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Abstract

An information-cognitive concept of a predicting method for obtaining specialized human—
computer interaction (HCI) objects” perception subjectivization results, based on impact
factors analysis, with the use of multilayer perceptron (MP) artificial neural networks
(ANN ), has been developed. The main purpose of the developed method is to increase the
level of intellectualization and automation of research into relevant processes of HCI objects’
perception subjectivization, especially in the context of software products’ comprehensive
support processes. The method is based on the developed conceptual models and the
developed mathematical model, as well as a specialized developed algorithm. Results
prediction is carried out on the basis of a preliminary in-depth analysis of a set of unique
direct chains (UDCs) of neurons of the relevant encapsulated MP ANN, built on the basis
of researching the results of isolated influences of each of the previously declared impact
factors and further comparing the present direct chain (of each separate investigated
modeling case) with UDCs from the aforementioned sets. As an example of practical
approbation of the developed method, the appropriate practically applied problem of
identifying a member of the support team, whose multifactor portrait is as close as possible
to the corresponding multifactor portrait of a given client’s user, has been resolved.

Keywords: human—computer interaction; comprehensive software support; impact factors;
interaction objects’ perception subjectivization; subjectivization results forecasting

1. Introduction

The problem of HCI and human-machine interaction (HMI) has become increasingly
relevant, as both the quantity and the diversity, as well as the complexity and the quality of
these interactions, are constantly growing, which is due, among other things, to the increas-
ing level of complexity of the computer component of these interactions. At the same time,
HCl is an extremely complex concept that includes many examples of specific interaction(s)
between the human and the computer. In particular, within the framework of this research,
one of the most common and relevant areas of HCI is explored, which is represented by
the interaction between a person (interaction subject) and a software product (interaction
object), in the context of comprehensive support of the latter. However, it is worth noting
that the obtained research results are valid for any components or manifestations of HCI
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and are not limited exclusively to the direction of comprehensive support of software prod-
ucts; however, this exact direction is considered in detail as it is the most comprehensive,
clear and relevant example of HCI. At the same time, in the context of this direction, one of
the most relevant scientific and applied problems nowadays is, undoubtedly, the problem
of automation and intellectualization of software products’ comprehensive support. It
should be also noted that, in the context of this research, the focus is not only on customer
service/support of software products, but rather about comprehensive support of the latter,
taking into account all the processes surrounding the supported software product (as a
“computer” component of HCI) during its interaction with a wide variety of subjects (as a
“human” component of HCI), which covers representative units of subjects both from the
developer-company side (i.e., programmers, testers, engineers, etc.), as well as the customer
(i.e., service recipients, clients, end users, etc.) side.

HCI/HMI issues are investigated in lots of relevant studies, including the following
examples: In [1], the authors have carried out a study of interactive HMI design in the
context of adaptive automation, which improves human-machine coevolution, situational
awareness, and supports appropriate cognitive and ergonomic standards; in [2], the authors
have studied the issues of a scalable HCI automation; in [3], the authors have reviewed
the issues of HCI design methodologies in the context of modern technologies of mobile
and cloud computing, the Internet of Things, augmented and virtual reality, and other
organizational information systems; in [4], the authors have explored the issues of HCI in
the context of chatbots as one of the most relevant implementations of artificial intelligence
(AI). Regarding the issues of software products’ comprehensive support (as one of the
most relevant HCI manifestations), component automation and intellectualization, there
are also certain significant developments in this direction (involving the usage of Al
technologies as well), which include concepts such as software testing automation, DevOps
automation, automation of registration and processing of requests (both internal and/or
external), decision-making automation, etc. In particular, software testing automation
is one of the basic historical directions of automation (in the context of corresponding
component of complex interaction with a software product), described in many works,
among which, as an example, we can highlight recent works [5-7] that explore this topic
quite comprehensively. Also, software testing automation is quite closely related to the
Agile methodology (presented, in particular, in various comprehensive works [8-10]),
where the main task is to ensure compliance with the pace of software product development.
Along with this, another relevant direction of automation is DevOps, which is one of the
most popular practices of interaction between the developers and the teams of information
and technological maintenance of software products nowadays, and various comprehensive
works in this field have been recently published [11-16].

Each of these directions solves automation problems exclusively in the context of
its prerogative, area of responsibility, tasks, commercial interests, goals, etc. While at a
more global level, in the context of automation and intellectualization of both software
products’ comprehensive support and HCI in general, another problem remains neglected,
unresolved, and at the same time extremely relevant, which consists of taking into account
and consideration the factor of perception subjectivization of the object(s) of interaction by
the subjects of this same interaction. This factor of perception subjectivization, caused by
the influence of various impact factors, affects absolutely all the processes described above,
introducing appropriate (sometimes even extremely significant) adjustments into them. In
turn, the described problem also includes a number of additional scientific and applied
issues of various etymology and nature. However, in the context of this research, a specific
scientific and applied task of researching and predicting the results of subjective perception
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of the objects of software products’ comprehensive support components (in scope of their
automation and intellectualization) is considered.

2. Literature Review

Continuing the analysis of research in the field of HCI components’ automation
and intellectualization issues, especially in the area of software products’ comprehensive
support, we will consider the direction of automated decision-making systems, which
are also part of a global processes of automation of software products’ comprehensive
support as a component of HCI. Classical decision-making systems are quite often based
on a multicriteria optimization [17], while the context of software products’ comprehensive
support makes it necessary to consider additional (including human etymology) impact
factors [18]. In particular, research [19] raises the issue of Al technologies spread in a wide
variety of human activities and applications areas, as well as in the context of appropriate
decision-making automation. In line with the scope of a previous work [20], the issues
of decision-making modeling using the corresponding Decision Making and Notation
(DMN) models are comprehensively disclosed, with a description of decision modeling
techniques and aspects of coordination with a decision-making management and a digital
transformation, implemented in the form of a chat-bot. The authors of [21] discuss the
topic of decision-making automation in the field of human resources, which also has a
significant impact on the comprehensive support of software products, especially in the
context of DevOps interaction. A study [22] highlights research on how big data analytics
can be integrated into the support of the decision-making process. In turn, the authors
of [23] discuss aspects of the transition from automation to full automaticity (autonomy) in
the field of robotic products and usage of Al technologies. The concept of implementing
a “homo oeconomicus” as a generalized theoretical agent for usefulness maximization
(not only from a classical economic point of view, but also from the point of view of
software product(s) support rationalization by using modern capabilities and technologies)
is presented in Ref. [24] in the form of automated solution(s). On the other hand, Ref. [25]
considers an example of decision-making processes’ automation using a specialized method,
which includes the designing of a combined approach that involves the following two
components: the rules of fuzzy logic, as well as the algorithms for data classification,
where the first component detects and works out imprecise information, and the second
component determines regularities or trends in the data, while the cooperative nature of
the proposed approach ensures that each method complements the other, leading to a more
reliable and effective decision-support systems and platforms.

Another direction of the automation of software products” comprehensive support
components is registration and processing of requests and issues (both “internal”, i.e.,
generated inside the development company, as well as “external”, i.e., originated from
outside of the development company). In particular, one of generalized examples of inci-
dent monitoring automation is presented in Ref. [26], where the authors have developed
a corresponding model that uses Prometheus together with the Alert-manager in order
to integrate an operational monitoring system via the ServiceNow for real-time incident
detection, diagnosis, and resolution. In line with the scope of Ref. [27], the authors have de-
veloped and presented a transformation-based approach to automate issues’ classification
in the GitHub repository(-ies) by assigning them appropriate labels, and the main feature
of this approach is the presence of more than one label for each issue report, as well as the
usage of the RoBERTa neural network. In addition, Ref. [28] presents a method for auto-
matic generation of the titles for registered bugs and corresponding reports, providing the
possibility of focusing attention on critical problems mentioned in the titles. Continuing this
topic, Ref. [29] presents a study demonstrating the ability of GPT-like models to correctly
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(and automatically) classify problem reports in situations of labeled data absence, which
are required for fine-tuned BERT-like Large Language Models (LLMs). In turn, Ref. [30]
demonstrates the capabilities of a specially designed tool for mining automation, as well as
analysis and visualization of relevant artifacts directly related to the problems/issues, based
on information obtained from open-source repositories. In addition, Ref. [31] presents
an automated approach, which provides the ability to recommend potential developers
for a certain type, or description, of problems, combining two classical tasks of assigning
developers and distributing problem types, and ensuring their solution (as a whole) si-
multaneously within the framework of the proposed multi-task learning approach. At the
same time, Ref. [32] presents a model of an automated problem delegator, which performs
automated assessment of problems’ delegation correctness, thereby preventing incorrect
problem delegating (which is a quite common problem in the field of software products’
support). On the other hand, the authors of Ref. [33] have investigated the relevant issue
of “under-development” software projects’ duration assessment intellectualization based
on the analysis of available resources in Scrum teams with differentiated specialization
and/or separation.

Thus, in all above-described directions, an increasing level of Al technologies (includ-
ing, in particular, ANN, Machine Learning (ML), etc.) application is observed. The Al
technology itself (especially in the context of its practical application possibilities) is fully
represented and described in Refs. [34-38]. Currently, Al is already being widely used far
beyond the classical areas of exclusively the IT industry. For example, according to the data
presented in Ref. [39], 71.4% of companies rely on Al in making business decisions. In a
fairly comprehensive study, representing the experience of using Al in the IT services in-
dustry [40], the authors have revealed three key areas of research, which include obtaining
useful information from the operational data in order to automate service management and
improve human decision-making; obtaining and improving expert knowledge throughout
the life cycle from solution development to continuous service improvement; providing a
self-service for service requests and problem solving by means of using intuitive natural
language interfaces. Ref. [41] describes the usage of Al to automate the DevOps processes
in the field of software development, while Ref. [42] discusses a possibility of transitioning
from an automated software testing to fully automatic testing, mainly through the usage
of Al technologies. At the same time, Al is also used in the Agile project management
processes, as demonstrated in Ref. [43]. Another popular area of Al practical application is
chatbots, with practical usage examples presented in Refs. [44-49]. In addition, a separate
large-scale area, where Al-based automation is being actively used in the scope of the soft-
ware products’ development and the HMI is robotics, with recent research results presented
in Refs. [50-53], which emphasize the importance of Al technologies” implementation and
application, as well as the appropriate methodologies in this area, in order to increase the
level of automation and intellectualization of the relevant HMI systems.

Thus, as it can be seen from the overview of studies presented above, automation in the
context of software products (including those integrated into the HCI/HMI systems) is quite
a complex concept, which includes an extremely large number of diverse manifestations,
each of which, in fact, are already being researched and developed quite autonomously.
Along with this, there is a need to research the processes of software products’ support
automation at a level that would generalize each of the described areas. An example is the
level of HCI objects’ (in particular, in the given context of software products’ comprehensive
support: supported software products, or processes of their comprehensive support that
actually act as such objects) perception subjectivization by the relevant interaction subjects,
which directly or indirectly interact with these objects.
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3. Materials and Methods: A General Concept

Therefore, as already mentioned above, there is a need for the development of some
generalized conceptual representation of HCI objects’ subjective perception processes
(particularly in the context of software products’ comprehensive support), one of which
may be any relevant conceptual or simulation model dedicated to the representation of
HCI objects” subjective perception by various subjects interacting with these objects. Let us
define a conceptual model of HCI objects” subjective perception.

The main requirement for such a conceptual model is mandatory presence of input
characteristics of the researched HCI object; output results of its subjective perception;
impact factors that transform the input characteristics of the HCI object into the resulting
perception of this same object (by each separate corresponding interaction subject). At the
same time, the form of representation of such a conceptual model can be fully arbitrary.
In particular, Figure 1 below shows the structure of a conceptual model (of HCI objects’
subjective perception) example, presented in a graphical representation/visualization form.
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Figure 1. The structure of a conceptual model of HCI objects’ subjective perception.

Thus, the proposed conceptual model (of HCI objects’ subjective perception) acts as
the primary material for further research and refinements, one of which is, in particular,
encapsulation into this model, for example, an MP ANN (or in the general case, ANN of
any other existing types or species), in order to ensure the necessary level of automation
and intellectualization of the researched processes. While ANNs have become one of the
basic tools of Al technology, MP itself is one of the most popular, effective, and efficient
types of ANN. At the same time, inside the encapsulated MP ANN, the neurons of the
input layer interpret the input characteristics of the researched object; the neurons of the
output layer interpret the output results of the researched object’s subjective perception,
while the neurons of the hidden layers interpret the aforementioned impact factors. After
the encapsulation of the MP ANN (into a conceptual model of researched HCI object’s
subjective perception), it is necessary to carry out the entire “standard” (for any MP ANN)
set of activities, which consists, in particular, of its training on the corresponding, previously
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prepared, general dataset, which represents specific cases of sets of the input characteristics
and the output results of the researched HCI object’s subjective perception.

Figure 2 below demonstrates an example of a trained MP ANN (trained by means
of the R-system (version 3.6.3), and visualized by means of its standard built-in “plot”
function) encapsulated into the relevant conceptual model of the researched HCI object’s
subjective perception.
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Figure 2. An example of a trained MP ANN encapsulated into the relevant conceptual model of the
researched HCI object’s subjective perception.

Among the possible nuances, the following should be noted. An important feature
of the proposed approach is that the boundaries of the impact factors present inside the
conceptual model (of the researched HCI objects’ subjective perception) are blurred as a
result of the encapsulation of the MP ANN. That is, before the encapsulation of MP ANNSs,
we could clearly separate the impact factors from each other (as can be seen in Figure 1).
While after the encapsulation of MP ANNSs, we, unfortunately, cannot confidently and
unambiguously state that the neurons of the first hidden layer of the encapsulated MP
correspond to impact factor 1 (or any other impact factors), the neurons of the second
hidden layer of the encapsulated MP correspond to impact factor 2 (or any other impact
factors), etc. (by analogy with the structure of the conceptual model described in Figure 1).

Thus, the previous distribution of the impact factors’ boundaries (which can be clearly
seen in Figure 1) can no longer be correct, since the concept of the MP itself does not provide
any functional or semantic meaning for the neurons of the hidden layers because their main
function is pure mathematical and procedural, so they provide exclusively the functions of
training and correct functioning of the MP itself. Therefore, this nuance should be taken
into account in cases where it is important and has an impact on further research. However,
in the context of this specific research, the main focus of attention is not on the boundaries
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of the impact factors, and therefore the described effect of blurring these boundaries will
not hinder further research.

4. Method Development

The development of the declared method (for HCI objects’ perception subjectivization
result prediction) has been carried out on the basis of obtained conceptual models of HCI
objects’ subjective perception with additionally encapsulated MP ANN, and includes the
following two mandatory key stages. In particular, one of these stages is the development of
a specialized algorithm for HCI objects’ perception subjectivization result prediction based
on the impact factors, which provides the possibility of structuring the components of the
researched processes, as well as providing the needed algorithmic supply for their further
programming/software realization and modeling. Another stage is the development of
an appropriate mathematical model (for HCI objects’ perception subjectivization result
prediction based on the impact factors), which provides the possibility of representation for-
malizing and interpretation of the researched processes in a mathematical base, including
the context of implementing their further mathematical modeling. At the same time, both
these key stages together provide the possibility of further software/programming imple-
mentation and computer modeling of the researched processes of HCI objects’ perception
subjectivization result prediction.

4.1. Development of a Specialized Algorithm for HCI Objects’ Perception Subjectivization Result
Prediction Based on Impact Factors

Figure 3 below presents a step-by-step flowchart of the developed specialized algo-
rithm, which reflects all the processes needed for the comprehensive prediction of the
researched HCI objects” perception subjectivization result prediction based on the previ-
ously declared impact factors.

The functioning of the developed algorithm starts with the initialization of all variables
and reading the configuration of the MP ANN encapsulated into the corresponding con-
ceptual model of the researched HCI object’s subjective perception. After that, the UDCs’
identification function is performed, which forms all the unique combinations (which are
possible in the process of functioning of this specific MP ANN based on the available
datasets) of the neurons’ activation chains, starting with the neurons of the input layer,
through the neurons of each of the hidden layers (all of them, starting from the first and up
to the last hidden layer), and ending with the neuron(s) of the output layer.

At the same time, it is also important to note the following: it is recommended and
advisable to carry out the process of the UDCs’ identification at the training stage for each
separate encapsulated MP ANN, because at this stage, absolutely all possible (within the
framework of the available training datasets) combinations of the chains will be processed.
At the stage of post-training testing of already trained MP ANNSs, the test sample set
theoretically should also contain all the possible combinations (according to all “good
practice” rules for preparing and forming such sets for high-quality testing of trained MP
ANN), but in practice, it may not contain some separate combinations (from among all the
existing ones present during the MP’s training procedure execution).

After that, the main cycle of reading records from the set of cases of the available
dataset occurs, followed by a layer-by-layer analysis of the activation of neurons, which
form a current-specific direct chain, and prediction (based on this specific direct chain) of
the results, which should be hypothetically obtained at the output of this specific MP ANN,
which are also, in the context of the investigated problematic, the results of the researched
HCI object’s (for example, the supported software product, or the processes related to its
comprehensive support) perception subjectivization.
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Figure 3. A flowchart of the developed algorithm for HCI objects’ perception subjectivization
result prediction.

At the beginning of this main cycle, the current direct chain (represented by the ap-
propriate variable named currChain) is reset. Next, an internal loop of a layer-by-layer
passage of the entire MP begins starting from the input layer, going through all the hidden
layers (from the first one to the last one), and ending with the output layer. At the same
time, at each step (i.e., at each layer of the considered MP), the corresponding neuron
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(of this separate currently considered layer) is activated, which is added to current direct
chain currChain. Immediately after, the updated current direct chain currChain is subjected
to a comprehensive analysis by the corresponding specialized developed functions (de-
scribed below in the following text), each of which corresponds to its own appropriate
evaluation/prediction area.

The main purpose of the developed primary (initial) evaluation function (of evalua-
tion the output results of current specific MP’s functioning case) is an extremely simple
statement of the fact of the presence of a specific impact factor(s) influencing the result of
subjective perception (of the researched object) by identifying the current direct chain cur-
rChain among the previously identified UDCs or their constituent parts. In other words, the
initial evaluation function (of the MP’s output results) analyzes the presence of the current
constructed (both in the middle of construction, as well as already fully constructed) direct
chain currChain, among each of the previously identified UDCs (including occurrence of the
current chain as just a constituent part of any UDC), and in case such a presence/occurrence
is detected, the function states/confirms the fact of the presence of the influence of the cor-
responding impact factor (that exact impact factor, to which the relevant UDC corresponds)
on the result of perception subjectivization of the researched object.

The main task of the secondary evaluation function (evaluation of the output results
of current-specific MP’s functioning case) is a simplified arithmetic calculation of the
relative share of influence of each of the impact factors on the final result of perception
subjectivization of the researched object. This simplified arithmetic calculation consists of
counting the amount of the UDCs (which includes current-specific constructed direct chain
currChain) for each individual impact factor, with the subsequent calculation of the share
of influence of each separate impact factor as the arithmetic share between the amount of
occurrences of the currChain in only UDCs of this particular impact factor, and the total
amount of occurrences of the same currChain in all UDCs of absolutely all impact factors
in general. Thus, unlike the previous (i.e., initial evaluation) function, this function (i.e.,
secondary evaluation) not only states/confirms the fact of presence of the influence of some
specific impact factor(s) onto the subjectivization perception results, but also, additionally,
provides a relative ratio of the share of those specific impact factor(s)” influence on the
result of perception subjectivization of the researched object.

In turn, the main mission of the MP’s operating final results prediction function is per-
forming, in fact, the final stage of the results prediction, at which a comprehensive influence
probability assessment of each of the impact factors on the final result of the researched
object’s subjective perception is carried out. Thus, unlike the previously considered (i.e.,
secondary evaluation) function, in this case, it involves a more complex assessment and
prediction of the influence of the impact factor(s) onto the final result of subjectivization,
based on the appropriate processing of the existing current direct chain cur*Chain and avail-
able UDCs. Details of all calculations, performed by this final result prediction function,
will be presented further in the corresponding Section 4.2 with a detailed description of the
mathematical component (model) of the developed method.

After that, according to the developed algorithm, the obtained current intermediate
evaluation results are displayed and the necessary collection of relevant statistics is per-
formed in order to obtain additional indicators of the functioning results of the developed
method. At this stage, both the internal loop (of a layer-by-layer passage of the entire MP
ANN) as well as current iteration of the main cycle (of reading the records from the set
of cases of available studied dataset) are completed, and the transition to processing the
next test case (from the same current studied dataset) occurs. In turn, upon completion
of processing of the entire studied dataset, all necessary statistical information, obtained
during the method execution, is available for further analysis in order to identify and
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prelmFunc|F[j]](currChain) = {

provide, among other things, potential ways and options for possible improvement(s) and
enhancement(s) of the developed method.

Thus, in summary, the main idea of the developed algorithm (as well as the proposed
predicting method and the relevant information-cognitive concept in general) consists of
providing the possibility of predicting the final operating results of a previously designed
and trained MP ANN without the need to fully process all its layers of neurons (starting
from the input layer, through all the hidden layers, and up to the output layer). At the
same time, the MP ANN itself represents the subjectivization of the original characteristics
of the investigated HCI object under the influence of previously agreed and declared
impact factors, and the relation between these impact factors and the MP ANN neurons
is represented by the corresponding UDCs obtained as a result of processing the relevant
training dataset(s), which include the results of modeling an isolated dominant influence
of each of the impact factors on the subjectivization of the original characteristics of the
investigated HCI object.

4.2. Development of the Mathematical Model for HCI Objects’ Perception Subjectivization Result
Complex Prediction Based on Impact Factors

The basis and the key element of the developed mathematical model (for HCI ob-
jects” perception subjectivization result complex prediction) is the current direct chain
currChain of activated neurons of the researched MP ANN, which can be represented by
the following expression:

currChain = U(activeNeuron[lx]), Ix € [InL,HidL[1,n],OutL], 1)

where currChain is the currently constructed (as well as “in the process of construction”)
chain of activated neurons of the researched pre-trained MP ANN; U(activeNeuron[lx])
is a union (chain) consisting of active neurons of the Ix layers of the researched MP; Ix is
an indicator of the current investigated layer (of neurons) of the researched MP; InL is an
indicator of the input layer (of neurons) of the researched MP; HidL |1, n] is an indicator of
the hidden layers (from the first layer until the n-th layer, where 7 is the total amount of
hidden layers) of neurons of the researched MP; OutL is an indicator of the output layer (of
neurons) of the researched MP.

Thus, as it has been already mentioned earlier, currChain actually represents a step-by-
step chain of neurons activated at each layer of the researched MP, starting from the input
layer, continuing through all the hidden layers (in the direct order of their passage, that is:
from the first hidden layer, through all the subsequently incremented ones, and up to the
last hidden layer of the researched MP), and ending with the output layer of neurons of the
researched MP.

The following expression represents the initial evaluation function of the researched
MP’s functioning case result prediction:

1, currChaz:n € UDC[q], (UDC[q] € F[]])’ (j T = ﬁ), )
0, currChain ¢ UDC|q], (UDC|q] € F[j])

where prelmFunc|F[j]](currChain) is a logical result of execution of the initial evaluation
function (for the specific impact factor F[j] and the researched currChain), which can obtain
the values of a logical “0” (indicating the absence of influence of the specific impact factor
F[j] on the researched currChain) or a logical “1” (indicating the presence of influence of the
specific impact factor F[j] on the researched currChain); currChain is a currently constructed
(as well as “in the process of construction”) chain of activated neurons of the researched
pre-trained MP ANN; F[/] is the j-th impact factor, which can obtain values in the range
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scondaryFunc|F[j]|(currChain) =

[1...m]; j is a simple counter, dedicated to listing all the determined predefined impact
factors; m is the a total amount of the determined predefined impact factors (in the scope of
current-specific researched MP); g is a simple counter, dedicated to listing all the defined
UDC:s (in the scope of current-specific researched MP ANN); UDCI[g] is the g-th unique
direct chain (i.e., UDC), which can obtain values in the range [1. . .k]; k is the total amount
of all the UDCs (in the scope of current-specific researched MP).

Thus, if the currChain is a part of some specific UDC[g] (which, in turn, belongs
to the appropriate impact factor F[j]), then prelmFunc|F[j]](currChain) = 1, while in the
opposite case (i.e., if the currChain is not a part of this specific UDC[g]), then, accordingly,
prelmFunc(F[j]](currChain) = 0.

The next component of the developed mathematical supply (of the developed pre-
dicting method and its information-cognitive concept in general) is the mathematical
representation model of the secondary evaluation function (of the researched MP’s func-
tioning result prediction), represented by the following corresponding expression, given
and described below:

count(currChain € UDC|q]) UDjC—[lﬂl emF[]]/ o
count(currChain € UDC{LTDI g= i k, ’

where scondaryFunc|F|j]](currChain) is the obtained result of execution of the secondary
evaluation function (for the specific impact factor F[j] and the researched currChain), which
is calculated as an arithmetic fraction between the amount of occurrences of currChain
among the UDCs related to this specific impact factor F[j], and the total amount of occur-
rences of this same currChain among absolutely all available UDCs (related to absolutely
all available impact factors); currChain is the currently constructed (as well as “in the pro-
cess of construction”) chain of activated neurons of the researched pre-trained MP ANN;;
count(currChain € UDC|q]) is the amount of occurrences/presence of the researched cur-
rChain in those UDCs (among all available UDCs) which are related to this specific impact
factor F[j] (condition UDCIq| € FJj]); count(currChuin € UDC|1,k| ) is the amount of
occurrences/presence of the researched currChain in all available UDCs (regardless of their
affiliation/relation to any particular impact factor); F[;] is the j-th impact factor that can ob-
tain values in the range [1. . .m]; j is a simple counter, dedicated to listing all the determined
predefined impact factors; m is the total amount of the determined predefined impact
factors (in the scope of current-specific researched MP); UDCI[q] is the g-th unique direct
chain (i.e., UDC) that can obtain values in the range [1. . .k]; g is a simple counter, dedicated
to listing all the defined UDCs (in the scope of current-specific researched MP ANN); k is
the total amount of all the UDCs (in the scope of current-specific researched MP).

Thus, expression (3) provides the possibility to calculate the relative share of the
influence of each of the impact factors on the final result of perception subjectivization of
the researched HCI object.

The final component of the developed mathematical model is represented by expres-
sion (4), which implements, in fact, the most complex assessment of the probability of
influence of each of the impact factors on the final result of perception subjectivization of
the researched HCI object:

length(currChain)
(F[j](currChain|o]).global In flue%)

predictFunc[F|[j]](currChain) = o=1 , (4)

" length(currChain)
Y (F[1,m] (currChain|o]).globalIn flue%)

o=1
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where predictFunc|F[j]](currChain) is the probability of the influence of the separate spe-
cific impact factor F[j] on the final result of the researched HCI object’s subjective perception
(based on the researched currChain), which is calculated as the fraction of the sum of relative
values of the global influence of this specific impact factor F[j] performed on each neuron of
the researched currChain divided by the sum of relative values of the global total influence
of all the declared impact factors F[1,m]| (taken together) performed on each of these same
neurons of the same researched currChain; currChain is the currently constructed (as well as
“in the process of construction”) chain of activated neurons of the researched pre-trained
MP ANN; F|j](currChain|o]).globalIn flue% is the relative value of the global influence of
the specific impact factor F[j] performed on the particular o-th neuron of the researched
currChain; j is a simple counter, dedicated to listing all the determined predefined impact
factors; F[1,m|(currChain[o]).globalInflue% is the sum of relative values of the global
total influence of all the declared impact factors F[1,m]| (taken together) performed on the
particular o-th neuron of the researched currChain; currChain[o] is the o-th neuron of the cur-
rent direct chain currChain; o is a simple counter, dedicated to listing all separate neuron(s)
(i.e., currChain|o]) of the present researched current direct chain currChain; length(currChain)
is the total length of current direct chain currChain.

Therefore, the main purpose of the aforementioned component (of the developed
mathematical model), represented by expression (4), is, actually, a complex assessment of
the probability of influence of each of the impact factors on the final result of perception
subjectivization of the researched HCI object, which is defined as the arithmetical fraction
between the summarized value of indicators of the influence of a specific impact factor
F[j] on all neurons of current investigated chain currChain, and the summarized value of
indicators of the influence of all declared impact factors F [1...m] on all same neurons of
the same current investigated chain currChain.

At the same time, aforementioned relative values of the global influence of each impact
factor(s) performed on all the corresponding neuron(s) of the researched MP (namely those
neurons, which, in fact, appear in all possible constructed researched direct chains currChain
that are also represented by the corresponding declared set of UDCs) are determined
(calculated) in advance using expression (5), which is given below:

E[j] (neur(o]).global In flue% — F[j](neuro]).localIn flue x F[j|.Index , 5)

(F[s](neur|o]).localln flue x F[s|.Index)

firs

S

where F[j|(neur|o]).globalIn flue% is the relative value of the global influence of the specific
impact factor F[j] performed onto a particular specific investigated o-th neuron, i.e., neur[o]
(in the scope of current-specific researched MP ANN); F|[j](neur|o]).localIn flue is the share
of influence of the specific impact factor F[j] onto the specific o-th neuron (neur[o]) within
the local dataset for this same specific impact factor F[j]; o is a simple indicator, dedicated
to the definition of the separate specific investigated neuron neur[o]; j is a simple counter,
dedicated to listing all the determined predefined impact factors; F[j].Index is the index
of the impact factor F[j] itself, i.e., the share of presence of this separate specific impact
factor among the set of all declared impact factors; F[j|(neur|o]).localInflue x F[j|.Index
is the arithmetic product between the share of influence of the specific impact factor F[j]
(performed onto the specific o-th neuron) and the index of this same specific impact factor
F[j], which represents, in fact, the share of the influence of the specific impact factor F[j]
onto the specific neuron neur[o] within the global dataset (i.e., for all the declared impact

factors); f (F[s](neur]o]).localInflue x F[s].Index) is an arithmetic sum of the shares of
s=1

all the declared impact factors within the global dataset; s is a simple counter, dedicated
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F[j](neur|o]).localInflue =

to enumerating all the declared impact factors from the first to the m-th one (where m is,
respectively, the total amount of the declared impact factors).

Therefore, the main purpose of the aforementioned component (of the developed
mathematical model), represented by expression (5), is, actually, a calculation of the relative
values of the global influence performed by each impact factor(s) on each corresponding
neuron(s) of the researched MP ANN, which is defined as the arithmetical fraction between
the arithmetic product between the share of influence of the specific impact factor F[j] on
the specific o-th neuron (neur[o]) within the local dataset for this same specific impact factor
F[j] and the index of this same impact factor F[j] itself (i.e., the share of presence of this
separate specific impact factor F[j] in the global dataset among all the declared impact
factors F [1...m]), and the summary of the shares of presence of all the declared impact
factors F [1...m] (within the global dataset) on the same specific o-th neuron (neur[o]).

In fact, the value of the share of influence of a certain specific impact factor F[j], per-
formed on a certain particular neuron neur|o], is nothing more than the share of belonging
of this particular neuron neur[o] to this particular specific impact factor F[j]. So, it only
remains to describe the expressions for calculating quantities such as the share of a local
influence of the impact factor(s); and an index of the impact factor(s).

Thus, the corresponding equations for calculating values of these abovementioned
quantities are provided below in expressions (6) and (7), respectively.

=1,m;
count(neurlo] € (UDC|q] € F[j])) ] B ’ ’ B
count(neuru] € UDCIq]) ’ 7’;;11/ Ilir ’ (0 =1, P)/ (6)

where F[j](neur[o]).localInflue is the share of influence performed by the specific impact
factor F[j] onto the specific o-th neuron (neur[o]) within the local dataset for this same specific
impact factor F[j]; count(neur[o] € (UDC[q] € F[j])) is the amount number of occurrences
of the specific o-th neuron neur|o] in all those particular UDCs related to the specific
impact factor F[j]; count(neur[u] € UDC[q]) is the total amount number of occurrences
of all neurons in all available UDCs (regardless of the affiliation of these UDCs to any
of the defined impact factors); neur[o] is the o-th researched neuron; neur[u] is the u-th
neuron while enumerating all the neurons of the UDCs using the corresponding counter
u =1, p; UDC[q] is the g-th UDC, which can obtain values in the range [1...k];0 = 1,pisa
simple counter, dedicated to enumerating all the neurons of all the UDCs, for each of which
the share value of the local influence of all impact factors (onto each of these neurons) is
being calculated; j = 1,m is a simple counter, dedicated to enumerating all the defined
impact factors; u = 1, p is a simple counter, dedicated to enumerating all the neurons,
which belong to the specified UDC[q] (condition € UDC[q]); ¢ = 1,k is a simple counter,
dedicated to enumerating all the defined UDCs; k is the total amount number of all the
defined UDCs; m is the total amount number of all the defined pre-declared impact factors;
p is the number of neurons that belong to the specified UDC[g] (condition € UDC|g)).

Thus, as mentioned before, expression (6), in fact, represents the affiliation of each
neuron (from among all the neurons, which are a part of all the defined UDCs) to each of
the declared impact factors, but locally, which means within the scope of the corresponding
local datasets of these impact factors.

Therefore, in order to be able to determine the belonging of these same neurons to these
same impact factors, but within the basic/general (i.e., “global”) dataset, it is necessary to
additionally determine the index of each of the impact factors as the share of presence of
each of these impact factors within the entire generalized global dataset (without reference
to any specific impact factor, but instead in general, i.e., for all of them considered together).
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In addition, expression (7) in fact provides such a possibility to determine the indexes
of the defined impact factors.

F[j].Index = count(UDC[q]iF[]})’ (q =1kj= 1,m), )
count (UDC|Tk| )

where F[j].Index is the index of the impact factor F[j] itself (i.e., the share of presence of

this separate specific impact factor F[j] in the global dataset among all the declared impact

factors F [1...m]); count(UDC]q] € F[j]) is the amount of the UDCs related to the specified

impact factor F[j]; count(llDC {HD is the total amount of absolutely all the defined

UDCs; g = 1, k is a simple counter, dedicated to enumerating all available defined UDCs;
k is the total amount number of all available defined UDCs; j = 1,m is a simple counter,
dedicated to enumerating all the defined impact factors; m is the total amount number of
all the defined pre-declared impact factors.

Thus, expressions (1)—(7) represent, in fact, the developed mathematical model of
complex prediction of the HCI objects” perception subjectivization results based on impact
factors, which makes it possible to predict the final result of the corresponding pre-trained
MP’s functioning (for each particular investigated modeling case) even before the final
completion of this functioning (within this same particular investigated modeling case).

5. Method Modeling and Results Analysis

A modeling of the developed method (for HCI objects” perception subjectivization
result prediction based on impact factor analysis with usage of MP ANN) has been carried
out by the appropriate specialized software, developed in Python 3.12 [54] using IDE
Thonny 4.1.4 [55,56], as well as the R-system (version/release 3.6.3) [57,58] used for pre-
training the designed MP ANN, encapsulated into the corresponding conceptual model(s)
of the researched HCI objects’ subjective perception (in particular, the supported software
product(s), or the processes of their comprehensive support as a considered example(s) of
such HCI objects).

It should be noted that a model that is not overly complicated or cumbersome was
specially chosen as a presented experimental example, precisely so that each successive
step of applied use (i.e., modeling) of the developed method could have been explained
in maximum detail and quite clearly, including all the intermediate results obtained at
each step of its functioning, presented in the relevant tables, as well as a detailed expla-
nation of its software realization implemented by means of the aforementioned software
development environment consisting of Python 3.12 and Thonny 4.1.4 IDE.

Thus, Figure 2 presents a corresponding example of a designed and trained experimen-
tal MP ANN, which will be considered as an example of all further steps and calculations
(in the scope of the developed method’s modeling and approbation), as well as the presen-
tation and analysis of the obtained results. This MP ANN has been designed and trained,
as already noted earlier, in the R-system 3.6.3 environment.

As input data for training the designed encapsulated MP ANN, a corresponding
CSV-file has been used (the structure of which is shown in Figure 4), which consists of a
set of values for the input layer’s neurons (contained in columns 1-4); a reference mono-
value of the result at the model’s output, represented by a single decimal (as well as
additionally normalized) number (contained in column 5); and a set of reference resulting
multi-values for the output layer’s neurons (contained in columns 6-9), which, in fact,
represent the mono-value(s) (in column 5), transformed from the decimal representation
form into a set of multi-values for each separate neuron of the output layer (found in
columns 6-9, respectively).
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DataForTrainingEncapsulated ANNMPexperimentExampleCase.csv E3

1 11,12,I3,I4,0decim,0l,02,03,04
(N _3,0.3,0.3,0.2,0.1,1,0,0,0
G 4,0.9,0.4,0.6,0.5,0,0,1,0
G0 5,0.3,0.3,0.4,0.3,0,1,0,0
E _ ¢,0.6,0.5,0.8,0.5,0,0,1,0
& 0.6,0.4,0.8,0.5,0.5,0,0,1,0
S0 .2,0.6,0.5,0.8,0.5,0,0,1,0
C.6,0.4,0.3,0.7,0.3,0,1,0,0
9 0.6,0.4,0.6,0.7,0.5,0,0,1,0
T _,0.9,0.9,0.8,0.7,0,0,0,1
T >,0.1,0.1,0.3,0.1,1,0,0,0
O 2,0.4,0.4,0.9,0.3,0,1,0,0
i 5,0.3,0.6,0.8,0.5,0,0,1,0
T 5,0.7,0.3,0.9,0.5,0,0,1,0
10 s5,0.2,0.8,0.8,0.5,0,0,1,0
6.7,0.5,0.5,0.2,0.3,0,1,0,0
0.8;0.7,0.3,0.5,0.5,0,0,1;0
0.6,0.5,0.1,0.1,0.3,0,1,0,0
O.1:0.3%9.2,0.3,0.1,1,0,4d,0
0.9,0.6,0.1,0.4,0.3,0,1,0,0
0.4,8.7,0.4,0.3,0.3,0,1,0,06
0.6,0.7,0.4,0.4,0.5,0,0,1,0
0.4,0.7,0.3,0.9,0.5,0,0,1,0
62,0 3,830 7,0 1. 58, 0006
C 1,0.7,0.7,0.5,0.3,0,1,0,0
4201 0.5,0.4,0.6,0.2,0.3,0,1,0,0

Figure 4. The structure of a CSV file with input data for training of an encapsulated MP ANN.

The structure of the dataset(s), regardless of whether it is used for MP training, for
structuring data that represent an isolated absolute dominant influence of only one separate
specific impact factor (with absolutely minimized influence of the other factors), or for
further MP modeling simulation of the researched processes of HCI object’s perception
subjectivization, is always the same, and consists of two main categories of the data: the
first category contains the values of all the neurons of the input layer of the considered
MP ANN (as can be seen from the dataset provided in Figure 4, which includes the values
from columns “I1”, “I12”, “I3” and “I4” that correspond to the relevant neurons of the input
layer of an example MP ANN considered in this research); the second category contains
the expected resulting values of all the neurons of the output layer of the same considered
MP ANN, which we expect to obtain as a result of its functioning (as can be seen from
the dataset provided in Figure 4, which includes values from columns “Odecim”, “O1”,
“02”7,”03"” and “O4”, where “Odecim” is just a “one-value” result (represented by one
single decimal value, which replaces the batch of values present in columns “O1”, “O2”,
“O3” and “O4”) that is used for testing purposes only in order to investigate the possibility
of dataset optimization. It has already designed and introduced, but will only be used in
further research and not in the current research. In the other columns, i.e., “O1”, “O2”,
“03” and “O4” (which are used as the main result fields and are considered in the scope of
current research presented in this paper) correspond to the relevant neurons of the output
layer of the example MP ANN considered in this research.

The main characteristics of the considered dataset (used as a relative example within
the framework of the research presented in scope of this paper) are as follows. In particular,
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the sample size of an exemplary basic MP training dataset is 4200 records allocated for
the training of the considered (and not too complicated) exemplary MP ANN, while the
other dataset (i.e., modeling) consists of another 500 records allocated for modeling of the
same considered, but this time already trained, exemplary MP ANN. In general, the dataset
train/test split ratio, used in the scope of this research, fully corresponds to the limits of
suggested (quite popular and widely used by most researchers while training and testing
a wide variety of different MP ANNSs) distribution ratio, according to which the size of a
training subset should be about ~90% of the total size of both training plus testing subsets
together, while the size of a testing (e.g., modeling) subset should be about ~10% of the
total size of both training plus testing subsets together.

We would also like to pay additional attention to the fact that the quality and the
informativeness of the dataset are not so directly affected by the total amount of records
contained inside it, but rather by the coverage area of all possible options and variations of
the UDCs, which, subsequently, will be later used to predict the modeling results of the
corresponding considered MP ANN. However, it is also worth noting that an increase in
the total amount of records of a dataset still contributes (to a certain extent) to increasing
the probability of detecting additional possible options and variations of the UDCs, but not
always proportionally and reliably.

The input-feature dimensions, in the case of the exemplary basic dataset, fully cor-
respond to the dimensionality of the input and the output layers of neurons of the corre-
sponding related MP ANN, according to which each dataset record contains four values
for the input layer neurons (marked by the corresponding columns “I1”, “12”, “I3” and “14”
in the dataset) and four values for the output layer neurons (marked by the corresponding
columns “O1”7, “O2”, “O3” and “O4” in the dataset). There is also one additional inter-
mediate value located between the aforementioned input and output groups of values;
it is marked with the column “Odecim” and, as already being mentioned earlier in the
previous paragraph, it is actually not used within the framework of this separate research,
but it should have been already designed and implemented at this stage of investigation
for the possibility of further research into the relevant optimization of the dataset for
better scalability.

Regarding the dimensionality of the input-feature values (of the considered exemplary
dataset) themselves, as will be additionally noted below in the following paragraph, it is
absolutely normalized, as a result of which, in particular, the values in the columns “I1”,
“127,“13” and “I4” can vary in the range [0.1-0.9] (with step = 0.1, as an example), while the
values in the columns “O1”, “O2”, “O3” and “O4” can only acquire the binary values “0”
or “1”.

Also, Table 1 below provides distribution statistics of the used dataset for both its
training and modeling parts (subsets).

In addition, Figure 5 below demonstrates the same distribution statistics in a more
visually appealing histogram form of representation.

Additionally, we would like to emphasize that the data in a CSV file(s) (i.e., the dataset)
should be presented in a completely depersonalized normalized representation form.
Depersonalization is an extremely important, and even mandatory, condition for working
with any sensitive and/or confidential information. On the other hand, normalization is a
no less mandatory or important stage of preparing input data for further correct processing
of these data by any relevant MP ANN, designed in the scope of the proposed approach.
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Table 1. Distribution statistics of used dataset for both training and modeling parts.

Distribution statistics of training part of the dataset

Value In 12 I3 14
0.1 536 548 567 456
0.2 494 508 476 481
0.3 487 506 459 420
0.4 432 401 446 394
0.5 425 439 417 448
0.6 430 431 397 454
0.7 402 432 447 434
0.8 491 429 467 505
0.9 503 506 524 608

Value 01 02 03 04

0 3402 2749 2979 3470
1 798 1451 1221 730
Distribution statistics of modeling part of the dataset

Value Il 12 I3 14
0.1 70 70 54 5
0.2 60 66 62 17
0.3 60 70 55 30
0.4 54 58 67 45
0.5 54 62 61 60
0.6 69 50 62 82
0.7 47 54 45 79
0.8 48 35 39 88
0.9 38 35 55 94

Value 01 02 03 04

0 474 260 298 468
1 26 240 202 32

In summary, depersonalization and normalization play the role of those main “com-
pensators” that ensure the validity of the developed approach in the context of processing
the vast majority of various existing datasets, because any of these datasets, after apply-
ing the abovementioned depersonalization and normalization approaches to them, will
obtain a similar data representation, with the difference only in the discreteness step of
their change in values (but always with a constant range of values). It is for this reason
that the preliminary depersonalization and normalization of the input data of any real
existing dataset(s) (before their further processing by any appropriate MP ANN, designed
in the scope of the proposed approach) is an extremely important, mandatory and critical
condition for the correct functioning, as well as the robustness, of the proposed approach
as a whole. It is for this reason that, in the context of data processing and results representa-
tion, performed within the framework of this research and presented in this paper, such
an exemplary dataset has been used and demonstrated, which fully meets the specified
requirements for the data depersonalization and normalization. In addition, as it has been
already mentioned earlier, the generalized effectiveness and efficiency of the developed
approach mostly depend not only on the total amount of data present in the prepared
and processed datasets, but also on the presence of a greater number of UDC variations
among all these data present inside the prepared and processed dataset(s). In turn, a greater
number of the UDCs directly depend on the relevant unique combinations of the input
data that which may be located, in particular, at the edges of the relevant data sample
distribution, which may be mistakenly perceived by the standard methods of statistical
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data processing as a statistical error. Therefore, it is also worth noting that the use of any
additional (including, for example, statistical) methods of processing the datasets should
be carried out only when taking into consideration the mandatory need to implement an
additional verification of the differences between the statistical errors in the data and the
presence of the unique input combinations in the scope of these same data, in order to
prevent the latter from an accident loss, ensuring the future possibility of identifying a
greater number of relevant available UDCs in the scope of the considered dataset(s).
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Figure 5. A visualization of the distribution statistics of used dataset.

In addition, it is also necessary to prepare a separate training dataset(s) for each of
the previously agreed and declared impact factors. The structure and the format of each
of these datasets are absolutely identical to the one presented above in Figure 4. The only
difference between these datasets and the general training dataset is that each individual
dataset (of the corresponding separate individual specific impact factor) should display
the data with corresponding input and output values, reflecting the maximum (absolutely
dominant and isolated) influence of only this single separate specific impact factor on the
result(s) of perception subjectivization of the researched object, while the influence of the
rest of the impact factors should be minimized as much as possible (ideally, it should be
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decremented to an “absolute zero” level). That is, for the specific example of the designed
MP ANN (encapsulated into the relevant conceptual model of perception subjectivization
of the researched object) at the output stage, we should obtain four separate datasets for
four declared impact factors.

Next, according to the algorithm of the proposed approach, the already trained MP
ANNSs were tested on each of these individual datasets for each of the separated impact
factors, and based on the results of this testing, the following components were obtained:

e The UDCs;

e The index value(s) for each of the declared impact factors;

e  The values of the local influence of each of the declared impact factors onto each
neuron(s) of each of the available UDCs (within the local datasets for each separate
considered impact factor);

e  The values of the global influence of each of the impact factors onto each neuron(s)
of each of the available UDCs (beyond just an individual dataset of each separate
impact factor).

Accordingly, for the considered experimental example of the method’s modeling, the
following UDCs have been obtained, which are presented below in Table 2.

Table 3 below presents the index values for each of the declared impact factors, ob-
tained based on the dataset’s analysis.

Table 4 below presents the obtained values of the local influence of each of the declared
impact factors on each neuron(s) of each of the available UDCs (within the local datasets
for each separate impact factor).

Thus, with the values of the local influence for each of the declared impact factors,
as well as the index values for each of these same impact factors, presented in the corre-
sponding abovementioned Tables 2 and 3, it becomes possible to obtain the values of the
global influence of each of the declared impact factors on each neuron(s) of each of the
available UDCs (beyond just an individual dataset of each separate impact factor), which
are presented below in Table 5.

Table 2. The UDCs, obtained for the considered experimental example of the method’s modeling.

Impact Factor UDC

I [0]=HLN [0][1]->HLN [1][2]->HLN [2][3]->HLN [3][4]->O [0
I [0]=HLN [0][3]->HLN [1][2]->HLN [2][3]->HLN [3][4]->O [0
I[1]=HLN [0][1]->HLN [1][2]->HLN [2][3]->HLN [3][4]->O [0
I [1]-=HLN [0][3]->HLN [1][2]-HLN [2][3]->HLN [3][4]->O [0
I [2]->HLN [0][1]->HLN [1][2]-HLN [2][3]->HLN [3][3]->0 [0
I [2]-HLN [0][1]->HLN [1][2]->HLN [2][3]->HLN [3][4]->O [0
I [2]-HLN [0][3]->HLN [1][2]->HLN [2][3]->HLN [3][4]-O [0
I [3]-HLN [0][1]->HLN [1][2]->HLN [2][3]->HLN [3][4]->O [0
I [3]->HLN [0][3]->HLN [1][2]->HLN [2][3]->HLN [3][4]->O [0
I [3]-HLN [0][4]->HLN [1][2]-HLN [2][3]->HLN [3][4]->O [0

Il [ ] [ ]
[ [ ] [ ]
Il [ ] [ ]
Il [ ] [ ]
I [ ] [ ]
I [ ] [ ]
Il [ ] [ ]
I [ ] [ ]
113 [ ] [ ]
Jii [ ] [ ]
1[0]->HLN [0][1]->HLN [1][2]->HLN [2][3]->HLN [3][1]->O [1]
Il [ ] [ ]
[ [ ] [ ]
Il [ ] [ ]
Il [ ] [ ]
Il [ ] [ ]
11 [ ] [ ]
[ [ ] [ ]
Il [ ] [ ]
it [ ] [ ]

Factor 1

I [0]-HLN [0][3]->HLN [1][2]->HLN [2][3]->HLN [3][1]->O [1
I [0]-HLN [0][4]->HLN [1][2]->HLN [2][3]->HLN [3][1]->O [1
I[1]-HLN [0][1]->HLN [1][2]->HLN [2][3]->HLN [3][1]->O [1
I [1]=HLN [0][3]->HLN [1][2]->HLN [2][3]->HLN [3][1]->O [1
I [1]=HLN [0][4]->HLN [1][2]->HLN [2][3]->HLN [3][1]->O [1
I [2]-HLN [0][1]->HLN [1][2]->HLN [2][3]->HLN [3][1]->O [1
I [2]-HLN [0][4]->HLN [1][2]->HLN [2][3]->HLN [3][1]-=>O [1
I[3]->HLN [0][1]->HLN [1][2]->HLN [2][3]->HLN [3][1]->O [1
I [3]->HLN [0][4]->HLN [1][2]-HLN [2][3]->HLN [3][1]->O [1

Factor 2
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Table 2. Cont.

Impact Factor

UDC

Factor 3

1 [0]-HLN [0
1 [0]->HLN [0
1 [0]->HLN [0
1 [0]->HLN [0
I[1]=HLN [0
I[1]=HLN [0
I[1]->HLN [0
I[1]->HLN [0
I [2]->HLN [0
I[2]-HLN [0
I[2]-HLN [0
I [2]->HLN [0
1 [3]->HLN [0
1[3]->HLN [0

4]->HLN
4]->HLN
4]->HLN
4]->HLN
4]->HLN
4]->HLN
4]->HLN
4]->HLN
1]-HLN
4]->HLN
4]->HLN
4]->HLN
4]->HLN
4]->HLN

1][2]->HLN [2][1]->HLN
1][2]->HLN [2][1]->HLN
1][2]->HLN [2][2]-=>HLN
1][2]->HLN [2][3]->HLN
1][2]->HLN [2][1]-=>HLN
1][2]->HLN [2][1]->HLN
1][2]->HLN [2][2]-=>HLN
1][2}->HLN [2][3]->HLN
1][2}->HLN [2][3]->HLN
1][2]->HLN [2][1]-=>HLN
1][2]->HLN [2][2]->HLN
1][2]->HLN [2][3]->HLN
1][2]->HLN [2][1]-=>HLN
1][2}->HLN [2][3]->HLN

3[1]->0[2
31[3]->0 [2
31[3]->0 [2
3][3]—>0 [2
3][1]->0 [2
31[3]->0 [2
31[3]->0 [2
31[3]->0 [2
3][3]—>0 [2
3][3]—>0 [2
31[3]->0[2

31[3]1->0[2
31[3]>0[2

Factor 4

1[0]=HLN [0
1[0]=HLN [0
I[1]=HLN [0
I[1]-HLN [0
1[2]-HLN [0
I[2]-HLN [0
I[3]-HLN [0
I[3]-HLN [0

4]->HLN
4]->HLN
4]->HLN
4]->HLN
4]->HLN
4]->HLN
4]->HLN
4]->HLN

e e e e e | e e e e e e e e e b e — — —
— e e e e e e e — —

— e —_ e —_—— | e e — — — — e — — — —

]
|
|
|
]
|
1][2]->HLN [2][1]->HLN
1][2]->HLN [2][1]->HLN
1][2]->HLN [2][1]->HLN
1][2]->HLN [2][1]->HLN
1][2]->HLN [2][1]->HLN
1][2]->HLN [2][1]->HLN
1][2]->HLN [2][1]->HLN
1][2]->HLN [2][1]->HLN

— e — | e e e e e e e e

3][1]->0[3
31210 [3
3][1]1->0[3
31[12]1->0[3
3][1]->0[3
3][12]->0O[3
3][1]1->0[3

|
|
|
]
|
|
|
|
]
]
|
31[3]1->0[2]
|
]
]
|
|
|
|
]
|
31[2]->0 [3]

Table 3. Obtained index values for each of the declared impact factors.

Factor 1
0.0647401

Factor 2
0.4718856

Factor 3
0.406147

Factor 4
0.0572273

Table 4. The values of the local influence of each of the impact factors onto each neuron(s) of each of
available UDCs (within the local datasets for each separate impact factor).

Neuron Fl1local F2local F3local F4local
1[0] 0.3291814947 0.2538631347 0.3087674714 0.4309623431
I[1] 0.1903914591 0.2615894040 0.2706480305 0.2510460251
1[2] 0.2241992883 0.2538631347 0.2325285896 0.1757322176
1[3] 0.2562277580 0.2306843267 0.1880559085 0.1422594142

HLN [0][1] 0.3612099644 0.1920529801 0.0101651842 0.0000000000
HLN [0][3] 0.6209964413 0.0165562914 0.0000000000 0.0000000000
HLN [0][4] 0.0177935943 0.7913907285 0.9898348158 1.0000000000
HLN [1][2] 1.0000000000 1.0000000000 1.0000000000 1.0000000000
HLN [2][1] 0.0000000000 0.0000000000 0.2566709022 1.0000000000
HLN [2][2] 0.0000000000 0.0000000000 0.1499364676 0.0000000000
HLN [2][3] 1.0000000000 1.0000000000 0.5933926302 0.0000000000
HLN [3][1] 0.0000000000 1.0000000000 0.0038119441 0.5794979079
HLN [3][2] 0.0000000000 0.0000000000 0.0000000000 0.4205020921
HLN [3][3] 0.0124555160 0.0000000000 0.9961880559 0.0000000000
HLN [3][4] 0.9875444840 0.0000000000 0.0000000000 0.0000000000
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Table 5. The values of the global influence of each of the declared impact factors on each neuron(s) of

each of available UDCs.

Neuron Flglobal F2global F3global F4global
1[0] 0.0213112429 0.1197943576 0.1254049822 0.0246628113
1[1] 0.0123259621 0.1234402728 0.1099228856 0.0143666862
1[2] 0.0145146843 0.1197943576 0.0944407891 0.0100566803
I1[3] 0.0165882107 0.1088566119 0.0763783431 0.0081411222

HLN [0][1] 0.0233847692 0.0906270358 0.0041285591 0.0000000000
HLN [0][3] 0.0402033717 0.0078126755 0.0000000000 0.0000000000
HLN [0][4] 0.0011519591 0.3734458887 0.4020184409 0.0572273000
HLN [1][2] 0.0647401000 0.4718856000 0.4061470000 0.0572273000
HLN [2][1] 0.0000000000 0.0000000000 0.1042461169 0.0572273000
HLN [2][2] 0.0000000000 0.0000000000 0.0608962465 0.0000000000
HLN [2][3] 0.0647401000 0.4718856000 0.2410046366 0.0000000000
HLN [3][1] 0.0000000000 0.4718856000 0.0015482097 0.0331631006
HLN [3][2] 0.0000000000 0.0000000000 0.0000000000 0.0240641994
HLN [3][3] 0.0008063714 0.0000000000 0.4045987903 0.0000000000
HLN [3][4] 0.0639337286 0.0000000000 0.0000000000 0.0000000000

The final step at this stage of functioning of the developed method is the conversion of
the absolute values of the global influence of each of the declared impact factors (presented
in Table 5) into the corresponding relative values (presented in Table 6). A calculation of
these relative values is quite simple, and to achieve this, two steps must be performed: the
first step is to sum each row of Table 5; and the second step is to calculate the proportion of
the value from each cell of the row (from the Table 5) to the sum for this same row found in
the first step, which can then be written in the same cell of Table 6.

Table 6. Obtained relative values of the global influence of each of the declared impact factors on

each neuron(s) of each of the available UDCs.

Neuron %F1global %F2global %F3global %F4global
I10] 0.0731909004 0.4114193126 0.430688328 0.084701459
I1] 0.0473973731 0.4746683967 0.422689603 0.055244628
I[2] 0.0607801029 0.5016377356 0.395469908 0.042112253
1[3] 0.0790049148 0.5184529857 0.363768257 0.038773842

HLN [0][1] 0.1979405549 0.7671132257 0.034946219 0
HLN [0][3] 0.8372903237 0.1627096763 0 0
HLN [0][4] 0.0013815050 0.4478608384 0.48212692 0.068630737
HLN [1][2] 0.0647401000 0.4718856000 0.406147 0.0572273
HLN [2][1] 0.0000000000 0.0000000000 0.645593057 0.354406943
HLN [2][2] 0.0000000000 0.0000000000 1 0
HLN [2][3] 0.0832530535 0.6068250913 0.309921855 0
HLN [3][1] 0.0000000000 0.9314814015 0.003056098 0.065462501
HLN [3][2] 0.0000000000 0.0000000000 0 1
HLN [3][3] 0.0019890505 0.0000000000 0.998010949 0
HLN [3][4] 1.0000000000 0.0000000000 0 0

Therefore, according to expression (4) presented above, the values from Table 6 can
be used in calculating a complex assessment of the probability of the influence of each
of the declared impact factors on the final result of perception subjectivization of the
researched object.

For further modeling and functioning, as well as the practical approbation, of the
developed method, additional corresponding specialized software (which has been devel-
oped by the authors, in the scope of this research, using Python 3.12) was used, with the
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help of which the following results were obtained for the same experimental example case
considered in this section of research.

In particular, Figure 6 below demonstrates the results obtained by the functioning of
this specialized developed software.

Also, Table 7 below provides an additional detailed explanation of the resulting data

presented in Figure 6.

Table 7. An explanation of the results obtained by functioning of the specialized developed software

(presented in Figure 6).

The Element of the Resulting Data Explanation
# A sequence number of the dataset record(s) for modeling the researched
001 HCI object (i.e., the supported software product, or the processes of its
comprehensive support)
Input values An input value entering the corresponding input layer of neurons of the
03030302 encapsulated trained MP ANN
Res The reference mono-value of the MP’s modeling output result,
0.1 represented by a single normalized decimal number
Ideal A set of reference multi-values for the corresponding neurons of the
1000 output layer of the researched MP ANN
I[x] -> MP input layer’s neuron, activated during the simulation/modeling of the
[0]-> current dataset record
OutAN# (%) is the prediction result, obtained after passing the previous
-> QutAN#(%)HLN[O][x] -> layer of the MP (OutAN#—an ordinal number of the output layer’s active
->1 1 HLN[O][3]-> neuron of the MP; (%)—the probability value indicating that this
_>I HLN[1][2]-> particular neuron will be activated upon completion of the MP’s

functioning iteration upon processing the current dataset record)

“1” blue color in the position OutAN# indicates that the output neuron
with the sequence number of this specific position is responsible for
activation at the output of the MP

“1” with gray fill in the position OutAN# indicates that the output layer’s
1 neuron with the sequence number of this specific position will be
guaranteed to be activated (according to the data from the processed CSV
file of current dataset)

“1” with yellow fill in the position OutAN# indicates that the output
layer’s neuron with the sequence number of this specific position has been
1 determined by the method as the one that will be activated at the output
of the MP’s current functioning iteration (however, according to the data
from the processed CSV file of current dataset, a completely different
neuron will be guaranteed to be activated)

“1” with green fill in the position OutAN# indicates that the output layer’s
neuron with the sequence number of this specific position has been
I determined by the method as the one that will be activated at the output
of the MP’s current functioning iteration (and according to the data from
the processed CSV file of current dataset, exactly the same neuron will be
guaranteed to be activated)

-> O[] MP output layer’s neuron activated during processing of current record of
0[2] the dataset
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Table 7. Cont.

The Element of the Resulting Data

Explanation

Act
0010

A set of multi-values for the corresponding neurons of the output layer of
the MP, obtained as a result of the MP’s current functioning iteration

OK?

The verification of whether the actual result is identical to the reference
one.
—“Y” on a green background indicates that the actual result is identical to
the reference one;
—“N” on a red background indicates that the actual result is not identical to
the reference one.

Fmax

| 72 |

An example for understanding the predicted result (an ordinal number of
an active neuron of the processed layer of the researched MP) of the
specific functioning iteration, obtained after passing each layer of the
researched MP, from the left to the right:
3—the predicted result, obtained after passing the input layer of neurons
of the researched MP.

I—the predicted result, obtained after passing the 1st hidden layer of
neurons of the researched MP (a green background means that this result
is identical to the reference one).
2—the predicted result, obtained after passing the 2nd hidden layer of
neurons of the researched MP (the absence of a green background
indicates a noncompliance with the reference result).
2—the predicted result, obtained after passing the 3rd hidden layer of
neurons of the researched MP (the absence of a green background
indicates a noncompliance with the reference result).

I—the predicted result after passing the 4th (in this particular considered
experimental case, it is the last one) hidden layer of neurons of the
researched MP (a green background means that this result is identical to
the reference one).

Clc%
80%

A completion percentage of processing all the layers of researched MP (for
its current functioning/modeling iteration) at the time of result prediction
completion with guaranteed determination of an unambiguous (and
correct) prediction result. The lower the value of “Clc%”, the more
effective the prediction is.

For example, Clc% = 00% indicates that a guaranteed unambiguous
correct prediction result has been already achieved after processing only
the input layer of neurons of the researched MP (which means that
calculation of absolutely all the subsequent hidden layers of this specific
MP (up to its output layer) can be fully omitted), and therefore the
efficiency of such particular prediction is the maximal possible value. On
the other hand, Clc% = 100% indicates that a guaranteed unambiguous
correct prediction result was not achieved even after processing all the
layers of neurons of the researched MP, so the effectiveness of performed
prediction, in this particular case, is the minimal possible value.

In fact, the main functional purpose of this specialized developed software (as a
corresponding programming implementation of the developed method) is, in fact, a step-
by-step construction of the direct chains of the researched MP’s activated neurons with their
simultaneous analysis in full accordance with the developed method and the algorithm,
which, as a result, makes it possible to predict the result(s) obtained at the output of the
researched MP ANN.
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Shell
# Input values Res Ideal Direct chains: 1[x] -> OutAN#{%)HLN[O][x] -= OutAN#%)HLN[1][x] -= OutAN#(%)HLN[2][x] > OutAN#{%)HLN[3][x] = O[x] Act OK? Fmax Clc%
001 0.3 0.3 03 02 0.1 1000 c_‘v:o;:8.3-8.323VI_.ZE_E‘V—E@:BQQB.AEE.A:.__.z:__m_‘v‘_: -0)4(1.0)0(0.8)0(0.1)HLN[2][3]--1(1.1) :.uE:,:QB,:_.__.zEE‘v-.N:2_.:2,_.:@8.322
002 04 0904 06 05 0010 ;:.1B.S-B.mu::.pja,4vIrz_EE.on.S-B.m_:a.m:B.dv_._rz::m_.voa,d (1.4)1(1.3)1(0.2)HLN[2][3]->0(0.2)§(2.0)4(1 .QEB.mu_._rzﬁm:ma.voaEEM.S-B.EQEBDE
003 0.8 0.3 0.3 04 0.3 0100 ;S.v_B,:L_B.&-E.t:c;VI_.ZB__.:.VEE:B,m:—B.m:B‘m“_.__.z::m_.v_n_a,i (1.3)1(1.3)1(0.2)HLN[2][3]->0(0.2 :.m_::,32@,”“_.__.23::.&8,mv-ﬁ.ga:.22:.30:_
004 06 06 05 08 05 0010 1[3]->1(0.1)4(0.5)1(0.4)1(0.0)HLN[O][4]->1(0.1)@(1.0)4(0.8)1(0.1)HLN[1][2]->1(0-1)4(1.4)4(1.3)1(0.2)HLN[2][1]-=0(0.1)0(1 .&-:,o:B.mv_._rzEE‘on;E:.a (2.9)0(0.5)0[2]
005 0.6 0.4 0.8 0.5 0.5 0010 1[2]->1(0-1)4(0.5)1(0.4)1(0.0)HLN[O][4]-=0(0.1)@(0.9)4(0-9)1(0.1)HLN[11[2]-=0(0-1)4(1.4)1(1.3)1(0.2)HLN[2][3]-=0(0.2)f(2.0)4(1.6)0(0.2)HLN[3][3]-=0(0.2)0(2.0)}(2.6)0(0.2)C[2]
006 02 0.6 05 08 05 0010 1[3)->1(0.1)4(0.5)1(0.4)1(0.0)HLN[O][4]>1(0.1)@(1.0)4(0-8)1(0.1)HLN[1][2]->1(0-1)8(1.4)1(1.3)1(0.2)HLN[2][3]>1(0.2)f(2.0)4(1.6)0(0.2)HLN[3][3] >0(0.2)0(2.0)§(2.6)0(0.2)C[2]
007 0.6 0.4 0.3 0.7 0.3 0100 I[3]->1(0.1)R(0.5)1(0.4)1(0.0)HLN[O][4]-=1(0.1){(1.0)1(0.8)1(0.1)HLN[1][2]-=1(0_1)f(1.4)1(1.3)1(0.2)HLN[2][3]-=1(0.2)|§(2.0)1(1 ,398,m“_.__.zEE.voa‘mv-a.so:.mEE.BOE
008 0.6 0.4 06 0.7 0.5 0010 1[3]->1(0.1)4(0.5)1(0.4)1(0.0)HLN[O][4]->1(0.1)@(1.0)4(0.8)1(0.1)HLN[1][2]}->1(0-1)8(1.4)4(1.3)1(0.2)HLN[2][3]->1(0.2)f(2.0)1(1.6)0(0.2)HLN[3][3]=>0(0.2)0(2.0)}(2.6)0(0.2)O[2]
009 06 09 09 08 0.7 0001 I[1]->1(0.0)4(0.5)1(0.4}4(0.1)HLN[O][4]-=0(0.0)#(0.9)1(0-9)4(0.1)HLN[11[2]->0(0-1)4(1.4)1(1.3}4(0.2)HLN[2][1]-=0(0.1)0(1 .3—6.o:A_”_.m__._rzE_E.vESE:.3 (2.0/4(1.5)O[3]
010 0.2 0.1 0.1 0.3 0.1 1000 I[3]->1(0.1) B.m:B.p:8‘QVI_.ZE__m_‘v-E.Eca,JQB.aEE.EIrz:_E‘v‘_: .0)8(1.2)0(0.8)0(0.1)HLN[2][3]--1(1.1)8(1 .mE:,:oe,:_.__.zEE‘v-.m,:2_.EE,_.:E:.:OB_
011 02 04 04 09 03 0100 1[3]->1(0-1)R(0.5)1(0.4)1(0.0)HLN[O][4]->1(0.1){§(1.0)1(0-8)1(0.1)HLN[1][2]->1(0-1)f(1.4)1(1.3)1(0.2)HLN[2][3]-=1(0.2)j§(2.0)1(1 .32_”_.mu_._rzEE.on.mv-a.So:.mEE.BOE
012 05 0.3 06 0.8 0.5 0010 1[3]->1(0.1)8(0.5)1(0.4)1(0.0)HLN[O][4]->1(0.1)@(1.004(0.8)1(0.1)HLN[1][2]->1(0-1)8(1.4)1(1.3)1(0.2)HLN[2][3]=1(0.2)f(2.0)4(1.6)0(0.2)HLN[3][3] =0(0.2)0(2.0)§(2.6)0(0.2)C[2]
013 08 07 0.3 09 05 0010 1[3]-=1(0.1)4(0.5)1(0.4)1(0.0)HLN[O][4]->1(0.1)@(1.0)4(0.8)1(0.1)HLN[1][2}->1(0-1)4(1.4)4(1.3)1(0.2)HLN[2][1]-=0(0.1)0(1 .3—:,m_:B.mv_._rzEE.vESE:.p (2.9)0(0.5)C[2]
014 05 02 0.8 0.8 0.5 0010 1[2]->1(0.1)8(0.5)1(0.4)1(0.0)HLN[O][4]->0(0.1)&(0.9)1(0.9)1(0.1)HLN[1][2}->0(0 1 :.p::.ujB.mv_.__.zEE.on.m“-ﬁ.SL_: -6)0(0.2)HLN[3][3]->0(0.2)0(2.0)§(2.6)0(0.2)C[2]
015 02 06 09 09 05 0010 1[2]->1(0.1)4(0.5)1(0.4)1(0.0)HLN[0][4]->0(0.1)#(0.9)4(0.9)1(0.1)HLN[1][2]->0(0.1)8(1.4)4(1.3)1(0.2)HLN[2][1]->0(0.1)0(1 .&—:,o:B.mv_._rzEE‘voB;E:.a (2.9)0(0.5)C[2]
016 0.6 0.2 0.6 0.7 0.5 0010 1[3]->1(0.1)4(0.5)1(0.4)1(0.0)HLN[O][4]->1(0.1)@(1.0)4(0.8)1(0.1)HLN[11[2]-=1(0-1)4(1.4)1(1.3)1(0.2)HLN[2][3]-=1(0.2)f(2.0)4(1.6)0(0.2)HLN[3][3]->0(0.2)0(2.0)§(2.6)0(0.2)C[2]
017 06 02 05 07 0.3 0100 1[3]->1(0.1)W(0.5)1(0.4)1(0.0)HLN[O][4]>1(0.1){(1.0)1(0-8)1(0.1)HLN[1][2]->1(0-1)l(1.4)1(1.3)1(0.2)HLN[2][3]>1(0.2)(2.0)1(1.6)0(0.2)HLN[3][1]->0(0-2)R(3.0)0(1.6)0(0.2)C[1]
018 0.1 0.7 0.3 0.3 0.3 0100 1[1]->1(0.0)W(0.5)1(0.4)1(0.1)HLN[O][4]-=0(0.0){(0.9)1(0.9)1(0.1)HLN[11[2]->0(0-1)l(1.4)1(1.3)1(0.2)HLN[2][3]-=0(0.2)j§(2.0)1(1.6)0(0.2)HLN[3][1]->0(0.2)|(2.9)0(1.6)0(0.2)C[1]
019 0.8 0.6 0.9 0.6 0.7 0001 1[2]->1(0.1)4(0.5)1(0.4}1(0.0)HLN[O][4]-=0(0.1)8#(0.9)1(0.9)4(0.1)HLN[1][2}-=0(0-1)4(1.4)1(1.3}4(0.2)HLN[2][1]=0(0.1)0(1 .3—:,2‘_89_.__.23::‘&8;g (2.4)0(1.9)1(0.6)0[3]
020 06 04 04 06 03 0100 ;o_.v_B.::_”_.t-a.t:o,:_._rz_c:&.v:s.ﬂ:E.e—s.m:H_”_.E_._rz::m_.voa,A (1.3)1(1.3)1(0.2)HLN[2][3]->0(0.2)(1.9)1(1.6)0(0.2)HLN[3][1]->0(0.2)j§(2.9)0(1.6)0(0.3)C[1]
021 0.6 0.5 06 0.7 0.5 0010 1[3]->1(0.1)4(0.5)1(0.4)1(0.0)HLN[O][4]-=1(0.1)f(1.004(0.8)1(0.1)HLN[1][2]->1(0-1)4(1.4)4(1.3)1(0.2)HLN[2][3]=1(0.2)f (2. 04 (1 ,32@,m“_.__.za_a_‘vca‘NEB.S-AN.Q@B.EOE
022 03 01 08 05 03 0100 1[2]->1(0.1)W(0.5)1(0.4)1(0.0)HLN[O][1]->1(0.3)[(1.3)1(0.4)0(0.0)HLN[1][2]->1(0-3)l(1.7)1(0.8)0(0.1)HLN[2][3]-=1(0.4)(2-3)1(1.1)0(0.1)HLN[3][1]->0(0.4)(3.3)0(1.1)0(0.2)C[1]
023 02 0504 05 0.3 0100 1[1]->1(0.0)W(0.5)1(0.4)1(0.1)HLN[O][4]-=0(0.0){(0.9)1(0-9)1(0.1)HLN[1][2]->0(0-1)R(1.4)1(1.3)1(0.2)HLN[2][3]-=0(0.2){§(2.0)1(1.6)0(0.2)HLN[3][1]->0(0.2)§(2.9)0(1.6)0(0.2)C[1]
024 04 0.3 06 08 05 0010 1[3]->1(0.1)4(0.5)1(0.4)1(0.0)HLN[O][4]>1(0.1)@(1.0)4(0.8)1(0.1)HLN[1][2]->1(0-1)8(1.4)4(1.3)1(0.2)HLN[2][3]>1(0.2)f(2.0)4(1.6)0(0.2)HLN[3][3] >0(0.2)0(2.0)§(2.6)0(0.2)C[2]
025 04 06 06 0.6 0.5 0010 I[1]->1(0.0)4(0.5)1(0.4)1(0.1)HLN[O][4]-=0(0.0)#(0.9)4(0-9)1(0.1)HLN[11[2]-=0(0_1)4(1.4)4(1.3)1(0.2)HLN[2][3]-=0(0.2)f(2.0)4(1.6)0(0.2)HLN[3][3]->0(0.2)0(2.0)}(2.6)0(0.2)C[2]
026 08 09 0.7 09 0.7 0001 1[1)->1(0.0)#(0.5)1(0.4)4(0.1)HLN[O][4]>0(0.0)@(0.9)1(0.9)4(0.1)HLN[1][2]->0(0-1)8(1.4)1(1.3)4(0.2)HLN[2][1]->0(0.1)0(1.4)(2.0)1(0.5)HLN[3][2] >0(0-1)0(1.4)8(2.0)1(1.5)O[3]
027 0.1 0.8 0.9 0.8 0.5 0010 1[2]->1(0-1)4(0.5)1(0.4)1(0.0)HLN[O][4]-=0(0.1)@(0.9)4(0.9)1(0.1)HLN[11[2]-=0(0_1)4(1.4)4(1.3)1(0.2)HLN[2][1]-=0(0.1)0(1.4)f§(1.9)1(0.5)HLN[3][3]-=0(0-1)0(1.4)§(2.9)0(0.5)C[2]
028 02 0.3 0.3 0.8 0.3 0100 1[3]->1(0.1)W(0.5)1(0.4)1(0.0)HLN[O][4]->1(0.1)[(1.0)1(0.8)1(0.1)HLN[1][2}->1(0-1)M(1.4)1(1.3)1(0.2)HLN[2][3]->1(0.2)[(2.0)1(1.6)0(0.2)HLN[3][1]->0(0.2)(3.0)0(1.6)0(0.2)O[1]
029 07 0202 08 03 0100 1[3]->1(0.1)W(0.5)1(0.4)1(0.0)HLN[O][4]->1(0.1)[(1.0)1(0-8)1(0.1)HLN[1][2]->1(0-1)R(1.4)1(1.3)1(0.2)HLN[2][3]-=1(0.2)[(2.0)1(1.6)0(0.2)HLN[3][1]->0(0-2)R(3.0)0(1.6)0(0.2)C[1]
030 0.1 0.6 0.4 0.7 0.3 0100 1[3]->1(0.1)W(0.5)1(0.4)1(0.0)HLN[O][4]->1(0.1)(1.0)1(0-8)1(0.1)HLN[1][2]->1(0-1)W(1.4)1(1.3)1(0.2)HLN[2][3]-=1(0.2)(2.0)1(1.6)0(0.2)HLN[3][1]->0(0.2)§(3.0)0(1.6)0(0.2)C[1]
031 02 0804 07 05 0010 I[11->1(0.0)(0.5/4(0.4)1(0.1\HLN[O1141->0(0.0}(0.9)4(0.9)1(0.1)HLN[11121->0(0.1 (1. 41(1.311(0.2HLN[21[31->0(0.2)(2.014(1.6)0(0.2)HL N[31(31->0(0.2)0(2. 0 (2.6)0(0.2)0121
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In most cases, based on the testing(s) performed in the scope of this research, the
prediction result can be obtained without the need to calculate all the hidden layers of
neurons of the researched MP ANN. However, in some cases, there are also possible
scenarios, for example, when there is a need to calculate absolutely all the hidden layers
of the researched MP ANN (with the Clc% = 100%; see explanation in Table 7); as well as
scenarios when the developed approach (method) allows for the avoidance of calculations
of some (or, even, all) hidden layers, and even without their calculation, the developed
method guarantees an unambiguous and correct prediction of the real value obtained at the
output of the researched MP ANN as a result of its functioning. All this is possible because
of the developed method and its constituent components: the appropriate mathematical
supply (i.e., mathematical model) and the specialized algorithmic supply, which have been
presented and described, in detail, above within the scope of this research.

Thus, the modeling, performed on the basis of this specialized developed software
(which, in fact, is a programming implementation of the method, developed and presented
in scope of this research), makes it possible to predict the results of functioning of the
researched MP ANN, which, in the context of the declared scientific and applied problem,
interprets the perception subjectivization of the researched HCI objects, particularly in the
context of this specific research (the objects, or the processes, of a comprehensive support
of software products) and provides all the necessary capabilities for further corresponding
increases in the level of automation and intellectualization of these processes.

In particular, within the scope of the presented experimental example of the devel-
oped method’s modeling and approbation, the following results were obtained, presented
below in Figure 7. Thus, from the obtained results of the method’s modeling, based on a
specific experimental case of the designed encapsulated researched MP ANN, the following
conclusions were made (on average, the results are averaged/generalized based on the
conducted research):

o In37% of cases, the final (and correct) result of prediction was obtained at the stage of
processing the input layer of neurons of the researched encapsulated MP ANN;

e In 0.2% of cases, the final (and correct) result of prediction was obtained immedi-
ately after processing the 1st hidden layer of neurons of the researched encapsulated
MP ANN;

o In 10.8% of cases, the final (and correct) result of prediction was obtained immediately
after processing the 2nd hidden layer of neurons of the researched encapsulated
MP ANN;

o In 13.4% of cases, the final (and correct) result of prediction was obtained immediately
after processing the 3rd hidden layer of neurons of the researched encapsulated
MP ANN;

e In29.6% of cases, the final (and correct) result of prediction was obtained immediately
after processing the 4th (which in this considered particular experimental example is
the last one) hidden layer of neurons of the researched encapsulated MP ANN;

e In 9% of cases, the final (and correct) result of prediction was not (unfortunately)
obtained even after complete processing of all the layers of neurons of the researched
encapsulated MP ANN.

Thus, this is a quite positive result for the prediction efficiency because an additional
interpretation of the obtained results indicates the following (for this specific experimental
example of conducted research):

e OutL—the need to calculate the output layer of neurons of the researched MP is absent
in 91% of modeling cases;
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e  4thHL + OutL—the need to calculate the 4th hidden layer of neurons of the researched
MP (and, accordingly, the next (i.e., output) layer of neurons of this same MP) is absent
in 61.4% of modeling cases;

e 3rdHL + allNext—the need to calculate the 3rd hidden layer of neurons of the re-
searched MP (as well as all the subsequent layers of neurons of this same MP) is absent
in 48% of modeling cases;

e 2ndHL + allNext—the need to calculate the 2nd hidden layer of neurons of the re-
searched MP (as well as all the subsequent layers of neurons of this same MP) is absent
in 37.2% of modeling cases;

o 1stHL + allNext—the need to calculate the 1st hidden layer of neurons (as well as
absolutely all the subsequent layers of neurons) of the researched MP is absent in 37%
of modeling cases.

% of such segment

9,00

37,00

% of ANN MP calculations before prediction was completed
0% m20% m40% m60% 80% m 100%

Figure 7. A visualization of obtained indicators of predicting effectiveness of the results of functioning
of the researched MP ANN, which represents the perception subjectivization of a relevant investigated
HCI object(s).

The corresponding diagram of predicting effectiveness of the results of the considered
experimental case is presented below in Figure 8.

The obtained results demonstrate a positive growth trend in the indicator of absence
of the need to calculate additional layers of neurons of the researched MP(s), starting
from the input layer and moving towards the output layer, i.e., the closer to the output
layer of the MP, the less important it is to calculate each subsequent layer(s). This trend
is fairly expected because with the “growth” of each researched formatted (i.e., in the
process of formation) direct chain of neurons, the number of impact factors, to which it can
simultaneously belong, decreases.

Another equally important and significant achievement of the developed method is
the assignment to each of the neurons of the hidden layers of the researched encapsulated
MP ANN(s), i.e., the corresponding indicators (i.e., markers) of the affiliation of these
neurons to the certain impact factor(s), which, in turn, opens additional opportunities for
further research in this field. In particular, this achievement provides possibilities for the
formation (restoration, or reproduction) of the distribution boundaries of the impact factors,
as the neurons of the encapsulated MP now can be united based on their belonging to the
most common specific impact factor(s). In addition, this achievement creates a basis for the
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acquisition by the neurons of the hidden layers (of the researched MP ANN)—a certain
essential content and purpose, which they have always been automatically deprived of
before—since the very concept of the MP itself does not imply the presence of any functional
and/or semantic load /meaning(s) for the neurons of the hidden layers, so they served
exclusively a quite pure arithmetic (i.e., “calculational”) function providing and ensuring
the possibility of training and correct functioning/operating of the MP itself.

T Calculation of appropriate MP Layer - is No needed in % cases

37,00

7,20

1stHL+allNext 2ndHL+allNext 3rdHL+allNext 4thHL+OutL OutL

Figure 8. A diagram demonstrating the effectiveness of the results prediction based on the considered
experimental case of performed research of the proposed method’s modeling.

Additionally, this aforementioned feature to unite the MP’s hidden layer neurons
according to their belonging to a certain (common for all of them) impact factor(s) has been
successfully used during a practical approbation of the developed method while solving
the practically applied problem of identifying a member of the support team (of a defined
software product) whose multifactor portrait is as close as possible to the corresponding
multifactor portrait of a given client’s user of the same supported software product.

First of all, let us define the concept of a multifactor portrait as an individual set of
averaged indicators of the influence of each of the declared impact factors on the subjective
perception of the researched HCI object (i.e., the supported software product, or the
processes of its comprehensive support) by the corresponding subject of interaction with
this object.

Thus, in the case of a declared practically applied problem, one subject of interaction
with the object (i.e., the defined supported software product) is the client user, while
the other subjects of this interaction are the members of the support team (of the same
defined supported software product). First, by modeling the functioning of obtained
trained MP ANN (encapsulated into the relevant previously designed conceptual model of
perception subjectivization of the researched HCI object, i.e., defied supported software
product, or processes of its comprehensive support) performed on the basis of records of the
corresponding dataset (which represents the individualistic perception of this specific HCI
object by each separate specific researched subject of interaction), as a result of processing
each separate record of this dataset, a corresponding direct chain of neurons can be obtained.
After that, by summing the values (for each separate specific impact factor) of the local
influence of each of the impact factors on each of the neurons of the resulting direct chain,
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we can obtain a certain multifactor set of values (i.e., one specific numerical value for each
separate specific impact factor), which represents the shares of the influence of each of the
declared impact factors on the result of perception subjectivization of the researched object
by the separate researched subject of this interaction in the scope of one specific considered
(situational) case, represented by this specific considered record of the processed dataset.
Thus, after processing all the records of the dataset, we can obtain a set of multifactor sets of
values, on the basis of which the arithmetic mean value is calculated for each of the impact
factors, and then obtained arithmetic mean values are converted from an absolute form to
a relative form, which, in fact, will represent the corresponding multifactor portrait of this
specific researched subject (of interaction) in the context of its individualistic perception
of the specific researched HCI object (i.e., the defined supported software product, or the
processes of its comprehensive support).

Table 8 below presents the given values of the multifactor portraits of the employees
of a defined software product’s support team, as well as a given client user of the same
defined software product.

Table 8. Multifactor portraits of a defined software product’s support team members, as well as the
given client user.

Subject of

. Factor #1 Factor #2 Factor #3 Factor #4

Interaction
Employee 1 0.2703 0.3812 0.1963 0.1522
Employee 2 0.3504 0.2289 0.1806 0.2401
Employee 3 0.2295 0.3781 0.2152 0.1772
Employee 4 0.2618 0.2593 0.2491 0.2298
Employee 5 0.1907 0.3412 0.1758 0.2923
Employee 6 0.3317 0.2911 0.1665 0.2107
Employee 7 0.2902 0.1984 0.3056 0.2058
Employee 8 0.1893 0.3271 0.3297 0.1539
Employee 9 0.2095 0.2105 0.2862 0.2938
Employee 10 0.3104 0.2358 0.2394 0.2144
Employee 11 0.3026 0.2817 0.2123 0.2034
Employee 12 0.2281 0.3096 0.2274 0.2349
Employee 13 0.2761 0.3125 0.2509 0.1605
Employee 14 0.2862 0.3359 0.1908 0.1871
Employee 15 0.3219 0.2724 0.2302 0.1755
Employee 16 0.3426 0.2996 0.1831 0.1747
Employee 17 0.2678 0.3243 0.2917 0.1162
Employee 18 0.2336 0.3527 0.2035 0.2102
Employee 19 0.3154 0.2638 0.2316 0.1892

User 1 0.3085 0.2182 0.2954 0.1779

Figure 9 below shows a graphical interpretation of the multifactor portraits of the
researched support team members and a given client user, with an additional indication of
the identified support team employee whose multifactor portrait is as close as possible to
the multifactor portrait of the given client user.

The identification of the required support team employee has been carried out based
on the data presented in Table 9, which consists of the comparative characteristics of the
multifactor portraits of the support team members with the multifactor portrait of the given
client user.
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Figure 9. A graphical interpretation of the multifactor portraits of the support team members and the
given client user of the researched HCI object, i.e., the defined supported software product.

Table 9. Comparative characteristics of the multifactor portraits of the support team members and
the given client user.

Subject of Sum(dF
Interaction dF1 dF2 dF3 dF4 [1-4])
Employee 1 0.0382 0.163 0.0991 0.0257 0.326
Employee 2 0.0419 0.0107 0.1148 0.0622 0.2296
Employee 3 0.079 0.1599 0.0802 0.0007 0.3198
Employee 4 0.0467 0.0411 0.0463 0.0519 0.186
Employee 5 0.1178 0.123 0.1196 0.1144 0.4748
Employee 6 0.0232 0.0729 0.1289 0.0328 0.2578
Employee 7 0.0183 0.0198 0.0102 0.0279 0.0762
Employee 8 0.1192 0.1089 0.0343 0.024 0.2864
Employee 9 0.099 0.0077 0.0092 0.1159 0.2318

Employee 10 0.0019 0.0176 0.056 0.0365 0.112
Employee 11 0.0059 0.0635 0.0831 0.0255 0.178
Employee 12 0.0804 0.0914 0.068 0.057 0.2968
Employee 13 0.0324 0.0943 0.0445 0.0174 0.1886
Employee 14 0.0223 0.1177 0.1046 0.0092 0.2538
Employee 15 0.0134 0.0542 0.0652 0.0024 0.1352
Employee 16 0.0341 0.0814 0.1123 0.0032 0.231
Employee 17 0.0407 0.1061 0.0037 0.0617 0.2122
Employee 18 0.0749 0.1345 0.0919 0.0323 0.3336
Employee 19 0.0069 0.0456 0.0638 0.0113 0.1276

The data, presented in Table 9 above, reflect the absolute difference in the values
of the indicators between the multifactor portraits of each of the considered software
product’s support team employees and the multifactor portrait of the given client user, as
outlined below:

e  Separate values for each specific impact factor:

e  dFl—a difference in Factor #1;
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e  dF2—a difference in Factor #2;

e  dF3—a difference in Factor #3;

e  dF4—a difference in Factor #4.
e Total values, i.e., all the defined impact factors together:

o  Sum(dF [1-4]).

In addition, Figure 10 below represents a graphic visualization of the obtained compar-
ative characteristics of the multifactor portraits of the considered support team members
and the given client user.
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Figure 10. A graphic visualization of the comparative characteristics of the multifactor portraits of
the considered support team members and the given client user.

The process of identification of the required employee consists of finding a support
team member with the minimum value of comparative characteristics (representing the dif-
ferences between its multifactor portrait and the multifactor portrait of the given client user).
In this particular case, an example of an identified support team member is “Employee 7”
(see Figure 10, as well as Figure 9).

Therefore, the given practically applied problem of identifying a member/employee
of the support team (of defined software product) whose multifactor portrait is as close as
possible to the corresponding multifactor portrait of the given client’s user (of the same
supported software product) has been solved by means of the developed method for HCI
objects’ perception subjectivization result prediction based on impact factor analysis with
usage of MP ANN. In turn, the solving of this problem provides possibilities for increasing
the efficiency level of a customer support service/department (of the considered declared
software product), since the subjective vision/perception of the supported software product
between the given client user and the corresponding identified support team employee is as
close as possible, which ensures an improvement in the level of their mutual understanding
in the context of the researched HCI object (i.e., the supported software product) of their
joint interaction.
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6. Discussion

In the context of a comparison of the developed method presented in this research
(i.e., HCI objects’ perception subjectivization result prediction method based on impact
factor analysis with usage of MP ANN) with the outcomes of existing similar approaches,
the following conclusions have been obtained. In particular, the authors of Ref. [59]
investigated methods dedicated to the prediction of software reliability, and presented
their own developed method of selecting the best model for predicting software reliability.
Their proposed method is a composite of Hesitant Fuzzy (HF), Analytic Hierarchy Process
(AHP), and the Technique for Order of Preference by Similarity to Ideal Solution (known as
TOPSIS). In the mentioned study, it was found that the most preferred model for predicting
software reliability, which can be found in the presented (within the framework of this
separate study, conducted by the authors) structure and the hierarchy, is the neuro-fuzzy
computing model. Despite this, the proposed method does not provide the possibility of
taking into account the factors influencing the subjectivization of software’s perception
by the relevant interaction subjects (e.g., members of the relevant teams of the software
developer company) in the context of software reliability research and prediction.

At the same time, in line with the scope of Ref. [60], the authors investigated various
existing quality models with defined parameters for predicting the quality of a Component-
Based Software (CBS). In particular, according to the presented study, several models (for
example, Boehm’s, McCall’s, FURPS, ISO 9126, Dromey’s) have been developed to assess
the quality using the hierarchically related characteristics of quality indicators. This study
focuses on the analysis and evaluation of the CBS quality and prediction model using
software quality assurance models as well as the quality characteristics. The main concept
of this study is to measure the software quality characteristics using the quality prediction
parameters, providing the ability to determine the quality factors for the CBS, including
using various computational intelligence methods to predict optimal CBS quality. However,
as in the previous case of the existing approach, the proposed models do not take into
account the factors of subjectivization of a software perception in the context of analysis,
evaluation, and prediction of the quality of the latter.

In addition, in the scope of Ref. [61], the authors developed a specialized tool that
provides the ability to measure the perception of social and human factors (SHFs) (which,
in particular, include problem-solving skills, a cognitive aspect and social interaction,
as well as a number of other additional researched SHFs, with 13 in total) by software
development team(s) members, as those SHFs can affect the performance of these members
of the researched teams. The developed tool confirms the relevance and the significance
of the impact of the aforementioned SHFs on the members of the researched software
development teams, and also provides the possibility to both identify and rank the SHF(s),
as well as their impact. In addition, the developed tool could be useful for measuring the
perception of those declared SHFs (which may affect the performance of the researched
teams), and implement relevant improvements based on the obtained results. At the same
time, the developed approach does not provide the possibility of predicting the results of
the impact of declared SHF on the productivity of the researched subjects, i.e., the members
of appropriate software development teams.

Additionally, in the context of a comparison of the developed approach presented
in this research to a standard feed-forward inference [62] method, it has been established
that the latter is more intended for the training of neural networks, while the prediction of
modeling results is not its prerogative. Another more interesting approach is the early-exit
method, which has been considered in the scope of recent studies [63-65]. It is worth
noting that the “early-exit” is an extremely broad conceptual platform that can include a
wide variety of solutions. In particular, the basic implementation of the early-exit concept
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uses side branches. The early-exit neural networks insert multiple side branches into the
conventional architecture of a Deep Neural Network (DNN). The inference process in
such DNNSs can be stopped at an early stage on a particular side branch when it meets a
predefined confidence criterion that is directly related to the input data classifying difficulty,
due to which simpler inputs can be classified on earlier side branches using the features
extracted by the initial neural layers, while more complex inputs require processing of all
the following layers up to the output layer. In particular, some early-exit DNN models
offer a solution by treating the entire DNN structure as a single optimization problem
and jointly optimizing the weighted losses of all the side branches. In addition, another
effective advantage of the early-exit concept is that it provides a solution to the quite
common problem of the overtraining of neural networks, as each early-exit side branch
acts as a “regularizer” for other branches, helping to prevent this same overtraining. In
addition, early-exit DNNs provide an additional gradient update signal through the exit
points during backpropagation, helping to prevent another fairly common problem with
gradient shrinking. Also, early-exit DNNs add a discriminative effect to the lower layers,
increasing the network’s ability to learn efficiently, and thus early-exit DNNs mitigate the
vanishing gradient problem, providing more stable and efficient training. Early-exit DNN
architecture typically includes a backbone DNN model, which is a regular DNN, with
additional side branches attached to it. These side branches can be created using conv-
layers, fc-layers, or a combination of both of them. During the inference, the input data
are processed layer-by-layer until a side branch is reached, where a prediction is made and
the confidence is estimated. If the confidence is sufficient, the inference process stops and
returns a prediction; otherwise, it continues until it reaches the next side branch. If no side
branch can provide a sufficiently confident prediction, the input is processed to the final
output layer, which always returns a prediction. But along with the undeniable advantages
of the early-exit concept, it also has some disadvantages. In particular, there are some
design limitations of early-exit DNNS, as discussed below. Designing an effective early-exit
DNN involves several key decisions, namely choosing the DNN backbone architecture,
structuring the side branches, determining their placement within the backbone, and
formulating the optimal early-exit policy. As a recent and actively developing research
area, early-exit DNNs, unfortunately, still do not have standardized strategies for all these
aforementioned aspects. The choice of the early-exit policy significantly affects the number
of early predictions on the side branches, which, in turn, affects the overall efficiency of this
whole approach in general. Different studies have used different methods to determine the
confidence in the prediction, and this section digs deep into the previous investigations
by examining how the side branches were constructed and the strategies adopted to place
them on the trunk model, as well as the policies formulated to define the trust criteria at
each separate exit point. Therefore, to achieve an optimal performance, the side branches
must be carefully designed with appropriate neural layers and strategically placed along
the backbone of the original parent DNN. At the same time, the design of an effective
early-exit policy is crucial, as it significantly affects the general performance. However,
as this area of research is still actively developing, there is currently a significant lack of
optimized configurations for constructing and placing side branches along the trunk model,
as well as developing relevant effective early-exit strategies and policies. Therefore, the
existing studies actually highlight the significant design issues and research challenges
with the aim of stimulating further research in this area. In contrast to the aforementioned
early-exit approach, the developed (in the scope of the current research) information-
cognitive concept of a predicting method for HCI objects’ perception subjectivization
results based on impact factor analysis with usage of multilayer perceptron ANN is, in
fact, a full-fledged (developed completely separately and independently from scratch)
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alternative to the early-exit approach, and unlike the latter, offers the completely full and
finalized functional cycle of development and implementation, without requiring any extra
redesign or retraining of any considered existing trunk neural networks for encapsulating
any additional side branches (as required by the early-exit approach), working universally
with any existing DNN architecture, analyzing only their UDCs (regardless of the DNN's
architectural and/or constructive features). Furthermore, an early-exit is a concept for
DNNs only, while the proposed information-cognitive concept of a predicting method for
HCI objects’” perception subjectivization results is not only the same universal solution
for DNNSs, but also, at the same time, is a highly specialized solution for researching
relevant problems of HCI objects” perception subjectivization. In addition, the developed
approach for predicting DNN modeling (e.g., functioning, operating) results (MP is a classic
representative of this family of neural networks) based on the UDC comparative analysis
can also be used in the early-exit concept as an additional mechanism for generating a
confidence criterion, which additionally confirms the relevance of the developed approach
proposed by the information-cognitive concept of a predicting method for HCI objects’
perception subjectivization results, presented within the framework of the current research.

Another research that complements and actually completes the list of similar existing
approaches is Ref. [66], a study dedicated to the prediction of ANN output results based
on a high dimensional gradient-based rule extraction. In particular, this study uses a
three-layer ANN and physiological signals as inputs to predict the results of a subjective
belief experiment, which consists of a comparison with a human perception, exploring
whether the speaker’s speech content can be better assessed as manipulative, by using the
ANN’s physiological signal data processing. First, the concepts of the decision rules, the
characteristics” input signal(s), and the gradient sensitivity analysis are introduced, and
both the setup and the training of the considered researched ANNSs are briefly described.
Then, the process of the rule extraction and the prediction of new input patterns are
explained. In addition, a dimensionality reduction for simpler rules and some further
improvement methods, including gradient regression, the removal of oblique rules and
an in-depth analysis of their beneficial effects, are also introduced in the scope of the
considered existing approach. Finally, some limitations of the gradient rule extraction, as
well as the potential solutions, are discussed. Thus, the considered study mainly focuses
on explaining ANN inference using different rule extraction methods, which include using
a weighted decision rule based on sorting according to the gradient magnitude and adding
an oblique-type rule, using LOWESS regression in the gradient approximation, removing
the oblique-type rule, and maintaining the sorted order. The main conclusion is that by
using slightly complex rules, such as the oblique-type rule, the prediction accuracy can be
improved while introducing unwanted complexity. So, the trade-off between the simplicity
and accuracy is to choose fewer dimensions but with higher magnitude in order to avoid
noisy dimensions. Using this mechanism to create simple and relatively accurate rules
can help researchers to find the correlations between the factors and the response. In
a broader sense, rule extraction also combines symbolic and connectionist approaches
with artificial intelligence. The extracted rules belong to the symbolic approaches, while
the ANN itself belongs to the connectionist approach. So, the existing research actually
presents good examples of constructing symbolic rules and using various methods to better
approximate the behavior of the researched ANN. However, the described existing high
dimensional gradient-based rule extraction approach also has a number of disadvantages.
In particular, the gradient-based rule extraction has no theoretical basis and is not reliable
enough, so only a shadow ANN and a careful selection of activation function are suitable
for this method. In addition, the main problem is that the magnitude of the gradient cannot
proportionally reveal the probability of the ANN’s output change, and the gradient itself



Appl. Sci. 2025, 15,9763

34 of 40

suffers from different network structures, when the gradient magnitude unexpectedly
increases or decreases beyond a threshold value for two consecutive epochs. Therefore,
gradient compensation could be a potential solution. However, in this case, the collected
gradients must obtain a convex combination of the previous epoch and the current epoch,
in order to control the gradients, so that they do not behave in an undesirable manner,
which significantly complicates the proposed solution. At the same time, in contrast to
this particular approach, the developed information-cognitive concept of a predicting
method for HCI objects” perception subjectivization results does not require encapsulation
at the very early stages of the design and the training of used trunk ANNSs. It is quite
universal and adaptive to any architectures or configurations of the researched ANNS,
and provides a significantly more simple and faster method of further automation of the
proposed approach, in addition to software implementation.

Thus, the main advantage of the developed information-cognitive concept of a pre-
dicting method for HCI objects’ perception subjectivization results based on impact factor
analysis with the use of MP ANNSs, presented within the scope of this research, is that,
unlike the existing similar approaches, it provides the ability to predict the resulting impact
of each of the declared impact factors on the perception subjectivization of the researched
HCI object(s) by each individual subject of the interaction with this object. In turn, such an
advantage and feature of the developed method and the concept provides and opens up
an extremely wide range of opportunities for studying the derivative relevant processes,
where the factor(s) of perception subjectivization (of the researched objects) plays a key role.
First, the focus is on ensuring the possibility of improving the interaction between the HCI
subjects and the HCI object(s) by taking into account the subjective vision and perception
(by these subjects) of the common object of their joint interaction. In addition, the proposed
approach does not require its encapsulation at the very initial pre-training stage(s) of ANN
design, which allows its use in already existing fully designed ANNs without the need
for their complete re-evaluation and/or re-design. Additionally, it ensures a significant
reduction in the total resources needed for its software (e.g., programming) implementation
due to its simplicity, being mainly based on string operations without highly complicated
high-math instruments.

An additional feature of the developed information-cognitive concept of a predict-
ing method for HCI objects’ perception subjectivization results, as well as the relevant
developed algorithm, consists of its ability to predict MP’s operating results not by using
arithmetic calculations (which are performed by MP itself in order to obtain these actual
operating results at its output layer of neurons) but instead by using string operations, each
time comparing the constructed current chain (i.e., “currChain”) with all the previously
identified UDCs, trying to find full or partial entry of the former into the latter. So, within
the framework of the standard architecture of the most existing processors, such string
operations (used for MP’s operating result prediction) require significantly more time
and resources in comparison with the arithmetic calculations (used by MP’s direct result
calculation). In turn, this leads to the algorithm’s time and space complexity increasing,
and the larger the designed and investigated models are, the more complex the string
operations, and the greater the time required and resource costs for their processing in
comparison to the arithmetic approach. Therefore, this actually represents another direction
in the prospect of further studies and investigations that could be performed as a potential
improvement(s) of the proposed approach developed and presented in the scope of the
current research.

In summary, the proposed information-cognitive concept of the relevant developed
predicting method ensures the possibility of resolving a complex problem of the prediction
of HCI objects’ perception subjectivization results, which consists of two main parts: the
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problem of evaluation of the HCI objects” perception subjectivization as an irrational
component of the HCI; and the problem of results prediction of the HCI objects” perception
subjectivization (represented by the relevant pre-trained MP ANN, encapsulated into the
corresponding conceptual models of perception subjectivization of the researched HCI
objects). Resolving this complex problem, in turn, increases the level of automation and
intellectualization of relevant researched processes, as well as HCI in general. In comparison
with the outcomes of existing similar approaches, the proposed information-cognitive
concept fills their remaining gaps. As an example, in the scope of evaluating various HCI
factors, the existing approaches do not provide possibilities for predicting the level(s) of
impact of various factors (including precisely those causing the perception subjectivization
of HCI objects, which themselves are already extremely understudied, since the majority of
existing methods for studying the factors that influence HCI mainly investigate rational
factors of influence, while perception subjectivization is an irrational factor). On the other
hand, in line with the scope of the prediction of DNN results, the existing approaches
do not provide possibilities for evaluating or taking into consideration various relevant
impact factors, including those that cause HCI objects’ perception subjectivization. In
turn, the main practical significance of the proposed approach and obtained research
results is its role as a relevant instrument for predicting and assessing such an irrational
component of HCI as a perception subjectivization of the object(s) of this interaction, which
is extremely important in practice, especially in the context of comprehensive support of
software products, where the perception subjectivization of the supported software product
itself (or the processes of its comprehensive support) often acts as a kind of “stumbling
block” precisely because of the differences in the vision and/or the perception of a single
common object of interaction by different subjects (representatives of customer support
teams, business analysts, developers, clients and customers, ordinary end users, etc.) of this
same interaction. Generally speaking, the problem of differences and/or incompatibilities
in the perception subjectivization of a common object of interaction between different
subjects of this same interaction is extremely important and relevant, especially in the
context of an understudied irrational component such as HCI and/or any other type(s) or
manifestation(s) of an intersubjective interaction(s) in general.

7. Conclusions

An information-cognitive concept of a predicting method for HCI objects’ perception
subjectivization results based on impact factor analysis with the use of MP ANNs has been
developed in the scope of this research. The developed method provides the possibility of
predicting the results of functioning of a pre-trained MP ANN(s), encapsulated into the
corresponding conceptual models of perception subjectivization of the researched HCI
objects (including, in particular, the objects of comprehensive support of software products).
The process of predicting the results of functioning of the researched encapsulated (pre-
trained) MP ANN is carried out based on the analysis of the direct chain of neurons, which
is built/constructed from the MP’s neurons, activated layer-by-layer at each step of the
MP’s operation (functioning) based on the calculation of the current layer of the researched
MP: starting from the input layer of neurons, continuing with all the hidden layers (from
the first one to the last one), and ending with the output layer of neurons of the researched
MP ANN (which represents the researched perception subjectivization of the investigated
HCI object by the subjects of this same interaction).

The proposed method is based on the developed conceptual models of HCI objects
perception subjectivization and the developed mathematical model, as well as a specialized
developed algorithm, dedicated to the prediction of HCI objects’ perception subjectivization
results based on the impact factor analysis with the use of an MP ANN. In particular, the
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conceptual models of HCI objects’ perception subjectivization provide the possibility of rep-
resentation formalizing of these relevant researched processes (of HCI objects’ perception
subjectivization). At the same time, the developed mathematical model acts as a mathemati-
cal supply of the developed method, and provides the possibility of mathematical modeling
of the researched processes of HCI objects” perception subjectivization. In addition, the
developed specialized algorithm, which describes the main steps and procedures of the
researched processes of the prediction of HCI objects’ perception subjectivization results,
provides the possibility of further software (i.e., programming) implementation/supply of
the developed method, in order to ensure the possibility of further computer modeling and
investigation of the researched processes.

The modeling of the developed method, as well as its practical approbation, has been
conducted on numerous relevant experimental cases, one of which has been presented in
scope of this research, in maximum detail, as the most illustrative example. In order to
ensure the possibility of carrying out all the necessary modeling of the proposed method,
an appropriate specialized software has been developed by means of the Python 3.12
programming language and Thonny 4.1.4 IDE, which makes it possible to investigate the
processes of construction of the corresponding current direct chains of activated neurons
of the researched MP ANN (which, in turn, represents the perception subjectivization of
the researched HCI object based on previously declared impact factors) with simultaneous
prediction of the results of full operation of this same MP ANN. A detailed analysis of
the obtained modeling results has been carried out, as well as their further representation
and visualization in the most informative and understandable form. In addition, thanks to
the developed method, the concept of a multifactor portrait has been defined, which (as a
practical approbation of the developed method) allowed us to solve the given example of
the practically applied problem of identifying a member of the support team (of defined
software product) whose multifactor portrait is as close as possible to the corresponding
multifactor portrait of a given client’s user of the same supported software product.

In summary, we state the positive effect of the developed information-cognitive con-
cept of a predicting method for HCI objects” perception subjectivization results, which
is confirmed by the obtained indicators of the effectiveness of the results prediction of
the considered experimental research cases (on a basis of which the developed method
has been tested), in the context of the scientific and applied problem of increasing the
level of intellectualization and automation while studying the relevant processes of HCI
objects’ perception subjectivization (in particular, in the context of comprehensive support
of software products).

However, perhaps a more important feature is that the developed method actually
allows the prediction of the results of functioning of any MP ANN (by additionally in-
troducing the concept of impact factors), which opens up completely new prospects for
further research in this direction.

As a prospect for further research, authors see the potential of applying the developed
method (as well as its components) in the context of solving the scientific and applied prob-
lems of perception subjectivization of various objects, including not only those considered
in the scope of the software products’ comprehensive support, HCI and/or HMI, but also
objects of any other intersubjective interaction(s) in general, which significantly expands
the horizon of possibilities for further research.
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The following abbreviations are used in this manuscript:

AHP  Analytic hierarchy process

Al Artificial intelligence

ANN  Artificial neural networks

CBS Component-based software

DMN  Decision making and notation
DNN  Deep Neural Network

GPT Generative pre-training transformer
HCI Human-computer interaction

HF Hesitant fuzzy

HLN  Hidden layer neuron

HMI Human-machine interaction

IDE Integrated development environment
LLM  Large language model

ML Machine learning

MP Multilayer perceptron

SHFs  Social and human factors

UDC  Unique direct chain
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