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ABSTRACT 
This investigation presents a novel approach to designing a model for the uncertainty of financial information in 

companies listed on the Tehran Stock Exchange. For this purpose, the data of 114 companies listed on the Tehran 

Stock Exchange are extracted, and the relationship between 12 independent variables and the dependent variable 

of financial information uncertainty is investigated. Initially, support vector regression (SVR) is used to evaluate 

the significance of independent variables or select the best features, leading to the selection of five effective 

independent variables. Then, the artificial neural network (ANN) algorithm with two hidden layers, the random 

forest algorithm, and the support vector machine algorithm are implemented in Python to analyze and predict the 

uncertainty level based on the selected features. The analysis results indicate that among the five selected 

variables, “firm risk,” “ownership structure,” and “earnings smoothing” significantly affect the uncertainty of 

financial information. Also, based on the mean square error (MSE) criterion, the random forest and neural 

network algorithms showed very high accuracy in predicting financial uncertainty. This investigation emphasizes 

the effectiveness of advanced machine learning techniques in predicting financial information uncertainty and 

provides investors and researchers in the field of finance with invaluable insights. The findings contribute to the 

development of more accurate prediction models, facilitating risk management and strategic decision-making in a 

more complex financial prospect. 
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1. Introduction 
In today's dynamic financial environment, it is critical 

for investors, financial analysts, and policymakers to 

accurately predict financial uncertainty. Financial 

uncertainty can significantly affect investment 

decisions, corporate strategies, and overall market 

stability. Understanding the factors contributing to this 

uncertainty is essential for developing effective risk 

management strategies and enhancing decision-making 

processes. Conventional techniques of evaluating 

financial risk are often ineffective in understanding the 

complexities of modern financial markets and demand 

more sophisticated analytical approaches. 

Recent advances in machine learning (ML) and 

artificial intelligence (AI) have opened up new 

avenues to analyze financial data, enabling researchers 

and specialists to uncover hidden patterns and 

relationships in complex datasets. Machine learning 

techniques, especially those involving feature 

selection, allow for a more in-depth understanding of 

the factors that cause financial uncertainty. Through 

systematical identification and evaluation of the most 

important features, stakeholders can make more 

informed decisions based on a robust analytical basis. 

This research presents a new model for predicting the 

uncertainty of financial data in companies listed on the 

Tehran Stock Exchange. For this purpose, a dataset 

consisting of 114 companies is used to study the 

correlation between twelve independent variables and 

the dependent variable, i.e., financial uncertainty. To 

ensure the relevance and efficiency of the model, 

support vector regression is first used to evaluate the 

significance of independent variables, resulting in the 

identification of five effective predictors. Then, 

advanced machine learning algorithms, including an 

artificial neural network with two hidden layers, a 

random forest algorithm, and a support vector machine 

algorithm, are implemented to analyze and predict 

financial uncertainty based on these selected features.  

The research findings show that “firm risk,” 

“ownership structure,” and “earnings smoothing” are 

particularly effective in the development of financial 

uncertainty. Additionally, the results indicate that 

based on the mean square error evaluation criterion, 

both the random forest and neural network algorithms 

show high prediction accuracy. The present study 

highlights the potential of machine learning techniques 

to enhance the prediction of financial information 

uncertainty and provides investors and researchers 

with invaluable insights. This research aims to 

contribute to the development of more accurate 

intelligent prediction models and facilitate effective 

risk management and strategic decision-making in a 

more complicated financial perspective. 

 

Theoretical foundations and 

hypothesis development 
According to the definition presented by Bekaert and 

Harvey [1], financial information uncertainty is 

described as “the degree of unpredictability” of future 

financial returns, which can be influenced by 

macroeconomic factors, market conditions, and 

investors’ sentiments. According to the authors, 

financial information uncertainty is defined as the 

unpredictability of future financial returns, which is 

influenced by various factors, including market 

fluctuations, economic conditions, and regulatory 

changes. 

Baker et al. [2], in their research, considered 

financial uncertainty as “uncertainty about future 

economic conditions and financial markets, which can 

affect consumer behavior and corporate investment.” 

Dornov et al. [3] defined financial information 

uncertainty as a “lack of clarity about future market 

conditions, which leads to increased volatility in stock 

prices and affects corporate investment decisions.”   

Marfou and Adlzadeh [4] have used three criteria, 

i.e., corporate idiosyncratic volatility (IVOL), 

dispersion in corporate earnings forecasts, and 

corporate earnings forecast error, to measure corporate 

financial information uncertainty. 

In the past, some investigations have been 

conducted on predicting financial information 

uncertainty using machine learning and neural network 

models. Some of these studies have been carried out 

with a special focus on feature selection techniques. 

Financial information uncertainty, characterized by 

unpredictable fluctuations in economic factors and 

firm-specific risks, has been widely studied as a 

critical element in financial forecasting and decision-

making (Lautenbacher, 2021; Bloom, 2009) [5, 6]. A 

few studies use machine learning models, such as 

support vector regression (SVR) and random forest 

algorithms, to improve the forecasted accuracy of 

financial information uncertainty by identifying the 

critical factors causing such uncertainty (Jin et al., 

2019; Graham et al., 2005) [7, 8]. Feature selection 

techniques reduce model complexity while 

maintaining essential forecasting capabilities, thus 

improving model efficiency and interpretability (Tai et 

al., 2017) [9]. 

In particular, artificial neural networks (ANNs) 

have shown promising results in capturing nonlinear 

relationships between financial variables. This review 

highlights the influential variables in financial 

information uncertainty models, including firm risk, 

ownership structure, and earnings management 

practices, all of which consistently affect financial 

reporting outcomes under different economic 

conditions (Kim et al., 2021) [10]. By combining the 

findings of these studies, this review establishes a 
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foundation for the proposed model and emphasizes the 

relevance of machine learning-based feature selection 

and ANN techniques for predicting financial 

information uncertainty. 

 

Research Hypotheses or Questions 
Research Hypotheses: 

H1: The use of machine learning and neural networks 

enables highly accurate prediction of financial 

uncertainty. 

H2: Machine learning is effective in selecting 

important features leading to financial uncertainty. 

Research Questions: 

Q1: What are the most influential factors in 

anticipating financial information uncertainty? 

Q2: How does feature selection affect the performance 

of machine learning models in predicting financial 

information uncertainty? 

 

Research Methodology 
The statistical population of the present study is the 

dataset that includes 114 companies listed on the 

Tehran Stock Exchange during the 2018-2022 period. 

The research uses an inductive methodology in which 

research background and theoretical sources were 

collected through library research, papers, and the 

Internet. Then, by identifying the required variables, 

the dataset was received from the stock exchange 

website and organized in the form of a dataset. The 

considered dataset was analyzed using machine 

learning algorithms such as support vector machine, 

random forest, and neural network in the Jupyter 

Notebook of Python. From the utilized dataset, 12 

main variables were selected based on research 

background, and by applying reductions and feature 

selection using the support vector machine algorithm, 

the most important variables were selected, and the 

uncertainty level of financial information was 

predicted using the random forest and neural network 

algorithms based on research questions and 

hypotheses. 

 

Research variables and how to calculate 

them 
a) Dependent variable: 
The target variable or dependent variable in this 

research is the uncertainty of financial information. 

The uncertainty of financial information is considered 

to be the idiosyncratic volatility (IVOL) in accordance 

with the Iranian capital market data and the results of 

earlier research. 

The corporate idiosyncratic volatility (IVOL) is 

obtained as the standard deviation of a company's 

abnormal return. The return on investment represents 

the benefits obtained from that investment, and 

investors seek investment opportunities that maximize 

their return on capital. The main factor that every 

investor pays particular attention to in their decisions 

is the return on investment [11]. 

Deviations in the prediction of stock returns are called 

abnormal returns. In fact, abnormal returns are the 

difference between the actual return and the expected 

return (the mathematical expectation of stock returns). 

  

𝐴𝑅𝑖𝑡 = 𝑅𝑖𝑡 − 𝐸(𝑅𝑖𝑡) 

𝑅𝑖𝑡 = (𝑃1 + 𝐷 − 𝑃0)/𝑃0 

𝐸(𝑅𝑖𝑡) =  𝑅𝑓 + 𝛽𝑖(𝑅𝑚𝑡 − 𝑅𝑓) 

𝐴𝑅𝑖𝑡= Abnormal return of stock i at time t 

𝑅𝑖𝑡= Actual return of stock i at time t 

𝐸(𝑅𝑖𝑡)= Expected return of stock i at time t 

𝑃0 = Stock price at the beginning of the year t 

𝑃1 = Stock price at the end of year t 

𝑅𝑚𝑡 = (𝑇𝐸𝐷𝑃𝐼𝑋𝑡 − 𝑇𝐸𝐷𝑃𝐼𝑋𝑡−1)/𝑇𝐸𝐷𝑃𝐼𝑋𝑡 

𝑇𝐸𝐷𝑃𝐼𝑋𝑡 = Total stock price index of Tehran Stock 

Exchange at the end of the year 

𝑇𝐸𝐷𝑃𝐼𝑋𝑡−1= Total stock price index of Tehran Stock 

Exchange at the beginning of the year 

𝑅𝑚𝑡= Market return  

𝑅𝑓= Risk-free rate of return, which is typically 

considered equivalent to the interest rate on bonds or 

bank deposits. 

𝛽𝑖 =
𝐶𝑂𝑉 𝑅𝑖𝑡𝑅𝑚𝑡

𝑉𝑎𝑟 𝑅𝑚𝑡
     [4] 

 

b) Independent variables: 
The set of independent variables, or as they are called 

in AI, the features are as follows: 

1. Information Asymmetry: 

The relationship between information asymmetry and 

financial information uncertainty is an important field 

of study in finance, especially in understanding market 

behavior and decision-making processes.  

Information asymmetry arises when one party to a 

transaction has more or better information than the 

other, which may lead to an imbalance in power and 

decision-making, especially in financial markets where 

insiders may have access to critical information that 

investors do not have access to. 

Financial information uncertainty refers to the 

unpredictability of the financial performance or health 

of a business entity. This uncertainty can arise from 

incomplete or ambiguous information that makes it 

difficult for stakeholders to evaluate the risks 

accurately. 

Asymmetric information increases financial 

uncertainty for investors and other stakeholders. It 

becomes challenging to make informed investment 

decisions when they do not have complete information 

about a company’s operations, financial health, or 

future prospects [12]. 



240 /   Designing a Model to Predict the Uncertainty of Financial Information by Selecting … 

Vol.12 / No.45/ Spring 2027 

Information asymmetry can lead to market 

inefficiencies, where asset prices do not reflect their 

actual value due to unequal access to information. This 

mispricing contributes to investors’ higher uncertainty 

about the true value of their investments [13]. 

In information asymmetry scenarios, wrong choices 

may occur, where those with less information are at a 

disadvantage and may make unfavorable investment 

choices. This situation intensifies uncertainty about the 

quality of available investments [14].  

Recent studies have shown that the increasing 

complexity of financial instruments and the rapid 

development of technology intensify information 

asymmetry and uncertainty. For instance, the 

emergence of fintech and algorithmic trading has 

created new layers of complexity that can obscure 

information and lead to increased uncertainty for 

traditional investors (Zhang et al., 2023) [15]. 

This study uses the effective bid-ask spread model, 

which is the dominant measure of transaction costs in 

financial markets, to measure information asymmetry. 

For a given transaction, the effective bid-ask spread is 

calculated as below: 

 

𝑆 = 2𝐷
𝐴𝑠𝑘−𝐵𝑖𝑑

𝐵𝑖𝑑
× 100  [16] 

 

where Ask stands for the best asking price for the 

purchase of the company i's stock at time t, and Bid is 

the best asking price for the sale of company i's stock 

at time t.  

2. Accounting Conservatism 

Baso's (1997) model measures earnings accounting 

conservatism by showing the strength of the 

correlation between returns and earnings when 

predicting future bad news (i.e., losses). If earnings, 

through accruals, contain information about future 

losses, then the relationship with returns is stronger 

because stock returns also incorporate information 

about future losses. 

However, due to the conservatism principle, 

earnings reflect only future losses and not future 

profits. In accounting practices, anticipated losses are 

recorded in the next period, even if they have not yet 

been realized. For example, future bad debts are 

estimated and recorded before they are realized. On the 

other hand, any earnings or forecasted earnings for 

future periods are not recorded unless they are 

realized. Sales revenues are only recorded when the 

goods are delivered to the buyer. Therefore, any 

forecasted growth in sales is not reflected in the sales 

figure. 

Thus, accounting profit reflects the impact of 

current performance and bad news (expected losses) 

on future performance. Stock returns reflect 

expectations about future losses and future profits. 

Therefore, returns reflect the impact of current 

performance and future performance, whether bad 

(losses) or good (profits). Accordingly, the relationship 

between profit and returns is stronger when there is 

significant bad news (losses) in the future, and it 

becomes weaker when there is significant good news 

(profits) in the future. Based on the above argument, 

Basu (1997) measured  

 

conservatism using the following regression model 

[17]: 
𝐸𝑃𝑆𝑖𝑡

𝑃𝑖𝑡−1
⁄ = 𝛼 + 𝛽1𝑁𝐸𝐺𝑖𝑡 + 𝛽2𝑅𝐸𝑇𝑖𝑡 +

𝛽3(𝑁𝐸𝐺 ∗ 𝑅𝐸𝑇)𝑖𝑡 + 𝜀𝑖𝑡  

 

where 𝐸𝑃𝑆𝑖𝑡 stands for earnings per share in year t, 

𝑃𝑖𝑡−1 represents the stock price at the beginning of 

year t, 𝑁𝐸𝐺𝑖𝑡 is an indicator variable that is 1 if the 

stock return is negative in the previous period and zero 

if the stock return is positive in the previous period, 

and 𝑅𝐸𝑇𝑖𝑡 is the annual rate of return on the company's 

stock. 

3. Earnings Smoothing  

Smoothing of reported earnings means management's 

efforts to deliberately reduce earnings fluctuations to 

an extent that is considered reasonable and acceptable 

based on accounting and management policies. 

Earnings smoothing leads to reduced uncertainty of 

financial information [18]. Accordingly, earnings 

smoothing is the ratio of the standard deviation of a 

company's cash flows to the standard deviation of 

earnings, which is calculated as follows: 

TASmoothing =  
std(CFO)

std(𝑁𝐼𝐵𝐸)
 

 

The larger the result of this fraction, the more profit 

smoothing has taken place. 

where CFO stands for the operating cash flows, and 

NIBE represents the net income before extraordinary 

items. 

4. Market to Book (M/B) Ratio 

The ratio of market value to book value (M/B) has a 

significant positive effect on risk reduction and stock 

returns. A high book-to-market ratio indicates that the 

market perception of the company’s value is still low 

and can signal an excellent investment opportunity for 

investors [19]. 

This ratio is calculated by dividing the market value at 

the end of the period by the book value of 

stockholders’ equity at the end of the period. Also, to 

calculate the market value, the company's latest stock 

price is multiplied by the number of authorized shares 

[20]. 

5. Auditor's reputation 

The auditor’s ability to reduce the premium 

associated with financial information uncertainty is 
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directly related to the capital market’s perception of 

the auditor’s reputation for quality and independence. 

The higher the auditor’s reputation, the more confident 

investors are in the signal presented by a company’s 

financial statements. This means that investors who 

condition the stock value on the auditor's reputation 

will revise the price downward when that reputation 

unexpectedly deteriorates. Firms suffering from 

financial information uncertainty benefit most from a 

reliable audit and, as a result, suffer the most when the 

credibility of past audits is lower than expected. 

Hence, an unexpected decline in the auditor’s 

reputation has a more negative impact on the stocks of 

client firms with higher financial information 

uncertainty [21]. 

In the present study, the auditor’s reputation is 

regarded as a binary variable. If the company’s audit 

was conducted by the Audit Organization or the Mofid 

Rahbar auditing firm, the value of the variable will be 

one; otherwise, its value will be zero. 

6. Leverage 

Estimates indicate that with an increase in any form of 

financial information uncertainty, companies reduce 

their short-term leverage levels [22]. 

Financial leverage is the ratio of the book value of 

debts to the market value of the company’s assets. The 

market value of assets is calculated by adding the 

market value of shareholder’s equity to total debts 

[23]. In general, one can calculate financial leverage as 

follows: 

𝐹𝐷 =  
𝑇𝐷

𝑇𝐴
 

 

where TD is total debts, TA represents total assets, and 

FD is the financial leverage. 

7. Liquidity 

Uncertainty of financial information plays a mitigating 

role in shareholder-debtor conflicts over investment 

policy. In addition, as the level of information 

uncertainty increases, the costs of information 

uncertainty borne by shareholders increase 

significantly [24]. 

Joushi et al. [25] estimate liquidity as the ratio of 

trading volume multiplied by the closing price divided 

by the prices range from high to low for the entire 

trading day on a logarithmic scale. The authors use the 

price at the end of the trading period because it is the 

most accurate valuation of the stock at that point in 

time. They use the traded volume for the day, 

assuming that trading volume is a linear function of 

time. This research has used the same method to 

calculate liquidity. 

8. Firm Size 

Strecken et al. [26] studied the relationship between 

firm size and financial information uncertainty and 

showed that there is a significant relationship between 

managers’ decision-making for a firm’s growth and 

information uncertainty. Thus, the present study 

included firm size as an independent variable in the 

calculation of financial information uncertainty. Based 

on the definition of Dang et al. [27], this study 

employs the natural logarithm of total assets to 

calculate the firm size.   

9. Audit Firm Rotation 

According to the research work of Amjadian and 

Daneshian (2010) [28], audit firm rotation affects 

financial information. If the company’s independent 

auditor has changed during the last year, this variable 

assumes a value of 1; otherwise, it has a value of 0 

[29]. 

In this regard, note 2 of Article 10 of the 

Guidelines for Trusted Audit Firms of the Stock 

Exchange Organization requires that audit firms and 

audit partners of any of the above legal entities are not 

allowed to accept the position of independent auditor 

and statutory auditor of the aforementioned company 

again after 4 years. In addition, in the event of a 

partner leaving the previous firm, the partner 

responsible for the work in the previous 4 years cannot 

accept the said position as a partner in another audit 

firm. According to this guideline, changes in an audit 

firm are made in two ways: voluntary and mandatory. 

If the change of a company's independent auditor 

during the last year is voluntary, this variable assumes 

a value of 1, and if it is mandatory or remains 

unchanged, it is zero. 

10. Firm Risk 

A company's risk-taking indicates its desire to seek 

higher profits and its willingness to pay to achieve 

these profits [30]. Corporate risk includes actions such 

as taking heavy loans, allocating a high percentage of 

resources to projects with uncertain outcomes, and 

entering unknown markets [31]. 

Based on the CAPM model, systematic risk or 

sensitivity factor is determined using the following 

equation: 

 

𝛽𝑖 =
𝐶𝑜𝑣(𝑅𝑖𝑡,𝑅𝑚𝑡)

𝑉𝑎𝑟 (𝑅𝑚𝑡)
  [32] 

 

where 𝐶𝑜𝑣(𝑅𝑖𝑡, 𝑅𝑚𝑡) stands for the covariance of the 

stock return in market return, and 𝑉𝑎𝑟 (𝑅𝑚𝑡) 

represents the variance of market return. 

11. Q Tobin  

According to Moradzadeh Fard et al. (2013) [20], Q 

Tobin is one of the variables affecting the uncertainty 

of financial information. The authors calculate this 

ratio as follows: 

𝑄 =  
𝐵𝑉𝐿 + 𝑀𝐶 

𝐵𝑉𝑇𝐴
 

 

where BVL stands for the book value of liabilities at 

the end of the period, MC represents the market 
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capitalization at the end of the period, and BVTA is 

the book value of total assets at the end of that period. 

12. Ownership Structure 

According to the research of Kazemi et al. (2011) [33], 

there is a significant relationship between the 

ownership structure of companies and information 

asymmetry. Companies with a higher percentage of 

their shares held by legal shareholders, especially 

institutional shareholders, are better candidates for 

investment. This finding is consistent with the 

comparative advantage of institutional shareholders in 

collecting and processing information, such that as the 

percentage of institutional ownership increases, the 

provision of information by company managers to 

relevant individuals in the market will increase, and, in 

other words, information asymmetry will decrease. 

In the present study, based on the research conducted 

by Mohammad Azadi et al. (2015) [34], the percentage 

of institutional ownership (INS) is used as the variable 

of ownership structure, which is the number of 

common stocks held by investment institutions or 

other commercial companies. 

 

The method of testing hypotheses 
This research first examines the desired dataset based 

on independent and dependent variables in terms of 

descriptive statistics. Then, preprocessing operations, 

such as cleaning, removing null and invalid data, 

removing outliers, data normalization, etc., are 

performed. Then, the data is entered into the support 

vector machine algorithm in a standard format, and 

from these 12 independent variables, the most 

important variables are selected. Finally, the random 

forest and neural network algorithms are applied to the 

reduced dataset. The problem under investigation is of 

the multivariate regression type, the formula of which 

is as follows: 

𝐹𝑖𝑛𝑎𝑛𝑐𝑖𝑎𝑙 𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝑈𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦𝑖,𝑡

=  𝛽0 + 𝛽1𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝐴𝑠𝑦𝑚𝑚𝑒𝑡𝑟𝑦𝑖,𝑡

+ 𝛽2𝐴𝑐𝑐𝑜𝑢𝑛𝑡𝑖𝑛𝑔 𝐶𝑜𝑛𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑠𝑚𝑖,𝑡

+ 𝛽3𝑆𝑚𝑜𝑜𝑡ℎ𝑖𝑛𝑔𝑖,𝑡 + 𝛽4𝑀/𝐵𝑖,𝑡

+ 𝛽5𝐴𝑢𝑑𝑖𝑡𝑜𝑟 𝑅𝑒𝑝𝑢𝑡𝑎𝑡𝑖𝑜𝑛𝑖,𝑡 + 𝛽6𝐿𝑒𝑣𝑒𝑟𝑎𝑔𝑒𝑖,𝑡

+ 𝛽7𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦𝑖,𝑡 + 𝛽8𝐹𝑖𝑟𝑚 𝑆𝑖𝑧𝑒𝑖,𝑡

+ 𝛽9𝐴𝑢𝑑𝑖𝑡 𝑓𝑖𝑟𝑚 𝑟𝑜𝑡𝑎𝑡𝑖𝑜𝑛𝑖,𝑡 + 𝛽10𝐹𝑖𝑟𝑚 𝑅𝑖𝑠𝑘𝑖,𝑡

+ 𝛽11𝑄 𝑇𝑜𝑏𝑖𝑛𝑖,𝑡 + 𝛽12𝑂𝑤𝑛𝑒𝑟𝑠ℎ𝑖𝑝𝑖,𝑡 + 𝜀𝑖,𝑡 

 

Data Analysis 
The considered dataset has 570 records or samples, 12 

columns of the independent variable, and one column 

of the dependent variable "financial information 

uncertainty," with values ranging from 0 to 1, where a 

value of 1 means 100% information certainty and a 

value of 0 means complete uncertainty about the 

company in question, based on the data sample. 

 

Understanding the Problem 
This research aims to anticipate the level of financial 

uncertainty of Iranian listed companies based on 

artificial intelligence. The problem is of the regression 

type, and in this type of problem, the aim is to find the 

minimum levels of criteria such as Mean Squared 

Error (MSE). Based on the Mean Squared Error 

criterion, the deviation of the predicted target variable 

value from that of the actual target variable is 

calculated, and the smaller this difference, the more 

accurate the model is. 

 

Understanding the Data 
For the present study, data from 114 companies listed 

on the Tehran Stock Exchange during the 2018-2022 

period were collected in the form of a dataset. Then, 

based on earlier related investigations, 12 main and 

important variables were selected as independent 

variables, and the idiosyncratic volatility variable was 

selected as the target or dependent variable. Table 1 

shows the descriptive statistics of the dataset. 
 

Table 1. Descriptive statistics of independent variables 

Independent variable 

 

Statistical indicator 

Auditor’s 

reputation 

Audit 

Firm 

Rotation 

Firm size Leverage 
Accounting 

Conservatism 
Corporate risk 

Number of samples 570 570 570 570 570 570 

Mean 0.256140 0.333333 14.518315 0.574462 -1.084954e-07 
 

-0.146078 
 

Standard deviation 0.436884 0.471405 1.532782 0.223160 2.260245e-01 0.452814 
 

Mean 0.000000 0.000000 11.128923 0.012733 -2.861401e+00 -2.040393 
 

First quartile 0.000000 0.000000 13.615587 0.422459 -5.694493e-02 -0.384155 
 

Second quartile 0.000000 0.000000 14.279342 0.587243 5.760465e-03 0.180394 
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Independent variable 

 

Statistical indicator 

Auditor’s 

reputation 

Audit 

Firm 

Rotation 

Firm size Leverage 
Accounting 

Conservatism 
Corporate risk 

Third quartile 

 
1.000000 1.000000 15.177275 0.721807 7.736226e-02 0.075187 

 
Maximum 1.000000 1.000000 20.108439 1.551980 8.715298e-01 1.755496 

Independent variable 

 
Statistical indicator 

Market to 

Book Ratio 

Tobin's 

Q ratio 

Information 

asymmetry 

Earnings 

Smoothing 
Stock Liquidity 

Ownership 

Structure 

Number of samples 570 570 570 570 570 570 

Mean 2.613979 1.629138 0.396761 1.556399 12.797213 81.238825 

Standard deviation 6.555894 0.680391 0.300029 1.839379 1.904071 13.445848 

Mean -49.703903 0.630983 0.001691 0.003444 6.480045 15.300000 

First quartile 1.424336 1.192349 0.171650 0.659827 11.713957 73.015000 

Second quartile 2.074133 1.413997 0.343384 1.054011 12.617569 84.680000 

Third quartile 3.242889 1.846530 0.552785 1.616072 13.632471 92.740000 

Maximum 121.509643 4.846253 1.728705 13.324054 19.653017 99.000000 

 

Next, we examine the statistical distribution of the data 

for each independent variable graphically. Figure 1 

illustrates the statistical distribution of the independent 

variables. 

Next, the data is checked to discard null and invalid 

values. It is evident that we have invalid values in 

some columns, which are fixed using the nearest 

neighbor replacement method. 

Given that the different range of the variables, it is 

necessary to normalize the data. Since normalization is 

sensitive to outliers, the data must be checked for the 

presence of outliers. Table 1 clearly shows that we 

have outliers in some variables. Therefore, first the 

outliers are removed from the dataset, and then the 

data is normalized from zero to 1. 

 

 
Figure 1. Statistical distribution of independent variables 
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Correlation measures the strength of the linear 

relationship between two variables. The correlation 

between two variables can be negative or positive and 

ranges between -1 and +1. Correlation values close to -

1 or +1 indicate a strong linear relationship between 

the variables. Correlation is often used to study 

relationships between variables – here, independent 

variables or features [35]. Figure 2 depicts the 

correlation between features in the heatmap. As is 

clear from the heatmap, there is a strong correlation 

between some pairs of variables with a correlation 

coefficient close to 1. For example, the correlation 

coefficient between firm size and stock liquidity is 0.7, 

indicating a high positive correlation between the two 

variables. The correlation coefficient between Tobin's 

Q and the market-to-book ratio is also 0.84, indicating 

a high positive correlation between the variables.  

 

 
Figure 2. Heatmap of correlations between features 

 

Algorithms 
Support Vector Machine (SVM) Algorithm  
The regression problem is a generalization of the 

classification problem in which the model returns an 

output with a continuous value. In other words, a 

regression model estimates a multivariate function 

with a continuous value. SVMs solve binary 

classification problems by formulating them as convex 

optimization problems. The optimization problem 

involves finding the maximum margin separating the 

hyperplane while correctly classifying as many 

training points as possible. SVMs represent this 

optimal hyperplane with support vectors. The 

generalization of SVM to SVR is accomplished by 

introducing an e-sensitive region around the function 

called the e-tube. This tube reformulates the 

optimization problem to find a tube that best 

approximates the function with continuous values 

while balancing the model complexity and prediction 

error. In particular, SVR is formulated as an 

optimization problem by defining a loss function to 

minimize and find the flattest tube that contains most 

of the training samples. Hence, a multiobjective 

function is constructed from the loss function and the 

geometric properties of the tube [36]. 

Then, using appropriate numerical optimization 

algorithms, the convex optimization with a unique 

solution is solved. The hyperplane is represented in 

terms of support vectors with the training samples 

residing outside the tube boundary. In SVM, the 
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support vectors in SVR are the most influential 

samples that affect the tube shape, and it is assumed 

that the training and test data are independently and 

identically distributed, drawn from the same fixed but 

unknown probability distribution function [36]. Figure 

3 is a representation of support vector regression in 

machine learning. 

 

 
 

 
Figure 3. 

 

Support Vector Regression (SVR). An image of an 

SVR regression function denoted by w T x. The 

insensitive tube around the function is shown as a gray 

tube. ξ i = w T x i is the predicted target value x i, and 

y i represents the actual target value. The support 

vectors are shown with a red border 

 

 

Random Forest Algorithm 
A random forest is a classifier consisting of a set of 

tree-structured classifiers {h(x, k), k =1, … } in which 

{k} are identically distributed independent random 

vectors, and each tree gives a single vote for the most 

popular class in the input x {Breiman, 2001 #42}. 

The widespread popularity of the random forest 

algorithm is due to its user-friendly nature and 

adaptability, providing it with the potential to 

effectively solve classification and regression 

problems. The strength of this algorithm lies in its 

capability of handling complex datasets and reducing 

overfitting, which makes it a valuable tool for various 

predictive tasks in machine learning. One of the most 

important features of the random forest algorithm is 

the fact that it can handle datasets containing 

continuous variables, such as the regression mode, and 

categorical variables, such as the classification items. 

In this paper, the random forest is implemented on the 

regression problem. Figure 4 depicts the function of 

the random forest algorithm. 
 
 

 
 

 

Input Dataset

Random Forest 
Predictions

Average of all 
Predictions

 
Figure 4. Schematic of the Random Forest Algorithm 
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Research Findings 
Selecting the Best Features 
To find the best features and reduce the dimensionality 

of the problem, a vector machine regression algorithm 

based on permutation feature importance is used. 

Permutation feature importance is a model evaluation 

technique that determines the contribution of each 

feature to the statistical performance of a fitted model 

for a tabular dataset. This technique is particularly 

useful for nonlinear or opaque estimators and involves 

randomly permuting the values of a single feature and 

observing the resulting decline in the model score 

{Breiman, 2001 #42}. By breaking the relationship 

between the feature and the target, the degree to which 

the model relies on the feature is determined. One of 

the key advantages of permutation feature importance 

is that it is model-agnostic, meaning that it can be 

applied to any fitted estimator. In addition, it can be 

computed multiple times with different feature 

permutations, which provides a further measure of the 

variance in the significance of the estimated features 

for a particular trained model. Each variable in the 

algorithm fitting is assigned a decimal number, and the 

larger this number is, the more important the variable 

is in finding the target variable [37]. For this purpose, 

after applying the support vector machine regression 

algorithm to the data of 12 main independent 

variables, five variables of firm risk, ownership 

structure, earnings smoothing, auditor’s reputation, 

and audit firm rotation had the greatest impact on the 

target variable of information uncertainty, respectively 

(Fig. 5). 

 

 
Figure 5. Selection of five important features based on their contribution to the variable of information uncertainty 

 

 

Thus, the problem dimensions are reduced to five 

features, and the random forest and neural network 

algorithms are applied to these five features. 

 

Modeling 
In this stage, the random forest and neural network 

algorithms are trained and tested on the data. First, the 

data is divided into 67% training data and 33% test 

data. Then, the random forest and neural network 

algorithms are applied to these data, respectively, and 

the results are compared and evaluated. The evaluation 

criteria are the same as the regression evaluation 

criteria, including Mean Squared Error (MSE), Mean 

Absolute Error (MAE), and Root Mean Squared Error 

(RMSE). 

 

 

Random Forest Model  
The random forest model has various hyperparameters, 

and the optimal selection of these parameters, 

including the maximum depth of the tree, the number 

of estimators, the maximum features, the minimum 

samples leaf, the minimum samples split, etc., can 

greatly affect the performance of the algorithm. For 

this purpose, a greedy feature selection method called 

GridSearchCV is used. The output of the optimal 

parameters is as follows: 

{'max_depth': 5, 'max_features': 5, 'min_samples_leaf': 

2, 'min_samples_split': 3, 'n_estimators': 10} 

RandomForestRegressor(max_depth=5, 

max_features=5, min_samples_leaf=2,  

min_samples_split=3) 

By modifying the algorithm based on these 

parameters, the random forest algorithm has obtained 
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the following results on the training and testing data 

(Table 2). 

 
Table 2 Results of the random forest algorithm 

Criteria Training data Test data 

MSE 0.0098 0.0176 

MAE 0.0748 0.1021 

RMSE 0.0098 0.1326 

 

Neural Network Model 
The neural network algorithm of the research consists 

of an initial layer with five input neurons, the first 

Dense hidden layer with 11 neurons, and a Softmax 

activation function, which is a normalized exponential 

function that transforms a vector of real numbers K 

into a probability distribution of K for the possible 

outcomes. The second Dense hidden layer has five 

neurons and a ReLU activation function. The rectified 

linear activation function (ReLU) is a piecewise linear 

function that outputs the input directly if it is positive; 

otherwise, its output is zero. It has become the default 

activation function for many types of neural networks 

because the model used by this function is easier to 

train and often achieves better performance. The last 

layer is the output layer, with a single neuron that 

produces a numerical prediction value of the 

dependent variable. 

The optimization function used by the neural 

network is RMSprop, which is a gradient-based 

optimization technique. The gradients of very complex 

functions, such as neural networks, tend to vanish or 

explode as the data is propagated through the function. 

RMSprop uses the moving average of the squared 

gradients to normalize the gradient. This normalization 

balances the step size (momentum), reducing the step 

for large gradients to avoid explosion and increasing 

the step for small gradients to prevent vanishing 

{Elshamy, 2023 #43}. 

The neural network has 50 epochs and a batch size 

of 2. The evaluation criterion is the Mean Squared 

Error (MSE). The learning rate of the algorithm is 

0.0005. 

The architecture of the neural network model is 

shown in the figure. 

With the above settings, the constructed neural 

network algorithm produced the following results on 

the training and test data (Table 3). 

 
Table 3. Results of the Neural Network Algorithm 

Criterion Training data Test data 

MSE 0.0157 0.0167 

MAE 0.0975 0.1011 

RMSE 0.1252 0.1292 

 

Figure 6 shows the mean squared error graph of the 

employed neural network algorithm. The horizontal 

axis of the graph represents the number of epochs of 

applying the algorithm to the dataset, and the vertical 

axis represents the mean squared error as a criterion 

for evaluating the algorithm. It is clear from the figure 

that in the training phase (blue curve), as the number 

of epochs of the implementation of the algorithm 

increases, the MSE error decreases, meaning that the 

algorithm performs better with increasing the number 

of epochs. During the testing phase, we also observe 

the performance of the algorithm, i.e., the decrease in 

mean squared error by increasing the epochs of the 

implementation of the algorithm. 

 

 

 
Figure 4. The graph of mean squared error of neural network algorithm for 50 epochs 
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Comparison of results of algorithms 
The comparison of the performance of the two 

regression algorithms, random forest, and neural 

network, is presented in Table 4. The results of Table 4 

show that the random forest algorithm has shown 

better performance in the training stage based on the 

three evaluation criteria of MSE, MAE, and RMSE. 

This means that the random forest algorithm learns 

better on the training data. Basically, in linear 

regression problems, random forest is a good choice, 

because in this type of problem, the essence of the 

problem can be better implemented using decision 

trees. On the other hand, the performance of the neural 

network is better in the testing phase because the 

multilayered structure of the neural network has more 

maneuverability on the unobserved data. In terms of 

duration, the neural network spent less time as well. 

That is, the learning speed of the neural network is 

higher if the neurons, layers, and network settings are 

selected appropriately. Thus, in total, the neural 

network is a better choice for the problem of 

predicting uncertainty in financial information. 

 
Table 4. Comparison of the performance of the two 

proposed algorithms: Random Forest and Neural 

Network. 

Algorithm Time 
Training 

Phase 

Testing 

Phase 
Criterion 

Random 

Forest 
15.79 0.0098 0.0176 

MSE 
Neural 

Network 
12.45 0.0157 0.0167 

Random 

Forest 

 

0.0748 0.1021 

MAE 
Neural 

Network 
0.0975 0.1011 

Random 

Forest 
0.0098 0.1326 

RMSE 
Neural 

Network 
0.1252 0.1292 

 

Conclusions and Recommendations 
Financial information uncertainty is a critical concept 

for various stakeholders, including investors, corporate 

managers, and researchers, which can contribute to 

investment decisions, risk management, market 

efficiency, corporate governance, regulatory 

compliance, and research and development. 

Intelligent methods, especially those based on machine 

learning and artificial intelligence, can significantly 

enhance stakeholders’ ability to anticipate financial 

information uncertainty. Intelligent methods can 

process large volumes of data from various sources 

(financial statements, market trends, economic 

indicators) more efficiently than traditional methods. 

Advanced algorithms can identify and prioritize 

relevant features that affect financial information 

uncertainty, enabling stakeholders to focus on the most 

important variables affecting their investment 

decisions. Machine learning models excel at 

recognizing patterns and complex relationships within 

data that may not be observable via conventional 

analyses. This may lead to a more accurate prediction 

of future financial information uncertainty based on 

historical trends. Intelligent methods can provide 

stakeholders with predictive analysis tools that provide 

insights into potential future financial information 

uncertainty and enable proactive risk management 

strategies. 

In summary, financial information uncertainty is 

critical for various stakeholders because it affects 

investment behavior, risk management, market 

efficiency, and corporate governance. Intelligent 

methods improve the prediction of such uncertainties 

by using advanced data analysis techniques, enhancing 

accuracy, and enabling better decision-making 

processes. 

In the present study, a financial information 

uncertainty prediction model was developed using 

machine learning and neural network techniques to 

identify and select key features that significantly affect 

financial information uncertainty. Using support vector 

regression, five important features were identified – 

firm risk, ownership structure, earnings smoothing, 

auditor’s reputation, and audit firm rotation – that play 

a key role in determining the uncertainty of financial 

information. 

Subsequently, two advanced algorithms, random 

forest and neural networks with two hidden layers, 

were used to evaluate the predictive power of these 

selected features. The research findings showed that 

the neural network model outperformed the random 

forest in terms of accuracy and reliability in predicting 

financial information uncertainty. This finding 

emphasizes the potential of deep learning approaches 

in capturing complex patterns and relationships in 

financial data. 

This research has significant implications for 

financial sector practitioners and stakeholders. By 

understanding the factors contributing to financial 

information uncertainty, organizations can better 

manage risks, enhance decision-making processes, and 

improve transparency in financial reporting. In 

addition, this study emphasizes the importance of 

feature selection in building robust prediction models 

and shows that the scrutiny of relevant variables can 

lead to improved prediction capabilities. 

By examining additional features, combining more 

diverse datasets, or using other machine learning and 

deep learning techniques to further enhance financial 

uncertainty prediction, future research can enrich the 

findings of the present study. The proposed model can 

also be applied to financial datasets in other industries. 
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All in all, this work contributes to the growing 

literature on the prediction of financial information 

uncertainty and reflects the efficiency of intelligent 

methods in addressing complex financial challenges.  
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