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divide the group. In this study, we define VAS as distribution and develop a new clustering method to this dataset
directly using Symbolic data analysis.

2. Symbolic data analysis (SDA)

Conventional data analysis usually can handle scalars, vectors and matrices. However, lately, some datasets have
grown beyond the framework of conventional data analysis. Most statistical methods do not have sufficient power to
analyze these datasets.

Symbolic data analysis (SDA) proposed by Diday [2],[4] is an approach for analyzing new types of datasets.
“Symbolic data” consist of a concept that is described by intervals, distributions, etc. as well as by numerical values.
The use of SDA enriches data description, and it can handle highly complex datasets. This implies that complex data
can be formally handled in the framework of SDA. However, most SDA works have dealt with only intervals as the
descriptions and are very few studies based on this simple idea. The case that concept is described by intervals is
simple, but ignores detailed information in the intervals. We propose distribution-valued data to describe the concept.
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Figure 1 Transform the Visual Analogue Scale to PD: first time=35 second
Figure 2Transform the Visual Analogue Scale to pre-PD time=65

3. The Visual Analogue Scale (VAS)

A VAS consists of a line on a page with clearly defined end points, and normally a clearly identified scale between
the two end points. For guidance, the phrase “no pain” and “worst imaginable pain” are placed at the both side of the
line, respectively. Minimum value 0 of the VAS means “no pain” and maximum value 100 means “worst
imaginable pain”. These scales are of most value when looking at change within patients, and are of less value for
comparing across a group of patients because patient have a different sense of pain. It could be argued that a VAS is
trying to produce interval/ratio data out of subjective values that are at best ordinal. Thus, some caution is required
in handling such data. Many researchers prefer to use a method of analysis that is based on the rank ordering of
scores rather than their exact values, to avoid reading too much into the precise VAS score.

4. Transform the Visual Analogue Scale to Distribution-Valued Data

We transform the VAS to distribution-valued data. We suggest that sense of pain is described by mixture normal
distribution and call it “pain distribution (PD)” Let VAS score of patient’s first time be x1 and second time be x2.
To define PD, we set pre-PD. We define the middle point of x; and x, as mean of each patient y, and (u — x;)? =
(1 — x,)? as variance. We describe pre-PD as N(u, %) (Figure 1)..

Next, We set score of patient’s first time x1 be mean of pre-PD as new distribution of first time (pre-PD1). New
distribution of second time is defined in a similar way(pre-PD2). By combining pre-PD1 and pre-PD2, we get
mixture distribution, where set mixture weight for pre-PD1 as 0.6 and for pre-PD2 as 0.4. 1t is, finally, PD. Figure 2
shows the case that x, is 35 and x; is 65. In case that the number of VAS score is d, PD is d-dimensional normal
distribution. In this case, a diagonal matrix is used as a variance-covariance matrix of d-dimensional normal
distribution.
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5. Hierarchical Clustering for PD

Cluster analysis groups data objects only on the bases of information found in the data that describes the objects
and their relationships. The goal is that the objects within a group should be similar (or related) to one another and
different from the objects in other groups.

In this section, we propose a hierarchical clustering for distribution-valued data, especially for PD.

5.1. The Clustering Algorithm

We extend the idea of a hierarchical clustering in the framework of conventional data analysis. Let » be the number

of PD and K be the number of cluster.

<Step1> Begin with K clusters, each containing only a single PD, K = n. Calculate distance between PD.

<Step2> Search the minimum distance in K clusters. Let the pair the selected clusters. Combine PDs into a new
cluster, It is described by mixture distribution of the member, where mixture weight is equal. Let K be K-1.
If K > 1, go to Step3, otherwise Step4.

<Step3> Calculate the distance between new cluster and other cluster, and go back to Step2.

<Step4> Draw the dendrogram.

Kullback-Leibler divergence is the natural way to define a distance measure between probability distributions [5],
but not symmetry. We would like to use the symmetric Kullback-Leibler (symmetric KL) divergence as distance
between concepts. The symmetric KL-divergence between two distributions s; and s; is

D(s1 (), 5,(x)) = D(5:0) | 5300)) + D(5,(x) Il 51(x))
=f 51(x)log s )dx+ f s,(x) log S2(x ) ¢y

—00 2( ) —00 1( )
where D(51 Gl s, (x)) is KL divergence from s, to s, and D(s2 GOl sy (x)) is one from s, to s,.
5.2. Distance Between PDs
In section 5.1, we use symmetric KL-divergence as distance between PDs. It is symmetric KL-divergence between
Gaussian mixture distributions. However, it cannot be analytically computed. We can use, instead, Monte-Carlo
simulations to approximate the symmetric KL-divergence. The drawback of the Monte-Carlo techniques is the
extensive computational cost and the slow converges properties. Furthermore, due to the stochastic nature of the
Monte-Carlo method, the approximations of the distance could vary in different computations.
In this paper, we use unscented transform method proposed by Goldberger, ef a/[5].

We show approximation of D(51 )1l s, (x)) in (1). Let cluster ¢; contains d-dimensional distribution

Ny (u(l) Z(l) ) (m =1,-,M). Expression formula of ¢; is s, ( X) = Z,",{ﬂwﬁ)p(xwg)) , where wf,? is a mixture

weight, p(xle(l)) is m-th probability density function of N (ug) Z,(,P ) and 9,(;) = (ug) Zf,:) ) Simmilary, cluster
¢, contains d-dimensional distribution Ny (”(2) 2(2) ) (I =1,-,L). Expression formula of ¢, is s,( x) =

Eh 0 p(x|6().
Approximation of KL-divergence from sl to s2 by using unscented transform method is
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where oy, ¢ are sigma points. They are chose as follows:
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such that ( fzﬁ,? ) is #-th column of the matrix square root of Zf:) . Then,

t
1 1 1
Omt = /Jgn) + 1/d/1§n,)t ugn,)t
Oy = 1S — fdag?t ull), 4)

(€] 1 6]

where t = 1, ...,d, pp,” is mean vector of m-th normal distribution in s, Agnlt is +-th eigenvalue of X;” and ul

) is

t-th eigenvector. If p = I, the sigma points are simply

) & o7y
We can calculate approximation of D(s,}|s;). Substituting these approximations into (1), we obtain the symmetric
KIL-divergence. We set the divergence as distance between cluster ¢; and ¢
5.2. Distance Between PDs
In section 5.1, we use symmetric KL-divergence as distance between PDs. It is symmetric KL-divergence between
Gaussian mixture distributions. However, it cannot be analytically computed. We can use, instead, Monte-Carlo
simulations to approximate the symmetric KL-divergence. The drawback of the Monte-Carlo techniques is the
extensive computational cost and the slow converges properties. Furthermore, due to the stochastic nature of the
Monte-Carlo method, the approximations of the distance could vary in different computations.
In this paper, we use unscented transform method proposed by Goldberger, et al[5].

6. An Application to the VAS Data

In this section, we apply our proposal method to real VAS data from Keio University School of Medicine. This is
masked data and is not be tied to any information that would identify a patient.

6.1. Medical Questionnaire in Keio University School of Medicine

Center for Kampo Medicine, Keio University School of Medicine, have a questionnaire to patients to help medical
decision. The questionnaire includes one set of questions about their subjective symptoms. There are 244 yes-no
questions and 118 visual analogue scale questions,for example, ”How do you feel pain with urination?”. Patients
answer these questions every time when they come to Keio University. Doctors can understand patients’ fluctuate in
severity.

6.2. Data Description and Result

For our analysis, we deal with four question: Do you feel cold in your leg?”, ”Do you feel pain in your leg?”,

” Do you feel cold in your hand?”, “Do you feel pain in your hand?”. The data contain 113 patients’ first and
second VAS value. We transform this data set to PD. And we got some result as figures of dendrogram. The result
of our simulation show in figure3. Vertical axis of this dendrogram means distance between PDs.
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Figure 3 Dendrogram for PDs
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7. Concluding Remarks

In this paper, we defined PD that is from transformation of the VAS to Distribution-Valued data. We also proposed
hierarchical clustering method for it. Comparing across a group of patients by using the VAS is difficult, but our
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method can do it. Through the simulation, we verified our model.
In the future, we will define multidimensional PD and apply our clustering method.
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Symbolic Hierarchical Clustering for Pain
Vector

Kotoe Katayama, Rui Yamaguchi, Seiya Imoto, Keiko Matsuura,
Kenji Watanabe, and Satoru Miyano

Abstract. We propose a hierarchical clustering in the framework of Symbolic Data
Analysis(SDA). SDA was proposed by Diday at the end of the 1980s and is a new
approach for analysing huge and complex data. In SDA, an observation is described
by not only numerical values but also “higher-level units”; sets, intervals, distribu-
tions, etc. Most SDA works have dealt with only intervals as the descriptions. We
already proposed “pain distribution” as new type data in SDA. In this paper, we
define new “pain vector” as new type data in SDA and propose a hierarchical clus-
tering for this new type data.

Keywords: Visual Analogue Scale, Distribution-Valued Data.

1 Introduction

Conventional data analysis usually can handle scalars, vectors and matrices. How-
ever, lately, some datasets have grown beyond the framework of conventional data
analysis. Most statistical methods do not have sufficient power to analyse these
datasets. In this study, we attempted to extract useful information from such datasets.

Symbolic data analysis (SDA) proposed by Diday [3] is an approach for analysing
new types of datasets. “Symbolic data” consist of a concept that is described by in-
tervals, distributions, etc. as well as by numerical values. The use of SDA enriches
data description, and it can handle highly complex datasets. This implies that com-
plex data can be formally handled in the framework of SDA. However, most SDA
works have dealt with only intervals as the descriptions and are very few studies
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based on this simple idea. The case that concept is described by intervals is simple,
but ignores detailed information in the intervals. We already proposed a hierarchical
clustering for the visual analogue scale (VAS) in the framework of Symbolic Data
Analysis (SDA)[8].

In this paper, we define “pain vector” and propose a hierarchical clustering for
this vector. The “pain vector” is consist of distributions and categories.

2 Transform the Visual Analogue Scale into “Patient
Distribution”

We already proposed a hierarchical clustering for the visual analogue scale (VAS) in
the framework of Symbolic Data Analysis (SDA)[8]. In the paper, we transformed
the Visual Analogue Scale into distribution valued data. The VAS is a method that
can be readily understood by most people to measure a characteristic or attitude that
cannot be directly measured. VAS is of most value when looking at change within
a same people, and is of less value for comparing across a group of people because
they have different sense. It could be argued that a VAS is trying to produce inter-
val/ratio data out of subjective values that are at best ordinal. Thus, some caution is
required in handling VAS. We described VAS as distribution and handle it as new
type data in SDA.

2.1 The Visual Analogue Scale

The visual analogue scale (VAS) has developed to allow the measurement of in-
dividual’s responses to physical stimuli, such as heat. The VAS is a method that
can be readily understood by most people to measure a characteristic or attitude
that cannot be directly measured. It was originally used in the field of psycho-
metrics, and nowadays widely used to assess changes in patient health status with
treatment.

A VAS consists of a line on a page with clearly defined end points, and normally
a clearly identified scale between the two end points. For guidance, the phrase “no
pain” and “worst imaginable pain” are placed at the both side of the line, respec-
tively. Minimum value O of the VAS means “no pain” and maximum value 100
means “worst imaginable pain”.

These scales are of most value when looking at change within patients, and are of
less value for comparing across a group of patients because patient have a different
sense of pain. It could be argued that a VAS is trying to produce interval/ratio data
out of subjective values that are at best ordinal. Thus, some caution is required in
handling such data. Many researchers prefer to use a method of analysis that is
based on the rank ordering of scores rather than their exact values, to avoid reading
too much into the precise VAS score.
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2.2 Transform the Visual Analogue Scale to Distribution-Valued
Data

We transform the VAS to distribution-valued data to compare across a group of
patients . VAS varies according to patients, because sense of pain varies a great
deal depending on people. Changing VAS score within patients means their sense
of pain. If they have big change of VAS score, their expression of sense of pain is
rough. On the contrary, if they have small change, their expression is sensitive. We
suggest that these sense of pain is described by normal distribution and call it “pain
distribution(PD)”.

Let VAS score of patient’s first time be x; and second time be x,. We define the
middle point of x; and x, as mean of PD p, and (1t —x;)? = (1 — x3)? as variance.
We describe PD as N(i,0?). In case that the number of VAS score is d, PD is d-
dimensional normal distribution. In this case, a diagonal matrix is used as a variance-
covariance matrix of d-dimensional normal distribution.

. - . o

0 U—0c U u+o 100

First Time Second Time

Fig. 1 Transform the Visual Analogue Scale to Distribution-Valued data

3 Medical Questionnaire in Keio University School of Medicine

Center for Kampo Medicine, Keio University School of Medicine, have a question-
naire to patients to help medical decision. The questionnaire includes one set of
questions about their subjective symptoms. There are 244 yes-no questions, for ex-
ample, ”Are you constipate?”, and 118 visual analogue scale questions, for example,
”How do you feel pain with urination?”. Patients answer these questions every time
when they come to Keio University. Doctors can understand patients’ fluctuate in
severity.

4 Pain Vector

The Medical Questionnaire in Keio University School of Medicine is consist of
”Yes-No” questions and “"VAS” questions. To compare "VAS” questions among
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patients, we already proposed “pain distribution(PD)”. In the case, we only use
”VAS” questions and didn’t use ”Yes-No” questions.

Now we propose Pain Vector by using both questions. Let ”Yes-No” question
be YN, (a = 1,...,A). If patient answer ”Yes”, YN, = 1, otherwise 0. Let "VAS”
question be PDy, (b =1,...,B). The i-th patient’s Pain Vector is

PV;=[YNy,...,YNiu,PD;,...,PD;g|’.

5 Hierarchical Clustering for Pain Vector

Cluster analysis groups data objects only on the bases of information found in the
data that describes the objects and their relationships. The goal is that the objects
within a group should be similar (or related) to one another and different from the
objects in other groups.

In this section, we propose a hierarchical clustering for Pain Vector.

5.1 The Clustering Algorithm

We extend the idea of a hierarchical clustering in the framework of conventional
data analysis. Let n be the number of PV and K be the number of cluster.

<Step1> Begin with K clusters, each containing only a single PV, K = n. Calculate
distance between PV.

<Step2> Search the minimum distance in K clusters. Let the pair the selected clus-
ters. Combine PVs into a new cluster, it is described by new Vector. Let
Kbe K—1.1f K > 1, go to Step3, otherwise Step4.

<Step3> Calculate the distance between new cluster and other cluster, and go back
to Step2.

<Step4> Draw the dendrogram.

5.2 Distance between PVs

In our method, PVs consist of binary and distribution valued data. Let i-th patient’s
vector be PV; and j-th be PV ;.

PV, = [YN, PD)) =[YN;,...,YNyu,PD;,...,PD;p|
PV; = [YN,,PD'| = [YN;,...,YN;a,PDjy,...,PDjg]'.

The sum of distance between YN and distance between PD is distance between PV ;
and PV ;.

5.2.1 Distance between YNs

YN are binary data. We define distance between Y N;, and YN, as

¥ Nig =Y Njal|.
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Distance between YN; and YN ; is

A
2 ¥ Nig — Y Njal |-

a=1

5.2.2 Distance between PDs

We use symmetric KL-divergence as distance between PDs. Kullback-Leibler diver-
gence is the natural way to define a distance measure between probability distribu-
tions [9], but not symmetry. We would like to use the symmetric Kullback-Leibler
(symmetric KL) divergence as distance. The symmetric KL-divergence between two
distributions s1 and s; is

D(s1(x),52(x)) = D(s1(x)][s2(x)) + D(s2(x)][s1(x))
‘ 1

= /_O;S] (x)logS (xgdx%-/:osz(x)log

52(x) dx (1)
1

s1(x)
where D(s||sy) is KL divergence from s; to s, and D(sz||s1) is one from s; to s.

Let PDs be d dimensional N(f;,Z3) and N(M;,,%jp). Symmetric KL-
divergence is

) (x

D(p(xiuimzib)ap(x‘p'jbazjb))
=ir(ZpZ ) ) +ir(ZpZy)
+er((Zy + 25 ) (i — M jp) (M — ) ) —2d. ()
LetPDsbed =1,

D(p(x|Wip, O ), P(x|Wjp, Ojp))

2 2 2 2 2 N2

1 (o) O: S 1 O: o5+ (Ujp b
:—{log—JZbJr ot (Wi — ) }+-{1og—gz+ b (""2 fa)” g
Oip O3 2 Ol Oip

Distance between PD; and PD; is

B
lgl D<p(x“iib> Gib)ap(x‘ﬂjb, O'jb)).

5.3 New PVin Clustering Algorithm Step 2 and Their Distance

In Clustering Algorithm Step 2, we combine PV; and PV ; into a new cluster and it
is described by new vector. This new vector, NPV, is described by using distance
between YN, and YN, and Gaussian mixture distributions of PD;;, and PD jj,.

NPV = [YNil ——Yle,...,Y]V,' —YNjA,mgd(PDgl,PDj]),...,mgd(PDiB,PDjB)]/,
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where mgd (PD;;, PD j;) means mixture distribution of PD;; and PD i1, and mixture
weight equal 0.5.

After Section 5.1 Step2, we need symmetric KL-divergence between Gaussian
mixture distributions. However, it cannot be analytically computed. We can use, in-
stead, Monte-Carlo simulations to approximate the symmetric KL-divergence. The
drawback of the Monte-Carlo techniques is the extensive computational cost and the
slow converges properties. Furthermore, due to the stochastic nature of the Monte-
Carlo method, the approximations of the distance could vary in different computa-
tions.

In this paper, we use unscented transform method proposed by Goldberger, et
al[5].

We show approximation of D(s1||s2) in (1). Let cluster ¢; contains d-dimensional
distribution N ( H;(n ), =Y, m=1,...M). Expression formula of ¢ is s1 (x) = $¥_,
ol p(x|0 ,(nl)), where @), is a mixture weight, p(x| 0,(711)) is m-th probability density
function of N (u,(,i),z,(ﬂl)) and 01 = (u(l) >, Simmilary, cluster ¢, contains
d-dimensional distribution Ny (ul(z) Z )(l =1,...L). Expression formula of ¢ is
5 =3k, 0 p(x(61).

Approximation of KL-divergence from s; to s by using unscented transform
method is

1 M 2d -
Dslls2) ~ 35 3, @n 3 log (o) 4

omk)

where 0, are sigma points. They are chose as follows:
Oms = i) + ( dE,SP) )
t

Omird = ,sp—( dz,sp) ,
t

m

such that ( E(l)) is #-th column of the matrix square root of 2,511). Then,
t

= p{D +\/arlluly) 6)

Omt+d = ;gp— \/ )“15111‘ mlzv

wheret=1,...,d, U fnl ) 1s mean vector of m-th normal distribution in s1, A,Sllt) is t-th

eigenvalue of X ,(n]) and u,(nlz is t-th eigenvector. If d = 1, the sigma points are simply

HORSO)
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We can calculate approximation of D(s||s1). Substituting these approximations
into (1), we obtain the symmetric KL-divergence. We set the divergence as distance
between PD in cluster ¢y and PD in ¢5.

6 An Application

In this section, we apply our proposal method to real data from Keio University
School of Medicine. This is masked data and is not be tied to any information that
would identify a patient. For our analysis, we use the 2316 patients’ result of med-
ical questionnaire. There are 244 yes-no questions, and 118 visual analogue scale
questions.

Fig. 2 Dendrogram for 2316 patients

7 Concluding Remarks

We already proposed a hierarchical clustering for the visual analogue scale (VAS)
in the framework of Symbolic Data Analysis (SDA). To compare ”VAS” questions
among patients, we already proposed “pain distribution(PD)”. In the case, we only
used "VAS” questions and didn’t use Yes-No” questions. In this paper, we use both
questions and define new “pain vector” as new type data in SDA. The “pain vec-
tor consist of binary and distribution valued data. We also propose a hierarchical
clustering for this new type data. Through the simulation, we verified our model.

References
1. Billard, L., Diday, E.: Symbolic Data Analysis. Wiley, New York (2006)

2. Bock, H.-H., Diday, E.: Analysis of Symbolic Data: Exploratory Methods for Extracting
Statistical Information from Complex Data. Springer, Berlin (2000)

255



124 K. Katayama et al.

3. Diday, E.: The symbolic approach in clustering and related methods of Data Analysis. In:
Bock, H. (ed.) Proc. IFCS Classification and Related Methods of Data Analysis, Aachen,
Germany. North-Holland (1988)

4. Diday, E.: The symbolic approach in clustering and related methods of Data Analysis. In:
Bock, H. (ed.) Classification and Related methods of Data Analysis, pp. 673-684. North-
Holland, Amsterdam (1988)

5. Goldberger, J., Gordon, S., Greenspan, H.: An efficient image similarity measure based
on approximations of KL-divergence between two gaussian mixtures. In: Proceedings of
CVPR, pp. 487-494 (2006)

6. Gowda, K.C., Diday, E.: Symbolic clustering using a new dissimilarity measure. Pattern
Recognition 24(6), 567-578 (1991)

7. Katayama, K., Suzukawa, A., Minami, H., Mizuta, M.: Linearly Restricted Principal Com-
ponents in k Groups. In: Electronic proceedings of Knowledge Extraction and Modeling,
Villa Orlandi, Island of Capri, Italy (2006)

8. Katayama, K., Yamaguchi, R., Imoto, S., Matsuura, K., Watanabe, K., Miyano, S.: Clus-
tering for Visual Analogue Scale Data in Symbolic Data Analysis. Procedia Computer
Science 6, 370-374 (2011)

9. Kullback, S.: Information theory and statisticsh. Dover Publications, New York (1968)

256



Connection between Traditional Medicine and disease

Kotoe Katayama
Institute of Medical Science,
University of Tokyo
4-6-1 Shirokanedai, Minato-ku Tokyo,
Japan 108-8639
k-kata@ims.u-tokyo.ac.jp

Keiko Matsuura
Center of Kampo Medicine,
Keio University School of Medicine

Japan 160-8639

ABSTRACT

In Japanese traditional medicine, “Monshin” plays an important
role. “Monshin” is a questionnaire that asked the patient's lifestyle
and subjective symptoms. Specialists decide traditional herbal
medicine by using of “Monshin”. In this research, we connect
“Monshin” to disease through building the Network.

Keywords

traditional Medicine, regression model, elastic net, network.

1. INTRODUCTION

Interest in traditional medicine has increased globally in recent
years. The World Health Organization (WHO) recommends the
use of traditional medicine for care and treatment of people with
health conditions. Further, the WHO suggests the integration of
traditional medicine into the next edition of the International
Statistical Classification of Diseases and Related Health Problems
(ICD-11).

Kampo medicine -the Japanese adaptation of traditional medicine-
originated in ancient China and arrived in Japan via the Korean
peninsula in the 6th century, after which it developed uniquely.
Kampo medicine was approved in 1967 under the National Health
Insurance policy. Of the 50 years of National Health Insurance for
whole nations, 44 years dealt with Japanese traditional medicine.

A remarkable feature of the Japanese medical licence is that a
doctor with that license is allowed to combine modern and Kampo
medicine for a medical treatment and prescribe both kinds of
drugs; while in most of other countries, e.g., China and Korea,
they have different licenses for modern and traditional medicine,
thus, it is hard to utilize them in a combinatorial way.

2. “Monshin” NETWORK

In Japanese traditional medicine, “Monshin” plays an important
role. “Monshin” is a questionnaire that asked the patient's lifestyle
and subjective symptoms. Specialists decide traditional herbal
medicine by using of “Monshin”.

However, in order to determine herbal medicine or traditional
cure, technical knowledge and experience are required. In Keio
University School of Medicine, we analyze “Monshin” data to
establish an indicator for non Kampo specialist without technical
knowledge to perform suitable traditional medicine. In this
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research, we connect “Monshin” to disease through building the
“Monshin” Network. To build it, we identified items of
“Monshin” relevant to a disease by using of logistic regression
model and elastic net.

3. RESULT

We focus atopy as a target disease and build the “Monshin”
Network and show it in figure 1 and 2.

Figure 2. Monshin Network for Atopy (negative)
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Abstract—In Japanese traditional medicine, “Monshin”
plays an important role. “Monshin” is a questionnaire that
asked the patient's lifestyle and subjective symptoms.
Specialists decide traditional herbal medicine by using of
“Monshin”. In this research, we analyze “Monshin” and
predict “Sho” which is the name of a disease.

Keywords- Traditional medicine; random forest; machine
learning;

L INTRODUCTION

Interest in traditional medicine has increased globally in
recent years. The World Health Organization (WHO)
suggests the integration of traditional medicine into the next
edition of the International Statistical Classification of
Diseases and Related Health Problems (ICD-11).

Kampo medicine -the Japanese adaptation of traditional
medicine- originated in ancient China and arrived in Japan
via the Korean peninsula in the 6th century, after which it
developed uniquely. A remarkable feature of the Japanese
medical license is that a doctor with that license is allowed
to combine modern and Kampo medicine for a medical
treatment and prescribe both kinds of drugs; while in most
of other countries, ¢.g., China and Korea. they have
different licenses for modern and traditional medicine, thus,
it is hard to utilize them in a combinatorial way.

In Japanese traditional medicine, “Monshin” plays an
important role. “Monshin” is a questionnaire that asked the
patient's lifestyle and subjective symptoms. Specialists
decide traditional herbal medicine by using of “Monshin”.
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However, in order to determine herbal medicine or
traditional cure, technical knowledge and experience are
required. In this paper, we analyze “Monshin” data to
establish an indicator for non-Kampo specialist without

technical knowledge to perform suitable traditional
medicine.
II.  DIAGNOSIS BY KAMPO

The diagnosis by Kampo is called “Sho” and determined
by completely different view from Western medicine.
Kampo uses a unique cognitive paradigm, making use of
tools such as “Deficiency and Excess”, “Cold and Heat”,
Qi. Blood, Fluid. The diagnosis by Kampo is composed one
item from each “Deficiency and Excess” category and “Cold
and Heat” category, and two items from “Qi, Blood, Fluid”
category. Specialists will gather all available information to
best determine patients’ “Sho”. There are some types of
Kampo examinations: “Monshin”, tongue diagnosis,
Palpation, and so on. Kampo specialists consider all the
various factors together. However it causes difficulties for
non-Kampo specialist. It is hard for them to connect result of
“Monshin” and other diagnosis.

III.  DATA OF KEIO UNIVERSITY

Since 2006, Center of Kampo medicine, Keio university
school of medicine has been collected data about patients’
“Monshin”, “Sho”, western disease name (ICD-10 code),
and prescribed herbal medicine. Patients enter “Monshin™
information via touch panel operation. “Monshin” has 362
items, ranges in content from physical sign to food
preference and is important for Kampo diagnosis. There are



two type questions, yes-no question and VAS question.
From April, 2006 till December, 2011, we collected 16805
records, and the number of first visit patients was 2830.

IV. PREDICT OF “SHO” AND RESULTS

We predict “Sho” by using 2830 first visit patients’
“Monshin” data. In this paper, we focus on Deficiency and
Excess category as a target and adopt random forests.
Random forests was proposed by Breiman and is an
algorithm for classification that uses an ensemble of
classification trees. Qur case is supervised learning. We set
training and test data that has labels consistent with that type
of classification.

TABLE 1. “Sho” of Deficiency and Excess category: 2830 first

Slightly deficiency pattern 28
Between deficiency and excess 223
Slightly excess pattern 39
Excess pattern 37
Total 402

The discriminant ratio of training data was perfect and of
test data is 91.2% (Table IV).

Our target data is Table I. We selected randomly 200
patients as a training data (each 100 patients from deficiency

visit patients

Deficiency and Excess patients
Deficiency pattern 437
Slightly deficiency pattern 395
Between deficiency and excess 1500
Slightly excess pattem 268
Excess pattern 230
Total 2830

pattern and excess pattern). And others are test data.

TABLE IL Result of test data
Deficiency | Excess Discriminant
pattern pattern ratio
Predi | Deficiency 231 48 67.0%
ct pattern
Excess 106 82
pattern
Total 337 130

The discriminant ratio of training data was perfect but of
test data is 67.0%. It was far from practical use (Table IT ).

V. PREDICT OF “SHO” WITH BODY MASS INDEX AND ITS
RESULT

To cover the shortcomings of our questionnaire, we added
Body Mass Index (BIM) data to “Monshin” data. BMI is a
simple index of weight-for-height that is commonly used to
classify underweight, overweight and obesity in adults. It is
defined as the weight in kilograms divided by the square of
the height in meters.

Center of Kampo medicine, Keio university school of
medicine has patients' BMI data on 2011 year (Table VIII).
We selected randomly 40 patients as a training data (each 20
patients from deficiency pattern and excess pattern). And others
are test data.

TABLE 1II. “Sho” of Deficiency and Excess category:
year 2011

Deficiency and Excess patients

Deficiency pattern 75

763

TABLE IV. Result of test data
Deficiency Excess Discriminant
pattern pattern ratio
Predi | Deficiency 51 2 91.2%
ct pattern
Excess 4 15
pattern
Total 55 17
V1.  CONCLUDING REMARKS

In Japanese traditional medicine, Kampo, “Monshin” plays
an important role. The diagnosis by Kampo is called “Sho”
and determined by completely different view from Western
medicine. And this is reason why non-Kampo specialists
without technical knowledge are feel difficulties to use
traditional medicine. Since 2006, Center of Kampo
medicine, Keio university school of medicine has been
collected 2830 first visit patients’ data. We predict “Sho” by
using Random forests which is powerful algorithm for
classification. First, we use all the 2830 first visit patients’
data. The discriminant ratio of training data was perfect but
of test data is 67.0%. Originally, deficiency and excess
category means that patient is strongly built or poor built
and our “Monshin” didn’t include such indicator. If we use
only BMI for classification, it is not working well. So we
use both “Monshin” and BMI, and the discriminant ratio of
test data is 91.2%. To get good classification, we have to
know what is feature of the target and check the data.

In this research, prediction of deficiency and excess
category is enough for practical use, but other categories are
remained and are our future targets.

ACKNOWLEDGMENT

This study was partially supported by Health and Labour
Sciences Rescarch Grants for Clinical Research and
Research on Statistics and Information from the Ministry of
Health, Labour, and Welfare of Japan.

REFERENCES
{1] Stafford 1. HerbalEGram: Volume 8, Number 1, January 2011 WHO
Developing ~ New  Traditional ~ Medicine  Classification

http://ems.herbalgram.org/heg/volume8/01 January/ WHOClassifiesT
M.htmi?t=1294841964 (accessed April 10, 2012).

Watanabe K. Matsuura K, Gao P, et al. Traditional Japanese Kampo
medicine: clinical research between modemity and traditional
medicine-the state of research and methodological suggestions for the
future, Evid Based Complement Alternat Med 2010; published on
line June 16. DOIL:10.1093/ecam/neq067.

L. Breiman. Bagging predictors. Machine Learning, 24 (2):123--140,
1996.

2]

3]

259



Revealing Modern History of Japanese Philosophy Using
Natural Language Processing and Visualization

Hideki Mima, Katsuya Masuda, Susumu Ota, and Shunya Yoshimi
Center for Knowledge Structuring, University of Tokyo

Type of presentation: Poster

Keywords: Natural language processing, visualization, Japanese philosophy, thoughts,
knowledge structuring

Contact email address: mima@t-adm.t.u-tokyo.ac.jp

Postal address: 7-3-1 Hongou Bunkyou-ku Tokyo 113-8656, Japan

Abstract

The purpose of this study was to reveal the modern history of Japanese philosophy
using natural language processing (NLP) and visualization. Knowledge' has been
increasing at an exponential rate with advances in science and technology in recent
years resulting in massive amounts of knowledge that have been extremely difficult to
process manually. Thus, it is important to utilize information technologies (IT) to
support new discoveries of knowledge from large numbers of resources, such as
literature. To implement the study, we have developed:

1) A corpus representing a modern history of Japanese philosophy,
2) A computational model for extracting ontology® from the corpus, and
3) An interactive user interface (UI) to support new discoveries of knowledge.

We chose “Shisou” (thoughts) by the Japanese publisher Iwanami Shoten for the
target corpus, which is one of the most representative journals of philosophy in Japan
that has an almost 90 year history from 1921 to the present-day. It is comprised of about
8,600 papers and more than 160,000 pages of textual data. The first step in this study
was to develop a technology to digitize such large amounts of textual data from physical
books (semi-) automatically. Because the target was too huge to digitize manually (i.e.,

1 Although the definition of knowledge is domain-specific, our definition of knowledge here is
the particles represented by ontology, which is the (hierarchical) collection and classification of
(technical) terms used to recognize their semantic relevance.

2 Although the definition of ontology is also domain-specific, our definition of ontology h
ere is, as previously mentioned, the (hierarchical) collection and classification of (technical)
terms used to recognize their semantic relevance.
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by typing), a rapid, accurate and low-cost approach was required. Thus, we developed
an Optical Character Reader (OCR) based (semi-) automatic book-digitizing system, in
which we integrated three processes:

1) Book scanning
1) OCR
1i1) Automatic document style recognition

The input for the system were physical books and the output was a full-text corpus
with meta-data, i.e. titles, authors, page numbers, and dates.

We propose a knowledge structuring (KS) system!" to integrate NLP and the
visualization-based interactive Ul for the model of ontology extraction and UI. The
system architecture is modular, and it integrates five components (Fig. 1): a)
information (ontology) extraction, b) a corpus database, c¢) information retrieval, d)
similarity calculations, and e) visualization.

System Architecture

Fig.1 KS System Architecture

The main objective of the system was to facilitate knowledge acquisition from
documents and generate ideas through terminology-based real-time calculations of
document similarities and their visualization with an interactive Ul. Fig. 2 outlines the
visualization of knowledge structures for $//Sou papers relevant to the keyword “shisou
(thoughts)” in the 1930s. The system constructs a graph to structure knowledge in which
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the nodes (dots) reflect relevant papers with the keyword, and the links between the
nodes reflect semantic similarities that are calculated based on terminological
information in the papers. Additionally, the locations of all nodes are calculated and
optimized when the graph is drawn. The distance between each node depends on how
close they are in meaning. Cluster recognition is also carried out based on the detection
of groups of papers in which every combination of papers that are included is strongly
linked (i.e., their similarity exceeds a threshold). As seen in Fig. 2, several clusters are
automatically recognized and category names such as “Marxism”, “socialism” and
“right-wing thoughts” are also automatically assigned to clusters to facilitate an
overview of thoughts discussed in these papers.

We have currently finished digitizing and creating a “Shisou” textual database of
the 20 years from 1940 to 1959 and installed it in the KS system. Several experiments
on text digitization were conducted to evaluate the OCR and style recognition process to
improve accuracy. We obtained more than 98% accuracy in OCR, about 90%
accuracy in style recognition according to the latest evaluation.

We expect to discover new knowledge on the historical flow of Japanese thinking

during one of its most important eras from before World War II to the present-day by
digitizing and analyzing huge amounts of historical textual data with the system.
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