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Abstract

The purpose of the study is to develop an adaptive mathematical model for forecasting financial markets based
on the principles of self-organisation. This study presents a mathematical model of a self-organising trading system
adapted to the economic conditions of the Republic of Uzbekistan. The study employs multi-agent modelling
techniques, the theory of nonlinear dynamics, and spectral analysis of time series to construct an adaptive decision-
making mechanism for trading under high volatility in emerging markets. The mathematical model is based on a
system of stochastic differential equations that describe the dynamics of price formation, accounting for the interaction
of multiple agents. A modified fourth-order Runge-Kutta method was applied to solve the system, achieving a root-
mean-square error of 0.0124 for one-day forecasting, which outperforms conventional approaches by 15.6%. The
developed algorithm for identifying market regimes, based on self-organising Kohonen maps, demonstrated an
87.6% accuracy in classifying six identified clusters of market states, enabling efficient adaptation of the system’s
parameters to changing market conditions and substantially reducing forecasting errors, with the magnitude of
improvement varying across market regimes. Trading strategies based on the proposed model achieved an annual
return of 37.2% with a Sharpe ratio of 1.86, significantly outperforming both passive investment strategies and
conventional algorithmic trading methods. The advantage of the proposed approach is particularly evident under
the conditions of high volatility typical of emerging markets, where the forecasting accuracy of price movement
direction reaches 72.8% for a one-day horizon. The practical value of the findings lies in the development of an
adaptive trading system capable of improving the efficiency of exchange trading and the liquidity of the markets of
Uzbekistan and other emerging economies.

Keywords: stochastic differential equations, multi-agent modelling, neural network forecasting methods,
Runge-Kutta method, financial data clustering, algorithmic trading.
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Introduction

In contemporary economic conditions, the development of exchange and trading systems
depends on their capacity to adapt to dynamically changing market environments. The design of
self-organising trading systems capable of autonomously making decisions based on the analysis
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of large volumes of data is becoming increasingly relevant for financial markets. This relevance
is particularly significant for developing economies, including the Republic of Uzbekistan, where
existing trading systems face limitations in computational capacity, insufficient market liquidity, and
a low degree of automation in trading processes, which collectively reduce the efficiency of market
mechanisms.

The theoretical foundation of self-organising systems in economics originates in studies on
synergetics and complex adaptive systems. The key properties of such systems include decentralised
decision-making, adaptive capacity, and emergence. Xiang et al. [1], although focusing on multi-
agent systems in construction management, demonstrate general principles of agent interaction,
decentralised decision-making, and self-organisation that are applicable to the modelling of complex
economic systems.

An analysis of existing approaches to modelling self-organising trading systems demonstrates
several relevant areas. Tang et al. [2] reviewed clustering methods for financial data and demonstrated
their usefulness for identifying structural patterns in financial markets. Cremasco et al. [3] examined
diffusion processes in complex systems, providing a methodological basis for modelling the
propagation of information and interactions between system components. Although their applications
differ from financial markets, these studies support the use of clustering and interaction-based
approaches in complex adaptive systems.

A substantial contribution to financial time-series modelling is represented by the study of
Rahmani et al. [4], which demonstrated the potential of self-organising maps for identifying hidden
temporal patterns and clustering market states. Within the context of the Republic of Uzbekistan,
Fayziev et al. [5] developed a mathematical model for investment processes, providing a country-
specific basis for quantitative modelling of financial and economic processes.

Other studies provide complementary methodological perspectives. Sattorov et al. [6]
demonstrated the application of optimisation methods to complex distributed systems, which is
relevant to computational optimisation in trading models. Makhmudov [7] examined forecasting of
banking-system liquidity using large-scale payment data, highlighting the importance of data-driven
modelling of financial processes in Uzbekistan. Mukhamedova and Ergasheva [8] applied economic-
mathematical optimisation to a complex resource-allocation problem, illustrating the applicability of
mathematical optimisation to interconnected economic systems.

In recent years, there has been growing interest in applying machine learning and artificial
intelligence methods to the modelling of financial markets. These approaches are particularly
relevant to self-organising trading systems because they enable the identification of market regimes,
adaptive forecasting, and optimisation of trading decisions. Advances in computational technologies
are creating new opportunities for the comprehensive modelling of complex economic systems,
reflecting numerous factors and interrelations between market participants.

The purpose of the study is the development and verification of a mathematical model of a
self-organising trading system based on numerical methods and adapted to the specific economic
conditions of the Republic of Uzbekistan. The objectives are as follows: to develop a mathematical
framework for describing the dynamics of a self-organising trading system using a multi-agent
approach and to justify the choice of numerical methods for solving the resulting system of equations,
and to conduct experimental verification of the proposed model using real data from the Uzbek
Republican Commodity and Raw Materials Exchange.

Materials and methods

Data on trading activities from the Uzbek Commodity and Raw Materials Exchange (UCRME) [9]
were used to address the objectives of the study. The dataset comprised time series of prices, trading
volumes, and the number of transactions for the main traded instruments, amounting to over 3.5
million records in total. The dataset included approximately 120 traded instruments and covered
the period from January 2019 to December 2024. The original dataset consisted of approximately
3.57 million transaction-level records. Each record contained information on the traded instrument,
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transaction date and time, transaction price, trading volume, and number of transactions. The original
observation frequency was transaction-level, with individual trades recorded throughout each trading
day. For the purposes of modelling, transaction-level observations were aggregated by instrument
and trading day to obtain daily time series. The daily price for each instrument was calculated as
the volume-weighted average transaction price, while daily trading volume was calculated as the
sum of transaction volumes recorded during the corresponding trading day. The daily number of
transactions was obtained by counting all transactions for each instrument and trading day. The
resulting daily dataset was used as the input for the subsequent modelling, optimisation, and market-
regime classification procedures. According to UCRME, “modelling self-organising processes in
an electronic exchange trading system requires a comprehensive analysis of statistical data across
various categories of trading instruments”.

Pre-processing of the data employed a modified Z-score method for the detection and removal of
outliers: “when analysing financial time series, it is recommended to use adaptive methods for outlier
detection with configurable cut-off thresholds in the range from +£3c to +40”. The cut-off threshold
was set at £3.5¢. Data normalisation was performed using the min-max method in accordance with
ISO/IEC 19795-1 [10], which specifies “the application of normalisation methods that bring values
into a unified range while preserving relative differences between observations”. Missing values
were imputed using the Multiple Imputation by Chained Equations (MICE) algorithm.

Representativeness of the study was ensured through the use of stratified sampling, guaranteeing
coverage of all categories of traded instruments, including commodities (energy resources, metals,
and agricultural products), financial instruments (securities and derivatives), and currency pairs. The
primary inclusion criteria for the analysed sample were sufficient liquidity of the instruments, defined
as a minimum of 50 transactions per month, and data completeness, understood as the availability of
information on all key transaction parameters.

The developed mathematical model of a self-organising trading system was based on a multi-
agent approach, where each market participant was represented as an autonomous agent with
individual parameters and behavioural strategies. The system dynamics were described by a set of
nonlinear differential equations of the following form (1):

dP

E =a)(i=1to N)wiFi(t) + BV (t) + y&(t)- (1
where P represents the asset price, o — the sensitivity coefficient to agent actions, ® - the weight
coefficients of influence of the i-th agent, F — the decision-making function of the i-th agent, N —
the total number of agents in the system, 3 — the coefficient of influence of trading volume, V - the
trading volume, y — the coefficient of the stochastic component, § — a random process with defined
statistical characteristics, and t — time.

The resulting system of differential equations was solved using a modified fourth-order Runge-
Kutta method, specifically adapted for stochastic differential equations in line with the methodology
proposed by P.E. Kloeden and E. Platen [11]: “ensuring the convergence of numerical methods when
solving stochastic differential equations requires modifications to standard algorithms by including
additional terms that account for the stochastic components of the process”. The modification
involved introducing an additional term to incorporate the stochastic contribution when calculating
intermediate values (2):
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where ki, ke, ks, ka — intermediate coefficients for calculating the next value, h is the integration step,
f denotes the deterministic part of the differential equation, g — the stochastic part of the differential
equation, t, — the current time point, y, — the current value of the variable, y.+1 — the next value of the
variable, and AW, — the increment of the Wiener process.

The integration step was set to one trading day, providing sufficient resolution for analysing
market dynamics while maintaining computational efficiency.

Model parameter optimisation was performed using the differential evolution algorithm, with a
combined objective function defined as formula 3:

] = w1 X RMSE _norm —w, X Sharpe_norm 3)

where RMSE norm and Sharpe norm denote the normalised root mean square error and Sharpe
ratio, respectively, and wi and w2 are weighting coefficients. The weights were set to wi = 0.5 and
w2 = (.5, giving equal importance to forecast accuracy and risk-adjusted return. Thus, minimisation
of J simultaneously reduced forecasting error and increased the Sharpe ratio. The algorithm operated
with a population of 50 individuals, 500 iterations, a mutation factor of 0.7, and a crossover probability
of 0.9.

Self-organising Kohonen maps were applied to detect hidden patterns, employing a 10x10 neuron
grid with a hexagonal topology, determined empirically to balance detail and generalisation capacity.
Training was conducted using a competitive algorithm and a Gaussian neighbourhood function, with
the neighbourhood radius decreasing from 5 to 1 over 1,000 epochs.

Validation was performed using a rolling window method with a training period of 500 days
and a testing period of 50 days. To prevent information leakage, all preprocessing, clustering, model
training, and parameter optimisation procedures were performed exclusively within the training
portion of each rolling window. Outlier detection, normalisation, and missing-value imputation were
fitted using only the training data, and the resulting parameters were subsequently applied to the
corresponding test period. The Kohonen self-organising maps were trained only on the training sample,
while the parameters of the mathematical model were optimised using training data exclusively. The
50-day test period was used only for out-of-sample evaluation and did not contribute to preprocessing,
clustering, parameter optimisation, or model fitting. All computations were conducted in Python
3.9 using the NumPy, SciPy, Pandas, PyTorch, scikit-learn, and MiniSom libraries for numerical
calculations, data manipulation, and implementation of neural network models.

Results

Parametric optimisation of the multi-agent trading system model

The application of the developed methodology resulted in an optimised multi-agent model of
a self-organising trading system tailored to the specific characteristics of the market of Uzbekistan.
The first stage of the study involved parametric optimisation of the main model coefficients (a, B, v,
1) and structural parameters (agent population size and number of iterations) based on the criteria
of minimising the root mean square forecast error and maximising the Sharpe ratio of the trading
strategy. Figures 1 and 2 present the optimal values of the key model parameters obtained through
computational experiments.

As shown in Figures 1 and 2, the parameter values differ significantly across the various types
of market instruments classified according to the standard commodity nomenclature of the UCRME.
This classification divides assets into commodities (energy resources, metals, agricultural products),
financial instruments (securities, derivatives), and currency pairs. The results confirm the necessity
of differentiated model calibration for different market segments, which aligns with the objective of
adapting the mathematical model to the specific economic conditions of the Republic of Uzbekistan.
The highest coefficient of sensitivity to agents’ actions (a=0.81) is observed for currency pairs, which
can be explained by the high degree of interdependence among participants in this market segment.
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Financial instruments exhibit the greatest sensitivity to trading volumes (=0.67), which corresponds
with UCRME data [9], where the importance of volume indicators for forecasting financial market
dynamics is emphasised.

o {coefficient of [ (coefficient of trading v (coefficient of 1 (learning rate)
sensitivity to agents’ volume influence) stochastic component)
actions)
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Figure 1 — Optimal values of the behavioural parameters
of agents for different types of market instruments

Source: compiled by the authors based on [9].
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Figure 2 — Structural parameters of the multi-agent model
for different types of market instruments

Source: compiled by the authors based on [9].

The stochastic component of the model has the highest value for currency pairs (y=0.43),
reflecting the greater volatility of this market segment. The agents’ learning rate (1) ranges from 0.06
to 0.11, with the highest value observed for financial instruments, suggesting a faster adaptation of
participants to changing conditions within this segment.

The optimisation process demonstrated that the number of iterations required for the convergence
of the differential evolution algorithm varies depending on the type of market instrument. Currency
pairs require the highest number of iterations (468), which is consistent with the greater complexity
of modelling this segment due to the influence of a larger number of external factors.

The effectiveness of the optimised model was evaluated based on forecasting accuracy and
trading strategy profitability across different time horizons. Figures 3 and 4 present the results of
a comparative analysis between the developed model and conventional approaches to forecasting
market dynamics.
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Figure 3 — Comparison of forecasting accuracy across
different models (measured by RMSE)

Note: RMSE — root mean square error calculated over the test period; ARIMA — autoregressive integrated
moving average; LSTM — long short-term memory.
Source: calculated based on experimental data.
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Figure 4 — Annual returns and Sharpe ratio for five models

Note: ARIMA — autoregressive integrated moving average; LSTM — long short-term memory.
Source: calculated based on experimental data.

Figures 3 and 4 demonstrate that the developed multi-agent model delivers the best results in
terms of both forecasting accuracy and trading strategy performance. All models were trained on an
identical dataset using the same validation protocol, which employed a rolling window method with a
training period of 500 days and a test period of 50 days. Hyperparameter optimisation was performed
for each model using a grid search: for ARIMA, the optimal orders (p, d, q) were determined; for
LSTM, the number of layers (1-3), the number of neurons (32-256), activation functions, and
regularisation parameters (dropout 0.1-0.5) were selected; for random forest and SVM models, tree
depth and error cost parameters were optimised respectively.
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The RMSE for the one-day horizon is 0.0124, which is 15.6% better than the closest competitor,
the LSTM model (0.0147). When the forecasting horizon is extended to 20 days, the developed model
maintains its advantage, although the relative difference compared to other approaches becomes
somewhat smaller.

The annual return of the trading strategy based on the signals generated by the developed
model amounts to 37.2%, which significantly exceeds the results achieved by other models. The
Sharpe ratio, which reflects not only profitability but also the level of risk, is also the highest for
the developed model (1.86). These results indicate a more balanced risk-return profile, which is of
critical importance for practical applications. The reported performance indicators were calculated
without explicitly accounting for transaction costs, bid—ask spreads, or slippage. Therefore, the
reported annual return and Sharpe ratio should be interpreted as model-based estimates, while actual
trading performance may be lower under real market execution conditions.

The comparative analysis also demonstrated that among conventional approaches, the LSTM
model delivered the strongest performance, which can be attributed to its ability to capture long-term
dependencies within the data. Identical methods of data pre-processing, feature standardisation, and
evaluation criteria were applied to ensure fairness in the comparison. All models employed optimal
regularisation techniques to prevent overfitting: for LSTM, dropout and L2 weight regularisation
were applied; for the random forest model, limitations were imposed on tree depth and the minimum
number of observations per leaf, and for the SVM model, the regularisation parameter C was
optimised. Even under optimal tuning conditions, however, conventional models underperform
compared to the developed multi-agent approach, confirming the advantages of using self-organising
systems for modelling market dynamics.

Dynamic characteristics of the self-organising trading system and the efficiency of numerical
methods

The next stage of the study focused on analysing the dynamic characteristics of the developed
self-organising trading system and evaluating the efficiency of the numerical methods applied. The
central focus was on the system’s ability to adapt to changing market conditions while maintaining
high forecasting accuracy across different time horizons. Adaptability was evaluated comprehensively
using several metrics: RMSE as the primary measure of accuracy, the time required to reach a stable
state after a market regime shift, and economic indicators such as the annual return of the strategy
and the Sharpe ratio. Forecasting accuracy in terms of price movement direction was also calculated
as the percentage of correctly predicted upward or downward price changes.

The analysis of the convergence of the model under various initial conditions and market
scenarios was conducted to evaluate its dynamic characteristics. Table 1 presents the results of the
study comparing the convergence speed of different numerical methods used to solve the system of
differential equations describing the dynamics of the self-organising trading system.

Table 1 — Comparative efficiency of numerical methods for solving the system of equations of the
self-organising trading system

Numerical method Average computation Root mean square Stability under high Memory
time (ms) error volatility usage (MB)

Fourth-order Runge— .

Kutta method 283 0.0124 High 156
Euler’s method 127 0.0352 Low 89
Adams-Bashforth 214 0.0187 Medium 125
method

Heun’s method 196 0.0215 Medium 117
Milne’s method 305 0.0143 High 172

Note: testing was conducted on an identical dataset with an integration step of one trading day.

Source: calculated by the authors.
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As shown in Table 1, the modified fourth-order Runge-Kutta method applied in the study
demonstrates the best balance between accuracy and computational efficiency. The root mean square
error (RMSE) for this method equals 0.0124, which is significantly better than that of the Euler
method (0.0352), although the latter requires fewer computational resources. The Milne method
achieves a comparable level of accuracy (0.0143) but demands greater computational time (305 ms
compared with 283 ms) and higher memory usage (172 MB compared with 156 MB).

Further analysis focused on examining the ability of the developed model to adapt to different
market regimes. The initial clustering performed using the Kohonen self-organising map resulted
in six clusters, which represented data-driven groupings of observations according to their market
characteristics. For the subsequent interpretation and evaluation of the trading system’s adaptability,
these six clusters were consolidated into four primary market regimes based on the similarity of
their volatility, trend, and trading-volume characteristics. Thus, the six-cluster solution represents
the initial statistical segmentation of the market, whereas the four-regime classification provides an
interpretable framework for analysing the system’s behaviour under distinct market conditions. The
classification of market states was conducted according to a combination of three key parameters:
volatility (calculated as the standard deviation of daily returns over a 20-day period), trend (defined
as the slope of a linear regression over a 20-day period), and trading volume (normalised relative to
the 60-day average).

The cluster analysis was subsequently interpreted in terms of the following regimes: “stable
trend” (low volatility, consistent directional movement), “high volatility” (large standard deviation of
returns, absence of a persistent trend), “sideways trend” (low volatility, absence of directional price
movement), and “sharp trend reversal” (high volatility combined with a change in trend direction).
Forecasting accuracy and model adaptability were analysed for each of these regimes, and the results
are presented in Table 2.

Table 2 — Forecasting accuracy and adaptability of the self-organising trading system under
different market regimes

Market regime Share RMSE before RMSE after Adaptation Annual return,
of sample, % adaptation adaptation time (days) %
Stable trend 42.7 0.0112 0.0087 3.2 42.8
High volatility 18.6 0.0317 0.0193 7.6 31.5
Sideways trend 26.9 0.0158 0.0126 5.1 24.3
Sharp trend reversal 11.8 0.0382 0.0207 9.4 27.8

Note: RMSE — root mean square error of the forecast; adaptation is defined as the attainment of a stable state
after a change in market regime.
Source: compiled by the authors.

The analysis of the data presented in Table 2 indicates that the developed self-organising trading
system demonstrates varying levels of efficiency depending on the market regime. Quantitative results
show maximum efficiency under stable trend conditions, where the RMSE after system adaptation
equals 0.0087, and the annual return of the trading strategy reaches 42.8%.

The model encounters the greatest challenges during abrupt trend reversals, where the initial
forecast error reaches 0.0382 and the adaptation time extends to 9.4 days. Nevertheless, following
adaptation, the error decreases to 0.0207, indicating the system’s ability to restructure in accordance
with altered conditions. The annual return of the strategy under this regime is 27.8%, which is lower
than in a stable trend but remains above average market performance. Considerable attention was
given to the high-volatility regime, characteristic of periods of market instability. In these conditions,
the initial forecast error amounts to 0.0317, but after adaptation it falls to 0.0193. The adaptation
time in this regime (7.6 days) is shorter than for abrupt trend reversals, potentially reflecting a more
active response of agents to high volatility and, correspondingly, faster learning. The annual return
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of the trading strategy under high-volatility conditions is 31.5%, representing the second-highest
performance after the stable trend.

In the sideways trend regime, which accounts for 26.9% of the total sample, the system exhibits
intermediate results, with a post-adaptation forecast error of 0.0126 and an adaptation time of 5.1
days. The strategy return in this regime is the lowest (24.3%), reflecting the limited opportunities for
profit in the absence of directional price movement.

A critical parameter characterising the self-organising system is the adaptation time to a new
market regime. For the developed model, the mean adaptation time ranges from 3.2 days for a stable
trend to 9.4 days for abrupt trend reversals.

Analysis of adaptation dynamics indicates a nonlinear process, as evidenced by the forecast
error reduction curves over time. A characteristic sigmoidal adaptation curve was observed across
all market regimes: within the first 2-3 days, the error decreased rapidly by 40-60% from the initial
value, followed by a deceleration in improvement, and in the final days of the adaptation period,
changes were less than 5% per day. This corresponds to a logarithmic relationship of the form

RMSE(t) = RMSE, * e"(—At) + RMSEc, (4)

where RMSEo denotes the initial error, RMSEoo — the asymptotic error value, and A — the adaptation
rate coefficient, specific to each market regime.

Mathematical modelling of the self-organising trading system and its verification

The third stage of the study focused on the development and comprehensive verification of a
mathematical model of the self-organising trading system. Self-organising Kohonen maps with a
10x10 neuron grid and hexagonal topology were employed to identify hidden patterns in market
data, trained on the historical dataset [9].

The optimal number of market state clusters was determined using a combination of quantitative
and qualitative methods. Quantitative evaluation involved calculating the Davies-Bouldin index and
the silhouette coefficient for different numbers of clusters (ranging from 3 to 9). The optimal Davies-
Bouldin index (minimum 0.68) and silhouette coefficient (maximum 0.72) were achieved with a
six-cluster partition. Expert assessment of the economic interpretability of the identified clusters
further supported the rationale for selecting six principal market states, each characterised by specific
parameters of volatility, liquidity, and autocorrelation.

The central component of the developed model is the differential equation (1), describing asset
price dynamics as a function of agent actions, trading volume, and the stochastic component. The
model comprises six interrelated modules: the input data module (market indicators), the agent module
(decision-making function), the numerical methods module (solution of the system of equations), the
optimisation module (objective function), the output module (trading signals), and the Kohonen map
module (identification of market states).

Analysis using self-organising maps enabled the identification of differentiated characteristics
for each cluster and the determination of optimal trading system parameters for various market
states. The following input variables were used for clustering: volatility (calculated as the standard
deviation of daily returns over a 20-day period), price autocorrelation (first-order autocorrelation
coefficient over a 20-day period), average trading volume (normalised relative to the 60-day mean),
average daily number of transactions, bid-ask spread (as a percentage of price), and daily price range
(high-low range). All variables were normalised using the min-max method prior to application
of the clustering algorithm. Table 3 presents the characteristics of the identified clusters and their
corresponding parameters for the self-organising trading system.

As shown in Table 3, the identified clusters differ in their characteristics and require distinct
parameter sets for the optimal functioning of the trading system. States of stable trend constitute the
largest share of the sample, accounting for a combined 54.1%.
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Table 3 — Characteristics of the identified market state clusters and corresponding parameters of the
trading system

Cluster Share Volatility | Autocorrelation | Optimal parameters Forecast
of sample, % a, B,y accuracy, %
Stable upward trend 32.4 Low High 0.63, 0.41, 0.29 89.2
Stable downward trend 21.7 Low High 0.58,0.43,0.31 85.8
High volatility 15.2 High Low 0.47,0.38, 0.52 71.3
Sideways trend 18.6 Medium Medium 0.52, 0.45,0.36 76.5
Transitional states 7.8 High Negative 0.44, 0.35, 0.58 64.7
Anomalous states 43 Extreme Unstable 0.39, 0.32, 0.67 59.2

Note: o — sensitivity coefficient to agent actions; f — trading volume influence coefficient; y — stochastic
component coefficient.
Source: calculated based on clustering results obtained using self-organising maps.

Assignificant outcome of the mathematical modelling was the capacity for automatic identification
of the current market state and corresponding adaptation of the model parameters. The classification
algorithm based on the trained Kohonen map achieved an accuracy of 87.6% in identifying the
prevailing market regime, measured using the F1 score, which combines precision and recall. A
confusion matrix was also computed to assess the distribution of errors across different classes. This
enabled the system to dynamically adjust parameters according to changing conditions.

The optimisation process demonstrated stable convergence for all types of market instruments,
evaluated not only by minimisation of the objective function but also by two supplementary criteria:
reduction of parameter variance within the population below the threshold of 0.05, indicating
search concentration around the optimum, and stabilisation of the best solution value over at least
50 consecutive iterations. Optimisation was most effective for commodity instruments, where
the objective function reached a minimum of 0.127 after approximately 350 iterations. Financial
instruments and currency pairs required a greater number of iterations and yielded slightly inferior
results (0.142 and 0.156, respectively), consistent with the findings of Hagenau et al. [12] regarding
the higher complexity of forecasting financial markets compared with commodities.

Akey aspect of model verification involved evaluating its performance across different forecasting
horizons. A rolling window method was applied with a training period of 500 days and a test period
of 50 days. The choice of these parameters was based on preliminary empirical investigation, which
tested various combinations of window sizes: training periods of 250, 500, and 750 days, and test
periods of 30, 50, and 100 days. The optimal 500/50 ratio was determined as a compromise between
the quantity of data required for reliable model training and the relevance of the data for forecasting.
Shorter training periods (250 days) resulted in unstable model parameters due to insufficient data,
particularly for rare market regimes. Longer training periods (750 days) impaired the model’s
adaptability to current market conditions due to the inclusion of potentially outdated data. Table 4
presents the verification results for different forecasting horizons.

Table 4 — Forecasting performance of the developed model across different time horizons

Forecast RMSE MAE R? Directional Sharpe ratio
horizon accuracy, %

1 day 0.0124 0.0097 0.83 72.8 1.86

3 days 0.0156 0.0128 0.76 68.5 1.63

5 days 0.0198 0.0165 0.70 64.2 1.48

10 days 0.0267 0.0223 0.58 59.7 1.27

20 days 0.0327 0.0278 0.42 54.3 1.08

Note: RMSE — root mean square error; MAE — mean absolute error; R* — coefficient of determination;
“directional accuracy” refers to the percentage of cases where the model correctly predicted the price movement
direction.

Source: calculated based on model verification results.
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Analysis of the data in Table 4 indicates that forecasting performance decreases predictably
with an increase in the temporal horizon. For the one-day forecast, the model demonstrates high
accuracy (RMSE=0.0124, R?>=0.83), whereas for the 20-day horizon, accuracy declines substantially
(RMSE=0.0327, R*=0.42).

A detailed assessment of the representativeness of the sample involved stratified evaluation
across different categories of traded instruments. Sample formation emphasised inter-category
correlations to avoid bias arising from dependencies between instrument groups. Correlation
analysis was conducted at the level of price dynamics across categories using wavelet-based partial
correlation, which enables the identification of relationships at multiple temporal scales. The Gram-
Schmidt orthogonalisation algorithm was applied to account for identified correlations, particularly
significant relationships between commodities and currency pairs associated with commodity-based
economies, transforming the original variables into a set of uncorrelated components and ensuring
statistical independence during model training.

Application of the MICE algorithm for imputing missing values reduced the proportion of missing
data from 4.7% to 0.2%, considerably improving the quality of the source data for modelling. Figures
5 and 6 present the characteristics of the sample across different instrument categories.
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Figure 5 — Distribution of instruments and their liquidity across categories

Note: the inclusion criterion was liquidity of at least 50 trades per month and completeness of data for all key
transaction parameters.
Source: calculated based on [9] and results obtained using the MICE algorithm.

Analysis of Figures 5 and 6 indicates that commodities constitute the largest share of the sample
(42.6%), reflecting the trading structure of UCRME. The most liquid instruments are currency pairs,
with an average of 154.2 trades per day, creating more favourable conditions for statistical analysis
and modelling. The application of the MICE algorithm proved particularly effective for the “Other
instruments” category, reducing the proportion of missing data from 8.4% to 0.6%.

Statistical characteristics of the stochastic component of the model were determined through
analysis of forecast residuals. The study demonstrated that the residual distribution approximates
normality but exhibits heavier tails (kurtosis=4.27). Generalised hyperbolic distribution with
parameters A=-0.5, a=1.2, p=0.1, 6=1.5, n=0 was employed to model the stochastic component,
providing the best fit to empirical data according to the chi-squared criterion.
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Figure 6 — Missing data by instrument categories (before and after applying MICE)

Note: the inclusion criterion was liquidity of at least 50 trades per month and completeness of data for all key
transaction parameters.
Source: calculated based on [9] and results obtained using the MICE algorithm.

A comparative analysis with conventional algorithmic trading approaches was conducted to
assess the overall effectiveness of the developed mathematical model of the self-organising trading
system. The results indicated that the developed system achieves superior returns over the test period,
significantly outperforming both a passive “buy and hold” strategy and conventional algorithmic
strategies based on technical analysis and statistical methods.

Overall, the results of the third stage of the study confirm the effectiveness of the developed
mathematical model of the self-organising trading system and demonstrate its advantages over
conventional approaches. The combination of numerical methods for solving nonlinear differential
equations, optimisation techniques, and self-organisation algorithms enabled the creation of an
adaptive system capable of efficient operation under diverse market conditions.

Discussion

The results of the study demonstrate substantial potential for mathematical modelling using
numerical methods in the development of self-organising trading systems, particularly in the context
of emerging markets. The study enhances the understanding of adaptation and self-organisation
mechanisms within financial systems under conditions of a volatile economic environment. The
application of a multi-agent approach allowed complex interactions among market participants and
their influence on price dynamics to be incorporated, which is critical for modelling modern financial
markets.

A decisive factor in the effectiveness of the developed model was the accurate determination
of key parameters. The approach employed in this study aligns with the work of Guilbaud and
Pham [13], who emphasised the importance of predictive information in high-frequency trading.
Their findings demonstrated that optimal trading strategies are highly dependent on the accuracy of
forecasts of future price changes, which is corroborated by the current study. Unlike their model,
which focuses predominantly on high-frequency trading, the developed self-organising system
exhibited high effectiveness over longer forecasting horizons, broadening its potential applications.

Comparison of the modelling results with the study by Wang [14], addressing mathematical
challenges in algorithmic trading and financial regulation, highlights the relevance of the proposed
approach. Wang identified key mathematical issues associated with modelling high-frequency
financial data, including non-stationarity and high noise levels. The approach to modelling the
stochastic component using a generalised hyperbolic distribution, proposed in the present study,
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effectively addresses these issues, providing a more accurate characterisation of the statistical
properties of financial time series. Feng et al. [15], in their study on temporal relational ranking for
stock price forecasting, proposed a deep learning approach that considers temporal dependencies
among various factors affecting stock prices. The neural network-based method for modelling agent
decision-making implemented in this study is largely comparable with their approach, but further
incorporates mechanisms for adapting weight coefficients according to changing market conditions.
This enhancement improved the model’s resilience to structural market changes, as confirmed by
testing across different forecasting horizons and market regimes.

The issue of automating trading decisions and optimising the parameters of trading systems
was addressed in the study by Pei et al. [16], which focused on financial trading decisions based on
a deep fuzzy self-organising map. The authors proposed integrating fuzzy logic methods with self-
organising maps to enhance the efficiency of financial data classification. Their study demonstrated
that hybrid approaches, combining multiple machine learning techniques, can significantly improve
the quality of market data analysis and increase forecasting accuracy. The results of the present study
align with their conclusions regarding the advantages of self-organising approaches, while offering
a more general mathematical model that incorporates mechanisms for forecasting and optimisation
of trading decisions.

The methodological foundations of adaptive modelling of complex systems were established by
Aus dem Moore et al. [17] and Cosbey et al. [18], who examined self-organisation mechanisms in
economic systems. Aus dem Moore et al. demonstrated the effectiveness of using stochastic differential
equations to describe price dynamics under conditions of high uncertainty, which corresponds with
the mathematical framework applied in the current study. Cosbey et al. focused on the analysis of
adaptive mechanisms in trading systems, highlighting the importance of considering interactions
among different market participants. Their findings on the necessity of integrating multiple sources
of information to enhance the resilience of trading strategies are supported by this study, where the
multi-agent approach allowed the model to achieve higher adaptability to changing market conditions.

Jarusek et al. [19] presented a multi-model approach to developing algorithmic trading systems
for the Forex market. Their study demonstrated the advantages of combining different model types,
which is analogous to the multi-agent approach employed in the current study. Unlike their study,
which was focused on a specific market, the developed model demonstrates applicability across
various types of financial instruments. Tran et al. [20] investigated the optimisation of automated
trading systems using deep reinforcement learning. Their results showed that adaptive systems can
significantly outperform static models, which is consistent with the conclusions on the benefits of the
self-organising approach. The model presented here further incorporates mechanisms of interaction
among agents, enabling more accurate modelling of market dynamics.

Asubstantial aspect of the study concerns the optimisation of model parameters. Verification results
indicate that optimisation efficiency varies considerably across different types of market instruments.
This finding aligns with the conclusions of Scott and Pitt [21], who investigated interdependent
self-organising mechanisms for ensuring cooperative survival. Their research demonstrated that, in
complex adaptive systems, optimal strategies are often context-dependent and differ according to the
type of agent and prevailing environmental conditions.

Vaccaro et al. [22], in their study on achieving consensus in self-organising electric vehicles
for the provision of ancillary services, showed that decentralised self-organising mechanisms can
be more effective and resilient than centralised control systems, particularly under conditions of
high dynamism and uncertainty. These conclusions are fully applicable to financial markets and are
supported by the results of the present study.

Khodoomi and Sahebi [23] examined issues of robust optimisation and pricing in peer-to-
peer energy trading. Their paper, like the current study, focuses on optimal decision-making
under uncertainty. The authors proposed a robust optimisation model that accounts for parameter
uncertainty and aims to minimise potential maximum losses. This approach corresponds closely
with the optimisation method applied in the present study, which considers risk (through the Sharpe
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ratio in the objective function) alongside expected returns. Javadi et al. [24] explored a trading model
within a local energy community. Despite the specificity of the domain, their findings regarding the
importance of accounting for interrelationships among system components and adapting to changing
conditions are directly relevant to the modelling of financial markets. The multi-agent trading system
developed in the present study similarly accounts for interactions among different market participants
and adapts to evolving market conditions.

Song et al. [25] investigated the impact of a carbon trading system on energy efficiency,
providing an example of the application of market mechanisms to address environmental challenges.
Their findings regarding the importance of adaptive pricing mechanisms and the efficiency of self-
organising market structures are directly relevant to the model developed in the present study.

Transformations in economic models were covered by M. Sato et al. [26], who examined various
aspects of the functioning of emissions trading systems. Despite the different subject matter, this
study offers an important methodological foundation for understanding the adaptation of market
mechanisms to changing external conditions.

Yudin and Grinyak [27] proposed a neuro-fuzzy model for assessing the reliability of sales
planning, which closely aligns with the challenges of forecasting financial markets. Their approach,
integrating fuzzy logic with neural networks, demonstrates high efficiency when working with
uncertain and noisy data, a result confirmed by the present study. The multi-agent model developed
herein employs similar principles in processing market information, but also incorporates mechanisms
of self-organisation and adaptation, substantially enhancing its performance under changing market
conditions.

Conclusions

The developed mathematical model of a self-organising trading system, based on a multi-agent
approach, achieved high forecasting accuracy and adaptability to changing market conditions, as
evidenced by a 15.6% reduction in the root-mean-square error compared with conventional methods.
The central component of the model, a system of nonlinear differential equations, provided an effective
description of the price dynamics of financial instruments by incorporating the interaction of multiple
agents. The application of a modified fourth-order Runge-Kutta method, adapted for stochastic
differential equations, resulted in a root-mean-square error of 0.0124 with a computation speed of
283 ms per iteration, which corresponds to approximately 7.2% lower computational time compared
with the Milne method (305 ms) at comparable accuracy. The implementation of self-organising
Kohonen maps with a 10x10 neuron grid for the identification of market regimes ensured an 87.6%
accuracy in determining the current market state according to the F1-score, while forecasting errors
decreased substantially after system adaptation, with the magnitude of improvement varying across
market regimes.

Model verification using data from the Uzbek Republican Commodity and Raw Materials
Exchange for the period 2020-2024 confirmed the superiority of the developed approach over
conventional methods. The achieved coefficient of determination of 0.83 for the one-day forecasting
horizon and an accuracy of 72.8% in predicting the direction of price movements for the same horizon
demonstrate the model’s capacity to identify short-term market trends. The annual return of the
trading strategy reached 37.2% with a Sharpe ratio of 1.86, substantially outperforming both passive
investment strategies and conventional algorithmic trading techniques. A comparison of numerical
methods showed that the modified fourth-order Runge-Kutta method maintains solution stability
even under conditions of extreme market volatility (with a return standard deviation exceeding 5%),
whereas other methods exhibit numerical instability. However, transaction costs, bid-ask spreads, and
slippage were not explicitly incorporated into the trading simulations, which represents a limitation
of the study and may result in lower performance under real market execution conditions.

The main limitations of the study arise from the assumption of stationarity of statistical
characteristics within the identified regimes, which requires periodic parameter re-evaluation during
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structural changes in the market. The largest decrease in accuracy, down to 59.2%, is observed under
“anomalous market states,” which account for 4.3% of the sample. Moreover, the model does not
incorporate the influence of external macroeconomic and political factors, which exert a considerable
impact on price dynamics.

Future research areas involve integrating external macroeconomic factors into the model,
developing mechanisms for automatic adaptation to structural market changes, extending the
applicability of the model to other types of financial instruments and markets of developing economies,
and designing intelligent trading systems to enhance the efficiency of financial market operations.
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O31H-631 YUBIMIACTBIPATBIH AJTAIITUBTI
CAYIA KYUECIHIH CAHABIK KOIIATEHTTI MOAEJII

Angarna

3epTTeyAiH MakcaThl — ©31H-031 YHBIMIACTBIPY KaFUJaTTapbiHa HET13/INTeH Kap Kbl HAPBIKTAPBIH 00JIKAY TbIH
aJIalTUBTI MaTeMaTHKaJbIK MOJENIH a3ipiey. 3eprreyle O3z0ekcran PecmyOiaMKachlHBIH 3KOHOMMKAIBIK
JKaFJainapeiHa OeUiIMICNTeH ©31H-031 YHBIMIACTRIPATHIH cayla JKYHECiHIH MaTeMaTHKAIBIK MOJE YCHIHBLIFAH.
Jamy1sl HapbIKTapFa TOH JKOFaphl KYOBUIMABUTBIK JKaFAaibIHIa cayla INenliMAepiH KaObULIayAblH aJarTHBTI
MEXaHU3MIH KYPY YIIIH KemareHTTi MOJENBACY 9IICTepPi, CBI3BIKTHIK eMeC THHAMUKA TEOPHUACH JKOHE YaKBITTHIK
KaTapiapbl CIIEKTPIIK Tajay KOJIIaHbUIAbl. MaTeMaTHKAIBIK MOJEIIb KOITETeH areHTTepIiH 63apa OpeKeTTeCyiH
€CKepe OTBIPBIN, Oara KaJbINTACy JAWHAMHUKACHIH CHIIATTAHTBIH CTOXACTHKAJIBIK JU(QEpeHIHaNIbIK TeHaeyIep
KyHecine HeriznenreH. Tenueysep xkyliecis menry yuia repTinmi perti Pynre—KyTra opicinin MotuduKanysiiianran
HYCKachl KOJIZIaHBUIBII, O1p KYH/IK Ooipkay KeKokuerine oprama kBaapartslk Karesik (RMSE) 0,0124 nenreiiinge
QJIBIHABI, OYJT ToCTYpIli Tacinaepain HoTmxkenepinen 15,6%-ra sxorapsl. KoxoHeHHIH ©3i1H-631 YIBIMIaCTBIPATHIH
KapTajapblHa HETi3[eJreH HapBIKTBIK PSKUMICPl aHBIKTay alrOPUTMI HApBIK XKaFJalIapbIHBIH aJIThl KJIACTEPiH
Kikreyne 87,6% monmik kepcerTi. By jxyiie mapameTpiepin e3repMenti HapbIK KaraaiiaapeiHa THIMIL Oeifimaeyre
JKoHE OOJDKay KaTeNIKTEpiH eoyip aszaiiTyra MYMKIHIIK Oepji, an Kakcapy [eHreili opTypJii HAapbIKTBIK
pexxumepre OailylaHbICTBl ©3repin OTHIPIBL. ¥ CHIHBUIFAH MOJIENbIe HETI3/ICNTIeH cayia CTPATEerHsIaphl JKbUIIBIK
37,2% xipicrinikke xone 1,86 Illapn xoa¢dduumenTine Koi jKeTKi3il, MacCUBTI MHBECTHLMSUIBIK CTpaTEerHsIap
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MEH JOCTYpJIl aJrOpUTMIIK cayJa OICTePIHCH alTapibIKTall JKOFApbl HOTHXKE KOPCETTi. ¥ ChIHBUIFAH TOCUIMIH
apTHIKIIBUIBIFBI 9CIpece aMyIlbl HApbIKTapFa TOH JKOFapbl KyObUIMANBIIBIK XKaraibiHaa Oaikanaasl: 61p KYHIIK
Ooipkay KeKXKHeriHae Oara KO3FaJBICHIHBIH OarbITBIH Ooypkay manairi 72,8%-ra xkeTTi. 3epTTey HOTHXKEeNepiHiH
MIPAKTUKAIBIK MaHBI3bUIBIFBI ©O30€KCTAaHHBIH JKOHE 0acka Ja JaMyIIbl SKOHOMHKAJIAPABIH OWpKaJBIK cayna
THIMAUITIH apTTRIpyFa JKOHE HApBIK OTIMIUIITIH KakcapTyFa KaOileTTi aJanTHBTI caynaa jKyieciH o3ipiaeyMeH
alKbIHAAJIa bI.

Tyiiin ce3nep: croxacTukaiblkK AuddepeHIInaNIbIK TeHACYIep, KOIareHTTI MOICIIbACY, HeHPOHIBIK KEJLITiK
6ormwkay omictepi, Pynre—Kytra o/ici, KapsKbUIBIK JEPEKTEPl KIIacTepiey, alTOPUTMIIIK cay/a.

'AGayanaeB Y.,
nokropant, ORCID ID: 0000-0002-3379-9969,
e-mail: aulmas248@gmail.com

'Kapakanmnakckuii Hay9qHO-HUCCIIEI0BATEIbCKHI HHCTUTYT €CTECTBEHHBIX HaYK,
r. Hykyc, Y306ekucran

YUCJEHHAS MYJIbTUATEHTHASI MOJAEJIb AJIALITUBHOM
CAMOOPIrAHMU3YIOINEUCSA TOPTOBOU CUCTEMBI

AHHOTAIUA

Lens uccienoBaHust — pa3paboraTh agaNTHBHYIO MaTeMaTHYEeCKyl0 MOJENb HPOTHO3MPOBAHMS (hUHAHCO-
BBIX PBIHKOB, OCHOBaHHYIO Ha NPHHIMIIAX CaMOOPTAaHM3ALMH. B mccienoBaHny mpeacTaBieHa MaTeMaTHYecKast
MOJIENIb CaMOOPTaHM3YIOMIEHCST TOPrOBOH CHCTEMBI, aAaNTHPOBAHHAs K 3KOHOMHUYECKHM yCIOBUsM PecmyOnuku
V36ekucran. J{ist HTOCTPOCHHS aaTHBHOTO MEXaHW3Ma IPUHSTHS TOPTOBBIX PEIICHHH B YCIOBHSX BBICOKOH BO-
JATUIILHOCTH, XapaKTePHOU JUIsl pa3BUBAIOIIMXCS PHIHKOB, IPUMEHEHBI METO/IbI MYJIETHAI€HTHOTO MOJISIMPOBAHHUS,
Teopyusl HEJIMHEHHONW AMHAMUKU M CHEKTPaJbHBIA aHaJIW3 BPEMEHHBIX psijioB. MareMmarndeckas MOJIEIb OCHOBaA-
Ha Ha CHCTEME CTOXacCTH4ecKuX Iu(depeHInaNbHbIX YPaBHEHUH, ONMCHIBAIONINX ANHAMUKY (DOPMHUPOBAHUS 1ICH
C Y4eTOM B3aUMOJCHCTBHSA MHOXKECTBA areHTOB. [l penIeHust CHCTEMbI IPUMEHEH MOAN(DUINPOBAHHBII METOJ
Pynre—KyTTsI ueTBepToro mopsika, mMo3BOIMBIINHA MOIYYINUTh cpeqHekBanpaTnunyo omuoky (RMSE) Ha ypoBHE
0,0124 mpu onHOAHEBHOM MPOTHO3UPOBAHMH, 4TO HA 15,6% MPEBOCXOAUT PE3yNbTaThl TPAAUIIHOHHBIX TTIOIXOI0B.
Pa3paboTaHHbIi aNropuT™M UISHTU(DHUKAIMH PHIHOYHBIX PEKUMOB, OCHOBAHHBIM HA CaMOOPTaHHU3YIOIIMXCS KapTax
KoxoHnena, mposeMOHCTpHPOBall TOUHOCTh 87,6% IpH KilacCU(PHKAIMM HIECTH BBISBICHHBIX KJIACTEPOB PHIHOY-
HBIX COCTOSIHUM. DTO MO3BOJIMIIO 3(PEKTUBHO alaiTHPOBATh MApaMETPhl CHCTEMBI K M3MEHSFOLMMCS PHIHOYHBIM
YCIIOBHUSIM M CYIIECTBEHHO CHM3WUTh OLIMOKHM IMPOTHO3MPOBAHMS, IPU ITOM BEIMUYHMHA YITy4IICHHS BapbUpOBaIach
B 3aBHCHUMOCTH OT PBIHOYHOTO peXHMa. TOproBble CTpaTeruy, MOCTPOSHHBIE HA OCHOBE IPEUIOAKEHHOI Mozeny,
obecreumii TOA0BYI0 J0X0AHOCTh 37,2% mpu koddduumnente [lapmna 1,86, CylecTBEHHO MIPEBBICHB PE3YIIbTAThI
KaK MMacCCHBHBIX MHBECTUI[MOHHBIX CTpPAaTETHil, TaK M TPAJUIIMOHHBIX METOIOB AJITOPUTMHUUECKOH Toprosiu. [Ipe-
HMMYIIECTBO TPEUIOKEHHOTO MO/IX01a 0COOCHHO 3aMETHO B YCIIOBHSIX BEICOKOW BOJIATHIBHOCTH, XapaKTepHOH JuIst
Pa3BUBAIOIINXCS PHIHKOB, I7I€ TOYHOCTH IPOTHO3MPOBAHMS HANPABIICHUS JIBM)KECHHS IICH HAa OAHOAHEBHOM T'OpH-
30HTEe gocTturaer 72,8%. IIpakTudeckas 3HAUMMOCTD MOTYYEHHBIX PE3yJIbTaTOB 3aKII0YaeTCs B pa3paboTke ajarn-
THUBHOM TOPTrOBOM CHCTEMBI, CTIOCOOHON MOBBICUTH 3(PHEKTUBHOCTL OMPKEBOI TOPTOBIM M JTUKBHIHOCTDH PHIHKOB
VY30ekucTana u Ipyrux pa3BUBAIOIINXCS IKOHOMUK.

KiaroueBble ciioBa: CTOXacTUYECKHE [[I/Iq)(i)epeHHI/IaHBHLIe YpaBHCHHA, MYJIbTUAr€HTHOC MOACIMPOBAHUC,

HCﬁpOCGTCBHG MCETOAblI MPOTrHO3UPOBAHUS, METO PyHl"e—KyTTLI, Ki1acTepu3anus (bHHaHCOBBIX JAaHHBIX, aJITOPUT-
MHYECKass TOPTOBIIA.
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