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- Symbolic Hierarchical Clustering for Visual
- Analogue Scale Data

~ Kotoe Katayama, Rui Yamaguchi, Seiya Imoto, Hideaki Tokunaga,
~ Yoshihiro Imazu, 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. In
this paper, we define “pain distribution™ as new type data in SDA and propose a
hierarchical clustering for this new type data.

Keywords: Visual Anélogue 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 analyze 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 analyz-
ing 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 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 propose distribution-valueg
data to describe the concept. ‘

In this study, we focus on the case in which a concept is described by distribution
and develop a new method to analyze this dataset directly using SDA. "

2 The Visual Analogue Scale

The visual analogue scale (VAS) has developed to allow the measurement of indi-
vidual’s responses to physical stimuli, such as heat. The VAS is a method that canff‘,fi
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 psychometrics,
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 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 @f
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 xeadmgj
too much into the precise VAS score. ’

3 Transform the Visual Analogue Scale to D:strlbutmn-Valued
Data

We transform the VAS to distribution-valued data to compare across a group af‘li
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 fj;
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 thef
middle point of x; and x; as mean of PD u, and (u —x1)? = (1 —x2)? 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.
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@ 7 g ©
0 u—oc u u+o 100
First Time Second Time

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

4 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.

4.1 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.

- <Stepl> Begin with X clusters, each containing only a single PD, K = n. Calculate

i distance between PD. '

- <Step2> Search the minimum distance in K clusters. Let the pair the selected clus-
ters. Combine PDs into a new cluster, It is described by mixture distri-
bution 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 be-
“tween probability distributions [8], but not symmetry. We would like to use the sym-
~metric Kullback-Leibler (symmetric KL) divergence as distance between concepts.

The symmetric KL-divergence between two distributions s and s, is
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D(s1(x),52(x)) = D(s1(x)[|s2(x)) + D{s2(x)|[s1(x))
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where D(s1[s2) is KL divergence from s; to s2 and D(ss1) is one from s

4.2 Distance between PDs

In section 4.1, we use symmetric KL-divergence as distance between PDs,
Let PDs be d dimensional N(pt;, ;) and N(g ;, Z ). Symmetric KL-dive;

in Step 1 is
D(p{x%gn ) p(x 3“’_;? j))
=tr(ZET) +er(ZET) + (BT + 27 (i~ ) (i — )" - 2

LetPDsbed =1,

D(p(x|u;, 01), p(xlpe, 04))
2 2 2 2 2 TAY
1 o5 o+ (Ui— 1) 1 c? o5+ (1 — )
=3 1{){3 52 -+ ) e 5 log ) - o2

i J J i

After Step2, we need symmetric KL-divergence between Gaussian mixture dis
butions. However, it cannot be analytically computed. We can use, instead, Mo
Carlo simulations to approximate the symmetric KL-divergence. The drawbac
the Monte-Carlo techniques is the extensive computational cost and the slow
verges properties. Furthermore, due to the stochastic nature of the Monte
method, the approximations of the distance could vary in different computation

In this paper, we use unscented transform method proposed by Goldberg
et all5]. g

We show approximation of D(s1||s2) in (1). Let cluster ¢; contains d-dimensi
distribution Nd{gg} }‘Xﬁé‘})(m = 1,...M). Expression formula of ¢ is 51(x) =]

oy p(x|8D), where ol is a mixture weight, p(x|651)) is m-th probability dens
function of Ny(p'Y, D) and 6D = (u{V, =), Simmilary, cluster ¢, contai
d-dimensional distribution Ny( 52}323 2})(Z = 1,...L). Expression formula of
2) 2 E

5=k, o p(]e).

A;};}fsxsmmmn sf KL-divergence from s; to s by using unscented trans
method is

2 510
D(s1||s2) ~ d 2 ﬁ?’mzi s1( mi)*

Sz(ﬁm &)
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ere O, are sigma points. They are chose as follows:

Oms = ) + (\/ czzf;P) , (5)

i

Omt+d = ,{;}) “' (\i dzg)) s

t

uch that ( };,(,})) is z-th column of the matrix square root of 2,%”. Then,
: t

oms = pi) +1/d2{)ul)) ©)
Omptd = ;g) - dﬂ'rgg u:(nlz:

heret =1,....,d, [,L,g} ) is mean vector of m-th normal distribution in S1 A,g,) is t-th

igenvalue of 25,3) and u,(,li is 7-th eigenvector. If p = 1, the sigma points are simply

n, (1
l—lvgz ) = 0'152 )
We can calculate approximation of D(s;||sy). Substituting these approximations
nto (1), we obtain the symmetric KLL-divergence. We set the divergence as distance
etween cluster ¢y and ¢;.

An Application to the VAS Data

n this section, we apply our proposal method to real VAS data from Keio Univer-
ity School of Medicine. This is masked data and is not be tied to any information
hat would identify a patient. To compare the traditional method, we apply centroid
1ethod to same data.

.1 Medical Questionnaire in Keio University School of Medicine

enter for Kampo Medicine, Keio University School of Medicine, have a ques-
onnaire to patients to help medical decision. The questionnaire includes one set
f questions about their subjective symptoms. There are 244 yes-no questions and
18 visual analogue scale questions,for example, "How do you feel pain with uri-
ation?”. Patients answer these questions every time when they come to Keio Uni-
ersity. Doctors can understand patients’ fluctuate in severity.
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5.2 Data Description and Resulf

For our analysis, we deal with a question which ask about how patient feel cold:
“Do you feel cold in your left leg?”. The data contain 435 patients’ first and second
VAS value. We transform this data set to PD. Next table show extracts taken from
the original data and their translation.

Table 1 VAS value and PD

Patient ID first VAS value  Second Vas Value N{u,c?)

1 100 78 N(89,121)
2 0 50 N(25,625)
435 42 5 N(23.5,342.25)

The result of our simulation show in figure2. Vertical axis of this dendrogram
means distance between PDs. There seem to be three large cluster, A, B and C.

The PDs of cluster A have large variance. The member of cluster B has small
variance. The member of cluster C has small variance and large mean. The level
that patients’ expression of sense of pain appears in features of clusters.

Fig. 2 Dendrogram for PDs
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The result of centroid method show in figure3.

Fig. 3 Dendrogram of Traditional Method

6 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 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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Abstract: We propose a hierarchical clustering for the visual analogue scale
(VAS) in the framework of symbolic data analysis (SDA). 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 the 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 interval/ratio data out of subjective
values that are at best ordinal. Thus, some caution is required in handling VAS.
We describe VAS as distribution and handle it as new type data in 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, distributions,
etc. In this paper, we define “VAS distribution’ and ‘VAS changes distribution’
as new type data in SDA and propose a hierarchical clustering for these new
type data.
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1 Introduction

The visual analogue scale (VAS) has been developed to allow physical stimuli, such as
heat to the measurement of individual’s responses to. 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 psychometrics, and nowadays
widely used to assess changes in patient health status with treatment. VAS is very useful
to measure the changes in sensation within a patient, but it is difficult to compare more
than one patients. Some researches tried to compare VAS among groups. They are based
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on the premise of knowing the group (Dexter and Chestnut, 1995; Price et al., 1994).
However it has not argued how we divide the groups.

To compare VAS among groups, we transform VAS to ‘symbolic data’. Symbolic
data analysis (SDA) was proposed by Diday (Billard and Diday, 2006) is an approach
for analysing 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. We propose
distribution-valued data to describe the concept.

In this study, we define two new type of concepts and develop a new clustering
method to them.

2 The 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’ (Figure 1).

Figure 1 Vas scale: minimum value 0 means ‘no pain’, maximum value 100 mean ‘worst
imaginable pain’ (see online version for colours)

0

=y,

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 is based on the rank ordering of scores
rather than their exact values, to avoid reading too much into the precise VAS score.

3 New types of concepts; ‘PD’ and ‘PCD’

We define two types of concepts. First, we focus on sense of pain which patient naturally
has. We describe the sense which patient oneself has as distribution. We name it patient
distribution (PD). We also focus on the changes of pain within a patient and name it
patient changes distribution (PCD).

3.1 Transform the VAS into ‘PD’
We transform the VAS to ‘PD’. VAS varies according to patients, because sense of

pain varies a great deal depending on people. A change of VAS score within patients
means their sense of pain. If they have big change of VAS score, their expression of
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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 ‘patient distribution (PD)’.

Let VAS score of patient’s first time be z; and second time be x5. We define
the middle point of x; and zy as mean of PD pu, and (1 —z1)% = (u — z2)? as
variance. We describe PD as N(u,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.

3.2 Transform the VAS into ‘PCD’

We transform the VAS to ‘PCD’ by using PD. We suggest that PCD is described by
mixture normal distribution.

We set score of patient’s first time x; be mean of PD as new distribution of first time
(PDy). New distribution of second time is defined in a similar way(PD-). By combining
PD; and PDs, we get mixture distribution, where set mixture weight for PD; as 0.6 and
for PDs as 0.4. This weight is based on doctors’ opinions that first time VAS is more
important than others. It is, finally, PCD. Figure 2 shows the case that z; is 35 and z,
is 65.

Figure 2 Transform the VAS to distribution-valued data

u—ao u p+o 100

First Time Second Time

4 Hierarchical clustering for PD and PCD

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
(PD and PCD).
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Figure 3 Transform the VAS to PD: first time = 35 second time = 65
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4.1 The clustering algorithm

We extend the idea of a hierarchical clustering in the framework of conventional data
analysis. Let n be the number of PD and K be the number of cluster (the algorithm is
same for PCD).

Step 1  Begin with K clusters, each containing only a single PD, K = n. Calculate
distance between PD.

Step 2 Search the minimum distance among K clusters. Let combine the pair
selected among the 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 Step 3, otherwise Step 4.

Step 3 Calculate the distance between new cluster and other cluster, and go back to
Step 2.

Step 4 Draw the dendrogram.

Kullback-Leibler divergence is the natural way to define a distance measure between
probability distributions (Kullback, 1968), but not symmetry. We would like to use the
symmetric Kullback-Leibler (symmetric KL) divergence as a distance between concepts.
The symmetric KIL-divergence between two distributions s; and sg is

D(s1(), s2(x)) = D(s1(z)[s2(x)) + D(s2(x)|[s1())
= / s1(x)log Z:(w)dw + / sa(x) log Si(m)dm, )

oo (z) o0 s1(x)

where D(s1]]s2) is KL divergence from s; to sy and D(sg]|s1) is one from s3 to s3.

4.2 Distance between normal distribution

In Section 4.1, we use symmetric KL-divergence as distance between PDs.
Let PDs be d dimensional N (g, 3;) and N(p;, 3;). Symmetric KL-divergence in
Step 1 is

D (p(x|pi, Zi) ,p (x| pg, 2y))
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=tr (Z27") +tr (5;571) @

+ tr ((251 + 271 (s — ) (s — ﬂ»j)T> - 2d.
Let PDsbe d=1,

D (p (£tuzaoz) ,p(ml/lj,aj))

1 07 o4 (—p)? ) 1 2 02 4 (y — )?
:_{10g;+%ﬂ)_}+5 1ng%+_3___(f‘3_2_ﬁ?)_ ~1. (3)

2
2 o o5 o5 o;

4.3 Distance between Gaussian mixture distributions

After Step 2 or the case of PCD, we need to calculate symmetric KL-divergence between
Gaussian mixture distributions. However, it cannot be analytically computed. We can
use, instead, Monte-Carlo simulations to approximate the symmetric KI-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.
(2006).

We show approximation of D(s1]]s2) in (1). Let cluster ¢; contains d-dimensional
M

distribution Nd(uﬁ), E%))(m =1,... M). Expression formula of ¢; is s1(x) = _,,_;
w%)p(wtﬂﬁ)), where w(y) is a mixture weight, p(w]@%)) is m™ probability density
function of Nd(uﬁ),ﬁﬁ,?) and 0% = (uS,?,Zﬁ,IL)). Simmilary, cluster co contains
d-dimensional distribution Nd(ul(g),El(g))(l =1,...L). Expression formula of ¢z is
s2.= Yy o plal0f).

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

1 M 2d Sl(om’k)
D(31]|$2) ~ —2—d— ZmeIOgm, (4)
m=1 k=1 ’

where 0., are sigma points. They are chosen as follows:

om,t=u55>+< dzr&?) : ()
t

omera =) = (famid)

t

m

such that ( E(l)> is ¢ column of the matrix square root of E,(%). Then,
¢

Omt = Hfgrlz) + dA’f?’lb?tu?(’;?t (6)
Om,t+d = l‘%) - d)‘g?tuf‘;?t?
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® normal distribution in sy, )\(l?t is ¢

where t =1,...,d, uﬁ},’ is mean vector of m m

eigenvalue of 2%) and ug)t is ™ eigenvector. If p = 1, the sigma points are simply

piy) o).

We can calculate approximation of D(s2]||s1). Substituting these approximations into (1),
we obtain the symmetric KL-divergence. We set the divergence as distance between
cluster ¢; and cs.

5 An application to PD

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. To compare the traditional method, we apply centroid method
to the same data.

5.1 Medical questionnaire in Keio University School of Medicine

Centre 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 VAS
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.

5.2 Data description and result

For our analysis, we deal with a question which ask about how patient feel cold:
“Do you feel cold in your left leg?”. The data contain 435 patients’ first and second
VAS value. We transform this dataset to PD. Table 1 shows extracts taken from the
original data and their translation.

Table 1 Original data and their translation

Patient ID First VAS value Second Vas value N{u,o?)

1 100 78 N(89, 121)
2 0 50 N(25, 625)
435 42 5 N(23.5, 342.25)
5.3 Result

The result of our simulation show in Figure 4. Vertical axis of this dendrogram means
distance between PDs. There seem to be three large Cluster, A, B and C.

The PDs of Cluster A have large variance. The member of Cluster B has small
variance. The member of Cluster C has small variance and large mean. The level that
patients’ expression of sense of pain appears in features of clusters.

The result of centroid method show in Figure 5.
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Figure 4 Dendrogram for PDs (see online version for colours)
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Figure 5 Dendrogram of traditional method
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6 An application to PCD

In this section, we show the case of PCD.

6.1 Data description and result

We also use the medical questionnaire in Keio University School of Medicine. 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 dataset to PCD.
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6.2 Result

The result of our simulation is shown in Figure 6. Vertical axis of this dendrogram
means distance between PCDs.

Figure 6 Dendrogram for PCDs
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7 Concluding remarks

In this paper, we defined PD and PCD that are from transformation of the VAS to
distribution-valued data. We also proposed hierarchical clustering method for them.
Comparing across a group of patients by using the VAS is difficult, but our method can
do it. Through the simulation, we verified our model.

References

Billard, L. and Diday, E. (2006) Symbolic Data Analysis, Wiley, NewYork.

Dexter F. and Chestnut, D.H. (1995) ‘Analysis of statistical tests to compare visual analog scale
measurements among groups’, Anesthesiology, Vol. 82, No. 4, pp.896-902.

Goldberger, J., Gordon, S. and Greenspan, H. (2006) ‘An efficient image similarity measure based
on approximations of KL-divergence between two Gaussian mixtures’, Proceedings of CVPR,
pp.487-494.

Kullback, S. (1968) Information Theory and Statistics, Dover Publications, New York.

Price, D.D., Bush, FM,, Long, S. and Harkins, S.W. (1994) ‘A comparison of pain measurement
characteristics of mechanical visual analogue and simple numerical rating scales’, Pain, Vol. 56,
No. 2, pp.217-226.

243



Available online at www.sciencedirect.com

SciVerse ScienceDirect PrOced i(]

Computer Science

P

sl VIR AR
ELSEVIER Procedia Computer Science 6 (2011) 370-374

Complex Adaptive Systems, Volume 1
Cihan H. Dagli, Editor in Chief
Conference Organized by Missouri University of Science and Technology
2011- Chicago, IL

Clustering for Visual Analogue Scale Data in Symbolic Data Analysis

Kotoe Katayama™, Rui Yamaguchi®, Seiya Imoto?, Keiko Matsuura®, Kenji Watanabe®,
Satoru Miyano®

“Human Genome Center, Institute of Medical Science, The University of Tokyo, 4-6-1 Shirokanedai, Minato-ku, Tokyo 108-8639, Japan
bCenter for Kampo Medicine, Keio University School of Medicine, 35 Shinano-machi, Shinjuku-ku, Tokyo 160-8582, Japan

Abstract

We propose a hierarchical clustering for the visual analogue scale (VAS) in the framework of Symbolic Data Analysis(SDA).
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 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 interval/ratio data out of subjective
values that are at best ordinal. Thus, some caution is required in handling VAS. We describe VAS as distribution and handle it as
new type data in SDA.

In this paper, we define "VAS distribution" as new type data in SDA and propose a hierarchical clustering for this new type data.

© 2011 Published by Elsevier B.V.
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1. Introduction

The visual analogue scale (VAS) has developed to allow the measurement of individual’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 psychometrics, and
nowadays widely used to assess changes in patient health status with treatment. VAS is very useful to measure the
changes in sensation within a patient, but it is difficult to compare more than one patients. Some researches tried to
compare VAS among groups. They based on the premise of knowing the group[3],[9]. It has not argued how we
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