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The method for designing information systems using the “Data vault” modeling technique,
which was formalized by Dan Linstedt, is considered. In case of using “Data vault” the
information system is based on the classical formulated by Bill Inmon 3-tier architecture
approach to data warehouse design. It includes Operational warehouse of data, Data warehouse,
and Data marts. This approach makes it possible to build an information system data
warehouse with a metadata repository based on the multidimensional principle. The metadata
repository is responsible for collecting data, storing data, and presenting data for analysis.
The proposed method of describing metadata provides the ability to specify how to calculate
the performance indicators used in the data analysis. The “Data vault” approach allows you to
design the data warehouse of an information system using a meta-model that is semantically
related to the subject domain of the system and is easily rebuilt in the event of changes in
the business model of the subject domain. This approach provides an easy way to generate
data marts based on OLAP principles. The key moment in the structure of the information
system is the way of transition from the “Data vault” model to the multidimensional model of
data representation on the basis of associative rules of the relationship between information
objects.
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1. Introduction

The appearance of low-cost high-performance computing systems has made them
available to medium-sized enterprises, whose operation is associated with the implemen-
tation of a large volume of operations of various types. Such enterprises have a need for
low-cost and easy-to-operate information systems that provide the implementation of
the tasks of analysis of the activities of enterprises. Such information systems should
meet the following requirements:

— the system must process data arising in the course of the enterprise’s activities;

— the system should be able to describe and calculate the key performance indicators

that are used in the decision-making process for enterprise management;

— the data warehouse metadata structure must correspond to the business processes

of the enterprise;

— there should be an opportunity of operative changes in the system with changes in

the activities of the enterprise or in the case of changes in the methodology of the
analysis of activities.

2. Information system architecture

During the activity of the enterprise heterogeneous information data sets are generated,
which are stored in information subsystems that are external to the analytical information
system. The task of the analytical information system is to collect these data from
external subsystems and to calculate the key performance indicators that can be used in
the process of analyzing the activities of the enterprise and in the process of making
decisions on the management of the enterprise.

To provide these functions, the information system must contain the following set of
subsystems: Data acquisition subsystem, Data storage subsystem, Data representation
subsystem, and Subsystem of control [8,9]. Thus, data storage is separated from the
business users and used by them in solving the problems of analyzing data slices. This
separation reduces the cost of modification at the business level. At the same time,
this approach enables business users to directly manage and modify the virtual layer
(self-service BI).

The architecture of the information system that automates the information processes
in accordance with the data model described in the metadata repository [11-14] is shown
in Figure 1.

Data sources Data Data storage Rule of calculation of Tabulation Business
acquisiion KPI applications

r—— - = 17— 7 5 [ 1
OLTP I Master data ‘ OLAP ‘
| [ Exwacton \ o — !
transform ation, operational ubsystems o ‘

FilesDocuments | | o e data | setectionagaregation Subject data marts fonm atom of the
| = | reporting |
| \ \
Legacy subsysiems || Datawasshouse | | Open date |
| Data Storages | |
ISubs’stem data Repositary of meta data ‘ Subsystem data Subsystem ‘
acquisition acquisition data representations ‘

Figure 1. Data warehouse meta-model structure
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The analytical information system interacts with external information systems, which
are data sources. These are OLTP systems, legacy subsystems, standard format data
files, and any other sources of structured data. On the basis of data taken from external
sources, the Data acquisition subsystem of the information system forms the correct
content of the Operational warehouse of data (OWD). OWD is a storage area in which
information exists before it is overloaded in the Data warehouse (DW). DW will combine
information related to all aspects of the enterprise. Loading information from OWD
to DW is done by normalizing the data according to the rules of the current DW data
model.

The calculation of performance indicators is based on data taken from the data
warehouse. Performance indicators are placed in special data storage structures —
thematic data marts in the Data presentation subsystem. Thematic data mart is a
narrow slice of information for users working in one specific task. As a rule, the task
of a thematic data mart is to represent data access for business applications [4-6]. For
business applications, this means decision support systems that use data representation
in the form of OLAP, or subsystems that use a different form of data representation
that is convenient for generating reports.

The central block in the structure of the information system is the metadata repository.
It is responsible for managing the data model at the meta—model level and is used to
manage the process of data movement in the information system. The main requirement
for the meta—model is as follows: metadata should be described in such a way that
it is possible to specify on its basis the method of calculating performance indicators
used in the process of analyzing the activities of the enterprise and in the process of
making decisions on the management of the enterprise [7,10]. From the point of view of
business analysts, the most appropriate approach for describing the metadata repository
is the multidimensional principle of data organization (metadata as it is data in the
metadata repository). Since a multidimensional data model provides a denormalized
way of storing data, a “Data vault” model can provide a convenient way of structuring
information for the data warehouse. Using the methodology “Data vault” allows you to
describe the semantic links of the data warehouse with a description of the information
domain of the information system. This provides an opportunity to rebuild the structure
of DW in the event of changes in the business model of the subject domain.

3. Description of the data warehouse model using the “Data vault”
methodology

One of the ways to build a data warehouse is the data vault methodology. Its
use makes it possible to dynamically expand the DW data model without having a
complicated task of modifying other subsystems of the information system. The data
model must be managed at the meta-model level [15]. The main objects of the meta-

model are: a business key (in the terminology “Data vault” — “hub”), a business key
transaction (in the terminology “Data vault” — “link”) and business key history (in
the terminology of “Data vault” — “sat”). Business key is a property of an object that

uniquely identifies it within the subject domain. A business key history is a history of
changes to object properties that are functionally dependent on that business key. The
relevance of the attributes of the dimension is maintained using business key. Business
key transaction is a description of the event that occurred between objects that are
identified using these business keys [1-3].

As an example of using “Data vault” you can consider the process of on-line sales.
The conceptual model of the process is presented in Figure 2.

Figure 3 shows the structure of the DW meta-model as a diagram in the E/R+Merise
notation. In order to ensure that the information system modification process does not
lose information about the associative links available in the meta—model by link type
(aggregation, composition or recursion) and by arity (1:1, 1:N, M:N), this information
should be kept by transactions.
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Figure 2. The sales process conceptual model

“Client” act as business keys. “Orders” are transactions between “Clients” and
“Products” that implement an association of type “M:N”. “Requisite” form the history of
the business keys of the “Clients”.
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Figure 3. Data warehouse meta-model structure
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The metadata repository model is based on the multidimensional data model. This
approach makes it easier to establish a correspondence between the metadata and business
process parameters of an enterprise, and describes how to calculate the performance
indicators and data that are used in the process of completing data marts [16,17]|. For the
implementation of requests for data must be defined rules of connections (associations)
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between objects of the multidimensional data model and objects in a “Data vault”. Such
rules can be formulated on the basis of the following statements:
1. Within the multidimensional data model in the analytical subsystem, the key can
act as a slowly changing dimension,;
2. Business key transaction history makes it possible to calculate the values of measures
in multidimensional data models used in data marts.
These rules use connectivity at the conceptual and logical levels of representation of
the metadata repository model. A complete diagram of the metadata repository model
is shown in Figure 4.

Physical medel

Logical model

Coonceptual model

Asscciations

1.1

Properties

1.n

1 —
Associstion type
1.1
01 ; ;\ c i
. Link Compasition
Hub o ,O—| |<—£
Aggrigation
{ o ) Recursive

0.1
S
" Omersens

1n

Attributes

Multidimension model

Cenceptusl model

Domens

Figure 4. Metadata repository model
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4. Multidimensional data model

The structure of multidimensional data model should reflect the aspects of subject
domain which are used in the data analysis process. Each aspect corresponds to
one d1mens1on of a multidimensional cube H. A full set of dimensions forms a set

D(H {D1 D?,. D"} there D? is i—dimension, and n = dim(H) — dimensionality
of multldlmensmnal cube [18]. Each dimension is characterized by a set of members
D' = {dll, ds, ..., dg, )1}, there 4 is a number of dimension, k; — the quantity of members.

Members of D* are drawn from a set of positions of the basic classifier which corresponds
to an aspect of the observed phenomenon associated with D? [19,20].

The multidimensional data cube is a structured set of cells. Each cell c¢ is defined by a
combination of members ¢ = (d1 d%, S d ) The combination includes one member
for each of the dimensions. If the analy51s of the observed phenomenon is performed
using a large set of diverse aspects, not all member combinations define the possible
cells of multidimensional cube, i.e. the cells corresponding to a certain fact. This effect
occurs due to semantic inconsistencies of some members from different dimensions to
each other and generates a sparseness in the cube.

The complex structure of the compatibility of members may lead to a situation
where a certain dimension becomes semantically uncertain if combined with a set of
members from other dimensions. In this situation, while describing the possible cell of
multidimensional cube the special value “Not in use” can be used to set the member of
semantically unspecified dimension.

The subject domain is characterized by the measure values defined in possible cells
of the multidimensional cube. The full set of measures composes the set V(H) =
{v1,v2,...,vp}, where v; is j-measure, p — the quantity of measures in the hypercube.
Not all the measures from the V(H) can be defined in the possible cell. This situation
can appear in case of semantic inconsistency between the members defining the cell
and some measures. While describing multidimensional data cube structure for every
possible sell it is necessary to define its own set V' (¢) = {v1,v,...,vp. }, which consists
of certain measures for this cell, 1 < p. < p. We can use the special value “Not in use”
for the description of ¢ measures, which are not included in the set V(c).

5. Conclusions

The paper discussed the method of designing information systems using the method-
ology of “Data vault”. This approach allows building a data warehouse system based on
meta-model, which is semantically related to the subject domain of the system, easily
rebuilt in case of changes in the business model of the subject domain, allows you to form
multidimensional data marts and calculate the performance indicators of the enterprise.
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