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Abstract — Automated understanding of activities in enterprises
is challenging due to a lack of domain specifications and a lack of
domain ontologies. The goal of this research is to develop a method
to extract elements of domain-specific processes from textual
documents in unstructured English and form domain dataset
ontologies. In order to achieve the goal, the related work on
discourse analysis and business process modelling have been
considered. The prominent technologies for implementation of the
proposed method are machine learning, including classification
algorithms and natural language processing using a large language
model. The first experimental results are presented, and further
research is discussed. Potentially, the method proposed can be
implemented as a part of some assisting tool for system analysts
and can support an analysis of the domain-specific information by
providing contextual information from this and potentially related
domains.

Keywords — Business process modelling, domain analysis,
natural language processing, ontology.

[. INTRODUCTION

Business process modelling is one of the means that help in
analysing enterprises’ processes and reflecting activities of
enterprises. It helps in achieving the common understanding of
business processes by showing all the details of activities that
enterprises use [1]. Usually, this process is performed manually
due to the insufficient automated support of analytical tasks of
information system developers and business (or system)
analysts and leads to increased costs in the information system
development [2], ends in poor quality of results [3], [4], and
takes up to 60 % of overall time in the project workflow [5].

Natural languages are used to communicate information
orally and in documents. Therefore, a piece of information on
the enterprise business processes can be understood by
analysing its documents [6]. Text can be represented in any
form of written text, such as descriptions, emails, feedback,
posts, etc. Finding the knowledge becomes challenging due to
ambiguity of descriptions and different writing styles; however,
the use of machine learning and natural language processing
techniques to determine the domain and domain elements from
the text of different types is promising [7].

There are different modelling languages for specifying
business processes to show who is doing the actions, what
actions are to be taken [8], what current situation is and what
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will be the next action [9], which represent business processes
in various situations and make more similarity in illustrating
different situations in confronting the real world. However, not
any machine learning (ML) model can infer such elements, and
experts’ knowledge to derive these elements is needed. Experts
should analyse the text to overcome difficulties of automated
processing of elements such as complex relationships among
concepts, incomplete natural language rules for conceptual
model extraction, complex semantic relationships in natural
language text, different solutions to the same problem, and
natural language specification problems [3]. The goal of this
research is to develop a method to process elements of domain-
specific processes from textual documents in unstructured
English and create corresponding domain dataset ontologies.
This research integrates natural language processing techniques
to acquire the domain dataset ontology from unstructured
written text that can be used further to assist in developing
business process models.

The rest of this paper is organised as follows. Overview of
the related work is presented in Section 2. Section 3 introduces
the proposed method in detail. Section 4 presents the results of
experiments, and concluding remarks are presented in
Section 5.

II. RELATED WORK

Our work is mainly related to discourse analysis and business
process modelling.

A. Discourse Analysis

Discourse analysis is one of the most important tools in text
processing because it allows people to understand meaning
from the context and create proper communication. It helps
perceive the goal of speakers and create the beliefs and actions
of the listeners. Discourse analysis is needed to classify
different sentences according to the domain and expand a
domain-specific ontology with elements that come from the
sentence.

Discourse occurs in different domains, and it is possible to
analyse it from different perspectives [10] and different factors
like historical or situational context and vocabulary choice [11].
There are some subtasks performed during the process of text
classification. Various machine learning algorithms have been
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applied to text classification, but the process is often time-
consuming and complicated by challenges in understanding the
domain.

Finding the relationships in unstructured text requires using
different natural language processing techniques; however,
there are no high quality method, and all of the existing ones
are semi-supervised [12]-[15]. Role of discourse analysis is
important in management decision-making [16].

Different methods are used to classify the text and understand
its features [17]-[19]. In [20] and [21], the importance of textual
data in enterprises and companies is discussed to improve
project management and the quality of services, and the
authors’ mentioned standard text mining processes are
repeatable. The processes employ three parts, which are text
pre-processing, text processing, and text analysis.

In [22], the connection between text classification and
business intelligence is considered. To build a successful
business, it is important to perceive that the data in the business
are close to what is expected from them [23]. The authors
propose a solution to combine text classification and business
intelligence for labelling the text and helping with the
management tasks in the enterprise. In [24], text matching
according to similarity in two texts is considered, and the
authors consider that semantics can be involved in any part of
text processing and improve text classification effectiveness.
As a result, text can be perceived, hidden meaning can be
clarified, and, finally, it helps the process inside the business.

B. Business Process Models

A business process is a structured and repeatable set of
activities designed to achieve a specific business goal. It
involves the coordination of people, processes, information,
and technology to deliver value to customers, stakeholders, or
the organisation itself. According to definition in [25]:
“Business process modelling describes the manual task of
identification and specification of business processes”. To
ensure effective communication within the organisation,
stakeholders can use comprehensive business process models in
the enterprises. In [26], the authors propose a new method to
extract the business process model from the document. The
proposed method is based on syntactic analysis and extracts the
“subject-verb-object” construct (SVO). The proposed method
saves time and effort in analysing the document, and, because
of syntactic and semantic analysis, it can generate a more
accurate model. However, this method heavily depends on the
structure of documents, and an unclear and complex structure
may not work correctly. Secondly, it needs to be compared with
other methods to ensure its effectiveness. Thirdly, it needs a
higher level of expertise to interpret and analyse the document.
In [27], the authors use machine learning algorithms to predict
the path in the business process model. The prediction suggests
what will be the next event and what elements affect it. The
authors use deep learning to train the ML model from event
logs.

There are different business process modelling languages;
however, Business Process Model and Notation (BPMN) is
accepted as the standard to demonstrate the understanding of

companies that shows the activities and connections inside the
businesses. BPMN is understandable for stakeholders. It
improves the comprehensive process of business better than
other types of process modelling languages, such as Petri Net,
Unified Modelling Language (UML), and Event Process
Chains (EPC) [28]. As a result, in this research BPMN has been
chosen.

In [29], the authors added the simulation parameters to the
Business Process Modelling and Notation (BPMN) diagrams
because they believed the use of BPMN in theory was different
from its application in a real-world environment. According to
[30], using a business process model in business process
management is essential to lead the enterprise to success.
However, there are some differences in the business process
models used in the various enterprises according to the number
of physical processes, like transportation of some materials.
Some papers consider the use of business process management
in a real-word environment [31] and adaptability of it in a real-
word environment and show the importance of flexibility and
readability of business process modelling in the business
situation.

Considering all findings, providing a unique solution that can
handle changes in practical business situations will save time
and money and retain customers. Within the present research,
first, a discourse analysis is performed in order to find out how
people understand, embed, classify, and evaluate the text, which
leads to an understanding of how to identify the domain.
Second, it is evaluated how people use business process
modelling, what features are important in business process
modelling, and what method can be used to extract the
knowledge from the text for a better analysis. The obtained
information can result in choosing a suitable platform for
business process modelling and gathering the elements of
business processes.

III. PROPOSED METHOD

In this section, the proposed method is described in detail.
The benefits of the classification task of a machine learning
model and dataset ontology creation, which involves using
ChatGPT and human interaction, are leveraged by a method for
creating domain-specific process element ontologies.

This section aims at demonstrating the operation of the
model. In brief, the method starts by checking the sentences to
understand whether they are related to the text or not. Then, if
they are related to text, it checks whether it is possible to find
the elements in the ontology to suggest them to the user.
Otherwise, the method asks ChatGPT about the elements,
suggest them to the user, and asks them to be added to the
ontology.

Figure 1 shows the flowchart diagram of the proposed
method. The input data are unstructured English text (1). In the
first part, some techniques such as pre-processing,
vectorisation, and stacking classifier from machine learning are
used to detect the classes. The output is corresponding clean
sentences that are labelled to specify their class (2). These
labelled sentences are input data for the next part, search
through ontology to find elements of a business process model
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(3), and the output of it is an expansion of the corresponding
domain ontology, which specifies elements of business process
models (4) (in this case, BPMN elements). Due to conceptual
relationships and semantic richness, WordNet is considered a
lexical ontology. It serves as a bridge between linguistic
resources and formal ontologies; hypernym structure provides
a hierarchy like a taxonomy, which is an essential part of an
ontology. This research uses WordNet.

1. Unstructure English Text

i 2. Classification of |
i unstructured English |
; Text

Natural Language
Techniques

3. Extract Elements of:
! Business process
model

-

4. Expand Unstructure Text
+

‘WorldMet
Ontology

Human Interaction

Linguistic Rule

Business process Deseription
+
business process Diagram

Propose Process Elements

Fig. 1. Flowchart diagram of the proposed method (in general).

WordNet defines rich semantics, which resembles the
properties found in ontologies. Also, it is based on shared
linguistic knowledge in businesses, aligning with the idea of a
common understanding.

This part uses the business process description, the business
process diagram, and techniques of natural language
processing. If the proposed method cannot match the input with
any record according to the proposed elements, the method asks
the human to propose a decision and add data to the dataset. As
a result, during that time, the ontology will grow, and the ability
to extend it will increase for a wide range of specific domains.

A. Dataset

To achieve the goal, a reliable dataset is required. Also, it
should be noted that the dataset will be used for a further
process, which is the expansion of the ontology with the
elements of the proposed business process model.

“The AG’s news topic classification dataset”?is used. This
dataset is collected from more than 2000 news sources and more
than one million news articles, which were gathered by an
academic news search engine called ComeToMyHead. It
consists of original text that is related to the ‘world’, ‘sport’,
‘business’, and ‘science and technology’ categories in two
different files that are used for training and testing. In the train
file, there are 120 000 sample records in four classes, and in
each class, there are 30 000 samples. In the test file, there are

% The data are accessible at
https://github.com/mhjabreel/CharCnn_Keras/tree/master/data/ag_news_csv.

7600 records in four classes, and in each class, there are 1900
samples. As a result, the dataset is completely normalised.

B. Classification of Unstructured English Text

Figure 2 illustrates the classification of unstructured English
text, i.e., Step 2 of the proposed method. In the beginning, input
data are unstructured English text (1). To extract meaningful
information and uncover the hidden patterns in text data, the
next step of the method after collecting data will be the pre-
processing of unstructured English text (2). Text data often
contain noise, inconsistencies, and irrelevant elements that can
affect the accuracy and effectiveness of the subsequent analysis.
In this part, pre-processing consists of cleaning and
transforming the raw text to give the dataset the necessary
structure and coherence for further processing. By applying
several pre-processing techniques, the accuracy of the ML
model will improve. The pre-processing techniques that are
used consist of the conversion to the lower case, tokenization,
removal of stop words and stemming.

1. Unstructure English text
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Fig. 2. Flowchart diagram of “classification of unstructured English text”, i.e.,
Step (2) of the proposed method.
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Vectorisation is another important part after pre-
processing (3). CountVectorizer is a class used to convert text
data into numerical vectors, which is a basic form of word
representation. This method is a way to convert a collection of
text sentences into a matrix of token counts. Each sentence is
shown by a row in the matrix, and each vocabulary is shown by
a column. This part focuses on the process of generating
vectors, where pre-processed text is transformed into
meaningful numerical representations. The aim is to encode the
text with rich semantic information that enables a deeper
understanding of the underlying data in the form of text and
expresses the semantic meaning and contextual relationships
between words in the text [32].

Classification of data is the next step in extracting knowledge
from unstructured data (4). In the proposed method, a stacking
classifier, a machine learning approach for multi-classification
task, is used. The stacking classifier is an ensemble learning
technique that incorporates multiple base classifiers to improve
predictive accuracy [33]. It is a type of stacking models where
the predictions from individual base classifiers are used as
features to train a higher-level “meta-model” that makes the
final predictions [34]. The output will be cleaned and labelled
data (5). Figure 3 shows the diagram of the stacking
classification task.

Choose

the base |
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Train the
base
classifiers.
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prediction
with hase
classifiers.

Combine
prediction.

:

Train the
meta model.

Evaluate
v the
Make ACCUrACY
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with meta Tl stacking
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Fig. 3. Flowchart diagram of the stacking classification task.

The task that applies the stacking classifier starts with
choosing the classifier, before using the dataset. In this part,
dataset is split into three subsets: one subset is used to train the
base classifiers, the second subset is used to validate the data,
and the final subset is used to test the data. Two subsets of
datasets, which are train and validate, are used in the base
classifier to train and validate the model. Then a new dataset
that contains the predictions from both base classifiers is
created to validate the data. Features in the next phases involve
training the meta-model on the new dataset and using the
predictions from two base classifiers. Then, it is the final
prediction, which means classifying the new, unseen text,
combining prediction of base classifiers into a new dataset, and
feeding it into a trained meta-learner. The meta-learner uses the
combined predictions to make the final prediction.

It is important to choose the correct classifier to increase
accuracy. In this work, different kinds of algorithms such as k-
nearest neighbour, random forest, multinomial naive Bayes,
and linear SVM have been applied, and the highest accuracy
has been achieved through multinomial naive Bayes and linear
SVMs. Figure 4 shows the results of the comparison between
different algorithms on unstructured English dataset (AG’s
news topic).

Classifier Comparison
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o
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0.780
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K- nearest neighbour ~ Random Forest
Classifier

Fig. 4. Results of applying different algorithms to the dataset.

As a result, two classification algorithms, multinomial naive
Bayes [33], [35], [36] and linear support vector machines [37],
[38], [39], will be used as the base classifiers. By combining
these two classifiers as base classifiers in the stacking classifier,
the program leverages the strengths of both algorithms. Naive
Bayes is likely to capture some unique patterns in the text data,
while SVM can handle complex decision boundaries and
capture additional patterns that may be missed by naive Bayes.
Stacking the predictions of these two classifiers and training a
meta-model on the stacked features allows for the exploitation
of complementary information from the base classifiers,
potentially improving the overall predictive performance on the
business category dataset.

By applying pre-processing techniques and then a
classification algorithm to the input data, a cleaned and labelled
output will be achieved that is suitable for further processing.
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The data consist of some features that are essential for achieving
the goal, which is to process the text and extract elements of
business processes in a specific domain and expand the
ontology.

C. Extraction of Elements of Business Processes

The next step is the expansion of the dataset ontology with
business process elements. Figure 5 illustrates the flowchart
diagram for the next phase “Extract elements of business
process model” (Fig. 1), i.e., Phase (3). In this part, the class
identified and all sentences are related to the classes that is need
according to Fig. 2. If a new sentence contains a concept that is
in the ontology, the model searches for it and suggests it. If there
is a new concept, then the sentence is parsed using prompt to
ChatGPT to find the required BPMN elements, and it is
suggested to a human to locate the elements in the ontology.
Otherwise, the next sentence is taken, and the first phase
repeats.
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Fig. 5. Flowchart diagram of the “Extract elements of business process model”
phase.

To propose the elements of BPMN, an ontology is needed.
This ontology explains the concepts and relations within an
industry and involves all definitions and knowledge related to
the business environment within the domain.

Each company in the domain may have company-specific
concepts. Therefore, the developed ontology will contain
elements that may correspond to the company and may not.
This ontology will give no benefit to a business analyst without
supporting functionality. This functionality could be
implemented in an assisting tool and would suggest possible
elements of a process based on the context similarity.

This part of the method needs different inputs and
techniques, such as business description, WordNet ontology,
human interaction, and natural language processing.

In this example, BPMN is used as a standard industry
notation because of the need to make decisions and understand

the process without any constraints of the problem domain,
which is the power of BPMN as indicated in [40].

There are four element types to show the business process
model in BPMN [40]:

* Flow objects — they show the flow of the process, which
consists of activities, events, and gateways:
— An activity is a special task performed by a person or
group of actors;
— An event is a modification of the process like message,
link, or compensation;
— A gateway is the decision node according to events.

» Connecting objects (data objects and data stores) — they
show how tasks are connected.

* Swimlanes (participants) — they show the major
participants (an actor or a group of actors) in the process.

» Artefacts (text annotations and groups) — additional
information for the process.

Another important input in this part is the WordNet ontology.
WordNet is not a formal ontology in the strict sense. However,
because of conceptual relationship it is regarded as a lexical
ontology and lexical database that is used for linguistic
knowledge. It has a set of synonyms with specific concepts for
nouns, verbs, adjectives, and adverbs. WordNet shows the
related words by creating a lexical relationship as well as
proposing the meaning [25], [41], [42].

Despite the acceptable WordNet ontology and business
description database, there is not any automated way to extract
business process elements, which constitutes the ontology to be
created. The reason is the ambiguity of words and that this is
not enough to satisfy the syntax variables in the requirement
specification [3].

In the last part of the method, the input data can lead to
extension of the previously created ontology. The input is a set
of labelled and cleaned sentences from the first phase and the
ontology that was created in this part. If there is a sentence with
similarity, the elements are to be shown to the user as an
extension of business process elements; otherwise, ChatGPT is
to be asked to suggest the elements, and then the user is asked
about their correctness and, in case of the positive answer,
elements from the sentence are to be added to the dataset
ontology.

It is essential to keep in mind that because ChatGPT depends
on probabilistic language modelling rather than domain-
specific rules, it has limits that may result in suggestions that
are inaccurate or irrelevant. Consequently, human involvement
is vital for ensuring output accuracy and control. Users must
evaluate the recommended features and determine if they match
the planned business processes. Implementing rule-based
filtering of the output could be a future solution to improve
dependability and decrease the necessity for manual
verification. With this method, recommendations might be
automatically filtered according to pre-set criteria, increasing
ontology extension’s accuracy and efficiency.

Matching, in general, is determined by the size of the
document, the complexity of the task, and the computational
resources available for the task. TF-IDF (Term Frequency-
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Inverse Document Frequency) is used in this work to match
sentences based on their importance and relevance. It is a
numerical statistic used in the natural language processing and
information retrieval to measure the importance or relevance of
a term (word) within a document or a collection of documents
[43].

This method can be implemented by developers of an
assisting tool for system analysts as a core component that
allows extending dataset ontologies for concrete domains. The
developed domain-specific ontologies could be used in this tool
for implementing functionality that allows comparing elements
of business process models created by a business analyst with
the same category elements in an ontology of a specific domain.
The result of the comparison could be indication of some
lacking or additional actors / participants, activities, events, or
objects and, therefore, could be a source for further discussion
between a business analyst and a domain expert.

D. Implementation of the Proposed Method

In this part, the steps to implement and evaluate the proposed
method are considered. The steps contain detailed information,
outcome analysis, and descriptions regarding the tools and
technologies that are used to implement the method. This
section presents:

* Tools and technologies;

* Implementation of the code;

< Evaluation metrics;

+ Evaluation and validation of classifier.

Tools and technologies: In this research, there are some parts
comprised of pre-processing, classification of text, choosing the
correct class, finding the similarity between each sentence and
sentence from the document related to a business process, and
proposing the correct elements of business process models,
which lead to implementing and completing research in one
domain. As a result, the Python language has been chosen for
this research, and all details have been implemented from
scratch in PyCharm.

Implementation of the code: According to the proposed
method, with the intention of pre-processing the unstructured
English sentences, classifying them, and then expanding them
according to a business process diagram, the code generation is
divided into three parts. The first part of the code is related to
the pre-processing of the text and identifying the valuable
features in each sentence in order to classify them. Then search
through the ontology takes places to find the most similar data
and suggest the elements if there are similar sentences inside
the ontology. In the last part, if there are no any similar
sentences in the ontology, it is required to find out from
ChatGPT about them and ask the user to check and add them to
the ontology.

Evaluation metrics: To assess the performance, five
evaluation metrics have been selected to be calculated:

* Accuracy;

* Precision;

* Recall;

¢ F1 score;

* Run time.

The accuracy indicates the percentage of correctly predicted
class labels out of the total number of samples in the test dataset.
The accuracy provides an indication of how well the stacking
classifier performs on the test dataset. Precision measures the
accuracy of positive predictions. Recall measures the
proportion of actual positive instances that are correctly
predicted. F1 score is the equal means of precision and recall,
providing a single metric that balances both precision and
recall. Time is the last measure to consider, which refers to the
actual time the method takes for an algorithm to complete a
specific task [44].

Evaluation and validation of classifier: To validate the result,
it is necessary to evaluate if the proposed method works as
intended and to identify the weaknesses and limitations of the
proposed method that need to be improved. Figure 6 shows the
comparison of the accuracy of two base algorithms with the
stacking classifier. Figure 7 shows the comparison of the
precision of two base algorithms (naive Bayes, SVM) with the
stacking classifier and visualises it. Figure 8 illustrates the
comparison of the recall of the two base algorithms with the
stacking classifier. Figure 9 shows the comparison of the F1
score of the two base algorithms with the stacking classifier.

Classifier Comparison

0.95

Accuracy

Linear SVM
Classifier

Naive Bayes Stacking Classifier

Fig. 6. Comparison of accuracy between stacking classifier and base classifier.

Classifier Comparison

precision

Linear SVM
Classifier

Naive Bayes

Stacking Classifier

Fig. 7. Comparison of precision between stacking classifier and base
classifier.
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Fig. 8. Comparison of recall between stacking classifier and base classifier.
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Fig. 9. Comparison of F1 score between stacking classifier and base classifier.

Processing time is the last metric in the classification task for
this research, and the measure can be different in different
contexts. Time often refers to the computational time or run
time required for a model to make predictions on a dataset. The
size of the dataset for training is 28.1 MB and for test it is
1.77 MB. Table I shows the comparison of time in different
algorithms on the test dataset.

TABLE I
TIME OF DIFFERENT ALGORITHMS
Algorithm Time (s) Time (s per | MB)
Naive Bayes 0.03 0.001
Linear SVM 41.47 1.39
Stacking classifier 0.138 4.12

The results of classification in the proposed method highlight
its superiority over the baseline algorithms. However, it is
worth noting that the uniformity of results across accuracy,
recall, and precision metrics indicates that the data
normalisation process was highly effective. While this
demonstrates the robustness of normalisation, it may reduce the
informativeness of the evaluation, as it masks potential
distinctions in classifier performance. Although the proposed
method does not achieve the best time efficiency, priority was
given to accuracy due to the nature of the data and the task
offline processing requirements.

IV. EMPIRICAL RESULTS

This section provides the explanation of creating the
ontology and presents how it can be used during the process.
The results are also illustrated through an example.

A. Creation of Dataset Ontology

The business process description that used in this study
represents a realistic case from a healthcare institution,
specifically focusing on hospital registration. According to the
analysis of the document, all elements of the BPMN diagram,
which are the flow objects (events, activities, and gateways),
connecting objects (sequence flows, message flows, and
associations), swimlanes (the activity for a specific role), and
data symbols (a certain type of data), are checked separately.
ChatGPT was incorporated to generate the elements from the
documents because of the reasons presented below [45]-[47].

* This part of research needed to augment the dataset to
improve the robustness and generalisation of the work.

* ChatGPT has a better processing of the semantics within the
context.

* ChatGPT analyses exploratory data, which is useful for
discovering patterns or relationships in the text that might not
be immediately apparent.

* ChatGPT can simulate human-like interactions, providing a
more natural and intuitive way to collect information or
feedback on the elements of interest, especially when there
are interactions.

In certain industries or organisations, there may be specific
compliance requirements that need to be considered. Checking
all elements helps ensure that the business process model
corresponds to these regulations and standards. It helps identify
the issues in the modelling phase, prevent errors during the
process, and find opportunities for process optimisation, which
creates a comprehensive and reliable reference for process
documentation and future decision-making. It also helps
facilitate = communication between business analysts,
stakeholders, and developers. In general, checking all elements
of a business process diagram is a crucial step to ensure the
correctness, consistency, compliance, and overall quality of the
process model. Table II shows the comparison of elements of
BPMN in the sample diagram and extracted by ChatGPT.

TABLE IT
COMPARISON OF ELEMENTS OF BPMN FROM DIAGRAM AND CHATGPT

Elements of BPMN Eleg;z;zrtgom Eg{g :gt}s),}?y
Activity 18 30
Events 7 5
Gateways 7 2
SequenceFlows 31 26
Associations 3 1
MessageFlows 1 1
SwimLanes 0 8

Data Symbol 2 27
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Analysing the elements of business process modelling is
expert’s duty, and different experts have different ideas for
specifying the elements. According to the analysis of the results
in Table II, ChatGPT suggests more elements in most of the text
because it clarifies more details, and the expert suggests
elements at the higher level of abstraction.

For example, one part of text is [48]: “The Intake process
starts with a notice by telephone at the secretarial office of the
healthcare institute. This notice is done by the family doctor of
the person who is in need of mental treatment. The secretarial
worker inquires after the name and residence of the patient. On
basis of this information, the doctor is put through to the nursing
officer responsible for the part of the region that the patient lives
in. The nursing officer makes a full inquiry into the mental,
health, and social status of the patient in question. This
information is recorded on a registration form.”

Thus, according to expert’s opinion, there are three activities.
However, according to ChatGPT suggestion, there are nine
activities as shown below.

Expert’s activities are:

¢ Answer notice;
¢ Record notice;
e Store and Print notice.

ChatGPT activities are:

* Notice by telephone at the secretarial office of the
healthcare institute;

* Inquiry by secretarial worker for patient’s name and
residence;

» Transfer of call to nursing officer responsible for the
patient’s region;

e Full inquiry into mental, health, and social status by
nursing officer;

* Recording information on a registration form;

+ Handing in the registration form at the secretarial office;

 Storing form information in the information system and
printing it;

+ Creating a patient file for new patients;

* Storing the registration form and printout in the patient
file.

As it is clear, ChatGPT suggests more details in every
expert’s activity. Although the result must be checked by
experts, it will be possible to choose elements from the
suggestions, which will make the process easier for experts.

B. Searching through Dataset Ontology

For processing the domain process elements in the text, two
main previous phases are pre-requirement. First, it is necessary
to classify the sentences to a correct group according to the
business domain that is a category. Second, it is necessary to
create an ontology for a specific business domain. After
completing these two phases, it will be possible to choose
different methods to match the output of them.

For our illustrating example, to create an ontology, there is a
need for a business process diagram and its description, which
is used from [48]. A business process description is needed to

infer the elements of BPMN, and a diagram is needed to prove
the elements. This book mentions business process diagrams
and their descriptions for realistic cases of healthcare institutes
in the Eindhoven region for elderly patients with problems, all
of which relate to the registration of patients in the hospital. For
each sentence that is received from the business description and
diagram, all elements should be separated according to specific
modelling concepts that are used in the real world.

If the new sentence matches any existing sentence in the
ontology, the method suggests the sentence. Otherwise, if there
is a new concept, then the sentence is parsed by using ChatGPT
and it is suggested to a human to locate an element in the
ontology where it is needed.

To use ChatGPT, GPT-3 API is used for natural language
processing tasks. After that by formulating the question inside
the function in program one can manually analyse the answer
in output. Function is designed to interact with the OpenAl
GPT-3 model (specifically the text-davinci-002 engine) to
generate a response that explains the elements of the business
process model and notation based on a given sentence.

C. Sample Experiments

The first part of the code is related to the pre-processing of
the text and identifying the valuable features in each sentence
to classify them and to propose the elements of BPMN to fill
the gap about. Input sentences can be unstructured sentences of
any type. For example:

“The patient’s first meeting with the specialist left them
feeling hopeful about their treatment options.”

After finishing pre-processing, clean data are available for
use as below.

“Patient first meet special left feel hope treatment option.”

At this part, it will be possible to classify the sentences, with
the possibility of 0.9; this sentence is classified to the third
group, which is related to “business”.

After classifying the sentence, searching through the
ontology is started. One of the sentences in the ontology is:
“The first intaker plans a meeting with the patient as soon as
this is possible” and elements related to sentence are as below.

Flow object:

1. Start Event: This represents the initiation of the process.

2. Activity (Task): “Plans a meeting with the patient as soon
as this is possible.” This is the main task or activity
performed by the first intaker.

3. End Event: Represents the completion of the process.

Connecting object:

1. Sequence Flow: Connects the Start Event to the Task and
the Task to the End Event.

Swimlanes:

1. First intaker;
2. Patient;
3. Scheduling.
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Another example can be a sentence like:

“Implementing a new patient scheduling system could help
reduce wait times and improve efficiency at the hospital”.

After pre-processing the sentence is changed to:

“Implement patient schedule system help reduce wait time
improve efficient hospital”.

After classifying the sentence, searching through ontology is
started. However, there are no sentences with high similarity to
this sentence. As a result, according to the method, it asks
ChatGPT and suggests the user to check and add the sentence
inside the ontology and expand the ontology.

Overall, the evaluation of the proposed method demonstrated
its innovative integration of classification models and NLP
techniques to expand domain dataset ontologies from
unstructured English textual documents. Unlike previous
studies, which often focus solely on text classification [20], [21]
or specific aspects of business processes [22], [23], this method
uniquely combines these elements into a cohesive framework,
offering a more comprehensive approach to ontology
development. Despite these advancements, some limitations
warrant further investigation. The scalability of the approach to
larger datasets or more complex business domains has not yet
been extensively tested, leaving its performance in real-world
scenarios as an avenue for future exploration. Additionally,
reliance on machine learning models, such as ChatGPT, raises
concerns about potential biases in training data and long-term
viability due to external dependencies. While human
verification ensures the accuracy of outputs, it introduces a
potential bottleneck in large-scale applications. The multi-step
nature of the method, though innovative, may pose challenges
for organisations with limited technical expertise. However,
these limitations are outweighed by the method’s holistic
approach and potential to advance the field, offering a solid
foundation for future enhancements that could make the method
even more accessible, scalable, and efficient.

V. RESULTS AND CONCLUSIONS

The proposed method leverages a stacking classifier,
incorporating two primary base classifiers — multinomial naive
Bayes and linear SVM. Through careful experimentation and
evaluation, the results have demonstrated a significant
improvement in accuracy compared to existing methods. The
effectiveness of the stacking classifier demonstrates its
potential applicability in real-world business cases. The
heightened accuracy obtained through the integration of diverse
classifiers, specifically multinomial naive Bayes and linear
SVM, attests to the robustness of the proposed method.

Moreover, in the second part, the application of the classified
sentences to match ontology represents an important step
towards practical implementation. The utilisation of similarity
metrics facilitates the integration of the proposed method into
the business process model, offering a systematic and
intelligent approach to handling unstructured text within this
domain.

Also, utilising ChatGPT in the semi-automated method to
suggest elements for a BPMN based on sentences offers an
efficient path to developing a comprehensive BPMN and
assistance to the expert. By utilising ChatGPT, experts can
efficiently identify key elements, improve the efficiency of
systems, optimise workflows, and enhance productivity and
decision-making processes.

In summary, the integration of the stacking classifier,
coupled with the matching of classified sentences to business
process documents, not only validates the completeness and
correctness of the proposed solution but also positions it as a
viable tool for enhancing the efficiency.

In the context of future research, several possibilities can be
explored to further improve the understanding and application
of the method. Here are some suggestions, such as test the
proposed method on a broader range of business domains to
assess its generalizability and identify potential domain-
specific challenges or optimisations, research dynamic
adaptability of the proposed method to evolving requirements
over time. This could involve the development of adaptive
models that continuously learn from new data and adjust their
predictions accordingly and investigate the potential of transfer
learning techniques to leverage knowledge gained from one
domain or industry for application in another. This can enhance
the adaptability of the method across different business
contexts.
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