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ABSTRACT

The relevance of the study is o6ycnosnena the fact that modern intelligent software systems operate under conditions of
incomplete, conflicting, and dynamically changing data, as well as limited computational resources, which necessitates improving the
adaptability, robustness, and correctness of decision-making processes compared to traditional approaches focused on tuning
individual algorithms. Furthermore, the increasing complexity of information environments and the need to process heterogeneous
data sources intensify the requirements for consistency and reliability of analysis results. Under such conditions, the transition to
controlling the structure of the decision-making process as a higher-level object becomes particularly important. The aim of the
study is to improve the adaptability, robustness, and correctness of decisions by shifting from the tuning of individual algorithms to
the controlled modification of the structure of the analysis process, including the composition of active software components, the
order of their interaction, and the rules governing transitions between processing modes. The methods of the study are based on the
approach of evolutionary control of the decision-making structure, which involves controlled transformations of admissible
configurations, integration of fuzzy interpretation and evidence aggregation, assessment of the reliability and consistency of
information sources, as well as formal proof of correctness, finite convergence, and local optimality properties. The proposed
approach enables adaptive selection of the analysis process configuration depending on the level of uncertainty and available
resources. In addition, the method ensures a balance between decision-making accuracy and computational resource costs under
dynamic operating conditions. The results of the study consist in the development of a model and a method for evolutionary control
of the decision-making structure, as well as their practical implementation in the form of an intelligent medical diagnostic system,
where experimental studies have shown that as the level of uncertainty increases, the system automatically activates additional
mechanisms for source consistency control and predictive analysis, thereby providing enhanced robustness of results compared to a
baseline fixed configuration.
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INTRODUCTION system in which the control object is the structure of
the decision-making process, including the set of
active algorithms, the order of their interaction, and
the conditions for their activation. In what follows,
optimization is understood as a process of controlled
structural and algorithmic adaptation aimed at
aligning decision quality with the level of
uncertainty and resource constraints, rather than as a
classical search for a global optimum.

The absence of formalized mechanisms for
controlling the structure of the decision-making
process leads to two typical problems: making
insufficiently justified decisions under a lack of
information, or, conversely, employing excessively
complex analysis mechanisms in situations where
this is not justified. In view of the above, the
transition from evaluating individual decisions to
assessing system behavior at the meta-level becomes
a relevant task — that is, evaluating the system’s
ability to modify its own decision-making logic
depending on the level of uncertainty, data conflict,

Modern intelligent software systems operate in
environments characterized by a high level of
information uncertainty, conflicting input data,
dynamic changes in operating conditions, and
limited computational resources. Under such
conditions, system effectiveness is determined not
only by the accuracy of individual analysis
algorithms, but also by the system’s ability to adapt
the decision-making process as an integral structure,
including the set of involved components, their
interaction modes, and the rules governing
transitions between processing regimes. Most
existing approaches focus on parametric adaptation
or on selecting among predefined operating modes,
which significantly limits the system’s ability to
respond correctly to changes in data quality and
uncertainty levels.

Within the scope of this work, the model and
method are developed for an adaptive intelligent
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and available resources. Such a transition requires
not only new control models, but also appropriate
criteria and metrics that make it possible to assess
the adaptability, robustness, and correctness of
structural transformations during system operation.

LITERATURE REVIEW AND PROBLEM
STATEMENT

In contemporary research, the problem of
decision-making under uncertainty has been
primarily examined in the context of complex
information and networked systems. In [1], a
systematic review of decision-making methods for
hyperconnected networks was conducted, where
uncertainty arose due to incomplete information and
dynamic changes in the environment. Similar issues
related to inference stabilization and belief updating
under stochastic conditions were analyzed in [2]. At
the same time, in these works the decision-making
process was considered mainly at the level of
individual inference algorithms, without explicit
formalization of the structure of the analysis and
decision-selection process itself.

Subsequent  studies  focused on  the
formalization of knowledge and belief updating
processes. In [3], it was shown that conditional
belief updating makes it possible to reduce the effect
of  implicit  uncertainty  during  evidence
accumulation. The study presented in [4] examined
learning and decision-making under different types
of uncertainty, including expected and unexpected
uncertainty, which confirmed the limitations of
classical learning models. However, the proposed
approaches did not specify how changes in the level
of uncertainty should influence the selection or
restructuring of the decision-making logic as an
integrated process.

To overcome these limitations, the use of
extended formal frameworks was proposed. In [5], a
model for joint assessment of stochasticity and
volatility was developed, enabling adaptation of the
learning process to environmental changes. In turn,
[6] generalized approaches to  uncertainty
representation using fuzzy relations, which laid the
foundation for hybrid decision-making models.
Nevertheless, these models focused on improving
evaluation and inference mechanisms and did not
address the problem of controlling the structure of
the decision-making process depending on system
operating conditions.

A separate line of research addressed methods
for control and optimization of decision-making
processes. In the monograph [7], model predictive
control methods were formalized and later used as a
basis for controlling complex adaptive systems. The

application of fuzzy multicriteria methods to
decision-making problems was demonstrated in [8].
However, within these approaches, the structure of
the decision-making process was generally assumed
to be fixed, and adaptation was reduced to adjusting
parameters or criterion weights.

Architectural aspects of adaptive and self-
adaptive software systems were investigated in [9],
where the evolution of approaches to engineering
such systems was outlined. In [10], a systematic
review of existing architectural solutions, feedback
mechanisms, and scalability issues was carried out.
Despite the attention given to architectural
adaptation, formal decision-making models in these
works were considered in isolation from
mechanisms for controlling the structure of analysis
and decision selection processes.

Further studies focused on the formalization of
adaptation processes.

In [11], the integration of fuzzy logic was
proposed to optimize decision support systems
operating under highly uncertain data. In [12],
approaches to the engineering of self-adaptive
systems were generalized in the form of a structured
survey, which made it possible to systematize
existing solutions. At the same time, adaptation was
interpreted mainly as the system’s reaction to
external changes, without formalized control over
the evolution of the internal structure of the
decision-making process.

In [13], the life cycle and requirements of
software systems using smart contracts were
analyzed, demonstrating the necessity of formalized
control over process structures throughout their
operation. Architectural mechanisms for supporting
high adaptability were proposed in [14], where the
concept of multilevel feedback loops was
introduced. In [15], self-organizing demand-supply
management systems were examined, confirming
the feasibility of decentralized solutions in dynamic
environments. However, these approaches did not
establish an explicit relationship between the level of
uncertainty, data conflict, and the choice of the
decision-making process structure.

Formal models of adaptive systems based on
fuzzy rules and Petri nets were proposed in [16],
enabling the description of system behavior at the
structural level. The problem of evaluating such
systems was systematized in [17], where the absence
of a unified formal approach to assessing adaptation
effectiveness was shown. This significantly
complicates the comparative evaluation of different
decision-making structures and the justification of
their selection under specific operating conditions.
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Issues related to information loss, the impact of
missing and redundant data on decision quality
during result aggregation were analyzed in [18],
which is consistent with multicriteria analysis
approaches and confirms the need to control source
reliability in decision-making processes [19]. The
application of fuzzy sets to safety and reliability
problems was investigated in [20], demonstrating the
effectiveness of fuzzy models in critical systems.
However, mechanisms for assessing trust in
information sources typically did not influence
changes in the overall structure of the decision-
making process.

Further research aimed at combining
architectural and stochastic models. In [21],
stochastic modeling of adaptation processes based
on software system architecture was proposed. The
integration of requirements, control models, and a
model predictive approach was implemented in [22].
Nevertheless, structural transformations of the
decision-making process in these works were not
formalized as a controllable meta-level object.

Hybrid decision-making methods based on
information fusion were proposed in [23], while
fuzzy control systems with a limited number of
parameters were presented in [24].

Decision-making problems in conflict and
cooperative scenarios with incomplete information
were formalized in [25], [26]. The theoretical
foundations of network-based decision analysis
methods were summarized in [27], and modern
approaches to measuring uncertainty within
evidence theory were reviewed in [28].

Further development of evidence theory and
belief structures was carried out in [29], where
mechanisms for weight generation and decision
support were formalized. The application of
intelligent methods in complex engineering and
industrial systems was generalized in [30]. Finally,
works [31], [32] demonstrated the use of
probabilistic and Bayesian models for decision
support in critical systems, particularly in emergency
control tasks. Subsequent studies [33], [34] extended
these approaches through dynamic and hybrid
models focused on risk analysis and the control of
complex technical objects. Papers [35], [36]
addressed general problems of decision adaptation
and data consistency in complex information
environments. At the same time, studies [37], [38]
showed that, despite the effectiveness of such
models, the formalized representation and controlled
evolution of decision-making structures in intelligent
software systems remain an open scientific problem.

Thus, the literature analysis indicates the
existence of a scientific and applied problem related
to the lack of formalized models and methods for
controlling the structure of the decision-making
process itself in intelligent software systems under
uncertainty. Most existing approaches focus either
on improving individual inference algorithms or on
architectural adaptation of software components,
without considering the structure of the analysis and
decision selection process as an explicit control
object. As a result, changes in the level of
informational uncertainty, data conflict, or resource
constraints do not have a formalized reflection in the
choice of analysis logic, the set of active
components, or their interaction modes.

There is also a lack of a unified formal
framework that would allow describing, comparing,
and controllably evolving different decision-making
structures throughout the life cycle of an intelligent
system. Existing models generally do not ensure
coordination between mechanisms for uncertainty
assessment, trust correction for information sources,
and structural transformations of the decision-
making process, which prevents a systematic
evaluation of the adaptability and robustness of such
systems.

In this context, the development of a formalized
model and method for evolutionary control of the
decision-making process structure is a relevant task,
in which the analysis structure is treated as a
controllable meta-level object capable of changing
according to the current operating conditions of the
system. Solving this task enables a transition from
fragmented parametric adaptation to the controlled
evolution of decision-making logic, aligned with the
level of uncertainty, information quality, and
resource constraints.

RESEARCH AIM AND OBJECTIVES

The aim of this study is to improve the
adaptability, robustness, and correctness of the
decision-making process in intelligent software
systems under conditions of informational and
structural uncertainty by means of evolutionary
control of the decision-making structure, which
enables the system to modify the logic of analysis,
information processing modes, and component
activation rules in accordance with current operating
conditions.

To achieve the stated aim, the following
objectives are addressed in this study.

1. To analyze existing approaches to adaptive
control and decision-making in intelligent software
systems and to identify their limitations with respect
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to managing the structure of the decision-making
process.

2. To formalize the decision-making structure
as a control object defined by a set of components,
their  interaction  modes, and  admissible
configurations under conditions of uncertainty.

3. To develop an algebraic representation of
the space of control structures that enables the
description of composition, extension, reduction,
and adaptation operations while accounting for
multi-level uncertainty and resource constraints.

4. To propose a method for synthesizing
control strategies that realizes the selection and
evolution of decision-making structures as a
controlled sequence of algebraic transformations.

5. To define an evolutionary life-cycle model
of an intelligent software system in which iterations
correspond not only to the refinement of
implementation parameters but also to the controlled
restructuring of the decision-making process.

6. To demonstrate the feasibility of the
proposed approach through modeling the selection
of control structures under different levels of
uncertainty and resource constraints.

MATERIALS AND METHODS OF
EVOLUTIONARY CONTROL OF THE
DECISION-MAKING STRUCTURE

Formalization of the decision-making process
structure

The model of evolutionary control of the
decision-making structure in intelligent software
systems constitutes the main scientific result of this
study and defines a formalized representation of the
decision-making process as a controllable structure.
Within this work, a model is understood as a formal
representation of the decision-making process in
which the structure of analysis and decision
selection is treated as an explicit control object that
can be modified depending on the system’s
operating conditions. The decision-making process
in an intelligent software system is considered as a
formalized sequence of data-processing stages,
within which the interpretation of input information,
evaluation of alternative decisions, reconciliation of
results from different knowledge sources, and
control of the uncertainty level of the obtained
conclusion are performed. Such a process structure
determines the order of interaction between software
components of the system and the rules for
transitions between the stages of analysis and
decision selection.

Input data are represented in the form of a
vector of observable parameters x = (X1, Xo, ..., Xn),

which is formed on the basis of measurement results,
logs, sensor data, or expert assessments. At the first
stage, these parameters undergo semantic
interpretation using fuzzy rules, as a result of which
a generalized fuzzy assessment p.(x) €[0,1] is
computed, reflecting the degree of conformity of the
current state to the target state.

For further formalized processing of the
interpretation results, a set of alternative decisions
©={H1,H,}is introduced, where H: corresponds to
accepting the target decision, and H, represents its
alternative.

Within the integration of fuzzy inference with
evidence theory, the mass function is constructed by
taking into account both the degree to which the
current state belongs to the target class and the level
of trust in the information source. The support of the
hypotheses is defined so that a portion of the mass,
proportional to the value of the fuzzy assessment, is
distributed between hypotheses Hi and H,, while the
remaining mass is interpreted as generalized
uncertainty and assigned to the entire set ®. This
approach corresponds to the classical discounting
mechanism in Dempster—Shafer theory and makes it
possible to separate the support of the alternative
hypothesis from residual uncertainty.

Taking into account the trust coefficient y €
[0,1], the mass function takes the following form:

mM(H1) =y *uL(x),
m(Hz) =y * (1 — pL(x)),
m(H1UH2) = 1 — .

The specified representation of mass functions
does not assume an explicit assignment of mass to
the empty set, since conflicts between knowledge
sources are not modeled at the stage of forming
individual assessments but are identified and taken
into account separately during inter-source
consistency analysis. This makes it possible to
separate the mechanisms of local interpretation from
those of global consistency evaluation. As a result,
this approach to constructing mass functions ensures
a balanced representation of fuzzy inference
outcomes and provides a foundation for subsequent
analysis of assessment consistency and adaptive
adjustment of the decision-making structure.

©)

The initial values of the trust coefficients vy;
are computed as a weighted sum of the normalized

expert characteristics:

q q
YEO) = Z ZkCik sz =1 2z, 20,
k=1 k=1

184 Theoretical aspects of computer science,
programming and data analysis

ISSN 2663-0176 (Print)
ISSN 2663-7731 (Online)



Komleva N. O. /

Herald of Advanced of Information Technology

2026; Vol.9 No.2: 181-198

where z, are the weighting coefficients of the
criteria that reflect their relative importance in a
specific application context of the system.

Such characteristics include indicators of
professional competence, stability of assessments,
and expert behavior during interaction with the
system. This makes it possible to define the initial
parameters of the decision-making process without
relying on external, non-formalized procedures. In
the case of multiple information sources, the
described method for constructing mass functions is
applied to each source individually, followed by
consideration of their individual trust coefficients.

To automatically detect discrepancies between
knowledge sources within the process structure, the
Kullback-Leibler  divergence  between  the
corresponding mass functions is used.

For each source E;, an aggregated discrepancy
measure is computed:

Si= ) Deu(millmy).
Jj#i
Based on this value, the trust coefficient is

adjusted to reflect the actual consistency of the
assessments in the current analysis session:

.(cons) — 1

h 1+ A5,

where A > 0 determines the sensitivity of the model
to inter-expert discrepancies.

The integral trust coefficient is formed as a
combination of the initial estimate and the result of
the correction:

Vi = ﬁlyi(o) + ﬁz]/i(cons): p1+ B, =1,

which ensures a balance between the initial
characteristics of the expert and the actual
consistency of their judgments within a particular
decision-making session. To align the trust
coefficients with the evidence aggregation
procedure, the experts’ weighting coefficients are
determined through normalization.

_ Yi
Z£=1 Y

after which the weighted aggregation of mass
functions is performed:

n
magg(Hl) = Zi:1wi «m;(Hy),
n

Wi

The belief distribution obtained as a result of
evidence aggregation is used not only to accept or
reject a decision, but also as an indicator of the
current operating mode of the intelligent system. In
particular, the level of residual uncertainty is
interpreted as a quantitative characteristic of the
complexity and reliability of the information
situation in which the analysis is performed.

At low values of generalized uncertainty, the
system can operate in a simplified mode, using a
minimally sufficient structural configuration of the
decision-making process. In this case, only basic
mechanisms of fuzzy interpretation and aggregation
are applied, which makes it possible to reduce
computational costs and system response time
without loss of correctness of the results.

When the level of uncertainty increases or
significant ~ discrepancies  between  knowledge
sources are detected, a transition to an extended
control structure is initiated. Such a structure may
include additional information sources, refined fuzzy
inference rules, mechanisms for conflict assessment,
and adaptive correction of trust coefficients. The
selection of an extended configuration is interpreted
as a structural response of the system to the
increased complexity of the analysis conditions.

Thus, the aggregated measure of uncertainty
acts as a control signal that determines the
appropriateness of applying a particular decision-
making structure, allowing system adaptation to be
interpreted not only at the parametric level, but also
at the level of controlling the logic and organization
of the analysis process.

Algebraic representation of the space of control
structures

To move from parametric adaptation to
evolutionary control of decision-making logic, it is
necessary to formalize the notion of a control
structure as a meta-level object. Unlike descriptions
of individual algorithms (fuzzy inference, evidence
aggregation, etc.), the control structure defines the
admissible organization of the process itself: which
components are involved, in what sequence, under
what conditions they are activated/deactivated, and
how the analysis mode changes depending on
uncertainty and resource constraints.

Let S denote the universal set of possible
control structures of an intelligent software system.
Each structure SES is interpreted as a formalized
representation of a configuration of control

Magg(Hz) = o m(Hy), components (for example, fuzzy interpretation
Magg(Hy UHy) = 1—mgg,(Hy) — modu_les, Dempste_r—Shafer theory mechanl_sr_ns,
H conflict evaluation procedures, decision
magg( 2).
ISSN 2663-0176 (Print) Theoretical aspects of computer science, 185

ISSN 2663-7731 (Online)

programming and data analysis



Komleva N. O. /

Herald of Advanced of Information Technology
2026; Vol.9 No.2: 181-198

acceptance/rejection rules, threshold and trust update
mechanisms), as well as the relations between them,
transition rules, and interaction modes.

Since the selection and feasibility of a structure
depend on the current operating conditions, a vector
of multilevel uncertainty is introduced:

U - (Uinfo Ustruct Ucontext Ures> (1)

where U™ reflects data incompleteness and conflict,
ustet denotes uncertainty related to the structure of
the object or hypotheses, U™ characterizes the
variability of operating conditions, and U™
represents computational resource constraints.

For each vector U, a set of admissible control
structures is defined as S(U) <S, which includes
only those structures that can be correctly applied
under the current constraints.

To quantitatively represent the correspondence
of a structure to the operating conditions, an
admissibility function is defined as Dy: § —[0,1],
where Dy(S)=1 indicates full compliance with the
imposed constraints, and Dy(S)=0 denotes an
inadmissible structure. In practice, Dy, () is used as a
formal control mechanism ensuring that structural
transformations do not lead the system into an
incorrect or unrealizable operating mode.

The algebra of control structures under
conditions U is defined as a parameterized algebraic
system

Ag(U) = <§(U), °u, @Ui GU; IU)1

where 1yeS(U) is the neutral element corresponding
to the minimally admissible structure, that is, the
baseline analysis mode under conditions U.

The proposed algebraic representation of the
space of control structures differs from existing
approaches in that the object of formalization is not
individual algorithms or architectural patterns, but
the very logic of organizing the decision-making
process as a controllable configuration. This makes
it possible to treat structural changes not as a side
effect of parameter adaptation, but as a purposeful
operation within a clearly defined algebraic space
constrained by the current operating conditions of
the system.

The operations have the following meaning.

1. Composition ©o;;. The operation SioyS;
forms a structure in which the mechanisms of S; and
S; are combined (for example, adding a conflict
assessment module and source trust adjustment
within the fuzzy inference and evidence aggregation
process). The composition is partially defined: it is
admissible only if the resulting structure remains

within S(U) and does not violate resource or
structural constraints.

2. Structural extension @,. The operation S
@yA corresponds to a controlled increase in
structural complexity (adding new knowledge
sources, introducing more detailed rules, or
activating additional validation and consistency-
checking procedures), provided that it is consistent
with U™ and does not reduce admissibility below an
acceptable level.

3. Reduction ©y. The operation SSyA
implements structural simplification (removal of
certain components or transition to a more
conservative or resource-efficient mode) under
increasing uncertainty or resource scarcity.
Reduction is also partial: the resulting structure must
remain admissible within S(U).

In addition to algebraic operations, a partial
dominance relation Si:<uS; is introduced for the
comparative analysis of alternative structures. This
relation is interpreted as S, being no worse than S;
under conditions U, taking into account structural
complexity, resource cost, and robustness to
uncertainty. Such an ordering makes it possible to
treat S(U) as a partially ordered set and to formally
pose structure selection problems without binding
them to specific algorithmic implementations.

The dynamic aspect of evolutionary control is
represented by the evolution operator F : S(U,) -
S(U;41), which defines the transition from a
structure that is valid under conditions U; to a
structure that is admissible under the updated
conditions Ui Within this formulation, the
dynamics of the intelligent system are described not
only as changes in numerical estimates or
parameters, but as an evolution in the space of
control structures — a sequence of algebraic
transformations that modify the configuration of the
decision-making process in accordance with the
level of uncertainty, data conflict, and available
computational resources.

Method for synthesizing evolutionary control
strategies

This method is intended for the formalized
construction and adaptation of the control structure
of the decision-making process in intelligent
software systems under changing levels of multi-
level uncertainty. The method is based on the
algebra of control structures and implements control
as a sequential evolution of structures that are
admissible under the current operating conditions.

A key feature of the proposed method is that the
synthesis of the control strategy is performed
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without fixing a predefined architecture or
adaptation scenario. Instead, the strategy is formed
dynamically as a trajectory in the space of
admissible structures, determined by the current
level of multi-level uncertainty and available
resource constraints.

The control strategy is formalized as a sequence
of control structures

T= {St}z;:O’ St € g(Ut)’

where U, is the vector of multi-level uncertainty at
step t in accordance with (1).

The transition between structures is defined by
the evolution operator:

Ser1 = F'(St' U, AU),

which is implemented through algebraic operations
of composition, structural expansion, or reduction of
control structures.

The correctness of using a given structure is
controlled by the admissibility function:

Dy, (S): S - [0,1],

which reflects the degree of consistency of structure
S with the current informational, structural, and
resource constraints. A structure is considered
admissible if

Dy, (S) =6,

where  6€(0,1]
threshold.

The appropriateness of using a control structure
is evaluated using a local efficiency function:

E(S: Ut) = Z§=1 akek(sl Ut)l (2)

where e represent partial criteria — namely, the
reliability and soundness of diagnostic decisions,
robustness to uncertainty, resource cost, and
explainability — and ox are the corresponding
weighting coefficients.

The strategy synthesis method is implemented
through the sequential execution of the following
steps.

Step 1. Fixing the operating conditions. Based
on the current state of the system, the value of the
multilevel uncertainty vector U:; is determined,
which defines the admissible space of control
structures S(U,).

Step 2. Formation of the candidate set. For the
current structure S;, the set of structures reachable
through a single algebraic transformation is
determined:

is a predefined admissibility

N(S, U € SU).

Step 3. Verification of structural admissibility.
From the set N(S,U,), a subset of admissible
structures is selected:

Ns(S¢, Up) = S € N(S;, Up)| Dy, (S) = 6}.

Step 4. Efficiency evaluation. For each structure
S € Ns(S;,Up), the value of the local efficiency
function E (S, U,) is computed.

Step 5. Selection of the next structure. The next
control structure is determined according to the rule
of local optimization:

Si+1 =select max E(S,Up).

SEN§(St,Up)

If E(S¢yq,Us) < E(Se, Uy), stabilization of the
structure is allowed, that is, S¢1 = S;.

Step 6. Feasibility control of synthesis. If the set
Ns(S.,U.) is empty, the synthesis process is
terminated, and the system formally records the
impossibility of constructing a justified control
strategy under the current conditions.

Step 7. Transition to the next cycle. When the
operating conditions change, a new value Ui is
formed, after which the synthesis procedure is
repeated.

Thus, the proposed method for synthesizing
evolutionary control strategies implements a
controlled construction of a trajectory in the space of
control structures, ensuring consistency between the
decision-making logic and the current levels of
uncertainty and resource constraints.

The method enables formal switching of
analysis modes, stabilization of the structure under
stationary conditions, or a correct termination of the
synthesis process in the case of excessive
uncertainty, which makes it suitable for use in
adaptive intelligent systems.

For the proposed evolutionary strategy
synthesis method, formal properties of correctness,
finite convergence, and optimality can be
established; these properties are summarized in the
following theorem.

Theorem on the correctness, finite convergence,
and local optimality of the evolutionary control
method for decision-making structures.

Let U denote fixed operating conditions (levels
of uncertainty, data conflict, and resource
availability). Assume that: S(U) is a finite set of
admissible control structures; Dy :S(U)—[0,1] is an
admissibility function; 8€(0,1] is a predefined
admissibility threshold; Ns(S, U)SS(U) is the set of
structures reachable from S in one step that satisfy
the admissibility condition, ie. Ns(S,U)S{sS’ €
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S()|Dy(s") = 8); E(S,U) is a local efficiency
function used to evaluate the suitability of a
structure under the given operating conditions.
Consider a local synthesis algorithm that, for an
initial ~ structure  S,€S(U) with Dy(Sy) =8
constructs a sequence {Si}wo according to the rule

S;+1 =select max E(S,U).

SENg§(S:U)

and terminates when S+1=St.

Assume that the following conditions hold:

1. S(U) is finite.

2. For every SES(U), the set N5 (S, U) is non-
empty.

3. (Non-degeneracy of the step) If there exists
S'eNs(S, U) such that E(S',U)>E(S,U), then the

algorithm selects some S*e select max E(S,U)
SEN§(S,U)

such that E(S*,U)>E(S,U). If, for all S’€N5(S, U)
holds, then selecting E(S",U)<E(S,U) —
SEselectS max E(S,U) is allowed.

ENg

s

Then:

(a) Correctness: Vt>0: SieS(U) and Dy (S,) =
5.;

(b) Finite convergence: the algorithm
terminates after a finite number of steps at some
structure S*;

(c) Local optimality: the obtained structure S*
is locally optimal with respect to Ny (-, U), i.e.,

E(S*U)>E(S,U) VSEN4(S*, U).

Proof of the theorem.

Proof of (a): correctness.

We prove the statement by induction on t.

Base case t=0. By assumption, S,€S(U) and
Dy (S,) = 6. Hence, the statement holds for t=0.

Inductive step. Assume that for some t>0 we
have S,€S(U) i Dy(S,) = 8. By the algorithm rule,

Sw1€ select  max ) E(S,U).

SEN§(SH,U

By definition of the candidate set,
Ns(S,, U)SS(U) and every element of this set
satisfies Dy (S) > 8. Therefore, S,,,€S(U) and
Dy(S¢41) = 8. The inductive step is proved.

Hence, vt>0 we have S,€S(U) and Dy(S,) =
6. Item (a) is proved.

Proof (b): finite convergence.

Consider any step t. There are two cases:

1. Stop: St+1=S:. Then the algorithm terminates.

2. Transition: S+1#£S:. Then, by condition 3 (non-
degeneracy of the step), it follows that
E(St+1,U)>E(S,V).

Thus, at every non-terminating step the value
E(S;,U) increases strictly.

Assume, to the contrary, that the algorithm
never terminates. Then for all t we have Si1#S;,
hence E(S1,U)>E(So,U), E(S2,U)>E(Si,U)...., i.e,
{E(S,U)}0 is a strictly increasing infinite sequence.

Since S(U) is finite, the set of possible values
{E(S,U)ISES(U)} is also finite. A strictly increasing
infinite sequence cannot take values from a finite set
without repetition — this is a contradiction.

Therefore, the assumption is false, and the
algorithm terminates after a finite number of steps.
Item (b) is proved.

Proof (c): local optimality of the terminal
structure.

Let the algorithm terminate at structure S*. By
the termination condition, there exists t such that
St+1=St=S.

By the selection rule, at the terminal step we

have S*€ select max E(S,U). By the definition
SEN§(S*,U)

of select max, this is equivalent to E(S*,U)>E(S,U)
VvSENs(S*,U). Hence, S* is locally optimal with
respect to the set of reachable admissible candidates
Ns(S*,U). Item (c) is proved.

The proposed method implements a *local
synthesis* of the control structure, since the
selection of the next configuration is performed
within the set of structures that are reachable by a
single algebraic transformation and admissible under
the current operating conditions. The structure
obtained as a result of the synthesis is locally
optimal with respect to this neighborhood. Global
optimality over the space of all possible structures is
neither guaranteed nor pursued, since the structure
space is combinatorially complex and the operating
conditions vary over time. Such an approach
corresponds to the objectives of evolutionary
control, where the key priorities are ensuring
correctness, stability, and adaptability of the system
in dynamic environments.

For the proposed method of synthesizing
evolutionary control strategies, formal properties of
correctness and convergence under stationary
operating conditions can be established.

Let the vector of multilevel uncertainty U be
fixed, the set of admissible control structures S(U)
be finite, and for each structure S, € S(U) a
nonempty set of admissible candidates reachable in
one step, Ng(S,,U), be defined. Let the local
efficiency function E(-,U) be used as the criterion for
selecting the next structure according to the rule

S;41 = select max E(S,U). Then, the iterative
SEN§(S:U)
synthesis procedure has the following properties:
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1. Correctness. At each synthesis step, the
control structure remains admissible, i.e., S, € S(U),
Dy(S) =6 vt >0.

2. Finite convergence. The synthesis procedure
terminates after a finite number of steps at some
structure S* such that S; ., = S; = S™.

3. Local optimality. The terminal structure S*
is locally optimal with respect to the set of reachable
admissible candidates: E(S", U) > E(S, U) VSE€
Ng(S*,U).

Within this study, the local efficiency function
E(S, U) is specified in terms of a set of indicators
that can be directly measured during the
experimental evaluation. These indicators include
the reliability of diagnostic decisions, assessed by
classification accuracy; the resource cost of the
selected structure (processing time, CPU usage, and
memory consumption); and the stability of system
operation under different levels of information
uncertainty. In addition, the correctness of the
control structure is verified by checking compliance
with admissibility conditions under resource and
timing constraints, while decision explainability is
ensured by recording the active configuration of the
decision-making structure for each diagnostic
conclusion.

Evolutionary life cycle and criteria for method
evaluation

The proposed method for synthesizing
evolutionary control strategies is implemented
within an evolutionary life cycle of an intelligent
software system which, in its overall logic, is close
to the classical iterative (incremental) development
model, but differs in the object of iterative
transformations. A comparative scheme of the
iterative and evolutionary life-cycle models is shown
in Fig. 1.

As in traditional iterative approaches, the
process of system development and operation is
organized as a sequence of recurring cycles that
include reguirements analysis, design,
implementation, testing, and evaluation of results,
followed by a return to the initial stages. At the same
time, as shown in Fig. 1, in the proposed
evolutionary model these stages are supplemented
with formalized procedures for handling uncertainty,
resource constraints, and the decision-making
structure, which determine the controlled nature of
system evolution.

At the requirements analysis stage, in addition
to defining functional and non-functional
characteristics, uncertainty and resource constraints
are formalized, which specify the current vector of
operating conditions U,. This vector is used at

subsequent stages of the life cycle as a control
parameter and directly influences the selection and
synthesis of control structures.

Design within the evolutionary life cycle is
interpreted not as the construction of a single fixed
architecture, but as the formation of a space of
admissible control structures with respect to the
current operating conditions. Within this space,
admissibility conditions for structures are defined, as
well as permissible operations of their composition,
reduction, extension, and adaptation. As illustrated
in Fig. 1, on this basis a local synthesis of the control
structure is performed, during which a structure that
is relevant to the current level of uncertainty and
available resources is selected or constructed.

The implementation and testing stages retain
their roles typical of iterative models; however, in
the proposed life cycle they are supplemented with a
formalized assessment of conflict and the quality of
knowledge sources. This makes it possible to
analyze not only the correctness of the
implementation, but also the consistency of input
data, expert assessments, and inference results,
which is critical for subsequent control of the
decision-making structure.

Result evaluation in the proposed evolutionary
model (Fig. 1) performs not only the function of
monitoring the achievement of target indicators, but
also serves as a trigger for evolutionary
transformations of the control structure. Based on
the evaluation results, structural reduction may be
initiated in order to decrease computational costs,
structural extension to improve accuracy, or
adaptation to changed operating conditions. After
that, the control structure is resynthesized and a new
iterative cycle is launched.

To evaluate the effectiveness of the proposed
method within the evolutionary life cycle, the
following criteria are used: the value of the local
efficiency function E(S;, U;), the level of residual
uncertainty of the aggregated results, the stability of
trust coefficients assigned to knowledge sources, as
well as the number and nature of evolutionary
transformations of the control structure initiated
during system operation. The combination of these
criteria makes it possible to assess not only the
guality of individual decisions, but also the
adaptability and robustness of the intelligent
software system as a whole.

Thus, unlike classical iterative models, in which
the software implementation or architecture evolves,
in the proposed approach the object of evolution is
the formalized structure of the decision-making
process, which is controlled and modified in
accordance with the level of uncertainty and the
quality of information.
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Fig. 1. Comparison of the iterative and evolutionary life-cycle models of an intelligent system
Source: compiled by the author

Practical application of the evolutionary
control method in the medical intelligent system
EvoMedSys

To verify the operability of the proposed model
and method for evolutionary control of the decision-
making structure, an intelligent clinical decision
support system, IDSS-EvoMed, was developed. The
system is intended for monitoring the general
physiological state of patients and for early detection
of potentially dangerous deviations associated with

cardiovascular parameters, thermoregulation, and
blood oxygenation.

The main function of the system is the
integration of data from multiple physiological
sources, assessment of the level of uncertainty and
consistency of these data, and generation of a well-
grounded diagnostic conclusion regarding the
presence or absence of a risk condition in real time.
The system is designed to be used as an auxiliary
tool in telemedicine and clinical environments to
support physicians’ decisions under conditions of
incomplete, noisy, or conflicting data.
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General characteristics and layered structure.

The architecture of IDSS-EvoMed implements
a modular, object-oriented approach, which ensures
flexibility,  extensibility, —and  support for
evolutionary control of the diagnostic process.

The system comprises three levels:

1) data acquisition,

2) intelligent analysis,

3) evolutionary control and decision making.

The relationships between the components are
illustrated in the UML diagram (Fig. 2).

Data acquisition level. At this level, the
PatientMonitor component is responsible for
acquiring  signals  (illustrated using medical

diagnostic studies, as described below) from sensors,
including a heart rate monitor, blood pressure
sensor, temperature sensor, and oxygen saturation
sensor, as well as, if necessary, questionnaire data
entered by medical personnel. The module performs
noise filtering using a moving average method, data
normalization, and unification of data formats. The
PatientProfile component stores individual patient
characteristics (such as age, presence of chronic
conditions, and admissible value ranges) which
enables personalization of the diagnostic process.
Intelligent analysis level. The processed data
are passed to the Fuzzyinterpreter module, which
implements fuzzy interpretation of physiological
parameters using the scikit-fuzzy library (version
0.4.2). Fuzzy rules form a knowledge base of

medical hypotheses, for example: “if the heart rate is
high and oxygen saturation is low, then there is a
risk of hypoxia”. The output is a set of linguistic
assessments that reflect the degree to which the
patient’s current state belongs to specific diagnostic
scenarios.

Subsequently, the EvidenceAggregator
component combines results from different
knowledge sources using Dempster—Shafer theory
(pyds version 1.0.0), forming an aggregated belief
function that accounts for residual uncertainty.
Source weight adjustment is performed by the
TrustManager, which computes the level of
consistency between sensors based on the Kullback—
Leibler divergence (SciPy version 1.11.3). When
anomalies are detected, trust in the corresponding
source is reduced, which automatically decreases its
influence in subsequent computations.

Evolutionary control and decision-making
level. The key component of IDSS-EvoMed is the
EvolutionaryController, which implements the
method of evolutionary control of the decision-
making process structure. The controller receives an
integrated assessment of the patient’s state from the
EvidenceAggregator and analyzes the
UncertaintyVector, which includes informational,
sensor-related, contextual, and resource components.

On this basis, the system can perform:

— reduction — disabling unreliable sensors or
simplifying the analysis logic;

Evolutionary Decision Layer

/

KnowledgeBase

Data Layer

PatientProfile

A
DecisionEngine

UncertaintyVector

h

— N |

PatientMonitor

AlertManager EvolutionaryController
Analysis Layer
4
ForecastModel EvidenceAggregator |« Fuzzylnterpreter

A

A

TrustManager

Fig. 2. UML component diagram of the software architecture of the intelligent system IDSS-EvoMed

Source: compiled by the author
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— extension — activating additional modules
(e.g., a classifier or a predictive model);

— composition — combining multiple methods
to improve accuracy.

The Forecast Model component implements
predictive analysis of patient state dynamics. It is
activated by the evolutionary controller under high
data uncertainty and performs short-term forecasting
of changes in physiological parameters over time
(e.g., decreasing oxygen saturation or increasing
blood pressure). Predictive estimates are fed back to
the Evidence Aggregator to refine belief functions
and increase system robustness to delayed or
incomplete data. Thus, the ForecastModel enhances
the system’s ability to proactively respond by
forming anticipatory diagnostic decisions.

For adaptive search of an optimal configuration
of the decision-making process structure, the DEAP
library  (version 1.4.1), which implements
evolutionary optimization algorithms, is used. The
search is conducted in the space of admissible
control structures and is guided by the local
efficiency function (2), which aggregates criteria of
diagnostic reliability and soundness, robustness to
uncertainty, resource cost, and explainability.
Adaptation results and the history of structural
changes are stored in the KnowledgeBase, enabling
experience  accumulation and  evolutionary
improvement of decisions.

The final decision is produced by the
DecisionEngine module, which determines the
diagnostic status —“normal”, “risk”, or “critical
condition”. In the event of a critical condition, the
AlertManager sends a notification to medical
personnel and records the event in the system log.

The architectural levels form a closed loop: data
acquisition — fuzzy interpretation — evidence
aggregation — trust evaluation — evolutionary
adaptation of the structure — decision making —
knowledge accumulation. This approach ensures
system self-learning, robustness to noise and
uncertainty, and the possibility of gradual
improvement of decision-making logic based on
accumulated experience.

The temporal characteristics of system
operation were evaluated at the level of the complete
decision-making cycle — from the arrival of a new
portion of sensor data to the formation of a
diagnostic ~ conclusion.  Measurements  were
performed by recording timestamps at the input and
output of key processing stages without modifying
component logic. The results showed that, for the
baseline structural configuration, processing latency
remains stable and does not exceed acceptable limits

for interactive medical monitoring, whereas
activation of extended mechanisms (evidence
aggregation with trust correction and predictive
analysis) leads to a controlled increase in processing
latency. Thus, time costs directly correlate with the
complexity of the current control structure, which
confirms the appropriateness of using evolutionary
control to balance analysis accuracy and system
responsiveness.

EXPERIMENTAL EVALUATION AND
DISCUSSION OF RESULTS

To evaluate the effectiveness of evolutionary
control, a series of experiments was conducted in an
environment emulating medical data streams. The
study was performed using synthetic patient profiles
that reproduced characteristic  variations  of
physiological indicators typical of an unstable
general condition of the organism, including changes
in body temperature, cardiovascular parameters,
oxygen saturation, and stress load levels.

From the perspective of clinical application, the
system was considered as a clinical decision support
tool intended to analyze patient conditions under
incomplete, noisy, and conflicting data and to
generate an aggregated diagnostic conclusion
without replacing the clinician’s decision.

The simulation platform reproduced five
physiological channels: heart rate, blood pressure,
oxygen saturation, body temperature, and a stress
indicator. The stress indicator was used as a
synthetic auxiliary parameter derived from a
combination of heart rate and its variability and did
not have a dominant influence on the decision-
making process. The generated signals contained
controlled noise and missing values, which made it
possible to model different levels of information
uncertainty (from 0.1 to 0.9).

The experimental study was carried out in a
real-time simulation environment of medical data
streams. The duration of each simulation session
was 30 minutes with a sampling frequency of 1 Hz.
For each level of information uncertainty, 30
independent runs were performed with fixed initial
parameters of the pseudo-random number generator
(seed), which ensured reproducibility of the results.

Information uncertainty was modeled by
controlled addition of noise and missing values to
the input signals. Noise was specified as an additive
random variable with a normal distribution, while
missing values were modeled as random exclusion
of signal values with a given probability. The
uncertainty level varied in the range from 0.1 to 0.9
with a step of 0.1. For each configuration, mean
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values of the indicators and their standard deviations
were recorded.

During the experiments, the IDSS-EvoMed
system operated in real time, automatically
activating or deactivating individual components
depending on the situation:

— at low uncertainty, only the basic
mechanisms of data acquisition and fuzzy data
analysis were used;

— at medium uncertainty, the TrustManager
was enabled to assess sensor consistency;

- at high uncertainty, the
EvolutionaryController activated the ForecastModel
for predictive evaluation of trends in patient state
changes.

During the trials, the following were recorded:
the average processing time of a single diagnostic
cycle, CPU load and memory usage, and the value of
an integral indicator of analytical complexity. The
latter was defined as an integrated aggregation of
three groups of parameters: the number of classes in
the current configuration of active components, the
average computational complexity of their
algorithms, and the intensity of interaction between
them (number of calls and data exchanges). The
obtained results are presented in Table 1.

Decision  explainability — was  evaluated
separately in the context of the proposed structural
approach to evolutionary control. Explainability was
interpreted as the system’s ability to unambiguously
reproduce the active configuration of the decision-
making process for each diagnostic conclusion,
including the set of involved components and the
conditions of their activation. Within the
experiments, for each run the structure S; selected by
the evolutionary controller and the corresponding
level of information uncertainty U: that triggered
transitions between operating modes were recorded.
The results showed that in 100 % of cases, the
decisions made were accompanied by a formally
defined structural configuration, without the use of

hidden or non-interpretable mechanisms. This
confirms the explainability of the system at the level
of the structural organization of the decision-making
process.

In addition, during the experiments, the
correctness of structural transitions was monitored in
accordance with the admissibility condition defined
in the evolutionary control model. At each synthesis
step, it was verified that the activated component
configuration did not exceed the established
thresholds for computational resource usage and
processing latency, i.e., it satisfied the admissibility
condition of the structure under the current operating
conditions. Across all experimental runs, no cases of
transitions to inadmissible structures were observed,
which confirms the correctness of the evolutionary
control mechanism at the structural level.

As can be seen from the obtained results, with
increasing levels of uncertainty the system
dynamically expands the active configuration while
maintaining the stability of diagnostic decisions. The
reported indicator values are averages over a series
of repetitions; for each point, standard deviations
were also calculated, which made it possible to
assess the stability of the results under stochastic
simulation conditions.

Fig. 3 presents the results of experimental
modeling of the dependence of diagnostic decision
reliability on the level of information uncertainty for
the baseline system and the developed intelligent
system IDSS-EvoMed. In this study, diagnostic
decision reliability is understood as the classification
accuracy of determining the patient’s diagnostic
state across three classes — “normal”, “risk”, and
“critical condition” — computed with respect to
reference scenarios defined in the data generation
model. In addition, the rate of abstention from
decision making was analyzed, which reflects the
system’s ability to correctly refrain from producing a
diagnostic conclusion under excessive uncertainty.

Table 1. Adaptation and resource behavior of the IDSS-EvoMed system under different levels of
uncertainty

No. Level of Active components Average Computational | Analytical
information processing | resources complexity
uncertainty time, s (CPU/memory) | (relative)

1 Low (0.1-0.3) PatientMonitor, 0.8 21%/185MB | 1.0

Fuzzylnterpreter,
EvidenceAggregator
2 Medium (0.4-0.6) + TrustManager 1.2 36%/243Mb | 1.6
3 High (0.7-0.9) + EvolutionaryController, | 1.9 54% /311 Mb | 2.4
ForecastModel

Source: compiled by the author
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Fig. 3. Dependence of diagnostic accuracy on information uncertainty
Source: compiled by the author

The experiments showed that at low levels of
uncertainty the rate of abstention did not exceed 2%,
at medium levels it increased to 4-5 %, and at high
uncertainty it reached approximately 9 %. This
indicates that the system does not compensate for
increasing uncertainty by artificially inflating
confidence in its conclusions, but instead correctly
implements a decision abstention mechanism
consistent with the formalized control model.

As a baseline for comparison, a configuration
with a fixed decision-making structure was used, in
which only the data acquisition, fuzzy interpretation,
and evidence aggregation modules remained active,
without accounting for source consistency. In the
baseline configuration, mechanisms for dynamic

trust correction (TrustManager), evolutionary
structure control (EvolutionaryController), and
predictive analysis (ForecastModel) were not
applied.

As shown in the graph, in the baseline system
the accuracy decreases sharply as uncertainty
increases, which indicates its sensitivity to noise and
conflicting data. In contrast, IDSS-EvoMed, due to
the built-in mechanism of evolutionary control of the
decision-making structure, demonstrates high
robustness — the diagnostic accuracy remains at the
level of 94-97 % even under high uncertainty. This
confirms the effectiveness of the adaptive synthesis
of control structures implemented in the system,
which ensures stable operation under dynamic
conditions and improves the reliability of medical
conclusions.

CONCLUSIONS

This paper proposes a method for evolutionary
control of the decision-making structure in
intelligent  software systems, which enables
adaptation of the diagnostic process logic to changes
in uncertainty levels, data quality, and available
resources. Unlike traditional approaches that are
limited to parametric adjustment of algorithms, the
developed method provides for controlled structural
transformations—reduction, extension, and
composition of system components. This makes it
possible to maintain decision correctness even under
conditions of incomplete or conflicting input data.

The developed intelligent medical diagnostic
system IDSS-EvoMed implements the main
provisions of the proposed method at the software
level. It combines fuzzy interpretation of medical
indicators, evidence aggregation based on
Dempster—Shafer theory, dynamic assessment of
sensor trust, and evolutionary control of the
diagnostic process architecture. Practical
experiments demonstrated that, as the level of
uncertainty increases, the system automatically
activates additional components, improving analysis
accuracy and result robustness while maintaining
control over resource consumption.

Further research should focus on extending the
model to support multi-agent medical data sources
and on developing metrics for evaluating the
evolutionary stability of decision-making structures
over long-term operation.
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ABSTRACT

AKTYyalBHICTh JOCTI/DKEHHSI 3yMOBJICHA THM, IO CyYacHi IHTENEKTyalbHI IPOrpaMHi cHcTeMu (pyHKIIOHYIOTH B YMOBax
HETIOBHUX, CYNEPEeWINBHAX 1 AWHAMIYHO 3MIHIOBAaHUX JaHUX, a TaKOX OOMEKEHMX OOYHCIIOBAJIBHUX PECypCiB, IO HOTpedye
MiBUINCHHS aJaTHBHOCTI, CTIHKOCTI Ta KOPEKTHOCTI MPOIECIB NMPHHHATTS PIICHb MOPIBHIHO 3 TPAIHMIIHHAMH ITiIXOJaMH,
OpIEHTOBAaHNMHM Ha HAIAINTYBAaHHS OKPEMHUX alropHTMIB. Jl0#aTKOBO, 3pOCTaHHS CKJIQAHOCTI iH(GOpPMalidHMX CEpelOBHII Ta
HEOOXIHICTh 0OPOOKH T€TEPOreHHUX JHKEPEN JaHUX IMiJICHITIOITH BUMOTH JIO Y3TO/DKEHOCTI Ta HAaIHHOCTI pe3y/bTaTiB aHamizy. Y
TaKUX yMOBaX OCOOJHMBOI aKTyaJIbHOCTI HaOyBae Tepexia J0 KepyBaHHS CTPYKTYPOIO TPOIECY NMPUHHATTS pillleHb SK 00’€KTa
BHIIOrO piBHA. MeTa HOCTiIKeHHs TIOJIATa€e y MiIBUIICHH] aJIallTUBHOCTI, CTIKOCTI Ta KOPEKTHOCTI PillIeHb IIISIXOM MEPEXOy Bij
HaJIAIITyBaHHS OKPEMHUX ITOPUTMIB 10 KEPOBAaHOI 3MiHHM CTPYKTYPH HPOIECY aHalli3y, 30KpeMa CKJIaay aKTUBHHX IPOTrPaMHUX
KOMIIOHEHTIB, MOPSAKY IX B3a€MOii Ta MpaBMII MEPEXOAiB MK pexxnMaMu oOpoOiieHHs. MeToam IOCIiKeHHS IPYHTYIOThCS Ha
IIIXOMI EBOJIOMIHHOIO YNPABIIHHS CTPYKTYPOIO IPUIHATTS pillleHb, Mo mependadae KepoBaHI ITEPETBOPEHHS IOITYCTUMHX
KOH(QITypaIiif, iHTerpamito HediTKoi iHTeprpeTamii Ta arperyBaHHS JOKa3iB, OLHIOBAHHS HAIiHHOCTI W y3rOKEHOCTI JuKepel
iHpopMarii, a TakoX (hopMabHE NOBEJCHHS BIACTHBOCTEH KOPEKTHOCTI, CKiHYEHHO! 301KHOCTI Ta JIOKaJBHOI ONTHMAIIBHOCTI.
3amporoHOBaHMI TiJIXiA J/O3BOJSIE peanizyBaTH aJanTHBHHK BHOIp KoH(pirypamii mpomecy asamizy 3alie)kKHO BiJ pIiBHA
HEBHM3HAUCHOCTI Ta JIOCTYIMHUX pecypciB. KpiM Toro, Merox 3a0e3mnedye y3roKeHHsI MK TOUHICTIO IPUHHATTS PillIeHb 1 BUTpaTaMu
OOUYHCITIOBATEHAX PECYPCIB Y ANHAMIYHIX YMOBaX (YHKI[IOHYBaHHS cHCTeMH. Pe3yabTaTn 10CiiKeHHS MOJSraroTh Y po3po0iIeHHI
MOZIENi Ta METOAY €BOJIOLINHOIO YHpaBIIHHA CTPYKTYPOIO NMPHUHHSTTS pillleHb, a TAKOX IX MpPaKTHYHIM peamizamii y BT
IHTENIEeKTyaIlbHOI MeIMYHOI JIarHOCTHYHOI CHCTEMH, JI¢ eKCIIepPUMEHTAIbHI JOCHIDKEHHS TMOKa3aiH, IO 31 3pOCTAaHHSAM piBHS
HEBH3HAUCHOCTI CHCTEMa aBTOMaTHYHO aKTHBYE JOJATKOBI MEXaHi3MH KOHTPOJIIO Y3TO/KEHOCTI JUKEpelN i MPOrHO3HOrO aHawi3y,
3a0e3eduyroud ITiIBUILECHY CTIHKICTh Pe3yNbTaTiB TOPIBHIHO 3 06a30BO0 (hiKCOBaHOIO KOH(DIrypamiero.

Knrouosi cnosa: anantuBHi cucTeMy; iHTEIEKTyallbHI NPOrpaMHi CUCTEMH; €BOJIOLIIHE yNPaBIiHHA, CTPYKTypa MPHUIHATTS
pillleHb, HEBH3HAYCHICTh, HEYITKa IHTEPIIPETAllis; arperyBaHHs JOKa3iB; HaJIMHICTh JDKepel; aJalTHBHA apXiTEKTypa, JKUTTEBUM
v
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