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Abstract

Healthcare data include electronic medical record data, health insurance claims data, health
check-up data etc. and is obtained by medical, health, welfare, and other specialists when diagnosing
or examining on human subjects. Recently, the data is digitized and stored in respective database,
and the number of medical institutions that store data that may be called big data in terms of quantity
has increased. Among them, secondary use of healthcare databases has attracted attention in clinical
and epidemiological study for the prevention of disease and verification of treatment methods.

However, at present, healthcare databases are not actively used. One of the reasons is that data
providers such as countries have strict security policies and laws and regulations on secondary use of
such data. On the other hand, even at the data analysis stage, there are challenges that arise because
the healthcare database is not designed for secondary use. The first challenge is related with data
contents that the attributes required for epidemiological analysis are not always stored in the
healthcare database. The second challenge is related to the data structure in which information about
patients is distributed in many relations because the healthcare data is generally stored in a
normalized form in the database.

In epidemiological analysis, tabulation and statistical analysis are often performed according to
the purpose, so it is desirable to create a dataset summarized in one tuple for each patient. When
using a health care database for epidemiological analysis, it is necessary to resolve the challenges
related to the data contents and data structure. As a result, considerable programming skills are
required for data handling to a create dataset. For this reason, it is difficult for physician-scientists
who have little skills of data handling to quickly conduct epidemiological studies using a health care
database. The purpose of this research is to establish a methodology that enables even researchers
with little data handling skills, such as programming, to create the dataset from health care databases
on their own. As a material, the health insurance claims database known as one of health care
databases is used.

This research focused on the fact that the relational model theory can be used to create a dataset
summarized in one tuple for each patient. In this method, the research question is regarded as a
proposition and divided into multiple propositions. This idea separates the process of generating a



dataset into a process of computing each attribute and a process of solving independent constraints
between the attributes defined by the research question with the truth function.

In the process of computing attributes, this research proposes a simple and patterned relational
calculus that can compute the desired attributes. Moreover, by applying the closure property, which
is one of the features of the relational model theory, the simplicity of the relational calculus is
maintained even in the case where there is a constraint condition dependent on any attributes
between each attribute. For attributes that cannot be physically covered, a data warehouse optimized
for the relational calculus is constructed. As a result of conducting five epidemiological studies using
the proposed method, physician-scientists themselves were able to carry out data handling on their
own for two epidemiological studies. These five epidemiological studies include cross-sectional and
retrospective cohort studies that dominate epidemiological studies using helth care databases, and it
can be confirmed that relational calculus cover not less than 80% of attributes in the original
database. Therefore, although the scope of application is limited to epidemiological studies, it is
considered that the usefulness of this method has been verified to a certain extent. Moreover, since
the method is applicable to any database that includes unique ID for people such as patient, it can be
applied not only to the health insurance claims databases used in this study, but also to many
healthcare databases such as electronic medical records. This research simplifies the process of
creating a dataset summarized in one tuple for each patient suitable for epidemiological analysis, and
uses a highly versatile relational model theory as a solution. For this reason, the process of dataset
generation can be implemented as software. This research is expected to initiate development of
more practical research platform such as automation of dataset generation and statistical analysis.
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Chapter 1 Introduction

Healthcare data include electronic medical record data, health insurance claims data, health
check-up data etc. and is obtained by medical, health, welfare, and other specialists when diagnosing
or examining on human subjects. Recently, the data is digitized and stored in respective database,
and the number of medical institutions that store data that may be called big data in terms of quantity
has increased. Healthcare databases can be used at low cost because it is automatically accumulated
with daily medical care. Moreover, it can be effectively used in large number of fields if reliability of
the health care data collected are qualitatively high®. Applications can include, for example, the
diagnosis and selection of the optimum treatment by medical specialists, epidemiological study, and
health management for individuals.

Among them, secondary use of healthcare databases has attracted attention in clinical and
epidemiological study for the prevention of disease and verification of treatment methods. Here,
secondary use refers to using data for a purpose different from the original purpose?. Healthcare
databases are typically used by researchers as data sources for a purpose different from the research
activity for which it is being used®. However, at present, healthcare databases are not actively used.

One of the reasons is that data providers such as countries have strict security policies and laws
and regulations on secondary use of such data. These are the fundamental challenges encountered
before embarking on data analysis. On the other hand, even at the data analysis stage, there are
challenges that arise because the healthcare database is not designed for secondary use.

This research contributes to the promotion of research using a healthcare insurance claims
database which is one of the healthcare databases by solving the challenges. In this chapter, after
describing the features of epidemiological research using the health care database, the challenges in
analyzing data are described, and finally the positioning of this research is explained.

1.1. Epidemiological study using health care databases

Epidemiological studies can be broadly divided into interventional studies and observational
studies®. Interventional studies are ones that involve medical invasion of patients. On the other hand,
observational research refers to one that does not invade patients. Epidemiological studies using
health care databases are classified as observational studies because existing data are used.
Observational study

Observational studies generally consist of longitudinal, cross-sectional, and case-control studies
4. Observational studies include retrospective studies and prospective studies. Longitudinal studies
consist of a prospective cohort study that collects data prospectively from the start of the study and a
retrospective cohort study that explores data retrospectively. A cross-sectional study is a study that
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investigates a disease or exposure of people at one point in time. Case-control study is a retrospective
study that seeks the cause by searching data of people who have a disease. Epidemiological studies
using health care databases for secondary use are limited to retrospective cohort, cross-sectional, and
case-control studies because they deal with existing data already collected.

Health insurance claims database

There are various types of health care databases, such as those based on electronic medical
records® and collected for research purposes®. In general, healthcare databases often store a unique
patient ID for each patient, an event such as a treatment or medication performed on the patient, and
a timing such as a date or time when the event was performed. Among them, health insurance claims
data have a high degree of completeness in countries with universal health care systems since
comprehensive information of almost all people can be obtained. As a result, using data from such
countries in large-scale epidemiological surveys and studies of rare diseases is to be expected.
Moreover, because of the abovementioned reasons, the number of health insurance claims data items
can be enormous and has volume and velocity, which are required for big data ’. For that reason, this
research focuses on health insurance claims data related to health care bills, which is one type of
health care data.

There are several countries that accept secondary use of health insurance claims data, and their
usefulness in epidemiological studies is recognized® ® 1°. Many epidemiological studies have been
conducted by researchers in Taiwan, South Korea, France, and Japan etc. where the universal health
insurance system has been introduced 1. Moreover, in the United States, although there is no
universal insurance system, it manages the claims data of Medicare and Medicaid, and analysis
support for researchers is progressing 2 13, Thus, in recent years, epidemiological studies using
health insurance claims database have been actively conducted worldwide!*1°,

Procedure of epidemiological study using database

In general, epidemiological studies consist of hypothesis building and hypothesis testing *.
Hypothesis building is almost the same as building research questions, and exploratory analysis is
sometimes used in epidemiological studies using databases ® . On the other hand, in the hypothesis
testing process, it is necessary to statistically analyze the relationship between various attributes
related to patients using statistical analysis software.



1.2 Challenges of epidemiological study using database

Available health care data has been collected mainly for its original purposes (i.e., primary
objectives) without assuming there would be such a secondary use in epidemiological research. As a
result, when the data is subjected to secondary use in epidemiological research, there are challenges
related to the reliability of the data and regulations for the protection of personal information.
Especially regarding data reliability, bias in the database, which can be introduced through
confounding, missing data, and misclassification, is a great threat to the validity of epidemiologic
research®. These problems are difficult to solve immediately, but there are also technically solvable
problems. These are challenges related to data content and data structure, and the secondary use of
data cannot be maximized without overcoming these two main challenges.

Challenges of data contents

As for data contents of the databases, since the primary purpose of healthcare databases®®
concerns health insurance claims data, information would otherwise commonly be required for
epidemiological studies may not be stored. Thus, researchers must create their own markers or
indices and add them to the data using external master data, which is time consuming and inefficient.
Challenges of data structure

As for data structure of the databases, the majority of the databases of health insurance claims
currently in use are relational databases (RDB); these are designed to support the relational model®®,
which is created based on the set theory and logic. In the relational model, data are distributed across
multiple relations, which aims to normalize redundant data and increase the efficiency of data
storage and updates?®. Normalization, which results in splitting the data up into small relations, is the
usual guideline for storing relational data ?*. However, it is said that clinical data are distributed
across several tables that is difficult to use for analysis 22 23,

In epidemiological analysis, tabulation and statistical analysis are often performed according to
the purpose, so it is desirable to create a dataset summarized in one tuple for each patient. When
using a health insurance claims database as a source of secondary use data for epidemiological
analysis, it is necessary to resolve the challenges related to the data contents and data structure. For
that reason, it has been reported that data handling of claims data requires complex and time-
consuming 24, and the ratio of data handling in data analysis is 50% to 80% 2. Data analysis is not

easy for those who are not used to data handling of databases.



The goal of this dissertation is to develop a methodology that can allow researchers who have
little skills in data handling to carry out data handling by themselves while solving above-mentioned
challenges regarding data contents and data structure.

This dissertation is organized as follows. Chapter 2 describes related research including data
warehousing etc. Chapter 3 describes the health insurance claims data used in this research and the
proposed method. Chapter 4 describes epidemiological studies conducted using the proposed
method. Chapter 5 discusses the effectiveness of the proposed method based on the results. Finally,

Chapter 6 summarizes this dissertation and describes future applications.



Chapter 2 Related researches

This dissertation is based on great works by many researchers, especially on the relational
model theory. First, after explaining the relational model theory, this chapter describes several
researches on the data warehouse (DW) including the dimensional model which is a technology often
used for exploratory analysis using databases. Finally, the purpose of this dissertation is described.

2.1 Relational model theory

The relational data model theory is a database management system theory developed in 1970 by
Edgar Frank "Ted" Codd®®. It was devised based on predicate logic and set theory. The following is a
simple explanation of predicate logic and set theory.
2.1.1 Predicate logic and set theory
The concept of predicate logic is an extension of propositional logic. Propositional logic is the study
dealing with the truth or falsehood of propositions.

Proposition #1:

Patient X1 is female

The “X1” part of Patient X1 in Proposition #1 can be given various names, and in predicate
logic, it is called a variable®. The phrase “is female” in Proposition #1 expresses a quality or
relationship of this variable, and this is called a predicate. More general propositions such as the one

below can be given by increasing the number of predicates.

Proposition #2:

Patient X1 is a female aged 57 years’ old who was diagnosed on September 24, 2007 with
stroke and died on October 15, 2007

Increasing the number of variables thus enables the handling of large number of propositions,
which can be displayed in the form of tables in Table 2.1. Each line in the table corresponds to a
single proposition. Codd focused on the fact that if the table headings {Patient, Sex, Age, Diagnosis
Date, Disease name, Death date} were considered as a set of elements, they could be handled as the



data. As a result, each of the records in the table below is simultaneously a proposition and a set
composed of individual elements.

As described above, Codd proposed a database management system that defined general data
constructs based on predicate logic and set theory. This data model has two significant advantages.
The first is that a data model can be expressed in the form of a table. This enables the creation of
interfaces that are highly intuitive and easily visualized for users.

Table 2.1 Propositions in table format

Patient | Sex Age | Diagnosis date | Disease name Death date

X1 Female 57 2007-09-04 | Cerebral infarction 2007-10-15
X2 Male 62 1985-06-05 | Liver cancer 1988-11-30
X3 Female 89 2013-02-15 | Nontuberculous mycobacteria | 2016-03-15
XN Male 54 1988-02-03 | Cerebral hemorrhage 1988-02-05

2.1.2 Truth function, Extend and Summarize

The second advantage is that it enables efficient data manipulation by means of the use of truth
functions and relational algebra, which are reliant on predicate logic and set theory, respectively, and
are suited to computer processing. In addition to the truth function, operators of “Extend” and
“Summarize” have been added. The Extend operator has the function to compute arbitrary attributes
in one relation and add the result as a new attribute. For example, in Table 2.1, if you want to
compute the number of days from diagnosis date to the date of death, you can add the result of
subtracting these attributes (death date minus (-) diagnosis date) by the Extend operator as a new
attribute. Summarize operator aggregates multiple tuples in one relation into one tuple.

Thanks to these two advantages, the relational data model has been broadly accepted worldwide.
Today, various vendors have released Relational Database (RDB) products supporting the relational
data model, and new versions are repeatedly being released. Moreover, above mentioned “Extend”,
and “Summarize” operators are implemented in the SQL, which is incorporated into the various
RDB products.



The SQL is a database language implemented for data manipulation in the relational data
model. Strictly speaking, SQL is not a specification of the relational data model, but one form of
implementation that meets its specifications. It communicates with the database management system
(DBMS) to implement mainly data definitions and manipulation. The current standard is SQL99, and
this is extended in individually different ways in products from different DBMS vendors?’. Demand
for analysis functions has risen in recent years, and Online Analytical Processing (OLAP) functions
are now attracting attention?®, The OLAP technology pioneered data warehouses described in the
next section.

2.2 Data Warehouse

A well-known approach for supporting analyses that involve relational databases is using DW.
A DW is integrated data that stores data in a time series without regard for their later deletion or
updating. Concept of a DW was first proposed by William H. Inmon in 1990 as data structure that is
suited to data analysis for the purpose of decision-making 2°. DWs are data aggregates that integrate
time series without assuming data deletion or updating, and this structure has now been introduced
by many organizations, mainly in the form of core database systems for business use.

2.2.1 Dimensional Model

A typical example of DWs is the dimensional model, which is a data model proposed in the
book written by Ralph Kimball in 1996%. The dimensional model is based on data structure that is
particularly suitable for decision-making and many studies have been conducted so far®'2, In recent
years, it has been often used to increase the speed of database inquiries when developing software to
facilitate exploratory analyses, one major example of which is business intelligence (BI) *, which
requires good response times. In recent years, database-related products that support the dimensional
model have been released®*.

As shown in Fig.2.1, the dimensional model is composed of two individual tables, Fact and
Dimension. The Dimensional Model includes “Fact Constellation” with multiple Facts, “Snowflake”
with normalized dimensions, and “Star Shema” with only one Fact®®. The star schema has the
simplest structure of dimensional model and is considered suitable for Bl tools®. The Fact table is
generally the largest table and includes the attributes to be analyzed. The Dimension table is a table
that contains analyzable attributes by virtue of its linkage to the Fact table and corresponds to the
master table of a regular database. In most cases, its size is therefore smaller than that of the Fact
table. In the following example, Fact is only the observation fact table, but several such tables may
exist. The attributes listed in the Fact table have already been tabulated, and if any other data are

needed, these can be obtained by linking to an appropriate Dimension table as required. However,
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although the attributes listed in the Fact table are suitable for queries involving rapid searches and
aggregations, they do not possess the means to deal with other queries with more complex
conditions. As almost all the data required for decision-making in business is patterned, most cases

can be dealt with by application of the dimensional model.

time sales item
Dimension table Fact table Dimension table
(.time_kc{v rrime_key r’ﬂem_k@} A
day item_key item_name
day_of the_week branch_key brand
month location_key type
quarter dollars_sold \isruppiier_fype
year units_sold
branch location
Dimension table Dimension table
Fbmm:h_kcf_v ffoca.lffm_key
branch_name street
\bmm'h_!ype city

y |

P rovince _or _sltale

country
% ry

Fig.2.1 Example of the Dimensional Model (Star schema)
(Reprinted from “Data Mining Concepts and Techniques Third Edition” p.140,
by Jiawei Han et al. 2011%°)

2.2.2 Application of Data Warehouse techniques in the medical field

Approaches based on DW are also being adapted in medical field®® *’. In the United States, for
example, the Chronic Condition Data Warehouse (CCW) 8 has been built for the purpose of
supporting studies related to patients with chronic diseases by organizations that support research
using health insurance claims databases, allowing for greater efficiency in specific types of
epidemiological study. Another example is a decision-making tool developed for use in health
insurance claims databases that are operated in Taiwan®. This tool allows for analyses to be
performed more easily when conducting typical epidemiological studies.

Despite these advances, because the attributes required in each specific epidemiological study
are different, there are many cases in which attributes that have been previously prepared in DW
insufficiently cover the respective epidemiological study “°. This is because technologies related to
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DW, especially such as the dimensional model, are based on the premise that the attributes to be used
are predetermined. In epidemiological studies such as public health, the required attributes are often
different for each study and complex*!.

As a result, there is a country as United States where specialists provide support to those who
are performing database analyses, which indicates that there is a need for the type of support that can
be provided by database and computer science specialists'®. There is a report that an epidemiological
study conducted using the Japanese national claims database could not be conducted without the
support of IT engineers #2. In a country where such support is not in place, researchers want to use
data that are more research friendly and processed with immediate applicability to epidemiological

research?*.

2.2.3 Data structure suitable for epidemiological analysis

Generally, a structure summarized in one tuple for each patient is considered better for
epidemiological analysis “***, because in the field of epidemiological study complicated statistical
analysis is often performed for each patient. However, if one patient’s data is distributed in multiple
relations, experienced data handling skills are required to reconstruct these data. Thus, researchers
must extract and integrate data for each patient from multiple relations %. In Japan, there are several
studies in which researchers attempt to reconstruct the Japanese health insurance claims database
into a structure summarized in one tuple for each patient, which is more suitable for statistical
analysis*® 47,

Characteristics of research questions in epidemiological studies

Generally, there are some research questions which have a high level of abstraction in
epidemiological studies. For example, one of the attributes with a high level of abstraction is “the
monotherapy of a drug” commonly used in epidemiological study*®. However, a normalized database
often stores only “the date of prescription” and “prescription days of a drug” in one tuple. In this
case, it is necessary to compute the continuous prescription period by comparing “the date of expire
of a drug” with “the next date of prescription of a drug”. Thus, many processes are required to
compute attributes with a high degree of abstraction such as monotherapy of a drug.

In addition, it is often necessary to consider the time-series relevance of each event, since
patients are often tracked based on the timing of the event that occurred for each patient.

Thus, it has been thought that it is difficult to cover in advance with software or data warehouse
because the variation of attributes required for epidemiological research is unknown. Therefore, so
far, there has been little research on easy creation of a dataset summarized in one tuple for each
patient from already-operated healthcare databases. No software has yet been developed to easily

9



create a dataset for various epidemiological studies. For this reason, researchers are resigned to
create a dataset for their respective epidemiological study. Thus, it is still difficult for researchers
who have little skills in data handling to conduct their epidemiological study by themselves.
2.2.4 Contribution

The contribution of this dissertation is to develop a methodology that can allow researchers who
have little skills in data handling to create a dataset which is summarized in one tuple for each patient
from health care databases by themselves. The relational model theory is well known and based on
set theory and logic, which is a field of math and the author believes it is the best tool in data
handling. This research focused on the fact that the relational model theory can be used to create the
dataset by treating a research question which researchers have as a proposition.

In this dissertation, the author proposed an improved relational calculus for epidemiological
studies and a building method of data warehouse optimized for the relational calculus. The next
chapter describes the health insurance claims databases used in this dissertation and proposed
methods.
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Chapter 3 Materials and Methods

In this chapter, after the materials used in the dissertation, the proposed method for a dataset
generation is described. This method applies the relational model theory introduced in Chapter 2.1
and patterns and simplifies the dataset generation summarized in one tuple for each patient. First, the
Japanese health insurance claims data used in this research will be explained. The material used in
this research is health insurance claims data held in the National Database of Health Insurance
Claims and Specific Health Checkups of Japan (NDB) managed by the Ministry of Health, Labour
and Welfare (MHLW) and JMDC claims database managed by the JMDC, a private company in
Japan. In this section, the NDB are explained as an example of the Japanese health insurance claims
system.

3.1 National Database of Health Insurance Claims and Specific Health Checkups
of Japan (NDB)

The NDB “*° was created in FY2009 and is operated by the MHLW. To date, it has accumulated
over 15 billion entries of electronic data concerning health insurance claims and specific health
checkups. Examples of insurance claims data used in Japan is shown in Fig.3.1. When stored in the
NDB, they are grouped into similar items as shown in the lower part of Fig.3.1 and stored in tables
such as the RE and IR (Appendix Al) etc.

3.1.1 Health insurance claims data collection pathway

The procedure for collecting health insurance claims in the NDB is as follows. Fig.3.2 shows
the pathway for health insurance claims data collection. In Japan, medical institutions issue invoices
for patient treatment in the form of health insurance claims, and these are passed to a review and
payment agency before the insurers are billed. There are several different types of Japanese health
insurance claims, comprising medical health insurance claims issued by hospitals and clinics, dental
health insurance claims issued by dental hospitals and clinics, “dispensing health insurance claims”
issued by dispensing pharmacies, and DPC (Diagnosis Procedure Combination) health insurance
claims composed of partial DPC data. Health insurance claims are issued once a month for each
patient by each medical institution that has treated that patient. Once they have been returned to the
review and payment agency by the authority, they are anonymized and stored in the NDB. Although
only electronic health insurance claims are collected in the NDB, recently, almost all health
insurance claims have been made electronically *°.
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Fig.3.2 Collection pathway of health insurance claims in Japan

3.1.2 Secondary use of the NDB

As for secondary use of the NDB, if a person who wants to use the data, they can be provided
with the data after undergoing screening according to certain criteria®’. Because it contains data on
almost all residents of Japan, it provides a high degree of completeness, making it a potentially
effective resource for epidemiological studies. The MHLW allows secondary use of NDB mainly in
the following provision formats.
(1) NDB Onsite research center
(2) NDB Special Extraction
(3) NDB Sampling Dataset

The on-site research center in (1) allows users to directly operate the NDB °2. The on-site
research center in (1) allows users to directly operate NDB. There have been some studies on the
investigation and improvement of the analysis environment “3 but now they are open to the public.
The provision formats in (2) and (3) provide users with data extracted from the NDB. In the NDB
special extraction in (2), health insurance claims data and health checkup data specified by the user is
provided, and NDB sampling dataset in (3), one month of health insurance claims data randomly
sampled from the NDB is provided. So far, epidemiological studies using the NDB have been
reported to some extent®3, However, the NDB has been accumulated for medical insurance claims
and is not intended for secondary use for research purposes®*®°, so it cannot be said that it is actively

being used. Although there are documents that explain epidemiological analysis methods using the
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NDB, high-spec machines are required °. Moreover, it is said that data analysis using the NDB
requires the support of IT specialists #2.

3.1.3 NDB Sampling Dataset
This research uses the NDB Sampling Dataset (NDB-SD), which contains a random sample of
the NDB data over a one-month period. We obtained the NDB-SD, which is comprised by the items

“medical outpatient claims,” “medical inpatient claims,” “DPC claims,” and “pharmacy claims”.
Fig.3.3, Fig.3.4, and Fig.3.5 show the NDB-SD relations used in this research. In the Japanese
system, such claims are issued at a frequency of one per month. In Fig.3.3, the IR stores records on
medical institutions while the HO relation stores records associated with health insurance
information. The RE relations include patient details such as age and sex, labelling them with a
unique Patient ID. Records of the, SY, Sl and 1Y relations, which concerned drugs, medical
procedures, and diseases, respectively, are correspond to the records in the RE relation with {claim
no} and {absolute_no}. And, the csv files of NDB-SD were converted into the database format by
using Database Management System. Similarly, Fig. 3.4 is data on DPC (Diagnosis Procedure
Combination) claims. The DPC is Japanese cost calculation method that classifies diagnostic groups
(1,572 classification) classified according to the patient's disease name and medical procedure and
defines the hospitalization cost per day for each classification. DPC is stored in BU_DPC, disease
information within 3 months after admission is stored in SB_DPC, and disease information after that
is stored in SY_DPC. In addition, the CD_DPC stores the medical procedures carried out within 3
months after admission and information on medication etc. And, Fig. 3.5 is data on Pharmacy claims.
Information on dispensing is stored separately in SH_PHA and CZ_PHA.
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IR

absolute no  (FK)
claimno  (FK)

institution code

claim point table

claim date

rultivolume information

X

SY

absolute no  (FK)
claimno (FK)

disease code

date of diagnosis
outcome_code
modifier_code
modifier_flag
main disease
main diseaase flag

HO RE

absolute no  (FK) absolute no

claim no (FK) claim no I

days receiving clinical practice patient ID

total claims points (fee) sex_code

dietary care times age group

age at diagnosis hospitalization date
ward_code
depart_name

IY SI

absolute no  (FK) absolute no  (FK)

claim no (FK) daim no (FK)

drug code medical procedure code

claims points (fee) claims points (fee)

drug dosage times medical procedure times

drug type 1st day

drug dose 2nd day

1st day 3rd day

2nd day .

3rd day .
29th day

. 30th day

20th day 31th day

30th day medical years

31th day

medical years

Fig. 3.3. Example of the typical NDB-SD relations and attributes (Medical claims)
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5B _DFC SY_DPC BU_DPC
absolute_no (FK) | absolute_no (FK) [ absclute_no  (F¥)
claim mo  (FK) daim no (FK) daimno (FK)
disease code disease code dpc_no
icd10-1 icd10-1 hospitalization date
icd10-2 icd10-2 discharge date
modifier_code date of diagnosis | dpc_outcome
suspect flag altcome code
death_cause madifier code
| main_disease flag | suspect flag
main_disease
IR_DPC RE_DPC HO_DPC
[ absolute_no (FK) I 1| absolute_no | [ absolute_no (FX)
claim mo (FK) I I daim no 1 daimno (FK)
institution Date of diganosis days reciaving clinical practice
point table hospitalization date dietary care times
claims date ward_code total daims point (fee)
depart_code |\ standard burden
sex_code
age group
daims_sum_code
details_num
CD_DPC IY_DPC R SI_DPC
absolute_no (FK) absolute_no (FK) (" absolte_no (F¥)
claim mo  (FK) daim no (FK) claim no  (FK)
date of procedure drug code medical procedure code
order_no drug daoss claims point
claim system code dlaims point medica lpractice times
dose od times 1st day
unit_code 1st day 2nd day
practice times ) 2nd day 3rd day
3rd day .
. 29th day
Zath day 30th day
30th day | 31th day
| 31th day

Fig. 3.4. Example of the typical NDB-SD relations and attributes (DPC claims)




HO_PHA RE_PHA YK_PHA

{ absolute no  (FK) ) | | absolute no _’—|_( absolute no (FK)
claimmo (FK) claim no claim no  (FK)
ps_recv_fimes patient ID institution
total claims points (fee) years of dispense point_table
. years of dispense ) sex_code claim_date
search_no multivolume information
age group . years of diagnosis
IY_PHA C?__PHAR SH_PHA
[ absolute no  (FK) absolute no  (FK) [ absolute no (FK) |
claimmo (FK) claim no (FK) claimno {FK)
drug code date of prescription accept_no
drug dose date of dispense dosage_code
branch_code dispense quantitiy usage_code
onetime_dose calculation division drug_cost_sum
prescription no claims point prescription no
years of dispense | calculation no _domest_no
dispense code years of dispense
division_code

Fig. 3.5 Example of the typical NDB-SD relations and attributes (Pharmacy claims)
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3.2 JMDC claims database

In addition to the NDB-SD, this research used insurance claims data from the JMDC. The
JMDC compiles information from multiple insurance groups which consist of the insured belonging
to each company. By June 2018, the JMDC had completely anonymized the insurance claims data of
5.4 million insured patients aged between 0 and 74 years.
The data in comma-separated values (CSV) format on patients’ background were obtained, with data
on patient characteristics, such as age, and sex (PATIENT Table), disease information (DISEASE
Table), and drug information such as drug name, date of prescription, and drug volume etc. (DRUG

Table) for 5,478,478 individuals for the period from January 2005 to December 2017.

Patient (FT)
H patient 1D
birth month
S
family id
start date of observation
final date of observation
observation stop flag
Claim (CM) Disease (D5) Medical procedure (MP) Drug (DR)
patient 1D (FK) [ patient ID (F¥) [ patient ID (F¥) ] [ patient 1D (FK)
claim no }(}_ claim no claim no clairm no
claim_class billing_id billing_id claim_class
medical years claim_class claim_class medical years
facility_id medical years medical years facility_id
dept_majour std_disease_name medical practice date who_atc_code
dhept_rricdle st _disease_code faility_id aibe_rricclle_code
rrwsd_actual_days fadility_jd mediclass_middle_name who_ate_name
hospitalization date lcd10_major_code meedclass_rminor_nanne drug_price_std_code
discharge date i 10_major_naime meedclass_subnanme ingredient_name
total fee icd10_middle_code medclass_subdname drug_code
lcd10_middle_name medpointclass_code drug_name
e 10_rrinar_ooche b _imirfedr_narmse standard_unit
ied 10_minar_namse ate_subclass_code prescription_date
icd10_subclass_code tirmes: dispensing_date
icd 10_subclass_narmse volume rredication_volurme
main disease flag clinical_class miedication_t
hospitalization factor | fes points ) dosage
dubious flag clinical_dass
date of diagnosis drug volume
T ) |_bed_num

Fig. 3.6 Example of the typical IMDC claims relations and attributes
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3.3 Pattern tuple relational calculus

For example, taking a retail store database as an example, there are multiple analysis units °’
such as employee, stores and sales etc. in the DW. These analysis units are all important for decision
making and exploratory analysis. On the other hand, when creating datasets in epidemiological
studies, the unit of analysis is almost “human” in many cases. Therefore, in this research, the analysis

unit is limited to human.

Background Drug
Patient  sex age Patient Drug Amount Prescription Prescription

1D (mg) date days

Male 60
1 CAM 600 2019/02/15 30

ID
{ 1
1 EB 400 2019/02/01 60
1 CAM 800 2019/05/15 50
1. summarize \/\/J N _/
. — -

>
2. dependent conditions 3. compute l
Dataset i N
Patient Sex First date of Prescription Maxamount CAM monotherapy
ID Prescription of EB after of CAM
of CAM CAM
{ 1 Male 2019/02/15 False 800 True

4. independent conditions

CAM: Clarithromycin, EB: Ethambutol
Fig. 3.7. Challenges in generating a dataset

3.3.1 Methodology for generating a dataset summarized in one tuple for each patient

In order to create a dataset for each patient from multiple relations, it is necessary to solve some
problems. An example of creating a dataset is shown in Fig. 3.7. To create the Dataset from the
relation Background and Drug in the figure, it is necessary to tackle for challenges simultaneously.
The first problem is “1. Summarize” in Fig.3.7. As shown in the figure, there are multiple relations
with the same patient ID in the relation Drug, so researchers must choose one. The second problem is
“2. dependent conditions” in Fig.3.7. In this example, to compute the attribute {Prescription of EB
after CAM}, researchers need to refer to the attribute {First date of Prescription of CAM}, and these
two attributes have dependent conditions. Next, the third problem is “3. compute” in Fig.3.7. In this
example, to compute the attributes "Max amount of CAM" and "CAM monotherapy", researchers

must refer to all the attributes of relation Drug. In the actual health care databases, there are other
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relations than Drugs, and the required attributes are different for each epidemiological study, so this
problem is most troublesome. The last problem is “4. independent conditions” in Fig.3.7. Generally,
in research questions, for each attribute, it is necessary to distinguish between those who have that
attribute and those who do not. Thus, it is the work to narrow down the patients along the research
question.

Some people may think that the four tasks in Fig.3.7 can be easily achieved by computer
programming. However, even those who are skilled in programming skills need to implement many
functions. This is because there are many attribute variations required by each epidemiological study.
Therefore, it is difficult for researchers who have research questions and are not familiar with
computer programming to create a dataset summarized in one tuple for each patient.

Methodology for generating a dataset

In this research, the author focuses on the fact that the relational model theory can be applied to
dataset generation by treating a research question as a proposition. As a result, powerful relational
calculus and operators defined in the relational model theory can be used to generate a dataset. The
procedure of this method is as follows.

Step 1. Research question splicing. Step 2. Pattern relational calculus. Step 3. Truth function, Extend.
First, Step 1 is the process of dividing a research question for the purpose of simplifying each
calculation process called research question splicing. Next, the pattern relational calculus is the
process of calculating each attribute. Step 3 is for narrowing down patients based on the conditions
specified in a research question. In this step, the truth function and Extend operator are used. The
process of Step 2 and Step 3 can be realized by using the SQL. The Step 3 can be easily performed
by users who understand the basic grammar of SQL such as “Select”, “From”, “Where”. On the

other hand, Step 2 requires complex SQL when implemented straightforwardly.

3.3.2 Research question splicing

In general, a research question consists of multiple propositions, so it is complicated to handle
as it is. René Descartes said that divide each “difficulty” into as many parts as is feasible and
necessary to resolve it>. In epidemiological studies, the phrase “difficulty” could be replaced with “a
research question”. Therefore, we considered simplifying the problem to be solved by splicing the
research question. In this research, we named this idea “research question splicing” and the concept
is shown in the Fig.3.8. For example, let us assume that a researcher wants to analyze data for
patients with disease A who were administered drug B and finally died. As shown in Fig.3.8, in this
case, the three conditions corresponding to attribute contained in the above sentence (patients with
disease A who were administered drug B and finally died) are divided into units corresponding to
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attributes. If each "calculation™ process in Fig.3.8 can be made simple and patterned, anyone can
create a dataset for each analysis unit. The following “the pattern tuple relational calculus” is a
method for making the process of "calculation™ simple and patterned. Moreover, as shown in Fig.
3.8, once each attribute is tabulated, the truth function and Extend operator in the relational model
theory can be used, so that patients can be narrowed down as necessary.

Patients who are diagnosed with disease A and administered diug B and finally died

1 1

Caleulation C alculation L alculation

1 1

Patient ID Disease A Drug B Died
1 True True False
2 True False

N False False False

Fig. 3.8. Research question splicing

3.3.3 Pattern tuple relational calculus for cross sectional study

In the “calculation” process described above, this research uses the relational model theory.
This is for the following two reasons. First, this is because the relational model theory has a
manipulative feature of the closure property. The closure property is the specification of the
relational model theory and also is what lets us write nested relational expressions?. For this reason,
it is possible to express complex operations with simple relational calculus.

Second, database technology is most suitable for big data operations. Since the SQL is relational
complete, it can express all relational calculus without resorting programming loop or any other form
of branched execution®® , and is supported by many DBMS products such as RDB, and other NoSQL
database software. Neither general programming languages nor SQL-like techniques devised for

manipulating tables % meet the above criteria and are not suitable for this task.
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(b) Combination of PR, NPR and Event-Driven Relation (EDR)
Fig. 3.9. The Relations for the pattern tuple relational calculus

Fig.3.9 shows the principle of the pattern tuple relational calculus (TRC) we proposed®®. This
method takes measures to store attributes expected to be necessary for only two relations according
to research questions. One is a promotor relation (PR) we called in this dissertation. A PR stores the
analysis unit and is a mandatory relation when computing an attribute. In the case of NDB-SD, the
RE with the patient ID is the promoter relation. Usually, in the case of a health care database built
based on the relational model, PR exists in most cases. The other is non promotor relation (NPR). In
the case of NDB-SD, all relations other than PR (e.g. SY, SI, 1Y, etc.).

As a result of applying equation (3.1), several tuples are obtained for the patient ID. Therefore,

researchers need to select only one tuple for each patient ID. Let R be the relation obtained from
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equation (3.1). Next, by applying equation (3.2), it is aggregated for each patient ID. Functions for
aggregation are implementation-dependent, and functions such as rank(), row number(), count(),
max(), min() are generally implemented in the SQL.

If a PR and NPR have attributes required for respective study, each attribute can be obtained
with a simple tuple relational calculus as shown in equation (3.1).

Since tuple relational calculus can be expressed in the SQL, they can be realized with simple
and patterned code. For example, if M1# is an attribute to be computed, it can be computed using sub
attributes from S1 to SN as conditions. Note that there may be more than one sub attribute or none,
contingent on research questions.

Pattern TRC
{t®] F(u) F(v) (uE PRAvE NPR A u(Claim no) = v(Claim no) 4
NPR (S, S2,...,SN] 0 ¢ A {(M1) = v(M1)) } —-(3.1)

Summarize R PER (R {patient ID}) ADD (summary as M1#) ---(3.2)

Where t @ is tuple with one attribute; 6 is operator (e.g. <, =, >, =, #, =);C is constant; M1 is a
main attribute; S1~SN are sub attributes; N is natural number greater than or equal to 1;

ADD is the Extend operator in the relational model theory;

Summarize ®2 is the summarize operator in the relational model theory;

Summary is the aggregate function (e.g. count, sum, min, max, etc.);

3.3.4 Pattern tuple relational calculus for cohort studies
In cohort studies, the date on which an event occurred is often important. For example, let us

consider patients who have been administered pyrazinamide within 30 days from the date of

diagnosis for tuberculosis. Since the date of diagnosis of tuberculosis is different for each patient, it

is difficult to prepare an attribute called “the date of diagnosis of tuberculosis” in advance in the
NPR.

Therefore, as shown in Fig.4.9, we introduce the Event-Driven Relation (EDR). The EDR is
created by the pattern TRC and consists of only event-driven attributes such as date-related attribute.
Using attributes stored in the EDR and applying the following the pattern TRC, a dataset that
considers the context of events can be created.
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Pattern TRC for an event-driven attribute
{t®| F(u) F(v) (ue PRAvE NPR A u(claim no) = v(claim no) A NPR(S1,52,...., SN) 6
() 7(X) (ue PR AvE EDR A u(patient ID) = x(patient ID) ) A t(M1) = v(M1) )} --(3.3)

Summarize R PER (R {patient ID}) ADD (summary as M1#) --(3.4)

Where t @ is tuple with one attribute; € is operator (e.9. <, =, >, =, #, =); M1 is a main attribute;
S1~SN are sub attributes; N is natural number greater than or equal to 1;

ADD is the Extend operator in the relational model theory;

Summarize ®2 is the summarize operator in the relational model theory;

Summary is the aggregate function (e.g. count, sum, min, max, etc.);

3.3.5 Example of SQL based on the pattern TRC
(1) Relational complete

In the relational model theory, the SQL is guaranteed to be relational complete®. For that
reason, a TRC in equation (3.1) and (3.3) theoretically can be implemented in the SQL. In this
dissertation, we explain examples of the SQL based on the pattern TRC. Moreover, "Summary" in
equation (3.3) is supported by SQL’s window functions®?,

(2) Example of SQL for computing an attribute

Here we assume that there is a schema consisting only of patient ID. In this dissertation, it is
called the “analysis unit schema”.

Fig.3.10 shows the example of SQL to compute an attribute. In our method, attributes other
than the attributes in the analysis unit schema, such as Al and A2 in Fig.3.10 (e.g., disease name,
drug name), are computed and the analysis unit schema is extended with it. Fig.3.10 shows example
of SQL for evaluating the attributes related to a disease name.

For patients who have the disease name, one representative disease name is stored in the schema
(shown as “True” in Fig.3.10), and in the case of patients who do not have the disease name, nothing
is stored (shown as “False” in Fig.3.10). Basically, researchers can compute new attributes only by
editing the underlined section from O to ® in Fig.3.10.

Underlined section D and @ in Fig.3.10 showed an attribute name to be computed. Here, the
SQL function underlined @& (“row_number ()” function in Fig.3.10) is used to consolidate multiple
records of a single patient into one tuple. This function has three patterns according to the type of
attribute to be computed. The “row_number () function is mainly used in computing a disease name

(code), drug name (code), medical procedure (code), date-related attribute (e.g., date of diagnosis,
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date of prescription) etc. and is most frequently used in our research. Similarly, the “sum ()” function
is mainly used for “volume of drug”. These functions are responsible for selecting just one tuple
from the many tuples that result from the join of two relations (RE and SY).

There are many SQL functions in SQL’s specification %, but only above-mentioned two SQL
functions were able to cover all the attributes obtained from the NDB-literatures. In the underlined
section (®, extraction conditions such as disease code, disease name, drug code, medical procedure
code, date of diagnosis, etc. are listed. In the underlined section @), researchers specify the name of
two relations.

Basically, two relations consist of a relation (e.g., RE relation in the NDB-SD) that contains
analysis unit (e.g., patient ID, claim no) and a relation that contains an attribute researcher would like
to compute (e.g., SY, SI, 1Y, etc.).

As an example, if researchers want to compute drug related attributes, by specifying relations
such as combination of "RE (Medical claims) and 1Y,” "RE (Pharmacy claims) and CZ," "RE
(Pharmacy claims) and 1Y," and "RE (DPC claims) and CD," researchers can compute attributes
such as drug name or date of prescription for each drug per analysis unit. In summary, the skill sets
required by users are as follows.

(1) Basic grammar of SQL (e.g. SELECT, FROM, WHERE)
(2) Basic grammar of SQL window functions (e.g. ROW_NUMBER (), SUM ())
(3) Basic knowledge of the target database

As mentioned in (1) and (2), in my proposed method, basic knowledge about SQL is required.
However, relatively complicated syntax of SQL such as "JOIN" or "subquery™ is not required. In
addition, knowledge about the database structure such as what attributes are stored in which
relations is necessary. In the NDB-SD example, the relation I'Y contains information about drugs,
and the relation SY contains name of diseases.
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left outer join
(select dsb patient ID, (1) dsb disease name
from
(select re patient ID, (Z) sy disease name, (3) row number() over (partition by re patient ID) as rank
from
(4) RE re inner join SY sy
on re_claim no = sy.claim no
(5) where sy disease code in ( 8834172 )
) dsb
where dsb.rank = 1
A3
on analysis unit schema.patient 1D = A3 patient ID

\ Extend

A
| \
patient ID Al A2 0 Od 009
1 True Falsa
2 Falsa False
3 False True
4 True False
5 False True

Fig. 3.10. An example of SQL based on the pattern tuple relational calculus
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3.4 Research Question oriented Data Warehouse

Here, we introduce a DW which we developed to make the pattern TRC applicable, as well as
to compute essential attributes for epidemiological studies. The procedure of developing the Data
Warehouse is shown in Fig.3.11. This DW is developed from the NDB-SD. The building procedure
of the DW can be divided into two Phases. During Phase 1, we constructed a Research Question
oriented Data Warehouse (RQDW) optimized for inputting aggregate functions used in the pattern
TRC to compute attributes that are commonly used for epidemiological studies. In Phase 2, by
applying the pattern TRC, we created the versatile analysis unit schema which is the structure
summarized to one record for each analysis unit from the RQDW. Attributes implemented in the

versatile analysis unit schema depend on the health care database used.

Phase 1: Building of the Research Question oriented DW

The purpose of the RQDW is to add attributes or relations to an original database so that the
pattern TRC can be applied. There are following two ways to build the RQDW by adding the
original database.
Method 1 for adding attributes: Addition of new attribute to existing relations,
Method 2 for adding attributes: Addition of new relations

In above-mentioned Method 1, essential attributes are often added by external master data or
simple data shaping of such as numerical-type or date-type attributes. Regarding a master data, in
Japan, medicinal master data managed by the MEDIS is famous ®*. As for above-mentioned Method
2, it may be necessary for epidemiological studies with relatively complex research designs. In this
case, it is often required to analyze attributes existing in multiple relations and perform data shaping.
In addition, it seems that it is better to build the RQDW in database operation languages such as
SQL, but general programming languages may be used.
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external data

D

— —

Phase 1 Phase 2
Existing Research Question RQDW +
Database Oriented DW Versatile Analysis
(RQDW) Unit Schema

D Addition of new attributes to existing relations

@ Addition of new relations

Fig. 3.11. Building procedure of the Research Question oriented Data Warehouse

Phase 2: Implementation of the versatile analysis unit schema

The purpose of creating the versatile analysis unit schema is to prepare the attributes that are
often used in epidemiological studies in the schema that is summarized in one tuple for each analysis
unit. In the relational model design, unique attribute in each relation is called “primary key.” In many
epidemiological studies researchers focus on human populations, so in that case they place the
analysis unit as each “human.”

Taking the NDB as an example, the closest attributes to “human” in the Research Question
Oriented DW are {patient ID} and {claim no} respectively; The reason why {claim no} is close to
“human” is that the NDB-SD contains only one month sampled data, so with some exceptions in
such cases that one patient visits multiple medical institutions and accidentally extracted
simultaneously, one claim data corresponds to one patient. Thus, in our research, these attributes
were treated as the primary key respectively.

Next, by applying the pattern TEC we created the versatile analysis unit schema from the
RQDW, the primary keys of which are {patient ID} and {claim no}. To ensure the versatility of the
versatile analysis unit schema, we selected attributes that can be summarized in one tuple for each
analysis unit such as “Death,” “Age group,” etc. in the NDB-L.iteratures and implemented them to
the schema. To build the analysis unit schema, we used SQL ?’, a database language and MS-DOS
commands. And, we developed a software that make the versatile analysis unit schema from NDB-
SD’s CSV files provided by the NDB-SD automatically with 20,000 steps source codes. We used a
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laptop computer to build the DW in this research; furthermore, we used PostgreSQL (ver. 9.5) ,
which is well equipped with online analytical processing functions?, as a database management

system.
In this dissertation, five epidemiological studies were conducted using the proposed method and

RQDW. The next chapter describes epidemiological studies using the NDB-SD and JMDC claims

database.
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Chapter 4 Results

In this chapter, first, it is described how much of the attributes required for respective study
were covered by the proposed method. Next, it is described the Research Question Oriented DW of
the NDB-SD and JMDC claims DB implemented to compensate for missing attributes. Finally, we
introduce epidemiological studies conducted by the author of this dissertation.

4.1 Results of epidemiological studies

Table 4.1 shows the epidemiological studies conducted using the proposed method. The
coverage rate in Table 4.1 indicates the ratio that the pattern TRC was able to cover the attributes
required for each study and practitioner indicates the person who performed data handling in the
respective study. As a result, not less than 80% of the attributes were covered without building the
RQDW in the five epidemiological studies.

Table 4.1 Epidemiological studies using the proposed method

Case|Study name |Practitioner Study type Database [Coverage Coverage
(Original) (RQDW)
1 PPH Author Cross sectional |[NDB-SD |88% (22/25) |100% (25/25)
2 CPR Physician-scientist A |Cross sectional |[NDB-SD |100% (20/20) |100% (20/20)
3 NTM Author Cross sectional |JMDC 85% (11/13) |100% (13/13)
4 MAC Lung  [Author Retrospective JMDC 80% (20/25) 192% (23/25)
Disease cohort
5 Influenza Physician-scientist B |Retrospective JMDC 97% (34/35) |100% (35/35)
cohort

Coverage rate: Pattern TRC’s coverage rate of attributes using the original database
PPH: Postpartum Hemorrhage, NTM: Nontuberculous mycobacteriosis,
CPR: Cardiopulmonary Resuscitation, MAC: Mycobacterium Avium-intracellulare Complex
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Case 1: Postpartum Hemorrhage (PPH)

The aim of the PPH study was to investigate epidemiological and clinical aspects of severe
postpartum hemorrhage (PPH) in Japan. The research question advocate is an obstetrician at the
Kyoto University Hospital. The results of this epidemiological study have already been published in
the journal ®°. Table 4.2 shows the attributes used in the PPH study. Window function refers to the
SQL functions that implement the summary function in equation (3.2). As shown in the table, the
pattern TRC was able to cover 88% (22/25) of the used attributes in the original NDB-SD.

Case 2: Cardiopulmonary Resuscitation (CPR)

The aim of the CPR study was to investigate epidemiological and clinical aspects of
Cardiopulmonary Resuscitation (CPR) in Japan. The research question advocate is an emergency
physician (Physician-scientist A in Table 4.1) at the Kyoto University Hospital. The results of this
epidemiological study have already been published at academic conference 5. Table 4.3 shows the
attributes used in the CPR study. Window function refers to the SQL functions that implement the
summary function in equation (3.2). As shown in the table, the pattern TRC was able to cover 100%
(20/20) of the used attributes in the original NDB-SD.

Case 3: Nontuberculous mycobacteriosis (NTM)

The aim of the NTM study was to investigate epidemiological and clinical aspects of
Nontuberculous mycobacteriosis (NTM) in Japan. The research question advocate is first author of
this manuscript. The results of this epidemiological study have already been published in the journal
67 Table 4.4 shows the attributes used in the NTM study. Window function refers to the SQL
functions that implement the summary function in equation (3.2). As shown in the table, the pattern
TRC was able to cover 85% (11/13) of the used attributes in the original IMDC claims database.

Case 4: Mycobacterium Avium-intracellulare Complex Lung Disease (MAC Lung Disease)

The aim of the MAC Lung Disease study was to investigate prescription pattern for patients
with MAC Lung Disease in Japan. The research question advocate is first author of this manuscript.
The results of this epidemiological study have already been published in the journal %8, Table 4.5
shows the attributes used in the MAC Lung Disease study. Window function refers to the SQL
functions that implement the summary function in equation (3.2). As shown in the table, the pattern
TRC was able to cover 80% (20/25) of the used attributes in the original IMDC claims database.
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Case 5: Influenza

The aim of the Influenza study was to investigate epidemiological and clinical aspects of
patients with Influenza in Japan. The research question advocate is an obstetrician (Physician-
scientist B in Table 4.1) at the Kyoto University Hospital. Table 4.6 shows the attributes used in this
study. Window function refers to the SQL functions that implement the summary function in
equation (3.2). As shown in the table, the pattern TRC was able to cover 97% (34/35) of the used
attributes in the original IMDC claims database.
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Table 4.2. The attributes required for the epidemiological study of PPH

Attribute Covered PRXNPR Window function
Sex O RE Row_number ()
Age group O RE Row_number ()
Death O RE X SY Row_number ()
Uterine atony O RE X SY Row_number ()
Placental abruption O RE X SY Row_number ()
Placenta previa O RE X SY Row_number ()
Retained placenta O RE X SY Row_number ()
Placenta accrete O RE X SY Row_number ()
Cervical laceration O RE X SY Row_number ()
Vaginal hematoma O RE X SY Row_number ()
Multiple pregnancy O RE X SY Row_number ()
Low-lying placenta O RE X SY Row_number ()
Uterine rupture @) RE X SY Row_number ()
Placenta previa accrete O RE X SY Row_number ()
Uterine inversion O RE X SY Row_number ()
Amniotic fluid embolism O RE X SY Row_number ()
Volume of RCC (ml) X RE X 1Y Sum ()

Volume of FFP (ml) X RE X 1Y Sum ()

Volume of PC (ml) X RE X 1Y Sum ()
Cesarean delivery O RE X SI Row_number ()
Operative vaginal delivery O RE X SI Row_number ()
Surgical intervention O RE X Sl Row_number ()
Intrauterine balloon tamponade O RE X Sl Row_number ()
Arterial embolization O RE X SI Row_number ()
Hysterectomy O RE X Sl Row_number ()

Note: O = covered in the original NDB-SD; x = Not covered in the original NDB-SD,
PR: Promotor Relation, NPR: Non-Promotor Relation

RCC: Red Cell Concentrate, FFP: Fresh Frozen Plasma, PC: Platelet Concentrated
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Table 4.3. The attributes required for the epidemiological study of CPR

Attribute Covered | PRXNPR Window function
Sex O RE Row_number ()
Age group O RE Row_number ()
Death O RE X SY Row_number ()
Closed chest cardiac massage O RE X SY Row_number ()
Adrenalin O RE x SI Row_number ()
Tracheal intubation O RE X SI Row_number ()
Post resuscitation encephalopathy O RE X SI Row_number ()
Atrtificial respiration O RE X SI Row_number ()
Defibrillation O RE X SI Row_number ()
EEG O RE X S| Row_number ()
CT O RE X S| Row_number ()
Induced Hypothermia O RE X SI Row_number ()
CAG O RE X S| Row_number ()
PCI O RE x SI Row_number ()
Hemodialysis O RE X S| Row_number ()
PCPS O RE x SI Row_number ()
Medical expenses for first aid O RE X SI Row_number ()
Administering of blood products for transfusion O RE X SI Row_number ()
Medical expenses for intensive care O RE X SI Row_number ()
Post resuscitation encephalopathy O RE X SI Row_number ()

Note: O = covered in the original NDB-SD; x = Not covered in the original NDB-SD,

CPR: CardioPulmonary Resuscitation,

PR: Promotor Relation, NPR: Non-Promotor Relation, EEG: Electroencephalogram,

CT: Computed Tomography, CAG: Coronary angiography, PCI: Percutaneous coronary intervention,

PCPS: Percutaneous cardiopulmonary support
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Table 4.4. The attributes required for the epidemiological study of NTM

Attribute Covered |PRXNPR Window function
Sex O PT Row_number ()
Age X PT Row_number ()
Diagnosis of NTM O PTXDS Row_number ()
Date of diagnosis of NTM O PT XDS Row_number ()
Date of prescription of Pyrazinamide O PT XDS Row_number ()
Number of antibacterial agents O PTXDS Row_number ()
First date of prescription of CAM O PT XDS Row_number ()
Final date of prescription of CAM O PTXDS Row_number ()
First date of prescription of RFP O PT XDR Row_number ()
Final date of prescription of RFP O PTXDR Row_number ()
First date of prescription of EB O PT XDR Row_number ()
Final date of prescription of EB O PTXDR Row_number ()
Maximum amount of EB X PT XDS Sum ()

Note: O = covered in the original IMDC database; x = Not covered in the original IMDC database,
PR: Promotor Relation, NPR: Non-Promotor Relation,
NTM: Nontuberculous mycobacteriosis, CAM: clarithromycin, EB: ethambutol,

RFP: rifampicin, SM: streptomycin, KM: kanamycin
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Table 4.5. The attributes required for the epidemiological study of MAC Lung Disease

Attribute Covered|PRXNPR [PRXEDR |Window function
Sex O PT - Row_number ()
Age x PT - Row_number ()
Diagnosis of NTM O PTXDS - Row_number ()
Date of diagnosis of NTM O PTXDS - Row_number ()
Date of diagnosis of chronic bronchitis O PTXDS - Row_number ()
Date of diagnosis of tuberculosis O PT XDS - Row_number ()
Date of diagnosis of bronchiectasis O PTXDS - Row_number ()
Date of diagnosis of diffuse panbronchiolitis O PTXDS - Row_number ()
Date of diagnosis of ethambutol optic neuropathy O PT XDS - Row_number ()
Date of prescription of antibacterial agent after NTM diagnosis [O PTXDS PTXEDR |Row_number ()
Number of prescriptions of CAM after NTM diagnosis O PT XDS PTXEDR |Row_number ()
Number of prescriptions of azithromycin after NTM diagnosis [O PTXDS PTXEDR |Row_number ()
Date of prescription of Imipenem after NTM diagnosis O PT XDR PTXEDR |Row_number ()
Date of prescription of Isoniazid after NTM diagnosis O PT XDR PTXEDR |Row_number ()
Date of prescription of azithromycin after NTM diagnosis O PT XDR PTXEDR |Row_number ()
Date of prescription of pyrazinamide after NTM diagnosis O PTXDR PTXEDR |Row_number ()
Date of prescription of CAM after NTM diagnosis O PT XDR PTXEDR |Row_number ()
Date of prescription of RFP after NTM diagnosis O PTXDR PTXEDR |Row_number ()
Date of prescription of EB after NTM diagnosis O PT XDR PTXEDR |Row_number ()
Date of prescription of KM after NTM diagnosis O PT XDR PTXEDR |Row_number ()
Date of prescription of SM after NTM diagnosis O PTXDR PTXEDR |Row_number ()
Maximum amount of EB X PT XDR PTXEDR |Sum ()

Amount of CAM X PTXDR PTXEDR |Sum ()

Period of EB prescription X PT XPP PTXEDR |Row_number ()
Period of CAM monotherapy x PT XPP PTXEDR |Row_number ()

Note: O = covered in the original IMDC database; x = Not covered in the original IMDC database,

PR: Promotor Relation, NPR: Non-Promotor Relation, EDR: Event-driven Relation,

NTM: Nontuberculous mycobacteriosis, CAM: clarithromycin, EB: ethambutol,

RFP: rifampicin, SM: streptomycin, KM: kanamycin, CR: clarithromycin + rifampicin
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Table 4.6. The attributes required for the epidemiological study of Influenza

Attribute Covered [PRXNPR |PRXEDR Window function
Sex O PT - Row_number ()
Age x PT - Row_number ()
Diagnosis of Influenza O PT XDS - Row_number ()
Date of diagnosis of Influenza O PTXDS - Row_number ()
Date of prescription of anti-influenza drug after O PTXDR PT XEDR Row_number ()
diagnosis of Influenza

Date of diagnosis of pneumonia within 1 day after O PT XDS PT XEDR Row_number ()
diagnosis of influenza

Date of diagnosis of pneumonia within 2 days after O PT XDS PT XEDR Row_number ()
diagnosis of influenza

Date of diagnosis of pneumonia within 3 days after O PTXDS PT XEDR Row_number ()
diagnosis of influenza

Date of diagnosis of pneumonia within 4 days after O PTXDR PT X EDR Row_number ()
diagnosis of influenza

Date of diagnosis of pneumonia within 5 days after O PTXDR PT XEDR Row_number ()
diagnosis of influenza

Date of diagnosis of pneumonia within 6 days after O PT XDR PT XEDR Row_number ()
diagnosis of influenza

Date of diagnosis of pneumonia within 7 days after O PT XDR PT XEDR Row_number ()
diagnosis of influenza

Date of diagnosis of pneumonia within 8 days after O PTXDR PT X EDR Row_number ()
diagnosis of influenza

Date of diagnosis of pneumonia within 9 days after O PTXDR PT X EDR Row_number ()
diagnosis of influenza

Date of diagnosis of pneumonia within 10 days after |O PTXDR PT XEDR Row_number ()
diagnosis of influenza

continued the following page
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Attribute covered [PRXNPR |PRXEDR Window function
Date of diagnosis of pneumonia within 11 days after [O PT XDS PT XEDR Row_number ()
diagnosis of influenza

Date of diagnosis of pneumonia within 12 days after |O PTXDS PT XEDR Row_number ()
diagnosis of influenza

Date of diagnosis of pneumonia within 13 days after |O PTXDS PT XEDR Row_number ()
diagnosis of influenza

Date of diagnosis of pneumonia within 14 days after |O PTXDS PT XEDR Row_number ()
diagnosis of influenza

Date of diagnosis of pneumonia within 15 days after [O PT xXDS PT XEDR Row_number ()
diagnosis of influenza

Date of diagnosis of pneumonia within 16 days after |[O PT XDS PT XEDR Row_number ()
diagnosis of influenza

Date of diagnosis of pneumonia within 17 days after |O PTXDS PT XEDR Row_number ()
diagnosis of influenza

Date of diagnosis of pneumonia within 18 days after |O PTXDS PT XEDR Row_number ()
diagnosis of influenza

Date of diagnosis of pneumonia within 19 days after |[O PT XDS PT XEDR Row_number ()
diagnosis of influenza

Date of diagnosis of pneumonia within 20 days after [O PT XDS PT XEDR Row_number ()
diagnosis of influenza

Diagnosis of bronchial asthma 7 days before and after |O PT xDS PT XEDR Row_number ()
the day when influenza is diagnosed

Diagnosis of COPD 7 days before and after the day when |O PTXDS PT XEDR Row_number ()
influenza is diagnosed

Diagnosis of Cryptogenic organizing 7 days before and |O PT xDS PT XEDR Row_number ()
after the day when influenza is diagnosed

Continued the following page
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Attribute covered [PRXNPR |PRXEDR Window function
Diagnosis of Chronic heart failure 7 days before and |O PT xDS PT XEDR Row_number ()
after the day when influenza is diagnosed

Diagnosis of end-stage renal failure 7 days before and |O PTXDS PT XEDR Row_number ()
after the day when influenza is diagnosed

Diagnosis of metastatic lung tumor 7 days beforeand |O PTXDS PT XEDR Row_number ()
after the day when influenza is diagnosed

Diagnosis of type 2 diabetes mellitus 7 days before and |O PTXDS PT XEDR Row_number ()
after the day when influenza is diagnosed

Diagnosis of rheumatoid arthritis 7 days before and after [O PT XDS PT XEDR Row_number ()
the day when influenza is diagnosed

Date of prescription of steroid 180 days before the O PT XDR PT XEDR Row_number ()
date of diagnosis of influenza

Date of prescription of immunosuppressive drug 180 |O PT XDR PT XEDR Row_number ()

days before the date of diagnosis of influenza

Note: O = covered in the original IMDC database; x = Not covered in the original IMDC database,

PR: Promotor Relation, NPR: Non-Promotor Relation, EDR: Event-driven Relation,

COPD: Chronic Obstructive Pulmonary Disease
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4.2 Result of the Research Question oriented DW
In this section, the RQDW built in this research is explained. First, we describe the RQDW built
for NDB-SD, and then describe the RQDW built for the JIMDC claims database.

4.2.1 RQDW of the NDB-SD

The results of RQDW for the NDB-SD are described. The master data of drugs managed by the
MEDIS-DC %4 compensated for missing drug doses (Volume of RCC, FFP, PC) in the PPH study in
Table 4.2.

In this research, for further improvement of the RQDW of the NDB-SD, additional attributes
frequently used in epidemiological studies were added to RQDW.

First, we investigated epidemiological studies that used the NDB?®? as source material. The
MHLW introduced 105 published articles as NDB-related publications via its website. These
publications include conference presentations, public surveys, academic articles and so on. However,
the number of publications in which NDB data analysis was directly performed were only 20. We
named these publications as “NDB-Literatures” (Appendix A) in this dissertation. We carefully
reviewed tables, figures, and sentences in the NDB-literatures and picked up attributes which were
used one or more times. The attributes obtained from the NDB-literatures is shown in Table 4.7.

The “Frequency” refers to the times of appearance (maximum value: 20) in the NDB-literatures. In
Table 4.7, the column titled “Research Question Oriented DW” shows attributes that were added to
the original NDB-SD when building the RQDW.

Second, we added the attributes obtained from the NDB-literatures to the original NDB-SD, to
build the RQDW. In Fig.4.1, Fig.4.2 and Fig.4.3, attributes marked *“0” at the prefix in each table are
newly added to the NDB-SD when building the Research Question Oriented DW. When constructing
the DW, the most important thing is conversion of data-related attributes. This is because the
attributes that can be covered by the pattern TRC are greatly increased by simply converting the
date-related attributes into appropriate format. Some date-related attributes, such as dates of
admission, diagnosis, etc. are stored in era name format in many relations in the NDB-SD. So, we
converted these attributes into an A.D. format suitable for calculation by using functions of statistical
analysis software R and SQL.

In order to compensate for attributes not stored in the NDB-SD, we made use of the master data
officially published by the MHLW?®®, for “disease name,” “medical procedure,” and “drug name,”
and the one of MEDIS-DC® for the ICD10-1 and ICD10-2 code and the drug HOT code etc.
Additionally, we referenced a study that is proposing new CCI scoring method based on the ICD107°
for calculating the Charlson Comorbidity Index (CCI) score of each patient ID/claim no.
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Table 4.7 The attributes obtained from the NDB-Literature

Research Question Oriented Data

Attribute Warehouse Frequency
Age group - 17
Sex - 14
Discharge date (A.D. format) - 6
Hospitalization date (A.D. format) Hospitalization date (A.D. format) 5
Charlson comorbidity index ICD10 code 4
Days receiving clinical procedure - 4
Presence or absence of medical treatment - 2
Administering of blood products for

transfusion Type of blood products used 2
Date of initial dispensing of drugs (A.D.

format) Date of dispensing of drugs (A.D. format) 2
Application of internal medicine - 2
Death - 1
Application of drug - 1
Administering of injection - 1
Application of prescription - 1
Administering of inspection - 1
Application of external medicine - 1
Date of final dispensing of drugs (A.D.

format) Date of final dispensing of drugs (A.D. format) 1
Date of final application of medical Date of final application of medical procedure

procedure (A.D. format) (A.D format) 1
Drug name(s) specific to the research Drug name 14
Name of medical procedure(s) specific to

the research Medical procedure name 12
ICD10 code(s) specific to the research ICD10 code 10
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Prescription date specific to the research

(AD format)

Disease name(s) specific to the research
Date of administering medical procedure(s)
specific to the research

Date of commencement of diagnosis of a

disease specific to the research

Volume of drug specific to the research
Classification by efficacy of drugs specific to
the research

Number of administrations of medical

procedure(s) specific to the research

Health insurance claims points
Drug’s YJ code

(drug’s product code in Japan)

Prescription date (A.D. format)

Disease name

Medical procedure date (A.D format)

Diagnosis commencement date (A.D. format)

Volume of drug (unit: mg. ml)

Classification drugs by efficacy

Medical procedure name

Drug’s YJ code

42



HO RE IR

[ absolute no (FK) 1 (| absolute no absolute no  (FK)
claimno (FK) ' M claim no I H claimno (FK) 1
days receiving clinical practice patient ID institution code
total claims points (fee) sex_code claim point table
dietary care times age group claim date
. age at diagnosis ) hospitalization date | multivolume information
o hospitalization date (A.D.)
ward_code
depart_name

R 2

Y Sl 3Y
absolute no (FK) (" absolute no (FK) ‘ absolute no  (FK)
clam no (FK) clam no (FK) clamno (FK)
drug code medical procedure code disease code
o drug name o medical procedure name o disease name
claims points (fee) o k_code (operative method) o icd10-1
drug dosage times claims points (fee) o icd10-2
o drug unit medical procedure times date of diagnosis
o drug volume (mg,ml) 1st day o date of diagnosis ( A.D.)
drug type 2nd day outcome_code
o blood product volume (mg) 3rd day modifier_code
o drug price standards code . modifier_flag
o drug YJ code . main disease
drug dose 29th day main diseaase flag ]
1st day 30th day
2nd day 31th day
3rd day age at diagnosis
. o date of final medical practice |
29th day
30th day
31th day
medical years
o date of initial dispensing
\0 date of final dispensing

Fig.4.1 RQDW of the NDB-SD (Medical claims)

43



5B _DFC
absolute_no  (FK)
daim no (FK)
dizease code

1 dizsase name
icd10-1
icdin-2
modifier_code
suspect flag
death_cause
main_disease_flag

SY_DFC
absolute_no  (FK) ]
daim no (FK)
dissase code

o disease name
icd10-1
icd10-2
date of diagnosis

o date of diagnosis (A.0)
outcome code
midifier code
suspect flag

main_disease

IR_DPC

absolute_no (FK) ]

RE_DPC

| dJSDIL.I‘tE_I'ID

daim no (FK)

institution
point table
claims date

I daim no

BU_DPC

absolute_no  (F¥)

—% clhimno (FK)

dpc_no

0 dpc_mdc

1 dpc dassification code

1 dpc disease_code

1 dpc dissase name
hospitalization date

o hospitalization date (A.0)
discharge date

1 discharge date (A.0)

| dpc_outcome

HO_DPC
[ absolute_no (FK)
daim no (FK)

Date of diganosis
hospitalization date
ward_code
depart_code
sex_code

age group
daims_sum_code
details_num

CD_DPC

aEmlul:e_nn (FK)
daim no (FK)

date of procedure

1 date of procedure (A.0.)
order_no
claim system code

1 medical practice name

1 drug name

o drug volume (mg, mL)
dose_cd
unit_code
practice times

days recieving dinical practice
dietary care times

total claims point (feg)
standard burden

I¥_DPC

absolut=_no (FK)
daim no (F¥)

drug code
o drug name
o drug volume (mag, mlL)
o medis drug standard code
0 medis drug code

drug daoss

daims point

times

1st day

Znd day

3rd day

Zath day

30th day

31th day
0 date of initial dispensing
0 date of final dispensing

SL_DPC
absolute_no  (FK)
daim no (FK)

medical procedure code
1 medical procedure name
0 k_cods

claims point

medica lpractice times

1st day

2nd day

3rd day

29th day
30th day
31th day

44

\0 date of final medical practice

Fig.4.2 RQDW of the NDB-SD (DPC claims)




YK_PHA

IS B

L' absolute no (FK)

claim no (FK)
institution

point_table

claim_date

multivolume information
years of diagnosis

HO_PHA RE_FHA
[ absolute no  (FK) H absolute no |
X - I
claim no (FK) claim no
ps_recv_times patient ID
total cdaims points (fee) years of dispense
years of dispense sex_code
segarch_no
e groy
A
I'Y_PHA CZ_PHA

absolute no  (FK)
claim no (FK)

drug code
0 drug name
0 drug velume (mg, mL)
0 medis drug standard code
0 medis drug iy code
drug dose
branch_code
onetime_dose
prescription no
years of dispense

absolute no  (FK)
daimno [FK)

date of prescription

0 date of prescription (A.D.)
date of dispense

0 date of dispense (A.D.)
dispense quantitiy
calculation division
daims point
calculation no
dispense code

0 dispenss name

division_code

SH_PHA

[ abselute no (FK)
claim no  (FK)
accept_no
dosage_code
usage_code
drug_cost_sum
prescription no
ps_domest_no
years of dispense

N - - T = J

Fig.4.3 RQDW of the NDB-SD (Pharmacy claims)

4.2.2 RQDW of the IMDC claims database

Fig.4.4 shows the RQDW for JIMDC claims database. Regarding the JIMDC claims database, the
RQDW was created in accordance with the research question of the epidemiological studies in Table
4.1. Regarding the study of NTM (Case 3) and Influenza (Case 5) in Table 4.1, all the attributes
could be covered with the pattern TRC by using the master data of the MEDIS-DC and data
conversion of date-related attributes. On the other hand, the study of MAC Lung Disease (Case 4) is
a relatively complex pharmacoepidemiology study. Pharmacoepidemiology is the epidemiological
study of the use, and effects, of drugs and other medical devices in large numbers of people . In the
case 4 study, it was necessary to compute the prescription period and the single agent prescription
period for specific drugs. Therefore, the Prescription relation (PP) was created by analyzing the Drug
relation (DR) in Fig.4.4. In the Prescription relation, information about whether a single drug is
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administered is added as an attribute for each drug. In addition, in order to compute the continuous

prescription period, the days when the drug runs out is also computed and added as attribute.

In the next section, we describe the epidemiological findings obtained from the study of MAC

Lung Disease (Case 4).
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Fig.4.4 RQDW of the IMDC claims database
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4.3 Epidemiological study of the MAC Lung Disease

Pharmacoepidemiology is one of the research fields where database utilization is expected’?,
Pharmacoepidemiologic studies often require long-term follow-up of pharmacy claims, and complex
data handling is often required. The study of MAC Lung Disease (Case 4 in Table 4.1) conducted in
this research is one of them. In this section, we describe the epidemiological findings of the MAC
Lung Disease.

Background of NTM and MAC Lung Disease

Nontuberculous mycobacteriosis (NTM) is increasingly becoming a public health issue, and is
associated with a growing financial burden, particularly for elderly patients ’*. A national survey
conducted in Japan in 2014 found that 14.7 of every 100,000 people are infected with NTM,
approximately 2.6 times higher than the prevalence found in a similar national survey conducted in
2007.0f lung disease caused by NTM, 88.8% are caused by Mycobacterium avium-intracellulare
complex (MAC), 4.3% are caused by M. kansasii, and 3.3% is caused by M. abscessus ° . This study
focused on MAC lung disease, which is a major contributor to the rapid increase in the prevalence of
NTM.

Among patients with MAC lung disease, chemotherapy with antibiotics is the most common
form of treatment. Although clear treatment guidelines have not been developed in all countries™ 77,
in Japan, triple-agent therapy with clarithromycin (CAM), ethambutol (EB), and rifampicin (RFP) is
recommended by specialists as the standard treatment regimen. In addition to these three drugs, the
latest Japanese treatment guideline specifies streptomycin (SM) and kanamycin (KM) may also be
used to treat patients with severe disease 8. However, the recommended regimens are associated
with numerous side effects such as diarrhea, nausea, hepatopathy, hematopenia, and visual
disturbance, due to the use of multiple drugs and the long duration of treatment ’°. Regarding the
duration of treatment, the American Thoracic Society (ATS) guidelines state that providing an
antibiotic regimen for a period of >12 months from the time of conversion to a bacilli negative state
IS necessary because patients with MAC lung disease are unusually difficult to treat due to the
moderate effectiveness of antibiotics 8. Conversion to a bacilli-negative state generally takes six to
twelve months from the start of antibiotic administration® . The United Kingdom guideline
recommends that chemotherapy for MAC lung disease be maintained for a minimum of 12 months
from the time of culture conversion &,

In Japan, a clinical cohort study demonstrated that treatment periods longer than those
suggested by ATS lead to better outcomes 83, However, it is the proportion of individuals with MAC
lung disease who are treated in accordance with the guidelines has not been investigated in Japan.

47



Moreover, there is also risk of ethambutol optic neuropathy due to the long-term administration
of high doses Ethambutol (EB). Visual impairment associated with EB was the most common
adverse drug reaction. According to Japanese treatment guideline for MAC lung disease, the
maximum dose of EB is 750 mg regardless of patient's body weight. Therefore, in this manuscript,
we define EB doses not less than 1000 mg as high doses.

In recent years, insurance claims data have been used in epidemiological research 8 . As
insurance claims data are based on real clinical settings, they can be used to determine the pattern of
use of chemotherapy in medical facilities. In this study, we used insurance claims data to clarify the
issue.

Materials and Patient Eligibility

This study used insurance claims data from the Japan Medical Data Center (JMDC). We
obtained data in comma-separated values (CSV) format (data size: 5 gigabyte) on patients’
background, with data on patient characteristics, such as age, and sex (PATIENT Table), disease
information (DISEASE Table), and drug information such as drug name, date of prescription, and
drug volume etc. (DRUG Table) for 5,151,648 individuals for the period from January 2007 to
December 2017. Moreover, in this epidemiological study, we used the RQDW of IMDC in
Fig.4.4.Table 4.8 shows eligibility and exclusion criteria. First, we selected patients assigned the
pulmonary mycobacterial infection (ICD-10 code A310) because this study involved patients with
pulmonary diseases (Eligibility Criterion 1). Inclusion criteria comprised patients with MAC lung
disease who had been prescribed clarithromycin (Eligibility Criterion 2) at least twice, to account for
the possibility that patients who had been prescribed CAM only once could may have had it
prescribed for another medical condition, such as a cold. As for EB prescription, in addition to CAM,
azithromycin (AZM), which is not described in Japanese guidelines but is commonly used for
patients with MAC lung disease worldwide, was added.

We also set an exclusion criterion to eliminate patients with diseases that were difficult to
distinguish from MAC lung disease at the time of diagnosis. First, in order to exclude patients with a
lung disease other than MAC lung disease, we excluded patients who had been prescribed CAM
<400 mg and patients with chronic bronchitis, bronchiectasis and diffuse panbronchiolitis. Second,
we excluded patients who had been prescribed pyrazinamide, isoniazid, or imipenem, which are first-
line drugs for pulmonary tuberculosis, M. kansasii disease, and M. abscessus disease, and are not
prescribed for MAC lung disease.

In this study, we defined CAM monotherapy as not having had a prescription for any
generalized antibacterial drug (ATC code: JO1) or antimycobacterial drug (ATC code: J04) other
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than CAM, after being diagnosed with pulmonary mycobacterial infection (ICD-10 code A310).

Table 4.8 Patient eligibility criteria

Observation Period

January 2007 to December 2017

Eligibility criterion

1. Patients with the ICD10 code: A310

2. Patients with >2 previous CAM prescriptions

Exclusion criterion

1. Patients who had been prescribed <400 mg CAM after diagnosis

2. Patients who had been diagnosed with chronic bronchitis,
bronchiectasis or diffuse panbronchiolitis

3. Patients with a who had been prescribed pyrazinamide
4. Patients with a who had been prescribed isoniazid

5. Patients with a who had been prescribed imipenem

Definition of continuous administration
Repeat prescription of the same drug within 30 days, upon completion of
the first prescription

4.3.1 Dataset generation with the pattern TRC

As one problem here, unlike data sets built for physician-scientist-led clinical trials, information
about the patient is distributed and stored in different tables, therefore, the data were not suitable for
epidemiological analysis.

To address this issue, we created an analysis unit schema which summarized data in one tuple for
each patient using the pattern TRC described in chapter 3 5%,

So, we developed a method to simplify the SQL code to enable us to do complex data analysis such

as computing the drug medication period and drug choice pattern for a long period for each patient.
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To simplify the SQL code, we divided the research questions into smaller units. For example, in
order to analyze data for patients with MAC lung disease who had been administered CAM and who
had died, three conditions had to be fulfilled, namely:, (i) patients with MAC lung disease; (ii) and
who had been administered CAM; and (iii) who had died could be divided into three attributes
(variables). As for the IMDC claims database, the PATIENT relation corresponds to PR and the
analysis unit schema (Time Series) to the EDR.

When merging one of these relations with the PATIENT relation that contained unique patient’s
identification (ID), attributes such as A1 and A2 (e.g., the name of any disease or drug) could be
computed and extend it to the analysis unit schema in Fig.4.5 respectively. Through this process, the
PATIENT relation, which contains the analysis units (patient ID), and a DISEASE or DRUG relation
that contains clinical information can be merged to compute a single attribute. In this way, the
method allows users to compute an attribute in a routine pattern.

Fig.4.5 also shows the SQL source codes for computing a single attribute. In this method,
attributes other than date-related data, such as Al and A2, were assigned to the analysis unit schema,
whereas date-related data such as T1 and T2 were assigned to the analysis unit schema (Time
Series).

The underlined section No.1 in Fig.4.5 is the attribute name which users wish to compute. Similarly,
the underlined section No.2 and No.3 were obtained through ‘JOIN’ on the PATIENT and No.4
DISEASE or DRUG relation. The underlined section No.3 is a SQL function which can aggregate
patient information and compute parameters such as the total, the number of cases, and the maximum
value. The underlined section No.5 lists the extraction conditions (e.g. name of the disease, drug
code, prescription date). Through listing the attributes that were contained in the analysis unit
schema (Time Series) in a conditional clause, these attributes could also be used as conditions for
extracting time series data (e.g., 30 days after the date of diagnosis of a specific disease). By using
above-mentioned technique, we created a dataset summarizing the data for each patient with MAC
lung disease in one tuple. Thus, we determined the number of patients who were prescribed CAM
and other drugs and the number of patients who were administered not less than 1000 mg of EB per
day continuously for 90 days or longer, considering that administration of not less than 1000 mg of
EB per day for the two months directly after initial administration is permitted for treatment of
pulmonary tuberculosis 8.
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SQAL code for adding a single variable

left outer join
(select patient 1D, @valiable name

from

(select patient 1D, @uanahle name, @functi{:n A

from

PATIEMT table inner join @{_[ZI_I_E‘._E&S_E_qr_ DRUG) table

on claim no in PATIENT = claim noin (DISEASE or DRUG)

@where expressions A -

@E‘xma‘ssionﬂ that define conditions for aggreqation
) as ADM1
on patient |D in Analysis Unit Schema = patient 1D in ADM1

Create

Analysis Unit Schema Analysis Unit Schema (Time Series)

patiant ID A1 A2 LI patient ID T T2 LI
1 True False 1 201705722 20170822
2 False False 2 2017105723 2017108723
3 False True 3 2017106722 200710922
4 True False 4 201801722 2018/04/22
5 False True 5 2017106524 2017100024

Fig.4.5 The SQL based on the pattern TRC and schema structure
4.3.2 Results of prescription pattern

Fig.4.6 shows a flow chart for patient selection. The patient data extracted using the eligibility
criteria established for this study resulted in the identification of 1037 patients with NTM who met
the eligibility criterion, of whom 659 were excluded according to the exclusion criterion, leaving 378
patients with MAC lung disease for inclusion in the analysis. Table 4.9 shows the number of patients
and the incidence rate according to age and sex, relative to the total population. Among both males
and females, the incidence rate of MAC lung disease increased with age. As for the survey of EB
prescription, the patient data extracted using the eligibility criteria established for this study resulted
in identification of 1149 insured individuals who met the eligibility criteria and 14 individuals who

were excluded according to the exclusion criteria, leaving 1135 individuals as our analysis subjects.

Table 4.10 shows the drug regimens prescribed for patients with MAC lung disease. As a criterion to
determine how long chemotherapy had been administered, we defined the CAM prescription end
date as the end of chemotherapy. Moreover, the criterion for determining the CAM prescription end
date was when there was no repeat prescription during a period of more than 30 days after a patient
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after the end of the prescription period. The majority of patients (63%) were prescribed triple-agent
therapy with CAM, RFP, and EB (CR+EB). This included patients who had been prescribed the drug
for more than six months (73.1%), and for more one year (48.3%). In addition, some patients (2.9%)

had been administered CAM monotherapy.

From 2007 to 2017
5,151,648 individuals

H 5,145,803 patients who had not A310 ICD-10 code

5,845 patients with NTM

4,808 patients who had never been prescribed CAM
or had been only one time after diagnosis

1037 patients with WTM

577 patients who had been prescribed CAM under
400mg after diagnosis

460 patients with NTM
76 patients who had been diagnosed with chronic
bronchitis, bronchiectasis or diffuse panbronchiolitis
384 patients with NTM

6 patients who have been prescribed pyrazinamide or
iseniazid or imipenem after diagnosis

378 patients with MAC lung disease

Fig.4.6 Patient selection flow chart
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Table 4.9 Age distribution of patients with Mycobacterium avium-intracellulare complex lung

disease and the age-specific incidence rates

Population Patients in the study Morbidity
(N =5,151,648) (N =378) (Patient/Population)
Male Female  Male Female  Male (%)  Female (%)
Age (years) 0-20 783,797 696,405 0 0 0.000 0.000
21-30 544,887 402,657 3 3 0.001 0.001
31-40 465,330 430,007 5 9 0.001 0.002
41-50 437220 407059 14 47 0.003 0.012
51-60 317043 294033 25 126 0.008 0.043
61-70 198429 142082 45 79 0.023 0.056
71-75 13238 19461 10 12 0.076 0.062
Total 2,759,944 2,391,704 102 276 0.004 0.012

CAM: clarithromycin

53



Table 4.10 Drug prescription pattern for the patient with MAC Lung Disease

Total 1-89 90-180 181-270 271-365 >365

(N =378) (days) (days) (days) (days) (days)

N % N % N % N % N % N %
1. CAM 11 29 6 1.6 2 0.5 1 0.3 1 0.3 1 0.3
2. CAM+RFP 17 45 0 0.0 2 0.5 1 0.3 3 0.8 11 2.9
3. CAM+EB 15 4.0 1 0.3 2 0.5 2 0.5 2 0.5 8 2.1
4. CAM+SM 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0
5. CAM+KM 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0
6. CR+SM 2 0.5 0 0.0 0 0.0 0 0.0 2 0.5 0 0.0
7. CR+KM 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0
8. CAM+EB+SM 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0
9. CAM+EB+KM 1 0.3 0 0.0 0 0.0 0 0.0 0 0.0 1 0.3
10. CR+EB 238 63.0 24 6.3 40 106 27 7.1 32 8.5 115 304
11. CR+EB+SM 16 4.2 2 05 3 0.8 3 0.8 1 0.3 7 1.9
12. CR+EB+KM 10 26 0 0.0 1 0.3 0 0.0 2 0.5 7 1.9
13. CAM+other drugs 68 6.9 - - - - - - - - - -

CAM: Clarithromycin, EB: ethambutol, RFP: Rifampicin, SM: Streptomycin, KM: kanamycin

CR: Clarithromycin and Rifampicin
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4.3.3 Results of prescription state of Ethambutol

Table 4.11 shows drug prescription conditions of EB for patients with MAC lung disease. Out
of 507 cases who were prescribed EB, 22 cases (4.3%, 22/507) were prescribed not less than 1000
mg of EB per day. Among these 22 cases, 10 were prescribed 1000 mg per day, 1 was prescribed
1250 mg per day, and 11 were prescribed 1500 mg per day. 18 patients were prescribed high doses of
EB (not less than 1000mg/day) continuously for 90 days or longer. As for ethambutol optic
neuropathy, none of 22 patients who were prescribed high doses of EB had ethambutol optic
neuropathy. In all patients receiving ethambutol, 21 patients (4.1%, 21/507) had ethambutol optic
neuropathy. Regarding standard regimen with CAM, RFP, and EB, 474 patients were prescribed EB
in Table 4.11. Aa result, 16 cases (3.6%, 16/474) were prescribed not less than 1000 mg of EB for 90
days or longer.

Table 4.11 Ethambutol prescription conditions for patients with Mycobacterium avium-intracellulare

complex lung disease

EB EB EB EB EB with CR not less EB with CR not less
not less than not less than 1000 mg with than 1000 mg than 1000 mg
1000 mg (For 90 days or longer) CR (1-89days) (For 90 days
(1-89days) or longer)
N N % N % N N % N %
Male 133 1 0.8 7 5.3 126 0 0.0 6 4.8
Female 374 3 0.8 11 2.9 348 1 0.3 10 2.9
Total 507 g4 7.9 18 3.6 474 1 0.2 16 3.4

CAM: Clarithromycin, EB: Ethambutol, CR: Clarithromycin and Rifampicin
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4.3.4 Discussion and Conclusion of MAC lung disease studies

In this study, we determined the actual drug prescribing pattern for patients with MAC lung
disease using claims data. Approximately 48.3% of the patients received basic triple-agent therapy
for more than one year in this regimen. In addition, there were some cases of CAM monotherapy
prohibited by the Japanese treatment guideline.

First, with regard to the prescribing pattern in Table 4.10, it was noteworthy that CAM
monotherapy, which is strongly contraindicated in patients with MAC lung disease, had been
prescribed for 11 (2.9%) patients, and had been continued for at least three months in 5 (1.3%)
patients. One study found that CAM monotherapy may have been prescribed for patients who
experienced adverse drug reactions with multiple agents’ chemotherapy and who strongly dislike
long-term treatment with multiple agents . Another study found that MAC bacteria acquire drug
resistance to CAM quite easily in vitro environments & . As MAC lung disease is usually a chronic
infection, development of CAM-resistant bacterial strains is problematic. Another study found that
some MAC bacteria acquired genes from external bacterial species and performed chromosomal
recombination with other species, a phenomenon that does not occur with M.tuberculosis % .
Generally, long-term CAM monotherapy induced CAM-resistant bacterial strains at an early stage
(between the 2nd and 5th months) 8. In cases where surgical resection and long-term injection of
aminoglycoside drugs in combination could not be used after diagnosis of resistant bacteria, 45% of
patients whose condition had deteriorated due to resistant bacteria died in 2 years & . Therefore, it is
important to avoid acquiring drug-resistance resulting from CAM monotherapy. However, our
results indicate the possibility that evidence-based drug treatment for patients with MAC lung
disease is sometimes inadequately applied in current clinical practice in Japan. Second, in Table
4.10, although triple-agent therapy with CAM, RFP and EB (CR+EB) was administered for the
largest number of patients, combination therapy with CAM, RFP, EB and SM (CR+EB+SM) and
combination therapy with CAM, RFP, EB and KM (CR+EB+KM) prescribing patterns accounted for
6.8% (26 patients), which is extremely low. Aminoglycosides such as SM are highly active against
extracellular organisms and decrease the time to bacilli negative conversion®. In addition, a clinical
study has confirmed the effectiveness of SM combined with CAM, RFP, and EB % . The result was
adopted in the latest Japanese treatment guidelines. The reason why there have been few cases of
combined treatment with aminoglycosides is mainly because of the toxicity risks associated with the
long-term use of aminoglycosides, especially nephrotoxicity and ototoxicity, and because of the need
for frequent therapeutic drug monitoring. It appears that 46 (12.2%) patients in the prescription
patterns No.1 to No.9 in Table 4.10 could not be treated with the basic triple-agent presumably due

to side effects. In addition, no more than 48.3% of the patients with basic triple-agent therapy in
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No0.10 in Table 4.10 had been prescribed continuously for more than one year. From these facts, it is
suggested that it would be practically difficult to continue treatment with basic triple-agent for a long
time because of problems such as side effects and poor adherence to guideline and patient’s

complaint etc. There are several limitations in this study.

First, although we applied criteria to exclude patients who did not have MAC lung disease,
clinical diagnostic criteria (a positive sputum culture on at least two occasions or a single positive
culture for bronchoscopic samples) could not be confirmed due to the limitations of the claims data.
Therefore, in this study, the sensitivity and specificity of the patients with MAC lung disease has not
been discussed. Second, the data used in this study does not include the elderly, who are considered
to occupy the largest number of patients with MAC lung disease in Japan ! . Since elderly patients
would be more vulnerable to side effects of drugs, the standard triple-agent therapy might be less
often tolerable in this population. Moreover, due to the limitations of the claims data, it was difficult
to infer why the standard treatment had been discontinued. Finaly, the JMDC claims data include
those who withdrew from the insurer for some reason during the observation period. In this analysis,
such people were included in patients with MAC lung disease, and the drug prescription period was

determined as the time until they became no longer insurers.

Next, Table 4.11 shows cases where not less than 1000 mg of EB per day was prescribed
continuously for 90 days. Although administration of not less than 1000 mg per day is permitted in
Japan, depending on patient weight, for up to two months starting from initial administration as
treatment for pulmonary tuberculosis, it is not recommended to continue beyond that point regardless
of patient weight. Incidence rate is low at standard doses, but optic nerve phase is the most likely
side effect of ethambutol %2, Other studies have reported loss of vision in response to long-term high
doses of EB %,

This study of MAC lung disease clarified the status of chemotherapy currently being applied in
medical institutions for patients with MAC lung disease. Chemotherapy for patients with MAC lung
disease was often not continued for the standard treatment period. Therefore, widely publicizing the
need for application of standard treatment for at least two years is necessary, as is the need to
develop methods to overcome side effects or provide an alternative treatment regimen for MAC lung
disease. We hope that the results obtained in this study will lead to further clinical trials and other
related research in the future.
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Chapter 5 Discussions

In this dissertation, we focused on the characteristics of research questions in epidemiological
studies and closure property of the relational model theory and proposed the pattern TRC that can
easily compute desired attributes. Next, by building the RQDW optimized for the pattern TRC, all
the attributes required for each study in Table 4.1 were supplemented.

5.1 Simplicity of the pattern TRC

The reason why physician-scientists were able to carry out data handling on their own is
thought to be the simplicity of the pattern TRC. To use the pattern TRC in equation (3.1) and (3.3),
users only learn how to use the function equivalent to "summary" in equation (3.2) and (3.4) and
some basic SQL knowledge of “Select”, “From”, and “Where”. The “summary” may be
implemented by the window function of SQL. As shown in Table 4.2 to 4.6, only two window
functions, "row_number ()" and "sum ()", are necessary for all epidemiological studies. Therefore,
the physician-scientists were able to perform data handling by learning only these two functions. At
the same time, the pattern TRC is also useful for almost software engineers. This is because the
pattern TRC can quickly complete the programming tasks for dataset generation that they think are
not creative, bothersome and time-consuming.

5.2 Coverage rate of the pattern TRC

In this section, we consider the coverage of the pattern TRC. As shown in Table 4.1, the pattern
TRC covered not less than 80% of the required attributes in the five epidemiological studies. Since
the pattern TRC can cover any attribute stored in the database, it is speculated that the attributes
originally prepared in the database are often used in epidemiological studies. The reason for the high
pattern TRC coverage is that it also supports date-related (event-driven) attributes frequently used in
cohort studies.

In the cross-sectional studies in Tables from 4.2 to 4.4, only PT and PT x NPR combinations
were used to compute attributes. In general, because cross-sectional studies do not need to track
patients in time series, there is often no association between attributes.

In the cohort studies in Tables from 4.5 to 4.6, the combination of PT x EDR is frequently used.
In the cohort studies, because it is necessary to resolve the relationship such as the occurrence order
or date-related relationship that exist between attributes, the pattern TRC in equation 3.3 is effective.
If the pattern TRC for an event-driven attribute and the EDR did not exist, the attribute coverage in
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case 4 and case 5 studies is 32% (8/25) and 9% (3/35) respectively, and the coverage would be
greatly reduced.

Thus, although the attribute coverage by the pattern TRC is relatively high, there are some
attributes that must be supplemented to the original database. Examples of such attributes are those
does not physically exist in the original database and those required certain data transformations and
computations. In the next section, the RQDW to supplement these attributes is discussed.

5.3 Role of the RQDW

As shown in Table 4.7, age and sex were used as attributes in most epidemiological studies
investigated. In addition, a lot of date-type attributes such as date of prescription or diagnosis have
appeared. The date-type attributes are very important in our method. Because date-type attributes are
the target of the pattern TRC and Extend operator, it is important that these attributes are stored in
the A.D. format (e.g. 2007/10/15). For this reason, as shown in Fig. 4.4, the RQDW supplements the
attribute of birth date by interpolating the day in the birth month. Thanks to this process, the attribute
of age can be computed with the summary function and Extend operator.

Next, let us consider the attributes that can be supplemented from external master data. Since
the volume of RCC, FFP, and PC in Table 4.2 do not exist in the original NDB-SD, the RQDW in
Fig.4.1 supplements the drug volume (mg, ml) by processing using the MEDIS master data.
Similarly, for the RQDW of JMDC claims data, the attribute drug volume (mg) was added to the
Drug relation in Fig. 4.4 to supplement the maximum amount of EB in Table 4.4 and 4.5 and the
amount of CAM in Table 4.5. In the five epidemiological studies in Table 4.1, most attributes can be
handled by the pattern TRC by converting date-related attributes into an appropriate format and
supplementing the missing attributes with external master data.

However, in the study of MAC Lung disease in case 4, there are attributes that cannot be
handled by the pattern TRC only by the processing described above. In order to handle the period of
EB prescription and period of CAM monotherapy in Table 4.5 with the pattern TRC, it is necessary
to create a new relation PP. One reason for this is that the drug prescription period can only be
computed by searching all prescription histories for each patient. Since only the prescription date and
the number of prescription days are described in the Drug relation, it is necessary to compute expire
date. In addition, it is necessary to compute how many days have passed from the expire date until
the next time the same drug is prescribed.

Such a complex computation cannot be realized with just the summary function, so it is
necessary to compute it in advance when building the RQDW. In this way, in our method, the
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summary function of the pattern TRC in equation (3.2) and the RQDW are sharing work to cover the
attributes required for epidemiological studies.

5.4 Extensibility of the RQDW

As mentioned in the previous section, it is necessary to build the RQDW for complex research
questions. In principle, the RQDW becomes more sophisticated as new epidemiological studies are
conducted. For example, it may be possible to deal with more abstract research questions by
referring to the techniques that supplements time-series information for chronic diseases®.

This is because the more epidemiological studies are conducted, the more attributes required for
research can be added to the RQDW. Thus, the RQDW is made step by step, each new relations and
attributes that are added forming a basis for further advances. Moreover, the OODA loop that are
said to be effective in achieving goal will rotate®. The goal here refers to having all attributes used in
all epidemiological studies in the RQDW. If the RQDW is refined by conducting more
epidemiological studies in the future, it is possible to obtain more generality allowing the pattern
TRC alone to cover most epidemiological studies.

On the other hand, when building the RQDW, it is necessary to consider the nature of the
database to be analyzed. As for the NDB, there is a problem that the reliability of the patient ID is
low. In order to solve above-mentioned problem, researches to create a highly reliable patient ID are
also being conducted®®%’. In addition, there are many things that need to be taken care of when
analyzing data in health insurance claims database®. A research is also underway to prepare tables
suitable for analysis of information such as hospitalization and discharge dates that are considered
difficult to interpret in health insurance claims data®. It will be further refined by developing the
RQDW with reference to such researches. Thus, when building the RQDW, it is necessary to
carefully consider the characteristics of the databases to be analyzed.

5.5 Versatility of the pattern TRC and RQDW

Let us consider the versatility of the patterns TRC and RQDW proposed in this dissertation.
Since this method does not depend on the data structure and contents, so it can be applied not only to
health insurance claims databases in the world but also to databases such as electronic medical
records. It is also suitable for distributed database management systems 1%, This is because the
combinations of relation PR and NPR in equation (3.1) can be computed in parallel by storing them
in separate computers. Researchers can obtain the target dataset by calculating the attributes
separately on each computer and combining all the calculation results later.
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Chapter 6 Conclusions

The purpose of this research was to establish a methodology for creating a dataset summarized
in one tuple for each patient from a healthcare database on their own, even for users without data
handling skills. The author focused on the fact that the relational model theory can be used to
generate the dataset by regarding research questions as a proposition. As mentioned in this
manuscript, this research proposed a method that can create a dataset for each patient in a simple
procedure by cooperating the pattern relational calculus and a data warehouse optimized for it.

With proposed method, two physician-scientists who have little data handling skills were able to
create the dataset for respective epidemiological study on their own on. These two epidemiological
studies include cross-sectional and retrospective cohort studies, which account for most of the
epidemiological study using health care databases. Therefore, although the scope of application is
limited to epidemiological studies, it is considered that the usefulness of this method has been
verified to a certain extent. Moreover, since the method is applicable to any database that includes
unique ID for people such as patient, it can be applied not only to the health insurance claims
databases used in this study, but also to many healthcare databases such as electronic medical
records.

The author thinks engineers, epidemiologists, medical doctors, and other occupations, all play a
big part in epidemiological studies using the health care databases. The author supposes that there are
some people who have a disease that they want to investigate, not just medical doctors.

For many people to participate in epidemiological studies using health care databases in the
future, it is necessary to lower the threshold as much as possible. Such efforts to make data handling
simpler and more patterned than it is at present might be necessary to broaden the reach of
epidemiological studies to be conducted by many types of people. This dissertation lowered the
threshold from the viewpoint of data handling.

Although proposed method cannot theoretically cover all epidemiological studies, the author
believe that it may cover most of the studies that researchers may come up with. The answer will be

clear in the immediate future.

6.1 Future Application

As mentioned above, this research will be able to create datasets with simple work in most
epidemiological studies by refining the data warehouse.

Once the data warehouse is complete, the author believes that entire process from dataset
generation to statistical analysis can be automated in the future. The datasets generation process

could be automated by analyzing research questions using such as natural language processing
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technology. It is also possible to automate statistical analysis by collecting research questions and
applying them to techniques such as machine learning. This dissertation is the basis for achieving
these goals from a technical perspective.

Abbreviations and Terminologies

NDB: National Database of Health Insurance Claims and Specific Health Checkups of Japan
NDB-SD: NDB Sampling Dataset

DPC: Diagnosis Procedure Combination

DW: Data Warehouse

Schema: design of attributes in relations in the relational model theory

Relation: table with no duplicate tuple

Attribute: column name or variable name in relations

Primary key: one or more attributes that uniquely identify each tuple in a relation

Tuple: combination of attributes in a relation, almost the same meaning as row in general
Tuple Relational Calculus (TRC): logical expression used in the relational model theory
SQL.: database language based on the relational model theory

RQDW: Research Question oriented Data Warehouse
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Appendix
Appendix Al: Relation names and main attribute names used in the NDB-SD in this dissertation

(The name of the relation was the one given by the Japanese Ministry of Health, Labor and Welfare.)

Relation (Table) Explanation

RE Information of patient’s background such as sex, age group

HO Information of medical fee

IR Information of medical institution

Y Information of drug such as drug name etc.

Sl Information of medical procedure

SY Information of disease such as disease code, disease name, etc.

SB Information of disease in DPC claims

BU Information of classified diagnostic groups

CD Information of drug, medical procedure in DPC claims

YK Information of pharmacy data

Ccz Information of prescription such as date of prescription etc.

SH Information of prescription management such as order number etc.
Attribute (Variable) Explanation Relation
Patient ID Unique number per patient (insured) RE
Claim no Bill number issued monthly by the medical institution All relation
Absolute no Row number in one insurance claim (bill) All relation
Disease code Code assigned to the disease name used for insurance claims | SY, SB
Disease name Disease name corresponding to disease code SY, SB
Drug code Code assigned to the drug name used for insurance claims Y, CD
Drug name Drug name corresponding to drug code Y, CD
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Appendix A2: List of references used for in creating the Research Question oriented DW of NDB.

(These lists are called the NDB literatures in the dissertation.)

Author

Title

Source

Mayumi Seki et al.

Drug Utilization Study of Potential Drug-drug Interactions using
the Sampling Dataset of the National Database of Health

Insurance Claim Information (In Japanese)

An Official Journal of the Japan
Association for Medical Informatics.

Vol.34(6), pp.293-304, 2015

Naomi lihara et al.

Survey of Usage of Medication with Driving with Prohibition or
Caution by the National Health Insurance Claims Database in

Japan (In Japanese)

Japanese journal of Pharmaceutical
Health Care and Sciences Vol.40(2),

pp.67 -77, 2014

Ryosuke Arakawa et

al.

Examination of Prescription Condition of Anxiolytics Hypnotics in
Outpatient Clinical Treatment Using National Database (In

Japanese)

Japanese journal of clinical psychiatry.

Vol. 44(7), pp1003 -1010, 2015

Yuko Sato et al.

A Preliminary Survey to Measure the Quality Indicators of End-
of-life Cancer Care

Using the Japanese National Database (In Japanese)

Palliative Care Research, Vol.11(2),

pp.156-165, 2016

Yasuyuki Okumura et

al.

Prescription patterns of antipsychotic drugs for schizophrenia

patients in Japan: Utilization of national database (In Japanese)

Japanese journal of clinical psychiatry.

Vol16(8), pp.1201-1215, 2013

Yasuyuki Okumura et

al.

Epidemiology of overdose episodes from the period prior to
hospitalization for drug poisoning until discharge in Japan: an

exploratory descriptive study using a nationwide claims database

Journal of Epidemiology, Vol.27(8),

pp.373-380, 2017

Yasuyuki Okumura et

al.

Risk of recurrent overdose associated with prescribing patterns

of psychotropic medications after nonfatal overdose

Neuropsychiatric Disease and Treatment,

Vol.13, pp.653-665, 2018

Pharmaceuticals and
Medical Devices
Agency: Analysis

Division

Characteristic survey and prescription survey report using
sampling data set of National Insurance claims data (In

Japanese)

Survey report by PMDA,
http://www.pmda.go.jp/files/000148196.p

df, 2014.

Michio Kimura et al.

Same Examinations in Different Healthcare Providers in the
Same Month of Referral, Analysis by Reimbursement Claims

Database (In Japanese)

An Official Journal of the Japan
Association for Medical Informatics,

Vol.35(5), pp.213-217, 2015

Continued the following page
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Kiyoshi Kubota et al.

Epidemiology of psoriasis and palmoplantar pustulosis: a

nationwide study using the Japanese national claims database

BMJ OPEN. Vol. 5(1),
http://dx.doi.org/10.1136/bmjopen-2014-

006450, 2015

Yuuki Nakamura et al.

Evaluation of Estimated Number of Influenza Patients from
National Sentinel Surveillance
Using the National Database of Electronic Medical Claims (In

Japanese)

Japanese Journal of Infectious Diseases.

Vol. 68 (1), pp. 27-29, 2015

Chieko Ishiguro et al.

A case example of using the sampling dataset of the National
insurance claims database: An example survey of formulation of

biguanide type diabetes drug (In Japanese)

Japanese Society for
Pharmacoepidemiology. Vol.20, pp.80-

81, 2014

Kouichi Hosomi et al.

Association of Antipsychotic Use with Extrapyramidal Symptoms:

Data Mining of the Japanese National Insurance Claims

Database (In Japanese)

Japanese journal of Pharmaceutical
Health Care and Sciences, Vol.42(2),

pp.87-97, 2016

Mitsutaka Takada et

al.

Study on Risk of Gastrointestinal Complications in Low-dose
Aspirin Therapy Using the National Receipt Database (In

Japanese)

Japanese journal of Pharmaceutical
Health Care and Sciences Vol.39(8),

pp.471-481, 2013

Toyokawa S et al.

Estimation of the number of children with cerebral palsy using

nationwide health insurance claims data in Japan

Developmental Medicine & Child

Neurology, Vol.59(3), pp.317-321, 2017

Kitazawa T et al.

Cost Analysis of Transplantation in Japan, Performed with the

Use of the National Database

Transplant Proc. Vol.49(1), pp.4-9, 2016

Naomi lihara et al.

Polypharmacy of medications and fall-related fractures in older
people in Japan:
a comparison between driving-prohibited and driving-cautioned

medications

Journal of Clinical Pharmacy and
Therapeutics. Vol.41(3), pp.273-278,

2016

Hagiwara H et al.

The effectiveness of risk communication regarding drug safety
information:
a nationwide survey by the Japanese public health insurance

claims data

Journal of Clinical Pharmacy and
Therapeutics. Jun, Vol.40(3), pp.273-278,

2015

Mai Sato et al.

Consideration on actual condition of postpartum hemorrhage
cases using a national insurances claims data in Japan (In

Japanese).

Journal of Japan Society of Perinatal and

Neonatal Medicine, Vol.52(2), p724, 2016

Tetsuya Otsubo et al.

Regional Variations in In-hospital Mortality, Care Processes, and

Spending in Acute Ischemic Stroke Patients in Japan

Journal of Stroke and Cerebrovascular

Diseases. Vol.24(1), pp.239-251, 2015
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