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Abstract

The current problem of developing new kinds of decision support systems for different categories
of management personnel is addressed in this study. A critical feature of such systems is their
distributed and decentralized nature, which enables the construction of next-generation information
systems in the form of Multi-Agent Systems, Internet of Things, or Fog Computing Architectures.
Parallel models of the dynamics of artificial neural networks are produced under such realistic
circumstances, demonstrating their potential for addressing a variety of issues. The purpose of this
study is to conduct a critical analysis of the problem of integrating Artificial Neural Networks with
decision support systems using a corpus of relevant scholarly literature. To tackle this question, the
Design Science Research methodology was considered. According to this methodology, a literary
search strategy was established, scientific literature was collected and analyzed, and key comparisons
between different solutions were emphasized. The study resulted in the presentation of the most
important findings, outstanding issues, and potential areas of fundamental and applied solutions.
A consistent trend toward the development of decision support systems based on integrated neural-
network methods has been observed, which is efficient and cost-effective since it enables the creation
of distributed and trainable decision support systems.
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Introduction

undamentally new conditions of
Finformation processing, planning
and strategic management in digi-
tal enterprises based on the self-organization
principles necessitate the implementation of
such flexible organizational forms as virtual
[1], agile [2] and distributed [3] enterprises.
The pace of production processes and the
frequency of process modifications are sub-
stantially increased in such companies. As a
result, at the current stage of widespread digi-
talization, the need for developing new kinds
of decision support systems (DSS) for differ-
ent categories of management personnel is
increasing. At the same time, the distributed
structure of such systems becomes an essential
characteristic of new types of DSS. This can
be attributed to several factors.

One of these critical factors is the ongoing
development of a variety of massively parallel
and distributed computing technologies and
communication solutions within the context
of the business information technology envi-
ronment. This enables the practical viability
and economic feasibility of developing new
generations of information systems on the
basis of multi-agent systems (MAS), Inter-
net of Things networks, and so-called Fog
computing architectures [4]. The aforemen-
tioned distributed computing infrastructures
can include millions of autonomous compo-
nents interacting in a decentralized manner
under dynamic and software-defined net-
working.

Under these circumstances, certain compo-
nents of computing infrastructures (for exam-
ple, neurons as agents) may be directly linked
with the structural elements and communica-
tion algorithms employed in parallel models
of the dynamics of artificial neural networks
(ANN) [5—12]. Indeed, various researchers
[13—16] agree that a single device (in Internet
of Things networks, in Fog computing infra-
structure) or a distinct intelligent agent (in
the MAS) performs the function of a separate
neuron or implements a particular fragment
of a global multi-level neural network. In this
case, the ANNS’ dynamics can be effectively
implemented utilizing shared memory or
message transmission methods.

Consequently, it is logical to assume that
the neural network method is the primary
path for distributed DSS development and
implementation. The integration of the arti-
ficial neural networks into the DSS is critical
and promising since it facilitates the practi-
cal use of symbolic and sub-symbolic com-
putations simultaneously. The integration of
the ANNs with various systems has existed
over a long period of time and is referred to
as neurosymbolism [17].

The purpose of this study is to conduct a
critical analysis of the issue of artificial neu-
ral networks and decision support system
integration based on current scholarly litera-
ture. Design Science Research Methodology
(DSRM) was selected to resolve this prob-
lem, as it establishes the fundamental crite-
ria for the strategy of systematic collecting
and analysis of relevant scholarly literature, as
well as the format of the results obtained [18].



In accordance with this methodology, the
approach for conducting the literary search
was established, the scholarly literature was
collected and analyzed, and the primary cri-
teria for comparing alternative solutions were
defined. The analytical results made it possi-
ble to identify the most important findings,
open issues, and prospective areas of funda-
mental and applied research.

This article consists of four sections. The
first section (Foundations) examines the dis-
tinctions between symbolic and connection-
ist approaches to information processing, as
well as the DSS and neural networks features.
The second section (Methodology) covers
the fundamental principles of conducting
research using the DSRM methodology and
briefly describes the process and outcomes of
systematic literature collection and analysis.
The third section (Analysis results) contains
conclusions on the role and the use of neu-
ral-network DSS in decision-making support
processes and identifies the most promising
topics for further research. The final section
outlines the study findings.

1. Foundations

1.1. Decision support systems

The necessity of developing decision sup-
port systems (DSS) is determined by the
increasing complexity of decision-making in
a rapidly changing environment, the expand-
ing amount of data, and the growing number
of interconnected factors affecting the deci-
sion-maker’s actions. The DSS is an interac-
tive information system that utilizes the data
and decision-making models to provide users
with convenient and efficient access to infor-
mation resources and a range of information
processing and decision-making opportuni-
ties [19—20].

There are many different classifications of
DSS. The most suitable categorization crite-
ria within the framework of this study is the

type of the dominant technology component
or driver of the decision support system [21].
The following types of DSS are distinguished
according to this classification:

1. Data-driven DSS. The key element of
such DSS is the analysis of large volumes
of structured data. An example of such sys-
tems is a variety of data warehouses. Fre-
quently, such DSS are used in combination
with Online Analytical Processing (OLAP)
systems [19, 22].

2. Model-driven DSS. Computational
models, the parameters of which are deter-
mined by the DSS, constitute an essential
part of such DSS. An example of such sys-
tems is the DSS that predicts the demand
and pricing for goods.

3. Knowledge-driven DSS. These DSS
assist the decision-maker by utilizing busi-
ness rules and knowledge bases. An example
of such systems is the expert systems.

4. Document-driven DSS. The main com-
ponent of such systems is unstructured data,
and their primary function is to assist the
decision-maker in finding the required mate-
rials. An example of such systems is search
engines.

5. Communications-driven and Group
DSS. These DSS are designed to assist a
group of decision-makers in the problem
solving process. Such systems include inte-
grated collaboration solutions: document
sharing and editing systems, video-confer-
ences, chats, etc.

It is important to note that a significant
part of contemporary DSS is hybrid. Mod-
ern DSS include several key technical com-
ponents simultaneously, such as data, models
and knowledge. In this case, the lack of data
during the DSS development stage may be
compensated by business rules and predefined
scenarios. Moreover, the steady accumulation
of data will enable the use of OLAP technol-



ogy for data analysis and the creation of new
mathematical models to provide more effec-
tive suggestions for decision-makers.

As will be described further, there is a
trend towards incorporating artificial intelli-
gence (Al) techniques, such as artificial neu-
ral networks (ANN) and case-based reason-
ing (CBR) into DSS, since these techniques
make it possible to enhance the predictive
capability of the DSS and discover hidden
patterns within the given data [23]. Recently,
DSS incorporating AI components have been
called intelligent DSS (IDSS). Analysis of
the scholarly literature reveals that a substan-
tial amount of research in the field of decision
support systems is dedicated to the problem
of multi-criteria decision-making (MCDM).
For instance, at the beginning of this research
(January 2021), the Scopus scientific citation
database included 3,516 papers with the key-
words “multi-criteria AND decision AND
decision support systems.” When develop-
ing an IDSS for MCDM, it is important to
take into account the uncertainty in informa-
tion and knowledge about the issue, as well as
to use different techniques to reduce uncer-
tainty, for example, by introducing convo-
Iution or ranking contradicting criteria and
expert assessments [24]. Furthermore, the
decision-making process can be iterative.

Thus, in addition to the traditional require-
ments for the DSS, such as rapid development
using standard software building blocks, fast
deployment of the DSS and the reliability and
accuracy of its recommendations, a number of
additional criteria must be formulated. Firstly,
it is necessary to ensure high performance of
the DSS to provide the decision-maker with
the necessary real-time assistance. Secondly,
the DSS must be capable of learning. In an
ideal scenario, the DSS should also be capable
of real-time training on data appearing in the
system. Thirdly, the DSS should be capable
of operating with a priori ambiguity of con-
text, knowledge and logic. This is especially

important for ill-structured problem solving
and incorporating intelligent computer-aided
design systems [25]. Finally, any DSS should
be interpreted and comprehended by both the
decision-maker and other stakeholders. This
problem is particularly acute for DSS systems
that use artificial neural networks, the work
and decisions of which are usually difficult to
interpret.

Taking into consideration the aforemen-
tioned criteria, the development of the DSS
should be carried out according to the hierar-
chical approach [25], when each level has its
own models and the decision-making model
is made up of cyclically repeated stages:

¢ collecting all types of information (clear and
fuzzy);

+ data analysis;
¢ data conversion;

¢ development of criteria for evaluating deci-
sions;
+ producing decisions (alternatives);

¢ analysis of alternatives and selection of a
subset of options (or one of them) based on
the specified criteria.

Separately, we should highlight the require-
ment for the interpretability of findings gen-
erated by contemporary systems with Al ele-
ments. This requirement is formed at the
state and international organization levels.
For instance, Canada’s Directive on Auto-
mated Decision Making aims to “ensure that
automated decision systems are deployed in
a possibly risk-free manner and lead to <...>
interpretable decisions <...> providing the
explanation of the system’s decisions” [26].
According to the principles of the Organiza-
tion for Economic Co-operation and Devel-
opment, which includes 38 countries, “There
should be transparency and responsible dis-
closure around Al systems to ensure that peo-
ple understand Al-based outcomes and can



challenge them” [27]. Thus, modern DSS,
which are heavily reliant on Al components
during the development stage, fall under the
regulation of these and many other legislative
documents. This, in turn, highlights the issue
of development approaches for the IDSS, the
search for a balance between the use of Al ele-
ments to enhance the stability and predictive
abilities of the DSS, and the maintenance of
a high-level interpretability of the produced
results.

1.2. Symbolic and connectionist
approaches

One of the primary constituents of DSS
development is knowledge representation
and modeling, as well as the ability to ana-
lyze information and draw conclusions based
on existing knowledge. The way knowledge is
represented and modeled by the human brain
currently determines two different currents of
scientific thought.

The symbolic school of thought holds that
the human cognitive function is founded on
the representation of information through
symbols, which are subsequently analyzed
and, if necessary, split into smaller compo-
nents [28]. Symbols can be split or combined
into other symbols. From the perspective of
symbolic computations, human cognition is
a case of symbol manipulation. Simultane-
ously, formalizing and implementing comput-
ing operations on symbolic relations appears
to be quite challenging.

On the other hand, sub-symbolic systems
rely on an abstraction such as a neuron [18].
This approach is based on the notion that
the human brain is a massive natural neural
network that operates on a distributed rep-
resentation of information and is capable of
performing meaningful operations on it. Sub-
symbolic systems are constructed from funda-
mental building blocks — neurons that operate
in parallel and store only a partial representa-

tion of the input signal in their state at each
moment of time. Then the general represen-
tation of the input impulse, stored and modi-
fied by ANN, is distributed. This approach to
knowledge representation and operations is
referred to as sub-symbolic, or connectionist.

It should be emphasized that these two par-
adigms coexist due to a set of reciprocal ben-
efits and drawbacks. For example, sub-sym-
bolic systems have the ability to learn and
adapt to changing data. Symbolic systems lack
such autonomy and therefore require manual
coding of internal rules. The latter may result
in the symbol grounding problem, when the
system programmer’s viewpoint is reflected
in the rules that the system employs. Sub-
symbolic approaches are distributed by their
nature and have high efficiency and reliabil-
ity. In addition, they contain a crucial learn-
ing component, allowing us to train sub-sym-
bolic methods for solving a specific task and
constantly modify them as new information
appears. At the same time, this approach is
difficult to interpret. For this purpose, a sepa-
rate field of knowledge called explainable Al
(xAl) is being developed. This field is devoted
to the creation of techniques for extracting
meaning from complicated computational
models.

Another disadvantage of sub-symbolic meth-
ods is their inability to formulate complex
relationships due to the limitations of mod-
ern methods of distributed knowledge repre-
sentation [28—29]. Certain advancements in
this area have enabled the solution of a vari-
ety of distributed representation issues associ-
ated with sub-symbolic systems. These include
Tensor Representations [30] capable of repre-
senting recursion in symbolic structures, fur-
ther development of ideas concerning more
compact distributed representations via holo-
graphic reduced representations (HRR) [31],
and other methods of symbolic calculations.
As a rule, this class of methods is called vector
symbolic architectures (VSA) [32—33].



Contemporary scholarly literature ded-
icated to the research and development
of concepts for creating a strong or gen-
eral artificial intelligence emphasizes the
need to develop integrated solutions that
would be based on both deep learning and
symbolic reasoning [18]. This is due to the
fact that a system including the elements
of a general Al must be semantically jus-
tified, interpretable, and reliable, and its
solutions must be completely trusted by all
concerned parties. The above-mentioned
characteristics of symbolic and connection-
ist approaches, as well as the concept of a
general Al, demonstrate that the creation
of a general Al is unachievable without the
mutual integration of these approaches and
the development of neurosymbolic tech-
niques. As previously stated, a legal frame-
work is being established, where it is clearly
indicated that the results must be fully
interpretable, which becomes a prerequi-
site for the system’s deployment. These
actions complicate the implementation of
solely connectionist approaches, since it is
often impossible to explain how the neu-
ral network produced the suggested deci-
sion. Thus, even the implementation of sys-
tems with narrow Al components requires
the use of symbolic methods in addition to
neural network methods, making the task of
designing and implementing neurosymbolic
methods even more critical.

The degree to which the two paradigms are
integrated varies significantly in the process of
developing neurosymbolic systems. According
to the Kautz taxonomy, such systems are classi-
fied into six categories [34] (the author’s names
of system types are retained):

Type 1: Traditional Deep Learning based
systems that take symbols as input (for exam-
ple, a text with a question) and output symbols
as a result (a text with an answer to the ques-
tion).

Type 2: Symbolic[Neuro]. These systems
combine symbolic reasoning (for instance,
selecting an action while driving an autono-
mous vehicle) with ANN to solve a specific
task (for example, detecting objects on the
road).

Type 3: Neuro-Union-compile[ Symbolic].
These neural network systems utilize symbolic
rules as the input (for example, the integral
mathematical expression), and generate sym-
bolic rules as the output (for example, the solu-
tion of the mathematical problem of calculat-
ing the integral).

Type 4: Neuro-Symbolic. This type repre-
sents a cascade of sub-symbolic and symbolic
systems, where the symbolic system is also
capable of learning (for example, Neuro-Sym-
bolic Concept Learner [35]).

Type 5: Neuro[Symbolic]. Symbolic rea-
soning is performed at the sub-symbolic level
(there are no examples of such systems yet).

Thus, while developing a DSS with Al com-
ponents, the use of both symbolic and sub-
symbolic approaches is inevitable. Depend-
ing on the tasks and requirements for the
final DSS, different degrees of integration
of sub-symbolic approaches may be neces-
sary. Simultaneously, the DSS cannot become
entirely symbolic due to the requirements for
interpretability of the system’s results and the
necessity of establishing a priori decision-
making rules.

We will further examine existing DSS and
conduct an analysis of the subject area’s devel-
opment trends. Then, we will formulate sug-
gestions for creation of neurosymbolic DSS
based on the neurosymbolic paradigm’s key
components. In particular, we will examine
how to simultaneously represent knowledge
in distributed and symbolic forms, as well as
how to convey symbolic reasoning at the sub-
symbolic level.



2. Principles
of research according
to the DSRM methodology

The subject of this research is the develop-
ment of new models and algorithms for dis-
tributed neural-network DSS. Such studies
belong to the field of engineering-oriented
sciences about artificial intelligence. In this
subject area, it is common to use the Design
Science Research Methodology (DSRM)
[19, 36—40].

For conducting scientific research in the
area of business informatics using the DSDM
methodology, it is essential to develop a strat-
egy for the systematic collection and analysis
of relevant scholarly literature describing dif-
ferent IT solutions to the examined problem
[36—40]. The purpose of systematic collec-
tion and analysis of relevant scholarly litera-
ture is to determine as accurately as possible
the research problem and stimulating factors
(relevance, unresolved issues, the emergence
of new technologies).

The international scientific community has
developed a set of guidelines and a pattern
for defining the strategy of literature analysis.
This study utilizes the most exhaustive and
detailed methodology proposed in [40]. This
methodology allows us to fully justify the
criteria for selecting literature for analysis,
objectively present the results of the analy-
sis and highlight the key reasons for the need
to conduct one’s own research and propose
new developments (in our case, to justify the
need for fundamental and applied research
in the field of distributed DSS based on the
neuro-paradigm).

The strategy of systematic search and anal-
ysis of literature [36, 40] is based on the
division of all scholarly articles into two
categories: configurative and aggregate pub-
lications. Configurative articles assist in
determining the circumstances in which a
particular artifact displays its useful quality.

Aggregate articles help in determining which
artifacts were most often utilized to solve the
problem. The requirement for the creation
of a corpus of articles, which should include
both configurative and aggregate articles,
establishes the necessary terms for validating
the hypotheses regarding the applicability of
newly developed artifacts in the conditions
of the studied problem situation, and also
provides arguments in favor of the function-
ality of the solution under development. The
division of scientific articles into two cate-
gories corresponds to the definition of two
types of new results that need to be identi-
fied and analyzed. These two types of find-
ings are referred to as construction heuristics
and expectation heuristics, respectively [8].
Construction heuristics are the requirements
for proper functioning of the internal envi-
ronment of an artifact in accordance with the
external environment. Internal mechanisms
and their structure are disclosed at this stage,
taking into consideration the intended effect
on the external environment. Addition-
ally, the heuristic includes specific knowl-
edge that may be used in the future to create
new artifacts. Expectation heuristics are the
definition of the limits of applicability of an
artifact, the conditions for its usage and the
cases in which it will be useful. The heuristic
defines the artifact’s external environment,
i.e. the context in which it may be used and
the limits of its performance. The knowledge
created at this stage can be applied to design
and develop new artifacts.

Researchers of the artificial intelligence
field suggest structuring the results of search
and analysis of literature in the form of two
analytical tables. In the first (intermediate)
analytical table the information is presented
in the context of each individually analyzed
work. For each work, the key issue, the arti-
cle’s category, the article’s most important
construction heuristics, the final outcome of
applying the suggested heuristics, and met-



rics for comparing the article’s findings to
one’s own solutions are specified.

The second (final) analytical table allows us
to create an aggregated representation of the
results from the literature analysis in relation
to the re-examined issues. This gives the pos-
sibility to justify the choice of problems and
the methods used in one’s own research.

Taking the aforementioned methodological
principles into consideration, the following
strategy for searching and evaluating litera-
ture on the subject of distributed neural-net-
work DSS was developed for this research:

¢ search period — 1991-2021 (the period
when the most significant fundamental
and applied works in the field appeared);

¢ sources of information — citation data-
bases Scopus and Web of Science (publi-
cations on the research topic are most fully
indexed in these citation databases in the
sections Computer Science, Decision Sci-
ences and Management Information Sys-
tems)

¢ search and works language — English

¢ search keywords — “decision support sys-
tems”, “intelligent decision support sys-
tems”. The first set of keywords is more
general in relation to the second; its usage is
justified by the limited number of publica-
tions that may be located in citation data-
bases using the second (more specialized)
set of keywords. In particular, the search
of the second (more specific) set without
applying exclusion criteria resulted in 300
works in the Web of Science database and
1269 works in the Scopus database. At the
same time, using the first (more general)
set returned 20,003 works in Web of Sci-
ence and 108,131 works in Scopus.

¢ criteria for excluding articles from the cor-
pus:
— low relevance, as assessed by the article’s
abstract review;

— the absence or difficulty of reproducing
the article’s results;

— the complexity of reusing software artifacts
presented in the article;

— the inability to analyze the article due to
the use of a language other than Russian
and English;

— the absence of the use of artificial intel-
ligence elements (such as fuzzy sets or
ANNSs) in the construction of the pro-
posed methods.

As a result of implementing the proposed
strategy, the following corpus of articles was
formed (7able I). The corpus was divided into
five years intervals, starting from 1991.

Table 1.
The structure of the corpus
of articles analyzed

Search Aggregate | Configurative

period publications | publications
1991-1995 6 7
1996-2000 6 8
2001-2005 7 7
2006-2010 8 28
2011-2015 7 20
20162021 19 34

The total number of articles selected for
analysis is 157. We took into account that the
initial number of works satisfying the selected
search query in the Web of Science citation
database was 303. However, by applying the
exclusion criteria to the works in both citation
databases (Scopus and Web of Science), the
number of works for analysis was reduced to



157. Since the study was conducted from Jan-
uary to May 2021, this indicator corresponds
to similar studies performed using the DSRM
methodology in the same time frame [41—43].
As presented in Table 1, since 2006 the num-
ber of configurative articles has considerably
exceeded the number of aggregate articles on
this subject.

The advanced growth of configurative arti-
cles can be explained by the expansion of the
range of tasks with DSS use. As previously
stated, configuration articles describe the cir-
cumstances and tasks necessary for the suc-
cessful deployment of a particular artifact. The
more use cases appear, the greater the number
of published articles. The study’s results were
obtained through a full-text analysis of articles
from the produced corpus. Selected articles
are presented in 7able 2. These articles were
selected from the general corpus based on such
criteria as the representativeness of the sample
for each of the time intervals to demonstrate
consistent interest in this subject and the use of
descriptions of real-world situations in the arti-
cles that could be re-analyzed by an independ-
ent researcher while achieving the same results.
In other words, works ensuring reproducibility
of the result were selected. Simultaneously, in
the Artifact column of 7able 2, the character-
istic Type I refers to general support for deci-
sion-making with an explicit indication of the
possibility of multi-criteria selection, whereas
Type 2 refers to general support for decision-
making without an explicit indication of the
possibility of multi-criteria selection.

As indicated by the tables presented, the
analysis of the corpus of articles confirms the
hypothesis about the importance and unre-
solved issues associated with developing dis-
tributed neural-network DSS in various subject
areas. The following sections of this article are
devoted to a detailed analysis of the identified
construction heuristics and the formulation of

key topics of our own research. According to
the DSRM methodology, the standard table
structure should include a column containing
comparison metrics with analogues proposed
by the authors of the works. However, this col-
umn is missing in Table 2, since none of the
examined articles present any clearly defined
criteria for comparing different approaches to
the development of distributed neural-network
DSS. This complicates the process of objec-
tively analyzing current solutions and select-
ing close analogues. Thus, the development
and validation of objective criteria for compar-
ing neural network DSS can be considered as a
promising research topic already at the stage of
preliminary literature analysis.

3. Analysis results

3.1. Application
of the neurosymbolic paradigm
to the development of modern DSS

As previously stated, two fundamental ques-
tions must be addressed while developing the
IDSS. The first question concerns the presen-
tation of information and knowledge in such a
manner that it is possible to use this knowledge
in both symbolic and sub-symbolic systems.
The second question is devoted to the expres-
sion of symbolic reasoning at the sub-sym-
bolic level. Without resolving these issues, it is
impossible to create neurosymbolic systems.

Given that every neurosymbolic system is
composed of symbolic and sub-symbolic mod-
ules, the issue of communication between
them plays a crucial part. In other words,
it requires the capacity to convert symbolic
knowledge to distributed knowledge and vice
versa. This two-way translation is justified by
the fact that ANNs cannot function at high lev-
els of abstraction: reasoning at these levels can
be only symbolic. Additionally, the question
about the location of this encoded knowledge
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Table 2.
The final analytical table.
Selected works dedicated to the creation of the IDSS
Problem Artifact Construction heuristics Expectation heuristics Source
Pregnancy diagnosis Fuzzy logic Presence of expert
assessment Type 1 2-tuple assessments [44]
g . . Presence of historical data
Supplier selection Type 1 Fuzzy logic e [45]
Scholarship winner Tvoe 1 Fuzzy logic. Presence of student [46]
selection yp Rule-based reasoning applications
. . Rule-based reasoning. Presence of expert assessments
Disease risk assessment | - Type 2 Genetic algorithms and historical data 1471
Recogra?grc]iétions Type 1 Fuzzy logic Presence of historical data [48]
Air cargo palletizing Rule-based reasoning. e
S Type 2 Genetic algorithms Presence of restrictions [49]
- Fuzzy logic 2-tuple.
SeI?rt;]tloOr}tgmhr?S?ost Tvoe 1 Technique for Order of Preference | Presence of expert assessments [50]
forpmiti ation yp by Similarity to Ideal Solution and alternatives
g (TOPSIS)
Estimf?(t)i\;)lnvglfotgﬁywater Type 2 ANN Presence of historical data [51]
. . , Presence of expert
Flood risk assessment Type 2 Hierarchy analysis method assessments [52]
. Fuzzy logic 2-tuple.
Selection of a model - Presence of expert
for transferring computing | Type 1 Teghns'ﬁ#ﬁ;ﬁ{ Otgdledrec;fl Eroelfl?trigrrllce assessments [53]
to cloud infrastructure y (TyOPSIS) and alternatives
Accident prevention Type 2 Fuzzy logic.ANN Presence of historical data [54]
- - Presence of expert assessments
Supplier search Type 1 Fuzzy logic 2-tuple Bt o [55]
. . Presence of expert assessments
Best ERP software search | Type 1 | ANN.Hierarchy analysis method and alternatives [56]
Best research project Fige Trust functions. Presence of expert assessments [57]
selection yp The Dempster-Shafer theory and alternatives
- - Rule-based reasoning. Presence of a database of rules
Analysis of claims Type 2 Example-based reasoning and a database of examples [58]
Analysisof the possibilities
of using renewable energy | Type 1 Rule-based reasoning Presence of digital cards [59]
sources

16



in sub-symbolic modules arises: the knowledge
may be stored in the ANN’s weights, in the
ANN’s loss function, or in a representation in
the form of factor models [60]. The selection of
a method for representing knowledge in a way
comprehensible for a neural network consti-
tutes a part of the current agenda for this area
of knowledge for the next decade [18]. Along
with the technical issues of developing distrib-
uted representations, there are other impor-
tant issues regarding the expression of con-
nections between components of the encoded
symbolic structure, as well as the encoding of
first-order logic expressions [61].

There are various approaches to developing
distributed representations of symbolic struc-
tures. One of these approaches is previously
mentioned Tensor Representations [30]. This
method makes it possible to create distributed
representations of rather complex and recur-
sive symbolic structures, for example, binary
trees. A distinguishing characteristic of this
approach in comparison to, for instance, the
VSA (Vector Symbolic Architectures) para-
digm, is the ability to decode a structure from
a distributed representation without losses.
The second critical feature is the ability to
express a number of symbolic operations in
the form of tensor manipulations.

This Tensor Representations to
become the basis for non-symbolic algorithms,
since a compiled ANN can serve as a univer-
sal performer of tensor operations. It is crit-
ical to note that developing neural networks
that do not require training yet can execute
complicated tasks is a challenging and prom-
ising issue [62, 63]. Thus, neurosymbolic sys-
tems based on Tensor Representations make
it possible to express a certain symbolic algo-
rithm in the form of compiled networks that
do not require training, and are categorized
as systems of the fifth type according to the
classification described above. However, the

allows

Tensor Representations are characterized by
explosive growth as the depth of the encoded
structure increases. Therefore, there are other
approaches for encoding symbolic structures
into a fixed-size vector. These approaches
are referred to as VSA/HD (Vector Symbolic
Architectures / High Dimensional Comput-
ing). The fixed length of the resulting vector
is another disadvantage of such approaches: it
is possible that the vector’s dimensionality is
insufficient to store the necessary information
to reconstruct the symbolic structure.

Tensor Representations may also be utilized
to address the second question that arises
while developing neurosymbolic systems: the
expression of symbolic reasoning at the sub-
symbolic level. It has been demonstrated that
simple algorithms (such as arithmetic opera-
tions) can be represented as a series of com-
piled neural networks [64, 65]. On the other
hand, there are other approaches that allow
us to express complex symbolic algorithms
in the form of neural network architectures.
Such architectures include, for example,
Neural Turing Machines (NTN). They were
first proposed in 2014 [66] and have since
become widely used in various tasks, ranging
from basic algorithmic tasks to reinforcement
learning [67], sequential recommendations
[68], natural language transduction [69], etc.

In neurosymbolic DSS, training plays a
critical role since these systems must provide
solutions, including those based on previous
historical data (for example, setting weights
for criteria or expert assessments based on
prior decision-making examples). Further-
more, the results of sub-symbolic reasoning
should be retrieved from the sub-symbolic
system (ANN). On the one hand, this makes
it possible to produce a completely trainable
system; on the other hand, it allows the inte-
gration of symbolic reasoning and progression
to a higher level of abstraction at any moment.



This once again raises the question of the
interpretability of the results obtained via the
use of neurosymbolic systems.

In neurosymbolic systems, it is necessary to
take into account various requirements, such
as modularity, the ability to work with a sym-
bolic language, the ability to express reason-
ing and fulfill constraints at both symbolic
and sub-symbolic levels. The problems of uni-
fied knowledge and reasoning expression stay
pertinent for the development of neurosym-
bolic DSS.

3.2. Possible
implementation process

In multi-criteria decision-making tasks, the
knowledge of the problem situation is hierar-
chical [26, 50, 53, 70] and may be represented
as a tree, with leaves indicating linguistic eval-
uations and nodes representing correspond-
ing elements such as criteria, sets of criteria,
experts, and alternatives. The selection of lin-
guistic evaluations is influenced by the need
to account for context ambiguity, the unstruc-
tured character of expert assessments, and
other factors. Thus, by encoding the knowl-
edge of the problem situation using a tree, it
is possible to express it in a distributed form
without losing information, provided that
Tensor Representations are utilized. Accord-
ing to the aforementioned properties of Ten-
sor Representations, it becomes possible to
extract required symbolic structures from a
distributed representation and express a par-
ticular symbolic algorithm at the sub-sym-
bolic level. The use of distributed representa-
tions and reasoning at the sub-symbolic level
allows us to represent certain components of
the DSS in the form of highly efficient distrib-
uted modules.

The encoding of the tree, as well as the
extraction of structural elements, can be

performed in the form of compiled ANN
constructed in accordance with the rules
of Tensor Representations. In terms of the
neurosymbolic paradigm, the step of aggre-
gation of assessments is an example of rea-
soning. The representation of reasoning at
the sub-symbolic level is indeed an urgent
task. We propose to perform the aggrega-
tion step, which is considered as reasoning
in neurosymbolic DSS, with the help of a
trainable distributed neural-network archi-
tecture, such as Neural Turing Machines.
As previously mentioned, while using
this architecture, it is feasible to describe
a mathematical algorithm for finding a
weighted sum and several others. As a result,
it becomes possible to develop a fully train-
able neural network-based aggregator of lin-
guistic evaluations that over time adapts to
incoming data and uses historical data. In
particular, such an algorithm could inde-
pendently assign weights of experts’ assess-
ments and criteria (as well as sets of crite-
ria) according to a multi-level methodology
of linguistic decision-making [70]. In this
case, the result of the network operation
becomes an instance of Tensor Representa-
tions, which turns into a linguistic assess-
ment after decoding. Thus, one of the most
critical requirements for the DSS, the inter-
pretability of the results, is met.

The development of neurosymbolic DSS
is a promising scientific and practical task.
The current set of technological solutions
makes it possible to develop both symbolic
and sub-symbolic modules for neurosym-
bolic DSS characterized by fault tolerance,
distribution, and high computational effi-
ciency, as well as a high level of interpreta-
bility, which is critical for a decision-maker
while making strategic decisions.



Conclusion

Within the framework of this research,
new directions for decision support system
development were identified and analyzed
using the DSRM methodology. The origi-
nal hypothesis about a significant increase
of the importance of distributed DSS in the
context of global digitalization and the cre-
ation of new organizational forms was vali-
dated by the collection and analysis of a large
number of relevant scholarly sources. A con-
sistent tendency towards developing such
systems utilizing integrated neural-network
approaches was discovered. The most signifi-
cant conclusions include the following state-
ments:

¢ currently, ANNs are most often used in the
DSS as a module for solving prediction and
classification problems;

¢ numerous applications use distributed rep-
resentations based on Tensor Representa-
tions due to the ability of expressing symbols

and symbolic operations at the tensor level
and extracting symbols from such represen-
tations without losing information.

Simultaneously, the analysis indicates that
the most promising areas of fundamental and
applied research are the following:

¢ implementation of explanatory abilities for
distributed DSS;

+ modifications to the basic models of Tensor
Representations for large-dimension cases;

¢ integration of prospective neural net-
work architectures, such as Neural Turing
Machines, into the DSS;

¢ development of the nomenclature of config-
urations and possible options for the imple-
mentation of neurosymbolic DSS on the basis
of the research presented in this article. m
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