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Abstract

This section of the study proposes a set of methods to enhance the efficiency of information 
processing in intelligent decision support systems.

The authors suggest the following methods: 
– a method for managing information flows in intelligent decision support systems using a 

population-based algorithm; 
– a method for evaluating the timeliness of processing diverse data types in decision support systems; 
– a method for assessment and forecasting in intelligent decision support systems. 
The novelty of the proposed methods lies in: 
– determining the initial population of agents and their starting positions in the search space 

by considering the degree of uncertainty in the initial data about information flows within intelligent 
decision support systems; 

– accounting for the initial velocity of each agent, which enables prioritization of search tasks 
within the respective search space; 

– universality of agent feeding search strategies, allowing the classification of conditions and 
factors that influence the management of information flows in intelligent decision support systems; 

– ability to explore solution spaces described by atypical functions through the application of 
agent movement technique selection procedures;

– capability to search for solutions simultaneously in multiple directions; 
– potential for deep learning of agents’ knowledge bases; 
– ability to calculate the required amount of computational resources to be engaged in cases 

where existing resources are insufficient for necessary computations; 
– consideration of the type of uncertainty in the data circulating within decision support systems; 
– implementation of adaptive strategies for solution space searches by the population agents; 
– prioritization of search tasks by population agents; 
– initial placement of population members considering the type of uncertainty; 
– application as a universal tool for analyzing the timeliness of processing diverse data types 

in decision support systems; 
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– verification of the adequacy of the obtained results; 
– avoidance of the local extremum problem;
– use of a new type of fuzzy cognitive temporal models focused on multidimensional analysis and 

forecasting of object states under conditions of uncertainty; 
– ability to combine elements of artificial neural networks; 
– capability to train individual elements of artificial neural networks; 
– data computation within a single epoch without the need to store previous calculations; 
– prevention of error accumulation during the training of artificial neural networks as a result 

of processing incoming information.

KEYWORDS

Artificial intelligence, processing of diverse data, decision support systems, reliability,  timeliness.

3.1 Development of a method for managing information flows in intelligent 
decision support systems using a population-based algorithm

The method for managing information flows in intelligent decision support systems (IDSS) using 
a population-based algorithm consists of the following sequence of actions: 

Action 1. Input of initial data. 
At this stage, the initial data regarding IDSS information sources, available communication 

channels for information flows, and other relevant parameters are entered [1–18]. 
Action 2. Initialization and formation of the ABC group. 
In this step, initial random sets of solutions are generated to represent the ABC groups. These 

groups are marked with the "scent" attributes of the individuals’ feet within the ABC group, which 
are considered decision variables from a set of potential solutions. The mathematical representation 
of a randomly selected ABC group within a defined territory is expressed by the following equation:

P P P Pi j i j i j i j, ,
min

,
max

,
min ,� � �� �� �� �  (3.1)

where λ – a random number in the range from 0 to 1; Pi,j – i-th designation of the paw in the j-th 
group of ABC. The process involves arranging the set of ABCs in ascending order of f(Pi), selecting the  
best Pi j

best
,� � and the worst solutions Pi

worst� �; γ – represents the degree of uncertainty in the data about 
information flows in the DSS. At this stage, the objective function f(P), the population size (m) of the 
ABC swarm, the number of variables (n), constraints on variable values (LB, UB) and the termination 
criterion of the algorithm (FEmax’). The group of brown bears is considered part of the ABC population 
(i = 1,2,…,m), and the ABC levels in the group are treated as decision variables (j = 1,2,...,n).
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Action 3. Assigning numbers to the ABCs in the population, i, i∈[0, S]. 
At this stage, each ABC in the population is assigned a serial number [19–36].
Action 4. Determining the initial velocity of the ABCs in the population. 
The initial velocity v0 of each ABC in the population is determined by the following expression:

v v v v v vi S i� � � �1 2 0, ... , .  (3.2)

In the proposed approach, the position of the ABCs in the problem-solving space is updated 
based on modeling exploration and exploitation strategies.

Action 5. Preliminary evaluation of the ABC search area. 
In this procedure, the search area is defined in natural language as the habitat of the ABCs. 

Given the diversity of ABCs’ food sources, the quality of food is sorted accordingly.
Action 6. Classification of food sources for ABCs.
The location of the best food source (i.e., minimum fitness) is considered (FSht) which rep-

resents plant-based food: berries, acorns, nuts, roots, and grass tubers found nearby and requiring 
the least energy to locate and obtain. Delicacies such as honey are denoted as FSat.

Other non-priority food sources (necessary for the survival of individuals) are denoted as FSnt:

FSht = FS(sorte_index(1)), (3.3)

FSat(1:4) = FS(sorte_index(1:4)), (3.4)

FSnt(1:NP–4) = FS(sorte_index(4:NP)). (3.5)

Action 7. Selection of ABC walking techniques. 
Action 7.1. Foot rotation during ABC walking.
This action involves a specific walking behavior where ABCs rotate their feet to avoid previous 

depressions on the ground and carefully step towards the required location. This unique walking 
behavior is most observed in male ABCs. Mathematically, this behavior can be modeled as:

P P Pi j k
new

i j k
old

k i j k i j k
old

, , , , , , , , ,� � � �� �  (3.6)

where Pi j k
new
, ,  – the updated paw scent mark at the k-th iteration of the i-th group, created by the 

j-th paw mark; θk – the repetition coefficient, taking values from 0 to 1; αi,j,k – a random number 
in the range from 0 to 1. 

Action 7.2. Careful step of ABCs.
The characteristic of the careful step involves repeating paw prints by verifying previously 

marked paw tracks. This behavior helps effectively warn other group members. Equation (3.7) 
represents the mathematical formulation of the careful step technique observed in ABCs:
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P P F P L Pi j k
new

i j k
old

k j k
best

k j k
worst

, , , , , , ,� � �� �  (3.7)

where Fk – the step coefficient; Pj k
best
, ,Pj k

worst
,  – j-th best and worst evaluations of the ABC paw at the 

k-th iteration; Lk – the step length of the ABC at a given iteration.
Action 7.3. Paw twisting by ABCs.
The third unique walking behavior observed in brown bears is paw twisting. Male brown bears 

typically twist their feet into pre-formed paw tracks, making them deeper and more prominent for 
easier identification. The choice of the paw track type is based on the best and worst scent tracks 
of the ABC paw determined in the previous iteration. The mathematical representation of the paw 
twisting behavior is described by equation (3.8):

P P P P Pi j k
new

i j k
old

i k j k
best

i j k
old

i k j k
worst

, , , , , , , , , ,� � �� � �� � ��� �Pi j k
old
, , ,  (3.8)

where ωi k,  – angular velocity of legs at the i-th paw mark and the k-th iteration.
Action 8. Placement of the ABC set. 
At this stage, the ABCs are arranged in ascending order of the objective function values f(Pi), and the 

best and worst solutions are selected Pi
best� � and the best and worst solutions are selected Pi

worst� �.
Action 9. Creation of a new ABC population:

P P Pi k
new

i k
old

k i k i k
old

, , , , ,� � � �� �  (3.9)

where F Lk k k k k� � � �� � �1 21, ,,  and � �1 2, ,k k�  – random numbers in the range [0, 1]. 
Action 10. Placement of the ABC set. 
At this stage, the ABCs are again arranged in ascending order of the objective function values 

f(Pi) and the best Pi
best� �  and worst solutions are selected Pi

worst� �.
Action 11. ABC sniffing. 
The essence of ABC behavior involves sniffing each other to follow the scent trails of group 

members in the correct direction. In addition, ABCs use sniffing to establish their territory and 
avoid being misled by the scent trails of other ABCs. The mathematical model for sniffing behavior 
is given by formula (3.10):

P
P P P if f P

m j k
new m j k

old
i k m j k

old
n j k
old

m k
old

, ,

, , , , , , , ,,
�

� �� ��   �� �� � �
� �� �

f P

P P P if f P

n k
old

m j k
old

i k n j k
old

m j k
old

n

,

, , , , , , ,

,

,�   ,, , ,k
old

m k
oldf P� �� � �

�
�
�

��
 (3.10)

where λ i k,  – a uniformly distributed random number in the range 0 to 1; Pm j k
new
, ,  – updated location 

of the scent on the paw with m n≠ ; Pm k
old
,  and Pn k

old
,  – the values of the fitness function at the k-th 

iteration of m and n groups, respectively. The update process described for all stages is applied to 
each ABC group until the necessary termination criterion is met. 
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Action 12. Termination criteria check. 
The algorithm terminates if the maximum number of iterations is reached. Otherwise, the 

behavior for generating new locations and verifying conditions is repeated.
Action 13. Training the ABC knowledge base.
In this study, the training of each ABC’s knowledge base uses a method based on artificial 

neural networks that evolve, as proposed in [2]. This method modifies the movement patterns of 
each ABC for more accurate analysis results in subsequent stages. 

Action 14. Determination of required computational resources for the intelligent decision sup-
port system.

To avoid computational looping in Actions 1−10 of this method and to improve computational 
efficiency, the system load is additionally assessed. If the defined threshold of computational com-
plexity is exceeded, the number of software and hardware resources needed is determined using 
the method proposed in [31].

End of the algorithm.
The proposed method for managing information flows in the DSS uses a population-based 

algorithm. To evaluate its efficiency, the method was simulated to solve the problem of information 
flow management in the DSS [37–58].

The efficiency of the information flow management method in the DSS using the popula-
tion-based algorithm is compared using the functions presented in Table 3.1.

 Table 3.1 Assessment of the effectiveness of the proposed management method by the criterion of 
information processing speed

Func-
tion 
Name

Metric
Particle 
Swarm 
Algorithm

Ant Colony 
Algorithm

Black 
Widow 
Algorithm

Grey Wolf 
Swarm 
Algorithm

Canonical 
Brown Bear 
Algorithm

Improved 
Brown Bear 
Algorithm

1 2 3 4 5 6 7 8

 U22-1 Average 
value

300.000 300.000 300.000 300.000 300.000 300.000

Standard 
value

2.17547E-07 1.94448E-07 1.73866E-07 1.73121E-07 1.51021E-07 1.72168E-07

B22-2 Average 
value

400 400.265772 400.7973158 400.265772 400.3986579 400.5315439

Standard 
value

4.9898E-08 1.011427534 1.621892282 1.011427535 1.216419212 1.378343398

B22-3 Average 
value

600.0071815 600.0644622 600.0240021 600.012832 600.031303 600.0449987

Standard 
value

0.021632777 0.184980091 0.115606243 0.053463097 0.147011513 0.101164243
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 Continuation of Table 3.1

1 2 3 4 5 6 7 8

B22-4 Average 
value

826.5653461 827.3281442 823.8789639 826.3000191 826.2668486 825.7693662

Standard 
value

9.13817552 8.364210734 11.30806963 8.186625055 9.136107323 10.05991317

B22-5 Average 
value

900.743876 900.9504411 900.9726169 900.8007883 900.5452042 901.2016312

Standard 
value

0.781626306 1.424558753 1.275779755 0.903385622 0.635781924 1.598982565

B22-6 Average 
value

1888.524629 1874.869967 1876.294359 1847.184924 1888.926953 1842.878175

Standard 
value

127.2561383 91.22185049 69.00003268 32.76980351 140.693674 31.32108747

H22-7 Average 
value

2027.479588 2030.758499 2029.556604 2032.238674 2028.177978 2029.128603

Standard 
value

6.106897592 8.027195324 5.81348717 7.446489204 8.003968446 8.197733191

H22-8 Average 
value

2223.108804 2223.537417 2222.070633 2223.140251 2220.888475 2220.690533

Standard 
value

4.749655105 2.963408213 4.895282849 3.995669404 5.451654006 6.337353983

H22-9 Average 
value

2510.930321 2510.930321 2536.358938 2498.216012 2523.644629 2498.216012

Standard 
value

65.93880108 65.93880108 85.778947 48.38585173 77.58997694 48.38585173

C22-10 Average 
value

2594.615905 2596.833927 2585.256107 2591.210109 2605.304194 2619.308989

Standard 
value

48.2013289 49.71807546 57.1034079 56.36586785 42.57395199 34.10382553

C22-11 Average 
value

2695.981932 2685.587394 2733.855734 2710.621315 2700.168413 2715.332781

Standard 
value

116.3652035 110.1475838 146.333679 118.5098748 113.7913849 109.3008673

C22-12 Average 
value

2857.067086 2858.742176 2854.959949 2861.414681 2859.407788 2860.718769

Standard 
value

9.364347909 14.88960231 5.539104327 17.96133754 15.00545163 16.34731781
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Table 3.2 presents the results of evaluating the reliability of decisions made by each optimiza-
tion method for managing information flows in the DSS [45–64].

 Table 3.2 Assessment of the effectiveness of the proposed management method by the criterion of 
information processing reliability

Func-
tion 
Name

Metric
Particle 
Swarm 
Algorithm

Ant Colony 
Algorithm

Black 
Widow 
Algorithm

Grey Wolf 
Swarm 
Algorithm

Canonical 
Brown Bear 
Algorithm

Improved 
Brown 
Bear 
Algorithm

1 2 3 4 5 6 7 8

U22-1 Average 
value

0.66 0.73 0.67 0.68 0.8 0.9

Standard 
value

0.7 0.73 0.68 0.69 0.83 0.91

B22-2 Average 
value

0.7 0.73 0.7 0.71 0.77 0.89

Standard 
value

0.71 0.73 0.72 0.72 0.76 0.9

B22-3 Average 
value

0.68 0.73 0.7 0.71 0.76 0.92

Standard 
value

0.69 0.73 0.69 0.73 0.77 0.91

B22-4 Average 
value

0.67 0.74 0.7 0.72 0.78 0.93

Standard 
value

0.67 0.72 0.67 0.72 0.79 0.92

B22-5 Average 
value

0.6 0.71 0.64 0.73 0.8 0.91

Standard 
value

0.61 0.72 0.64 0.74 0.88 0.92

B22-6 Average 
value

0.64 0.73 0.66 0.77 0.85 0.93

Standard 
value

0.66 0.75 0.66 0.78 0.83 0.92

H22-7 Average 
value

0.67 0.72 0.68 0.75 0.81 0.9

Standard 
value

0.68 0.71 0.69 0.74 0.83 0.9

H22-8 Average 
value

0.68 0.74 0.69 0.75 0.84 0.93

Standard 
value

0.65 0.74 0.67 0.77 0.81 0.91
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 Continuation of Table 3.2

1 2 3 4 5 6 7 8

H22-9 Average 
value

0.64 0.75 0.66 0.69 0.83 0.91

Standard 
value

0.7 0.72 0.71 0.71 0.84 0.93

C22-10 Average 
value

0.69 0.71 0.7 0.72 0.8 0.94

Standard 
value

0.68 0.71 0.7 0.73 0.8 0.91

C22-11 Average 
value

0.67 0.71 0.69 0.71 0.82 0.91

Standard 
value

0.67 0.72 0.68 0.74 0.91 0.91

C22-12 Average 
value

0.63 0.73 0.65 0.75 0.82 0.91

Standard 
value

0.62 0.74 0.66 0.76 0.83 0.91

From the analysis of Tables 3.1 and 3.2, it can be concluded that the proposed method en-
sures stable algorithm performance for the main test functions of unimodal and multimodal types. 

As seen from Tables 3.1–3.2, an improvement in decision-making efficiency is achieved at the 
level of 15–18 % due to the use of additional procedures and ensuring decision reliability at the 
level of 0.9.

3.2 Method for evaluating the efficiency of processing diverse data in decision 
support systems

The most promising way to enhance the effectiveness of DSS functioning is to improve the ef-
ficiency of processing diverse data based on defined indicators (criteria). One approach to achieving 
this improvement is the use of methods based on artificial intelligence [56–66].

Given the specific features of DSS operation, which involve processing both structured and 
unstructured data and storing both processed and unprocessed datasets, the most appropriate 
approach is the use of bio-inspired algorithms.

Bio-inspired algorithms have found practical applications in solving real-world tasks, such as 
engineering calculations and processing large data arrays, as well as specialized tasks like assessing 
operational environments.

However, most of the basic bio-inspired algorithms fail to balance exploration and exploitation, 
leading to unsatisfactory performance in complex real-world optimization tasks [67–86].
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This necessitates the introduction of various strategies to improve the convergence speed and 
accuracy of basic bio-inspired algorithms. One way to improve decision-making efficiency using bio-in-
spired algorithms is their combination, i.e., adding the basic procedures of one algorithm to another.

To achieve the research goal, the following interrelated research tasks need to be addressed:
– develop an algorithm for implementing the method;
– evaluate the efficiency of the proposed method.
The aim of the research is to develop a method to improve decision-making efficiency in DSS.
This section of the study proposes an approach for evaluating the efficiency of processing di-

verse data in DSS based on the simulation of snow ablation. This approach assumes that when the 
DSS transitions from one operating mode to another, there is a significant increase in the amount 
of information circulating in the decision support systems. At this stage, a substantial increase 
occurs in the amount of information that needs to be processed, and the quality of this processing 
must be evaluated based on defined performance indicators:

Action 1. Initialization of the initial population.
The operation of the snow ablation algorithm (SAA) begins with the formation of the initial pop-

ulation, which is generated randomly. Depending on the number of information sources additionally 
included in the operation (transitioning to another operating mode), the number of search agents 
in the population is determined.

The entire population is represented as a matrix with columns Dim and N rows, where N – the size of 
the swarm, and Dim – the number of dimensions in the decision space for the population agents (3.11):

Z L U L

z z z z
z z z z

Dim Dim

Dim

� � � �� �� � �

�

�

� �

11 12 1 1 1

2 1 2 2 2 1 2

, , , ,

, , , ,

�
� DDim

N N N Dim N Dim

N N N Dim

z z z z
z z z z

� � � � �
�
�

� � � � �

�

11 12 1 1 1

1 2 1

, , , ,

, , , NN Dim N Dim,

,

�

�

�
�
�
�
�
�

�

�

�
�
�
�
�
�

�

 (3.11)

where L and U – the lower and upper bounds of the solution space, respectively; θ – a randomly 
generated number in the range [0, 1]; ι – the type of uncertainty in the data circulating in decision 
support systems (DSS).

Action 2. Numbering the agents in the population, i, i∈[0, S]. 
Each agent in the population is assigned a sequential number.
Action 3. Determining the initial velocity of the agents in the population.
The initial velocity v0 of each agent in the population is determined by the following expression (3.2).
In the proposed approach, the position of each population agent in the problem-solving space is 

updated based on the modeling of exploration and exploitation strategies.
Exploration Phase.
Action 4. Preliminary evaluation of the search plane by the population agents.
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In this procedure, the search area is conceptually defined as the snow ablation plane.
Action 5. Identifying the weakest points of the snow cover.
The number of weak points in the snow cover significantly depends on the environmental tem-

perature (T) and the intensity of solar radiation. These are calculated using the following equations 
(3.12), (3.13): 

T
t

t
�

��

�
��

�

�
��exp ,

max

 (3.12)

FQ c
t t

t
�

��

�
��

�

�
��1 exp ,max

max

 (3.13)

where t – the current iteration number; tmax – the total number of iterations; c1 – the coefficient 
for snow cover melting within specific temperature ranges.

In this algorithm, agents select the weakest points in the snow cover according to c1, then 
update their positions. 

For DSS, this procedure is designed to identify the most loaded information flows.
Action 6. Movement of agents on the search plane.
Due to the non-linear movement, the search agents exhibit high decentralization, particularly 

when snow or melted snow turns into vapor. This process is described using Brownian motion. For 
typical Brownian motion, the step size is determined by the probability density function based on a 
normal distribution with zero mean and unit variance:

f x
x

BM ; , exp .0 1
1
2 2

2

� � � � �
�

�
�

�

�
�

�
 (3.14)

The formula for determining the positions of the search agents throughout the exploration 
process is as follows:

Z t Elite t BM t G t Z t Z t Z ti i i i�� � � � � � � �� � � � � �� �� � � �� �� � � � � �1 11 1� � �� �,  (3.15)

where ⊗ – denotes element wise multiplication; θ1 – random numbers in the range [0, 1];  
Zi(t) – і-th h agent at iteration t-th iteration; BMi(t) – a vector including random values based 
on the Gaussian distribution representing Brownian motion; Z t� � – the centroid position of the 
population; Elite(t) – a randomly selected member of the elite subset in the population; G(t) – the 
current best solution.

Below are the corresponding mathematical expressions describing the variables in expres- 
sion (3.15):

Z t
N

N
i

Z ti� � �
�

� ��1
1

.  (3.16)
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Elite t G t Z t Z t Z tc� �� � � � � � � � ��� ��, , , ,second third  (3.17)

where Zthird(t) and Zsecond(t) – the third and second best individuals in the current population. 
The position of the centroid for those individuals in the population whose metrics fall within the 

top 50 % is denoted as Zс(t).
Zс(t) is calculated using equation (3.18):

Z t
N

N
i

Z tc
l

i� � �
�

� ��1
11

,  (3.18)

where Zі(t) – і-th best leader; Nl – the number of leaders in the population. 
As a result, the elite is selected randomly from a set that includes the centroid positions of the 

leaders, the current best solution, and the second and third best individuals during each iteration.
Exploitation Phase.
Action 7. Searching for solutions by population agents on the search plane.
The degree-day method, one of the most used models for describing snow melting, is applied in 

this study to simulate the snow ablation process:

M DDF T T� � �� �1 ,  (3.19)

where М – the snow melting rate; T – the average daily temperature; T1 = 0. 
Accordingly, М is calculated using the following mathematical expression:

M DDF T� � ,  (3.20)

where DDF – a coefficient ranging from 0.35 to 0.6. The update of DDF at each iteration is described 
by the following expression:

DDF
e

e

t
t

� � �
�
�

0 35 0 25
1

1
. .

max

, (3.21)

where tmax – the stopping condition for the algorithm. 
The snow melting rate is then calculated using the formula:

M
e

e
T t T t e

t
t t

t� � �
�
�

�

�

�
�
�

�

�

�
�
�
� � � � � �

�

0 35 0 25
1

1
. . ,

max
max . (3.22)

Action 8. Updating the positions of population agents on the search plane.
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The equation for updating the positions of agents on the search plane during the exploitation 
phase of the Snow Ablation Algorithm (SAA) is as follows:

Z t M G t BM t G t Z t Z t Z ti i i i�� � � � � � � � �� � � � � �� �� � � �� �� � � � � �� �1 12 2� � ,,  (3.23)

where θ2 – a random integer in the range [−1, 1]; М – the snow melting rate. 
Action 9. Training knowledge bases.
In this study, a method of training knowledge bases for each population agent is employed based 

on evolving artificial neural networks, as proposed in [2]. This method is used to modify the movement 
behavior of each population agent to achieve more accurate analysis results in subsequent iterations.

Action 10. Determining the required computational resources for the decision support system.
To avoid computational loops in Actions 1−10 of the method and to improve the efficiency 

of computations, the load of decision support systems is additionally assessed. If the predefined 
threshold of computational complexity is exceeded, the required number of additional software and 
hardware resources is determined using the method proposed in [31].

End of the Algorithm.
The efficiency of the proposed algorithm is analyzed based on the decision-making efficiency 

criterion presented in Table 3.3 [60–86].

 Table 3.3 Comparative analysis of algorithms based on the decision-making efficiency criterion

Algorithm Name Average 
value

Average 
value

Worst 
solution

Standard 
deviation

Median 
value

Improved Snow Ablation Algorithm 0.012672 0.012701 0.012706 0.001106 0.012700

White Shark Algorithm 0.012722 0.012754 0.012766 0.007391 0.012744

Tree Seed Algorithm 0.012782 0.012799 0.01283 0.00567 0.012802

Bee Colony Algorithm 0.012786 0.012812 0.012836 0.004191 0.012815

Penguin Swarm Algorithm 0.013305 0.014951 0.018023 0.002293 0.013312

Grey Wolf Swarm Method 0.012926 0.014594 0.018 0.001636 0.014147

Canonical Snow Ablation Algorithm 0.012983 0.01356 0.01434 0.000289 0.013488

Particle Swarm Optimization Method 0.013147 0.014162 0.016398 0.002092 0.013119

Genetic Algorithm 0.012885 0.013188 0.015352 0.000378 0.013069

The results of the simulation presented in Table 3.3 indicate an improvement in the efficiency 
of processing diverse data by 13–17 % due to the use of additional enhanced procedures.
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3.3 Method of evaluation and forecasting in intelligent decision support systems

To enable the analysis of the state of a monitored object and ensure its forecasting, a system-
atic approach to the analysis and forecasting of its condition is proposed.

Fig. 3.1 shows the structural diagram of the system for managing the process of analyzing and 
forecasting the state of an object, which is divided into [11, 30]:

1) control subsystem (control subject, S);
2) managed subsystem (control object, O);
3) object model (in this case, a fuzzy cognitive model Y). The fuzzy cognitive model is used be-

cause the state of the analyzed object is typically characterized by both quantitative and qualitative 
indicators. This requires converting them to a unified measurement scale. 

W
YOC

Ya

Yes
No

L(YOC, YM)

YM

Q

U

Y'

Y'cor

H
H*

I

Knowledge Base

ε ε ≤ εadd

εstd

Control subsystem
(Control subject, S)

Purpose of management Z

Controlled subsystem
(Control object, O)

Current status
conclusion

and forecastObject model Y 
(fuzzy cognitive model)

 Fig. 3.1 Structural diagram of the system for analyzing and forecasting the state of an object

Explanation of variables from Fig.3.1:
W – external information; 
Q – system resources required for analyzing and forecasting the state of the object; 
H – internal information necessary for building fuzzy cognitive models (FCMs); 
H* – corrected error; 
U – control impact (management decisions, control commands) (direct connection); 
YОC – output information (actual data, parameters, indicators) characterizing the state of the 

control object; 
YM – model output parameters (desired or expected parameters); 
ε – error (discrepancy); 



75

3 A set of methods for enhancing the efficiency of information processing  
in intelligent decision support systems

CH
AP

TE
R 

 3

εthr – predefined fixed threshold value;
L(YОC, YM) – validation of the correspondence between the data obtained from the model and 

the real object it describes;
Y ' – information about the state of the object (feedback);
Y cor

'  – model correction (addition of new factors and relationships);
Yа – adequate model of the monitored object corresponding to its real state;
εstd – knowledge base update.
In the managed subsystem (O), the control objects are considered the targets of management 

impacts. The object model refers to the development and study of a fuzzy cognitive model (FCM) for 
assessing the state of the object using the methodology of fuzzy cognitive modeling.

The control subsystem generates the control impact U based on management objectives and 
information received from the external environment W.

The managed subsystem receives information (Q, I, U) that forms tasks for analyzing and 
forecasting the state of the object.

Using W, Q, I, fuzzy cognitive models are developed and studied through fuzzy cognitive model-
ing methodology. These models enable the exploration and analysis of possible development scenar-
ios for the objects. The development scenarios refer to the evolution of situations related to the 
monitored object’s behavior.

If the obtained results (calculated values) YM do not match the actual results characterizing 
the state YОС (the condition ε ≤ εper is not met), the control subsystem adjusts the FCM (Ycor). 
If ε ≤ εper is satisfied, the FCM is deemed adequate Yа. An adequate FCM allows the prediction of 
the object’s behavior.

To validate the adequacy of the model, a "historical method" is proposed. This method involves 
applying the developed FCMs to similar past situations with known dynamics. If the obtained results 
align with the real course of events, the FCM is considered functional and valid.

Control is executed using feedback Y '. The control subsystem receives feedback Y ', from the 
managed subsystem and the external environment W. It processes this information, compares it 
with the desired characteristics of the control object, and makes a new decision, generating the 
next control impact U based on it. The managed subsystem also processes feedback Y ', compares 
it with the desired characteristics of the control object, and corrects the error H*.

The system for managing the process of analyzing and forecasting the state of objects can be 
represented as a tuple:

Sc = <S, O, Y, Z, W, Q, Ya, D>, (3.24)

where Z – the management goal; D = <I, H, U, YОC, YM, Y ', H*, Y 'cor> – the internal environment of the 
management system Sc; Y = <W, H, H*, YM> – the object model, with the result YM being the FCM.

Let’s record expression (3.24) for the dynamic system:
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where S – a multidimensional time series; S s s st
t t

N
t� � �� � � � � �

1 2, ,...,  – the time slice of the object’s state, 
represented as a multidimensional time series at moment t; sj

t� � – the value of the j-th component 
of the multidimensional time series at moment t; Lj

i  – the maximum time delay of the i-th component 
relative to the j-th; φij – the maximum time delay of the i-th component relative to the j-th; Fi – the 
transformation used to obtain s(t), i = 1…, N; N – the number of components in the multidimensional 
time series; ι – the operator accounting for the degree of awareness about the object’s state.

From expression (3.25), it can be concluded that this formula describes the processes within 
the analyzed object while considering time delays. These delays are necessary for collecting, pro-
cessing, and summarizing information, as well as accounting for the degree of awareness about 
the object’s state. Additionally, expression (3.25) allows for the description of processes with 
both quantitative and qualitative units of measurement, as well as processes depicted in Fig. 3.1.

The method of evaluation and forecasting in intelligent decision support systems consists of the 
following sequence of actions (Fig. 3.2):

1. Input of initial data.
At this stage, the initial data available about the object to be analyzed is entered. The base 

model of the object’s state is initialized.
2. Identification of factors and relationships between them.
In existing studies, such as [3, 8, 13], the stage of processing initial data and the initial uncertainty 

of the type of information to be modeled is not considered. For simplification, the authors often assume 
that factor values are represented as dimensionless quantities within the interval [0, 1], and the values 
of relationships between them are within the interval [–1, 1]. To address this issue, a procedure for 
processing uncertain initial data during the identification of factors and their relationships is proposed.

Action 2.1. Input of Initial Data (Values of the parameters of FCM nodes, relationships between 
them, and the a priori type of uncertainty in the initial data). 

The a priori types of uncertainty in the initial data can be complete uncertainty, partial un-
certainty, or complete awareness. The parameter values of the nodes x i hvi

, , = 1  (h – number of 
factors) can be represented as: 

1. Numbers that differ in units of measurement, magnitude, and verbal descriptions. 
2. Intervals, fuzzy triangular numbers, fuzzy trapezoidal numbers, or fuzzy polyhedral numbers. 
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The initial parameter values of the nodes are simultaneously represented in each of the listed forms, 
while the initial values of the relationships between them are represented only in one of these forms.

Action 2.2. Conditional Check:
– if the parameter values of the nodes are represented as intervals or fuzzy numbers (e.g., 

intervals, fuzzy triangular numbers, fuzzy trapezoidal numbers, or fuzzy polyhedral numbers), then 
proceed to Action 2.3. If this condition is not met, proceed to Action 2.4.

Action 2.3. Normalization of Node Parameter Values Represented as Intervals and Fuzzy Numbers.
As a result of normalization, the parameter values of the nodes are represented as intervals 

with normalized parameter values. To obtain a single normalized fuzzy value from an interval, the 
following is recommended:

– for normalized intervals, fuzzy trapezoidal numbers, and fuzzy polyhedral numbers, select the 
arithmetic mean;

– for normalized fuzzy triangular numbers, select the expected value for normalization.
Action 2.4. Conditional Check:
– if the condition that the parameter values of the nodes are represented as verbal descrip-

tions is satisfied, proceed to Action 2.5;
– if the condition is not satisfied, proceed to Action 2.6. 
Action 2.5. Structuring Node Parameter Values. 
After completing this action, proceed to Action 2.8.
For node parameters represented as verbal descriptions, it is proposed to perform structuring, 

where each verbal description of the node parameter is assigned a corresponding numerical value 
from the interval [0, 1]. To evaluate the node parameter values, a verbal description "Factor Level" 
is introduced (Table 3.4).

 Table 3.4 Evaluation of node parameter values for the verbal variable "Factor Level"

Verbal description Numerical value

Low [0.1, 0.3]

Below average [0.31, 0.5]

Average [0.51, 0.7]

Above average [0.71, 0.9]

High [0.91, 1]

Normalization and structuring of node parameter values are necessary to ensure that the nu-
merical values of the node parameters do not differ in units of measurement, orders of magnitude, 
and belong to the interval [0, 1].

Action 2.6. Conditional Check:
– if the condition that the parameter values of the nodes are represented as numbers (not 

differing in units of measurement and orders of magnitude) is satisfied, proceed to Action 2.8;
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– if the condition is not satisfied (i.e., the parameter values of the nodes differ in units of 
measurement and orders of magnitude), proceed to Action 2.7.

Action 2.7. Normalization of Node Parameter Values Represented as Numbers:

x
x x

x x
xv

v v

v v
vi

i i

i i

i

norm norm nes  min

 max  min

�
�

�
��� ��, , ,0 1  (3.26)

where xvi  nes
 – the current value of the node parameter; x xv vi i max  min

 ,  – the minimum and maximum 
values of the node parameter, respectively v V i hi � �, , . 1

Formula (3.3) for normalizing the values of node parameters represented as intervals, fuzzy tri-
angular, and fuzzy trapezoidal (polyhedral) numbers is not suitable. This is because the interval values 
of the node parameters xvi 

must not overlap, as only in this case can the relationships "greater than" 
(maximum) or "less than" (minimum) be established. For intervals a = [a1, a2] and b = [b1, b2] to 
be comparable in terms of a ≥ b, it is necessary and sufficient that the condition a1 ≥ b1, a2 > b2.

Action 2.8. Normalization of Relationship Values Between Nodes Represented as Intervals or 
Fuzzy Numbers.

The nature and strength of relationships between nodes, represented as intervals, fuzzy triangular, 
and fuzzy trapezoidal (polyhedral) numbers, are evaluated on a five-point scale, as shown in Table 3.5.

 Table 3.5 Evaluation of the nature and strength of relationships between nodes

Numerical value Verbal description

1 2

For intervals 

0 Absent

[0.1, 1]
[–0,1, –1]

Very weakly strengthens
Very weakly weakens

[1.1, 2]
[–1.1, –2]

Weakly strengthens
Weakly weakens

[2.1, 3]
[–2.1, –3]

Moderately strengthens
Moderately weakens

[3.1, 4] 
[–3.1, –4] 

Strongly strengthens 
Strongly weakens

[4.1, 5] 
[–4.1, –5]

Very strongly strengthens 
Very strongly weakens

For fuzzy triangular numbers

0 Absent

[0.1, 0.5, 1]
[–0.1, –0.5, –1] 

Very weakly strengthens
Very weakly weakens
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 Continuation of Table 3.5

1 2

[1.1, 1.5, 2] 
[–1.1, –1.5, –2]

Weakly strengthens
Weakly weakens

[2.1, 2.5, 3] 
[–2.1, –2.5, –3]

Moderately strengthens
Moderately weakens

[3.1, 3.5, 4] 
[–3.1, –3.5, –4] 

Strongly strengthens 
Strongly weakens

[4.1, 4.5, 5] 
[–4.1, –4.5, –5] 

Very strongly strengthens
Very strongly weakens

For fuzzy trapezoidal numbers

0 Absent

[0.1, 0.3, 0.6, 1] 
[–0.1, –0.3, –0.6, –1]

Very weakly strengthens
Very weakly weakens

[1.1, 1.3, 1.6, 2] 
[–1.1, –1.3, –1.6, –2]

Weakly strengthens
Weakly weakens

[2.1, 2.3, 2.6, 3] 
[–2.1, –2.3, –2.6, –3]

Moderately strengthens
Moderately weakens

[3.1, 3.3, 3.6, 4] 
[–3.1, –3.3, –3.6, –4]

Strongly strengthens
Strongly weakens

[4.1, 4.3, 4.6, 5] 
[–4.1, –4.3, –4.6, –5] 

Very strongly strengthens
Very strongly weakens

For fuzzy polyhedral numbers

0 Absent

[0.1, wijn / N, 1] 
[–0.1, wijn / N, –1]

Very weakly strengthens
Very weakly weakens

[1.1, wijn / N, 2] 
[–1.1, –wijn / N, –2]

Weakly strengthens
Weakly weakens

[2.1, wijn / N, 3] 
[–2.1, wijn / N, –3]

Moderately strengthens
Moderately weakens

[3.1, wijn / N, 4] 
[–3.1, wijn / N, –4]

Strongly strengthens
Strongly weakens

[4.1, wijn / N, 5] 
[–4.1, wijn / N, –5] 

Very strongly strengthens
Very strongly weakens

As a result of normalization, the values of the relationships between nodes are represented 
as intervals with normalized relationship values. To obtain a single normalized fuzzy value from an 
interval, the following is recommended:
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1) for normalized intervals w w wij ij ij
norm norm norm� �� ��1 2, , fuzzy trapezoidal numbers w w w w wij ij ij ij ij

norm norm norm norm norm� �� ��1 2 3 4, , , 
w w w w wij ij ij ij ij

norm norm norm norm norm� �� ��1 2 3 4, , ,  and fuzzy polyhedral numbers w w wij ij ijN
norm norm norm� �� ��1 ,...,  select the arithmetic 

mean w
w

Nij
ijn� �norm
norm

;

2) for normalized fuzzy triangular numbers w w w wij ij ij ij
norm norm norm norm� �� ��1 2 3, ,  elect the expec ted nor-

malized value w wij ij1 2
� �norm norm, where wij

norm – normalized interval values of the relationships between 
nodes vi and vj w wij

maxnorm  � ��� ��11, ; .*

Action 2.9. Structuring the Values of Relationships Between Nodes.
To establish cause-and-effect relationships, a scale has been defined to evaluate the nature and 

strength of relationships between nodes (Table 3.6). 
Structuring involves the following: each value of a relationship, represented as a verbal de-

scription, is assigned a corresponding numerical value from the interval [–1, 1].

 Table 3.6 Evaluation of the nature and strength of relationships between nodes represented as verbal 
descriptions

Verbal description Numerical value

Absent 0

Very weakly strengthens
Very weakens

[0.1, 0.3]
[–0.1, –0.3]

Weakly strengthens
Weakly weakens

[0.31, 0.5]
[–0.31, –0.5]

Moderately strengthens
Moderately weakens

[0.51, 0.7]
[–0.51, –0.7]

Strongly strengthens 
Strongly weakens

[0.91, 1]
[–0.91, –1]

Normalization and structuring of the values of relationships between nodes are necessary to 
ensure that all relationship values belong to the interval [–1, 1].

3. Construction of the FCM. Formation of the Structure (Preliminary Structural Adjustment).
The formation of the FCM involves setting structural interconnections (represented as temporal 

lags) between the concepts of the FCM, weighted by fuzzy values wij

t li
j�� � of their influence on each 

other. In this study, the FCM FSi, which implements fuzzy temporal transformations Fi, is proposed 
as modified ANFIS-type models (Adaptive Neuro-Fuzzy Inference System). The FCM ensures the 
formation, storage, and output of predicted fuzzy values for the corresponding components of the 
multidimensional time series with the temporal delays required by the FCM.

The input fuzzy temporal variables of the FSi model for concept Ci are associated with the 
output fuzzy temporal variables of those concepts that directly influence concept Ci. At the same 
time, the input fuzzy temporal variables of Ci are preliminarily "weighted" by the corresponding fuzzy 
degrees of influence wij

t li
j�� �, based on which the following transformation is performed:
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where T – the T-norm operation.
The output fuzzy temporal variables of the FSi model for concept Ci are designed for the forma-

tion, storage, and output of predicted values for the i-th component of the multidimensional time 
series, corresponding to the temporal lags. To construct the fuzzy component temporal models FSi 
both a priori information about the components of the multidimensional time series available in the 
knowledge base and data obtained through evaluation or measurements can be used.

In the first case, it is assumed that the task of ensuring the completeness and consistency of 
the fuzzy rule base for the FSi model has been solved in advance.

If only experimental data are available, the task becomes one of model identification. In prac-
tice, the mixed case is most common, where the initial rule base of the model is built on heuristic 
assumptions, and its parametric adjustment (training) is performed based on a training dataset.

The input fuzzy temporal variables of the FSi model are S s s s s st t t t t
1 3

1
3

3
4

3
5

3
1

3' ' ' ' ' ', , , ,�� ��� � �� � �� � �� � �� �
      

while the output fuzzy temporal variables are S s s st t t
1 1 1

1
1

2' ' ', , .�� �� � �� � �� �
  

Beginning

End

per?
5

Detection factors
and links

2

Specifying the values
of factors and links

3

Conclusion on
object status

7

Training bases
Knowledge

8

Build FCM
4

Correction FCM
6

Entry of 
initial data ( = {i}) 

1

Yes

No

 Fig. 3.2 Algorithm for implementing the method of object state analysis and forecasting
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When constructing the model, the degrees of truth are first determined for the current values 
of the input variables in terms of their correspondence to the fuzzy premises of all model rules. 
Subsequently, aggregation is performed based on the T-norm operation for the degrees of truth of 
the premises of the rules:

 (3.28)

Next, the conclusions of the corresponding rules are activated according to the degrees of 
truth of their premises, using the implication operation (in this case, the Mamdani implication – the 
min-activation operation):

� �






M

t
ps M1

' min , .� �� � � � �  (3.29)

Next, the max-disjunction operation is performed, accumulating the activated conclusions of 
all the model rules:

   
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t
1 1 1 1
� � � � � � � �� � � � � � �� �max ,..., ,...,' ' '� � � ..  (3.30)

After that, normalization, storage, and output of fuzzy values of the model’s output variables 
are performed with the required temporal delays for the FCM:

   s Z s s Z snorm

t t

norm

t t

1
0

1
1

1

2 1
1

1

� �
� � �� �

� �
�� � � �� �� � � � � �, .  (3.31)

4. Training Artificial Neural Networks (ANNs).
In this procedure, ANNs are trained using the method for training evolving ANNs developed by 

the authors in [2]. This method differs from existing ones in that it allows training not only synaptic 
weights but also the parameters of membership functions along with the ANN architecture. At this 
stage, all fuzzy component temporal models of the FCM are also aligned. The alignment of all fuzzy 
component temporal models FSі, і = 1,…,N of the FCM is carried out after their "personalized" 
parametric adjustment. Alignment involves modifying the modal values and degrees of fuzziness of 

the fuzzy degrees of influence w l Lij

t l

i
j

i
ji

j�� � �
�
�
�

�
�
�

0,...,  between the FCM concepts to ensure maximum 

improvement in the prediction accuracy of each component of the multidimensional time series 
without deterioration. Before aligning the fuzzy component temporal models of the FCM, an addi-
tional "alignment" training dataset is formed, consisting of retrospective data for all components of 
the multidimensional time series simultaneously. The alignment procedure for all fuzzy component 
temporal models of the FCM is considered successfully completed if the total error for each of these 
models does not exceed a predefined threshold. For well-aligned components of the multidimensional 
time series, or for these models, the Edgeworth-Pareto principle will be applied.
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5. Forecasting the State of the Analyzed Object.
Multidimensional analysis and forecasting of the state of a complex system/process are carried out 

based on a structurally and parametrically adjusted FCM and can be performed in the following modes:
– firstly, direct multidimensional forecasting of the state of a complex system/process for the 

t-th moment in time, i.e., the calculation of output variable values of the FSі, і = 1,…,N for the 
corresponding sets of input variable values of these models, given each time;

– secondly, self-development and predictive assessment of changes in the state of a complex 
system/process, where the modeling of state dynamics is conducted starting from a certain situ-
ation defined by the initial values of all FCM concepts, in the absence of external influences on it;

– thirdly, development and predictive assessment of changes in the state of a complex system/
process, where the modeling of state dynamics is conducted starting from a certain situation. The 
situation is defined by the initial values of all FCM concepts, under external influence on the values 
of concepts and/or on the relationships between the concepts of the FCM.

The proposed method of evaluation and forecasting in intelligent decision support systems. To 
assess the effectiveness of the developed method of evaluation and forecasting, a comparative 
assessment was performed with the most popular software products:

– ARIS Business Performance Edition (IDS Scheer AG, Germany);
– IBM WebSphere Business Modeler (IBM, USA);
– System21 Aurora (Campbell Lee Computer Services Limited, UK);
– SAP Strategic Enterprise Management (SAP, Germany);
– Hyperion Performance Scorecard (Oracle, USA);
– CA ERWin Process Modeler (CA, USA). 
The modeling of the method for decision search processing was conducted according to the algo-

rithm in Fig. 3.2 and expressions (3.24)–(3.31). The proposed method for evaluation and forecasting 
was modeled in the MathCad 14 software environment (USA). The task solved during the modeling was 
the evaluation of elements of the operational environment of a grouping of troops (forces) (Table 3.7).

 Table 3.7 Incidence matrix of the cognitive map for situation evaluation

No. w1 w2 w3 w4 w5 w6 w7 w8 w9 w10 w11 w12

1 2 3 4 5 6 7 8 9 10 11 12
w1 0 1 1 0 0 0 0 1 0 1 1 0

w2 0 0 1 0 1 1 1 0 0 1 1 0

w3 0 1 0 0 1 0 0 –1 0 1 0 –1

w4 0 0 1 0 0 1 –1 0 0 1 1 0

w5 0 1 1 0 0 0 0 1 1 1 1 0

w6 0 1 0 0 –1 0 1 1 –1 1 1 0

w7 1 –1 1 0 0 –1 0 1 0 1 0 0

w8 0 –1 1 1 1 –1 0 0 0 0 0 0
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 Continuation of Table 3.7 

1 2 3 4 5 6 7 8 9 10 11 12
w9 1 0 1 1 –1 1 1 0 0 1 1 0

w10 1 –1 0 1 0 1 0 –1 0 0 0 0

w11 1 1 1 –1 0 1 0 0 0 1 1 1

w12 0 0 1 1 0 1 1 1 1 1 0 0

The results of the assessment of the operational environment of the grouping based on the 
input data are presented in Table 3.8, which provides the normalized evaluation results.

 Table 3.8 Comparison of computational complexity between software and the developed method for 
operational environment assessment

No. Software name Number of 
calculations

Developed method (by 
number of calculations)

1 ARIS Business Performance Edition (IDS Scheer AG) 67000 58960

2 IBM WebSphere Business Modeler (IBM) 64500 58760

3 System21 Aurora (Campbell Lee Computer Services Limited) 57000 48450

4 SAP Strategic Enterprise Management (SAP) 39830 35847

5 Hyperion Performance Scorecard (Oracle) 46200 40194

6 CA ERWin Process Modeler (CA) 43050 37023

From the analysis of the data presented in Table 3.8, it is evident that the proposed method 
requires fewer calculations compared to known approaches for evaluation and forecasting. The 
advantage of the proposed method, compared to existing ones, lies in the reduction of computa-
tional complexity, which in turn increases the decision-making efficiency regarding the operational 
environment of troop (force) groupings. Tables 3.9 and 3.10 present comparative results of the 
efficiency of training evolving artificial neural networks.

 Table 3.9 Comparative results of the efficiency of training evolving artificial neural Networks

System Algorithm parameters XB (Xie-Beni Index) Time, sec

FCM (Fuzzy C-Means) – 0.1903 2.69

EFCM Dthr = 0.24 0.1136 0.14

EFCM Dthr = 0.19 0.1548 0.19

Proposed System (batch mode) delta = 0.1 0.0978 0.37

Proposed System (online mode) delta = 0.1 0.1127 0.25

Before training, observation features were normalized to the interval [0, 1].
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 Table 3.10 Comparative results of clustering

System Algorithm parameters XB (Xie-Beni Index) Time, sec

FCM (Fuzzy C-Means) Dthr = 0.6 0.2963 0.81

EFCM Dthr = 0.6 0.2330 0.54

Proposed System (batch mode) delta = 0.4 0.2078 0.45

Proposed System (online mode) delta = 0.4 0.2200 0.30

It is worth noting that the proposed training procedure demonstrated better results in terms 
of the partition coefficient (PC) compared to EFCM and better performance in terms of time 
compared to FCM. The study showed that the proposed training procedure provides, on average, 
10–18 % higher training efficiency for artificial neural networks and does not accumulate errors 
during training (Tables 3.9 and 3.10). 

These results can be observed from the last rows of Tables 3.9 and 3.10, as the difference 
in the Xie-Beni Index. Furthermore, as already mentioned, during their operation, known methods 
accumulate errors. For this reason, the proposed methodology incorporates the use of evolving 
artificial neural networks. 

Conclusions 

1. An algorithm for implementing the method of information flow management in intelligent 
decision support systems (IDSS) using a population-based algorithm was developed. Thanks to 
additional and improved procedures, the method allows: 

– determining the initial population of ABC individuals and their initial positions on the search 
plane, taking into account the uncertainty of initial data on information flows in IDSS; 

– considering the initial velocity of each ABC individual, which enables prioritization of the 
search in the corresponding search plane; 

– providing universality in food-search strategies of ABC individuals, enabling classification of 
the conditions and factors influencing the process of information flow management in IDSS; 

– exploring solution spaces for functions described by atypical functions through the use of 
ABC movement technique selection procedures; 

– replacing unfit individuals by updating the ABC population; 
– simultaneously searching for solutions in different directions; 
– deep learning of ABC knowledge bases; 
– calculating the necessary computational resources required if the current resources are 

insufficient for calculations.
2. A case study of the proposed method demonstrated a 15–18 % improvement in deci-

sion-making efficiency due to additional procedures and ensuring decision accuracy at a level of 0.9.
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3. An algorithm for implementing the method of evaluating the efficiency of heterogeneous 
data processing in decision support systems was developed. Thanks to additional and improved 
procedures, the method allows: 

– accounting for the type of uncertainty of data circulating in decision support systems; 
– implementing adaptive strategies for search-plane exploration by population agents; 
– considering the available computational resources of the subsystem for heterogeneous data 

processing in decision support systems; 
– changing the search area for individual agents in the population; 
– adjusting the movement speed of population agents; 
– prioritizing the search by population agents; 
– initializing the population based on the type of uncertainty; 
– acting as a universal tool for analyzing the efficiency of heterogeneous data processing in 

decision support systems; 
– verifying the adequacy of the obtained results; 
– avoiding the problem of local extrema.
4. Simulation showed a 13–17 % improvement in data processing efficiency through additional 

refined procedures for introducing corrective coefficients related to data uncertainty.
5. A method for evaluation and forecasting in intelligent decision support systems was proposed.
The novelty of the proposed method includes:
– the use of a new type of fuzzy cognitive temporal models (FCTM) designed for multidimen-

sional analysis and forecasting of object states under uncertainty; 
– FCTM concepts are connected by subsets of fuzzy degrees of influence ordered in chrono-

logical sequence, accounting for the time lags of the corresponding components of the multidimen-
sional time series; 

– an improved object state forecasting procedure based on the new FCTM type, enabling 
multidimensional analysis, consideration of mediated influence, and interaction of components of 
the multidimensional time series with varying time lags relative to each other. It also ensures 
forecasting under conditions of non-stochastic uncertainty, nonlinearity, partial inconsistency, and 
significant interdependence of the multidimensional time series components; 

– an enhanced training procedure for artificial neural networks (ANNs) in intelligent decision 
support systems, improving information processing efficiency and reducing errors by; 

– training not only the synaptic weights of the ANN but also the type and parameters of the 
membership functions; 

– training the architecture of the ANN; 
– enabling the combination of ANN elements; 
– enabling training of individual ANN elements; 
– processing data in a single epoch without requiring storage of previous computations; 
– avoiding error accumulation in ANN training as a result of processing incoming information.
A case study using the proposed method for forecasting the time series of a reconnaissance 
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object demonstrated a 15–25 % improvement in ANN performance efficiency in terms of informa-
tion processing due to additional refined procedures.
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