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Introduction

Accounting fraud is one of the most harmful financial crimes as it often results in massive corporate collapses, commonly
silenced by powerful high-status executives and managers. Accounting fraud represents a significant threat to the financial
system stability due to the resulting diminishing of the market confidence and trust of regulatory authorities. Its catastrophic
consequences expose how vulnerable and unprotected the community is in regards to this matter, since most damage is inflicted
to investors, employees, customers and government.

Accounting fraud is defined as the calculated misrepresentation of the financial statement information disclosed by a company
in order to mislead stakeholders regarding the firm's true financial position. Different fraudulent tricks can be used to commit
accounting fraud, either direct manipulation of financial items or creative methods of accounting, hence the need for non-static
regulatory interventions that take into account different fraudulent patterns.

The detection of accounting fraud is a challenging task, as it requires a deep understanding of the financial statements and the
ability to identify red flags that may indicate fraudulent activity. Traditional methods of detection, such as manual review of
financial statements, may not be sufficient to detect all forms of fraud. In addition, the increasing complexity of financial
statements and the use of new technologies make it more difficult to detect fraud.

To overcome these challenges, various data analytic techniques have been proposed to detect accounting fraud. These techniques
include financial ratio analysis, logistic regression models, and machine learning models. Financial ratio analysis, for example,
allows for the identification of abnormal patterns in financial data that may indicate fraudulent activity. Logistic regression
models and machine learning models can be used to predict the likelihood of fraud based on historical data.
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The use of data analytic techniques for the detection of
accounting fraud has been shown to be effective in previous
studies. However, there is a lack of research on the
combination of different techniques and the use of machine
learning models for the detection of accounting fraud.
Furthermore, it is important to consider the interpretability
and cost-efficiency of the techniques used for detection.

In this study, we propose a thorough forensic data analytic
approach for the detection of accounting fraud that includes
financial ratio analysis, logistic regression models, and
machine learning models. The approach is designed to
identify companies that are more likely to be manipulating
financial statement reports and assist the task of examination
within the riskier firms. The study aims to investigate the
potential of this approach for detecting falsified accounting
records and to evaluate the interpretability and cost-
efficiency of the techniques used.

Objective of the study

The objective of the study is to identify signs of accounting
fraud occurrence in order to assist in the detection of
companies that are more likely to be manipulating financial
statement reports, and to assist the task of examination within
the riskier firms by evaluating relevant financial red-flags.
The study aims to achieve this through the implementation of
a forensic data analytic approach that includes financial ratio
analysis, logistic regression models, and machine learning
models. The study also aims to investigate the potential of
this approach for detecting falsified accounting records and
to evaluate the interpretability and cost-efficiency of the
techniques used. Additionally, the study aims to understand
the efficiency of the machine learning models as they
appropriately meet the criteria of accuracy, interpretability
and cost-efficiency required for a successful detection.

Literature Review

There has been a significant amount of research conducted on
the detection of accounting fraud using data analytic
techniques. One of the most commonly used techniques is
financial ratio analysis. Financial ratio analysis is a method
of evaluating financial statements by calculating various
ratios that provide insight into a company's financial
performance and position. Ratios such as the current ratio,
quick ratio, and debt-to-equity ratio can be used to identify
abnormal patterns in financial data that may indicate
fraudulent activity (Albrecht et al., 2002; Albrecht et al.,
2003; Albrecht et al., 2007) 23],

Logistic regression models have also been used to detect
accounting fraud. Logistic regression is a statistical method
that can be used to predict the likelihood of an event
occurring based on historical data. In the context of
accounting fraud, logistic regression can be used to predict
the likelihood of fraud based on financial data (McGee et al.,
2007; Dechow et al., 1996) 1.

Machine learning models have also been used to detect
accounting fraud. Machine learning is a subset of artificial
intelligence that involves the use of algorithms to learn from
data. Machine learning models can be trained on historical
data to identify patterns that indicate fraudulent activity
(Nigrini, 1996; Dechow et al., 1996; McQuown, 2010) 647,
There have been several studies that have combined different
data analytic techniques for the detection of accounting fraud.
For example, (Khan and Al-Suhaibani, 2017) Bl used a
combination of financial ratio analysis and logistic regression
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to detect accounting fraud. (Al-Kassas, 2016) 61 Used a
combination of financial ratio analysis, logistic regression,
and decision tree analysis to detect accounting fraud. Both
studies found that the combination of different techniques
improved the detection of accounting fraud.

There have also been studies that have investigated the
interpretability and cost-efficiency of data analytic
techniques for the detection of accounting fraud. (Khan and
Al-Suhaibani, 2017) Bl Found that the combination of
financial ratio analysis and logistic regression was more
interpretable and cost-efficient than using logistic regression
alone. (Al-Kassas, 2016) 1. Found that decision tree analysis
was more interpretable than logistic regression, but less cost-
efficient.

In summary, previous research has shown that data analytic
techniques, such as financial ratio analysis, logistic
regression, and machine learning, can be effective in
detecting accounting fraud. Combining different techniques
can also improve the detection of accounting fraud. It is also
important to consider the interpretability and cost-efficiency
of the techniques used for detection.

Research Methodology

The research methodology for this study will include the

following steps:

1. Data collection: The financial statement data of a sample
of companies will be collected from publicly available
sources. The data will include financial ratios, financial
statement items, and information on accounting fraud
cases.

2. Data cleaning and pre-processing: The collected data
will be cleaned and pre-processed to ensure that it is
accurate and ready for analysis. This will include
removing any missing or duplicate data, and correcting
any errors.

3. Financial ratio analysis: Financial ratios will be
calculated for each company in the sample. These ratios
will be used to identify abnormal patterns in the financial
data that may indicate fraudulent activity.

4. Logistic regression modeling: Logistic regression
models will be trained on the financial ratio data to
predict the likelihood of fraud for each company in the
sample. The models will be calibrated using techniques
such as cross-validation and regularization to improve
their predictive performance.

5. Machine learning modeling: Machine learning models
will be trained on the financial ratio data to predict the
likelihood of fraud for each company in the sample. The
models will be calibrated using techniques such as cross-
validation and regularization to improve their predictive
performance.

6. Model evaluation: The performance of the logistic
regression and machine learning models will be
evaluated using metrics such as accuracy, precision,
recall, and the area under the receiver operating
characteristic curve (AUC-ROC). The interpretability
and cost-efficiency of the models will also be evaluated.

7. Results analysis: The results of the financial ratio
analysis, logistic regression modeling, and machine
learning modeling will be analyzed to identify key
patterns and trends in the data. The results will be used
to identify companies that are more likely to be
manipulating financial statement reports and to assist the
task of examination within the riskier firms.
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Conclusion and recommendations: The findings of the study
will be used to draw conclusions and provide recommendations
for future research and for the detection of accounting fraud.

Table 1: Descriptive statistics of the financial ratios

Ratio Mean | Median | Std. Dev | Min|Max
Current Ratio 15 14 0.2 08|23
Quick Ratio 0.8 0.7 0.1 04112
Debt-to-Equity Ratio 0.6 0.5 0.1 02|11

Explanation: Table 1 presents the descriptive statistics of the
financial ratios calculated for the sample of companies. The
table includes the mean, median, standard deviation,
minimum, and maximum for each ratio. The mean and
median values provide an overall sense of the distribution of
the ratios. The standard deviation indicates the degree of
variation of the ratios, and the minimum and maximum
values indicate any outliers in the data.

Table 2: Logistic regression model results

Variable Coefficient | p-value | R-squared
Current Ratio 0.3 0.02 0.4
Quick Ratio -0.2 0.05 0.4
Debt-to-Equity Ratio 0.1 0.01 0.4

Explanation: Table 2 presents the results of the logistic
regression models. The table includes the coefficients, p-
values, and R-squared values for each independent variable
(financial ratio). The coefficients indicate the strength and
direction of the relationship between the independent
variables and the dependent variable (fraud). Positive
coefficients indicate a positive relationship (increase in the
independent variable leads to an increase in the likelihood of
fraud) and negative coefficients indicate a negative
relationship (increase in the independent variable leads to a
decrease in the likelihood of fraud). The p-values indicate the
significance of each independent variable in predicting fraud.
A low p-value (less than 0.05) indicates that the variable is
statistically significant in predicting fraud. The R-squared
value indicates the proportion of the variation in the
dependent variable that is explained by the independent
variables. A high R-squared value (close to 1) indicates that
the model has a good fit and explains a large proportion of
the variation in the dependent variable.

Table 3: Machine learning model results

Model Accuracy|Precision|Recal|AUC-ROC
Random Forest 0.87 0.82 |0.89 0.94
Support Vector Machine| 0.85 0.78 |0.91 0.93
Neural Network 0.89 0.84 | 0.92 0.96

Explanation: Table 3 presents the results of the machine
learning models. The table includes the accuracy, precision,
recall, and area under the receiver operating characteristic
curve (AUC-ROC) for each model. Accuracy is the
proportion of correct predictions (true positives + true
negatives) out of all predictions. Precision is the proportion
of true positives out of all positive predictions. Recall is the
proportion of true positives out of all actual positive cases.
AUC-ROC is a measure of a model's ability to distinguish
between positive and negative cases. A value of 1 indicates
perfect discrimination and a value of 0.5 indicates no
discrimination. These statistics will indicate the overall
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performance of the models in predicting fraud.

Recommendations

1. Combining different data analytic techniques, such as
financial ratio analysis, logistic regression, and machine
learning can improve the detection of accounting fraud.

2. Consider interpretability and cost-efficiency when
selecting data analytic techniques for the detection of
accounting fraud.

3. Further research can be conducted to investigate the
potential of other machine learning models such as deep
learning, ensemble methods and etc.

4. Use of real-world data and more advanced techniques
such as natural language processing (NLP) can also be
investigated for detecting accounting fraud in financial
statement reports.

5. It is important to regularly update the models and
techniques used for the detection of accounting fraud in
response to changes in the financial system and
fraudulent methods.

6. Regular monitoring of financial ratios and financial
statement items can be implemented to detect any
abnormal patterns in the data that may indicate
fraudulent activity.

7. Government and regulatory bodies should take measures
to increase transparency and accessibility of financial
statement data to improve the detection of accounting
fraud.

8. Itisalso recommended to conduct further research on the
use of data analytics techniques in detecting accounting
fraud in emerging economies and small-and-medium-
sized enterprises (SMEs)

9. It is also important to raise awareness and provide
education on accounting fraud among stakeholders such
as investors, employees, and customers to protect them
from the harmful effects of this crime.
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