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ABSTRACT 

Some common methodologies in our everyday life are not based on modern scientific know/edge bill 

rather a set ofexperiences that have established themselves through years ofpractice. As a good ex· 
ample, there are many forms ofalternative medicine. quite popular, however difficullto comprehend by 
conventional western medicine. The diagnostic and therapeutic methodologies are very different alld 

sOllletimes unique. compared to that ofwestern medicine. How can we verify and analyze such method· 
ologies through modern scientific methods? We present a case study where data-mining was able tofill 
this gap and provide us with many toolsfor investigation. Osteopathy is a popular alternative medicine 
lIIethodolobry to treat lIIusculoskeletal complaints in Japan. Using data-mining methodologies, we could 
overcome some of the analytical problems in an investigation We studied diagnostic records frol1l a 
vely popular osteopathy clinic in Osaka, Japan that included over 30,000 patient visits over 6years oj 
practice. The data consists ofsome carejiil measurements of tissue electro-conductivity differences ut 
5 anatomical positions. Data mining and knowledge discovery algorithms were applied to searchfor 
lIleanillgful associations within the patiel1f data elements recorded. This study helped us scientifica/~r 

investigate the diagnostic methodology adopted by the osteopath. 
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INTRODUCTION 

(Irl1l1 ingacceptance ofalternative med icine by the 
publicha convinced third party organizations to 
inc rea e the level of insurance coverage and has 
aused the U.S. Congress to rule for establ ishment 

of the NationaJ Center for Complementary and 
Ahemative Medicine (NCCAM) at the National 
In titute ofHealth (NIH) (Jonas, 1998; Nahin & 

(TaUS, 200 I). However, these methodologies are 
slill con idered largely unsubstantiated by many 
practitioners of conventional western med icine. 
The problem many of these investigators are 
faced with is the difficu lty in perform ing trials of 
an intervention not based on clinical practice as 
Ilell as trials of multifaceted interventions that are 
(00 complicated for a conventional study design 
(\filleretal, 2004; Lewith, 2003). Can data-m in ing 
help explore non-conventional methodologies 
)uch a' tho e used in alternative medicine in the 
II~ht of cience? NCCAM has been seeking the 
ad\ice of the scientific research community in 
Ihis regard . 

We tern medicine has benefited from inquiry 
IOtO lIoll-traditional healing practices whether it 
has been through the study of chemical agents 
orthrough the study of physical modal ities I ike 
acupuncture. Complimentary/alternative medi­
cine (CAM) is gaining more popularity in the US, 
f·urope.Australia and elsewhere (Eisenberg et ai, 
1998; Cassileth etal, 200 1). Probably the popu lar­
it) of complementary /alternative medicine has 
IOcrea ed because of some dissatisfaction with 
modem medicine or with the econom ics ofclin ical 
care surrounding the management of ill-defined 
chronic conditions (lmanishi et ai, 1999). The 
following classification has been suggested for 
the main CAM modalities (Gordon et ai, 1998): 
mallual therapies (e.g. chiropractic, osteopathy, 
acupuncture, acupressure, and massage), oral 
ulerapies (e.g. herbal medicines, homeopathy, 
diet, and vitamins), mind-body therapies (e.g. 
meditation, relaxation, biofeedback, and hyp­
nosis), movement-based therapies (e.g. Tai chi), 

and support therapies (e.g. counseling, support 
groups, prayer, and other religious practices). 
Manual therapies are by far the most widely used 
CAM modalities (Koes et ai, 1992; Eisenberg et 
ai, 1993; MacLennan et aL 1996; Astin, 1998; 
Druss & Rosenheck, 1999). Although there are 
many issues that arise in categorizing the use 
of diagnostic modalities as western versus non­
western, we will not concern ourselves with such 
classification issues in this paper any further 

BACKGROUND 

rn Japan, Ch inese herba lmed icine (kampo) wh ich 
was originally introduced in the 5th and 6th century 
has been sign i ficantly modified by Japanese prac­
titioners over a long time. Kampo was excluded 
from authorized med ical practice about 100 years 
ago but is still, along with acupuncture, electro­
acupul1ctureand moxibustion widely practiced and 
popular. rn Japan, non-western med ica I treatments 
are sought for various ailments and illnesses in 
spite of the fact that med ical practice in Japan is 
one of the most advanced in the world. 

Modern osteopathy was probably started in the 
late 1800s by an American physician called An­
drew Still. Osteopathy is now a quite established 
profession in the U.S.A. with many osteopaths 
diagnosing and treating medical problems using 
manual touch. They get training on how to feel 
(through palpation) the body 's anatomy, the tex­
ture and motion of tissues, the flow of flu ids and 
its structural makeup. In osteopathy, the body 's 
innate power to heal itself is emphasized, and it 
is believed that previous physical trauma leaves 
its touch on the body"s structure. The osteopaths 
generally try to develop a strong sense oftouch to 
detect physical problems, and to apply the exactly 
right amount ofpressure to treat dysfunction in the 
motion of the tissues. restore movement of flu ids 
and to release compressed joints and bones. 

I n Japan, a particular type of osteopathy that 
has its roots in the mattial arts practice of Judo 
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is also widespread and in contrast to most other 
non-conventional medical practices has achieved 
acceptance into the medical health system. In 
fact, some alternative practices in this area are 
recognized by the national health program and 
are covered by insurance plans. There are many 
schools ofthought in osteopathy and some practi­
tioners develop their own unique way ofpalpation 
and detection of anatomical problems. 

We were informed ofa very popular osteopathy 
practice in Osaka, Japan which also keptelectronic 
records ofthe patients on their computers. There­
fore we contacted the main practitioner and got 
an opportunity to v isit the practice, hear about the 
methodology of examination and diagnosis, and 
also collect the large amount of recorded data. We 
also explained our data mining methodology and 
the fact that we were interested in a non-biased 
study of the data and any patterns of associa­
tions among them which could help decipher the 
methodology and make it more understandable 
to conventional care. The sorts of data that were 
available and their way of interpretation will be 
explained in the following sections. 

The data gathered consisted of electro-con­
ductivity measurements taken at five anatom ica I 
positions which include the neck, armpits, wrists, 
knees, and ankles. These recordings were used as 
a diagnostic tool by the osteopath practitioner to 
isolate the primary problem area of the patient. 
The practitioner would take readings from the 
right and left side of the patient at each of these 
five locations and would consider the measures 
of difference between the left and right at all lo­
cations in one series of recordings. The location 
which showed the greatest imbalance would be 
deemed as the initial problem location. From 
that location, the practitioner would approach to 
introduce "energy" and physical manipulations 
to help the patient. 

Although our efforts fell short ofclinical veri­
fication, we were able to identity useful patterns 
using self organizing maps, decision trees, and 
assoc iation and sequence rule min ing approaches. 
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We also studied the attributes of a considerable 
number of users ofosteopathy services which can 
be useful in the delineation of the social position 
of this alternative medicine modality in Japan. 

DATA MINING METHODOLOGY 

We explored the data using self-organizing maps 
(SOM) and web graphs. A self-organizing map 
(SOM) is a type of artificial neural network dlat 
is trained using unsupervised learning to produce 
a low-dimensional, discretized representation of 
the input space of the training samples, called a 
map. The map seeks to preserve the topological 
properties of the input space. This makes SOM 
useful for visualizing low-dimensional views of 
high-dimensional data, akin to multidimensional 
scaling. Themodel was first described as an artificial 
neural network by Teuvo Kohonen, and is some­
times called a Kohonen map. We also explored the 
sequential patterns in the data using a sequential 
form ofan association algorithm. Together with the 
practitioner we defined a 'balanced' state.We were 
able to find sequences of readings with a support 
of greater than 30% and confidence level of70%. 
These association rules identified a few likely 
sequences of readings that lead to this balanced 
state. We then built a predictive decision tree using 
the C5 algorithm which included inputs from the 
association rules, the original data, and theclu lers 
obtained from the SOM maps. 

We used Self-organizing maps to analyze Ul ~ 

electro-conductivity readings. The practitioner 
provided us with approximately 32,077 pali nt 
visit records. At each visit the practitioner us d 
an electronic measuring machine which was pur­
chased locally in Japan and modified to enable 
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conven ient measurements in the doctor-patient 
setting. The readings consisted ofboth aresi lance 
measurement (RES) and a pulsed direct current 
(PDC) measurement for unidirectional current. 
taken at the left and right sides of each ofdlc fi le 
anatomical locations on the patient. The range 
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Figure 1. The Clementine workspace: Each node represents a step in the analysis. III our analysis we 

used both K-means and Kohonen clustering algorithms. Kohonen maps and K-lI7eans are (~(ten com'id­

ered to be equally stable and accurate 

or electro-conductive difference at each of these 
locations was 8.3 I, the mean was 0.07, and the 
landaI'd deviation was 0.99. The readings were all 

di tributed in an almost normal distribution with 
the largest skew coefficient being -0.19 

Based on the suggestion of the practitioner ""e 
u ed only the electro-conductive measurements 
lor our initial investigation. The data was then 
nonnalized aHd categorized based on measurements 
taken from a normal distribution and using the 
mean and standard deviation from each location. 
This produced measurements for each location 
that were categorized within the set {-3, -2, -I, 0, 
1,2. 3} where -3 indicated the most extreme im­
balance towards the left and 3 indicating the most 
extreme imbalance to the right. We tried various 
Kohonen SOM maps and measured theirsilhouette 
coefficients. 

In this Chapter we present the results of ana­
lytical investigation using Clementine data mining 
package. This package proved to be a convenient 
tool for step by step exploration of the data. [t 
provides a visual map of the process of explora­
tion. Figure I shows a visual map of the steps in 

r 5. -'Ct 

our investigation. Each 'node' represents either a 
step in the process or else a paliicular visual ization 
of the data. 

Kohonen Self Organizing Maps 
(SOM) and Clementine Web Graphs 

We explored the Kohonen clusters from 2 to 15 
clusterings (Figure 2). We then used the silhouette 
coefficient(Knuth, 1973). The si I houette coefficient 
is a measure of the clustering quality that is inde­
pendent from the number of clusters (Kaufman& 
Rousseeuw, 1990). [t measures the cohesiveness 
of the items within a group as compared to the 
dissimi larity ofthe points within different clusters. 
The silhouette coefficient was largest for 8 clusters 
at 0.72. This indicates a clustering result with very 
good separation amongclusters, viz. Data points are 
very close to the center of their cluster and remote 
from the next nearest cluster. We also tried using 
the K-Illeans algorithm . The results differed from 
Kohonen but the si Ihouette coefficients d id not valY 
as much and the highest silhouette coefficient was 
0.4 with 5 clusters. 
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We identified certain clustersas havingdistinct underarm, and knee) whereas the other cluster 
characteristics. In particular two clusters were had a different set of problem areas (neck and 
identified as having a large number of summer underarm). 
visits. In one of those clusters the problem areas Clementine has a visualization technique re­
were located in one group of locations (writs, ferred to as a web graph. It visualizes associations 

Figure 2. Kohonen SOMfor 8 clusters: In Clementine clusters are named with their x andy coordinates 
of the associated nodes.. Cluster x =O{ y=OO, and cluster x=05,y=OO were both identified clusters 0/ 
patient visits in the summer but differed in other characteristics. Web graphs revealed relationships 
'within the clusters. Cluster x=05,y=OO hadpatients with a problem area primarily located in the wrist, 

underarm, or knee, whereas cluster x =04, y =OO hadpatient visits where the problem area was measured 

as being located primarily in the neck and underarm (Source: Au/hors) 
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between different values ofa collection of(at least 
2)nominal variables. Darker lines in the web graph 
indicate stronger relations between outcomes that 
are connected by the line. For example, as seen 
in the graph in Figure 3 there are dark lines con­
necting a value of the season variable (sum mer) 
IIith3 separate outcomes a variable indicating the 

1ates problem area (knee, neck, and underarm). This 
rs of is because this was a web graph of cluster x=04, 
~hips y=OO whereas Figure 4 is a web graph of cluster 
'ris!, x=05, y=OO. In cluster x=05,y=OO summer was 
ured as ociated with underarm and neck problem areas. 

Underarm was overall the most prevalent 
problem area measured and so the practitioner 
I\ill focus on the neck versus the wrist in these 
t\~O clusters. The practitioner wanted to use th is 
to distinguish between two possible types of 
patient visits and look for variations between 
re ponses to treatments in the summer between 
patients who have neck located problems versus 

knee or wrist problems. Thus the clustering and 
fu rther exploration ofdifferent groups discovered 
through clustering may lead to focused and more 
effective treatment. 

MODELING THE DATA TO 
PREDICT A BALANCED STATE 

We used C5.0 algorithm to predict whether the 
patient's next visit would result in a balanced state 
(see the decision tree presented in Figure 5 below). 
A balanced state was defined to be a visit where 
the maximum imbalance across all the readings 
was within 0.25 standard deviations of the mean. 
The inputs to the model are Problem Area, visit 
number, and season. The output is the yes/no 
variable indicating whether a balanced state had 
been achieved. The correlation between a balance 
state, thus defined , and the lack of symptoms 

Figure 3 Clementine web graph: This is a web graph of the data from cluster three variables (seasoll, 
diagnosis, and problem area) are pictured and their possible values. Diagnosis was the originalloca­
fion a/the problem area as measured by PDC and problem area was the location at the curren! visit. 
We see the boldest lines connecting summer and underarm, summer and neck, and Slimmer and knee 
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was only 61 %. It is hoped that this model may 
help to better understand patients who reached a 
balanced state and yet still had symptoms. C5.0 
produces a decision tree which can provide an 
intuitive model for predictions. Consultation 
with the practitioner lead us to believe that this 
would be the best choice for reasons pertaining 
to its usability by the practitioner since unlike 
neural networks which are presented as "black 
box", decision trees present the practitioner with 
an intuitive feel for the model. The predictions 
for the outcome "No" (meaning 'not balanced' 
as defined above) did not come with as high an 
average confidence level as those of ' Yes '. The 
confidence for 'Yes' was above 75%. 

The output variable is a dichotomous nominal 
variable, whether the measurement is character­
ized as balanced (Yes) or not balanced (No). The 

pair of numbers in brackets to the right of 
branch of the tree indicates (number of rec 
confidence). From the C5.0 decision tree\\c 
discover various rules. For example, the mode' 

predicts that if the problem area is in thekneet~ 
there is 75 percent chance that the next visit" 
result in a balanced reading; on the other hand. 

if the problem area is in the neck, the seasoni 

spring, and the number ofvisits to the practitioner 
is greater than 32, then the next visit will re UItI 

a balanced reading with 100 percent confidenct: 
again on the other hand, if the problem area 
neck, the season winter, and the l1umberof~i IU 

less than 5, then there is a 75 percent chance 0 

a balanced state, etc. These rules hould hclplhe 
practitioner to get more insight into the prognoll 
and treatment of their patients. 

Figure .J. Clementine web graph: This is a web graph ofcluster x=04, y=OO. This cluster hadpalienI 

visits where the problem area was measured as being located primarily in the neck and underarm 
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FiRllrt' 5. C5.0 decision treeeach 

ProblemArea = ANKLEP 

- ProblernArea = KneeP 

visitNurn ~= 1 

visltNurn ;. 1 

- ProblernArea = NECKP 
Season = fall • 

- Season = spring 

visilNum ~= 32 

visitNurn ;. 32 

Season = surnrner 

- Season =winler 
- visitNurn <= 118 

visitNurn ~= 5 

visilNum;. 5 

visitNurn ;. 118 

- ProblernArea = UnderArrnP 

Season =fall 

Season = spring 

Season = surnrner 

Season = winter 

ProblernArea = WRISTP 

CONCLUSION 


\Iternative medicine includes a variety of dif­
ferent practices; however, they share a common 
feature in that modern clinical methods cannot 
be u ed to properly comprehend them without 
cau ing a lot of controversy and disagreement 
on both sides. A Ithough it has been suggested 
thaI modern study methods can investigate but 
tJle experts of the alternative medical practices 
may disagree with this approach. Even the defin i­
lion of health vary. However using data min ing 
lechniques we endeavor to analyze the method­
ology without interfering with the practitioner. 
Meanwhile, many of these alternative medicine 
modalities are built upon overwhelming set of 
data in respect with their breadth and detail. We 
offered an example from a popular osteopathy 
clinic in Osaka which contained tens of thousand 
of measured data. Clustering of these alternative 
patient records helped us to see groups of sim ilar 
patients or symptoms. Jn ollr study we found two 
groups ofpatients who exh ibited sim ilar symptoms 

--'> No 

--'> 1'10 

--'> Yes 

~> No 

--'> ~Jo 

--'> Yes 

--'> 1'10 

--'> Yes 


-'> l'Jo 


--'> Yes 


--'> 1'10 

--'> No 
--'> No 

--'> Yes 

--'> No 

in certain seasons. On one hand, we were able to 
exam ine this unorthodox methodology based on a 
series ofdata m in ing methods includ ing Kohonen 
networking, decision analysis trees, etc. 

On the other hand, the alternative medical 
practitioner can use the gained knowledge to 
better understand the associations discovered 
amongst patients. They can develop modifica­
tions in treatment methods for different groups 
in order to see if they respond uniformly within 
the groups. Similar explorations can be made for 
other seasons or across other variables. 

Bu iId ing a model for alternative healthcare is a 
daunting task because ofthe novelty and complex­
ity of the data and because the stakes are so high . 
On the other hand, because the stakes are so high 
there is strong impetus to formulate such models. 
In our work, there was an inherent limitation on 
ollr access to clinically comparable data such as 
the medical complaints of the patients and clear 
indications of a response to modern treatments 
modalities. However, we were able to examine 
the possibility of building a model based on the 
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concepts of the osteopath practitioner himself in 
respect with balance and imbalance. With this 
improvised definition of balance we were able to 
build a model which could help the practitioner to 
pred ict a prognosis ofthe problem and whether the 
next state of the patient would be more balanced 
based on the current state. 

The approach ofthis osteopathy methodology 
is somewhat unique in attempting to blend the 
intuitive 'energy' approach of complimentary, 
traditional medicine with scientific record keep­
ing and measurements. We hope to continue a 
discussion of the findings with the practitioners 
of this osteopathy clinic and to encourage a mea­
surement across more variables like initial patient 
complaint, age, gender, and other physical bodily 
measurements. With additional data such as these, 
the model building can be more significant. 
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