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OLAP HYPERCUBES AS A TOOL FOR ANALYZING MULTIDIMENSIONAL
HIGHLY STRUCTURED DATA

TI'MEPKYBHU OLAP SAK 3ACIB AHAJII3Y BATATOBUMIPHHUX
CUJIBHO CTPYKTYPOBAHUX JAHUX

The article is devoted to the analysis of OLAP technology for multidimensional data analysis
in relational data storage. The key components of OLAP technology are described: hypercube, dimen-
sion, measure, dimension table, and fact table. The models for transforming relational data structures
into multidimensional models are also discussed. The authors propose a generalized algorithm for
applying OLAP technology to multidimensional data analysis, which includes the following steps: ac-
quiring input data, defining measures and dimensions, constructing a multidimensional data model,
creating a query structure, and processing the resulting data. The paper presents the results of design-
ing a hypercube based on statistical data from a national multi-subject test, stored in the tables of a
relational data warehouse. To demonstrate the principles of using a hypercube for multidimensional
data analysis, the article showcases the application of the following OLAP operations: slicing, dicing,
rotating, drill-down, and roll-up.

Keywords: multidimentional data analysis, OLAP, ROLAP, hypercubes, relational data sto-
rage, snowflake data model.

Cmammio npuceaueno aunanizy mexronoeii OLAP 3 mouku 30py bacamogumipnoeo ananizy oa-
Hux, 30epedcenux y peasyitnux cxosuwgax oanux. Texnonoecis OLAP 3abesneuye 36epedcenus i npeo-
cmaenents ingpopmayii 015 it KOMIAEKCHORO AHANIZY 3A PAXYHOK V3A2ANbHEHHS OAHUX 8EIUKUX MACUBIS,
CMPYKMYPOBarux 3a npuHyunom dazamosumipnocmi. /nsa 3acmocysannsi OLAP mexnonoeii ons npo-
6e0enHs Oa2amosUMIpHO20 aHANizy OaHux ma ix eizyanizayii HeoOXiOHO nepemeopumu 6XioHi Oaui 00
cneyughiunoi apximexmypu cxosuwa danux OLAP, susnauuswiu xamezopii-eumipu, sKi UKOPUCTO8Y-
ombcs 0 peanizayii 0azamosumipHux 3anumie. B cmammi onucano ocHoHi 00 €kmu mexHonozii
OLAP: zinepxy6, eumip, noxazHux, mabauys eumipie i paxmis; Ha6eOeHo OnUcC Mooeiel nepemeopeHHs.
penayitunoi cmpykmypu O0anux 00 Oacamosumiproi mooeni. bazamosumipnuii ky6 abo einepkyd
Oanux — ye abcmpakmue npedcmasner s RIOMHONCUH OAHUX ) OeKIIbKOX 8UMIPAX 0OHOUACHO, Onepa-
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Yii' 3 AKUM MOACYMb OYMU 30CMOCOBANO 05l PI3HOCIOPOHHBLO2O AHANIZY 06A2AMOSUMIPHUX OaHuX. Bu-
Mipamu 2inepxy0y € Yucio8i 3HAUeH s, YUCTO0BI 3HAYEHHS, KOOPOUHATY SKUX NPeOCmassaombcs iHOU-
BIOYANLHUMU 3HAYEHHAMU ampubymie, wo micmamocsi 6 maonuyi paxmis. Iloxasnuxamu einepkyoy €
YUCEeNbHI 3HAYEHHS, SKI 3ICMABISIIOMbCSL 3 YUCIOBUMU 3HAYEHHAMU CMOBNYI6 mabauyi (haxmis.

Asmopamu 3anponoHOBaH0 y3a2anibHeHull areopumm 3acmocyéanus mexnonoeii OLAP ona
300lCHEeHH 0A2amoBUMIPHO20 AHANIZY OAHUX, KUl NOAA2AE Y GUKOHAHHI MAKUX KPOKIG, 5IK: Ompu-
MAHHSL 8XIOHUX OAHUX, BUSHAYEHHS NOKA3HUKIG | 8UMIDIG, (hOpMY6aHHs Oa2amosuMipHOi MOOeNi OAHUX,
Gopmysanns cmpykmypu 3anumia, 0opooxka ompumanux oanux. Hagedeno pesynomamu npoexmysan-
Hsl 2inepkyOy HA OCHOBI CMAMUCTUYHUX OQHUX Pe3VIbMamie HAYIOHATLHO20 MYIbMUNPEOMEmHO20
mecmy, 30epedicenux y maoauysx cmeoperHo2o peisyitiHoeo cxosuwa 0aHux. 3 Memorw oemoncmpayii
NPUHYUNIE BUKOPUCTNAHHA 2inepKyOy O0lsl aHANi3y 6a2amosUMIpHUX OAHUX @ CMAammi HA8eOeHo pe-
synemamu 3acmocysanns onepayii Slice, dice, rotation, drill-down, roll-up.

Knrwouoei cnosa: ananiz 6acamosumipnux oanux, OLAP, ROLAP, cinepkyb, persayitine cxogu-
uje OaHux, MoOeb OAHUX KCHINCUHKA.

Problem’s formulation

In today's information technology landscape, the need for efficient data processing methods is
increasingly important. Databases (DBs) and their management systems have become integral to the sto-
rage and processing of data in industrial enterprises, banking institutions, educational establishments,
commercial organizations, and other institutions. Relational Database Management Systems (RDBMS)
store data in normalized tables optimized for transaction processing systems. However, queries involving
multiple tables in RDBMS can be relatively slow [1]. In contrast, OLAP (On-Line Analytical
Processing) technology significantly simplifies data analysis by utilizing multidimensional cubes for data
representation. OLAP technology enables the storage and presentation of information in a manner con-
ducive to comprehensive analysis by aggregating large datasets, structured according to the principles of
multidimensionality. To effectively apply OLAP technology for multidimensional data analysis and vi-
sualization, it is necessary to transform the input data into an OLAP-specific data warehouse architecture
[2]. This involves defining categories and dimensions to support multidimensional queries.

The main advantages of OLAP as a tool for multidimensional data analysis include [3]:

— increase in data processing speed compared to standard database queries due to preliminary
aggregation of the input data set;

— the ability to perform data processing in real time, which allows for timely management
decisions;

— ease of visualization and analysis with different parameters due to the multidimensionality
of hypercubes and operations with them

— the ability to quickly and easily create pivot tables without the need to use database query
languages;

— the integration property of OLAP technology provides the ability to further use the ob-
tained data in information systems and dashboards created in Power BI, Tableau, or IBM Cognos.

Despite several disadvantages, such as resource intensity, design complexity and low flexibili-
ty, OLAP technologies remain a powerful tool for multidimensional data analysis for large-scale struc-
tured data.

Analysis of recent research and publications

The term «OLAP» was coined by Edgar F. Codd in 1993, when he published his article titled
«Providing OLAP to User-Analysts: An IT Mandate» where he also described 12 laws of analytical
data processing [2]. The most famous scientists who made a significant contribution to the further de-
velopment of the OLAP idea are:

— R. Kimball, who proposed to implement dimensional modeling, representing data in the
form of facts and measurements.

— J. Dorrian, R. Earle, who led the development of Essbase (Extended Spreadsheet Data-
base), one of the first Multidimensional OLAP systems;

— The development of Business Intelligence (Bl) technologies necessitates the search for ef-
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fective means of processing multidimensional data to make timely and informed management deci-
sions [4]. In this context, OLAP technologies are successfully used to achieve these goals. D. Lemire,
S. Zuboff, B. Inmon devoted their scientific works to the topic of optimizing queries to relational data
storage and the use of OLAP in Bl and decision support.

Since the 2000s, OLAP has been integrated into information systems that have internal data
storages, and software tools such as QlikView, Tableau, and Power BI provide effective tools for in-
teractive analysis of multidimensional data using pre-aggregated OLAP cubes.

The following scientists have devoted their scientific works in the field of multidimensional
data processing and application of OLAP technology: Korobko A.V., Penkova T.G., Semchenkov
S.Y., Vakhitov A.R., Demchenko A.A., Samochadin A. V. The task of building hypercubes based on
data from relational and object-oriented databases is considered in the works of Fisun N.T., Gorbany
G.V., Bondarenko A.V., Bessarabov N.A., etc. The problems of OLAP-systems development and ap-
plication of hypercubes for multidimensional analysis and visualization of database query results are
considered in the works of such foreign scientists as: V. Kamel, R. Djiroun, M. Maliappis, D. Krem-
mydas, M. Fotache, C. Strimbei, O. Boutkhoum and others.

The latest advances in cloud technologies and the transfer of corporate data to the clouds have
become the basis for the development of OLAP technologies and their integration into cloud services.
Modern platforms such as Google BigQuery, Snowflake, and Amazon Redshift contain integrated
OLAP functionality, providing the ability to multidimensional analyze data stored in the clouds of
large datasets [5]. Combining the principles of cloud data storage with OLAP increases the potential of
real-time data processing, improving its performance.

Formulation of the study purpose

The purpose of the article is to analyze the OLAP technology and its application for analysis
of multidimensional data by means of hypercube operations. The objectives of the study are:

— developing of an algorithm for transferring a domain to relational data storage;

— defining a test data set for conducting experiments with the OLAP hypercube;

— designing the architecture of a relational data storage of the «snowflake» type;

— defining the dimensions and indicators of the hypercube;

— creating a hypercube and filling it with data;

— conducting experiments on processing multidimensional data using hypercube operations.

Presenting main materials

The hypercube provides a structure for storing and organizing access to multidimensional data
and is widely used in data analysis, particularly in OLAP technology [6]. Multidimensional data con-
sists of several characteristics, or dimensions, each of which adds a new level of granularity to the da-
ta. This data is often represented in the form of a multidimensional table or a hypercube. A hypercube
is an abstract representation of subsets of data across multiple dimensions simultaneously [7]. The di-
mension D of a hypercube G refers to the numerical values whose coordinates are represented by the
individual attribute values contained in the fact table [8]. Dimensions can be organized hierarchically,
and a set of dimensions forms the axes of the hypercube. A common example is the time dimension,
which is often structured hierarchically as week — month — quarter — year. Measures F are numeri-
cal values used for performing multidimensional data analysis, typically mapped to numeric columns
in the fact table of a relational database (RDB). Measures commonly contain aggregated data pro-
duced by operations like SUM, COUNT, and AVG. The correct identification of dimensions and
measures, to be represented as part of the relational model of the hypercube, is crucial for its effective
use in multidimensional data analysis [9].

Mathematically, the hypercube G can be described as:

G=(F,D), 1)
where F={f,....f.} — a set of hypercube measures that characterize the process under analysis;
D ={d,,...,d.} —is a set of hypercube dimensions, each of which is an ordered set of values of a certain type.

The process of forming a hypercube involves selecting the necessary tables, setting up links
between them, selecting data fields and their correlation with the terms of the domain. When designing
a hypercube, the most difficult thing is to represent the knowledge of the domain as a set of relational
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tables of a certain architectural model suitable for multidimensional data analysis. Hypercubes are the
basis of OLAP technology, and if a hypercube is represented as a relational data storage, ROLAP (Re-
lational OLAP) technology is used. There are two types of tables in a ROLAP storage [10]:

— fact table is the main table of the data storage that contains information about objects or
events for multidimensional analysis. The fact table must contain a composite primary key that com-
bines the primary keys of the dimension tables. There are four types of facts: facts related to transac-
tions and based on individual events (transaction facts); facts related to the state of domain objects
(snapshot facts); facts related to elements of domain documents (line-item facts); facts that provide
information about the occurrence of an event without details about it (event or state facts);

— dimension table — a table containing conditionally unchangeable data of the domain. Each
dimension table must contain at least one descriptive field and a primary key. If the dimensions are
represented as a hierarchical entity, then the fact table is supplemented with fields that point to des-
cendants and ancestors.

The choice of a ROLAP data storage model for building a hypercube depends on the complex-
ity of the domain and the structure of the final data samples. The input data in the ROLAP model is
transformed into a multidimensional model through an intermediate metadata layer. When using RO-
LAP, the results of queries are stored in the same database as the input data. Aggregated data is stored
in specially created service tables within the database. To create a ROLAP data storage, two models
for organizing fact and dimension tables are typically used, differing in complexity and the level of
data normalization. These models are [11]:

— Star schema is the most common data storage model for storing hypercube data. This mod-
el involves creating a set of tables and defining a central (single) fact table among them that is linked
to several dimension tables. To implement the «star» model, it is necessary to convert the RDB tables
into a form where each dimension of the cube is contained in a separate table, and a one-to-many rela-
tionship is used to implement the connection with the fact table.

— Snowflake schema is a normalized data storage model for storing hypercube data, where
dimension tables can be presented in a hierarchical relationship, meaning they can have several sub-
tables. The snowflake model is characterized by a situation where information about one dimension is
contained in several related tables. In this case, a child table from the dimension hierarchy is linked to
the fact table.

A generalized algorithm for constructing a hypercube for multidimensional analysis using
ROLAP technology consists of the following steps:

1. Obtaining input data and analyzing their structure and interdependence.

2. Determination of the set of dimensions and measures for the hypercube, as well as the de-
sired level of detail for the multidimensional analysis of input data.

3. Developing a ROLAP model by representing the input data as a set of tables in the «star»
or «snowflake» model. Determine the structure, number and content of the fact and dimension tables.

4. Formation of the queries structure for multidimensional analysis and the application of ana-
Iytical operations to the developed hypercube.

5. Processing and visualization of the results from data queries.

As an example of multidimensional data analysis using ROLAP technology, the authors pro-
pose to consider the statistical data of external independent testing results. To analyze multidimen-
sional data, the set of dimensions is described as: D = {d;,...,d}, where n = 3. The dimension that de-
scribes territorial units has subdimensions and is given as: d,={dy1,...,dx}, where k = 6. The names of
the dimensions are as follows:

1. Time: year.

2. Territorial units: region — district of region — settlement — district of settlement — edu-
cational institution — participant.

3. Disciplines in which testing was conducted.

The set of measures describes as: F = {fy,...,fn}, where m = 4. Hypercube measures include:

1. Number of test participants.

2. Average score.
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3. Maximum score received.

4. Number of participants who received the highest score.

It is difficult to visualize the created hypercube in full, but mathematically it is processed as a
structure with n number of dimensions and m measures. To simplify the representation of the hyper-
cube, it can be represented in three-dimensional form, as shown in Fig. 1, which presents a partial vi-
sualization of the constructed hypercube.
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Fig. 1. Fragment of the hypercube for the results of external independent testing

The number of measure values in the hypercube depends on the number of years selected for analy-
sis, the disciplines, and the values of the territorial distribution hierarchy. The total number of measure val-
ues in the hypercube can be calculated as the product of the number of elements in each i-th dimension:

n
G =d,xd,x,..xd, =] ] d; . )
i=1

To determine the possibility of joint analytical processing of the measures F and the dimen-
sions D for the situation when the indicator f; can be analyzed by the measurement d;, the relation
R S F YD, (fi d)) €R is set in the hypercube.

Since the set of dimensions D includes a hierarchical dependency within the territorial distri-
bution dimension, it is advisable to use the «snowflake» schema as the relational data storage model,
as illustrated in Fig. 2.

Unlike conventional RDB processing, where the output data is generated as a result of execut-
ing database queries, analytical operations can be used to perform multidimensional data analysis
based on a hypercube [12]. The result R of each operation O with a hypercube can be described as:

R=0(d,,d,,....d,,F). 3

The main operations with a hypercube include:

1. Slicing: This involves fixing the values of a particular dimension, thereby reducing the di-
mensionality of the cube [13]. A slice is essentially a subcube that retains all other dimensions. The
amount of data in the slice decreases depending on the number of values in the dimension being sliced.
For example, when the i-th dimension (where i=1) is absent, the amount of data in the slice can be cal-
culated using the following formula:

Cqice = Uyx,...xd, . 4

For a described hypercube, it is possible, for example, to create a Ciime siice fOr a certain value of the
year of testing, which will reduce the dimensionality of the cube like:

Ciime slice = {d2.d3}, where time="2023". (5)

Fig. 3 shows a fragment of the Ciine_siice data slice, the results of applying the slice operation to
the proposed hypercube, where the time dimension is selected as the slice parameter.
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Fig. 2. Diagram of a ROLAP data storage hypercube
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Fig. 3. Fragment of a slice operation’s result

2. Dice is an operation that allows the creation of a subcube using multiple dimensions [14].
For a given hypercube, it is appropriate, for instance, to create a subcube of Ciime reg based on a specific
value of the testing year and the selected region like:

Ciime_dice = {d,} where (time="2023") and (region="Aninponemposcvra’). (6)

Fig. 4 shows the results of the dice operation when the hypercube dimensionality is reduced
according to the condition specified in (6).

Arrnificeka mosa || Bionoria || Teorpadia || lcnaHceka mosa | letopia Yipaitn || Matemamnaka || Hivelska mosa || YkpaiHcbka nitepatypa | YkpaiHcexkamosa | Pisuka | Ppaduysexamosa | Xmis
rinponeTposceka oinacte 13744 5885 2860 12 42176 48668 300 2584 51435 849 b2 450

Fig. 4. Dice operation’s example
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3. Rotation (pivot) — the implementation of the C rotation operation leads to a change in
the position of the cube measurements as:
Cpivot = {dlvdz}—>{d21dl} (7
Rotation changes the viewpoint of the data [12]. This operation leads to a swapping of the
rows and columns of the result and is used to improve the convenience of data perception. For the
proposed hypercube, the results of the rotation are shown in Fig. 5.
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Fig. 5. Fragment of a rotate operation’s result

4. Drill-down (decomposition) defines the transition from aggregated data to a more detailed
presentation [2]. This operation is utilized for a hierarchy of dimensions with subordinate values,
where an additional level is incorporated into the dimensional hierarchy. Figure 6 illustrates the results
of detailing the hypercube data with the «Territorial Distribution» detailing input parameter, where the
«Region» dimension is expanded to the «District» level.
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Fig. 6. Fragment of a drill-down operation’s result

5.  Roll-up (aggregation) is the opposite of drill-down operation, defines the transition from a
detailed data representation to an aggregated one [15]. The operation is used for a hierarchy of mea-
surements with subordinate values, when one of the measurement values is replaced by another one of
a higher hierarchy level. The consolidation operation, where the input parameter is a territorial unit,
when information is combined from the entire hierarchy, returning the total values of indicators for the
whole of Ukraine, as shown in Fig. 7.

Aurniticeka mosa || Bionoria || Teorpacin | lenaHcexa mosa || letopin Yepaitw || Matemamka | Himeueka mosa | YkpaiHceka nimepatypa | Vikpaibceka mosa | Piswka | PpaHuysexa mosa || Ximig

167367 67571 40710 pral 524144 596132 4095 32518 630245 8802 456 5243
Fig. 7. Roll-up operation’s result

The analysis of multidimensional data by means of hypercubes is advisable to use when the
number of records in the storage tables exceeds 5000. The total time T of data preparation and multi-
dimensional cube construction for n iterations of analysis of a ROLAP storage represented as a «Snow-
flake» model can be calculated as follows:

Ty =O(D x F)+0(D x L)+ O(F x D x log(F))+O(complexity factor), (8)
where O(Dx F) — time of data join operations from tables linked by a hierarchical relationship,
O(Dx L) — hypercube construction time, where L — number of each dimension levels,

O(FxDong(F)) — data indexing time to improve the efficiency of data query execution,



64 Marematnute moneroBanns Ne 2(51) 2024

O(complexity factor) — additional time, depending on the complexity of the model and the presence
of nested dimensions and foreign keys.

Hypercube data processing performance depends on the correct construction of a multidimen-
sional database model and the definition of primary and foreign keys.

Conclusions

This paper presents the results of substantiating the feasibility of using hypercube and ROLAP
technology to analyze multidimensional high structured data. ROLAP technology facilitates the analy-
sis of large volumes of data stored in relational data storage through the use of multidimensional mod-
els. The primary advantages of utilizing ROLAP cubes for multidimensional data analysis include
high processing speeds for substantial datasets, the implementation of various types of numerical and
statistical analyses, the capability for simultaneous multi-user access to data, and robust support for
multidimensional analysis, which ensures a comprehensive examination of problematic aspects.

The use of hypercube operations, such as slice, dice, roll-up, drill-down, and pivoting, to ana-
lyze statistical data can significantly reduce the time required to conduct research compared to tradi-
tional queries to RDB. This is achieved through more efficient use of indexes and specialized data
access mechanisms. ROLAP allows for multi-level analysis of information, which is especially useful
when working with complex hierarchical structures. As an example, the study used data from the re-
sults of the national Ukraine multitest, a model of a relational data storage was developed, and a
hypercube for data analysis was built.

However, the main disadvantage of using OLAP technologies, in particular ROLAP, is their
increased sensitivity to the correct design of the data storage schema. Incorrectly defining indexes,
foreign keys, or the schema of facts and measurements can lead to a significant decrease in system
performance. In addition, the difficulty in analyzing dynamically changing data is another significant
problem, as the structure of OLAP cubes does not always adapt to changes in real time.
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