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This research developed a financial statement fraud prediction model in case Pakistani non-financial
firms listed on the Pakistan Stock Exchange (PSX). The auditor opinion is taken as a class variable,
while eight ratios used in Beneish M-score were taken as predictors to define fraudulent reporting. Six
different variants of Decision tree models are also deployed to proposed final models. However, the
imbalanced data problem is addressed using oversampling through the SMOTE algorithm before
applying the decision tree models. Results showed that random forest provided the highest
predictability, i.e., 83%, among other selected models. Random forest outperformed other evaluation
matrices, including individual class true positive rate, f-score, ROC, and PRC. Detailed analysis also
explored how inflating receivables and internal pressure contribute to the predictability of adverse
and/or qualified opinions. The findings suggested that stakeholders use the proposed random forest
model to identify the potential Financial statement fraud (FSF) in the case of Pakistani non-financial

firms.
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Introduction

Financial statement fraud (FSF) is often planned, committed, and concealed by expert preparators in almost all organizations, including SMEs, national, international, and even
multinational firms. FSF is defined as deliberate misrepresentation, concealment, or omission of financial information from financial statements (Soltani et al., 2023) . The
consequences of such frauds are severe and affect various stakeholders relying on financial statements to make decisions (Riskiyadi, 2024). The 2024 annual report of ACFE also
explores that FSF is among the most expensive compared to other types of fraud (ACFE, 2024). Stakeholders are always keen to predict the quality of financial statements before
making their decisions. Therefore, most of the literature on FSF develops some prediction model of fraudulent reporting (Albizri et al., 2019; Amiram et al., 2018; Mangala &
Soni, 2023).

The literature on developing FSF prediction models in developed economies is well established. For instance, Beneish (1999a) developed a widely used M-score model
using AAER enforcement data. Similarly, Dechow et al. (2011) proposed an F-score model to predict material accounting misstatements. Both models often measure the
probability of fraudulent reporting (Achmad et al., 2022; Hotda, 2020; Irwandi et al., 2019; Nurcahyono et al., 2021). In particular, most of the studies used Beneish M-score in
this respect. However, applying these models to predict financial misstatements in developing countries may provide varied results due to different regulatory frameworks.
Therefore, a financial misstatement detection model must be proposed in developing countries like Pakistan.

Although weak governance and regulatory framework make it more pertinent to develop FSF prediction models in developing countries like Pakistan, limited research
has been done in this respect (Khan et al., 2023). This research fills this gap and creates a financial statement fraud prediction model for Pakistani non-financial firms listed at
PSX while focusing on three perspectives. First, fraud in financial statements is measured using auditors' opinions. Second, the response variables are the same as the eight
financial ratios of Beneish M-score. Third, six decision tree-based machine learning algorithms are applied to develop the final prediction model. Thus, the outcome of this
research is significant and provides a classification model to predict fraudulent reporting so that the stakeholders can make their own decisions.

Literature Review

ACFE reported 1921 occupation fraud cases that led to a total loss of $3.1 billion in 2024 (ACFE, 2024) . Their report also showed that only 5% of cases were related to
fraudulent financial statement reporting, but the median loss per case was $766,000 compared to $145,000 overall median losses per case. Karpoff et al. (2008) indicated that
victims lost approximately 29% of equity from financial reporting misconduct. Financial misconduct deprives investors of equity and harms employees and workers through cuts
and lost retirement plans (Oppel, 2001) . These statistics show that FSF is a costly event. Financial Statement Fraud (FSF) occurs when a company deliberately
overstates/understates assets and liabilities, losses, and expenses. Financial statement frauds are detrimental to the organizational reputation and carry the substantial cost of the
audit, loss of credibility, and trust among stakeholders such as customers, investors, regulators, suppliers, and the general public (Yousefi Nejad et al., 2024). It leads to a lack of
business opportunities, economic unrest, low investor attraction, and damaging market share. Misreporting of financial statements creates grave concerns for organizational
leadership and weakens internal control systems (Mandal & Amilan, 2023). It distorts the market integrity and leads to the insufficient allocation of economic resources (Bao,
2023).

The severe outcomes of financial statement fraud led to the importance of developing an early detection model to reduce its adverse consequences. Regulators and
auditors also need such detection models to assess the quality of financial statements. Therefore, most of the literature on fraudulent reporting is intended to develop some fraud
prediction models. For instance, Beneish's M-score developed a manipulation detection model using eight financial ratios (Beneish, 1999b). In literature, the M-score model is
one of the famous models often used to detect earnings manipulation. For instance, Handoko & Natasya (2019) and KneZevi¢ et al. (2021) used M-score models to detect
earnings manipulation. Similarly, the Deshaw F-score and Altman Z score are other models mostly adopted to predict the FSF (Saleh et al., 2021).

However, it is notable that these fraud prediction models are proposed for developed economies while limited work has been done on developing models for developing
economies like Pakistan. Furthermore, the market dynamics differ in developing and developed countries, leading to other conceptions and motivations of earnings manipulation.
Developing a modified version of the prediction model that caters explicitly to developing countries' market structure needs is a significant requirement. Though some of the FSF
prediction models have been developed for Malaysia (Hasnan et al., 2013, 2014; Hussain et al., 2016) and Indonesia (Fitri et al., 2019; Mustafida, 2020; Sukmadilaga et al.,
2022), however, the literature on Pakistan is very limited. This research will use data from non-financial firms listed at PSX to develop an FSF prediction model.

Selecting relevant response variables, predictors, and prediction models is essential in developing a prediction model. In literature, FSF has been measured from different proxies

such as enforcements (M. Firth et al., 2005; Romano & Guerrini, 2012), fraudulent restatements (BenYoussef & Khan, 2017; Othman et al., 2021), auditor opinion (Azad et al.,
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2023; M. A. Firth et al., 2014) and earnings management (Hasnan et al., 2013; Perols & Lougee, 2011) Young (2020) discussed various potential measurements of financial

statement frauds such as management bias, earnings management, abnormal changes in accounts receivables, speech patterns of senior managers, Bradford law and the authors'
opinion. However, this research uses auditor opinion to measure fraudulent activities in financial statements. This is because the auditor's opinion on financial statements
provides a more factual picture of the quality of earnings.

Similarly, it is also essential to decide about the predictors. Different types of response variables have been used in the literature to develop FSF. These variables are often
taken from financial statements (Gepp et al., 2021), corporate governance (Du, 2021; Nasir et al., 2019), stock market information (Cox & Weirich, 2002; Peasnell et al., 2011),
textual analysis (Othman et al., 2012; Singh Yadav & Sora, 2021) and qualitative analysis (Widuri & Gautama, 2020) of the company. However, most studies used Financial
Statement ratios to develop their prediction model, perhaps due to its strong predictability and data availability. This research also used financial statement data to define the
predictors. We adopted the financial ratios used in Beneish M-score and applied machine learning algorithms to detect earnings manipulation in the case of non-financial firms
listed at PSX. M-Score used eight ratios calculated using data from the financial statements.

The third important decision is about the selection of machine learning algorithms. In the literature, various machine learning models such as logistics, neural networks,
decision trees, support vector machines, and many others have been applied to develop fraud detection models. For instance, (Hidayattullah et al., 2020) used metaheuristic
optimization approaches of machine learning to predict financial statement fraud patterns. They used two classification methods: support vector machines (SVM) and
backpropagation neural networks. They found 96.15% accuracy from the Genetic Algorithm (GA) optimizer with the SVM classifier. Chi et al. (2019) used machine learning
techniques such as SVM and Chi-square Automatic Interaction Detector (CHAID) to predict financial statement fraud. They deployed C5.0-SVM, SVM-SVM, C5.0-CHAID,
and SVM-CHAID to check the accuracy of the prediction of financial statement fraud. They indicate a maximum accuracy of 83.15% with the C5.0-SVM model. (Alden et al.,
2012) used ten-fold cross-validation in GA and MARLEDA to detect financial statement fraud patterns. They found the accuracy of training classification to be 75.5 (GA) and
74.2 (MARLEDA).

Though various machine learning models have been used in literature, this research selected decision tree models due to their high predictability and ability to manage
outliers and abnormalities in the data. Specifically, we used the WEKA tool for machine learning to use six decision tree models, including the C4.5 model, Logistic Model Tree
(LMT), Naive Based Tree (NBTree), random forest, and REP Tree methods. It is intended to apply these six models and select the best-fitted model to detect earnings
manipulation in the case of non-financial firms listed at PSX. In short, the study aims to develop an FSF prediction model using eight ratios of the Beneish model while applying
six decision tree models for a developing country, i.e., Pakistan.

The outcome of this research will be significant. Financial statement fraud (FSF) is the primary national concern, and our model will help to identify it before its
occurrence. Many firms are audited, and reports are submitted to the nominated agencies, but fraudsters deploy some gaps to gain out of wrongdoing. WorldCom and Enron are
prime examples; despite being audited by reputable firms, they managed to betray company stakeholders by cooking their books. Our study will apply to all the firms of Pakistan
and generate a model that an ordinary investor can use to identify or estimate how much sense a particular firm makes towards making fraudulent activity. Financial statement
fraud and misreporting have impeded the corporate sector's growth and curbed the trust of stakeholders. This study uses the well-established variables of Beneish M-score and
identifies the most appropriate machine learning model to predict the fraud and misreporting of financial statements. The study results will apply to our industry and be
generalizable in all emerging economies. The study will help the regulatory authority with the early signs of misappropriation in the financial statements. Furthermore, it will also
help investors analyze the temporary artificial bubble created by the overstated assets and revenues. All the capital market stakeholders will benefit from the prediction model.
Furthermore, we aim to develop a web application to predict the early signs of misappropriation of financial statements.

Methodology

Sample

The data is collected for non-financial firms listed at the Pakistan Stock Exchange (PSX) for 14 years, from 2010 to 2023. This research focuses on non-financial firms and
excludes the financial sector because of their distinguished operations and financial reporting practices. Financial statement data is obtained from the annual publications of the
State Bank of Pakistan to compute the eight variables used in the Beneish M-score model. Auditor opinion data were obtained from Datastream, covering auditor assessments of
the balance sheet, income statement, and cash flow statement. The dataset included five types of audit opinions: UNQ (unqualified opinion), QUA (qualified opinion), AOP
(Adverse Opinion), NOP (No opinion), and Null values.
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Table 1: Sample Selection

Excluded Firms Observations
Total Number of Observations 404 5188
Loss of Two years (2010 and 2011) data to calculate lag values 724
Delisted firm data 174
Zero Sales Observations 444
Missing Values 532
Firms having Unqualified opinions for all the sample years 1775
Auditor opinion with no opinion or disclaimer 369
Total observations excluded (4018)
Final Sample 151 1170

Initially, the dataset comprised 5,188 firm-year observations from 404 non-financial firms listed on the PSX. However, the final sample is finalized after applying some exclusion
criteria, as shown in Table 1. For instance, the first two years of data were lost due to calculating lagged values for specific variables. Similarly, we excluded delisted firms, firms
with zero sales, and observations with missing values. Firms that had received an Unqualified Opinion (UNQ) throughout the sample period were removed, as our analysis
focuses on firms that received at least one non-unqualified opinion during the study period. After applying these exclusions, the final sample comprised 1,170 firm-year
observations for 151 non-financial firms listed on the PSX.

Variables of the Study

Dependent Variable

Various proxies have been used to calculate fraud in financial statements. However, this study used auditor opinion as a proxy for fraudulent financial reporting. Auditor opinion
can be divided into four categories: unqualified, qualified, adverse, and no opinion/disclaimer. An unqualified opinion refers to the auditor's opinion that financial statements are
prepared according to the applicable accounting standards. Conversely, qualified opinion shows that the financial statements contain material misstatements or deviations from
standards, though not pervasive. However, an adverse opinion shows that some significant red flags indicate potential fraud or misstatement. A disclaimer reflects the auditor's
inability to express an opinion due to insufficient evidence or uncertainty. This study treats an unqualified opinion as non-fraudulent (coded as 0), whereas qualified and adverse
opinions are considered indicators of potential fraud (coded as 1). Thus, the dependent variable is a binary measure where 1 represents suspected fraudulent financial reporting,
and 0 denotes non-fraudulent reporting.

Independent Variables

This study incorporates eight financial ratios from the Beneish M-score model. These ratios are the Days Sales Receivable Index (DSRI), Gross Margin Index (GMI), Asset
Quality Index (AQI), Sales Growth Index (SGI), Depreciation Index (DEPI), Sales, General, and Administrative Expenses Index (SGAI), Total Accruals to Total Assets (TATA)
and Leverage Index (LVGI). Here, the high values of DSRI indicate that receivables increase faster than sales (Khan et al., 2021). This is a red flag regarding potential signs of
inflated revenues. GMI shows a change in gross profit margins, and its decreasing value may pressure managers to manipulate the earnings (Khan et al., 2017). An increase in
AQI also indicates more investments in less verifiable assets, which can be another red flag regarding asset misappropriation. SGAI is related to operating costs, and its higher
value will pressure the managers and motivate them to inflate their earnings (Rashid et al., 2022). DEPI shows the changes in depreciation expenses where its decreasing value
may be deliberate to increase the decreasing profits (Rasheed et al., 2021). So, its lower value can be an indicator of the fraudulent activity. SGI is about sales growth, and its
increasing value will pressure the managers to maintain its standards over time (Khan et al., 2023). TATA is related to accruals and earnings quality. A high level of accruals
indicates that the earnings are not backed by cash and are considered a common fraud proxy. Lastly, LVGI is related to leverage, and its high value puts external pressure on it,
which can also motivate fraud. Notably, a high leverage can pressure managers to commit fraud to avoid covenant violations by the debt providers. Table 2 provides the details of

these variables and the calculation formula. This research developed a fraud prediction model using these variables in the case of Pakistani non-financial listed firms.
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Model Selection

We employed six different decision tree algorithms using the WEKA machine learning tool to develop a predictive model for financial statement fraud, as presented in Table 3.
The decision tree is a famous machine learning algorithm recognized for its robustness and high predictability in classification problems. This research employed six variations of
the decision tree model utilizing different algorithms on the leaves and nodes. For instance, J48 is the most famous decision tree model in WEKA, and the C4.5 decision tree
model was developed with pruning/uprunning options to avoid overfitting problems. Similarly, the LMT model develops a decision tree using a logistic model at the leaves level,
and NBTree utilizes a naive based algorithm. Each algorithm has pros and cons and may provide different accuracy rates within various contexts. We aim to select the best-fitting
decision tree model to predict the fraudulent reporting indicated by the qualified or adverse auditor's opinion. Therefore, we applied these six different versions of the decision
tree to compare their performances and to select the best-fitted model.

Table 2: List of Variables and their Formula

Meaning Formula Interpretation

Days Sales in Receivables . . High DSRI suggests revenue inflation via
(Receivables t/Sales t) / (Receivables t-1/Sales t-1) .

Index (DSRI) receivables.

‘ Declining margins may pressure management to
Gross Margin Index (GMI) [(Sales t-1 — COGS t-1)/ Sales_t-1]/[(Sales_t— COGS t)/ Sales_t] ] )
manipulate earnings.

. [1 — (Current Assets t + PPE t) / Total Assets t] / [1 — (CurrentAssets t-1 + PPE t-1) / A high AQI indicates increasing intangible/less
Asset Quality Index (AQI) )
TotalAssets t-1] verifiable assets.

High SGI shows growth pressure — a common
Sales Growth Index (SGI)  Sales t/ Sales t-1
motive for fraud.

o o o o o A lower rate (high DEPI) may suggest earnings
Depreciation Index (DEPI) (Depreciation_t-1/ (Depreciation t-1 + PPE t-1)) / (Depreciation t/ (Depreciation_t + PPE t)) . . ) o
manipulation via slower depreciation.

SG&A  Expense Index High SGAI may reflect inefficiency masked by
(SGA t/ Sales t)/(SGA t-1/Sales t-1) ]

(SGAI) inflated revenue.

Total Accruals to Total Rising leverage increases pressure to manipulate
(Total Debt_t/ Total Assets t) / (Total Debt t-1/ Total Assets t-1) .

Assets (TATA) earnings.

‘ ‘ High TATA signals earnings are not supported
Leverage Index (LEVI) (Income From Operations_t — Cash Flow From Operations_t) / Total Assets_t o )
by cash, which is a major red flag.

Table 3: Selected Decision Tree Algorithms

Model Description

J48 A pruned/unpruned C4.5 decision tree algorithm

LMT A 'logistic model tree' that uses logistic functions at leaves

NB Tree A decision tree that uses naive Bayes at leaves.

Random Forest Constructing a forest of random trees.

Random Tree A decision tree that uses K attributes at the node.

REP Tree Fast decision tree learner. Builds a tree using information gain and prunes.

However, before applying these models, we addressed data cleaning issues in our data. Table 1 shows that our final sample comprised 1170 observations, including 153
observations of adverse or qualified opinion, while all other observations were unqualified. This resulted in an imbalanced data problem, and developing a prediction model for
such a dataset can lead to misleading conclusions. Often, prediction algorithms do not produce accurate predictions of low-number class, i.e., fraud. To solve this problem, we

applied an oversampling method through the SMOT algorithm that increased the number of minority class values, i.e., fraud observations based on 5 nearest neighbors. We used
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this SMOTE algorithm in WEKA. Therefore, the final sample after oversampling consisted of 1017 fraud and non-fraud observations. We also tested the performance of decision

tree models through a 10-fold validation method. Further, confusion and different evaluation matrices are used to evaluate the model performances.

Results

Table 4 presents the descriptive statistics of the eight ratios used to develop the prediction model. On average, the DSRI value is high, indicating that receivables are increasing
faster than sales. This shows a red flag. The GMI value is also greater than 1, indicating that, generally, firms are good at generating gross profit. However, its mean value is less
than 1, and the standard deviation is also high. This shows that some firms may face pressure to generate more gross profit that may lead them towards income manipulation.
AQI's mean and standard deviation values are also high, indicating that some firms have been investing more in less tangible assets, possibly due to poor asset quality or some
asset misappropriation method. The SGI value of the selected sample is also high, showing that managers may be pressured to maintain fast-paced sales growth, which can
motivate them to follow accounting irregularities for personal gains.

However, in the case of DEPI, the average value is greater than 1, indicating that managers are not slowing down the depreciation to inflate earnings. However, a possible
reason can be the manipulation of depreciation methods to mask profits, especially in extreme values. Similar arguments can be made in the case of SGAI as its value is greater
than 1, indicating the expenses are increasing faster than sales increase. Conversely, the accruals are not generally rising as the mean value of TATA is negative, indicating
conservative earnings quality. Finally, the LVGI value is greater than 1, showing that the selected sample has external pressure due to high leverage. This may motivate the
managers to account for irregularities to avoid covenant violations. Overall, it is notable that in most of the variables, standard deviations are very high, which shows there would
be some observations where a high chance of accounting manipulations can be expected. Similarly, higher mean values than median indicate that these variables are positively
skewed, and most observations lie on the right side. Therefore, using these variables in developing a financial statement fraud prediction model is useful.

Table 4: Descriptive Statistics

DSRI GMI AQI SGI DEPI SGAI TATA LVGI
Mean 2.588 1.484 1.528 1.674 1.266 1.368 -0.028 1.026
Median 1.034 0.962 0.983 1.091 1.000 1.021 -0.023 1.002
Std. 25.805 29.923 24.019 12.173 4.301 3.619 0.156 0.442
Min 0.000 -181.611 -113.610 0.017 -1.762 0.001 -2.604 0.114
Max 806.420 973.170 772.082 324.172 133.218 101.945 1.384 13.716

Initially, we had imbalanced data, with only 153 fraud observations. To solve this imbalanced data problem, we applied the SMOTE algorithm using 5 nearest neighbor
parameters in WEKA. This resulted in the balanced data where both the categories were 1017. Table 5 provides the confusion matrix found after applying six decision tree
models in WEKA. This matrix will help identify how well each model predicts fraud and non-fraud observations. Results showed that Random Forest (RF) best predicted most
fraud cases correctly among six algorithms. Random Forest (RF) predicted 880 observations correctly, while in 137 cases, this model misclassified fraud cases into the non-fraud
category. Similarly, RF predicted the non-fraud cases correctly in most cases compared to other decision tree models. It was found that 818 cases of non-fraud observations were
correctly predicted as non-fraud, while 199 cases were misclassified as fraud.

Table 6 further evaluates the six models using different evaluation matrices. We presented the results of six model sorted by their performances. In other words, high-
performing models are presented first, and so on. It can be viewed that true positive (TP) rates of both fraud and non-fraud are highest in the case of RF. Table 6 shows that in the
case of RF, the TR of fraud and non-fraud is 80.4% and 86.5%, respectively, while the overall weighted average TR is 83.5%. This shows that RF predicted 83.5% of the
observations correctly overall. After the RF, the LMT model performed well and predicted 77.2% of the observations correctly, with the second-highest predictability of fraud
cases. These conclusions are also consistent when interpreting other evaluation matrices. For instance, ROC and PRC are two other famous measures of model performance.
Results show that RF outperformed ROC and PRC compared to other decision tree models. Therefore, overall, it is concluded that the best-fitting model among the six selected

decision tree models is the RF, especially in predicting fraud cases correctly comparatively.
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Table 5: Confusion Matrix

0 1
J48 700 317 0
195 822 1
0 1
LMT 734 283 0
180 837 1
0 1
NB Tree 695 322 0
242 775 1
0 1
Random Forest 218 199 0
137 880 1
0 1
Random Tree 753 264 0
217 800 1
0 1
REP Tree 739 278 0
247 770 1
Table 6: Evaluation Matrices
TP FP Precision Recall F-Measure MCC ROC PRC
0 0.804 0.135 0.857 0.804 0.83 0.671 0.885 0.885
Random Forest 1 0.865 0.196 0.816 0.865 0.84 0.671 0.903 0.881
Ave. 0.835 0.165 0.836 0.835 0.835 0.671 0.894 0.883
0 0.722 0.177 0.803 0.722 0.76 0.548 0.766 0.695
LMT 1 0.823 0.278 0.747 0.823 0.783 0.548 0.746 0.624
Ave. 0.772 0.228 0.775 0.772 0.772 0.548 0.756 0.66
0 0.74 0.213 0.776 0.74 0.758 0.528 0.761 0.694
Random Tree 1 0.787 0.26 0.752 0.787 0.769 0.528 0.775 0.689
Ave. 0.764 0.236 0.764 0.764 0.763 0.528 0.768 0.69
0 0.688 0.192 0.782 0.688 0.732 0.5 0.751 0.716
J48 1 0.808 0.312 0.722 0.808 0.763 0.5 0.783 0.684
Ave. 0.748 0.252 0.752 0.748 0.747 0.5 0.767 0.7
0 0.727 0.243 0.749 0.727 0.738 0.484 0.761 0.721
REP Tree 1 0.757 0.273 0.735 0.757 0.746 0.484 0.769 0.689
Ave. 0.742 0.258 0.742 0.742 0.742 0.484 0.765 0.705
0 0.683 0.238 0.742 0.683 0.711 0.447 0.752 0.729
NB Tree 1 0.762 0.317 0.706 0.762 0.733 0.447 0.773 0.714
Ave. 0.723 0.277 0.724 0.723 0.722 0.447 0.763 0.722

One of the distinguishing features of RF is that it can also provide the ranking of the selected features based on their importance in predicting the class variable. Table 7 presents
the results of ranking the selected ratios based on the decrease in average impurity. Results showed that DSRI has the highest decreased impurity and ranked first in the list. This
indicates that receivables are the most critical factor in signaling fraudulent reporting. Similarly, GMI is the second most important factor, indicating that the internal pressure of
gaining targeted gross profit margins often leads to fraudulent reporting. The third important variable is asset quality, which shows that less investment in tangible assets is also
essential in predicting fraudulent activities. Interestingly, the variable of external pressure is ranked at the lowest in the list of selected variables. This concludes that receivables,

internal pressure, and asset quality are more important than external pressure debt holders exert when developing financial statement fraud prediction models.
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Table 7: Importance of Features based on Ave. impurity Decreased

Feature Name Ave. Impurity Decrease No. of nodes used
DSRI 0.42 2881
GMI 0.37 3773
AQI 0.33 3345
SGI 0.32 2838
DEPI 0.29 2615
SGAI 0.28 2335
TATA 0.27 2877
LVGI 0.26 2301

It is also important to discuss why RF performed well compared to other models. This can be due to its ensemble learning approach, which segregates results based on several
outputs. Such an ensemble approach controls the risk of overfitting problems often faced in other decision models focusing on a single tree, such as J48. Similarly, RF is good at
dealing with outliers and extreme values. Since our data contained high volatility in the case of most of the variables, RF might be coping with outliers efficiently and providing a
more accurate prediction comparatively. Another helpful feature of RF is that it selects the random subset to avoid the dominancy of a single feature, leading to more generalized
pattern identification. In short, we suggest using RF to predict fraudulent financial reporting for non-financial firms listed at PSX. This will help the various stakeholders, such as
auditors, regulators, shareholders, and investors, to identify the potential chances of fraudulent reporting so they can make their decisions promptly.
Conclusion
This research provided a financial statement fraud prediction model for non-financial firms listed at PSX from 2010 to 2023 using auditor opinion as a proxy of fraudulent
reporting. To develop a prediction model, we borrowed the eight financial ratios used by the Beneish Mscore model. Benish MScore is one of the most used proxies of fraudulent
reporting. However, the M-score model was developed for a developed country, and applying the same model to other countries of different nature, such as in the case of
developing countries like Pakistan, may provide distorted results. Therefore, this research intended to create a model for developing countries like Pakistan using the same
variables to establish the Benish M-score. We mainly utilized six different decision tree models after removing the imbalanced data problem in the final sample. After applying
various exclusion criteria, the final sample consists of 1017 observations for 151 companies. Results showed that the random forest (RF) best predicted fraud and non-fraud cases.
Similarly, the logistic model tree (LMT) showed the second-highest predictability in this respect. Results further concluded that receivables quality concerning sales, internal
pressure, and asset quality are essential factors in predicting fraudulent reporting. It is also concluded that external pressure measured with external debt has the least capability of
predicting fraudulent reporting. It is suggested that stakeholders can predict potential fraudulent reporting using our proposed RF model to make timely and informed decisions.
However, this research has some limitations. This research primarily focuses on eight features used in the Beinish MScore model. Using information from other sources
can increase the predictability of the model. For instance, the selected ratios focus on one of the factors of the fraud triangle theory and do not represent any proxy of
rationalization. Enhancing the information sources using fraud models will provide a more efficient and robust prediction model. Similarly, we only relied on decision tree
models and applied a single classifier approach. Using other models and different classifying approaches, such as hybrid modeling or assembling modeling, can also increase the
predictability of the class variable. Therefore, future studies should include more quantitative and qualitative variables using different machine learning methods and applying
approaches in this respect.
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