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Abstract—Objective: The objective of the study was to integrate
two big databases from Swiss nutrition national survey (menuCH)
and Swiss health national survey 2012 for data mining purposes.
Each database has a demographic base data. An integrated Swiss
database is built to later discover critical food consumption patterns
linked with lifestyle diseases known to be strongly tied with food
consumption. Design: Swiss nutrition national survey (menuCH) with
approx. 2000 respondents from two different surveys, one by Phone
and the other by questionnaire along with Swiss health national
survey 2012 with 21500 respondents were pre-processed, cleaned and
finally integrated to a unique relational database. Results: The result
of this study is an integrated relational database from the Swiss
nutritional and health databases.
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health databases, nutritional and chronical databases.

1. INTRODUCTION

IFESTYLE diseases are diseases that increase in

frequency as countries become more industrialized and
people get more aged. Lifestyle diseases include obesity,
hypertension, heart disease, type 2 diabetes, cancer, mental
disorders and many others. They differ from infectious
diseases, also called communicable diseases (CD) due to their
due to their non-contagious, dispersive nature, often
originating from nutritional behavior. Lifestyle diseases are
therefore among the so-called non-communicable (NC)
diseases. According to World Health Organization (WHO),
the growing epidemic of chronic diseases afflicting both
developed and developing countries are related to dietary and
lifestyle changes. The rapidly increasing burden of chronic
diseases is a key determinant of global public health. Already
79% of deaths attributable to chronic diseases are occurring in
developing countries [1], [2].

In 2017, 11 million (95% uncertainty interval) deaths and
255 million DALYs were attributable to dietary risk factors.
[3]-[5]-

Study of nutritional patterns instead of individual food
consumption has shown that, overweight and obesity, which is
generally evaluated by wvarious anthropometric measures
including Body Mass Index and waist circumference, is
increasing. According to [6] in 2017, 1.97 billion adults and
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over 378 million children and adolescents were categorized as
overweight and obese over the globe. Moreover it has been
assessed that greater body fatness can be cause of different
cancers such as pancreas, oesophagus, liver, colorectum,
breast and kidney [6]. Another study shows that nearly half of
all US adults, i.e. 1.17 million individuals, have one or more
preventable chronic diseases, which are related to poor quality
eating patterns and physical inactivity. These chronic diseases
are mostly cardiovascular disease, high blood pressure, type 2
diabetes, some sort of cancers, and poor bone health [7].

Schultze et al. [8] discuss current knowledge on the
associations between dietary patterns and cancer, coronary
heart disease, stroke, and type 2 diabetes, focusing on areas of
uncertainty and future research directions. They report that
nutrition support and dietary interventions are “key factors” to
treat chronic conditions, although with some challenging
aspects should be considered to improve dietary adherence.

Using data mining techniques has been proposed by various
researchers. Several papers describe the use of pattern
recognition and data mining to extract nutritional patterns.
Hearty et al. [9] propose a coding system at the meal level that
might be analyzed by using data mining techniques. These
researchers used data from an existing conducted survey.
Khan et al. [10] introduced a framework for mining market
basket data to generate nutritional patterns (NPs) and a method
for analyzing generated NPs using Fuzzy Association Rule
Mining. The database used by Khan et al. was a synthetic
grocery basket database from IBM Almaden [11]. Manikonda
et al. [12] focused on an application of mining questionnaires
of such kind to determine the current knowledge of
participants and how this knowledge improved after the
training session. Katsaras et al. carried out a study described in
[13] using a nationwide survey of consumer preferences.
Harris et al. [14] reported a study that aimed at quantifying
food expenditures by age groups and contrast elderly
expenditure patterns with other age groups, test for significant
differences between elderly food-expenditures and younger
age groups, and test for differences in food expenditures
between two elderly age groups (age 65-74 versus age 75 and
over).

To gain understanding about the impact of using data
mining techniques for the analysis of lifestyle diseases that can
be influenced by nutrition, we have conducted a preliminary
study using a big database gained from a grocery store chain
over a certain period. To show the proof of our concept, a
publicly on-line available grocery store dataset [15] served as

92 1SN1:0000000091950263



Open Science Index, Health and Medical Engineering Vol:15, No:1, 2021 publications.waset.org/10011778/pdf

World Academy of Science, Engineering and Technology
International Journal of Health and Medical Engineering
Voal:15, No:1, 2021

our data source. This consecutive research study reports of
using a database gained from a nationwide Swiss survey about

nutritional habits linked with a Swiss nationwide health
database.
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Fig. 1 Swiss Geography

II. SELECTED DATASETS

A. Swiss Nutrition Database menuCH

The menuCH National Nutrition Survey [16] is the first to
provide representative data on the food consumption and
eating habits of the population living in Switzerland. National
Nutrition Survey (menuCH) diet and exercise have a direct
impact on health and quality of life.

From January 2014 to February 2015, around 2000 people
from the Swiss resident population were interviewed. Men and
women between the ages of 18 and 75 provided information
about their food consumption and about their cooking, eating
and exercise along with some demographical behavior.

The survey was conducted as a questionnaire in the first
stage and orally by phone in the second stage. Three tables
resulted from the survey:

*  The table with the data from the questionnaire provides
information on eating and drinking and cooking behavior,
as well as intake of additives and salts, avoided foods and
reasons for avoiding food. Additionally, the survey
provides basic knowledge of healthy eating, activity
patterns, body measurements, weight satisfaction, diet
behavior, social structure of the interviewed persons

* The table with the data from the oral survey provides
information on the interview and the interview context;
age and body information; food consumed (preparation,
category, nutritional values, amount and time of taking
the food).

* The third table contains data on the demographic
classification of the respondents: Telephone number, year
of birth, age group, gender, relationship status,
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nationality, country of birth, household size, residence in
the major Swiss regions.

B. Lifestyle-Diseases Database

Swiss Ministry of Health gathers every 5 years data from
around 21500 Swiss citizens asking them from a dual
approach of a questionnaire and a detailed phone interview
categorized questions about their health issues [17]. For the
sake of simplicity, only the data from the phone survey were
retrieved. The issues with the highest link and priority to the
health and nutrition were extracted and reduced to a table with
9 subject areas: Alcohol consumption, age problems,
disability, cholesterol, chronic diseases, diabetes, drug use,
nutrition, health status.

C. Demographic Database

As mentioned above, two demographic tables from the
above databases were obtained. The first database from the
database menuCH included appx. 2000 individuals and the
second one 21500 individuals. Therefore, a third table as the
profile table including attributes such as gender, age group,
household size, marital status and language was built and
linked to the two existing demographic tables to this table.

II1. SELECTION, CLEANING AND INTEGRATION OF THE
DATABASES
A. Selection

The relevant data were identified and selected from the
tables. The positive criteria were freedom from redundancy,
completeness, relevance (for the question). In the database of
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nutritional data, 60 table columns were selected from the oral
survey data, and 125 table columns were selected from the
questionnaire data. In the database of the Swiss health survey,
only the data on the blood pressure issue were not considered,
since no descriptions were available for the indices and the
data could therefore not be decoded.

B. Cleaning

1. Cleaning menuCH Database

The menuCH database was largely represented by codes.
menCH database included occasionally the same content,
which was mapped with two different codes. This
inconsistency was corrected by defining one coding type and
overwriting the second coding type with the one specified. If
there were no data cells, it was checked whether the data
record was still usable. If not (for example the absence of the
Person-ID), the entire data record was deleted.

2. Cleaning Health Database

The data were broken down into separate lifestyle themes
and divided into nine tables. Hence the tables include data
about alcohol consumption, cholesterol, diabetes II, drug
consumption, age problems, disability, nutrition, chronic
diseases, health status. Redundant data in the tables have been
removed as well as missing data.

C. Transformation

1. menuCH Database

The setup of the menuCH database was done in three
stages. First, a database was created for the database of the
questionnaire. Another database was then created for the
database of the oral survey. A personal profile was created
with the third database (data on demographic characteristics).
The personal profile has the characteristics age group, gender,
household size, marital status, language. This personal profile
connects the other two menuCH databases. Finally, a
relational database scheme was designed, and menuCH
database was implemented into mySQL.

2. Health Database

The database for health data could be created in one step. A
person profile was created according to the same
demographical characteristics as in the menuCH database (age
group, gender, household size, marital status, language). All
data on the health-related fields were linked by the person
profile. Finally, a relational database scheme was designed,
and health database was implemented into mySQL.

3. Linking Table for the Integration of Databases

For the integration of the nutrition and health databases, a
third person profile table had to be created, which connects the
person profile tables of the nutrition database and the health
database. Six attributes were selected which were available in
both databases for the personal description:

a) Gender (m/f)
b) age group (15-29/30-39/40-49/50-64/65+)
¢) Household size (1/2/3/4/5/6+)
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d) Marital status (single/married or registered/widowed/
divorced/other)
e) Language (de/ft/it)

The selected attributes and their categories resulted in 720
different categories of people. The PersonIDs in the menuCH
database and the PersonIDs in the Health database were each
assigned to a person category in the PersonProfil table.

PersonProfil ProfilGesundheit

ProfilMenuCH

¥ ID-Nummer a | ¥ protilp | — ¥ IDNummer %

fex \ sex

agegroup agegroup

\ agegroup
household ‘\

household household

language / language \ language

civilstate v|| 0o/ civilstate

; \eo civilstate -

Fig. 2 Integrated database design via linking table

IV. INTEGRATION

The integrated database consists of 43 tables. The database
is structured as follows:

e 14 tables contain the data from the menuCH
«Questionnaire» database. 7 tables contain the data from
the menuCH «Nutritional values» database. 18 tables
contain the data from the “Health” database. The tables
"Alcohol, age problems, disabilities, health status,
cholesterol, chronic diseases, diabetes, drug consumption,
nutrition" and the associated intermediate tables create a
connection to the table "Profile health", the personal
profile of the database health.

e Central to the integrated database is the three person
profiles of the data base nutrition the data base health and
the person profile which connects the two person profiles,
as shown in Fig. 2. Fig. 3 illustrates the integrated
menuCH and health database from Switzerland.

V. CONCLUSION AND FUTURE WORK

The present study aimed at linking data sources of a
nutritional database to demographical and health statistics to
address the influence of food consumption patterns on lifestyle
diseases such as obesity, hypertension, cardiovascular
diseases, cancer, type 2 diabetes and mental disorder.
According to WHO [15], “lifestyle diseases are among the
main causes of premature death and disability in industrialized
countries and in most developing countries. Developing
countries are increasingly at risk, as are the poorer populations
in industrialized countries”.

For our future work, we intend to use data mining
techniques to discover patterns. Our cooperation with the
health institutes in Switzerland and in the European countries
will be essential to receive accurate demographical and health
data which should help us derive interesting and
groundbreaking hidden patterns. Our goal is to find valid rules
in order to be able to predict and prevent lifestyle diseases by
detecting critical food consumption patterns. Data mining is an
enormously mighty technique that allows us to help reach our
goal without the common limitations of the previous research
efforts, which used the classical statistical hypothesis-bound
methods.
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Fig. 2 Integrated Relational Database scheme
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