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	Financial statement fraud remains a significant threat to capital market integrity, with mining companies being particularly vulnerable due to commodity price volatility and complex accounting practices. This study compared the effectiveness of the Altman Z-Score and Beneish M-Score methods in detecting financial statement fraud (FSF) among mining companies listed on the Indonesia Stock Exchange (IDX) during the 2018–2024 period. Using an associative quantitative approach with 168 panel data observations, the results showed that the Altman Z-Score had a negative and significant effect on FSF, whereas the Beneish M-Score did not have a significant effect. The superior performance of the Z-Score was confirmed through evaluation metrics, including accuracy of 77.98%, precision of 94.34%, specificity of 96.43%, and an AUC value of 0.9025, compared with the Beneish M-Score, which achieved only 47.02% accuracy and an AUC value of 0.4157, indicating performance below random classification. These findings indicate that the Altman Z-Score, through its financial distress dimension, is more relevant and reliable as an early detection instrument for financial statement fraud in the Indonesian mining sector.



[bookmark: _Hlk215591634]INTRODUCTION
Every business entity, regardless of size, is required to prepare financial statements regularly. Financial statements represent the final output of the accounting process, which begins with financial transactions and supporting documents as inputs (Herianti et al., 2023). These reports serve as primary sources of information expected to provide a comprehensive overview of a company’s financial condition and performance during a specific period . The primary purpose of financial statements is to provide relevant and reliable information for stakeholders, including investors, creditors, and managers, to support rational decision-making (Parikh, 2024). Ideally, financial statements prepared by management should be complete, relevant, neutral, and transparent. However, the reliability of financial statement information is often threatened by manipulative or fraudulent practices. Based on a study conducted by the Association of Certified Fraud Examiners (ACFE) in the 2024 Occupational Fraud report involving respondents from 138 countries, 89% of occupational fraud cases among 1,921 cases involved asset misappropriation, with a median loss of $120,000 per case. Furthermore, financial statement fraud accounted for 5% of reported fraud cases, making it the least common fraud scheme but the one causing the highest financial losses, with a median loss of $766,000 per case (ACFE, 2024). These findings indicate that financial statement fraud remains a significant issue in the modern business environment (Crous et al., 2022; Dinh et al., 2023; Kim et al., 2024; Mohammadi & Saif, 2023).
One of the primary motivations behind financial statement manipulation is pressure to maintain or improve company performance. Companies experiencing financial distress or facing pressure to achieve growth targets may have stronger incentives to engage in earnings management practices (Rusci et al., 2021). Such actions are often conducted by managers to present more stable and favorable financial performance to attract new investors or maintain existing investors’ confidence (Chenkiani & Prasetyo, 2023). The risk of financial statement fraud is also closely associated with conflicts of interest between shareholders (principals) and management (agents). The principal–agent relationship may create misalignment between ownership objectives and managerial interests. Information asymmetry provides opportunities for management to act opportunistically for personal benefit (Ferdinand & Santosa, 2018). Losses arising from financial statement fraud require users of financial reports to exercise greater caution because manipulated information violates the fundamental qualitative characteristics of financial reporting established by the IASB, particularly relevance and faithful representation.
In response to the risk of financial statement fraud, quantitative models are needed to serve as early warning systems for detecting potential financial manipulation (Ahmmed, 2025; Li et al., 2024; Lloret-Millán et al., 2024; Mandal & S, 2025; Zhu et al., 2025). This study focuses on two predictive models with fundamentally different approaches, namely the Beneish M-Score Model and the Altman Z-Score Model. The comparative analysis of these models is motivated by the need to understand their respective strengths, limitations, and potential complementary roles in the evolving field of fraud detection. The Beneish M-Score is a method designed to detect potential earnings manipulation using eight financial ratios: (1) Days Sales in Receivables Index (DSRI), (2) Gross Margin Index (GMI), (3) Asset Quality Index (AQI), (4) Sales Growth Index (SGI), (5) Depreciation Index (DEPI), (6) Selling, General, and Administrative Expenses Index (SGAI), (7) Total Accruals to Total Assets (TATA), and (8) Leverage Index (LVGI). Meanwhile, the Altman Z-Score model, developed by Professor Edward Altman in 1968, was designed to evaluate corporate financial health and predict the likelihood of financial distress or bankruptcy (Miharsi et al., 2024). The model utilizes five financial ratios: (1) Working Capital to Total Assets Ratio, (2) Retained Earnings to Total Assets Ratio, (3) Earnings Before Interest and Taxes to Total Assets Ratio, (4) Market Value of Equity to Book Value of Total Debt Ratio, and (5) Sales to Total Assets Ratio. The Altman Z-Score emphasizes financial health assessment, whereas the Beneish M-Score focuses on detecting potential manipulation practices. Both models provide complementary perspectives because companies experiencing financial distress theoretically have a higher probability of engaging in earnings manipulation (Valaskova et al., 2021).
Every business entity begins operations with the objective of achieving sustainability and economic growth. However, throughout the corporate life cycle, particularly in the mining sector, companies may encounter critical conditions that require strategic adjustments to survive in competitive environments. Under such circumstances, managers may be encouraged to engage in fraudulent behavior by manipulating earnings, reducing financial pressure, minimizing capital costs, or lowering product prices to maintain competitiveness and achieve organizational goals (Valaskova et al., 2021). Financial statement fraud can be defined as the intentional misrepresentation, omission, or disclosure of inaccurate financial information that may cause losses to investors, creditors, and other stakeholders (Handoko et al., 2022). The increasing number of large-scale accounting scandals and the growing complexity of financial transactions highlight the importance of quantitative analytical tools for identifying early indications of financial difficulties and potential manipulation. Two quantitative methods frequently used for this purpose are the Beneish M-Score and Altman Z-Score models.
The rationale for comparing the Beneish M-Score and Altman Z-Score models in detecting financial statement fraud lies in the differences and complementary nature of their theoretical foundations. The Beneish M-Score model was developed as an analytical tool to detect financial statement manipulation by examining eight financial ratios (Beneish, 1999). In contrast, the Altman Z-Score model is a statistical model designed to predict the probability of corporate bankruptcy and can serve as an indicator of financial pressure that may motivate fraudulent behavior (Altman, 1968). Several recent studies have examined the application and comparison of these models, producing varying results regarding their effectiveness in detecting financial statement fraud. Islamiyati and Purnomo (2021) found that the Altman Z-Score Model demonstrated higher accuracy than the Beneish M-Score Model in detecting financial statement fraud. Similarly, Putra (2021) concluded that the Altman Z-Score method had a stronger influence in detecting fraudulent financial reporting compared with the Beneish M-Score method. These findings were also supported by Tanusdjaja and Kurniawan (2018), who found that both models contributed to fraud detection, although the Altman Z-Score demonstrated greater influence. Conversely, Pertiwi et al. (2023) found that the Beneish M-Score Model achieved higher accuracy in detecting financial statement fraud compared with the Altman Z-Score Model. Furthermore, Miharsi et al. (2024) explained that the Beneish M-Score was specifically developed to detect earnings manipulation, whereas the Altman Z-Score was designed primarily to predict financial distress and identify potential fraud only through financial pressure indicators. Therefore, both models provide valuable analytical frameworks, with the Altman Z-Score focusing on overall financial health and the Beneish M-Score focusing on identifying specific patterns of financial statement manipulation.
Based on the identified research gaps and the limited number of studies directly comparing the effectiveness of the two models in detecting financial statement fraud, a comparative analysis of these models is necessary. This study examines the accuracy of both models in detecting fraudulent financial reporting, where the Altman Z-Score emphasizes financial pressure as a potential motivation for manipulation, while the Beneish M-Score directly evaluates indications and patterns of earnings manipulation. Therefore, this study is entitled "Comparative Analysis of the Altman Z-Score and Beneish M-Score Methods in Detecting Financial Statement Fraud: A Case Study on Mining Sector Companies Listed on the IDX for the 2018–2024 Period."
Based on this background, this study aims to comparatively analyze the effectiveness of the Altman Z-Score and Beneish M-Score methods in detecting financial statement fraud among mining sector companies listed on the Indonesia Stock Exchange during the 2018–2024 period. This research is expected to provide both theoretical and practical contributions. Theoretically, this study enriches the literature on the effectiveness of predictive models in detecting financial statement fraud, particularly in the mining sector, which has unique characteristics such as commodity price volatility and accounting complexity. Practically, the findings may serve as a reference for investors, creditors, auditors, and regulators in selecting more accurate and efficient early detection tools for financial statement fraud, while also contributing to the development of monitoring and supervisory policies in the Indonesian capital market.

METHOD
This study employed a quantitative approach with an associative research design. The research used numerical data obtained from company financial statements and analyzed the data statistically to examine the relationship between variables. The study investigated the relationship between two independent variables, namely the Beneish M-Score and Altman Z-Score, and the dependent variable, namely fraudulent financial reporting, to determine their effects, relationship strength, and direction of association.
This study used secondary data obtained from companies’ annual financial statements, consisting of a combination of time-series and cross-sectional data that formed a panel data structure. The population comprised mining sector companies listed on the Indonesia Stock Exchange (IDX) during the 2018–2024 period. The mining sector was selected because its characteristics, including commodity price volatility and complex financial reporting practices, may increase exposure to financial statement fraud risks.
Data analysis was conducted through several stages, including descriptive statistics to examine variable characteristics, Spearman correlation tests to assess potential multicollinearity, and panel data regression using the Common Effect Model (CEM), Fixed Effect Model (FEM), and Random Effect Model (REM). The most appropriate regression model was selected through the Chow test, Hausman test, and Lagrange Multiplier test. Hypothesis testing included partial t-tests, simultaneous F-tests, and coefficient of determination (R²) analysis. In addition, classification performance was evaluated using confusion matrix and ROC curve analyses to compare the accuracy, sensitivity, specificity, precision, and Area Under the Curve (AUC) values of the two detection methods. All statistical analyses were performed using Stata software.

RESULTS AND DISCUSSION
Descriptive Statistical Analysis
Descriptive statistics are used to present a summary of the features of the data in the study which aims to present a summary of information on the average value, standard deviation, minimum, and maximum of the variables studied.

Table 1. Descriptive Statistics of Research Variables
	
	Zscore
	Mscore
	Roa_ratio
	Asset_change
	Leverage
	FFR

	Mean
	4.446212
	-1.715202
	0.1109006
	0.1060973
	0.4568896
	-1.08e-09

	Maximum
	28.9011
	57.0142
	0.694926
	2.031979
	1.074674
	2.835904

	Minimum
	-1.2586
	-4.1785
	-0.220547
	-0.5285228
	0.04061
	-1.531202

	Std. Dev.
	4.70469
	5.829687
	0.1548861
	0.275397
	0.2166563
	0.604056

	Observations
	168
	168
	168
	168
	168
	168


Source: Secondary data processed by the author, 2026

Table 1 presents the results of a descriptive statistical test on the variables Zscore, Mscore, ROA Ratio, Asset Change, Leverage, and Fraudulent Financial Reporting (FFR) with a total of 168 observations. The Altman Zscore shows an average of 4,446 which indicates that the mining companies in this study sample are in a healthy financial condition or in the safe zone based on Altman's assessment criteria, namely a Z-score value above 2.99. However, the wide variation in the data is reflected in the standard deviation of 4,705, with a minimum value of -1,259 and a maximum value of 28,901. This considerable range between minimum and maximum values indicates considerable heterogeneity of financial conditions among the companies in the sample where some companies are in very healthy condition, while others are in the distress zone with negative Z-Scores. 
Meanwhile, Beneish Mscore has an average score of -1,715 which is theoretically at the -2.22 threshold that Beneish sets as the Limit of the manipulator classification. The standard deviation of Mscore shows a figure of 5.83 is much greater than the value of any other variable. This is due to the existence of a fairly extreme maximum value of 57,014 and a minimum value of -4,179. In terms of ROA Ratio, the average shows a value of 0.111 which indicates that the same company is able to generate a profit of 11.1% of its total assets. The standard deviation of 0.155 with a minimum value of -0.221 and a maximum of 0.695 indicates that there are companies that suffered losses during the study period. Asset change has an average of 0.106 with a standard deviation of 0.275 with a minimum value of -0.529 and a maximum of 2.032, showing a significant variation, where some companies experience aggressive asset growth while others experience a fairly deep asset depreciation. In terms of leverage, it shows an average of 0.457 which means that the company finances 45.7% of its total assets using debt. The standard deviation is a relatively small value of 0.217 compared to other variables with a minimum value of 0.041 indicating that there is a company that is almost free of debt, while the maximum value is 1.075 which indicates that at least one company has total debt that exceeds its total assets. 
The FFR dependent variable has an average value close to zero with a standard deviation of 0.604. The average value is a composite value derived from three proxies that balance each other. A fairly wide standard deviation of 0.604 indicates that there is significant heterogeneity in the risk of fraud profile among the sample firms.
Spearman Correlation Test
The Spearman correlation test was conducted to detect the presence or absence of multicollinearity among the independent variables in this study. Multicollinearity occurs when two or more independent variables have a very high correlation with each other, so that the regression model has difficulty separating the influence of each variable individually and results in an unstable coefficient estimate.

Table 2. Spearman Test
	Number of observations = 168

	
	zscore
	mscore
	ffr

	zscore
	1.0000
	
	

	mscore
	0.1145
	1.0000
	

	ffr
	-0.7801
	-0.0378
	1.0000


Source: Data processed with the Stata App, 2026
The results of the Spearman correlation test in Table 2. showed a strong negative correlation between the Altman Z-Score and FFR (ρ = -0.780), indicating that the lower the Z-Score value (the higher the risk of financial distress), the higher the risk of financial statement fraud. In contrast, the correlation between the Beneish M-Score and FFR was very weak (ρ = -0.038), suggesting that the profit manipulation indication measured by the M-Score did not have a meaningful relationship with the risk of financial statement fraud in the mining sector. These findings are consistent with the results of the Fixed Effect regression where M-Score has no significant effect on FFR (p = 0.195).
The correlation between Z-Score and M-Score was also very weak (ρ = 0.115), confirming that both methods measured different risk dimensions and were independent of each other. The Altman Z-Score measures financial distress as a motive for fraud, while the Beneish M-Score measures profit manipulation patterns as a symptom of fraud. In the mining sector, the dimension of financial pressure has proven to be much more relevant in explaining the risk of financial statement fraud than the dimension of profit manipulation.
Panel Regression Model Selection
Regression analysis on panel data can be carried out through three approaches, namely Common Effect, Fixed Effect, and Random Effect. Selecting the most appropriate model is a crucial step to ensure that the estimation results are in line with the characteristics of the data and the research objectives.
a. Uji Chow (Common Effect vs Fixed Effect)

Table 3. Chow Test
	ffr
	Coefficient
	Std. err.
	t
	P>|t|
	[95% conf. interval]

	zscore
	-0.0361068
	0.0083044
	-4.35
	0.000
	-0.052523    -0.0196906

	mscore
	0.021589
	0.0049085
	4.40
	0.000
	0.0118858    0.0312922

	_cons
	0.1975681
	0.0459109
	4.30
	
	

	

	sigma_u
	0.40513571
	

	sigma_e
	0.33877604
	

	rho
	0.58849947
	(fraction of variance due to u_i)

	F test that all u_i=0: F(23, 142) = 8.34     
	Prob > F = 0.0000


Source: Data processed with the Stata App, 2026

Statistik Varians & Model
The Chow test was conducted to compare the Common Effect Model and the Fixed Effect Model. This test is used to determine if the Fixed Effect is better than the Common Effect.
H0: Common Effect is better
H1: Fixed Effect is better
The test results showed a value of F(23, 42) = 8.34 with a probability of 0.000 (p < 0.05), so H0 was rejected. It is concluded that the Fixed Effect Model (FEM) is more appropriate than the Common Effect Model. The test was followed by the Hausman test to compare the Fixed Effect Model and the Random Effect Model.
a. Random Effect



Table 4. Random Effect Test
	corr(u_i, X) = 0 (assumed)
	
	
	Wald chi2(2)     =     53.95
Prob > chi2    =   0.0000


	ffr
	Coefficient
	Std. err.
	z
	P>|t|
	[95% conf. interval]

	zscore
	-0.0447442
	0.0078493
	-5.70
	0.000
	-0.0601287    -0.0293598

	mscore
	0.0222196
	0.0049375
	4.50
	0.000
	0.0125423       0.031897

	_cons
	0.2370535
	0.0815021
	2.91
	0.004
	0.0773122     0.3967948

	

	sigma_u
	0.32831818
	

	sigma_e
	0. 33877604
	

	rho
	0. 48432711
	(fraction of variance due to u_i)


Source: Data processed with the Stata App, 2026

Estimation of Random Effect Model in Table 4. shows an overall significant model (Wald χ² = 53.95; p = 0.000) with an overall R² of 0.365. The Altman Z-Score variable had a negative and significant effect on FFR (β = -0.045; z = -5.70; p = 0.000), consistent with the results of the Fixed Effect Model. The Beneish M-Score variable had a positive and significant effect on FFR (β = 0.022; z = 4.50; p = 0.000), which was different from the results of the Fixed Effect Model where the M-Score was not significant.
The difference in M-Score significance between the two models is due to differences in estimation mechanisms. The Fixed Effect Model only uses variations within (changes between times within one company), while the Random Effect Model uses variations within and between (between companies). The significance of the M-Score on the Random Effect indicates that the difference in the level of manipulation between firms contributes to the difference in the FFR, but the change in the M-Score over time within a single company has no effect on the FFR. To determine which model is more appropriate to use, the Hausman test is performed.
b. Hausman Test 
The Hausman test is a test used to determine the best model whether it is a Fixed Effect or a Random Effect. If the free variable correlates with the individual effect, then the Fixed Effect model is more appropriate to use, and vice versa, if it is not correlated, then the Random Effect is more appropriate.

Table 5. Hausman Test
	Coefficients

	
	(b)
	(B)
	(b - B)
	sqrt(diag(Vb​−VB​))Std. err.

	
	FE
	RE
	Difference
	Std. err.

	zscore
	-0.0361068
	-0.0447442
	0.0086374
	0.0027112

	mscore
	0.021589
	0.0222196
	-0.0006307
	.

	b = Consistent under H_0 and H_a; obtained from xtreg.
B$ = Inconsistent under H_a, efficient under H_0; obtained from xtreg.
Test of H_0 : Difference in coefficients not systematic
chi2 (2) = (b-B)'[(V_b - V_B)^{-1}](b-B)
   = 9.79
Prob > chi2 = 0.007



Source: Data processed with the Stata App, 2026
H0: Random Effect is better
H1: Fixed Effect is better
The results of Hausman's test showed a chi-square value of 9.79 with a probability of 0.0075 which was smaller than the significance level of 0.05. Thus H0 is rejected, so in this study it is concluded that the best panel regression model is the Fixed Effect Model (FEM).
Model Regresi Panel
The panel regression model is an analysis method that combines cross-section and time series data. With this method, researchers can obtain more accurate estimates because they are able to take into account variations between individuals and time.

Table 6. Panel Regression Model Test
	corr(u_i, Xb) = 0.3597
	
	F(2, 23) = 5.17
Prob > F = 0.0140
(Std. err. adjusted for 24 clusters in company_id)

	ffr
	Coefficient
	Robust Std. err.
	t
	P>|t|
	[95% conf. interval]

	zscore
	-0.0361068
	0.0125402
	-2.88
	0.008
	-0.0620482    -0.0101654

	mscore
	0.021589
	0.0161708
	1.34
	0.195
	-0.0118628    0.0550408

	_cons
	0.1975681
	0.0614709
	3.21
	
	

	

	sigma_u
	0. 40513571
	

	sigma_e
	0. 33877604
	

	rho
	0.58849947
	(fraction of variance due to u_i)


Source: Data processed with the Stata App, 2026

The results of the F test showed a value of 5.17 with a probability of 0.0140 which was smaller than 0.05, so that the regression model was declared feasible and the independent variables simultaneously had a significant effect on the FFR. Based on the estimated results, the panel regression equation is obtained as follows:
FFR = 0.1976 – 0.0361 Z-Score + 0.0216 M-Score + ε
Interpretation of equations:
1. Zscore
The Altman Z-Score variable has a coefficient of -0.0361 with a t-count value of -2.88 and a probability of 0.008 (p < 0.05). This shows that the Altman Z-Score has a negative and significant effect on financial statement fraud. The direction of the negative coefficient indicates that the higher the Z-Score value (the healthier the company's financial condition), the lower the risk of financial statement fraud. In contrast, companies that are in financial distress (low Z-Score) have a higher risk of fraud.
2. Mscore
The Beneish M-Score variable has a coefficient of +0.0216 with a t-count value of 1.34 and a probability of 0.195 (p > 0.05). Although the direction of the positive coefficient is in accordance with theoretical expectations, where the higher the indication of profit manipulation, the higher the risk of fraud, but the effect is not statistically significant at a significance level of 5%.
3. Constants (0,1976)
If the variables Zscore and Mscore are zero, then the FFR value is 0,1976.
Uji Hypothesis
Hypothesis tests are carried out to check the truth of the conjectures or assumptions proposed in the research.
a. Coefficient Determination Test (R²)
The determination coefficient (R²) test is used to see the extent to which the independent variable used is able to explain the movement of its dependent variables. In the Fixed Effects model, the R² is presented in three dimensions that each gives different information about the model's capabilities.

Tabel 7. Uji R-squared
	Information
	Value

	R-squared
	

	Within
	0.2148

	Between
	0.5392

	Overall
	0.3550

	F
	5.17

	Prob > F
	0.0140


Source: Data processed with the Stata App, 2026

In terms of changes in one company over time (within), the model is able to explain 21.48% of FFR changes. This figure reflects that the annual fluctuations of Z-Score and M-Score within the same company have a limited contribution in explaining the rise and fall of indications of fraud in that company. Meanwhile, the much higher R² between of 53.92% shows that the difference in financial characteristics between companies is actually better able to distinguish which companies are high-risk and which are not. Overall, these two independent variables were able to explain 35.50% of FFR variation across the sample. This considerable gap between R² between and R² within is actually not surprising when associated with the characteristics of the mining industry. Companies in this sector tend to have structural and relatively persistent financial conditions where fundamentally healthy companies will tend to remain so from year to year, and vice versa. This means that the basic identity and characteristics of a company determine its risk profile more than changes that occur in a given year or two.
The feasibility of the model was confirmed through the F test which yielded a value of 5.17 with a probability of 0.014. Since this value is below the significance threshold of 0.05, it can be concluded that the R² obtained indicates that the Altman Z-Score and the Beneish M-Score together have a real effect on the FFR. 
b. T Test (Partial)
The T test is used to test the partial influence of independent variables on dependent variables. With this test, researchers can find out which variables have a significant effect individually.





Table 8. T Test
	Variable
	T-stat
	Prob > T

	Altman Z-score
	-2.88
	0.008

	Beneish M-score
	1.34
	0.195


Source: Data processed with the Stata App, 2026

Based on table 8 it is known that:
1. Altman Z Score Variable
Yang diuji hypothesis:
H0: Altman Z-Score has no effect on Financial Fraud Reporting (zscore = 0)
H1: Altman Z-Score affects Financial Fraud Reporting (zscore ≠ 0)
The results of the partial test showed a t-statistical value of -2.88 with a probability of 0.008. Since the probability value of 0.008 is smaller than the significance level of α = 0.05, H0 is rejected and H1 is accepted (H1: Altman Z-Score affects Financial Fraud Reporting).
2. Beneish Mscore Variable
The hypothesis being tested:
H0: Beneish M-Score has no effect on Financial Fraud Reporting (mscore = 0)
H2: Beneish M-Score affects Financial Fraud Reporting (mscore ≠ 0)
The results of the partial test showed a t-statistical value of 1.34 with a probability of 0.195. Since the probability value of 0.195 is greater than the significance level of α = 0.05, H0 is accepted and H2 is rejected (H0: Beneish M-Score affects Financial Fraud Reporting)
c. Confusion Matrix

Table 9. Confusion Matrix 2 Model Results
	Matrix
	Beneish M-score
	Altman Z-score

	
	Actual Fraud
	Actual Non-fraud
	Total
	Actual Fraud
	Actual Non-fraud
	Total

	Fraud Prediction
	28
	33
	61
	50
	3
	53

	Non-fraud Prediction
	56
	51
	107
	34
	81
	115

	Total
	84
	84
	168
	84
	84
	168


Source: Data processed with the Stata App, 2026

Based on the results of table 9. Above, the calculation of classification evaluation metrics was carried out with the following results.

Table 10. Results of Classification Evaluation Metrics
	Metrik
	Altman Z-score
	Beneish M-Score

	Accuracy
	77.98%
	47.02%

	Sensitivity
	59.52%
	33.33%

	Specificity
	96.43%
	60.71%

	Precision
	94.34%
	45.90%


Source: Data processed with the Stata App, 2026

To answer the formulation of the problem of the comparison of the detection of the two models, it is carried out by comparing the classification ability of each method to the FFR benchmark. The FFR benchmark is formed based on the median value of the FFR composite score, where companies with an above-median FFR are classified as high-risk (ffr_flag = 1) and below the median as low-risk (ffr_flag = 0). Of the 168 observations, there were 84 high-risk observations and 84 low-risk observations.
The Altman Z-Score classification uses a cutoff of 1.81 where companies with a Z-Score < 1.81 are classified as financially distressed (flag_z = 1). Based on TABLE 4.6, Of the 168 observations, there were 53 observations that entered the distress zone. The Beneish M-Score classification uses a cutoff of -2.22 (Beneish, 1999) where companies with an M-Score of > -2.22 are classified as manipulators (flag_m = 1). Of the 168 observations, there were 61 observations classified as manipulators. The confusion matrix was compiled by comparing the classification of each method to the FFR benchmark. From the confusion matrix table, four classification evaluation metrics are calculated. The results in table 4.7 show that the Altman Z-Score method is superior across all evaluation metrics compared to the Beneish M-Score. The Z-Score accuracy of 77.98% indicates that out of 168 observations, 131 observations were correctly classified by the Z-Score. In contrast, the accuracy of the M-Score was only 47.02% (79 out of 168 observations), which was below the random success rate of 50%. The sensitivity of Z-Score of 59.52% shows that out of 84 companies that are indeed at high risk based on the FFR benchmark, Z-Score managed to detect 50 companies. M-Score detected only 28 out of 84 companies at risk (33.33%), which means that M-Score missed two-thirds of the companies that should have been detected.
The specificity of the Z-Score reached 96.43%, indicating that out of 84 low-risk companies, Z-Score correctly identified 81 companies as not at risk, with only 3 cases of false positives. The specificity of the M-Score was much lower (60.71%), with 33 cases of misdetection from 84 healthy companies.
The Z-Score precision of 94.34% indicates that of the 53 companies that were flagged by the Z-Score as risky, 50 of them were indeed really high risk based on the FFR benchmark. The accuracy of the M-Score is only 45.90%, which means that more than half of the M-Score detection is a false alarm. Overall, the advantages of Z-Score are mainly seen in its very high specificity (96.43%) and precision (94.34%).
d. Area Under the ROC Curve (AUC-ROC)
ROC curve analysis is used to evaluate the discriminatory ability of the two methods in distinguishing between high- and low-risk companies. Figure 4.1 presents a comparison of the ROC curve between the Beneish M-score and the Altman Z-score.
[image: ]
Figure 1. Grafik Area Under The ROC Curve
Source: Data processed with the Stata App, 2026

The diagonal line on the graph represents a random classification with an Area Under the Curve (AUC) of 0.5 where the farther the curve from the diagonal line to the upper left corner, the better the method's discriminating ability and the AUC value closer to 1 means that the model is better at distinguishing negative and positive classes (Sathyanarayanan & Tantri, 2024). The Altman Z-score ROC curve (blue curve) shows a curve that slopes to the upper left corner with an AUC value of 0.9025. This shows that there is a 90.25% probability that the Altman Z-score method will give a higher risk score to companies that are indeed at risk of fraud than companies that are not at risk. Meanwhile, the Beneish M-score ROC curve (red curve) is below the reference diagonal line with an AUC value of 0.4157 indicating that the predictability of the M-score is lower than that of random classification. This means that companies that are flagged M-score as manipulators are less likely to be high-risk companies based on the FFR benchmark and vice versa.
DISCUSSION
The Effect of the Altman Z-score Method on Fraudulent Financial Reporting
The results of the first hypothesis test showed that the Altman Z-Score had a negative and significant effect on financial statement fraud with a coefficient of -0.0361, a t-count value of -2.88, and a probability of 0.008 (p < 0.05). These findings mean that the lower a company's Z-Score (the closer it is to financial distress), the higher the risk of financial statement fraud. In contrast, companies with healthy financial conditions (high Z-Score) have a lower tendency to commit fraud. The 95% confidence interval is completely below zero (from -0.0620 to -0.0102), confirming that this negative relationship is consistent and statistically reliable. Thus, the first hypothesis (H₁) is accepted. These findings can be explained through two theoretical frameworks that are the basis of this research. First, from the perspective of Agency Theory, conflicts of interest between shareholders (principals) and management (agents) increase when the company experiences financial pressure. According to Jiang (2023), the main problem in agency theory arises from conflicts of interest and information asymmetry, for which managers often have different goals and incentives than shareholders. When a company experiences financial distress, management as an agent has a greater incentive to manipulate financial statements to display better performance in the eyes of the principal.
Second, from the perspective of Fraud Diamond Theory, financial pressure is one of the main triggering elements of fraud. Companies that are in financial distress face pressure from various parties such as investors, creditors, and management who are at risk of losing their positions and compensation. These pressures are a strong trigger for management to engineer financial statements in an effort to avoid the negative impact of deteriorating financial conditions. The results of this study are in line with those conducted by Tanusdjaja and Kurniawan (2018) who found that the Altman Z-score method has a significant effect on detecting FFR. This finding is also in line with the research of Putra (2020) which found that the Altman Z-score has a significant effect on FFR. Islamiyati and Purnomo (2021) support these findings with research results showing that the accuracy of the Z-score model is higher compared to the M-score in detecting FFR. Furthermore, Valaskova (2021) states that business entities that are in a situation of financial distress have a higher probability of engineering profits, which theoretically links the concept of financial distress with financial statement fraud.
The Effect of the Beneish M-score Method on Fraudulent Financial Reporting
Based on the results of the hypothesis test, it was found that the Beneish M-score had no significant effect on financial statement fraud with a t-count value of 1.34, a probability value of 0.195 > 0.05, and was strengthened by a near-zero Spearman correlation between M-score and FFR (ρ = -0.038), as well as AUC that was under random classification. The direction of the positive M-score coefficient (+0.0216) is consistent with theories, previous research, and hypotheses, but the magnitude of the effect is not statistically significant. Thus the second hypothesis (H₂) is rejected. The insignificance of the Beneish M-score can be explained from various perspectives. First, the mining sector has high income fluctuations and commodity price volatility, as well as accounting complexities such as exploration costs and the valuation of mineral reserves. These changes are captured by the M-score indicator as an indication that there is manipulation, in fact it is a common business variation in the mining industry. Second, in terms of fraud diamond theory, there is an element of capability in the framework of fraud. In this perspective, the manipulation pattern of financial statements cannot be captured by the eight Beneish ratios because the capability element indicates that the perpetrator is manipulating in a way that is not detected by the standard patterns measured by the M-score. The opportunistic behavior of fraudsters may take a different form from accrual manipulation which is the main focus of M-score.  
These findings are in line with the research of Putra (2020) who found that the Beneish M-score method had no effect on financial statement fraud. Research from Suheni and Arif (2020) also states that the eight variables of the Beneish M-score statistically have no effect on financial statement fraud. The consistency of these findings in various studies shows that M-score has limitations in detecting financial statement fraud even though in fact this model is designed to detect profit manipulation which is the core of financial statement fraud.
Comparison of Beneish M-score and Altman Z-score Methods in Detecting Financial Statement Fraud
Based on the results of the performance evaluation metric (confusion matrix) and the AUC-ROC curve, it shows that the ability of the Altman Z-score is superior to the Beneish M-score in detecting financial statement fraud signals, with an accuracy of 77.98%, sensitivity of 59.52%, specificity of 96.43%, precision of 94.34%, and an AUC of 0.9025. The consistency of Z-score's superiority across all components can be explained through several arguments. First, in terms of the suitability of the model context. The mining sector has characteristics that make the pressure element in fraud diamond theory very dominant. In these conditions, Z-score is a very relevant predictor of fraud risk because it directly measures the dimension of the pressure. On the other hand, M-score faces quite basic contextual limitations. This model is built on the pattern of profit manipulation in U.S. manufacturing companies so that the components to calculate M-score have different baselines and produce different impacts when applied to different sectors of the company. This is directly reflected in the AUC value of the M-score (0.4157) which is below the random classification. Previous research has also shown that Z-score is superior to M-score. Islamiyati and Purnomo (2021) found a difference in the accuracy of Z-Score and M-Score of 27 percentage points (64% vs 37%), while this study found a difference of 31 percentage points (77.98% vs 47.02%). This study is in line with Islamiyati and Purnomo who concluded that the Z-score model has higher accuracy compared to the M-score in detecting FFR with an accuracy rate of 64%. Although Altman Zscore was originally developed to assess the risk of a company's bankruptcy, the results of this study show that the model also has a fairly strong relevance in the context of detecting financial statement fraud. When referring to the fraud theory framework in the fraud triangle, pressure is one of the main triggering elements in manipulating financial statements. So that companies that are in a state of financial stress have a greater incentive to present financial information unreasonably in order to maintain the trust of investors and creditors. 
These findings also reinforce the results of research by Valaskova et al. (2021) who stated that business entities in financial distress situations have a higher probability of engineering profits, so that the two measurement models, namely financial distress and earnings manipulation, are theoretically connected. However, in the context of Indonesia's mining sector, this relationship is asymmetrical, namely financial pressure (Z-Score) has proven to be a very strong predictor of fraud, while manipulation patterns (M-Score) are not.
The practical implication of these findings is that investors, creditors, auditors, and regulators who want to conduct an initial screening of the risk of financial statement fraud in mining companies in Indonesia should prioritize the Altman Z-Score analysis as the primary detection tool. The simpler use of Z-Score, which only requires one book year of data from five financial ratios and is more accurate in this sector, makes it a more efficient and effective tool for early detection of financial statement fraud than the Beneish M-Score, which requires two consecutive years of data comparison of eight financial ratios but results in lower accuracy than random guesses.

CONCLUSION
Based on the analysis of 168 observations using panel regression conducted with Stata software, two main conclusions were obtained regarding hypothesis testing. First, the Altman Z-Score method had a negative and significant effect on financial statement fraud. This negative relationship is consistent with Agency Theory and Fraud Diamond Theory, which suggest that financial pressure may encourage management to engage in opportunistic behavior through financial statement manipulation. Second, the Beneish M-Score method did not have a significant effect on financial statement fraud. Although the coefficient direction was positive, the relationship was not statistically significant.
Regarding the comparison between the two methods, all evaluation results consistently indicated that the Altman Z-Score method performed better than the Beneish M-Score method in detecting financial statement fraud in the mining sector. The superiority of the Z-Score findings supports the Fraud Diamond Theory framework, in which financial pressure represents a critical factor that may trigger fraudulent behavior, particularly in the mining sector, which is highly influenced by global commodity price volatility, substantial capital requirements, and stakeholder pressures. The Altman Z-Score, which measures financial distress and pressure dimensions, demonstrated greater capability in capturing potential fraud risk signals.
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