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Abstract
Answer Set Programming (ASP) is a well-known declarative paradigmwithin the field of knowledge representation
and reasoning, extensively used in both academic and industrial settings. The success of ASP in critical decision-
making applications makes it crucial to explain its complex logic and reasoning processes to non-experts. Recently,
Large Language Models (LLMs), like ChatGPT, have demonstrated remarkable capabilities in explaining complex
code segments, particularly in widely-used imperative languages such as Python. Notably, these models are able
to interpret ASP rules as well. However, a significant challenge with LLMs is their tendency to “hallucinate”,
meaning they can generate misleading or incorrect outputs. This issue is particularly problematic in applications
where precision is critical. The paper introduces two novel tools, ASP2CNL and CNL2NL, which can be combined
together to translate ASP rules into natural language with the goal of mitigating the errors of LLMs when
explaining ASP rules. The effectiveness of these tools has been validated during a review phase involving three
external ASP experts, demonstrating a significant reduction in the occurrence of wrong outputs from LLM tools.
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1. Introduction

Answer Set Programming (ASP) [1, 2, 3] is a declarative programming paradigm within the field of
knowledge representation and reasoning, designed for solving complex combinatorial problems. The
main strengths of ASP range from its solid theoretical foundations to the existence of powerful solving
tools such as clingo [4] and wasp [5]. For these reasons, in the recent years, ASP has been used in a
wide range of both academic and industrial scenarios [6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16].

The development of novel and complex applications in various fields, including healthcare, necessi-
tates that systems are inherently explainable. In these contexts, the importance of explainability and
comprehensibility of Artificial Intelligence (AI) systems, including those based on logical frameworks
like ASP, cannot be underestimated. In an era where AI is increasingly integrated into critical decision-
making processes, ensuring that these systems are transparent and understandable to end-users is
crucial. For logical systems such as ASP, which are inherently complex, making the underlying logic
and reasoning processes accessible to non-experts can increase the trust in the technology, enhance
user confidence, and encourage broader adoption.

Large Language Models (LLMs) [17, 18], such as ChatGPT [19], offer a promising approach for
explaining ASP programs in amore accessible manner to users. By translating complex logical constructs
into natural language, they can significantly make ASP accessible also to non-experts. Moreover,
they have a wide range of potential applications. Indeed, they can be integrated into debugging and
explainability systems, and they can offer support to students new to ASP. Within software development,
they can enhance automated code review systems by providing natural language explanations of code
logic, thus helping code reviewers in understanding the intent of code more efficiently. Moreover,
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in industries with strict compliance and regulatory requirements, they can simplify the verification
process, ensuring that ASP-based systems conform to the necessary rules and guidelines by translating
their logic into a format that is easier to review.

However, a notable limitation of LLMs is their tendency to hallucinate, or generate information
that is inaccurate or not present in the input data. This characteristic poses a challenge for reliability,
especially in applications where precision and factual accuracy are crucial. Balancing the explanatory
power of LLMs with measures to mitigate their propensity for hallucination is therefore essential in
leveraging them for explaining ASP programs effectively.

In this paper, we provide a practical contribution in the aforementioned context. Specifically, we
present two novel and open-source tools, namely ASP2CNL and CNL2NL, which address this challenge
by facilitating a two-stage translation process aimed at making ASP rules accessible to a broader
audience. The idea is to first translate ASP rules into an intermediate and reliable textual form, and then
to use LLMs tools to improve the readability of the produced text. In more details, ASP2CNL serves as
the initial phase, where ASP rules are converted into Controlled Natural Language (CNL) sentences in
the format supported by the tool CNL2ASP [20]. This transformation applies a reliable and reproducible
translation of ASP rules in a more interpretable form. Subsequently, CNL2NL operates as the second
phase, translating the CNL sentences into natural language sentences using state-of-the-art LLM tools,
such as ChatGPT [21]. The two tools, ASP2CNL and CNL2NL, can be then combined together in a
pipeline, referred to as ASP2NL, that transforms a given ASP program into a set of sentences expressed
in a natural language.

ASP2NL was evaluated by three independent ASP experts on five different domains, ranging from
classical simple problems to complex scheduling problems in the context of healthcare, and compared
to an LLM baseline executed on the original ASP encoding. The results of this analysis demonstrate
that ASP2NL significantly reduces the number of hallucinations produced by the baseline, especially on
complex domains.

2. Preliminaries

In this section we describe the main concepts behind the tool CNL2ASP [20], which translates sentences
expressed in a controlled natural language (CNL) to ASP rules and is used as baseline for the ASP2CNL
tool described in this paper. In the following, we assume the reader to be familiar with syntax and
semantics of ASP [2] and with the ASP-Core 2 standard [22].

CNL2ASP is made of three components: the Parser, the Concepts Data Structures, and the ASP Rewriter.
The role of the Parser is to first process CNL sentences in the input file, then to create the Concepts
Data Structures, and finally to tokenize the CNL statements which are later on processed by the ASP
Rewriter. Specifically, the Parser is able to process three types of CNL propositions, which are referred
to as explicit definition propositions, implicit definition propositions, and (standard) CNL propositions.
The first two types of propositions are used to define the concepts, where a concept is a thing, a place, a
person or an object that is used to model entities of the application domain of the CNL. Standard CNL
propositions are sentences describing the rules of the application domain.

Example 1. Let the following be a set of CNL propositions in the context of the well-known graph coloring
problem:

1 A node is identified by an id.
2 A edge is identified by a firstnode, and by a secondnode.
3 A color is identified by an id.
4 An assignment is identified by a node, and by a color.
5 Whenever there is a node X then we can have an assignment to exactly 1 color.
6 It is prohibited that C1 is equal to C2 whenever there is an assignment with node X, and

with color C1, whenever there is an assignment with node Y, and with color C2,
whenever there is an edge with firstnode X, and with secondnode Y.



Figure 1: Architecture of the tool ASP2CNL.

Lines 1 to 4 contain explicit definitions for the concepts of node, edge, color, and assignment. Lines 5 and
6 contain (standard) CNL propositions, specifying that each node must be assigned to exactly one color
and that two connected nodes cannot have the same color, respectively. Additionally, if the explicit concept
definition in line 4 is absent, the proposition in line 5 could implicitly define the concept of assignment.
Then, such propositions are translated into the following ASP rules:

1 1 <= {assignment(X,CLR_D): color(CLR_D)} <= 1 :- node(X).
2 :- C1 = C2, assignment(X,C1), assignment(Y,C2), edge(X,Y).

It is important to emphasize that CNL2ASP defines concepts only by their names, ensuring each
concept (i.e., node, edge, color, and assignment in Example 1) is uniquely identified.

3. ASP2CNL and CNL2NL

In this section, we describe two tools, namely ASP2CNL and CNL2NL. Initially, ASP2CNL transforms
ASP rules into CNL sentences. This step is crucial for representing the syntax of ASP into a format that,
while structured, is closer to the language familiar to people that are not experts of logic programming
conventions. Following this, the CNL2NL tool takes the intermediate CNL output and performs a
further translation into natural language sentences, with the aim of reducing the gap between technical
ASP constructs and everyday understanding. It is important to emphasize here that these tools can be
used independently, or combined into a sequential pipeline for a full transformation of ASP rules into
natural language.

3.1. ASP2CNL

The architecture of ASP2CNL is shown in Figure 1. Specifically, it takes as input a set of explicit
definition propositions and an ASP encoding, and provides as output a set of CNL sentences associated
to the ASP encoding. Internally, explicit definition propositions are processed before the ASP encoding
and they are provided as input to the CNL2ASP module, which builds the Concepts Data Structures.
Intuitively, the Concepts Data Structures associate each of the concept defined by the explicit definition
propositions to a list of its attributes.

Example 2 (Continuing Example 1). After processing the sentences:



1 A node is identified by an id.
2 An edge is identified by a firstnode, and by a secondnode.
3 A color is identified by an id.
4 An assignment is identified by a node, and by a color.

the Concepts Data Structures are extended with a construct that maps each concept to the list of its attributes,
i.e., node is mapped to [id], edge is mapped to [firstnode, secondnode], color is mapped to [id], and
assignment is mapped to [node, color].

Then, the ASP Parser processes the rules in the ASP encoding and pass them to the CNL Rewriter that
uses the Concepts Data Structures to produce the corresponding CNL sentences. In the following, we
describe, for each supported ASP construct, how it is translated into a CNL sentence.

Atoms. When the CNL Rewriter processes an ASP rule and encounters an atom, it first looks up
the atom’s predicate in the Concepts Data Structures. Subsequently, for each term in the atom that is
not marked as hidden, the CNL Rewriter finds the associated attribute. Based on this information, it
constructs the following:

1 a/an *predicate* with *attribute 1* [equal to] *term 1*, and with *attribute 2* [equal
to] *term 2*, ..., and with *attribute n* [equal to] *term n*

where *predicate* is the atom’s predicate, *attribute i* is the i-th attribute associated to the atom’s
predicate in the Concepts Data Structures, *term i* is the i-th term occurring in the atom, and equal to

is used when the term is a constant, whereas they are omitted for variables.

Example 3. The atom assignment(X,C1) corresponds to the following:

1 an assignment with node X, and with color C1

whereas the atom assignment(_,blue) corresponds to the following:

1 an assignment with color equal to blue

since hidden terms are simply skipped.

Aggregates. Aggregates are converted into sentences according to the following template:

1 the number/the total of *attribute* [for each *attributes*] that have a *atoms* is *
comparison_operator* *comparison_operand*.

for #count and #sum aggregates, respectively, and

1 the lowest/highest *attribute* of *aggregate_operator* [for each *attributes*] that have a
*atoms* is *comparison_operator* *comparison_operand*.

for #min and #max aggregates, respectively. The element on which the aggregation is performed
is denoted by *attribute*. The terms in the aggregate are optionally specified using for each *

attributes*, while any other element in the aggregate set are denoted by *atoms*. The comparison
operator is expressed as is *comparison_operator*, which can be one of the following: is different

from, is equal to, is less/greater than, or is less/greater than or equal to, corresponding to
the operators supported by the ASP language. Finally, *comparison_operand* is the aggregate guard.

Example 4. The aggregate:
1 #count{C,X: assignment(X,C)} != 1.

is translated as follows:

1 the number of color id, for each node id, that have a assignment with node X, and with
color C is different from 1.



Constraints. ASP constraints are translated into sentences that begin with It is prohibited that

followed by there is [not] *atom*, where [not] *atom* is the first (negated) atom occurring in the
constraint. Subsequently, for each literal within the constraint, the phrase whenever there is is added
before the atom. For negated atoms, the translation uses whenever there is not instead. Each atom is
then translated as described before.

Example 5 (Continuing Example 1). The constraint:
1 :- C1 = C2, assignment(X,C1), assignment(Y,C2), edge(X,Y).

is translated as follows:

1 It is prohibited that there is a assignment with node id X, with color id C1 equal to C2,
whenever there is a assignment with node id Y, with color id C2, whenever there is a
edge with firstnode X, with secondnode Y.

Note that the constraint

1 :- assignment(X,C), assignment(Y,C), edge(X,Y).

would be translated as follows:

1 It is prohibited that there is an assignment with node X, and with color C, whenever there
is an assignment with node Y, and with color C, whenever there is an edge with

firstnode X, and with secondnode Y.

Facts. ASP facts are simply translated into sentences beginning with There is followed by the
translation of the atom. As example, the fact edge(1,2). corresponds to There is an edge with

firstnode equal to 1, and with secondnode equal to 2.

Normal and disjunctive rules. The structure of a normal rule’s body is similar to the one of the
constraints. For each atom in the body, the phrase whenever there is is used, and for each negated atom,
whenever there is not is applied. Upon completing the body, the phrase we must have is introduced,
followed by the atom that constitutes the rule’s head.

Example 6. The following normal rule:

1 node(X) :- edge(X,_).

is translated as

1 Whenever there is a edge with firstnode X then we must have a node with id X.

Disjunctive rules differ from normal rules only by the fact that atoms in the head are separated by
the word or, and the phrase we can have is used.

Example 7. The following disjunctive rule:
1 assignment(X,"blue") | assignment(X,"green") | assignment(X,"red") :- node(X).

is translated as

1 Whenever there is a node with id X then we can have a assignment with node id X, with
color id equal to blue or a assignment with node id X, with color id equal to green or
a assignment with node id X, with color id equal to red.

Choice rules. In the context of choice rules, the body is treated in the same manner as in normal and
disjunctive rules. The head uses the phrase we can have followed by the cardinality, the head atom,
and, if additional conditions are present, they are specified with such that. The cardinality for a choice
rule is defined using phrases like exactly X, at most X, at least X, or between X and Y, where X and
Y are either numbers or variables.



Example 8. The following choice rule:
1 1 <= {assignment(X,CLR_D): color(CLR_D)} <= 1 :- node(X).

is translated as

1 Whenever there is a node with id X then we can have exactly 1 assignment with node id X,
with color id CLR_D such that there is a color with id CLR_D.

Weak Constraints. The formulation of weak constraints follows a structure similar to the one of
normal constraints, with some distinctions. Specifically, sentences translating weak constraints are
structured as follows:

1 It is preferred [as little as possible] with priority *level*, that ... [*term X* is
minimized/maximized].

In this template, *level* is a placeholder that is replaced with the actual level of the weak constraint.
Both [as little as possible] and [*term X* is minimized/maximized] are mutually exclusive. In
particular, if the weight of the weak constraint is equal to 1, the phrase as little as possible is
introduced, otherwise, if the weight is a variable, then the phrase *term X* is minimized is introduced
where the placeholder *term X* is replaced with the corresponding variable. When *term X* is a
variable preceded by minus (-) the phrase becomes *term X* is maximized. The other part of the
sentence, i.e., the one following that ..., is similar to the one created for normal constraints.

Example 9. The following rule:
1 :∼ numMaxDay(N). [N@4]

is translated as

1 It is preferred, with priority 4, that whenever there is a numMaxDay with number N, N is
minimized.

Nevertheless, there are some exceptions in presence of aggregate atoms and arithmetic terms. In
particular, in case the weight is an arithmetic term (e.g., X-Y) then the placeholder [*term X* is

minimized] is moved before as follows:

1 It is preferred with priority *level*, that *arithmetic_opration* is minimized/maximized
... .

Example 10. The following rule:
1 :∼ numMax(DAY, MAX), numMin(DAY, MIN). [MAX-MIN@5,DAY]

is translated as

1 It is preferred, with priority 5, that the difference between MAX, and MIN is minimized,
whenever there is a numMax with day DAY, with timeslot MAX, whenever there is a numMin
with day DAY, with timeslot MIN.

On the other hand, if an aggregate result has to be minimized/maximized, we use a construct
of the form: It is preferred, with priority *n*, that *aggregate* ... is minimized., where
aggregate follows the rules described for aggregates, as shown in the following example.

Example 11. The following rule:
1 :∼ #count{C: choice(C)} = X . [-X@3]

is translated as

1 It is preferred, with priority 3, that the number of id that have a choice is maximized.



Terms comparison. When the CNL Rewriter has to process an ASP rule and comes across a com-
parison between two terms, it translates the comparison operator into natural language in accordance
with the following cases:

1. One term of the comparison refers to a specific attribute of an already used concept. In this case,
the comparison is specified directly in the with condition of the concept itself.

Example 12. The following rule:
1 :- nurse(N), N < 3.

is translated as

1 It is prohibited that there is a nurse with id N less than 3.

2. The left-hand side of a comparison contained in a constraint is an arithmetic operation. In this
case, if there is a sum, the phrase the sum between is introduced at the beginning of the constraint
after It is prohibited, or, if it is a subtraction, the phrase the difference between is instead
introduced.

Example 13. The following rule, which contains an arithmetic operation:

1 :- nurse(N), N-2 > 0.

is translated as

1 It is prohibited that the difference between N, and 2 is greater than 0 whenever
there is a nurse with id N.

3. In all other cases, the comparison is translated using the where keyword followed by the compari-
son operator.

Example 14. The following rules:
1 :- nurse(N), N < 3, N > 1.
2 next(X) :- nurse(N), X=N+1, X < 10.

are translated as

1 It is prohibited that there is a nurse with id N less than 3, where N is greater than
1.

2 Whenever there is a nurse with id N then we must have a next with id X, where X is
equal to N+1, where X is less than 10.

3.2. CNL2NL

In recent years, Natural Language Processing (NLP) has experienced a huge transformation, which was
mainly driven by techniques for training and refining large statistical autoregressive models [23, 24].
These models are usually referred to as large language models (LLMs) [25] and have attracted consistent
interest from both the academic and the industrial sector.

In our implementation, we used LLMs to interpret the CNL sentences produced by ASP2CNL. It is
important to observe that the development of effective prompts for LLMs (this process is often referred
to as prompt engineering), i.e., the ones that produce the most accurate and relevant outputs, is still
an interesting and challenging topic of discussion. Generally, there are some rules of thumb that can
be applied, such as being specific, using clear and concise language, and providing context whenever
possible.

In our case, we created the following prompt template which is later on provided as input to our
LLM:

1 Explain in everyday language what the following sentence says, improving the writing style:

2 *CNL Sentence*
3 Limit response to 500 characters.



where *CNL Sentence* is substituted with the sentence that needs to be translated.

Example 15 (Continuing Example 1). Consider the sentence at line 5, then the following prompt is
created to obtain the natural language version of the CNL sentence:

1 Explain in everyday language what the following sentence says, improving the writing style:

2 Whenever there is a node X then we can have an assignment to exactly 1 color.

3 Limit your answer to 500 characters.

Then, the output of an LLM can be of the form:

1 Each node X can be assigned only one color.

Finally, CNL2NL is not dependent on a specific LLM, since all of them are able to parse plain English
text; we can, thus, easily switch from one tool to another one by modifying a few lines of code. Indeed,
the typical strategy to interact with LLMs is through their APIs. Consequently, CNL2NL generates an
individual request towards the LLM service for each CNL sentence received as input. All the retrieved
natural language conversions, produced by the LLM service, are finally gathered and returned to the
user. In its current implementation, CNL2NL supports ChatGPT [19] and all the LLMs available through
the open-source project ollama (https://github.com/ollama/ollama).

4. Empirical Evaluation

The assessment of the performance of ASP2NL consisted in evaluating the correctness of the sentences
produced by ASP2NL executed with the API of ChatGPT version 3.5 as LLM, and its comparison with
the baseline approach (referred to as Base), i.e., the same version of ChatGPT executed on the plain
ASP encoding. Concerning the baseline approach, we used the prompt:

1 Explain in everyday language what the following rule of an Answer Set Program states,
improving the writing style:

2 *RULE*
3 Limit response to 500 characters.

The following example should clarify the prompt used for the baseline approach.

Example 16 (Continuing Example 1). Consider the sentence at line 5, then the following prompt is
created to obtain the natural language version of the CNL sentence:

1 Explain in everyday language what the following rule of an Answer Set Program states,
improving the writing style:

2 1 <= {assignment_to(X,CLR_D): color(CLR_D)} <= 1 :- node(X).

3 Limit response to 500 characters.

Then, the output can be of the form:

1 Each node must be assigned exactly one color from a set of available colors.

To evaluate the correctness, we selected five benchmark tests: Graph Colouring, Hamiltonian Path,
Hanoi Tower, Chemotherapy Treatment Scheduling [26], and Nurse Scheduling [27]. The first three
benchmarks are traditional problems frequently encountered in ASP. The latest two benchmarks are
complex scheduling problems proposed in the literature. It is important to observe that these last two
benchmarks are less likely to have been part of ChatGPT’s training data, whereas Graph Colouring,
Hamiltonian Path, and Hanoi Tower are classical benchmarks, commonly used in educational settings

https://github.com/ollama/ollama


Table 1
Correctness test: percentage of wrong rules as provided by the three ASP experts. Best results highlighted in
bold.

Rev. 1 Rev. 2 Rev. 3

Benchmark #Rules Base ASP2NL Base ASP2NL Base ASP2NL

Graph Colouring 2 0% 0% 0% 0% 0% 0%
Hamiltonian Path 5 40% 40% 40% 20% 40% 20%
Hanoi Tower 17 29% 41% 53% 24% 12% 35%
CTS 11 45% 18% 73% 27% 64% 45%
Nurse Scheduling 19 37% 21% 26% 0% 63% 0%

and as illustrative examples, suggesting that ChatGPT may have been exposed to similar data during its
training.

Then, we designed a questionnaire and distributed it to three independent evaluators and ASP experts:
Giuseppe Galatà from SurgiQ s.r.l., Daniela Inclezan from Miami University, and Francesco Ricca from
the University of Calabria. They received both the original ASP rule and a detailed description of it, and
they evaluated the two translated natural language sentences, rating them as either Wrong, Acceptable,
or Correct. To ensure that the evaluations were conducted impartially, the reviewers were unaware of
whether a given sentence was generated by the Base ChatGPT or by our specialized ASP2NL tool. The
results of this evaluation are summarized in Table 1, which shows the percentage of sentences each
reviewer marked as Wrong for each benchmark.

First, note that it might be possible to have divergent opinions among the reviewers about the
correctness of the sentences since the distinction between what is considered correct or incorrect is
often subjective. Despite these differences, there is an agreement among the reviewers that the combined
approach of ASP2NL reduces the incidence of errors compared to using ChatGPT alone in three out of
five benchmarks, particularly in the complex scenarios of Chemotherapy Treatment Scheduling and
Nurse Scheduling. The two approaches are basically on par on Graph Colouring where they do not
report any wrong answers. A special mention is reserved to the case of the Hanoi Tower benchmark,
where opinions between reviewers vary. Indeed, two reviewers found that ChatGPT performed better,
while one reviewer observed superior performance from ASP2NL.

5. Discussion and Conclusions

The tool ASP2CNL presented in this paper uses the Concept Data Structures, and the controlled natural
language proposed by [20], implemented by the open-source tool CNL2ASP. Therefore, improvements
in the language supported by CNL2ASP might lead to direct improvements in our ASP2CNL tool. As far
as we know, ASP2CNL is the first tool that is able to take as input an arbitrary ASP program producing
sentences expressed in a CNL form. A similar attempt was proposed by [28], who defined the language
PENGASP, a CNL that is automatically converted into ASP. The grammar of PENGASP is designed for
allowing a conversion from the CNL to ASP and then back in the other direction. However, as far as
we know, this possibility was only possible for ASP rules produced by PENGASP, therefore it was not
possible to process an arbitrary ASP program. PENGASP should be already compatible as is with the tool
CNL2NL, since our tool does not make any assumption on the input text, however its implementation,
as well as a binary executable, is not yet public, which makes it impossible to perform some practical
tests. It is worth to observe that CNL2ASP was also used by [29] for creating ASP programs from
English sentences using neural networks. ASP2CNL can be used in this context to automatically create
the sentences used during the training phase of the neural network.

LLMs represent a specific category of models mainly adopted to solve natural language related
tasks. Following the introduction of word2vec [30], a pioneering method for learning distributed
word representations using shallow neural networks, the field of NLP was profoundly transformed



by the emergence of a highly scalable architecture known as Transformer [31]. Subsequent to this,
Pre-trained Language Models (PLM), such as BERT [32], introduced an effective paradigm that involves
the pre-training of language models on extensive unlabeled corpora and eventually fine-tuning on some
downstream task in order to have versatile semantic features expressed by word representations [33, 34].
Since then, the prevalent approach has been to increase the dimensions of the model [17]. At present,
the term large in LLM is indicative of the count of the weights and bias parameters within the network,
which can reach approximately one trillion. With the growth of language models, the requirement
for fine-tuning has lessened, and generative language models are now capable of addressing a wide
variety of tasks merely through interaction based on text which is termed as prompt engineering.
Present state-of-the-art models, including GPT, have shown extraordinary characteristics across a
multitude of tasks [35]. CNL2NL benefits from advancements in LLMs and is not restricted to any
specific one. Consequently, any progress in the LLM field can be easily integrated into our tool.
Additionally, it is worth noting that CNL2ASP operates using sentences in a controlled natural language,
making it compatible with any LLM trained on English sentences. This compatibility means there is no
requirement for the LLMs to directly process ASP rules in their training data.

In the context of automated code review tasks, a recent study by [36] presents an investigation to
explore the feasibility of using ChatGPT for this purpose. Although their results indicate the promise
of ChatGPT in improving code quality, they also reveal certain challenges in comprehending the code.
Despite this, ChatGPT has shown good performance in explaining programs written in imperative
programming languages [37, 38, 39], indicating some potential ability to also convert raw ASP code
into human-readable language. However, in its current state, ChatGPT does not appear to fully capture
the semantics of ASP, generating inaccurate translations, as shown in Table 1. This is likely due to
the relatively small number of ASP programs in ChatGPT’s training data compared to the amount of
documented code written in imperative programming languages.

As future work, we plan to analyze further strategies and open source LLMs, and to extend the
evaluation of the tools.

Declaration on Generative AI

During the preparation of this work, the authors used ChatGPT in order to: Grammar and spelling check.
After using this tool, the authors reviewed and edited the content as needed and take full responsibility
for the publication’s content.
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