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Abstract

There are many problems with applying the machine learning technique, which is widely
used in the conventional healthcare field, during the mobile u-health service analysis step.
First, research on the mobile u-health service is just beginning, and there are very few cases
where the existing techniques have been applied in the mobile u-health service environment.
Second, since the machine learning technique requires a long learning period, it is not
suitable for application in the mobile u-health service environment, which requires real-time
disease management. Third, the various machine learning techniques that have been
proposed until now do not include a way to assign the weight factors to the disease-related
variables, and thus its use as a personalized disease prediction system is somewhat limited.

This paper proposes PCADP, which is an ontology-based personalized disease prediction
method, to solve such problems and to interpret the bio data analysis of the mobile u-health
service system as a process. Moreover, the mobile u-health service ontology framework was
modeled as a semantics type in order to meaningfully express the mobile u-health data and
service statement based on PCADP.

To validate the performance and efficiency of the PCADP technique proposed in this
paper, the 5-cross validation method was used to measure the accuracy of the prediction. The
validation of PCADP using a virtual disease group verified that the technique proposed in
this paper shows much greater accuracy compared to existing methods. Moreover, the
PCADP prediction method improved the flexibility and real-time attributes, which are the
essential elements of any diagnosis technique in the mobile u-health environment, and
showed efficiency in the continuous improvement of the monitoring and system of the
diagnosis process.

Keywords: Mobile U-Health Service System; Personalized; Ontology; PCADP; 5-cross
validation

1. Introduction

As health has become the key value of a society, the demand for personalized medical
services based on specialization and diversification is increasing. Moving beyond the face-to-
face oriented service, new services such as preventive medicine and post-treatment
management as well as customized medical services are in greater demand. Furthermore, with
the rising interest in health resulting from the increase in diseases caused by changes in eating
habits and stress, patients are demanding medical services from the position of consumers,
and the hospital information system is transforming the medical service paradigm from a
costly medical agency-centric one to a routine home health and specialized medical service-
centric one. Therefore, the demand for u-health services is expected to greatly increase in the
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future as there will be a strong demand for medical checkups and medical services anywhere
and anytime without having to visit a medical agency [1-6].

The service generally consists of four stages: the sensing stage, in which the health
customer’s bio signals are collected using sensors; the monitoring stage, in which the bio
signals undergo preliminarily processing; the analysis stage, in which a new health index is
generated from machine learning, such as pattern recognition, and data mining of the obtained
data; and the feedback stage, in which the customer is notified of his/her health status. In
particular, the analysis stage, whereby a new health index is calculated from the accumulated
bio signals, may be considered as the key to and the (essential) platform of, the mobile u-
health service [7-9].

Many people believe that applying the conventional machine learning method at the
analysis stage will yield effective results. First, research on the mobile u-health service is just
beginning, and there have been very cases of applying existing techniques to the mobile u-
health service environment. However, the fact that it requires a long learning time and that it
is difficult to back-track the diagnosis result makes it difficult to be applied in the analysis
stage as the mobile u-health service must be able to monitor the disease anywhere and
anytime. Although there are many machine learning methods, there is not much difference in
their ability to predict and diagnose the health condition of individuals using the accumulated
data. As such, the key interest is reported to be how to improve learning speed through the
selection of numerous variables [10-15].

This paper proposes a PCADP (Personalized Computer Aided Diagnosis Probability)
method suitable for the personalized mobile u-health service environment. This statistical
disease diagnosis method features a flexible structure, real-time processing, continuous
enhancement, and monitoring of the diagnosis process, which are the main criteria of a
diagnosis method in the mobile u-health service environment. The technique uses the 1A
(Interrelation Appearance) matrix and Cl (combination interrelation) matrix to develop an
extended diagnosis system that ensures the reliability of the data and application service,
which has been identified as a source of the problems with existing systems, and which can
diagnose even general diseases such as stress, obesity, and diabetes.

This paper also proposes a mobile u-health service platform that is equipped with the key
functions and tools needed by mobile u-health service developers, and which supports the
systematic development of mobile u-health services. The proposed service platform is
significant in that the new mobile u-health services are developed and advanced in the
platform. The proposed platform enables the registration and reuse of the developed common
features and mobile u-health services. The main items of u-health services supported by the
platform include the acquisition of bio data, management, analysis, knowledge deduction, and
decision-making support. The key components of the proposed platform architecture include
mobile u-health progress management, user management, mobile message handling, huge
temporary database management, security management, data mining, and pattern recognition
modules.

This paper is organized as follows: Chapter 2 describes the personalized disease prediction
technique for calculating a new health index using the user’s accumulated bio signal data;
Chapter 3 describes the bio data acquisition, management, analysis, knowledge deduction,
and decision-making process in the mobile u-health service platform; Chapter 4 describes the
validation test to present the potential of the proposed disease prediction method in detail, and
uses the test result to compare it with conventional disease diagnosis methods and derive the
implications; and, lastly, Chapter 5 presents the conclusion and a future study plan.
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2. Mobile U-health Service Personalized Disease Prediction Method

2.1. Disease Diagnosis Algorithm Architecture

The personalized disease prediction algorithm stores the interrelationship pattern among
the bio signals and symptoms of the normal group and the patient group, and then derives the
probability equation using the bio signal and symptoms of the subject to diagnose the
presence or not of a disease in the subject. Figure 1 shows the overall architecture of the
disease diagnosis algorithm.

In the learning stage, the interrelation pattern among the bio signals and symptoms of the
patient group and the normal group are saved. In the decision tree stage, the <bio signals set,
symptoms set> pairs are categorized and combined according to the disease type in order to
create the root tree connected by the node and edge, using the data accumulated in the
learning stage. Then, the important decision tree (DT) value is obtained from the data using
the allelic association and the Hardy-Weinberg equilibrium. In the prediction stage, the
probability equation - using the bio signal and symptoms of the subject - is devised to
diagnose the extent of disease of the subject.
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Figure 1. Structure of Personalized Diagnosis Method

The learning stage consists of three detailed processes. In the first process, a Cl matrix to
record the appearance frequency of <bio signals set, symptoms set> of the patient group and
the normal group is generated. The CI matrix handles not only the bio signals and symptoms
but also the bio signals sets and symptoms sets. In the second stage, the probability of the
<bio signals set, symptoms set> pairs appearing in the patient group is calculated to generate
the PCADP matrix. In the third process, the WA (Weight Assignment) matrix is generated for
each user in order to provide a personalized service specific to each individual. In the decision
tree stage, the DT value is obtained using the HWD statistics, which constitute the y?-
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statistical value representing the level distribution of the <bio signals set, symptoms set> pair
with the AA statistics, which constitute the y-statistical value measuring the relationship to
the disease, and the Hardy-Weinberg equilibrium as the null hypothesis. In the prediction
stage, the disease status of the subject is diagnosed with a certain <bio signals set, symptoms
set> pair based on the PCADP matrix and the weight vector generated in the learning stage.
Lastly, in the feedback stage, the system is compensated using the user’s response to the
result upon completion of the disease diagnosis. It improves the accuracy of the disease
diagnosis framework and enables a precise personalized diagnosis by separating the
individual user feedback mechanism from the group user mechanism.

2.2. Learning Stage

The learning stage is the step in which the PCADP matrix and the weight vector to be used
in the prediction stage are generated. In this paper, the weight vector is assumed to be
determined with the help of specialists in a particular disease. This section describes the
process of generating the PCADP matrix, which contains the probability data of the <bio
signals set, symptoms set> pair appearing in a group having a certain disease. To obtain a
PCADP matrix, the Clpgient and Clyorma Matrices containing the appearance frequency of the
<bio signals set, symptoms set> of the patient group and the normal group, respectively, must
first be generated.

2.2.1. IA Matrix

To facilitate understanding, the A matrix, which contains the appearance frequency of the
<bio signal, symptom> pair, will be introduced before describing the CI matrix used for the
appearance frequency of the <bio signals set, symptoms set> pair in a certain group. Each row
of an IA matrix represents a bio signal, and each column of an IA matrix represents a
symptom. Therefore, each element of an A matrix represents the appearance frequency of the
<bio signal, symptom> pair.

The CI matrix expands the IA matrix to handle not only the bio signals and symptoms but
also the bio signals sets and symptoms sets. Therefore, the Cl matrix records the appearance
frequency of the <bio signals set, symptoms set> pair rather than the <bio signal, symptom>
pair.

2.2.2. Cl Matrix

When the Cl Clpgient and Clyorma matrices, representing the Cl matrix of the patient group
and the normal group, respectively, are obtained, the probability of the <bio signals set,
symptoms set> pairs appearing in the patient group is calculated, and the PCADP matrix
having the same structure as the CI matrix can be generated. In this paper the normalization
function is applied in the equation to determine the element values to compensate for the
learned data of the patient group and the normal group. Assuming Totalpaient and Totalyomar tO
represent the total number of <bio signals set, symptoms set> pairs accumulated in the Clpatient
matrix and the Clyoma matrix, respectively, each element of the PCADP matrix can be
expressed by Equation (2.1).

Toteher: Cleast
PCADP; = )
Tothgm: (C|paﬂ1)i + Totahy (Clpaja-[)i
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After obtaining the PCADP;; probability values, the probability of a certain <bio signals
set, symptoms set> pair appearing in a patient group can be calculated using the PCADP
matrix. However, diagnosing the disease using only the PCADP matrix will mean that all bio
signals and symptoms must have the same weight factors. Since the PCADP matrix itself
does not have any weight factors, it cannot reflect the fact that some bio signals and
symptoms have a greater impact than others on the disease. Knowing that certain bio signals
or symptoms generally have a relatively bigger impact than others on a certain disease, it is
not appropriate to diagnose the disease only with the PCADP matrix. Therefore, the third
stage of learning introduces the concept of a weight vector relating to the relative impact of
the bio signals and symptoms on a certain disease to compensate for the limitations of the
PCADP matrix.

2.2.3. Weight Vector

As explained above, some bio signals and symptoms may have a higher weight factor than
others for prediction. Since the PCADP matrix does not support the weight factor assignment,
this paper introduces the weight vector to reflect the relative impact of the bio signals and
symptoms when predicting a disease. The bio signal weight vector and the symptom weight
vector are assumed to be {wbl, wb2, ..., wbn} and {wsl, ws2, ..., wsm}, respectively. The
initial values of the weight vector will be determined with help from experts on the disease. In
the future, the optimum weight vector may be obtained through additional experiments. This
paper does not exclusively describe the weight factors of the bio signals sets and symptoms
sets. The weight factors of the bio signals sets and symptoms sets can be easily obtained
through average calculation and normalization using the bio signals weight vector and
symptoms weight vector.

2.3. Decision Tree Stage

The personalized disease prediction method used in this study identifies a certain pattern in
complex data and makes a prediction statistically. However, if there is a large volume of data
input, it takes a long time to calculate and hence becomes more difficult to find the pattern.
To solve this problem, set association and the decision tree are used to reduce the amount of
data input into the disease prediction system so that it can handle the large data sets and
increase the accuracy of prediction.

First, the PCADP matrix values are selected using set association and the decision tree
from those generated in the learning stage, and they are given as the input values of the
disease prediction probability equation. The time required for prediction is reduced even for a
large volume of data to improve the accuracy and efficiency of disease prediction. Set
association is a method of finding the important decision tree value using the allelic
association and Hardy-Weinberg equilibrium data. To that end, HWD statistics, which
constitute the y?-statistical value representing the level distribution of the <bio signal set,
symptom set> pair with the AA statistics, which constitute the y*-statistical value measuring
the relationship to the disease, and the Hardy-Weinberg equilibrium as the null hypothesis,
are needed. It means that the DT values with high HWD deviation in the patient group are
particularly related to a certain disease. On the other hand, the DT values having high HWD
deviation in the normal group means an error has occurred. Therefore, a trimming process for
removing or zeroing those DT values is needed.
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2.4. Prediction Stage

The disease can be assessed after generating the PCADP matrix and weight vector in the
learning stage. The prediction stage uses a probability equation to assess the disease of a
certain <bio signals set, symptoms set> pair based on the PCADP matrix, weight value and
DT values generated in the leaning and decision tree stages. The value calculated by the
devised probability equation represents the probability of a subject being in the disease group.
In this paper, the probability value is assumed to be the probability of a subject having the
disease in question.

To explain the disease probability equation, it is assumed that the PCADP matrix, the bio
signals weight vector X, and the symptoms weight vector Y have already been generated.
And CP(p) is defined as a set of <bio signals set, symptoms set> pairs of a subject p in whom
the presence of a certain disease has not yet been determined. The PCADP(p) matrix is a
rearrangement of CP(p) in PCADP matrix form. The bio signal weight vector and symptom
weight vector in the PCADP(p) matrix are expressed as X(p) an Y(p), respectively. Assuming
the finally obtained matrix to be m X PCADP(p), the m-length bio signal weight vector to be
X(p), and the n-length symptom weight vector to be Y(p), the disease diagnosis of a subject
having CP(p) is calculated with Equation (2.2).

Plp = Patient Group | CPp)) =

m XU Vipla D) PCADE DY of

il

ZE’[F}.

Jed

Y.

2.5 Feedback Stage

It cannot be said for certain that the diagnosis of diseases using the above procedure will
always be correct. Indeed, it is difficult to assure its reliability, particularly given that the
result is predicted with the limited bio signals and symptoms in the ubiquitous environment.
This section describes the user feedback mechanism to supplement the weakness of the
disease diagnosis framework in the ubiquitous environment and to improve the accuracy of
the disease diagnosis framework. The user feedback stage is the process of compensating the
system using the user’s response to the predicted result upon completion of the disease
diagnosis. It is the last stage of the disease diagnosis framework. In this paper, the user
feedback mechanism is mainly divided into the individual user feedback mechanism and the
group user feedback mechanism.

2.5.1. Individual User Feedback Mechanism

The individual user feedback mechanism was devised to reflect types of disease, such as
stress, that show large deviations from person to person in the disease diagnosis framework.
A user inputs the bio signals and symptoms into the disease diagnosis framework, receives
the disease assessment result, and provides the feedback information of the result. The
individual user feedback process is depicted in Figure 2. If the user agrees to the assessment,
no feedback mechanism is operated and the information is maintained as a record for the
group user feedback mechanism described below. If the user does not agree with the disease
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assessment, he or she can adjust the weight factor of a bio signal or symptom that is
particularly more significant to him or her.

The disease diagnosis framework generates the individualized bio signal weight vector and
symptom weigh vector according to the weight factor adjusted by the user and immediately
delivers a modified disease assessment according to the changed weight factor. The user
checks how much impact the changed weight factor has on his/her disease assessment and
selects the suitable weight vector value. Depending on the individual, such a change of weight
vector value can be completed once or repeated several times. The individual user feedback
mechanism is completed when the disease assessment system determines the disease based on
the changed individual weight vector for the next disease assessment of the same user, as
shown in Figure 2.
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Figure 2. Individual Feedback

2.5.2. Group User Feedback Mechanism

Some data obtained from the user feedback mechanism can also be used by the new
learning group to assess the disease. The group user feedback mechanism is a series of
processes which advance the existing system by utilizing the newly obtained learning group
data. It differs from the individual user feedback mechanism, which affects the assessment of
the disease of the user but not of others, in that the feedback affects the assessment of all
users. In the group user feedback mechanism, when it is confirmed that the newly obtained
learning group data are more refined than the learning group data used in the existing disease
assessment system, it is reflected in the PCAPDP matrix of the existing diagnosis framework
to obtain a more advanced PCADP matrix. The existing disease diagnosis framework will
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evolve into a better system by using the more advanced PCADP matrix. Figure 3 shows the
concept of the group user feedback mechanism.

There are two issues concerning the group user feedback mechanism: the first concerns
how to separate the normal group and the disease group in the data obtained through the
feedback of the predicted result using the existing PCADP matrix and how to form the
learning group; the other concerns how to measure the error of the existing PCADP matrix
and the PCADP matrix obtained through the newly generated learning group and how to
generate the disease group to be used for error measurement.

Bio signal combinations

2 Original
Normal Group e\ _g PCADP
é Matrix Revised
— o PCADP
é Eferror rate) Matrix
Decision Group 3 Bio signal combinations
w

Symptom combinations

‘/ Bio signal combina
Normal Group —— % Ez{error rate)
\ 5
€
—— &
£ Feedback
Decision Group ) g PCADP
) 3 Matrix

Figure 3. Group Feedback
3. Mobile U-Health Service System
3.1. Definition

Although definitions of the mobile u-health service may vary according to their points of
view, we define it as a real-time service that can be obtained from a mobile terminal while we
are moving. In other words, we can obtain, store, manage, and analyze mobile bio data for
application to the corresponding user in order either to perform proper follow-up at the proper
time or to directly cure the disease as an advanced service. In addition, the mobile u-health
system is defined as an integrated scheme encompassing the bio sensors, terminal, and related
software and hardware, which are needed to provide the mobile u-health service as defined
above.

In this opening section of the paper, we treat the essential elements of the mobile u-health
service or system in view of the service framework or platform.

3.2. Elements of the Mobile U-health Service
The mobile u-health system generally consists of the following core elements and their

corresponding technologies, although there are other kinds of systems in our initiative u-
health world:

*  Framework for the collection of bio data
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»  Framework for the storage and management of bio data
»  Framework for the analysis of bio data
+ Framework for the mobile u-health service

Based on these core features, the structure of our mobile u-health service is represented as
the diagram shown in Figure 4.
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Figure 4. Structure of the Mobile U-health Service

The system periodically obtains the user’s bio data and transfers them to the server using
the framework for collection. The sensing output from the independent sensor installed in the
terminal is transferred to the server through the terminal gateway. Although a method of
direct transfer from sensor to server is possible, it would not be practical because of the
expense of the sensor and its capability limit.

We can effectively store and manage the collected bio data using the framework for storage
and management. In this scheme, we use temporal data management skills for the framework
because the bio data are generated periodically and continuously.

The framework for analysis determines whether there are any abnormal symptoms in the
user’s body by the prepared analysis method applying to the new bio data obtained from the
frameworks described above. In order to analyze the bio data, we apply data mining
technology to detect possible abnormalities or index of health. We use a pattern-matching
method, expert system concepts, and a method of supporting decision making.

Finally, the framework for the mobile u-health service is a kind of middleware for
supporting the integrated service, including data collection, storage and management, and
their analyses. Therefore, the elements of the u-health service described above and the various
corresponding technologies are integrated into a Hub, which is named the mobile u-health
service framework. In addition, the framework offers the environment for developing services
and making the services to be operated on the framework.

Figure 4 shows a typical model of the mobile u-health, which consists of the core element
frameworks mentioned above. The real-time bio data of a user obtained from mobile utilities
are stored in the database and analyzed. Most of the time, analyses of bio data are fulfilled by
the help of an expert system which collects bio data into two parts between the normal group
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and the patient group, in order to enhance the accuracy of a decision. Moreover, the expert
system advances continuously by studying new data as its proper learned data.

3.3. Mobile U-health Service Platform

In this section, we present the architecture of the mobile u-health service platform,
including its core elements and their roles. We explain the capabilities of the platform in
connection with applications, the expert system, and the related databases. Figure 5 shows the
structure of the mobile u-health service platform offered from this point of view.
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Figure 5. Mobile U-health Service Platform

The platform receives bio data as types of messages from various terminals and hands
them over to the database management module for processing. In other words, the mobile
message processing module connects between the moving client and the server. The bio data
transferred through the mobile message processing module to the framework will be stored
and managed by a large-scale temporal database management system, in which the bio data
may be separated according to their users, services and, sometimes, their types of treatments.

Stored data will be used for detecting the necessary health indices by applying a data-
mining or pattern-matching methodology, and then offering direct or feedback information to
the expert system. Close relations between the expert system with the data mining or pattern
matching module and the temporal database management module are necessary because the
structure of the database varies depending on the kinds of application services.

On the other hand, the corresponding u-health application service has to be defined by a
process format in order to develop the application service using the mobile platform. As
shown in Figure 5, all the mobile u-health services are to be considered possible as processes
for obtaining, storing, analyzing, and informing the result. In addition, the mobile u-health
application services represented by the corresponding processes will be operated and
controlled by the process management system, in which operational services and their
monitoring stages for control will also be supported.

The user management module supports personalized service control to manage all the
personal information. This module can be used in connection with the user management
scheme installed in the process management system
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3.4. Mobile U-health Service Scenario

Figure 6 shows a typical scenario of the mobile u-health service. In the first step of the
service scenario, a user fills up the questionnaire and receives the information related to the
physical symptoms and service environment, which cannot be obtained from the bio sensors,
of the user. The information obtained from the questionnaire can be crucial regarding the
accuracy of the disease diagnosis and provision of the proper service. After the information
has been obtained from the questionnaire, the sensors attached to the mobile phone acquire
the required bio signals and send them to the u-health server. In the sensing process, the graph
of the bio signals, such as the pulse, can be processed and displayed on a mobile phone
without having to go through the server.
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Figure 6. Mobile U-health Service Scenario
3.4.1. Bio Data Storing and Management

The framework for storing and managing bio data is a central element in the storage and
management of the collected data using the sensor and the data collection framework, as
shown in Figure 7. It processes u-health data, user-related data, and service specifications. In
addition, we analyze disease-related issues, symptoms, and their relationships using a
semantics representation model based on u-health data ontology throughout the framework.
As such, we can offer a user-friendly environment for the development of various u-health
services and contents in order to meet the modern requirements of users.

We can make professional service developers store their own services for various u-health
applications using the ontology editor, as shown in Fig.6. In addition, applications developers
can find the most proper service for their own u-health applications by using the service
broker of the ontology manager prepared under this scheme. Throughout these processes, we
can offer personalized u-health services and a reliable development environment for further or
additional application of the advancing scheme.
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3.4.2. Bio Data Analysis Framework

The framework for the analysis of bio data is shown in Figure 8. We can decide feces or
urine about a patient by analyzing newly created data throughout the method prepared
previously. As shown in Figure 5, service developers and application developers can perform
their developing jobs development tasks on the link provided by the service broker of the
scheme. After service developers generate service units and load them, application developers
can construct corresponding service processes using the recommended service units
throughout the service broker. We can realize a large process using stored process elements
through the process template, while we directly realizing any sub-process by bringing service

units from the service pool.
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3.4.3. Mobile U-health Service Framework

The mobile u-health service framework shown in Figure 9 is a kind of middleware
software that supports services for data acquisition, storing and management, and analysis as
an integrated service. This framework offers any kind of application service loaded on our u-
health platform not only to the terminal but also to the web service. Although there are some
overlaps, we can assign elements such as the client device tier, business logic tier, and data
management tier to this framework, as shown in Figure 9.
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Figure 9. Mobile U-health Service Framework

4. Implementation of the Mobile U-Health Service System
4.1. Data Used for Validation

Since there were insufficient data for the validation test of stress diagnosis, only the
basic validation test was performed. The stress test data used in this validation test were
provided by the Stress Clinic of Prof. Jong-min Woo of Paik Hospital in Seoul. The
stress data consisted of the physical records, including age, gender, height, and weight;
physiological data, such as blood pressure, blood sugar level, and body temperature; RR
(respiration rate) interval data measured using the vein wave meter; and the results of
the SRI (stress reservation index) questionnaire. To validate the PCADP matrix, the
data received from Paik Hospital were selected and analyzed for use as the learned data
for the PCADP matrix.

Realizing that the stress values are significantly dependent upon age and gender, the
PCADP matrix was separately built according to gender and age to build the learned
data. The RR interval was analyzed via various methods to obtain the elements of the
bio signals, such as SDNN (Standard Deviation of the NN intervals), LF, and HF. For the
SRI, the factors of the symptoms were obtained from the score for each question by
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selecting the symptoms related to the question. The 19 bio signals and symptoms listed
below were used for the stress validation test.

- Bio signals: GLUCOSE, SYSTOLIC, DIASTOLIC, BODY_FAT, HF_NU, LF_NU,
LF_ HF, HF_MSEC_2, LF MSEC 2, VLF MSEC 2, TINN_SEC, HRV_INDEX,
PNN50_PERCENTAGE, RMSSD_SEC, CV_PERCENTAGE, SDNN_SEC,
MEAN_RR_SEC, HEART RATE

- Symptoms: UNEASINESS, TACHYCARDIA, STIMULUS_EVASION, SOLICITUDE,
SCATTERBRAINED, PALPITATIONS, OVERSENSITIVE, OUTRAGE,
IRRESOLUTION, HEADACHE, HAND_TREMORS, GLOOM, EVADING_CROWD,
EMPTINESS, DYSPEPSIA, DIZZINESS, CHRONIC_FATIGUE_SYNDROME, ABUSE,
ABDOMINAL_PAIN

4.2. Validation

Concerning mobile U-health evaluation for the purpose of system configuration, this paper
presents the possibility of a concrete and real service by implementing a program is a test bed
environment destroyers. The disease diagnosis probability calculated by using a matrix of the
PCADP and user feedback mechanisms, according to the available personal data to the
service of the evolutionary, the diagnosis can improve the reliability.

Shown in Figure 10, first check that the authenticity (authentication?) of the terminal is
sent from the data stored in the database. In the ontology manager for each bio/symptom data
analysis and the data to identify possible causes, to compensate for the weight. The next
phase of the PCADP matrix adjusted weights are used as input data, PCADP matrix with
running-set used in the operation belong to the range of disease probabilities are calculated.
Where the periodic update of the running-set is more accurate over time can be measured.

WIPI: Wireless Internet Platform for Interoperability

SISl AEHA KISE
0.0 UUCL (B )
ELELE L
nas3, A4S Y - 2%EY @
e e
azug - AVE ©

o Diagnosis from . Indicate Probability on User Feedback &
Result from Bio Signal Sensor Ontology & PCADP Matrix Learning set Distribution Weight Assignment

Personal & Questionnaire Sensing Transfer data u-health Server
Environment for acguiring For acquiring To server
Information Physical Symptoms Bio Signals

Figure 10. Implementation of the Mobile U-health Service System
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4.3. Validation Test Result

The stress validation test was conducted in two ways. To develop a PCADP matrix,
learned data that are clearly separated into the stress group and the normal group are
required. However, the physiological data, RR interval and SRI data received from Paik
Hospital were not separated into a stress group and a normal group. Thus the data had
to be arbitrarily separated into two groups prior to the validation test.

The first method consists in using the SRI value to measure the actual stress level.
However, the way to identify the stress with the SRI value is very strict, and there will
be too few left for the stress group. Therefore, the SRI values of 18 people were divided
into a certain ratio and the learned data of the stress group and the normal group were
applied. In this test, the ratio was set to 15%, 30%, and 50% to compare accuracy.

The second method consists in separating the groups using the HRV features, such as
SDNN or LF/HF, which are used to identify the stress group. SDNN is the feature
obtained from the time domain method. It is the most easily obtained value, and people
suffering from stress generally have a low value. LF/HF is the feature obtained from the
frequency domain method. It reacts sensitively to sympathetic change. Generally, stress
increases sympathetic activities and eventually raises the LF/HF ratio. All the tests
validated the PCADP matrix by measuring the accuracy of the prediction using the r-
cross validation method.

4.3.1. Identification with the SRI
The top and bottom 15%, 30%, and 50% were tested. The PCADP matrices of various

structures were formed to be tested for accuracy. The following seven types of PCADP
formats were analyzed.

- Biosignal x Symptom (19 x 19)
- Biosignal x 1 (19x1)
- Symptom x 1 (19x1)
- Biosignal x Biosignal (19 x19)
-HRV x 1 (14x1)
- HRV x HRV (14 x 14)
- HRV x Symptom (14 x 19)

The above seven PCADP structures were validated by the top and bottom 15%, 30%,
and 50% methods to identify the stress group. A total of twenty-one tests, i.e., three for
each structure, were performed. Figure 11 shows the result.

As shown in Figure 11, all the matrices showed 90% or higher accuracy, which indicates
that the correlation of between the SRI and the extracted symptoms was too high. As such, the
separation of the stress group and the normal group with the SRI could not be correctly
validated with the learned data. Therefore, a test aimed at improving the accuracy of the
Biosignal x 1 matrix (excluding the symptom) was performed. To improve its accuracy,
the number of features or feature ranges could be adjusted.
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Figure 11. SRI Result using PCADP

In Figure 12, Bigsinal2 means the new bio signals after reducing the number from 19 to 9.
The figure in the parenthesis means the number of ranges. Accuracy was increased by
increasing the number of ranges from 5 to 10 and eliminating unnecessary features.
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Bl Biosignal (10} 65.55% 56.19% 53.33%
W Biosignal2 (10) 68.88% 61.42% 54.16%

Figure 12. Change in the Number Range of the Experimental Results after
Biosignal

4.3.2. Identification by SDNN and LF/HF

Like the SRI, the top and bottom 30% of the SDNN and LF/HF values were
separated for use as the learned data of the PCADP matrix. (In the case of SDNN, the
top 30% is the normal group and the bottom 30% is the stress group. In the case of
LF/HF, the top 30% is the stress group and the bottom 30% is the normal group.)

Eighteen bio signal features - after excluding one used to identify the group — out of
a total of nineteen were used; nineteen symptom features were used; and five equally
divided ranges were used, as in other methods.

Three tests with SDNN and three tests with LF/HF were performed for validation.
Assuming that there would be a correlation among the HRV features, three tests for
identifying the groups with the glucose instead of the HRV feature were added, making
a total of nine tests. The results were compared with the results of the validation of the
SRI. The nine tests are shown below:

- Biosignal x Symptom (18 x 19) - SDNN
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- Biosignal x 1 (18 x1) - SDNN
- Symptom x 1 (19x1) - SDNN
- Biosignal x Symptom (18 x 19) - LF/HF
- Biosignal x 1 (18 x 1) - LF/HF
- Symptom x 1 (19x1) - LF/HF
- Biosignal x Symptom (18 x 19) - GLUCOSE
- Biosignal x 1 (18 x 1) - GLUCOSE
- Symptom x 1 (19x1) - GLUCOSE

Figure 13 shows the results of the nine tests. Like the SRI, it was confirmed that both
the SDNN and LF/HF have a correlation with the bio signals. Therefore, it is not
suitable to identify the groups with a single method using the existing data. To obtain
an accurate validation result, a virtual stress group would have to be formed and
validated using each method.
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80.00%,

70.00%;

60.00%,
50.00%,
40,00%,
30.00%,
20.00%;

10.00%;
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SAI LF/ HF SDNN GLUCOSE
[l Biosignal x Symptom 100% 95 45% 92.27% T2.27%
[ | Biodignal x 1 56, 19% 95, 90% 92, T2% 63, 18%
[ ] Symptom x 1 100% 57.27% 55.00% 64 54%

Figure 13. Test Result of the Validation of SDNN and LF/HF
4.3.3. Stress Probability Distribution Diagram

As shown in Figure 14, the PCADP matrix has the stress group and non-stress group
distributions. Since these data regularly evolve, they are used as the basic data for
measuring the stress probability according to the general bio signals and the
questionnaire.

The prediction stage is established based on the appearance pattern of the bio signal
and symptom pair constructed in the learning process. In the learning stage, separation
of the correlation pattern of the bio signal data and physical symptoms of the normal
group and patient group is attempted. This study assumed that the sufficiently learned
data could be used at this stage to recognize the correlation.

In the learning stage, the frequency of the correlation of the bio signals and physical
symptoms of the normal group and patient group are stored in the CI matrix. The CI
matrix contains the pattern and its appearance frequency for the bio signals and
physical symptom sets of the given normal group and patient group.
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Figure 14. Stress Probability Distribution Diagram

The CI matrixes of the patient group and normal group are integrated into the
PCADP matrix. Each element of the PCADP matrix represents the probability of the set
pattern appearing in the patient group. In the prediction stage, the bio signals and
physical symptoms of the subject of the disease diagnosis are input into the prediction
system, and the prediction system calculates and presents the probability that the
subject will be assessed to be in the patient group. Since the PCADP matrix is generated
with the CI matrix, the contribution of a certain combination of bio signals and physical
symptoms to a certain diagnosis can be easily evaluated. In Figure 15, the parts
displayed in color are the elements of the set of bio signals and symptoms. The PCADP
calculation equation then calculates the probability between 0 and 1.
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Figure 15. Health Index of a Subject Obtained from the PCADP Matrix
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4.4, Comparison and Consideration

This paper proposes a PCADP algorithm, which is a personalized statistical disease
prediction method suitable for the mobile u-health service environment. It established a
flexible structure, real-time processing, continuous enhancement, and monitoring of the
diagnosis process, which are all essential elements of a diagnosis method in the mobile
u-health service environment, as the requirements. Although security is another
important requirement, it was not considered in this study. However, it is an issue that
must be answered if the u-health service system is to be commercialized and distributed
in the future.

The existing disease prediction method through machine learning is an artificial
intelligence technology designed to teach a computer to analyze the data in order to
identify a new regularity and turn it into a program. Although machine learning is not
the same as the statistical method, they are similar in that they analyze data to find the
rule. However, the algorithm used in the machine learning method is more complex and
precise than that of statistical learning.

4.4.1. Flexible Architecture

The goal of a mobile u-health service is to comprehensively check the health of the
subject to help diagnose and treat him or her. Since the assessment of various diseases
is needed for that, the diagnosis technique must be able to assess different diseases
without a major change, and must support all the variables required for the diagnosis of
each disease. The PCADP matrix proposed in this paper manages the data based on
ontology to improve the flexibility of the system. The ontology structure and PCADP
matrix values are dynamically changed according to the user’s feedback.

4.4.2. Real-time Processing

As the mobile u-health service must enable immediate learning, diagnosis, analysis
and management without the constraints of time and space, and the diagnosis method,
which is the key to the service, must be optimized so that the diagnosis can be promptly
executed. This paper proposes a real-time statistics-based disease prediction method. To
solve the problems of the long processing time and the difficulty of finding the pattern
when a large volume of data are input, it uses set association and the decision tree to
reduce the volume of data, so that it can be applied to a large volume of data and
improve the accuracy of prediction.

4.4.3. Continuous Enhancement

Since the majority of disease diagnosis methods depend on the nature of the learned
data, the performance of the diagnosis is sensitive to any changes made to the learned
data. Therefore, it is very important to effectively reflect the continuously measured
data in the learned data and enhance the diagnosis method.

The mobile u-health ontology proposed in this paper is continuously enhanced with
the accumulation of new data and user feedback, and the PCADP matrix is also further
evolved. The changing of the PCADP matrix data for more complex and personalized
analysis according to the feedback on the analysis result improves the disease
prediction method.
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4.4.4. Monitoring of Diagnosis Process

For comprehensive health management, the diagnosis method should not end with
just assessing the disease but should also recognize a change in the user’s condition and
present a series of follow-up processes. Although the diagnosis method itself may not
support it directly, it should be able to identify the variables that significantly affect the
diagnosis and those that may not have a significant impact but which significantly
deviate from normal data value, so that they can be provided as reference data for the
next step.

The ontology manager monitor is a tool for using data given by the service to
visually present the process of the ontology manager search, and to collect and infer the
data so as to deduce a result. The ontology service was developed to assess the stress
group. The symptoms ontology and ontology API were used to systematically manage
the weight factors of the bio signals to assess the stress group.

5. Concluding Remarks

The mobile u-health service generally consists of four stages: the sensing stage, in
which the health customer’s bio signals are collected using sensors; the monitoring
stage, in which the bio signals undergo preliminarily processing; the analysis stage, in
which a new health index is generated from machine learning, such as pattern
recognition, and data mining of the obtained data; and the feedback stage, in which the
customer is notified of his/her health status. In particular, the analysis stage, whereby a
new health index is calculated from the accumulated bio signals, may be considered as
the key to and the (essential) platform of, the mobile u-health service

There are many problems with applying the machine learning technique, which is
widely used in the conventional healthcare field, during the mobile u-health service
analysis step. First, research on the mobile u-health service is just beginning, and there
are very few cases where the existing techniques have been applied in the mobile u-
health service environment. Second, since the machine learning technique requires a
long learning period, it is not suitable for application in the mobile u-health service
environment, which requires real-time disease management. Third, the various machine
learning techniques that have been proposed until now do not include a way to assign
the weight factors to the disease-related variables, and thus its use as a personalized
disease prediction system is somewhat limited.

This paper proposes PCADP, which is an ontology-based personalized disease
prediction method, to solve such problems and to interpret the bio data analysis of the
mobile u-health service system as a process. Moreover, the mobile u-health service
ontology framework was modeled as a semantics type in order to meaningfully express
the mobile u-health data and service statement based on PCADP.

The proposed algorithm is designed to assure the reliability of the data and
application service and enable the prediction of general diseases such as stress, obesity,
and diabetes. When the bio signals, types and forms of the physical symptoms and weight
factors of a disease are given, it constructs a matrix regardless of the disease to support the
various structures and learn and diagnose quickly. It can also very easily back-track the
diagnosis result. To improve the accuracy of prediction, a normalization function with
consideration to the difference in size of the normal group and the patient group was
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added to PCADP calculation, and the feedback mechanism was enhanced to make the
personalized diagnosis more precise.

To validate the performance and efficiency of the PCADP technique proposed in this
paper, the 5-cross validation method was used to measure the accuracy of the
prediction. The validation of PCADP using a virtual disease group verified that the technique
proposed in this paper shows much greater accuracy compared to existing methods.
Moreover, the PCADP prediction method improved the flexibility and real-time attributes,
which are the essential elements of any diagnosis technique in the mobile u-health
environment, and showed efficiency in the continuous improvement of the monitoring and
system of the diagnosis process.

Further studies are required to commercialize the mobile u-health service proposed in
this paper, and there are some problems that must be resolved to make the system safer
and more reliable. For the future, studies on how to manage the health data safely, and
how to compress the messages exchanged between the mobile devices and the u-health
server to improve the performance are needed.
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