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Abstract 

The diffusion of artificial intelligence (AI) amongst organizations is profoundly 

revolutionizing business processes, such management control (MC) practices. 

However, the existing literature reveals a significant gap in understanding the 

contribution of AI-empowered tools to management control systems (MCSs), 

particularly within small and medium enterprises (SMEs), where these systems are 

often rudimental, informal, subjective, and short-period-oriented. To address this 

gap, the authors employed a mixed-methods approach, featuring an open-coding and 

thematic analysis of AI-generated answers to MC questions related the analysis of 

liquidity and profitability ratios from 37 Italian SMEs, as well as a qualitative 

investigation, with in-depth interviews with 15 respondents, to highlight their 

perceptions. Our investigation is informed by the social construction of technology 

theory, to explore the relevant social groups, interpretative flexibility, technological 

frames and patterns of closure related to AI-empowered tools and their contribution 

to SMEs’ MCSs. We connect our findings to two frames, which highlight, on the 

one hand the positive contribution of such tools to SMEs’ MCSs through accurate 

and comprehensive responses; on the other hand, a negative frame highlights 

concerns related to inconsistency and verbosity of the answers, which may affect 

trust and usability. This manuscript aims to provide an overview of the possible 

contribution of AI-empowered tools to SMEs’ MCSs. Both scholars and 

practitioners can benefit from the theoretical and practical implications provided, 

which complements the limited number of studies in the field. Future research 

avenues are discussed. 
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1. Introduction 

 

Digital technologies (DTs) have brought significant transformations in 

nearly every aspect of life, with Artificial Intelligence (AI) being one of the 

most significant advancements (Valentinetti and Rea, 2023). Nowadays, AI 

is employed in numerous fields, and for different purposes, including speech 

and image recognition, medical diagnostics, and the automation of routine 

tasks (Grassi and Lanfranchi, 2022; Oppioli et al., 2023). These 

technological advancements are part of a broader process, which can be 

understood through three interrelated concepts: digitization, digitalization, 

and digital transformation (DT). Digitization entails converting from analog 

to digital form (O’Leary, 2023). Digitalization, on the other hand, involves 

the use of DTs to transform a business model, creating new chances for 

income and value creation (Valentinetti and Rea, 2025). On top of that, DT 

represents the most profound shift, as it entails leveraging DTs to create new 

business models and build new processes or restructure the existing ones 

(O’Leary, 2023). 

When it comes to organizations, digitization, digitalization and DT are 

profoundly revolutionizing business strategies, models, and processes 

(Culasso et al., 2024; Skare et al., 2023; Verhoef et al., 2021), mainly 

through the integration of DTs into various departments (Bankins et al., 

2024), including firms' accounting, finance, and management control (MC) 

functions (Chowdhury, 2023; Sundström, 2024). Scholars have 

demonstrated that DTs such as robotics (Cooper et al., 2019), blockchain 

(Kostić and Sedej, 2022), cloud computing (Maelah et al., 2020), and big 

data (Vasarhelyi et al., 2015) are profoundly influencing management 

accounting (MA) and will continue to do so (Lombardi et al., 2021). Among 

all DTs, AI is thought to have the most impact on MC because, thanks to its 

ability to learn, connect, and adapt (Sundström, 2024), it makes it possible to 

find patterns in vast volumes of accounting data that may help businesses 

make decisions (Kureljusic and Karger, 2024).  

Nonetheless, despite the usefulness of AI integration within management 

control systems (MCSs) and its continuous diffusion amongst businesses, 

there is limited research on AI and MA (Losbichler and Lehner, 2021), 

especially in small and medium enterprises (SMEs) (Merjane et al., 2024). 

While DTs and AI adoption is growing among larger firms, in SMEs this 

phenomenon is notably scant, despite its benefits and opportunities (Wei and 

Pardo, 2022). Furthermore, in SMEs, MCSs are informal, subjective, and 

short-period-oriented SME (Broccardo et al., 2017), forcing managers to 

make fixed decisions (Chowdhury, 2023). Secondly, in SMEs, MCSs tend to 
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be rudimental, as they prioritize analyses involving ratios and financial 

statements figures, driven by external factors such as taxation or bank 

requirements (Garengo and Biazzo, 2012). With AI assistance in MC, these 

issues could be addressed by including a more significant amount of data in 

the forecast, thus giving the possibility to make long-term and dynamic 

decisions and eliminating subjectivity (Losbichler and Lehner, 2021).  

However, despite this field of research having gained significant attention 

from scholars in the last period, the empirical link between AI 

implementation and MCS in SMEs remains unclear (Merjane et al., 2024). 

This lack of research underlines the need for additional empirical evidence 

on how AI-empowered tools (AIETs) could support and nurture SMEs 

MCSs (Losbichler and Lehner, 2021). Research on SMEs is particularly 

relevant, as they constitute a significant portion of the global economy 

(Cardoni et al., 2023; Giordino et al., 2024). Moreover, there is a growing 

interest among policymakers, like the European commission, in enhancing 

SMEs' digitalization (Broccardo et al., 2024; Giordino et al., 2024) In fact, 

only 22% of European SMEs employ AI (Omrani et al., 2024). 

Furthermore, despite the growing interest in AIETs for MA (Culasso et 

al., 2024; Secinaro et al., 2024), computer science disciplines dominate this 

field's research (Kureljusic and Karger, 2024). Indeed, there are significant 

research gaps on how AIETs may assess business performance, thus 

impacting MA (Rikhardsson and Yigitbasioglu, 2018). Therefore, the 

present body of research seeks to provide empirical evidence on the 

contribution of AI to MA, thus broadening our understanding of how such 

technology could be leveraged to enhance MCSs, with a particular focus on 

SMEs. 

To this end, the present manuscript seeks to investigate how AIETs, 

namely ChatGPT assistants, could nurture SMEs' MC practices and systems, 

through the assessment of liquidity (fixed assets coverage, interests 

coverage, quick ratio, debt equity ratio) and profitability (ROI, ROE, ROS, 

turnover) ratios. 

The research question formulated is as follows: 

- RQ1:  How could AIETs, specifically AI assistants, contribute to 

SME MCSs? 

In order to answer the aforementioned question, eight ratios were 

calculated for 37 Italian SMEs and ChatGPT assistants were asked to 

comment on them. Thanks to this process, we were able to collect a total of 

296 answers. Secondly, to assess the overall quality of the answer, we 

employed a mixed method approach, with an open-coding procedure and 

semi-structured interviews with 15 respondents.  
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The context and sample used in this study seek to provide empirical 

evidence to address both theoretical and contextual gaps. Indeed, SMEs 

represent the majority of the Italian business context (Perrini, 2006), and are 

under increasing pressure to enhance their DT (Broccardo et al., 2024).  

The present manuscript draws insights from the Social Construction of 

Technology (SCOT) theory, to explore the relevant social groups, 

interpretive flexibility, technological frame, and patterns of closure 

associated with AIETs and their contribution to SMEs’ MCSs. 

This manuscript's empirical findings report the rise of two frames 

regarding AIETs in SME MCSs. On the one hand, a positive frame 

emphasizes how such tools could nurture SMEs’ MC practices (Losbichler 

and Lehner, 2021; Nóbrega et al., 2023) through accurate and comprehensive 

responses (Aryal et al., 2024). On the other hand, a negative frame highlights 

concerns related to inconsistency and verbosity of the answers (Kabir et al., 

2024; Jang and Lukasiewicz, 2023; Saito et al., 2023), which may affect trust 

and usability. These conflicting frames suggest that full closure and 

stabilization are yet to be achieved (Pinch and Bijker, 1987). However, 

recent technological improvements, such as the release of GPT-4o, indicate 

that stabilization may be progressing (Feng et al., 2024), as the concerns 

highlighted in the second frame are gradually being assessed, paving the way 

for a more effective contribution of AIETs to SME MCSs 

The present body of work seeks to contribute to both theory and practice. 

Research findings gather novel insights, allowing the formulation of theories 

and notions to better comprehend the role of AI within today's SMEs' MCSs. 

Furthermore, the empirical evidence clarifies and underscores both the 

opportunities and limitations of AIETs in supporting SMEs' MCSs. By 

capturing social groups’ interpretive flexibility concerning this technology, 

the present study provides a nuanced perspective that broadens our 

understanding of AI’s evolving role within the MC field. However, it is 

important to acknowledge the manuscript's theoretical, contextual, and 

geographical limitations, highlighting the need for scholars to investigate the 

role of AI within firms' MCSs continuously. 

This article is organized as follows. Section 2 reviews the literature and 

theoretical foundations. Section 3 details the methodology. Section 4 

presents the study's findings, while section 5 discusses them. Conclusions, 

implications, limitations, and directions for future research are highlighted 

in Section 6.  
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2. Literature review 

 

2.1 Management Accounting and its use in SMEs 

 

Simons (1991) defines MA as: 

 
“The formalized routines and procedures that use information to maintain or alter 

patterns in organizational activity”. 

 

In other words, the goal of MA is to assist managers in planning, 

controlling, and making strategic decisions (Burns and Scapens, 2000; 

Kaplan, 1984) by providing both financial and non-financial information for 

use in steering organizations toward the future (Carnegie et al., 2021). 

MA's primary objectives remain constant; however, the implementation 

of its methodologies varies across firms, particularly concerning their 

respective sizes (Broccardo et al., 2025). In particular, in SMEs, MCSs tend 

to be rudimental, informal, subjective, and short-period-oriented (Broccardo, 

Ballesio, et al., 2024). Indeed, the foregoing systems mainly rely on 

assumptions rather than on data flexibility, which forces them to make fixed 

decisions (Chowdhury, 2023). Furthermore, SMEs tend to prioritize 

operational and financial performance measurement, frequently driven by 

external factors such as taxation or bank requirements (Garengo and Biazzo, 

2012). An investigation of the MA tools more frequently adopted by SMEs 

reveals a clear connection to analyses involving ratios and items that 

comprise the financial statement (Broccardo et al., 2017). Therefore, it is 

evident that, while ratio analysis represents a rudimentary tool within MA, it 

remains widely utilized by SMEs.  

On the other hand, there is empirical evidence showing that, especially in 

smaller entities, MA tends to be externalized to chartered accountants, due 

to entrepreneurs’ lack of time and financial knowledge (Broccardo, Ballesio, 

et al., 2024). 

 

 

2.2 Using artificial intelligence in management accounting 

 

The concept of AI was first introduced by Nilsson (1983), who described 

it as the capacity of machines to perceive their environment and make 

decisions that enhance their chances of achieving their goals. On the other 

hand, Russell and Norvig (2010) define AI as systems that replicate cognitive 

processes typically associated with human traits such as language, learning, 
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and problem-solving. Despite some semantic differences, current definitions 

all emphasize the growing capacity of AI systems to perform tasks and 

functions that are traditionally performed by humans (Dwivedi et al., 2023), 

such as reasoning, profound adaptation, and decision-making (Oppioli et al., 

2023). AI can change businesses' ecosystems and models (Sundström, 2024), 

improve decision-making processes (Agbon, 2024), and employ data to 

create more accurate predictions at a reduced cost (Kureljusic and Karger, 

2024). 

Researchers have shown that AI significantly influences MA more than 

other DTs, because it allows for the identification of patterns in large sets of 

accounting data, aiding businesses in their decision-making (Kureljusic and 

Karger, 2024). Indeed, MA figures are ideally suited for automated 

examination employing AI models, as they are typically rule-based and well-

structured (Nik Abdullah et al., 2022; Secinaro et al., 2024). More 

specifically, due to its interrelations, MA data is beneficial for identifying 

patterns (Carnegie et al., 2021). Furthermore, due to the vast number of 

figures included in the balance sheet, income statement, and cash-flow 

statement, it is doubtful to identify all the correlations between data without 

using machine-based evaluations (Vlad and Vlad, 2021). This finding is in 

harmony with those of Baldwin-Morgan (1995), which state that AI 

solutions, like expert systems, help organizations capture and apply 

specialized knowledge in financial analysis and reporting, while neural 

networks, with their sophisticated pattern recognition abilities, improve the 

analysis of complex financial datasets and uncover relationships that 

traditional methods might overlook. Furthermore, recent advancements in 

deep learning algorithms allow for the identification of common 

characteristics among firms, thanks to the elaboration of specific balance 

sheet indicators (Cristiano, 2020). Recent studies have also uncovered the 

potential of data-mining techniques in cost management, asset management 

and budgeting (Amani and Fadlalla, 2017). Overall, there is empirical 

evidence showing that employing AI in MA enhances rapidity and efficiency 

in organizations, as it reduces manual data entries and improves data speed, 

quality and accuracy (Secinaro et al., 2024). 

However, it is important to acknowledge that while AI can have a positive 

impact on MA, it is not without challenges. For instance, scholars have 

demonstrated how textual synthesis tools sometimes fall short in capturing 

the complexity of descriptive information in annual reports (Naidoo and 

Dulek, 2022). Furthermore, AI solutions might also produce 

"hallucinations," by generating fictitious, inaccurate, or unverified 

information (Roberts et al., 2024), potentially misleading decision-makers. 
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2.3 Social Construction of Technology Theory 

 

The authors of this manuscript draw from the SCOT, as it is a suitable 

theoretical lens for empirical studies investigating the relationship between 

MA and AI (Gupta et al., 2024). In fact, unlike deterministic frameworks, 

such as the Technology Acceptance Model, the Unified Theory of 

Acceptance and Use of Technology, and the Technology, Organization and 

Environment framework, that focus on predefined factors or rigid models of 

adoption, SCOT does not assume that AI adoption in MA occurs through a 

predictable, rational process based on perceived usefulness or readiness in 

relation to technology. In fact, there is empirical evidence showing how AI 

does not replace traditional MCSs (Secinaro et al., 2024); instead, its 

adoption is very much dependent on the perception of different actors 

towards its reliability, trustworthiness and integration into existing 

workflows. 

SCOT is defined as an approach that examines the relationship between 

society and technology (Pinch and Bijker, 1987). More specifically, 

according to SCOT, technology and society are collectively constructed. 

Central concepts of SCOT are relevant social groups, interpretive flexibility, 

technological frame, and closure or stabilization (Sovacool et al., 2023). 

Relevant social groups are different actors who refer to a technology in 

the same basic way. Social groups are crucial in defining the issues that 

emerge when new technologies are developed (Pinch and Bijker, 1987). 

SCOT theorists identify four different social groups, namely producers, 

advocates, users, and bystanders. More specifically, producers are those who 

create an artifact with an economic and organizational interest; advocates are 

those devoted to lobbying, policy development and scholarly research on 

artifacts; users are those who utilize the artifact to improve their lives; 

bystanders are those whose opinions indirectly influence the perceptions of 

what is beneficial and ethical for themselves and others, carrying a social or 

moral interest. (Humphreys, 2005). 

Social groups are linked to the notion of interpretative flexibility, as they 

have different ideas and opinions about how to use a specific technology. In 

other words, by interacting with an artifact, relevant social groups influence 

its design and interpretation (Humphreys, 2005). In fact, as each social group 

has a different perception of the issues related to technology, it contributes 

to its development (Elle et al., 2010). 

On top of that, there is the technological frame, which depicts the 
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relationships between the various social groups and their negotiated 

interpretative flexibility regarding a technology (Pinch and Bijker, 1987). 

As interpretive flexibility wanes over time, certain artifacts assume 

greater dominance, ultimately culminating in the creation of a singular entity, 

thereby bringing the process of social construction of technology to a close 

(Pinch and Bijker, 1987). This is the final concept of SCOT, namely closure 

or stabilization. 

Regarding the context analyzed in this study, we will analyze the 

perceptions and interpretative flexibility of different social groups, who 

share the same basic view of the technology, on ChatGPT-4 assistants’ 

answers on MA, thus assessing whether AI could contribute to SMEs’ MCSs. 

Following Sovacool et al. (2023) study, a more expansive and flexible 

understanding of relevant social groups is adopted, as the original SCOT 

categories are found to be inapplicable to the present case. The present study 

comprised two groups of actors. The first group comprised one programmer 

and two MA experts, who were responsible for the creation and evaluation 

of the artifact's reliability. The second group comprised individuals situated 

within the broader societal context, including entrepreneurs and academics, 

who analysed a predetermined set of outputs generated by the tool, without 

having directly contributed to its creation. However, given the exploratory 

nature of this research, it is important to note that the actual artifact producers 

of the first group did not have an economic interest in the technology itself. 

Instead, they may be regarded as advocates or even bystanders. Moreover, 

the artifact was conceived with the intention of eliciting perceptions from 

potential users, rather than analyzing actual real-world implementations. 

Accordingly, the second social group included academics and entrepreneurs 

with varying degrees of financial literacy and familiarity with digital 

technologies. 

 

 

3. Research method 

 

To address our RQ, a mixed-method approach was used. First, we used 

open coding and thematic analysis to assess the quality and correctness of 

ChatGPT-4 answers (Kabir et al., 2024) when evaluating SMEs' 

performance ratios. Second, we performed semi-structured interviews with 

15 respondents to assess their opinions on the artifact. A thorough 

explanation of every technique is given in the ensuing sections. 
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3.1. Data collection 

 

3.1.1 Sample Definition 

A sample of 37 Italian SMEs, randomly chosen from Bureau Van Dijk's 

AIDA database, was selected for the present study. AIDA is a well-reputed 

database known for incorporating companies' financial statements details, as 

well as other information, such as geographical location, sector, year of 

incorporation, ownership, and equity participation in other firms, over a 10-

year timespan. 

The selection process was guided by specific criteria, which were in line 

with deliberate sampling techniques. First, businesses had to fit the European 

Commission's definition of SMEs. In other words, we exclusively searched 

for firms employing from 10 to 249 people and with a turnover higher than 

€ 2 million but lower than € 50 million or a balance sheet total higher than € 

2 million but lower than € 43 million (European Commission, 2003). As 

previously stated, this decision was made since SMEs account for over 99% 

of all businesses in the EU and Italy (European Commission, 2021), 

significantly impacting the country's economy and serving as a good 

representation of the competitive environment. 

Beyond the aforementioned criteria, the final sample selection was guided 

by the concept of data saturation. Data saturation can be defined as the point 

beyond which no new insights can be obtained and where additional data 

collection will, at best, make only slight improvements in empirical 

contributions (Guest et al., 2006). Indeed, after carefully assessing the 

financial data retrieved from the AIDA database, we believed that data 

saturation was reached at 37 companies. Indeed, we judged that additional 

firms would not have been able fundamentally to change our findings or 

reveal newer patterns. An in-depth description of the selected companies' 

main details can be found in Appendix 1. 

After defining our final sample, we utilized the companies’ financial 

figures to calculate eight ratios, namely fixed assets coverage, interest 

coverage, quick ratio, debt-equity ratio, ROI, ROE, ROS, and turnover. We 

thus obtained a total of 296 different ratio figures. 

 

3.1.2 ChatGPT-4 Assistants Creation 

In order to better tune ChatGPT answers and to avoid hallucinations 

(Aryal et al., 2024), two MA experts, who are the authors of this study, and 

a programmer created 8 different GPT assistants for all the ratios analyzed. 

Each assistant was built on the OpenAI Platform and features a brief 
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definition of each ratio, its calculation method, a description of all the 

variables used to calculate it, ratio interpretation, and threshold values 

specific for each industry, below which performance is considered negative. 

In order to create said assistants, we employed the ChatGPT-4 version. 

 

3.1.3 ChatGPT-4 Answers Collection 

Two MA experts and a programmer created a single question prompt for 

each of the eight ratios, which they then fed to the ChatGPT-4 version on the 

OpenAI Platform. A detail of the question prompt can be found in Appendix 

2.  

The GPT-4 version was chosen as it is the only one that has the possibility 

of creating AI-empowered assistants. 

All ChatGPT-assistant answers were stored in CSV files. As the OpenAI 

Platform keeps track of past inputs and outputs, a new chat session was 

initiated, before feeding each question prompt to ChatGPT-assistants. A total 

of 296 answers were obtained. 

 

 

3.2 Open coding and thematic analysis 

 

The present section will illustrate the process employed to assess the 296 

ChatGPT-assistants’ answers, to gather the interpretative flexibility of the 

actors who created the artifact. 

ChatGPT-assistant answers were labeled at the phrase level to evaluate 

their accuracy and quality (Kabir et al., 2024). Two authors convened several 

times to develop, refine, and finalize the criteria for evaluating ChatGPT 

replies. First, the authors got familiar with the answers dataset. To ensure 

rigor and eliminate possible bias, two researchers independently classified 

twenty ChatGPT answers and provided comments about their observations. 

Following Kabir et al. (2024) work, the two scholars met to agree on their 

labeling. Then, they used thematic analysis to group the labels into four 

categories, namely correctness, consistency, conciseness, and 

comprehensiveness. 

Correctness was assessed by comparing ChatGPT answers with relevant 

and reputed literature on MA. We searched for three categories of errors: 

factual, conceptual, and terminological. If an answer did not contain any of 

these errors, it was deemed to be totally right. 

Consistency was measured by comparing the answers between them 

(Jang and Lukasiewicz, 2023). More specifically, for companies with similar 

ratio values, within the same industry or with comparable financial structures 
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or size, we compared the ChatGPT comments to check whether they were 

coherent between them. It is important to note that inconsistency does not 

necessarily mean incorrectness: two answers can be both correct, but 

inconsistent between them. 

Conciseness issues were related to the presence of redundant, irrelevant, 

and excess information (Kabir et al., 2024). Furthermore, we considered as 

not concise all those answers which were wordy, verbose or vague. 

Comprehensiveness was related to an overall assessment of the answer. 

When all aspects of the question were addressed in an answer, it was deemed 

comprehensive (Cohen et al., 2023). 

The answers labels were then compared. After agreeing on the labeling, 

all the authors evaluated all the 296 answers until a final consensus was 

reached. 

It is important to note that labels are not mutually exclusive, as an answer 

may have many quality concerns, thus resulting in multi-labeling (Kabir et 

al., 2024). 

 

 

3.3 Qualitative study 

 

With the aim of exploring the interpretative flexibility of the other social 

groups, namely entrepreneurs, and academics, we performed a study 

involving 15 participants. 

 

3.3.1 Participants selection 

15 participants were recruited for our qualitative investigation. We 

deliberately decided to incorporate a variety of viewpoints from the 

entrepreneurial and academic context. In fact, 3 participants were business 

and management PhD students, 4 participants were MA research fellows, 5 

participants were MA professors, and 3 participants were SME 

entrepreneurs. 

Purposive sampling and chain referral sampling were the techniques used 

for participant selection (Patton, 2015). Purposive sampling allowed us to 

choose interviewees based on predetermined criteria pertinent to our research 

(Fernandez-Vidal et al., 2022). On the other hand, through chain referral 

sampling we asked selected participants to recommend other experts who 

might contribute to the present research (Mack et al., 2005). To guarantee a 

certain level of cultural integrity or to prevent cultural biases (Pelzang and 

Hutchinson, 2017), we selected Italian participants, as it is the same country 

as the chosen companies. 
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Participants were asked to rate their financial literacy, level of 

competence and experience with MA and MCS, and familiarity with digital 

technologies and generative AI tools using a Likert scale ranging from 1 to 

5. Appendix 3 provides an in-depth analysis of the 15 interviewees. 

 

3.3.2 Data collection and analysis 

Data was collected through 15 semi-structured interviews with business 

and management PhD students, MA research fellows, MA professors, and 

SME entrepreneurs. Appendix 4 provides an in-depth analysis of the 15 

interviews. 

Interviews were conducted in person or via video, from March to July 

2024. The duration of each interview was from 27 to 75 minutes. 

Each interview was conducted by two authors together, ensuring 

consistency in the questioning process. Semi-structured guidelines were 

employed during all the interviews. Interviewees were provided with a CSV 

file containing the ChatGPT responses and were asked to comment on them. 

Participants were asked open-ended questions to rate the overall quality and 

correctness of each response, and provide their opinion on the practical 

usefulness of the artifact in MC practices.  

Due to respondents’ privacy concerns, the authors could not obtain 

permission to record every interview due to privacy concerns, but they 

meticulously took notes of the salient points and provided a concise summary 

of the key takeaways at the conclusion of each interview. This approach 

ensured accurate documentation of the interviews (Fernandez-Vidal et al., 

2022). Lastly, based on the theoretical saturation model of Glaser and Strauss 

(1968), the interview process ended when the authors felt that they could not 

obtain any more relevant insights for the present study (Saunders et al., 

2018). 

To ensure consistency and reliability of the results, the authors conducted 

a cross-comparison between the obtained findings. More specifically, two 

researchers independently performed coding and thematic analysis. Their 

results were then compared, and no significant differences were found. 

Finally, the two remaining authors evaluated and discussed the coding and 

thematic analysis until a final consensus was reached. 

To ensure the scientific rigor of our analysis, the Grounded Theory 

approach (Glaser and Strauss, 1968; Lincoln and Guba, 1985), combined 

with the methodology of Gioia et al. (2013) was employed. The data analysis 

process consisted of three steps. First, first-order concepts were noted 

through an open coding method (Strauss and Corbin, 1998). We searched for 

common threads about our interviewees' perceptions of ChatGPT answers. 
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In line with Strauss and Corbin's (1998) axial coding method, we limited the 

emerging themes to a block of 25 first-order concepts by comparing and 

contrasting them. Second, we searched for second-order themes to aid in 

explaining first-order concepts (Gioia et al., 2013). Third, after identifying 

25 first-order concepts, and 8 second-order themes, we reduced these latter 

into aggregate dimensions (Gioia et al., 2013), following Glaser and 

Strauss's (1968) theoretical saturation model. 

 

 

4. Findings 

 

The present section will illustrate the findings obtained from the analysis 

of the ChatGPT-assistants’ answers and the interviews. 

 

 

4.1 Open coding and thematic analysis results 

 

This section showcases our results, organized inductively around the 

aforementioned categories, namely correctness, consistency, conciseness 

and comprehensiveness (see Appendix 5). These dimensions reflect the 

interpretative flexibility of the social group of the actors who created the 

artifact. Their design choices, guided by the goal of ensuring the quality of 

the answers have influenced the artifact output characteristics. For example, 

one key design choice consisted of employing custom-built assistants 

featuring notions from relevant and reputed literature, to better tune in 

ChatGPT answers, thus increasing their overall quality. That explains the 

low percentage of incorrect answers (3.4%) and the high number of correct 

responses (96.6%). The vast majority of errors were related to incorrect 

terminology and some hallucinations were found in answers related to ratios 

with multiple components, such as ROI. 

However, utilizing custom-built assistants did not prevent some answers 

(23%) from being inconsistent between them. More specifically, in some 

cases, even if two companies, with similar characteristics such as sector and 

number of employees, had close ratio values, ChatGPT evaluations differ a 

lot between them. Appendix 6 provides an example of two inconsistent 

answers. 

The main issue encountered while evaluating answers was related to 

conciseness. More specifically, most ChatGPT comments (85.1%) were not 

concise, meaning they contained redundant, irrelevant, and excess 

information or were wordy, verbose, or vague. Concerning redundant 
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content, we noticed a number of ChatGPT answers repeating information 

already mentioned in other sections of the reply. Furthermore, we saw a few 

answers providing irrelevant information, not pertaining to the context 

analyzed. The main issues were related, though, to the presence of excess 

information, even if that was not mentioned in the assistants. More 

specifically, we noted that ChatGPT commented on the ratio trends, not only 

based on the ratio components but also by adding not-required insights or 

providing not-required solutions in case of positive and negative situations. 

Furthermore, the presence of excess information made many answers wordy, 

resulting in a prompt that was not clear. Lastly, we noticed an excessive use 

of conditional statements, such as "It might be due to…" and "This could 

have been caused by…" that made the answers vague. Appendix 6 provides 

some examples of not-concise answers. However, it is important to note that 

question recency has a significant impact on the conciseness of the answers. 

More specifically, answers generated after May 13th, 2024 (the release date 

of GPT-4o) are more concise than those obtained before said date. 

Furthermore, we also noted that answers related to ratios with many 

components, such as ROI and debt-to-equity ratio, are less concise. We 

observed this trend even after the GPT-4o release despite seeing a notable 

improvement in conciseness. 

Finally, our findings show how the majority of ChatGPT answers (92%) 

are comprehensive, as in most cases all aspects of the question were 

addressed in the answer. 

 
 

4.2 Qualitative study results 

 

Thanks to the thematic analysis of the interviews, we explored how the 

other social groups - entrepreneurs and academics - interpret and evaluate 

ChatGPT answers. Appendix 7 illustrates the resulting framework, 

synthesizing their perceptions into three interpretative dimensions, namely 

"Lack of conciseness", "Correctness", and "Applicability in SMEs". Each 

dimension tackles the tool's perceived advantages, limitations and possible 

applications in the SME context. Follows a more thorough explanation of 

how these groups make sense of this technology. 

According to our respondents, there are both strengths and challenges 

associated with the use of our artifact in SMEs. The main issue encountered 

is related to the lack of conciseness of the answers. First, entrepreneurs, who 

often work under time constraints and lack financial literacy, felt 

overwhelmed by the amount of information included in a single answer. 
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Similarly, academics described many answers as redundant, due to the 

reiteration of the same concepts in multiple ways, or to the presence of 

unnecessary details. Additionally, some answers were found to be vague and 

wordy, presenting hypotheses and over-complicated sentences to explain 

simple concepts. In a rapidly moving business environment, our respondents 

stressed the need for short and straightforward answers to help in the 

decision-making process. This is particularly relevant, especially for those 

who lack financial literacy. Notably, they found the latest responses, 

generated after the ChatGPT-4o release, satisfying in terms of conciseness. 

However, despite the conciseness issues, all our respondents recognized 

the answers' general correctness. The artifact was found to provide accurate 

information, with only minor terminology-related issues. Furthermore, the 

tool demonstrates a clear comprehension of the topic. 

Academics identified some concerns regarding consistency. Specifically, 

they highlighted how the tool provided inconsistent evaluations for 

companies with similar characteristics - such as sector and number of 

employees - which had close ratio values. This raised concerns about the 

reliability of AI-generated assessments, particularly in professional and 

educational contexts where consistency is essential. 

A crucial aspect of interpretative flexibility emerged when the 

interviewees were asked about the applicability of the artifact within SMEs. 

On the one hand, in SMEs concurrent control and short-term analysis are 

prioritized over ratio-analysis, which is seen as an additional practice 

entrepreneurs do once a year. On the other hand, our respondents reported 

how such a tool would support entrepreneurs in ratio analysis, making this 

practice more utilized in smaller firms for decision-making. Therefore, this 

could lead to developing more objective, formal and long-period oriented 

MCSs in smaller businesses. Additionally, our interviewees noted that, with 

an improvement in conciseness, the artifact would also support people who 

lack financial literacy in better understanding and implementing ratio 

analysis in their firms. 

In summary, the interpretative flexibility of the artifact varies across 

social groups, reflecting their different needs and evaluation criteria. 

Entrepreneurs prioritize efficiency and ease of comprehension, while 

academics precision and conceptual rigor. All groups acknowledge how such 

an artifact would support MA in SMEs, mainly thanks to its ability to 

generate generally correct answers. However, for this to happen, the 

technology needs some refinements. Improving conciseness and reducing 

redundancy and vagueness would make the artifact an effective tool for 

nurturing SMEs MCSs.  
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5. Discussion 
 

The present manuscript seeks to enrich the existing body of literature by 

providing new insights into the contribution of AIETs to MCSs in SMEs 

(Nóbrega et al., 2023). To answer our RQ, we employed the SCOT lens 

(Pinch and Bijker, 1987) to explore the relevant social groups, interpretive 

flexibility, technological frame, and patterns of closure associated with 

AIETs and their contribution to MCSs. The interpretative flexibility of the 

different social groups taken into consideration in the present study led to the 

construction of two frames - one positive and one negative - shaping the 

perception of AIETs in MA in the SMEs context. The first positive frame - 

AI as a MA-support tool for SMEs - sees ChatGPT assistants as valuable 

tools that could provide significant support and enhance SMEs’ MCSs. On 

the other hand, the second negative frame - issues of AIETs- focuses on some 

concerns of the artifact that could impact its reliability. 

 

 

5.1 AI as a MA-support tool for SMEs 

This frame focuses on the positive characteristics of the artifact, such as 

correctness and comprehensiveness of the answers, thus interpreting it as a 

tool that could enhance MA practices in SMEs, particularly by formalizing 

ratio analysis practice and providing support to entrepreneurs with limited 

financial literacy. In fact, through an open coding and thematic analysis, the 

artifact creators found that 96.6% of the answers were correct, and 92% 

comprehensive. The qualitative investigation confirmed these results, as both 

entrepreneurs and academics were satisfied with the overall correctness of 

GPT answers, demonstrating that the tool has a clear comprehension of the 

topic. Prior studies support our findings (Aryal et al., 2024; Kabir et al., 

2024). The overall correctness of the responses is mainly attributed to the use 

of custom-built assistants featuring reputed literature (Aryal et al., 2024). 

This design choice ensured that the only errors spotted were related to 

terminology (Albuquerque and Gomes dos Santos, 2024). 

 Furthermore, our empirical analysis shows how the artifact can address 

all aspects of the question in the vast majority of the answers (92%). This is 

in harmony with previous research, which stresses how Chat GPT provides 

comprehensive answers (Cohen et al., 2023). 

Beyond correctness and comprehensiveness, our respondents suggest that 

the artifact would prove helpful in supporting entrepreneurs in ratio analysis, 



Harnessing artificial intelligence to nurture SMEs management control systems 

29 

making this practice more utilized in smaller firms. Indeed, SMEs MCSs are 

informal, subjective, short-period-oriented (Broccardo et al., 2017), and 

assumptions-relying (Chowdhury, 2023), thus making ratio analysis often 

overlooked. To mitigate these issues, AI assistance would prove helpful by 

including a more significant amount of data in the forecast, thus giving the 

possibility to make long-term and dynamic decisions and eliminating 

subjectivity (Losbichler and Lehner, 2021).  

 

 

5.2 Issues of AI-empowered tools 

 

This frame challenges some of the artifact issues, namely the consistency 

and conciseness of the responses. These negative aspects raised some 

concerns among the different social groups about the artifact reliability. 

Firstly, our findings highlight that some inconsistencies (23%) between 

answers were present, especially when evaluating similar companies with 

close financial ratios. Our results are consistent with prior literature, which 

documents that Chat GPT often provides different outputs between 

paraphrased input questions (Jang and Lukasiewicz, 2023). This could 

represent a problem for decision makers, who may struggle to trust the 

artifacts, if it provides different answers for similar scenarios (Krügel et al., 

2023). 

Secondly, conciseness emerged as the primary issue, with 85.1% of 

responses being redundant or containing excessive information. The 

qualitative investigation confirmed these results, as both entrepreneurs and 

academics expressed concerns over the tool’s verbosity, describing answers 

as wordy, vague, and sometimes overwhelming. The foregoing result is in 

harmony with earlier academic literature, which documents how ChatGPT 

has a verbosity bias (Saito et al., 2023), tending to favor longer and wordy 

answers (Kabir et al., 2024). Furthermore, our results shed light on how more 

significant levels of excess information and conditional statements are likely 

to translate into not concise answers (Kabir et al., 2024), resulting in an 

output that is unclear and hard to understand (Xiong, 2024). This issue is 

particularly relevant for SME entrepreneurs with limited financial literacy, 

who need clear and concise insights rather than lengthy and complex 

explanations. However, we observed a notable improvement after the GPT-

4o release (Feng et al., 2024), suggesting that ongoing technological 

advancements are addressing this limitation. 
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5.3 Towards closure and stabilization 

 

The final theme identified concerns closure and stabilization or the 

absence thereof. Regarding the context analyzed in the present study, the 

interpretative flexibility of the different social groups indicates that full 

closure and stabilization have not yet been achieved. While a degree of 

rhetorical closure is emerging - highlighted by the widespread recognition of 

the artifact’s ability to answer correctly and comprehensively, and thus its 

positive role in nurturing SMEs MCSs - some concerns remain about the 

responses' consistency and conciseness. The different social groups perceive 

the tool as a valuable support for SMEs MCSs, particularly in the form of 

ratio analysis, reinforcing the notion that AIETs can formalize MA and 

decision-making in smaller companies (Losbichler and Lehner, 2021; 

Nóbrega et al., 2023). However, responses inconsistencies and verbosity 

(Kabir et al., 2024; Jang and Lukasiewicz, 2023) challenge this stabilization. 

According to Pinch and Bijker (1987), an artifact reaches its stabilization 

when these heterogeneous concerns - in this case wordiness and 

inconsistency - are adequately addressed. The recent improvements seen 

after the release of GPT-4o suggest that stabilization may be progressing 

(Feng et al., 2024), but the process is still incomplete. This emphasizes the 

actual lack of closure related to the artifact, but, at the same time, the crucial 

role AI training methodologies will play in determining whether AIETs can 

achieve a true closure within SMEs, ultimately becoming fully integrated in 

MCSs, making them less informal, subjective and short-period-oriented 

(Losbichler and Lehner, 2021), and helping entrepreneurs assess their 

companies trends and performance (Nóbrega et al., 2023), through ratio 

analysis, without delegating this process to chartered accountants. 

 

 

6. Conclusion 
 

The present study explores how AIETs, namely custom-built AI 

assistants featuring ChatGPT-4 technology, could contribute to SME MCSs. 

Through the lens of the SCOT, we assessed the relevant social groups, 

interpretive flexibility, technological frame, and patterns of closure 

associated with the artifact we built, in an attempt to identify its possible 

contribution to MA in smaller companies. Therefore, this paper bridges 

several research gaps and represents a valuable starting point for developing 

this subject. 
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6.1 Practical and Theoretical Implications 

 

Our study makes several contributions to both academics and 

practitioners. First, it contributes to the AI and MC literature strand (Nik 

Abdullah et al., 2022; Secinaro et al., 2024; Valentinetti and Rea, 2023). 

Second, we further our understanding of the SCOT, demonstrating that it can 

be effectively employed to analyze AIETs on SME MCSs (Gupta et al., 

2024). This highlights how such a technology is not merely a standalone 

artifact, but rather embedded within broader sociotechnical systems, shaped 

by the interactions between different social groups, such as entrepreneurs, 

academics, and technology designers. Third, our findings could prove 

helpful to SMEs seeking to utilize AI in MA. For example, entrepreneurs, 

with the aid of academics and programmers, could build customized GPT 

assistants to nurture and enhance their companies' MCSs, thus optimizing 

their decision-making processes. Fourth, our findings may offer valuable 

insights to both entrepreneurs and academics by highlighting the positive and 

negative aspects of GPT answers, thus providing helpful guidance on how to 

effectively utilize AI assistants for MC practices. 

 

 

6.2 Limitations and Directions for Future Research 

 

The present manuscript has various limitations which can serve as a basis 

for further research. First, while our investigation provides insights into the 

perceived usefulness and limitations of AIETs for SMEs’ MCSs it does not 

constitute a real-world deployment of the tool within organizational contexts. 

While this approach is consistent with the interpretive and exploratory nature 

of early-stage SCOT-informed research, it limits our ability to assess actual 

adoption dynamics or behavioral changes in management control practices. 

Future research could build upon these exploratory findings by conducting 

longitudinal case studies or field experiments that observe the integration of 

AIETs into SMEs’ MCSs over time. Second, the generalizability of our 

results is limited by our sampling approach and the small sample size. 

Further works should thus carry out empirical analyses in different contexts 

and locations. For instance, comparative studies between countries with 

different reporting or MA practices could prove particularly useful in 

highlighting the contribution of GPT assistants on MCSs. Furthermore, 

future research could explore the perception of large or micro-enterprises to 

get a more nuanced understanding of the impact of GPT assistants on MA. 
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Third, the present manuscript analyzes only eight ratios. Future studies 

should analyze other ratios, as well as the economic, property, and financial 

balances. Lastly, this empirical body of work is informed and limited by the 

SCOT. Consequently, in order to gain a deeper understanding of the 

contribution of AI to MCSs, future further studies could employ other 

theoretical lenses like technology appropriation and contingency theory. 
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