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Health Risk Analysis Expert System for
Family Caregiver of Person with Disabilities
using Data Mining Techniques
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ABSTRACT

The nursing care for the family caregiver of the dis-
abled person is an important task for long-term care,
since the caring people with disabilities is the difficult
and hard task. In this paper, the Health Risk Anal-
ysis System or HRAS is introduced which is the new
expert system for identifying the health risk level in
three aspects including mental, physical, and social
health aspects, and provides the intervention accord-
ing to the health risk level of each aspect as well. The
HRAS is the client-server system. The HRAS client
proceeds on web-based application to collect health
data via online questionnaire and shows the analysis
results. The collected health data are transmitted to
the server to analysis and to assess the health risk
level by using the proposed classifier model named
Risk Analysis Classifier or RAC. The classification al-
gorithm and rule-based classifier are used to build the
RAC. The RAC is evaluated using k-fold cross val-
idation and the experts with annotated health data
and unseen data. The evaluation results showed that
Neural Network performs the best performance over-
all which it achieves the accuracy above 90% in all
health data sets. Thus, the Neural Network is the
most suitable classifier for this work. In addition, the
HRAS has been deployed and collected the user ex-
perience via the formal survey. These survey results
demonstrated that the system provides high accuracy
assessment and very utilization in several aspects.

Keywords: health care system, caregiver, classifica-
tions

1. INTRODUCTION

There is an increase in adults with a physical dis-
ability in developing countries like Thailand. The
adults with a physical disability need to find some-
one to care for them and to support them at home,
because paid personal care attendants are one option
but it is expensive. In other word, family members
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become an essential support as “family caregivers”.
Over 95% of all Thai people with disabilities receive
care at home and the majority of caregivers are family
members. Therefore, their care is solely dependent
on family caregivers whose substantial commitment
to long-term care can impact significantly on their
health [1]. The caregiver caring is also important for
long-term care. Because the caring for a person with
disabilities is difficult and hard tasks to provide home
care services every day [2]. The effect is that most
family caregivers suffer health problems and require
support from the people around them.

The research [3] studied the impact of sleep in-
terruptions of the female caregiver and the research
[4] studied the impact of caring for a person who
has experienced stroke. These researchers found that
most family caregivers experienced health problems
because of lack of exercise including lack of annual
health examination and having sleep trouble. These
abusive behaviors required support from the people
around them. Especially, caregivers were more in-
appropriately behave and had health problems than
those who did not serve as caregivers of the disabled
people. Moreover, the perceived health status was
lower than that of the normal population. There
are several factors affect the low perception of health
status among caregivers in Thailand, including fe-
male caregivers to care the mother of the husband,
older, low level of education, insufficient income, hav-
ing a health problem, lack of caring experience, hav-
ing other roles [5]. Therefore, the assessment of the
health risks of the family caregiver is essential. Be-
cause the assessment of the factors can indicate the
risks of family caregivers in case of health problems
and can lead to activities for supporting healthcare
[2].

In addition, our team interviewed the expert who
has studied in the family care domain since 2013. Our
finding from the interview found that typically, the
health risk assessment of each caregiver is collected
and analyzed by nurses who work in such area and
are close to the family caregiver. Each assessment is
performed by using the specified questionnaire com-
posed of 6 parts and 143 topics. Therefore, quan-
titative and quality data are collected concurrently
involving a face-to-face interview with family care-
givers which spend times to collect the information
in approximately 30-45 minutes per person. Besides,
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it spends the time for assessment approximately sev-
eral hours or several days depend on the experience
of the nurses. In addition, each nurse who collected
and analyzed the data has experience in different as-
sessment and analyze. The different results will affect
the caregiver to get the different treatments.

There are a few researchers developing the risk as-
sessment tools which are close by our work. In re-
cently, the Health-Related Quality of Life (HRQOL)
assessment for the caregiver of Alzheimer disease pa-
tient [6] was proposed. This tool showed that care-
givers who care Alzheimer patients have a poor phys-
ical and mental health that yield low quality of life.
The HRQOL also assessed the caregiver of autism
children [7] and compared the result between care-
giver of autism children and general US population.
This result showed that the caring of autism children
affected to mental, physical health of the caregiver,
especially, the caregiver who the mother of autism
children. Beside, another example of assessment of
the caregiver was proposed in 2008 by Marijean Buhse
[8]. The caregiver burden in families of persons with
multiple sclerosis was assessed. The finding was that
caregiver burden is a multidimensional response to
physical, psychological, emotional, social, and finan-
cial stressors associated with caregiving experience
[8]. Early perception of caregiver burden is very im-
portant in determining appropriate interventions. Al-
though there are the variety tools designed for care-
giver assessment, however, those tools are not suit-
able for evaluation the caregiver for the disabled per-
son because of the different culture and context.

Therefore, this research introduces the new expert
system named Health Risk Analysis System (HRAS)
for assessing the family caregivers of people with
physical disabilities via web-based application. In
this system, we propose the Risk Analysis Classifier
model called RAC by using the classifier technique
incorporating with rule-based classifier. The data col-
lected from [1] is used to learn and build the proposed
RAC model. The proposed model is used to ana-
lyze caregiver health risks in three aspects including
physical, mental, and social healths. Therefore, the
proposed HRAS can identify the level of health risk
status and an urgent needs for support their health
to enable them to maintain their role. In addition,
we have chosen the web-based platform for utiliza-
tion our classifier model. Finally, our work not only
helps nurses to easier collect the health but also to
reduce analysis and assessment times.

2. LITERATURE REVIEWS

There are various data mining methods which ap-
ply to healthcare monitoring. Most of these applica-
tions used classifier algorithms such as decision tree,
Naive Bayes, association rules, neural networks and
ensemble classifications. For example, Rathore et. al.
[9] used ensemble technique to create the predicting

model for the survivability of breast cancer patients.
This method consists of two steps. First, data pre-
processing is applied on SEER (Surveillance of Epi-
demiology and End Result) data to fill the missing
value with the mean value. Second, three classifica-
tions are used to build the ensemble classifier model
based on voting strategy, including decision tree clas-
sifier (DTC), Naive Bayes, and Classification based
on Multiple Association Rules (CMAR). The exper-
imental results were compared with traditional clas-
sification. It concluded that the proposed method
yielded the highest accuracy at 71.87%, while DTC,
Naive Bayes and CMAR provided the accuracy of
70.00%, 69.00% and 68.20%, respectively.

Besides, Salih et. al. [10] proposed ensemble
method based on the Meta classifier voting combin-
ing with three based classifiers J48, Random Forest,
and Random Tree algorithms. In data processing
stage, the input training data were reduced the at-
tributes from 300 to 6 attributes by removing irrele-
vant and redundant attributes. This work considered
the classifier performance using Ensemble Model of
Meta Voting Classifiers combining with various single
Meta classifiers, Voting combining: J48, LMT, Ran-
dom Forest, Random Tree, PART (Voting + 5 classi-
fiers), Voting combining: J48, Random Forest, Ran-
dom Tree (Voting + 3 classifiers), and Voting combin-
ing: Random Forest, Random Tree ( Voting + 2 clas-
sifiers). All proposed methods were compared with
various measures of evaluation based on error metrics
including ROC curves, Confusion Matrix, Sensitiv-
ity, Specificity and the Cost/Benefit measures. They
concluded that the ensemble (Voting + 3 classifiers)
yielded the highest accuracy .

Srinivas et. al. [11] proposed the intelligent and
effective heart attack prediction methods using classi-
fication data mining techniques. Firstly, all attributes
with missing values are replaced by modes and mean.
Then, the discretization of all numerical attribute
from the training data set are applied unchanged on
the test set. These classification techniques include
One Dependency Augmented Naive Bayes (ODANB),
and Naive Bayes classifier were compared with three
data set such as Heart-c, Heart-h and Heart-stalog by
using accurate measurement. From experimental re-
sults showed that Naive Bayes provides better results
for predicting the heart disease than other methods.

In addition, Songthung and Sripanidkulchai [12]
proposed type 2 diabetes mellitus risk prediction by
comparing two classifiers including Naive Bayes and
CHAID (Chi-squared Automatic Interaction Detec-
tor) Decision tree. The data were gathered from 12
hospitals in Thailand during 2011-2012 with 22,094
records. The coverage and high-risk metrics were
used as a measure to compare effectiveness of risk
prediction. The results showed that Naive Bayes clas-
sifier obtains a coverage and high-risk which are lower
than Decision tree classifier.
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Such surveys applied the classification algorithms
to produce tools for healthcare applications and can
help in assisted healthcare monitoring. Nevertheless,
those tools are not suitable for evaluation family care-
givers for disabled persons because the surveys are
utilized across the target samples in the different cul-
ture and context.

3. BACKGROUND KNOWLEDGE
3.1 Classification Techniques

Classification is one of the data mining techniques
that widely applied in healthcare applications. The
goal of classification is to create a classifier model
used to identify the target class for each case in the
data. The following techniques are applied in this
work.

3.1.1 Decision tree

The goal is to build the classifier model that can
predict the value of the target output by learning
from the training data. Normally, the decision tree
forms a tree-like graph. Each node in the trees spec-
ifies a test of some attributes of the instance [13],
each branch denoted as the possible values for this
attribute, and each leaf node denoted as a class label.
In order to select which candidate attributes to be
the internal node in the tree, the information theory
can be used to measure how well a given attribute
separates the training instance. There exist many
well-known algorithms, e.g C.4.5, ID3, CART, etc.

3.1.2 Naive Bayes classifier

Naive Bayes classifier is simple probabilistic clas-
sifiers based on Bayes theorem that suppose the in-
dependence of particular feature from other features
when given the class. Bayes theorem applies the pos-
terior probability of class (¢) when given the attribute
or factor (x), P(c|x). Naive Bayes classifier assume
that the effect of the value of an attribute on a given
class, is independent of the values of other attributes
[13]. In this work, kernel density estimation (KDE)
is used for calculating the conditional probability in
the Bayes theorem. The KDE is a non-parametric
method of estimating the probability density function
population [14].

3.1.3 Neural network

In artificial intelligence, neural network is an emu-
lation of a biological neural system of humans in com-
putational system. It builds the model which mimics
brain behaviors and be able to learn by the examples
or the training data. The basic neural network is con-
sisted of three layers: input layer, hidden layer, and
output layer. Each layer have the number of nodes
and nodes of input layer are fully connected to the
nodes of hidden layer. In the same way, nodes of

hidden layer are fully connected to the nodes of out-
put layer. The connections between layers represent
weights between nodes. The neural network learning
algorithm is to adjust the weight of each neuron that
minimizes the average squared error using gradient
descent [15].

3.1.4 Support Vector Machines [16]

Support Vector Machines or SVMs are one of the
famous machine learning algorithms for regression,
classification and other learning tasks such as esti-
mation. LibSVM [16] is a popular open source ma-
chine learning library for support vector classification
based on C-SVC and also supports multiclass clas-
sification. Given a training set of annotated data
(z5,vi),i = 1,...,] where z; € R and y € 1,—1%
SVC solves the problem with the following optimiza-
tion.

l
. 1 4
MMy b ¢ §w w + C; & (1)
subject to
yi(wp(z; +b) >1-¢ (2)
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where ¢(z;) maps z; into a higher dimensional space
and C > 0 is the regularization parameter.

3.2 Ensemble Classification

Ensemble classification is the famous technique
based on concept of combining classifiers to obtain
better predictive performance than using individual
classifier alone [10]. Since combining multiple classi-
fiers produce the classifier outputs, so majority vot-
ing is one of well-known method used to obtain the
true predictive output. The ensemble classifier ap-
plied majority voting chooses the class on which all
classifiers agree or predicted at least one more than a
half of the number of classifiers.

4. HEALTH RISK ANALYSIS SYSTEM

The proposed expert system is illustrated in Fig. 1
called HRAS which stands for the Health Risk Anal-
ysis System for caregiver of disabled person. The
HRAS is designed based on the front-end (client) and
back-end (server) in order to evaluate the health risk
level, and to present the results and appropriate in-
terventions to the user. The front-end of HRAS runs
on web-based application to present the questionnaire
form used to collect related data and transmits the
data to the server for processing the assessment. The
questionnaire is utilized by nurse who face-to-face in-
terviews the family caregivers. After transmitting the
data, the back-end performs preprocessing step for
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data cleaning and transforming the categorical data
to numeric data. Then the transformed data is sent
on a risk analysis modeling which identifies the health
risk level. The risk level is stored in a database for
further monitoring and then is accessed via the web
interface to provide the interventions corresponding
the risk level to each user through their account. The
interventions can help nurses to support caregiver in
the responsible area.

5. HRAS WEB INTERFACE

The HRAS currently supports only web-based
platform with responsive design. The web interface
is extraordinarily simple and has three major compo-
nents including setting permission component, health
risk analysis component, and results and report com-
ponent.

5.1 Setting Permission Component

First time, users are prompted to create a secu-
rity account on the server by filling out the registra-
tion form. The users in the HRAS are categorized
into two types — the nurse who acts as administra-
tion and the nurse who assesses the health risk and
supports the caregivers in the responsible area. The
primary responsibility of the nurse who acts as the
administration is to assign the nurse who will sup-
port and monitor the caregivers. Therefore, the web
interface utilizes each user with access to the HRAS
and provides the users with the health risk results
from HRAS’s database through a personal interface.

5.2 Health Risk Analysis Component

This component is used to assess caregivers’ health
in three aspects including physical, mental, and so-
cial health in the form of the health risk level for each
aspect. The assessment is done by the nurse who
assesses and supports the caregivers. The nurse ob-
tains the assessment documentation via online ques-
tionnaire about demographic and health information,
which is consisted of 4 parts in 72 topics. There are
only 45 topics related to the important factors and
other topics will be further used in the future. This
means that spending time to collect the data can be
reduced. Because the number of questions is dimin-
ished from 143 topics to 72 topics which are selected
by the expertise based on research of [1]. After finish-
ing the face-to-face interview, all raw data are kept
in the database and sent to analysis (located under
“Analysis” Menu) the health risk on the server.

5.3 Results and Report Component

This component is used to visualize the health risk
assessment results for the caregiver on the web inter-
face. The HRAS can identify the level of health care-
giver status into 0-5 levels. The level 0 indicates that
health assessment is very good health and the level

5 is urgent need to improve health. The HRAS cur-
rently supports two health reports. Fig. 2 provides
health risk assessment report in four aspects: men-
tal health, physical health, social health and overall
heath (from the left hand side to the right hand side).
The risk assessment results of each aspect are repre-
sented by different emoticon corresponding the risk
level and each level is converted to a percentage for
easy understanding. When the nurse clicks on emoti-
con of each aspect, the system will show the inter-
vention designed upon participatory action research
(PAR) [1]. Another report is the historical health
risk assessments which the nurse can track whether
the health of the caregiver can improve, as shown in
Fig. 3.

6. HEALTH RISK ANALYSIS PROCESS

After the server obtains the data from the web
interface, the HRAS back-end performs health risk
analysis process to assess the health risk level in three
aspects including mental, physical and social aspects.
Each step of health risk analysis process is automat-
ically processed in the following.

6.1 Preprocessing

The preprocessing step aims to transform the data
obtained from the online questionnaire to the data
which can compute and analyze the health risk level.
In the online questionnaire, 45 questions are related
to the important factors or attributes in each three
aspects that are mental health, physical health, and
social health. The related factors of each aspect are
derived from the research [1] and each factor is ob-
tained from only one question or several questions.
The factors related with physical health of the care-
giver, are consisted of 11 factors including age, gen-
der, education, relationship with the patient, fam-
ily economic status, caregiver health problems, care
receive-Dependency, caregiving experience, caregiv-
ing other role, preparation, ongoing support. The fac-
tors that related with mental health of the caregiver,
are consisted of 10 factors including age, gender, re-
lationship, family economic status, caregiver health
problem, care receive-Dependency, caregiving experi-
ence, caregiving hours, preparation, ongoing support.
The factors for social health analysis are consisted of
11 factors including age, gender, education, relation-
ship, family economic status, caregiver health prob-
lems, care receive-Dependency, caregiving experience,
caregiving other role, preparation, ongoing support.

Since all these factors have different types of val-
ues, so factor values must be transformed to numeric
values. Some factors especially having numeric val-
ues, e.g. age, caregiving hours, etc., vary in values. In
addition, The values of some factors, e.g care receive-
Dependency etc., are obtained from the summation
of score calculating all of sub-questions in such fac-
tors. Therefore, the values of each factor must be
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converted to the specific value. Table 1 shows the ex-
ample of some factors related to all health risks. Since
some factors used to assess influence the risk assess-
ment of each aspect in a different way, for example,
the age factor more effects in physical health than
mental health. Thus, the weight notion is used for all
factors. All weights are obtained from [1]. To find-
ing the weight, they used T-test, Z-test, and Pearson
correlation for finding the correlation between factors
and poor health including the depth interview with
15 experts. Table 2 illustrates the example of data
transformation of one caregiver in mental health data.
After that, data of a caregiver acquired from online
questionnaire are transformed to the numeric data for
convenience calculation as depicted in Fig. 4.

The Health Risk Analysis System (HRAS) framework.

6.2 Risk Analysis Modeling

This step is used to identify the health risk level
in three aspects including mental health, physical
health, and social health by using Risk Analysis Clas-
sifier or RAC which is the mixed classifier model.
In order to create the RAC, classification technique
and rule-based method are applied to build the pro-
posed classifier model. Fig. 5 illustrates the process
of building the RAC.

Caregiver | F1 F2 F4 F7 F8 F14
C1 0.4 1 1.5 3 1.5 0
C2 0.6 1 0 0 1.5 3
C3 0 0 0 3 0 3
C4 1 1 3 3 2 0
(& 0.8 0 0 0 2 1.5

Fig.4: The example of transformed data of five users
in mental health data. The values are obtained from
the total scores as shown in Table 2.

Annotated Data Preparation
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Fig.5: The overview processes of building Risk Anal-
ysis Classifier or RAC.
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Table 1: Some factors related with all health and weight of each factor

Factors Convert ‘Weight of factors
to Mental | Physical | Social

Age (F1)

< 30 years. 0

30-39 years. 0.2

40-49 years. 0.4 1 3 -

50-59 years. 0.6

60-69 years. 0.8

> 70 years. 1

Caregiver health problem (FT7)

Healthy 0 3 3 3

Poor health 1

Care receive-Dependency (F8)

Score dependency is 17 - 20 0

Score dependency is 13 - 16 0.25

Score dependency is 9 - 12 0.5 2 2 2

Score dependency is 5 - 8 0.75

Score dependency is 0 - 4 1

Preparation (F14)

Score is 11 - 12 0

Score is 8 - 10 0.5 3 2 3

Score is 6 - 7 1

Table 2: Data transformation in preprocessing of one caregiver with mental health data

Values Convert . Total

Factors of factor to Weight Score

Age (FI) 12 0.4 i 04

Caregiver health problem (F7) Poor 1 3 3
health

Care receive-Dependency (F8) 8 0.75 2 1.5

Preparation (F14) 12 0 3 0

Table 3: The number of instances of each dataset

67

Mental health data Physical health data Social health data
Class Number of | Percent of | Number of | Percent of | Number of | Percent of
instances instances instances instances instances instances
2 9 6% 11 7.33% 28 19.05%
3 47 31.33% 54 36% 67 45.58%
4 68 45.33% 64 42.67% 48 32.65%
5 26 17.33% 21 14% 4 2.72%
6.2.1 Annotated Data Preparation | Social health data
. . . o Physical health data s_
The RAC is built using training data from 150 Mental health data [T
caregivers with annotated risk levels obtained from Caregiver | F1 .. F7 F8 F10 Class ||
the research [1]. Since each caregiver will be assessed (S 04 . 3015 L. 0 3
in three aspects that mentioned before, so the train- c2 0.2 0 050 3 2
ing data are generated into three data sets according
to three aspects. The example of some annotated C149 02 3 1 15 3 |
data is shown in Fig. 6. Normally, the level scale C150 1 3 2 3 5
identifying the health risk level should be determined
1 to 5 scale. Since, the training data obtained from  Ftg.6: The examples of annotated data of mental,

the research [1] provide the annotated data only 2 to
5 scale, so this causes the RAC model combining with
two techniques that are classification and rule-based
methods. In addition, the training data are question-
naire data as well, therefore, the data transformation
is applied using the Preprocessing step in Section
6.1.

From our previous work [2], we found that the size
of one or more classes (risk levels) are much more
greater than the other classes as shown in Table 3.
Thus RAC model tends to majority classes while the
data from the minority classes may be incorrectly
classified. It means that RAC model encounters with

physical and social aspects.

a crucial problem called class imbalance. Therefore,
we have the assumption that if we can handle the
class imbalance problem, we can obtain highly accu-
rate RAC model. In this work, we applied SCUT
[17] algorithm to cope with class imbalance problem.
The reason of selecting this method is that the SCUT
method is the hybrid sampling technique used to bal-
ance the size of training instances in a multi-class
imbalance data. Furthermore, the SCUT method
combines both undersampling and oversampling tech-
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niques. For all classes having the number of instances
less than the average m, oversampling is proceeded
by using SMOTE [18]. The percentage of sampling is
computed which the number of instances in the class
after oversampling is equal to the average m. Oth-
erwise, for all classes having the number of instances
greater than the average m, undersampling is per-
formed such that the number of instances is equal to
the average m. For undersampling, the Expectation
Maximization (EM) algorithm [19] is used to cluster
the instances within each class. Then, for each clus-
ter within the class, instances are uniformly selected
which the number of instances for all cluster is equal
the average m. The algorithm of SCUT method is
shown in Algorithm SCUT [17].

Since SCUT algorithm applies random selection in
the undersampling process, so the selected instances
of each cluster may be difference from each run. To
obtain the best result, we perform 5 runs to create
various datasets. Therefore, there are 18 annotated
health datasets used for experiments in this work that
are 3 health datasets used before performing SCUT
method and 5 datasets for each three aspect used af-
ter performing SCUT method (totally 15 datasets).

Algorithm SCUT

Input: Dataset D with n classes.

Output: Dataset D' with all classes having m
instances, where m is the average number of
instances of all classes.

Split D into D1, Do, ..., D;, ..., D, where D; is
a single class and i = 1,2,...,n.
Compute m. /*Undersampling™®/
For each D; where number of instances > m
Cluster D; using EM algorithm.
For each cluster C;, j =1,...,k
Randomly select instances from C;.
Add selected instances to C]/».
End For
C=¢
For j=1,...k
C=Cuc;
End For
D;=C
End For
/*Oversampling*/
For each D; where number of instances < m
Apply SMOTE on D; to get D;.
End For

For each D; where number of instances = m

D; = D;.
End For
D' =¢
Fori=1,...,n
D' =D UD,.
End For

Return D’.

6.2.2 Building Risk Analysis Classifier (RAC)

The RAC model is a hybrid model by combining
with two techniques which are rule-based classifier
and classification methods. In this work, the ruled-
based is utilized for identifying the risk levels 0 and 1
by sum scores of all factors. If the total score equals
to 0 then the health risk level is 0. If the total score
is greater than 0, but less than 4 then the health
risk level is 1. These rules are obtained from the ex-
pert. The other levels will identify by the suitable
classifier model provided by the experiments. Since,
there are many classification methods used to build
classifier model. In this research, we perform the ex-
periment with different classifier algorithms and dif-
ferent parameters. Four classification algorithms are
selected including Decision tree (C4.5), Naive Bayes
using kernel density estimation, Feed-forward neural
network (Back propagation) with sigmoid function,
Support Vector Machine or SVM using LibSVM [16]
and Ensemble classifiers with voting. For decision
tree, C4.5 is selected because it is improved from ID3
by adding pruning process for cutting the unimpor-
tant branches. Besides, three classifier algorithm with
the high accuracy are chosen to perform the Ensem-
ble classifier with voting. For the utilization, the clas-
sification algorithm with the highest performance is
selected as the RAC model.

Table 4: Parameters setting of each classification
algorithm

Models Model types Parameters

Decision Tree | C4.5 confidence : [0.25, 0.5]
scaled up by 0.25.
minimum size for
splitting : [4, 20]

scaled up by 4.

minimum bandwidth :
(0.1, 1]

scaled up by 0.1.
number of kernels :
[10, 100]

scaled up by 10.

Naive Bayes Kernel

Neural
Network

Back propagation | training cycles :
[500, 1000]

scaled up by 100.
leaning rate : [0.1, 1]
scaled up by 0.1.
momentum : [0.1, 1]

scaled up by 0.1.

LibSVM C-SVC degree : [1, 10]
scaled up by 1.
epsilon : [0.001, 0.01]

scaled up by 0.001.

Kernel
Back propagation
C-SVC

Ensemble
with Voting

using the same
previous parameters
of three models

6.2.3 Evaluation

In this research, the model evaluation was per-
formed on two cases including classifier evaluation
and evaluation the RAC with the experts. The objec-
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Table 5: Accuracies of each classifier algorithm

Health Data

Classification techniques

Decision Tree

Nalve Bayes
(Kernel)

Neural Network

LibSVM

Ensemble
with voting

Mental
without SCUT
with SCUT

72.00 £+ 6.99%
74.30% + 5.88%

76.14 + 8.56%
76.94% + 10.28%

92.00 + 5.81%
94.71% =+ 6.52%

82.11 + 6.06%
87.50% =+ 5.84%

87.32% + 8.42%
88.81% =+ 5.38%

Physical
without SCUT
with SCUT

74.78 + 6.06%
76.32% + 5.88%

78.59 + 7.85%
82.27% + 6.73%

90.67 + 6.11%
91.17% £ 7.39%

84.00 + 3.27%
93.42% + 5.06%

84.07% =+ 8.27%
90.81% =+ 4.00%

Social
without SCUT
with SCUT

72.79 + 6.60%
77.67% + 8.84%

76.14 + 6.95%
76.26% + 6.94%

93.88 + 3.33%
95.36% + 2.55%

78.33 + 6.39%
84.92% + 10.62%

85.71% =+ 5.09%
88.24% + 6.79%
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tive of classifier evaluation is to choose the most suit-
able classification algorithm among four algorithms.
All these algorithms were compared by four measure-
ments of classification performance metrics such as
accuracy, precision, recall, and F-measure [20]. The
parameters of each classification algorithm were set
and vary in value as shown in Table 4. For Ensem-
ble classifier, this work selected the three classifiers
that give the best accuracy. In addition, the notion
of k-fold cross validation was used to evaluate the
classifier models. In this work, we also performed the
experiments by varying the parameter k for each data
set and each algorithm. After the suitable classifica-
tion algorithm was obtained, we also evaluated the
RAC model using unseen data of three health data
sets, and then examined the classified results by the
experts.

Table 6: Confusion matriz for Neural Network with
mental health dataset

Actual
Class 2 | Class 3 | Class 4 | Class 5
o]
£ | Class 2 38 0 0 0
5 | Class 3 0 37 2 0
9 | Class 4 0 1 32 1
A& | Class 5 0 0 4 37

Table 7: Confusion matriz for Neural Network with
physical health dataset

Actual
Class 2 | Class 3 | Class 4 | Class 5
o]
£ | Class2 | 38 2 0 0
5 | Class 3 0 31 2 0
¢ | Class 4 0 5 30 0
A | Class 5 0 0 6 38

Table 8: Confusion matriz for Neural Network with
social health dataset

Actual
Class 2 | Class 3 | Class 4 | Class 5
o]
£ | Class 2 38 1 0 0
5 | Class 3 0 36 0 0
9 | Class 4 0 0 33 0
A | Class 5 0 1 5 38

7. RESULTS AND DISCUSSIONS

The summary results for our experiments are
shown in Tables 5. This table presents the accura-
cies from previous work [2] before combining with the
SCUT algorithm, and the accuracies after combining
with the SCUT algorithm to deal with class imbal-
ance problem. Table 5 shows the health risk predic-
tion experiments performed in three health datasets
and displays the best predictive accuracies associated
with each of health datasets, for each of five the classi-
fication algorithms. Since the results are obtained by
k-fold cross validation, so the results are presented in
the average accuracy with variance of all experiments.

Table 5 demonstrates that each classifier algorithm
combined with the SCUT algorithm gives the accura-
cies higher than the accuracies obtained from the clas-
sifier algorithms without the SCUT algorithm. From
this table, we can conclude that the SCUT algorithm
can handle the class imbalance problem and gives the
high accuracy values. In addition, Table 5 demon-
strates that Neural Network can achieve the high
accuracies overall rank for all three health datasets.
While Ensemble Classifier with voting ranks second
for mental health and social health datasets. On
the other hand, LibSVM ranks second only physi-
cal health data. Besides, Neural Network does out-
perform overall rank which it can achieve accuracy
above 90% in all health data sets. Because Table 5
indicates that Neural Network can deal with the non-
linear data and overlapping data better than other
algorithms. Therefore, Neural Network is the most
suitable in this case and it is chosen to be the classifier
in RAC model. More detailed results are presented in
Tables 6 - 8, which display the confusion matrices for
Neural Network combined with the SCUT algorithm
by selecting the best result from all experiments.

Besides, Table 9 - Table 11 show the other per-
formances including precision, recall, and F-measure
metrics, respectively. FEach of performance metric
was computed from the confusion matrix that gave
the highest accuracy from all experiments for each
classifier algorithm. From these tables, we can see
that the most results are substantially improved when
the classifier algorithms are incorporated with the
SCUT algorithm. Finally, we also evaluated the RAC
model using the unlabeled data set which consisted
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Table 9: Precision metric for each model with health datasets

Classification techniques
Health Data Decision Tree Naive Bayes Neural Network | LibSVM ]*?nsemb.le
(Kernel) with voting
Mental
without SCUT 65.20% 79.67% 93.24% 63.69% 86.10%
with SCUT 74.31% 73.35% 94.81% 87.72% 89.17%
Physical
without SCUT 70.55% 84.09% 92.95% 65.07% 87.60%
with SCUT 75.94% 82.05% 94.81% 93.78% 90.63%
Social
without SCUT 67.04% 59.03% 70.13% 64.55% 65.18%
with SCUT 78.07% 75.26% 95.95% 85.25% 88.03%
Table 10: Recall metric for each model with health datasets
Classification techniques
Health Data Decision Tree Naive Bayes Neural Network | LibSVM ]*?nsemb'le
(Kernel) with voting
Mental
without SCUT 67.11% 72.81% 87.60% 64.06% 77.7T%
with SCUT 74.35% 75.00% 94.74% 87.50% 88.82%
Physical
without SCUT 70.09% 71.98% 78.60% 66.58% 74.10%
with SCUT 76.32% 82.24% 90.13% 93.42% 90.79%
Social
without SCUT 63.00% 55.20% 72.84% 53.05% 65.54%
with SCUT 77.63% 76.32% 95.40% 84.87% 88.16%
Table 11: F-measure metric for each model with health datasets
Classification techniques
Health Data Decision Tree Naive Bayes Neural Network | LibSVM ]:?;nsemb.le
(Kernel) with voting
Mental
without SCUT 65.69% 75.69% 89.43% 63.02% 80.60%
with SCUT 73.25% 73.67% 94.67% 87.29% 88.57%
Physical
without SCUT 69.81% 76.39% 80.43% 65.37% 78.12%
with SCUT 75.80% 81.92% 89.91% 93.30% 90.60%
Social
without SCUT 63.77% 56.10% 71.43% 52.73% 65.30%
with SCUT 77.81% 75.35% 95.41% 84.32% 87.77%

of 30 samples, and then examined the classified re-
sults with two experts as shown the process in Fig.
5. The experts have examined that are “agree” and
“disagree” in the predicted risk level for each sam-
ple provided by the proposed system. The exami-
nations with experts gave accuracy in 80% for men-
tal and physical data sets and up to 90% for social
data set. In addition, both experts also gave the posi-
tive opinions especially that they confirmed that “the
proposed system can help the nurses in analysis and
reducing the assessment time”. This means those re-
sults are acceptable to the experts.

8. CONCLUSIONS

In this paper, the Health Risk Analysis System or
HRAS is introduced for assessment the caregiver’s
health in term of health risk levels in mental health,
physical health and social health. The objective of
this system is to analyze and assess the health risk
level of the family caregivers, to provide the health
reports and intervention to support the family care-
givers, and to track the health improvement. To anal-
ysis and assess the health risk level, the new Risk

Analysis Classifier or RAC' is proposed which combin-
ing with the classification technique and rule-based
classifier. The proposed classifier RAC has tested
using k-fold cross validation and evaluated with two
experts who work in the family caregivers domain
as well. The experiments performed with annotated
data and unseen data sets. The evaluation results
demonstrated that Neural Network does outperform
for overall data sets which it achieves all metrics
above 90%. Moreover, the HRAS has been utilized
and collected the user experience via formal survey
questionnaire. The results showed that the HRAS
can provide the nurses who are the focus group, an-
alyzing the health risk level with an accuracy assess-
ment and reducing the assessment time.
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