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A Machine Learning Approach to Detect Accounting Frauds 

 

 

 

Abstract 

 

This paper introduces a new fraud prediction model to the accounting literature using machine 

learning (ML). This model, which we refer to as LogitBoost, combines ensemble learning, one 

of the most powerful ML methods, and logistic regressions. We show, using seven alternative 

measures assessing the ability to detect fraud, that our model outperforms the methods based 

solely on logistic regressions or other ML methods used by prior literature. Additionally, our 

model outperforms the others in predicting fraud beyond the current accounting period. 

Importantly, our method relies on a lower number of predictors than those used in prior ML 

research, thus minimizing concerns over multicollinearity and potential overfitting associated 

with machine learning methods. 
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1. Introduction 

This paper introduces a new fraud prediction model using machine learning (ML) 

methods, which we refer to as LogitBoost, to the accounting literature. The model incorporates 

both the traditional logistic regression approach and more recently introduced ML methods in 

accounting research. We show, using seven alternative performance measures, that our model 

outperforms methods based solely on logistic regressions or other ML methods. 

Research in accounting has used a wide range of techniques to develop fraud prediction 

models. Within this literature, the most widely used method is the logistic regression (Logit) 

model (Beneish, 1997, 1999; Summers & Sweeney, 1998; Dechow et al., 2011).  Among the 

studies using the Logit approach, the specification proposed by Dechow et al. (2011) is 

arguably regarded the most influential one. Recent contributions, which use ML methods to 

predict accounting irregularities, include Cecchini et al. (2010), Perols (2011), Perols et al. 

(2017), Dutta et al. (2017), Bao et al. (2020) and Bertomeu et al. (2021). The two studies most 

closely related to our paper are Cecchini et al. (2010) and Bao et al. (2020). Cecchini et al. 

(2010) introduce a novel kernel for support vector machine (SVM) that maps raw accounting 

data into a set of financial ratios. Bao et al. (2020) use random undersampling boosting 

(RUSBoost), which is a type of ensemble learning. We build on this strand of literature and 

propose a fraud prediction model that combines ensemble learning, used in Bao et al. (2020), 

with logistic regressions, used in Dechow et al. (2011).  

The LogitBoost model was developed by Friedman et al. (2000), who show that 

ensemble learning algorithms, and AdaBoost in particular, can be interpreted as stagewise 

estimation procedures for fitting a Logit model. This enables the optimization of the binomial 

log-likelihood when using ensemble learning algorithms and thus leads to a superior 

performance when applied to settings with discrete outcomes. In other words, the method uses 

a binomial log-likelihood loss function changing linearly with the classification error. This 

approach is less sensitive to noise, bias and outliers and it does not require a balanced number 
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of firms. While its superiority has been shown in a number of settings such as medical science 

(among others, Cai et al., 2006; and Zhang and Fang, 2007), computer science (Lutz 2006; 

Otero and Sánchez, 2006) and landslide prediction (Pham and Prakash, 2019), this is the first 

study to introduce LogitBoost in an accounting setting.  

Our review of the literature on fraud prediction models based on ML methods 

highlights three key methodological concerns in the application of ML techniques which could 

introduce bias and thus lead to incorrect conclusions. The research design which we use is 

aimed at minimizing the biases related to these issues. We expand on these concerns below and 

address them in our application. 

First, due to the mechanics of the accounting processes, many variables used as 

predictors in ML models are likely to be highly correlated. Using of a high number of predictors 

may lead to collinearity and subsequently overfitting. The number of predictors used by prior 

ML literature ranges from 23 in Cecchini et al. (2010) to 116 in Dutta et al. (2017). Irrespective 

of the level of multicollinearity, machine learning algorithms will complete and learning will 

take place, unlike methods based on regressions (Bertomeu, 2020). This could, however, 

increase the chance of overfitting because of the co-dependence among predictors. To 

implement LogitBoost, we use the set of 11 financial ratios proposed by Dechow et al. (2011). 

As we show in Section 2.2, this set of variables minimizes multicollinearity issues when 

compared to other predictors used by prior literature (e.g., Bao et al., 2020; Cecchini et al., 

2010). 

Second, many fraud cases span over multiple accounting periods, which adds further 

complexity in developing a predictive model. This is because some information is used for 

processing the training samples which is not available at the point of time in which training 

samples are observed. In our dataset, more than 50% of the cases span over more than one 

annual statement. Overlooking serial frauds, as done by some earlier studies (e.g., Cecchini et 

al., 2010; Perols et al., 2017), can induce bias and lead to misleading conclusions. Bao et al. 
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(2020) show that the performance of ML techniques, and, in particular, ensemble learning, can 

be inflated by up to three times when not adjusting for such “serial frauds”.1 A bias-free 

approach to treat serial cases is conceptualized in Bertomeu (2020), who argues that test 

samples should be selected before any assessments of performance are known. Drawing upon 

Bertomeu (2020), we adjust for serials frauds by discarding the observations for the firms with 

a misstatement from the testing sample, prior to any model training.  

Third, machine learning methods involve splitting the data population into training, 

validation, and testing sub-samples. Typically, the split is done chronologically with the sample 

used for validation being restricted to a few pre-specified periods. Therefore, the performance 

of the model may be biased by the contextual events of the validation sample which are not 

generalizable to subsequent periods. To minimize the potential bias, Bertomeu (2020) 

recommends the use of k-fold cross-validation, which is widely used in computer science and 

has been applied recently in accounting research (Ding et al., 2020; Bertomeu et al., 2021). 

With this approach, model performance is measured over k iterations involving a variation of 

sub-samples assigned for validation and the overall performance is measured as the average of 

all assignments. Further, splitting the sample chronologically is an imperfect solution to the 

panel structure of accounting data as it ignores within-firm correlations which could result in 

incorrectly reporting high model performance in the validation sample (Bertomeu, 2020).  

In order to assess the effectiveness of our model, we use seven prediction models as 

benchmarks. First, we present the results obtained using logistic regressions (Logit) as in 

Dechow et al. (2011). Second, following Cecchini et al. (2010), we use SVM with a financial 

kernel (SVM-FK). Third, we use the RUSBoost method, which was introduced to the 

accounting research by Bao et al. (2020). Drawing from Perols (2011), we then use an SVM 

 
1 This finding, although not explicitly discussed in Bao et al. (2020), can be inferred when comparing the results 

shown in Table 3 and Table 6. Specifically, sensitivity and precision, two performance metrics, are almost three 

times higher for RUSBoost when serial frauds are ignored. In contrast, this is not the case for simple logistic 

models predicting fraud.  
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with linear kernel (SVM) and multilayer perception (MLP), which belongs to the category of 

algorithms referred to as artificial neural network. Next, we consider two methods which, to 

our knowledge, have not been used in accounting research: stochastic gradient descent (SGD) 

classifier, and a combination of the alternative models which we call fused ML (FML). We 

note that SGD is a generalized linear classifier like SVM. To estimate SVM-FK and RUSBoost, 

we use, as predictors, the same variables used by Cecchini et al. (2010) and Bao et al. (2020), 

respectively, because we are interested in a direct comparison with these studies. To estimate 

all the other models, we use the 11 predictors in Dechow et al. (2011). 

To compare the performance of the models, we use seven separate performance metrics. 

First, we use the probability that a fraud observation is correctly classified as fraud (true 

positive), which is known as sensitivity (or recall). Additionally, we employ the probability 

that a nonfraud observation is correctly classified as nonfraud (true negative), which is referred 

to as specificity. Third, we use the ratio of the number of the true positives to the total number 

of positives, which we refer to as precision. Following Bertomeu et al. (2021), we then present 

the F1 score, defined as the harmonic mean of sensitivity and precision. Fifth, we use the area 

under the receiver operating characteristic curve (AUC), following Larcker and Zakolyukina 

(2012). Sixth, following Bao et al. (2020), we use the normalized discounted cumulative gain 

at the position k (NDCG@k). Finally, following Perols (2011) and Perols et al. (2017), we 

employ the expected cost of misclassification (ECM). Following Bao et al. (2020), we compute 

all these metrics, except the AUC, focusing on the top percentile of the distribution of the firm-

year observations, based on the likelihood to be classified as fraudulent. 

The results show that the proposed LogitBoost performs substantially better in 

predicting fraud than any of the methods used in prior literature that we employ as benchmarks. 

This result holds across all the seven performance metrics we use. In particular, the value of 

sensitivity, that is the true positive rate, using our method, LogitBoost, is higher than that of 

the SVM-FK (Cecchini et al., 2010) and of the RUSBoost (Bao et al., 2020) methods by over 
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100%. Thus, our proposed methodology has higher sensitivity, i.e., effectiveness in identifying 

fraud firms, than the existing methods using machine learning techniques, despite using a lower 

number of predictors than those used in these studies. Additionally, our results indicate that 

some of the main findings in prior literature—in particular, RUSBoost (Bao et al., 2020and 

SVM-FK (Cecchini et al. 2010) outperforming Logit—do not hold in our setting; this suggests 

that the methodological issues we identified in prior literature can affect the conclusions drawn 

from machine learning methods.   

In a further set of analyses, we compare the ability of the eight fraud prediction models 

to predict fraud cases in future accounting periods. Specifically, we investigate the likelihood 

that a firm which is predicted to be fraudulent by an ML method in the current accounting 

period is actually detected for fraud by the SEC at any subsequent accounting period. These 

results can be relevant to the SEC in improving their ability to detect fraud given that it can 

take up to several years to conclude their investigations. The results show that LogitBoost 

outperforms the other methods in predicting future fraud. In addition, our method is the only 

one which is able to predict fraud, on average, more than a year ahead of SEC investigations.  

 Our study contributes to the small but growing literature on detecting fraud using ML 

methods (Cecchini et al., 2010; Dechow et al., 2011; Perols, 2011; Perols et al., 2017; Bao et 

al., 2020; Bertomeu et al., 2021). In general, our paper responds to the call by Bertomeu (2020) 

and Krupa and Minutti-Meza (2021) for more research in accounting and ML methods, a 

research area which is still underdeveloped. More specifically, we provide the following two 

contributions to the literature. 

First, we show that a machine learning method that combines ensemble learning with 

logistic regressions outperforms models based on logistic regressions alone (Dechow et al., 

2011), ensemble learning (Bao et al., 2020), artificial neutral networks (Perols, 2011), SVM 

(Perols, 2011) and SVM-FK (Cecchini et al., 2010) in predicting fraud. We also show that our 

model outperforms the others in predicting fraud beyond the current accounting period.. 
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Importantly, our model outperforms the methods in prior literature despite using a substantially 

lower number of predictors (Bao et al., 2020; Cecchini et al., 2010; Dutta et al., 2017; Perols, 

2011).   

Second, we address a set of methodological issues in prior literature. Specifically, our 

research design is aimed at minimizing concerns related to multicollinearity, serial frauds and 

the method used to validate the ML model. We show that the conclusions in Bao et al. (2020), 

Cecchini et al. (2010) do not hold in our setting; in particular, we find that the SVM-FK and 

RUSBoost methods do not outperform logistic regressions. We also document that the set of 

predictors used by prior research (in particular, Cecchini et al., 2010 and Bao et al., 2020) are 

highly collinear.  These results indicate that some of the main findings in prior fraud prediction 

literature based on ML are sensitive to the three key methodological concerns we identified.   

The remainder of the paper is structured as follows. Section 2 reviews the relevant 

literature and discusses the methodological concerns in prior literature. Section 3 discusses our 

sample while Section 4 presents our methodology. Section 5 presents our findings and Section 

6 concludes.  

 

2. Prior literature and relevant methodological issues 

ML uses computational techniques to automate the discovery of patterns that may be 

difficult to find otherwise. Cho et al. (2020) define ML as “computer programs that 

automatically and iteratively learn patterns from historical data to make predictions about 

future data”. Prior studies have applied ML to a number of accounting topics, which include 

the prediction of accounting misreporting, audit opinions, earnings or components of earnings, 

as well as bankruptcy.2 Our paper is primarily related to the prior studies which use ML 

techniques applied to quantitative financial statement data to predict misreporting.  

 
2 See Krupa and Minutti-Meza (2021) for comments on other papers in accounting research which use ML 

techniques.  
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The majority of prior papers in the accounting literature rely on logistic regressions to 

predict misreporting (Dechow et al., 1996; Beneish, 1997; 1999; Summers & Sweeney, 1998; 

Dechow et al., 2011). Arguably, one of the most influential papers in this stream of research is 

the study by Dechow et al. (2011) developing a logistic model that consists of 11 financial 

ratios.  It is worth noting that previous studies using logistic regressions aim to explain fraud 

within sample and by causal inference. In contrast, our aim is to predict fraud out of sample. 

As Bao et al. (2020, p. 201) notes, “the objective of causal inference modelling is to minimize 

the bias resulting from model misspecification to obtain the most accurate representation of the 

underlying theory. In contrast, the objective of predictive modelling seeks to minimize out-of-

sample prediction error”. 

More recent literature relies on more advanced, and potentially more effective methods, 

which are based on ML, to predict accounting irregularities. Two papers have been highly 

influential and are most closely related to our research. Cecchini et al. (2010) develop a fraud 

prediction model based on support vector machines (SVM) with a financial kernel (SVM-FK) 

that maps raw financial data into a broader set of ratios within the same year and changes in 

ratios across different years. They find that their method outperforms the traditional fraud 

prediction models, including the Dechow et al. (2011)’s model. Bao et al. (2020) use a class of 

ensemble learning methods, RUSBoost, to develop a fraud prediction model. They revisit the 

datasets in Cecchini et al. (2010) and Dechow et al. (2011) and argue that converting raw 

accounting data into a limited number of financial ratios based on potentially incomplete 

behavioral theories could lead to the loss of useful predictive information. Accordingly, they 

use raw financial data and show that their model (RUSBoost) has stronger predictive ability 

than previously used methods. 

Other contributions, which are strictly related to this study, use other ML methods. 

Perols (2011)’s analysis is based on decision trees, SVM, and multilayer perception approach 

(MLP). Perols et al. (2017) introduce three new approaches: Multi-Subset Observation 
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Undersampling (OU), Multi-Subset Variable Undersampling (VU), VU partitioned by type of 

fraud (PVU). Dutta et al. (2017), whose paper is published outside of the accounting literature, 

use a set of ML methods which include naïve Bayes, SVM, and Bayesian belief network. 

Bertomeu et al. (2021) find merits of using Random Forest and RUSBoost when a small 

proportion of total firms—those firms which are most likely to associated with fraud based on 

the models—are inspected.  

Although an increasing number of papers apply machine learning techniques in 

accounting, the area is still underdeveloped, with the recent studies by Bertomeu (2020) and 

Krupa and Minutti-Meza (2021) calling for more research. Reflecting on these commentary 

studies and the application of ML techniques by prior literature predicting fraud, we identify 

three key methodological issues which introduce bias. First, the high number of predictors used 

in the vast majority of prior studies may lead to collinearity and overfitting. The number of 

predictors used in the literature we review ranges from 23 to 116. Specifically, the number of 

predictors is: 109 in Perols et al. (2017), 102 in Bertomeu et al. (2021), 42 in Perols (2011), 28 

in Bao et al. (2020), 23 in Cecchini et al. (2010) and 116 in Dutta et al. (2017) at the initial 

stage and 15 after removing less significant predictors. In Section 2.2, we provide evidence of 

strong collinearity among some of the predictors used in prior research. This co-dependence 

between predictors could, however, increase the chance of overfitting and thus induce bias in 

the performance evaluation metrics used to assess the effectiveness of the model. Importantly, 

we show that our set of predictors minimizes collinearity issues. Second, all prior studies, with 

the exception of Bao et al. (2020) and Bertomeu et al. (2021), do not make adjustments for 

serial fraud. Overlooking serial fraud when using ML methods can be misleading and result to 

a substantial overstatement of the predictive ability of the models, as empirically shown by 

Bao et al. (2020) (see also footnote 1) We discuss how we treat serial fraud cases in Section 

4.2. Third, machine learning methods require the identification of a sub-sample to validate the 

hyperparameters. Bertomeu (2020) suggests the use of cross-validation as opposed to splitting 
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the sample chronologically, that some studies have used (e.g. Bao et al., 2020), which could 

lead to non-generalizable performance. We discuss this issue further in Section 4.2  

 

3. Sample and data 

We obtain financial data for the U.S. non-financial firms in Compustat for the period 1991-

2018. We require firm-year observations to have available data to calculate the 11 financial 

ratios in Dechow et al. (2011)’s model which we use as predictors in our main analysis. In 

addition, for the purpose of comparison with prior research, we require the availability of the 

variables used as predictors by Cecchini et al. (2010) and Bao et al. (2020). Further, we collect 

information about fraud from the SEC’s Accounting and Auditing Enforcement Releases 

(AAERs).  This dataset was developed in Dechow et al. (2011) using SEC filings and contains 

1,657 misstatement events issued from May 1982 to December 2018. The final sample consists 

of 96,028 firm-year observations.  

 

3.1 AAER cases over time 

The number of AAERs over each calendar year varies with the number of random 

investigations and the number of active companies. In Figure 1, we present the AAER cases 

reported against the number of unique firms for each calendar year. 

[Figure 1] 

We note that, with the rise in the number of registered firms (in Compustat) in the 90s, 

the number of AAER cases rises. This rise in the number of registered firms and AAER cases 

is followed by a fall in early 2000s. We take advantage of the rise of AAERs in the 1990s and 

use this period as the main source of training observations, similar to Cecchini et al. (2010) and 

Bao et al. (2020). The proportion of the AAERs relative to the number of registered firms 

remains around 1% throughout the study period. 
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We also note from Figure 1 that there is a lag between an increase in the number of 

firms and an increase in the number of AAERs. For instance, while the number of registered 

firms peaks in 1997, the number of AAERs peaks in 2000. This lagged behaviour can be 

explained through the operational difficulties of SEC investigations. While the SEC often 

tracks back into previous financial statements of those firms implicated in an AAER, there is a 

chance of missing fraud cases from SEC investigations. The review of previous statements and 

the detection of more misstatements for the same company over multiple accounting periods 

is referred to as “serial frauds” (see among others, Bao et al., 2020 and Bertomeu et al., 2021). 

Figure 2 presents a histogram for the frequency of AAERs reported per firm.  

[Figure 2] 

 

The figure shows that more than 50% of AAERs span over more than one annual 

accounting period and are classified as serial frauds. The serial frauds add further complexity 

to developing a predictive model since those statements were not initially classified as positive 

for fraud. Overlooking serial frauds, as done by some earlier studies (e.g., Cecchini et al., 

2010), can be misleading. Bao et al. (2020) reports that the sensitivity of ML techniques can 

be up to three times when not adjusting for serial frauds. Section 4.2 discusses our methodology 

which aims to reduce the potential bias.  

 

3.2 Variables used as fraud predictors  

3.2.1 Variables used by prior research 

Choosing the right set of explanatory variables is central to the success of ML models 

in pattern recognition. Previous literature on fraud predictions employs a wide range of 

variables which could be associated with fraud, ranging from 11 in Dechow et al. (2011) to 

116 in  Dutta et al. (2017). Yet, there is no agreed set of variables to predict fraud cases. In our 

model, we use the 11 financial ratios employed by Dechow et al. (2011) to predict AAERs. We 
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choose this set of variables because, as documented in the next subsection, they have very little 

risk of multicollinearity. Table 1 presents the summary statistics for the financial ratios which 

are the main predictors used in our analysis. Appendix A presents the definition of these 

variables. 

[Table 1] 

 

3.2.2 Collinearity in prior research 

A high level of collinearity signals strong linear dependence among the predictors and 

increases the likelihood of false discoveries in regression analysis. A simple proxy for 

collinearity is the variance inflation factor (VIF), measured for each independent variable 𝑗 as 

𝑉𝐼𝐹𝑗 =
1

1−𝑅𝑗
2 , 𝑗 = 1, … , 𝑁 where 𝑅𝑗

2 is the coefficient of determination of a regression with 

other variables and 𝑁 is the total number of predictors (Gujarati, 2011). For example, a VIF of 

5 indicates that 80% of the variance in the variable considered is explained by other predictors, 

thereby reducing the predictive power of that indicator.  

Previous research has devoted limited attention to the statistical characteristics of the 

datasets used and, in particular, to the presence of correlation among the predictors. While the 

addition of an extra factor can improve the explanatory power of ML models, linear co-

dependence between predictors increases the chance of overfitting.  

Here, we focus on two of the most influential papers in prior research: Cecchini et al. 

(2010) and Bao et al. (2020). Cecchini et al. (2010) consider 23 raw (figures directly obtained 

from financial statements) variables and generate 1,518 features from the original set of inputs. 

Bao et al. (2020) expand the set of predictors used in Cecchini et al. (2010) to 28 variables. 

Table 2 lists the raw variables used in Cecchini et al. (2010) and Bao et al. (2020) along with 

the descriptive statistics of these variables. Next, Table 3 presents the VIF values for the 

variables used in Cecchini et al. (2010) and Bao et al. (2020). Further, the table shows the VIF 

values for the 11 ratios used in Dechow et al. (2011).    
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[Table 2] 

[Table 3] 

Table 3 shows that the sets of predictors used in Bao et al. (2020) and Cecchini et al. 

(2010) exhibit high levels of structural dependence (collinearity) within the predictive 

variables. Specifically, we note that the 13 out of 23 predictors in Cecchini et al. (2010) have 

strong linear dependence (VIF>10) with other predictors. Similarly, 18 out of 28 predictors 

used in Bao et al. (2020) have the same problem. Hence, many of the variables used in Cecchini 

et al. (2010) and in Bao et al. (2020) tend to co-move together. However, the financial ratios 

used in Dechow et al. (2011) show no traces of collinearity. Based on the results in this section, 

we argue that, among the three sets of predictors considered, only the one using financial ratios 

is fit to be used for ML analysis given that co-dependence among predictors could increase the 

chance of overfitting. In Section 5, we provide empirical evidence on how, despite the higher 

number of predictors, the performance of ML models built on the raw financial figures 

decreases when we investigate out-of-sample sensitivity at the top percentile.  

 

4. Methods 

In Section 4.1, we discuss our model, which combines ensemble learning (similar to 

Bao et al., 2020) with the commonly used logistic regressions (similar to Dechow et al., 2011). 

Additionally, we discuss the seven models that we use as benchmarks. In Section 4.2, we 

discuss how hyperparameters for each ML model are optimized through a cross-validation and 

present the optimal specifications. Finally, Section 4.3 discusses the performance metrics used 

to compare our model with the remaining seven.   
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4.1 Fraud prediction models 

Our fraud prediction model, which we refer to as LogitBoost, brings together ML 

methods recently introduced in the accounting literature with the commonly used logistic 

regressions (e.g., Dechow et al., 2011). LogitBoost was developed by Friedman et al. (2000), 

who argue that ensemble learning algorithms (as in Bao et al., 2020) and, in particular, 

AdaBoost, can be interpreted as stagewise estimation procedures for fitting an additive Logit 

model. This method uses a binomial log-likelihood loss function changing linearly with the 

classification error and it is less sensitive to noise, bias and outliers than other methods. As 

mentioned earlier, LogitBoost has been applied, for example, in medical science, computer 

science and landslide prediction. To estimate the model we use the 11 financial ratios in 

Dechow et al. (2011) as predictors because we show that this set of predictors minimizes 

collinearity concerns (Section 3.2).3  

We compare the effectiveness of our model to predict accounting fraud against seven 

models. In the following we outline these models.  

(1) Logit following Dechow et al. (2011). The Logit (logistic regressions) represents the 

most widely used method to predict accounting irregularities by prior literature. In our 

analysis, we follow Dechow et al., (2011) and use the same 11 financial ratios as 

predictors.  

(2) SVM-FK following Cecchini et al. (2010). SVM (support vector machine) refers to a 

category of algorithms which draw a boundary between observations of different groups. 

SVM methods have also been used by Perols (2011) to predict fraud and by Dutta et al. 

(2017) to predict restatements. The financial kernel maps raw accounting data into 

financial ratios. This model uses the same 23 raw variables used in Cecchini et al. (2010). 

 
3 Appendix B compares the performance of LogitBoost relative to using a decision tree, and AdaBoost in 

particular, as the base model for boosting. The results confirm the superiority of LogitBoost relative to AdaBoost. 
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(3) RUSBoost following Bao et al. (2020). RUSBoost (random undersampling boosting) is 

a type of ensemble learning technique which belongs to the gradient boosting category.  

In addition to Bao et al. (2020), gradient boosting methods have been used by Dutta et 

al. (2017) and Bertomeu et al. (2021) to predict accounting irregularities. This model 

uses the same 28 raw variables used in Bao et al. (2020). 

(4) SVM with linear kernel. We use this specification of SVM as a naïve benchmark to 

Cecchini et al. (2010), Perols (2011), and Bao et al. (2020). This model uses the 11 

financial ratios in Dechow et al. (2011) as predictors and aims to provide empirical 

evidence for the adverse impact of high collinearity on the predictive power of machine 

learning techniques.   

(5) MLP. The MLP (multilayer perception) approach consists of at least three layers of 

nodes: an input layer, a hidden layer and an output layer. Except for the input nodes, each 

node is a neuron that uses a nonlinear activation function. MLP utilizes a supervised 

learning technique called backpropagation for training. Its multiple layers and non-linear 

activation distinguish MLP from a linear perceptron. It can distinguish data that is not 

linearly separable. This approach belongs to the category of algorithms referred to as 

artificial neural network (ANN). The ANN is a method which is designed to simulate the 

way the human brain analyzes and processes information. ANN methods have been used 

by Green and Choi 1997, and Perols et al. (2017) to predict accounting irregularities. 

This model uses the 11 financial ratios in Dechow et al. (2011) as predictors.  

(6) SGD. The SGD (stochastic gradient descent) is a generalized linear classifier that can be 

regarded as a stochastic approximation of gradient descent optimization, since it replaces 

the actual gradient (calculated from the entire data set) by an estimate thereof (calculated 

from a randomly selected subset of the data). This approach belongs to the SVM 

methods. This model uses the 11 financial ratios in Dechow et al. (2011) as predictors.  



15 

(7) FML. We combine the alternative models (SVM, Logit, SGD, LogitBoost, and MLP) 

and apply a weighted average of them. We call the method Fused Machine Learning 

(FML) following Sevim et al. (2014) and Hassanniakalager et al. (2020) as a blended 

approach considering previous techniques. We use the normalised AUC score obtained 

in the cross-validation stage as weights for each ML technique. The probability of a fraud 

based on FML is calculated as the weighted average probability of fraud across the five 

alternative models. This model uses the 11 financial ratios in Dechow et al. (2011) as 

predictors.  

We note that models 6 (SGD) and 7 (FML) have thus far not been employed in prior 

accounting research. Finding evidence that our model outperforms all these would provide 

strong support to the use of LogitBoost that combines ensemble learning with logistic 

regressions to predict fraud. To estimate SVM-FK and RUSBoost, we use the same predictors 

used by Cecchini et al. (2010) and Bao et al. (2020), respectively, because we are interested in 

a direct comparison with these studies. To estimate all the other models we use, as predictors, 

the 11 financial ratios in Dechow et al. (2011). 

 

4.2 Model estimation  

4.2.1 Estimating the model parameters 

Our sample consists of US non-financial firms for the period 1991-2018. We use this 

sample to specify and train our ML techniques and to evaluate their performance over unseen 

observations. Each of the selected ML techniques involves specifying one or more 

hyperparameters for developing a predictive model. For that purpose, we perform a 10-fold 

cross-validation over plausible choices of hyperparameters. Table 4 shows the range of 

hyperparameters for each of the models we use. Cross-validation is conducted over samples 

from 1991 to 2000, to derive the optimal hyperparameters for each ML technique, separately. 

The performance criterion we use for evaluating the hyperparameters is the average area under 
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the receiving operating curve (AUC) over 10 random testing subsets within 1991-2000. The 

optimal hyperparameters for each ML technique are selected as those that maximize AUC in 

cross-validation, as shown in Table 4. 

[Table 4] 

For each observation, we calculate the probability that the corresponding financial 

statements involve a misstatement through the ML models. We first use the estimated 

probabilities to calculate the AUC. We then sort the firms based on their attributed probability 

of misstatements and classify those in the first (top) percentile as fraudulent. Finally, the 

performance measures other than the AUC, for each ML technique, are calculated by 

comparing the firms which are classified as fraudulent to AAER cases. 

Next, we train our ML models based on the optimal hyperparameters and update the 

ML models each year. We follow Bao et al. (2020) in updating the ML models based on an 

expanding-window basis. For each out-of-sample study period (one calendar year) from 2001 

to 2010, we use the observations with a report date from 1991 to the last year before the study 

period as training observations. Such setting ensures at least 10 years’ worth of observations 

for training to estimate the probability of leading to an AAER based on the figures reported in 

the financial statements.  

The approach we follow is widely used in computer science and has been applied 

recently in accounting research (Ding et al., 2020; Bertomeu et al., 2021). The alternative 

approach to validate the model would be to select a validation sample based on a chronological 

order and thus select specific years as the validation sample. However, the disadvantage of this 

approach is that the performance may be biased by contextual events occurring during the 

period selected for validation. Under such conditions, the performance may not be 

generalizable to other periods in which the model is used. In contrast, the cross-validation 

approach minimizes potential biases arising from contextual events in the validation sample. 

Additionally, splitting the sample based on a chronological order may introduce bias because 
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of the panel structure of the accounting data. Specifically, this approach ignores the within-

firm and between year error correlations. Thus, this method is likely to fit noise specific to the 

firm or time causing high model performance in the validation period (Bertomeu et al. 2020).  

 

4.2.2 Addressing serial frauds 

 As discussed in section 3.1, more than 50% of AAERs span over multiple periods.  Bao 

et al. (2020) show how not addressing the serial AAERs can lead to reporting the sensitivity 

up to 3 times higher. To address serial frauds there are at least two approaches. Bao et al. (2020) 

correct for serial fraud in the following way. For each year of out-of-sample, they first identify 

the positive cases for misstatements and then consider these observations as non-fraud in the 

training dataset. While their approach tends to imitate the sequence of events during SEC 

investigations, it increases the risk of using data that are only available in hindsight.  Their 

analysis of serial fraud is subject to a look-ahead-bias, i.e., some information is used for 

processing the training samples which is not available at the point of time in which training 

samples are observed.4 An alternative treatment of serial frauds is conceptualised in Bertomeu 

(2020). He recommends that test samples should be selected before any assessments of 

performance are known. Hence, a bias-free approach to treat serial AAERs involves solely 

looking at the training observations and discarding the observations for the firms with a 

misstatement from the testing sample, prior to any model training. This approach does not 

depend on the SEC investigations for the testing sample and can guide the SEC in their 

investigations to identify the AAER cases immediately after the report of financial statements. 

In our analysis, we draw from Bertomeu (2020) and address the serial AAER cases by 

 
4 For instance, consider the case of predicting the likelihood of an AAER occurring in 2001 by using training 

samples over 1991 to 2000. Bao et al. (2020) discard the training samples (observations between 1991 to 2000) 

in case a firm has an AAER in the test sample (reports recorded in 2001). While in retrospect the data since 1991 

is available for both test and training split, the same practice is not reproducible for a forward-looking practice. 

Furthermore, excluding the rare cases of AAERs in the training sample adversely affects the predictive power of 

ML models.  
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discarding the firms with prior records of AAERs from the out-of-sample observations to avoid 

overestimating the performance of ML techniques. 

 

4.3 Measuring the effectiveness of fraud prediction models 

We use seven measures to evaluate the effectiveness of fraud prediction models. (1) 

AUC is defined as the area under the ROC curve. It can be interpreted as the probability that a 

randomly chosen fraud observation will be ranked higher by the model than will a randomly 

chosen nonfraud observation. (2) Sensitivity (also referred to as “recall”) refers to the 

probability of a true positive (TP); i.e., the probability that a fraud observation is correctly 

classified as fraud. (3) Specificity refers to the probability of a true negative (TN); i.e., the 

probability that a nonfraud observation is correctly classified as nonfraud.  (4) Precision refers 

to the ratio of the number of the true positives to the total number of positives: TP/(TP+FP). 

(5) Following Bertomeu et al. (2021), we present the F1 score, calculated as F1 = 2TP/(2TP +

FP + TN) . (6) Following Bao et al. (2020) and Brown et al. (2020) , we use the Normalized 

Discounted Cumulative Gain at the position k (NDCG@k). This measure can be interpreted as 

the probability of a true negative in the top k observations in a test year that have the highest 

predicted probability of fraud. Finally (7) we present the ECM as in Perols (2011) and Perols 

et al. (2017) calculated as ECM = CFN × Pfraud × nFN/nP + CFP × Pnon−fraud × nFP/nN  

where CFN = 30 and CFP = 1 are the penalty terms for an FN and an FP respectively. The 

Pfraud and are Pnon−fraud are the prior probabilities of fraud and non-fraud within the sample 

population. We derive these probabilities based on our cross-validation dataset using 

observations recorded 1991 to 2000 where Pfraud = 99.2% and Pnon−fraud = 0.8%. Finally, 

the nFN and nFP are the number of FN and FPs for each forecasting model in each year. We 

average the ECMs for each ML model across the 10 out-of-sample testing periods (2001 to 

2010). This measure can be interpreted as the probability of a TN in the top k observations in 

a test year that have the highest predicted probability of fraud. With exception to ECM, a higher 
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score for each measure indicates higher effectiveness in predicting fraud. We compute metrics 

(2)-(7) focusing on the top percentile of the distribution of the firm-year observations, based 

on the likelihood to be classified as fraudulent. 

Each performance metric has its own merits. For instance, AUC, used among others by 

Cecchini et al. (2010), provides insights about the statistical properties of the predictive models. 

Sensitivity, as suggested by among others Bao et al. (2020) and Brown et al (2020), can provide 

a more realistic evaluation of the models and assist/guide the SEC practice. In imbalanced 

samples (as in the fraud detection where positive cases are extremely rare), sensitivity is the 

most relevant measure to evaluate the effectiveness of a fraud prediction model.  The F1 

provides a harmonic mean of precision and sensitivity considering both effectiveness and 

efficiency. Similarly, the ECM assigns different penalty terms for false positive and false 

negative misclassifications. Thus, it can be used as a bespoke average of precision and 

sensitivity based on practitioner’s interest. Accordingly, we use a range of performance metrics 

to allow for a more holistic evaluation of the performance of the ML methods. Yet, our main 

focus is on the sensitivity and the F1 scores at top 1 percentile.  

 

5. Results 

In Section 5.1, which presents our main analysis, we examine the immediate 

performance of the ML models; using data on the predictors in a given year, we investigate the 

ability of the models to detect misstatements in the same year. Section 5.2 investigates whether 

the models can raise an early warning for future periods. In this analysis, we only consider the 

firm-year observations without AAERs and examine whether the ML methods can predict 

misstatements for these firms in the following years. We further investigate how many years 

in advance an ML technique can detect a misstatement. 

 

 



20 

5.1 Immediate performance 

Table 5 (Panel A) presents our main results for the period 2001-2010. To compare our 

results with those in Bao et al. (2020) we also replicate the analysis using the same testing 

period as in their study (i.e., 2003-2008) in Panel B.  

[Table 5] 

In both panels of the table, focusing on sensitivity, LogitBoost outperforms the other 

methods. In addition, the reported sensitivity figures for LogitBoost are close to the target 

success rate of the SEC (10%) measured in Blackburne et al. (2021) for new firms when just 

1% of firms are evaluated. The fused approach (FML) and stochastic gradient descent (SGD) 

methods are next in the ranking. When using the F1 Score, LogitBoost is still the best 

performing method, followed by SGD and FML. By looking at sensitivity and the F1 score, 

these three methods, which have not been used by prior literature yet, substantially outperform 

those used by prior literature. In particular, they outperform the methods used by the two main 

studies we use as a reference in our analysis, Cecchini et al. (2010) (SVM with financial kernel) 

and Bao et al. (2020) (RUSBoost). Additionally, we draw similar conclusions when focusing 

on the remaining measures assessing the performance of the models. Interestingly, focusing on 

sensitivity, the three best performing methods outperform both SVM-FK and RUSBoost by 

over 100%.  

Comparing the two panels, we note that the performance for the models with 11 ratios 

is relatively unchanged. However, the performance of SVM-FK and RUSBoost with raw 

variables drastically decays when expanding beyond the study period in Bao et al. (2020) given 

that these models have lower AUC and sensitivity compared to those using 11 financial ratios. 

In sum, our proposed methodology uses a lower number of predictors which exhibit a lower 

level of collinearity and has higher effectiveness in identifying fraud firms than existing 

methods. Overall, our model, which brings together ensemble learning with the commonly 
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used logistic regression approach, outperforms the remaining seven benchmarks in detecting 

fraud. 

Importantly, in both panels, we note that the performance of SVM-FK and RUSBoost 

is lower than that of the Logit model. This is in contrast with the results obtained by prior 

studies which introduce these models to the accounting literature (SVM-FK: Cecchini et al., 

2010; RUSBoost: Bao et al., 2020). Our setting, however, differs from these papers in two 

main ways. First, we draw from Bertomeu (2020) for the treatment of serial fraud cases and 

remove observations for the firms with a misstatement from the testing sample that span both 

the training and test periods, prior to any model training. In contrast, Bao et al. (2020) re-code 

all the fraudulent years in the training period to zero in such cases; Cecchini et al. (2010) and 

Perols (2011) do not consider serial frauds. Second, we use cross-validation as opposed to 

partitioning the sample by chronological order to validate the models (e.g. Bao et al., 2020) 

(see also section 4.2). 

 

5.2 Forward performance 

In this section, we explore whether the selected ML models can detect misstatements 

before the SEC does. We focus only on the firm-year observations without AAERs and 

investigate whether any of the firms predicted by an ML model to have a misstatement at any 

accounting period end up in an AAER over the following years. We consider two forward-

looking performance measures: “forward precision” and “time-to-catch”. The forward 

precision calculates the proportion of the firms, which are in the top 1 percentile likelihood of 

having a misstatement and are implicated in an AAER at least one year after being identified 

by an ML technique. For instance, for the out-of-sample period 2001, we identify the set of 

firms that are predicted to have the highest chance of reporting misstatements. We then 

calculate the proportion of those firms which show up in AAER on or after 2002. In a similar 

fashion, the time-to-catch measures how early a model can identify the future occurrence of 



22 

fraud. This is calculated as the difference, in number of years, between the year of the AAER 

and the year in which the model predicts an AAER (based on the top 1 percentile of likelihood). 

Table 6 presents the forward-looking performance metrics.        

[Table 6] 

The results in Table 6 show that LogitBoost performs best in predicting future fraud 

than any other model with respect to the average and median of both forward precision and 

time-to-catch. To add granularity to our analysis, we also compare, using a t-test (Mann-

Whitney U-test) the mean (median) forward precision of each model with that of an SVM with 

a linear kernel based on 11 financial ratios (denoted as SVM). We use the linear SVM as a 

naïve benchmark given the simple structure and previous use in the literature. We find that the 

LogitBoost and SGD are the only models able to have significantly higher forward precision 

relative to an SVM Finally, the LogitBoost is the only model which is able to identify 

misstatements, on average, more than a year ahead of SEC investigations.  

 

6. Conclusion  

In this paper, we introduce a new fraud prediction model to the accounting literature. 

The model combines the traditional logistic regression approach and more recently introduced 

machine learning (ML) methods in accounting research.  

Our review of prior literature on ML methods used to predict fraud highlights three key 

methodological concerns. First, the high number of predictors used in the vast majority of prior 

studies may lead to collinearity and overfitting. Second, most prior studies do not make 

adjustments for serial fraud; overlooking serial fraud can lead to a substantial overstatement of 

the predictive ability of the models. Third, splitting the sample chronologically with the sample 

used for validation being restricted to a few pre-specified periods, reduces the generalizability 
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of the performance. Our research design is aimed at minimizing the potential biases related to 

these concerns. 

We compare the performance of our model with five models previously used in this 

strand of the literature and two which have not been previously used. First, we present the 

results obtained using logistic regressions (Logit) as in Dechow et al. (2011). Second, following 

Cecchini et al. (2010), we use SVM with a financial kernel (SVM-FK).. Third, we employ the 

RUSBoost method, which was introduced to the accounting research by Bao et al. (2020).  

Drawing from Perols (2011), we then use an SVM with linear kernel (SVM) and multilayer 

perception (MLP), which belongs to the category of algorithms referred to as artificial neural 

network. Next, we consider two methods which, to our knowledge, have not been used in 

accounting research: stochastic gradient descent (SGD) classifier, and a combination of the 

alternative models which we call fused ML (FML). We note that SGD is a generalized linear 

classifier like SVM. 

Based on seven alternative measures of fraud prediction ability, our results show that 

our method outperforms the models we use as benchmarks. Importantly, our method uses a 

smaller number of predictors than those used by prior literature (Bao et al., 2020; Cecchini et 

al., 2010; Perols et al., 2017) and has a substantially higher fraud prediction ability. Our results 

also indicate that some of the main findings in prior ML literature on fraud are sensitive to the 

three key methodological concerns we identified.  Additionally, we show that our model 

outperforms the other methods in predicting fraud in future periods; this result is particularly 

relevant because it can take several years for the SEC to conclude their investigations on 

potential fraud. 
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Figure 1. The number of AAER cases and unique firms over time. 

 
 

Notes: The figure presents the number of AAER cases and the number of firms in each calendar year (right) for 

the main study period (1990-2010). 
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Figure 2. Histogram of firms with at least one AAER case. 

 
Notes: The figure presents, for the firms with at least one AAER in our sample, a histogram describing the number 

of AAER per firm.  
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Table 1. Financial ratios used as fraud predictors in Dechow et al. (2011)  

Variable Minimum Maximum Mean Std. dev. 

WC accruals -1.2591 0.7832 -0.0003 0.1437 

RSST accruals -2.8215 1.932 0.0148 0.3323 

Change in receivables -0.3602 0.3739 0.0122 0.0802 

Change in inventory  -0.2789 0.2847 0.0067 0.0588 

% soft assets 0.019 0.9715 0.5353 0.2501 

Change in cash sales -3.0525 11.0331 0.2263 0.9512 

Change in cash margin -16.6237 14.8529 -0.0519 1.8797 

Change in return on assets -2.6329 4.8188 -0.006 0.342 

Change in free cash flows -3.8077 3.7083 -0.0042 0.4637 

Actual issuance  0 1 0.8876 0.3158 

Book-to-market -47.8635 10.1248 0.4289 2.2158 

Notes: The table presents the variables used as AAER predictors in our main analysis. The 

variables are chosen following the main model in Dechow et al. (2011). All the variables are 

winsorized at the 1% level. See Appendix A for variable definitions. This table is based on 

96,028 observations. 
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Table 2. Raw variables used as fraud predictors in Cecchini et al. (2010) and Bao et al. (2020) 
Variable Compustat 

code 

In 

Bao et al. 

(2020) 

In 

Cecchini et al. 

(2010) 

Min. Max Mean Std. dev. 

Current assets, total ACT Yes No 0.05 19059.00 464.55 1414.58 

Accounts payable AP Yes No 0.03 4894.00 104.19 364.03 

Assets, total AT Yes Yes 0.18 58493.00 1487.72 4813.39 

Common/ordinary 

equity, total 

CEQ Yes Yes 
-529.20 23046.00 525.78 1720.14 

Cash and short-term 

investments 

CHE Yes Yes 
0.00 6369.00 116.25 400.70 

Cost of goods sold COGS Yes Yes 0.00 38609.00 872.38 2858.63 

Common shares 

outstanding 

CSHO Yes Yes 
0.76 1975.05 60.42 158.12 

Debt in current 

liabilities, total 

DLC Yes Yes 
0.00 2441.50 58.87 233.16 

Long-term debt 

issuance 

DLTIS Yes No 
0.00 5385.04 115.89 421.63 

Long-term debt, 

total 

DLTT Yes Yes 
0.00 15758.00 366.81 1270.97 

Depreciation and 

amortization 

DP Yes Yes 
0.01 2482.00 62.87 198.51 

Income before 

extraordinary items 

IB Yes Yes 
-2071.00 3651.00 56.09 291.45 

Inventories, total INVT Yes Yes 0.00 4966.00 116.23 375.05 

Investment and 

advances, other 

IVAO Yes Yes 
0.00 3146.00 33.77 187.37 

Short-term 

investments, total 

IVST Yes Yes 
0.00 1617.77 26.26 118.06 

Current liabilities, 

total 

LCT Yes Yes 
0.17 13015.09 332.47 1100.88 

Liabilities, total LT Yes Yes 0.19 36773.00 932.21 3141.14 

Net income(loss) NI Yes Yes -2071.90 3905.00 55.45 301.20 

Property, plant and 

equipment, total 

PPEGT Yes No 
0.04 40255.79 970.45 3431.16 

Price close, annual, 

fiscal 

PRCC_F Yes Yes 
0.01 125.19 14.95 17.36 

Preferred/preference 

stock(capital), total 

PSTK Yes Yes 
0.00 390.94 5.68 32.45 

Retained earnings RE Yes Yes -5116.42 17424.00 234.06 1243.26 

Receivables , total RECT Yes Yes 0.00 6250.00 163.27 513.11 

Sales/turnover(net) SALE Yes Yes 0.00 53674.00 1302.42 4130.72 

Sale of common and 

preferred stock 

SSTK Yes No 
0.00 882.00 18.35 62.09 

Income taxes, total TXC Yes Yes -93.00 1692.00 30.59 116.86 

Income taxes 

payable 

TXP Yes Yes 
0.00 620.52 12.89 54.02 

Interest and related 

expense, total 

XINT Yes Yes 
0.00 992.00 30.10 96.89 

Notes: The table presents the raw financial data used by Cecchini et al. (2010) and Bao et al. (2020) in their fraud prediction 

models. All the variables are winsorized at the 1% level. This table is based on 96,028 observations.  
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Table 3. Variance inflator factors (VIF) comparison across three main datasets 
28 raw variables 23 raw variables 11 ratios variables 

Variables VIF Variables VIF Variables VIF 

Current assets, total 43.67 Assets, total 129.77 WC accruals 1.73 

Accounts payable, trade 10.53 
Common/ordinary  

equity, total 
26.21 RSST accruals 2.21 

Assets, total 133.27 
Cash and short-term 

investments 
4.85 

Change in 

receivables 
1.35 

Common/ordinary  

equity, total 
26.25 Cost of goods sold 25.85 

Change in 

inventory  
1.29 

Cash and short-term 

investments 
7.90 Common shares outstanding 3.28 % soft assets 1.02 

Cost of goods sold 28.98 
Debt in current  

liabilities, total 
3.76 

Change in cash 

sales 
1.08 

Common shares outstanding 3.32 Long-term debt, total 20.51 
Change in cash 

margin 
1.01 

Debt in current liabilities, total 4.17 Depreciation and amortization 8.56 
Change in return 

on assets 
1.32 

Long-term debt issuance 2.13 
Income before  

extraordinary items 
32.01 

Change in free 

cash flows 
1.65 

Long-term debt, total 22.65 Inventories, total 4.09 Actual issuance  1.02 

Depreciation and amortization 12.43 
Investment and advances, 

other 
1.79 Book-to-market 1.03 

Income before  

extraordinary items 
32.52 Short-term investments, total 2.26 

 

Inventories, total 6.18 Current liabilities, total 24.91 

Investment and advances, 

other 
1.80 Liabilities, total 75.09 

Short-term investments, total 2.30 Net income(loss) 29.01 

Current liabilities, total 36.20 
Preferred/preference 

stock(capital), total 
1.21 

Liabilities, total 77.62 Retained earnings 3.91 

Net income(loss) 29.18 Receivables, total 7.05 

Property, plant and equipment, 

total 
12.63 Sales/turnover(net) 49.45 

Preferred/preference 

stock(capital), total 
1.23 Income taxes, total 5.35 

Retained earnings 4.06 Income taxes payable 2.35 

Receivables, total 11.19 
Interest and related  

expense, total 
18.54 

Sales/turnover(net) 50.41 Price close, annual, fiscal 1.38 

Sale of common and preferred 

stock 
1.49 

 
Income taxes, total 5.38 

Income taxes payable 2.44 

Interest and related expense, 

total 
18.77 

Price close, annual, fiscal 1.42 

Notes: The table presents the VIFs across three datasets considered in this study: the 28 raw variables dataset is 

used in Bao et al. (2020); the 23 raw variables dataset is used in Cecchini et al. (2010); the 11 ratios dataset is 

used in Dechow et al. (2011). The variables with VIF>10 are shaded in grey. Values above 5 show a high chance 

of multicollinearity. 
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Table 4. Range of hyperparameters for alternative models 

Technique Parameter Range 
Optimized 

specification 

SVM-FK Class penalty 𝐶+/𝐶−  {1, 2, 5, 10, 20, 50, 100, 200, 500} 50 

RUSBoost 
Number of estimators {10, 20, 50, 100, 200, 500, 1000} 1,000 

Learning rate  {10−5, 10−4, 10−3, 10−2, 10−1} 10−4 

SVM 
Kernel (𝜙 ) 

𝜙1 = 𝑥. 𝑥𝑇 , 𝜙2 = 𝛾(𝑥. 𝑥𝑇)3,   

𝜙3 = exp(−𝛾‖𝑥 − 𝑥𝑇‖2) 
𝜙1 

Class penalty 𝐶+/𝐶−  {1, 2, 5, 10, 20, 50, 100, 200, 500} 100 

Logit Class penalty 𝐶+/𝐶−  {1, 2, 5, 10, 20, 50, 100, 200, 500} 20 

SGD 

Regularization term  
𝑅1(𝓌) = Σ𝑗=1

𝑚 |𝓌𝑗| , 

𝑅2(𝓌) =
1

2
Σ𝑗=1

𝑚 𝓌𝑖
2,  

𝑅2(𝓌) 

Loss function 

𝐿1(𝑦, �̂�) = log(1 + exp[−𝑦𝑖  �̂�𝑖]), 

 𝐿2(𝑦, �̂�) = {
max(0, [1 − 𝑦𝑖  �̂�𝑖]

2) , 𝑖𝑓 𝑦𝑖  �̂�𝑖 ≥ −1 

−4  𝑦𝑖  �̂�𝑖 ,                             𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

𝐿1(𝑦, �̂�) 

Class penalty 𝐶+/𝐶− {1, 2, 5, 10, 20, 50, 100, 200, 500} 200 

LogitBoost 

Class penalty 𝐶+/𝐶− {1, 2, 5, 10, 20, 50, 100} 1 

Number of estimators {10, 20, 50, 100, 200, 500} 20 

Learning rate {0.1, 0.5, 0.9, 1} 0.9 

MLP 

Hidden layer size {1, 2, 5, 10} 5 

Solving algorithm 
stochastic gradient descent,  

Adam as in Kingma and Ba (2014) 
Adam 

Activation function 

𝑓1(𝑥) = 𝑥,   

𝑓2(𝑥) =
1

1 + exp(−𝑥)
 

𝑓2(𝑥) 

Notes: We use a ten-fold cross-validation for a sample dataset over 1991-2000 using AUC as performance metric. 

In the table, 𝑥 is the set of predictors with elements in form of 𝑥𝑖,𝑗, 𝑖 = 1, … , 𝑛;  𝑗 = 1, … , 𝑚 with 𝑛 observation 

and 𝑚 element. In the SVM setting, 𝛾 =
1

𝑚
𝜎𝑥

2 and ‖𝑥 − 𝑥𝑇‖2 is the squared Euclidean distance between the 

elements of 𝑥. For the SGD hyperparameters, 𝓌𝑗 is the coefficient for element 𝑗 in  �̂�𝑖 = Σ𝑗=1
𝑚 𝓌𝑗𝑥𝑖,𝑗 + 𝑏 with the 

goal to minimize 𝐸(𝓌, 𝑏) =
1

𝑛
Σ𝑖=1

𝑛 [𝐿(𝑦𝑖 , �̂�𝑖) + 𝒶𝑅(𝓌)] where 𝐿(𝑦𝑖 , �̂�𝑖) is the loss function and 𝑅(𝓌) is the 

regularization term. 
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Table 5. Performance of alternative ML models 

 

Panel A: 2001-2010 

Technique AUC Sensitivity Specificity Precision F1 Score NDCG ECM 

SVM-FK-23 54.23% 2.45% 98.99% 0.66% 1.04% 2.01% 23.74% 

RUSBoost-28 62.97% 3.43% 98.99% 0.66% 1.10% 1.40% 23.53% 

SVM 63.12% 2.58% 98.99% 0.89% 1.32% 1.55% 23.72% 

Logit 63.93% 4.00% 99.00% 1.47% 2.14% 2.24% 23.39% 

SGD 64.89% 7.33% 99.00% 1.80% 2.89% 3.57% 22.61% 

LogitBoost 64.24% 8.04% 99.01% 2.08% 3.30% 4.41% 22.44% 

MLP 65.70% 3.41% 99.00% 1.19% 1.77% 2.52% 23.53% 

FML 63.79% 7.33% 99.00% 1.80% 2.89% 3.31% 22.61% 

 

Panel B: 2003-2008 

Technique AUC Sensitivity Specificity Precision F1 Score NDCG ECM 

SVM-FK-23 50.66% 0.00% 98.98% 0.00% – 0.00% 24.32% 

RUSBoost-28 60.42% 3.33% 98.99% 0.52% 0.90% 1.19% 23.55% 

SVM 65.14% 4.29% 99.00% 1.49% 2.21% 2.58% 23.31% 

Logit 66.19% 5.68% 99.01% 1.99% 2.95% 2.58% 22.99% 

SGD 67.06% 11.24% 99.01% 2.55% 4.15% 5.26% 21.68% 

LogitBoost 66.47% 12.43% 99.02% 3.01% 4.85% 5.99% 21.40% 

MLP 68.85% 5.68% 99.01% 1.99% 2.95% 4.20% 22.99% 

FML 66.11% 11.24% 99.01% 2.55% 4.15% 4.86% 21.68% 

 

Notes: The table reports the performance of the alternative ML models over the whole sample (2001-2010) and 

over a reduced time sample (2003-2008). Except for AUC, the performance metrics are based on predictions 

at top 1 percentile level. The values in bold represent the best performance for each column.  
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Table 6. Forward-looking performance of alternative ML models 

Measure 

Forward precision Time-to-catch 

Mean Median Standard deviation Mean Median Standard deviation 

SVM-FK-23 0.00% 0.00% 0.00% 0.00 0 0.00 

RUSBoost-28 0.65% 0.00% 1.30% 0.75 0 1.94 

SVM 0.92% 0.00% 1.41% 0.60 0 1.20 

Logit 1.16% 0.00% 1.97% 0.30 0 0.46 

SGD 2.43%* 1.35% 3.04% 0.75 0.5 0.93 

LogitBoost 2.72%** 2.82%* 2.53% 1.15 1* 1.14 

MLP 1.23% 0.00% 2.02% 0.50 0 0.92 

FML 1.50% 0.00% 2.02% 0.70 0 1.19 

 

Notes: The table examines the forward-looking performance of the eight ML models. The mean forward precision 

measures the proportion of the firms, in the top 1 percentile in each out-of-sample year based on the probability 

of being classified as fraudulent by a model, that are identified as reporting misstatements at least one year after 

that year. The time-to-catch measures the difference, in number of years, between the year of the AAER and the 

year of the model prediction of an AAER (based on the top 1 percentile of likelihood). The out-of-sample study 

period is 2001 to 2010 and the forward performance is measured over the period 2002 to 2018. We also perform 

a t-test (Mann-Whitney U-test) for the null hypothesis that the mean (median) forward precision and the mean 

(median) time-to-catch of a model is lower to that of the SVM with a linear kernel; * and ** indicate statistical 

significance for these tests at the 10% and 5% level, respectively. The values in bold are the highest in each 

column. 
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Appendix A: Definitions of the financial ratios used in Dechow et al. (2011) as fraud predictors 

Variable Definition Compustat codes 

WC accruals Working capital accruals scaled by average total assets. Working capital accruals are defined 

as the change in current assets less the change in cash and short-term investments less the sum 

of the change of current liabilities, less the change of short-term debt less the change of tax 

payable.  

ACT, CHE, LCT, 

DLC, TXP, AT 

 

RSST accruals Sum of the change in working capital accruals, the change in net long term operating assets 

and the change in net financial assets scaled by average assets. Following Richardson, Sloan, 

Soliman, and Tuna (2005), net long term operating assets is defined as the difference between 

the sum of change in total assets less current assets and investments and advances and the sum 

of total liabilities less current liabilities and long term debt. Net financial assets is defined as 

the difference between the sum of short term investments and investments and advances less 

the sum of the long-term debt, short-term debt and preferred stock.  

ACT, CHE, LCT, 

DLC, TXP, AT, 

IVAO, LT, DLTT, 

IVST, PSTK 

Change in receivables Change in receivables scaled by average total assets RECT, AT  

Change in inventory  Change in inventory scaled by average total assets INVT, AT 

% soft assets Percentage of soft assets, defined as total assets less PPE and cash as the proportion of total 

assets. 

AT, PPENT, CHE 

Change in cash sales Change in cash sales defined as the difference between sales and change in receivables.  SALE, RECT 

Change in cash margin Change in cash margin defined as 1 less ratio of costs of good soles less the change in 

inventory plus the change in accounts receivables to cash sales.  

COGS, INVT, AP, 

SALE, RECT 

Change in return on 

assets 

Change in return on assets Δ(IB/average AT) 

Change in free cash 

flows 

Change in free cash flows defined as the difference between income before extra items and 

RSST accruals, scaled by average assets. 

IB, AT 

Actual issuance  Indicator variable that equals to one if a firm issues either stock or debt during the year, and 

zero otherwise. 

SSTK, DLTIS 

Book-to-market Book to market ratio SEQ, PRCC_F, 

CSHO) 
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Appendix B: Additional evidence on the effectiveness of LogitBoost   

In this appendix, we provide further empirical evidence on the merits of combining a Logit 

model with ensemble learning (LogitBoost) relative to ensemble learning alone (AdaBoost). 

Specifically, Table B.1 compares LogitBoost with AdaBoost with a decision tree as the base 

model using a number of performance metrics. For both specifications, we perform a 10-fold 

cross-validation to validate the model and optimise hyperparameters. The optimal set of 

hyperparameters for LogitBoost is presented in Table 4. The optimal setting for the AdaBoost 

is 𝐶+/𝐶− = 50, learning rate of 0.1 and 500 estimators.  The results in Table B.1 highlight a 

major improvement, across all performance metrics, over cross-validation and testing samples, 

by using LogitBoost relative to AdaBoost.   

 

Table B.1 Performance of alternative AdaBoost extensions over 2001-2010. 
Metric AdaBoost LogitBoost 

Cross-validation AUC 65.84% 70.02% 

Out-of-sample AUC 54.63% 64.24% 

Sensitivity @ 1 percentile 2.41% 8.04% 

Specificity @ 1 percentile 98.99% 99.01% 

Precision @ 1 percentile 0.84% 2.08% 

F1 Score @ 1 percentile 1.25% 3.30% 

NDCG @ 1 percentile 1.88% 4.09% 

ECM @ 1 percentile 23.76% 22.44% 

Notes: The table compares the cross-validation and out-of-sample performance for a traditional AdaBoost model 

against the setting used in this study. The traditional model is defined as an AdaBoost setting with a decision tree 

as the base model (column “AdaBoost”) compared to the proposed setting of using a Logit as a base model 

(column “LogitBoost”). The cross-validation performance refers to a 10-fold random testing over 1991-2000. The 

out-of-sample results are averages over 2001 to 2010. The values in bold are the best performance for each row. 

 

 


