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ABSTRACT 

This paper introduces a method, for creating research-driven ontology to foster collaboration and innovation. 

The concept of collaborative innovation implies a process where multiple stakeholders work together to generate 

novel ideas, solutions or products. The suggested approach combines Artificial Intelligence (AI) and expert 

knowledge to build a comprehensive model encompassing various aspects of research, development and 

innovation. To demonstrate the feasibility of this method, the paper showcases its implementation in the field of 

accounting science. First, AI-powered machine-learning algorithms and text-mining techniques are used to 

extract the main ontological elements from a large corpus of accounting literature. Subsequently, expert 

knowledge is utilized to refine and validate these identified elements. The resulting ontology can be used as the 

foundation of a knowledge-based system to promote collaboration and analyze the state of innovation. 
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1. INTRODUCTION

The most commonly cited problem in developing expert systems is acquiring specific knowledge for a 

well-defined domain from experts and representing it in the appropriate digital format. Within the 

Artificial Intelligence (AI) field, this has been called the knowledge acquisition’s problem and has 

been identified as a bottleneck in the process of building expert systems [1]-[2]. The exponential 

growth of data due to Industry 4.0 technologies necessitates capturing and transforming data into 

useful information for organizations [3]. It is worth mentioning that ontologies and knowledge graphs 

are used to represent complex knowledge. Knowledge graphs enable efficient querying and reasoning 

about complex data, supporting the development of intelligent agents that can learn from the 

represented knowledge [4]. A well-designed ontology describing the expert knowledge of a domain is 

at the core of many knowledge-based systems [5] to “support large-scale data/information 

interoperability, sharing of information and ontology-supported processes” [6]. According to Zhang 

and Li [7], a well-designed ontology is the key to building a successful knowledge-based system. 

However, [8] argued that systematic literature review highlighted the need for more structured 

development processes in knowledge-based systems, emphasizing knowledge elicitation and 

formalization, which could potentially involve ontology. 

Ontology is a formal, explicit specification of a shared abstract representation of a real-world 

phenomenon by describing its relevant concepts, relations and axioms of a domain of interest [9]. At 

the beginning of the 1990s, computer science began to recognize ontology. It became an important 

area to investigate, especially in the area of artificial intelligence AI, because it was proposed as an 

effective method for creating representations of reality to be used later in the process of AI [10]-[11]. 

Ontologies enable inferences based on their content and relationships, simulating human inference 

capabilities [12]. 

Different ontology-development methods have been proposed, such as methods for new ontology 

development, new ontology alignment and merging ontology learning and re-engineering existing 

ontologies [13]-[14]. However, building and maintaining an ontology is considered a “labor-intensive 

process” [15] that costs time, money and effort. Different techniques and methods have been proposed 

for building new ontologies, including new-ontology development, alignment, merging, ontology 
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learning and re-engineering existing ontologies [3], [12]-[13], [15]-[16]. This research is developed to 

support collaborative innovation in ontology development by establishing a common language and 

conceptual framework that bridges interdisciplinary boundaries and enhances communication among 

diverse stakeholders. A well-designed ontology captures expert knowledge in a usable format, 

empowering stakeholders to leverage domain-specific insights, identify synergies and co-create 

innovative solutions. The ontology's capacity to organize and structure information improves 

information retrieval, idea generation and decision-making processes, fostering a collaborative 

environment conducive to innovation. 

1.1 Current Status of Accounting Ontology 

Organizational accounting knowledge is vital; therefore, Aparaschivei [17] outlined the academic and 

commercial advantages of creating an accounting ontology. The transactional accounting model with 

its associated value constraint as well as the asset liability equity resource types was examined in 

detail by Shannaq and Fatima [18], who conducted a hierarchical observation of accounting ontology. 

Developing a functional ontology for accounting is the first step in establishing a knowledge base for a 

discipline within an organization. A concept hierarchy was created to fully understand and simplify 

the accounting system [18]. 

Currently, there are several economic exchange ontologies, such as OntoREA [19], COFRIS [20] and 

ATE [21]. Most of them are derived from or refer to McCarthy’s REA accounting model, which is 

commonly used as a reference for accounting ontologies focusing on economic exchanges [19]. The 

REA is designed to unify accounting and management perspectives on accounting information 

systems (AISs) [22]. However, it has been argued that accounting is more about reporting economic 

exchanges. The REA accounting model refers to AISs that record these exchanges. The processing 

that is done in AISs, the way data is aggregated into financial reports and how the quality of data is 

assured are not included in the REA model [23].  

As part of REA business ontology, Geerts and McCarthy [24] added a policymaking architecture to 

the REA accounting framework. This way of thinking allows for the consideration of company 

policies regarding acquisition, transformation, revenues, banking and investment transactions by 

extending economic reasoning from a prospective to a context and setting viewpoint. The 

consequences for the evolution of EIS, EIS built using social-networking sites, EIS built on the 

network and EIS compatibility between different types of businesses are brought into sharp focus by 

the comprehensive general framework of REA ontology (REA2) [25]. 

Any occurrence in a company’s operations that has a financial impact on its accounting information is 

considered as a financial-reporting transaction. This information can be found in a company’s books. 

Financial accounting requires that, after adjustments have been made, an entity’s revenues equal its 

total liabilities and its stakeholders’ equity. The accountability equation is the foundation of the dual-

entry accounting information system. The basic accounting formula is assets = liabilities + 

shareholders’ equity [26]. To provide a uniform meaning for the subtraction and addition of assets, 

liabilities and equity inside the financial statement, the concepts of both debit and credit are required. 

Accounting experts may utilize their expertise to automate accounting activities. To characterize the 

types, qualities and interactions of ideas in an area is the goal of the ontology method [17]. Intelligent 

applications can be used in the field of accounting to automate accounting information. The ontology-

based automated transaction financial-reporting system was presented by Shen and Tijerino [27], with 

a particular emphasis on processing total count documentation, such as receipts, to satisfy the 

corporation requirements. This is time-consuming, because it requires physically sorting receipts into 

relevant categories for company-expenditure reports. 

There are several clear benefits to developing an ontology for accounting transactions. Users of 

accounting records may benefit from this ontology by better comprehending the specific meaning of 

the accountancy-operation terminology. Developing an accounting-related understanding may also be 

grounded in the ontology of accounting transactions. Even though its theoretical roots are in 

accounting, REA economic ontology does not address core needs in that discipline. Schwaiger et al. 

[19] found that the REA commercial ontology lacked the necessary traditional accounting logic, such 

as documenting credited and crediting modifications in assets and obligations, all of which provided 
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appropriate categories as part of accounting records. A gap between scientific work and actual 

accounting practices has been noted [23]. By using domain-specific expertise in accounting, one may 

streamline the overall bookkeeping process. As an example of such an intelligent user’s use in the 

field of accounting, we consider the automation of financial statements.  

Therefore, the key challenges that specialists confront are: (1) locating a complete domain ontology 

and (2) locating domain specialists to enlist in collecting the necessary domain ontology. Cognitive 

computing and information-extraction methods allow for the semi-automatic identification of ontology 

when reading subject materials, providing insight into these topics. Similar semi-automatically and 

intelligently produced accountancy subjects and ideas are essential for something like an agile 

framework that develops and expands a global financial intelligent system. It also eliminates 

proprietary information that is either too costly to protect or forbidden by law. Consequently, this 

study aims to develop a low-effort, high-return strategy for extracting the most value from a 

previously specified domain ontology. 

2. METHODOLOGY    

Owing to the nature of the research, the developed ontology requires a methodology that supports the 

integration of several components from different sub-results within the project. This research adopts 

the agile methodology for building an ontology proposed by Abdelghany et al. [28]. This supports the 

core activities of building ontologies [28]. In a comparative analysis of methodologies for domain 

ontology development conducted by Sattar et al. [29], various aspects of ontology development and 

documentation were compared, including ontology construction strategies and support for integration 

and merging. The adopted methodology had a high rank among other methodologies to build an 

ontology. [29] highlighted the importance of selecting a methodology that adequately addresses both 

core ontology-building activities and project-management requirements.  

The research-based ontology crafted for collaborative innovation acts as a foundational framework 

that amalgamates intelligence from AI algorithms, text-mining techniques and expert knowledge to 

facilitate knowledge sharing, interdisciplinary collaboration and innovation management. This 

ontology serves as a structured representation of domain-specific concepts, relationships and 

constraints, enabling stakeholders to access, interpret and contribute to a shared-knowledge repository. 

The methodology process [28] consists of three main stages: the pregame stage, the development stage 

and the postgame stage, as shown in Figure 1. The three stages involved a team of experts consisting 

of five experts in the fields of knowledge management, artificial intelligence and three from the 

accounting. The first (pregame) stage allows the team to identify the goal of the ontology, tools and 

techniques to be used while building it and to select the data-collection methodology. The next step 

was to formulate ontology requirements. Because the main aim of ontology is to build a research-

based ontology, the research dataset was identified and selected in this phase, as explained in the data 

collection part.  

The second (development) stage executes an iterative process for multiple unsupervised cycles of 

development and evaluation. During the second stage, different meetings were held to discuss the 

ontologies produced. At each meeting, changes in the ontologies were verified. These steps led to the 

final set of ontologies approved by all participants.  

The last (postgame) stage should be followed by another iterative process for multiple supervised 

cycles, per experts’ feedback. This cyclic process and results are an essential step in contributing to 

improving knowledge acquisition for the representation of scientific knowledge in ontologies. The 

final stage (postgame stage) allows verification and validation processes, along with documentation. 

To elucidate the relationship between lexicon elicitation and ontology development, it is crucial to 

emphasize how defining domain-specific terms and concepts contributes to building a robust ontology. 

Lexicon elicitation involves extracting and defining domain-specific terms, essential for constructing 

an ontology that accurately represents the domain's knowledge landscape. By structuring expert 

knowledge, the ontology can organize information, facilitate knowledge sharing and support 

collaborative innovation. Utilizing AI-powered machine-learning algorithms and text-mining 

techniques in lexicon elicitation helps extract ontological elements from domain literature, identifying 

key concepts and relationships foundational to the ontology. Expert-knowledge validation further 
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refines these elements, ensuring the ontology's accuracy and relevance in fostering collaboration and 

innovation. 

Figure 1. The research methodology as adopted from [28]. 

3. RESULTS AND DISCUSSION

3.1 Pregame Stage 

3.1.1 Goal & Scope 

The fundamental scope of accounting has not changed over time; nevertheless, new innovative 

accounting directions have evolved [30]. The accounting domain was selected due to its inherent 

complexity, evolving nature and critical role in various industries. The compilation of reports, 

transaction recording, cyber-auditing and other technological advancements have grown. As a result, 

different specialized accounting topics have emerged. Thus, by developing an accounting ontology, 

the paper aims to establish a structured framework that captures and organizes domain-specific 

knowledge, facilitating collaboration and innovation within the accounting field. The goal of building 

the proposed accounting ontology is to establish a common understanding of the meaning of the terms 

used by researchers to support the knowledge-acquisition process of innovative directions related to 

accounting in the current-research directions. [31] explores the accounting dimensions of innovations, 

highlighting the interconnectedness of accounting practices with innovative processes. In addition, 

[32] discusses the identification of misstatement accounts in financial statements through ontology 

reasoning. It demonstrated the application of ontology-based decision-support systems in the 

accounting domain, emphasizing the importance of ontology reasoning in financial-statement analysis. 

In fact, the selected literature reinforces the importance of ontology-based approaches in addressing 

accounting challenges, thereby justifying the choice of the accounting domain. 

The proposed accounting ontology can be used as a tool to map the concepts and services used by 

expert systems to align with the most recent information. The scope of accounting ontology focuses on 

the main specialized topics of accounting in the recent literature: financial accounting, management 

accounting [33], cost accounting [33], tax accounting [34] and auditing [34]. Other topics may have 

been included; however, the experts preferred not to expand the search for more detailed ones.  

3.1.2 Tools 

The Protégé ontology editor and framework in the OWL language were selected as the main tools to 
formalize the accounting ontology. The selection was based on previous research, such as [28] and its 
well-known ability to customize and extend.  
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3.1.3 Source Selection 

To align with the research aims, the proposed ontology is based on a research-based source and the 

research dataset is identified and selected as follows: To collect all research written in “Accounting,” 

three main sources were identified [33], [35]: ABDC, Scopus and Web of Science. All journals 

indexed in ABDC, Scopus and the Web of Science related to this field were identified and selected by 

September 2021. From the Scopus index, 154 journals related to the accounting discipline were 

published by 46 publishers. The journal citation scores ranged from 0 (e.g. Journal of Taxation, 

SJR=0.1) to 10.3 (e.g. Journal of Finance, SJR= 17.134). In the ABCD list, 2679 journals related to 

the accounting discipline were published by 744 publishers. The journal ranks ranged from A* (199 

journals, e.g. Australian Tax Forum) to C (982 journals, e.g. Real Estate Taxation). In the Web of 

Science, 18 journals related to the accounting discipline were published by 12 publishers. Of course, 

there were duplicate findings between the three main sources, which will be discussed later.  

All research published in journals from 1946 to 2021 was automatically collected using a script 

written in Python 3.8.5. The total number of papers is 209,345. However, the data collected was 

filtered, because some documents were not journal papers or their abstracts were not electronically 

available. After filtering, the total number of journal papers was 159,239, with available abstracts. All 

collected titles and abstracts were injected into an empty dataset to be processed via machine-learning 

and text-mining techniques. 

3.2 Development Stage 

The development stage aims to produce pieces for the accounting ontology from the final dataset 
processed in the previous stage to integrate them in the third stage. The development stage consisted 
of several increments to allow different levels of information extraction from the available dataset 
containing titles and abstracts. This process was introduced and implemented in [36], where the 
iOntoBioethics ontology for Bioethics Ontologies in Pandemics was proposed and evaluated.  

The relation between the extracted ontology topic/concept and the dataset is generally based on 

proportion. For example, the topic of “cost accounting” is extracted as an important topic based on the 

number of times it is mentioned in different abstracts. If mentioned in one abstract twice, this does not 

mean that it is as important as if mentioned once in two abstracts. Each given abstract relates to the 

discovered accounting topic/concepts with different proportions. To work with these proportions, 

certain factors must be investigated: accounting topics per abstract and assignment of accounting 

concepts per accounting topic in an abstract. Hence, in the current development stage, the latent 

Dirichlet allocation (LDA) [37]-[38] algorithm in the field of machine learning (text mining) was 

utilized to illustrate the topics and their related concepts within the abstracts. The stage started with 

unsupervised increments, followed by supervised increments, as shown below. To illustrate the 

outcomes from the supervised and unsupervised iterations, Protégé was used, as mentioned in sub-

section 3.1. Every topic is mapped to a class and every concept is mapped to a property associated 

with the class. 

3.2.1 Unsupervised Increments 

This stage consisted of three iterations, in which the LDA algorithm automatically identified 

accounting topics and their associated concepts. An iterative automated process was conducted to 

determine the maximum coherence value for the best number of topics to avoid bias in executing the 

LDA algorithm. 

Iteration 1: Preparation. The first increment was a preparation increment, in which the dataset 

containing all abstracts and titles was fed into a customized Python tool, the Standardization Text 

Characteristics (SRC) with a reliance process [39] was directed and the LDA algorithm was executed 

to extract the general topics and their associated concepts. The SRC process converted all upper-case 

characters into lower-case characters, removed all stop words such as “the,” “on,” …etc., removed all 

the white spaces and removed punctuations. The output of the first iteration shows that six topics were 

extracted, as shown in Figure 2.  

Three accounting-domain specialists were involved in investigating the six topic structures to validate 

the output of the first iteration, arriving at a consensus on the extent which these topics represent. 

Three experts evaluated the six topics separately and the research team collected their responses. The 
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main comments from the three experts focused on unrelated concepts within the extracted topics. For 

example, in topic 1, the words “research”, “new” and “case” were considered irrelevant. Topic 3 has 

the words “study” and “purpose” that “weaken the aggregation concept,” as one of the experts 

expressed.  

Figure 2. The topics extracted from the preparation interaction. 

Iteration 2: Enhancement. The second iteration involved enhancing the basic environment for the 

dataset of abstracts and titles. The LDA algorithm was executed several times to detect new unrelated 

words and phrases to enhance the final results. All intermediate results were provided to the three 

experts for validation and recommendations. All unrelated words recommended by the experts from 

the first iteration were added to the set of stop words. The final stop-word list is presented in Table 1.  

Table 1. The stop words included in the experiments. 

'i', 'me', 'my', 'myself', 'we', 'our', 'ours', 'ourselves', 'you', 

"you're", "you've", "you'll", "you'd", 'your', 'yours', 'yourself', 

'yourselves', 'he', 'him', 'his', 'himself', 'she', "she's", 'her', 

'hers', 'herself', 'it', "it's", 'its', 'itself', 'they', 'them', 

'their', 'theirs', 'themselves', 'what', 'which', 'who', 'whom', 'this', 

'that', "that'll", 'these', 'those', 'am', 'is', 'are', 'was', 'were', 

'be', 'been', 'being', 'have', 'has', 'had', 'having', 'do', 'does', 

'did', 'doing', 'a', 'an', 'the', 'and', 'but', 'if', 'or', 'because', 

'as', 'until', 'while', 'of', 'at', 'by', 'for', 'with', 'about', 

'against', 'between', 'into', 'through', 'during', 'before', 'after', 

'above', 'below', 'to', 'from', 'up', 'down', 'in', 'out', 'on', 'off', 

'over', 'under', 'again', 'further', 'then', 'once', 'here', 'there', 

'when', 'where', 'why', 'how', 'all', 'any', 'both', 'each', 'few', 

'more', 'most', 'other', 'some', 'such', 'no', 'nor', 'not', 'only', 

'own', 'same', 'so', 'than', 'too', 'very', 's', 't', 'can', 'will', 

'just', 'don', "don't", 'should', "should've", 'now', 'd', 'll', 'm', 

'o', 're', 've', 'y', 'ain', 'aren', "aren't", 'couldn', "couldn't", 

'didn', "didn't", 'doesn', "doesn't", 'hadn', "hadn't", 'hasn', "hasn't", 

'haven', "haven't", 'isn', "isn't", 'ma', 'mightn', "mightn't", 'mustn', 

"mustn't", 'needn', "needn't", 'shan', "shan't", 'shouldn', "shouldn't", 

'wasn', "wasn't", 'weren', "weren't", 'won', "won't", 'wouldn', 

"wouldn't",'from','subject','astract','avaible','a','find','firm','firms'

,'accounting','paper','accountent','Research','literature', 'new', 

'study', 'purpose','Findings',’rights','reserved','well','methodology', 

'design', research', 'approach','findings','finding', 'company','used', 

'use','uses','also','de','part','parts','find','white','wisdom','elsevier 

ltd', 'academic press limited', 'american accounting association', 'by de 

la salle university','all rights reserved' 
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 Iteration 3: Output Production. The execution of the third iteration results in four topics, as shown in 

Figures 3 and 4. In Figure 3, the number of documents related to the topics is shown, whereas in 

Figure 4, the concepts related to each topic are illustrated.  

Figure 3. The number of documents related to each extracted topic (iteration 3). 

Figure 4. The main four extracted topics with their associated concepts (iteration 3). 

It is worth noting that the LDA algorithm does not name the extracted topics, but assigns them 

numbers within the range of related topics. Therefore, the three experts were involved later in 

independently determining the titles of the topics that aggregated the shown concepts.  

At the end of the third iteration, the three experts were given the generated topics and the related 

concepts to evaluate them independently. They were also asked to suggest a title for each topic. 

Consequently, the results of this process are as follows: 

 Topic 0: Tax Accounting 

The terminology on this topic refers to tax accounting. Tax accounting checks whether businesses 

adhere to all rules set out by tax authorities. Economic data and other revenue data are subject to 

reporting by tax accountants to tax authorities. The accounting and tax standards used by each nation 

are different. Long-term economic advancement and resource allocation are susceptible to taxation 

considerations [40]. 

 Topic 1: Financial Accounting 

The terminology for this topic expresses the topic of financial accounting. Financial accounting is a 

sub-field of financial reporting that focuses on disseminating a firm’s financial information to 

stakeholders, including stockholders, researchers, suppliers and regulatory agencies. Statement of 

income, financial statements, cash-flow statements and cash-position declarations are the four 

fundamental audited financials. This accounting information is the foundation for evaluating a 

corporation’s economic health and competitive position. In addition, people use such data to decide 

whether or not to invest in a firm. Investors and traders utilize such accounting records in the financial 

sector to evaluate the health and potential returns of publicly-traded businesses and the stock market 

and brokerage houses [41]. 
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 Topic 2: Auditing 

The terminology for this topic mainly indicates auditing. An audit examines and assesses the 

effectiveness of internal company controls and financial-analysis processes. External and internal 

accountants perform this function. The public relies on a firm’s publicly released income statement 

when making a variety of financial choices. Conversely, internal audits directly report to managers and 

supervisors inside an organization. A company’s auditors examine whether senior-management 

directives are being followed. When conducting an internal review, it is crucial to determine whether a 

company’s actions are in accordance with its own stated objectives [42]. 

 Topic 3: Financial Accounting - Portfolio Investment 

The terminology of this topic points toward portfolio investment (finance), which relies on financial-

accounting information. Sector-specific breakdowns in private investment, investment spending and 

foreign reserves are all part of a complete financial statement. When investing in stocks, bonds and 

other marketable securities to earn a profit, grow in valuation or combine them, you are creating a 

portfolio. This implies a less proactive managerial position than direct investment by way of the 

passive ownership of assets. When valuing a company or conducting a financial analysis, shareholders 

rely heavily on the data provided in its financial reports. As a result, it is crucial to understand the 

fundamentals of business accounting as well as the rules governing the creation of financial 

statements. Accounting is advantageous to investors, because it allows them to assess the worth of a 

firm’s profits, learn about its financial products, measure its financial performance and gauge the risks 

inherent in the income statement [43]. 

Visual Illustration 

To illustrate the topics and concepts from the third iteration of the unsupervised increments, the topics 

and concepts are implemented in Protégé as follows. 

Figure 5. The draft of the ontology from the unsupervised increments. 

3.2.2 Supervised Increments 

Ontology validation was discussed by Quinn and McArthur [44] to evaluate whether the ontology 

matches the world model as demonstrated by the industry dataset [44]. Different methods have been 

used to measure the validity of an ontology [44]–[46]. However, a very strong approach was proposed 

and implemented by Quinn and McArthur [44], which included qualitative and quantitative 

approaches to express ontology completeness and expressiveness. Completeness indicates the 

sufficiency of the semantic relationship between the extracted topics/concepts and the accounting 

domain. To measure the completeness of the resulting concepts, an anonymous survey was distributed 

to the accounting experts that included a table with all the topics and related concepts to state whether 
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the topics/concepts were related to the accounting domain and to what extent (0 = not related and 10 = 

entirely related). The average number of experts was then calculated on the agreement that any 

average less than 7.0 would be excluded from the results. 

Regarding the topics, the average number of experts was 9.4/10. The minimum average mark was 

given to the topic of portfolio investment (7.6/10). Regarding the concepts, the average from the 

experts was 8.4/10, indicating that the extracted concepts were highly related to the topics and 

accounting domain.  

The next step was to measure the expressiveness of the current version of the ontology. The 

expressiveness of an ontology, the so-called “coverage percentage” [28], is defined as “quantifying the 

number of key relationships required” in a domain [44]. To conduct such measurements, a list of 

known accounting topics and some emerging ones were listed from different sources, such as Shkulipa 

[33] and the experts were asked whether they would think that any of them would be essential to be 

added. At least 70% of the experts agreed to manually add the main topics: cost, managerial 

accounting and forensic accounting.  

Therefore, a supervised iteration was implemented to extract related concepts for missing topics. To 

conduct supervised iteration, a separate iteration for each topic was executed to extract the related 

concepts. For each iteration, the dataset, including all titles and abstracts, was filtered to include only 

that topic in particular. The results of each iteration are as follows.  

 Cost Accounting 

The three experts were again given the topics generated from the supervised iteration to independently 

evaluate the topics and their concepts and suggest a couple of titles for each topic. Consequently, the 

conclusion from the supervised iterations for the “cost accounting” was identified as follows: 

Figure 6. The number of documents related to each extracted topic of cost accounting. 

Figure 7. The generated topics for cost accounting. 

o Topic 0: Cost Accounting 

The terminology used here refers to cost accounting. In cost accounting, to maximize revenue and 

enhance the efficacy of business processes, standard costing (also known as control accounting) 

generates data to be utilized in the improvement of the organization. Cost accounting entails taking 

care of all the money that comes up in the operation of a company. Management uses cost information 

to prepare and manage various cost activities. Standard costing is concerned with collecting, 

categorizing and interpreting cost data in a quantifiable manner. The primary objective of cost 
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accounting is to collect and analyze a firm’s variable and constant expenses. From an administrative 

perspective (marketing, transportation organization, protection, manufacturing, …etc.), both direct and 

indirect materials and direct and indirect employees are the main components of the costing system 

[47].  

o Topic 1: Miscellaneous Topics 

It is difficult to give a specific title to this group, as the terminologies are related to different general 

accounting topics, such as cost, tax, financial and management.   

 Managerial Accounting 

The three experts were again given the topics generated from the supervised iteration to independently 

evaluate the topics and their concepts and suggest a couple of titles for each topic. As a result, the 

conclusions from the supervised iterations for “managerial accounting” were identified as follows: 

Figure 8. Number of documents related to each extracted topic for managerial accounting. 

Figure 9. The topics extracted for managerial accounting. 

o Topics 0, 1, 4, 5, 6 and 7 

It is difficult to give a specific accounting title for this topic, as the results are not accounting-related 

terminologies or are related to different general accounting topics. 

o Topic 2: Managerial Accounting 

The terminology on this topic refers to managerial accounting. Managerial accounting, as opposed to 

financial accounting, includes the dissemination of financial information to a company’s operational 
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units. It is a sub-set of accountancy that focuses on analyzing financial data to generate financial 

accounting documents and reports to aid in the judgment procedure of heads of departments as well as 

top management. Managerial accounting clarifies the company’s monetary information and delivers 

meaningful numbers and statistics to higher management and decision-makers. 

Executives and departments, such as sales, marketing and production, may request custom reports that 

meet their unique reporting requirements. These reports combine actual and predicted data to provide 

managers with a wealth of information to make better business choices. In contrast to financial 

accounts, which are made public as well as publicized, data packets are used internally to enhance 

procedures, including total profit appraisal, departmental planning and other similar activities [48]. 

o Topic 3: Auditing 

Discussed previously. Adding some concepts: ownership, governance and quality. 

 Forensic Accounting 

Once again, the three experts were given the topics generated from the supervised iterations to 

independently evaluate the topics and their concepts and suggest a couple of titles for each topic. As a 

result, the conclusion from the supervised iterations for “forensics accounting” was identified as 

follows: 

Figure 10. Number of documents related to each extracted topic for forensic accounting. 

Figure 11. The topics extracted for forensic accounting. 

o Topic 0, 1 & 2: Forensics Audit 

The terminology for this topic is related to forensic auditing. During a forensic audit, experts apply 

their knowledge of accounting to investigate cases that may have criminal consequences. The scope of 

the full investigation exceeds that of standard forensic accounting. Forensic auditing investigates the 
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nature of the transactions themselves and identifies signs of possible asset theft [49]. 

o Topic 3: Accounting Education-Forensics 

The terminology used here refers to accounting education, specifically in forensics, as course content. 

Accounting education aims to prepare students for jobs, as accounting professionals are the ultimate 

goal of financial reporting. There has been an increase in interest in the accounting profession from the 

ranks of professional accounting organizations, which seek to blend theoretical studies with hands-on 

experience as well as outline specifics of required coursework [50]-[51]. 

o Topic 4 & 5: Forensic Accountant 

The terminology of this topic mainly refers to forensic accountants. Forensic accounting is used to 

investigate a person’s or company’s financial situation. Forensic accountants use a wide range of 

techniques in the accounting, reporting and investigation industries. Accounting information is 

frequently referred to as a sub-set of accounting. Experts witness that testimony is common for 

forensic accountants, who also conduct investigations of financial information that could be 

admissible in court. In court, professionals may demonstrate the monetary elements of crimes 

fraudulently. There is a growing need for forensic-accounting professionals in various fields, including 

law-enforcement agencies, auditing firms and insurance organizations [52]. 

3.3 PostGame Stage 

The final stage of the adopted methodology (as described in Section 2) consists of two main steps: 

integration and evaluation. The integration process in this context is simple, because the outputs from 

the supervised and unsupervised iterations are based on the same dataset and for the same domain. It is 

unlikely that there is any inconsistency between topics or concepts. Every topic is mapped to a class 

and every concept is mapped to a property associated with the class. The only relation demonstrated 

was “is-a” from the main domain. The new version of the ontology is demonstrated using Protégé, as 

shown in Figure 12: 

Figure 12. The general view of the new version of the ontology. 

While the development stage is pivotal in establishing the ontology's foundation, the postGame stage 

plays a critical role in assessing the ontology's utility, identifying areas for improvement and ensuring 

its alignment with the intended objectives. Figure 13, created towards the end of the postGame stage, 

serves as a visual representation of key components, relationships or insights derived during the 

ontology-construction process. Drawing insights from the research-based ontology methodology for 

collaborative innovation, the postGame stage involves a comprehensive assessment of the ontology's 

utility in facilitating knowledge sharing, interdisciplinary collaboration and innovation management. 

Figure 13 encapsulates the culmination of the ontology-development process, showcasing the refined 

ontology structure, validated concepts and the integration of AI-powered machine-learning algorithms 

and expert knowledge to create a robust knowledge-based system. 
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The evaluation process is implemented again as in the previous stage: qualitative and quantitative 

approaches to express ontology completeness and expressiveness. To measure the completeness of the 

final draft of the ontology, a concise anonymous survey was distributed to a group of accounting 

experts that included a table with all the topics and related concepts to state whether the 

topics/concepts were related to the accounting domain and to what extent (0 was not related and 10 

was entirely related). The average number of experts was then calculated. Regarding topics, the 

average number of experts was 8.8/10. Regarding the concepts, the average from the experts was 

7.5/10, indicating that the extracted concepts were highly related to the topics and accounting domain.  

Figure 13. The final version of the generated ontology including the supervised and unsupervised 

iterations. 

4. LIMITATIONS

While the integration of machine-learning techniques within the AMOD methodology presents 

promising opportunities for enhancing ontology development, several limitations warrant 

consideration. Firstly, as highlighted in previous research, the knowledge-acquisition process remains 

a critical challenge in ontology engineering. Despite leveraging machine learning for automated 

knowledge extraction, the reliance on existing data sources and expert input may limit the scalability 

and generalizability of the ontology across diverse domains. 

Secondly, as discussed in the literature, the balance between automated machine learning -driven 

processes and expert validation is crucial for ensuring the ontology's relevance and reliability. The 

potential risk of overlooking domain difficulties or context-specific traces in favour of automated ML 

algorithms underscores the importance of maintaining a robust expert-driven validation process. 

Lastly, the feasibility and effectiveness of the proposed methodology may vary across different 

domains and data-availability scenarios. While the research demonstrates the integration of machine 

learning within AMOD in a specific context, the transferability and performance of the approach in 

domains with limited data or distinct characteristics require further investigation. The adaptability of 

the methodology to diverse domains and the robustness of the machine-learning components in 

handling domain-specific complexities represent areas for future exploration and refinement. 

5. CONCLUSIONS

Different ontology development methods have been proposed in the literature to build and maintain a 

comprehensive ontology, such as new ontology alignment, merging ontology learning and re-

engineering existing ontologies. However, these methods are considered labor-intensive, and are 

incapable of describing the specific requirements of different new-research directions. Therefore, this 

research utilizes one of the Agile Methodologies for Ontology Development (AMOD) to develop an 
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ontology and integrate it with machine-learning techniques. This adaptation signifies an evolution of 

the existing methodology to leverage machine learning capabilities, highlighting the importance of 

clearly articulating the degree of innovation in the research. The incorporation of machine-learning 

components within AMOD can enhance the ontology-development process by introducing 

automation, predictive analytics or pattern recognition, thereby improving efficiency and accuracy. 

The developed ontology for collaborative innovation plays a pivotal role in facilitating knowledge 

sharing, interdisciplinary collaboration and innovation management within the research domain. By 

serving as a structured-knowledge repository, promoting communication among stakeholders and 

aligning with agile ontology-development principles, the ontology contributes to creating a dynamic 

ecosystem that nurtures collaborative innovation and propels research advancement. 

To achieve this, as a proof of concept, the related literature on accounting was collected and analyzed 

from among the most influential and well-cataloged works in the accounting field since their inception 

in 1945. This has helped gain comprehensive coverage of the main concepts required for optimized 

text analysis and computational-modeling technology. The proposed method automatically detects 

accounting-related topics and their associated concepts, thereby empowering the derived ontology. As 

recent findings, regulations, laws, quality assessments, …etc. have been released, an ontology of this 

kind has to adapt and accommodate fresh accounting topics and concepts that arise. These intelligently 

generated accounting topics and concepts established by artificial intelligence are fundamental to 

developing an intelligent accounting system. 

For future work, the research can explore the integration of knowledge graphs alongside ontologies to 

enhance the representation and utilization of complex, heterogeneous data in the accounting domain. 

Leveraging knowledge graphs can provide a more comprehensive and interconnected view of 

accounting concepts, enabling advanced querying, reasoning and knowledge discovery. Additionally, 

incorporating knowledge graphs can support the development of intelligent systems that can learn and 

reason from the rich knowledge encapsulated in the graph, thereby enhancing the paper's focus on 

ontology development for collaborative innovation. Lastly, the feasibility and effectiveness of the 

proposed methodology may vary across different domains and data-availability scenarios. While the 

research demonstrates the integration of machine learning within AMOD in a specific context, the 

transferability and performance of the approach in domains with limited data or distinct characteristics 

require further investigation. The adaptability of the methodology to diverse domains and the 

robustness of the machine-learning components in handling domain-specific complexities represent 

areas for future exploration and refinement. 
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البحث:ملخص 

وجدددددددي ع ى  دددددددع  اددددددد  طر  ددددددد  رددددددد    طر   ددددددد و  هدددددددقة طريقةددددددد  موذقددددددد   ر  ددددددد    دددددددي    تقددددددد    

ب طر صدددددددددا      ط  طر   ددددددددد و ع   الأددددددددد   ت ددددددددد     دددددددددىفهدددددددددي  طلإبدددددددددوذ ضددددددددد    وطلإبدددددددد ط   

     أفك ق وحايل وى  ج ت ى  كوة طر      ذ  ب ر  ل ى    لإ

 ر  دددددد    ادددددد     دددددد ىل   طر   ددددددي   طر ق ددددددوء بددددددلأ  طرددددددق ب   ط  دددددد    ع  وى وفدددددد  طر  ددددددوط  ذدددددد  ى  

، جددددد وّ طر  وذقددددد  طر ق وحددددد ور لأددددد   ذضددددد   جيط دددددم ى  ددددد   ة ىددددد  طر  ددددد  وطر  ددددديذو وطلإبددددد ط   

  ذددددد    ط ددددد   ط  تيطق ىلأددددد ت ت ا ددددد ،فددددد و    تُ دددددلأ  هدددددقة طريقةددددد  ت  لأقهددددد   اددددد  ىجددددد ل طر    ددددد    

طلآردددددد  وتق لأدددددد ت طر   قلأددددددم  ددددددد  طر  صدددددديو   دددددد   و طر    دددددددو ط    ددددددلأ  ىدددددد  ىج ي ددددددد  

 ردددددر، تجدددددوع ط  ددددد ف  ة ىددددد  وب ددددد  ضددددد     ىددددد  ط ب ددددد   وطر  قط ددددد ت فدددددع  اددددد  طر    ددددد    

ط ددددد   ط  وذُ كددددد      ددددد   را  ق دددددل ىددددد  تادددددر طر  دددددو وت قلأ هددددد  ى وفددددد  طر  دددددوط  فدددددع حقدددددل طر 

طر    و  وت الأل ح ر  طلإب ط ز زذر ا    ة ئ    ا  طر  وف  ر   طر   ي   طر   ت  ب   س  
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