascade model can be considered an extension of association rule mining [3]. The 
method creates an itemset lattice in which an [attribute: value] pair is used as an item 
to constitute itemsets. Links in the lattice are selected and interpreted as rules. That is, 
we observe the distribution of the RHS (right hand side) attribute values along all 
links, and if a distinct change in the distribution appears along some link, then we 
focus on the two terminal nodes of the link. Consider that the itemset at the upper end 
of a link is [A: y] and item [B: n] is added along the link. If a marked activity change 
occurs along this link, we can write the rule: 

Cases: 200 ==> 50 BSS=12.5 
IF [B: n] added on [A: y]   
THEN [Activity]: .80 .20  ==>  .30 .70 (y n) 
THEN [C]:   .50 .50  ==>  .94 .06 (y n) 
Ridge [A: n]:   .70 .30/100  ==>  .70 .30/50 (y n) 

where the added item [B: n] is the main condition of the rule, and the items at the 
upper end of the link ([A: y]) are considered preconditions. The main condition 



 

changes the ratio of the active compounds from 0.8 to 0.3, while the number of 
supporting instances decreases from 200 to 50. BSS means the between-groups sum of 
squares, which is derived from the decomposition of the sum of squares for a 
categorical variable. Its value can be used as a measure of the strength of a rule. The 
second “THEN” clause indicates that the distribution of the values of attribute [C] 
also changes sharply with the application of the main condition. This description is 
called the collateral correlation.  

2.3  Functions for the Datascape Survey 

New facilities introduced to DISCAS (mining software for the cascade model) consist 
of three points. Decreasing the number of resulting rules is the main subject of the 
first two points [4]. A rule candidate link found in the lattice is first greedily 
optimized in order to give the rule with the local maximum BSS value, changing the 
main and preconditions. Let us consider two candidate links, (M added on P) and (M 
added on P’). Here, their main conditions, M, are the same. If the difference between 
preconditions P and P’ is the presence/absence of one precondition clause, the rules 
starting from these links converge on the same rule expression, and it is useful for 
decreasing the number of resulting rules. 

The second point is the facility to organize rules into principal and relative rules. In 
the association rule system, a pair of rules, R and R’, are always considered 
independent entities, even if their supporting instances overlap completely. We think 
that these rules show two different aspects of a single phenomenon. Therefore, a 
group of rules sharing a considerable amount of supporting instances are expressed as 
a principal rule with the largest BSS value and its relative rules. This function is useful 
for decreasing the number of principal rules to be inspected, and to indicate the 
relationships among rules. 

The last point is to provide ridge information of a rule [5]. The last line of the 
aforementioned rule shows ridge information. This example describes [A: n], the 
ridge region detected, and the change in the distribution of “Activity” in this region. 
Compared to the large change in the activity distribution for the instances with [A: y], 
the distribution does not change on this ridge. This means that the BSS value 
decreases sharply if we expand the rule region to include this ridge region. This ridge 
information is expected to guide the survey of the datascape. 

3   Attribute Generation and Selection 

3.1  Basic Scheme 

We used two kinds of explanation attributes generated from the structural formulae of 
chemical compounds. The first group consists of four physicochemical estimates: the 
HOMO and LUMO energy levels, the dipole moment, and LogP. The first three 
values were estimated by the molecular mechanics and molecular orbital calculations 



 

using MM-AM1-Geo method provided by Cache. LogP values were calculated by 
ClogP program in Chemoffice. 

The other group is the presence/absence of various structural fragments. Obviously, 
the number of all possible fragments is too large. We generated linear fragments with 
lengths shorter than 10. One of the terminal atoms of a fragment was restricted to be a 
heteroatom or a carbon constituting a double or triple bond.  

Linear fragments were expressed by constituent elements and bond types. The 
number of coordinating atoms and the presence/absence of attached hydrogens are 
added to the terminal and its adjacent atoms. C3H:C3-C-N-C3=O1 is a sample 
expression, where “C3H” means a three-coordinated carbon atom with at least one 
hydrogen atom attached, and “:” denotes an aromatic bond.  

Number of fragments generated from dopamine antagonist data was more than 
120,000, but most of them are useless as they appear only a few times among 1349 
molecules. On the other hand, the upper limit of the attributes is about 150 in the 
current implementation of DISCAS. Therefore, we selected 73 fragments, of which 
probability of appearance is in the range: 0.15 – 0.85.  

3.2  Hydrogen-bonded Fragments  

When we visualize chemical structures that satisfy rule conditions, we sometimes see 
a group of compounds that might be characterized by an intramolecular hydrogen-
bond, XH…Y, where X and Y are usually oxygen or nitrogen. However, the fragment 
generation scheme above-mentioned utilizes only the graph topology of the structure, 
and we cannot recognize the hydrogen-bond.  

The results of MM-AM1-Geo calculation used for the estimation of 
physicochemical properties provide 3D coordinates of atoms. Therefore, we can 
detect the existence of a hydrogen-bond using 3D coordinates. We judged the 
existence of a hydrogen-bond, XH…Y, when the following conditions were satisfied. 

1. Atom X is O, N, S or 4 coordinated C with at least one hydrogen atom. 
2. Atom Y is O, N, S, F, Cl or Br. 
3. The distance between X and Y is less than 3.7 Å if Y is O, N or F; and it is less 

than 4.2 Å otherwise.  
4. Structural formula does not contain fragments X-Y or X-Z-Y, where any bond type 

will do.  

When these conditions are satisfied, we generate fragments: Xh.Y, V-Xh.Y, Xh.Y-
W, and V-Xh.Y-W, where “h.” denotes a hydrogen-bond, and neighboring atoms V 
and W are included. Other notations follow the basic scheme. 

Application to the dopamine antagonists dataset resulted in 431 fragments, but the 
probability of the most frequent fragment was less than 0.1. Therefore, all hydrogen-
bonded fragments are not employed in the standard mining process. 



 

3.3  Attributes Selection and Spiral Mining  

When experts think of a characteristic substructure for the appearance of some 
biological activity, it can be expressed by few linear fragments. Some fragments 
might lead to clear and strong rules even if its probability of appearance in the data set 
is out of the specified range: 0.15 – 0.85.  

We provided a mechanism to add specified fragments as the attribute used in the 
mining. Consequently, a user can repeat the following steps, in order to discover 
better characteristic substructures.  

1. Prepare fragment attributes by the basic scheme. 
2. Compute rules.  
3. Read resulting rules and make hypotheses by the language of chemistry. 
4. Confirm the hypothesis by browsing supporting structural formulae. 
5. If one notices a characteristic fragment that does not appear in the rule, add the 

fragment as an attribute. Go to step 2. 
6. Repeat until satisfactory results are obtained. 

Since experts can put his/her ideas in the mining process, adding fragments and 
reading rules are now an interesting exploration. This spiral mining process is not 
limited to the incorporation of hydrogen-bonded fragments, but it is applicable to all 
kinds of fragments. 

4   Results and Discussion 

For the calculations with the DISCAS ver.3 software the parameters were set at 
minsup=0.01, thres=0.1, thr-BSS=0.01, min-rlv=0.7. These parameters are defined 
elsewhere [3, 4, 5]. We added 32 fragments after reading rules and inspecting 
chemical structures. They consist of 27 hydrogen-bonded fragments with 
probability_of _appearance > 0.02, and 5 fragments (N3-C3:C3-O2, N3H-C3:C3-O2, 
N3-C3:C3-O2H, N3H-C3:C3-O2H, O1=S4). The inspection process is not complete 
yet, but we can depict two examples that show the effectiveness of the current 
method.  

4.1  The D2 Antagonist Activity 

The analysis of this activity was hard in the former study. That is, the strongest rule 
indicating active compounds takes the following form when we use the basic scheme 
for the attribute selection. 

IF [C4H-C4H-O2: y]  added on   [ ] 
THEN D2AN:  0.32 0.68  ==>  0.62 0.38(on off) 
THEN C3-O2:      0.42 0.58 ==>  0.89 0.11(y n) 
THEN C3H:C3-O2:  0.33 0.67 ==>  0.70 0.30(y) 
Ridge [C3H:C3H:C:C3-N3: y] D2AN: 0.49 0.51/ 246 --> 0.92 0.08 / 71 



 

There appear no preconditions, and the main condition shows that an oxygen atom 
bonded to alkyl carbon is important. However, this finding is so different from the 
common sense of experts, and it will never be accepted as a useful suggestion. In fact, 
the ratio of active compounds is only 62%. Collateral correlations suggest that the 
oxygen atom constitutes aromatic ethers, and the ridge information indicates the 
relevance of aromatic amines. But, it has been difficult even for a expert to make a 
reasonable hypothesis.  

Experts found a group of compounds sharing the skeleton shown below, when they 
browse the supporting structures. So, they added fragments consisting of two aromatic 
carbons bonded to N3 and O2. This addition did not change the strongest rule, but 
there appeared a new relative rule shown below.  

IF [N3-C3:C3-O2: y]  added on   [ ] 
THEN D2AN:  0.31 0.69  ==>  0.83 0.17(on off) 
THEN HOMO:  0.16 0.51 0.33 ==>  0.00 0.19 0.81 (low medium high) 
THEN C3H:C3-N-C-C4H-N3: 0.24 0.76 ==> 0.83 0.17(y n) 

This rule has a higher accuracy and it explains about 20% of active compounds. The 
tendency observed in HOMO value also gives us a useful insight. However, the 
collateral correlation on the last line shows that most compounds supporting this rule 
have the skeleton show above. Therefore, we cannot exclude the possibility that other 
part of this skeleton is responsible for the activity. Further inspection is necessary to 
reach satisfactory hypotheses. 

4.2  The D3 Antagonist Activity 

The analysis of this activity is also complex, because there appear more than 10 
principal rules. We suggested 5 characteristic substructures in the former study. The 
strongest rule leading to this activity has the following form. 

IF [O1: y] added on [C3-N3: n] [C3=O1: n] 
THEN D3AN:  0.79 0.21  ==>  0.06 0.94(off on) 
THEN C3:N2:    0.33 0.67 ==>  0.01 0.99(y n) 
THEN N3H:       0.58 0.42 ==>  0.91 0.09(y n) 
THEN O2:        0.45 0.55 ==>  0.76 0.24(y n) 
THEN N3Hh.O2: 0.09 0.91 ==>  0.54 0.46(y n) 

The main condition of this principal rule is an oxygen atom, and the preconditions 
employed are the absence of two short fragments. Therefore, its interpretation is very 
difficult. After the inclusion of hydrogen-bonded fragments, there appeared the last 
line in the collateral correlations, where a steep increase of N3Hh.O2 is observed. The 
relevance of this fragment was confirmed by the appearance of a relative rule shown 
below.  
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IF [N3Hh.O2: y] added on   [C3-N3H: n] 

THEN D3AN: 0.88 0.12 ==> 0.05 0.95(off on) 

In fact, this rule accounts for about half of the active compounds supported by the 
principal rule. Visual inspection of the supporting structures has shown that the 
following skeleton leads to this activity. We have to note that a hydrogen-bond itself 
is not responsible for the activity.  

Another advantage of adding this hydrogen-bonded fragment is illustrated by the 

next principal rule.  

IF [C4H-N3H-C3=O1: y]  

added on [LUMO: 0 - 2] [HOMO: 0 - 1] [N3Hh.O2: n] 

THEN D3AN: 0.77 0.23 ==> 0.27 0.73(off on) 

Here, the absence of the fragment appears as a precondition. Since the compounds 
with this skeleton are excluded, most compounds at the upper node are inactive, 
giving a higher BSS value to the rule. After we recognize the above skeleton as active 
compounds, this type of rule expression is easy to understand the existence of distinct 
lead structures for the activity. 

5   Conclusion 

The proposed mining process has succeeded to evoke active responses from experts. 
They can put their ideas in the mining task, and step up the mining spiral by 
themselves. Now, experts can make rough hypotheses by reading rules. Browsing the 
supporting structures is still necessary. However, they do not need to be nervous when 
they inspect structures, since they can add many fragments and judge their importance 
by the resulting rules.  

We have to make a note on the interpretation of resulting rules after adding 
attributes. If an expert adds some fragments that were found in the preliminary step of 
analysis, they will often appear as a rule condition. But the appearance of a rule is no 
guarantee of truth. The fragment might be a part of large skeleton shared by the 
supporting structures. He/she has to check the collateral correlations carefully. Visual 
inspection of structures is also necessary before he/she reaches final hypotheses.  

The comprehensive analysis of ligands for dopamine receptor proteins are now 
under progress using the proposed system. They include not only discriminations of 
antagonists, but also those among agonists. Also under investigation are factors that 
distinguish antagonists and agonists. The results will be a model work in the field of 
qualitative SAR analysis. 
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Abstract. Recently, huge volume of spatial and geographic data are
stored into the database systems by using GIS technologies and various
location services. Based on the long term observation of person trip data,
we can derive patterns of person trip data and discover trends of actions
by executing spatial mining queries effectively. In order to improve the
quality of traffic management, traffic planning, marketing and so on, we
outline the architecture of spatial data warehouses for traffic data anal-
ysis. Firstly, we discuss some fundamental problems in order to achieve
a data warehouse for person trip data analysis. From the view point of
traffic engineering, we introduce our proposed route estimation method
and advanced spatial queries based on the techniques of temporal spatial
indices. Secondly, in order to analyze the characteristics of person trip
sequences, we propose the OLAP (On-Line Analytical Processing) ori-
ented spatial temporal data model. Our

∑
-tree data structure is based

on the techniques of data cube and 3DR-tree index. Finally, we evalu-
ate the performance of our proposed architectures and temporal spatial
data model by observing actual positioning data, which is collected by
location service in Japan.

1 Introduction

In recent years, application systems of GIS (Geographic Information System)
and spatial databases are becoming popular[13], and we have to operate and
analyze the huge volume of spatial temporal data in location service systems
based on GPS (Global Positioning System) and PHS (Personal Handy-phone
System).

Furthermore, in the research fields of data mining, a lot of spatial data min-
ing algorithms to derive patterns and discover knowledge in the huge volume
of databases are proposed[8, 6, 1, 9]. For example, in order to make clusters ef-
fectively, clustering algorithms make full use of the spatial characteristics, such
as density, continuity and so on. In our previous researches[3], we also proposed
effective clustering algorithms based on the spatial index technologies[11, 12],
such as R-Tree, R∗-Tree, PR-Quadtree and others.



(a) Analytical processes for spa-
tial temporal data.

(b) Spatial data warehouse and traffic mining
system.

Fig. 1. Processes and Architecture for Person Trip Data Analysis.

Therefore, in this paper, we outline an architecture of spatial data ware-
house for traffic management/control, traffic planning and marketing, in order
to analyze the characteristics of traffic flows based on location services.

In Section 2, we point out several fundamental problems[3], which must be
solved before constructing the spatial data warehouses. In Section 3, in order to
derive trip routes from actual discrete positioning data effectively, we introduce
the route estimation algorithm[4]. In Section 4, in order to execute large-scale
traffic simulation, we apply data replication algorithm and estimate more accu-
rate traffic parameters. We also discuss the performance of our proposed method
by using actual positioning data by PHS location service in Sapporo city. In Sec-
tion 5, from the view points of spatial data mining, we discuss typical OLAP
queries for traffic mining, and we propose spatial temporal data structures. Fi-
nally, we conclude in Section 6.

2 Spatial Data warehouse for Traffic Management

In order to construct data warehouse for traffic management systems, firstly
we have to integrate the technologies of GIS, spatial database and location ser-
vices. In this section, we point out several problems of geographical information
systems and location services.

2.1 Architecture of spatial data warehouse for traffic management

We introduce the analytical processes for person trip data in Fig.1(a) and we
describe the data warehouses and related processing modules for person trip
data analysis in Fig.1(b). Firstly, by using location services, we observe data of
“person trip” and translate from raw data to “location data”. We estimate a trip
route by using discrete location data and map data for a specific person trip. The



(a) Positioning sequences and exact
route.

(b) Primary estimated route and al-
ternative route.

Fig. 2. Comparison between exact route and estimated route.

sequence of “trip and action data” is derived from data of “route estimation”
and action attribute values. If we have a sufficient volume of person trip data, it
may be possible to analyze “OLAP oriented model” directly, and we can derive
“pattern and knowledge” for “traffic management” from data. However, due to
the problems of privacy and location observing costs, it is very difficult to capture
sufficient numbers of person trip data in a target area. Therefore, we apply “data
replication” algorithm to original observing trip data, then we execute simulation
tools (MITSim) by using cloning data of actual person trip.

2.2 Basic problems of GIS and location service

Integration of different types of GIS:
There are so many geographic information systems, which are composed of

spatial databases and advanced analytical tools. However, it is not so easy to
integrate different types of information systems in order to develop the spatial
data warehouse for traffic management. Because, we have to integrate various
spatial data with different formats with different accuracy.



Clearing warehouses of geographic data:
Clearing warehouses and common spatial data formats, which are sometimes

described in XML, are becoming very useful in order to exchange different types
of spatial and non-spatial attribute values. However, at present, it is very hard to
integrate schemata, attributes and many other characteristic values. For exam-
ple, in order to display the position on a map, we have to handle several different
spatial coordinates such as WGS-84, ITRF(International Terrestrial Reference
Frame) and others.

Advanced trip monitoring systems:
We evaluated the measurement errors by using mobile GPS terminals[2]. But

it is not sufficient to determine the location by using PHS type location services.
The major error factor of the PHS service seems to be caused by the reflection of
buildings and constructions. Of course, the error is becoming smaller by GPS and
pseudolites gradually. Therefore, we have to pay attention to advanced location
services[Note1]. 3

3 Estimation of Person Trip Route

In this section, we focus on the estimation of person trip route, and we examine
the accuracy and validity of our proposed algorithm by using actual PHS location
service.

After integrating the numerical map, various geographical and spatial at-
tributes, such as nodes of crossroads, road arcs, directions and so on, spatial
objects are stored into the spatial data warehouse. In this experiment, we uti-
lized a numerical map of a restricted area. We also analyzed the sequences of
positioning data during 30 minutes with 15 seconds interval of location service.

Fig.2 (a) and (b) show the comparison with the actual sequences of PHS
positioning data and the estimated person trip routes that are derived by our
Quad-tree based estimation algorithm[4].

In Fig.2 (a), the numbers show the sequences of positioning data provided by
PHS location service, pale -blue- lines show the roads that should be searched,
and the red -or black- line with points shows the exact person trip route. In Fig.2
(b), a line with points shows the primary person trip route that is estimated by
out algorithm, and several pale lines mean alternative rational person trip route.
In this case, the primary route is entirely consistent with the exact route. But the
both of estimated routes are also rational, which satisfy traffic legal restrictions.
The alternative routes may be rational within the error range of PHS location
service. In several experiments, almost of all routes could be specified fast and
correctly.

By using our proposed system, it is possible to collect sufficient volume of
person trip routes into the spatial data warehouse in order to analyze the traffic
congestion and patterns for statistical or mining objectives.
3 One of important URLs is http://www.fcc.gov/911/.



4 Replication of Person Trip for Large-scale Simulation

There are several major analytic methods for traffic congestion, such as stochas-
tic user equilibrium assignment model, numerical computing by simulation model
and others. However, it is so hard to consider interfering constraints between trip
parameters. Generally speaking, a sequence of person trips and actions strongly
dependents each others, but almost of all analytical models don’t care those
interference of sequential actions.

On the other hand, by using advanced location service, it is to easy to capture
the long-term sequence of detail trips and actions. Therefore, we propose our
continuous person trip model with interfering actions, an array of observable
trip-action is given by sequences of OTi = [A1TA2TA3TA4 · · ·] in Fig.3 (a). A
person trip is presented by a sequence of actions Ai and trip time T .

(a) Replication of spatial informa-
tion data.

(b) Visualization of MITSim results.

Fig. 3. OLAP Oriented Spatial Data Structure.

As we mentioned in previous section, due to the problems of privacy and
observing cost, it is very difficult to collect sufficient numbers of person trip data.
In order to execute MITSim as a large-scale simulation in Fig.3 (b), we need much
more volume of observing data or their replications as initial settings. Therefore,
with preserving the order of actions, we replicate and clone the array of trip-
action data with different distribution of moving speed and staying time. Easily
speaking, the sequence of OTi = [A1TA2TA3TA4] is preserved, we produce some
mutants of a trip-action sequence presented in Fig.3 (a).

In our experiment, we collected the sequences of 99 person trip data, who
had trip-actions from Sapporo city to Sapporo dome on November 24 in 2001,
by observing PHS mobile terminals. We visualized sequences of person trips
with 5 minutes interval time in Fig.4, we recognized that moving objects were
concentrated into specific area, “Sapporo dome”. Therefore, the replicants and



mutants of these sequences are also concentrated in the specific area, when we
execute cloning process of trip-action data.

Fig. 4. Visualization of Person Trip Data.

Next, we executed MITSim as large-scale simulation presented in Fig.5.
Based on the experimental results, it is possible to estimate the peak value
of congesting situation correctly. There is a little bit delay of trips between the
actual observation and our simulation results.

Next, it is important to analyze and discover the primary factors of this
congesting situation in order to have traffic management and control.

5 Analytical Queries in Spatial Data Warehouse

In this section, we focus on the problems of OLAP (On-Line Analytical Process-
ing) in a spatial data warehouse for traffic management and control. We discuss
important analytical queries from the view point of traffic engineering. We also
propose OLAP oriented spatial data structure in order to derive characteristics
of moving objects in the data warehouse effectively.



Fig. 5. Comparison of observation and simulation results.

5.1 OLAP queries for traffic management

Firstly, we have to consider temporal spatial index such as TPR-tree (Time
Parameterized R-tree)[10] in order to handle moving objects dynamically[7].
TPR-tree is an extension of R-tree index, and moving objects are stored in
nodes of TPR-tree index by using the time function.

After we store a huge number of trip-action sequences into a spatial data
warehouse, we need to execute temporal spatial queries[10] in order to discover
characteristics of traffic flows from the view point of traffic management and
control. Here, we use definitions of time series, t1, t2(t1 < t2), and regions, R1,
R2, and the following temporal spatial queries are important for our analysis.

1. Timeslice query Qts = (R1, t1): At time point t, objects are searched for
in a region R1 in Fig.6 (a).
(ex.) Based on the results of a query, we can calculate typical traffic flow
parameters, such as traffic density, average traffic velocity and others.

2. Window query Qwin = (R1, t1, t2): Fig.6 (b) shows that moving objects
are searched for in the regionR1 from t1 to t2.
(ex.) By using the results of window queries, we can calculate time average
velocity which has rather stable property in traffic analysis.

5.2
∑

-tree for person trip data analysis

In order to execute analytical queries and mining processes, we proposed our
spatial temporal data structure, which is based on the technologies of spatial



R1

t=t1

(a) Timeslice query.

R1

t=[t1,t2]

(b) Window query.

Fig. 6. Spatial Temporal Queries for Traffic Analysis.

temporal indices and data cube. Our proposed
∑

-tree data structure in Fig.7
has a hierarchical tree structure with having total number of objects and sum
of objects’ speed stored in lower nodes[5].

For instance, we consider spatial temporal data
(x1, y1, t1), (x2, y2, t2), · · · , (xn, yn, tn) with total number of objects n. This hi-
erarchy is based on the spatial constraints with moving speed and direction of
objects. Nodes L1, L2, · · · , LN are constructed hierarchically by using spatial
constraints of objects, such as similar vectors with moving speed and direction,
and objects are stored in same segments of roads.





(x1, y1, t1), (x2, y2, t2), · · · , (xi, yi, ti) ⊂ L1

(xi+1, yi+1, ti+1), · · · , (xj , yj , tj) ⊂ L2

:
(xk+1, yk+1, tk+1), · · · , (xn, yn, tn) ⊂ LN

Furthermore, considering additional speed attribute values (x1, y1, t1, v1),
(x2, y2, t2, v2), · · · , (xn, yn, tn, vn) in a leaf node, sum of objects’ speed VL1 ,
VL2 , · · · , VLN are also stored in upper nodes.

VL1 =
i∑

l=1

vl, VL2 =
j∑

l=i+1

vl, · · · , VLN =
n∑

l=k+1

vl

For example, in our proposed data structure of Fig.7 (b), we define the specific
spatial node (< xijs : yijs : tijs, xije : yije : tije >) based on two different
tips of nodes (xijs, yijs, tijs) and (xije, yije, tije). We also store area of nodes
(x, y, t) ⊂ Lu, sum of traffic parameters, such as total speed of objects VLu and
total number of objects NLu . We can store those values into nodes recursively.
We name this spatial temporal data structure as

∑
-tree, in the specific nodes



(a) Data partitions for trip
data analysis.

(<xi1s:yi1s:td1s,
 xi1e:yi1e:ti1e>,vi1,ni1)

(<x(i-1)1s:y(i-1)1s:t(i-1)1s,
  x(i-1)1e:y(i-1)1e:t(i-1)1e>,v(i-1)1,n(i-1)1)

(<x(i-2)1s:y(i-2)1s:t(i-2)1s,
  x(i-2)1e:y(i-2)1e:t(i-2)1e>,v(i-2)1,n(i-2)1)

i

i-1

i-2

j=1 j=2

j=1

j=1

 (<xi2s:yi2s:ti2s,
  xi2e:yi2e:ti2e>,vi2,ni2)

(b) Objects stored in
∑

-tree.

Fig. 7. OLAP Orinted Spatial Data Structure.

including moving objects, it is possible to calculate summing-up and average
values by using this structure with small computing cost effectively[5].

6 Conclusion

In this paper, we outlined the framework of our proposed spatial data ware-
house for traffic management/control and discussed typical queries for traffic
data analysis and mining. At present, in order to analyze the traffic flow and
discover complex patterns from huge volume of person trip-action sequences,
we need to execute our proposed cloning process in our architecture. In near
future, if we can collect all actual positioning data in a region, we may omit the
replication and simulation modules in our proposed system.
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