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The paper addresses the problem of handling uncertainty in multidimensional data analysis of
relational databases, which represents an important scientific and practical challenge driven by the
growing volume, complexity, and heterogeneity of modern data. The study has a review character and
focuses on analyzing the current state of the problem and existing approaches to its solution. The task
of multidimensional analysis under uncertainty is formulated, and the main types of uncertainty in
relational databases are systematized, including gaps, contradictions, fuzzy data, and semantic ambi-
guity of join operations. Uncertainty is considered an inherent property of data that significantly af-
fects the reliability of analytical results.

Traditional multidimensional analysis methods, which rely on exact value matching or strict
statistical assumptions, are often ineffective in the presence of incomplete or inconsistent data. There-
fore, the paper reviews and compares modern methods for uncertainty handling, such as Rough Sets,
Bayesian Belief Networks, Dempster—Shafer Theory, the EM algorithm, and Probabilistic Join. The
analysis identifies the conditions under which each method is most effective and outlines promising
directions for addressing uncertainty in multidimensional analysis of relational data.

Keywords: uncertainty, multidimensional data analysis, relational database.

Y ecmammi posenanymo npobremy obpooOku HegusnaueHocmi nio yac 6a2amosUMIpHO0 AHATIZY
OaHUX pensyiinux 6a3z 0anux, sKa € aKmyaibHuM HAyKo8o-npakmuyHum 3asoannsm. Tlossa neeusnaueno-
cmi 8 OaHUX, PO3SMAUOBAHUX 8 PETAYIUHUX OA3AX OAHUX 3YMOGIEHA 3POCMAHHAM 00Cs2i8, CKIAOHOCIE ma
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2eMepPOCeHHOCMI CYHACHUX OaHux. Y pobomi 30MICHEHO NOCMAHOBKY 3a0ayl OA2AMOBUMIPHO20 AHANI3Y 8
YMOBAX HEBUIHAUEHOCT] MA CUCTHEMATUZ08AHO OCHOGHT MUNU HEBUSHAYEHOCH, W0 GUHUKAIOMb ) OaHUX
penayitinux 6a3z OaHux, 30Kkpema NPONycKU, CYRepeyHOCH, HeuimKi 3HAYeHH Ma CEMAHMUYHY HEOOHO3HA-
yHicmb onepayitl 3’ €OHanHs. 3anponoHo8anuli YOPMarbHULL ONUC YUX MUNI8 00360JI€ PO32TA0aAMmU HesU-
SHAYEHICMb 5K HeBI0 'EMHY 61ACMUBICIMb OAHUX, WO GNIUBAE HA KOPEKMHICTND AHAIMUYHUX Pe3)TIbmMAamis.

Tpaouyitini memoou 6a2amosuMipHO20 aHATI3Y OA3VIOMbCA HA MOYHOM)Y NOPIGHSHHI 3HAYEHb AOO
CMAMUCMUYHUX NPUNYIEHHAX NP0 KOPEKMHICMb OaHUX, Wo pobums iX HeOOCmamuvbo epexmusHUMU )
NPUCYMHOCI NPONYCKIB, CynepeyHoCcmel ma albMePHAmUGHUX NpedcmasiieHb 00H020 00 ekma. Y medscax
00CTOAHCEHHS NPEOCMABIEHO MA NPOAHATIZ08AHO CYYACHT MEMOOU BPAXYBAHHS HEBUSHAYEHOCI, ceped SKUX
meopis 2pyoux mHodicur, baeciecoki mepedici dosipu, meopis Jlemncmepa—Illagpepa, aneopumm maxcumano-
HOI' anpoxcumayii ouiKysanb ma mosipHicHe 3 €Onants. TIopieHANbHULL aHANI3 NOKA3AB, WO KOJNCEH i3 3a-
SHAUEHUX MemMOOI8 MAE YIMKO BU3HAYEH) 00IACb OOYLTLHOZ0 3ACMOCYBAHHS, 00YMOBTICHY MAMEMAMUYHUM
anapamom ma npupooor0 HegU3Ha4eHocmi. Bcmanogneno, wjo 0 HeUSHAYEHOCH THUNY «NPONYCKY HAll-
Oimvut eghexmueHUMU € UMOBIPHICHT nioxoou, 30kpema EM-aneopumm i baeciscoki mepedici 008ipu, 0CKinbKu
B0HU 3a0e3neyyIomb IMOBIPHICHe 8IOHOBNICHHS GIOCYMHIX 3HAYUEHb 13 YPAXYBAHHAM 3AIEHCHOCHEN MIdC am-
pubymamu. /[1s1 06pobKu cynepeunugux 0aHux OOYitbHO 3aCTOCO8Y8amu MeOPiio 2pyoux MHONCUH T Meopito
Lemncmepa—Illagepa, sxi 003601510mb TOKAIZY8aAMU 0OAACTD KOHGAIKNTY MA KITbKICHO OYIHUMU CIYNiHb
HegU3HaueHocmi 6e3 HeoOXIOHOCH 68e0eHHSA HCOPCMKUX IMOGIPHICHUX NpUnyujeHsb. Y eunaoky Heuwimkux
OaHUX HAUOLIbUL A0eK8AMHUMU € MeMOOU HeuimKOi 02IKU, Wo opmanizyloms JiHe8iCMUyHy ma iHmepsa-
JIbHY HEBU3HAYEHICMb uepe3 YKyl HanesicHocmi. [ HesusHaweHOCmi 3 €OHAMHA, N08 SI3aHOI 3 HEOOHO-
SHAUHICIO 36 A3KI6 MIdIC MAOIUYSIMU, HAUKPAWi pe3yibmamu 3a0e3neyye UMOGIPHICHe 3 €OHAHHSL, sIKe nepe-
HOCUMb HeBUSHAYEHICMb HA PiBeHb IMOBIPHICHOI iHmepnpemayii 8i0nosioHocmel.

Kntrouoei cnosa: nesusnauenicmo, Oa2amosuMipHull aHaliz 0aHux, perayiina 6aza OaHux.

Problem’s formulation

In modern tasks of multidimensional data analysis in relational databases (RDB), problems re-
lated to uncertainty, incompleteness, and inconsistency of records frequently arise, significantly com-
plicating the process of obtaining reliable results. Uncertainty may emerge due to measurement errors,
missing values, variability of data sources, differences in data representation formats, as well as ambi-
guities or duplicate records. Ignoring these factors leads to a loss of accuracy, erroneous conclusions,
and incorrect modeling of relationships between variables.

These issues become particularly pronounced in large-scale and heterogeneous databases,
where values are stored in different formats, using diverse measurement units, abbreviations, or lin-
guistic variations. For example, in financial, medical, geographical, or sociological databases, the
same information may be represented in multiple ways: records may contain spelling errors, missing
or redundant attributes, changes in the order of elements, ambiguities, and duplicates. Such character-
istics substantially complicate automated data processing, classification, aggregation, and analysis.

Traditional methods of multidimensional analysis are based on exact value comparisons or sta-
tistical assumptions regarding data correctness, which makes them insufficiently effective in the pres-
ence of missing values, inconsistencies, and alternative representations of the same object. To over-
come these limitations, modern approaches capable of accounting for uncertainty and imprecision are
employed, including probabilistic models, fuzzy logic algorithms, robust methods, and hybrid tech-
nigques. These approaches enable data modeling while explicitly considering errors as well as syntactic
and semantic variations, thereby providing increased reliability and robustness of analytical results.

Thus, the development and systematization of methods for multidimensional data analysis that
take into account uncertainty, missing values, and inconsistencies in databases are critically important
for improving the accuracy, stability, and interpretability of results, and have both theoretical and
practical significance for a wide range of applied problems.

Analysis of recent research and publications

The problem of optimizing the storage and processing of RDB data under conditions of uncer-
tainty is a relevant scientific and practical task, since the relational model remains the fundamental
basis for organizing data warehouses [1—3].
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Contemporary research focuses on the formalization of types of uncertainty and the development
of methods for their handling. In the work by Channar and Vighio, a relational model for storing uncer-
tain information is presented [1], while O. Pivert and H. Prade described models based on possibility
theory for processing incomplete and inconsistent data [2]. The studies by A. Grenyer and G. Gorla ana-
lyze methods of multidimensional analysis and uncertainty assessment [3, 4]. The authors of [5] describe
the results of developing a framework for the analysis and processing of grey data and data with inherent
uncertainty. F. Parisi and J. Grant examined inconsistencies in databases [6], while M. Liao proposed a
unified model that integrates data uncertainty and the relationships between data [7]. J. Zhu highlighted
trends in the integration of artificial intelligence methods for data cleaning and analysis with considera-
tion of uncertainty in [8]. F. Chacon-Gomez et al. demonstrate the application of Rough Sets to conflict-
ing data [9], and S. Yang combined Bayesian networks with models of uncertain knowledge [10]. L. Fei
applied Dempster—Shafer theory for the integration of heterogeneous sources [11], whereas K. Zhao
implemented the EM algorithm within RDB for probabilistic value restoration [12]. The authors of [13]
proposed a combined model using probabilistic intervals for multiple attributes.

Contemporary research on uncertainty in multidimensional RDB analysis spans from identify-
ing and formalizing uncertainty types to applying classical and hybrid processing methods, highlight-
ing the relevance of the problem and the need to integrate mathematically grounded approaches into
practical analytical tools.

Formulation of the study purpose

The aim of this study is to provide a systematic review and analysis of contemporary methods
for accounting for uncertainty during the processing and analysis of multidimensional data in databases
containing missing values, contradictions, and imprecise entries. The research focuses on the classifica-
tion, comparison, and evaluation of the effectiveness of approaches, including probabilistic models,
fuzzy set methods, Bayesian techniques, which enable the modeling of data while considering errors,
missing or conflicting values, as well as variations in formats and representations of information.

The authors do not claim scientific novelty, as the paper has a review character and is aimed at
identifying and substantiating the most effective directions for solving the problem of
multidimensional data analysis stored in RDB under conditions of uncertainty.

Presenting main materials

Multidimensional data analysis is a set of methods and algorithms aimed at investigating de-
pendencies, structures, and patterns in data characterized by a large number of attributes, while simul-
taneously accounting for the interrelationships among them. In the context of databases, multidimen-
sional analysis is applied for classification, clustering, forecasting, anomaly detection, and information
summarization. Uncertainty in the context of data representation in RDB is a property of the data man-
ifested as absence, incompleteness, ambiguity, or imprecision of attribute values, as well as in the am-
biguity of relationships between tuples of different tables, which significantly complicates their analy-
sis and processing.

A relational database DB is considered as a set of interrelated tables, each of which describes a
specific entity or process:

DB={T,,T,,... T« }, (1)
where T, is each individual table of the database, which is defined by the tuple:
T|:<U|:A|:V|’f|>: 2

where Uy ={r, r,..., rm} is the set of rows of the table, 41={aun, ar...., an} is the set of attributes forming
the feature space, V, = U'J?Zlv,j is the domain of values, Vj; is the set of permissible values for the j-th col-

umn,and f, :U, x 4 —V, U{L} is the information function that determines the content of each cell.

The transition from the general structure of tables to their specific content allows for the clas-
sification of types of uncertainty that arise directly in attribute values. A mathematical description of
uncertainty at the level of table cells in a database can be expressed through a function f,(ri,aj),

which maps the state of the data at the intersection of a row and a column. In real-world conditions,
the result of this mapping can take various forms depending on the nature of the information deficit.
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The primary types of uncertainty in database data are:

1. Gaps. They represent a situation characterized by the complete absence of an attribute val-
ue for a given tuple. Such uncertainty arises due to incomplete data collection, loss of information, or
the impossibility of recording it at the time of entry. Formally, a gap is modeled by the special value
NULL, which does not belong to the attribute’s domain and cannot be interpreted as a specific value.
Mathematically, this is described as:

f| (I’i,aj)zJ_, J_EV” . (3)

The presence of gaps makes it impossible to apply standard comparison and aggregation oper-
ations without additional assumptions.

2. Contradictions represent a situation in which, for the same object, mutually exclusive val-
ues of a single attribute are obtained from different sources or at different points in time. Such uncer-
tainty is typical for the integration of heterogeneous data sources and cannot be resolved by simply
selecting a single value without loss of information. In this case, a cell containing conflicting values is
formally considered as a set of values:

f|(ri,aj)={v(l),v(z),...,v(p)}, v eV, p>1. (4

3. Fuzzy data. Within RDB, fuzzy data arise when an attribute value cannot be represented as

a discrete element of the domain Vj; and is instead described by a linguistic term with vague bounda-

ries. This implies that, for a given attribute a; € A, the set of permissible values Vj; is extended to a set
of fuzzy subsets, where each fuzzy value v is defined by a membership function:

uy V) —~>[0]]. 5)

Thus, an attribute value is not represented as a point in the feature space, but rather as a distribution of
membership degrees, which formalizes linguistic and interval uncertainty within the relational data
model. Such uncertainty is characteristic of qualitative attributes and subjective assessments.

4. Join Uncertainty in RDB is the semantic ambiguity of the result of a JOIN operation that
arises when a foreign key FK does not define a unique correspondence between tuples of two rela-
tions. A join operation between tables T, and T is semantically uncertain if, for a given row r; eU,,

the set of rows r, €U, , that satisfy the join condition has a cardinality different from one:

‘{rkt e Ui (i ay;) =§0k(rkt’akp)}‘¢1. (6)

In this case, the JOIN operation generates a set of alternative correspondences between rows of
the tables, which makes the join result formally correct but semantically ambiguous. Join Uncertainty
reflects a violation of the functional determinacy of the relationship between tables and is a consequence
of incomplete, multivalued, or insufficiently constrained key attributes in the relational data model.

The presence of uncertainties in RDB data violates the basic assumptions of classical multidi-
mensional analysis methods regarding data completeness and determinacy, necessitating the applica-
tion of specialized mathematical models and processing methods capable of correctly handling miss-
ing, contradictory, and imprecise values. To enhance the reliability and accuracy of results, various
methods are applied, which can be classified according to the mathematical framework employed to
compensate for information deficits.

Rough Sets Theory is an effective formal framework for the analysis of conflicting and in-
complete data in RDBs, particularly in situations where objects with identical attribute values exhibit
different target characteristics. Such conflict often arises due to the limited or fragmented nature of
information. Mathematically, for a subset of attributes BSA, an indiscernibility relation IND(B), is
defined, which partitions the universe of objects U into equivalence classes [r;]g. Each such class

contains objects that cannot be distinguished based on the attributes in the set B.
Any analytical category (class) XU is described by a pair of approximations. The lower ap-
proximation represents the set of objects that certainly belong to X:
BX ={ eU[ln]s = X . (7)
The upper approximation encompasses objects that may belong to this class:
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BX ={r eU|[r]s X =0. ®)
Thus, considering (7)—(8), the uncertainty caused by contradictions is localized within the
boundary region, which serves as a quantitative measure of incompleteness and conflict in the data-
base information and allows the evaluation of classification quality without relying on probabilistic
assumptions. This is mathematically described as:
BNg(X)=BX \BX. 9)
Bayesian Belief Networks provide probabilistic modeling of dependencies between attributes
of relational tables and are effectively applied for handling missing values and structural uncertainty
arising during the integration of data from multiple sources. Each attribute in such a model is treated
as a random variable, and the relationships between them are described by conditional probabilities.
To restore a missing value, as described in (3), the posterior probability is computed:

P a; P\g
P (a1 A )= (Aops|2; P(a;)
P(Aobs )
where A are the observed attributes based on which the distribution is computed.
The joint probability of a multidimensional object is factorized according to the structure of
the network:

, (10)

P(al,azy...,an)z ]ﬂ[ P(aj ‘ parents(a; )). (11)
j=1

This enables probabilistic inference even in cases where relationships between tables are lost
or key values are missing.

Dempster—Shafer Theory is intended for the formalized combination of conflicting data origi-
nating from different relational tables or sources. Each information source is associated with a mass
function m(A), which reflects the degree of belief in the attribute value. The combination of conflicting
data from independent sources is performed according to Dempster’s rule:

1
(M @m, () =—— > m(B)m,(C), (12)
1-K gAc=4
where K — the measure of conflict between sources, is defined as:
BNC=0

Thus, the influence of conflicting records during information aggregation is reduced.
For the processing of fuzzy data, where the boundaries between object states are vague, meth-
ods based on membership functions .;(x;)<[01] are applied, corresponding to fuzzy clustering

techniques such as Fuzzy C-Means. In this case, the objective function of multidimensional analysis
minimizes the weighted distance to the cluster centers:
N C
Im =2 2 ()"
i=1j=1
where uj is the degree of membership of the i-th object to the j-th cluster, allowing a single tuple with
imprecise values to partially belong to multiple analytical categories.
For datasets with a large number of missing values that exhibit a stochastic nature, the Expec-
tation-Maximization (EM) algorithm is applied. The process consists of two main steps:
1. E-step: Computation of the expected value of the log-likelihood for the missing data Xmis
given the current parameter vector &9, which is mathematically expressed as:

Q(@‘Q(t) ): Elln L(H; Xobs+ X mis Xxobs J a(t) J (15)

2. M-step: Updating the parameters by maximizing the function Q, which can be mathemati-
cally represented as:

i —c HZ , (14)

6D — arg maxQ(H‘H(t) ) (16)
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The Probabilistic Join method is appropriate when the standard algorithm ignores records that
satisfy the join condition C of the classical JOIN operation described in (6), particularly when the attrib-
utes involved contain missing or multivalued conflicting data. Probabilistic Join constructs a probabilis-
tic correspondence function P(rai ~ Iy ) which defines the probability that a row r; from table T, corre-

sponds to a row r; from table T, instead of using the binary predicate function of the classical join condi-
tion. The result of the Probabilistic Join operation is a set of row pairs with associated probabilities:

T, ™ pTy, ={(1;.1}, P(ri,rj))\P(ri,rj) > 0}. (17)

Probabilistic Join allows the preservation of information regarding all potentially relevant cor-
respondences between tables, without discarding records with incomplete or conflicting keys, while
transferring the uncertainty to the level of a probabilistic interpretation of the results. This provides a
more flexible and information-rich analysis of the data.

To systematize the properties of the considered methods and facilitate their selection depend-
ing on the specific type of uncertainty, a comparative analysis is appropriate. Tabl. 1 presents a com-
parative characterization of uncertainty processing methods according to key criteria: their mathemati-
cal foundation, functional advantages, and existing limitations in the context of RDBs.

Table 1. Comparative characterization of processing methods

Method Core Mathematical Concept Main Advantage Limitation

Does not require
knowledge of the proba- Sensitive to significant
bility distribution; works noise in numerical data
with conflicting rules

Approximation (lower and
Rough Sets upper bounds) through the
indiscernibility relation

Allows incorporation of

Bayesian Modeling conditional de- - : . Requires large datasets
. LGN prior knowledge; flexible -
Belief pendencies via directed R for accurate learning of
. in missing value restora-
Networks acyclic graphs tion the graph structure
Combination of mass (be- Efficient integration of Com_put_atlonal com-
Dempster- ; : . S plexity increases with
lief) functions for conflict data from multiple inde-
Shafer Theory . the number of hypothe-
resolution pendent tables/sources
ses (states)
Iterative search for maxi- High mathematical accu- May converge to a lo-
EM-algorithm | mum likelihood parameter racy in restoring the struc- | cal maximum instead of
estimates ture of the distribution the global maximum

Prevents data loss when
join keys (Foreign Keys)
are incomplete or conflict-
ing

Requires complex simi-
larity metrics for record
comparison

Table join based on calcu-
lated correspondence
weights of records

Probabilistic
Join

The generalized architecture of multidimensional data analysis in RDB under conditions of
uncertainty consists of three main components, as illustrated in Fig. 1. In the first stage, raw data from
relational tables are processed, where various types of uncertainty are identified. The second compo-
nent is the computational unit, which applies uncertainty-handling methods to integrate and process
these data. Finally, the processing results are transmitted to the multidimensional analysis module,
which provides analytical evaluation of the data through classification, clustering, and prediction, pro-
ducing the final analytical outcome.

Methods based on approximations, probabilistic models, or combinations of belief functions
exhibit varying sensitivity to noise, sample size, and computational complexity, which determines the
appropriateness of their use in specific scenarios. An analysis of their properties, limitations, and ad-
vantages has allowed the formulation of generalized recommendations for selecting an uncertainty
processing method corresponding to a particular type of uncertainty, as presented in Tabl. 2.
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Fig. 1. Generalized architecture of multidimensional data analysis with uncertainty relational data

Table 2. Recommended methods for handling uncertainty in RDBs

Type of Uncertainty Recommended Method Mathematical Outcome
Gans EM-algorithm, Bayesian Belief Net- Probabilistic imputation of missing
P works values

Determination of the boundary

Contradictions Rough Sets, Dempster-Shafer Theory : .
region and conflict measure
. Determination of membership
Fuzzy Data Fuzzy Logic degrees p of term-sets
Join uncertainty Probabilistic Join Formation of an analytical space

with confidence weights

The combination of a comparative characterization and a recommendation-based approach en-
ables the justified selection of methods for processing missing data, conflicting or fuzzy records, as
well as uncertain relationships between tables, providing effective construction of an analytical space
that takes into account the specifics of RDBs.

Conclusions

The conducted study confirms that modern multidimensional analysis in RDBs is not feasible
without considering factors of uncertainty, which manifest at different levels of the structure —from
individual cells to complex inter—table relationships.

Based on the mathematical formalization of relational model components, four fundamental
types of uncertainty were identified and described in detail, namely Gaps, Contradictions, Fuzzy Data,
and Join Uncertainty, which allowed clear delineation of the applicability domains of various mathe-
matical frameworks. The analysis of contemporary approaches, including Rough Sets Theory, Bayesi-
an Belief Networks, Dempster—Shafer Theory, and probabilistic join algorithms, demonstrated their
capability to effectively compensate for information deficits while preserving the semantic integrity of
the data.

Within the scope of this study, a generalized architecture of a multidimensional data analysis
system in RDBs operating under conditions of uncertainty was developed and presented. The proposed
structure ensures a logical transition from the level of raw relational tables to the final analytical out-
come, passing through filters of specialized uncertainty-processing methods. The mathematical frame-
works of leading approaches — including Rough Sets Theory, Bayesian networks, Dempster—Shafer
Theory, the EM-algorithm, and Probabilistic Join — were described and analyzed in detail. Special at-
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tention was given to the analysis of the advantages and limitations of each method, which enabled the
determination of their effectiveness depending on data volume and noise level, as well as the establish-
ment of correspondences between types of uncertainty and the most relevant processing methods.

The study demonstrates that Gaps-type uncertainty is most effectively processed using probabil-
istic methods such as the EM-algorithm and Bayesian Belief Networks, which allow probabilistic impu-
tation of missing values while accounting for dependencies between attributes. For Conflicting data,
Rough Sets and Dempster—Shafer Theory are the most adequate, as they allow localization of the conflict
region and quantitative assessment of uncertainty without information loss. In the case of Fuzzy Data,
fuzzy logic methods formalize linguistic and interval uncertainty through membership degrees, whereas
for Join Uncertainty, the optimal approach is Probabilistic Join, which constructs an analytical space
with confidence weights and preserves all potentially relevant correspondences between tables.
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