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The study examined the effect of accounting intelligence system on firm performance of listed consumer goods firms in Nigeria. The specific objective was to examine the effect of adoption of accounting intelligence system, cost of accounting intelligence system, amortization of accounting intelligence system and intensity of accounting intelligence system on the return on asset of listed consumer goods firms in Nigeria. Ex-post facto research design was adopted in the study. The population comprised a total of 20 listed consumer goods firms in Nigeria. Purposive sampling was used to determine a sample size of 15 firms. The study used secondary data which were sourced from the published annual reports of the firms over a ten year period spanning 2015-2024. Descriptive and correlational analyses were used to summarise the data. Model diagnostics was conducted using panel heteroskedasticity tests and cross-sectional dependence test. The hypotheses were tested using panel estimated generalised least squares at 5% significance level. The findings revealed that: the adoption of accounting intelligence systems has a positive and significant effect on return on assets of listed consumer goods firms in Nigeria (β = 0.1836; p = 0.0023); the cost of accounting intelligence systems has a negative and significant effect on return on assets of listed consumer goods firms in Nigeria (β = -0.0309; p = 0.0117); the amortization of accounting intelligence systems has a positive but non-significant effect on return on assets of listed consumer goods firms in Nigeria (β = 0.0023; p = 0.5631); the intensity of accounting intelligence system usage has a negative and significant effect on return on assets of listed consumer goods firms in Nigeria (β = -1.9145; p = 0.0340). In conclusion, improvements in firm performance depend not only on having accounting intelligence system, but also on how efficiently it is financed, implemented, and integrated into the firm’s operations. The study recommends that management should accelerate the integration of AIS into core business processes and provide staff with specialized training to fully leverage its decision-support capabilities. This ensures that adoption translates into measurable performance gains.
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In today’s highly competitive and technologically driven business environment, firms are increasingly reliant on advanced systems to stay agile, efficient, and profitable. The global business domain has seen a dramatic transformation, with digital technologies playing a central role in reshaping industries and operations. Among these technologies, intelligent systems—particularly those rooted in artificial intelligence (AI), machine learning, and data analytics—have revolutionized how businesses manage their financial processes (Johri, 2025). The accounting function, traditionally regarded as a back-office role, has now become a strategic tool for organizational success, empowered by intelligent technologies that automate data processing, ensure compliance, and generate predictive hints (Shehu, 2025; Mapalo, 2025; Joel et al., 2025; Onaolapo et al., 2024; Nworie et al., 2023; Onifade et al., 2023).
An effective Accounting Intelligence System (AIS) is essential in this era of digital transformation. According to Shehu (2025), these systems integrate artificial intelligence into accounting operations, allowing for automation of tasks, real-time data processing, and advanced financial analytics. The relevance of such systems in the current business environment cannot be overstated. Modern businesses operate in an environment characterized by volatility, uncertainty, complexity, and ambiguity (VUCA), making it imperative for firms to have the ability to quickly adapt to changes and make informed decisions based on reliable and timely data (Carayannis et al., 2025). AIS enables organizations to move beyond historical reporting towards a proactive, insight-driven accounting practice. By streamlining financial processes, reducing human error, and offering high-level hints, AIS enhances the quality of decision-making at all levels of the organization (Albarra, 2025). 
The growing importance of accounting intelligence systems is increasingly being studied in academic and business circles, especially concerning their impact on firm performance (Altheebeh et al., 2025). Performance, in a business context, refers to how effectively a company utilizes its resources to achieve financial, operational, and strategic goals (Nworie & Oguejiofor, 2023). Firm performance can be measured through various indicators such as profitability, return on assets, efficiency, market share, and shareholder value. For consumer goods firms, performance metrics are not just indicators of internal efficiency but also reflect investor confidence, and market positioning (Sucipto et al., 2022). In Nigeria’s consumer goods sector—dominated by food and beverage, household products, and personal care industries—firms often operate in a challenging economic environment marked by inflation, fluctuating exchange rates, and regulatory pressures. These conditions necessitate the adoption of innovative systems that can provide accurate financial hints and support dynamic decision-making. The Accounting Intelligence System, therefore, emerges as a critical enabler of high performance in these firms, helping them not only survive but thrive in a demanding market landscape (Bello et al., 2022).
The integration of accounting intelligence systems into the operations of listed consumer goods firms in Nigeria has the potential to significantly influence their performance across multiple dimensions. First, AIS enhances the accuracy and reliability of financial data, thereby enabling better budgeting, forecasting, and financial planning (Aziz, 2022). By minimizing errors and inconsistencies, firms can ensure that their financial reports reflect true and fair views, which is crucial for internal decision-making and external stakeholder confidence. Second, AIS allows for real-time financial monitoring, which means that firms can respond more swiftly to market changes, adjust their strategies promptly, and avoid losses from delayed reactions (Onaolapo & Olanrewaju, 2024). For instance, in inventory management—a key concern for consumer goods firms—AIS can provide timely data that informs restocking decisions and reduces both overstocking and stockouts. 
More also, intelligent systems help identify patterns and anomalies in financial transactions, which aids in detecting fraud and improving internal controls. All these capabilities converge to improve operational efficiency, reduce costs, and ultimately enhance profitability and market competitiveness (Onaolapo & Olanrewaju, 2024). When firms can achieve greater productivity and financial clarity through their accounting systems, they are better positioned to deliver shareholder value, expand market share, and maintain long-term sustainability (Nduokafor et al., 2024). Thus, the effect of Accounting Intelligence Systems on firm performance is a critical area of inquiry, particularly for consumer goods firms operating in complex and fast-paced economies like Nigeria. Despite the global trend toward digital transformation, several consumer goods firms in Nigeria either have not adopted Accounting Intelligence Systems or have done so at minimal or suboptimal levels (Nworie et al., 2022). Many continue to rely on outdated, manual, or semi-automated accounting processes that are prone to errors, delays, and inconsistencies. Additionally, even among some Nigerian firms that have adopted AIS, the intensity of use remains limited due to factors such as inadequate technical expertise, insufficient infrastructure, high implementation costs, and organizational resistance to change (Ndubuisi et al., 2024). As a result, the potential benefits of AIS—such as accurate forecasting, improved financial transparency, and real-time reporting—are not being fully realized.	Comment by Idris Muhammed: The paper uses "More also" (should be "Moreover"),
The consequences of this gap between the ideal and the actual situation are far-reaching. Firms that fail to leverage Accounting Intelligence Systems effectively risk reduced operational efficiency, poor decision-making, and diminished financial performance. These inefficiencies may manifest as increased costs, lower profitability, and weakened stakeholder trust. In the long term, the inability to adapt to intelligent accounting practices can hinder competitiveness, reduce market share, and ultimately threaten the sustainability of the firm (Ndubuisi et al., 2024). For a sector as vital as consumer goods—where profit margins are thin and consumer preferences shift rapidly—the lack of effective AIS implementation represents a significant barrier to growth and resilience in Nigeria’s evolving economic landscape.
Despite the extensive empirical studies on Accounting Information Systems (AIS) and their impact on firm performance, a notable sector gap exists regarding the consumer goods industry in Nigeria. Most research has concentrated on sectors such as banking (Jalloul et al., 2022; Bello et al., 2022), manufacturing (Aziz, 2022), SMEs (Shehu, 2025; Mapalo, 2025; Joel et al., 2023), and public sectors (Tahiru, 2020). There is limited research directly addressing the Nigerian consumer goods sector—especially firms listed on the Nigerian Exchange Group (NGX). Furthermore, while prior studies have broadly examined AIS adoption, quality, or ICT investments (Jalloul et al., 2022; Aziz, 2022; Nworie et al., 2023), few have dissected the subtle impact of AIS components like amortization as discrete factors influencing ROA. For instance, although Onifade et al. (2023) and Onaolapo and Olanrewaju (2024) have looked at accounting expenditures or cloud accounting, none have comprehensively explored how these individual elements collectively shape firm profitability in Nigerian consumer goods firms. In lieu of the gaps identified above, the study justifiably examines the effect of accounting intelligence system on performance of listed consumer goods firms in Nigeria.
[bookmark: _Toc170704836][bookmark: _Toc198962368]1.1 Objectives of the Study
The main aim of the study is to examine the effect of accounting intelligence system on performance of listed consumer goods firms in Nigeria. The specific objectives are as follows: 
1. To examine the effect of the adoption of accounting intelligence system on the return on asset of listed consumer goods firms in Nigeria.
2. To determine the effect of cost of accounting intelligence system on the return on asset of listed consumer goods firms in Nigeria. 
3. To ascertain the extent to which the amortization of accounting intelligence system affect the return on asset of listed consumer goods firms in Nigeria.
4. To examine the degree to which the intensity of accounting intelligence system affect the return on asset of listed consumer goods firms in Nigeria.
[bookmark: _Toc170704838][bookmark: _Toc198962370]1.2 Research Hypotheses
The study is guided by the following null hypotheses:
H01: The adoption of accounting intelligence system has no significant effect on the return on asset of listed consumer goods firms in Nigeria.
H02: The cost of accounting intelligence system has no significant effect on the return on asset of listed consumer goods firms in Nigeria. 
H03: The amortization of accounting intelligence system does not significantly affect the return on asset of listed consumer goods firms in Nigeria.
H04: The intensity of accounting intelligence system does not significantly affect the return on asset of listed consumer goods firms in Nigeria.
[bookmark: _Toc170704844][bookmark: _Toc198962376]2.0 Review of Related Literature
[bookmark: _Toc170704845][bookmark: _Toc198962377]2.1 Conceptual Review
[bookmark: _Toc198962378]2.1.1 Accounting Intelligence System
An Accounting Intelligence System is a technology-driven platform that integrates artificial intelligence, machine learning, and advanced analytics into traditional accounting systems to elevate the efficiency, accuracy, and strategic function of financial operations (Shehu, 2025). It is an advanced accounting tool designed to process financial data in real-time, generate hints, and support strategic decision-making through predictive and prescriptive analytics. According to Wang et al. (2022), an Accounting Intelligence System refers to an integrated digital solution within an organization that transforms traditional accounting practices by enabling intelligent data management, real-time reporting, and strategic forecasting. This system is not merely an upgrade to existing software but represents a transformative shift in how financial information is gathered, processed, interpreted, and applied within a business context. The core objective of such a system is to move beyond transactional accounting to predictive, diagnostic, and prescriptive financial analysis (Agha et al., 2024).
An Accounting Intelligence System is designed to automate routine accounting functions, such as data entry, reconciliations, and compliance checks, using algorithms that learn and adapt over time (Eskandarzadeh et al., 2025). These systems analyze vast datasets in real-time, detecting trends, flagging inconsistencies, and providing proactive hints that help managers make timely and informed decisions. Unlike conventional accounting platforms that rely on static data and retrospective reporting, intelligent systems continuously monitor financial data streams and use predictive modeling to anticipate financial outcomes (Omemgbeoji & Ofor, 2024).
The integration of AI components, such as natural language processing and machine learning, allows these systems to understand and process both structured and unstructured data (Altheebeh et al., 2025). This means they can interpret emails, invoices, contracts, and other documents, extracting relevant financial information and classifying it appropriately without human intervention. The result is a more comprehensive and nuanced understanding of an organization’s financial state. Additionally, Accounting Intelligence Systems are scalable and adaptable to different organizational contexts, ranging from small businesses to multinational corporations (Ndubuisi et al., 2024). They often come equipped with dashboard interfaces and visualization tools that translate complex financial data into clear, practicable hints. These features empower not only accountants but also non-financial managers to engage with financial data meaningfully, enhancing cross-functional decision-making.
[bookmark: _Toc198962379]2.1.2 Adoption of Accounting Intelligence System
The Adoption of an Accounting Intelligence System refers to the organizational process of embracing and integrating intelligent accounting technologies into existing financial structures (Tahiru, 2020). This process encompasses the evaluation, acquisition, implementation, and assimilation of advanced, AI-powered accounting tools within a company’s operational framework. Adoption is not solely a technical matter—it involves strategic, cultural, and procedural changes that realign an organization’s approach to financial management. Adoption of an Accounting Intelligence System refers to the deliberate organizational decision to integrate AI-enabled accounting tools into business processes to improve financial oversight and competitive positioning. Adoption in this context describes the acceptance and internalization of innovative accounting technologies that automate traditional functions and elevate financial analysis capabilities. Adoption begins with the recognition of the limitations inherent in traditional accounting systems (Tahiru, 2020). Organizations might seek adoption to overcome inefficiencies such as manual data entry, delayed financial reporting, and limited forecasting capabilities. An Accounting Intelligence System offers a solution by automating repetitive tasks and enabling advanced analytics, thereby improving operational efficiency and accuracy. This realization often acts as the catalyst for organizations to explore intelligent accounting technologies.
[bookmark: _Toc198962380]2.1.3 Cost of Accounting Intelligence System
The Cost of an Accounting Intelligence System refers to the total financial investment required to acquire, implement, and maintain an AI-enabled accounting infrastructure within an organization (Tahiru, 2020). This cost is multidimensional, encompassing not only the initial price of software and hardware but also the long-term expenditures associated with integration, training, maintenance, and scalability. It refers to the capital and operational expenses associated with the deployment of an AI-driven accounting solution, including software licensing, infrastructure upgrades, training, and support (Ndubuisi et al., 2024). From an investment standpoint, the cost is seen as a long-term expenditure aimed at improving efficiency, where the benefits realized over time are expected to outweigh the initial and recurring costs. Initially, the cost includes licensing fees or purchase prices for the software solution (Schwarz, 2024). Depending on the complexity of the system and the provider, these upfront costs can vary significantly. In addition, organizations often need to upgrade their IT infrastructure to support the system’s advanced computing and data processing capabilities. This may involve investments in cloud services, data storage, cybersecurity protocols, and system compatibility testing. Beyond these direct expenses, there are significant indirect costs to consider. Staff training is a critical element, as employees must learn to operate the new system effectively and adapt to altered workflows. Ongoing costs must also be accounted for in a comprehensive cost analysis. These include subscription renewals, software updates, user support, and system maintenance (PwC, 2025).
[bookmark: _Toc198962381]2.1.4 Amortization of Accounting Intelligence System
Amortization of an Accounting Intelligence System refers to the systematic allocation of the capitalized cost of acquiring and implementing the system over its estimated useful life (Ben‐Menachem & Gavious, 2007). This accounting process reflects the gradual consumption of the system’s economic value and ensures the expense is matched with the periods benefiting from its use. The amortization of an Accounting Intelligence System represents a financial accounting concept that applies to the cost management of intangible assets (Sather, 2023). When an organization invests in an advanced accounting intelligence solution—such as software powered by artificial intelligence—it is not treated as a one-time expense but as a capital expenditure. The total cost of acquiring and deploying the system, which may include purchase, installation, and integration expenses, is recorded as an intangible asset on the statement of financial position (Rahikkala et al., 2015). Amortization, in this context, is the method used to gradually expense this asset over its estimated useful life (Sîrbulescu et al., 2021). This period typically reflects the timeframe during which the system is expected to provide economic benefits to the company, often ranging from three to ten years depending on technological evolution and organizational needs. The annual amortization expense is reported on the income statement, spreading the financial impact of the investment and aligning it with the system’s revenue-generating capacity over time. 
[bookmark: _Toc198962382]2.1.5 Intensity of Accounting Intelligence System
Intensity of an Accounting Intelligence System refers to the degree or extent to which an organization integrates, utilizes, and relies upon intelligent accounting technologies in its financial and operational decision-making processes (Ndubuisi et al., 2024). It measures how deeply embedded and functionally significant the system is within the enterprise. The concept of the intensity of an Accounting Intelligence System captures the depth and breadth of its application in a firm’s accounting infrastructure. It is not simply about whether a company has adopted such a system, but how thoroughly and effectively it is used across various financial processes (Nworie et al., 2023). Intensity reflects the operational penetration and strategic centrality of intelligent accounting technologies—those that use artificial intelligence, machine learning, and data analytics—to the organization's decision-making framework (Monteiro et al., 2023). High intensity implies a scenario where the system is not just supplementary but plays a critical role in everyday financial activities. This includes tasks like real-time data processing, automated compliance checks, advanced forecasting, and scenario analysis. It suggests that the system is widely accessible across departments, fully integrated with other enterprise software, and central to management’s planning and performance assessment efforts (Ndubuisi et al., 2024).
[bookmark: _Toc198962383]2.1.6 Firm Performance
Firm performance refers to the overall effectiveness of an organization in achieving its strategic, operational, and financial goals (Taouab & Issor, 2019). It encompasses the outcomes of business activities, typically measured in terms of profitability, market share, growth, efficiency, and shareholder value. Firm performance is a broad and multifaceted concept that captures how well a business executes its strategy and operates in its chosen markets (Nworie & Oguejiofor, 2023). It represents the extent to which an organization meets its objectives, both financial and non-financial, and sustains its operations in a competitive environment. While often quantified through financial metrics like net income, return on assets, or earnings per share, firm performance also includes qualitative elements such as managerial efficiency, product quality, and customer loyalty (Grzegorzek, 2024). In essence, firm performance indicates organizational health and competitiveness (Shehu, 2025). It reflects management's effectiveness in utilizing resources, responding to market demands, and capitalizing on business opportunities. A high-performing firm is generally one that consistently achieves strong financial results, maintains customer loyalty, operates efficiently, and adapts well to environmental changes (Grzegorzek, 2024). Such performance is the cumulative result of strategic planning, operational execution, risk management, and internal control. Firm performance can be evaluated over different time horizons—short-term performance may emphasize profitability or cash flow, while long-term performance considers sustainability, growth, and brand equity. It can also be assessed at various levels, such as individual business units, regional operations, or the enterprise as a whole.
[bookmark: _Toc198962384]2.1.6.1 Return on Asset (ROA)
Return on Asset (ROA) is a financial performance ratio that measures the profitability of a firm in relation to its total assets (Thennakoon & Rajeshwaran, 2022). It indicates how efficiently a company uses its assets to generate earnings, expressed as a percentage of net income divided by total assets (Ndubuisi et al., 2024). Return on Asset (ROA) is a key financial indicator that reveals how well a company is utilizing its asset base to produce profits. As a profitability ratio, it provides hint into the efficiency of management’s use of company resources, where a higher ROA signifies a more effective conversion of investment into net income. It is calculated by dividing the net income after taxes by the average total assets over a specific period, usually one fiscal year (Thennakoon & Rajeshwaran, 2022). This metric serves as a reflection of operational effectiveness and capital utilization (Nworie & Mba, 2022). It answers the question: for every dollar invested in assets, how much profit is being generated? ROA is especially useful for comparing companies of different sizes within the same industry, as it neutralizes the scale of operations and focuses instead on asset productivity.
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The link between an Accounting Intelligence System and firm performance lies in the system’s ability to enhance decision-making, increase operational efficiency, and strengthen financial accuracy (Jalloul et al., 2022). An Accounting Intelligence System integrates artificial intelligence and data analytics into traditional accounting functions, transforming the financial landscape of a business. By automating routine tasks such as data entry, reconciliation, and compliance checks, these systems reduce errors and free up valuable human resources for strategic tasks. This shift not only improves the speed and accuracy of financial reporting but also enables real-time hints, which are crucial for timely and informed managerial decisions. Moreover, the strategic use of Accounting Intelligence Systems directly contributes to better resource allocation and risk management, both of which are central to firm performance (Shehu, 2025). These systems analyze large volumes of financial and operational data, uncovering patterns and trends that traditional systems may overlook. Through predictive analytics and scenario modeling, businesses can forecast potential outcomes, adjust strategies proactively, and avoid financial pitfalls. As a result, firms can achieve greater cost control, and optimized investment strategies, all of which enhance long-term profitability and market competitiveness.
[bookmark: _Toc170704854][bookmark: _Toc198962387]2.2 Theoretical Framework
This study is anchored on the Resource-Based View (RBV) Theory which was formally introduced by Jay Barney in 1991 in his landmark article "Firm Resources and Sustained Competitive Advantage” (Barney et al., 2011). While earlier roots of the theory can be traced to the works of Penrose (1959) and Wernerfelt (1984), Barney’s contribution established the RBV as a central theory in strategic management (Kristandl & Bontis, 2007). The RBV postulates that a firm’s competitive advantage is derived from its internal resources and capabilities that are valuable, rare, inimitable, and non-substitutable (VRIN) (Adnan et al., 2018). According to the theory, these strategic resources can include physical assets, human capital, organizational processes, technological systems, and knowledge (Nworie et al., 2023; Caldeira & Ward, 2003). For a resource to contribute to sustained competitive advantage, it must not only improve efficiency or effectiveness but also be difficult for competitors to replicate or substitute. The theory emphasizes that firms should focus on identifying and leveraging their unique resource combinations to maintain superior performance over time.
The RBV Theory is particularly relevant to this study on the effect of Accounting Intelligence Systems (AIS) on the performance of listed consumer goods firms in Nigeria. AIS can be conceptualized as a strategic resource that integrates financial and non-financial data to support better decision-making, improve operational efficiency, and enhance performance outcomes. When effectively implemented and uniquely tailored to a firm’s operations, AIS can become a source of competitive advantage (Omemgbeoji & Ofor, 2024). In the context of Nigerian consumer goods firms, the RBV provides a useful lens for evaluating how differences in the acquisition, implementation, and utilization of AIS contribute to variations in firm performance. This perspective underscores the strategic importance of technological capability as a driver of business success.
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Shehu (2025) examined the influence of Accounting Intelligence Systems (AIS) on corporate performance among selected small and medium-sized enterprises (SMEs) in Nigeria, with particular attention to decision support systems and executive support systems. Using a descriptive survey design, the study collected primary data from 196 respondents, including SME owners, managers, financial officers, and IT personnel. Findings revealed that decision support systems had a statistically significant and positive effect on corporate performance (β = 0.113; p = 0.039). More notably, executive support systems demonstrated a stronger positive and highly significant impact (β = 0.359; p = 0.000).
Similarly, Mapalo (2025) investigated how Accounting Information Systems contribute to the operational productivity of SMEs in Biñan City. Adopting a descriptive-correlational research design, data were collected from 150 SMEs through structured questionnaires. Pearson correlation analysis showed a strong positive relationship between AIS implementation and productivity improvements.
Johri (2025) focused on the quality dimensions of Accounting Information Systems—relevance, accuracy, variability, and timeliness—and their effects on overall system performance and financial reporting accuracy. The study also explored the mediating roles of Internal Control Systems (ICS) and Artificial Intelligence (AI). Data were gathered from 566 accountants and finance professionals across India using purposive sampling. The research employed Partial Least Squares Structural Equation Modeling (PLS-SEM) to analyze the data. Results indicated that all dimensions of AIS quality significantly influence system performance. Additionally, both ICS and AI were found to significantly mediate the relationship between AIS quality and financial reporting accuracy, highlighting the importance of integrating advanced technologies and strong internal controls.
Albarra (2025) analyzed the combined effects of AIS and internal control systems on organizational performance in government-owned enterprises in East Java. Using a descriptive quantitative approach, data were obtained through questionnaires and interviews. Multiple linear regression and classical assumption tests were conducted. The results showed that AIS had a significant positive effect on performance (p = 0.035), mainly by improving operational efficiency, reporting quality, and decision-making processes. However, internal control systems did not have a significant effect (p = 0.952), suggesting that their effectiveness may depend on implementation quality or contextual factors.
Tsuma (2025) provided a comprehensive review of financial systems, including AIS, automated payroll systems, and data management tools, in enhancing operational efficiency and financial decision-making. Using thematic analysis of existing literature, the study highlighted benefits such as improved reporting accuracy, better compliance, and enhanced strategic planning. However, it also identified challenges faced by SMEs, particularly in manufacturing, such as high implementation costs, limited technical expertise, and resistance to technological change. The study emphasized a research gap in understanding how SMEs can effectively adopt financial technologies, as most prior research focuses on large organizations.
Altheebeh et al. (2025) explored the relationship between artificial intelligence and profitability in Jordanian commercial banks, with accounting systems acting as a moderating variable. The study surveyed 753 banking professionals, including financial managers, auditors, and accountants, using a structured questionnaire. Out of 350 distributed questionnaires, 290 valid responses were analyzed using SPSS and AMOS. Findings revealed that efficient accounting systems significantly enhance profitability. Moreover, the interaction between AI and accounting systems was statistically significant, indicating that AI strengthens the positive impact of accounting system efficiency on financial performance.
Ngoc (2025) investigated the role of AIS quality in improving decision-making success and non-financial performance in Vietnam. The study also examined how non-financial information quality mediates these relationships. Data were collected from 306 firms through surveys administered to executives and department heads, and analyzed using PLS-SEM. Results confirmed that AIS quality and non-financial information quality both positively influence decision-making and organizational performance. Furthermore, decision-making success was found to mediate the relationship between information quality and performance, with both acting as serial mediators linking AIS quality to non-financial outcomes.
Olaoye et al. (2025) examined the impact of digital accounting and corporate governance on the financial sustainability of Nigerian firms using panel data from 50 companies between 2014 and 2023. The study employed descriptive statistics, correlation, and panel regression analysis. Findings showed that digital accounting, particularly cloud-based systems, enhances transparency and long-term sustainability. Strong corporate governance practices further reinforce these benefits. However, artificial intelligence had limited direct effects due to infrastructural and skill-related challenges.
Ndubuisi et al. (2024) analyzed the relationship between AIS and financial performance in Nigerian healthcare firms using an ex-post facto design. Data from five listed firms were examined using panel regression. Results indicated that accounting software usage had a positive but insignificant effect on return on assets, while software costs had a significant positive impact. Conversely, excessive investment in AIS negatively affected performance, suggesting diminishing returns.
Omemgbeoji and Ofor (2024) explored the role of artificial intelligence in improving the performance of manufacturing firms in Nigeria. Using survey data from 271 employees, the study applied descriptive statistics and Spearman correlation analysis. Findings revealed that machine learning and robotic process automation significantly enhance firm performance, highlighting the growing importance of AI-driven accounting systems.
Onaolapo and Olanrewaju (2024) investigated AIS expenditures and financial performance in Nigerian non-deposit money banks. Using panel data from 2007 to 2022, the study found that operating expenses significantly affect profitability, with AIS investments explaining a substantial portion of profit variation.
Nworie et al. (2023) examined computerized accounting systems and operational efficiency, finding that increased system usage significantly reduces operating costs. Onifade et al. (2023) reported that cloud accounting costs negatively impact profitability, emphasizing the need for cost management. Joel et al. (2023) found that AIS adoption improves performance, profitability, and managerial capability among SMEs.
Earlier studies also reinforce these findings. Bello et al. (2022) showed that AIS quality significantly influences bank profitability, while Thennakoon and Rajeshwaran (2022) found a positive relationship between AIS quality and firm performance in Sri Lanka. Jalloul et al. (2022) highlighted the importance of software efficiency and usability in banking performance, while Aziz (2022) confirmed that AIS enhances organizational outcomes. Finally, Tahiru (2020) demonstrated that computerized accounting systems positively influence financial performance in Ghana, particularly when supported by organizational readiness and cost considerations.
[bookmark: _Toc170704862][bookmark: _Toc198962395]3.0 Methodology
This study adopted an ex-post facto research design to investigate the effect of accounting intelligence systems (AIS) on the firm performance of listed consumer goods firms in Nigeria. This design is appropriate because it involves the analysis of existing secondary data without manipulation of variables (Ikwuo et al., 2025), enabling an objective evaluation of cause-and-effect relationships between independent variables related to AIS—such as adoption, cost, amortization, and intensity—and the dependent variable, ROA. The population consists of all consumer goods firms listed on the Nigerian Exchange Group as of December 31, 2024. Currently, there are 20 such firms representing key players in Nigeria’s manufacturing and retail landscape. These firms provide the foundation for assessing the relationship between accounting intelligence system implementation and return on asset performance. The full population includes, but is not limited to:
Table.1 Population of the Study	Comment by Idris Muhammed: Change the font size of all Tables to 10. 
	1. Bua Foods Plc

	2. Cadbury Nigeria Plc

	3. Champion Breweries Plc

	4. Dangote Sugar Refinery Plc

	5. DN Tyre & Rubber Plc

	6. Golden Guinea Breweries Plc

	7. Guinness Nigeria Plc

	8. Honeywell Flour Mill Plc

	9. International Breweries Plc

	10. McNichols Plc

	11. Multi-Trex Integrated Foods Plc

	12. Northern Nigeria Flour Mills Plc

	13. NASCON Allied Industries Plc

	14. Nestlé Nigeria Plc

	15. Nigerian Breweries Plc

	16. Nigerian Enamelware Plc

	17. PZ Cussons Nigeria Plc

	18. Unilever Nigeria Plc

	19. Union Dicon Salt Plc

	20. Vitafoam Nigeria Plc


(Source: Nigerian Exchange Group, 2024)
A purposive sampling technique is applied to select firms that have consistently published complete and reliable financial reports containing relevant data on accounting intelligence system adoption, costs, amortization, and usage intensity from 2015 to 2024. This approach ensures the inclusion of firms listed as at 2015 and also with complete data, which enhances the study’s validity and reliability. Following this criterion, 15 firms qualified for the sample, representing a comprehensive and representative subset of the consumer goods sector.
Table 2 Sample Size
	1. Cadbury Nigeria Plc

	2. Champion Breweries Plc

	3. Dangote Sugar Refinery Plc

	4. Guinness Nigeria Plc

	5. Honeywell Flour Mill Plc

	6. International Breweries Plc

	7. Northern Nigeria Flour Mills Plc

	8. NASCON Allied Industries Plc

	9. Nestlé Nigeria Plc

	10. Nigerian Breweries Plc

	11. Nigerian Enamelware Plc

	12. PZ Cussons Nigeria Plc

	13. Unilever Nigeria Plc

	14. Union Dicon Plc.

	15. Vitafoam Nigeria Plc


(Source: Researcher’s Compilation, 2025)
Secondary data were collected from the audited annual reports and financial statements of the selected firms for the period 2015 to 2024. These reports are accessed from official sources including the Nigerian Exchange Group’s publications and company websites. The key data points collected include figures on return on assets (ROA), cost of accounting intelligence systems, amortization expenses related to AIS, degree of AIS adoption (measured through proxy indicators or disclosures), and intensity of AIS usage. Using secondary data ensures objectivity and reliability since the information has been vetted by auditors and regulators.
Data were analyzed using descriptive statistics to summarize key features such as mean, standard deviation, minimum, and maximum values of the variables. Inferential analysis done involved panel data regression techniques to examine the nexus between AIS variables and ROA. Diagnostic tests such as heteroscedasticity, and cross-sectional dependence tests helped to ensure the reliability of the panel regression results. Hypotheses testing followed a 5% significance level to determine the statistical effect of AIS on firm performance.
Hypothesis testing was based on p-values obtained from the regression analysis. A p-value less than 0.05 led to rejection of the null hypothesis, indicating a statistically significant effect of the respective AIS variable on return on assets. Conversely, a p-value equal to or greater than 0.05 implied failure to reject the null hypothesis, suggesting no significant influence. This rule facilitates rigorous interpretation and supports sound conclusions about AIS effect on firm performance.
The study adapted the model used by Ndubuisi et al. (2024) who focused on how accounting information systems influence the financial outcomes of publicly listed healthcare firms in Nigeria. The baseline model from Ndubuisi et al. (2024) is shown below:
ROAit = β0 + β1ASUit + β2CASit + β3ASIit + ų ………………………….………… (i) 
Where: ROA = Return on Assets
ASU = Accounting Software Usage 
CAS = Cost of Accounting Software 
ASI = Accounting Software Investment Intensity 
β0 = Intercept 
β1, β2, β3 = Parameters of the model 
ų = Stochastic error term
To analyze the effect of the accounting intelligence system variables on return on assets, the above model was modified to suit the specific objectives of the study thus:
ROAit ​= β0 ​+ β1​AISADit ​+ β2​AISCit​ + β3​AISAMit ​+ β4​AISIit ​+ ϵit​ ……………………..(ii)
Where:
ROAit​ = Return on Assets of firm i at time t
AISADit​ = Adoption status of AIS by firm i at time t
AISCit​ = Cost of AIS incurred by firm i at time t
AISAMit​ = Amortization expense related to AIS for firm i at time t
AISIit​ = Intensity of AIS usage by firm i at time t
β0​ = Constant term
β1​−β4​ = Coefficients of the independent variables
ϵit​ = Error term
i = Firm index
t = Year index (2015 to 2024)
Table .3 Operationalization of Variables	Comment by Idris Muhammed: Table 3 (Operationalization of Variables) appears after the regression model, it should precede the model specification to aid reader comprehension.
	Variable
	Measurement/Proxy
	Source

	Return on Asset (ROA)
	Net profit after tax ÷ total assets
	Nworie & Mba, 2022

	Adoption of Accounting Intelligence System (AIS Adoption)	Comment by Idris Muhammed: The paper uses "Accounting Intelligence System" throughout, yet the proxies used was software adoption dummy, software cost, software amortization, and software cost-to-assets ratio, are standard Accounting Information System (AIS) measures drawn from Ndubuisi et al. (2024). The term "intelligence" implies AI, machine learning, and predictive analytics, which are not measured anywhere in the study. This creates a critical conceptual disconnect between the paper's framing and its empirical content.
	Dummy variable: 1 if accounting software adopted, 0 otherwise
	Ndubuisi et al., 2024

	Cost of Accounting Intelligence System (AIS Cost)
	Natural log of annual expenditures on accounting software implementation
	Ndubuisi et al., 2024

	Amortization of AIS
	Natural log of annual amortization expense related to accounting software
	Sather, 2023

	Intensity of AIS Usage
	Cost of accounting software /Total Asset
	Ndubuisi et al., 2024


Source: Researcher’s Compilation, 2025
Table.4 shows the a priori expectations for the variables in the study based on Resource-based view theory about the effect of accounting intelligence systems (AIS) on firm performance (ROA):
Table.4 Apriori Expectation
	Variable
	Expected Sign (Effect on ROA)
	Explanation

	Adoption of Accounting Intelligence System
	Positive (+)
	Adoption of AIS is expected to improve efficiency and decision-making, thus increasing ROA.

	Cost of Accounting Intelligence System
	Negative (−)
	Higher costs of AIS may reduce profitability if not matched by performance gains immediately.

	Amortization of AIS	Comment by Idris Muhammed: Table 4 (A Priori Expectation) predicts a negative effect of amortization on ROA. The regression result, however, returns a positive coefficient (β = 0.0023), even if non-significant. This directional contradiction is not discussed anywhere in the paper.

	Negative (−)
	Amortization expense is a non-cash charge that reduces reported profit, potentially lowering ROA.

	Intensity of AIS Usage
	Positive (+)
	Greater use/intensity of AIS is expected to enhance operational effectiveness and ROA.


Source: Researcher’s Compilation (2025)
[bookmark: _Toc170704872][bookmark: _Toc198962406]4.0 Data Analysis and Discussion of Findings
[bookmark: _Toc170704873][bookmark: _Toc198962407][bookmark: _Toc170704874][bookmark: _Toc198962408]4.1 Descriptive Statistics and Model Diagnostics
Table 5  Descriptive Analysis
	
	ROA
	AISAD
	Cost of AIS
(₦’000)
	Amortization of AIS
(₦’000)
	AISI

	 Mean
	 0.014551
	 0.740000
	 945540.4
	 671095.3
	 0.006438

	 Median
	 0.023385
	 1.000000
	 289390.0
	 213108.5
	 0.003554

	 Maximum
	 5.816481
	 1.000000
	 13134292
	 4422562.
	 0.043589

	 Minimum
	-3.012121
	 0.000000
	 0.000000
	 0.000000
	 0.000000

	 Std. Dev.
	 0.593879
	 0.440104
	 1628697.
	 974869.1
	 0.007745

	 Skewness
	 4.889628
	-1.094306
	 3.860483
	 1.656971
	 1.594830

	 Kurtosis
	 67.96431
	 2.197505
	 24.60556
	 5.150479
	 5.956352

	 Jarque-Bera
	 26974.97
	 33.96262
	 3290.083
	 97.54231
	 118.2122

	 Probability
	 0.000000
	 0.000000
	 0.000000
	 0.000000
	 0.000000

	 Sum
	 2.182626
	 111.0000
	 1.42E+08
	 1.01E+08
	 0.965769

	 Sum Sq. Dev.
	 52.55107
	 28.86000
	 3.95E+14
	 1.42E+14
	 0.008938

	 Observations
	 150
	 150
	 150
	 150
	 150


Source: Eviews 10 Analysis Output (2025)
Interpretation of the descriptive statistics presented in Table 5 Descriptive Analysis is given below, with each paragraph focusing on one of the variables—Return on Asset (ROA), Adoption of AIS (AISAD), Cost of AIS, Amortization of AIS, and AIS Intensity (AISI).
The Return on Asset (ROA), as shown in Table 5, has a mean value of 0.0146, indicating that on average, listed consumer goods firms in Nigeria earn approximately 1.46% return on their total assets annually. The median ROA is slightly higher at 0.0234, suggesting that the central tendency is skewed by extreme values. The wide range between the maximum value (5.8165) and minimum value (-3.0121) points to substantial variability in firm performance, which is confirmed by the high standard deviation (0.5939). The extreme skewness of 4.8896 and kurtosis of 67.9643 indicate a highly non-normal distribution, with a heavy tail and several outliers. This distribution was statistically confirmed to be non-normal, as indicated by the Jarque-Bera probability of 0.0000.
Regarding the Adoption of Accounting Intelligence System (AISAD), the average (mean) value of 0.74 and the median of 1.00 imply that most firms in the sample have adopted accounting intelligence systems, though not universally. The dummy variable ranges from 0 to 1, so a mean of 0.74 suggests that about 74% of the firms implemented AIS during the study period. The negative skewness (-1.0943) and a kurtosis of 2.1975 point to a distribution concentrated around the adoption value of 1, with fewer non-adopters. This asymmetry and slight platykurtosis (flatter than normal) were also found to be statistically significant based on the Jarque-Bera test (p = 0.0000).
The Cost of AIS (accounting software implementation expenditure) exhibits a high mean of ₦945,540.4 and a much lower median of ₦289,390, indicating a positively skewed distribution where a few firms incur significantly higher costs than the majority. The maximum value stands at a substantial ₦13,134,292, while some firms spent nothing (minimum = 0), reinforcing this disparity. The standard deviation (₦1,628,697) is large, confirming wide variation in expenditure across firms. The skewness of 3.8605 and kurtosis of 24.6056 highlight a sharply right-skewed and leptokurtic distribution, indicating the presence of outliers and a high peak, which is statistically non-normal (Jarque-Bera p = 0.0000).
For the Amortization of AIS, the mean amortization expense is ₦671,095.3, with a median of ₦213,108.5, again pointing to a positively skewed distribution where a few firms report significantly higher amortization values. This is supported by a maximum value of ₦4,422,562 and a minimum of ₦0. The standard deviation of ₦974,869.1 also indicates considerable variability. The skewness of 1.6570 and kurtosis of 5.1505 reflect moderate right skewness and leptokurtosis. The distribution is also statistically non-normal (Jarque-Bera p = 0.0000), showing that while most firms have modest amortization expenses, a few report very high values.
Lastly, the Intensity of AIS Usage (AISI), measured by the ratio of accounting software cost to total assets, has a mean of 0.0064 and a median of 0.0036. This suggests that, on average, firms allocate about 0.64% of their total assets to accounting software costs, although half of them spend less than 0.36%. The maximum value of 0.0436 and the minimum of 0.0000 demonstrate the variation in intensity across firms. The standard deviation of 0.0077 confirms a relatively wide spread for a ratio variable. With a skewness of 1.5948 and a kurtosis of 5.9564, the distribution is right-skewed and leptokurtic, again pointing to the influence of a few firms with unusually high AIS usage intensity. This pattern is statistically significant, as evidenced by the Jarque-Bera p-value of 0.0000.
For the purpose of inferential analysis, data on cost of AIS and amortization of AIS were transformed in logarithm in order to normalize the distribution, reduce the effect of extreme values, and improve the linearity and interpretability of the regression coefficients.
[bookmark: _Toc170704876][bookmark: _Toc198962410]4.2.1 Test of Correlation
The correlation test, as presented in Table 6, assesses the strength and direction of the linear relationship between the dependent variable (Return on Asset – ROA) and each independent variable (AISAD, AISC, AISAM, and AISI). The essence of this test is to detect potential multicollinearity or redundant variables prior to regression analysis.
Table 6 Test of Correlation	Comment by Idris Muhammed: Table 6 reveals extremely high correlations among the independent variables: AISAD-AISC (r = 0.9796), AISAD-AISAM (r = 0.9581), and AISC-AISAM (r = 0.9788). These represent near-perfect correlations that constitute severe multicollinearity. The paper dismisses this concern by stating the issue 'is not inherently problematic for regression.' This is incorrect. Multicollinearity at r > 0.90 inflates standard errors, destabilizes coefficient estimates, and undermines the reliability of hypothesis testing.
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	0.0000
	----- 

	
	150
	150
	150
	150
	150

	
	
	
	
	
	

	
	
	
	
	
	


Source: Eviews 10 Analysis Output (2025)
Table 6  shows that the correlation coefficients are all very weak and close to zero: AISAD (0.0291), AISC (0.0214), AISAM (0.0225), and AISI (-0.0059). These indicate an almost nonexistent linear relationship between ROA and the AIS-related variables individually. Moreover, the corresponding p-values (ranging from 0.7239 to 0.9424) are far above the 0.05 significance threshold, confirming that none of the variables are statistically significantly correlated with ROA. This low correlation is not inherently problematic for regression, but it suggests the need to explore whether the effects of these variables are only observable in multivariate models rather than simple linear associations.
Top of Form
[bookmark: _Toc170704877][bookmark: _Toc198962411]4.2.3 Test of Heteroskedasticity 
The heteroskedasticity test in Table 7 uses the Panel Cross-section Likelihood Ratio (LR) method to assess whether the variance of the residuals is constant across all observations—a key assumption in classical regression models. The null hypothesis assumes homoskedasticity, while the alternative implies heteroskedasticity (non-constant variance).
Table 7  Test of Heteroskedasticity
	Panel Cross-section Heteroskedasticity LR Test

	
	
	
	

	
	
	
	

	
	Value
	df
	Probability

	Likelihood ratio
	 494.8651
	 15
	 0.0000

	
	
	
	

	
	
	
	


Source: Eviews 10 Analysis Output (2025)
As shown in Table 7  above, the reported p-value of 0.0000 leads to a rejection of the null hypothesis at any conventional level of significance. This result suggests the presence of heteroskedasticity in the panel data, meaning that the variability of the error terms differs across firms or time periods. This can potentially bias standard error estimates, making inference unreliable unless corrected using robust estimation techniques.
[bookmark: _Toc170704878][bookmark: _Toc198962412]4.2.4 Test of Cross-sectional Dependence
The cross-sectional dependence test, presented in Table 8, examines whether the residuals from one firm are correlated with those of another across the panel. This is critical because in panel data, assuming independence across units (firms) when they are actually interdependent (e.g., due to macroeconomic shocks or industry-wide effects) can lead to inefficient and misleading estimates.  
Table 8 Cross-sectional Dependence Test
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	Statistic  
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	Prob.  

	
	
	
	

	
	
	
	

	Pesaran CD
	3.828490
	
	0.0001

	
	
	
	

	
	
	
	


Source: Eviews 10 Analysis Output (2025)
The Pesaran CD test was used to assess the cross-sectional dependence of the model. The result revealed a p-value of 0.0001, which strongly rejects the null hypothesis of no cross-sectional dependence. This implies that the residuals are significantly correlated across firms, and standard estimation methods that assume independence is inappropriate. Consequently, panel estimated generalised least square with period seemingly unrelated regression was used as the tool for correcting both heteroskedasticity and cross-sectional dependence. 
[bookmark: _Toc170704879][bookmark: _Toc198962413]4.3 Test of Hypotheses	Comment by Idris Muhammed: The paper proceeds directly to EGLS estimation without discussing whether fixed effects or random effects models were considered or tested. The choice of estimation method needs to be theoretically and statistically justified, independent of the diagnostic test results.

Table 9 Hypotheses Testing
	Dependent Variable: ROA
	
	

	Method: Panel EGLS (Period SUR)
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	Variable
	Coefficient
	Std. Error
	t-Statistic
	Prob.  

	
	
	
	
	

	
	
	
	
	

	AISAD
	0.183623
	0.059234
	3.099955
	0.0023

	AISC
	-0.030922
	0.012115
	-2.552413
	0.0117

	AISAM
	0.002310
	0.003985
	0.579643
	0.5631

	AISI
	-1.914537
	0.894558
	-2.140204
	0.0340

	C
	0.017340
	0.017949
	0.966071
	0.3356

	
	
	
	
	

	
	
	
	
	

	
	Weighted Statistics
	
	

	
	
	
	
	

	
	
	
	
	

	R-squared	Comment by Idris Muhammed: The regression model contains only four AIS-related independent variables with no control variables. The Adjusted R² of 0.1185 (11.85% of variation in ROA explained) confirms that the model is underspecified. Important firm-level and macroeconomic confounders, such as firm size, leverage, firm age, liquidity, and industry sub-sector classification are entirely omitted. These variables are well-established determinants of ROA in the Nigerian context.
	0.142174
	    Mean dependent var
	0.053160

	Adjusted R-squared
	0.118510
	    S.D. dependent var
	1.066939

	S.E. of regression
	0.992257
	    Sum squared resid
	142.7632

	F-statistic
	6.008001
	    Durbin-Watson stat
	1.878958

	Prob(F-statistic)
	0.000168
	
	
	

	
	
	
	
	

	
	
	
	
	


Source: Eviews 10 Analysis Output (2025)
Table 9  above shows the result of the regression analysis, testing the effect of AIS on firm performance among listed consumer goods firms in Nigeria. The model's overall validity is confirmed through the Prob(F-statistic) of 0.000168, which is statistically significant at the 5% level. This implies that the model as a whole explains a significant portion of the variation in Return on Assets (ROA) among listed consumer goods firms in Nigeria. Although the Adjusted R-squared is 0.1185, which indicates that approximately 11.85% of the variation in ROA is explained by the independent variables in the model, the significant F-statistic shows the predictors are collectively meaningful. Additionally, the Durbin-Watson statistic of 1.878958 is close to the ideal value of 2, suggesting that there is no serious autocorrelation problem in the residuals. 
The constant (C) has a coefficient of 0.017340 and a p-value of 0.3356, which means it is not statistically significant at the 5% level. This intercept term reflects the expected ROA when all explanatory variables are zero. Its insignificance suggests that the base-level ROA (in absence of AIS-related inputs) is not statistically different from zero, implying that AIS-related factors are more relevant in explaining ROA variability than baseline firm characteristics. 
[bookmark: _Toc170704880][bookmark: _Toc198962414]4.3.1 Test of Hypothesis I
H01: The adoption of accounting intelligence system has no significant effect on the return on asset of listed consumer goods firms in Nigeria.
Table 9 shows that the coefficient for AISAD (Adoption of Accounting Intelligence System) is 0.183623 with a p-value of 0.0023, indicating that the effect is statistically significant at the 5% level. The positive coefficient means that adopting an accounting intelligence system increases ROA by approximately 18.36 percentage points, holding all other variables constant. This marginal effect is substantial, highlighting that firms that adopt AIS tend to experience a notable improvement in asset efficiency. Therefore, we reject the null hypothesis (H01) and conclude that the adoption of accounting intelligence system has a significant and positive effect on the return on asset of listed consumer goods firms in Nigeria. In other words, the alternate hypothesis was accepted that the adoption of accounting intelligence systems has a positive and significant effect on return on assets of listed consumer goods firms in Nigeria (β = 0.1836; p = 0.0023).
[bookmark: _Toc170704881][bookmark: _Toc198962415]4.3.2 Test of Hypothesis II
H02: The cost of accounting intelligence system has no significant effect on the return on asset of listed consumer goods firms in Nigeria. 
The coefficient for AISC (Cost of Accounting Intelligence System) is -0.030922, with a p-value of 0.0117, making the effect statistically significant at the 5% level. This means that for every additional ₦1 million spent on AIS, ROA decreases by about 3.09 percentage points, ceteris paribus. The marginal effect suggests that while AIS adoption is beneficial, excessive or inefficient spending on AIS may exert a negative pressure on firm profitability, possibly due to high implementation costs or suboptimal use of resources. Therefore, we reject the null hypothesis (H02) and conclude that the cost of accounting intelligence systems has a significant negative effect on the return on asset of listed consumer goods firms in Nigeria. In other words, the alternate hypothesis was accepted that the cost of accounting intelligence systems has a negative and significant effect on return on assets of listed consumer goods firms in Nigeria (β = -0.0309; p = 0.0117).
[bookmark: _Toc170704882][bookmark: _Toc198962416]4.3.3 Test of Hypothesis III
H03: The amortization of accounting intelligence system does not significantly affect the return on asset of listed consumer goods firms in Nigeria.
The coefficient for AISAM (Amortization of Accounting Intelligence System) is 0.002310, but it comes with a p-value of 0.5631, indicating that the effect is not statistically significant at the 5% level. This suggests that annual amortization expenses related to AIS, though slightly positive, do not have a meaningful or consistent effect on ROA among the sampled firms. The marginal effect is minimal, and its insignificance implies that how firms amortize their AIS investments doesn't strongly influence performance outcomes. As a result, we fail to reject the null hypothesis (H03) and conclude that the amortization of accounting intelligence systems does not significantly affect the return on asset of listed consumer goods firms in Nigeria. In other words, the null hypothesis was accepted that the amortization of accounting intelligence systems has a positive but non-significant effect on return on assets of listed consumer goods firms in Nigeria (β = 0.0023; p = 0.5631).
[bookmark: _Toc170704883][bookmark: _Toc198962417]4.3.4 Test of Hypothesis IV
H04: The intensity of accounting intelligence system does not significantly affect the return on asset of listed consumer goods firms in Nigeria.
The coefficient for AISI (Intensity of AIS Usage) is -1.914537, and the p-value is 0.0340, indicating that the effect is statistically significant at the 5% level. This large negative coefficient implies that a unit increase in the intensity of AIS usage (measured as AIS cost relative to total assets) results in a decrease in ROA by approximately 191.45 percentage points, although such a unit change is unlikely in practice given the scale. This extreme marginal effect reflects that firms with higher proportional AIS spending relative to their asset base tend to perform worse, possibly due to over-reliance on costly systems relative to their operational scale. Therefore, we reject the null hypothesis (H04) and conclude that the intensity of accounting intelligence system usage has a significant negative effect on the return on asset of listed consumer goods firms in Nigeria. In other words, the alternate hypothesis was accepted that the intensity of accounting intelligence system usage has a negative and significant effect on return on assets of listed consumer goods firms in Nigeria (β = -1.9145; p = 0.0340).	Comment by Idris Muhammed: The paper states: 'a unit increase in the intensity of AIS usage... results in a decrease in ROA by approximately 191.45 percentage points.' The authors acknowledge this is unrealistic in practice, yet proceed without correction. Since AISI is a ratio bounded between 0 and 0.0436, a 'unit increase' is empirically impossible and statistically meaningless.

Top of Form
[bookmark: _Toc170704884][bookmark: _Toc198962418]4.4 Discussion of Findings
The study found that the adoption of accounting intelligence systems has a positive and statistically significant effect on return on assets (β = 0.1836; p = 0.0023). This suggests that listed consumer goods firms in Nigeria benefit from AIS adoption through improved operational control, decision-making accuracy, and financial reporting efficiency. The result is intuitive: the adoption of AIS likely reduces manual processing errors, enhances data accuracy, and shortens financial closing cycles, all of which support better asset utilization and profitability. Moreover, AIS adoption may reflect broader digital transformation within the firm, which tends to modernize operations, align finance with strategy, and drive performance gains. The statistical significance confirms that this effect is not due to chance, highlighting AIS adoption as a key strategic driver of firm performance. This finding aligns with multiple empirical studies across different sectors and countries. For instance, Mapalo (2025) in the Philippines found that full AIS implementation significantly improves planning and revenue generation. Similarly, Albarra (2025) in Indonesia reported that AIS positively impacts organizational performance in government enterprises. Ngoc (2025) also found in Vietnam that AIS improves decision-making and firm performance when decision-making acts as a mediator. In Nigeria, Joel et al. (2023) showed that AIS usage enhances profitability, managerial competence, and reporting quality for MSMEs. Additionally, Mohammad and Bakr (2020) in Iraq reported that AIS adoption improved internal coordination and accounting processes, supporting the view that adoption enhances operational and financial performance. 
The cost of implementing AIS was found to have a negative and significant effect on return on assets (β = -0.0309; p = 0.0117). This indicates that high expenditure on AIS reduces firm profitability, possibly due to poor cost control, over-engineering of systems, or misalignment between investment scale and firm size. While AIS can yield long-term benefits, excessive upfront or recurring costs—especially for software customization, licensing, training, and maintenance—can erode short-term returns. In some Nigerian firms, especially those lacking strategic IT governance, AIS investments may suffer from inefficient deployment, underutilization, or cost overruns, making them a financial burden rather than an asset. Several studies echo this outcome. Onifade et al. (2023) found that software costs negatively affected return on equity in Nigeria’s food and beverage sector, highlighting the burden of AIS expenses. Ndubuisi et al. (2024) similarly observed that AIS intensity and cost-related metrics had negative implications for ROA. Onaolapo and Olanrewaju (2024) noted that only operational expenditures (OPEX) related to AIS had significant financial effects, suggesting capital costs may not yield proportional benefits. Tsuma (2025) reported high AIS costs and technical challenges for manufacturing SMEs, pointing to the risk of overinvestment. These studies suggest that while AIS can improve performance, financial discipline and right-sized investment strategies are essential to avoid counterproductive cost impacts.
The amortization of AIS showed a positive but statistically non-significant effect on ROA (β = 0.0023; p = 0.5631). This implies that spreading the cost of AIS over its useful life may smoothen expenses and avoid sudden hits to profitability, but it does not significantly influence asset returns in the observed firms. The non-significance may be due to uniform accounting practices across firms or because amortization entries are accounting formalities that do not affect real-time operational decisions or efficiency. Additionally, since amortization reflects past investment, its impact on current asset utilization might be indirect and diluted, especially if the systems are not actively leveraged or have depreciated in relevance over time. This neutral result finds partial alignment with Ndubuisi et al. (2024), who reported that software use had a positive but non-significant effect on ROA in healthcare firms. In Johri’s (2025) study in India, while AIS quality dimensions improved system performance, indirect measures like amortization were not highlighted as major contributors. Thennakoon and Rajeshwaran (2022) also observed that system control components (possibly including amortization mechanisms) were not significant for financial performance in Sri Lanka. Conversely, Olaoye et al. (2025) emphasized transparency and governance as stronger mediators than accounting formalities like amortization. These studies suggest that amortization as an accounting treatment does not strongly drive performance unless coupled with strategic system usage.
The intensity of AIS use, measured as software cost relative to total assets, had a negative and statistically significant effect on ROA (β = -1.9145; p = 0.0340). This result reveals that beyond a certain threshold, increasing reliance on or spending for AIS relative to asset base may be detrimental to firm performance. High AIS intensity could signal over-dependence on systems, inefficient resource allocation, or disproportionate investment in IT infrastructure not matched by gains in operational productivity. Firms with limited digital maturity or misaligned IT strategies may fail to extract commensurate value from heavy AIS investments, leading to poor return on deployed assets. The negative effect of AIS intensity is strongly supported by Ndubuisi et al. (2024), who also found a significant negative relationship between AIS intensity and ROA. Tsuma (2025) mentioned that high system costs and resistance to change hinder effective utilization, which may explain performance drops with increased system usage. Onifade et al. (2023) observed cost-related AIS metrics negatively affecting profitability in Nigerian firms. Even Altheebeh et al. (2025), while noting that AI enhances profitability, emphasized the importance of optimizing AIS efficiency—implying that excess usage without strategic alignment could harm financial outcomes.
[bookmark: _Toc170704889][bookmark: _Toc198962422]5.0 Conclusion and Recommendations
The findings suggest that while technological adoption in the form of accounting intelligence systems (AIS) aligns positively with firm performance, the financial burden associated with its implementation and usage may counteract its benefits. The significant positive effect of AIS adoption on return on assets (ROA) implies that firms which incorporate such systems are more likely to enhance operational efficiency, improve reporting accuracy, and streamline decision-making processes. However, the mere presence of the technology is not enough; how it is financially managed and integrated into broader organizational processes appears to be critical to its effectiveness. At the same time, the data reveals a paradox: increasing investment in AIS—whether through upfront costs or intensified use relative to asset size—can have diminishing or even adverse effects on firm performance. This may reflect cost inefficiencies, underutilization, or misalignment between the system’s capabilities and the firm’s operational structure. The significant negative effects of both AIS cost and usage intensity suggest that higher financial input into AIS does not automatically translate to better outcomes. This indicates a potential disconnect between technology expenditure and strategic value realization within the firms studied. 
The findings also underscore the complex nature of capitalizing and amortizing technology investments. The non-significant effect of AIS amortization suggests that how firms spread the cost of these systems over time does not independently influence performance. This could imply that amortization practices are more a matter of accounting convention than a driver of value creation. In conclusion, improvements in firm performance depend not only on having accounting intelligence system, but also on how efficiently it is financed, implemented, and integrated into the firm’s operations. The study recommended the following:
1. Management should accelerate the integration of AIS into core business processes and provide staff with specialized training to fully leverage its decision-support capabilities. This ensures that adoption translates into measurable performance gains.
2. Finance directors in firms should subject accounting intelligence system to stricter value-for-money assessments and negotiate better licensing terms, avoid over-customization, and adopt scalable solutions that align with operational size to avoid cost overruns.
3. Financial Policy Makers should adopt standardized amortization policies that reflect the useful life and productivity of the software. Regulatory bodies and auditors should monitor these practices to ensure transparency and comparability across firms.
4. IT Governance Committees should adopt a usage-efficiency model, ensuring that AIS deployment is proportionate to asset capacity and operational needs. Over-reliance or overinvestment in AIS beyond what the business structure requires should be avoided.
[bookmark: _Toc170704891][bookmark: _Toc198962424]5.1 Contribution to Knowledge
This study contributes to the existing literature by addressing three key gaps identified in previous research on Accounting Intelligence Systems (AIS) and firm performance. First, it fills the sector gap by focusing specifically on listed consumer goods firms in Nigeria, a sector that has been largely overlooked in favor of banking, manufacturing, SMEs, and public institutions, despite its distinctive operational characteristics and high transaction volumes. Second, the study tackles the variable gap through a multidimensional approach by disaggregating AIS into its core components—adoption, cost, amortization, and intensity—thus providing a more nuanced understanding of how each dimension uniquely affects firm performance, particularly return on assets (ROA). 
Lastly, it addresses the period gap by utilizing a comprehensive 10-year dataset spanning from 2015 to 2024, thereby incorporating the latest developments in accounting intelligence technologies and reflecting recent digital transformations accelerated by the post-COVID-19 environment. Together, these contributions enhance both the sectoral and methodological scope of AIS research while offering more current and relevant empirical hints. 
[bookmark: _Toc170704892][bookmark: _Toc198962425]5.2 Limitations of the Study and Suggestions for Further Studies
This study is subject to certain limitations that may affect the generalizability and reliability of its findings. First, the study is restricted to listed consumer goods firms in Nigeria, thereby excluding unlisted firms which may also utilize Accounting Intelligence Systems but are not represented in the sample due to lack of publicly available financial data. Secondly, some consumer goods firms were not listed on the Nigerian Exchange Group as of the 2015 accounting year—the chosen base year—and were therefore excluded from the sample, reducing the size and potentially affecting the representativeness of the study. Additionally, the study relies on secondary data extracted from published financial statements, some of which were restated by firms in subsequent years. These restatements have implications for data consistency and reliability, as they may obscure the true financial position of firms during the initial reporting periods and introduce discrepancies in trend analysis.
Future research could expand on this study by including unlisted consumer goods firms in Nigeria to provide a more complete picture of how Accounting Intelligence Systems (AIS) affect firm performance across the entire sector. Researchers might also consider using primary data, such as surveys or interviews, to capture more detailed and up-to-date information directly from firms, helping to address limitations caused by relying solely on secondary financial data. Additionally, studies could explore other sectors or compare multiple industries to see if the effects of AIS differ across different types of businesses. It would also be valuable to extend the time period beyond 2024 as new technologies continue to develop rapidly. Lastly, investigating how changes in AIS over time influence firm performance, including the impact of restated financial reports, could provide more hints on the long-term benefits and challenges of these systems.
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