ABSTRACT 
Purpose: The study investigates the impact of Artificial Intelligence (AI) technologies, specifically Machine Learning Algorithms (MLA), Natural Language Processing (NLP), Robotic Process Automation (RPA), and Blockchain Technology (BCT), on the efficiency of tax administration in Nigeria. This is against the backdrop of growing interest in AI across sectors, yet the role of these technologies in enhancing tax administration remains underexplored.
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1. INTRODUCTION
Existing Literature is rich with studies on the impact of Artificial Intelligence (AI) on tax administration efficiency (Ariyibi et al., 2024; Mpofu, 2024; Titcombe & Micah, 2026). There has been significant debate among academics, policymakers, and practitioners regarding the integration of AI technologies such as Machine Learning Algorithms (MLA), Natural Language Processing (NLP), Robotic Process Automation (RPA), and Blockchain Technology (BCT) into tax systems. Despite the growing body of research, consensus on how these technologies, individually and collectively, influence the efficiency of tax administration remains unresolved (Falana et al., 2025). This lack of consensus may be attributed to measurement challenges in assessing tax administration efficiency with traditional metrics (Mpofu, 2024), insufficient sample sizes, and a failure to adopt broader, countrywide approaches in the existing literature (Bankole et al., 2025; Martinez, 2026).
Currently, little is known about the combined effect of AI technologies on tax administration efficiency. The rationale behind this study is to bridge this gap by assessing the collective role of these AI tools- MLA, NLP, RPA, and BCT in improving efficiency. The study’s distinctive approach, compared with previous work, is premised on the belief that integrating these technologies will improve operational efficiency and enhance tax compliance, particularly within Nigeria’s tax administration. AI-driven innovations have the potential to significantly streamline tax processes, reduce fraud, and improve accuracy, all of which are essential for effective governance and public service delivery.
The current study investigates the impact of Artificial Intelligence (AI) technologies, including Machine Learning Algorithms (MLA), Natural Language Processing (NLP), Robotic Process Automation (RPA), and Blockchain Technology (BCT), on the efficiency of tax administration in Nigeria. This research departs from traditional measures of tax efficiency and examines the interactive effects of these AI technologies on various operational aspects of tax systems, including accuracy, speed, and transparency. Previous studies have touched on the potential of AI in tax administration, but they often focus on limited metrics or examine technologies in isolation (Bankole et al., 2025; Oko & Nnaji, 2025). For instance, Machine Learning has been studied in the context of fraud detection and risk-based assessments (Titcombe & Micah). However, the combined impact of MLA, NLP, RPA, and BCT on the efficiency of tax administration has not been adequately explored. This study aims to fill this gap by evaluating how these AI technologies, when combined, can improve tax compliance, reduce fraud, and streamline tax processes.
Instead of relying on the traditional approach to measuring tax efficiency, which often relies on earnings management methods or isolated technological contributions, this study adopts a more comprehensive approach. This research investigates the integrative effect of these technologies in enhancing the efficiency of tax administration. It aims to move beyond traditional assessments by exploring the broader, country-wide implications of AI adoption in Nigeria’s tax system. The study is grounded in the real-world perspectives of tax professionals, gathered through primary data obtained via structured questionnaire administered to key stakeholders at the Nigeria Revenue Service (NRS) and other relevant tax units. This unconventional approach offers valuable insights into the current state of AI adoption in Nigeria's tax administration and provides a deeper understanding of the technologies' potential impacts.
The study uses Cochran’s (1977) sample size determination technique for an infinite population to ensure that the sample size is scientifically valid and representative of the population of tax professionals and to also reduce sampling risk. This method ensures that the findings are more accurate and generalisable to the broader tax administration community in Nigeria. Additionally, unlike previous studies that have focused on state, local government, or sector-specific considerations, this study adopts a more inclusive, nationwide approach. This approach helps streamline potential biases and ensures conceptual equivalence, as the researchers and respondents share a common understanding of the technologies under survey, reducing the problem of linguistic differences or varying interpretations.
Moreover, the study focuses on primary data gathered directly from the relevant stakeholders in tax administration, tax professionals, rather than relying on secondary data or extrapolating conclusions from static financial statements. This methodology is essential because tax administration is deeply influenced by human behaviour, and insights from those involved in the process will provide a more accurate reflection of how AI can affect the tax system.
Following Section One, the introduction, the paper is structured as follows: Section Two provides a conceptual and empirical review of the existing literature, clarifying key concepts and offering a clearer understanding of the relationships among the variables. Section three presents the methodology, outlining the research philosophy, strategy, design, data source, and analytical techniques used in the study. Section four discusses the estimation results and provides a detailed discussion and interpretation of the findings. Finally, section five concludes the study, drawing together the insights gained and making recommendations based on the findings.

2. LITERATURE REVIEW AND HYPOTHESES DEVELOPMENT
Conceptualisation: Tax Administration Efficiency and Artificial Intelligence 
2.1  Tax Administration Efficiency 
Tax administration is a vital function of government that involves the timely and accurate collection of taxes. Its efficiency is essential for funding public expenditures and maintaining government operations. Taxation can be categorised into direct and indirect taxes. Direct taxes include taxes like income and property taxes, levied directly on individuals or businesses based on income or wealth. Indirect taxes, such as sales tax, Value Added Tax (VAT), and excise duties, are levied on goods and services and are generally paid by consumers rather than directly on their income or wealth (Bird, 2015).
Tax administration efficiency involves managing all the processes through which tax laws are enforced, including assessments, collections, compliance monitoring, and enforcement (Idrus, 2024). It ensures that taxes are collected accurately, fairly, and on time, while minimising errors and maximising compliance. Tax administration serves as the cornerstone of domestic revenue mobilisation, playing an indispensable role in financing national development, critical infrastructure, and essential public services such as state security, education, and healthcare. Within the Nigerian context, however, operational efficiency remains a critical policy bottleneck. The fiscal architecture is heavily restricted by systemic vulnerabilities, including persistent revenue leakage, fragmented taxpayer identification systems, overreliance on manual workflows, and pervasive tax evasion. Furthermore, weak inter-agency data integration and limited capacity for the real-time monitoring of taxable transactions create a pressing mandate for comprehensive fiscal modernisation, a necessity further accelerated by the rapid expansion of the digital economy (Ighoroje & Alajekwu, 2026)
In Nigeria, despite the government's efforts to modernise the tax system, challenges such as widespread tax evasion, inefficient enforcement, and low compliance persist. However, technological innovations, particularly the integration of AI technologies like machine learning (ML), natural language processing (NLP), and robotic process automation (RPA), present opportunities to address these challenges by automating key processes, reducing human error, and improving compliance monitoring (Ighoroje & Alajekwu, 2026; Oko & Nnaji, 2025).

2.2 Artificial Intelligence 
Artificial intelligence involves computer systems that perform tasks linked to human intelligence. These tasks include learning, prediction, classification, language interpretation, decision support, and anomaly detection (Ighoroje & Alajekwu, 2026). The following are some of the AI technologies:
2.2.1 Machine Learning Algorithms
Machine Learning Algorithms (ML) are highly effective tools for tax authorities in analysing large volumes of data, enabling the identification of patterns and anomalies that may indicate tax evasion or non-compliance. By processing and analysing historical tax data, transaction records, and taxpayer behaviour, ML algorithms can detect irregularities that might otherwise go unnoticed by traditional methods (Pandey et al., 2019). These algorithms continuously improve their predictive capabilities over time, learning from new data to refine their accuracy in identifying potentially fraudulent activities. In practice, ML has been applied to automate fraud detection by flagging suspicious transactions or filings that deviate from normal patterns, thereby preventing revenue loss from fraudulent claims (Amariles, 2021). Furthermore, the integration of AI redefines compliance monitoring through automated risk profiling and outlier detection. Rather than relying on random checks or manual data verification, machine learning models check claimed deductions against expected behavioural baselines, immediately flagging anomalies for closer scrutiny. This capabilities-driven framework optimises audit resource allocation by matching case complexity to the specific technical expertise of audit teams, thereby minimising human discretion, mitigating the risk of administrative errors, and significantly enhancing revenue collection efficiency (Rahman et al., 2024). By leveraging ML, tax authorities can streamline tax audits and improve decision-making, ensuring compliance monitoring is both proactive and precise.

2.2.2 Natural Language Processing
Natural Language Processing (NLP), a specialised subset of AI, plays a critical role in automating taxpayer communication by processing and interpreting text-based data, including tax returns, inquiries, and correspondence. In line with the empirical evidence from Lagos State, Natural Language Processing (NLP) models significantly enhance the efficiency of tax operations by handling multilingual documentation and automated taxpayer queries. Rather than relying on labour-intensive manual translation workflows, NLP algorithms streamline user interactions and convert complex tax regulations into accessible language. This technical optimisation directly addresses the localised challenges of low tax morale and compliance barriers within culturally diverse commercial hubs (Bankole et al., 2025). The adoption of Natural Language Processing (NLP) tools directly addresses the persistent weaknesses of manual processing delays and poor taxpayer service delivery. By utilising real-time AI chatbots and automated help desks, tax authorities can simplify intricate tax regulations, clarify deduction parameters, and expedite response times. This strategic automation reallocates scarce human capital to complex strategic functions, thereby reducing administrative overhead and significantly improving the overall efficiency of tax administration (Ighoroje & Alajekwu, 2026). From an operational perspective, leveraging advanced NLP techniques to process high-volume financial data directly enhances the reliability of tax assessments. As illustrated by real-world implementations, such as the data-mining approaches deployed by the Italian tax administration, NLP tools can rapidly isolate discrepancies and anomalies within massive datasets of tax returns and transaction records. Rather than relying on burdensome and error-prone manual data entry, this automatic categorisation enables authorities to contact taxpayers to rectify errors voluntarily and proactively. Consequently, systematic document analysis reduces compliance costs, eliminates administrative bottlenecks, and ensures an equitable fiscal environment (Martinez, 2026). The speed and precision with which NLP can categorise and extract relevant information from documents directly contribute to the efficiency of tax administration, improving the overall quality of service and reducing administrative burdens. 

2.2.3 Robotic Process Automation 
Robotic process automation (RPA), also known as “software robots”, is a set of software tools and platforms that interact with various information systems to automate tasks that are usually done manually (Faúndez-Ugalde, 2023). Using software robots, or "bots," RPA mimics human actions such as data entry and transaction processing, improving tax efficiency and reducing human error. RPA is widely used in business process automation (BPA) to handle tasks such as payroll, accounts payable, and data migration (Oko & Nnaji, 2025). In customer service, RPA automates responses to inquiries, providing faster solutions and improving service delivery (Faúndez-Ugalde, 2023). In healthcare, RPA reduces administrative burdens by managing patient records, scheduling, and billing (Faúndez-Ugalde, 2023). However, RPA faces challenges, particularly in integrating with legacy systems (Oko & Nnaji, 2025). The deployment of Robotic Process Automation (RPA) directly addresses the persistent weaknesses of manual processing delays and poor taxpayer tracking in modern fiscal systems (Oko & Nnaji, 2025). To realise the full potential of cognitive process automation, tax authorities must pair technological integration with comprehensive institutional reforms and public trust-building measures (Faúndez-Ugalde, 2023; Oko & Nnaji, 2025). Shifting human personnel from manual compliance verification to data-informed risk planning significantly optimises operational efficiency (Oko & Nnaji, 2025). Moving forward, the focus of administrative research must centre on modernising data infrastructure, exploring macroeconomic revenue implications, and establishing ethical frameworks to ensure that automated enforcement aligns seamlessly with the rule of law (Faúndez-Ugalde, 2023).

2.2.4 Blockchain Technology
Grounded in contemporary fiscal architecture, blockchain technology functions as a decentralised, distributed ledger system that records transactions across multiple computers, ensuring data security and immutability. Rather than serving merely as a tool for general data integrity, the integration of distributed ledger technology (DLT) is driving a paradigm shift toward "smart tax systems" that fundamentally modernise tax monitoring and compliance. Empirical reviews indicate that adopting blockchain frameworks within national tax systems can dramatically reduce Value-Added Tax (VAT) gaps by 75% to 80% while simultaneously slashing operational compliance costs for cross-border businesses by 40% to 50%. Stakeholder evaluations across digitally mature jurisdictions confirm that while technologies like artificial intelligence lead in raw predictive auditing capacity, blockchain's core structural benefit lies in guaranteeing absolute data transparency and robust transactional security (Ariyibi et al., 2024; Iqbal et al., 2025; Lyutova & Fialkovskaya, 2021).

2.3 Review of Empirical Literature
Direct literature on the interactive influence of Machine Learning (ML), Natural Language Processing (NLP), Robotic Process Automation (RPA), and Blockchain Technology (BCT) on tax administration efficiency is still emerging and relatively scarce in extant research. However, the individual application of these technologies in various industries, including tax administration, has received considerable attention both locally and internationally. This growing body of work serves as the foundation for this empirical review.
2.3.1 Machine Learning Algorithms and Tax Administration Efficiency
The use of Machine Learning (ML) algorithms in tax administration has garnered considerable empirical attention, although its full potential inside complex fiscal environments remains an active area of structural reform. Within the framework of the Federal Inland Revenue Service (FIRS), Oko and Nnaji (2025) demonstrate that machine learning significantly enhances the accuracy of tax fraud detection and risk-based auditing, directly mitigating chronic revenue leakages and bypassing manual data silos. This institutional optimisation is strongly supported by Ighoroje and Alajekwu (2026), whose time-series regression analysis shows that advanced analytics tools have a positive and statistically significant individual effect on tax administration efficiency, accounting for roughly 89% of the joint model's variance alongside complementary digital architectures. Furthermore, cross-border implementation blueprints analysed by Ariyibi et al. (2024) demonstrate that transitioning from reactive manual verification to proactive ML-driven data tracking can elevate structural anomaly identification rates to 92% while simultaneously reducing false-positive audit flags by 40%. Taken together, this body of literature confirms that the relationship between ML and optimised revenue performance is overwhelmingly positive and statistically significant, serving as a vital driver for closing compliance gaps, refining taxpayer risk profiling, and securing long-term fiscal sustainability. Based on these findings, we hypothesise a significant relationship between ML algorithms and efficient tax administration.

[bookmark: _Toc205582184]2.3.2 Natural Language Processing and Tax Administration Efficiency
Natural Language Processing (NLP) has become a critical tool for enhancing the efficiency of tax administration. However, its full potential in complex global and regional commercial hubs remains an area of ongoing research. Using a quantitative regression architecture to analyse the Lagos State Internal Revenue Service (LIRS), Bankole et al. (2025) empirically demonstrate that NLP tools have a positive and highly significant impact on processing speed, minimise documentation overhead, and elevate overall tax administration efficiency. Complementing these operational metrics, Martinez (2026) highlights the unique capacity of NLP-powered intelligent chatbots and semantic models to democratise fiscal data by translating notoriously intricate, volatile legal texts into accessible language, thereby dramatically reducing response times and bridging compliance gaps for under-resourced taxpayers. Furthermore, a time-series regression framework, as evaluated by Ighoroje and Alajekwu (2026), confirms that the broader structural relationship between NLP adoption and tax administration performance is overwhelmingly positive and statistically significant. This collective evidence demonstrates that natural language processing serves as a vital institutional driver for automating tax document classification, uncovering communication patterns, and reducing manual verification costs across heterogeneous taxpayer populations. Based on these findings, we hypothesise a significant relationship between NLP and efficient tax administration.
2.3.3 Robotic Process Automation and Tax Administration Efficiency
Robotic Process Automation (RPA) has proven a valuable tool for improving the efficiency of tax administration, though its full potential is still unfolding within modern fiscal architectures. Investigating institutional modernisation through the lens of Dynamic Capabilities Theory, Oko and Nnaji (2025) demonstrate that RPA serves as a critical transforming capability, reconfiguring organisational structures and systematically reducing the time required to handle routine tax filings. By automating repetitive back-office documentation workflows, these software agents minimise human error, optimise internal operations, and reduce administrative vulnerabilities that traditionally invite corruption and revenue leakage. This operational optimisation is further validated by Iqbal et al. (2025), whose qualitative comparative case analysis confirms that autonomous process automation significantly reduces administrative cost indices, reduces user procedural burdens, and streamlines interactions between taxpayers and state revenue bodies. However, the systemic implementation of high-speed automation also introduces distinct procedural realities; Faúndez-Ugalde (2023) cautions that the deployment of rule-based RPA scripts must be carefully balanced by robust governance frameworks and clear regulatory guidelines to safeguard fundamental human rights and ensure that automated tax enforcement remains transparent and appealable. The broader operational relationship between RPA and efficient tax administration is predominantly positive and statistically significant, indicating its vital role in streamlining compliance workflows, lowering transaction costs, and optimising strategic resource allocation. Based on these findings, we hypothesise a significant relationship between RPA and efficient tax administration.
2.3.4 Blockchain Technology and Tax Administration Efficiency 
Blockchain Technology has emerged as a transformative tool for improving the efficiency of tax administration, though its full potential is still being explored across modern fiscal systems. Through a comprehensive systematic analysis of global tax frameworks, Ariyibi et al. (2024) demonstrate that blockchain's core attributes of immutability, traceability, and decentralisation can reduce the tax gap by an estimated 75% to 80% in Value-Added Tax (VAT) schemes while simultaneously cutting business compliance costs by 40% to 50%. This operational optimisation is further validated by Iqbal et al. (2025), who note that blockchain guarantees absolute transaction immutability and data security, working alongside artificial intelligence in smart tax ecosystems to shorten audit durations and reduce administrative overhead drastically. However, the integration of distributed ledgers requires careful balancing: Lyutova and Fialkovskaya (2021) point out that implementing blockchain architectures facilitates automated, real-time "smart taxation" and minimises human error, but it also requires robust legal frameworks and technical data-sharing protocols to manage cross-border jurisdictional conflicts. The broader relationship between blockchain and efficient tax administration is generally positive and statistically significant, suggesting that distributed ledger technology plays a critical role in enhancing transparency, reducing tax evasion, and streamlining tax compliance workflows. Based on these findings, we hypothesise a significant relationship between blockchain technology and efficient tax administration.
3.METHODOLOGY 
3.1 Research Design 
The study is guided by the positivist research philosophy and anchored in a deductive research strategy, which involves operationalising concepts to measure facts quantitatively. A combination of explanatory and descriptive research design was employed. The explanatory aspect of the design helps to clarify the relationship between the dependent variable (Tax Administration Efficiency - TAE) and the independent variables (MLA, NLP, RPA, and BCT). The descriptive nature of the study provides a clear setting for understanding AI technologies in tax administration and their perceived impact. This study is conducted in Edo State, Nigeria, and the target population comprises staff at the Nigeria Revenue Service (NRS), as well as individuals involved in tax-related processes at relevant institutions such as the University of Benin and the University of Benin Teaching Hospital (UBTH).
Sample size(n₀) = 
The sample size is n; Z is the statistic corresponding to the confidence level; P is the estimated proportion of the population with the attribute; and e is the desired precision level. A sample size of 384 respondents was scientifically established for the study. The respondents were randomly selected, with equal opportunity to participate in the study. The primary data for the study were collected using a well-structured questionnaire, distributed through Google Forms. The questionnaire is divided into five parts. The first part, which covers Q1-Q5, focuses on measuring the perceived efficiency of tax administration. The second part, Q6-Q10, covers Machine Learning Algorithms (MLA). The third part, Q11-Q15, covers Robotic Process Automation (RPA). The fourth part, Q16-20, covers Natural Language Processing (NLP). The fifth part, Q21-25, covers Blockchain Technology (BCT). 
The research instrument was pilot-tested to evaluate the research protocol and its validity. Content validity was ensured through expert scrutiny, which confirmed that the instrument's content adequately captured the study’s objectives. The reliability of the instrument was determined using Cronbach’s Alpha test:
Cronbach’s Alpha(α) = 
C represents the average inter-item covariance between the items, while ν denotes the average variance. Cronbach’s Alpha is the coefficient being measured, and N is the number of items. The test yielded a composite Cronbach's alpha of 0.840, indicating a relatively high level of internal consistency among the variables. This demonstrates that the multiple-item Likert-scale survey is reliable. The rate at which variance increases was assessed using the variance inflation factor (VIF) test, as shown below:
Variance Inflation Factor (VIF) = 1/(1-r223)
The VIF (Variance Inflation Factor) measures the degree of multicollinearity, with r² representing the coefficient of multiple determination between the variables, and 1 being a constant. In the absence of collinearity, the VIF is equal to one (1). According to Debbie et al. (2013), a VIF above 10 indicates a high degree of collinearity among the variables. The results in Table 5 confirm the absence of collinearity.

3.2 Theoretical framework and Model Specification 
3.2.1 Theoretical Framework 
This study will be anchored solely on the Technology Acceptance Model (TAM), developed by Davis (1989). TAM explains how users accept and adopt new technologies, based on two key factors: Perceived Usefulness (PU), which refers to the degree to which a person believes that using a system will improve their performance, and Perceived Ease of Use (PEOU), which refers to the degree to which a person believes that using a system will be free of effort (Davis, 1989).
TAM will be employed in this study to examine how the adoption of AI technologies, specifically Machine Learning Algorithms (MLA), Natural Language Processing (NLP), Robotic Process Automation (RPA), and Blockchain Technology (BCT), influences the Efficiency of Tax Administration (ETA) over time.
The Technology Acceptance Model (TAM) offers a robust framework for understanding how users adopt and use emerging technologies in organisational settings. In this study, TAM is used to explore how the adoption of AI technologies, such as MLA, NLP, RPA, and BCT, impacts the efficiency of tax administration (ETA). According to TAM, two key perceptions, Perceived Usefulness (PU) and Perceived Ease of Use (PEOU), shape users' attitudes toward technology, which in turn influence their behavioural intention to use it and their actual usage. Building on the theoretical framework and existing literature, we anticipate a meaningful relationship between accounting ethics and financial reporting quality, expressed as:
Tax Administration Efficiency = f (Artificial Intelligence) ………………………...(i)
Decomposing AI technologies based on the dimensions of the Technology Acceptance Model (TAM), equation (6) is modified to integrate the dimensions as:
Tax Administration Efficiency = f (Machine Learning Algorithms, Natural Language Processing, Robotic Process Automation, Blockchain Technology) ….……………...(ii)
Machine Learning Algorithms (MLA) are closely related to Perceived Usefulness (PU), as they help tax administrators process large datasets, detect fraud patterns, and predict high-risk tax cases. These capabilities improve decision-making and reduce errors in tax processes. When tax staff perceive MLA as useful for increasing accuracy and saving time, their acceptance and sustained use of the technology are more likely, leading to greater tax administration efficiency (Oko & Nnaji, 2025). Therefore:
Tax Administration Efficiency = f (MACHINE LEARNING ALGORITHMS- MLA) …....(iii)
Natural Language Processing (NLP) supports Perceived Ease of Use (PEOU) by simplifying communication between tax authorities and taxpayers. With tools like chatbots, voice recognition, and automated document processing, NLP reduces manual interpretation and makes digital tax systems more accessible. When users find the system intuitive and easy to navigate, their engagement increases, which ultimately improves service delivery and responsiveness (Iqbal et al., 2025). Therefore:
Tax Administration Efficiency = f (NATURAL LANGUAGE PROCESSING – NLP) …....(iv)
Robotic Process Automation (RPA) contributes to both Perceived Usefulness (PU) and Perceived Ease of Use (PEOU). By automating repetitive, rule-based tasks such as data entry, form validation, and tax calculations, RPA minimises human effort and errors. Its user-friendly interface and minimal learning curve encourage adoption, improving speed and consistency in service (Faúndez-Ugalde & Mellado-Silva, 2023). Therefore:
Tax Administration Efficiency = f (ROBOTIC PROCESS AUTOMATION - RPA) …......(v)
Blockchain Technology (BCT) is closely tied to Perceived Usefulness (PU), particularly in its ability to enhance transparency, trust, and data integrity. Blockchain provides a secure, tamper-proof ledger for tax-related transactions, ensuring accountability and reducing opportunities for manipulation. When tax professionals perceive BCT as a tool that secures taxpayer information and promotes fairness, they are more likely to adopt it, fostering more efficient and trustworthy tax administration (Dimitropoulou et al., 2023). Therefore:
Tax Administration Efficiency = f (BLOCKCHAIN TECHNOLOGY BCT) …......(vi)
Together, these technologies, MLA, NLP, RPA, and BCT, when perceived as both useful and easy to use, influence users' intention to adopt them, in line with TAM. The successful adoption and integration of these tools will likely lead to increased efficiency in tax administration, characterised by reduced processing times, enhanced compliance monitoring, and improved public trust in tax institutions.




3.2.2 Model Specification  
The schema arising from the theoretical framework is shown in Figure 1:                                                                  
Figure 1: Schematic Representation of variables in the study
Explanatory variables                                                              Dependent variable
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Based on the schema, the overall functional form of the model, derived from the aggregation of equations (i) to (vi), is expressed as:
TAE = f (MLA, NLP, RPA, BCT) ……………………………………......(vii)

The economic form of equation (vii) is given as:
TAEₜ = β₀ + β₁MLAₜ + β₂NLPₜ + β₃RPAₜ + β4BCTₜ + εₜ………………......(viii)
Where TAEₜ is Tax Administration Efficiency at time t, MLAₜ, NLPₜ, RPAₜ, and BCTₜ are the AI indicators at time t, β₀ is the intercept, β₁, β₂, β₃, and β₄ are the coefficients, εₜ is the error term, and t is the time index (e.g., year).
Based on the extant literature and the theoretical framework, the adoption of AI technologies (MLA, NLP, RPA, and BCT) is expected to enhance the efficiency of tax administration. Thus, β₁ to β₄ > 0, indicating that AI technologies have a positive influence on TAE.

Table 1: Measurement of Variables

	Variable
	Acronym
	Measurement Scale
	Source
	A’priori 
expectation

	Tax Administration Efficiency
	TAE
	Questions 1-5
	Idrus (2024)
	Nil

	Machine Learning Algorithms 
	MLA
	Questions 6-10
	Oko & Nnaji (2025)
	+ve

	Robotic Process Automation 
	RPA 
	Questions 11-15
	Faúndez-Ugalde & Mellado-Silva (2023)
	+ve

	Natural Language Processing
	NLP
	Questions 16-20
		



	Iqbal et al. (2025)



	+ve

	Blockchain Technology
	BCT
	Questions 21-25
		



	Dimitropoulou et al. (2023)



	+ve


Source: Researcher’s compilation, 2026
Techniques for Data Analysis
The study employed both descriptive and inferential statistics. Given that the research is time-series in nature, data analysis was performed using Ordinary Least Squares (OLS) regression to examine the linear relationships between the variables over time. Descriptive statistics were first applied to provide an overview of the dataset. Each variable was assessed using its mean, representing the average value over the observation period, and its standard deviation, which indicates the extent of variability in the data. Additionally, the minimum and maximum values were examined to assess the dataset's range. 
The OLS regression technique was used to estimate the relationship between the dependent variable, Tax Administration Efficiency (TAE), and the independent variables, specifically the perception ratings of Machine Learning Algorithms (MLA) and Natural Language Processing (NLP). The model was specified based on theoretical expectations and supported by prior literature. The regression coefficients were analysed to assess the direction and strength of the relationships between the variables.
To ensure the robustness and reliability of the regression results, diagnostic tests were performed. Autocorrelation was evaluated using the Durbin-Watson statistic to assess whether regression residuals were serially correlated, as such correlation can lead to biased estimates. Multicollinearity among the independent variables was assessed using the Variance Inflation Factor (VIF), ensuring that no excessive multicollinearity existed among the predictors. Heteroscedasticity, or non-constant variance in residuals, was tested using the Breusch-Pagan or White’s test.

4. ESTIMATION RESULTS AND DISCUSSION OF FINDINGS
In this section, a preliminary analysis of the collected data was conducted. The data were analysed and interpreted using tabular form. The hypotheses formulated in Section 2 were tested, and all questionnaires administered were successfully retrieved.	Comment by HP: Section 1 is introduction 

Table 2: Reliability Statistics
	Variables
	Cronbach's Alpha based on standardized Items
	Item number on questionnaire
	Number of items

	ETA
	.431
	Q1-Q5
	5

	MLA
	.608
	Q6-Q10
	5

	RPA
	.767
	Q11-Q15
	5

	NLP
	.832
	Q16-Q20
	5

	BCT
	.838
	Q20-Q25
	5

	COMPOSITE
	.840
	Q1-Q25
	25



To evaluate the internal consistency of the scales in the questionnaire, we used Cronbach’s alpha. The Cronbach’s Alpha coefficient for the overall questionnaire stood at 0.840, indicating a high level of internal consistency. According to George and Mallery (2003), the following benchmarks are used to assess reliability: “_ > .9 – Excellent, _ > .8 – Good, _ > .7 – Acceptable, _ > .6 – Questionable, _ > .5 – Poor, and_ < .5 – Unacceptable”, therefore the result can be rated “Good” and indicates a high level of internal consistency for our scale.

Table 3: Descriptive Statistics
	
	
	Minimum
	Maximum
	Mean
	Std. Deviation

	Efficient Tax Administration
	3.20
	5
	4.48
	0.25

	Machine Learning Algorithms
	2.40
	5
	4.11
	0.22

	Robotic Process Automation
	1.20
	5
	4.14
	0.32

	Natural Language Processing
	2.60
	5
	4.26
	0.29

	Blockchain Technology
	2.60
	5
	4.33
	0.22


Presented in Table 3 are the variable-wise averaged responses of respondents. The mean score for efficient tax administration (ETA) is 4.48 (SD = 0.25), with a minimum of 3.20 and a maximum of 5. This indicates that respondents generally perceive tax administration as highly efficient, with responses clustering closely around the high mean, given the low standard deviation. Machine learning algorithms (MLA) have a mean of 4.11 (SD = 0.22), with values ranging from 2.40 to 5. This also reflects a positive perception of MLA’s effectiveness in tax administration, as indicated by the low standard deviation in the responses. Similarly, robotic process automation (RPA) has a mean of 4.14 (SD = 0.32) and ranges from 1.20 to 5. Based on this, we opine that respondents view RPA favourably, though the slightly higher standard deviation suggests greater variability in perceptions than with MLA. The mean for natural language processing (NLP) is 4.26 (SD = 0.29), ranging from 2.60 to 5, indicating a positive perception of NLP’s role in tax administration, with moderate consistency in responses. Furthermore, the statistics on blockchain technology (BCT) (Mean = 4.33, SD = 0.22) suggest strong agreement on BCT’s benefits in tax administration, supported by a low standard deviation indicating consensus. 
Conclusively, the high mean scores (all exceeding 4.0) suggest that respondents have a strong positive perception of AI technologies in enhancing the efficiency of tax administration. Blockchain technology (BCT) stands out with the highest mean (4.33), implying it is perceived as the most beneficial among the technologies assessed. The low standard deviations (ranging from 0.22 to 0.32) indicate a high level of agreement among respondents, suggesting widespread confidence in these technologies’ potential. This consensus could signal strong support for adopting and integrating AI solutions into tax administration systems, particularly BCT, which may be seen as a priority given its high rating.
We performed a Spearman correlation analysis to assess the strength of association between the variables in this study. 
Table 4: Correlation matrix of variables	Comment by HP: Table title should be immediately above the table
	
	
	ETA
	MLA
	RPA
	NLP
	BCT

	ETA
	Coefficient
	1.000
	.909**
	.712**
	.489**
	.390**

	
	Sig. (2-tailed)
	.
	0.000
	0.000
	0.000
	0.000

	MLA
	Coefficient
	.909**
	1.000
	.714**
	.437**
	.334**

	
	Sig. (2-tailed)
	0.000
	.
	0.000
	0.000
	0.000

	RPA
	Coefficient
	.712**
	.714**
	1.000
	.393**
	.387**

	
	Sig. (2-tailed)
	0.000
	0.000
	.
	0.000
	0.000

	NLP
	Coefficient
	.489**
	.437**
	.393**
	1.000
	.482**

	
	Sig. (2-tailed)
	0.000
	0.000
	0.000
	.
	0.000

	BCT
	Coefficient
	.390**
	.334**
	.387**
	.482**
	1.000

	
	Sig. (2-tailed)
	0.000
	0.000
	0.000
	0.000
	.


From Table 4, ETA-MLA shows a very strong positive correlation (ρ = .909, p < .01). This indicates that as perceptions of machine learning algorithms improve, perceptions of efficient tax administration increase markedly. Similarly, ETA-RPA shows a strong positive correlation (ρ = .712, p < .01), suggesting that higher perceptions of robotic process automation are strongly associated with enhanced perceptions of tax administration efficiency. However, for ETA-NLP, a moderate positive correlation was observed (ρ = .489, p < .01), indicating a significant but less pronounced relationship between natural language processing and efficient tax administration. In the same vein, ETA-BCT shows a weak positive correlation (ρ = .390, p < .01), suggesting a positive but relatively weak association between blockchain technology and tax administration efficiency. Overall, the very strong correlation between MLA and ETA (ρ = .909) suggests that machine learning is perceived as a cornerstone of efficient tax administration, likely due to its ability to identify patterns and enhance assessments (as seen in Table 4.2). The strong RPA correlation (ρ = .712) reinforces its role in streamlining processes. The moderate and weak correlations with NLP and BCT, respectively, imply that while these technologies are valued, they may be seen as supplementary rather than primary drivers of efficiency.
Looking at the correlation between the independent variables, the highest coefficient is r = 0.714 (RPA-MLA), which is strong but below the common threshold of .80 or .90 that typically signals problematic multicollinearity. This is further supported by the variance inflation factor results, none of which exceed 10. 
Table 5: Variance Inflation Factor
	Variable
	VIF
	Tolerance (1/VIF)

	MLA
	1.592
	0.628

	RPA
	1.808
	0.553

	NLP
	1.792
	0.558

	BCT
	1.680
	0.595






Table 6: Diagnostic Tests
	Breusch-Godfrey Serial Correlation LM Test

	
	Value
	df
	Probability

	F-statistic
	34.775
	Prob. F(2,377)
	0.000

	Obs*R-squared
	59.808
	Prob. Chi-Square(2)
	0.000

	
	
	
	

	Heteroskedasticity Test: Breusch-Pagan-Godfrey

	
	Value
	df
	Probability

	F-statistic
	7.559
	Prob. F(4,379)
	0.000

	Obs*R-squared
	28.374
	Prob. Chi-Square(4)
	0.000

	Scaled explained SS
	346.307
	Prob. Chi-Square(4)
	0.000

	
	
	
	

	Ramsey RESET Test
	
	

	
	Value
	df
	Probability

	t-statistic
	0.083
	 378
	0.933

	F-statistic
	0.006
	(1, 378)
	0.933

	Likelihood ratio
	0.007
	 1
	0.933


At 5% significance, we find evidence of the presence of autocorrelation based on Obs*R-squared of 59.808 and a small p-value of .000. In addition, there is also evidence of heteroskedasticity as revealed by Obs*R-squared of 28.374 and a small p-value of .000. However, the Ramsey RESET test does not provide evidence of mis-specification errors as the t-statistic and f-statistic both have insignificant p-values. In conclusion, based on the results of the diagnostic tests, the heteroskedasticity- and autocorrelation-consistent [HAC] standard errors and covariance were used in the analysis. 
Table 7	Regression Estimate	Comment by HP: Table 7
	Dependent Variable: ETA	Comment by HP: Use single line spacing for tables
	
	

	Variable
	Coefficient
	Std. Error
	t-Statistic
	Prob.  

	MLA
	0.802
	0.055
	14.665
	0.000

	RPA
	0.062
	0.024
	2.636
	0.009

	NLP
	0.079
	0.080
	0.980
	0.328

	BCT
	0.151
	0.124
	1.215
	0.225

	C
	-0.060
	0.305
	-0.197
	0.844

	R-squared
	0.771
	
	
	

	Adjusted R-squared
	0.769
	
	
	

	F-statistic
	318.865
	
	
	

	Prob(F-statistic)
	0.000
	
	
	

	Wald F-statistic
	198.654
	
	
	

	Prob(Wald F-statistic)
	0.000
	
	
	


Table 7 presents the regression analysis. Looking at the model summary parameters, the R-squared is 0.771, indicating that the independent variables explain 77.1% of the variance in ETA. The adjusted R-squared is 0.769, suggesting a well-specified model with minimal overfitting after accounting for degrees of freedom. The F-statistic of 318.865 (p < .001) confirms the overall model’s statistical significance. 	Comment by HP: ???
In terms of the coefficients’ direction and significance, MLA is positive and significant, B = 0.802, SE = 0.055, t(383) = 14.665, p < .001. This indicates a strong positive relationship, where higher perceptions of machine learning algorithms significantly enhance perceptions of efficient tax administration. Since the p-value is less than .05, we therefore fail to accept the null hypothesis and conclude that machine learning algorithms are significantly related to the efficiency of tax administration in Nigeria.
RPA is also positive and significant, B = 0.062, SE = 0.024, t(383) = 2.636, p = .009. This suggests a weaker yet still significant positive effect of robotic process automation on perceptions of efficiency. Since the p-value is greater than .05, we therefore fail to reject the null hypothesis and conclude that natural language processing is not significantly related to the efficiency of tax administration in Nigeria.
The coefficient of NLP is positive but not significant, B = 0.079, SE = 0.080, t(383) = 0.980, p = .328, indicating that natural language processing does not significantly predict ETA in this model. Since the p-value is greater than .05, we therefore fail to reject the null hypothesis and conclude that natural language processing is not significantly related to the efficiency of tax administration in Nigeria. 
Similarly, the coefficient of BCT is positive but not significant, B = 0.151, SE = 0.124, t(383) = 1.215, p = .225, suggesting that blockchain technology does not significantly influence perceptions of tax administration efficiency. Since the p-value is less than .05, we therefore fail to reject the null hypothesis and conclude that robotic process automation is significantly related to the efficiency of tax administration in Nigeria.
Conclusively, the regression results emphasise MLA as the dominant predictor of ETA (B = 0.802), indicating that a one-unit increase in MLA perception corresponds to a substantial 0.802-unit increase in perceived efficiency, holding other variables constant. RPA’s smaller but significant effect (B = 0.062) suggests it also contributes meaningfully. The non-significant effects of NLP and BCT imply that their perceived benefits do not translate into strong predictive power in this model.
Discussion of Findings
First, the finding that MLA has a strong, positive, and statistically significant effect on tax administration efficiency (B = 0.802, p < .001$) aligns closely with numerous empirical studies demonstrating ML’s capacity to enhance data processing, fraud detection, and predictive analytics in tax systems. For instance, within the framework of the Federal Inland Revenue Service (FIRS), Oko and Nnaji (2025) report that ML models significantly improve compliance behaviour by automating the detection of avoidance schemes, while Ighoroje and Alajekwu (2026) show that advanced analytical tax-prediction tools streamline revenue collection by optimising tax compliance administration workflows. In the Nigerian context, Bankole et al. (2025) further confirm that automated analytics applications in local tax authorities lead to measurable gains in administrative processing speed and accuracy. Theoretically, public goods theory posits that government services, such as tax administration, benefit from innovations that reduce informational asymmetries and errors, thereby improving collective welfare (Samuelson, 1954). Our results thus reinforce both empirical and theoretical expectations, underscoring MLA as a cornerstone for modernising tax operations.
Second, although prior studies in more digitally mature environments have reported positive impacts of NLP on tasks such as document classification and chatbot‐based taxpayer support (e.g., Martinez, 2026; Iqbal et al., 2025), our OLS results reveal a non‐significant relationship between NLP use and tax efficiency in Nigeria (B = 0.079, p = .328). This divergence likely stems from contextual constraints such as intermittent connectivity, limited computational infrastructure, and low levels of digital literacy, which impede the effective deployment of NLP systems. Moreover, whereas earlier baseline studies found that automated text processing insights into taxpayer interactions were positive but did not automatically translate into nationwide policy overhauls, our findings suggest that even operational uses (e.g., document parsing or chatbots) may be hampered by local implementation challenges. From a Technology Acceptance Model perspective, perceived usefulness and ease of use of NLP tools may be lower in settings where users lack both familiarity and adequate technical support, thereby dampening potential efficiency gains (Davis, 1986; Venkatesh & Davis, 2000; Iqbal et al., 2025). 
Third, the positive and significant effect of RPA on efficiency (B = 0.062, p = .009) corroborates empirical evidence that automating repetitive, rule-based tasks yields tangible improvements in time and accuracy. Oko and Nnaji (2025) document substantial reductions in processing time for core administrative functions via the automation of repetitive tasks, while Iqbal et al. (2025) demonstrate enhanced efficiency and reduced procedural burdens in audit and compliance processes via automated systems. Similarly, global data synthesised by Ariyibi et al. (2024) report fewer filing errors and significant cuts to business compliance costs through digital tax integration, and international tracking studies confirm that process automation reliably boosts compliance management across multiple jurisdictions. These convergent findings suggest that, despite varying contexts, RPA reliably streamlines core administrative functions. Theoretically, under the benefit principle, reducing the ‘costs’ (time, errors) associated with public services enhances the value received by both administrators and taxpayers, thereby justifying greater investment in such technologies (Musgrave, 1959; Smith, 1776). 
Last, contrary to numerous studies reporting significant benefits such as enhanced transparency in transaction tracking (Ariyibi et al., 2024), immutable audit trails (Iqbal et al., 2025), and secure automated identity verification (Lyutova & Fialkovskaya, 2021), our analysis finds no statistically significant link between BCT and efficiency (B = 0.151, p = .225). This discrepancy may reflect Nigeria’s nascent regulatory frameworks, interoperability hurdles with legacy systems, and widespread stakeholder scepticism. Public goods theory would suggest that without broad consensus, legal adaptation, and robust institutional support, the collective benefits of decentralised ledgers cannot be fully realised.

5. CONCLUSION AND RECOMMENDATIONS 
Extant literature is rich with studies examining the relationship between Artificial Intelligence (AI) technologies and the efficiency of tax administration. Empirical findings, both locally and internationally, suggest that AI technologies, such as Machine Learning Algorithms (MLA), Robotic Process Automation (RPA), Natural Language Processing (NLP), and Blockchain Technology (BCT), positively contribute to enhancing the efficiency of tax administration systems (Ariyibi et al., 2024; Faúndez-Ugalde, 2023; Iqbal et al., 2025; Oko & Nnaji, 2025). However, the interaction between these AI technologies and their impact on tax administration, particularly within the Nigerian context, remains relatively underexplored and is the contribution of the current study. 
The findings of this study begin by validating the positive relationship between AI technologies and the efficiency of tax administration, with a significant emphasis on the transformative role of Machine Learning Algorithms. In particular, the study underscores that while AI tools such as RPA, NLP, and BCT hold potential, their impact on tax efficiency is moderated by factors such as infrastructure and regulatory development. Machine Learning Algorithms, in particular, have been shown to have the most significant impact on optimising tax compliance and revenue collection, while other tools like NLP and BCT require further integration and improvement within the existing tax system framework. 
Based on these findings, we offer two key recommendations. First, there should be increased investment in integrating AI technologies, particularly Machine Learning, into tax administration systems to enhance operational efficiency, fraud detection, and compliance monitoring. Secondly, the Nigerian government and tax authorities must prioritise the development of supportive infrastructure and regulatory frameworks to enable the better deployment of AI, particularly tools such as NLP and Blockchain Technology, to fully realise their potential in enhancing tax administration.
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