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Abstract—The automated healthcare-data-mining system
reported here extracts personally useful information, such as
rules and patterns concerning lifestyles and health conditions,
from daily time-series personal health and lifestyle data stored 
on a personal dynamic healthcare system by using mobile phone
and web technologies. This system enables users to input their
daily data through a mobile phone and to transfer these data to 
a web-application server via the Internet. The web application
server provides a data-mining service and uses mobile phones to 
inform users of important rules concerning their health and
lifestyle data. Automated healthcare-data mining of the stored
time-series data of volunteer users generated some useful rules
correlating their lifestyles with body-fat index.

I. INTRODUCTION

PPLICATIONS of web technology to healthcare for remote
patients are current topics of interest [1]-[3], and these

advanced applications are also expected to be useful in 
preventive medicine. The demand for personal healthcare
systems to prevent diseases and improve health has been
increasing recently [4]. Although a system of periodical
group health-checks (government sponsored) is now
common in Japan, daily personal healthcare remains
important in preventing diseases and improving overall
health because disease risks differ from person to person 
owing to both genetic and environmental factors.

Within this context we have developed a personal dynamic
healthcare system (PDHS) utilizing the Internet [5]. It enables
time-series daily-health and lifestyle data to be stored in a
database utilizing mobile phone and web technologies.
Recent mobiles phones are not merely phones but are also 
wireless computers. The browser on a mobile phone can 
communicate with a web-application server via the Internet. 

Users can thus input their daily data through a mobiles phone
and can transfer this data to a web-application server via the 
Internet. The web-application server provides a data mining
service and, through a mobile phone, notifies users of
important rules concerning their health and lifestyle data.
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In a previous paper [6] we presented a concept of 
healthcare-data-mining, which extract rules correlating health
and lifestyle data. Healthcare-data-mining was shown there to
extract personally useful information such as rules and
patterns concerning lifestyles and health conditions
embedded in daily time-series personal health and lifestyle 
data. The present paper reports an automated rule induction
method we studied in order to provide a data mining service
for an unspecific number of users.

II. MATERIALS AND METHODS

A. System Configuration
The configuration for the personal dynamic healthcare

system we developed is shown in Fig. 1. Each client has a
mobile phone with a browser for communicating with a
web-application server. The server side is a typical 
model-view-controller architecture. The web-application
server (Tomcat) runs on a web server (Apache) and
communicates with a database server (Hitachi HiRDB). 
Clients communicate with the web server by using the
HTTPS protocol to encrypt personal data transferred via the
Internet. Basic authentication is applied to the client side
because clients are unspecific. An automated
healthcare-data-mining program is installed on a data-mining
server.

Fig. 1. Configuration of personal dynamic healthcare system.

B. Data-mining Process
1) Concept of Healthcare Data Mining:  The concept 
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behind healthcare data mining is shown in Fig. 2 [6]. Lifestyle
data are independent (input) variables and health data are
target (output) variables. That is, lifestyle data are involved in
antecedents, and health data are involved in consequents. 
Rules relating health and lifestyle data are expressed as 
follows: If lifestyle data_1 fulfills condition 1 and lifestyle
data_2 fulfills condition 2, then health data has a certain value 
for the case of those two antecedents. These rules are 
extracted from daily time-series personal health and lifestyle 
data for each user. Such personal information will be useful
for a user’s tailor-made health maintenance.

Fig. 2. Concept of healthcare data mining [6].

2) Data-mining Method: Because the extracted rules and 
patterns should appear clear and reasonable to each user, an
association rule mining and classification might be promising
techniques for the healthcare data mining [7],[8]. Rule
induction should be done automatically because on-line 
acquisitions from large amounts of user data are required.
We therefore explored the use of a generalized rule induction
algorithm, which is more general and simple than
classification would be. We used the ITRULE algorithm
based on information theory [9],[10].

The ITRULE algorithm produces a simple rule: 

    If Y = y, then X = x with probability p (1)

where X and Y are two fields (attributes) and x and y are 
values for those fields. The consequent is restricted to being a 
single value assignment expression while the antecedent may
be a conjunction of such expressions. For example,

      If Y = y and Z = z, then X = x with probability p.      (2)

The complexity of a rule is defined as the number of 
conjuncts appearing in the rule’s antecedent. In our 
healthcare data mining, Y and Z are lifestyle-data items and X

is a health-data item.
The ITRULE algorithm uses the J-measure to generate

rules to summarize patterns in the stored data [10]. This
measure provides a method for ranking competing rules
(rules having higher-J- measure survive). The J-measure is 
defined by
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where p(y) is the probability of the rule’s antecedent 
matching an example from the data set, p(x) is the probability
of the rule’s consequent matching an example from the data
set, and p(x|y) is the conditional probability of the rule’s
consequent conditioned on the antecedent. 

The ITRULE algorithm automatically generates rules
through the following steps.

a) Process each interesting output field Xi (health-data 
item) in turn. Derive all rules for the current output field
before moving on to the next.

b) For each output field, select each possible output field 
value xk. For example, body-fat percentage Xi = xk: higher. All
rules predicting the current output field value (xk: higher) are 
generated before the next output field value is considered.

c) For each output field value (xk: higher), select each input
field Ym (lifestyle-data item).

d) For each input field, select each possible condition yq.
The conditions depend on the type of the input field.

- For symbolic fields (for example, alcohol intake), each
value for the field represents a possible condition.

- For numeric fields (for example, energy expenditure),
values are sorted and each value is tested as a binary split 
boundary. For each potential split, the J-measure is calculated 
and the split with the highest J value is selected as the split for
the rule. There are then two possible conditions: greater than
the split value, and less than or equal to the split value.

e) For the rule Ym = yq Xi = xk, compute the J-measure.
f) If the value of J is greater than the highest J for any rule 

in the table predicting the same outcome (Xi = xk), or if the
number of rules in the table is less than the maximum number
of rules in the table, and if the minimum support and
confidence criteria are met, insert the rule in the table
(replacing the lower-J rule if necessary) and calculate Js.
Otherwise, proceed to the next input field value. A system
administrator determines the maximum number of rules and
the minimum support and confidence criteria, and Js is 
defined [10] by
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g) If Js >Jmin, specialize the rule. Here Jmin is the smallest J
for rules in the table predicting the same outcome. The rule is
specialized by adding conditions to the antecedent, in the 
same manner used for the original unspecialized (single 
antecedent) rules. Input fields that have already been 
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h: health dataevaluated as antecedents for the current outcome are not 
considered as potential specializing conditions. Each 
specialized rule is evaluated by testing its J value against 
those of other rules in the table with the same outcome, and if
its value exceeds Jmin the specialized rule replaces that 
minimum-J rule in the table.

h) Repeat until all input field values, input fields, output 
field values, and output fields have been considered.

3) Input Fields: The most important process in healthcare 
data mining in the personal dynamic healthcare system is its
automated determination of input fields. Too many (or 
ineffective) input fields result in excessive consumption of
CPU-time. We determined effective input fields by
pre-examining the correlation between time-series lifestyle 
data and health data of interest as shown in Fig. 3, where e is
the given lifestyle data and h is the given health data. Here hn

is the value of h at the n-th date, ei is the value of e at the i-th
date, and s is a retardation parameter. The quantities hnm

and et
ij are defined as follows:

hnm = hn - hm                                             (5) 

 et
ij =  ei + ei-1 + …..+ ej                                (6) 

The correlation between hnm and et
ij in terms of

time-series data was examined by changing n-m, i-j, and s as 
parameters (n-m = 1-10, i-j  = 0-9, and s = 1-3) and 
calculating Pearson’s product-moment correlation coefficient
r for each (n-m, i-j, s) set. We assume that lifestyle data before
the n-th date affect the health data at the n-th date (i n-1). If 
more than one Pearson’s correlation coefficient is larger than
a threshold value Rs, we suppose that e is a candidate input
variable. In this case, the input field for e is defined according 
to the values of (i-j)max and smax at which r becomes largest. 
For example, the input field for e is defined by ei + ei-1 + ei-2 (i
= n-2) in the case that (i-j)max = 2 and smax = 2. A large value of 
(i-j)max implies that long-term lifestyle data affect the present
health data, and a large value of smax implies that lifestyle data
affect health data  with a large retardation.

When values of e are not numeric but symbolic, correlation
of e with h in time-series data is examined by transforming
symbolic values to numeric ones. The symbolic values
“much,” “moderate,” and “little,” for example, are 
respectively transformed to e values 3, 2, and 1. Thus, ei + ei-1

= 3 + 1 = 4 when ei = “much” and ei-1= “little.” In the data
mining process, however, the input field for e has a symbolic
value. An example of an input field value in case (i-j)max = 1 is 
(“much” | ”little”). 

4) Output Fields: The output (target) variables in the
healthcare data-mining process are interesting health data h.
When calculating hnm for h values that are symbolic, the
symbolic h values are transformed into numeric ones in a 
manner similar to that used to transform symbolic e values. In 
the data-mining process, however, the output field values are 

hm hn-1 hn

Fig. 3. Algorithm for defining the input field automatically [6].

symbolic. While values of h are numeric, time-series data are 
categorized into three classes, each having a symbolic value 
such as “higher,” “moderate,” or “lower.” Border values used 
for this classification are determined so that the data
frequency in each class is a similar number.

III. RESULTS

Registered data items and their data types for a volunteer
user are listed in Table I. Data for these items were gathered
almost every day for a year (about 330 records).Body-fat
percentage was measured by body-impedance method. The
measurements were done regularly in the morning under the
same conditions. Energy expenditure (kcal) due to exercise
was estimated from gym-training records and
wearable-walking-monitor records. Ingestion (kcal) was
estimated from each day’s breakfast, lunch, and dinner
contents. The symbolic values assigned for alcohol intake
were “too much,” “much,” “moderate,” “little,” and “very
little”.

TABLE I
REGISTERED DATA ITEMS OF A VOLUNTEER USER

Health data                                  Lifestyle data 
Body-fat percentage             Energy expenditure (numeric)
(numeric)                                 Ingestion (numeric)

                                    Alcohol intake (symbolic)

A. Automated Healthcare Data Mining Flow
1) Data Check: This process checks how much lifestyle 

health data has been stored for each user. The data mining
processes for each user automatically start when, in the first 
three months, the number of lifestyle and health data sets
becomes larger than Ns. We set Ns = 80 based on the

ej ei-1 ei date

hnm = hn - hm

et
ij =  ei + ei-1 + …+ ej

e: lifestyle data retardation s

hnm

et
ij

Calculate correlation between hnm and et
ij

while changing n-m, i-j, and s as parameters.
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assumption that about 10% data missing is allowable.
2) Correlation Check: This process calculates Pearson’s 

product-moment correlation coefficients r between hnm

and et
ij in terms of time-series data by changing n-m, i-j, and s

as parameters (n-m = 1-10, i-j  = 0-9, and s = 1-3). If the
maximum r is larger than Rs, the corresponding et

ij is 
automatically selected as an input field. We set Rs = 0.3 based 
on the assumption that this value is the criteria determining if 
“correlation” is significant or not.

Once a year the correlation check process is executed on
the fresh (most recent three months) data for each user. That 
is, defined input fields are assumed to be effective for a year.

3) Rule Induction: This process generates useful rules
correlating lifestyle-data with health-data. Since complicated
rules may confuse users, we make the output easier to use for 
personal healthcare by restricting the maximum rule order to
2 (i.e., we restricted the number of antecedents to 2).

The minimum support and confidence criteria of rules in
the rule table are adjustable. We set the minimum support Ss

and the minimum confidence Cs so that the number of the
rules in the table is less than 10.

B. Automatically Defined Input Fields
Correlations between lifestyle-data items and body-fat

percentage were calculated. The calculation results and 
defined input fields are summarized in Table II (A). The first
Ns (80) time-series data sets for each data item were used in
this calculation. In Table II (A), r is Pearson’s 
product-moment correlation coefficient when (n-m)=(n-m)max,
(i-j)=(i-j)max, and s=smax.

TABLE II
(A)CALCULATED CORRELATION COEFFICIENTS AND DEFINED INPUT FIELDS

Input variable r Defined input field
Energy expenditure   -0.369 ei + ei-1 + …+ ei-4 (i = n-2)
Ingestion  0.321 ei + ei-1 + …+ei-4 (i = n-2)
Alcohol intake            0.608 ei (i = n-2)

(B)CATEGORIZATION OF TIME-SERIES DATA

Field value                 Data range                 Data frequency 
higher  18.0 %                         115 
moderate                 17.3 -17.9 %                      112 
lower  17.2%                           104 

C. Automatically Defined Output Fields
The output variable was body-fat percentage. Time-series

body-fat percentage data were categorized into three classes,
each having a symbolic value as higher, moderate, or lower. 
This categorization is summarized in Table II (B). Border 
values used for this categorization were automatically
determined so that the data frequency was similar in each 
class.

D. Rule Induction
The 4 rules generated when we set Ss = 0.04 and Cs = 0.60 

are summarized in Fig. 4. All are simple and reasonable. Both

ingestion and energy expenditure are key lifestyle data
affecting the daily body-fat percentage of the volunteer user
in question. It should be pointed out that long-term (5 days)
lifestyle data affect the present body-fat percentage. Rule 2,
with the highest confidence (0.72), is a specialization of Rule 
1. It suggests that ingesting more than 2000 kcal ingestion a
day when the daily energy expenditure is less than 280 kcal
increases the body-fat percentage of this volunteer user. 
Rules 3 and 4 are also very informative. The body-fat
percentage of this user is indicated to be decreased by 
increasing energy expenditure to more than 350 kcal a day or
decreasing energy intake to less than 1650 kcal a day.

Alcohol intake for day before yesterday was selected as a
input field as shown in Table II (A), but this field was not
involved in the antecedent of rules generated under the 
present rule induction conditions.

Fig.4. Automatically generated rules for body-fat percentage.
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