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Abstract

The aim of the present study is to predict audit failure using metaheuristic algorithms in companies listed on the Tehran Stock Exchange.
To achieve this objective, 1,848 firm-year observations (154 companies over 12 years) were collected from the annual financial reports of
companies listed on the Tehran Stock Exchange during the period from 2011 to 2022. In this study, four metaheuristic algorithms
(including Genetic Algorithm (GA), Particle Swarm Optimization (PSO), Ant Colony Optimization (ACO), and Bee Colony Optimization
(BCO)) were utilized, as well as two methods for selecting the final research variables (the two-sample t-test and the forward stepwise
selection method) to create the model. The results from the metaheuristic algorithms indicate that the overall accuracy of the GA, PSO,
ACO, and BCO algorithms is 95.3%, 94.5%, 90.6%, and 92.8%, respectively, demonstrating the superiority of the Genetic Algorithm
(GA) compared to other metaheuristic algorithms. Furthermore, the overall results from the variable selection methods indicate the
efficiency of the stepwise method. Therefore, in companies listed on the Tehran Stock Exchange, the stepwise method and the Genetic
Algorithm (GA) provide the most efficient model for predicting audit failure.
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1. Introduction

Predicting audit failure is an essential endeavor in the
field of accounting and finance, given its implications for
corporate governance, investor confidence, and the stability
of financial markets. Over the years, audit failures have not
only led to significant financial losses but have also
tarnished the credibility of accounting firms and auditors [1].
As such, the development of effective models to predict
audit failure is critical in mitigating these risks. This study
seeks to explore the use of metaheuristic algorithms—such
as Genetic Algorithm (GA), Particle Swarm Optimization
(PSO), Ant Colony Optimization (ACO), and Bee Colony
Optimization (BCO)—to forecast audit failure, particularly
in companies listed on the Tehran Stock Exchange. The
choice of metaheuristic algorithms is motivated by their
proven ability to handle complex optimization problems,
which are often nonlinear and multidimensional,
characteristics that are typical of financial prediction models
[2].

The concept of audit failure arises when an auditor fails
to identify material misstatements in the financial statements
of an entity. This failure often results from negligence,
insufficient audit procedures, or a lack of skepticism on the
part of auditors. Previous studies have shown that audit
failures can have widespread consequences, including
bankruptcy, regulatory sanctions, and reputational damage
[3, 4]. Given these consequences, predicting audit failure is
a high-priority task for both regulatory bodies and the
auditing profession.

Historically, various approaches have been used to
predict audit failures, ranging from traditional statistical
models to more contemporary machine learning methods
[5]. For instance, Fafatas (2010) highlighted the
conservative nature of auditors following audit failures, a
behavior aimed at reducing the likelihood of future
misstatements [4]. Furthermore, Jin et al. (2011)
investigated the capacity of audit quality variables in
predicting bank failures during the financial crisis,
demonstrating the importance of incorporating audit-related
variables into predictive models [6].

In recent years, the emergence of artificial intelligence
(Al) and machine learning has revolutionized the predictive
capabilities of audit models. Algorithms like neural
networks and support vector machines have shown promise
in identifying patterns and anomalies that may indicate
potential audit failures [7, 8]. However, these methods often
struggle with interpretability and may require large datasets

to achieve accuracy, limiting their applicability in smaller
firms or datasets [9].

Metaheuristic algorithms offer a promising alternative, as
they are designed to optimize complex systems and can be
applied even when the underlying relationships between
variables are unknown or difficult to model directly [10].
These algorithms, which mimic natural processes such as
evolution or swarm behavior, have been applied in various
domains, including healthcare, engineering, and finance,
with impressive results [11]. Their application in audit
failure prediction, however, remains relatively unexplored.
This study seeks to fill this gap by applying four
metaheuristic algorithms—GA, PSO, ACO, and BCO—to
predict audit failure in a sample of firms listed on the Tehran
Stock Exchange. The choice of these algorithms is based on
their demonstrated success in solving optimization problems
in previous studies across diverse fields [12, 13].

The Tehran Stock Exchange provides a unique context
for this study. Over the past decade, the Iranian economy has
faced various challenges, including sanctions, inflation, and
currency devaluation, all of which have had significant
impacts on the financial health of firms listed on the stock
exchange [14]. These economic pressures increase the
likelihood of financial misstatements and, consequently,
audit failures. Understanding and predicting these failures is
essential not only for auditors but also for regulators and
investors seeking to make informed decisions in a volatile
market environment [15].

The metaheuristic algorithms used in this study have
unique features that make them suitable for predicting audit
failure. The Genetic Algorithm (GA), for example, is
inspired by the process of natural selection and is widely
used in optimization problems. It works by evolving a
population of potential solutions over several generations,
selecting the best-performing solutions and combining them
to create new, potentially better solutions [16]. In previous
studies, GA has been successfully applied to a range of
problems, from healthcare diagnostics to cloud management
[9, 17].

Similarly, Particle Swarm Optimization (PSO) is inspired
by the social behavior of birds flocking or fish schooling.
Each particle in the swarm represents a potential solution,
and particles communicate with each other to move towards
the best solution found by the group. PSO has been used in
various applications, including failure prediction in cloud
data centers and financial forecasting [17, 18]. Its
adaptability and robustness make it a strong candidate for
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predicting audit failure in the complex financial environment
of the Tehran Stock Exchange.

Ant Colony Optimization (ACO), on the other hand, is
inspired by the foraging behavior of ants. Ants leave
pheromone trails that guide other ants to food sources, and
this behavior is modeled in ACO to find optimal solutions to
problems. ACO has been applied in diverse fields, including
network optimization and fraud detection [19]. Its ability to
explore multiple solutions simultaneously makes it a useful
tool for predicting audit failure, where the relationships
between variables are often complex and nonlinear.

Finally, Bee Colony Optimization (BCO) mimics the
behavior of honeybees in finding food sources. Each bee in
the colony represents a potential solution, and bees
communicate with each other to find the best solution. BCO
has been used in a variety of applications, including
scheduling and resource allocation [17]. Its decentralized
nature allows it to explore a wide range of potential
solutions, making it a valuable addition to the suite of
algorithms used in this study.

The use of these metaheuristic algorithms in audit failure
prediction is expected to offer several advantages over
traditional methods. First, these algorithms are well-suited to
handling large, complex datasets, which are typical in
financial analysis [3]. Second, metaheuristic algorithms are
capable of optimizing models even when the underlying
relationships between variables are poorly understood or
highly nonlinear [8]. This is particularly important in audit
failure prediction, where the causes of failure are often
multifaceted and difficult to capture using traditional linear
models [5]. Finally, metaheuristic algorithms are highly
adaptable and can be tailored to specific contexts, such as the
Tehran Stock Exchange, where economic conditions and
regulatory frameworks may differ significantly from those
in other markets [15].

In summary, this study seeks to apply four metaheuristic
algorithms—GA, PSO, ACO, and BCO—to predict audit
failure in companies listed on the Tehran Stock Exchange.
The use of metaheuristic algorithms in this context is
motivated by their proven success in optimizing complex
systems and their potential to offer superior predictive
accuracy compared to traditional methods. By developing
models that can accurately predict audit failure, this study
aims to contribute to the ongoing efforts to improve audit
quality and reduce the risk of financial misstatements. The
following sections will provide an overview of the
methodology used in this study, as well as a detailed analysis

of the results obtained from the application of the
metaheuristic algorithms.

2. Methodology

This study is applied in nature and follows a quasi-
experimental, ex-post facto research design, utilizing
historical data. To collect the theoretical framework, the
study utilized journals, books, and available databases. The
necessary data for analysis were gathered from the Rahavard
Novin software, as well as the websites of the "Research,
Development, and Islamic Studies Management of the
Securities and Exchange Organization," Codal, the Central
Bank of Iran, and the Statistical Center of Iran.

The statistical population of this study includes all
companies listed on the Tehran Stock Exchange. The time
frame covers a 12-year period based on the financial
statements of sample companies from 2011 to 2022.

For determining the sample, the study utilized a screening
method. Companies that met the following conditions were
selected as the sample, while the rest were excluded:

1. The fiscal year of the company ends on the last day
of March each year.

2. The company did not change its fiscal year during
the study period.

3. The companies under review are not investment
firms, holding companies, financial intermediaries,
or insurance companies.

4. The data and information of these companies are
available.

Given these conditions and limitations, a total of 154
companies listed on the Tehran Stock Exchange were
selected as the sample for the study.

Measurement of Research Variables

Dependent Variable (Response):

Audit Failure (Audit_Failure): The dependent variable in
this study is audit failure, which, following previous
research, is measured using audit errors (including both
Type | and Type Il audit errors). In other words, audit failure
is a binary variable that equals 1 if either a Type | or Type 1l
audit error occurred, and O otherwise. Audit errors are
measured as follows:

e Type | Audit Error: If the auditor issues an
but the client’s
statements are not restated in the following year
(i.e., no prior period adjustments are recognized), it
is classified as a Type | error, and a value of 1 is
assigned. If no error occurs, a value of 0 is assigned.

adverse opinion, financial
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e Type Il Audit Error: If the auditor issues a clean
opinion in one year, but the client’s financial
statements are restated in the following year (i.e.,
prior period adjustments are recognized), it is
classified as a Type Il error, and a value of 1 is
assigned. If no error occurs, a value of 0 is assigned.

Independent Variables (Predictors)

In this study, the factors influencing audit failure are
categorized into three levels: auditor characteristics, client
characteristics, and stock market and macroeconomic
characteristics. These factors were determined based on
theoretical discussions and prior empirical studies. One
distinguishing feature and innovation of this study is that it
examines the factors influencing audit failure across these
three levels. The operational definitions of these variables
are detailed below:

Auditor Characteristics:

e Independent Auditor Size (AUDSIZE): A binary
variable that equals 1 if the independent auditor is
the Audit Organization or the Mofid Rahbar
auditing firm, and 0 otherwise. Information related
to this variable is extracted from the independent
auditor’s report or the board of directors' report.

e Independent Auditor Tenure (AUDTEN):
Represents the number of consecutive years that a
particular auditing firm has audited a company’s
financial statements. This information is extracted
from the independent auditor’s report or the board
of directors' report.

¢ Audit Independence (DA): Following Chang et al.
(2019), Chen et al. (2008), Chi et al. (2012), and
Chen et al. (2010), audit independence is measured
using discretionary accruals. The modified Jones
model, introduced by Dechow et al. (1995), is used
for this purpose. Discretionary accruals are
estimated using the following formula:

TACC(it) / TA(it-1) = a0(1/ TA(it-1)) + B1((AREV(it) -
AREC(it)) / TA(it-1)) + B2(PPE(it) / TA(it-1)) + &(it)

Where:
e  TACC(it) = total accruals of company i in year t
e TA(it-1) = total assets of company i in year t-1
e AREV(it) = change in revenue of company i
between years t-1 and t
e AREC(it) = change in receivables of company i
between years t-1 and t

e PPE(it) = gross amount of property, plant, and
equipment of company i in year t

e g(it) = the residual or discretionary accruals.

e Auditor Change (Auditorchange): A binary
variable that equals 1 if the independent auditor
(audit firm) has changed compared to the previous
year, and 0 otherwise.

e Audit Firm Ranking (AUD_Rank): A binary
variable that equals 1 if the independent auditor
(audit firm) is ranked in Group A, and 0 otherwise.

e Audit Opinion Type (AUDOPIN): A binary
variable that equals 1 if the audit opinion is clean,
and 0 otherwise. Information related to this variable
is extracted from the independent auditor’s report
or the board of directors' report.

e Audit Report Delay (AUD_Lag): Measured as the
natural logarithm of the number of days between
the balance sheet date and the audit report issuance
date.

e Auditor Specialization (Specialist): In this study,
auditor specialization is measured using market
share, similar to the approach of Etemadi et al.
(2010). A higher market share indicates that the
auditor has distinguished themselves from
competitors in terms of audit quality.

Auditor Market Share = (Total assets of all clients in a
specific industry audited by the audit firm) / (Total assets of
all clients in the same industry)

Audit firms with market shares greater than (1 / number
of firms in the industry) * (1 / 2) are considered industry
specialists.

o Audit Fee (AUDFEE): Measured as the natural
logarithm of the audit fee paid to the auditor.
Information related to this variable is extracted
from the independent auditor’s report or the board
of directors' report.

Client Characteristics:

e Company Size (SIZE): Measured as the natural
logarithm of the total
Information related to this variable is extracted
from the financial statements.

e Liquidity (LIQID): Measured as the ratio of
current assets to current liabilities. Information
related to this variable is extracted from the
financial statements.

company’s assets.
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e Debt Ratio (DEBT): Measured as the ratio of total
liabilities to total assets. Information related to this
variable is extracted from the financial statements.

e Profitability (PROF): Measured as the ratio of
operating profit to total assets. Information related
to this variable is extracted from the financial
statements.

e Company Age (AGE): Measured as the natural
logarithm of the number of years since the company
was established. Information related to this variable
is extracted from the explanatory notes to the
financial statements or the board of directors'
report.

o  Growth Opportunity (GROWTH): Measured as
the ratio of the market value of equity to the book
value of equity. Information related to this variable
is extracted from the financial statements.

Stock Market and Macroeconomic Characteristics:

e Systematic Risk (SYSR): Estimated by calculating
the beta coefficient for each company over the year
using the CAPM model.

o Unsystematic Risk (NSYSR): Measured as the
standard deviation of the residuals from the daily
CAPM model.

o Inflation Rate (INF): The inflation rate (consumer
price index) is obtained from the Central Bank of
Iran or the Statistical Center of Iran.

o Interest Rate (INT): The interest rate is obtained
from the Central Bank of Iran or the Statistical
Center of Iran.

e Exchange Rate (CURR): Measured as the natural
logarithm of the exchange rate (USD). Information
related to the exchange rate is obtained from the
Central Bank of Iran or the Statistical Center of
Iran.

Economic Growth Rate (GGDP): Measured as the
changes in gross domestic product (GDP). Information
related to this variable is obtained from the Central Bank of
Iran or the Statistical Center of Iran.

3. Findings

In Table 1, Panel A, some descriptive statistics of the
variables, including the mean, median, minimum

Table 1. Descriptive Statistics of Research Variables

observations, maximum observations, and standard
deviation, are presented. For example, the mean value of the
company liquidity variable is 1.583, which, considering the
standard deviation (0.803), indicates low volatility. The
mean value of the company profitability variable is 0.156,
which, considering the standard deviation (0.134), also
shows low volatility. The mean value of the company's debt
ratio is 0.559, indicating that 55.9% of the company's
financial resources are financed through debt.

According to Panel B, the results of the t-test show that,
at a 95% confidence level, the variables of auditor tenure,
audit independence, audit report delay, audit fee, company
size, company liquidity, company profitability, institutional
ownership, major  shareholder  ownership, board
independence, exchange rate, and economic growth rate
differ significantly between companies with audit failure and
those without audit failure. Moreover, the mean values of
these variables are lower in companies with audit failure
compared to companies without audit failure. The results
also show that, at a 95% confidence level, the variables of
the company’s debt ratio, state ownership, unsystematic risk,
and interest rate differ significantly between companies with
audit failure and those without audit failure. Additionally,
the mean values of these variables are higher in companies
with audit failure compared to those without.

Finally, the results from Panel B show that, at a 95%
confidence level, the variables of company age, company
growth opportunity, client industry size, industry
competition level, managerial ownership, audit committee
size, audit committee independence, audit committee
financial expertise, board size, CEO tenure, board financial
expertise, systematic risk, and inflation rate do not differ
significantly between companies with audit failure and those
without audit failure.

According to Panel C, the results of the chi-square test
show that, at a 95% confidence level, the variables of auditor
size, auditor change, audit firm ranking, audit opinion type,
and auditor specialization differ significantly between
companies with audit failure and those without audit failure.
In contrast, the type of client ownership (private or state-
owned) does not differ significantly between companies
with audit failure and those without.

Variable Name Observations

Mean

Median Maximum Minimum Standard Deviation

Auditor Tenure 1848

3.944

3.000 15.000 1.000 3.966
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Auditor Independence

Audit Report Delay

Audit Fee

Company Size

Company Liquidity

Company Debt Ratio
Company Profitability
Company Age

Company Growth Opportunity
Client Industry Size

Industry Competition Level
State Ownership

Institutional Ownership
Managerial Ownership

Major Shareholder Ownership
Audit Committee Size

Audit Committee Independence
Audit Committee Financial Expertise
Board Size

Board Independence

CEO Tenure

Board Financial Expertise
Systematic Risk

Unsystematic Risk

Inflation Rate

Interest Rate

Exchange Rate

Economic Growth Rate

1848 0.049
1848 4.333
1848 5.288
1848 14.731
1848 1.583
1848 0.559
1848 0.156
1848 3.685
1848 6.618
1848 18.653
1848 0.170
1848 0.453
1848 0.545
1848 0.217
1848 0.499
1848 2.756
1848 0.634
1848 0.817
1848 5.025
1848 0.653
1848 3.820
1848 0.644
1848 0.699
1848 0.149
1848 27.858
1848 17.233
1848 10.087
1848 0.700

0.038
4.419
6.774
14.562
1.366
0.565
0.131
3.784
4.034
18.612
0.169
0.550
0.645
0.229
0.510
3.000
0.667
1.000
5.000
0.600
2.000
0.600
0.611
0.139
30.850
18.000
10.185
3.000

0.290
5.455
9.933
17.973
8.107
0.923
0.432
4.263
27.804
21.292
0.389
0.898
0.921
0.306
0.864
5.000
1.000
1.000
7.000
1.000
13.000
0.857
2.324
0.308
46.500
23.140
13.102
8.300

-0.164
2.890
3.751
12.593
0.599
0.172
-0.059
2.565
0.624
15.830
0.011
0.000
0.054
0.045
0.130
0.000
0.000
0.000
5.000
0.000
1.000
0.200
-0.594
0.044
9.000
12.500
8.343
-7.000

0.119
0.375
3.262
1.533
0.803
0.209
0.134
0.345
6.977
1.564
0.138
0.338
0.322
0.068
0.204
1.044
0.291
0.321
0.222
0.183
3.406
0.163
0.773
0.074
13.339
3.568
1.449
4.622

Table 2. t-test in Companies with and without Audit Failure

Variable Name Audit Failure (Observations = 431) No Audit Failure (Observations = 1417) t-statistic
Auditor Tenure 3.433 4.038 -2.940%**
Auditor Independence 0.038 0.053 -3.292%**
Audit Report Delay 3.626 4.936 -2.488**
Audit Fee 4.705 5.582 -3.126***
Company Size 14.516 14.796 -3.176***
Company Liquidity 1.295 1.671 -9.544 %=
Company Debt Ratio 0.673 0.524 13.520%**
Company Profitability 0.051 0.189 -22.855%**
Company Age 3.661 3.692 -1.603
Company Growth Opportunity 6.167 6.842 0.762
Client Industry Size 18.661 18.651 0.111
Industry Competition Level 0.166 0.171 -0.615
State Ownership 0.509 0.410 3.576***
Institutional Ownership 0.508 0.592 -2.907***
Managerial Ownership 0.215 0.219 0.551
Major Shareholder Ownership 0.465 0.520 -4.591***
Audit Committee Size 2.722 2.767 -0.793
Audit Committee Independence 0.627 0.636 -0.575
Audit Committee Financial Expertise 0.805 0.821 -0.907
Board Size 5.028 5.024 0.315
Board Independence 0.602 0.677 -3.454***
CEO Tenure 3.566 3.897 -1.767*
Board Financial Expertise 0.647 0.643 0.442
Systematic Risk 0.719 0.689 1.810*
Unsystematic Risk 0.167 0.142 2.290**
Inflation Rate 26.920 28.144 -1.669*
Interest Rate 17.333 16.903 2.279*%*
Exchange Rate 9.865 10.155 -3.648**
Economic Growth Rate 0.554 0.745 -3.750**

Significance at 90%, ** Significance at 95%, *** Significance at 99%
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Table 3. Chi-square Test in Companies with and without Audit Failure

Variable Name

Audit Failure (Observations = 431)

No Audit Failure (Observations = 1417)  Chi-square Statistic

Auditor Size 102
Auditor Change 402
Audit Firm Ranking 265
Audit Opinion Type 229
Auditor Specialization 204
Client Ownership Type (Private or State-owned) 180

365 22.166***
342 16.960***
887 25.174%**
781 18.525***
751 4.251**
628 0.877

Significance at 90%, ** Significance at 95%, *** Significance at 99%

To address the research questions and achieve the study
objectives, the intended models, which include those
developed using Genetic Algorithm (GA), Particle Swarm
Optimization (PSO), Ant Colony Optimization (ACO), and
Bee Colony Optimization (BCO), were created based on
selected variables using the two-sample t-test and forward
stepwise selection method. We will compare the results
obtained from these models.

To determine the final variables for the study from the
initial variables, both the two-sample t-test and forward
stepwise selection methods were used. The difference
between these two methods is that, in the two-sample t-test,
the significance of the difference in means for each
independent variable is examined without considering the
relationship of other independent variables with the
dependent variable. In contrast, the forward stepwise
selection method starts with an empty set of features, and in
each iteration, the best primary feature is selected and added
to the previous set. The goal is to select variables that
maximize the coefficient of determination (R2) of the model.
For conducting the above statistical tests, SPSS software was
used.

To perform a two-sample t-test, the variances of the two
samples must first be compared. In other words, the test of
equal variances precedes the test of equal means. Levene’s
test, based on Fisher’s statistic, is used to test the equality of
variances. This test does not require the data distribution to
be normal.

The t-statistic for testing the equality of two-sample
means, under the assumption of equal and unequal variances,
is calculated. In the case of equal variances, equation (5) is
used to calculate the t-statistic, where the degrees of freedom
(df) are calculated as df = nl + n2 - 2.

Equation (5): t = ((Xi - X2) - (w1 - p)) / Sp N(1/ni + 1/n,)

Equation (6): Sp = V(((n: - 1) S22+ (n2 - 1) $22) / (i + n2
-2)

In the case of unequal variances, the t-statistic is
calculated using equation (7) and the degrees of freedom
using equation (8).

Equation (7): t = ((X1 - X2) - (W1 - p2)) / \/((522 /ni) +(S22/
n2))

Equation (8): df = ((S:2 / m1) + (S22 / n2))* / (((S:2 / m1)? /
(- 1)) +((S2*/ n2)* / (nz - 1)))

Where n: and n2 represent the sample sizes of the first and
second samples, and S: and S: are the standard deviations of
the first and second samples, respectively.

The calculated t-statistic based on the above formulas is
then compared to the critical t-value from the table,
considering a 5% error level. If the calculated t-statistic is
smaller than the critical t-value (p-value < 0.05), the
difference in means between the two groups is considered
significant; otherwise, it is rejected.

The results of the two-sample t-test are presented in
Panels B and C of Table 1. Based on the results, it can be
concluded that there is a significant difference in the means
of the auditor size, auditor tenure, audit independence,
auditor change, audit firm ranking, audit opinion type, audit
report delay, auditor specialization, audit fee, company size,
company liquidity, company debt ratio, company
profitability, state ownership, institutional ownership, major
shareholder ownership, board independence, unsystematic
risk, interest rate, exchange rate, and economic growth rate
between companies with and without audit failure at a 95%
confidence level. Accordingly, based on the results of this
test, 21 variables with significance levels below 5% are
introduced as the final variables, as shown in Table 1.

In the forward stepwise selection method, the goal is to
estimate a logistic regression model based on the initial
research variables, with the aim of maximizing the model’s
coefficient of determination (R?). The process starts with an
empty set of features, and in each iteration, the best feature
is selected and added to the previous set. The goal is to select
variables that maximize the model’s R2 This process
continues until no further improvement in R2 is observed
with the addition of any remaining variables.

Using the forward stepwise method, after 12 steps, the
variables of auditor size, auditor tenure, audit independence,
auditor change, audit firm ranking, audit opinion type, audit
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report delay, auditor specialization, audit fee, company size,
company debt ratio, company profitability, state ownership,
major shareholder ownership, board independence,
unsystematic risk, and exchange rate—comprising 17
variables—were selected as the final variables.

To implement and evaluate the algorithms, the research
data must be divided into two sets: training data and test data.
The training data will be used to build the model, while the
test data will be used to evaluate the model built in the
training phase. Classification techniques can be compared
based on criteria such as accuracy, speed, and robustness.

Table 4. Simulation Parameters

The accuracy of a classification method depends on the
number of correct predictions made by the model. Speed
refers to the time required to build and use the model for
classification, while robustness reflects the model's ability to
handle unusual data or missing values.

To evaluate the accuracy and robustness of the models,
the research data were randomly split into training and test
sets 50 times. In each iteration, 75% of the data was used to
train the model, and 25% was used to test and evaluate the
model. The average results from 50 iterations of each model
were considered the final outcome.

Simulation Parameter

Value

Total Dataset Sample Size

Number of Features per Sample (T-test set)
Number of Features per Sample (Stepwise set)
Number of Training Samples

Number of Test Samples

1848 firm-years (observations)
21 features

13 features

1386

462

The classification of a dataset containing two classes is
expressed using four possible outcomes: true positive (TP),
false negative (FN), true negative (TN), and false positive
(FP). Based on these, the accuracy parameter can be defined.
Accuracy is the most standard metric for summarizing
classification performance across all classes, and it is
calculated as follows:

Table 5. Confusion Matrix

Equation (9): accuracy = (TP + TN) / (TP + TN + FP +
FN)

As shown above, to calculate the classification accuracy,
the confusion matrix must first be computed. The values on
the main diagonal represent the correct classifications by the
method used.

False Positives (FP)

True Positives (TP)

True Negatives (TN)

False Negatives (FN)

Next, the confusion matrix for each classification method
used to predict audit failure (with two different feature sets)
is presented.

The results from the Genetic Algorithm (GA), presented
in the form of a confusion matrix in Table 4, show that the
model’s error rate in identifying companies with audit failure
is approximately 2.9% based on the t-test and 1.1% based on
the stepwise method. Therefore, the stepwise method is more
effective for implementing the GA. The overall accuracy of

the GA model shows that GA & Stepwise is more accurate
than GA & T-test. Overall, the results from GA & Stepwise
indicate that the accuracy of this model in predicting audit
failure for companies listed on the Tehran Stock Exchange
is approximately 95.3%. This indicates that, with the
variables selected through the stepwise method and the GA,
companies with audit failure can be identified with a 95.3%
probability.

Table 6. Confusion Matrix Results for Predicting Audit Failure (Genetic Algorithm)

GA & Stepwise Negative Positive GA & T-test Negative Positive
Positive 0.084 0.989 Positive 0.105 0.971
Negative 0.916 0.011 Negative 0.895 0.029
Accuracy 0.953 Accuracy 0.933
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The results from the Particle Swarm Optimization (PSO)
algorithm, presented in the confusion matrix, show that the
model’s error rate in identifying companies with audit failure
is approximately 3.6% based on the t-test and 2.5% based on
the stepwise method. Therefore, the stepwise method is more
effective for implementing the PSO algorithm. The overall
accuracy of the PSO model shows that PSO & Stepwise is

more accurate than PSO & T-test. Overall, the results from
PSO & Stepwise indicate that the accuracy of this model in
predicting audit failure for companies listed on the Tehran
Stock Exchange is approximately 94.5%. This indicates that,
with the variables selected through the stepwise method and
the PSO algorithm, companies with audit failure can be
identified with a 94.5% probability.

Table 7. Confusion Matrix Results for Predicting Audit Failure (Particle Swarm Optimization)

PSO & Stepwise Negative Positive PSO & T-test Negative Positive
Positive 0.086 0.975 Positive 0.093 0.964
Negative 0.914 0.025 Negative 0.907 0.036
Accuracy 0.945 Accuracy 0.936

The results from the Ant Colony Optimization (ACO)
algorithm, presented in the confusion matrix, indicate that
the model's error rate in identifying companies with audit
failure, based on the T-test and Stepwise methods, is
approximately 8.1% and 9.6%, respectively. Therefore,
considering the variable selection method for implementing
the ACO algorithm, the T-test method is more efficient. The
overall accuracy results show that CO & T-test is more

accurate than CO & Stepwise. In general, the results of CO
& T-test indicate that the accuracy of this model in
identifying and predicting audit failure in companies listed
on the Tehran Stock Exchange is approximately 90.6%. This
suggests that, with the variables selected through the T-test
method and the ACO algorithm, companies with audit
failure can be identified with a probability of 90.6%.

Table 8. Confusion Matrix Results for ldentifying Audit Failure (Ant Colony Optimization)

CO & Stepwise Negative Positive CO & T-test Negative Positive
Positive 0.102 0.904 Positive 0.108 0.919
Negative 0.898 0.096 Negative 0.892 0.081
Accuracy 0.901 Accuracy 0.906

The results from the Bee Colony Optimization (BCO)
algorithm, presented in the confusion matrix, show that the
model's error rate in identifying companies with audit
failure, based on the T-test and Stepwise methods, is
approximately 5.6% and 8.5%, respectively. Therefore,
considering the variable selection method for implementing
the BCO algorithm, the T-test method is more efficient. The
overall accuracy results show that BCO & T-test is more

accurate than BCO & Stepwise. In general, the results of
BCO & T-test indicate that the accuracy of this model in
identifying and predicting audit failure in companies listed
on the Tehran Stock Exchange is approximately 92.8%. This
suggests that, with the variables selected through the T-test
method and the BCO algorithm, companies with audit
failure can be identified with a probability of 92.8%.

Table 9. Confusion Matrix Results for ldentifying Audit Failure (Bee Colony Optimization)

BCO & Stepwise Negative Positive BCO & T-test Negative Positive
Positive 0.091 0.915 Positive 0.088 0.944
Negative 0.909 0.085 Negative 0.912 0.056
Accuracy 0.912 Accuracy 0.928

Table 10. Summary of Audit Failure Prediction Results Using Metaheuristic Algorithms
Algorithm Accuracy (T-test) T-test FN Accuracy (Stepwise) Stepwise FN
GA 0.933 0.029 0.953 0.011
PSO 0.936 0.036 0.945 0.025
co 0.906 0.081 0.901 0.096
BCO 0.928 0.056 0.912 0.085
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The summary results from the metaheuristic algorithms
show that the overall accuracy of the GA, PSO, CO, and
BCO algorithms is 95.3%, 94.5%, 90.6%, and 92.8%,
respectively. This indicates that the Genetic Algorithm (GA)
is more effective than other metaheuristic algorithms.
Additionally, the overall results from the variable selection
methods suggest that the Stepwise method is more efficient.
Therefore, in companies listed on the Tehran Stock
Exchange, the Stepwise method combined with the Genetic
Algorithm (GA) provides the most effective model for
predicting audit failure.

4. Discussion and Conclusion

The results of this study demonstrate the effectiveness of
metaheuristic algorithms in predicting audit failures in
companies listed on the Tehran Stock Exchange.
Specifically, the Genetic Algorithm (GA) was shown to have
the highest predictive accuracy at 95.3%, followed closely
by Particle Swarm Optimization (PSO) at 94.5%, Bee
Colony Optimization (BCO) at 92.8%, and Ant Colony
Optimization (ACO) at 90.6%. These findings align with
previous research indicating the efficacy of metaheuristic
approaches in handling complex optimization tasks and
predicting financial outcomes (Li et al., 2018; Jiang & Jones,
2018). Additionally, the stepwise method of variable
selection was proven to be the most effective in refining the
model, further confirming its applicability in predictive
modeling contexts [3].

The superiority of the Genetic Algorithm (GA) over other
metaheuristic algorithms can be attributed to its evolutionary
optimization technique, which iteratively improves solutions
based on natural selection processes. Similar results were
observed in other fields, such as cloud management and
medical diagnostics, where GA outperformed other
algorithms in terms of accuracy and reliability [16]. This
suggests that GA's adaptability to various data types and its
ability to explore multiple potential solutions in parallel
makes it an excellent candidate for financial prediction tasks,
particularly in audit failure forecasting.

The performance of PSO, which achieved a 94.5%
accuracy rate, demonstrates its strength as an optimization
technique, particularly in scenarios where the relationships
between variables are complex and nonlinear. PSO has been
widely recognized for its effectiveness in fields such as
financial modeling and data center management, as it can
quickly converge on optimal solutions by simulating social

behaviors [17]. The success of PSO in this study reaffirms
its utility in audit failure prediction, a field where the causes
of failure are often interconnected and difficult to model
using traditional linear approaches (Chen et al., 2021).

The slightly lower performance of ACO and BCO, while
still impressive, may be explained by their inherent nature of
slower convergence rates and a greater reliance on
exploration rather than exploitation in optimization
processes. While these algorithms are well-suited to certain
domains such as fraud detection and resource allocation
[19], their ability to predict audit failure may be slightly
hindered by the need for rapid convergence in highly
dynamic financial environments like the Tehran Stock
Exchange [15]. Nevertheless, their accuracy rates of over
90% indicate that they are still effective tools for predictive
modeling, especially when used in conjunction with other
algorithms or methods.

When comparing the results of this study with prior
research on audit failure prediction, it is evident that the use
of advanced algorithms significantly enhances predictive
accuracy compared to traditional methods. For instance, Jin
et al. (2011) found that the inclusion of audit quality
variables in predictive models improved the ability to
forecast bank failures, but their accuracy rates were
considerably lower than those achieved by the metaheuristic
algorithms used in this study [6]. This difference may be
attributed to the algorithms’ ability to handle complex,
nonlinear relationships, which are typical in financial data,
more effectively than traditional statistical models [5].

Moreover, the results of this study align with those from
other sectors where metaheuristic algorithms have been
applied for failure prediction. For example, in healthcare,
metaheuristic methods have been employed to predict
diagnostic errors with high accuracy [20]. The success of
these algorithms in both healthcare and finance demonstrates
their versatility and reinforces the idea that metaheuristic
approaches are particularly well-suited to predicting
outcomes where the relationships between variables are not
straightforward [9].

Despite the promising results, this study is not without its
limitations. First, the dataset used in this research is limited
to firms listed on the Tehran Stock Exchange, which may
restrict the generalizability of the findings. Economic
conditions in Iran, such as sanctions and inflation, may have
unique impacts on corporate financial health, and these
factors may not be present in other contexts (Dong et al.,
2019). Therefore, the findings may not necessarily apply to
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firms in different economic or regulatory environments.
Second, while the metaheuristic algorithms demonstrated
high accuracy rates, they are computationally intensive and
require significant processing power, which could limit their
applicability in smaller firms or settings with limited access
to computational resources [17].

Additionally, the study did not explore the interpretability
of the algorithms. While the accuracy of metaheuristic
algorithms is impressive, their results are often difficult to
interpret compared to traditional models. This “black box”
nature of Al algorithms can be problematic for auditors and
regulators who need to understand the rationale behind the
predictions to make informed decisions [9]. Finally, while
the stepwise method for variable selection proved effective,
other methods of feature selection, such as LASSO or Ridge
regression, were not explored, potentially limiting the
comprehensiveness of the variable selection process [3].

Future research could address the limitations of this study
by expanding the dataset to include firms from multiple
stock exchanges and countries. A comparative analysis
across different economic regions could provide a deeper
understanding of how audit failure prediction models
perform under varying regulatory, economic, and financial
conditions [15]. Moreover, future studies could explore
hybrid models that combine the strengths of multiple
metaheuristic algorithms, potentially increasing predictive
accuracy and reliability. For instance, combining GA with
PSO could yield a model that benefits from the exploration
capabilities of PSO and the exploitation capabilities of GA
[17].

Another area for future research is the interpretability of
metaheuristic algorithms. While these algorithms are
effective at predicting audit failures, their black-box nature
limits their transparency. Incorporating explainable Al
techniques could help bridge this gap by making the outputs
of these algorithms more understandable to auditors and
regulators [9]. Additionally, future studies should
investigate the use of alternative variable selection methods,
such as LASSO or Ridge regression, to determine whether
these techniques could improve the efficiency and accuracy
of audit failure prediction models [3].

Finally, future research could explore the application of
metaheuristic algorithms in other areas of audit, such as
detecting material misstatements or assessing audit quality.
These applications would further validate the use of
advanced Al methods in auditing and could potentially lead
to new insights into the factors that contribute to audit
failures [8]. Moreover, exploring the integration of

metaheuristic approaches with traditional auditing practices
could yield practical tools for auditors, helping them to
identify and mitigate risks more effectively [1].

The findings of this study have several practical
implications for auditors, regulators, and companies. First,
the high accuracy of the GA and PSO algorithms suggests
that these methods could be adopted by auditing firms as part
of their risk assessment procedures. By integrating these
algorithms into their audit processes, firms can improve their
ability to detect potential audit failures early, reducing the
risk of financial misstatements and enhancing the overall
quality of their audits [9]. However, firms should also be
aware of the computational demands of these algorithms and
ensure they have the necessary infrastructure to support their
implementation [17].

Regulators could also benefit from the use of
metaheuristic algorithms in audit oversight. Given the high
accuracy rates demonstrated in this study, regulatory bodies
could use these algorithms to identify firms at high risk of
audit failure, enabling more targeted and efficient
interventions [3]. This would allow regulators to allocate
resources more effectively and focus their efforts on
companies that pose the greatest risks to financial markets.

Finally, companies themselves could use these predictive
models to assess their own financial health and audit risks.
By adopting metaheuristic algorithms, companies can
proactively identify areas of financial weakness and take
corrective actions before an audit failure occurs. This not
only helps to improve the accuracy of financial reporting but
also enhances corporate governance and investor confidence
[15]. However, companies should also invest in training their
staff to understand and interpret the results of these
algorithms, ensuring that the outputs are used effectively in
decision-making processes [9].

In conclusion, this study demonstrates the significant
potential of metaheuristic algorithms in predicting audit
failures. By leveraging the strengths of algorithms such as
GA and PSO, auditors and companies can improve their risk
assessment processes and enhance the overall quality of
financial reporting. However, further research is needed to
address the limitations of these methods and explore their
broader applicability in auditing and financial analysis.
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