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Abstract: Many practical applications, such as medical diagnosis, business 
decision-making, information searching and retrieval, etc., require usage of 
uncertain or ambiguous knowledge. Classical ontology-based technologies can 
represent and reasoning only with cri Several fuzzy or probabilistic extensions of 
classical description logics and languages for semantic knowledge representation 
have been proposed recently, but high reasoning complexity of its decision 
procedures make difficult its usage in real applications. It is of great importance to 
select the knowledge representation technology, ensuring both the needed 
expressiveness and effective reasoning. In this paper we make short analysis of 
knowledge representation and reasoning capabilities of description logics and 
ontology representation languages allowing representation of uncertain knowledge 
and propose a methodology for selecting the best description logic and ontology 
representation variant for every practical application.   

Key words: probabilistic description logic, fuzzy description logic, ontology, 
methodology. 

1. INTRODUCTION 

Description logic (DL) - based ontologies represent crisp knowledge, but in many 
real-world applications, some concepts are fuzzy. For example, in a healthcare domain, 
“high temperature”,  "sick" , and many others can be subject to degrees of uncertainty or 
gradual change.  And positive or negative results of medical tests usually have some 
probability degree. Fuzzy Knowledge can be modelled in ontologies by adding elements 
of fuzzy logic in description logic. Fuzzy Ontologies are used in applications that can 
handle vagueness and imprecision in data and reasoning. Fuzzy ontologies use fuzzy sets 
to allow for concepts to have degrees of membership, improving representation. 

Probabilistic extensions of description logic are used to handle uncertainty. As 
uncertainty and vagueness are fundamental components of many real domains, various 
probabilistic or fuzzy extensions of DLs have been proposed during the last few years. 
The main drawback of probabilistic and fuzzy DLs is high computational complexity of 
reasoning. In this research we make a brief analysis of crisp and extended DLs to find 
main features, causing higher reasoning complexity and propose a methodology for 
choosing appropriate logical formalisms for modelling knowledge in real domains. 



International Journal on Information Technologies & Security, № 2 (vol. 17), 2025 66 

More clearly, goals of this research are: 
• To find which description logic axioms are main sources of high computational 

complexity of reasoning tacks.    
• To analyse and systematize reasoning capabilities of description logics capable 

for representing non-crisp knowledge, including fuzzy and probabilistic extensions of 
description logics.  

• To discuss how exactly adding of non-crisp knowledge representation elements 
affect complexity of reasoning ways to reduce the logical complexity of reasoning. 

• To propose a methodology for choosing appropriate logical formalisms and tools 
for development of ontological models in practical domains that use vague 
knowledge. 

2. SURVEY OF RESEARCH IN THE FIELD 

Description logics (DLs) are the main logical ground of development of knowledge 
models, needed for most artificial intelligence applications. DLs are a family of formal 
knowledge representation languages that allow for reasoning about concepts and 
relationships in domains. For finding which description logic axioms are main sources 
of high computational complexity of reasoning tacks we first analysed and systematized 
axioms and reasoning capabilities of valuable variants of description logics family (see 
table 1). Then we analysed DL extensions capable for representing non-crisp knowledge, 
including fuzzy and probabilistic extensions of description logics. 𝓔𝓔L (A Lightweight 
Fragment), ALC (Attributive Language with Complements), SHIϑ𝓠𝓠 (Role Hierarchies, Inverse 
Roles, and Qualified Existential Quantification), and SRIϑ𝓠𝓠 (for more complex 
ontologies) are more frequently used sublanguages in DL family. Choosing appropriate 
description logic for knowledge modeling depends on the specifics of modeling domain 
and requirements of applications that will use these knowledge models.  Main 
requirements are related to the level of expressiveness and needs to use uncertain 
knowledge. 

Table 1. Features of popular DL logics and OWL languages 
Feature \ logic 𝓔𝓔L ALC SHIϑN SHIϑ 𝓠𝓠 DL-Lite OWL2 

RL 
OWL2 

QL OWL-DL 

(A ⊓ B) + + + + + + + + 
(A ⊔ B) - + + + - - - + 

Complex  ¬A - + + + - - - + 
A ⊑ B + + + + + + + + 

Equivalence (≡) + + + + + + + + 
Disjointness (⊥) Restr. + + + + Restr. - + 

(∀R.A) Only in 
TBox 

+ + + Restr. Only in 
TBox 

Only in 
TBox 

+ 

(∃R.A) + + + + Only in 
TBox 

Only in 
TBox 

+ + 

(R⊑ S) + - + + + + Simple + 
Inverse Roles 

(R−1) 
- - + + + Restr. Restr. + 

Functional Roles   + +  - - + 
Inverse-Functional Roles - - + + + - + + 
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Transitive Roles R+ - - + + + + - + 
Symmetric Roles - - + + - + - + 

Complex Role Inclusion 
Axioms 

- - + + - Restr. - + 

Nominals ({a, b}) - - + + - Restr. - + 
Cardinality Constraints 

(nR.An R.AnR.A) 
- - + Qualified - - - + 

Some Role Restrictions  Role 
Disjointne

ss 

No 
Role 

chains 

  No Role 
chains 

 No Role 
chains 

 

Individuals in TBox - - + + - - - + 
 

DL-Lite, a lightweight Description Logics (DLs) language, is designed for efficient 
reasoning and query answering, particularly in relational database settings. OWL 2 
sublanguages are shortly described in table 2. OWL 2 QL is based on DL-Lite. 
 

Table 2. OWL 2 languages - Features and complexity of reasoning tacks  
OWL 2 
Profile 

Description 
Logic Reasoning Complexity 

OWL 2 EL ℰL ++ Polynomial time (PTime) for standard reasoning tasks. 
Suitable for large ontologies with simple class hierarchies. 

OWL 2 QL DL-Lite_R Logarithmic space for query answering. Optimized for 
applications requiring efficient query processing. 

OWL 2 RL Description Logic 
Programs (DLP) 

Polynomial time (PTime) for rule-based reasoning. Designed 
for applications leveraging rule-based inference engines. 

 
As description logics having possibilities to represent non-crisp knowledge subsume 

some properties from corresponding crisp logics, we first made complexity analysis of 
reasoning on crisp ontologies, and then we discuss possibilities for modelling fuzzy or 
probabilistic knowledge and complexity of reasoning in non-crisp models. 

2.1. Complexity of reasoning in crisp ontologies (see table 3) 
Table 3. Complexity of Satisfiability, Subsumption reasoning tacks  

Description Logic Expressiveness Time Complexity Space Complexity 
ALC Medium ExpTime-complete PSpace-complete 

ALC H Medium ExpTime-complete PSpace-complete 
SRIϑ 𝓠𝓠 (OWL 2 DL) High ExpTime-complete PSpace-complete 

SHI 𝓠𝓠 High ExpTime-complete PSpace-complete 
𝓔𝓔L Low PTime-complete PTime-complete 

DL-lite Low PTime-complete PTime-complete 
SHIϑ 𝓠𝓠 Very High NExpTime-complete Exponential 

 
Practical usability of description logic variants is tightly related to presence of 

corresponding ontology development languages and effective reasoning engine. 
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Table 4. Features and complexity frequently used DLs  
Description Logic 

(DL) variant Features Data 
Complexity 

Combined 
Complexity 

DL-Lite  Lightweight, optimized for databases, 
no full negation 

LOGSPACE  PTIME 

RL, 𝓔𝓔L + Efficient for large ontologies, 
supports conjunction and existential 

restrictions 

PTIME PTIME 

ALC Allows negation, disjunction, and full 
existential quantification 

NP-
complete 

PSPACE-
complete 

SHI 𝓠𝓠 Adds transitive roles, inverse roles, 
number restrictions 

NP-hard EXPTIME-
complete 

S R Iϑ 𝓠𝓠 (OWL 2 
DL) 

Highly expressive (role hierarchies, 
qualified number restrictions) 

NP-hard 2EXPTIME-
complete 

2.2. Probabilistic ontologies 

There are two main types of non-crisp knowledge: probabilistic and fuzzy 
knowledge, representing two different approaches to handling uncertainty. Fuzzy 
knowledge deals with imprecision and vagueness. Imprecise information is represented 
in degrees rather than binary true/false values. Fuzzy knowledge allows for partial truths. 
Probabilistic knowledge represents uncertainty in terms of the likelihood of events 
occurring. 

2.2.1. Probabilistic description logics 

Probabilistic Description Logics (PDLs) extend classical DLs by integrating 
probability theory, allowing for reasoning under uncertainty. Probabilistic semantics 
often is modelled by distributions over possible worlds or by probabilistic annotations 
on axioms. For example, a concept may have a probability distribution over its instances 
or relations might have certain probabilities attached. In probabilistic DL, the entailment 
task seeks to find the probability that one statement follows from others under certain 
probabilistic constraints. Consistency Checking in PDLs involves verifying whether 
there exists a model where the probabilistic constraints hold true. This can include 
checking if a certain class have a non-zero probability or have probability greater than 
some value. 

Model checking involves verifying whether a given model (e.g., a probabilistic 
interpretation of a knowledge base) satisfies a set of constraints. This may include 
checking whether a particular class membership has a sufficiently high probability. 

Classification tack in PDL includes determining the most likely class for an 
individual or a set of individuals based on their probabilistic relationships. Instance 
checking with probabilities include determining whether an individual satisfies a 
probabilistic concept. Query Answering involves determining the probability of certain 
facts or relations in probabilistic knowledge base. Probabilistic query example: "What is 
the probability that a certain individual is an instance of a class?". Probabilistic 
extensions of standard DL reasoning tacks add complexity of calculating probabilities 
associated with them and complicates reasoning, making some tasks more 
computationally intensive than in classical description logic. Inference in probabilistic 



International Journal on Information Technologies & Security, № 2 (vol. 17), 2025 69 

DL is more complex than tableau-based reasoning in crisp DLs due to the need of 
specialized probabilistic inference algorithms, such as belief propagation, Markov Chain 
Monte Carlo (MCMC), or approximate inference techniques. 

Practically valuable Probabilistic Extensions of DLs include: Probabilistic ALC (P-
ALC) and Probabilistic DL-Lite. In probabilistic DL-Lite [1] DL-Lite axioms are 
associated with probabilities.This extension allows for querying knowledge bases with 
probabilistic information and maintain tractable reasoning incorporating uncertainty. 

Probabilistic ALC (P-ALC) is a probabilistic extension of  the DL sublanguage ALC. 
P-ALC handles probabilistic reasoning while still maintaining a balance between 
expressiveness and complexity. It can be used in situations requiring detailed knowledge 
about the relations between concepts, such as in medical diagnosis. 

Other probabilistic DL, B 𝓔𝓔L [2] is designed to represent classical knowledge that 
depends on an uncertain context. The probability distribution of different contexts is 
expressed by a Bayesian network (BN). The probabilistic DL extension BALC combines 
ALC and BNs[3]. BALC axioms are required to hold only in some (possibly uncertain) contexts, 
which are expressed through annotations.  

Probabilistic Description Logics model uncertainty using probability distributions 
over a set of variables, representing concepts and relationships as nodes, and the 
probabilistic dependencies between them as edges. Bayesian Description Logics are 
useful in decision support systems, medical diagnosis, and risk management, where 
uncertain knowledge and dependencies need to be modeled probabilistically. 

2.2.2. Probabilistic ontology languages 

Various probabilistic extensions of DLs have been proposed recently but most of 
them are only presented as mathematical theories. Only a few extensions are 
implemented in reasoning engines. PR-OWL (Probabilistic OWL) is a ontology 
representation language for reasoning in the presence of uncertainty. PR-OWL is an 
extension of OWL that integrates Bayesian networks and description logics [4]. It is 
useful in applications requiring both probabilistic inference and structured knowledge 
representation. 

The BayesOWL [5] framework extends OWL capacities for modelling and 
reasoning with uncertainty. It applies a set of rules to transform the class hierarchy 
defined in an OWL ontology into a Bayesian network. 

2.2.3. Probabilistic reasoning complexity and probabilistic reasoning engines 

The main problem, related to the practical usage of probabilistic description logics 
is its high reasoning complexity. The complexity of reasoning tacks in particular 
probabilistic DL extension depends on the complexity of reasoning in the corresponding 
crisp DL, used probabilistic model and effectiveness of reasoning algorithms, built in 
reasoning engines. In almost all cases, adding probabilistic elements in description logic 
variants increase the complexity of reasoning (see table 4 for standard DL). This is 
because of the needs of additional calculations of the probability of certain conclusions 
during reasoning. 
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Table 4. Comparison of reasoning complexity in standard and probabilistic DL 

Task Complexity 
(Classical DL) Complexity (Probabilistic DL ) 

Consistency  checking PSPACE  PSPACE (extended to probabilistic cases 
Entailment EXPTIME  EXPTIME (extends in probabilistic versions) 

Probabilistic 
Satisfiability 

NP (for standard DL) PSPACE or EXPTIME (depends on the 
model) 

Probabilistic Inference - #P-complete or worse 
Axiom Subsumption ExpTime (for DL) PSPACE or EXPTIME 

Classification EXPTIME  EXPTIME or harder  
Query Answering PSPACE or 

EXPTIME  
NP-complete or higher (probabilistic 

queries) 
 

Annotation properties, or specific language extensions can be used, and 
probabilities can be assigned to different axioms. The practical implementations of 
reasoning algorithms, used for probabilistic inference in probabilistic reasoners also are 
of great importance. 

TRILL [6] is a free probabilistic reasoning engine for DISPONTE KBs, 
implemented in Prolog. It uses backtrackings for handling the non-determinism of the 
tableau algorithm. An reasoning engine BUNDLE [7] is a probabilistic extension of  
well-known Pellet.  It first uses Pellet to perform inference over crisp logic, discarding 
probability values, and then compute the probability of the query using probabilistic 
annotations of axioms. In fact, BUNDLE is a modular realization of an algorithm, 
working with probabilistic annotations of DL axioms.  It can be also embedded in 
Hermit, Fact++ and JFact OWL reasoners. PR-OWL Decision [8] is a framework that 
supports description logic reasoning and probabilistic inference.  It includes both a 
graphical user interface (GUI) and a reasoning engine developed to work with PR-OWL. 
It is useful for supporting decision-making based on probabilistic ontologies. 

In large Markov Networks, exact inference can be computationally expensive, and 
approximate methods like Loopy Belief Propagation (LBP) or MCMC are often used. 

2.3. Fuzzy knowledge inclusion in ontologies 

2.3.1. Fuzzy description logics 
Classical DLs can’t be used for modelling incomplete, unclear or vague knowledge.   

Fuzzy Description Logics (FDL) extends classical Description Logics (DLs) by adding 
capabilities to represent unclear, vague (fuzzy) knowledge.  

Fuzzy Description Logic introduces the idea of graded membership of instances in 
concepts, or degrees of truth of statements to handle vagueness more effectively. In FDL, 
the membership functions can have a range of values, typically between 0 and 1, 
indicating the degree to which an object belongs to a particular concept. This is useful 
for more nuanced reasoning, specific in many cases for real-world applications where 
categories are not sharply defined or can overlap each other. Fuzzy Description Logics 
are extremely useful in areas as Medical Diagnosis, Image and Speech Processing, 
Natural Language Processing. Fuzzy description logics can use one or more of the 
following fuzzy components: Fuzzy Sets and Membership Functions,  Fuzzy Roles, 
Fuzzy Operators, fuzzy properties.  
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In FDL, concepts are described by fuzzy sets, where each individual has a 
membership degree in the set, less or equal to 1. Fuzzy Role Assertions can also have 
membership functions, which quantify the degree to which a relationship holds between 
two individuals. In this model, fuzzy quantifiers like "most," "some," "few," or "almost 
all" are applied. For example, a rule might assert that "most tall people are good 
basketball players," with the degree of truth (membership) being fuzzy rather than 
binary. Fuzzy Operators AND, OR, NOT: In the context of Fuzzy DL, T-norms and T-
co-norms are generalizations of the standard conjunction (AND) and disjunction (OR) 
operators in fuzzy logic, used to handle the fuzzy intersection and union of concepts  

Fuzzy logic includes new reasoning tacks: Fuzzy Classification, determining to 
what degree an individual belongs to a fuzzy class; Fuzzy querying, aiming to find 
individuals that satisfy fuzzy constraints. The choice of T-norm significantly influences 
both the decidability and complexity of reasoning tasks in FDLs. While Minimum and 
Product T-norms tend to maintain EXPTIME-complete complexity, other T-norms, such 
as Lukasiewicz, may introduce increased complexity. Discrete norms lead to less 
computational complexity than continuous norms.  

2.3.2. Fuzzy ontology languages 

Fuzzy OWL is an extension of the widely used OWL ontology language. The fuzzy 
extension of OWL 2 is Fuzzy OWL 2 [9], which provides support for representing fuzzy 
data types, fuzzy modifiers, fuzzy classes, axioms, and fuzzy Abox. 

Fuzzy OWL is based on fuzzy DLs f-SHIF(D) and f-SHOIN(D). Fuzzy OWL also has 
several interchangeable syntactic forms: RDF/XML, abstract syntax, etc. 

2.3.3. Fuzzy reasoning engines 

Approximate reasoning techniques are often used in practical reasoning under fuzzy 
logics. For example, a limited number of discrete fuzzy values or crisp approximations 
to fuzzy sets are used. This can lead to tractable reasoning while still maintaining the 
useful properties of fuzziness. Some OWL reasoners like Pellet or HermiT (traditional 
OWL reasoners) have been extended to handle fuzzy ontologies. These reasoners can 
infer fuzzy memberships for concepts, classes, and properties, although they are not 
always as fully featured as dedicated fuzzy DL reasoners. 

The fuzzyDL reasoner [10] provides reasoning services over fuzzy ontologies.  As 
crisp ontologies are a special case of fuzzy ontologies, it also can be used for reasoning 
over crisp ontologies. It supports an extension of the fuzzy Description Logic SℋIℱ (D) 
(including GCIs, role inclusions, transitive roles, functional roles, inverse roles, inverse 
functional roles, reflexive roles, and data property range axioms). FuzzyDL reasoner 
performs pre-processing, tableaux reasoning and applies optimisation techniques to 
maximize its computational efficiency. DELOREAN reasoner supports fussy OWL2 
[11].  It translates fuzzy OWL2 ontologies to crisp OWL2 ontologies. Then translated 
versions can be used by classical Description Logic inference engines. 
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2.4. Description logic-based technologies, modelling both fuzzy and 
probabilistic knowledge 

There are only a few research on combining both fuzzy and probabilistic knowledge 
in ontologies. Fuzzy Bayesian networks (FBN) enhance the classical BN by adding 
vague and imprecise knowledge that may be attached to the random variables. So, FBNs 
are hybrid models, combining the capabilities of Bayesian networks and fuzzy logic [12]. 
The proposed solution is described as a process, taking as an input a fuzzy ontology and 
outputs a probabilistic fuzzy ontology. On the author’s knowledge, reasoning tool, using 
the resulting ontology was not proposed. Combination of Fuzzy and Probabilistic logics 
using fuzzy Bayesian networks were also discussed in [13, 14]. In other cases, 
researchers combine different inference mechanisms, such as fuzzy rule-based systems 
(for ambiguity) and Bayesian networks [15]. The idea is to ensure use of different 
approaches to represent different types of knowledge. Complexity and decidability 
problems of these approaches were not discussed.  

3. METHODOLOGY FOR SELECTING THE APPROPRIATE 
TECHNOLOGY FOR MODELING OF UNCERTAIN KNOWLEDGE 

The complexity of reasoning in expressive DLs is the main problem in the practical 
usage of ontology-based knowledge models. And inclusion of probabilistic or fuzzy 
knowledge usually leads to decreasing of reasoning effectiveness. We propose a 
methodology for selecting the suitable for specific domain and tack knowledge 
representation formalism (having minimal possible logical complexity) that can ensure 
maximal reasoning effectiveness. 

Our methodology includes the following steps and main sub steps (see fig.1): 
1. Identify the Domain and its Complexity: 

Number of classes and relations; needs from general concept inclusions; needs from 
complex roles (inverse, transitive, etc.); needs from storing and reasoning with grand 
number of individuals. 

2. Define the needed Reasoning Tasks 
Importance and frequency of usage of subsumption tacks; importance and frequency of 
usage of query answering tacks; importance and frequency of usage of satisfiability 
tacks; importance and frequency of usage of A-box reasoning tacks. 

3. Consider Ontology Requirements and Select a basic description logic based on 
the expressiveness and reasoning needs (e.g., ALC, SHIQ, EL, etc.); based on the im-
portant functionality for the domain and application and complexity of reasoning tacks.  

4. Consider existing standards (e.g., OWL 2, effective reasoning engine) if you’re 
working with existing ontologies or web-based applications 

5. Choosing of appropriate extensions of crisp knowledge (fuzzy or 
probabilistic, or both uncertain type knowledges should combined 

Is it important to include probabilistic knowledge?  What is the best probabilistic model; 
Is it important to include fuzzy knowledge? What is the best fuzzy model? 

6. Adding needed non-crisp knowledge based on the importance of needed non-
crisp knowledge and computational complexity. Identify the types of uncertainty related 
to data and applications. 
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6.1. Adding probabilistic knowledge in the knowledge bases: 
Preliminary examination of the needs, analysing specifics of the needed 
probabilistic knowledge and selection of appropriate probabilistic elements, 
Choosing the probabilistic model (e.g., pDL, MLNs, P-OWL, etc.). 

6.2. Adding fuzzy knowledge in the knowledge base: 
Preliminary examination of the needs, analysing specifics of the needed fuzzy 
knowledge and selection of appropriate fuzzy elements, choosing the fuzzy 
model 

7. Find appropriate reasoning tools 
8. Evaluation of possibilities of existing reasoners for selected extended DL 

variant 
 

 
Figure  1. The methodology for selecting the appropriate technology 

 
In many cases, results from evaluation can be unsatisfiable, or developers may 

wish to achieve higher expressiveness, or faster reasoning. To do so, all the main steps 
should be repeated in the context of stated new goals. 

4. DISCUSSION 

During the first three steps selection of the underlined crisp description logic system 
is performed. The selection is based on domain and tack requirements on the size of 
ontologies, richness of knowledge representation, important reasoning tacks and 
theoretical evaluation of expected reasoning complexity. If there is a need to work with 
large ontology, decreasing of logical complexity is very important. This can be achieved 
by careful exploration of needed restrictions related to reasoning with GCIs, roles and 
individuals and avoid usage of transitive, reflexive, inverse or functional roles, if 
possible. Try to use lightweight OWL sublanguages for effective reasoning if its 
limitations are acceptable for the application. For example, in Medical domain a highly 
expressive DL like SROIQ might be needed for complex hierarchical relationships and 
constraints, but ontology size should be restricted to ensure reasonable computational 
efficiency. On the other hand, lightweight EL is used in large ontologies to ensure 
reasonable efficiency of reasoning tacks like query answering.  
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Consideration of the possibilities of partitioning for large ontologies and the 
available inference algorithms (in the used reasoners or specific software) and 
optimizations in available reasoners also is important. Standard reasoners are optimized 
for reasoning tacks over standard OWL sublanguages and underlined logical systems, so 
consider selection of the logical system, related to some standard OWL sublanguage or 
implemented in well working or highly optimizer reasoner (step 4). If it is impossible, 
think about development of specific reasoning and optimization algorithms (for your 
specific ontological system).  

Choosing the needed description logic extension (fuzzy or probabilistic) is a result 
of analysis of the needs from usage of non-crisp knowledge and analysis of probabilistic 
and fuzzy extensions capabilities, proposed in this work.  The most complex case is when 
domain and tack needs require working with both probabilistic and fuzzy knowledge. 
This is usual case in some practical domains, as medical or e-learning domains. 
Identifying conditional independence relationships within the ontology will reduce the 
number of variables that need to be modelled and allows probabilistic reasoning to focus 
only on the essential dependencies. Choosing only a subset of features that are important 
for the reasoning task is also important.  

To minimize complexity, use simple fuzzy operations, such as Zadeh’s T-norms and 
T-conorms (for intersection and union, respectively) or Lukasiewicz logic (which is 
more computationally friendly). Avoidance of nested or higher-order fuzzy operations 
(e.g., fuzzy intersections of fuzzy intersections) and usage of discrete fuzzy models and 
reasoning tools, implementing approximate reasoning will ensure reasonable 
complexity. Selection between conditional probability models and Markov probabilistic 
models according to the modelled domain specifics and available well optimized 
reasoning tools is important for development of effective systems. Probabilistic models, 
based on Bayesian networks are better for combining both probabilistic and fuzzy 
knowledge in the same ontology. Another approach for combining the two types of non-
crisp knowledge is to add probabilistic knowledge in ontology by usage of annotation 
properties.  Most of non-crisp knowledge modelling studies mainly focus on how to 
represent probabilistic or fuzzy information in ontologies and perform reasoning through 
them. It is important to explore carefully reasoner’s properties and optimizations. 
Selection or development of highly optimized probabilistic or fuzzy DL reasoning tools 
that use approximation techniques for inference also is important. Most of the upper-
discussed approaches for development of fuzzy or probabilistic ontologies are new and 
are not automatically applicable for systems that already have and use developed 
ontologies. And in some cases it will be better for experts to have possibilities to store 
crisp, fuzzy or probabilistic knowledge in one and the same knowledge base and have 
possibilities to reason using independently crisp, probabilistic or fuzzy knowledge using 
simpler and faster reasoners in parallel processes and integrate results. ByNowLife 
framework [16] is a step towards ensuring integration of crisp ontologies and BNs. It 
presents an approach for integrating BN with OWL by providing an interface for 
retrieving probabilistic information through SPARQL queries. ByNowLife can 
transform logical information contained in an ontology into a BN and probabilistic 
information contained in a BN into an ontology. So, ByNowLife, can integrate separate 
ontologies and BN knowledge bases into a single knowledge base to ensure both logical 



International Journal on Information Technologies & Security, № 2 (vol. 17), 2025 75 

and probabilistic reasoning through it, and also can separate crisp and probabilistic 
knowledge from probabilistic ontologies. This can be useful for building reasoning 
engines, performing parallel crisp and probabilistic reasoning to decrease effective 
reasoning complexity. 

5. CONCLUSION 

Non-crisp knowledge representation and reasoning are crucial for many practical 
domains and tacks, but reasoning complexity in corresponding systems is very high.  To 
reduce the computational complexity in non-crisp extensions it is better to avoid use of 
expressive ontologies (e.g. using fewer hierarchical layers or fewer disjointed concepts, 
simpler roles and instance restrictions). Non-crisp extensions also should have minimal 
possible expressiveness (e.g. use most adequate models, minimal possible numbers of 
probabilistic variables, or discrete norms in fuzzy extensions, if possible). The main 
strength of the proposed methodology is its orientation to maximal possible decreasing 
of logical complexity of non-crisp ontologies. The proposed analysis of various DL 
extensions shows how the simplification can be done.  Some of standardized OWL 
reasoners have optimized probabilistic or fuzzy extensions (and should be used in 
practical reasoning systems), but they are very slow for reasoning with large and 
complex ontologies. Large, complex knowledge bases should be partitioned to ensure 
faster reasoning, if it is possible. This makes the question of development of effective 
reasoners for particular logics very important. 
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