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ABSTRACT
Thailand began the transition to an aging society in 2005 and is now step-
ping towards a completely aging society in 2021. The elderly’s health
problems are difficult to avoid. This research aims to analyze the most
and least influential factors on the elderly’s health status. The association
analysis approach is applied to discover the relationship between various
factors that affect good health. Data from 17,804 Thai elderly people from
the National Statistical Office (NSO) of Thailand were employed. One
hundred ninety-nine features were taken into the association rules mining
modeling. The FP-growth algorithm was chosen to find the largest and the
smallest factors affecting the health of the elderly. The interesting relation-
ships among those factors are also disclosed. As a result, the feature that
promotes good health is performing daily activities independently. Such
a feature occurred with a support value of 99.99 percent. Additionally,
several features that are less likely to appear, lower than 0.1 percent of
support value, in healthy seniors are hard work, working at risk, living in
an urban society, living with unfamiliar caregivers, having few children,
and lacking sufficient government medical care. The knowledge gained
from the findings can be considered for preparing health care for the aging
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1. INTRODUCTION

According to the United Nations (UN) standards,
an aging society is defined as a region where the share
of the population aged over 60 exceeds 10% of the
whole population. If the share exceeds 20%, it is an
aged society, or if over 28%), it is a super-aged society.
Thailand has entered the aging society since 2005 due
to the percentage of older persons, defined as those 60
years or older, is higher than 10%. It is estimated by
the Office of the National Economic and Social Devel-
opment Board (NESDB) that Thailand will become
an aged society in 2021 and will become a super-aged
society in 2031, since the rate of an aging popula-
tion will be higher than UN standards. Such a situ-
ation affects the country regarding economic growth
and social stability. One of the main factors is the
health problems of the elderly, which are difficult to
avoid because it is inevitable with the increasing age.
Therefore, it is necessary to make arrangements for
dealing with the aging society, such as health care

and medical care. Knowing the various factors af-
fecting the health status of the elderly will make the
preparation more effective.

This research presents an analysis of factors affect-
ing the health status of the Thai elderly by using rep-
resentatives of the country’s population as a whole.
The study focuses on discovering factors that affect
the good health of the Thai elderly and finding the
relationship between these factors. An association
analysis technique has been applied. The associa-
tion analysis originates from market basket analysis,
whose primary purpose is to find interesting relation-
ships between products that customers are likely to
buy together. Association analysis is utilized in vari-
ous fields. For example, in Malaysia’s Port State Con-
trol, association rule mining is applied to detect ab-
normal actions for identifying influential relationships
between the inspection ports, flag states, the num-
ber of deficiencies raised, detention results, and ship
categories [1]. Another example studied the distribu-
tion characteristics and affecting factors of diabetic
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retinopathy in diabetes mellitus patients. The re-
searchers employed association rules to discover eye-
related diseases and those with diabetic retinopathy
[2]. It was also found that association mining has
been conducted to analyze the relationships of com-
bined drugs that cause side effects in the medical
field. Association rules showed drug-drug interaction,
in which the activity of one drug may change if taken
with another drug. The discovery of structural re-
lationships among them enabled providing essential
guidance when making a co-prescription [3]. Imple-
menting association rules happened in the education
field. There existed an analysis of the relationship
between the use of books and student grades [4]. An-
other example is analyzing the relationship between
exercise styles and daily activities that should be done
together. The findings from this research provide in-
formation to alleviate obesity caused by a lack of exer-
cise [5]. One more interesting example is the decision
to remove the ventilator based on the relationship be-
tween the patient’s history and their symptoms. The
discovered association rules can support physicians’
consideration of weaning patients from mechanical
ventilation [6].

Most research related to the study of factors af-
fecting the health of the elderly is conducted using
statistical analysis. A structural equation model ex-
plored both direct and indirect relationships of factors
affecting depressive symptoms among the elderly in
China. The depressive symptoms can harm the el-
derly’s physical and mental health. The study vari-
ables included sociodemographic characteristics, poor
health status, unhealthy habits, and sleep duration.
Correlations and descriptive statistics, such as mean
and standard deviation were measured to disclose
the significant predictor for depressive symptoms in
the elderly [7]. Another study in China occurred in
Shanghai. The factors that concerned the health level
of the younger elderly were investigated to improve
the health of community living for them. One-way
analysis of variance and stepwise regression analy-
sis were employed to determine the influencing fac-
tors. The standard assessment instrument, SF-36
score, was selected to indicate a level of health [8].
Elderly living alone in South Korea were considered
to identify the latent profiles based on the combined
effects of self-esteem, life satisfaction, and depression.
Multinominal logistic regression, correlation analysis,
and descriptive statistics were conducted to analyze
the latent profiles. The study defined the profiles as
extremely depressed, severely depressed, mildly de-
pressed, low life satisfaction, and positive adapta-
tion [9]. Similarly, the elderly in India were ana-
lyzed. Lifestyle behaviors and background character-
istics were investigated to analyze physical health and
mental health through a statistical path. The study
aimed to measure the extent of the symptom of psy-
chological stress, find out the relationships of lifestyle

behaviors with mental health outcomes, and investi-
gate the moderating effects of lifestyle behaviors on
mental health outcomes. Exploratory factor analy-
sis, confirmatory factor analysis, multiple regression,
and moderation analysis were executed for those pur-
poses [10]. A study of mental health and quality
of life among the elderly in Thailand was examined.
The impact of resiliency, social support, health be-
haviors, work activities, and demographics were con-
sidered. The analysis was performed through descrip-
tive statistics and hierarchical multiple regression. A
comprehensive wellness program was invented based
on the study results to promote the mental health and
quality of life of the elderly [11]. It can be seen that
most of the research used descriptive analysis with
predetermined factors based on the research hypoth-
esis. Although the findings are beneficial in explain-
ing several factors related to the problems, they may
not discover hidden knowledge resulting from factors
in which they may have never had an interested.

Our research applies association rule mining tech-
niques to the elderly data to reveal the relationship
between the key factors affecting the health of the
elderly. This technique can uncover entirely possible
influencing factors. Several studies have conducted
the association mining technique to find key factors
in solving problems. They were searching hidden rela-
tionships among Twitter user-generated content [12],
discovering relationships among news documents [13],
highlighting meaningful rules between diagnosis types
and diagnostic test requirements for emergency de-
partments [14], and extracting dependencies among
courses that help both students and advisors select-
ing the subject based on their performance in a previ-
ous study [15]. We utilized data from the NSO that
is systematically sampled from the country’s entire
population. A association rule mining was applied
to uncover the most and least relevant factors affect-
ing the good health of the elderly to cope with the
health problems of the aging society. The association
technique does not need to determine fixed factors,
but possible factors are selected. For this reason, the
number of factors used in the process is greater than
the number of factors determined by the research hy-
pothesis. The finding of various and complete factors
increase the efficiency in designing effective health
promotion strategies for the aging society that oc-
curs continuously in the country. Also, it helps find
the knowledge that is useful for preparing the health
of the Thai elderly.

The paper is structured as follows. A survey of the
elderly persons in Thailand is detailed in Section 2.
The conceptual framework in Section 3 has formed
an overview of the research. Data preparation has
been described step by step in Section 4. Section 5
is a presentation of the modeling methods of this re-
search. The model evaluation is explained in Section
6. The findings of this research have been expressed
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in the experiments that appear in Section 7. A dis-
cussion of the experiments is presented in Section 8.
Finally, conclusions are provided in the last section.

2. SURVEY OF THE OLDER PERSONS IN
THAILAND

The NSO of Thailand performs as the center of
statistics and information for the decision-making of
the country. The elderly population is one group for
which the NSO has conducted a survey every three
years to gather statistical data. Our research utilized
the elderly data from 2014. The NSO surveyed the
data using Stratified Two-Stage Sampling, with the
province as a stratum. In total, 83,880 households in
every province across the country were investigated
as a sample. Family members were interviewed to
answer questions about the elderly in their homes.
The questions were split into ten parts, with a total
of 199 features, as detailed in Table 1. The first part
is the household address where the elderly live. The
second part is a question about the personal infor-
mation of household members. For the third part,
children’s details of the elderly have been asked, such
as the number of living children. The following part
is about the work, income, and savings of the elderly.
The fifth part consists of information on the house
style where the elderly live, such as the floor or with
whom they reside. The information in the sixth part
is a question about how children support their elders
and how often they visit them. The next part pro-
vides the health status of the elderly and caring for
the elderly, including falls, and the ability to do ac-
tivities by themselves. The question in the eighth
part asks for information regarding the use of gov-
ernment services, which consists of participation in
government-allocated activities and satisfaction with
government services. Part 9 was obtained from ask-
ing elderly caregivers how much knowledge they have
for elderly care. The last part is an interview of fam-
ily heads of the elderly about the house style and the
ownership of the property [?].

3. CONCEPTUAL FRAMEWORK

Before discussing the details of the research, the
conceptual framework showing the overall operations
must be established. This framework plays a role as
a research framework derived from processing all of
the concepts in the research and then placing in order.
Figure 1 displays the conceptual framework of finding
the most and least affected factors for healthy elderly
and finding the relationships among them. The de-
tails within this framework will be expanded in the
sections discussed below. The good health elderly
dataset was already mentioned in Section 2. Details
of data preparation, model creation, and model eval-
uation will be presented in Sections 4, 5, and 6, re-
spectively.

Data Preparation

Feature Selection

i

Data Types Conversion

—
Generating Data

Good Health Elderly Dataset

- Location of households

- Characteristics of household members
- Existing children

- Work, income, and saving

- Accommodation

- Assistance and visitation

- Health

- Government services

- Knowledge of elderly caring *
- Property
Pivot Tables Preparation
Modeling Evaluation
Finding the Most and the Least Evaluating of the Most and
Affecting Features the Least Affecting Features lg;‘:::g%g
¥ —> Good Health
Elderly
Generating Interesting Rules == Evaluating the Interesting Rules 4

Fig.1: Conceptual framework of finding the most
and least affected factors for healthy elderly and find-
ing their relationships.

4. DATA PREPARATION

The NSO survey report [16] helps the process de-
sign of data preparation considerably. Referring to
the NSO data of 83,880 households, we have only se-
lected records of the elderly (aged 60 years and older),
totaling 38,695 records. The data was categorized
into 5 levels of health status: 1) very good, 2) good,
3) moderate, 4) poor, and 5) very bad. This research
examined only the healthy elderly. That is, the health
status of a good and very good levels, with a total of
17,804 examples. All these examples must be suit-
ably prepared for the association model that will ex-
press the least and most affecting factors for the good
health of the elderly. The crucial steps in preparing
the data are described in the following subsections.

4.1 Feature Selection

The feature selection process involves selecting the
necessary and appropriate factors for analysis with-
out compromising the model performance. This re-
search has selected the factors from Table 1, in which
the chosen factors must have the opportunity to gain
new knowledge relevant to healthy seniors. There are
three main reasons why some factors were eliminated
from the research. The first reason is that these fac-
tors cause the model to be too fit to the data. These
features are the district, sub-district, village. The sec-
ond is that they are identifiers that NSO uses to rec-
ognize records. Examples of the features, in this case,
are enumeration area, sample household set, house-
hold number, month/year of interview. The last one
removes factors are not relevant to the analysis, such
as interviewee representatives, reasons for taking an
interview on behalf of the elderly. As a result, we
eliminated a total of 22 factors. That is, there are
177 remaining factors out of a total of 199 factors.
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Table 1: The Number of Features for Each Part of Elderly Surveyed Data and Their Examples
No. Topic Number of Features Examples of Features

1 Location of households 17 region, province, district, area, village, type of
household

2 Characteristics of household 13 gender, age, religion, education level, marital

members status, occupation

3 Existing children b) number of living children, number of children
living together

4 Work, income, and savings 24 working hours per day, average annual income,
the value of savings or assets

5 Accommodation 21 the floor where the bedroom is located, people
who live with them

6 Assistance and visitation 9 the amount received from children, the
amount supported to children

7 Health 45 fall, ability to do activities (eat, wear
clothes, take a shower, wash face/brush teeth,
shave/comb, squat, lift heavy things, count
change, pick your own medicine, etc.), hap-
piness level

8 Government services 14 club membership, satisfaction in the govern-
ment service system

9 Knowledge of elderly caring 17 relationship between elderly and caregivers,

training of caregivers in caring for the elderly

10 Residential features and 31 housing type, consumer water source, own-
property ownership ership of appliances (TV, mobile phone, mi-
crowave, etc.)
Total 199

4.2 Data Types Conversion

Data types are important in modeling. It is nec-
essary to transform the type of data to be suitable
for interpretation. This research creates a model of
association rules by mining the relationships of fac-
tors related to the good health of the elderly. The
model will work well if it is based on the proper
type of data. We have transformed the numerical
features containing so many values into categorical
data types. This is known as discretization. Without
doing that, the model can hardly identify interesting
patterns from numerical data with large numbers of
values. Such features include the age of the elderly,
the age of the children, and the age of caregivers.
We discretized these features by dividing data into
bins of data ranges. The NSO has classified the el-
derly ages into three groups [16]. Therefore, the age
of the elderly was divided into three bins, including
the youngest elderly (60-69 years), the middle elderly
(70-79 years), and the oldest elderly (greater than or
equal to 80 years). The age of the children was trans-
formed into 11 age ranges, including seven bins of
working age (0-19 years, 20-24 years, 25-29 years,
30-34 years, 35-39 years, 40-44 years, and 45-49
years), the golden age (50-59 years), and three bins of
elderly (the youngest elderly, the middle elderly, and
the oldest elderly as mentioned above). The care-
givers’ age groups are divided into 12 bins: seven
working-age bins, which are defined as the same as

the age of the children mentioned above, the golden
age, and four bins of elderly, which are the youngest
elderly, the middle elderly, the early oldest elderly,
and the late oldest-old. All of the above is summa-
rized in Table 2.

4.3 Generating Data

Generating data is a step to construct new values
for features. Here, four new features were generated:
(1) the level of education, (2) the primary occupation
in the last year, (3) business in the last year, and (4)
the occupation in the last week. These features are
too specific, with the levels of education of 1,000 pos-
sible values. The primary occupation last year and
last week had 10,000 possible values The business
last year has up to 100,000 possible values. Creat-
ing a model with these values can lead to overfitting
since it does its best to account for every single point.
A model that generalizes well to the actual data is
needed, so we have to generate new features while
not distorting the meaning. The level of education is
a 3-digit code, where the first digit is the education
level, the second digit is the type of education, and
the third digit is a grade. We divided them by 10,
resulting in a 2-digit code: cutting out the last digit,
which is the grade. Synthesis of the primary occupa-
tion in the last year and last week were performed in
the same way. They have a 4-digit code, with the first
two digits showing the category, the third digit is the
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Table 2: Data Types Conversion from Numerical Values to Categorical Data Type

Feature Number of Bins Bin Name

Age of elderly 3 youngest elderly, middle elderly, oldest elderly

Age of children 11 worker1l-worker7, golden, youngest elderly, middle elderly, oldest
elderly

Age of caregivers 12 workerl-worker7, golden, youngest elderly, middle- elderly, early

oldest elderly, late oldest elderly

group and the fourth digit is the profession. These
4-digit codes were divided by 100 to become 2-digit
codes. That means that only occupation categories
and occupation groups will be used to build models.
The business in the past year was a 5-digit code: the
first two digits were a category, the third digit was
a group, the fourth digit was a subgroup, and the
fifth digit was an activity carried out. These codes
were used as 2-digit codes. That is, we just used the
business category. Consequently, we divided each of
them by 1,000. The value of the generated features
is shown with their meanings in Table 3.

4.4 Pivot Tables Preparation

This step prepares the data in the form of a pivot
table, summarizing the data in a ready format for
creating the association model. Here, the pivot table
was structured as a 2-dimensional table, with each
row (an example) representing one elderly person and
each column (a feature) representing his or her char-
acteristics. That means that the total number of rows
equals the number of people, and the total number of
columns equals all possible values of features. Two
pivot tables were created for this research: a pivot
table for the elderly with good health levels, and a
pivot table for the elderly with very good health lev-
els. Here, data was collected from 17,804 older peo-
ple, consisting of 16,629 healthy elderly and 1,175
very healthy seniors. The healthy elderly category
has 1,193 possible features, and very healthy seniors
have 891 possible feature values. This led to two pivot
tables, which were a pivot table for the elderly with
a good level of health with 16,629 examples x 1,193
features, and a pivot table for the elderly with a very
good level of health with 1,175 examples x 891 fea-
tures. The pivot table for the very healthy elderly
data with 1,175 examples and 891 features is illus-
trated in Table 4. The table headers represent fea-
tures. In Table 4, A4 is the gender of the elderly,
which has 2 possible values, male and female. Here,
males are represented by 1, and females are repre-
sented by 2. Therefore, the male gender feature’s
value is also set to A4_1, and the female gender fea-
ture is coded as A4.2. A5 is a feature that refers to
the age of the elderly. The possible values have been
redefined as the youngest elderly (60-69 years), the
middle elderly (70-79 years), and the oldest elderly
(greater than or equal to 80 years) as specified in
Section 4.2 A5_youngest, A5_middle, and A5_oldest

refer to the elderly in early, middle, and late old age,
respectively. A7 is a feature that represents education
level. The value of A7 is a 2 digit code as described
in Section 4.3 A7_61 refers to bachelor degrees, while
A7.66 is a graduate diploma. There are two possi-
ble values for the body of the table, 1 and 0, where
1 means “yes” and 0 means “no”. For example, the
interpretation of the first elder, which appears in the
first row, shows A4_1, A5_youngest, and A7_66 with
the value 1. It means that this person is a man aged
between 60-69 years and graduated with a diploma
degree.

5. MODELING

The construction of a model for examining Thai
elderly health status for this research covers the anal-
ysis of the health status of the elderly with good and
very good health. The data analytics tool used in
modeling is RapidMiner Studio. The model is the as-
sociation model, which explores the association rules
relating to the health status of the elderly, leading to
the factors that have the highest effect on the health
of the elderly and the factors that affect the health
of the elderly the least. Moreover, the relationships
among the features will be discovered. There are two
steps in creating an association model: (1) finding fre-
quent itemsets, and (2) generating association rules.
The details of both steps will be explained in the fol-
lowing subsections.

5.1 Finding Frequent Itemsets

This step is a process of finding features that ap-
pear together in a relation. Here, the feature is called
item and the set of features that occur together is
called itemset. An itemset may be composed of one
or many features. The common n features are called
n-itemset. That is, in the case of one common feature,
it is called I-itemset, in the case of two common fea-
tures, it is called 2-itemset, and so on. The itemsets
are written in the form of sets with members as items.
The features shown in Table 4 which were described
in Section 4.4 will be used as examples here. The first
example is a 2-itemset, such as {A44_1, A5_youngest}.
Since there are two items in the set, this set is called a
2-itemset. This example presents that A4_1 coincides
with A5_youngest, which means that the elderly who
are male are between 60 and 69 years old. Likewise, if
it is a 3-itemset such as {A4_1, A5_youngest, A7_66},
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Table 3: Feature Values Generated and Their Meanings

Feature
(before — after)

Value Generated Meaning (before — after)

bachelor degree, graduate diploma, first year graduate diploma —

bachelor degree, graduate diploma

service staff, personal service staff, travel attendant, guide — ser-

vice staff, personal service staff

Education level 661 — 66
Occupation type 5113 — 51
Business type 03212 — 03

fisheries and aquaculture, aquaculture, sea aquaculture, sea shrimp

farming — fisheries and aquaculture

Table 4: Ezxamples of a Pivot Table of the Elderly with a Very Good Level of Health

No. A41 A42 Ab5_youngest A5 _middle Ab5_oldest A7.61 A7_66
1 .. 1 0 1 0 0 . 0 v 1
2 0 1 1 0 0 e 1 e 0
v 0 1 0 1 0 - 0 v 1
1175 0 1 0 0 1 0 1

it means that A4_1, A5_youngest, and A7_66 occur
together. It means that there are older men aged 60-
69 years who have graduated with a diploma. If any
of these itemsets occur together often, they will be
called a frequent itemset. If {A4_1, A5_youngest} is a
frequent itemset, most male-elderly are between the
ages of 60 and 69. This set will be called a 2-frequent
itemset. Similarly, the {A4_1, A5_youngest, AT _66}
will be called called a 3-frequent itemset. This itemset
means that most male-elderly aged 60-69 and gradu-
ate with a diploma. To find frequent itemsets of this
research, the algorithm FP-Growth was used. The
FP-Growth algorithm has high efficiency in process-
ing time because it uses a tree structure called FP-
Tree to store data while processing [17], [18], [19].
For this research, frequent itemsets were applied to
analyze common factors that reflect the good health
of the elderly to discover knowledge that can be used
to promote good health for the elderly. Frequent 1-
itemsets, frequent 2-itemsets, and frequent 3-itemsets
will be discovered in this research. The frequency of
itemsets can be measured by a measure called sup-
port, which will be explained in Section 6. This mea-
sure gives an idea of how frequent an itemset is in all
the transactions. In this research, we intend to find
itemsets that occur both the most frequently and the
least often to find the most common and least com-
mon factors that affect the health of the elderly.

5.2 Generating Association Rules

Generating association rules is the process of es-
tablishing relationships among the frequent itemsets
obtained from Section 5.1 The relationships or rules,
called association rules, reveal how items are related
to each other. The association rule is in the form of
{X} — {Y}, where { X} is called an antecedent which
means the itemset(s) that occurs first, and {Y} is
called a consequent which means the itemset(s) that
occurs later. As for {X} — {Y}, it means that if

there is an {X} occurring, then {Y'} has a chance
to appear. Both the antecedent and the consequent
can be composed of more than one item. Associa-
tion rules arising from a 2-frequent itemset will be
rules in the form of the 1-item antecedent and the 1-
item consequent. For example, a rule generated from
{A4.1, A5_youngest} will have two rules, {441} —
{A5_youngest} and {A5_youngest} — {A4_1}. Sim-
ilarly, rules generated from a 3-frequent itemset can
have an antecedent with one item and a consequent
with two items or an antecedent with two items and a
consequent with one item. A 4-frequent itemset can
create rules with an antecedent of one item and a
consequent of three items, those of an antecedent of
two items and a consequent of two items, or those
of an antecedent of three items and a consequent
with one item. Rules will be formulated in this way
for all n-frequent itemsets. Table 5 shows examples
of association rules created from a 2-frequent item-
set, and a 3-frequent itemset. If the relationships of
the items in the rules are very closely related, the
rules will be called strong association rules, which
can be identified as interesting rules. If any rules
exist for which the item is not very relevant, these
rules can be called weak or uninteresting rules. For
example, if the rule {A4.1} — {A5_youngest} is a
strong association rule, it means that if older peo-
ple are male, they tend to be between the ages of
60 and 69. On the other hand, when the rule is
weak, the rule means that if seniors are male, they are
rarely found between the ages of 60 and 69. Another
example for rules generated by a 3-frequent itemset
is {441} — {Ab_youngest, A7_66}. If the rule is
strong, it means that if seniors are male, they are of-
ten between the ages of 60-69 and graduated with a
graduate diploma. In contrast to this rule, the strong
rule {A5_youngest, AT_66} — {A4_1} means that if
an elderly is 60-69 years old and graduated with a
graduate diploma, it is likely that they are men. How-
ever, if the rule {A4.1} — {A5_youngest, A7_66} is
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weak, it means that if seniors are men, then it is
unlikely that they will be aged between 60-69 years
and graduate with a graduate diploma. On the other
hand, the weak rule { A5_youngest, A7_66} — {A4_1}
means that if the elderly are aged between 60-69
years and have completed their graduate diploma, it
is often not clear that they are men. However, the
strength of the rule can be identified. A measure
called confidence which will be discussed in Section
6, will be used.

6. EVALUATION

The evaluation process measures effectiveness of
the association model created in the previous step. It
determines how reliable the model is. The evaluation
has two parts: the quality evaluation of frequent item-
sets, and the association rules’ quality evaluation.

6.1 Evaluation of Frequent Itemsets

Evaluating the effectiveness of frequent itemsets is
a measurement of the percentage of frequent occur-
rences of features. The value applied for measuring
the performance of frequent itemsets is support. Tech-
nically, support is the fraction of the total number of
transactions in which the itemset occurs, as shown in

Eq. 1.

support({X,Y'}) = (1)
number of occurrences of both X and Y

x 100,
total number of examples

where X and Y are itemsets. The support has a maxi-
mum value of 100 percent. The percentage of itemset
co-occurrences is specified with the support criteria
to indicate the percentage of occurrences of itemsets.
The required criteria can be specified as appropriate
with the support threshold. If the support threshold is
set to 90 percent, the frequent itemsets obtained from
the algorithm have a support value of 90 percent or
more. For example, if the {A4_1, A5_youngest} has a
support value of 95 percent, then this set will be a fre-
quent itemset. The meaning of {A4_1, A5_youngest}
with support of 95 percent is that 95 percent of the
elderly are male and aged between 60-69. However, if
its support value is 80 percent, it will not be extracted
as a frequent itemset. Any itemsets with a support
value less than the support threshold will be called
infrequent itemsets. In other words, these itemsets
are those that rarely appear in the existing dataset.
If the { A4_1, A5_youngest} with a support value of 80
percent is infrequent, there are only 80 percent of the
elderly who are male and aged between 60-69 years
old.

6.2 Evaluation of Association Rules

A measure named confidence is applied to measure
the interest of the rule. Confidence of {X} — {Y'} de-

fines the likeliness of occurrence of consequent (V) in
the example sets given that the example sets already
have the antecedents (X), where X and Y are item-
sets. Mathematically, confidence is the conditional
probability of occurrence of a consequent given the
antecedent is presented, as shown in Eq. 2.

confidence({X} = {Y}) = (2)
support({X}U{Y})
support({X})

Like support, the confidence value has a maximum
value of 100 percent. Similarly, a confidence threshold
is defined to determine the interestingness of an as-
sociation rule. How the confidence threshold is given
depends on how much the relationship between items
in the rule is needed. Rules with confidence values
lower than confidence thresholds are designated unin-
teresting rules or weak rules. On the other hand, rules
with a confidence equal to or higher than the confi-
dence threshold will be interesting or strong rules.
For example, for the 90% confidence threshold, if
the rule {A4.1} — {A5_youngest} has the confidence
value of 95 percent, it will be recognized as a strong
rule. The rule implies that among older adults who
are male, 95 percent are aged between 60-69 years
old. On the other hand, the rule will be interpreted
to mean that only 40 percent are aged 60-69 years
among older men who are males when this rule’s con-
fidence value is 40 percent. It means that this rule
is uninteresting or weak, since its confidence value is
lower than the confidence threshold.

x 100

7. EXPERIMENTS

The model executed in the experiments was de-
veloped to analyze the relationships between features
affecting the health status of the elderly. The main
objective is to determine the factors that frequently
occur with healthy seniors and establish the relation-
ships between these factors. The experiment was sep-
arated into three parts to achieve the goal, as follows.
The first experiment was to discover the factors that
frequently occur with healthy seniors. This experi-
ment was designed to uncover the factors that signif-
icantly impact how healthy the elderly are. The sec-
ond experiment was performed to find of factors that
rarely occur with healthy elderly. The experiment
aimed to explore factors that have minimal effect on
how healthy the elderly are. The final experiment
was the finding of the relationships between various
factors affecting the health of the elderly. The experi-
ment was intended to reveal the relationships between
various factors to discover the causes and effects on
their health. Details and results of all three experi-
ments will be explained next.

7.1 Discovered Frequent Itemsets
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Table 5: Ezxamples of association rules generated from the frequent itemsets

Itemsets Size Frequent Itemsets

Association Rules

2-frequent {A4_1, A5_youngest} {A41} — {A5_youngest},
itemsets {A5_youngest} — {A4.1}

3-frequent {A4_1, A5_youngest, A7_66} {A4.1}—{Ab_youngest, A7_66},
itemsets {A5_youngest}—{A4_1, A7_66},

{A7.66}—{A4_1, A5_youngest},
{A4_1, A5_youngest}—{A7.66},
{A4.1, A7 66}—{A5_youngest},
{A5_youngest, A7_66} —{A4.1}

The first experiment is designed to discover fre-
quent itemsets related to healthy elderly. The dis-
covered frequent itemsets will be used to find an-
swers to the most affecting factors for the health of
the elderly. The form of frequently occurring factors
are both the single-occurring factor which is called
1-frequent Itemset, and more than one factor occur-
ring which will be studied over 2-frequent Itemset,
3-frequent Itemset, ..., n-frequent Itemset. The sup-
port threshold was set from 100 percent steadily de-
creasing to find the factors that affect the health of
the elderly the most in this experiment. When the
process ends, no itemsets were found at the support
value equal to 100 percent. The highest support value
that causes factors to be discovered is 99.99 percent.
This kind of processing is consistent with a survey
of the use of support in ways without setting a min-
imum value [20]. A minimum support value is not
needed, but a k-value is needed, indicating the num-
ber of rules produced. This method is known as the
top-k association rule method [21]. Here, determin-
ing the minimum support value is difficult since we
do not know how many final association rules will
be interesting enough for the health status of the el-
derly. Therefore, we tried to mine the top-k rules
with the highest support that met the desired con-
fidence, which will be specified in Section 7.3 As a
result, Itemsets that have relationships with healthy
seniors and very healthy seniors with a support value
of 99.99 percent are exposed in Table 6. Consider-
ing the details in Table 6, the factors affecting the
health status of the elderly, for elderly with good or
very good health, almost 100 percent (almost every-
one) is outstanding in doing daily activities by one-
self. Six activities can be done by themselves, in-
cluding (1) eating, (2) wearing clothes, (3) bathing,
(4) washing the face / brushing teeth, (5) using the
bathroom/toilet, and (6) shaving/combing. Besides,
the discovered patterns revealed that the elderly are
capable of doing one activity (1-frequent itemsets),
two activities (2-frequent itemsets), three activities
(3-frequent itemsets), four activities (4-frequent item-
sets), and all five activities (5-frequent itemsets). In
other words, the first six activities that most healthy
seniors can do on their own are eating, putting on
clothes, taking a shower, washing their face / brush-

ing their teeth, using the bathroom/toilet, and shav-
ing/combing.

7.2 Discovered Infrequent Itemsets

The second experiment is designed to find factors
that happen together. However, unlike the first ex-
periment, this uncovers factors that do not occur con-
currently, while the first is to locate factors that are
likely to appear together. The experimental results
in this section found the least affecting factors of the
health status of the elderly. The patterns of features
that rarely occur together regularly tend to outnum-
ber the frequent co-occurring features due to the large
number of features considered. In this research, there
are 1,193 features related to the elderly with good
health conditions and 891 features associated with the
elderly with very good health conditions. These fea-
tures are very likely to happen together rarely. There
are a vast number of patterns derived from these fea-
tures. Consequently, only the least frequently occur-
ring features will be presented here, and the pattern
of more than one co-occurring feature will not be dis-
played. As a result, features that occur less than
0.1 percent of support with healthy seniors will be
exposed. Details are expressed in Table 7. These
findings revealed that the elderly with good health
conditions were not found among those engaged in
machinery and tour arrangements. It was also un-
earthed that healthy seniors do not live in condo-
miniums, mansions, or small rooms. In other words,
healthy seniors live in a family-friendly homes. More-
over, it can be seen that it is a group of the elderly
with potential caregivers. That is, it was not dis-
covered that there were elderly caregivers aged 20-29
years or younger caregivers. As for the findings, the
elderly who are very healthy are as follows. It was
not detected in medical community assistants, such
as family planning assistants, hygiene, and dietary
assistants. Furthermore, it was not recognized that a
group of people worked too hard, more than 14 hours
a day. More than that, it was also clear that very
healthy seniors have an appropriate number of chil-
dren. The results in the analysis show that there are
no more than four children in the household and no
more than six sons still alive. An interesting issue is
that most elderly who are very healthy are often in a



182 ECTI TRANSACTIONS ON COMPUTER AND INFORMATION TECHNOLOGY VOL.16, NO.2 June 2022

Table 6:

Frequent Itemsets Whose support = 99.99 Percent (F68_3: eat oneself, F69_3: put on cloths

oneself, F70_3: bathe oneself, F71.3: wash face/brush teeth by oneself, F72_3: use the toilet by oneself,

F73.3: shave/comb by oneself)

1-frequent itemsets

{F68_3}, {F69.3}, {F70.3}, {F71.3}, {F72.3}, {F73.3}

2-frequent itemsets

{F68.3, F69_3}, {F63_3, F70_3}, {F63_3, F71_3}, {F68_3, F72.3},

{F68.3, F73_3}, {F69_3, F70_3}, {F69_3, F71_3}, {F69_3, F72_3},
{F69.3, F73.3}, {F70.3, F71.3}, {F70.3, F72_3}, {F70.3, F73.3},
{F71.3, F72.3}, {F71.3, F73.3}, {F72.3, F73.3}

3-frequent itemsets

{F68.3, 1693, F70_3}, {F68.3, 1693, F71.3}, {F68.3, 1693, F72.3}, {F68.3,

F69.3, F73.3}, {F68.3, F70_3, F71.3}, {F68.3, F70.3, F72.3}, {F68.3, F70.3,
F73.3}, {F68.3, F71.3, F72.3}, {F68.3, F71.3, F73.3}, {F68.3, F72.3, F73.3},
{F69_3, F70_3, F71.3}, {F69_3, F70_3, F72.3}, {F69.3, F70.3, F73.3}, {F69_3,
F71.3, F72.3}, {F69.3, F71.3, F73.3}, {F69.3, F72.3, F73.3}, {F70.3, F71.3,
F72.3}, {F70_3, F71.3, F73.3}, {F70.3, F72_3, F73.3}, {F71.3, F72.3, F73.3}

4-frequent itemsets  {F68.3, F69_3, F70_3
{F68.3, F69_3, F70_3
{F68.3, F69.3, F71_3
{F68.3, F70.3, F71.3
{F68.3, F70_3, F72_3
{F69.3, F703, F71_3
{F69_3, F70_3, F72_3

{F70.3, F71.3, F72_3 F73.3}

F71.3}, {F68_3, F69_3, F70_3
F73.3}, {F68.3, F69.3, F71.3
F73.3}, {F68.3, F69.3, F72.3
F72.3}, {F68.3, F70_3, F71.3
F73.3}, {F68.3, F71.3, F72.3
F72.3}, {F69.3, F70_3, F71.3
F73.3}, {F69.3, F71.3, F72.3

F72.3},
F72.3},
F73.3},
F73.3},
F73.3},
F73.3},
F73.3},

5-frequent itemsets

{F68.3, F69.3, F70_.3 F71_.3 F72_3}, {F68.3, F69_3, F70_3 F71_3 F73_3}, {F68.3,

F69.3, F70_3 F72.3 F73.3}, {F68.3, F69_3, F71.3 F72.3 F73.3}, {F69.3, F70_3

F71.3 F72_.3 F73.3}

Table 7: Itemsets Whose support is Less Than 0.1 Percent

Discovered Features of Good Health Elderly

Discovered Features of Very Good Health Elderly

1 Elderly whose occupation is a machine oper-
ator and assemble machinery or have a busi-
ness as a group of a travel agency and tour
organization

2 Elderly people living in condominiums,
mansions or rooms in the house

3 Elderly with caregivers aged 20-29 years
or with friends/neighbors/acquaintances as
carers

4 -

Elderly who have a career as medical assistants in
modern health (except nursing)

Elderly who work more than 14 hours a day

Elderly with no more than 6 sons who are still alive
or not more than 4 children in the same household

Elderly who do not receive public health benefits be-
cause they are not in their hometown, so they do not
have rights

Elderly with caregivers aged 80 years or older, or
caregivers are servants/employees, or caregivers in
the same village or municipality, or have received un-
official care

domicile where they can use the government’s med-
ical privileges. Besides, they are a group of elderly
with potential caregivers. There are no elderly care-
givers older than the age of 80, and most caregivers
are also relatives.

7.3 Discovered Association Rules

The last experiment intended to discover the re-
lationships among the factors that frequently oc-
cur to learn which factors are causing the conse-
quent factors. The analysis results of this exper-

iment revealed how the relationships between the
frequent itemsets are correlated. These relation-
ships were expressed in the form of association rules
(X — Y) as mentioned in Section 5.2 The asso-
ciation rules were generated by the frequent item-
sets discovered in Section 7.1 Those features consist
of 6 features: self-eating, self-wearing clothes, self-
bathing, self-washing/brushing, self-using the bath-
room/toilets, and self-shaving/combing, which was
discovered with a support value of 99.99 percent. The
discovered rules indicated that these six factors are
highly correlated - that is, the rules have 100 percent
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confidence. That is, the elderly who are healthy or
very healthy, all have the same association rules. The
association rules that have a confidence value of up
to 100 percent can be interpreted to mean that if the
features which are the antecedent (X') occur, then the
features which are consequent (Y) will undoubtedly
happen. The experimental results displayed that all
six features can be turned to antecedent and conse-
quent in all possible cases. In other words, for al-
most all elderly who are very healthy or have very
good health, if they can do any one of the activities,
they will unquestionably perform the rest. For ex-
ample, for the 2-frequent itemsets {F68_3, F69_3},
the discovered rules are {F68.3} — {F'69-3} and
{F69.3} — {F68.3}. Another example is that, for
the 3-frequent itemsets {F68_3, F69_3, F70_3}, the
revealed rules cover all possible cases: {F68.3} —
{F69.3, F70.3},{F69-3} — {F68.3, F70.3},
{F70.3} — {F68.3,F69.3},{F683,F69.3} —
{F70.3},{F68.3, F70_3} — {F69_3}, and

{F69.3, F70.3} — {F68.3}. For the interpretation
of the rules, some examples will be exhibited as fol-
lows. The {F683} — {F69-3} means that if the
elderly can eat by themselves, they will surely be
able to put on their clothes without needing any
help. On the other hand, {F693} — {F68.3}
means that if the elderly can put on their clothes
alone, they will surely be able to eat by themselves.
Other examples are {F68-3} — {F69_3, F70_3} and
{F69.3, F70.3} — {F68.3}. The former rule means
that if the elderly can eat by themselves, they will
definitely put on clothes and bathe by themselves.
The latter rule expresses that if the elderly can put
on clothes and take a bath themselves, they will as-
suredly eat by themselves.

8. DISCUSSION

The research results have shown that the most rel-
evant factors for the health of the elderly are self-
essential activities. The most common activities were
eating food, putting on clothes, bathing, washing
their face, brushing their teeth, using the bathroom,
shaving, and combing their hair. Additionally, it has
been discovered that if healthy seniors can carry out
any of these activities by themselves, they also can
perform the other activities themselves. This finding
is in line with Phalasuek and Thanomchayathawatch
[22] that suggested that the elderly who can carry out
their daily activities will significantly reduce the bur-
den of care for by family members or other people.
It also helps the elderly have an excellent quality of
life and happiness in self-reliance. Therefore, if there
is sufficient health preparation for the elderly, the en-
gaged organizations will reduce the burden of looking
after the elderly.

As for the occupational issues, it was ascertained
that the types of careers that cause the elderly to en-
counter health problems are occupations in the fields

of machinery, tourism, and medical assistants, since
these occupations might make the elderly feel inse-
cure. Since the elderly themselves are as physically
healthy as working-age people, safety is a matter that
can have a significant impact on the elderly [23]. Be-
sides, it is also following the Notification of the Min-
istry of Labour, Thailand, Subject: “Request for Co-
operation and Support for the Elderly to Have a Job”,
announced on 8 March 2019 [24]. The vital point in
the announcement is to request employment for the
elderly in a way that is not dangerous to their health
and which must be safe. Such work covers clerks,
trades, and folk handicrafts. However, the duration
of work should not exceed 7 hours per day. It can be
seen that the content mentioned earlier corresponds
to the knowledge obtained from our research that it is
not found that overworked seniors are healthy people.

For the issue of caregivers who take care of the el-
derly, the family members should be encouraged to
look after the elderly because the familiar caregivers
have a better understanding of the elderly than oth-
ers [22]. Our research has already revealed that it is
rare that healthy seniors have unfamiliar caregivers in
Thai society. This situation showed that Thailand is
still living in a family-oriented way. Nowadays, even
though family members are studying or working in a
location far away from their family, they do not leave
the elderly with someone unfamiliar. Family caring
has a positive mental impact on the elderly, driving
them to good physical health. Prasartkul and et al.
[25] have analyzed the impact of situations where the
elderly are not getting good care. They have summa-
rized interestingly how the elderly feel lonely or with-
out self-worth. They claim that their children do not
have much time and that the elderly do not have any
roles in the family. Therefore, it influences their men-
tal state and continuously affects their health. They
also point out the issues regarding the case of the el-
derly living in urban societies. They have said that
the driving force in urban society is driven by so-
cioeconomic, sickness, or public services. The elderly
become vulnerable populations who do not receive
justice in their human rights and freedoms in society.
Fortunately, our research indicated that the elderly
in Thailand rarely live in urban areas such as condo-
miniums, mansions, or small rooms.

The last issue discussed here is the number of chil-
dren of the elderly and their medical treatment rights
from government welfare. This research has uncov-
ered that there are not many healthy elderly who have
a small number of children, or those not in the domi-
cile who hold medical rights. This finding involves the
hospitalization of the elderly during illness. Children
are considered the prominent persons responsible for
looking after the elderly when they are sick. Without
a child to take care of them, the elderly may recover
slowly from illness. It corresponds to the study of the
situation in Thailand regarding the hospitalization of
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the elderly [26]. The study presented that the elderly
who have carers during the recovery period will re-
cover faster. They pointed out that the elderly with
poor welfare take a higher average number of recov-
ery days than those with civil servant rights. They
also concluded that the elderly with insufficient med-
ical rights have a small household size, so they lack
sufficient care while recuperating or without constant
caregivers. These significantly affects the health sta-
tus of the elderly.

9. CONCLUSIONS

This research aimed to discover the factors that
have the most effect and least effect on the health
status of Thai elderly who have good health. The
results can be taken into consideration to prepare for
the health of the Thai elderly. The data used here is
from 2014 from the NSO. The NSO surveyed data un-
der the project named “The 2014 Survey of the Older
Persons in Thailand”. The project has provided data
using statistical methods correctly according to aca-
demic principles. Data of 17,804 elderly who are in
good health and very good condition were used for
training.

It can be observed that most works used a data
analysis method based on descriptive analysis. Our
research uses the association mining technique as part
of the machine learning field. We work with a wide
variety of possible meaningful data, requiring opti-
mized feature design for analysis. The results ob-
tained are consistent with the results of other existing
descriptive-analytical research studies. Nevertheless,
our work can analyze a large amount of data faster
and without pre-assumptions because the association
mining technique can uncover all the probable fac-
tors. However, our research does not cover the elderly
with poor health conditions. Further analysis should
be performed to give clear and complete comparative
results for all levels of health conditions. Remodeling
should be treated by the refreshed Thailand elderly
data (Thailand will survey data every three years) to
acquire new knowledge fitting with the current ag-
ing society situation. Aside from this, more studies
should be conducted in addition to health issues to
discover new knowledge that is beneficial for appli-
cation and reflects the need for implementation by
the Government sector to cope with the aging society
that is coming soon.
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