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Abstract. In the context of growing demands for rapid decision-making and in-depth analysis of complex dynamic
systems — particularly when available data are limited and the involvement of experienced experts is either impractical
or prohibitively expensive — the development of new methods for the construction of the model becomes especially
relevant. The use of large language models (LLMs) as expert systems offers significant reductions in resource expenditure
and accelerates the modelling of complex technical, environmental, and socio-economic systems. This study aimed to
investigate and demonstrate the potential and capabilities of LLMs as expert systems in constructing cognitive maps.
The article proposes and substantiates an architecture for the cooperation of LLM ensembles to formally generate
vertices-variables and weight coefficients in cognitive maps, thereby enabling the automation of the modelling process
without the involvement of human experts. A typical prompt for an LLM was decomposed into structural components:
context description (D), model role instruction (R), instruction (I), conditions (C), and response format (F). A method for
determining these components through expert-based analysis is proposed. A prompt system was developed to enable
structured data processing and the identification of interrelationships among system elements. The practical effectiveness
of the approach was demonstrated using a case study on forecasting water quality in the Sabarivske Reservoir near
Vinnytsia. For most physicochemical indicators, the modelling showed low error rates (2.09-4.6%), even with a minimal
amount of input data. The proposed method is promising for modelling and forecasting tasks in complex systems with
limited data availability, particularly in environmental, socio-economic, and engineering contexts, where the speed of
obtaining reliable results is critical for informed decision-making

Keywords: LLM; generative artificial intelligence; intelligent technology; systems analysis; modelling; forecasting;
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Introduction

To address forecasting and decision support tasks, it is cru-
cial to possess a model capable of predicting a system’s re-
action to certain perturbations. As is known, if a system is
well-defined, it is typically modelled using mathematical
methods. Conversely, if a system exhibits high uncertainty
and a significant volume of data, data science and intel-
ligent models are generally applied. In the case of weak-
ly structured systems with a limited amount of data, an
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expert approach and intelligent formalisation methods
based on cognitive maps are employed. A cognitive map
(CM) is a directed graph that connects vertices-variables by
arcs with weights, whose values are constant and lie within
the range . Cognitive maps are an effective tool for mod-
elling dynamic systems; however, traditional approaches
to CM construction rely on expert evaluations and require
considerable time. Furthermore, they are susceptible to
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expert subjectivity, which complicates the development
of stable models. Simultaneously, modern large language
models (LLMs) already contain a wide spectrum of expert
knowledge and can significantly accelerate this process,
provided their cooperation is correctly organised and an
effective prompting system is in place. This underscores
the necessity for developing a method utilising LLMs to
automate the construction of cognitive maps.

Over recent years, several studies have been pub-
lished concerning the use of large language models and
cognitive maps for modelling complex systems. However,
each of these illuminates somewhat different aspects of
this issue and does not offer a comprehensive solution for
the full automation of CM construction based on LLMs.
For instance, T. Liu et al. (2024) demonstrated the capa-
bility of LLMs (using the LLaMA 2 model as an example)
to perform forecasting of the dynamics of various systems
without additional training. Their conclusion posited
that LLMs can effectively serve as a basis for predictive
models, even for complex dynamic processes. Researchers
R. Schuerkamp et al. (2025) proposed an original mecha-
nism for integrating multiple expert cognitive maps us-
ing LLMs. Their method of automatic “reconciliation” of
contradictory statements enables LLMs to analyse causal
relationships independently generated by several experts
and to propose a single, agreed-upon map without ex-
plicit conflicts. While this opens up the prospect of large-
scale integration of heterogeneous knowledge in complex
tasks, it is based on maps previously formulated by ex-
perts rather than on full automation.

In the research by A. Feleki et al. (2023), an integrat-
ed Deep FCM approach was applied, where a convolutional
neural network (CNN) was combined with fuzzy cognitive
maps (FCMs) for the diagnosis of heart diseases. However,
the LLM (GPT-3.5) was only used for the automatic gener-
ation of text explanations in natural language. In practice,
this allowed for the analysis of medical images using a con-
volutional neural network and their combination with clin-
ical data in an FCM classifier with enhanced explanatory
capability. In the study by W. Godoy et al. (2024), the level
of student satisfaction with factors such as teaching qual-
ity, infrastructure, and social environment, among others,
was compared, with results obtained using an LLM and re-
sults modelled using a CM that was constructed tradition-
ally. The results were found to be almost identical: a score
of 7.5 was obtained using the CM, and a score of 7.4 was ob-
tained using OpenAI’s GPT-4 LLM. However, the cognitive
map itself was created separately by expert means, without
any attempts at its automatic generation using an LLM.

As for the use of cognitive maps (CMs) themselves in
modelling tasks, this approach is demonstrating increas-
ing popularity within the scientific community due to its
ability to effectively represent complex causal relation-
ships across various subject domains, whilst providing
an intuitively understandable visualisation of system dy-
namics and supporting decision-making under uncertain-
ty. Specifically, O. Saliieva & Y. Yaremchuk (2020) proved
the reliability of modelling the impact of threats on the

security level of an information protection system and a
critical infrastructure object, conducted based on a cog-
nitive approach. Similarly, S. Shevchenko et al. (2024)
demonstrated the effectiveness of cognitive maps for
modelling information security risk scenarios. CMs in
their research enable the identification of key vulnerabil-
ities and optimal enterprise protection strategies through
scenario analysis. However, the map itself was constructed
manually based on expert experience, and the issue of au-
tomated formation of the structure and weighting coeffi-
cients using LLMs was not considered.

An analysis of the systemic risks associated with the
application of chatbots in education is presented in the
study by O. Cherniuk (2023). The author utilised a cogni-
tive map to investigate the interaction between students
and generative language models, identifying both positive
consequences (such as increased motivation and access to
knowledge) and threats (for instance, the temptation to vi-
olate academic integrity). In this study, the cognitive map
was also constructed manually by experts, and the use of
LLMs for automation was not considered.

Another relevant example of implementing cognitive
maps is presented in the article by V. Mokin et al. (2021),
where the authors proposed a mathematically ground-
ed method for synthesising a stable multi-connected CM
by sequentially expanding the base map to higher orders.
This approach demonstrated its effectiveness through the
analysis of ecological processes in the Southern Bug River
in the Vinnytsia Region. However, in this case, as well, the
identification of vertices and interconnections was based
on prior expert input, meaning that full automation with-
out specialist involvement was not envisaged.

Based on the analysis conducted, several aspects can
be identified which are either not addressed at all or are
insufficiently covered in current scientific literature: the
development of a completely automated method for con-
structing cognitive maps without manual expert involve-
ment; the use of LLMs not merely for explanations or
reconciling existing maps, but for generating the entire
structure of the CM (vertices-variables and weighting co-
efficients); and the evaluation of the actual effectiveness
of such an approach for complex systems with limited data.
Consequently, this article aimed at the development of a
method for constructing a cognitive map of processes in a
dynamic system using the cooperation of large language
models in the role of experts. Specifically, this entailed
defining the key elements of the system, their interrela-
tionships and the cognitive map’s weighting coefficients,
as well as forming a system of prompts to ensure effective
LLM cooperation, followed by verifying the adequacy and
accuracy of the constructed model using real data.

Materials and Methods

Complex dynamic systems in discrete time k=0, 1, 2, ..., can
typically be formalised in the form of sets of values for in-
put variables U, state variables X, and an output variable Y.
A case was considered where in each modelling scenario,
there is only one input and only one output variable. It is
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necessary for the values of the variables to be represented
on a single scale (e.g., normalised), as the use of different
units of measurement can lead to inaccuracies in model-
ling. Importantly, the graph is undirected and all variables
are interchangeable; that is, an output variable or some
intermediate state variable can become an input and vice
versa, the main point is to always adhere to the require-
ment that there is only one input and one output variable
in each instance. The methodology for constructing cogni-
tive maps posits that all system variables are represented
as vertices of a graph, and the interrelationships between
them as arcs with weights that characterise the strength of
influence (Roberts, 1976; Romanenko & Miliavskyi, 2023).
Thus, a cognitive map is a formalised tool for modelling
and analysing complex dynamic systems. Each value of the
output variable can be calculated using the expression:

Y[kl = F(X[k —il,U[k — i]),i = 1,d, (1)

where F (+) is the system model that links input variables
to state variables and state variables to output variables,
and d is the diameter of the graph, i.e., the length of the
longest path between the input and output vertices. A sig-
nal propagates from the input vertex to the output vertex.
Over one time step k, it moves from one vertex to anoth-
er. Therefore, from the most distant vertex, it reaches the
output in d steps, but from some vertices, the signal may
arrive sooner. For a CM to be stable, the absolute values
of all eigenvalues of the adjacency matrix must be less
than 1 (Mokin et al, 2021).

The greater the number of vertices in a CM, the more
patterns it accounts for, but the more difficult it is to ensure
its stability. In conducting this research, the results of the
articles by V. Mokin et al. (2020, 2021) were considered, in
an attempt was made to synthesise guaranteed stable CMs
mathematically. However, such CMs possess a rather simpli-
fied (somewhat degenerate) structure, which significantly
reduces the set of complex systems for which they would be
adequate. Conversely, if a CM has many vertices and a com-
plex structure, it is more adequate for the processes within
the system, taking into account features that correspond to
external influences upon it. Thus, the main criterion for CM
optimisation is finding a compromise between the number
of vertices, to ensure maximum adequacy, and ensuring its
stability, so that it can be used for tasks such as modelling,
scenario-based data forecasting, and supporting optimal
decision-making. In this context, LLMs can become an ef-
fective tool for solving CM optimisation problems. Specif-
ically, LLMs are capable of automating CM construction
by analysing textual and numerical data. Thanks to their
ability to work with large volumes of data and account for
complex hidden patterns, LLMs can help to achieve a com-
promise between the model’s adequacy and its stability.

The proposed method is based on decomposing the
task of forming a CM into a series of subtasks, which are
solved using the cooperation of LLMs. This decomposi-
tion allows the overall problem to be broken down into
individual steps: identification of variables (CM vertices),

data preparation and generalisation, construction of CM
weighting coefficients, and subsequent integration of the
obtained results. Thus, to address the stated problem, an
algorithm was developed for the method of constructing a
cognitive map of processes in a dynamic system using the
cooperation of large language models:

1. Identification of the main vertices-variables of the
cognitive map using an ensemble of LLM M, , which
most fully characterise the complex system being mod-
elled and, simultaneously, are best supported by data for
expert analysis.

2. Transformation of data for a given output value
Y[k] (corresponding numerical values from the sets of in-
put variables U, state variables X, and the output variable;
a textual description of the general characteristics of the
object and each of its components that can be identified
within it based on various criteria; a textual description
of the current stage of the object’s functioning, etc.) using
an ensemble of LLM M, into a natural language textual
description Q.

3. Estimation of the upper bound of values for each in-
dicator using an ensemble of LLM M, , . for subsequent use
during the normalisation of indicator values.

4. Generating the weights of the cognitive map using
the values of Q and the LLM ensemble M, , taking into
account typical constraints on these values in the range
[-1, 1] and ensuring its stability.

5. Checking the cognitive map for stability. If the CM
is stable, the problem is solved; otherwise, revert to stag-
es 1, 2, 3, or 4 and repeat them with different parameters
(e.g., change the “temperature” parameter, which in LLMs
is responsible for the diversity of the output, or similar).

This algorithm ensured the decomposition described
above and the utilisation of the advantages of large lan-
guage model cooperation at each stage of cognitive map
formation. Breaking down the task into a sequence of
prompts, instead of using a single complex query, signif-
icantly reduced the requirements for the context volume
and capabilities of the LLMs, allowing for the creation of
more detailed and structurally complex cognitive models.
Furthermore, the cooperation of LLMs facilitated the com-
bination of the strengths of different neural network archi-
tectures to achieve a synergistic effect.

Testing of the proposed method was conducted using
real data on the water quality in the Sabarivske Reservoir
on the Southern Bug River near Vinnytsia. The data were
obtained from the Vinnytsia City Open Data Portal and
included average monthly values of water quality indica-
tors (Vinnytsia City Council, 2024). The CM generated us-
ing the developed method was evaluated for stability and
forecasting accuracy.

Results and Discussion

Designing the architecture for the cooperation

of large language models

Common methods for combining multiple LLMs can be
divided into two categories. Direct model merging — for
instance, parameter merging, which involves combining
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several LLMs into one by aggregating their parameters
(model weights), for example, through averaging. A key
requirement here is that the model architectures must
be compatible (Akiba et al., 2025). The second method is
the combination of input and output data between mod-
els (cooperation of LLMs), which includes ensemble meth-
ods (LLM ensemble) or other, more general cooperation
techniques. Ensemble methods involve combining texts
generated by multiple LLMs to improve the quality of the
response and can occur either directly during generation
or after the text has been fully generated (Cao et al., 2024;
Lu et al., 2024).

The second method is, in general, more promising as
it offers flexibility and does not require full compatibility
with model architectures. Furthermore, cooperation-based
approaches allow for a more effective combination of the
strengths of different LLMs, which can significantly en-
hance the overall response quality without the need to
modify the models themselves. Therefore, the use of en-
semble methods (LLM ensemble) has been proposed.

The proposed architecture for the cooperation of large
language models is based on the principles of ensemble
methods in machine learning and collective decision-mak-
ing. The theoretical foundation of this approach is the
concept of “the wisdom of crowds”, which suggests that
aggregating independent evaluations often leads to more
accurate results than individual assessments (Schoeneg-
ger et al., 2024). In the context of LLMs, this concept is im-
plemented through the parallel or sequential application of
models, followed by the reconciliation of their outputs. To
ensure the reliability of results and reduce the risk of “hallu-
cinations” by the models, an architecture with result valida-
tionis applied, where the outputs of multiple LLMs are com-
pared and reconciled by a dedicated reconciliation model.

In general, the nature and complexity of each ensem-
ble depend on the specifics of the task. To minimise the
typical “hallucinations” of LLMs and improve the reliabili-
ty of results, it is suggested to use at least several LLMs to
generate intermediate results, which are then summarised
by another LLM (Fig. 1) (Das & Srihari, 2024). The pres-
ence of “hallucinations” in LLMs is a known issue, as the
models can generate false or incorrect information, which
may nonetheless appear plausible, making it difficult to
detect and verify (Huang et al., 2025). One possible reason
for this may be that LLMs operate based on statistical pat-
terns and lack a “true understanding” of the text (Bender
& Koller, 2020; Bender et al., 2021). In certain cases, some
sub-tasks (for example, data conversion to another format)
can be performed by individual LLMs without involving an
ensemble or even algorithmically - for instance, S.-W. Chen
& H.-J. Hsu (2023) demonstrated that integrating an exter-
nal numerical module significantly reduces numerical hal-
lucinations in Mistral 7B, improving the accuracy of math-
ematical calculations.

Figure 1 illustrates the structure of a large lan-
guage model ensemble, where the input prompt P un-
dergoes parallel processing through k independent LLMs

M,, M,,..., M,). Each prompt is initially transformed by
pre-processing operators ¢,, ¢, ..., ¢,, which can adapt the
query to the specifics of the respective model. Inference
parameters i, i,,..., i, define the configuration of each
model (temperature, top_p, etc.). The results from all mod-
els are collected by operator T, undergo post-processing
¢,.,» and are fed into the coordinating model M,,, with its
own parameters ¢, ,, which forms the final result Y based

on all the data received.
!
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Figure 1. Example of LLM ensemble with parallel prompt
processing using k LLM M,, M,,..., M, and subsequent
combination of results by a coordinating model M, ,,
Source: authors’ development

The following set of models was defined: A ={M,
M,,..., M}, where each model M, maps the prompt P to
the response space R, of model M;: M,: {P} - R. If a single
prompt P is simultaneously fed as input to all elements of
a subset of models {M,, M,,..., M,}S A, a set of results Yl
from the parallel processing of the prompt by the LLM en-
semble will be obtained:

{YlParallel' YZParallel' -, Y}farallel} - [M;/h' M;/)z' . M;(pk] (P), (2)

where 1, are the inference parameters of model M.

When considering an ordered set {M,, M,,..., M} S A,
where the prompt was fed as input to model M, and the
response of each model was passed to the next in order
within the set, the result Yseawential of sequential prompt pro-
cessing by the LLM ensemble was obtained:

ySequential — M;{pk (M;{/}_kil (M;pl(P))) =
— (M;{/}k ° M}‘{l}—kil o0,.0 M;ljl) (P). (3)

When combining the parallel (2) and sequential (3)
approaches to prompt processing, a method was applied
where the prompt was first fed simultaneously to the in-
put of a subset of models {M,, M,,..., M;} € A. Subsequent-
ly, the obtained responses from the models, Y?#l were
used as input data for the next sequence of models {M,
M,,,,..., M } €A for further processing:

k20"

+17

72 Information Technologies and Computer Engineering, 2025, 22(1)



Varer & Mokin

Y = (M:rplm ° Py ° M;ﬁ'fil ° P11 0.0 M;fﬁl ° <Pk+1) X

ot

where T:R, xR, x...R, - P is the function for transforming
the results of parallel processing into a new prompt, and
@,.:{P} — {P} is the prompt pre-processing operator before
feeding it to the input of the model. For the implementa-
tion of the proposed method, four types of LLM ensembles
are required: M, ., M, ., M, .., M, ., where each of the
ensembles can be represented as:

MLLMi(P) =

Fo (Mo @ o M3 0 @y o o MY 0 9 )x

X<T([M¥}1° ‘PlvM;pz ° @y ---kall}k ° (Pk] (P)>>) (5)

As noted above, the M,,, ensemble was responsible
for analysing the input textual description of the system
and identifying the key elements (vertices of the cogni-
tive map). The M,,, , ensemble is intended for generalisa-
tion and conversion of heterogeneous data into a textual
description , suitable for further processing. The M, .
ensemble is designated for analysing the available data
regarding the system’s state and determining the value
limits for the CM vertices. This is necessary to normal-
ise the values of the variables and bring them to a sin-
gle scale. The M,,,, ensemble determined the nature and
intensity of influence between system elements based on
the available textual descriptions, which allows for the
formation of the CM weights.

For all four ensembles {M, ., M, ., M, ., M .} a
common set of models L was used, and the ensemble archi-
tecture involved the parallel generation of results with their
subsequent reconciliation by a coordinating model. The set
Lincluded: GPT-40 (OpenAl), Claude Sonnet 3.5 (Anthrop-
ic) — general multimodal large language models, Gemini
1.5 Flash (Google) — a model with high context processing
performance, GPT-10 preview (OpenAl) — a model trained
in a particular manner that demonstrates higher efficiency
in solving complex tasks. The GPT-10 preview model was
used as the coordinating model.

Development of a prompt system for LLM ensembles
To implement the idea proposed above, a system of
prompts was developed that allows for the effective utili-
sation of LLMs in constructing a cognitive map. This pro-
cess includes the processing of available data regarding
the system being modelled, the selection of indicators
based on which the CM will be built, the calculation of
influence weights between indicators, the calculation of
indicator limits for normalising state vectors in the CM,
and the interaction between LLMs. The use of a system-
atic approach to creating these prompts enabled all as-
pects of the cognitive map construction process to be
taken into account.

It is known that the effectiveness of LLM responses
increases if the prompt explicitly sets the “role” that the
LLM is to “perform” (Kong et al., 2024; Wang et al., 2024).
This functions as setting a context that limits the semantic
space for generating responses. Therefore, it is proposed
that each developed prompt begins with a sentence that
explicitly defines the role. Each prompt can be decomposed
into constituent parts and represented as a tuple:

P = (D,R,I(D),C,F), (6)

where D is the task context in terms of the subject do-
main, R is the role instruction for the LLM, I(D) is in-
structions regarding data processing, C is additional con-
ditions and constraints, and F is instructions regarding
the response format.

D (“Data”) — the domain context, which contains data
relevant to the task (e.g., a textual description of the sys-
tem state, observation JSON data, etc.). The domain con-
text should provide the LLM with sufficient information for
decision-making and may consist of several independent
parts, for instance: D, - a list of elements of the system be-
ing modelled, D,, D,, D, - evaluations from three independ-
ent experts that need to be generalised, and so forth. The
structured presentation of data is justified by the need for a
clear distribution of information blocks to avoid confusion
and ensure flexibility in adaptation to different scenarios.

R (“Role”) - the “role” instruction for the LLM
(e.g., “You are an expert in assessing water quality in river
basins”). Such a role assignment sets a specific context for
the prompt and helps to obtain more specialised responses.
The use of role instructions allows the LLM to adapt the
style, terminology, and depth of the generated text accord-
ing to the chosen area of expertise.

I(D) (“Instructions”) - instructions on precisely what
needs to be done with the data. The instructions should be
precise, understandable, and detailed. Correctly formulat-
ed instructions ensure a more accurate generation result.
The more detailed the expected actions are described, the
lower the probability of obtaining an incorrect interpreta-
tion or a result that does not meet expectations.

C (“Constraints”) — additional conditions, formal lim-
itations, and clarifications. Additional conditions are in-
troduced to prevent the LLM from deviating beyond the
defined semantic and contextual space. Constraints help
to reduce the risk of obtaining incorrect results and also
ensure compliance with practical requirements.

F (“Format”) - instructions regarding the response
format. Clear requirements for the response format are jus-
tified by the necessity for automated subsequent process-
ing, integration with other tools, or verification of results.
The absence of a formalised format would complicate the
application of the generated data in real-world scenarios,
reducing the overall effectiveness of the method.

This formalisation ensured a structured approach
to prompt construction, which, in turn, enhanced the
manageability and transparency of the result generation
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process. Without such a clear structure, prompts could be
inconsistent, overly complex, or insufficiently formalised,
which would lower the quality of the generated CMs and
their practical applicability. Furthermore, the formalised
approach simplifies the process of debugging and opti-
mising prompts, as it allows for a systematic analysis of
the influence of individual components on the final gen-
eration result and enables targeted changes to improve
the quality of the output.

Example application of the method
for forecasting surface water quality
The proposed method was applied in practice using real
data. The Vinnytsia City Open Data Portal provides aver-
age monthly values for water quality indicators in the Sa-
barivske Reservoir on the Southern Bug River, upstream of
the drinking water intake for Vinnytsia Vodokanal (Vin-
nytsia City Council, 2024). Significantly more data are
available on the water intake itself, but these are not pub-
lished. Public data are primarily needed by the city author-
ities and population for using the Sabarivske Reservoir for
recreational purposes, fishing, and so forth. However, for
these purposes, knowledge of future values is more valu-
able than retrospective ones. To implement the described
approach, the ensembles for solving this problem were de-
fined as follows:

The set L is common to all four ensembles: L= (GPT-4o,
Claude Sonnet 3.5, Gemini 1.5 Flash, GPT-10 preview). The
architecture of the ensembles is analogous to that shown in

Figure 1. A query to the ensemble indicated that for solving
the problem of forecasting the ecological state and water
quality indicators in the river, significantly more indicators
measured at different points upstream and downstream
with greater regularity are needed, along with information
about water discharge, hydrological parameters of the riv-
er (flow velocity, sinuosity, roughness of the channel bed,
turbulent diffusion coefficient), meteorological conditions
(precipitation, temperature, atmospheric pressure), and so
forth. Such data are absent in this dataset, and the available
data are very limited (one data point, averaging interval —
one month, information on hydrological and meteorolog-
ical parameters is absent, information on hydrobiological
indicators is absent). Therefore, it is impossible to identify
either a mathematical or an intelligent model. However,
building a cognitive map is, theoretically, possible. Taking
expert knowledge of the research objects into account sug-
gests that the best period for modelling with the available
data is the winter season, as during this time, the impact of
biotic indicators on the ecological condition of the water is
minimal, and physical-chemical characteristics (tempera-
ture, oxygen concentration) are predominantly determined
by abiotic processes. The LLM GPT-40 was used to formu-
late this assumption, followed by verification by a human
expert. According to the algorithm of the proposed method,
a textual description of the water state in January 2024 was
generated using the ensemble. Subsequently, this descrip-
tion was used in prompts as the structural element D from
formula (6). An example prompt is shown in Figure 2.

You are an expert in assessing water quality in river basins. R
From the provided textual description of the water state in the river section and the list of indicators, determine
the degree of influence of the indicator “dissolved oxygen concentration (mg/L)” on the rest of the indicators |
The degree of influence of an indicator on each other indicator must be expressed numerically within the range of
-1 to 1, and the absolute value of the sum of all influences must be less than 1 C,
The sign of the influence should reflect how the indicator changes under the influence of “dissolved oxygen level
(mg/L)": if with an increase in “dissolved oxygen level (mg/L)”, the indicator increases, then the sign of the
influence should be positive. If with an increase in “dissolved oxygen level (mg/L)”, the indicator decreases, then Cz
the sign of the influence should be negative
D1 <description>
D1 </description> D,
D2 <list of indicators>
D2 </list of indicators> D,
Provide the final answer at the end in JSON format
{
“Dissolved oxygen level (mg/L)": {

“Indicator”: influence E
}

Figure 2. Prompt P,

weights
Source: authors’ development

According to the developed method, a cognitive map
was generated, depicted in Figure 3. It reflects five key
water quality indicators: biological oxygen demand, tem-
perature, ammonium salt, dissolved oxygen, and total iron,
as well as their interrelationships. These indicators were
selected for modelling using the LLM ensemble. They are

=(D,,D,,R, 1, C,, C,, F) for generating relationships between indicators

minimally sufficient for identifying certain patterns re-
garding water status, and it is for these indicators that
the most data are available on the Vinnytsia City Council
portal (Vinnytsia City Council, 2024). The weighting coef-
ficients of the relationships between them were generated
according to the proposed method.

74 Information Technologies and Computer Engineering, 2025, 22(1)



Varer & Mokin

>
aemp.

BOD- 0.25

/
//
/ o
e i
NH €—

Figure 3. Generated cognitive map of water quality indicators in the Southern Bug River near Vinnytsia
for the winter period
Note: BOD - biochemical oxygen demand; Temp — temperature; NH — ammonium salt (NH4+); O2 - dissolved oxygen; Fe - total iron.
Green lines indicate a positive influence, where an increase in one indicator leads to an increase in another; red lines indicate a negative
influence, where an increase in one indicator causes a decrease in another. Numerical values on the arcs reflect the strength of the mutual
influence of the indicators in the range from -1 to 1, where larger absolute values indicate a stronger relationship between the indicators

o

Source: authors’ development

Based on the obtained CM, cognitive modelling of a
temperature change scenario for the following month,
February 2024, was performed. To verify the reliability of

the forecast, the modelling results were compared with the
actual temperature and water quality indicators for Febru-
ary 2024. The obtained results are presented in Table 1.

Table 1. Comparison of modelling results with actual water quality indicators

Indicator Actual value Model prediction Relative modelling error (%)
Dissolved oxygen concentration 9.5 mg0,/dm? 9.125 mg0,/dm® 3.95%
Ammonium salt (NH4+) 0.43 mg/dm? 0.421 mg/dm? 2.09%
BOD (biochemical oxygen 5 5 o
demand) 6.3 mg0,/dm 6.01 mgO,/dm 4.6%
Total iron 0.35 mg/dm? 0.6 mg/dm3 71.4%

Source: authors’ development

As can be seen from the table, three out of the four in-
dicators were modelled with high accuracy. This indicates
the effectiveness of the applied method in forecasting the
main physicochemical parameters of water. However, for
the “Total iron” indicator, the relative error was 71.4%.
Such a significant discrepancy may be due to additional
factors that were not taken into account in the modelling.
This suggests that for this indicator, the aforementioned
assumption regarding the greater adequacy of the model
for the winter period is not significant. This is quite expect-
ed, as the concentration of iron in water is considerably
less related to the activity of aquatic organisms than other
indicators of the ecological state of the water.

Based on the generated cognitive maps, which were
produced by the LLM ensemble, there is partial overlap
with the results of R. Schuerkamp et al. (2025). In their
experiment, ChatGPT successfully merged several expert
maps into one; in the present study, the LLM ensemble

managed to integrate disparate fragments of knowledge
from text into a coherent map. This integration pro-
cess proved particularly effective for complex systems
where the interrelationships between components are
not always immediately obvious. The use of a model en-
semble allowed for a more balanced representation of
knowledge and helped to avoid the potential biases of
individual models. Thus, the findings support the idea
that LLMs can act as knowledge integrators, forming a
cognitive model of a system from potentially conflicting
statements derived from expert cognitive maps. Simul-
taneously, this research goes further by employing LLMs
to construct the map from scratch, rather than merely
merging existing maps.

Compared to the approach of A. Feleki et al. (2023),
where GPT-3.5 generated textual explanations for an al-
ready existing FCM, the method described in this study
effectively does the opposite — it generates the FCM itself.
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Instead of requiring the black box to explain its decisions
in human language, the black box is “compelled” to explain
the problem in the language of causal relationship graphs.
This “inverted” approach has made it possible to obtain
a model that is more interpretable from the outset. This
is particularly important in the context of increasing de-
mands for the transparency of algorithmic solutions and
the necessity to explain not just individual conclusions,
but also the general logic of the model’s reasoning. Fur-
thermore, such an approach potentially reduces the time
required for creating cognitive maps and makes this tool
more accessible to researchers without deep expertise in
modelling complex systems.

In the context of dynamic systemes, it is worth compar-
ing the obtained results with those of T. Liu et al. (2024).
That research demonstrated the ability of LLMs to fore-
cast time series, effectively imitating the system dynamics
through a sequence. The proposed method, however, aims
for an explicit representation of dynamics via a graph of
influences, which makes it more transparent and inter-
pretable for end-users. In this research, attention was fo-
cused on the structure of interrelationships between the
system components, rather than solely on their behaviour
over time. It can be noted that the model constructed by
the LLM in the conducted study successfully reproduced
the qualitative structure of the system (the set of influenc-
es between variables). This allowed not only for forecast-
ing changes in the system but also for understanding the
causes of these changes and potential levers of influence.
Thus, this complemented the results of T. Liu et al. (2024),
as LLMs can not only predict behaviour but also reveal the
structure of interrelationships, which significantly expands
the analytical toolkit for working with complex systems in
various subject domains.

Compared with Ukrainian studies, it can be stated
that the solution presented in this research fills an im-
portant gap. In the article by S. Shevchenko et al. (2024),
experts manually modelled cybersecurity risks via FCMs.
Similarly, in the study by O. Cherniuk (2023), a map of the
impact of chatbots on education was constructed based
on expert analysis. The proposed method, in contrast, al-
lows for the automation of such steps: instead of manual
map construction, it is sufficient to provide the LLM with
a full description of the problem. This significantly accel-
erates the modelling process and makes it less dependent
on the availability of specific experts. Moreover, the auto-
mated approach may prove less susceptible to individual
expert biases, especially if an ensemble of different LLMs
is utilised. At the same time, the proposed method does
not exclude expert contribution but rather shifts it to the
level of validation and correction of automatically gener-
ated models, which optimises the use of valuable expert
time and knowledge.

Conclusions
The article addresses the issue of using LLMs as experts for
constructing cognitive maps of complex dynamic systems.

The research goal, which was to develop a method for con-
structing a cognitive map of processes in a dynamic system
using the cooperation of large language models in the role
of experts, has been successfully achieved. The proposed
method allows the automation of the cognitive map con-
struction process without the involvement of human ex-
perts and requires only a minimal set of input data.

In the course of the study, the architecture for the co-
operation of LLM ensembles was proposed and substan-
tiated for the formal generation of vertices-variables and
weight coefficients in cognitive maps. The decomposition
of a typical prompt into structural components was carried
out, and approaches for their definition were suggested.
A system of prompts was developed to ensure structured
data processing and the identification of relationships be-
tween system elements. The practical effectiveness of the
approach was demonstrated through the example of pre-
dicting water quality in the Sabarivske Reservoir, where
modelling for three of the four physicochemical indicators
(dissolved oxygen concentration, ammonium salt, and bi-
ological oxygen demand) showed a small error (2%-5%),
even with a minimal amount of input data.

The proposed method holds significant importance for
the applied modelling of complex systems, as it allows for
the rapid creation of formalised models in situations where
traditional approaches face limitations due to a lack of
data or experts. The developed formal system of prompts
helps to improve the accuracy of LLM responses, thanks to
its structured nature and the use of known techniques for
enhancing the quality of the generated text. Utilising en-
sembles of different LLMs instead of a single model helps
to minimise potential biases and “hallucinations”, which
is critically important when modelling real-world sys-
tems. For one of the four physicochemical indicators (“To-
tal iron”), the method showed a significant error, indicating
the necessity of considering additional factors for specific
system variables. This confirms that cognitive maps con-
structed with the assistance of LLMs require validation and
potential adjustment for specific variables or relationships.

Promising directions for future research include ex-
panding the LLM cooperation architecture to work with
multimodal data, improving methods for ensuring the
stability of generated cognitive maps and developing ap-
proaches for the automatic correction of cognitive maps
based on feedback from real data. Separate attention is
needed to investigate the effectiveness of the proposed
method in other subject domains, particularly for complex
technical, ecological, and socio-economic systems.
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AHoTaUid. B yMOBax MOCTiiHOTO 3POCTAHHSI BUMOT [0 LIBUIKOTO MPUIAHATTS pillleHb i MMG0KOro aHasi3y CKIagHux
IMHAMIYHMX CUCTEM, KOJIM JOCTYITHI JaHi 0OMekeHi, a 3aly4eHHs JOCBiIUeHMX eKCIIePTiB YaCTO € HEMOXKINBUM ab0
3aHaJTO BUTPATHMUM, PO3POOIEeHHS HOBUX MEeTOiB TOOYI0BY MOZe/ieli HabyBae 0Co6IMBOI aKTyaabHOCTi. BUKOpUCTaHHS
BeJIMKMX MOBHMX Mogeseit (LLM) ik eKCIIepTHUX CUCTeM J03BOJISIE CYTTEBO 3HU3UTY PECYPCHI BUTPATH Ta IPUCKOPUTU
MpOIleC MOJENIOBAHHS CKIaIHUX TeXHIUHMX, eKOJIOTIYHMX Ta COLia/IbHO-eKOHOMIYHUX CUCTeM. MeTolo JaHoi poboTu
6y710 BOCTiIKeHHS Ta TPaKTUUHA AEeMOHCTpAIlis OTeHLialy Ta MOsKauBocTeit LLM, SIK eKCIIepTHUX CUCTeM, Y IIpoLieci
Mo6ynoBM KOTHITMBHMX KapT. Y NaHiit poboTi 3ampornoHOBaHO Ta OOIPYHTOBAHO apXiTeKTypy Koomeparii aHcaM61iB
LLM ns1 bopmasi3oBaHOTO reHepyBaHHS BepIIMH-3MiHHMX Ta BaroBux KoedilieHTiB KOTHITMBHMX KapT, 110 JO3BOJSIE
aBTOMATM3YBATU MPOIEC MOAENIOBAHHS 6e3 3aaydyeHHSI eKCIepTiB-lofeil. 3MIifiCHeHO IeKOMIIO3UI[il0 TUIIOBOTO
npomrTa (BkasiBku) 1o LLM Ha cTpyKTYypHi ckiafoBi: onuc koHTeKcTy (D), ponboBy HacTaHOBY Mogeli (R), iHcTpykiito (1),
ymoBu (C) Ta dopmat Bizmosini (F) Ta 3ampormoHOBAHO Migxin iX BM3HAYEHHSI eKCIePTHUM HUISIXOM. Po3pobiieHo
CUCTeMY TaKkuX IMPOMIITIB, siKa 3a6e3Ieuye CTPYKTypoBaHe 00poOIeHHs JaHuX Ta imeHTMdiKalito B3a€MO3B’SI3KiB Mixk
eleMeHTaM cuctemu. IIpakTuuHy eeKTMBHICTh MigX0Ay MPOJEMOHCTPOBAHO HA IMPUKIIALi MPOTHO3YBAHHS CTaHy
Bogyu y CabapiBChKOMY BOAOCXOBUIIi 6isist M. BiHHUIIS, e aj1s GinbinocTi Gi3MKo-XiMiuHMX MTOKA3HMUKIB MOZETIOBaHHS
MPOAEMOHCTPYBAIO Majy MoxXM6Ky (2.09-4.60 %) HaBiTh 3a MiHIMaJIbHOTO OOGCSTY BXiAHMUX JaHUX. 3aIIPOTIOHOBAHMUIL
MEeTOJ, € TIePCIIeKTUBHMUM [JIsI 3a4,a4 MOJETIOBAHHS Ta MPOTHO3YBAaHHS Y CKIALHUX CUCTeMax 3 0OMeskeHUM 06CSroM
IaHNX, 30KpeMa B eKOJOTiYHMX, COIliaTbHO-eKOHOMIUHMX Ta iH)KeHepHUX cdepax, e MBUAKICTb OTPUMaHHS HaAitHUX
pPe3yJbTaTiB Ma€ KPUTUUHE 3HAUEHHS JJIs1 IPUITHSTTSI OOIPYHTOBAHMX PillleHb

KniouoBi cnoea: BMM; reHepaTuBHMI IITYYHMI IHTENEKT; iHTEJEKTyaJbHa TEXHOJIOTIsI; CUCTEMHUIT aHasIi3;
MOJe/I0BaHHS ; IPOTHO3YBaHHS; [MHaAMiUHa cuUCTeMa

78 Information Technologies and Computer Engineering, 2025, 22(1)


https://elibrary.kubg.edu.ua/id/eprint/50182/
https://elibrary.kubg.edu.ua/id/eprint/50182/
https://www.vmr.gov.ua/ecology
https://doi.org/10.18653/v1/2024.findings-acl.878
https://orcid.org/0000-0002-5860-0100
https://orcid.org/0000-0003-1946-0202

