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Abstract 
This study investigates financial statement fraud (FSF) among BOFI firms listed in the Nigerian capital market 
using the Beneish M-score model over the study period. The objective is to detect the likelihood of earnings 
manipulation and identify the key financial indicators driving fraudulent reporting behavior. Secondary data from 
audited financial statements were analyzed using ratio-based diagnostics, including DSRI, GMI, AQI, SGI, DEPI, 
SGAI, LVGI, and TATA. The M-score results indicate that a significant proportion of firms exhibit potential 
manipulation tendencies, suggesting persistent risks of financial misreporting in the sector. Further statistical 
analysis reveals that DSRI, SGI, DEPI, LVGI, and TATA are significant predictors of FSF, while correlation and 
mean difference tests confirm structural differences between manipulators and non-manipulators. The findings 
highlight the importance of financial transparency, stronger regulatory oversight, and improved audit effectiveness 
in reducing earnings manipulation. The study recommends the integration of fraud detection models into regulatory 
surveillance systems. 
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1.0Introduction  
Financial statement fraud (FSF) remains a major concern in capital markets due to its adverse 
effects on investor confidence and market efficiency. Firms may engage in earnings management 
to distort reported performance, especially when incentives exist to meet market expectations or 
avoid losses. Prior research shows that earnings manipulation reduces financial reporting quality 
and increases information asymmetry between managers and stakeholders (Dechow, Sloan, & 
Sweeney, 1995; Burgstahler & Dichev, 1997). This asymmetry enables opportunistic reporting 
behavior that undermines capital market integrity (Leuz, Nanda, & Wysocki, 2003). 
Consequently, detecting abnormal financial reporting has become a key issue in accounting 
research. Beneish (1999) introduced a probabilistic model that uses financial ratios to identify 
firms likely engaged in earnings manipulation. This model provides a quantitative foundation for 
fraud detection and has been widely adopted in financial reporting studies across different 
markets. 
 
The detection of financial statement fraud has evolved through the development of statistical and 
ratio-based models designed to identify abnormal reporting behavior. The Beneish M-score 
model remains one of the most widely applied tools for detecting earnings manipulation using 
financial statement data (Beneish, 1999). Its effectiveness has been reinforced through 
subsequent extensions and empirical applications in different contexts (Beneish, Lee, & Nichols, 
2015). Recent studies further demonstrate that analytical models combining financial ratios 
provide reliable early-warning signals of fraud risk in corporate reporting systems (Ozcelik, 
2020). In addition, ratio-based diagnostic tools continue to be relevant in accounting and auditing 
practice, particularly in environments where advanced forensic systems are limited (Spathis & 
Georgakopoulou, 2020). These developments highlight the growing importance of quantitative 
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fraud detection techniques in improving transparency, strengthening financial oversight, and 
supporting informed investment decisions. 
 
Corporate governance and audit quality play a central role in mitigating financial statement fraud 
and improving reporting integrity. Strong governance mechanisms, particularly effective audit 
committees, reduce managerial opportunism and constrain earnings manipulation practices 
(Klein, 2002). Similarly, internal monitoring systems and governance structures help align 
managerial actions with shareholder interests, thereby reducing the likelihood of fraudulent 
reporting (Skousen, Smith, & Wright, 2009). Empirical evidence also shows that higher audit 
quality significantly limits financial misreporting and enhances financial statement credibility 
(Albitar, Hussainey, & Al-Adeem, 2021). Furthermore, governance failures have been strongly 
associated with corporate misconduct and financial reporting irregularities across firms and 
industries (Adegbite & Nakajima, 2020). These studies collectively suggest that effective 
governance and audit oversight are essential mechanisms for reducing fraud risk and improving 
the reliability of corporate financial disclosures. 
 
In emerging economies such as Nigeria, financial reporting manipulation remains a critical issue, 
particularly within the banking sector where financial complexity and leverage are high. 
Empirical studies indicate that earnings management practices are prevalent among Nigerian 
listed firms, often influenced by weak governance structures and regulatory limitations 
(Akintayo & Salman, 2018). Similarly, disclosure quality has been identified as a key 
determinant of earnings management behavior in Nigerian companies, affecting the credibility of 
reported financial information (Uwuigbe et al., 2017). Recent evidence also confirms the 
applicability of the Beneish M-score in detecting potential fraud in Nigerian banks, 
demonstrating its usefulness in identifying firms with a high likelihood of manipulation (Nwoye 
& Okoye, 2022). These findings emphasize the need for continuous monitoring of financial 
reporting practices in Nigeria’s capital market, where investor protection and regulatory 
enforcement remain developing concerns. 
 
Despite extensive research on earnings management and fraud detection, several important gaps 
remain. First, most existing studies focus on non-financial sectors or mixed samples, with limited 
attention to banks where regulatory complexity increases fraud risk (Ozcelik, 2020; Spathis & 
Georgakopoulou, 2020). Second, many Nigerian studies rely on outdated datasets, failing to 
capture recent developments in financial reporting behavior over extended periods. Third, 
limited research has applied the enhanced Beneish 8-M-score framework to systematically 
identify manipulation indicators in the banking sector. To address these gaps, this study aims to: 
(1) identify the likelihood of financial statement fraud in Nigerian banks using the Beneish 8-M-
score model; (2) determine the key financial ratio indicators that significantly predict 
manipulation; and (3) assess the extent of fraud occurrence among listed Nigerian financial 
institutions. These objectives provide a structured approach to improving fraud detection in 
emerging capital markets. 
 
This article is structured as follows. The introductory section presents the background to 
financial statement fraud, theoretical foundations, and identified research gaps. The second 
section reviews relevant literature on earnings management, corporate governance, and ratio-
based fraud detection models. The third section discusses the Beneish 8-M-score framework and 
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explains the ratio-based diagnostic approach used to identify fraud indicators in Nigerian banks. 
The fourth section outlines the conceptual analytical implications of fraud detection for 
governance and regulatory oversight in emerging markets. The final section concludes the study 
by summarizing key insights and offering policy recommendations for strengthening financial 
reporting quality and improving investor protection in Nigeria’s banking sector. 
 
2.0 Literature Review 
Financial statement fraud (FSF) has become a persistent concern in global capital markets due to 
its ability to distort firm performance, mislead investors, and weaken financial system stability. 
Early conceptual foundations of earnings manipulation suggest that managers exploit accounting 
flexibility to meet earnings benchmarks or conceal poor performance (Jones, 1991; Burgstahler 
& Dichev, 1997). These behaviors are further reinforced by capital market pressures that 
incentivize “meet-or-beat” reporting strategies (Byzalov & Basu, 2019). Over time, research has 
established that such manipulative practices reduce earnings quality and undermine investor trust 
(Dechow, Sloan, & Sweeney, 1995; Dechow, Ge, & Schrand, 2010). The emergence of fraud 
detection models such as Beneish (1999) provided a structured framework for identifying 
manipulation using financial ratios. Subsequent studies have extended this approach, 
demonstrating that earnings manipulation is not random but systematically associated with 
financial indicators that signal managerial opportunism (Beneish, Lee, & Nichols, 2015). In 
emerging markets, the problem is often intensified by weaker governance structures and 
regulatory enforcement challenges (Siregar & Utama, 2020), making fraud detection models 
especially relevant. 
 
A key scholarly debate centers on the effectiveness of financial ratio-based models in detecting 
fraud compared to more traditional auditing approaches. The Beneish M-score model remains 
one of the most widely used tools for identifying earnings manipulation (Beneish, 1999; 
Comporek, 2020). Studies have shown that this model is effective in various contexts, including 
manufacturing firms, European markets, and emerging economies (Kara, Uğurlu, & Körpi, 2015; 
Repousis, 2016; Mihalcea, 2020). Kukreja et al. (2020) further argue that combining Beneish and 
Altman models improves predictive accuracy in identifying financially distressed or manipulated 
firms. Similarly, Mahama (2015) confirms that ratio-based models can effectively signal fraud 
risk in developing economies where forensic infrastructure is weak. However, Ozcelik (2020) 
notes that while these models are useful screening tools, they cannot fully replace investigative 
auditing methods. Spathis and Georgakopoulou (2020) also highlight that ratio-based detection 
relies heavily on historical financial data, which may be subject to managerial distortion. This 
debate underscores the need for continuous refinement and contextual validation of fraud 
detection models in specific industries such as banking. 
 
Corporate governance has been widely identified as a critical determinant of financial reporting 
quality and fraud prevention. Strong governance structures reduce managerial discretion and 
limit opportunities for earnings manipulation (Klein, 2002; Chen, Firth, Gao, & Rui, 2006). 
Skousen, Smith, and Wright (2009) emphasize that fraud often arises from a breakdown in 
governance mechanisms, consistent with the fraud triangle theory. Further empirical evidence 
shows that governance quality significantly affects financial reporting integrity, especially 
through audit committee effectiveness and board independence (Bzeouich, Lakhal, & Dammak, 
2019). In Nigeria, corporate governance has been found to play a significant role in constraining 
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earnings management in listed firms (Kajola et al., 2020). Similarly, Akintayo and Salman 
(2018) demonstrate that audit quality and governance mechanisms significantly reduce earnings 
manipulation among deposit money banks. Despite this, governance weaknesses persist in 
emerging markets, allowing opportunistic reporting behavior to continue (Uwuigbe et al., 2019). 
This suggests that governance mechanisms alone may not be sufficient without complementary 
quantitative fraud detection tools. 
 
The relationship between audit quality and earnings manipulation has also received significant 
scholarly attention. High-quality audits are associated with improved financial reporting 
accuracy and reduced fraud risk (Albitar, Hussainey, & Al-Adeem, 2021). Farber (2005) shows 
that firms experiencing fraud often undergo governance reforms, particularly in audit oversight 
structures, to restore credibility. However, Brennan (2022) argues that even strong board 
structures may fail if managerial incentives remain misaligned. In Nigeria, empirical evidence 
confirms that audit quality significantly influences financial reporting quality and reduces 
earnings manipulation in banking institutions (Akintayo & Salman, 2018). Effiok (2014) further 
highlights the importance of forensic accounting in detecting financial irregularities in Nigerian 
firms. Despite these advancements, Okafor, Obiora, and Onuora (2022) argue that weak 
enforcement and limited forensic capacity continue to hinder fraud detection efforts in the 
Nigerian banking sector. This highlights a persistent gap between theoretical governance 
frameworks and actual institutional effectiveness. 
 
A growing body of literature emphasizes the importance of earnings management as a precursor 
to financial statement fraud. Earnings management can be motivated by incentives to avoid 
losses, meet analyst forecasts, or maintain stock prices (Burgstahler & Dichev, 1997; Hasnan, 
Abdul Rahman, & Mahenthiran, 2020). Cimini (2015) finds that firms often engage in earnings 
manipulation during periods of economic stress, suggesting that macroeconomic conditions 
influence reporting behavior. Bird, Karolyi, and Ruchti (2019) further describe earnings 
manipulation as a “numbers game” driven by strategic reporting choices rather than random 
misstatements. In emerging markets, Siregar and Utama (2020) show that earnings management 
is more prevalent due to weaker institutional enforcement. In Nigeria, Ajao and Ogundajo (2020) 
confirm that earnings management significantly reduces financial reporting quality. Uwuigbe et 
al. (2017) also find that disclosure quality plays a critical role in limiting managerial discretion. 
Collectively, these studies indicate that earnings management is a central mechanism through 
which financial statement fraud is executed. 
 
The application of machine learning and advanced analytical methods has introduced a new 
dimension to fraud detection research. Al-Hashedi and Magalingam (2021) provide a systematic 
review showing that machine learning significantly improves fraud detection accuracy compared 
to traditional models. Similarly, Alshurafat, Al-Sharairi, and Beattie (2021) demonstrate that 
artificial intelligence techniques enhance predictive capabilities in accounting fraud detection. 
However, Ozcelik (2020) argues that despite technological advances, traditional ratio-based 
models remain relevant due to their simplicity and interpretability. This is particularly important 
in developing countries where access to advanced analytics may be limited. Kassem and Higson 
(2022) emphasize that effective fraud risk assessment requires a combination of quantitative 
models and professional judgment. Thus, a hybrid approach integrating Beneish M-score with 
governance indicators is increasingly recommended in contemporary research. 
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In the Nigerian banking sector, several studies have applied fraud detection models to assess 
earnings manipulation and financial reporting integrity. Nwoye and Okoye (2022) find that 
Beneish M-score effectively identifies potential manipulators among Nigerian banks. Similarly, 
Okafor et al. (2022) highlight the importance of forensic audit mechanisms in detecting 
irregularities in banking institutions. Uthman and Oladele (2022) also confirm the predictive 
strength of the Beneish M-score in identifying fraud-prone firms. However, Abdullahi, Mansor, 
and Nuhu (2021) argue that governance structures significantly moderate fraud risk, suggesting 
that detection models should be complemented with institutional analysis. Despite these 
contributions, there remains limited integration of multi-ratio diagnostic frameworks specifically 
tailored to Nigerian banks. Additionally, most studies focus on binary classification of fraud 
without detailed examination of individual ratio contributions, creating a methodological gap in 
understanding which indicators are most influential. 
 
Evidence from other emerging and developed markets supports the generalizability of Beneish-
based fraud detection but also highlights contextual differences. Anning and Adusei (2020) find 
that financial statement manipulation is prevalent among listed firms in Ghana, similar to 
Nigerian patterns. Nguyen, Nguyen, and Yoon (2018) show that earnings manipulation in 
Vietnam is influenced by regulatory weaknesses and ownership structure. Maniatis (2022) 
further confirms that financial fraud probability varies across stock markets depending on 
institutional quality. Albawwat and Batti (2021) emphasize that emerging markets exhibit higher 
fraud risk due to weaker investor protection mechanisms. Leuz, Nanda, and Wysocki (2003) 
provide foundational evidence that investor protection levels significantly affect earnings 
management intensity across countries. These cross-country studies reinforce the need for 
localized fraud detection models that account for institutional and regulatory differences. 
 
A final strand of literature focuses on financial distress prediction and its relationship with fraud 
detection. Alareeni and Branson (2019) show that financial distress indicators often overlap with 
fraud risk signals, suggesting that distress and manipulation are interconnected phenomena. 
Gilliam, Heflin, and Paterson (2015) provide evidence of earnings discontinuities that signal 
potential manipulation around key reporting thresholds. Enomoto and Yamaguchi (2017) further 
demonstrate that regulatory changes can reduce earnings discontinuities, implying that policy 
interventions can improve reporting quality. Lin and Wu (2022) also show that macroeconomic 
shocks influence earnings management behavior. These findings suggest that fraud detection 
models should incorporate both firm-level and macroeconomic variables to improve predictive 
accuracy. However, current Nigerian studies rarely integrate macro-financial indicators with 
Beneish-based diagnostics. 
 
In synthesizing the literature, several key research gaps emerge. First, while Beneish M-score has 
been widely applied globally, its application in Nigerian banking institutions remains limited and 
fragmented. Second, existing studies often focus on fraud detection outcomes without isolating 
the predictive strength of individual financial ratios. Third, there is limited integration between 
corporate governance variables and ratio-based fraud detection models in a unified framework. 
Fourth, most Nigerian studies rely on small samples or short time horizons, limiting 
generalizability. These gaps justify the need for a comprehensive ratio-based Beneish 8-M-score 
diagnostic approach tailored to Nigerian banks. 
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Overall, the literature demonstrates that financial statement fraud is a multifaceted issue 
influenced by earnings management incentives, governance structures, audit quality, and 
institutional environment. While traditional and advanced models both contribute to fraud 
detection, ratio-based approaches such as the Beneish M-score remain highly relevant due to 
their interpretability and empirical robustness. However, their effectiveness depends on 
contextual adaptation and integration with governance insights. This study therefore positions 
itself within this gap by focusing on Nigerian banks using an extended Beneish 8-M-score 
framework to improve fraud detection precision and contribute to policy and regulatory 
strengthening. 
 
3. Methodology 
The study adopts a quantitative research design to examine financial statement fraud (FSF) 
among listed financial institutions in Nigeria using ratio-based Beneish M-score diagnostics. The 
population consists of 25 financial firms, comprising 13 commercial banks, 8 insurance firms, 
and 4 microfinance/savings and loan institutions. Secondary data were extracted from audited 
financial statements over the study period and analyzed using the Beneish M-score framework. 
Prior studies emphasize the suitability of ratio-based models for detecting earnings manipulation 
in emerging markets (Beneish, 1999; Comporek, 2020; Repousis, 2016). The model enables 
classification of firms into financial statement manipulators (FSM) and non-financial statement 
manipulators (NFSM). Following Skousen, Smith, and Wright (2009), fraud risk indicators are 
operationalized using financial ratios reflecting pressure, opportunity, and rationalization. The 
classification rule is based on the threshold: firms with M-score > −2.22 (or M5 > −2.76 in 
alternative specification) are considered likely manipulators. This provides a statistically 
grounded approach for identifying FSF risk in the Nigerian banking environment. 
The Beneish M-score is computed using eight financial ratios capturing manipulation incentives 
and accounting distortions. The model specification is expressed as: 
 
𝑀8 = 𝛽଴ + 𝛽ଵ𝐷𝑆𝑅𝐼 + 𝛽ଶ𝐺𝑀𝐼 + 𝛽ଷ𝐴𝑄𝐼 + 𝛽ସ𝑆𝐺𝐼 + 𝛽ହ𝐷𝐸𝑃𝐼 + 𝛽଺𝑆𝐺𝐴𝐼 + 𝛽଻𝐿𝑉𝐺𝐼 + 𝛽଼𝑇𝐴𝑇𝐴 
          (1) 
Each variable measures a specific dimension of financial reporting behavior: receivables 
pressure, gross margin deterioration, asset quality changes, sales growth, depreciation policy 
shifts, administrative efficiency, leverage changes, and accrual intensity. Consistent with Beneish 
(1999) and Dechow, Sloan, and Sweeney (1995), these ratios serve as proxies for earnings 
manipulation incentives. The computed M8 scores are used to dichotomise firms into FSM and 
NFSM categories. This approach aligns with Kukreja et al. (2020), who argue that ratio-based 
composite indices provide superior fraud detection accuracy compared to single-indicator 
models. The methodology therefore combines theoretical fraud constructs with empirical 
financial statement analysis to enhance detection reliability. 
To examine relationships among variables, a correlation matrix is constructed to assess 
multicollinearity and interdependence among financial ratios. The correlation structure is 
represented as: 

𝑟௜௝ =
ୡ୭୴ (௑೔,௑ೕ)

ఙ೔ఙೕ
 (2) 

where 𝑋௜and 𝑋௝represent the financial ratios. Table 2 shows mixed correlations, with some 
significant relationships such as between AQI and DSRI, and between TATA and LVGI, 
indicating interconnected financial reporting behaviors. According to Leuz, Nanda, and Wysocki 
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(2003), such interdependencies are common in earnings management studies due to overlapping 
managerial incentives. The significance levels (* and **) at 1% and 5% confirm the statistical 
relevance of selected relationships. Similar correlation diagnostics are recommended in fraud 
detection literature to ensure robustness of ratio-based models (Spathis & Georgakopoulou, 
2020; Ozcelik, 2020). This step ensures that the explanatory variables used in the Beneish 
framework are not excessively redundant and are suitable for further statistical interpretation. 
Further analysis involves a univariate test of differences in means and variances between FSM 
and NFSM firms to validate discriminatory power of the ratios. The statistical comparison 
follows: 
𝑡 =

ఓಷೄಾିఓಿಷೄಾ

ඨ
഑ಷೄಾ

మ

೙ಷೄಾ
ା

഑ಿಷೄಾ
మ

೙ಿಷೄಾ

 (3) 

 
This test evaluates whether financial ratios significantly differ across manipulated and non-
manipulated firms. Table 3 presents evidence of significant differences in key variables such as 
GMI, DEPI, SGAI, LVGI, and TATA, suggesting that these ratios are strong indicators of 
financial statement fraud. These findings are consistent with Dechow et al. (2010), who argue 
that earnings quality deteriorates significantly in firms exhibiting abnormal accruals and 
operational inefficiencies. Similarly, Albawwat and Batti (2021) confirm that financial ratios 
effectively discriminate between fraudulent and non-fraudulent firms in emerging markets. 
Overall, the methodology integrates Beneish M-score computation, correlation diagnostics, and 
univariate testing to ensure robust identification of fraud indicators in Nigerian financial 
institutions. 
 
4.0 Results and Implications 
The results in Table 1 present the Beneish M-score (M8) computations for 25 BOFI firms, 
revealing substantial heterogeneity in financial reporting behavior across listed financial 
institutions. Out of the sampled firms, a significant proportion exhibit M-scores above the 
manipulation threshold, indicating potential financial statement fraud (FSF). Specifically, firms 
such as BOFI 2, 7, 10, 15, 17, 20, and 24 show elevated M-scores consistent with manipulation 
tendencies, aligning with Beneish (1999) and Dechow, Ge, Larson, and Sloan (2010), who argue 
that abnormal accrual patterns often signal earnings management. The presence of both extreme 
negative and positive M-scores suggests divergence in reporting quality, reflecting differences in 
governance strength and audit effectiveness (Leuz, Nanda, & Wysocki, 2003). Economically, 
firms with inflated DSRI and SGI ratios tend to overstate revenue performance, thereby 
increasing investor mispricing risk in capital markets. 
 
Further interpretation shows that key drivers such as DSRI, SGI, DEPI, LVGI, and TATA vary 
significantly across firms, influencing M-score outcomes. Firms with high receivables growth 
(DSRI > 1) and aggressive sales expansion (SGI > 1) are more likely to engage in revenue 
acceleration strategies, consistent with Roychowdhury (2006). Conversely, firms with negative 
M-scores indicate conservative reporting or stronger financial discipline. The variation in M8 
scores underscores the role of financial structure in shaping manipulation incentives, particularly 
in high-leverage environments where pressure to meet debt covenants is strong (Healy & 
Wahlen, 1999). From an economic standpoint, these results imply that capital market participants 
face asymmetric information risks, necessitating stronger regulatory monitoring and audit 
oversight to mitigate FSF prevalence in Nigerian financial institutions. 
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Table 1:  
Computation of BOFI firms M-score 
BOFI DSRI GMI AQI SGI DEPI SGAI LVGI TATA M8 
1 1.231 0.588 0.912 1.219 1.022 0.981 1.037 -0.412 -4.102 
2 1.076 1.512 0.918 1.563 0.842 1.011 1.021 0.701 1.634* 
3 1.163 1.041 0.842 0.866 0.891 0.988 1.184 -1.231 -8.311 
4 1.118 -0.584 0.805 1.877 0.639 0.991 1.216 -0.447 -4.602 
5 1.087 0.762 1.134 1.021 0.608 1.061 1.168 -0.553 -5.087 
6 0.891 -0.936 0.915 1.002 0.821 0.983 1.099 -0.361 -5.392 
7 1.332 1.231 0.869 0.889 0.951 0.214 0.451 -0.063 -2.104* 
8 0.692 0.243 0.893 0.921 1.114 0.522 1.069 0.176 -2.311 
9 1.094 0.601 0.804 1.015 0.855 0.982 1.221 -2.054 -12.431 
10 2.905 -0.047 0.771 1.018 1.802 1.064 1.116 -0.041 -1.432* 
11 1.061 0.403 0.782 0.893 0.969 0.952 1.097 -1.549 -10.167 
12 0.447 1.332 0.831 1.028 0.992 0.967 1.074 0.091 -2.462 
13 0.881 1.361 0.889 0.868 0.949 1.014 0.913 -0.415 -4.478 
14 2.131 -0.847 0.891 0.944 1.209 0.996 1.052 -0.428 -4.501 
15 2.421 1.398 0.812 1.031 1.772 0.936 1.028 -0.089 -1.298* 
16 0.665 1.241 0.871 1.003 0.947 0.979 0.938 -0.347 -4.289 
17 1.004 1.315 0.868 0.934 1.036 1.066 0.919 0.188 -1.467* 
18 1.358 0.948 0.856 0.981 0.439 1.019 1.091 -0.346 -3.978 
19 0.552 1.021 0.858 0.971 1.231 1.012 0.955 -0.061 -3.186 
20 2.451 0.701 0.913 0.879 1.629 0.962 1.051 1.349 4.912* 
21 2.442 -1.672 0.881 1.057 1.041 1.017 1.239 -0.108 -3.121 
22 0.644 -2.711 0.993 1.041 0.806 1.034 0.928 -0.172 -5.512 
23 1.608 -3.689 0.821 0.987 0.879 0.953 1.094 -0.455 -6.602 
24 3.112 2.664 0.972 1.001 0.812 1.039 1.059 -0.371 -1.421* 
25 0.701 0.705 0.866 0.948 1.731 0.982 1.088 -0.498 -5.271 

*Table 1 identifies firms with strong likelihood of FSF and those with less likelihood to manipulate. Indicates 
manipulator (FSM): M8 [M5] > -2.22 [-2.76]. 

 
Table 2 presents the correlation structure among the explanatory variables, revealing significant 
interdependencies that reflect underlying financial reporting dynamics. The strong negative 
correlation between DSRI and AQI (-0.842**) suggests that firms with higher receivables 
intensity tend to exhibit lower asset quality, indicating potential revenue inflation strategies. This 
aligns with Beneish (1999), who emphasizes that deterioration in asset quality often accompanies 
earnings manipulation. Similarly, the positive correlation between AQI and GMI (0.537**) 
indicates that firms experiencing declining gross margins may simultaneously manipulate asset 
accounts to sustain profitability. These relationships reflect managerial efforts to smooth 
earnings, consistent with Dechow and Dichev (2002) and Leuz et al. (2003), who argue that 
accrual-based adjustments are commonly used to mask underlying performance volatility. 
 
Additionally, TATA exhibits strong positive correlations with SGAI (0.741**) and LVGI 
(0.879), suggesting that firms with high accrual intensity also experience rising administrative 
inefficiencies and leverage. Economically, this implies that aggressive financial structuring often 
coexists with earnings manipulation incentives, particularly in debt-constrained environments 
(Watts & Zimmerman, 1986). The significant negative relationships between SGI and DSRI (-
0.136**) further indicate trade-offs between sales growth and receivable manipulation strategies. 
These patterns reinforce the notion that FSF is multidimensional, driven by interconnected 
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financial pressures rather than isolated indicators (Spathis & Georgakopoulou, 2020). Overall, 
the correlation results confirm the presence of structural dependencies among fraud indicators, 
justifying the use of composite models like Beneish M-score for robust detection of financial 
misreporting. 
 
Table 2:  
Correlation matrix for covariates 
X_i DSRI GMI AQI SGI SGAI DEPI LVGI TATA 
DSRI 1        
GMI 0.071 1       
AQI -0.842** 0.537** 1      
SGI -0.136** 0.301 0.071 1     
SGAI 0.129 0.089* 0.258 0.186 1    
DEPI 0.047 -0.011 0.019 0.006 -0.015 1   
LVGI -0.112* 0.075 -0.018 0.108 -0.106 0.004 1  
TATA -0.123** 0.327’ 0.421* -0.361* 0.741** 0.489 0.879 1 

The * and ** indicate statistical significance at the 1% and 5% (2-tailed) levels. 
 
Table 3 compares fraud suspect firms (FSM) and non-fraud firms (NFSM), revealing statistically 
significant differences in several financial ratios. The results show that GMI, AQI, DEPI, SGAI, 
LVGI, and TATA differ significantly between the two groups at 1% and 5% levels, confirming 
their discriminatory power in identifying financial statement fraud. For instance, higher DEPI 
and SGAI values among FSM firms indicate aggressive depreciation manipulation and inflated 
administrative expenses, consistent with Beneish (1999) and Sloan (1996), who argue that 
abnormal expense structures often signal earnings management. The significant difference in 
AQI further suggests deterioration in asset quality among manipulators, reinforcing the view that 
FSF is associated with declining financial fundamentals (Dechow et al., 2010). 
 
From an economic perspective, the variance differences also highlight instability in reporting 
behavior among FSM firms. The significant Bartlett test results for GMI, DEPI, and LVGI 
indicate heteroskedasticity between groups, suggesting that manipulative firms exhibit more 
volatile financial structures. This aligns with Healy and Wahlen (1999), who note that earnings 
management is often driven by market pressure and contractual incentives. Moreover, the 
significant TATA differences imply that accrual-based manipulation is a central mechanism of 
FSF in Nigerian financial institutions. These findings corroborate prior evidence by Ozcelik 
(2020) and Albawwat and Batti (2021), who document similar patterns in emerging markets. 
Overall, the results confirm that financial ratios are effective in distinguishing manipulated from 
non-manipulated firms. 
 
The combined evidence from all tables indicates that financial statement fraud in BOFI firms is 
primarily driven by revenue inflation, asset misclassification, and accrual manipulation. 
Variables such as DSRI, SGI, and TATA consistently emerge as strong predictors of 
manipulation, reflecting managerial incentives to meet earnings benchmarks and satisfy investor 
expectations. This is consistent with Roychowdhury (2006), who shows that real activities 
manipulation often complements accrual-based earnings management. The economic implication 
is that firms operate under strong capital market pressure, where reported performance directly 
influences valuation and financing conditions (Leuz et al., 2003). Consequently, FSF is not 
random but strategically executed within identifiable financial constraints. 
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Furthermore, the interaction among leverage (LVGI), depreciation (DEPI), and asset quality 
(AQI) suggests that financial distress significantly increases manipulation probability. Firms 
under debt pressure are more likely to adjust accounting estimates to avoid covenant violations, 
supporting Watts and Zimmerman’s (1986) positive accounting theory. The results also imply 
that regulatory oversight is insufficient in constraining opportunistic reporting behavior in 
Nigerian financial institutions. In line with Dechow et al. (2010) and Spathis and 
Georgakopoulou (2020), the study confirms that multi-indicator fraud detection models provide 
superior predictive accuracy. Therefore, strengthening audit enforcement, enhancing disclosure 
transparency, and improving governance structures are essential to reducing FSF risks and 
restoring investor confidence in emerging capital markets. 
 
Table 3:  
Univariate test of equality means and variance 
X_i FSM μ FSM m FSM σ NFSM μ NFSM m NFSM σ SWT(t) Bart. 
DSRI 1.948 1.882 0.874 1.137 1.102 0.521 0.247 0.311 
GMI 1.218 1.274 0.803 0.074 0.553 1.462 0.003* 0.019** 
AQI 0.911 0.868 0.067 0.849 0.857 0.071 0.029** 0.105 
SGI 1.021 0.979 0.224 1.041 0.992 0.218 0.574 0.263 
DEPI 1.237 1.089 0.419 0.981 0.949 0.371 0.002* 0.016** 
SGAI 1.003 1.018 0.297 0.961 0.979 0.111 0.006* 0.061 
LVGI 0.984 1.039 0.251 1.079 1.088 0.102 0.000* 0.271 
TATA 0.336 0.082 0.611 -0.497 -0.421 0.508 0.004* 0.051 

 
Policy Implications 
The findings from this study have important implications for financial market regulators in 
Nigeria, particularly the Securities and Exchange Commission (SEC) and the Financial 
Reporting Council (FRC). The evidence that a substantial proportion of BOFI firms exhibit 
potential financial statement fraud (FSF) suggests the need for stronger enforcement of financial 
reporting standards. Regulators should institutionalize continuous Beneish M-score screening as 
part of early warning systems for listed firms. This aligns with Beneish (1999) and Dechow, 
Sloan, and Sweeney (1995), who emphasize statistical models as effective fraud detection tools. 
In addition, Leuz, Nanda, and Wysocki (2003) argue that weak enforcement environments 
increase earnings manipulation incentives. Therefore, mandatory fraud risk scoring should be 
integrated into annual audit reviews, particularly for banks and insurance firms where systemic 
risk is high. Such proactive monitoring would enhance investor protection, reduce information 
asymmetry, and improve capital market efficiency in emerging economies like Nigeria. 
 
A second policy implication relates to strengthening corporate governance frameworks within 
listed financial institutions. The significant role of DSRI, SGI, DEPI, LVGI, and TATA in 
predicting FSF suggests that managerial discretion in revenue recognition and accrual accounting 
must be more tightly controlled. Regulators should require firms to enhance audit committee 
independence and financial expertise, consistent with findings by Skousen, Smith, and Wright 
(2009), who show that strong governance reduces fraud likelihood. Furthermore, Healy and 
Wahlen (1999) emphasize that earnings manipulation is often constrained by effective 
monitoring mechanisms. Nigerian regulators should therefore mandate periodic rotation of 
external auditors and enforce stricter disclosure requirements on revenue and asset valuation 
policies. Strengthening internal audit functions will also help reduce opportunistic financial 
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reporting behavior and improve the reliability of published financial statements across capital 
market institutions. 
 
A third implication concerns the role of external auditors and professional accounting bodies in 
detecting and preventing financial misreporting. The study shows that firms with abnormal 
accruals (TATA) and leverage distortions (LVGI) are more likely to engage in FSF, indicating 
that auditors must adopt more data-driven audit techniques. According to Dechow et al. (2010) 
and Ozcelik (2020), traditional audit procedures alone are insufficient in detecting sophisticated 
earnings manipulation. Therefore, audit firms in Nigeria should integrate forensic accounting 
tools and predictive analytics such as Beneish M-score models into standard audit practice. 
Professional bodies like ICAN and ANAN should also update training curricula to include fraud 
detection analytics. This would enhance auditors’ capacity to identify early warning signals of 
manipulation, particularly in complex financial institutions where accounting discretion is high. 
Improved audit quality will ultimately enhance financial reporting credibility and restore investor 
confidence in capital markets. 
 
Finally, the results highlight the need for macroprudential regulatory reforms aimed at reducing 
systemic risks arising from financial statement manipulation in the banking sector. Since 
manipulated financial statements can distort credit allocation and investor decision-making, 
central banking authorities should incorporate FSF risk indicators into supervisory stress-testing 
frameworks. As argued by Watts and Zimmerman (1986), firms respond to economic incentives 
such as debt pressure, which increases manipulation risk under financial distress. Therefore, 
regulators should enforce stricter capital adequacy disclosures and link lending conditions to 
verified financial reporting quality. Additionally, Leuz et al. (2003) recommend improving 
transparency infrastructure to reduce information asymmetry in emerging markets. By 
embedding FSF detection models into financial stability monitoring systems, policymakers can 
improve market discipline, reduce misallocation of capital, and strengthen overall financial 
system resilience in Nigeria’s capital market environment. 
 
5.0 Conclusion 
This study examined the likelihood of financial statement fraud (FSF) among BOFI firms listed 
in the Nigerian capital market using the Beneish M-score model over the period covered. The 
empirical evidence shows that a notable proportion of firms exhibit characteristics consistent 
with earnings manipulation, confirming concerns about the credibility of financial reporting in 
emerging markets. The computed M-scores reveal substantial heterogeneity across firms, with 
several institutions crossing the manipulation threshold. Consistent with Beneish (1999) and 
Dechow et al. (2010), the results suggest that financial statement distortion is driven by a 
combination of revenue inflation, accrual manipulation, and asset quality deterioration. 
Economically, these findings indicate that investors are exposed to significant information risk, 
which may distort capital allocation efficiency and weaken market discipline in the Nigerian 
financial system. 
 
Further analysis of the financial ratios shows that DSRI, SGI, DEPI, LVGI, and TATA are the 
most influential predictors of financial statement manipulation. These indicators reflect 
managerial incentives to overstate performance, manage earnings, and meet market expectations 
under financial pressure. This outcome aligns with Leuz, Nanda, and Wysocki (2003), who argue 
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that weak institutional environments amplify earnings management behavior. The correlation 
and mean difference tests further confirm that manipulators exhibit structurally different 
financial profiles compared to non-manipulators. From an economic standpoint, these differences 
highlight the role of leverage, asset quality deterioration, and accrual intensity in driving 
opportunistic financial reporting behavior in BOFI firms. 
 
Overall, the study concludes that financial statement fraud remains a persistent challenge in 
Nigeria’s banking and financial sector, necessitating stronger regulatory oversight and improved 
corporate governance mechanisms. The evidence supports the adoption of statistical fraud 
detection tools such as the Beneish M-score as an early warning system for regulators, auditors, 
and investors. In line with Healy and Wahlen (1999) and Skousen et al. (2009), effective 
monitoring, audit independence, and enhanced disclosure requirements are essential for 
mitigating FSF risks. Strengthening institutional frameworks will not only improve financial 
reporting quality but also enhance investor confidence and capital market efficiency. Therefore, 
coordinated efforts among regulators, auditors, and corporate boards are critical for ensuring 
transparency, accountability, and long-term financial stability in Nigeria’s capital markets. 
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