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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

APPLICATIONS 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.
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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.

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.
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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.

Health data
(output variables)

Lifestyle data
(input variables)

Extracting rules relating lifestyle and health data

energy expenditure

ingestion ' R
I S R =) daily vital
sleep —p signs

alcohol intak/

smoking

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, ¥ 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

Jx[ ) =pcy>[p(x| g1 (1 pix y))logﬂ—mly))j 3)
Pk (1-p(x))

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 X; (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 xi. For example, body-fat percentage X; = x: higher. All
rules predicting the current output field value (x;: higher) are
generated before the next output field value is considered.

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

d) For each input field, select each possible condition y,.
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 Y,, =y, = X = xi, 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 (X; = xy), 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 J.
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 Jg is

defined [10] by
- b _ ! “4)
J, =max p(y)p(x| y)lo L P(V)(1—p(x| y)lo
P(x) 1= p(x)

g) If J, >Juin, specialize the rule. Here Jy;, 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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evaluated 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 Ju, 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 / is the given health data. Here 4,
is the value of 4 at the n-th date, ¢; is the value of e at the i-th
date, and s is a retardation parameter. The quantities A f,,,
and ¢'; are defined as follows:

Ahyy = hy - by, ®)
eti/= €i+€i_1 + ...t € (6)

The correlation between A h,, and ¢; 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 R, 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-/)max and syax at which » becomes largest.
For example, the input field for e is defined by ¢; + e;.; + e, (i
=n-2) in the case that (i-)yex = 2 and sy, = 2. A large value of
(i-/)max iImplies that long-term lifestyle data affect the present
health data, and a large value of s, implies that lifestyle data
affect health data with a large retardation.

When values of e are not numeric but symbolic, correlation
of e with /4 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, e; + ¢;;
=3 + 1 =4 when ¢;= “much” and e, ;= “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-) . = 1 18

“much” | "little”).

4) Output Fields: The output (target) variables in the
healthcare data-mining process are interesting health data /.
When calculating A h,,, for i values that are symbolic, the
symbolic / 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

h: health data

hm hn—l hn
@) o _____ O O O O O
ej\ €1 e; ﬁe
. Y retardation
e: lifestyle data §

Ahnm = hn - hm

!
€= ei+el~,1+...+ej

A hnm

Calculate correlation between A £, and €';
while changing n-m, i-j, and s as parameters.

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

symbolic. While values of /4 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 1. 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 N;. We set N; = 80 based on the
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assumption that about 10% data missing is allowable.

2) Correlation Check: This process calculates Pearson’s
product-moment correlation coefficients » between A fyn
and €' in terms of time-series data by changing n-m, i-j, and s
as parameters (n-m = 1-10, i5j = 0-9, and s = 1-3). If the
maximum r is larger than R, the corresponding etij is
automatically selected as an input field. We set R, = 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 S
and the minimum confidence C, 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
N; (80) time-series data sets for each data item were used in
this calculation. In Table II (A), » is Pearson’s
product-moment correlation coefficient when (n-m)=(n-m)yax,

(i5))=(i~)max» a0d S=Smax.

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.

Output Field: Body—fat Percentage (B.F.P.)
total number of records: 331

higher: >=18.0 % I: Instances
lower: <= 17.2% S: Support
C: Confidence
rule induction conditions: maximum rule order = 2, S >=0.04, C >=0.60
antecedent consequent I S C

1 [Ingestion5 > 9925 kcal 1[BFP=higher] 37 0.112 062
2 [Ingestion5 > 9925 kcal, Expend.5 <1417 kcal [B.F.P=higher] 29 0088 0.72
3 [Expend5 > 1747 keal ][BFP=lower] 21 0063 0.62
4 [Ingestion5 < 8225 kcal J[BFP=lower] 14 0042 0.71

=Ingestion: ingestion for 5 days
-Expend.5: energy expenditure for 5 days

TABLE II

(A)CALCULATED CORRELATION COEFFICIENTS AND DEFINED INPUT FIELDS
Input variable r Defined input field
Energy expenditure -0.369 et et .. tey(i=n-2)
Ingestion 0.321 e+ et ... te (i=n-2)
Alcohol intake 0.608 e (i=n-2)

(B)CATEGORIZATION OF TIME-SERIES DATA

Field value Data range Data frequency

higher > 18.0% 115

moderate 17.3-179 % 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 S; = 0.04 and C; = 0.60
are summarized in Fig. 4. All are simple and reasonable. Both

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

REFERENCE

[11 N.H.Lovell, F. Magrabi, B. G. Celler, K. Huynh, and H. Garsden,
“Web-based acquisition, storage, and retrieval of biomedical signals,”
IEEE Eng. Medicine and Biology, vol. 20, no. 3, 2001, pp. 38—44.

[2] 1. Cai, S. Johnson, and G. Hripcsak, “Generic data modeling for home
telemonitoring of chronically ill patients,” Proc. AMIA Symp. 2000,
pp. 116-20.

[3] C.Mazzi, P. Ganguly, and M. Kidd, “Healthcare application based on
software agents,” Medinfo 2001 Proceedings, 2001, pp. 136—140.

[4] T. Hashiguchi, H. Takeuchi, and A. Uemura, “Highly advanced
healthcare support services for the 21 century,” Hitachi Review, vol.
50, no. 1, 2001, pp. 2—-7.

[5] H. Takeuchi, T. Hashiguchi, and T. Shintani, “Personal dynamic
healthcare system utilizing mobile phone and web technologies,” Proc.
2" Int. Conf. on Advances in Biomedical Signal and Information
Processing, 2004, pp. 304-307.

[6] H. Takeuchi, N. Kodama, T. Hashiguchi, and N. Mitsui, “Healthcare
data mining based on a personal dynamic healthcare system,” Proc. 2"
Int. Conf. on Computational Intelligence in Medicine and healthcare,
2005, pp. 37-43.

[71 M.F.Usama, P.S. Gregory, P. Smyth, and U. Ramasamy, Advances in
Knowledge Discovery and Data Mining, The AAAI Press, 1996.

[8] M.J. A.Berry and G. Linoff, Data Mining Techniques: For Marketing,
Sales, and Customer Support, John Wiley & Sons, Inc., 1997.

[97 R. M. Goodman and P. Smyth, “An information-theoretic model for
rule based expert systems,” presented at the 1988 Int. Symp. on
Information Theory, Kobe, Japan, 1988.

[10] P. Smyth and R. M. Goodman, “An information theoretic approach to
rule induction from databases,” [EEE Trans. Knowledge and Data
Engineering, vol. 4, no. 4, 1992, pp. 301-316.

3607




	MAIN MENU
	Go to Previous Document
	CD-ROM Help
	Search CD-ROM
	Search Results
	Print


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents suitable for export to IEEE PDF eXpress. May 2005. PaperCept.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


