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Abstract ARTICLE INFO 
The present study was conducted to compare the accuracy of ANN and XGBoost 
algorithms in predicting earnings management in listed companies of the Tehran Stock 
Exchange. Earnings management is one way for managers to mislead their stakeholders, 
which can result in financial losses; therefore, accurate detection methods are important 
for earnings management and beyond statistical models. The present study used 2016–
2021 quarterly financial data from 103 publicly traded companies in basic metals, 
automotive, chemical, food and pharmaceutical producing industries (5076 year−firm). 
Discretionary accruals were used and calculated by the Kasznik model to capture 
earnings management and split them into three groups: Increasing Accruals (+1), 
Decreasing Accruals (-1), and Near-Zero Accruals (0). A Confusion Matrix was used to 
perform the model evaluation. The results showed that the XGBoost algorithm is 
significantly superior to the ANN with an overall accuracy of 98.4%. With very few 
errors, all earnings management categories XGBoost had near-perfect results. In 
contrast, ANN demonstrated significant weaknesses, leading to an overall accuracy of 
63.1%. The study found that the model performance of XGBoost can further predict 
earnings management with more accuracy, thereby securing a process for financial 
institutions. Inspired by the relatively rare occurrence of applying the XGBoost model, 
used for trilateral classification of increasing, decreasing and near-zero earnings 
management in emerging markets, including the Tehran Stock Exchange. This research 
contributes significantly to the literature by demonstrating the superior predictive power 
of ensemble learning methods over traditional neural networks in detecting financial 
misconduct, which offers a robust, high-accuracy tool for regulators and investors to 
enhance market transparency and reduce financial risk. 
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1. Introduction 

Earnings management is essentially the manipulation of reported earnings accruals to achieve 

specific objectives (Saberi et al., 2023). In addition, earnings management occurs when managers use 

judgment in financial reporting and transaction structuring to alter financial reports, either to mislead 

some stakeholders about the company's underlying economic performance or to influence contractual 

outcomes that depend on reported accounting numbers (Healy and Wahlen, 1999). Understanding 

earnings management is possible in two ways: firstly, as opportunistic managerial behavior, it 

maximizes the apparent utility of management's performance for profit-based rewards; secondly, 

earnings management provides management with flexibility to use it for the benefit of related parties, 

in terms of anticipating unexpected events, for themselves and the company (Scott, 2015). 

Accordingly, managers' motivations for earnings management can be divided into two distinct and 

opposing categories (Ahmadpoor and Montazeri, 2011): 

1. Efficient Earnings Management: The objective of which is to enhance the quality of 

information preparation to help users better understand the company's profitability and financial 

position. 

2. Opportunistic Earnings Management: Where managers undertake these actions solely to 

maximize their own interests, rather than those of investors. 

If earnings management is efficient (good), earnings quality is expected to improve; conversely, 

if earnings management is opportunistic (bad), it may negatively impact earnings quality. 

Opportunistic behavior, by manipulating earnings, reduces the reliability of information and impairs 

earnings quality. The transmission of confidential information about future profitability opportunities 

to the market through intervention in the earnings measurement process affects earnings quality and 

consequently adds to the company's market value (Kordestani and Tatli, 2014). 

In this research, opportunistic earnings management is of particular interest, as it can cause 

financial losses to financial statement users by creating misleading information. Therefore, detecting 

earnings management can prevent a significant portion of potential losses for users. 

Accounting research over the years has proposed numerous models for identifying earnings 

management through financial statement items. These efforts began with seminal models such as the 

Healy Model (1985) and the DeAngelo Model (1996). The approach reached a turning point with the 

introduction of the Jones Model (1991) and subsequently the Modified Jones Model by Dechow et 

al. (1995), which attempted to control for non-discretionary factors. However, more sophisticated 

models, including the Kasznik Model (1999), were developed due to challenges arising from the 

insufficient control of firm operating performance. The Kasznik model enhanced the power to 

separate discretionary and non-discretionary components by adding the operating cash flow variable 

(Sun and Rath, 2010; Siekelova, 2021). 

Accounting is the science of applying data, and in some cases, analyzing a large volume of data 

and making decisions based on it, which can be difficult and time-consuming. Given the increasing 

complexity of processes, the vast amount of information, and the intricate analysis required. 

Consequently, accounting researchers who need to automate these processes, like those in other 

fields, should explore the possibility of utilizing artificial intelligence tools. Machine learning is a 

subfield of artificial intelligence that focuses on developing algorithms capable of learning from data 

and making predictions or performing actions without explicit programming. The advantage of using 

these algorithms in accounting data analysis is saving time and analysis costs, and developing 

methods to increase the usefulness based on existing information and records. With the development 

of financial markets and the ever-increasing volume of information, participants in these markets are 

seeking simple and cost-effective tools that can enable them to make accurate and rapid predictions 

about the future market situation. 
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Although statistical models possess the ability to make acceptable predictions in analyzing 

financial and accounting issues, the limiting assumptions of some of these models (ambiguity in the 

relationships between input and output variables, collinearity error, lack of observations, etc.) reduce 

their effectiveness (Esfahanipour et al., 2016). 

Moving beyond the established superiority of artificial intelligence methods over conventional 

statistical methods, we encounter a wide variety of machine learning algorithms. These algorithms 

themselves can exhibit varying levels of performance relative to each other, depending on their 

specifically defined objective. Therefore, researchers in this field are obligated to investigate two 

aspects: first, the feasibility of applying these algorithms to achieve the desired goal, and then to 

compare their accuracy and efficiency with each other to achieve the main objective of their research, 

which is to meet the needs of financial market participants. In this research, two powerful and novel 

machine learning algorithms were utilized (XGBoost and ANN) to predict earnings management in 

five industries: basic metals, automotive and parts manufacturing, chemical products, food products, 

and pharmaceutical materials and products, within the Tehran Stock Exchange market. We will then 

examine and compare their performance in terms of accuracy. 

These two models, which are similar yet different in fashion in tackling complex financial data 

and the domestic literature, suffer from a critical research gap that makes the two of them the natural 

choices. The main advantage of ANNs is their inherent flexibility to model very non-linear 

relationships, which is a key requirement, considering that most financial data do not comply with 

simple linear structures (Artene and Domil, 2025). In contrast, XGBoost provides superior predictive 

accuracy, very fast run time, automatic handling of sparsity and robustness to different types of noise 

in the data compared with general linear models and many other conventional ensemble methods 

(Wiens et al., 2025). Importantly, most likely today, there is no evidence of any such literature that 

directly examines the comparative performance between XGBoost (as the leading gradient boosting 

algorithm) and Artificial Neural Network (ANN (a representative of non-linear/deep learning models) 

on predicting earnings management, in Iranian domestic literature. 

Thus, the main purpose of this study is to set a new standard by directly comparing these two 

powerful algorithms under an adverse trilateral classification scenario (Increasing, Decreasing, and 

Near-Zero Accruals), with a precise Kasznik model. This comparison addresses a significant local 

research gap and provides a definitive assessment of the optimal predictive model for earnings 

management within the Tehran Stock Exchange. 
The rest of this paper is organized as follows: We begin with Section 2, which establishes the 

theoretical foundations, reviews the relevant literature, and poses the research question. Next, Section 

3 outlines the research methodology, including data collection and the implementation of machine 

learning algorithms. Subsequently, Section 4 reports the empirical findings and performance analysis, 

followed by the concluding remarks in Section 5. 
  

2. Theoretical principles, literature review, and research question 
2.1. Theoretical grounding of the prediction model structure 

The structure of this prediction model is fundamentally based on the literature derived from 

Positive Accounting Theory (PAT) and Agency Theory. These frameworks provide the theoretical 

justification for selecting the financial features used as inputs (predictors) for the machine learning 

algorithms. The central theoretical premise is that managerial incentives (e.g., maximizing bonuses, 

avoiding debt covenant violations, mitigating political scrutiny) manifest as changes in financial 

performance indicators. The study uses the core components of the Kasznik Model, a theoretically 

justified accruals model, as the input features (X). 
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2.2. Earnings management 

Like any other research field or domain, there is no consensus or agreement on a single, unified 

theory to explain and predict earnings management. The most debated theories of earnings 

management include: Prospect Theory, Catering Theory, Agency Theory, Signaling Theory, Big Bath 

Theory, Behavioral Theory, Game Theory, Shareholders Theory, and Entity Theory. 

According to Saghafi and Pouryanasab (2010), all earnings management theories share three 

commonalities: 

1. They all endeavor to explain the relationship between company managers and the group(s) of 

users or stakeholders concerning earnings management. 

2. For this reason, and due to the use of two logical premises, "rational human" and "self-interest," 

and their product, "utility maximization," all these theories seek to explain the relationship 

between earnings management and value. 

3. All these theories have been developed within the realm of positive accounting's dominance and 

therefore possess a positive and inductive nature, derived from observation and experience. 

Ronen and Yaari (2002) accept "Firm Theory" as the dominant theory and place it above other 

theories. In this article, Firm Theory is also positioned as the dominant theory for three reasons: 1) It 

has a longer history than others, at least in other related research fields; 2) Other earnings management 

theories are, in some way, indebted to it, or in other words, this theory serves as a paradigm for the 

set of its rival theories; 3) And each of the other theories is, in some way, an approach derived from 

Firm Theory. As mentioned before, all earnings management theories strive to explain the 

relationship between insiders and outsiders regarding the phenomenon of earnings management. 

Therefore, a paradigmatic relationship exists between Firm Theory and its rivals, and thus, rival 

theories are each positioned within the framework of Firm Theory's approaches. 

 

2.3. Models for measuring earnings management 

Various models for detecting and measuring earnings management were proposed by different 

researchers, which are generally classified into two categories: discretionary accruals models, which 

are based on the Jones model, and discretionary revenue models, which have recently gained attention 

from financial researchers. Discretionary accruals, used as an indicator for measuring earnings 

management, are items over which management has control and can manipulate (accelerate or delay 

recognition, or omit them) (Salehi and Salehi, 2015). 

Rahnamay Roodposhti et al. (2014) evaluated five accruals models and the Keeler discretionary 

revenue model for predicting earnings management in companies listed on the Tehran Stock 

Exchange. Their research findings indicated that earnings management models based on discretionary 

accruals have greater predictive power compared to the discretionary revenue model. Furthermore, 

the earnings management index derived from accrual-based models is a relevant and influential 

variable on the company's stock market value, in comparison to the revenue model. 

To date, extensive research has been conducted in the field of comparing proposed models for 

detecting earnings management. Some of these studies in Iran have applied the proposed models in 

various industries and compared their results; for example, Montazeri and Khodamoradi (2017) 

investigated the detection power of earnings management models in companies listed on the Tehran 

Stock Exchange to identify the most suitable model for evaluating earnings management. In this 

research, the Jones, Modified Jones, and Kasznik models were compared. The findings indicated that 

among the three models, the Kasznik model yields the highest correlation. Also, according to the 

results of Rahmani and Bashirimanesh's research (2013), the adjusted Jones model was not significant 
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in some industries and its adjusted coefficient of determination was also at a low level. 

 
Kasznik model 

The Kasznik model is as follows: 

 

(Model 1) 
𝑇𝐴𝑖𝑡

𝐴𝑖𝑡−1
= 𝛼0 (

1

𝐴𝑖𝑡−1
) +  𝛽1 (

∆𝑅𝐸𝑉𝑖𝑡 − ∆𝑅𝐸𝐶𝑖𝑡

𝐴𝑖𝑡−1
) + 𝛽2 (

𝑃𝑃𝐸𝑖𝑡

𝐴𝑖𝑡−1
) + 𝛽3 (

∆𝐶𝐹𝑂𝑖𝑡

𝐴𝑖𝑡−1
) + 𝜀𝑖𝑡 

 

Where: 

𝑇𝐴
𝑖و 𝑡

 = Accruals for company i in year t 

𝐴
𝑖و 𝑡−1

= Total book value of assets for company i at the beginning of the period 

∆𝑅𝐸𝑉
𝑖 و 𝑡

= Change in operating revenues for company i between year t and t-1 

∆𝑅𝐸𝐶
𝑖و𝑡

= Change in accounts receivable for company i between year t and t-1 

𝑃𝑃𝐸
𝑖و𝑡

= Gross property, plant, and equipment for company i at the end of year t 

∆𝐶𝐹𝑂𝑖𝑡= Change in operating cash flows between year t and t-1. 

 

Kasznik's model adjusts the Jones model in three aspects. The first and most important adjustment 

is the inclusion of the change in cash from operations as the third independent variable (Salehi and 

Salehi, 2015). Recent empirical evidence and research show that accruals are negatively correlated 

with changes in cash flows, which is likely due to the nature of the accounting pattern (Dechow et 

al., 1995). 

The second change from the Jones model is loosening the assumption of exogenous revenues. The 

timing of revenue recognition is a method often used by managers to manage reported earnings. If, 

in the model design, revenue is considered an exogenous factor beyond management's discretion, the 

presented model will not be able to detect earnings management through the timing of revenue 

recognition, and consequently, the model's power to detect earnings management will be weak (Salehi 

and Salehi, 2015). Following Dechow et al. (1995), this problem can be mitigated by adjusting the 

revenue variable by the change in accounts receivable. 

The third adjustment involves the structure of the estimated portfolios. The accruals model uses a 

cross-sectional method instead of a time-series method to estimate the coefficients α0, β1, β2, and β3 

(Salehi and Salehi, 2015). The advantage of the cross-sectional method is that it can control the effects 

of changes in economic conditions across a wide industry scope on total accruals and, due to the 

possibility of structural changes, allows for these coefficients to vary over the period (Kasznik, 1999). 

 
2.4. Supervised machine learning 

In machine learning methods, algorithms are developed that interpret the pattern of input data, 

extract the governing rules for that data set, and ultimately use these rules to predict other data. 

Supervised learning is a type of machine learning algorithm where the model uses labeled training 

data and a set of training examples to infer a function (Sarker, 2020). Supervised learning occurs 

when we have identified and predetermined specific objectives for a particular set of data (Sarker et 

al., 2020). In essence, learning in this category of algorithms is used to identify patterns or behaviors 

in a "specified" training dataset (Boutaba et al., 2018). 
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2.5. Research background 

First, relevant domestic research was reviewed to identify existing gaps in previous studies: 

Faghani et al. (2016) aimed to predict earnings management using the Artificial Neural Network 

(ANN) and a hybrid Genetic Algorithm-ANN model. The findings showed that ANN has a high 

ability to predict earnings management compared to the linear Modified Jones model. However, this 

study’s reliance on the Modified Jones model, which has been shown to have low detection power in 

certain industries, limits its generalizability (Montazeri and Khodamoradi, 2017). 

Salehi and Farokhi Pile Rood (2018) compared the predictive accuracy of earnings management 

using Neural Networks and Decision Trees against linear models. The results indicated that neural 

networks and decision trees offer greater accuracy and lower error rates in predicting earnings 

management compared to linear methods. Given the established superiority of AI tools over 

traditional linear models, the current research moves beyond this conclusion to find the single best-

performing algorithm. 

Fereydouni et al. (2020) predicted earnings smoothing using the Relevance Vector Machine 

(RVM) algorithm. The results showed that the RVM algorithm, in both its linear and non-linear 

forms, has a high capability in predicting the extent of earnings smoothing, with the non-linear 

approach performing better. The current research contributes by comparing and examining newer and 

more powerful machine learning algorithms to achieve a more comprehensive conclusion regarding 

the optimal model for earnings management prediction. 

Maleki Kakler et al. (2021) applied machine learning models (Decision Tree, Support Vector 

Machine, and Bayesian Network) to develop an effective pattern for predicting fraudulent financial 

reporting. The results showed that the Decision Tree algorithm was successful, achieving an accuracy 

of over 92.61%. Similar to others, this study focused on demonstrating the superiority of machine 

learning over statistical models, whereas our research centers on a head-to-head comparison of two 

distinct and powerful machine learning algorithms. 

Hassani et al. (2024) conducted a study to distinguish between accrual earnings management and 

real earnings management using machine learning methods (decision trees, SVM, KNN, deep 

learning) and combining them with relief feature selection and principal component analysis (PCA) 

methods. The findings showed that in predicting accrual earnings management, the relief-based 

feature selection model has a better ability than the PCA model, but this superiority was not observed 

in predicting real earnings management. Also, the results indicated that accrual earnings management 

can be predicted with higher accuracy than real earnings management. In this study, a binary 

classification method was used, while the present study uses a triple classification method. 
Hamidian and Esmaeili (2024) have a study focused on predicting earnings management using 

support vector machine and decision tree methods in 170 companies. The results showed that support 

vector machine and decision tree methods have the ability to predict earnings management of 

companies and the support vector machine method was introduced as the superior method in 

predicting earnings management. In this study, the focus is more on the independent variables 

(attributes) than on the specific model of measurement of the dependent variable (discretionary 

accruals). 

After mentioning the gaps in domestic research in the field of applying machine learning in 

earnings management prediction, studies that are more closely related to the research objective and 

methodology can be reviewed, focusing on finding new research opportunities: 

Rahman et al. (2021) compared two types of machine learning algorithms, linear classification and 

tree-based classification (Decision Tree and Random Forest), for predicting earnings manipulation. 

The results indicated that the performance of the two algorithm types was not significantly different, 
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but tree-based classifiers achieved the best accuracy in the shortest time. 

Hammami and Hendijani Zadeh (2022) employed six new data analysis methods in classification 

to predict earnings management (both accrual and real). The results showed that the ABC-SVM 

model (Ant Colony Optimization and Support Vector Machine) performed better than other models 

in predicting earnings management. 

Chen et al. (2022) combined Random Forest with Gradient Boosting in a hybrid machine learning 

model to predict one-year-ahead earnings changes in direction. The accuracy of the proposed model 

was found to be between 67.52% and 68.66%, which outperforms the linear models. 
Adomat et al. (2023) investigated a new cloud production environment-based earnings 

management technique using machine-learning algorithms. They observed that their combined 

Neural Network and Linear Regression model achieved the lowest error rates compared to standard 

and automated linear regression algorithms. 
Ali et al. (2023) produced a state-of-the-art FSF detection model dedicated to the MENA region 

with publicly available financial data. Based on the empirical results, XGBoost performed 

substantially higher than all other machine learning models - Logistic Regression, Decision Tree, 

Support Vector Machine, AdaBoost and Random Forest. Optimization resulted in a final accuracy of 

96.05% for FSF detection by the XGBoost algorithm. 
Chakri et al. (2023) used four different supervised machine learning models (Linear Regression, 

K-Nearest Neighbors, Support Vector Regression, and Decision Tree) for earnings prediction. 

Decision Tree proved to be the best model for performance analysis according to the findings. 
In Chen et al. (2025), the multi-class Financial Distress Prediction (FDP) model was developed, 

which offered a deeper insight into corporate financial distress classification. The study introduced a 

new definition of the financial status in three classes and applied the Deep Forest algorithm for 

classification. This is the first multi-class forecast in the financial domain, and thus is a remarkable 

research.  

Huy et al. (2025) addressed the limitations of traditional discretionary accrual models in detecting 

the nonlinear patterns of earnings management. They evaluated tree-based machine learning models 

(Decision Trees, Random Forests, and Gradient Boosting Machines). Their findings established that 

the Gradient Boosting Machine (GBM) significantly outperformed the other models across all key 

metrics (accuracy, precision, recall, and F1 score), proving to be the most effective tool. 
The aim of Veganzones and Severin (2025) was to identify the financial profiles of companies 

using machine learning and to provide a visual representation of the financial profiles associated with 

earnings management strategies (upward and downward) and tools (accruals and real activities). The 

proposed machine learning method performed better than traditional forecasting methods. 

Domestic literature on predicting earnings management using machine learning algorithms in the 

Tehran Stock Exchange is constrained by a reliance on older models (proving only the general 

superiority of Machine Learning over linear methods), the use of less accurate earnings management 

models like the Modified Jones model  (Montazeri and Khodamoradi, 2017; Rahmani and 

Bashirimanesh, 2013) and a simplistic binary classification.  
This study addresses these limitations by establishing a new benchmark for earnings management 

prediction on the Tehran Stock Exchange. Our innovation lies in three key areas: 1) Employing the 

Kasznik model, which is locally validated as more robust; 2) Adopting a challenging trilateral 

classification (increasing, decreasing, and near-zero earnings management); and 3) Conducting a 

systematic, head-to-head comparison between the XGBoost and Artificial Neural Network (ANN) 
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algorithms to identify the optimal model in this field. 
 

2.6. Research question 

Which of the Artificial Neural Network (ANN) algorithms and XGBoost has higher accuracy in 

predicting earnings management? 

 

3. Research methodology 
The present research, in terms of its objective, is applied; and in terms of its nature, given that it 

examines and compares the accuracy of algorithms and uses real data for testing, it falls under 

descriptive research. Regarding the research method, an ex-post facto approach was used. In ex-post 

facto research, the investigation begins after an event has occurred. Here, the researcher, essentially 

not present, does not manipulate the variables and does not know them, but rather conducts causal 

research to identify these variables and factors that caused the event (Sarmad et al., 2004). In this 

research, by implementing machine learning algorithms, we aim to improve earnings management 

prediction and compare the results of the algorithms with each other to ultimately select the best one 

(in terms of accuracy) for better prediction. 

 

3.1. Data collection method 

Many accounting and financial studies on the Tehran Stock Exchange are conducted using the 

Rahavard Novin database. Rahavard Novin is the most comprehensive software for the Iranian capital 

market. Since its initial release in 1999, due to its extensive database and advanced tools, it has always 

been the primary choice for both individual and institutional participants in the capital market 

(Mosallanejad and Nazemi, 2019). Rahavard Novin software provides advanced tools that allow 

access to extensive information on companies listed on the Tehran Stock Exchange in an optimal 

time. In this research, a complete set of required information was extracted from this software, and 

when necessary, information was verified by direct reference to the Codal website. 

 

3.2. Statistical population and sample 

The statistical population of this research consists of classified and audited financial data of active 

companies listed on the Tehran Stock Exchange during the period from 2016 to 2021. 

The statistical sample (present in Table 1) is determined by the systematic exclusion method and 

includes companies that meet the following conditions: 

1. Must be a listed company on the stock exchange. 

2. The company's fiscal year must end on March 20. 

3. The company's fiscal year must not have changed within the research period (2016 to 2021). 

4. Must have been continuously active on the stock exchange from 2016 to 2021. 

5. Required financial information, including financial statements and accompanying notes, for 

calculating research variables must be available for the relevant companies within the 2016-

2021 timeframe. 

6. Must belong to one of the five industries: Basic Metals, Automobile and Parts Manufacturing, 

Chemical Products, Food Products, and Pharmaceutical Materials and Products. 

The table related to the application of each of the above-mentioned restrictions is as follows: 
 

Table 1. Sample selection process by applying population constraints and conditions 
Remained 

Sample Size 
Percentage of 

Deletion 
Constraint 

5076 year-firm  Initial population 
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1892 year-firm ≅ 62% 
1. Companies must be listed on the main stock exchange (Tehran Stock 

Exchange) and not on the over-the-counter market . 

1032 year-firm ≅ 45% 2. The companies' fiscal year must end on March 20. 

880 year-firm ≅ 14% 
3. The companies' fiscal year must not have changed within the research 
period. 

836 year-firm ≅ 5% 
4. Must have been continuously active on the stock exchange from 2016 to 
2021. 

816 year-firm ≅ 2% 

5. Required financial information, including financial statements and 
accompanying notes, for calculating research variables must be available for 
the relevant companies within the 2016-2021 timeframe. 

412 year-firm 
(Final Sample) ≅ 49% 

6. Must belong to one of the five industries: Basic Metals, Automobile and 
Parts Manufacturing, Chemical Products, Food Products, and Pharmaceutical 
Materials and Products. 

Note. The total number of companies at the beginning of the selection process was 5076 year-firm. The percentages 
indicate the estimated proportion of deletion at each step relative to the previous sample size. 

 

3.3. Obtaining discretionary accruals 

In this stage of the research, the variables of interest (according to the Kasznik model), including 

the book value of company assets, operating income, net accounts receivable, and operating cash 

flow, were extracted from the available data in the sample's financial statements and saved in an Excel 

environment. Gross property, plant, and equipment (PPE) is among the information found in the notes 

to the financial statements, which was collected by direct reference to the financial statements via the 

Codal website. 

In the Kasznik model, β and α are company-specific parameters estimated using OLS regression. 

Given the total accruals (TA), which comprise normal accruals (NA) and abnormal accruals (AA), 

the sum of the four terms on the right side of the Kasznik model (Model 1) represents normal accruals, 

and εi,t (the residual) indicates the abnormal (discretionary) accruals for company i in fiscal year t. 

Discretionary accruals are recognized as a measure of earnings management, and their level indicates 

the occurrence or non-occurrence of earnings management (Dechow et al., 1995). 

According to Guara et al., total accruals (TA) are calculated using the following formula: 

 

(Formula 1)  

Total Accruals = (Net Income - Operating Cash Flow) × (-1) 

Accordingly, the level of discretionary (abnormal) accruals is measured after estimating the 

regression coefficients (β and α) for each company separately using OLS regression and measuring 

𝜀𝑖𝑡. 

 
3.4. The role of the Kasznik model in the machine learning framework & data labeling 

The Kasznik Model (1999) plays a foundational and dual role in establishing the Supervised 

Machine Learning framework of this study, which serves as both the measurement tool for the target 

variable (Y) and the basis for defining the input features (X). 

 
3.4.1. Defining the dependent variable (Y) and labeling 

Measurement Tool (Target Definition): The discretionary accruals (ϵi,t) obtained in Section 3-3, 

which serve as the proxy for earnings management, are the core input for data labeling. Data labeling 

is performed based on the value obtained from the level of discretionary accruals. Based on predefined 

thresholds, this value is converted into the discrete categorical variable Y (the dependent variable for 

prediction), classifying the outcome into Increasing Accruals (+1), Decreasing Accruals (-1), or Near-

Zero Accruals (0). 
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3.4.2. Defining the input features (X) and timeliness control 

Feature Definition: The model also fundamentally dictates the selection of our input features. The 

input variables, directly extracted from the sample companies' financial statements (Balance Sheet, 

Income Statement, and Cash Flow Statement) at the end of year t−1, correspond to the components 

of the Kasznik Model (1999), which are the standard determinants used to estimate Non-

Discretionary Accruals. 

The machine learning models (XGBoost and ANN) were trained to predict earnings management 

in year t. Accordingly, all input variables (Features) were exclusively extracted from financial 

information available at the end of the fiscal year t−1 (lagged variables). This rigorous time control 

ensures that the models use no information that would not have been published and available at the 

time of the actual prediction (i.e., at the beginning of year t), thereby eliminating the risk of Look-

ahead Bias and Data Leakage. 

 

3.5. Examining the general distribution of discretionary accruals 

Figure 1 is a histogram illustrating the distribution of data related to discretionary accruals 

(earnings management) within the examined dataset. A histogram is a type of bar chart for visualizing 

continuous data, which shows the distribution of values within a dataset (Archambault et al., 2015). 

In this graph, a probability distribution curve has also been used to more clearly illustrate the data 

distribution. This graph indicates that the highest data density (1.42) is at a point close to zero (-0.04). 

According to this graph, the data distribution is asymmetric, non-normal, and has a long tail to the 

right, which suggests that high values of earnings management are more frequent than low values. 

 

 
Figure 1. Distribution of data related to discretionary accruals (earnings management) 

 
3.5.1. Determining the first and third quartiles and the median of the data 

In this distribution, the median, first quartile, and third quartile values are as follows (Figure 2): 

• Median: 0.0018487886711916826 

• First Quartile (Q1): -0.22011942451641645 

• Third Quartile (Q3): 0.23925656442091495 

Based on the obtained values: 

• Discretionary accruals whose value is greater than or equal to the third quartile are classified as 

items with increasing earnings management and labeled as +1. 
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• Discretionary accruals whose value is less than or equal to the first quartile are classified as 

items with decreasing earnings management and labeled as -1. 

• Discretionary accruals whose value is between the first and third quartiles are classified as items 

with near-zero earnings management and labeled as 0. 

 

Figure 2. First quartile, third quartile, and median of the discretionary accruals data distribution 

 
3.5.2. Splitting training data into training and test sets 

An algorithmic model is built based on training data, and then the model's performance is evaluated 

using test data (Jain et al., 2022). In fact, at this stage of the research, we focus on developing 

algorithmic models and adapting them to the data structure, which is considered the main task in this 

research. 

Overfitting is a fundamental problem in supervised machine learning that prevents fully 

generalizing the model from observed training data to unobserved test data and can arise due to noise, 

the small size of the training set, and the complexity of the classifier. Despite overfitting (the model 

works perfectly on the training set and suboptimally on test data), it has some issues dealing with 

information that is more present in the test set than what was seen during training (Ying, 2019). In 

order to minimize the probability of overfitting, we take some part of the training dataset as a 

validation set. 
This process is called the hold-out method. We take a label dataset (training) and split it into a 

training and test set. Next, we train a model on the training set and make predictions for the test set 

labels. We compute the fraction of correct predictions (via comparison to the pre-predicted labels), 

which is our estimate of predictive accuracy for the model (Burzykowski et al., 2023). 

Splitting the training dataset into training and test sets is considered essential for eliminating or 

reducing bias in training data within machine learning models. This process is always performed by 

data scientists and data analysts to prevent algorithm overfitting (Muraina, 2022). 

The hold-out method is one of the most common cross-validation methods. The set of cross-

validation techniques is a method used to evaluate the predictive performance of a model (Yadav and 

Shukla, 2016). 

This operation is performed on the training set with the following code example: 
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# Split the data into training and testing sets 

X_train, X_test, y_train, y_test = train_test_split (X, y, test_size=0.2, random_state=42) 
The percentage for splitting training and test data is not considered significant in any source and 

can be chosen by the researcher based on the total volume of training data. In this research, 80% of 

the training dataset is used for model fitting, and 20% of this set is considered for evaluating the 

model's accuracy (test data). This splitting process was performed using the stratified hold-out method 

to ensure that the proportional representation of the three earnings management classes is maintained 

across both the training and test sets, thereby mitigating bias arising from class imbalance. 

 
3.6. Implementation of machine learning algorithms 

In this section, the machine learning models of interest for this research, including K-Nearest 

Neighbors, Support Vector Machine, Decision Tree, and Random Forest, are each fitted separately 

and their performance evaluated. 

Model fitting is performed by estimating the most suitable hyperparameters. Hyperparameter 

estimation is carried out using GridSearch. This method simply performs an exhaustive search over 

a specified subset of the training algorithm's hyperparameter space. 
Since the hyperparameter space of a machine learning algorithm may include a space with infinite 

values for some parameters, we must specify a boundary for each hyperparameter to apply Grid 

Search (Liashchynskyi and Liashchynskyi, 2019). To mitigate the instability of a single Hold-out split 

and ensure robustness and generalization capability, GridSearch inherently employs k-fold cross-

validation (CV) (specifically, we utilized 5-fold cross-validation here) on the training set to select the 

optimal parameters 
XGBOOST Algorithm XGBoost is a machine learning algorithm that utilizes ensemble tree 

models. Inspired by tree boosting algorithms (composed of decision trees), it uses a combination of 

multiple Regression Trees as its core model. In this method, each leaf of the tree contains a continuous 

score. Decision rules within the trees are used to classify these leaves. The final class of each leaf is 

predicted by aggregating the scores of the corresponding leaves, striving to provide the best prediction 

for machine learning problems (Rashidpour and Zare Bidaki, 2024). 

The XGBoost algorithm has numerous hyperparameters. To achieve the best predictive 

performance and ensure robustness, the optimal values for the most critical hyperparameters were 

determined using Grid Search combined with 5-fold Cross-Validation. The three key 

hyperparameters selected for tuning were the n_estimators (number of decision trees), max_depth 

(maximum depth of decision trees), and learning_rate (shrinkage rate). Their optimal values are 

summarized in Table 2. 
 

Table 2. XGBoost best Hyperparameters 

Value Hyperparameter 

50.000 Nestimator 
0.010 Learning rate 
3.000 Maxdepth 

ANN Algorithm, an Artificial Neural Network (ANN), is a type of mathematical model that 

mimics the functioning of the human brain. Their ability lies in extracting patterns from observed 

data without requiring assumptions about the relationships between variables. They are 

comprehensive, flexible functions and powerful tools for data analysis and modeling nonlinear 

relationships with a high degree of accuracy (Saberi et al., 2023). 

ANN encompass various types of models, and in this research, we utilize the Deep Neural Network 

model. A Deep Neural Network is a multi-layered neural network that possesses several hidden 
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layers. This algorithm also includes hyperparameters, whose optimal values were obtained using 

GridSearch and are presented in Table 3. 

 
Table 3. ANN best Hyperparameters 

Value Hyperparameter 
10 Batchsize 
50 epochs 
32 Modelneurons 
adam Modeloptimizer 

 
3.7. Programming environment and software implementation 

The implementation, training, and testing of the machine learning algorithms (XGBoost and ANN) 

were performed using the Python 3.9 programming language within the Visual Studio Code (VS 

Code) environment. The following specialized libraries were utilized for data processing and model 

execution: 

• Core Libraries: Scikit-learn (for model implementation, cross-validation, and data splitting), 

XGBoost (for the Extreme Gradient Boosting model), TensorFlow/Keras (for building and 

training the Artificial Neural Network), Pandas and NumPy (for data manipulation and 

algebraic operations). 

• Statistical Libraries: Statsmodels (utilized for the OLS regression necessary to estimate the 

Non-Discretionary Accruals in the Kasznik model). 

This detailed documentation ensures the reproducibility of our research findings. 

 

4. Research findings 
To evaluate the performance of the models, we utilize the Confusion Matrix. A Confusion Matrix 

is a table that visualizes the performance of a supervised learning algorithm. Each column of the 

matrix represents the predicted classes, while each row represents the actual classes. All correct 

predictions are located along the diagonal of the matrix, allowing errors to be easily observed by non-

zero values outside the diagonal (Patro and Patra, 2014). 

Precision, Recall, F1-score, and Support are metrics extracted from the Confusion Matrix to assess 

algorithm performance: 

• Precision: Among all instances that the model predicted to belong to a specific class, what 

percentage truly belonged to that class? High precision means a low False Positive rate. 

• Recall: Among all instances that actually belonged to a specific class, what percentage did the 

model correctly identify? High recall means a low false-negative rate. 

• F1-score: Represents the harmonic mean of precision and recall. A high F1-score indicates 

good performance in both precision and recall. 

• Support: Denotes the actual number of occurrences for each class in the specified dataset. 

• Weighted Average: reports the model's performance across all classes (Categories) 

simultaneously, by taking into account the size (Support) of each individual class. 

For the XGBoost algorithm, the results, according to the Confusion Matrix, are as follows (Figure 

3 and Table 4): 
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Figure 3. Confusion matrix of the XGBoost algorithm 

 
Table 4. Performance metrics for the XGBoost algorithm (Classification Report) 

Class  Precision Recall F1-Score support 

Decreasing Accruals )-1( 1.000 1.000 1.000 36 

Near-Zero Accruals (0( 0.970 1.000 0.980 58 

Increasing Accruals (+1) 1.000 0.930 0.970 30 

Weighted Average 0.980 0.980 0.980 124 

Note. The reported metrics are based on the testing set (N=124). The overall model accuracy was 0.98. 

 

4.1. Interpretation of XGBoost algorithm results 

This model demonstrated perfect performance for Class -1, which correctly identified all 36 

instances of Class -1; every time it predicted an instance as Class -1, it was correct. 

Furthermore, in identifying Class 0, it correctly found all 58 instances (recall: 1.00). When it 

predicted an instance as Class 0, it was correct 97% of the time, meaning there were very few false 

positives for this class (precision: 0.97). 

Finally, every time it predicted Class 1, it was correct (precision: 1.00). However, its Recall is 

slightly lower at 93%, meaning it did not identify 7% of the actual Class 1 instances (i.e., it had false 

negatives for Class 1). 

Similarly, for the ANN algorithm, the results according to the Confusion Matrix are as follows 

(Figure 4 and Table 5): 
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Figure 4. Confusion matrix of the ANN Algorithm 

 
Table 5. Performance metrics for the ANN algorithm (Classification Report) 

Class Precision Recall F-Score support 

Decreasing Accruals )-1 ( 0.000 0.010 0.020 36 

Near-Zero Accruals (0 ( 0.560 1.000 0.720 58 

Increasing Accruals (+1) 1.000 0.670 0.800 30 

Weighted Average 0.630 0.630 0.630 124 

Note. The reported metrics are based on the testing set (N=124). The overall model accuracy was 0.63. 

 

4.2. Interpretation of ANN algorithm results 

Recall (Sensitivity): All actual Class 0 instances were correctly classified. Precision: Only 55% of 

the instances predicted as Class 0 by the model were actually Class 0. 
All predicted Class 1 instances were actually Class 1. This means that the model has a very high 

precision in predicting for this class (Precision: 1.00). The recall for Class 1 was at only 63%. That is 

to say, the model classified 37% of true Class 1 cases as another class (Recall: 0.63). 

For Class -1, since there were no instances that belonged to it (highlighted in red, middle column 

— by default), the Precision and Recall are 0. 
 

5. Conclusion 
The primary purpose of this research was to compare the performance of the Artificial Neural 

Network (ANN) and XGBoost algorithms in predicting earnings management among the companies 

of five specified industries) listed on the Tehran Stock Exchange. The novelty of this study lies in its 

use of a trilateral classification of earnings management (Increasing Accruals: +1, Decreasing 

Accruals: -1, and Near-Zero Accruals: 0) and the application of the Kasznik Model for predicting. 

 

5.1. Methodology and key findings 

This study utilized financial data from 103 companies (5076 year-firm) across five industries 

(basic metals, automotive, chemical, food, and pharmaceutical) over the period 2016 to 2021. The 

research adopted an applied, descriptive, ex-post facto approach. Discretionary accruals, derived from 
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the Kasznik model, served as the proxy for earnings management, and the data were strictly labeled 

into the three classes based on quartiles. To gain a valid prediction of current-year (t) earnings 

management and to thwart implicit data leakage, a crucial methodological control was instituted by 

limiting all input variables to information available at the end of the prior fiscal year (t-1). A confusion 

matrix was used to evaluate the performance of the models. 

The findings above clearly demonstrated that the XGBoost algorithm outperforms: 
• XGBoost Algorithm: 98.4% overall accuracy demonstrated perfect or near-perfect performance 

across all three earnings management categories, successfully differentiating between them 

with very few errors. 

• ANN Algorithm: Showed considerable weaknesses, resulting in a significantly lower overall 

accuracy of 63.1%. The ANN model was completely unsuccessful in identifying the Near-Zero 

Accruals (Class 0), demonstrating a failure to generalize across all classes. 

The study concludes that XGBoost is a superior and more reliable model for predicting earnings 

management in this context. 

 

5.2. Comparison with past research 

This research contributes significantly to the literature by moving beyond the established 

superiority of machine learning methods over conventional statistical models. Previous studies on the 

Tehran Stock Exchange have often been limited by using older earnings management models like the 

Modified Jones model (which has low detection power in some industries) and simpler binary 

classification. Leveraging the advanced Kasznik model and a complex 3-way classification, this study 

lays the groundwork for future research and demonstrates that set-based methods, such as XGBoost, 

surpass traditional neural networks (ANN) in addressing sophisticated financial misbehavior. 

 

5.3. Practical implications and future research suggestions 

Practically, the high-accuracy XGBoost model offers a robust tool for regulators and investors to 

enhance market transparency and reduce financial risk by identifying companies engaging in 

opportunistic earnings management. 

For future research, it is suggested: 

1. To extend the application of the XGBoost model to predict other forms of financial misconduct, 

such as fraudulent financial reporting, and compare its efficacy with other advanced ensemble 

or deep learning algorithms. 

2. To replicate this trilateral classification methodology in other industries to test the 

generalizability of XGBoost's superior performance. 

 

5.4. Research limitations 

The conclusions of this study are limited to the scope of its design; Specifically: 

• The findings are restricted to the five specified industries and companies listed on the Tehran 

Stock Exchange. 

• The superior effectiveness of the XGBoost model is only established against the Artificial 

Neural Network within the context of trilateral classification. 

• It is important to note that this study's conclusions focus solely on predictive superiority and do 

not extend to causal analysis of earnings management. 
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