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Abstract

The rapid growth of data availability and advances in computing power have positioned neural network
modeling and machine learning as essential tools for developing key competencies among higher
education students. This paper investigates the application of neurostructural modeling—a generalized
extension of traditional feed-forward artificial neural networks—to analyze experimental and
observational data, with the primary aim of enhancing students’ data analysis, predictive modeling, and
decision-making skills in modern educational contexts. A unified theoretical framework is proposed that
treats neural network models as compositions of linear and nonlinear structures, incorporating non-
classical activation functions (periodic and parameterized forms) and generalized neuron-like elements
with flexible connectivity across layers. Special attention is given to constructive (incremental) algorithms
for building neurostructural models that guarantee monotonic reduction of the training error. Training is
formulated as a nonlinear least-squares problem and addressed through a class of efficient numerical
methods based on linear-nonlinear weight decomposition, pseudo-inversion (including block pseudo-
rotation via Klines’s formula), and Gauss-Newton-like updates with backward-propagation-style Jacobian
computation. The developed approach is implemented in a software suite for data storage, extraction,
neural model construction, training, and application, including modules for cluster analysis (Kohonen
networks), optimal control of dynamic systems with long-term prediction horizons, and analytical
processing of large datasets. Experimental validation demonstrates improved computational stability,
faster convergence in many cases compared to classical backpropagation, and practical utility for
modeling complex systems. The results confirm that integrating neurostructural modeling techniques into
higher education curricula significantly strengthens students’ competencies in machine learning, data-
driven modeling, and adaptive system analysis—skills increasingly demanded in contemporary
professional environments. Directions for future work include integration with real-time adaptive
learning platforms to support personalized competency development.
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1. Introduction

The rise of information technologies, particularly in neural network modeling (NNM) and machine
learning (ML), has enabled the collection of vast amounts of data [ 1, 2]. For higher education (HE)
students, mastering the analysis of this data is crucial for developing competencies and making
informed decisions [3, 4]. Mathematical modeling is essential for uncovering hidden information
and for creating reliable models that effectively describe objects and phenomena [5]. NNM
automates data analysis and prediction, enabling students to develop skills relevant to a range of
fields. However, despite its potential, neural networks face challenges in processing dynamic data.
A wide range of neural network tools, from traditional methods to advanced deep learning
technologies, demonstrates their applicability in education and beyond. However, ensuring the
stability of neural network training remains a challenge, emphasizing the need for robust methods
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in data-driven modeling [6]. Rapid growth of data and ML in education; importance of neural
modeling for developing student competencies in data analysis, prediction, and decision-making.
Classical backpropagation and deep learning frameworks face challenges in training stability,
especially on noisy/small observational datasets common in educational research. Many existing
approaches lack a unified theoretical view of linear-nonlinear superposition and constructive
(incremental) model building that guarantees monotonic error reduction.

We propose a neurostructural modeling framework that generalizes feed-forward networks
using non-classical activations, generalized neuron-like elements with flexible cross-layer
connectivity, and constructive algorithms based on linear-nonlinear weight decomposition and
block pseudo-inversion (Kline’s formula). Training is formulated as a nonlinear least-squares
problem solved via efficient Gauss-Newton-like updates with backward-propagation-style
Jacobians.

2. Problem Statement

The main objective of this paper is to develop and validate a unified neurostructural modeling
framework—a constructive generalization of feed-forward neural networks—that provides
improved training stability and convergence compared to classical backpropagation. We
demonstrate its application to data-driven modeling tasks relevant to HE and show how
integrating these techniques into curricula enhances students’ competencies in ML, predictive
analytics, and adaptive system analysis. In addition, an additional task is to analyze the
effectiveness of NNM and ML methods, based on experimental and observational data, for
developing the competencies of HE students. The development of ML in the context of NNM is
considered, given the constant accumulation of large amounts of information available via the
Internet and the rapid improvement in the efficiency of the computing base. The analysis of
changes in the scientific principles of ML focuses on deep learning, which expands the range of ML
methods and uses model neurons as basic information-processing units. The importance of data-
driven modeling processes in NNM and ML is emphasized [7-9]. Research in this area confirms the
great potential of these methods across various fields, including education and science. The
prospects of applying NNM and ML to HE students’ competencies, based on experimental and
observational data, are evident in their ability to adapt and apply across various fields, making
them an important tool in the modern educational process.

The scientific problem is a lack of a unified constructive approach to building and training
neurostructural models that exploits their linear-nonlinear nature, guarantees monotonic error
decrease, and provides better numerical properties than standard backpropagation. The
applied/educational problem is how to effectively teach data-driven modeling and ML to higher
education students using robust, interpretable tools that work well on real
experimental/observational data.

Thus, the following partial buildings can be identified to solve the scientific problem:

1. Develop a theoretical framework treating neural models as compositions of linear and
nonlinear structures.

2. Design constructive algorithms and efficient training methods (with mathematical
justification).

3. Implement a software suite supporting the full pipeline.

4. Validate computational advantages and applicability to educational modeling tasks (cluster
analysis, optimal control, large dataset processing).

5. Analyze implications for student competency development.

3. Methods

Due to the considerable complexity of the objects and phenomena of practical interest,
neurostructural modeling methods that develop and generalize neural network methods are



receiving the highest priority [10]. They can be used to solve a wide range of tasks across all fields
of activity, including analytical tasks such as predicting situations and managing the development
of modeled objects. The class of neural network models includes mathematical models consisting of
interconnected basic neuron-like elements and having a characteristic linear-linear superposition
structure that depends on the parameters. These include feed-forward neural networks with non-
classical activation functions, radial basis functions, probabilistic neural networks, Fahlman neural
networks, Takagi-Sugeno fuzzy systems, ANFIS neuro-fuzzy structure models, and others [11]. For
such models, the problem of structural identification is partially solved. The use of neural network
models and methods does not require prior knowledge of the nature of dependencies, so we can
talk about the universality of this mathematical apparatus.

The central stage of building neural network models is training, i.e., setting parameters based on
input-output data. To build adequate models, numerical training methods should be used that,
unlike most existing methods, take into account the peculiarities of the neurostructural modeling
task to the greatest extent possible [12]. The development, implementation, and testing of
algorithms for constructing and numerical methods for training models based on computational
experimentation using modern computer tools are of both high scientific and practical interest.

To do this, two approaches to assessing effectiveness should be distinguished:

1. Computational with number of iterations to convergence, final training/validation error,
numerical stability (e.g., condition number of matrices, avoidance of vanishing gradients).

2. Educational with qualitative/quantitative indicators (e.g., student project outcomes using the
software, ability to handle real observational data, comparison with standard tools like
TensorFlow/PyTorch in teaching scenarios).

The structure and methodology of applying direct-propagation artificial neural networks were
carefully analyzed in the context of their potential for developing competencies in HE students.
During the study, the algorithms for training feed-forward neural networks based on numerical
methods of local optimization and on methods for solving nonlinear least-squares problems were
carefully considered and analyzed. Various approaches to global optimization, algorithms for
constructing the optimal structure of feed-forward neural networks, and their possible use for
analyzing experimental and observational data have also been studied [13]. It is noted that feed-
forward neural networks have a linear-nonlinear structure, determined by the interaction of input
data, neuronal activation functions, and weights that reflect the network’s internal connections
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where x e R" is inputs; y e R is output; m is number of layers; ¢ is activation functions of the
neurons of the layer; w,” € R" is weights of fictitious single inputs; N; is number of neurons in the ™
layer; «,” e R¥* M is weights between the neurons of the I and (I - 1)® layers. The main stage in
the construction of feed-forward neural networks is training, the purpose of which is to determine
the weights by minimizing the training quality functional

k
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where k is the number of examples in the training set {%;, y}, i = 0, ..., k, X; € R" is the input vector
of the i example, 7 € R is the teacher’s instruction, and y(w) is the output of the feed-forward
artificial neural network for the i example. Training a feed-forward artificial neural network is a
nonlinear least-squares problem involving the weight vector w and is multi-extreme.

A study of the literature has revealed the existence of other classes of models functionally
equivalent to feed-forward artificial neural networks, while at the same time revealing the absence
of a single approach to the construction and application of models of this structure. It was found
that there are no algorithms for designing and training such a class of models that account for the
quadratic nature of the learning-quality functional and the superposition of linear and nonlinear
structures with weights [14]. To solve these problems, we formulated the tasks of developing a
unified theoretical framework and methods for constructing, training, and applying linear-linear



models similar to artificial feed-forward neural networks, including the development of a set of
programs for modeling and analyzing data based on these methods. The concepts of neuron-like
elements and neural network models that generalize the concept of artificial neural networks of
direct propagation are introduced; the place of neural network models in the structure of
mathematical models is considered; a class of nonlinear Voltaire neural networks is introduced; the
use of various activation functions is investigated; an algorithm for constructive construction of
neural network models is proposed to guarantee monotonicity of reducing the learning error; block
recurrent-iterative procedures—algorithms for constructive building and training are developed.

Regarding the application of these methods in HE, their use in the educational process can help
create a more effective environment for the development of competencies among HE students.
Neural network-based modeling can help analyze and interpret experimental data, enabling
students to better understand complex concepts and patterns in their field [15]. ML can help
students develop data analysis and processing skills that are important in the modern world. The
use of these methods can improve the quality of education and training of qualified specialists
across various fields of knowledge.

A neuron is a fundamental component whose functioning is similar to that of an artificial
neuron. The neuron converts input x e R" to output ye R with the possible use of weight vectors
w e RV-and a priori parameters a € RV, where N,, N, = 0 by

y=0(net(x,0),a) 3)

where net: R"x R — R is neuron activity level—differentiated function by weights w;

0:Rx R — R is differentiated activation function by argument net(xw). In some cases,
n

net(x,w)= Y. X0, it is a weighted sum of inputs. In this case, N, > 0, the activation function is
i=1

parameterized. Neural network models are sets of organized neurons connected in layers. Unlike

artificial neural networks of direct propagation, the inputs of the neurons of a layer (i+ 1) can

receive the outputs of neurons ¥, [=0, ..., i, from any of the previous layers. The activation

function is chosen from the set of valid activation functions o/ € Q. The set Q may be limited to a

specific class of neural network models used.

The class of neural network models includes models with structures similar to artificial feed-
forward neural networks, i.e., neurostructural models (Figure 1).

NNM is a mathematical approach based on neurostructural models, a development and
generalization of the artificial neural network approach [16]. Feed-forward artificial neural
networks and other types of neural models are widely used to analyze and process experimental
and observational data in HE [17].

Neural network models Fuzzy models

Takagi-Sugeno models

Feed-forward neural neworks —— 7] with differential operations

Neural networks with
radial basis functions ——
(RBF-networks)

Probabilistic neural Neurastructural
networks (PNN) models

Architecture of Fahiman

Other models

cascade correlation networks Hybrid neuro-fuzzy models
Voltaire's nonlinear L1 ! | Adaptive neuro-fuzzy inference
neural networks systems (ANFIS)
Other models Qther models

Figure 1: Subclasses of neural network models.



They help HE students develop competencies by modeling complex systems and analyzing data
to identify patterns and solve real problems. The use of NNM in the educational process helps to
deepen the understanding of the material and the practical application of the acquired knowledge
[18].

Models of this type also share a characteristic neurostructural structure. The use of non-classical
activation functions allows us to increase the computational capabilities of neurostructural models.

For modeling discrete dynamic systems, it is proposed to use the extension of nonlinear Volterra
systems by using nonlinear activation functions

L L
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The use of periodic trigonometric functions, such as o(net) = sin(net), in modeling dynamic
processes allows us to detect not only the trend but also the seasonal component. Neural networks
built on these models are used to analyze and predict the behavior of complex systems from
available data, making them a valuable tool for developing HE students’ competencies in ML and
data analysis [19].

4. Models

For NNM and ML based on experimental and observational data to form the competencies of HE
students, it is proposed to use the algorithm shown in Figure 2.

At the initial stage, the type of neural network model is chosen, which determines the specifics
of the connections in the neurostructural model and the restrictions on the choice of activation
functions. To ensure the monotonicity of model Q construction, the set must contain a single
activation function o(net) = net. When expanding the structure to maintain monotonicity and
reduce training error, it is necessary to use a special method to set some added weights.

When adding a new neuron to the last hidden layer, its output should be connected to the
output neurons with zero weights. When forming a new hidden layer before the original one, its
output should be fed back to the original one with unit weights. In the case of fictitious inputs for
the original neuronal elements, the corresponding weights should be zero. Block recurrent-iterative
procedures are based on the application of Kline’s formula for block pseudo-rotation, which is due
to the computational advantages of pseudo-rotation of small matrices.
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Figure 2: Algorithm for constructing a neurostructural model.

Block-recursive procedures can be used to construct the optimal structure of a neural network
model sequentially. When neurons are added to the last hidden layer, an additive addition occurs

<>
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where @WE R "7* " is the vector composed of the weights of the new neuron and the weights

from the new neuron to the output neuron; " *? is the output of the i neuron of the (m - 2)*
layer. The added function depends on a part of the weight vector w of the previous model—the
weights of the neurons of the hidden layers located from the 1% to the (m - 2)" layer. The new
neural network model implements the function

View (@, 05 %)=y (0;x)+y(0,0;x). (6)
Adjustment of weights can be expressed in the following form
AO=L(Yye (6, 0,)=7)=L(y(w)+3(6,)-5),
8o=(Viy+Viy)+y-ViiVa)
where (-)* is the matrix pseudo-inverse operation. Thus, the growth of the vector of the new

neural network model depends on the growth of this vector in the previous model and the growth
of the neuron’s weights

Ao=(00),+(Viy)'=(3-VIiVo) (8)

(7)



where (Aw), is the increment obtained for the initial model (w,x), denoted as such to
distinguish Aw it from the new model, the Jacobi matrices V',y and V',y ifor a multilayer neural
network model are obtained using an algorithm that accounts for the model’s nature, similar to the
method of backward error propagation. When a new layer of one neuron is added, a new model is
implemented before the original one

Yoew (@, 0;X)=00(y(0;x)). )

In this case
w=(VLy| Dio"(y-¥186) (10)
where @" is a scalar (5 =0 performed only in some cases), the diagonal matrix D,.=diag([o),(y,) ]},

is easily determined.

The formula for finding a pseudo-inverse matrix using numerical methods represents a
significant contribution to the development of NNM and ML based on experimental and
observational data, thereby enhancing the development of competencies among HE students. A
class of numerical methods for training a neural network model was developed by decomposing
the vector of model weights into linear and nonlinearly entering components using a linear-
nonlinear relation based on pseudo-rotation. The software was also developed to test the developed
class of numerical learning methods and to compare them with traditional learning methods. The
accuracy and efficiency of pseudo-rotation algorithms, including block algorithms, were
investigated. The dependence realized by a neural network model with unit activation functions in
the neuronal elements of the output layer can be represented as follows

y(u,05x)=2 uy,(8,x)=y(0, %) u (1)

where /(9,x) is the output vector of the i neuron of the last hidden layer, ¢ R, 3¢ R? has
nonlinear (weights of hidden neural elements) and linear (weights of output neural elements)
components of weights, denoted as w = [§",u']. Function (2) can be represented as
k

J(u,0)=2 (y(u,0;%)-7.f Z(Zuw (0,%)- y)z. (12)

i=1 i=1
The outputs of the neural network model on the training set are calculated using the formula
y = ¥()u, where ¥(8) e R*?is the output matrix of the neurons of the last hidden layer. For a fixed
vector J, the optimal values of the vector u can be determined using a linear-nonlinear relation
u=%(J)'y. (13)
The optimization of (2), taking into account the linear-nonlinear relation (13), is equivalent to
the problem of weights ¢
J(0)=[¥(0)¥ () ¥~ - min. (14)
To develop a class for training numerical methods of a neural network model, we introduce the
notation of a vector

H(9)=y(¥(8)¥ () —1)=%(3)®(3)-1,F (15)
the Jacobi matrix takes the form
H'=¢"(¢") (1,81~ ¥ )7 )+(1,- ¥ )¢ (1,09 7)eR"". (16)

Based on (16), it is possible to implement numerical methods for training a neural network
model using methods for optimizing differentiated functions and for solving nonlinear control
problems. This approach is used to tune the neural network’s parameters to improve its predictive
performance. In particular, numerical methods based on the Gauss-Newton algorithm with pseudo-
wrapping are used to estimate neural network parameters by minimizing the difference between



predicted and observed values. This allows adjusting the weights and offsets of neurons to improve
accuracy and train the model based on experimental data

K:IK_WW+3
L=K¥'(I,0¥")+¥"(¥")'(I,8K), (17)
R':L(Ip@’y),

AJ=—[(R")'R']'(R')'R

where Ad is the direction of change of the vector J.

The developed class of numerical methods is extended to multi-output neural network models
by representing the resulting connection matrix using H(9) = ¥(HP()'Y - ¥, the vectorization
operation “vec.” The functional is to be minimized

l[vec H (0)|P=|lvec(® (9) ¥ (9) F)—vec Y| (18)

The developed class of numerical methods can be applied to the training of multilayer neural
networks. To find the Jacobi matrix ¥(J), we propose an algorithm that takes into account the
positional nature of neural networks. We have a derivative

(h,k)
0w;

where y{"~(9,x) is the output of the i neuron of the last hidden, (m — 1) layer; weight o™ is
the weight of the k™ neuron of the h" layer, defined as follows

oy oy oy. onet

,i=1,...,N h=1,....m-2,k=1,...,N, (19)

m—1>

nK) h h,k hk) 2
. oy & oy
sk _ 9 = glish*11) ’h ,h=m—-2,...,1.
Oy, I=1 0 Vi

Determining the optimal solution using the developed class of numerical methods for training a
neural network model typically takes longer. However, the number of iterations required to solve
the problem is lower.

The basis of the methods for training a neural network model based on decomposition is the
pseudo-inverse operation. To increase the efficiency of computational procedures, the following
approaches are possible: using the most stable and efficient algorithm for pseudo-inverse matrices,
and using the block pseudo-inverse matrix operation based on the Kline formula.

The developed universal approach to data analysis using information from information system
databases is a key element in NNM and ML. This approach includes developing a universal data
warehouse structure and a set of programs for an information-analytical system [20]. The software
is used to administer a universal data warehouse and to process operational and analytical data. For
effective control of dynamic systems, NNM methods that account for the model’s structure are
used. The proposed control algorithm is based on these methods. HE institutions can use these
tools to develop the competencies of HE students by leveraging access to a universal data
warehouse and the transactional databases of the information system. This allows for practical data
analysis and preparation of HE students for the requirements of the modern labor market. Figure 3
shows the structure of the complex of programs for data analysis.

The management system is designed to efficiently manage users, metadata, specifications,
available areas, and the data upload process to the repository. To analyze the data, an information-
analytical system has been created that enables data extraction from the repository for further
analysis, including extraction, display, and detailing [21]. The proposed analysis methodology is
based on the consistent detailing of information extracted from databases using SQL queries,
presented in two-dimensional tables.
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Figure 3: Structure of the information and analytical system.

The software for NNM and data analysis is designed to perform analytical calculations and
evaluations using neural network models. To expand this software’s functionality, several
algorithms were developed, including one to automatically determine the optimal number of
clusters to reduce the size of the training set by applying the Kohonen neural network [22]. This
information helps understand how systems based on NNM and ML can be used to develop the
competencies of HE students, allowing them to work with real data and solve complex analytical
and predictive problems [23].

Another challenging and important task of using NNM in analytical data processing is the
synthesis of optimal control of dynamic systems whose model has the form

yitl=flew;x[t],x[t—1],...,x[t—=d]; y[t],y[t—1],..., y[t—d]) (21)

where d is the order of signal delay, let u[t] be the vector of control influences, which is a
subvector of x[t]. Let’s consider the functionality
T+S

J(u[T+1),...,u[T+S])= 3 glu[t],y[t]) (22)

t=T+1

where Tis the last moment at which the output value is known; S is the control bias period; g is
a function chosen depending on the task, differentiated by the elements of the vectors
yitl,ultl,t=T+1, ..., T+ S. We consider maximization by the values of u[T+ 1], ..., u[T + S]. This
S > 1 raises the problem of optimal control with a bias, i.e., control that accounts for the long-term
influence of control actions u[f] on the system’s behavior (21). The developed algorithm for optimal
control based on NNM accounts for the nature of neural network models of control objects. Partial
derivatives for (22)

ouls] =  ouls] -~
0glult].yIt])_- dglult].yle]) 2.l o
ouy[s] = oult]  ouls]
The factor g(g[t][’t)]/ [ t]) in (24) is determined from the form of the function g. For t = s an
ul"
arbitrary layer m =0, ..., M - 1, we obtain
ayr . Nt ayr ay(m+1,q) Noi ay(m+1,q)
(m,i):Smi:Z e La) A (i) et Smrlg TN () (25)
oy =10y oy g=1 oy
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Formula (25) allows us to recursively calculate the value of S,/, starting with the layer

dy.[t] Oy.|t
m=M-1 and decreasing m. The derivative yr[ ]: yr[ ]

Ouyls] ay(‘”)

:Sgiis obtained at m = 0. In this

case

m+1,q m+1,q)

_ ay( ) dnet'
8y(m,i) anet(m+1,q) ay(mz)

where net'™ 9 is the derivative of the activation function by its argument, which represents the

(m+1,q))_ (m+1,q)

=0 'net(net w; (26)

level of activity of the neurostructural element, the initial condition is also calculated according to
formula (26). We t > s have

oy [t]_ ﬁyr[t]+ZR: 0y[t] oy,[s]
ou[s] ouls], p=1 ayp[s] ou,[s]
0y,ls] oy,lt]

d
ouls] 7 duls],

(27)

where are the derivatives of the function (21), which depend on ufs],

they are calculated by formulas (25) and (26), as well as in (27)

Figure 4 shows the functional structure of the software for neurostructural modeling. The
structure includes various modules and components that provide data analysis, neural network
model construction, and training, taking into account their linear and nonlinear nature [6]. Each
module performs a specific function in the development and application of neural network models,
contributing to their effective use in practical research and the solution of complex analytical
problems [5].

SOFTWARE ! External i
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NMS 1 Data input and starage | Data
structure N i {* xls, * csv)
Parameters of Building \ ; :
NSM and Displaying results o| Display
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NMS
Parameters of Entering NSM and
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training i i aning
values
'\ / (*.xml} ]
i
] 1

Figure 4: Software functional structure.

Thus, a neurostructural approach to modeling complex systems, based on a unified view of their
linear and nonlinear structures and accounting for weights during model construction, training,
and application, is investigated. This methodology uses neural networks as a key tool for analyzing
and modeling complex systems. In addition, practical algorithms for solving modeling problems
have been developed, and a software suite for neurostructural data analysis has been created. The
use of these approaches can help develop competencies among HE students in NNM and ML,
expanding their knowledge and skills in these areas.
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5. Conclusions and Future Work

The study developed and tested a numerical method for training neural network models, improving
the algorithm for optimal control of neural structures in solving analytical problems. A set of
programs for data modeling and analysis using these methods was also developed, enabling HE
students to develop competencies in NNM.

The research demonstrates that ML and neural network methods can significantly enhance
competency formation by providing more efficient models. Optimized algorithms improve
computational efficiency during model training, addressing the needs of modern education and
supporting decision-making with large datasets.

NNM and ML are crucial in modern science and education, offering high efficiency in skill
development. The research confirms the significant potential of these methods in solving complex
problems across various fields, including education, and highlights their adaptability as key tools in
HE.

Further research could explore integrating NNM with real-time adaptive learning systems to
enhance personalized education and competency development in HE.
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