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Abstract. This study applies data mining techniques to creating more effective models
for detecting corporate earnings management. The data mining techniques, including the
artificial neural network (ANN) combined with the decision tree CHAID and decision
tree C5.0, are used to establish a two-stage approach for developing the earnings man-
agement detection models with relatively higher accuracy. The research variables include
both financial variables and non-financial variables. Our empirical result shows that the
ANN/C5.0 model generates the best accuracy rate for earnings management detection.
Keywords: Earnings management detection model, Artificial neural network, Decision
tree CHAID, Decision tree C5.0, Stepwise regression analysis

1. Introduction. In the worldwide capital markets, since earnings on financial state-
ments express operating performance, investors deem earnings as the decision-making
indicator which induces incentives for earnings management. The bonus plan hypothesis
states that, a bonus plan can bring about moral crisis in enterprises that use account-
ing earnings as the bonus mechanism [1]. Manager remunerations are closely related to
earnings. For maximizing their self-interests, top management or managers have higher
opportunity of using earnings management to achieve business objectives [2], namely, be-
havior under self-interest motivation. Management affects the preparation of financial
statements, and thus, asymmetry between the managers and the information users may
occur. In addition, management motivated by the performance threshold manipulates
discretionary accruals to increase their own remunerations and boost shares price [3,4].
To constrain those opportunity behaviors, regulators need a more effective model to detect
earnings management especially on corporate top management or managers.

In fact, it is difficult to measure earnings management from commercial activities, and
thus, [5] pointed out that, most earnings management affects earnings on financial state-
ments through discretionary accruals (DA). Management can disclose more accurate or
misleading information through earnings management. Therefore, it is very important
to establish effective earnings management detection models. Previous studies have pro-
posed data mining techniques to detect earnings management and financial frauds [6-8].
However, the past research only addressed on one-stage approach to build the detection
models of earnings management. This encourages current study to explore a two-stage
(variable selection and model building) approach for developing more accurate detection
models.
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According to [9], the Jones model and the modified Jones model, which are used to
estimate discretionary accruals, have errors [3,10], and thus, the performance adjustment
method is proposed to correct the estimates of discretionary accruals. Return on assets
(ROA) is added as a variable to correct errors caused by abnormal performance. As
compared to the Jones model and the modified Jones model, the Kothari model has
lower probability regarding type I and type II errors. The non-discretionary accrual, as
presented by [9], is as shown in Equation (1).
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where, TAi,t: total accruals of firm i during period t; Ai,t−1: total assets of firm i during
period t − 1; ∆REVi,t: changes in net sales revenue of firm i during period t; ∆RECi,t:
changes in net accounts receivables of firm i during period t; PPEi,t: total depreciable
fixed assets of firm i during period t; ROAi,t: return on assets of firm i during period t;
α: constant term; βi: regression coefficient terms; εi,t: residual term.

The equation used to estimate discretionary accruals is expressed by Equation (2)
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where, DAi,t: estimated discretionary accruals (an indicator of earnings management) of

firm i during period t; α̂: estimated constant term; β̂i: estimated coefficient terms.
In this study, the mean value and standard deviation of the absolute value of discre-

tionary accruals (DAi,t) calculated are 0.231 and 0.624, respectively. When the absolute
DAi,t is greater than 0.543 (about 30% of sample) it is defined as 1, and there is serious
earnings management through the manipulation of discretionary accrual. Then, when it
is smaller than 0.543 it is defined as 0, and there is minor earnings management.

This paper is organized as follows: Section 1 states the background, motivation, and
purpose of this study, and explains the uses of stepwise regression analysis and data mining
techniques (ANN, CHAID, and C5.0) to establish the earnings management detection
models; Section 2 is the methodology section, which describes the research methods and
samples used, as well as the research procedure followed in this study; Section 3 is the
results and discussion section, which explains and discusses the comparison of the models’
accuracy; finally, Section 4 is the conclusion section, which is drawn from the results of
the research, and concludes the research findings for academic literature and practice.

2. Methodology.

2.1. Research method. In addition to stepwise regression analysis (SRA), this study
utilizes several data mining techniques, such as artificial neural network (ANN), decision
tree CHAID, and decision tree C5.0. ANN is a parallel computational model of an arti-
ficial neural network, which is a processing technology inspired by the study of the brain
and nervous system, often called the Parallel Distributed Processing Model. The artifi-
cial neural network theory was proposed in the 1950s, when scientists put forward the
perceptron neuron model by simulating human brain organization and operation mode,
which is the simplest and earliest artificial neural model. The perceptron is often used as
a classifier. Before 1980, the artificial neural network was not taken seriously as an expert
system, was the most popular artificial intelligence and the artificial neural network was
not mature. Decision tree CHAID is a chi-square automatic cross-validation (CHAID)
method used to calculate the P values of the branch nodes of the tree, and determines
node splitting, where the CHAID advantage is to prevent data abuse and force the deci-
sion tree to stop splitting, meaning CHAID can finish trimming before modeling. Decision
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tree C5.0 is developed by modifying and adjusting the ID3 (Iterative Dichotomiser 3), as
proposed by Quinlan in 1986, because ID3 does not have good capability for processing
continuous data. C5.0 first classifies data into the same area, selects the criteria of branch
attributes, and then calculates the information gain of each attribute in order to facili-
tate choosing the optimum attributes. As compared to other decision trees, C5.0 is more
stable in processing data with complicated attributes and numerous input fields.

2.2. Sample selection. In this study, the research sample includes all companies in
IC design and wafer manufacturing industry and listed in Taiwan Stock Exchange or
Over-the-Counter (OTC) markets during years of 2009-2014. All data are collected from
the Taiwan Economic Journal (TEJ) database. If the companies have missing data on
dependent or independent variables affecting earnings management through accruals, they
are deleted. Finally, a total of 748 effective observations (firm/year) are obtained in the
research sample.

2.3. Variables. The variables used in this study include financial variables and non-
financial variables which were selected to measure the magnitude of earnings management.
The financial variables include 17 variables (X1 to X17) as shown in Table 1. The non-
financial variables include X18: the ratio of stocks held by board directors and supervisors,
X19: the ratio of stocks held by institutional investors, X20: the pledged ratio of stocks
held by board directors and supervisors, and X21: audited by BIG 4 auditors’ firms.

Table 1. Summary of selected financial variables

No. Variables No. Variables
X1 ROA X10 Cash flow per share
X2 Gross profit rate X11 Current ratio
X3 Operating income rate X12 Quick ratio
X4 Net income rate X13 Debt ratio
X5 Continuous net income rate X14 Debt/equity ratio
X6 Continuous earnings per share (EPS) X15 Inventory turnover
X7 Income before tax per share X16 Accounts receivable turnover
X8 Operating income per share X17 Net assets turnover
X9 Operating revenue per share

2.4. Research procedure. The data of this study are from the TEJ, and input variables
include financial and non-financial variables. The earnings management detection model
is established in two stages. In the first stage, SRA and ANN, respectively, were used
to select the variables by a tool of SPSS Molder14.1. All variables were normalized first
before running SRA and ANN. In the second stage, CHAID and C5.0 were used for
modeling, the detection accuracies of the models were compared, and the optimal model
was obtained. The research procedure is as shown in Figure 1.

3. Results and Discussion. As there are a number of variables to be input, SRA and
ANN methods were used to select the variables that could possibly improve the prediction
accuracy. After the first stage of variable selection, the second stage of model building
with two decision tree methods (CHAID and C5.0) established the earnings management
detection models before comparing the detection accuracy rates of four models (2×2 = 4).
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Figure 1. Research procedure

3.1. Variables selection by stepwise regression analysis. After the selection pro-
cess of the SRA, there are 8 of 21 most important variables remaining. The eight variables
(sorted by their importance) include: X19 (0.37): the ratio of stocks held by institutional
investors, X11 (0.21): current ratio, X9 (0.13): operating revenue per share, X7 (0.08):
income before tax per share, X13 (0.07): debt ratio, X14 (0.05): debt/equity ratio, X6
(0.04): continuous EPS, and X20 (0.03): the pledged ratio of stocks held by board direc-
tors and supervisors. The results indicated that SRA selected higher important factors
from both financial and non-financial variables which implied management motivated by
the performance target tends to manipulate earnings to increase their own interests and
boost shares price.

3.2. Variables selection by artificial neural network. Through the ANN method,
there were 10 of 21 important variables screened. The ten variables (sorted by their im-
portance) include: X7 (0.11): income before tax per share, X12 (0.08): quick ratio, X16
(0.08): accounts receivable turnover, X19 (0.08): the ratio of stocks held by institutional
investors, X6 (0.07): continuous EPS, X17 (0.07): net assets turnover, X5 (0.05): con-
tinuous net income rate, X14 (0.05): debt/equity ratio, X20 (0.05): the pledged ratio
of stocks held by board directors and supervisors, and X9 (0.04): operating revenue per
share. The ANN method selected more variables but with lower importance weights than
SRA method. However, ANN also selected both financial and non-financial variables to
predict the possibility of earnings management.

3.3. SRA models. This part illustrates the results when SRA selected variables in the
first stage, and then two models were constructed with CHAID and C5.0 in the second
stage. It was found that, the SRA/C5.0 model has the higher detection accuracy rate
of 96.61%, while SRA/CHAID is 95.37%, as shown in Table 2. The results show that
the SRA/C5.0 model can predict better than the SRA/CHAID model from the overall
accuracy or the point of view of both type I and II errors.
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Table 2. Detection accuracy of models – selected by SRA

Overall
Model detection Subgroups accuracy Type I Error & Type II Error

accuracy

SRA/CHAID 95.37%

Training
94.08%

Type I Error 1%
groups Type II Error 49%
Testing

96.67%
Type I Error 0%

groups Type II Error 19%

SRA/C5.0 96.61%

Training
95.46%

Type I Error 2%
groups Type II Error 23%
Testing

97.75%
Type I Error 1%

groups Type II Error 12.5%

Table 3. Detection accuracy of models – selected by ANN

Overall
Model detection Subgroups accuracy Type I Error & Type II Error

accuracy

ANN/CHAID 94.64%

Training
93.37%

Type I Error 4%
groups Type II Error 26%
Testing

95.91%
Type I Error 2%

groups Type II Error 5%

ANN/C5.0 96.97%

Training
96.76%

Type I Error 1%
groups Type II Error 21%
Testing

97.18%
Type I Error 1%

groups Type II Error 18%

3.4. ANN models. After the first stage with ANN and the second stage of the model
constructed with CHAID and C5.0, it was found that, the ANN/C5.0 model has higher
detection accuracy of 96.97%, while ANN/CHAID is 94.64%, as shown in Table 3. For
the Type I error, the ANN/C5.0 model is the lowest at 1%; and the overall error rate
(Type I Error & Type II Error) is also the lowest at 3.03%. The results indicate that the
ANN/C5.0 model outperformed the ANN/CHAID model with highest overall detection
accuracy of 96.97%, which suggests the ANN/C5.0 model is the best model to detect
company’s manipulation of earnings management.

4. Conclusions. The relevancy and reliability of financial statements, as those reports
issued by enterprises and earnings management by managers through manipulation of
discretionary accruals, have been addressed in accounting field for many years. Earnings
management is motivated by two types of motivation. The first type is the investment
in subsidiary companies, where the purpose is to conceal worse operating performance or
obtain self-interest or corporate benefits. The other type is the information misleading,
where earnings without management have difference in terms of accrual basis and gener-
ally accepted accounting principles (GAAP). Management can disclose more accurate or
misleading information through earnings management. When financial statements involve
the intentional modification or false listing of financial statements and accounting fraud
has become a serious economic and social problem, it in turn needs a better model to
detect earnings management and accounting frauds [11]. Therefore, it is very important
to establish effective earnings management detection models.

This study establishes a two-stage approach for building earnings management detection
models. In the first stage, SRA and ANN are used to screen the variables. In the second
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stage, CHAID and C5.0 are used for model building. The empirical results show that the
accuracy of earnings management detection is prioritized as follows: ANN/C5.0 (96.97%),
SRA/C5.0 (96.61%), SRA/CHAID (95.37%), and ANN/CHAID (94.64%). This result in-
dicates the ANN/C5.0 model outperforms other three models to detect company’s earn-
ings management.

The results of this study provide effective tools for detecting earnings management and
serve as important references for stakeholders, such as auditors, CPAs (certified public
accountants), management, investors (shareholders), creditors, credit rating agencies, and
future academic studies. There are two suggestions for future research. First, researchers
can apply the C5.0 as the start point to building models with different classifiers or
statistical methods. Second, the momentum or changes of financial and non-financial
indicators between different years may be good explanation or prediction variables so that
future research should consider the effects of those momentums or changes for increasing
the explaining power of future prediction models. We leave both issues for future research
in new direction.
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