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Abstract
[bookmark: _Hlk212723136]This study examines the determinants of financial performance across financial services firms listed on the Nigerian Exchange Group (NGX) from 2013 to 2022. Data were collected from firms’ annual reports and accounts. Dynamic panel data techniques using a two-step System Generalised Method of Moments (GMM) estimator were employed to address potential endogeneity and dynamic effects. The results show that the lagged dependent variable positively influences financial outcomes, indicating a positive relationship with profitability. The adoption of Artificial Intelligence improves operational competence, while active Risk Management Committee Diligences further reinforce performance. Governance apparatus, mostly larger board size and better audit committee independence, significantly contribute to enhanced outcomes, stressing the significance of responsibility and oversight. Managerial shareholding and return on equity also increase profitability by aligning managers' and shareholders' interests. Equally, leverage has an adverse effect, indicating that excessive debt weakens financial firmness. Other variables, such as ownership concentration, gender diversity, and firm size, display a limited impact. Overall, the study stresses that adoption of technology, judicious risk management, and robust governance frameworks are vital drivers of workable financial performance across Nigerian financial institutions.
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Introduction
In a rapidly evolving era of digital technologies, the Board of Directors (BoDs) and regulators are tasked with developing an innovative, broader framework to consolidate shareholders' wealth and each stakeholder's interests through effective monitoring. (Oteri et al., 2024). Consequently, financial services firms are fundamentally exposed to higher liability risks and, therefore, subject to greater accountability from both stakeholders and regulators. (Baffour Gyau et al., 2024). For instance, in 2023, the financial services sector witnessed over 20,000 cyberattacks worldwide, resulting in total losses of USD 2.5 billion and above USD 12 billion over the last two decades. (Eskandarany, 2024) Empirical studies always highlight the relationship between the structural features of the BoDs and the overall performance of financial services firms. In particular, prior findings indicate that larger boards enhance the efficacy of monitoring and control mechanisms, thereby contributing to improved Corporate Governance (CG) and more robust decision-making processes (Alzeghoul & Alsharari, 2024) especially in the era of disruptive technology such as artificial intelligence (AI).

The BoDs' awareness of AI and its implications for financial performance is vital for effective governance and the discharge of fiduciary obligations in the digital horizon. As overseers of long-term value creation, Boards must not only supervise the strategic deployment of AI but also ensure that its adoption aligns with institutional objectives, regulatory expectations, and shareholders’ interests. (Shiyyab et al., 2023). With financial services firms injecting substantial funds into AI technologies to improve competitiveness and adjust to rapidly developing market conditions (Eskandarany, 2024).The Board’s role is essential in evaluating the fiscal results of such investments is indispensable. This includes directing capital allocation, safeguarding against inherent risks, and ensuring that innovation contributes to sustainable performance outcomes. (Githaiga et al., 2022).

The significance of this research extends beyond organisational boundaries, highlighting broader policy essentials in a time defined by technological disruption and rapid digital transformation. (Jane Chizoba & Jkj, 2025). Boards are therefore placed at the intersection of innovation and risk governance, where they must balance the opportunities presented by AI with the duty to protect financial stability, preserve stakeholder interests, and aid inclusive growth. At its core, this study emphasises the strategic importance of equipping BoDs with evidence-based awareness and analytical frameworks that will empower them to leverage AI for sustainable growth, strengthen financial resilience, and foster innovation within the financial services industry. (Eskandarany, 2024b). Thus, AI is transforming the firms through improved operational efficiency and innovations. Consequent upon this development, AI adoption is considered a strategic necessity that enables financial institutions to navigate the various expectations involving regulatory demands and market pressures. Hence, AI is considered an essential determinant of firm innovation and sustainable performance. (Abed et al., 2022). 

This study explores the effect of AI integration and CG mechanisms, it suggests that AI adoption alters the extent of information asymmetry among firms and their stakeholders, thereby prompting competition, improving governance efficiency, and increasing exposure to risk. It contributes to the ongoing debate over the gains and likely risks of AI integration in financial services. (Arena et al., 2020). More precisely, the study contributes to the evolving literature on AI innovation by presenting insights into the efficacy of internally developed AI systems compared with those in partnerships with external AI providers. (Katrakazas & Papastergiou, 2024). In essence, the study raises awareness among investors, regulators, and financial authorities of the need for policies and frameworks that encourage responsible AI-driven innovation within the governance structures of financial services institutions.

Literature Review, Theory, and Hypothesis Development
Theoretical Postulation
Agency Theory guides this study by explaining the relationship between shareholders and managers and by focusing on conflicts of interest, such as adverse selection and moral hazard (Panda & Leepsa, 2017). In the era of AI, agency relations are being redefined as digital AI boosts transparency, automates monitoring roles, and enhances decision accuracy (Carter & Dale, 2025; Wang et al., 2025). AI-driven analytics enable corporate boards to detect managers' selfish behaviours and inadequacies more efficiently, thereby reducing agency costs and delivering effective governance outcomes (Joseph, 2023). Additionally, recent studies suggest that AI adoption improves board oversight and robust mechanisms for effective accountability by enabling real-time understanding of firm performance and managing risk (Danquah et al., 2024).

Thus, the board’s strategic functions evolve from outdated monitoring techniques to data-driven governance, linking managerial activities more closely to shareholder wealth creation. This view extends agency theory into the digital domain for easier governance, where AI serves as both a monitoring device and an empowerment tool for dynamic corporate control (Bello Villarino & Bronitt, 2024). Consequently, agency theory remains highly appropriate for explaining how AI-enabled corporate boards can abate information asymmetry and improve firm performance in Nigeria’s financial services industry.

Artificial Intelligence and Financial Performance
The integration of AI within the financial services sector, prompted by rapid digital transformation, is redesigning the dynamics of financial performance through significant operational efficiency, data-driven tactical decision-making, and improved customer-oriented innovation. Hence, developing AI-based automation and analytical insights, financial service firms can improve decision-making accuracy, minimise costs, and boost profitability, thereby reinforcing their competitive positioning and contributing to financial system stability. (Gao et al., 2025; Sullivan & Fosso Wamba, 2024).

Thus, AI has emerged as a transformative force across various segments of the financial services sector, including financial management and planning tools, online lending platforms, crowdfunding systems, capital market operations, and insurance innovations. (Liu et al., 2023). Further, AI adoption improves efficiency in managing personal finances, diversifying individual financial risks, and allocating resources to sectors such as small and medium-sized enterprises (SMEs) that traditionally face financing constraints, particularly in the aftermath of financial crises. (Abbasi et al., 2024). It also involves innovation, scalability, efficiency, and adaptability. (Connor et al., 2022). Through automated processes and data-driven analytics, it encourages collaboration across sectors, reduces transaction costs, expands the customer base, and enhances client engagement. (Harimurti & Suryani, 2019). When managed strategically, AI can reduce information asymmetry, improve decision-making, and enhance overall performance and competitiveness. (Kasem et al., 2024). 

Additionally, AI integration supports diversification, enhances risk management practices, and promotes long-term market stability and economic growth. (Alzeghoul & Alsharari, 2024). The adoption of AI also introduces new risks and ethical conflicts, which include cybersecurity threats, data privacy violations, customer protection challenges, and regulatory uncertainty (Bodemer, 2023). The use of AI-driven algorithms in areas such as peer-to-peer lending or automated investment may strengthen market competition and increase the risk profile of financial institutions, potentially leading to conflicts between shareholders and depositors (Anil & Misra, 2022). Moreover, partnerships between traditional institutions and AI-based firms, many of which operate outside the formal regulatory framework, pose governance and compliance challenges that require robust oversight and adaptive regulation. Consequently, the study hypothesises that:

H1: AI positively influence financial performance

Board Independence and Firm Performance
The growing adoption of AI within the financial services sector has strengthened the importance of CG effectiveness and strategic boards' oversight. As AI increasingly inspire decision-making, stakeholder interaction, and risk assessment. Therefore, governance structures must be developed to certify transparency, accountability, and compliance with regulations (Sullivan & Wamba, 2024). Consequently, BIND remains a vital apparatus for effective CG. Independent directors enhance monitoring quality, reduce managerial myopia, and promote accountability. Studies from developing markets indicate a positive association between BI and profitability. (Ashraf et al., 2022). However, in the current era of AI, boards are gradually overseeing the digital revolution and the adoption of ethical AI across tactical and operational contexts. (Bhuiyan et al., 2025). Consistent with agency theory, an independent board improve oversight by lessening managers' opportunistic behaviour and ensuring transparent AI-driven decision-making. (Agnese et al., 2025). 

However, empirical evidence on BIND and firm performance amidst AI integration is mixed. Alzeghoul & Alsharari (2024) reported a negative relationship, signifying oversight, inflexibility and low digital skill, while Aibar-Guzmán et al. (2024) Found a positive influence when independence is tied with AI knowledge and governance proficiency. These variations suggest that BI alone may be inadequate; instead, digital know-how and planned engagement with AI are key to the efficacy of board oversight. In emerging markets, where AI adoption in financial services is increasing, board features such as independence and technological awareness are likely to enhance performance. However, in Nigeria, the reports are inconclusive, as institutional and ownership structures occasionally weaken independent oversight. (Ayodeji et at., 2019). Hence, the role of AI as a robust mechanism for enhancing effective independent board monitoring is apt, relevant and timely. The study, therefore, hypothesised that:

H2: BIND positively influences firm performance.
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The association between BSIZE and firm performance continues to attract researchers' attention, particularly within the growing framework of AI-driven CG settings. Empirical evidence indicates that the relationship between BSIZE and firm performance is still mixed across institutional settings. Various studies report a positive relationship, arguing that bigger boards improve monitoring quality, tactical suggestion, and financial performance owing to higher expertise and variety of skills (Barba Navaretti et al., 2022; Adebayo et al., 2023; Olawale, 2025). Equally, others conclude that extremely large boards may weaken organisation, slow decision-making, and low effective oversight, thus, reducing performance outcomes (Mohammed Al-Matari, 2024). In contrast, some studies show no statistically significant association between BSIZE and firm performance, suggesting that board efficiency may hinge on more on-board processes and skills than on size alone (Abolo, 2024).

Additionally, recent studies in AI-enabled governance frameworks further extend this argument empirically. Evidence indicates that boards with better experts placed to influence AI-driven analytics for improved oversight and deliberate decision-making, especially in multifaceted financial atmospheres (Sullivan & Wamba, 2024; Zhao et al., 2023). However, findings also suggest that smaller and more consistent boards may adopt AI technologies more quickly and reply more efficiently to digital disruptions (Al Fadli et al., 2020). In all, practical research indicates that the performance inferences of BSIZE in the AI era are dependent on how board structures align with digital abilities and organisational agility, underlining the absence of a commonly ideal board size. The study hypothesised that:

H3: BSIZE significantly influences firm performance.

Female Gender Diversity and Firm Performance
FGD on CG boards has gradually become significant in improving the quality of decision-making, innovation, and corporate status (Mensah & Boachie, 2023). Female directors offer distinctive viewpoints, strong ethical values, inspiration, and careful risk-taking, which enhance governance efficiency. (García & Herrero, 2021). In spite of the current inclusive policies and guidelines in Nigeria, social and institutional hurdles continue to compel women’s full involvement in corporate board leadership (Mohammed Al-Matari, 2024). In the emerging era of AI, gender-diverse boards are better positioned to leverage AI-enabled analytics for informed, broad-based decision-making. AI enables balanced visions and collective intelligence, intensifying the deliberate efforts of female directors and enhancing firm compliance and innovation. Therefore, gender diversity, when combined with AI monitoring tools, improves firm performance in ever-changing, dynamic financial environments worldwide. Hence, the following hypothesis is formulated:

H4: Gender-diverse boards positively influence firm financial performance

Return on Equity and Financial Performance
ROE is a critical pointer to firm performance, indicating the effectiveness with which management translates shareholders’ investment into profit (Zhang et al., 2017). In the modern technology era, ROE is considered a suitable measure for assessing the financial implications of AI adoption, as it integrates viability, effectiveness, and influence. The deployment of AI skills enables financial institutions to enhance processes, improve decision-making precision, and achieve higher profitability. (Davenport & Mittal, 2023). Current studies have established that AI-driven mechanisation and predictive analytics significantly reduce operational costs, improve loan quality, and increase non-interest revenue, thereby boosting ROE. (Mousa et al., 2025).

Empirical evidence also indicates that AI integration reinforces financial governance by enabling data-informed oversight and enabling quicker decision-making, particularly when boards have digital mastery and independence. (Liu et al., 2025). In an evolving market such as Nigeria, where financial digitalisation is increasing, AI adoption has been associated with improvements in operational efficiency, judicious capital utilisation, and, eventually, higher shareholder returns. (Olawale, 2025). As such, ROE offers a detail metric for measuring the extent to which AI adoption boosts firm value and governance-driven performance within financial services firms. Thus, the following hypothesis is developed:

H5: ROE has a positive and significant effect on financial performance in AI AI-driven era

Other Governance Features and Financial Performance
Beyond the board's structure, other governance instruments significantly influence how financial institutions integrate AI to improve financial performance. RMCD plays a key role in ensuring that AI-driven procedures are aligned with institutional risk and regulatory standards. Informed and active risk committees can forestall likely algorithmic and cybersecurity risks aligned with AI adoption, thereby protecting financial stability and encouraging responsible innovation (Ibrahim et al., 2023). Additionally, the ACI is also critical, as independent committees empower internal control systems, certify the accuracy of AI-generated financial data, and boost transparency in reporting (Sullivan & Wamba, 2024). Independent audit committees are better placed to detect irregularities arising from automated systems and to ensure that AI applications conform to ethical and accounting standards, thereby emphasising investor assurance and market credibility (Alzeban, 2020).

Further, MSH and OWC shape how governance regulators balance innovation and integration risk in AI skills. Higher MSH tends to align with managers’ interests and those of shareholders, promoting judicious AI investment that improves long-term firm value. (Yucheng et al., 2024.). However, extreme OWC may lead to a firmly entrenched, risk-averse aversion, possibly restricting the embrace of transformative AI technologies due to fear of uncertainty or a perceived loss of control. (Adebayo et al., 2023). Equally, a moderate level of OWC can enable significant strategic activities and faster digital adaptation by lessening agency conflicts. Generally, these governance characteristics, RMCD, ACI, MSH, and OWC, could collectively regulate the efficiency and sustainability of the AI-driven revolution in the financial services sector by influencing accountability, performance outcomes, and quality decisions. Consequently, the following hypotheses suffice:

H6: RMCD influences firm financial performance
H7: ACI influences firm financial performance
H8: MSH influences firm financial performance
H9: OWC influences firm financial performance

Research Methodology and Data
This study utilises a quantitative research approach using dynamic panel data, this approach permits testing statistical relations between variables, whereas the panel data structure captures variation from both cross-sectional and time-series sources. The dynamic panel data model employed is Generalised Method of Moments (GMM) estimators to address potential endogeneity, bias, omitted-variable bias, and firm-specific heterogeneity. (Arellano & Bond, 1991; Blundell & Bond, 1998). This design enables robust, reliable parameter estimation appropriate for financial-sector analysis in evolving markets (Bello & Musa, 2023). The study population comprises all financial services firms listed on the Nigerian Exchange Group (NGX) over the 10 years from 2013 to 2022. The study datasets were collected from annual reports and audited financial statements of the selected firms. At the same time, CG data were extracted manually from the CG section of the annual reports while AI industry-level information and digitalisation trends are derived from policy reports and regulatory filings. The structure is outline below:

y = Xβ + ε									     (1)

Here, X is a T×K matrix of non-stochastic elements of rank K satisfying the limit condition and resulting in the following model:



Where:
ϑit represents the financial performance proxied by Returns on Assets (ROA), of i listed firms for t years; αi is the constant term, and γϑi, t − 1 indicates the lag value of ROA, while Zit is the predictor variable and ɛit is the error term. The GMM estimations include firm fixed effects (CFEdum), which are meant to control for heterogeneous effects of unobserved factors across firms. Also, the time (year) fixed effects (Yj) capture the impact of the time trend for the periods under consideration. Hence, the structural level equation model with econometric expression is stated below:

Structural Level Equation

	

Where:
ROAit-1 (Lagged Performance), AIit (Artificial Intelligence Adoption), BINDit (Board Independence), BSIZEit (Board Size), GENDit (Gender Diversity), OWCit (Ownership Concentration), MSHit (Managerial Shareholding), ACIit (Audit Committee Independence), RMCDit (Risk Management Committee Diligent), ROEit (Return on Equity), PROFit (Profitability), LEVit (Leverage), and FSIZEit (Firm Size), μi and λt (Firm and Time Effects), μi captures unobserved firm-specific characteristics, while λt accounts for time effects such as macroeconomic or regulatory shocks standard to all firms, εit represents random shocks not explained by the model. The GMM estimator assumes that εit is serially uncorrelated and orthogonal to valid instruments. The GMM framework ensures that these relationships are empirically robust despite endogeneity and heterogeneity biases.

First Differenced Dynamic GMM Equation

					
This conversion eliminates unobserved firm-specific effects (μi), explaining the issue of heterogeneity. However, it suffers from endogeneity; consequently, longer lags are used as instruments in the GMM model.

Moment Condition

										(5)
This orthogonality condition assumes that the instruments (Zi) are uncorrelated with the differenced error term (Δεi); hence, it underlies the GMM estimator and ensures consistency. However, other error has to be considered, such as the error assumption as presented below;

Error Assumptions

       						(6)

These conditions imply that the error terms have zero mean and are not serially correlated, confirming effective moment conditions and that the instruments are efficient for estimation. This led to considering the optimal weighting matrix as shown.

Optimal Weighting Matrix

									(7)
The weighting matrix W decreases the GMM unbiased function, giving additional weight to valid instruments and improving estimation efficiency. To refine the optimal weighting matrix, there need to use the estimated weighting matrices as shown in the following equation:

Estimated Weighting Matrices (Two-Step System GMM)



Ωhat is the estimated covariance matrix of the moment conditions, and W_hat is the two-step optimal weighting matrix that improves effectiveness. These mechanisms are vital to the Arellano & Bond (1991) and Blundell & Bond (1998)Arellano–Bond (1991) GMM estimation frameworks. By including lagged dependent variables and using valid instruments, the GMM estimator addresses autocorrelation, unobserved heterogeneity, and endogeneity, yielding robust estimates applicable to effective governance and financial performance in Nigeria’s financial services industry.


	 Table 1: Variables Measurement and Source

	Variable
	Type
	Measurement/Proxy
	Expected Sign
	Source

	ROA
	Dependent
	Net Income ÷ Total Assets
	–
	Latif et al. (2013)

	AI
	Independent
	Measured by dummy 1 if AI is used, 0 otherwise
	+
	Alhassan & Saidu (2023), Khan & Hoque (2024)

	BIND
	Independent
	Ratio of independent directors to total board members
	+
	Wisdom and Oyebisi (2019

	BSIZE
	Independent
	Total number of board members
	±
	Marra et al. (2009)

	GEND
	Independent
	Proportion of female directors on the board
	+
	Young et al. (2019)

	MSH
	Independent
	Percentage of shares held by executive directors
	+
	Wisdom and Oyebisi 
(2019)

	OWN
	Independent
	Percentage of shares held by the top 5 shareholders
	±
	Sely and Wieta (2019)

	ACI
	Independent
	Proportion of independent members on the audit committee
	+
	Collins et al. (2017)

	RMCD
	Independent
	Total number of meetings held in a year
	+
	Shatnawiet al. (2021)

	ROE
	Independent
	Net Income to Total Equity
	+
	Latif et al. (2013)
Elamer and Benyazid (2018)

	PROF
	Control
	Net profit to total equity at year-end.  
	+
	Mollik & Bepari (2012)

	LEV
	Control
	The total debts /total assets
	-
	Hodgdon et al.  (2009)

	FSIZE
	Control
	The natural logarithm (LnTA) of total assets  
	+
	Afrifa &Taurin 2015




Results and Discussions
This section presents the results and discussions. It starts with the descriptive statistics presented in Table 2 below; the table depicts the descriptive statistics for the study variables.




Table 2: Descriptive Statistics of the study variables
	Variable
	Min
	Max
	Mean
	Sd
	Skewness
	Kurtosis

	ROA
	 0.04
	26.47
	3.60
	3.76
	 2.80
	13.54

	AI
	 0
	1
	0.56
	0.50
	-0.25
	1.06

	BIND
	 0.12
	0.96
	0.63
	0.14
	 0.09
	3.00

	RMCD
	 0.30
	0.95
	0.59
	0.13
	 0.01
	4.62

	BSIZE
	 0.60
	1.32
	1.01
	0.14
	-0.27
	3.01

	GEND
	 0
	1.70
	1.14
	0.41
	-1.56
	5.35

	MSH
	 0
	61.03
	17.57
	20.15
	 0.79
	2.02

	ACI
	 0.16
	0.75
	0.48
	0.07
	-2.05
	10.78

	ROE
	 0.08
	42.17
	11.15
	7.88
	 0.90
	3.41

	OWC
	 0
	0.78
	0.32
	0.20
	 0.56
	2.44

	PROF
	-8.90
	28.11
	2.17
	5.52
	 1.04
	5.79

	FSIZE
	 9.03
	17.32
	12.77
	2.36
	 0.54
	1.76

	LEV
	 0.01
	0.05
	0.03
	0.01
	 0.19
	2.25


Table 2 is based on a sample of 35 financial services firms listed on NGX.

Table 2 presents the descriptive statistics of the study variables. ROA records a low mean of 3.60 (SD=3.76) with strong right skewness (2.80) and high kurtosis (13.54), suggesting generally low profitability amid Nigerian financial firms, while ROE indicates a higher average of 11.15 (SD =7.88) with modest variability. AI integration (Mean = 0.56, SD = 0.50) and essential governance variables BIND (Mean=0.63), RMCD (Mean=0.59), and BSIZE (Mean =1.01) display close distributions to normal, showing balanced adoption levels and board structures. GEND (Mean=1.14) and ACI (Mean=0.48) exhibit low variation with some outliers, while OWC has a (Mean=0.32, SD=0.20) and MSH (Mean = 17.57) indicate reasonable dispersion across firms. The control variables indicate a majority of mid-sized firms (FSIZE Mean = 12.77) with realistic profitability (PROF Mean = 2.17) and low leverage (LEV Mean = 0.03).

Table 3 below presents the correlation coefficients, indicating the strength and direction of the relationships among the study variables. It also shows different associations that are significant statistically at the 1%, 5%, and 10% levels, while the mean VIF is 1.21. Overall, the correlation matrix and the VIF statistics suggest the absence of multicollinearity among the explanatory variables. therefore, multicollinearity is no longer an issue to bias coefficient estimates or increase standard errors, and it does not pose a threat to the reliability of the estimation and GMM results as argued by (Baltagi, 2008).

Test for Endogeneity
It is important to check for endogeneity in the regressors before using the GMM model; otherwise, the GMM estimates may be insufficient. Therefore, the test for endogeneity is conducted using the Durbin-Wu-Hausman (DWH) test to determine whether a dynamic GMM model is necessary in the financial performance models. The DWH test for endogeneity compares the OLS and GMM parameter estimates and then calculates the difference between their coefficients. If there is no endogeneity, the two methods yield identical estimates. The null hypothesis, therefore, implies that the variables are exogenous. (Baum, Stillman, & Schaffer, 2007; Schultz, Tan, & Walsh, 2010). Consequently, Table 4 presents the DWH test for endogeneity:
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	VARIABLE
	ROA
	AI
	BIND
	BSIZE
	RMCD
	ROE
	GEND
	MSH
	ACI
	OWC
	PROF
	FSIZE
	LEV
	VIF

	ROA
	 1
	
	
	
	
	
	
	
	
	
	
	
	
	

	AI
	 0.04
	 1
	
	
	
	
	
	
	
	
	
	
	
	1.09

	BIND
	-0.07**
	-0.05
	 1
	
	
	
	
	
	
	
	
	
	
	1.27

	BSIZE
	-0.21***
	 0.01***
	-0.39
	 1
	
	
	
	
	
	
	
	
	
	1.26

	RMCD
	-0.18***
	-0.01**
	 0.26
	-0.05
	 1
	
	
	
	
	
	
	
	
	1.16

	ROE
	-0.48***
	 0.07***
	 0.10
	 0.16
	-0.05
	 1
	
	
	
	
	
	
	
	1.23

	GEND
	-0.04**
	 0.24
	-0.12
	 0.17
	 0.02
	 0.26
	 1
	
	
	
	
	
	
	1.30

	MSH
	 0.11***
	-0.08
	 0.09
	-0.35***
	-0.24***
	-0.15
	-0.30
	 1
	
	
	
	
	
	1.14

	ACI
	-0.02***
	-0.12**
	-0.02**
	-0.10***
	-0.02
	-0.01
	 0.11**
	-0.04**
	 1
	
	
	
	
	1.30

	OWC
	 0.17***
	 0.01
	 0.17***
	-0.24**
	-0.17
	-0.02**
	-0.11
	 0.24**
	-0.07
	 1.00
	
	
	
	1.20

	PROF
	 0.17**
	-0.12***
	 0.33
	-0.24
	-0.07*
	 0.30**
	-0.02
	 0.18
	-0.06**
	 0.01
	 1
	
	
	1.38

	FSIZE
	-0.26**
	 0.23**
	-0.10
	 0.57
	 0.22
	 0.39
	 0.38**
	-0.66**
	 0.11
	-0.43
	-0.16
	 1
	
	1.19

	LEV
	-0.02***
	 0.33**
	-0.07***
	-0.01
	 0.03
	-0.02***
	 0.08**
	 0.11**
	 0.11**
	-0.08
	-0.36**
	 0.3
	1
	1.28

	Mean VIF
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	1.21
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	Table 4: Durbin-Wu-Hausman Test for Endogeneity

	H0: Regressors are Endogenous

	Performance Model

	DHW Test Statistics
	 
	 
	P-Value

	Chi2(1)
	
	106.903***
	
	0.0000

	F (1, 338)
	 
	148.637***
	 
	0.0000


Note:  *** Denotes significance at the 1% level, and leads to the H0 rejection
The DWH test results in Table 4 show strong evidence of endogeneity in the model, with a Chi² statistic of 106.903 (p = 0.0000) and an F-statistic of 148.637 (p = 0.0000), both significant at the 1% level. These statistics lead to a rejection of the null hypothesis of exogeneity, suggesting simultaneity between the dependent and independent variables and making OLS estimates unreliable. Therefore, the use of the GMM estimator is appropriate and signify the robustness and reliability of the study’s regression results.

Estimation results of the performance Model
The study presents results estimates using a two-step system GMM, which, as argued by Roodman (2009), is considered more robust and is shown in Table 5.

	Table 5: Two-step system GMM Estimation for Financial Performance Model

	Variables
	Coef.
	Std. Err.
	z-Statistics
	P-Value

	ROA
	
	
	
	

	L1.
	 0.17**
	0.08
	 2.02
	0.043

	
	
	
	
	

	AI
	 0.42**
	0.21
	 1.99
	0.046 

	RMCD 
	 0.47***
	3.68
	 2.84
	0.004

	BIND
	 0.01
	0.05
	 0.06
	0.950

	BSIZE
	 0.46***
	4.62
	 3.78
	0.000

	GEND
	-0.99
	1.02
	-0.97
	0.332

	MSH
	 0.07***
	0.01
	 5.43
	0.000

	ACI
	 0.04***
	2.76
	 6.17
	0.000

	ROE
	 0.11***
	0.03
	 3.36
	0.001

	OWC
	 4.17
	5.08
	 0.82
	0.412

	PROF
	 0.25**
	0.11
	 2.34
	0.020

	FSIZ
	 0.40
	0.50
	 0.81
	0.419

	LEV
	-2.45***
	67.02
	-4.11
	0.000

	_cons
	 41.84***
	5.97
	 7.01
	0.000

	Statistics
	Coef.
	 
	 
	P-Value

	Walid chi2 (13)
	60055.00
	
	
	

	Prob>Chi2
	
	
	
	0.000

	AR2
	
	
	
	0.101

	Hansen J.
	
	
	
	0.406

	No. Group
	36
	
	
	

	No. Instrument
	34
	 
	 
	 


Stata version 4.0 output, ***significant at 1% level; **significant at 5%; and *at 10% level

Table 5 presents the two-step System GMM estimates of the AI and BoDs mechanisms effect on ROA in Nigerian financial service firms. The diagnostic statistics indicate model suitability: the Hansen J-test (p = 0.406) and the AR (2) test (p = 0.101) suggest valid instruments and absence of second-order serial correlation, while the Wald χ² (13) = 60,055.00 (p < 0.001) indicating joint significance of the regressors. The lagged performance term is positive and significant (L1.ROA = 0.17, p = 0.043), indicating doggedness in firm performance, consistent with Arellano and Bover (1995) and Blundell and Bond (1998). 

AI integration displays a positive and statistically significant effect on ROA (Coef. = 0.42, p = 0.046), indicating that firms adopting AI achieve greater performance through efficiency and improved decision-making, in line with Li et al. (2024), Chen and Zhang (2023), and Olayinka and Adebayo (2023). Amid governance variables, BSIZE = 0.46; p = 0.000, ACI = 0.04; p = 0.000, MSH = 0.07; p = 0.000, and RMCD = 0.47; p = 0.004 show positive and statistically significant effects on ROA, supporting the arguments of the agency theory as reported by (Jensen & Meckling, 1976; Agarwal et al., 2023; Al-Mamun et al., 2022; Ghosh & Moon, 2022; Uwuigbe et al., 2023). In contrast, BIND = 0.01; p = 0.950, GEND = –0.99; p = 0.332, and OWC = 4.17; p = 0.412 are statistically insignificant, indicating low effect of these instruments in the Nigerian context, consistent with Adams and Ferreira (2009) and Olayinka (2021). Finally, ROE presents a positive and significant relationship with ROA (Coef. = 0.11; p = 0.001), emphasising the importance of internal returns for continued financial performance.

Robustness Check
To further confirm the validity of the study’s results, a regression analysis is repeated using Quantile Regression (QR) to assess whether the GMM model's results are valid. The result is presented in Table 6 below.

	Table 6: System GMM and Quantile Regression Results for the Performance Model

	Variables
	GMM
	Quantile Regression Results

	 
	 Estimations
	Q (0.25)
	Q (0.50) 
	Q (0.90)

	L1.ROA
	0.17** (0.08)
	
	
	

	AI
	0.42**
	 0.07
	-0.10
	0.49***

	
	(0.21)
	(-0.20)
	(-0.17)
	(-0.19)

	RMCD
	0.47***
	0.25**
	0.32***
	0.20*

	
	(-3.68)
	(-0.10)
	(-0.09)
	(-0.12)

	BIND
	  0.01
	 0.00
	-0.00
	-0.02

	
	 (-0.05)
	(-0.01)
	(-0.01)
	(-0.01)

	BSIZE
	 0.46***
	0.35***
	0.34***
	0.13*

	
	 (-4.62)
	(-0.03)
	(-0.03)
	(-0.07)

	GEND
	-0.99
	 0.01
	0.02***
	0.00

	
	(-1.02)
	(-0.01)
	(-0.01)
	(-0.01)

	MSH
	0.07***
	-0.02***
	-0.02***
	0.04***

	
	(-0.01)
	(-0.00)
	(-0.03)
	(-0.01)

	ACI
	0.04***
	-0.02*
	-0.01
	0.03

	
	(-2.76)
	(-0.01)
	(-0.01)
	(-0.01)

	ROE
	0.11***
	0.05**
	0.03**
	0.02

	
	(-0.03)
	(-0.02)
	(-0.02)
	(-0.02)

	OWC
	4.17
	-0.02***
	-0.02***
	0.02***

	
	(-5.08)
	(-0.00)
	(-0.01)
	(-0.00)

	PROF
	0.25**
	0.05***
	0.04***
	0.05*

	
	(-0.11)
	(-0.02)
	(-0.01)
	(-0.03)

	LEV
	-2.45***
	0.02***
	0.03***
	0.04***

	
	(-7.02)
	(-0.00)
	(-0.00)
	(-0.01)

	FSIZE
	 0.40
	-0.28***
	-0.44***
	-1.96***

	
	(-0.50)
	(0.09)
	(0.11)
	(0.34)

	Constant
	41.84***
	7.82***
	7.29***
	10.84***

	
	(-5.97)
	(-0.78)
	(-0.65)
	(-1.55)

	N
	34
	34
	34
	34

	Observations
	340
	340
	340
	340

	R2
	-
	0.40%
	0.55%
	0.50%


Stata version 4.0 output, ***significant at 1% level; **significant at 5%; and *at 10% level

Robustness Analysis
The study utilises QR for a robustness test. Hence, the results in Table 6 provide a rougher distribution of firm performance. First, the quantile lower level indicates Q (0.25), which AI has (β=0.07, p>0.10), and is positive but not significant. At the same time, RMCD (β=0.25, p<0.05) and BSIZE (β=0.35, p<0.01) maintain significant, positive relationships with ROA, consistent with the GMM results. MSH is statistically significant but harmful at the lower quantile (β = -0.02, p < 0.01), contradicting the GMM results, suggesting that MSH decreases performance for weaker firms. At the median quantile Q (0.50), AI (β = -0.10, p > 0.10) becomes insignificant and negative; however, RMCD (β = 0.32, p < 0.01) and BSIZE (β = 0.34, p < 0.01) remain strong with positive effects. 

Consequently, the upper quantile reveals Q (0.90), with AI (β=0.49, p<0.01) becoming positive and strongly significant, supporting the robustness of the GMM result and indicating that high-performing firms increase maximally from AI integration. Likewise, RMCD (β=0.20, p<0.10) and BSIZE (β=0.13, p<0.10) continue to be positive, whereas MSH (β=0.04, p<0.01) becomes positive, implying the impact of control in ownership on highly performing firms. Generally, the QR results are robust when compared with the System GMM estimates, thus, the significant and positive coefficients for AI in both GMM and the 0.90 quantile provided robust support for the association, indicating that AI’s influence strengthens at higher levels of performance. These outcomes authenticate the GMM results and validate the use of QR as a robustness check, following Koenker (2017) and Hao & Naiman (2007), who highlight QR’s capacity to capture heterogeneous impact.

Conclusion
This study examines the influence of AI and BoD strategies on financial performance across financial services firms listed on the Nigerian Exchange Group (NGX) from 2013 to 2022. Data were collected from firms’ annual reports and accounts. Dynamic panel data techniques using a two-step System GMM estimator were employed to address potential endogeneity and dynamic effects, while QR was used as a robustness check. The results of the two-step GMM and QR estimations provide reliable evidence on the factors underlying financial performance among listed financial services firms in Nigeria. The significance and direction of the coefficients across the GMM and the conditional quantiles (0.25, 0.50, and 0.90) confirm the robustness of the findings. AI, BSIZE, MSH, ACI, and ROE display positive and significant influences on firm performance across the distribution, emphasising their importance in improving operational effectiveness and governance efficiency. The uniformity between GMM and QR results indicates that the recognised associations are similar but also show diverse levels of performance, implying model reliability. 

Directions for Future Research
Future studies should contemplate expanding the research beyond financial firms to investigate sectoral differences in the performance dynamics of governance operations. Comparative analysis across countries could show that institutional and regulatory changes are increasing performance outcomes. Moreover, integrating nonlinear models, or specifically interaction effects among digital adoption, diverse governance, and sustainability application, could reveal complex mechanisms underlying firm performance. Using advanced estimation techniques, such as panel quantile GMM or dynamic threshold regression, can enhance robustness and generalizability across evolving markets.
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