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Abstract:

The objective of this study is to design and test a predictive model for identifying tax fraud in manufacturing companies listed
on the Tehran Stock Exchange. The study used data from 100 manufacturing firms covering the years 2015-2024. Key
predictors included F-Score for financial statement manipulation, Z-Score for bankruptcy risk, leverage, liquidity, profitability,
asset composition, and new share issuance. A multivariate logistic regression model was developed and evaluated using
collinearity diagnostics, logit linearity tests, model fit indices, Pseudo R? values, confusion matrix analysis, and ROC curve
assessment. The findings revealed that F-Score and leverage exert strong positive effects on the probability of tax fraud, while
Z-Score, liquidity, and profitability reduce this likelihood. Asset complexity and new share issuance increase fraud risk. The
model demonstrated an accuracy of 86.5%, sensitivity of 72.5%, specificity of 90%, and an AUC of 0.88. Interaction analysis
indicated that the joint presence of financial pressure and financial manipulation substantially amplifies fraud risk. The
proposed model integrates indicators of financial pressure, financial manipulation, and opportunity into a comprehensive
analytical framework, enabling accurate prediction of tax fraud risk. It offers practical value as a decision-support tool for tax
risk management and audit prioritization.
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Extended Abstract

Introduction

Tax fraud prediction has become a central concern in contemporary financial oversight, particularly in emerging economies
where structural vulnerabilities and weak reporting infrastructures amplify the risk of fraudulent activity. Across global
jurisdictions, detecting fraudulent financial reporting through systematic modeling has gained significant attention, with
machine learning and statistical approaches increasingly employed to capture abnormal financial behaviors. Research on
fraudulent reporting shows that manipulation of financial statements often precedes or accompanies tax-related violations,
making financial data an important tool for tax risk analytics. Prior foundational studies have documented that fraudulent
reporting reflects patterns detectable through changes in earnings quality, abnormal accruals, leverage pressure, and liquidity
distortions, as shown in classic research streams focusing on earnings manipulation and anomalous reporting structures
(Dechow et al., 2011; Summers & Sweeney, 1998).

Recent technological advances have enhanced this analytical capacity. Machine learning—based studies demonstrate that
complex, non-linear relationships within financial data can be used to discriminate fraudulent from non-fraudulent firms with
substantial accuracy. Models using dynamic ensembles, XGBoost, neural networks, and hybrid classifiers have been effective
in identifying complex fraud patterns that traditional regression-based models fail to capture (Al-Ali et al., 2023; Ali et al,,
2022; Zhang et al., 2023). For instance, the cross-country analysis by Reeb and colleagues confirms that algorithmic detection
methods can uncover concealed fraud patterns even in high-profile cases such as Wirecard AG (Reeb & et al., 2025). Similarly,
Ginanjar and Wibowo show that combined vertical-horizontal financial analysis integrated with data-mining models
substantially increases the detectability of concealed financial anomalies (Ginanjar & Wibowo, 2025).

The relevance of these approaches becomes more pronounced in emerging economies, where financial statement
transparency may be limited, and tax evasion practices frequently coexist with earnings manipulation schemes. The Iranian
context aligns with these challenges: national reports estimate tax evasion at levels significantly burdening public revenue,
amplifying the need for analytical detection tools (Mehr News, 2019). Scholars in Iran have explored machine learning—based
tax fraud detection, demonstrating that financial ratios, bankruptcy indicators, and earnings manipulation metrics serve as
useful predictors of fraudulent tax behavior (Bagherian et al., 2022; Rahimikia et al., 2017; Rezaei et al., 2021). Recent
domestic studies apply SVM, neural networks, and hybrid methods, all reinforcing the importance of integrating financial
data analytics into tax enforcement mechanisms (Kamrani & Abedini, 2023; Piri & Kazemi, 2022).

The F-Score, originally developed to detect earnings manipulation, has emerged as a particularly effective index for signals
of reporting fraud. Empirical evidence suggests that elevated F-Score values strongly correlate with future fraud revelation,
making it a core predictor in fraud-detection frameworks (Aghghaleh et al., 2016; Price lii et al., 2011). Likewise, the Altman
Z-Score, measuring bankruptcy risk, also correlates with aggressive reporting and financial misconduct, since financial distress
frequently increases managerial incentives to manipulate earnings or conceal taxable income (Amin, 2018). Research in
emerging markets indicates that fundamental financial ratios—including leverage, profitability, liquidity, and asset
composition—can help identify companies at higher risk of financial misreporting and tax evasion (Kumar, 2021).

From a methodological perspective, growing attention has been given not only to prediction accuracy but also to

interpretability. The work of Lundberg and Lee introduced SHAP-based interpretability tools, allowing analysts to understand
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each variable’s contribution to the prediction outcome (Lundberg & Lee, 2017). This interpretability dimension is crucial for
regulators and tax authorities, who require transparent, explainable decision-support tools rather than "black-box" outputs.

However, despite international advancements, significant gaps remain in Iran’s fraud detection literature. Few studies
combine long-term financial trends, multi-dimensional financial indicators, and manipulation indices within a single
interpretable predictive model. Furthermore, little is known about how financial pressure, opportunity structures, and
reporting manipulation interact in shaping tax fraud risk—a phenomenon well-documented in psychological and behavioral
frameworks, including grounded-theory models examining managerial motivations behind fraud (Majdam et al., 2023).
International evidence similarly shows that fraud is rarely driven by a single factor; rather, it emerges from the convergence
of pressure, opportunity, and rationalization, as echoed in foundational behavioral research (Farber, 2005).

Accordingly, the present study develops and evaluates a logistic regression—based model incorporating F-Score, Z-Score,
key financial ratios, and stock issuance activity to predict tax fraud risk in Iranian manufacturing firms. By integrating
manipulation measures, financial-health indicators, and opportunity-enhancing variables, this study offers both a predictive
and explanatory model aligned with global analytical benchmarks (Hossain et al., 2024; Nguyen, 2024). The aim is to provide
tax authorities with a robust, interpretable decision-support tool capable of distinguishing high-risk from low-risk taxpayers
in the corporate sector.

Methods and Materials

The study examined 100 manufacturing firms listed on the Tehran Stock Exchange over the 2015-2024 period. Purposive
sampling ensured that all firms included had complete annual financial statements necessary to calculate F-Score, Z-Score,
leverage, liquidity, profitability, asset composition, and the stock issuance variable (ISSUE). Financial data were extracted
from official regulatory platforms, and a multivariate logistic regression model was constructed to estimate the probability
of tax fraud occurrence (coded as 1 for high-risk and O for low-risk cases).

Diagnostic tests were performed before estimation, including checks for multicollinearity using VIF, assessment of linearity
of the logit via the Box-Tidwell procedure, and evaluation of missing values and outliers. Model fit was assessed using the
Hosmer—Lemeshow test, McFadden and Nagelkerke pseudo-R? indices, and prediction performance metrics such as accuracy,
sensitivity, specificity, confusion matrix analysis, and area under the ROC curve (AUC). Feature importance was evaluated
using the magnitude of logistic coefficients and odds ratios.

Findings

The logistic regression results indicated that F-Score had a positive and statistically significant effect on tax fraud
probability, confirming that higher levels of financial manipulation are associated with increased tax fraud risk. Z-Score
showed a significant negative effect, meaning financially healthier firms demonstrated lower fraud likelihood. Leverage was
a strong positive predictor, while liquidity and profitability produced significant negative coefficients, reflecting their
protective effect against fraudulent behavior. Asset composition and stock issuance (ISSUE) both showed significant positive
effects, suggesting that complex asset structures and external financing activities increase the opportunities for tax-related
misconduct.

Diagnostic tests confirmed the model’s robustness: all VIF values were below 5, the Box—Tidwell procedure supported
linearity assumptions, and no missing values or outliers were identified. The Hosmer—Lemeshow test indicated acceptable

goodness-of-fit (p > .05).
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The prediction performance was strong:
e Accuracy: 86.5%
e Sensitivity: 72.5%
e  Specificity: 90%
e AUC:0.88

The confusion matrix showed the model correctly identified the majority of high-risk and low-risk companies. Feature
importance analysis revealed that F-Score and leverage were the strongest predictors, followed by ISSUE and asset
complexity, while liquidity, profitability, and Z-Score functioned as protective factors. Interaction effects showed that firms
with both high F-Score and low Z-Score exhibited a dramatically increased probability of tax fraud. Scenario sensitivity analysis
confirmed that financial pressure and leverage intensify fraud risk under simulated conditions.

Discussion and Conclusion

The findings demonstrate that tax fraud is a multi-dimensional phenomenon shaped by financial manipulation incentives,
financial distress pressures, managerial behavioral factors, and structural opportunity conditions. The model confirms that F-
Score, as a measure of financial manipulation, is the strongest predictor of tax fraud risk, aligning with international evidence
linking earnings manipulation with broader financial misconduct. Z-Score’s negative effect underscores the role of financial
pressure as a catalyst for fraudulent activity.

The combined influence of leverage, asset complexity, and stock issuance demonstrates that opportunity-enhancing
structural conditions significantly contribute to fraud risk. Conversely, profitability and liquidity operate as stabilizing factors,
reducing the need or incentive for fraudulent behavior.

The model’s strong predictive performance and interpretability make it a valuable decision-support tool for tax authorities,
enabling accurate identification of high-risk firms and efficient allocation of audit resources. It also provides an empirical
foundation for integrating financial-statement analytics into national tax-risk assessment frameworks. Overall, the model
offers a rigorous, transparent, and context-sensitive approach to predicting tax fraud in manufacturing firms, bridging

theoretical relevance with practical regulatory utility.
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