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1

INTRODUCTION

1.1.

Background

Reported accounting data should be both relevant and reliable. However, from an
accounting point of view these two concepts are somewhat mutually exclusive. That is,
as the relevance of the data increases (decreases), the reliability of the data decreases
(increases). Trying to balance between relevant and reliable accounting data, generally
accepted accounting principles (GAAP) allow, to some extent, the company
management to use their judgment and to make subjective assessments when
preparing financial statements. For example, the company management has to use
their judgment when defining the depreciable life of an asset or when defining the
amount of uncollectible accounts receivables. Furthermore, as the financial reporting is
becoming more oriented towards fair value accounting, the degree of discretion is
increasing. The use of judgment and subjectivity in accounting is both important and
desirable so that the company management is able to apply their knowledge as well as
take into account the context of the general economy and factors inside the company
when determining the proper recording of business transactions (Parfet, 2000). When
the discretion in accounting is used properly it reduces the information asymmetry by
enhancing the relevance and timeliness of the financial reporting. Unfortunately the
discretion in accounting can also be abused by a self-interested manager which
decreases the reliability of the financial reporting. This opportunistic use of the
discretion in financial reporting is called earnings management. An essential question
is whether users of financial reporting can see through earnings management or if they
are misled by it. Although not unambiguous, there is evidence which indicates that
users of financial reporting are to some extent misled by the abuse of accounting
discretion. For example, Teoh, Welch and Wong (1998) show that investors are mislead
by the pre-issue management of reported earnings by seasoned equity issuers. Another
example is the accrual anomaly reported by Sloan (1996). According to Sloan the
market is not fully capable of impounding the information from accruals into stock
prices. Since earnings are often managed through accruals, this further indicates that
users of reported accounting data are unable to see through the abuse of accounting
discretion.
Because of the potential inability of the users of reported accounting data to see
through the abuse of accounting discretion, it has been of interest for researchers to
develop methods for detecting earnings management. Starting with Healy (1985), there
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has been a considerable number of suggestions of methods for detecting earnings
management. Most of these methods are used for detecting accrual based earnings
management but there are also alternative approaches, such as measuring the
distribution of earnings around specific benchmarks (e.g. Burgstahler and Dichew,
1997). The most commonly used method for detecting earnings management is the
multiple linear regression-based Jones model (Jones, 1999). A vast majority of earnings
management studies have used the Jones model or a modification of the Jones model.
The basic idea with the Jones model is that accruals are explained by changes in
revenues and depreciable assets. This relationship is used for estimating a normal level
of accruals, also known as non-discretionary accruals. The difference between total
accruals and the non-discretionary accruals is termed discretionary accruals, a proxy
for earnings management.

1.2.

Research problem

Although the Jones model and other methods have been widely used, they have
received a lot of criticism. For example, Dechow, Sloan and Sweeney (1995) show that
the power of the methods used for detecting earnings management is relatively low for
earnings management of economically plausible magnitudes. Furthermore, Dechow
and Skinner (2000) state that “the current research methodologies simply are not that
good at identifying managers and firms that practice earnings management”. The
problems with the existing approaches are well documented and several studies (e.g.
Healy and Wahlen, 1999 and McNichols, 2000) have established the need for more
powerful methods for detecting earnings management.
Several studies have shown that the Jones model suffers from an omitted variable bias
as it fails to control for company performance. For example, Dechow et al. (1995)
present evidence which suggests that companies experiencing extreme financial
performance display high magnitudes of accruals which are to some extent erroneously
measured as earnings management. Kothari, Leone and Wasley (2005) control for
performance by adding return on assets as an explanatory variable to the Jones model.
Furthermore, cash flow from operations or change in cash flow from operations is used
in several studies as an explanatory variable (e.g. Kasznik, 1996 and Jeter and
Shivakumar, 1999). There is, however, evidence suggesting that the relationship
between accruals and performance is non-linear. For example, Ball and Shivakumar
(2006) argue that models assuming a linear relationship between accruals and cash
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flow are misspecified due to the accounting conservatism principle. Their suggestion to
solve the non-linearity problem is to employ a piecewise linear regression, where
negative and positive cash flow from operations have different slopes. Kothari et al.
(2005) also acknowledge the non-linearity problem and states that “experimentation
with a range of non-linear specifications might be warranted”. So far, however, there
have not been many attempts outside the multiple linear regression approaches to solve
the non-linearity problem. An alternative, which has yet not been explored, concerns
models based on neural networks. Several studies in the field of accounting have shown
that neural networks perform as well as or outperform traditional statistical methods.
When applied to regression analysis problems, neural networks have several appealing
advantages when comparing them to traditional statistical methods. Most importantly,
the neural networks are able to model non-linear relationships between the dependent
and independent variables. Another advantage with the neural networks is that they do
not require any assumptions about the underlying data as they are completely data
driven. Finally, compared with linear regression, neural networks are relatively robust
to outliers and noise in the data. In other words, neural network-based models can be
expected to solve several shortcomings of the multiple linear regression-based models
when estimating discretionary accruals.

1.3.

Objective of the study

The purpose of this study is to assess the feasibility of neural networks as a tool for
detecting earnings management. More closely, the purpose is to assess how well neural
network based-models decompose accruals into discretionary and non-discretionary
accruals. This is done by comparing the neural network-based model with the linear
regression based models used in several previous studies.

1.4.

Outline

The remainder of the study is organized as follows. In Chapter 2, the definition of
earnings management is first discussed, after which different approaches for detecting
earnings management together with their shortcomings are presented. Chapter 2 is
then finished with a presentation of previous studies dealing with earnings
management during financial distress. Chapter 3 starts with a brief presentation about
neural networks, after which previous studies dealing with neural networks in financial
applications are presented. In Chapter 4, both the data set and the research design are
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presented. The results from the empirical study are presented in Chapter 5, whereas
Chapter 6 concludes the study.

5

2

EARNINGS MANAGEMENT

2.1.

Introduction

This chapter starts with a discussion about the definition of earnings management.
Thereafter, different models for detecting accrual-based earnings management are
presented. The chapter ends with a review of various studies where earnings
management among companies in financial distress has been examined. The two
instances of financial distress included in the literature review are bankruptcies and
violation of debt covenants.

2.2. Definition of earnings management
A central issue when discussing earnings management is the trade-off between the
relevance and reliability of the reported accounting data. Focusing entirely on
reliability, the management would report only realized cash flows, whereas a focus on
relevance would emphasize the current value of expected future cash flows (Dechow,
1994). However, even though relevance and reliability in reporting are not completely
mutually exclusive, the reliability of the reported accounting data usually suffers as the
relevance increases. The problem is that relevant reporting requires various estimations
made by the company management, which in turn involves at least some degree of
subjectivity. As the various estimates are difficult to verify, they become vulnerable to
managerial manipulation (Sloan, 1999). Despite the problems with relevant reporting,
a certain degree of both relevance and reliability is required by the reported accounting
data. Thus, GAAP provides some degree of discretion in reporting. Furthermore, the
degree of discretion has been increasing as the accounting and reporting is becoming
more fair value oriented. In general, earnings management can be viewed as the
utilization of the discretion in reporting provided by GAAP. The definition of earning
management is, however, not this unambiguous.
In various earnings management studies there are three open issues regarding the
definition of earnings management which stand out. First, there is the question
whether the purpose of earnings management is to mislead or to inform the company’s
stakeholders. Beneish (2001) views earnings management from two different
perspectives: the opportunistic perspective and the information perspective. According
to the opportunistic perspective, earnings management is a result of the company
management acting out of self-interest, thus being value decreasing. The information
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perspective refers to earnings management resulting from the company management
communicating their private information in order to improve the relevance of the
financial reporting, thus increasing value. In previous studies, the focus has mainly
been on the opportunistic perspective which can be seen from the following two
definitions of earnings management.
“... a purposeful intervention in the external financial reporting process, with
the intent of obtaining some private gain (as opposed to, say, merely
facilitating the neutral operation of the process).” (Schipper, 1989)
“Earnings management occurs when managers use judgment in financial
reporting and in structuring transactions to alter financial reports to either
mislead some stakeholders about the underlying economic performance of the
company or to influence contractual outcomes that depend on reported
accounting numbers.” (Healy and Wahlen, 1999, p.368)
Schipper states that the purpose of earnings management is to obtain some private
gain, which clearly indicates that the definition refers to the opportunistic perspective.
The main point in Healy and Wahlen’s definition is that the purpose of earnings
management is either to mislead the company’s stakeholders about the economic
performance or to influence contractual outcomes, which also refer to the opportunistic
perspective. Healy and Wahlen acknowledge that earnings management also has an
informational perspective but state that it is not included in their definition. A broader
definition of earnings management which also includes the information perspective is
presented by Fields, Lys and Vincent (2001)1.
“Earnings management occurs when managers exercise their discretion over
the accounting numbers with or without restrictions. Such discretion can be
either firm value maximizing or opportunistic.” (Fields et al., 2001)
Previous research has not been successful in distinguishing whether the purpose of
earnings management has been to inform or to mislead the company’s stakeholder
(Beneish, 2001). In most cases where there are incentives for opportunistic behavior,
possible findings of earnings management have been entirely attributed to
opportunistic earnings management. Mitra and Rodrigue (2002) argue that since it is
virtually impossible to empirically distinguish between opportunistic and informative
1 Fields, Lys and Vincent’s (2001) definition of earnings management is based on Watts and Zimmerman’s
(1990) definition.
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earnings management, researchers have generally taken an opportunistic perspective of
earnings management.
Second, another question regarding the definition of earnings management is the
inclusion of so-called “real” earnings management. Schipper (1989) extends the
definition of earnings management by also including timing of investments and
financial decisions to the definition of earnings management.
“A minor extension to the definition would encompass "real" earnings
management, accomplished by timing investment or financing decisions to
alter reported earnings or some subset of it.” (Schipper, 1989)
A problem with including “real” earnings management to the definition is to limit what
is considered to be earnings management (Beneish, 2001). Beneish therefore concludes
that earnings management is a financial reporting phenomenon, thus excluding
deviations from rational investment behavior from the definition of earnings
management. There are, however, studies that provide evidence of “real” earnings
management in order to meet short-term earnings goals. For example, Dechow and
Sloan (1991) examine if CEOs manage discretionary investment expenditures to
improve short-term earnings in their final years in office. They find some evidence that
CEOs reduce R&D expenditures during their final years in office.
Third, the final open issue regarding the definition of earnings management is whether
it is within GAAP or not. Dechow, Sloan and Sweeney (1996) state that there is no
general consensus about the definition of earnings management but that the term
earnings management is “generally restricted to reporting practices that are within the
boundaries of GAAP”. According to Rosner (2003), the literature defines earnings
management as a subset of earnings manipulation. She further concludes that contrary
to fraudulent financial reporting, which is also a subset of earnings manipulation,
earnings management does not technically violate GAAP. However, exactly what is
considered to be within GAAP is not always that clear.
As the previous studies show, some variation in the definition of earnings management
occurs. This might in some cases be a problem when comparing the results from
different earnings management studies. According to Beneish (2001), the “lack of
consensus implies differing interpretations of empirical evidence in studies seeking to
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detect earnings management, or to provide evidence of earnings management
incentives”.

2.3. Detecting earnings management
McNichols (2000) states that the fundamental element of any tests for earnings
management is the measure of the discretion that managers have over earnings. In
other words, in what ways can a company’s management exercise discretion over
earnings and to what extent? The problem when measuring the discretion managers
exercise over earnings is that it is not directly observable. Therefore, a method for
estimating earnings before the effects of earnings management is required (Healy and
Wahlen, 1999). Starting with Healy’s (1985) study, there have been several suggestions
for various methods for detecting earnings management. McNichols (2000) puts these
methods into three main categories: methods based on aggregate accruals, methods
based on specific accruals and methods based on earnings distribution after
management. Of these three types of methods, the methods based on aggregate
accruals have so far been the most commonly used in academic literature. Especially
the model developed by Jones (1991), also known as the Jones model, has been a
popular measure for earnings management. In the following chapters the aggregate
accrual models are covered in more detail. The other two categories of earnings
management detection models are not covered here as they are not used in the
empirical part of this study.

2.3.1. Total accruals
The first step in using the aggregate accrual models is to determine the total accruals.
In the literature, two methods for calculating total accruals are used: the balance sheet
approach and the statement of cash flow approach. With the more widely used balance
sheet approach, total accruals (TACC) are calculated by subtracting total depreciation
from the change in non-cash working capital:

ܶܥܥܣ௧ ൌ ο ܣܥെ ο ܮܥെ ο ݄ݏܽܥ οܵܶ ܶܤܧܦെ ܲܧܦ
where CA = the change in current assets; CL = the change in current liabilities;
Cash is the change in cash and cash equivalents; STDEBT = the current maturities of
long-term debt and other short-term debt included in current liabilities; DEP =
depreciation and amortization expenses. In the second method for calculating total

9

accruals, the statement-of-cash-flows approach, operating cash flows from continuing
operations (CFO) are subtracted from earnings before extraordinary items (EXBI):

ܶܥܥܣ௧ ൌ ο ܣܥെ ο ܮܥെ ο ݄ݏܽܥ οܵܶ ܶܤܧܦെ ܲܧܦ
Although the balance sheet approach is more commonly used, there are situations
when it might lead to a biased measure of total accruals. Collins and Hribar (2002)
argue that the statement-of-cash-flows approach is to be preferred since the balance
sheet approach might induce measurement errors in case of mergers, acquisitions and
divestitures and foreign currency translations. This is because these non-operating
events impact the current assets and current liabilities accounts without impacting
earnings. Furthermore, Collins and Hribar conclude that mergers and acquisitions
most likely induce a positive bias to the total accruals since net current assets usually
increase in these events. Similarly, divestitures tend to induce a negative bias, whereas
the sign of the bias concerning foreign currency translations depends on the rates of the
currencies used in the translation. A problem with the statement-of-cash-flows
approach is that it might lead to a smaller sample size compared to the balance sheet
approach, as in many countries small companies are not required to prepare a
statement of cash flows.

2.3.2. Operation principle of aggregate accruals models
The next step in detecting possible earnings management using the aggregate accruals
models is to estimate an expected level of accruals. This is done by partitioning the
accruals into non-discretionary accruals (NDACC) and discretionary accruals (DACC).
The non-discretionary accruals constitute the expected level of accruals, that is,
accruals that the company management has no or little control over. Non-discretionary
accruals are, for example, accruals which are mandated by different accounting rules.
The discretionary accruals are accruals that the company management has control
over, thus constituting a measure for earnings management.

ܶܥܥܣ௧ ൌ ܰܥܥܣܦ௧  ܥܥܣܦ௧
The problem is that non-discretionary and discretionary accruals are not directly
observable. Therefore, the purpose of the aggregate accruals models is to estimate the
non-discretionary part of total accruals. The discretionary accruals are then calculated
as the difference between total accruals and non-discretionary accruals.
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2.3.3. Early models
The first aggregate accruals model was presented by Healy (1985). The logic behind
Healy’s model is that non-discretionary accruals for the event year equal the long-run
average of total accruals. This is based on the assumption that accruals are meanreverting, thus showing a low persistence. Several studies provide evidence indicating
that accruals, especially current accruals, are in fact mean reverting (e.g. Dechow,
1994). The non-discretionary accruals are estimated with the following model:
௧

ܰܥܥܣܦ௧ ൌ

ͳ
ܶܥܥܣ௧
ή  ൬
൰
݊
ܶܣିଵ
ୀ௧ି

where TA = lagged total assets; n = number of years of data included in the estimation
period. The non-discretionary accruals are calculated as the average total accruals
during an estimation period. An estimation period of five years has been used in several
studies (e.g. Dechow et al., 1995 and Thomas and Zhang, 2000). The discretionary
accruals are calculated by subtracting the non-discretionary accruals from the total
accruals during the event period. An implicit assumption with Healy’s model is that the
accruals exhibit zero growth. If, for example, a company experiences a growth (decline)
in sales, the accruals will also most likely grow (decline). This will then lead to a biased
estimate of the non-discretionary accruals.
Another early aggregate accruals model is the one presented by DeAngelo (1986).
DeAngelo’s model is based on the assumption that the non-discretionary accruals equal
the lagged total accruals. In other words, a change in accruals between two periods is
considered earnings management. This assumption is in line with the accruals
following a random walk, thus showing a high persistence. The non-discretionary
accruals are estimated with the following model:

ܰܥܥܣܦ௧ ൌ ܶܥܥܣ௧ିଵ
DeAngelo does not use a deflator in her study but she notes that she also runs the tests
with both sales and total assets as deflators without this having a material effect on the
results. Several studies indicate that, compared to other aggregate accruals models, the
DeAngelo model has a low power in detecting earnings management. For example,
Dechow et al. (1995) test the power of several models using known amounts of
simulated earnings management. Their results indicate that the DeAngelo model has
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the lowest power in detecting earnings management. Bartov, Gul and Tsui (2001) also
show evidence that the DeAngelo model has the lowest power in detecting earnings
management when compared to other commonly used models. Considering the meanreverting behavior of accruals, it can be expected that a model based on the random
walk assumption shows a low power in detecting earnings management.

2.3.4. The Jones model
In general, both Healy’s and DeAngelo’s models have been used in relatively few
studies. Instead, the most commonly used aggregate accrual model is the model
suggested by Jones (1991), commonly referred to as the Jones model. A vast majority of
earnings management studies use either the Jones model or some model derived from
the Jones model.
The Jones model is based on a linear regression where change in sales (REV) and
property, plant and equipment (PPE) are regressed on total accruals:

ͳ
οܴܸܧ௧
ܲܲܧ
οܶܥܥܣ௧
ൌ ߚ ൬
൰  ߚଵ ൬
൰  ߚଶ ൬
൰ߝ
ܶܣ௧ିଵ
ܶܣ௧ିଵ
ܶܣ௧ିଵ
ܶܣ௧ିଵ
All variables are deflated with lagged total assets in order to reduce heteroskedasticity.
Instead of an intercept, the first term in the regression model is the inverse value of
lagged total assets. In the regression model, the change in sales controls for the current
accruals (working-capital accruals), whereas property, plant and equipment controls
for the non-current accruals (depreciation and amortization). The regression
coefficients are estimated using company specific data from one year prior to the event
year to at least ten years prior to the event year, thus making the coefficients company
specific. The expected sign for the coefficients for property, plant and equipment (2) is
negative because it determines the depreciation and amortization expenses. The
expected sign for the coefficient for change in sales (1) is also positive. It is, however,
possible that this coefficient has a negative sign, especially for companies with low
profitability. Different credit policies between the company and its suppliers might also
lead to a negative sign for the coefficient for change in sales.
The next step is to calculate the non-discretionary accruals (NDACC) using the
following model together with the estimated regression coefficients and company
specific data for the event year:
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ܰ ܥܥܣܦൌ ߚመ

ͳ
οܴܸܧ
ܲܲܧ
 ߚመଵ
 ߚመଶ
ܶܣ௧ିଵ
ܶܣ௧ିଵ
ܶܣ௧ିଵ

The discretionary accruals (DACC) are then calculated by subtracting the nondiscretionary accruals from the total accruals for the event year. The main assumptions
with the Jones model are that the companies do not engage in earnings management or
experience any major structural changes during the estimation period. These
assumptions are very strong, making them unlikely to hold, which might lead to a
biased measure of earnings management. Another problem is that the requirement of
at least ten years of data might lead to a small sample or a survival bias.
Since the original Jones model was presented, there have been several suggestions for
improvements. Jones (1991) used a company specific time-series of data to estimate the
regression coefficients. In more recent studies this approach has been more or less
abandoned in favor of a cross-sectional approach (e.g. DeFond and Jiambalvo, 1994).
With the cross-sectional approach the regression coefficients are estimated using data
from companies in the same industry and year as the companies for which earnings
management is studied. Thus, the estimated regression coefficients are industry and
year specific instead of company specific. Usually the industry is defined at the 2-digit
SIC code level. The underlying assumptions for the cross-sectional approach are that
the 2-digit SIC code level is a proper indicator for industry membership and that the
companies within the industry have similar operating cycles (Bartov et al., 2001). For
the companies in the estimation sample to be more homogenous, a less aggregated
industry grouping than the 2-digit SIC code level can be used but the trade-off is a
smaller sample size. On the other hand, there are also studies which suggest that using
a less aggregated SIC code level does not impair the performance of the cross-sectional
models. For example, Kothari et al. (2005) show that the performance of the Jones
model does not decrease even though they estimate the regression coefficients with
pooled data from all non-financial companies. As with the time-series approach, it is
assumed that the companies in the estimation sample are free from earnings
management. Systematic earnings management in the estimation sample does,
however, not induce a bias since earnings management is measured relative to other
companies in the industry (Jeter and Shivakumar, 1999). The cross-sectional approach
has several advantages compared with the time-series approach. However, there are
only a few studies where both of these approaches have been used simultaneously.
Bartov et al. (2001) evaluate the ability of the cross-sectional Jones model to detect
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earnings management. Their results suggest that the cross-sectional Jones model
performs better than the time-series based Jones model in detecting earnings
management.
In addition to using industry specific cross-sectional data instead of company specific
time-series, there have also been several other suggestions for improving the Jones
model. One of the more known variants of the Jones model is the one suggested by
Dechow et al. (1995), known as the modified Jones model. According to Dechow et al.,
the assumption in the original Jones mode that revenues are unmanaged leads to a
biased measure of discretionary accruals when discretion is exercised over revenues.
They propose a modification to the Jones model where the change in accounts
receivables is subtracted from the change in sales (REV-REC) during the event
period. The regression coefficients, however, are still estimated using the original Jones
model. With this modification the change in accounts receivables during the event
period is considered to be attributable to earnings management. When the crosssectional version of the modified Jones model is used, the change in accounts
receivable is subtracted from the change in sales, usually also when the regression
coefficients are estimated (e.g. Kothari et al., 2005). It is however debatable whether
the modification suggested by Dechow et al. actually improves the Jones model or if it
leads to an overcorrection of the model. For example, Jeter and Shivakumar (2001)
state that the assumption that all changes in accounts receivable would relate to
earnings management is unlikely to be valid.

2.3.5. Performance control for the Jones model
Several studies indicate that the Jones model is a biased measure of earnings
management for companies with extreme financial performance. Dechow et al. (1995)
investigate this phenomenon by estimating discretionary accruals for companies with
either extreme earnings performance or extreme cash flows from operations. The
companies in the study were selected by first ranking all companies with sufficient data
based on either earnings or cash flows from operations. Four samples were then
created by randomly selecting 1000 companies from the highest and lowest deciles of
both performance measures. Dechow et al. showed that companies with high earnings
had high discretionary accruals, whereas companies with low earnings had low
discretionary accruals. Similarly, companies with high cash flow from operations had
low discretionary accruals, whereas companies with low cash flows from operations had
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high discretionary accruals. These findings follow the fact that companies with high
(low) earnings tend to have high (low) accruals, whereas companies with a high (low)
cash flow from operations tend to have low (high) accruals. These results suggest that
the earnings management detection models attribute parts of the non-discretionary
accruals for companies with extreme financial performance as discretionary accruals.
This bias can in the worst case lead to wrong conclusions being drawn when studying
earnings management among companies with extreme financial performance. Thus, it
seems warranted to augment the Jones model with an explanatory variable which
controls for performance.
Two widely used measures of performance used together with the Jones model are
return on assets (ROA) and cash flows from operations (CFO). Kothari et al. (2005)
suggested two different approaches to control for performance. The first suggestion was
to add either contemporaneous or lagged ROA as an explanatory variable to the Jones
model. The second suggestion was to adjust the discretionary accruals for a company
with the discretionary accruals for a performance matched company. This was done by
subtracting the discretionary accruals for a company matched on industry and current
or prior years ROA from the discretionary accruals for the examined company. Kothari
et al. first tested the ability of the different models to generate mean-zero estimates
when applied to stratified random samples. In general, their results showed that none
of the suggested approaches were well specified. However, the Jones model matched on
contemporaneous ROA showed the overall best performance. Furthermore, Kothari et
al. conclude that the Jones and modified Jones models were severely misspecified for
the stratified random samples. The second test was to assess the ability of the models to
detect artificially induced negative and positive earnings management. The results
showed no model being superior in detecting the simulated earnings management. For
example, when the level of simulated earnings management equals 2% (-2%) of lagged
total assets, the models detect earnings management approximately 30% (40%) of the
time. Overall, the results suggested that performance-matched Jones models perform
as well or better than the Jones models with ROA as an explanatory variable. An
advantage with the latter approach is, however, that it requires less data as there is no
need for matched companies.
Several prior studies (e.g. Dechow, 1994 and Sloan, 1996) have shown a strong negative
correlation between CFO and accruals. Based on these findings, Rees, Gil and Gore
(1996) incorporated CFO as an explanatory variable to the Jones model. The results
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from the regression analysis in Rees et al. show a significantly negative coefficient for
CFO, supporting the previous findings. Moreover, the negative coefficient supports the
noise-reduction role of accruals. That is, accruals mitigate transitory variation in cash
flow (Dechow, 1994). Kasznik (1999) suggests an approach similar to that of Rees et al.
by augmenting the modified Jones model with a change in CFO. As expected, the
coefficient for change in CFO is negative, supporting the findings in previous studies.
An implicit assumption with the Rees et al. and Kasznik variants of the Jones model is
that the relationship between accruals and CFO is linear. Considering only the noisereduction role of accruals, this assumption holds. Accruals do, however, also have an
asymmetrically timely loss recognition role (Ball and Shivakumar, 2006) which
challenges the linear relationship between accruals and CFO. This second role is in line
with the accounting conservatism principle, according to which unrealized losses are
more likely to be recognized earlier than unrealized gains (Basu, 1997). For example,
inventory valuation follows the lower of cost or market rule, which states that the assets
must be written down if the cost falls below market value, whereas it is not required to
write up the assets if the market value rises above the cost. An asset write-down
decreases accruals, whereas the contemporaneous cash flow remains unaffected.
Similarly, an asset write-up increases accruals leaving the contemporaneous cash flow
unaffected. Thus, the timely loss recognition role of accruals implies a less negative
correlation between accruals and CFO than with the noise-reduction role. As it is more
likely that unrealized losses are recognized than unrealized gains, it can be expected
that the correlation between accruals and CFO is positive or less negative when there
are existing losses than when there are existing gains in the current year.
Jeter and Shivakumar (1999) acknowledged the existence of a non-linear relationship
between accruals and CFO in cross-sectional data. To control for the non-linear
relationship, they first sorted the estimation sample into quintiles based on CFO. They
then augmented the Jones model with dummy variables for each quintile (dn) that
interact with CFO according to the model below2:
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2 In addition to the inverse value of total assets, Jeter and Shivakumar also use an intercept in their model.
The intercept is, however, left out here for consistency with the other variants of the Jones model.
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Jeter and Shivakumar estimated the regression coefficients for several years and
industries. The results showed, as expected, that the coefficients for REV were on
average positive, whereas the coefficient for PPE were on average negative. Moreover,
the coefficients for CFO were all on average strongly negative, supporting the noisereduction role of accruals. It is, however, noticeable that the CFO coefficients for the
lowest three deciles were positive more often than the CFO coefficients for the highest
two deciles. The median values of the CFO coefficients for the lowest two quintiles were
also noticeably higher (less negative) than the median CFO coefficients for the highest
three deciles. This gives some support for the timely loss recognition role of accruals as
CFO can be considered a proxy for gains or losses (Ball and Shivakumar, 2006).
Furthermore, Jeter and Shivakumar showed that the average R2 value increased from
0.43 with the Jones model to 0.73 with the CFO model. Jeter and Shivakumar also find
evidence that the CFO model is more effective in detecting artificially induced earnings
management than the Jones model. This is especially evident for low magnitudes of
earnings management (1% and 2% of lagged total assets).
According to Ball and Shivakumar (2006), the accounting conservatism implies that
accrual models that are linear in cash flow are misspecified. Instead, they argue that the
correct specification most likely is piecewise linear. Thus, they propose a piecewise
linear regression approach when estimating discretionary accruals with the Jones
model:

ܶܥܥܣ௧ ൌ ߙ  ߙଵ ܺ௧  ߙଶ ܸܴܣ௧  ߙଷ ܴܣܸܦ௧  ߙସ ܴܣܸܦ௧ ή ܸܴܣ௧  ߴ௧
where Xt are the independent variables of the Jones model3, VARt is a proxy for gains
and losses and DVARt is a dummy variable equaling one in case of losses in year t. Ball
and Shivakumar considered four different proxies for gains and losses: level of CFO,
change in CFO, industry-adjusted CFO and abnormal returns. The industry-adjusted
cash flow is calculated as the industry median CFO (three-digit SIC) subtracted from
CFO. The abnormal returns are calculated as stock return minus CRSP equally
weighted market return. The dummy variable equals one if the proxies for gains and
losses is less than zero. The coefficient 2 is expected to be negative as there is a
negative correlation between accruals and CFO. However, if the asymmetrically timely
loss recognition role of accruals is dominant, the expected sign for the interaction term
(4) is positive. The results from the study showed that the coefficients are as expected
3

In addition to the Jones model, Jeter and Shivakumar also test the piecewise linear approach with the
models suggested by Dechow, Kothari and Watts (1998) and Dechow and Dichev (2002).
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for these two coefficients for all three CFO based proxies for gains and losses. When
abnormal returns were used as a proxy for gains and losses, the coefficient 2 has
inconsistent signs, whereas the interaction term is positive. Ball and Shivakumar do not
directly test for the earnings management detection ability of the different models but
they do document noticeably higher R2 values for the CFO based piecewise linear Jones
models. When abnormal returns were used as a proxy for gains and losses, the value
was only marginally higher than with the linear Jones model.

2.4. Detecting earnings management during financial distress
The earnings management behavior of companies experiencing financial distress has
been the topic of a large number of studies. The obvious situation when a company is
experiencing financial distress is bankruptcy. Thus, there are several studies where the
bankrupt companies’ earnings management behavior prior to failure has been
investigated. Another commonly used proxy for financial distress has been violations of
debt covenants. A number of studies have examined whether companies that have
violated or are close to violating debt covenants have resorted to earnings management.
In addition to these proxies, other proxies such as persistent losses and dividend
reductions have also been used when studying earnings management responses to
financial distress. To better understand the somewhat contradictory results from these
studies, different failure processes and the companies’ responses to the financial
distress are discussed in the following chapter. Furthermore, in subsequent chapters,
previous studies examining the relationship between different proxies for financial
distress and earnings management are presented.

2.4.1. Failure process and response to financial distress
Ooghe and DePrijcker (2008) described the failure process for four different types of
companies: unsuccessful start-up companies, ambitious growth companies, dazzled
growth companies and apathetic established companies. For the unsuccessful start-up
companies, three signs of distress were observed: heavy capital expenditures, low sales
levels and underestimated expenses. These negative signals led to liquidity problems,
which in turn often led to the failure of the companies shortly after the start-up.
Furthermore, Ooghe and DePrijcker argued that the lack of external legitimacy and the
stakeholders’ mistrust accelerated the failure process of the unsuccessful start-up
companies. The first negative sign for the ambitious growth companies was a major
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increase in the debt/equity ratio due the launches of various expansion plans.
Furthermore, large overestimation of demand resulted in a turnover insufficient to
cover expenses and to large overcapacity. As a result, the insufficient profits and cash
flow together with a high debt/equity ratio made the companies vulnerable to changes
in their environment. A change in the company’s environment which would have led to
a loss of strategic advantage might have led to bankruptcy within a short period of time.
The third type of company was dazzled growth companies. Contrary to the ambitious
growth companies, the launched expansion plans for the dazzled growth companies
were initially successful. This initial success lead to an over-optimism, which eventually
lead to overestimated sales, large overcapacity and high expenses. However, dazzled by
the initial success, the company management would not react until they were faced
with critical difficulties. With the critical difficulties, the survival of the dazzled growth
companies was unlikely. The fourth type of company was apathetic established
companies. In these companies, the management stuck to previously successful
strategies even though changes in the environment had gradually decreased the
advantages of those strategies. The management of the apathetic established companies
did not react to the decreasing profits until the companies started to suffer from a
significant lack of internal finance. This gradually led to inappropriate capital
expenditures and low sales, which were insufficient to cover increased expenses. This,
in turn, led to liquidity and solvency problems. These problems were further worsened
by the fact that customers and creditors lost confidence in the companies.
As shown by Ooghe and DePrijcker, the failure process in itself is rather different for
different types of companies. However, even though the reasons for failure are
different, the symptoms are usually quite similar. It is only the timing of the symptoms
that vary between the different types of companies. The first symptom is usually
decreasing or low sales. The insufficient cash flows and profitability then gradually lead
to a lack of internal finance, which in turn leads to liquidity problems. Finally, the
liquidity problems lead to an increase in liabilities and once the deteriorating solvency
reaches a certain point a bankruptcy becomes inevitable.
Donaldson (1969) characterized six different phases in which the company
management tries to take measures against persisting financial difficulties. In the first
phase, the management utilizes free cash balances, the amount and timing of various
discretionary payments and short-term bank loans. In the second phase, the so-called
instant reserves utilized in the first phase become too low to handle the financial
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difficulties. Therefore, the management turns to long-term loans. In both the first and
the second phases, the purpose is to insulate the company from the financial
difficulties. In the third phase, the management will try to increase efficiency and
minimize costs. This results, for example, in liquidation of assets that are considered
redundant. In the fourth phase, the management starts re-examining the norms of the
company’s financial policy. For example, the management might start utilizing
remaining reserves or trying to increase debt beyond previously set boundaries. In the
fifth phase, the management starts re-examining strategic goals and expenditures. The
company might, for example, be forced to liquidate assets even though it might have an
adverse effect on performance. In the sixth phase, all internal and external reserves
have been exhausted and all peripheral equipment has been liquidated. Even though
the result is a decrease in sales and profitability, the only available measure to
counteract the financial difficulties is to constrain the cash outflows. If the company at
this point still has capital tied up in the inventory, these funds are released.

2.4.2. Earnings management prior to bankruptcy
The threat of bankruptcy usually brings with it a number of different incentives to
manage earnings. It seems plausible that the management of a company facing
bankruptcy would only try to increase earnings. However, the company might also have
incentives to decrease earnings. Charitou, Lambertides and Trigeorgis (2007)
presented explanations for both income increasing and income decreasing earnings
management prior to bankruptcy. The company’s management may try to avoid
violations of debt covenants, or simply a bankruptcy, by increasing the reported
income. Acting more out of self-interest, the management might also increase the
reported income to reduce the risk of losing their jobs or to increase possible bonuses
and other compensations. The reasons for decreasing the reported earnings might be
that the auditors or the lenders pressure the management to choose conservative
accounting practices or that the management is trying to signal the financial distress
more clearly in order to obtain concessions from various parties. When the company is
close to bankruptcy, it is probable that the management will be changed at some point.
The new management might then decrease the earnings further and blame the poor
results on the old management. Charitou et al. also pointed out that what seems to be
income decreasing earnings management, might be a natural result of the declining
economic performance. Yet another explanation for income decreasing earnings
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management prior to bankruptcy is that previously used income increasing earnings
management is reversed (Leach and Newsom, 2007).
Kallunki and Martikainen (1999) used a sample of 47 failing Finnish companies for the
period of 1983 to 1989 to study pre-bankruptcy earnings management. Of these 47
failing companies, 45 had experienced a liquidity bankruptcy. Additionally, a control
sample containing 47 non-failed companies matched on industry and size was used.
They included data from six years prior to the failure of the companies. Instead of using
the more traditional aggregate accrual models for measuring the level of earnings
management, Kallunki and Martikainen measure earnings management as the sum of
depreciation in excess of plan, changes in reserves and changes in pension fund
liabilities. The results from the study showed that the failing companies resort to
positive earnings management for three years prior to failure. In other words, the
earnings management measure was significantly positive for this period. For four to six
years prior to failure the failed companies did not display earnings management
significantly different from zero. Furthermore, for most years the non-failed companies
in the control sample did not show earnings management significantly different from
zero. It is, however, noticeable that means and medians for the earnings management
measure for the non-failed companies were negative during all six years examined.
According to Kallunki and Martikainen, the negative measures for earnings
management are explained with the Finnish companies managing earnings downwards
in order to reduce taxes.
Charitou et al. (2007) examined the earnings management behavior of 859 US
companies that filed for bankruptcy during the period 1986 to 2004. The earnings
management measure was based on the cross-sectional modified Jones model.
Differently from most studies employing the Jones model, Charitou et al. estimated
current and long-term discretionary accruals separately. The current accruals were
estimated with a change in sales as an explanatory variable whereas long-term accruals
were estimated with property, plant and equipment as an explanatory variable.
Furthermore, Charitou et al. employed performance matching based on industry, year
and ROA as suggested by Kothari et al. (2005). According to the performance matching
the estimated discretionary accruals for a matched company is subtracted from the
estimated discretionary accruals for a bankruptcy company. Charitou et al. used the
models to measure discretionary accruals for the bankruptcy companies from three
years prior to bankruptcy to the year of bankruptcy. The descriptive statistics for the
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bankrupt companies showed that both the mean and median total accruals were
significantly negative during all four years. Furthermore, the median change in
discretionary accruals showed that the decrease in total accruals becomes larger as the
bankruptcy approaches. According to Charitou et al. the negative total accruals indicate
an income decreasing behavior, which portrays serious financial problems. The net
effect of both the current and the long-term discretionary accruals showed a noticeable
decrease from three years prior to bankruptcy to the year of bankruptcy. One year prior
to bankruptcy the changes in current and long-term discretionary accruals were both
significantly negative. Although the changes in both the current and the long-term
discretionary accruals were negative prior to this, the changes were not significant.
During the year of bankruptcy the change in long-term discretionary accruals stayed
negative, whereas the change in current discretionary accruals turned positive. The
changes in discretionary accruals during the year of bankruptcy were, however, not
significant.
Leach and Newsom (2007) tested for earnings management among 114 publicly traded
companies (NYSE, AMEX, and NASDAQ) that filed for bankruptcy between 1980 and
2000. They used the cross-sectional modified Jones model to estimate the current
discretionary accruals. In other words, they regressed the current total accruals on
change in sales. Leach and Newsom explained their choice of current accruals in
advance of total accruals by stating that most of the variability in total accruals is
related to current accruals. Furthermore, they stated that current accruals are the
component of total accruals that can be manipulated the most by managers. Leach and
Newsom measure discretionary accruals from one to five years prior to bankruptcy. The
results showed that mean discretionary accruals were significantly positive (10% level)
five years prior to bankruptcy. Moreover, in years five and four prior to bankruptcy
both the mean and median discretionary accruals were positive. Three years prior to
bankruptcy the mean and median discretionary accruals turned positive and years two
and one prior to bankruptcy both the mean and median discretionary accruals were
significantly negative. An explanation offered for this behavior is that the companies
facing bankruptcy reverse their earnings management prior to filing for bankruptcy. As
an additional test, Leach and Newsom investigated if the discretionary accruals are
different for the bankrupt companies that had been convicted of fraud than for the
bankrupt companies not convicted of fraud. The results showed that the bankrupt
companies that had not been convicted of fraud reverse their earnings management
prior to filing for bankruptcy. The bankrupt companies that had been convicted of
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fraud, on the other hand, showed positive discretionary accruals two years prior to
bankruptcy. Furthermore, the difference between the two subsets of bankrupt
companies was significant two years prior to bankruptcy. It is, however, noticeable that
only eigh out of the 114 bankrupt companies in the sample were convicted of fraud.
Lara, Osma and Neophytou (2009) analyzed earnings quality for failed UK companies
one to four years prior to failure. They hypothesized both that failed companies manage
earnings in the years before failure and that in the year prior to failure, previously
managed earnings reverse, leading to an accumulation of negative accruals just before
failure. The samples in the study consisted of 268 UK companies (834 firm years) that
had declared insolvency between 1998 and 2004 and had at least three years of full
financial statement data prior to failure and 2801 UK and Irish non-failed companies
(14742 firm years). To measure possible earnings management, Lara et al. used the
current accruals version of the modified Jones model with change in CFO as an
additional explanatory variable, as suggested by Kasznik (1999). Lara et al. did not
directly report the levels of discretionary accruals for the samples. Instead, they first
split the failed companies into two subsamples containing high and low probability
bankrupt companies, using the model suggested by Charitou et al. (2004). The
discretionary accruals were then compared between these two subsamples.
Furthermore, discretionary accruals from both subsamples were compared with
discretionary accruals for non-failed companies. The results showed that there are no
significant differences in discretionary accruals four to two years prior to failure. One
year prior to failure, however, the discretionary accruals for the failed companies were
significantly lower than for the non-failed companies. When comparing the high and
low probability companies, the results showed that in years four to two prior to failure
the low probability companies had significantly higher discretionary accruals than the
high probability companies. According to Lara et al., this suggested that companies that
show a low probability of bankruptcy have managed to conceal their poor performance
by managing earnings. One year prior to failure the low probability companies showed
significantly lower discretionary accruals than the high probability companies. This
indicated that one year prior to failure the failing companies had exhausted their means
of accruals-based earnings management, which led to a reversal of the previously
employed income increasing earnings management. Finally, Lara et al. compared the
discretionary accruals for the low probability companies with the discretionary accruals
for the non-failing companies. The results were similar to those between the high
probability and low probability companies.
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Demirkan and Platt (2009) used Altman’s (1968) bankruptcy prediction model to
classify manufacturing US companies into three groups according to their financial
health: financially healthy companies, gray-area companies and financially distressed
companies. Furthermore, they hypothesized that the discretionary accruals of a
company are related to its financial health, that is, companies use discretionary
accruals to avoid appearing financially distressed. To measure discretionary accruals,
Demirkan and Platt employed the model suggested by Kothari et al. (2005). That is, the
discretionary accruals are first estimated with the modified Jones model. The final
discretionary accruals were then acquired by subtracting the discretionary accruals for
the examined company with the discretionary accruals for a company matched on
industry and lagged ROA. The results showed that both healthy and gray-area
companies have significantly higher discretionary accruals compared to the distressed
companies. Furthermore, the results also showed that the gray-area companies engage
in earnings management, whereas the healthy and distressed companies do not.
According to Demirkan and Platt, the earnings management behavior exercised by the
gray-area companies is explained either by opportunistic behavior or noise in the
accounting information. The main reason offered for why the distressed companies do
not engage in earnings management was simply that they have exhausted their means
of managing earnings.
The results from the studies referred to above are rather unambiguous. Except for the
results in Kallunki and Martikainen’s study, the results suggest that bankrupt
companies show significantly negative earnings management during the last one or two
years prior to bankruptcy. A plausible explanation to this is that the negative earnings
management is previously employed positive earnings management that is reversing.
This explanation is supported by evidence showing that the bankrupt companies resort
to income increasing earnings management several years prior to bankruptcy. Another
explanation to the significantly negative discretionary accruals during the last year
prior to bankruptcy is that the data may contain adjustments made by the auditor in
light of the bankruptcy filing (Charitou et al., 2007). It is also possible that the earnings
management detection models are misspecified. Previous studies have established a
non-linear relationship between accruals and financial performance. The models used
in the studies referred to in this chapter are, however, linear models. Some of the
models even fail to control for company performance.
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2.4.3. Earnings management prior to violating debt covenants
Another common proxy for financial distress in earnings management studies is debt
covenant violations. It is obvious that it is in the interest of the company’s management
to avoid violating debt covenants as it can lead to heavy re-contracting costs or
accelerated debt maturity. It can therefore be expected that the company management
might resort to income increasing earnings management if the company is close to
violating debt covenants.
DeFond and Jiambalvo (1994) examined the discretionary accruals for 94 companies
that had reported debt covenant violations in their annual reports between 1985 and
1988. To test for earnings management, they employed both the time-series based and
the cross-sectional Jones models. A limitation with the time-series based Jones model,
which DeFond and Jiambalvo acknowledged, is that it requires at least six years of data
prior to year -1, reducing the sample to 66 companies. Both types of Jones models were
used with both total accruals and current accruals as the dependent variable. When
current accruals were used as the dependent variable, property, plant and equipment
was removed as an explanatory variable from the Jones model. One year prior to the
violation of the debt covenants, the results showed significantly positive total and
current discretionary accruals with both the time-series based Jones model and the
cross-sectional Jones model. Thus, the evidence suggested that there is positive
earnings management prior to the violation. In the year of the violation, both models
indicated negative total and current discretionary accruals. The discretionary accruals
were, however, not significantly different from zero. According to DeFond and
Jiambalvo, the negative discretionary accruals during the year of the violation might
have depended on going concern qualifications and manager changes. In other words,
the auditors of the companies with going concern qualifications might have imposed
conservative accounting practices and the new managers might have taken an “earnings
bath”. Once the companies with going concern qualifications and manager changes
were removed from the sample, the remaining 51 companies showed positive total and
current discretionary accruals. The discretionary accruals were, however, not
significantly different from zero.
Jaggi and Lee (2002) argued that the choice of income increasing or income
discretionary accruals depend on the severity of the financial distress. If the company
management expects the financial distress to be temporary, the probability of income
increasing earnings management is higher. Based on this, Jaggi and Lee hypothesized
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that the debt covenant violating companies that have obtained covenant waivers display
income increasing discretionary accruals. Consequently, they also hypothesized that the
debt covenant violating companies that have not obtained covenant waivers display
income decreasing discretionary accruals. Finally, Jaggi and Lee also hypothesized that
debt restructuring companies display income decreasing discretionary accruals. The
sample in Jaggi and Lee’s study consisted of 135 US companies that violated debt
covenants and 102 companies that restructured their debts between 1989 and 1996. Of
these companies 21 appeared in both categories. Of the companies that violated debt
covenants, 37 had received a permanent covenant waiver, whereas 51 received a
temporary waiver. The discretionary accruals were measured using four different
models. These four models were both the time-series based and cross-sectional Jones
models as well as the CFO model (Kasznik, 1999) and the performance matched model
(Kothari et al., 2005). The results showed that the discretionary accruals were
significantly positive for the companies that had received covenant waivers with all four
models. The companies that did not receive covenant waivers, on the other hand,
showed significantly negative discretionary accruals. Furthermore, the results showed
that the companies that had received a permanent covenant waiver displayed
significant positive discretionary accruals, whereas the companies with temporary
covenant waivers did not show discretionary accruals significantly different from zero.
Finally, Jaggi and Lee also showed that the debt-restructuring companies have
significantly negative discretionary accruals. An explanation provided for the negative
discretionary accruals was that the company’s management is motivated to highlight
the financial difficulties in the hope of obtaining better debt contract terms.
The results above suggest that companies do in fact manage their earnings upwards in
order to avoid violating their debt covenants. This contradicts to some extent the
evidence from the bankrupt companies as they mostly showed income decreasing
earnings management prior to failure. The evidence above does, however, also show
that if the financial distress is more severe, the companies resort to income decreasing
earnings management instead of income increasing earnings management. As with the
bankruptcy companies, a possible explanation is that the debt covenant violating
companies have managed their earnings upwards several years prior to the violation.
As the financial distress has continued and the company has exhausted their means of
upwards earnings management, the previously employed income increasing accruals
start to reverse.
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2.5. Summary
In general, earnings management can be defined as the utilization of the discretion in
reporting provided by GAAP. Although the definition of earnings management varies
somewhat in different studies, most agree that earnings management is within the
boundaries of GAAP and that the main purpose of earnings management is to mislead
the company’s stakeholders. The problem when measuring earnings management is
that managements’ use of discretion in reporting is not directly observable. Therefore, a
number of different models for estimating the discretion used in reporting has been
developed. A majority of these models are so-called aggregate accruals models which
are based on total accruals. The aggregate accruals models are then used for estimating
the non-discretionary part of total accruals. The discretionary accruals, a proxy for
earnings management, are obtained by subtracting the non-discretionary accruals from
the total accruals. Most aggregate accruals models are based on the model presented by
Jones (1991). In the Jones model the assumption is that total accruals are explained by
the change in sales and by property plant and equipment. Subsequent studies have
shown that performance is also a significant factor in explaining the total accruals. A
problem is, however, that the relationship between total accruals and performance is
non-linear. This might bias the results as the Jones type of aggregate accrual models
employ a linear regression approach. Even though different solutions for dealing with
this problem have been suggested, none of them is truly non-linear.
There are several studies where the earnings management response to financial distress
has been examined. Several proxies for financial distress have been used but the two
most common are bankruptcies and violations of debt covenants. The results from
these studies have been relatively mixed. Some studies show that companies in
financial distress employ positive earnings management prior to failure, whereas other
studies show the opposite. One explanation for the mixed results is the different proxies
for financial distress. For example, bankruptcy can be considered a more serious form
of financial distress than a violation of a debt covenant. Consequently, the incentives
and possibilities for earnings management are different for companies with these types
of financial problems. However, when considering only the bankrupt companies, the
results are still not unambiguous. This can partly be explained by the different
approaches used for detecting earnings management among the bankrupt companies.
Some of the models used for detecting earnings management among bankrupt
companies are misspecified for this task. Another explanation is that the road to
bankruptcy is not the same for all companies. For example, some bankrupt companies
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might have exhausted all their means of positive earnings management long before
failure, whereas other bankrupt companies might have ample possibilities to manage
earnings even though failure is close.
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3

NEURAL NETWORKS

3.1.

Introduction

This chapter starts with a general presentation of neural networks. The most commonly
used type of neural network in business studies, the feed-forward back-propagation
neural network, is presented in more detail. This follows a literature review in which
studies comparing the performance of linear regression and neural networks are
included. Finally, various accounting studies employing neural networks as research
methods are presented.

3.2. Overview of neural networks
Neural networks can roughly be categorized into two groups: those that operate
according to the supervised learning paradigm and those that operate according to the
unsupervised learning paradigm. With supervised learning, both the input and
corresponding output values for the training data set are known. With unsupervised
learning, only the input values are known. Neural networks based on supervised
learning are mainly used for prediction and classification, whereas neural networks
based on unsupervised learning are used for clustering. The most commonly used type
of neural networks in business studies is the feed-forward back-propagation neural
network (BPNN) (Calderon and Cheh, 2002; Vellido, Lisboa andVaughan (1999);
Coakley and Brown, 2000, Zhang, Patuwo and Hu, 1998). As this type of neural
network is also used in the empirical part of this study, it is presented in more detail in
this section.
A BPNN typically comprises at least three different layers: an input layer, one or more
hidden layers and an output layer (see Figure 1). Usually, however, when counting the
number of layers, the input layer is ignored as it does not perform any computations
(DeTienne, DeTienne and Joshi, 2003). Thus, the BNPP in Figure 1 has two layers. The
number of nodes in the input and output layers are usually rather straightforward. The
number of nodes in the input layer corresponds to the number of independent variables
and the number of nodes in the output layer to the number of dependent variables. The
number of hidden layers and hidden layer nodes, on the other hand, is a bit more
problematic to define. Even though some rules of thumb exist, there is no general rule
for defining the number of hidden layer nodes and hidden layers. For example, in some
studies the required number of hidden layer nodes has been set to one plus twice the
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the training is when the error has reached zero. However, in most applications the error
will never reach zero. Other conditions for stopping the training are when the error has
reached a predetermined target value or when the training data set has been presented
to the network a certain number of times. It might, however, be difficult to determine
the error target value or the number of times the training data set should be presented
to the network in advance. Perhaps the most efficient way to determine when the
training should stop is to use a separate validation data set. Usually the validation data
set is created using a certain percentage of the observations from the training data set.
Furthermore, the observations in the validation data set are not used for adjusting the
weights of the BPNN. By using the validation data set, the training is stopped when the
validation error remains constant or starts increasing.
Ultimately, the performance of the BPNN is determined by how well it generalizes new
data, that is, to data that has not been used during the training process. To test the
ability to generalize, a test data set is usually used. As with the validation data set, the
test data set usually comprises a certain percentage of the observations in the training
data set. The observations in the test data set are in no way used during the training
process. Typically, 10% or 20% of the entire training data set is used for both the
validation and the test data sets. One problem when assessing the results from a BPNN
is that the BPNN is not deterministic. That is, the neural network produces somewhat
different results each time it is trained. The reason for this is due to the random
initialization of the weights. As there is a risk that the BPNN training gets stuck in a
local minimum, it might be warranted to re-train the BPNN with several different
random sets of initial weights. The trained BPNN that produces the lowest test error is
then selected for further use.

3.3. Neural networks versus linear regression
When applied to regression analysis problems, neural networks have several appealing
advantages when comparing them to traditional statistical methods, such as linear
regression. DeTienne et al. (2003) discussed the main advantages and disadvantages
with neural networks when compared to linear regression. First, a considerable
disadvantage with linear regression is that it cannot deal with non-linear relationships
between the dependent variable and the independent variables. Neural networks, on
the other hand, can effectively model non-linear relationships. Second, the
performance of linear regression models hinges largely on various assumptions such as
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absence of multicollinearity, and normally distributed residuals with zero mean and
constant variance. In contrast, these assumptions are not required with neural
networks. Third, when using linear regression the underlying model must be specified
in advance. With linear regression, for example, the model assumption is that the
dependent variable is related to a linear combination of the independent variables
(Warner and Misra, 1996). This is not required with neural networks as they are
entirely data driven. Finally, linear regression is relatively sensitive to missing and
noisy data as well as outliers in the data. Neural networks, on the other hand, are less
sensitive to these kinds of features in the data.
Denton (1995) compared the performance of a feed-forward neural network to the
performance of linear regression. The estimation/training data used in the comparison
consisted of 25 observations randomly generated from a theoretical distribution. The
test data consisted of 100 observations randomly generated from the same distribution
as the estimation/training data. The ability of the neural network and the linear
regression approach to forecast the observations in the test data were assessed in four
cases by measuring the mean squared error (MSE). In the first case, the regression
model was correctly specified and the assumptions for the linear regression were valid.
The results from the first case showed that the performance of the neural network was
not significantly different from that of the linear regression. In the second case, an
outlier was placed in the estimation/training data. When only the dependent variable
was set as an outlier, there was no significant difference between the performance of
the neural network and the linear regression approach. However, when both the
dependent variable and the independent variables were set as outliers, the neural
network outperformed the linear regression approach. In the third case, the ability to
handle multicollinearity was tested. Both the estimation/training data and the test data
were injected with multicollinearity. The results showed that the neural network was
superior when there was multicollinearity in the data. In the fourth case, the regression
model was incorrectly specified. That is, an interaction term between two independent
variables in the function was left out from both the neural network and the linear
regression approach. With ambiguities in the randomly generated data, the
performance of the neural network showed substantial variations. Furthermore, the
neural network did not perform better than the linear regression approach. When the
randomly generated data is replaced with data obtained from a full-factorial design the
neural network outperformed the linear regression approach.
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Several other studies have presented similar findings when comparing linear regression
and neural networks as those reported by Denton (1995). Warner and Misra (1996)
assessed the performance of linear regression and a feed-forward neural network in
solving the simple linear problem where the true relationship was y=30+10x. The
values for x were randomly selected from the range 20 to 100. A random error term
from a normal distribution with mean zero and standard deviation 50 was added to the
value y. Altogether, the sample contained 50 observations. The neural network
consisted of one hidden layer with four nodes and the training was conducted with the
back-propagation algorithm. The performance of the two types of models was assessed
by measuring the sum of squared errors (SSE) for a separate test sample containing
100 observations. The SSE was 0.290 for the linear regression approach and 0.303 for
the neural network. In other words, both models essentially performed equally well.
Marquez, Hill, Worthley and Remus (1992) performed an extensive comparison
between linear regression and neural networks. The neural network used in the study
was a feed-forward neural network-based on the back-propagation learning algorithm.
Furthermore, the neural network architecture used by Marquez et al. had one hidden
layer with six nodes. The number of hidden layer nodes was determined by trial and
error. The regression coefficients were estimated and the neural networks were trained
with 15, 30 and 90 generated pairs of independent and dependent variables.
Furthermore, for each sample size, three sub-samples with different levels of noise
(estimation sample R2 equaling 0.3, 0.6 and 0.9) were used. The performance of the
models was measured with the mean absolute percentage error (MAPE) for a test
sample containing 100 observations. When the true underlying model was linear, the
linear regression approach outperformed the neural network in eight out of nine
conditions. Only with the smallest sample size and the highest level of noise did the
neural network outperform the linear regression approach. However, the mean
difference in MAPE was only 0.72%. When, on the other hand, the true underlying
model was logarithmic, the neural network clearly outperformed the linear regression
approach. In all nine conditions the neural network showed lower MAPE compared to
the linear regression approach. Furthermore, the mean difference in MAPE was 2.39.
Overall, the difference in MAPE grew with an increasing sample size and decreasing
level of noise.
Kumar (2005) used both linear regression and a neural network to estimate the prices
of diamonds based on 12 different attributes. The sample contained data for 304

34

diamonds of which 70% were used for estimating/training the models and 30% to test
the models. The neural network used was a feed-forward network with one hidden layer
with three nodes. The performance of the models was assessed by measuring the root
mean squared error (RMSE). When the original data was considered, the neural
network clearly outperformed the linear regression approach, both when considering
the training sample and the test sample. A closer inspection of the results from the
regression revealed that the distribution of the error terms was skewed and the
variance of the error term was not constant. Kumar solved these violations of the
regression assumptions by employing a power transformation on the dependent
variable. As a result of the power transformation, the regression assumptions were
satisfied. Consequently, the RMSE for the linear regression approach dropped
drastically. Furthermore, with the transformed dependent variable, the linear
regression approach performed significantly better than the neural network with the
original independent variable values.
Nguyen and Cripps (2001) used both multiple linear regression and feed-forward
neural networks to predict housing values. The sample in this study consisted of 3906
observations of sold single family residential properties. Six different sets of dependent
and independent variables were used and the same sets of variables were used in both
linear regression and neural network models. The number of independent variables
varied between 10 and 16. Furthermore, different types of variable transformations,
such as power and logarithmic transformations, were applied to both the independent
and dependent variables. The neural network model employed had one hidden layer,
with the hidden layer nodes depending on the number of independent variables and
ranging between 6 and 12. The models were finally tested with the total sample being
split into a training/estimation sample and a test sample in 18 different proportions.
The results showed that for all six model specifications the neural network outperforms
the linear regression approach when the training/estimation sample is large enough. In
Nguyen and Cripps study a large enough sample equaled 13% to 39% of the total
sample. The linear regression approach, on the other hand, appeared more or less
unaffected by an increasing training/estimation samples size.
In summary, previous research has shown that the neural networks are not superior to
linear regression in all situations. Most studies show that neural networks perform
worse or equally well compared with linear regression when the underlying data is
correctly modeled. If, on the other hand, the underlying data has not been correctly
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modeled, the neural network in most cases outperforms the linear regression approach.
Thus, it is preferable to use neural networks instead of linear regression if the
underlying function of the data is unknown or if it is not possible to model it correctly.
Furthermore, some studies also provide evidence which suggests that neural networks
are not as sensitive as linear regression to outliers and noise in the data. According to
Coakley and Brown (2000), neural networks are to be preferred over traditional
parametric models when the data do not satisfy the assumptions required by the
parametric models or when it is evident that the data contain large outliers.
Even though neural networks provide several advantages over linear regression, there
are also a number of disadvantages. One disadvantage with neural networks is that
there are no clear rules for how to define the architecture and the different parameters
of the network. For example, the number of hidden layers and nodes in the hidden
layer might be problematic to define. Both too few and too many layers and nodes
might impair the performance of the neural network and reduce its ability to generalize
new data. The most common way to determine the number of hidden layer nodes is
simply by trial and error (Zhang et al., 1998). Another disadvantage with neural
networks is that the training of the network is usually a lot more time-consuming than
the estimation of the regression coefficients. For example, Marquez et al. (1992) report
that the time required for estimating the regression coefficients with a sample
containing 100 observations was only a few seconds whereas the neural network
models required tens of minutes for training. Moreover, the training time of neural
networks usually grows exponentially as the number of nodes in the model increase
(Coakley and Brown, 2000). Finally, neural network-based models cannot be
interpreted in the same way as linear regression based-models. More closely, the neural
network weights cannot be interpreted in the same way as regression coefficients
(DeTienne et al., 2003). Furthermore, it is not possible to test the significances of the
neural network inputs (Calderon and Cheh, 2002).

3.4. Neural network applications in accounting research
A large number of different studies in the field of accounting and other areas of
business have employed various types of neural network approaches. Calderon and
Cheh (2002) reviewed 27 studies were neural networks had been used in auditing and
risk assessment. These studies where from six different categories: preliminary
information risk assessment, control risk assessment, errors and fraud, going concern
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audit opinion, financial distress and bankruptcy. More than half of these studies were
from the financial distress and bankruptcy categories. The most commonly used type of
neural networks used in the reviewed studies was the feed-forward back-propagation
neural network. The median number of observations used for training was 130 and the
median number of observations used for testing was 90. Furthermore, the observations
to input variables ratio ranged between 0.18 and 111. In most of the studies reviewed
by Calderon and Cheh the results from the neural network-based models are compared
to the results from various statistical models. The results from the reviewed studies are
rather mixed. The neural network-based models were not unambiguously superior to
the traditional statistical models in any of the six categories. In nine out of 14
bankruptcy

prediction

studies

reviewed,

the

neural

network-based

models

outperformed traditional statistical models, such as logistic regression and
discriminant analysis. Furthermore, in two out of three studies where the ability to
predict a going-concern audit opinions was assessed with different models, the neural
network-based models outperformed traditional statistical models. The results from
detecting errors and fraud were not as promising as the results from predicting
bankruptcies and going-concern audit opinions. All studies but one showed relatively
high levels of both type I and type II errors. To some extent, the relatively poor
performance of the neural network-based models can be explained by small sample
sizes, which easily lead to overtraining of the neural network. According to Calderon
and Cheh, overtraining was evident in many of the studies that they reviewed. Finally,
Calderon and Cheh also pointed out that the software used for employing the neural
network-based models might impact the results. That is, all other things equal,
different neural network software produces different results.
O’Leary (1998) reviewed the results from 15 studies where neural networks had been
used for predicting bankruptcies. The most commonly used type of neural network in
the 15 studies reviewed was a feed-forward back-propagation neural network.
Furthermore, in 13 out of 15 studies the neural network architecture was based on one
hidden layer. The number of nodes in the hidden layer was based on both the number
of input nodes and the sample size. The sample size in the 15 studies ranged from 18 to
233 failed companies. The sample size of matching non-failed companies ranged from
18 to 6153. The neural network-based models used different sets of input variables.
Most of the studies, however, used variables from previously well-known bankruptcy
studies. In most studies, the ability to predict bankruptcies was assessed one year prior
to failure. The neural network-based models in all 15 studies were compared with
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various other bankruptcy prediction models. The most frequently used criteria for
comparison was the number of correctly classified companies. In general, the neural
network-based models outperformed the traditional statistical models in predicting
bankruptcy one year prior to failure. The results were not, however, unambiguous as
the results from some studies showed the opposite or that there was no difference
between the different models. The results from those studies that included data from
more than one year prior to failure showed that the advantage that the neural networkbased models show over traditional statistical models decreases when the prediction is
done more than one year prior to failure. Furthermore, O’Leary also pointed out that
the neural network-based approaches usually take a lot longer to execute than
traditional statistical approaches. In one of the reviewed studies it was reported that it
took on average approximately 24 hours to train the neural network-based models.
Velido et al. (1999) surveyed 123 articles between 1992 and 1998 with various neural
network applications in business. Out of these 123 articles, eight dealt with different
topics in accounting and auditing and 23 with bankruptcy prediction. The remaining
articles covered topics from finance, management and decision making, marketing and
production. The by far most commonly used type of neural network used in the studies
was a feed-forward back-propagation neural network. As many as 80 out of 123 studies
employed this type of neural network. Even though neural networks with supervised
learning dominated the reviewed studies, there were also a number of studies using
various types of neural networks with unsupervised learning. For example, three
bankruptcy prediction studies employed a self-organizing map (SOM) for separating
the failed and non-failed companies. The results obtained with the neural networks in
the different studies were promising. In those studies where the neural network-based
models were compared with other techniques, the neural network-based models
outperformed the other techniques in 45 cases. In 14 cases the neural network-based
models yielded similar results to that of other techniques, whereas in only three cases
the other techniques outperformed the neural network-based models. Furthermore,
Velido et al. conclude that in 26 articles, neural networks are deemed as promising for
the future development of the application and in 29 articles, neural networks are shown
to offer new insight into the application.
Wong, Bodnovich and Selvi (1997) produced a survey of 203 articles containing 213
different neural network applications in business. The surveyed articles were published
between 1988 and 1995. Out of these 203 articles, four contained applications in
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accounting and auditing. More closely, the accounting and auditing articles covered five
different applications: audit opinion prediction, auditor’s going concern uncertainty
decision prediction, LIFO/FIFO classification, litigation prediction and tax form
processing. Other application areas in the survey were finance, human resources,
information systems, marketing and productions. In 82 of the 213 applications, the
neural network models were compared with different conventional techniques. The top
three conventional techniques used for comparison were discriminant analysis,
regression analysis and logistic regression. In 47 studies the neural network approach
was found to be superior compared to the traditional techniques, whereas the neural
network approach was found to be inferior in only three studies. Furthermore, in a
majority of the studies the neural networks were considered as a new or practical
approach. Several studies also provided evidence that the neural networks exhibited or
improved accuracy, consistency, effectiveness, efficiency or flexibility in the
applications. Compared to other overview and survey articles, Wong et al. did not
discuss the technical aspects of the neural network, such as sample size, variables and
network architecture.
In general, several clear trends emerge when reviewing studies where neural networks
have been used in different applications in the area of accounting. First, a substantial
majority of the studies deal with bankruptcy prediction. Other application areas are
covered in only one or two studies. Second, the most commonly used type of neural
networks is the feed-forward back-propagation neural network. Only a few studies
employ other types of neural networks, such as general regression neural networks
(GRNN) and self-organizing maps (SOM). Third, the results from the studies are
mixed. Even though a majority of the studies show results in favor of the neural
networks, there is also a noticeable number of studies where the traditional statistical
methods perform as well as or better than the neural networks. There are several
explanations to the ambiguities in the results. One explanation is that the sample size is
relatively small in several studies. It has been shown that the performance of neural
network-based models improves as the sample size grows. Another explanation is that
there is a great variation in the different neural networks parameters and settings. For
example, some studies use one hidden layer, whereas other studies use two hidden
layers. Finally, it is also possible that the software used for employing the neural
networks has an impact on the results.
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3.5. Summary
The most commonly used type of neural networks in business studies is the feedforward back-propagation neural network (BPNN). This type of neural network
operates according to the supervised learning paradigm. When applied to regression
analysis problems, neural networks have several appealing advantages when comparing
them to traditional statistical methods, such as linear regression. For example, a
considerable advantage with the BPNN is that it can handle non-linear relationships
between the dependent variable and the independent variables. The BPNN is, however,
not superior to traditional statistical methods in all situations. If the underlying data
has been correctly modeled, the traditional statistical methods usually perform as well
as or outperform the BPNN. BPNN and other types of neural networks have
successfully been employed in a large number of different accounting studies. The most
common application in accounting studies that use neural networks is bankruptcy
prediction. Even though a majority of the accounting studies that use neural networks
show that the neural networks outperform the traditional statistical approaches, there
are also a number of studies that show the opposite.
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4

RESEARCH TASK, DATA SETS AND RESEARCH DESIGN

4.1.

Research task

The purpose of this study is to assess the ability of neural networks to detect earnings
management. More closely, the purpose is to assess the ability of neural network-based
models to estimate the discretionary portion of total accruals. This is done by
comparing the performance of three neural network-based models with the
performance of four commonly used linear regression-based earnings management
detection models. The linear regression-based models used in this study are the crosssectional Jones model (DeFond and Jiambalvo, 1994), the cross-sectional Jones model
augmented with ROA as an independent variable (Kothari et al., 2005), the crosssectional Jones model augmented with CFO as an independent variable (Rees et al.,
1996) and the piecewise linear Jones model (Ball and Shivakumar, 2006). The neural
network models in this study are based on a multilayer perceptron (MLP) which utilizes
a supervised learning algorithm. The input and output variables in the three neural
network-based models are those used in the cross-sectional Jones model, the cross
sectional-Jones model augmented with ROA and the cross-sectional Jones model
augmented with CFO.
One major problem when evaluating accrual based earnings management detection
models is that it is difficult to assess their performance. This is because the actual
degree of earnings management is usually not known. In this study, the performance of
the models is evaluated in three steps. First, the discretionary accruals for a large data
set of randomly selected companies are estimated. It can be expected that the mean and
median discretionary accruals for a large randomly selected data set are close to zero.
Thus, the performance of the models is assessed based on how close to zero they
estimate the mean and median discretionary accruals. Second, the discretionary
accruals for the random data set are ranked according to six different variables. The
discretionary accruals in the highest and lowest quartiles for all six variables are then
examined. If the models are well specified, the mean and median discretionary accruals
in the highest and lowest quartiles should be close to zero. That is, the discretionary
accruals do not correlate with the variables used for ranking. For each variable and
quartile the models are scored from 0 to 6, so that the model with mean (median)
discretionary accruals furthest away from zero is assigned 0 and the model with mean
(median) discretionary accruals closest to zero is assigned 6. The final score is
calculated by summing the scores for the different variables and quartiles. The
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performance of the models with the stratified random data set is assessed based on the
scores for the mean and median discretionary accruals.
Third, a commonly used method for assessing the performance of earnings
management detection models is to artificially induce accrual manipulation into
financial statement data (e.g. Dechow et al, 1995, Kothari et al., 2005 and Jeter and
Shivakumar, 1999). In this study, two types of earnings management are simulated:
expense manipulation and revenue manipulation. The magnitude of the simulated
earnings management ranges between -5% and 5% of lagged total assets. The earnings
management is simulated on 1000 data sets containing financial statement data from
100 companies each. These 1000 data sets are created from a data set containing
financial statement data from 1000 companies by employing bootstrap sampling. The
performance of the models is assessed on the levels of type I and type II errors they
generate. That is, the better the model, the higher the number of data sets with and
without simulated earnings management is classified correctly. With the simulated
data, it is quite straight forward to compare the different models. However, the
drawback with simulated data is that it does not necessarily picture correctly a realworld accrual process.
Once the performance of the models has been assessed in the three steps described
above, the discretionary accruals for a data set of 110 Finnish failed (bankrupt and
reorganizing) companies are estimated. The discretionary accruals are estimated one to
four years prior to failure. The results cannot directly be used for evaluating the
earnings management detection ability of the models since the actual degree of
earnings management is not known. Instead, the results are used to test whether the
models produce different discretionary accrual estimates for the failed companies. This
is of interest as several previous studies have shown that bankrupt companies have
large discretionary accruals prior to failure (e.g. Charitou et al, 2007 and Leach and
Newsom, 2007). As it can be expected that failing companies engage in income
increasing rather than income decreasing earnings management, a possible explanation
for these findings is that models for estimating discretionary accruals are biased. The
possibility of a bias in the models is corroborated by a number of studies (e.g. Dechow
et al., 1995) where a correlation between extreme company performance and
discretionary accruals has been shown. As this problem partially originates from the
non-linear relationship between company performance and accruals, it can be expected
that the neural network-based models reduce the bias.
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In the remainder of this chapter the data sets used in the empirical part of this study
are presented. Furthermore, the evaluation of the performance of the models is
discussed more in detail.

4.2. Data sets
The empirical part of this study is divided into four parts. The data sets in the first three
parts consist of financial statement data from public North American manufacturing
companies (SIC 20xx-39xx). This data set is randomly divided into an estimation data
set and an evaluation data set. The data set in the fourth part comprises financial
statement data from Finnish bankrupt and reorganizing companies. In addition to the
failing companies, a data set containing companies matched with the failing companies
on year, industry and size is created. Furthermore, estimation data sets for each year
and industry are created.

4.2.1. North American manufacturing companies
The data set for the first three parts of the empirical study consists of all public North
American manufacturing companies (SIC 20xx-39xx) with sufficient financial
statement data for 2006 and 2007. The financial statement data is retrieved from the
Compustat North America database. Furthermore, observations for which the absolute
value of total accruals divided by lagged total assets exceeds one are excluded (Kothari
et al, 2005). Also a common way to pre-process the data is to winsorize either the
dependent variable or both the dependent variable and the independent variables. For
example, Teoh et al. (1998) winsorizes total accruals at the 1st and 99th percentiles
whereas Bartov et al. (2001) winsorize all variables at three standard deviations from
their mean values. In this study, the performance of the models is assessed both with
and without winsorization. The winsorization is applied in such a way, that all variables
are winsorized at the 1st and 99th percentile. The reason to not employ winsorization is
that the non-linear relationships between the variables mostly occur at extreme values.
Winsorizing these extreme values might thus impair the non-linear modeling of the
neural network, leading to a poorer generalizability. Once the observations with total
accruals larger than lagged total assets have been removed, the final size of the data set
is 1801 companies. The data set is then randomly divided into an estimation data set
containing 801 companies and an evaluation data set containing 1000 companies. The
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evaluation data set is used to evaluate the performance of the models and is in no way
used in the estimation and training processes. In addition to the estimation data set,
the neural network-based models require a validation and a test data set. Therefore, for
the neural network-based models the estimation data set is further randomly divided
into a training data set, a validation data set and a test data set. The training data set
constitutes 80% and the validation and test data set 10% each of the estimation data set
(see Figure 3). For the regression-based models the test data set equals the estimation
data set.

Estimation data set

Evaluation data set
Training

Valid.

80 %
801 companies (SIC 20xx-39xx)

Test

10 % 10 %

1000 x 100 companies

1000 companies

Figure 3 Sample structure

To make sure that the random division of the estimation data set does not affect the
results, a 10-fold cross validation (see Figure 4) is employed. This leads to ten different
training, validation and test data sets. The order of the companies in the sample is not
changed as the location of the validation and test data sets are shifted right. Thus, the
cross validation also ensures that each company will at some point be included in each
one of the three estimation data set sub-data sets. From the model point of view, the
cross validation leads to ten different regression coefficient estimates and trained
networks. The results obtained with the different coefficients and networks are
averaged to acquire the final results.

Estimation data set
Training
Test
Valid.

Valid.
Training
Training

Test

Test

1

Valid.

2
3
:

Training

Valid.

Test

Train. 10

Figure 4 Ten-fold cross-validation

A problem when evaluating earnings management detection models is that it is difficult
to know exactly to what degree earnings actually have been managed. It is therefore
difficult to assess the performance of the models. One solution to this problem is to
simulate known amounts of earnings management. In this study, two types of earnings
management are simulated for the companies in the evaluation data set. First, expense
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manipulation is simulated. An example of this kind of earnings management is
reluctance to write off uncollectible receivables. As none of the models uses expenses as
an independent variable, adjustments are made only to total accruals. Second, revenue
manipulation is simulated. This simulates premature/delayed revenue recognition.
Furthermore, equal increases/decreases are made for both revenues and total accruals.
For both types of earnings management the magnitude of the simulated earnings
management ranges between -5% and 5% of lagged total assets with 1 % increments.
Once the earnings management has been simulated, 1000 sub-data sets with 100
randomly selected companies each are created from the evaluation data set by
employing bootstrap sampling. The companies in each sub-data set are selected
without replacement.
In most studies where the regression coefficients for the discretionary accrual models
are estimated cross-sectionally, financial statement data at a two digit SIC code level is
used. In this study, a more aggregated level of data is used for estimating the regression
coefficients and training the neural networks. In the data set containing North
American companies all manufacturing companies (SIC code 20xx to 39xx) are pooled
together. Usually at least ten observations are required when estimating the industry
specific regression coefficients. This is in most cases not a sufficient number of
observations for training an MLP-based neural network. For example, an MLP with
four input nodes, one hidden layer with three nodes and one output node has 19
weights. There is no exact way of determining the number of observations required for
training an MLP-based neural network but it can be assumed that the number of
observations should be at least twice the number of weights. As some industries at a
two digit SIC code level have too few companies, the total sample size would be
reduced. Furthermore, by using a more aggregated SIC code level, the MLP training
procedure becomes faster and simpler. A possible drawback with using more
aggregated data is a decrease in the performance of the models. However, Kothari et al.
(2005) show that the performance of the Jones model does not decrease even though
they estimate the regression coefficients with pooled data from all non-financial
companies. Ball & Shivakumar (2006) show that the R2 is somewhat higher when
estimating the regression coefficients with industry specific data on a three digit SIC
code level rather than with data from all industries pooled together. With the standard
Jones model, the difference in R2 between the pooled and industry specific data is
0.035 and with the piecewise linear Jones models the difference in R2 varies between
0.101 and 0,134. It can therefore be assumed that the difference in R2 between data

45

from a two digit SIC code and data from a more aggregated industry grouping is lower
than the differences in R2 in Ball and Shivakumar’s study. Based on this evidence, it
seems warranted to use data from a more aggregated industry grouping than a two digit
SIC code level.

4.2.2. Failed companies
The data set in the fourth part of the empirical study consists of financial statement
data from 110 Finnish companies that have been entered into the bankruptcy and
reorganization register during the period 1.1.2005 to 31.12.2007 (Table 1). The
companies in the data set represent three different industries: manufacturing (SIC
15xx-37xx, D), construction (SIC 45xx, F) and wholesale and retail (SIC 50-52, G).
Furthermore, the companies in the data set are required to have complete financial
statement data for at least five years prior to bankruptcy or reorganization. All 110
companies in the data set are private limited liability companies. Of the 110 failed
companies in the data set, 75 are bankrupt companies and 35 are reorganizing
companies.
Table 1 Number of bankrupt and reorganizing companies

Year
2007

2006

2005

Industry
SIC 15xx-37xx, D
SIC 45xx, F
SIC 50xx-52xx, G
SIC 15xx-37xx, D
SIC 45xx, F
SIC 50xx-52xx, G
SIC 15xx-37xx, D
SIC 45xx, F
SIC 50xx-52xx, G

Bankrupt Reorganizing
9
5
7
2
10
4
6
7
13
2
9
4
10
5
8
4
3
2
75
35

The discretionary accruals for these companies are estimated one to four years prior to
failure. To estimate the regression coefficients and to train the neural networks for the
different models, financial statement data from 2000 to 2006 is used. For each year
and industry 1000 companies are randomly selected. The estimation data sets are
grouped together so that manufacturing companies (SIC code 15xx to 37xx),
construction companies (SIC code 45xx) and wholesale and retail companies (SIC 50xx
to 52xx) form three different groups. Before the selection, all observations with total
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accruals greater than lagged total assets are removed. The reason why not all
companies from each year and industry are selected is to reduce the training time of the
neural network-based models. Furthermore, to compare the discretionary accruals for
the failed companies with continuing companies a matched data set is created. The
companies in the matched data set are matched with the failing companies on year,
industry and lagged total assets. The financial statement data in the fourth part of the
empirical study originates from the Voitto+ CD-ROM which has been prepared by
Suomen Asiakastieto Oy 4. The bankruptcy and reorganizations data has been gathered
from the bankruptcy and reorganization register at the Finnish legal register center.

4.3. Evaluating the performance of the models
The performance of both the linear regression based models and the neural networkbased models are assessed in three steps. In the first step the discretionary accruals are
estimated for a random data set of companies. The performance of the models is
assessed based on how close to zero they estimate mean and median discretionary
accruals. Furthermore, the robustness of the neural network-based models is evaluated
in this step. In the second step the discretionary accruals estimated with the random
data set are ranked according to six different variables. For each ranking variable the
discretionary accruals in the highest and lowest quartiles are examined. The
performance of the models is assessed by how close to zero they estimate mean and
median discretionary accruals for each ranking variable and quartile. In the third step
artificially induced earnings management is applied into the financial statements in the
random data set. Two types of earnings management are simulated: expense
manipulation and revenue manipulation. The performance of the models is determined
based on their levels of type I and type II errors, that is, how well the models identify
samples with no simulated earnings management and samples with different degrees of
simulated earnings management. Once the models have been assessed in the three
steps described above, discretionary accruals for failed companies are estimated using
two linear regression-based models and two neural network-based models. As the
actual amount of earnings management for the failed companies is not known, the
results cannot directly be used for assessing the performance of the models. Instead,
the results are used for comparing if there are significant differences between the
discretionary accruals estimated with the different models.
4 Suomen Asiakastieto Oy is a provider of information services for corporate and risk management, sales
and marketing. Asiakastieto's company information database is the largest in Finland.
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4.3.1. Random data set
The regression coefficients for the four linear regression based models are estimated
and the networks for the neural network-based models are trained with the financial
statement data from the estimation data set. The estimation data set contains financial
statement data from 801 North American manufacturing companies (SIC code 20xx to
39xx). Using the estimated regression coefficients and the trained neural networks, the
discretionary accruals are calculated for the 1000 companies in the evaluation data set.
Table 2 Performance assessment of the models for a random set of companies

Data sets
Estimation data set
801 North American
manufacturing companies (no
winsorization, winsorized at the
1st and 99th percentile)

Evaluation data set
1000 North American
manufacturing companies (no
winsorization, winsorized at the

Models
REG
REGroa
REGcfo
REGpwl
NET
NETroa
NETcfo

Tests
How close to zero are the
mean and median
discretionary accruals for the
different models? Are the
discretionary accruals
significantly different from
zero (M ann-Whitney U
test)? Which model has the
lowest standard deviation for
the discretionary accruals?

1st and 99th percentile)

As the estimation and the evaluation data sets are randomly drawn from the same
population, it can be assumed that the average discretionary accruals are close to zero
for the companies in the evaluation sample. Thus, the main measure of model
performance is how close to zero the estimated average and median discretionary
accruals are. A non-parametric Mann-Whitney U test is used for testing whether the
discretionary accruals are significantly different from zero. Finally, the standard
deviation of the discretionary accruals is also used for comparing the performance of
the models. A lower standard deviation indicates a higher precision in estimating the
discretionary portion of total accruals.
The random data set is also used to assess the robustness of the neural network-based
models. The robustness of the neural network-based models is tested by altering three
different parameters. First, the seed of the random number generator is changed from
0 to 100. Second, the number of hidden layers is increased from one to two. In the test
conducted here, the hidden layers have equal numbers of nodes. Third, the
independent variable measuring the inverse of lagged total assets is discarded. A non-
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parametric Mann-Whitney U test is employed to test if these modifications to the
neural network-based models have a significant impact.

4.3.2. Stratified random data set
If the discretionary accrual models are well specified, they should not correlate with the
independent variables or with any omitted variables. To test this, the discretionary
accruals calculated in the previous step are ranked according to change in revenues,
ROA, total assets, cash flows from operations, P/B-value and P/E-value.
Table 3 Performance assessment of the models for a stratified random sample

Data sets
Estimation data set
801 North American
manufacturing companies (no
winsorization, winsorized at the
1st and 99th percentile)

Evaluation data set
1000 North American
manufacturing companies (no
winsorization, winsorized at the

The companies in the
evaluation data set
are ranked according
to change in revenues,
ROA, total assets,
CFO, P/B-value and
P/E-value. For each
variable, the highest
and lowest quartiles
are examined.

1st and 99th percentile)

Models
REG
REGroa
REGcfo
REGpwl
NET
NETroa
NETcfo

Tests
For each ranking variable and
quartile the modes are scored
from 0 to 6 so that the model
with mean (median)
discreationary accruals
furthest away from zero is
assigned 0 and the model
with mean (median)
discretionary accruals closest
to zero is assigned 6. The
scores for each model and
quartile are then summed.

For each one of the six ranking variables the highest and lowest quartiles are examined.
The mean (median) values of discretionary accruals in these 12 quartiles are used for
scoring the models. The models are scored from 0 to 6 for each ranking variable and
quartile so that the model with the mean (median) discretionary accruals furthest away
from zero is assigned 0 and the model with the mean (median) discretionary accruals
closest to zero is assigned 6. The scores from all 12 quartiles are then finally summed to
get the mean (median) score. The mean (median) score is used for ranking the models
based on how well they perform in comparison with the other models on a stratified
random data set.

4.3.3. Simulated earnings management
To measure the earnings management detecting ability of the models is problematic as
it is difficult to obtain a data set with known amounts of earnings management.
Therefore simulated earnings management is used in this study. The estimated
regression coefficients and the trained neural networks used with the data set

49

containing simulated earnings management are the same as the ones in the previous
two steps.
Table 4 Performance assessment of the models with simulated earnings management

Data sets
Estimation data set

1000 sub-data sets
with 100 companies
801 North American
manufacturing companies (no each are created from
winsorization, winsorized at the evaluation data
set companies by
the 1st and 99th percentile)
employing bootstrap
sampling. Earnings
Evaluation data set
management ranging
1000 North American
from -5% to 5% of
manufacturing companies (no
lagged total assets is
winsorization, winsorized at
simulated.
st
th
the 1 and 99 percentile)

Models Tests
The performance of the models is
REG
assessed based on the level of
REGroa type I and type II errors
REGcfo generated by them. Each sub-data
REGpwl set is tested with a M annWhitney U test. Type I errors 
NET
sub-data sets without simulated
NETroa earnings management have
NETcfo DACC significantly different
from zero. Type II errors  subdata sets with simulated earnings
management have DACC nonsignificantly different from zero.

The financial statement data in the evaluation data set is used to create ten vectors of
financial statement data with simulated earnings management ranging from -5% to 5%
of lagged total assets with 1% increments. An eleventh vector free from simulated
earnings management is also created. For each one of the 11 vectors of financial
statement data 1000 sub-data sets containing 100 companies are created using
bootstrap sampling. Furthermore, two types of earnings management are simulated.
First, expense manipulation is simulated. As none of the models have expenses as
independent variables, this simulation only increases/decreases total accruals with a
certain percentage of lagged total assets. Second, revenue manipulation is simulated.
This simulation affects total accruals as well as the independent variables change in
revenues and ROA. An assumption made with the revenue manipulation is that all costs
are fixed. Thus, the magnitude of the simulation is equal for total accruals, change in
revenues and net income (the numerator of ROA).
The earnings management detecting ability of the models is evaluated by testing if the
discretionary accruals for the 100 companies in each sub-data set are significantly
different from zero. A non-parametric Wilcoxon test is employed to test if the
discretionary accruals are significantly different from zero. When evaluating the level of
type I errors, the sub-data sets containing no simulated earnings management are used.
The better the model, the fewer sub-data sets should have discretionary accruals
significantly different from zero. When evaluating the level of type II errors ten
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different sets of sub-data sets containing different magnitudes of simulated earnings
management are used. The better the model, the more sub-data sets should have
discretionary accruals significantly different from zero. It is expected that the higher
the magnitude of simulated earnings management, the lower the rate of type II errors.

4.3.4. Failed companies
The results from the data set containing financial statement data for failed companies
cannot directly be used for comparing the performance of the models as the actual
magnitude of earnings management is not known. Instead, the main emphasis is on
comparing the results generated by the different models. Several previous studies have
shown that failing companies display negative discretionary accruals prior to failure. It
is

possible

that

the

negative

discretionary

accruals

originate

from

model

misspecification rather than from earnings management, as discretionary accruals have
been shown to correlate positively with company performance. It can therefore be
expected that the neural network-based models display less negative discretionary
accruals prior to failure, as they can model non-linear relationships between the
dependent variable and the independent variables.
Table 5 Comparison of models when using data from failed companies

Data sets
Estimation data sets
The estimation data sets contain 1000 randomly
selected companies from each industry and year. The
financial statement data in the estimation data sets is
from three industries from years 2001 to 2006 resulting
in 18 estimation data sets.

Evaluation data set
The evaluation data set contains 110 Finnish failed
companies. The companies are from three different
industries: manufacturing (SIC 15xx-37xx), construction
(SIC 45xx) and wholesale and retail (SIC 50xx-52xx).
The data is from 2005 to 2007.

Matched data set
The companies in the matched data set are mtached with
the failed companies on industry, year and size.

Models
REG
REGroa
NET
NETcfo

Tests
Are the discretionary accruals
significantly different from
zero (tested with a Wilcoxon
test) one to four years prior to
failure? Do the different
models produce significantly
different estimates of the
discretionary accruals for
failed companies (tested with
a M ann-Whitney U test)? Are
the discretionary accruals for
the failed companies
significantly different from
those of for the matched
companies (tested with a
M ann-Whitney U test)?

The discretionary accruals for failed companies are estimated using data from Finnish
bankrupt and reorganization companies. These companies have been entered into the
bankruptcy and reorganization register during the period 1.1.2005 to 31.12.2007. The
financial statement data for the failed companies does not include cash flows from
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operations. Therefore, the models including CFO as an independent variable are not
included when estimating the discretionary accruals for the failed companies. In other
words, two linear regression-based models and two neural network-based models are
used for estimating the discretionary accruals for the failed companies. The regression
coefficients are estimated and the neural networks are trained with data from three
industries over a period of six years. This leads to 18 sets of regression coefficients and
neural networks.

4.4. Summary
In this study, the performance of three neural network-based models and four linear
regression-based models is assessed. As the actual degree of earnings management is
not known, the performance of the models is evaluated with alternative methods in
three steps (see Table 6 on the following page for research outline). In the first step a
random sample of companies is used. The assumption is that well specified models
produce mean and median discretionary accruals close to zero. In the second step the
discretionary accruals are ranked based on six different variables. If the models are well
specified, the discretionary accruals should not correlate with any of these variables. In
the third step the performance of the models is assessed using various degrees of
simulated earnings management. The data used in these three steps comprises
financial statement data from North American manufacturing companies. In addition
to these three steps, the discretionary accruals are estimated for failed Finnish
companies.

REG
REGroa
REGcfo
REGpwl

NET
NETroa
NETcfo

NN
NN with ROA
NN with CFO

NN with CFO

Jones model
Jones model with ROA
Jones model with CFO
Piecewise linear Jones model

NETcfo

Jones model
Jones model with ROA
Jones model with CFO
Piecewise linear Jones model
NN
NN with ROA

Random
data set

Stratified
random
data set

REG
REGroa
REGcfo
REGpwl
NET
NETroa

Models

Data set
The data set contains all manufacturing
companies (SIC 20xx-SIC 39xx) from
Compustat North America with
complete data for 2006 and 2007.
Companies with total accruals
exceeding the lagged total assets are
excluded. The remaining companies are
randomly divided into an estimation data
set containing 801 companies and an
evaluation data set containing 1000
companies.
The DACC estimated with the random
data set are ranked according to change
in sales, ROA, total assets, CFO, P/Bvalue and P/E-value. The performance
of the models is assessed by measuring
how close to zero the DACC are in the
highest and lowest quartiles for each
variable. The closeness to zero for each
model and stratum is scored and the
scores for the strata are summed.

Data set description

For each stratum the models are scored
from 0 to 6, so that the model with mean
(median) discretionary accruals furthest
away from zero is assigned 0 and the
model with mean (median) discretionary
accruals closest to zero is assigned 6.
The final score is calculated by summing
the scores for the different strata. The
higher the mean (median) score, the
better the model performance.

(a) DACC are significantly different
from zero (Wilcoxon test); (b) Mean
and median DACC closest to zero; (c)
Lowest standard deviation for DACC

Performance measure
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Table 6 Research outline

REG
REGroa
REGcfo
REGpwl
NET
NETroa
NETcfo

REG
REGroa
NET
NETroa

Failed
Jones model
companies Jones model with ROA
NN
NN with ROA

Models

Simulated Jones model
earnings
Jones model with ROA
managementJones model with CFO
Piecewise linear Jones model
NN
NN with ROA
NN with CFO

Data set

Performance measure

(with total accruals lower than lagged total
assets) for each industry and year.

(a) Type I errors: The number of subsamples without simulated earnings
management that have DACC
significantly different from zero
(Wilcoxon test); (b) Type II errors: The
number of sub-samples with simulated
earnings management that have DACC
insignificantly different from zero
(Wilcoxon test); (c) Mean errors for
positive and negative simulated earnings
management (graphical presentation).
The data set contains 110 Finnish bankrupt (a) DACC are significantly different
and reorganizing companies from three
from zero (Wilcoxon test) during any of
different industries (manufacturing, SIC 15xxthe four years prior to failures; (b)
37 xx; construction, SIC 45xx;wholesale and
retail, SIC 50xx-52xx) that have experienced DACC for failed companies are
failure between 2005 and 2007. Furthermore, significantly different from DACC for
the data set companies are required to have matched companies (Mann-Whitney U
five years of complete data prior to failure. test); (c) Significant differences
For comparison, a data set containing 110
between the DACC estimated with the
companies matched on industry, year and
different models (Mann-Whitney U
size is created. The estimation data set
contains 1000 randomly selected companies test).
The evaluation data set containing 1000
companies is used for creating 1000
data sets with 100 companies each by
employing bootstrap sampling. Earnings
management ranging from -5% to 5%
of lagged total assets is then artificially
induced into these data sets. Two types
of earnings management is simulated:
expense manipulation and revenue
manipulation.

Data set description
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Table 6 Continued.
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5

MODEL SPECIFICATION AND DESCRIPTIVE STATISTICS

5.1.

Introduction

In this chapter the measure of total accruals is first discussed. After this, earnings
management detection models based on both linear regression and neural networks are
presented in more detail. The chapter is ended with descriptive statistics for the data
sets containing both the North American companies and Finnish failed companies.
Furthermore, a non-linear relationship between total accruals and the independent
variables in the models is established in the descriptive statistics section.

5.2. Accrual measure
The dependent variable for the models in this study is total accruals. In the literature
there are two different approaches for calculating total accruals: the balance sheet
approach and the statement of cash flows approach. When using the balance sheet
approach, total accruals are calculated by subtracting depreciation from the change in
non-cash working capital. With the statement of cash flows approach, on the other
hand, total accruals are calculated as earnings before extraordinary items less cash
flows from operations (CFO). Of these two methods for calculating total accruals the
balance sheet approach is more commonly used. Collins and Hribar (2001), however,
argue that the statement of cash flows approach is to be preferred as the balance sheet
approach might induce measurement errors in case of mergers, acquisitions and
divestitures and foreign currency translations.
In this study, total accruals are calculated using the balance sheet approach for two
reasons. First, some of the models evaluated here use CFO as an independent variable.
This leads to a simultaneity problem as CFO is used both as an independent variable
and in the dependent variable. Second, when estimating discretionary accruals for the
failing companies, Finnish financial statement data is used. According to the Finnish
accounting act, only public and larger5 private companies are required to prepare a
statement of cash flows. Thus, using the statement of cash flows approach with the
Finnish data would strongly reduce the data set size of failed companies. Using the
balance sheet approach, total accruals are calculated as:

5

Two of the following conditions are exceeded during the current and the previous reporting period: (1)
Revenues exceed 7 300 000 €; (2) Total assets exceed 3 600 000 €; (3) The number of employees exceeds
50 persons.
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ܶܥܥܣ௧ ൌ ο ܣܥെ ο ܮܥെ ο ݄ݏܽܥ οܵܶ ܶܤܧܦെ ܲܧܦ
where CA = the change in current assets; CL = the change in current liabilities;
Cash is the change in cash and cash equivalents; STDEBT = the current maturities of
long-term debt and other short-term debt included in current liabilities; DEP =
depreciation and amortization expenses.

5.3. Models based on linear regression
This study includes four discretionary accrual estimation models based on linear
regression. These models originate from the model suggested by Jones (1991) where
total accruals are regressed on change in sales and property, plant and equipment. All
four models use total accruals as a dependent variable, whereas the number of
independent variables varies between the models. Furthermore, the regression
coefficients in the models are estimated using cross-sectional industry specific data.

Figure 5 Estimation and use of the linear regression models

The operating principle of the linear regression-based models is illustrated in the flow
chart in Figure 5. First, the regression coefficients for the models are estimated using
the entire estimation data set. The regression coefficients are then used for estimating
the non-discretionary accruals for the companies in the evaluation data set. The non-
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discretionary accruals constitute the expected level of accruals. The non-discretionary
accruals are subtracted from the actual total accruals in the evaluation data set to
determine the level of discretionary accruals. The discretionary accruals are used as a
measure for earnings management.
The first of the linear regression-based models used in this study is the cross-sectional
Jones model (e.g. DeFond and Jiambalvo, 1994). The independent variables in the
cross-sectional Jones model are change in revenues (REV) and property, plant and
equipment (PPE).
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All variables in the model, including the intercept, are deflated by lagged assets. The
main reason for this is to reduce heteroscedasticity. Furthermore, the model is actually
regressed through the origin as the constant is divided with lagged total assets. There
has been some discussion whether this is good practice (e.g. Kothari et al, 2005).
Kothari et al. (2005) include a constant in addition to the inverse value of lagged total
assets. Also, in some studies the constant is not deflated with lagged total assets (e.g.
Peasnell, Pope and Young, 2000). However, in this study the constant is deflated with
lagged total assets as it has been the most common practice in previous studies.
The second model based on linear regression is the cross-sectional Jones model
augmented with current ROA as an independent variable (Kothari et al., 2005). In
accordance with Kothari et al. (2005), ROA is calculated as net income divided by total
assets.
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The third model based on linear regression is the cross-sectional Jones model
augmented with cash flow from operations (CFO) as an independent variable (Rees et
al., 1996). CFO is deflated with lagged total assets.
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Previous studies have shown that there is a non-linear relationship between company
performance and accruals (e.g. Dechow et al., 1995, Jeter and Shivakumar, 1999,
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Kothari et al., 2005). Based on this, the fourth linear regression-based model employs a
piecewise linear approach suggested by Ball and Shivakumar (2006). According to Ball
& Shivakumar, the relationship between accruals and cash flow cannot be linear due to
the asymmetric recognition of gains and losses. This means that a model based on
linear regression will be misspecified if CFO is added as such as an independent
variable. Thus, in addition to CFO, a dummy variable indicating losses (DCFO) is added
to the models. If CFO<0 then DCFO equals 1, otherwise DCFO equals 0. Finally, an
interaction between CFO and DCFO is added to the model.
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In addition to CFO, Ball and Shivakumar also use change in CFO and industry adjusted
CFO as proxies for losses. The industry adjusted CFO is calculated by subtracting the
three digit SIC code level industry median CFO from CFO. The results in Ball &
Shivakumars study indicate only marginal differences when estimating the regression
coefficients with the different proxies for losses. Thus only CFO is used as a proxy for
losses in this study.

5.4. Models based on neural networks
This study includes three discretionary accrual estimation models based on neural
networks. The input and output variables in these three models correspond to those
used in the linear regression-based models. The piecewise linear regression model has
no corresponding neural network-based model as the neural networks can handle nonlinear relationships. The neural network models in this study are based on a multilayer
perceptron (MLP) which utilizes a supervised learning algorithm.
The variables used with the neural network-based models are presented in Table 7. As
with the linear regression-based models, the dependent variable for all three models is
total accruals. Furthermore, all three models use the inverse value of lagged total
assets, change in revenues and property, plant and equipment as independent
variables.
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Table 7 Variables used with neural network-based models

Dependent
variable

Model

Independent variables
1

Cross-sectional Jones
NETroa
model with ROA

Total
accruals
Total
accruals

Cross-sectional Jones
model with CFO

Total
accruals

1

Cross-sectional Jones
model

NET

NETcfo

1

Change in
revenues
Change in
revenues

Property, plant
& equipment

-

Property, plant
& equipment

Return on
assets

Change in
revenues

Property, plant Cash flow from
& equipment
operations

Both the dependent and the independent variables (except for ROA, which is deflated with current total assets)
are deflated with lagged total assets

It is unclear whether the inverse value of total assets has any impact on the
performance of the neural network-based models. It is, however, included in order to
enhance the comparability with the linear regression-based models. In addition to
these three variables, the second neural network-based model is augmented with return
on assets (ROA) and the third model with cash flows from operations (CFO). All
variables, except ROA, are deflated with lagged total assets. ROA is calculated as net
income divided by current total assets.
Figure 6 Neural network layout

Inputlayer

Hidden layer

1/TAt1
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REV

I

H
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ROA/CFO I

B

Outputlayer

B

TACC
O
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nodes 1..10

The neural network-based models in this study consists of three layers: an input layer,
one hidden layer and an output layer (see Figure 6). The nodes in the input layer are
connected to nodes in the hidden layer and the nodes in the hidden layer are connected
to the nodes in the output layer through weight matrixes. All nodes in the hidden and
output layers are also connected to a bias node. The bias nodes feed the network with a
constant value of 1, acting similarly as a constant term in a linear regression. The
number of input and output nodes corresponds to the number of independent and
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dependent variables. The numbers of hidden layers and hidden layer nodes, on the
other hand, depend on the complexity of the estimated function. In general, the more
complex the estimated function, the more hidden layer nodes and possibly hidden
layers are needed. On the other side, too many nodes and layers increase the risk for
overtraining which leads to poor generalizability when using the model on new data.
Therefore, the only real option is to test the network with different numbers of hidden
nodes and layers. In this study, the number of hidden layers is set to one and the
number of hidden layer nodes is set to range between 1 and 10. These values are
heuristically set and may need to be revised if the network displays poor performance.
Before the actual training procedure, data pre-processing and transfer functions as well
as the training algorithm need to be defined. Here, the input data values are linearly
transformed to a range between -1 and 1. It is not strictly necessary to transform the
data when using an MLP since it combines the inputs linearly but it can improve the
training speed and reduce the risk of getting stuck in local optima. For the MLP to be
able to handle non-linearity, the transfer function in the hidden layer nodes needs to be
a non-linear function. Basically any non-linear differentiable function can be used but
the two most commonly used functions are the logistic and the hyperbolic tangent
functions. In this study, the hyperbolic tangent function is used as it produces an
output value in the range -1 to 1. The output layer transfer function is set to linear since
the output value for some observations is expected to be outside the range -1 to 1. Of the
many available MLP learning algorithms, the most commonly used is the gradient
descent (GD) algorithm. The drawback with the GD algorithm is that it converges
slowly. Thus, the number of required epochs (times that the training data is presented
to the network during training) might become relatively high, leading to a long training
time. Therefore, a more suitable alternative is the Levenberg-Marquardt (LM) learning
algorithm. Compared to the GD algorithm, the LM algorithm converges significantly
faster, decreasing the training time. The downside with the LM algorithm is that it
requires a lot of computer memory. This is, however, not a major concern considering
the processing and memory capacity of modern computers. Thus, the LM algorithm
will be used in this study.
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Figure 7 Training and use of the MLP-based discretionary accruals model

end
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The training procedure and the usage of the MLP are illustrated in more detail in the
flowchart in Figure 7. The first loop in the flowchart (1) controls for the ten-fold crossvalidation. The purpose of the cross-validation is mainly to ensure that the random
division of the estimation data set into training, validation and test data sets does not
influence the results. The second (2) and third (3) loops are used for selecting the
optimal MLP architecture for each cross-validation. More closely, it is used for
determining the optimal number of nodes in the hidden layer. Basically, the only way of
determining the optimal architecture of the MLP is to test which one generates the
lowest error with the test data set.
As it is not feasible to test all possible numbers of nodes in the hidden layer, the
number of hidden layer nodes is set to range between 1 and 10. Furthermore, a random
re-initialization is employed for each MLP. That is, each MLP is trained 50 times and
the MLP with the lowest mean squared error (MSE) for the test data set is selected (5).
The random re-initialization is controlled for with the third loop (3). The reason for the
random re-initialization is that the MLP weights are initialized with the NguyenWidrow algorithm. The Nguyen-Widrow algorithm includes some degree of
randomness which leads to somewhat different weights for each initialization.
Therefore, to decrease the risk that the network training becomes stuck in a local
minimum, each MLP layout is trained with 50 sets of initialized weights. Furthermore,
each MLP is trained for a maximum of 100 epochs. The training is stopped if the MSE
for the training error falls below the variance of the output variable values divided by
100. An MSE which is 1/100 of the variance of the output variable values corresponds
to a training sample R2 value equaling 0.99. In order to prevent overtraining, the early
stopping method is employed. This means that the training is interrupted when the
validation error starts increasing or stays constant for a certain number of epochs. The
validation error is measured as the MSE for the validation data set. In this study, the
training is stopped if the validation error increases or remains constant for five
consecutive epochs (4). In summary, the training procedure returns ten separate MLPs.
Each MLP has the number of hidden layer nodes that has generated the lowest MSE
with the test data set.
Once the MLPs have been trained, they are used for calculating the discretionary
accruals for the companies in the evaluation data set. This is done by presenting the
input values for an observation to the MLP. The output generated by the MLP
constitutes the non-discretionary accruals for that specific observation. The
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discretionary accruals are calculated by subtracting the non-discretionary accruals from
the actual total accruals. The calculation of the discretionary accruals is illustrated
more in detail in the lower part of the flowchart in Figure 7. The ten-fold crossvalidation employed during the training process has resulted in ten different MLPs. The
loop in the lower part of the flowchart (6) is used for calculating the discretionary
accruals for the evaluation data set companies with each one of the ten MLPs. The
resulting ten discretionary accrual vectors are then averaged to calculate the final
vector of discretionary accruals.
One problem with the neural network-based models is that, contrary to the linear
regression-based models, they are non-deterministic. This is because there is some
degree of randomness when the network weights are initialized with the NguyenWidrow algorithm. In this study, the Neural Network Toolbox included in Matlab has
been used for performing the calculations with the MLPs. One way to make the MLP
deterministic is to initialize the random number generator to the same state every time
the MLP is trained. Consequently, the random number generator is set to use the
Mersenne Twister algorithm and the state is set to zero. By doing this the MLPs will
produce the same results every time they are trained with a specific data set. It is,
however, important to test whether the MLPs are robust for different values for the
random number generator state. Therefore, the tests using the MLP are replicated with
the random number generator state being set to other values than zero. If the neural
network-based models are well specified, there should not be a significant difference
between the results acquired with different initial random number states.

5.5. Descriptive statistics
5.5.1. Introduction
The descriptive statistics for both the North American manufacturing companies and
the Finnish failed companies is presented in this chapter. In addition to basic company
data, relationships between the variables in the models are examined more closely. This
is important information as the linear regression-based models assume a linear
relationship between the dependent variable and the independent variables. It is likely
that a violation will occur if the linearity assumption will bias the results obtained with
these models. A possible non-linear relationship is first examined through graphs,
where mean total accruals have been plotted for deciles ranked by the independent
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variables. Furthermore, the relationships between total accruals and the independent
variables are visualized using self-organizing maps.

5.5.2. North American manufacturing companies
The descriptive statistics for the North American manufacturing companies is
presented in Table 8. The descriptive statistics is based on financial statement data
from 2007. Furthermore, the descriptive data is presented separately for the estimation
and evaluation data sets. In order to evaluate how well the models generalize to new
data, the evaluation data set should be representative of the estimation data set. This is
expected as both data sets are randomly drawn from the same population, but to
further verify this, a Mann-Whitney U test is employed. The results show that none of
the six variables presented in Table 8 are significantly different when comparing the
estimation and evaluation data sets.
Table 8 Descriptive statistics for North American manufacturing companies

Evaluation data set (n=801)
TACC/ TA t-1

Revenues

Mean
-0,026
3 949,1
Median
-0,025
182,1
St. dev.
0,153
18 585,6
Min
-0,978
0,0
Max
0,933 355 782,0
Estimation data set (n=1000)

Mean
Median
St. dev.
Min
Max
Mann-Whitney

Net income Total assets

ROA

CFO

4 472,2
192,8
20 347,7
0,0
277 136,0

-0,402
0,035
5,045
-137,444
1,626

511,0
10,5
2 682,7
-4 283,1
44 511,0

Net income Total assets

ROA

CFO

329,6
3,9
1 850,4
-5 118,1
31 331,0

TACC/ TA t-1

Revenues

-0,029
-0,028
0,132
-0,970
0,807

3 158,3
184,8
15 603,3
0,0
358 600,0

258,1
3,5
1 728,8
-3 379,0
40 610,0

3 301,5
224,8
13 461,2
0,1
242 082,0

-0,325
0,030
3,327
-99,920
1,913

372,7
10,4
2 218,2
-2 578,1
52 860,0

0,828

0,892

0,546

0,963

0,460

0,964

T he values for revenues, net income, total assets and CFO are given in million dollars. T he Mann-Whitney U test
p-values from comparing the estimation and evaluation data sets are shown on the bottom row.

As expected, the mean and median accruals are negative. For both data sets the mean
total accruals are about -3% of lagged total assets. The negative accruals are largely
explained by depreciation, a negative and usually a relatively large accrual. If only the
working capital accruals are considered, the mean and median accruals are positive
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(statistics not tabulated). The absolute value of minimum and maximum total accruals
is below 100% of lagged total assets since observations with values above this have been
removed. The revenues, total assets and cash flows from operations for the sample
companies show great variation. Some companies have revenues and assets close to
zero, whereas other companies exhibit sales and assets close to a third of a billion
dollars.
A central assumption when using linear regression is that the relationship between the
dependent variable and the independent variables is linear. A violation of this
assumption can lead to serious errors in the predictive ability of the model. The
relationship between total accruals and the explanatory variables in the estimation data
set is presented in Figure 8. The x-axes in the graphs represent deciles ranked by
change in revenues (REV), property, plant and equipment (PPE), ROA and cash flows
from operations (CFO). Furthermore, the mean total accruals are calculated for each
one of the deciles. The correlation between accruals and change in sales as well as
accruals and ROA is expected to be positive, whereas the correlation between accruals
and the other two variables is expected to be negative. In general, the graphs in Figure
8 confirm the expected correlations. It is, however, evident that none of the four
variables correlates linearly with total accruals. The upper left graph shows the
correlation between total accruals and change in sales. Even though the curve shows a
positive correlation, the correlation is not perfectly linear. Deciles two to eight show
relatively flat accruals ranging between -2% and -4% of lagged total assets. In the
lowest and two highest deciles, however, the accruals show a stronger positive
correlation with change in sales. The correlation between total accruals and ROA
presented in the lower left graph shows similar characteristics as the correlation
between total accruals and change in sales. Especially in the lowest two and the highest
deciles there is a strong positive correlation between total accruals and ROA. In the
upper right graph the curve shows a relatively linear negative correlation between total
accruals and property, plant and equipment. The least linear relationship among the
four independent variables is shown between total accruals and cash flows from
operations. The curve in the lower right graph does not even show clearly if the
correlation is positive or negative.
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5.5.3. Failed companies
The failed companies comprise 110 Finnish companies that have been entered into the
bankruptcy and reorganization register during the period 1.1.2005 to 31.12.2007. The
companies in the data set represent three different industries: manufacturing (SIC
15xx-37xx, D), construction (SIC 45xx, F) and wholesale and retail (SIC 50-52, G).
Descriptive statistics for the failed companies as well as for 110 companies matched on
year, industry and size is presented in Table 9. Statistics for the failed companies is
presented one to four years prior to bankruptcy or reorganization.
Table 9 Descriptive statistics for failed companies

Period
t-1
t-2
t-3
t-4

Data set TACC/ TA t-1
Failed
Matched
Failed
Matched
Failed
Matched
Failed
Matched

-0,104
-0,037
-0,050
-0,044
-0,089
-0,042
-0,051
-0,025

Total assets
(1000 €)

Revenues
(1000 €)

PPE
(1000 €)

ROA

336,8
336,7
303,7
288,9
287,9
287,9
259,9
260,0

-37,9
13,4
-6,1
16,2
4,1
29,0
9,1
3,7

53,7
49,6
59,0
59,5
59,1
57,5
55,8
44,9

-0,108
0,053
0,000
0,089
-0,001
0,086
0,002
0,068

All values presented in the table are median values for the data set in question. ROA is calculated as net income
divided by current total assets.

As expected, total accruals deflated by lagged total assets are negative during all four
periods for both the failing and the matched companies. The accruals are expected to be
negative mainly due to depreciation. It is also noticeable that, compared to the matched
companies, the total accruals are more negative for the failing companies during all
four periods. The difference is especially noticeable one and three years prior to failure.
On the other hand, two years prior to failure the difference is marginal.

One

explanation as to why failing companies have lower accruals is that their revenues are
decreasing, which also means that their receivables and possibly also their inventory
are decreasing. At the same time their payables might start to increase as the failing
companies start having trouble paying their invoices. Another possible reason is
straight line depreciation, which is employed by a majority of the Finnish companies.
Companies with financial problems usually make fewer investments. This, in
combination with straight line depreciation, might eventually lead to an increase in the
accruals to lagged assets ratio. During three years prior to failure the change in
revenues is noticeably lower for the failing companies, whereas four years prior to
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failure the matched companies have a lower change in revenues. The failed companies
have a negative change in revenues one to two years prior to failure. The low ROA
during all four years for the failing companies indicates a poor profitability. Two to four
years prior to failure the failing companies have an ROA very close to zero, whereas one
year prior to failure the ROA drops down to -10.8%.

5.6. Summary
The measure of total accruals employed in this study is the balance sheet approach. The
reason for this choice is that the statement of cash flows approach involves a
simultaneity problem with some of the models. Furthermore, the balance sheet
approach is employed due to data constrains. The models presented in this chapter
comprise four linear regression-based models and three neural network-based models.
All seven models use the original Jones model independent variables. Furthermore,
some of the models are augmented with additional independent variables, such as ROA
and cash flows from operations. The neural network-based models operate according to
the supervised learning principle. The network architecture comprises an input layer,
an output layer and one hidden layer. The optimum number of nodes in the hidden
layer is determined by testing the network performance with a different number of
nodes. Finally, the descriptive statistics reveal a non-linear relationship between total
accruals and the independent variables.
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6

DATA ANALYSIS AND RESULTS

The results of assessing the performance of the different earnings management
detection models are presented in this chapter. First, the statistics from the regression
parameter estimation as well as the neural network training is presented. Thereafter,
the results from estimating discretionary accruals with different types of earnings
management detection models are presented. The models ability to estimate
discretionary accruals is estimated both with a sample containing random companies,
with stratified random samples as well as with a sample containing simulated earnings
management. Furthermore, the discretionary accruals for bankrupt and reorganizing
companies estimated with the different models are compared.

6.1.

Regression coefficient estimation and network training

6.1.1. Introduction
In this section, statistics for both the estimation procedure of the linear regressionbased models as well as the training procedure of the neural network-based models is
presented. In the first part of this section, statistics for the regression estimation
procedure with both the data set containing North American companies and the data
set containing failed companies is discussed. In the second part, the statistics for neural
network training procedure with both data sets is presented.

6.1.2. Regression coefficient estimation
The regression coefficients for the data set with the North American companies are
estimated using the estimation data set which comprises 801 randomly selected
manufacturing companies. The statistics for the estimation procedure are presented in
Table 10. The first model is the cross-sectional Jones model (REG) which uses change
in revenues (REV) and property, plant and equipment (PPE) as independent
variables. In the model, change in revenues is assumed to explain the current part of
total accruals. Thus, the coefficient for change in revenues is expected to be positive as,
for most companies, receivables and inventory together increase more than payables
when revenues increase. As expected, the coefficient for change in revenues is
significantly positive. The second independent variable, property, plant and equipment,
is assumed to explain the non-current part of total accruals which comprises
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depreciation. As depreciation is a negative accrual the coefficient for property, plant
and equipment is expected to be negative. As expected, the coefficient for property,
plant and equipment is significantly negative. The R2 value for the REG model is 0.09.
This is a rather low value but still similar to that in other studies.
Table 10 Regression coefficients for linear regression-based models (North American
Companies)

Model

REG
REGroa
REGcfo
REGpwl

1/TAt-1

REV

PPE

ROA

CFO

dCFO

CFOx
dCFO

0

1

2

3

4

5

6

0,007

0,099

-0,133

0,169

0,000

0,000

0,011

0,098

0,059

0,000

-0,002

0,104

-0,132

0,798

0,000

0,000

-0,002

0,119

-0,084

0,808

0,000

0,000

R

2

-

-

-

-

0,085

-0,133

0,002

-

-

-

0,089

0,000

0,089

-

-

0,093
0,127

-

-0,035
0,009

-

-0,163

-0,045

0,117

0,000

0,000

0,002

In the second model (REGroa) ROA is added as an independent variable. Adding ROA
seems to have little impact as the coefficient is non-significant and close to zero.
Furthermore, there is only a marginal increase in the R2 value. In the third model
(REGcfo) cash flows from operations is added to the REG model as an independent
variable. As expected the sign for the CFO coefficient is significantly negative. However,
the increase in the R2 value is again marginal. The last model (REGpwl) acknowledges
the non-linear relationship between accruals and cash flows by employing a piecewise
linear approach. The dummy variable (dCFO) is assigned a value of 1 if the cash flows
from operations negative. Thus, the CFO coefficient equals the slope for positive cash
flows, whereas the interaction term (CFO·dCFO) equals the slope for negative cash
flows. The coefficient for CFO is significantly negative. This is in line with the graphical
presentation of the relationship between accruals and cash flows in Figure 8, where
positive cash flows correlate negatively with accruals. Although not as clear as the
negative correlation between positive cash flows and accruals, the graph in Figure 8
shows a positive correlation between negative cash flows and accruals. This is in line
with the significantly positive coefficient for the interaction term. The R2 value does,
however, not experience the noticeable increase reported by Ball and Shivakumar
(2006). In Ball and Shivakumar’s study, R2 increases from 0.12 to 0.30 when adding
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the dummy variable and the interaction term to the Jones model. In this study,
however, the R2 value increases from 0.09 to 0.13 only.
Table 11 Regression coefficients for linear based regression-based models (North American
companies, all variables winsorized at the 1st and 99th percentile)

Model

REG
REGroa
REGcfo
REGpwl

1/TAt-1

REV

PPE

0

1

2

-0,102

0,133

-0,134

0,001

0,000

0,000

-0,004

0,118

0,916

0,000

-0,174

0,146

-0,129

0,000

0,000

0,000

-0,128

0,164

-0,058

0,000

0,000

0,006

ROA

CFO

3

dCFO

4

CFOx
dCFO

5

R

2

6

-

-

-

-

0,110

-0,129

0,042

-

-

-

0,139

0,000

0,000

-

-

0,128
0,167

-

-0,063
0,000

-

-0,275

-0,045

0,202

0,000

0,000

0,002

As linear regression can be relatively sensitive to outliers, the regression coefficients are
estimated with all variables winsorized at the 1st and 99th percentile (see Table 11).
Overall, the results presented in Table 11 do not differ much from the results presented
in Table 11. The R2 value increases for all four models. The increase ranges, however,
only between 0.03 and 0.05. The most noticeable change can be seen in the ROA
coefficient for the REGroa model. After winsorizing the variables, the ROA coefficient
becomes significantly positive.
The regression coefficients to be used with the failed companies are estimated with
Finnish financial statement data from three different industries during the period 2001
to 2006. Separate regression coefficients are estimated for each industry and year
resulting in 18 sets of regression coefficients. Due to lack of data availability, models
including CFO are not used when using samples containing Finnish financial statement
data. Statistics for the regression coefficients and the R2 values for the REG model and
the REGroa model are presented in Table 12.
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Table 12 Regression coefficients for linear regression-based models (failed companies)

Model
REG

REGroa

Mean
Median
St. dev.
Min
Max
Positive
Negative
Mean
Median
St. dev.
Min
Max
Positive
Negative

1/TAt-1
0
-0,028
0,021
0,284
-0,492
0,542
10
8
0,008
0,038
0,287
-0,526
0,562
11
7

REV
1
-0,004
-0,003
0,010
-0,021
0,015
5
13
-0,009
-0,008
0,010
-0,028
0,007
4
14

PPE
2
-0,154
-0,160
0,035
-0,201
-0,095
0
18
-0,168
-0,180
0,037
-0,220
-0,100
0
18

ROA
3
0,135
0,146
0,084
0,009
0,264
18
0

R

2

0,065
0,058
0,029
0,020
0,129
0,102
0,089
0,028
0,066
0,155
-

Contrary to the regression coefficients for the North American companies, the average
coefficient for change in revenues is negative in the REG model. Furthermore, in 13 out
of 18 sets of regression coefficients, the coefficient for change in revenues is negative.
One possible explanation for this is that the companies have different credit terms for
receivables and payables. As expected, the average coefficient for property, plant and
equipment is strongly negative. The average R2 value for the REG model is 0.07 which
is somewhat lower than the corresponding R2 value for the sample containing North
American companies. Adding ROA to the Jones model seems to have a greater impact
with the Finnish data compared to the North American data. The average coefficient for
ROA is strongly positive. Moreover, the coefficient for ROA is positive for all industries
and years. The average R2 value increases by about 0.04 when the REG model is
augmented with ROA as an independent variable.

6.1.3. Neural network training statistics
The neural networks in this study are trained using a ten-fold cross-validation. Each
neural network is also trained 50 times with randomly initialized weights.
Furthermore, in order to determine the optimal hidden layer architecture, the
procedure is repeated ten times with the number of hidden layer nodes ranging from 1
to 10. In other words, 5000 neural network training sequences are performed for each
estimation sample. All this is necessary to ensure that the optimal model
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generalizability is reached. Inevitably this also leads to longer training times. Compared
to the linear regression-based models which are estimated in less than a second, the
neural network training is a lot more time consuming. The neural network training
times6 for the estimation sample containing 801 North American companies is
presented in Table 13. With the training process described above, it takes almost 28
minutes to train the neural network. That equals about two seconds per observation.
Contrary to what could be expected, the training time does not increase when an
additional input variable is added to the model.
Table 13 MLP training times (North American companies)

Observations

Total time
(seconds)

Time/obsrevation
(seconds)

NET

801

1650

2,06

NETroa/NETcfo

801

1656

2,07

Model

The values presented in Table 13 are only approximations and might vary to some
extent. For example, the maximum number of epochs per neural network training is
100. Usually, however, the training is interrupted before reaching the maximum
number of epochs due to early convergence. Also, the computer load may vary during
the neural network training procedure due to various tasks running in the background.
In general, the long training time for the neural network is not necessarily a problem,
since once the network has been trained the network weights can be stored and reused. Using the trained network is not significantly slower than using estimated
regression coefficients. In other words, training the neural network is significantly
slower than estimating the regression coefficients, whereas using a trained network is
as fast as using the estimated regression coefficients.
When training the neural network, one of the key issues is to find the optimal number
of hidden layer nodes. If there are too few nodes in the hidden layer the neural network
will have problems to generalize any new data. On the other, too many hidden layer
nodes will lead to overtraining, which also will decrease the ability to generalize any
new data. The optimal number of nodes in the neural network hidden layer depends on
the estimation sample as well as the input variables used in the model. To determine
6

The MLP based models have been trained with the Neural Network Toolbox in Matlab R2007b. The
computer that was used has an Intel® Core™2 Duo Mobile Processor T8300 (2.4 GHz) and 2 GB of
memory. Furthermore, the computer is running Microsoft Windows Vista.
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the optimal number of hidden layer nodes for a specific setting, the mean squared error
(MSE) is measured for a test sample. The optimal number of hidden layer nodes is the
one with the lowest MSE for the test sample. In this study, the optimal number of
hidden layer nodes is searched in the range 1 to 10.
0,022

0,021

0,020
Training
0,019

Test

0,018

0,017
1

2

3

4

5

6

7

8

9

10

Figure 10 Average neural network training and test errors for the NETroa model

In Figure 10 an example of the training and test errors for different numbers of hidden
layer nodes is shown. The model in the example is the Jones model with ROA (NETroa)
and the data used for training is the data set containing 801 North American
manufacturing companies. The training and test errors are the average mean squared
errors (MSE) for the ten-fold cross-validation. As expected, the highest errors are
measured when the neural network has one and two nodes in the hidden layer.
However, with three and more hidden layer nodes the test error does not show a
consistent decrease. Thus, it is likely that the model performance does not improve
much by increasing the number of hidden layer nodes beyond three. The reason why
the test error is lower than the training error for most numbers of hidden layer nodes is
that the effectiveness of the model is measured as the MSE of the test data set.
The optimal number of hidden layer nodes and the training sample R2 value for the
different models are presented in Table 14. As neural networks can handle non-linear
relationships between the dependent variable and the independent variables, there is
no model that corresponds to the piecewise linear Jones model. Furthermore, the
neural networks are trained using the sample containing North American companies.
The optimal number of hidden layer nodes and the R2 value are presented separately
for each cross-validation.
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Table 14 Number of hidden layer nodes and neural network training sample R2 (North
American companies)

Model
NET
NETroa
NETcfo

Cross-validations
1
2
3
Nodes
9
9
2
2

R
Nodes
2

R
Nodes
R

2

4
5

5
10

6
10

7
6

8
7

9
7

10 Mean
5
7,0

0,116 0,247 0,111 0,157 0,209 0,252 0,204 0,162 0,119 0,106 0,168

9

8

3

4

2

6

4

9

6

4

5,5

0,279 0,266 0,122 0,166 0,150 0,184 0,259 0,274 0,227 0,138 0,207

2

5

3

6

8

10

7

7

9

3

6,0

0,117 0,220 0,146 0,306 0,268 0,290 0,216 0,391 0,269 0,099 0,232

As can be seen with all three models, the optimal number of hidden layer nodes shows
a noticeable variation between the cross-validations within the model. One explanation
for this is that the differences in test sample MSEs between different numbers of
hidden layer nodes is marginal. Therefore, the separate cross-validations within the
same model have different optimal numbers of hidden layer nodes. On average, the
NET model has the highest number of hidden layer nodes, whereas the NETroa model
has the lowest number of hidden layer nodes. Furthermore, the NET model has the
lowest mean R2 value at 0.168, whereas the NETcfo model has the highest mean R2
value 0.232. This is the same order as with the linear regression-based models. In
general, however, the R2 values shown by the neural network-based models are more
than twice as high as the R2 values shown by the linear regression-based models. Even
the piecewise linear Jones model (REGpwl) has an R2 value which is significantly lower
than lowest R2 value for the neural network-based models.
As discussed earlier, winsorizing the variable at the 1st and 99th percentile had little
effect on the regression coefficients. The same can be observed with the neural
networks (see Table 15). With the NET model both the mean number of hidden layer
nodes and the mean R2 value decrease when the variables are winsorized. With the
NETroa and NETcfo models, on the other hand, the mean number of hidden layer
nodes and the mean R2 value increases after the winsorization. Overall, the effects of
the winsorization are marginal when training the neural network. The most extensive
changes can be seen with the NETroa model for which the mean number of hidden
layer nodes increase by 1.9 and the mean R2 value by 0.032.
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Table 15 Number of hidden layer nodes and neural network training sample R2 (North
American companies, all variables winsorized at the 1st and 99th percentile)

Model
NET
NETroa
NETcfo

Cross-validations
1
2
3
Nodes
9
10
9
2

R
Nodes
2

R
Nodes
R

2

4
2

5
5

6
7

7
6

8
4

9
7

10 Mean
2
6,1

0,162 0,214 0,158 0,091 0,092 0,214 0,123 0,188 0,164 0,098 0,150

5

8

7

10

7

7

9

9

10

2

7,4

0,206 0,274 0,227 0,205 0,221 0,239 0,249 0,336 0,312 0,120 0,239

4

10

10

5

7

8

6

9

4

6

6,9

0,109 0,344 0,241 0,185 0,243 0,211 0,233 0,373 0,277 0,181 0,240

The neural networks to be used with the failed companies are trained with Finnish
financial statement data from three different industries during the period 2001 to
2006. Each year and industry has a set of 10 neural networks as the ten-fold crossvalidation is employed. Due to a lack of data availability, models including CFO are not
used when using data sets containing Finnish financial statement data. The average
regression coefficients and R2 values for the cross-sectional Jones model (NET) and the
Jones model with ROA (NETroa) are presented in Table 16. Overall, the optimal
numbers of hidden layer nodes and the R2 values presented in Table 16 are similar to
those for the data set containing North American companies presented in Table 147.
The R2 value for both models is somewhat lower when using the Finnish data. With the
NET model the mean number of hidden layer nodes is marginally lower when using the
Finnish data. With the NETroa model, on the other hand, the number of hidden layer
nodes is higher.
Table 16 Number of hidden layer nodes and MLP training sample R2 (failed companies)
Mean number of
hidden layer nodes

Average

NET

6,9

0,126

NETroa

6,5

0,192

Model

2

R

The importance of specific input variables can also be considered relevant information.
With the linear regression-based models the importance of specific input variables can
be measured from the regression coefficients. The coefficients represent the degree of

7

As the variables are not winsorized when using financial statement data from Finnish companies, the
values in Table 16 are compared with those in Table 14 instead of those in Table 15.
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change in the output value when the corresponding input value changes one unit. If all
inputs have the same scale, the importance of specific input variables can be directly
measured from the regression coefficients. With the neural networks, however, the
measurement of input variable importance is not as straightforward. The weights in the
neural network cannot directly be interpreted due to the hidden layer. A high value for
a weight between the input layer and the output layer does not necessarily mean that
impact of the input variable on the output value is high. Different methods for
measuring the importance of neural networks input variables have been suggested, but
they also have their limitations. One possible solution would be to exclude one input
variable at a time and retrain the network with each set of input variables. The
differences in the change in the test error would then indicate the importance of the
variables. The assumption when measuring the importance of variables by excluding
one variable at a time is that the independent variables indeed are statistically
independent. Otherwise the effects of different inputs cannot be properly separated.
Also a problem with this method is that it is very time consuming to carry out. Thus,
measuring the importance of specific inputs variables with the neural network-based
models is not included in this study.

6.1.4. Summary
Descriptive statistics for the estimated regression coefficients and the trained neural
networks was presented in this chapter. Overall, the explanatory power of the linear
regression-based models was rather low, with R2 values below 0.15 for most of the
models. The neural network-based models, by comparison, exhibited somewhat better
explanatory power with R2 values about twice that of the linear regression-based
counterparts. With the North American companies all regression coefficients had the
expected signs, whereas with the Finnish failed companies all other coefficients except
the one for change in revenues had the expected sign. Furthermore, effects of possible
outliers were examined by first winsorizing all variables at the 1st and 99th percentile.
The regression coefficients were then re-estimated and the neural networks re-trained
with the winsorized variables. In general, the winsorization had only a marginal effect
on the results.
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6.2. Random data set
6.2.1. Introduction
When the estimation and evaluation data sets are sufficiently large and both are
randomly drawn from the same population, the mean and median discretionary
accruals should not be significantly different from zero if the accrual-based earnings
management detection models are well specified. In this study, the estimation and
evaluation data sets are randomly drawn without replacement from a population
containing North American manufacturing companies. The estimation data set consists
of 801 observations and the evaluation data set of 1000 observations. In this first step
of comparing the models, the performance is mainly measured by how close to zero the
mean and median values of the estimated discretionary accruals are. The closer to zero
the models estimate the mean and median discretionary accruals, the better the
performance. Furthermore, the robustness of the results is assessed by estimating the
discretionary accruals with the model variables winsorized at the 1st and 99th percentile.
Finally, the robustness of the results from the neural network-based models is tested
with different initial weights and network architectures.

6.2.2. Discretionary accruals for a random set of companies
The descriptive statistics for total and discretionary accruals for the random data set of
companies is presented in Table 17. The mean (median) value of total accruals (TACC)
is -2.9% (-2.8%) of lagged total assets. The negative value is mainly explained by
depreciation. When including only the current portion of accruals (not tabulated here),
the mean accruals equal 1.1% of lagged total assets. However, even though the
evaluation sample has non-zero total accruals, the mean and median discretionary
accruals are expected to be zero. That is, as the estimation and evaluation samples are
drawn from the same population, the discretionary accruals should not be significantly
different from zero8 if the models are well specified.

8

This is tested with a non-parametric Wilcoxon test as the distribution of the accruals does not satisfy the
assumptions of a corresponding parametric test.
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Table 17 Descriptive statistics for discretionary accruals estimated with a random sample of
companies

Model
TACC
REG
REGroa
REGcfo
REGpwl
NET
NETroa
NETcfo

Mean
-0,029
-0,012
-0,012
-0,015
-0,002
0,000
-0,002
-0,008

Median
-0,028
-0,009
-0,009
-0,008
0,000
0,001
-0,002
-0,008

Wilcoxon
test p-value

0,000
0,000
0,000
0,787
0,691
0,593
0,003

Standard
deviation

0,132
0,131
0,131
0,133
0,132
0,130
0,129
0,132

Low
quartile

-0,070
-0,050
-0,050
-0,053
-0,038
-0,040
-0,042
-0,047

High
quartile

0,015
0,031
0,031
0,030
0,043
0,041
0,041
0,037

T he REGx models constitute linear regression-based models (REG = Jones model, REGroa = Jones
model with ROA, REGcfo = Jones model with CFO, REGpwl = piecewise linear Jones model) and
the NET x models consitute the neural network-based models (NET = NN-based Jones model,
NET roa = NN-based Jones model with ROA, NET cfo = NN-based Jones model with CFO). All accrual
values in the table are deflated by lagged total assets.

The results, however, show that the first three linear regression-based models as well as
the NETcfo model have significantly negative discretionary accruals. The mean
(median) discretionary accruals for these four models range between -1.5% (-0.9%) to 1.2% (-0.8%) of lagged total assets. The REGpwl, NET and NETroa models show mean
(median) discretionary accruals ranging between -0.2% (-0.2%) and 0.1% (0.0%) of
lagged total assets. Furthermore, the difference in standard deviation between all seven
models is marginal. The NETroa model has the lowest standard deviation at 0.129,
whereas the REGcfo model has the highest standard deviation at 0.133. One possible
explanation for the relatively large negative mean and median discretionary accruals
for the REG, REGroa, REGcfo and NETcfo models is that outliers may occur among the
values of the independent variables. To examine this possibility, the discretionary
accruals are estimated with the all variables winsorized at the 1st and 99th percentile
(see Table 18).
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Table 18 Descriptive statistics for discretionary accruals estimated with a random sample of
companies (model variables winsorized at the 1st and 99th percentile)

Model
REG
REGroa
REGcfo
REGpwl
NET
NETroa
NETcfo

Mean
-0,010
-0,006
-0,013
0,000
0,000
0,001
-0,003

Median

Wilcoxon
test p-value

-0,009
-0,009
-0,008
0,002
-0,001
-0,001
-0,002

0,000
0,001
0,000
0,416
0,941
0,988
0,413

Standard
deviation

0,109
0,109
0,111
0,110
0,109
0,107
0,109

Low
quartile

-0,050
-0,048
-0,052
-0,039
-0,041
-0,038
-0,043

High
quartile

0,030
0,037
0,034
0,045
0,040
0,042
0,043

T he REGx models constitute linear regression-based models (REG = Jones model, REGroa = Jones
model with ROA, REGcfo = Jones model with CFO, REGpwl = piecewise linear Jones model) and
the NET x models consitute the neural network-based models (NET = NN-based Jones model,
NET roa = NN-based Jones model with ROA, NET cfo = NN-based Jones model with CFO). All accrual
values in the table are deflated by lagged total assets.

The mean discretionary accruals for all seven models are closer to zero when the model
variables have been winsorized. The median discretionary accruals, however, show only
marginal differences, except for when estimated with the NETcfo model. With the
NETcfo model, the median discretionary accruals are closer to zero, changing from
-0.8% to -0.2% of lagged total assets when the variables are winsorized. Furthermore,
the REG, REGroa and REGcfo models continue to have significantly negative
discretionary accruals. Overall, winsorizing the dependent variable and the
independent variables does not seem to have a significant impact on the results. The
mean values and the standard deviations decrease, which is a result of fewer extreme
values in the discretionary accruals.
To test if the models produce similar estimates of discretionary accruals, a nonparametric Mann-Whitney U test is employed. The models are compared using the data
set with the non-winsorized values. The p-values from the test are presented in Table
19. In general, the results show that the models form two groups. The first group
comprises the first three linear regression models and the NETcfo model. The second
group contains the other two neural network-based models as well as the NETpwl
model. In other words, the Mann-Whitney U test shows that there are significant
differences between any two models from these two groups. These findings are in line
with the findings presented in Table 17. That is, the models in the first group show
significantly negative discretionary accruals, whereas the models in the second group
show non-significant discretionary accruals.
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Table 19 Comparison between models

Model
REGroa
REGcfo
REGpwl
NET
NETroa
NETcfo

REG
0,963
0,917
0,002
0,002
0,012
0,500

REGroa

REGcfo REGpwl

0,875
0,002
0,002
0,013
0,533

0,001
0,001
0,008
0,432

0,933
0,584
0,017

NET

NETroa

0,507
0,015

0,066

T he values presented in this table are the p-values from a Mann-Whitney U test. Values
that are significant at a 5% level are presented with a bold font.

Finally, it is also important to assess the robustness of the discretionary accruals
estimated with the neural network-based models. The robustness of the three neural
network-based models is assessed by testing them with three different changes in
settings (see Table 20). These tests are also conducted without winsorizing the
variables. First, the state of the random generator is set to 100 instead of 0. The results
indicate that changing the random generator seed does not change the results
significantly. Second, the number of hidden layers is increased from one to two. The
number of nodes in the hidden layers range from 1 to 10 with an equal number of nodes
in both hidden layers. With the NET and NETroa models the additional hidden layer
does not affect the results significantly. However, with the NETcfo the results show that
the results change significantly when a second hidden layer is added to the neural
network. One explanation for this is that the relationship between total accruals and
cash flows from operations is too complex to be modeled with only one hidden layer.
This is supported by the results presented earlier in this section which indicate that the
NETcfo model is outperformed by the other two neural network-based models.
Table 20 Evaluation of the robustness of neural network-based models

NET

NETroa

Randomseedsetto100
Twohiddenlayers

0,170

0,703

NETcfo
0,058

0,718

0,518

0,007

1/TAt1 variableexcluded

0,930

0,166

0,672

T he values presented in this table are the p-values from a Mann-Whitney
U test. Values that are significant at a 5% level are presented with a bold
font.

Third, the inverse value of lagged total assets is discarded from the models. Again, the
results show that discarding this variable from the models does not lead to significant
changes in the results. In general, the results presented in Table 20 suggest that the
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neural network-based models are robust to changes in the randomly initialized weights
and in the network architecture.

6.2.3. Summary
The results above showed that the models can be placed in two groups based on their
performance and similarity of the estimated discretionary accruals. In the first group
were the linear regression-based models, expect for the REGpwl model, as well as the
NETcfo model. These four models all showed significantly negative discretionary
accruals for a random data set of companies. In the second group, the remaining three
models showed discretionary accruals non-significantly different from zero. When the
discretionary accruals were estimated with the variables winsorized at the 1st and 99th
percentile, the mean values decreased for all seven models. whereas the change in
median values was marginal. Furthermore, the discretionary accruals for the NETcfo
model were no longer significantly negative when the variables were winsorized.
Finally, the results also showed that the neural network-based models are robust to
changes in the initial weights and network architecture. The only significant difference
came from increasing the number of hidden layers from one to two for the NETcfo
model. A possible explanation for this is that the relationship between total accruals
and cash flows from operations is too complex to be modeled with only one hidden
layer.

6.3. Stratified random sample
6.3.1. Introduction
In the previous section the discretionary accruals for the whole random data set were
examined. In this section, the discretionary accruals for the random data set are ranked
according to change in revenues, size, ROA, cash flows from operations, P/B-value and
P/E-value. For each one of these six variables, discretionary accruals for the highest
and lowest quartiles are examined. If the models are well specified, the mean (median)
discretionary accruals in the highest and lowest quartiles should not be different. In
other words, the discretionary accruals should not correlate with the independent
variables in the models or with any omitted variable. The performance of the models is
assessed by how close to zero the discretionary accruals for each model are in each
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stratum. The closeness to zero for each model and stratum is scored and the scores for
the strata are summed.

6.3.2. Discretionary accruals for stratified samples
The mean (median) discretionary accruals for the highest and lowest quartiles ranked
according to change in revenues, ROA, size, cash flows from operations, P/B-value and
P/E-values are presented in Table 21. For each stratum the models are scored from 0 to
6, so that the model with mean (median) discretionary accruals furthest away from zero
is assigned 0 and the model with mean (median) discretionary accruals closest to zero
is assigned 6. The final score in the rightmost column is calculated by summing the
scores for the different strata. Based on both the mean and median scores, the NETroa
model receives the highest score. Based on the mean score, the REGcfo model shows
the lowest score, whereas the REGroa model shows the lowest median score. In
general, when looking at the scores there is a clear gap between the NETroa, NET and
REGpwl models and the remaining four models. When examining the six ranking
variables separately, the most extensive differences between the discretionary accruals
in the highest and lowest quartiles can be found when ranking according to ROA. The
difference between the median discretionary accruals in the highest and lowest
quartiles with the REGcfo model is as high as 5.7% of lagged total assets. The NETroa
model, on the other hand, shows the lowest difference between the quartiles when
ranking according to ROA. With the NETroa model the difference in median
discretionary accruals between the highest and the lowest quartiles is 0.4% of lagged
total assets.
Noticeable differences between the median discretionary accruals in the highest and
lowest quartiles can also be seen when ranking according to CFO and the P/E-value.
When ranking according to CFO, the NETroa model shows the highest difference
between the quartile medians at 3.3% of lagged total assets, whereas the REGpwl model
shows the lowest difference at 0.2% of lagged total assets. Somewhat surprisingly, the
REGcfo and NETcfo models show a relatively high difference between the quartile
medians at 2.8% and 1.9% of lagged total assets, respectively.

0,010

0,025

(0,021)

0,001

(-0,005)

-0,020

(-0,012)

-0,004

(-0,034)

-0,039

(-0,001)

0,006

(0,003)

0,006

(0,000)

-0,016

(-0,011)

-0,017

(-0,018)

-0,032

(-0,044)

-0,062

(-0,034)

-0,042

(-0,035)

(0,016)

0,018

(0,023)

0,026

(0,012)

0,016

(0,006)

(-0,004)

0,010

(0,006)

-0,015

(-0,005)

0,007

(0,005)

-0,014

(-0,008)

-0,013

(-0,011)

-0,022

(-0,005)

-0,009

(-0,011)

-0,020

(-0,004)

(-0,011)

(-0,004)

(0,006)

0,011

-0,009

-0,021

-0,043

ROA
High
Low

REV
High
Low

-0,020

(-0,008)

-0,015

(-0,001)

-0,011

(0,002)

-0,009

(0,004)

-0,009

(-0,009)

-0,022

(-0,010)

-0,029

Low

(-0,008)

-0,025

(-0,004)

-0,017

(-0,008)

-0,008

(-0,020)

-0,027

-0,021
(-0,016)

-0,015
(-0,001)

(-0,027)

-0,034

(0,014)

0,002

(0,000)

-0,008

-0,022
(-0,005)

-0,005

(-0,038)

-0,054

(-0,023)

-0,033

(-0,023)

-0,034

(-0,002)

-0,019

(-0,010)

-0,016

(-0,016)

-0,023

(-0,016)

-0,023

CFO
High
Low

(-0,002)

(-0,009)

-0,032

(-0,011)

-0,029

(-0,011)

Size

(-0,010)

-0,021

High

-0,007

(-0,006)

-0,004

(0,004)

0,004

(0,002)

0,006

(-0,002)

0,002

(-0,009)

-0,010

(-0,009)

-0,015

Low

(-0,012)

-0,012

(-0,004)

-0,004

(-0,004)

-0,003

(-0,002)

-0,005

(-0,008)

-0,018

(-0,010)

-0,015

(-0,010)

P/B

(-0,009)

-0,007

High

Low

0,004

-0,035

-0,028
(-0,027)

0,005

(-0,009)

-0,012

(-0,005)

-0,012

(-0,011)

-0,014

(-0,025)

(0,000)

(-0,001)

0,002

(0,005)

0,008

(0,005)

0,008

(0,000)

(-0,023)

-0,028

(-0,003)

0,000

-0,028
(-0,023)

P/E

(-0,003)

0,001

High

(29)

37

(55)

54

(49)

48

(47)

48

(25)

10

(23)

33

(24)

22

Score

T he values in the High columns are the average (median) discretionary accruals in the upper quartile whereas the values the Low columns are the average discretionary
(median) accruals in the lower quartile. T he discretionary accruals are sorted according to change in sales deflated by lagged total assets (REV), return on assets (ROA), current
total assets (Size), cash flows from operations (CFO), price-to-book value (P/B) and price-to-earnings value (P/E). For each High and Low column the models are scored from 0
to 6, so that the model with the average (median) discretionary accruals furthest away from zero is scored with 0 whereas the model with the average (median) discretionary
accruals closest to zero is scored with 6. In the score column the scores for the High and Low columns are summed. In each column the mean and median values closest to zero
are shown with a bold font.

NETcfo

NETroa

NET

REGpwl

REGcfo

REGroa

Model
REG
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Table 21 Mean and median discretionary accruals for stratified random data sets
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The results from ranking according to the P/E-value are similar to those when ranking
according to ROA. The NETroa model shows the lowest difference between quartile
medians at 0.8% of lagged total assets. The REGcfo and NETcfo models, on the other
hand, show the highest differences between quartile medians at 2.5% and 2.7% of
lagged total assets, respectively. The lowest differences between the highest and lowest
quartiles are showed when ranking according to change in revenues, size and the P/Bvalue. When ranking according to these three variables the highest difference between
the highest and the lowest quartile medians is showed by the REGpwl model at 1.3% of
lagged total assets when ranking according to change in revenues.
To ensure that the results presented in Table 21 are not influenced by outliers in the
variables, all variables in the estimation and evaluation data sets are winsorized at the
1st and 99th percentile (see Table 22). In general, the results show that the differences
in scores between the models are lower when winsorizing the variables. However, the
NETroa model is still the best performing model, measured with both the mean and the
median scores. Furthermore, the REGcfo model shows the lowest performance when
measured with the mean score and the REG model when measured with the median
score. Similarly to the results presented in Table 21, when the variables are winsorized,
the most extensive differences between the discretionary accruals in the highest and
lowest quartiles can be found when ranking according to ROA. The NETroa model
shows the lowest difference between quartile medians at 0.5% of lagged total assets,
whereas the REGcfo model shows the highest difference at 6.2% of lagged total assets.
The most noticeable difference between the results from using the non-winsorized and
winsorized data when ranking according to ROA is the improved performance of the
REGroa model. When winsorizing the variables, the difference between the median
discretionary accruals in the highest and lowest quartiles fall from 4.1% to 0.6% of
lagged total assets.

0,000

0,028
(0,019)

0,007

(0,003)

-0,015

(-0,007)

0,006

(-0,026)

-0,027

(-0,001)

0,003
(0,004)

0,009

(0,002)

-0,013

(-0,018)

-0,014

(-0,024)

-0,028

(-0,049)

-0,050

(-0,008)

0,000

(-0,028)

(0,016)

0,019

(0,027)

0,031

(0,013)

0,015

(-0,002)

(-0,006)

0,005

(0,000)

-0,008

(-0,002)

0,020

(0,015)

-0,022

(-0,012)

0,002

(0,000)

-0,029

(-0,016)

0,006

(-0,006)

-0,023

(-0,013)

(-0,001)

(-0,016)

(0,004)

0,007

0,003

-0,027

-0,026

ROA
High
Low

REV
High
Low

-0,014

(-0,001)

-0,009

(0,001)

-0,008

(-0,002)

-0,008

(0,004)

-0,005

(-0,011)

-0,019

(-0,009)

-0,022

Low

(-0,003)

-0,014

(-0,003)

-0,009

(-0,003)

-0,005

(-0,021)

-0,029

-0,019
(-0,013)

-0,012
(-0,002)

(-0,013)

-0,018

(0,010)

0,014

(-0,008)

-0,002

-0,019
(-0,005)

0,003

(-0,039)

-0,042

(0,004)

0,008

(-0,016)

-0,016

(0,004)

-0,013

(-0,008)

-0,016

(-0,023)

-0,031

(-0,019)

-0,027

CFO
High
Low

(0,000)

(-0,009)

-0,026

(-0,010)

-0,017

(-0,010)

Size

(-0,010)

-0,018

High

-0,003

(-0,003)

0,000

(-0,001)

0,004

(-0,003)

0,003

(0,002)

-0,002

(-0,014)

-0,019

(-0,010)

-0,021

Low

(-0,012)

-0,019

(-0,004)

-0,006

(-0,007)

-0,013

(-0,007)

-0,013

(-0,016)

-0,025

(-0,014)

-0,010

(-0,017)

P/B

(-0,012)

-0,010

High

Low

0,002

-0,030

-0,018
(-0,019)

0,008

(-0,006)

-0,004

(-0,010)

-0,011

(-0,012)

-0,014

(-0,024)

(0,003)

(0,001)

0,001

(0,003)

0,007

(0,005)

0,010

(0,000)

(-0,018)

-0,016

(-0,009)

-0,007

-0,021
(-0,018)

P/E

(-0,004)

-0,004

High

(32)

29

(50)

47

(45)

43

(36)

31

(21)

18

(28)

37

(19)

26

Score

T he values in the High columns are the average (median) discretionary accruals in the upper quartile whereas the values the Low columns are the average discretionary
(median) accruals in the lower quartile. T he discretionary accruals are sorted according to change in sales deflated by lagged total assets (REV), return on assets (ROA), current
total assets (Size), cash flows from operations (CFO), price-to-book value (P/B) and price-to-earnings value (P/E). For each High and Low column the models are scored from 0
to 6, so that the model with the average (median) discretionary accruals furthest away from zero is scored with 0 whereas the model with the average (median) discretionary
accruals closest to zero is scored with 6. In the score column the scores for the High and Low columns are summed. In each column the mean and median values closest to zero
are shown with a bold font.

NETcfo

NETroa

NET

REGpwl

REGcfo

REGroa

Model
REG
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Table 22 Mean and median discretionary accruals for random stratified data sets (variables
winsorized at the 1st and 99th percentiles)
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6.3.3. Summary
The results presented in this section showed that with all seven models the
discretionary accruals correlate, at least to some extent, with both variables used in the
models and with omitted variables. The closeness to zero of the mean and median
discretionary accruals for each model and stratum was scored and the scores for the
strata were summed. The results showed that the NETroa model clearly outperformed
the other models both when comparing the mean and median scores. These results
were consistent when the data was winsorized. The REGcfo model showed the lowest
mean score whereas the REGroa model showed the lowest median score. When the
data was winsorized, the REGcfo model still showed the lowest mean score, whereas
the REG model showed the lowest median score. Overall, the REGpwl, NET and
NETroa models showed higher performance when compared to the other four models.
However, the performance of the REGpwl model decreased noticeably when the data
was winsorized.

6.4. Simulated earnings management
6.4.1. Introduction
In this section, the models are evaluated by inducing two types of simulated earnings
management into the financial statement data used in the previous two chapters. First,
expense manipulation is simulated. This simulates, for example, a reluctance to write
down inventory or to write off uncollectible receivables. Second, revenue manipulation
is simulated. This simulates events such as premature revenue recognition, channel
stuffing and fictive sales. The performance of the models is evaluated by measuring the
levels of type I and type II errors.

6.4.2. Simulated expense manipulation
The first type of simulated earnings management is expense manipulation. For all
models, this type of earnings management affects the dependent variable. That is, the
simulated earnings management increases or decreases total accruals. Furthermore, for
REGroa and NETroa models the simulation also affects the variable measuring ROA.
The evaluation data set consists of 1000 randomly selected North American
manufacturing companies. These companies are used to form 1000 data sets
containing 100 companies each by employing bootstrap sampling. Furthermore, for
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each company in the evaluation data set different magnitudes of earnings management
ranging from -5% to 5% of lagged total assets have been simulated. The performance of
the models is assessed by measuring the levels of type I and type II errors (see Table 23
and Figure 11). The results are presented for both non-winsorized and winsorized data
(at the 1st and 99th percentile). The level of type I errors is measured as the percentage
of sub-samples without simulated earnings management that have discretionary
accruals significantly9 different from zero. The level of type II errors is measured as the
percentage of sub-samples with simulated earnings management that have
discretionary accruals not significantly different from zero. The better the model is in
detecting earnings management, the lower the levels of both type I and type II errors.
Table 23 Type I and type II error percentages for samples with simulated expense
manipulation

Model
REG
REGroa
REGcfo
REGpwl
NET
NETroa
NETcfo

Type II error
-5 % -4 %

-3 %

-2 %

-1 %

1%

2%

3%

4%

24,2 %

98,8 %

69,2 %

19,7 %

2,8 %

0,0 %

0,0 %

0,0 %

1,9 %

(0,0 %)

(0,0 %)

(0,1 %)

(2,2 %) (24,0 %) (98,4 %) (70,3 %) (19,7 %) (2,8 %)

0,0 %

0,0 %

0,0 %

2,1 %

(0,0 %)

(0,0 %)

(0,4 %)

(5,6 %) (34,9 %) (97,0 %) (63,5 %) (14,9 %) (2,0 %)

24,6 %
21,8 %

98,7 %

0,0 %

0,0 %

1,4 %

(0,0 %)

(0,1 %)

(1,9 %) (23,9 %) (98,3 %) (72,4 %) (25,4 %) (4,3 %)

22,5 %

0,0 %

0,0 %

1,4 %

(0,0 %)

(0,1 %)

(2,5 %) (27,8 %) (81,2 %) (66,3 %) (17,0 %) (1,9 %)

23,5 %

0,0 %

0,0 %

2,3 %

(0,0 %)

(1,7 %) (19,7 %) (71,6 %) (74,9 %) (21,8 %) (3,0 %)

0,1 %

2,5 %

(0,2 %)

(4,5 %) (26,5 %) (76,1 %) (77,8 %) (24,9 %) (4,0 %)

96,1 %

28,5 %

2,5 %

0,0 %

36,2 %

81,2 %

18,8 %

(0,0 %)

4,4 %

69,2 %

69,5 %

2,3 %

(0,0 %)

20,3 %

76,3 %

18,2 %

23,1 %

2,6 %

0,0 %

69,3 %

70,9 %

18,5 %

(0,0 %)

74,3 %

98,7 %

68,2 %

59,4 %

5,1 %

0,0 %

0,0 %

0,2 %

(0,0 %)

(0,0 %)

(1,3 %) (15,5 %) (64,9 %) (81,8 %) (29,8 %) (4,7 %)

13,1 %

3,9 %

5%

Type I
error

0,0 %

24,6 %

(0,0 %) (23,8 %)

0,0 %

23,8 %

(0,0 %) (17,5 %)

0,0 %

25,7 %

(0,0 %) (23,4 %)

0,0 %

0,0 %

3,8 %

(0,0 %)

(0,0 %)

(4,4 %)

0,0 %

0,0 %

4,1 %

(0,0 %)

(0,0 %)

(3,9 %)

0,1 %

0,0 %

4,4 %

(0,2 %)

(0,0 %)

(4,0 %)

1,1 %

0,0 %

15,1 %

(0,1 %)

(0,0 %)

(5,6 %)

T he values without parenthesis are type I and type II error percentages for non-winsorized data whereas the values
in parenthesis are type I and type I error percentages for winsorized data.

The level of type I errors generated by the different models is presented in the
rightmost column in Table 23. With the non-winsorized data, the REGcfo model shows
the highest percentage of type I errors with 257 out of 1000 sub-samples missclassified. Also the REG and REGroa models show levels of type I errors close to 25%.
The REGpwl model shows the lowest level of type I errors with only 38 sub-samples out
of 1000 miss-classified. The NET and NETroa models have levels of type I errors close

9

The significance is measured with a non-parametric Wilcoxon test as the assumption of normality
required by a parametric t-test is not satisfied.
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to that of the REGpwl model. When winsorizing the data, the level of type I errors
decreases for all models except for the REGpwl model. However, the only model with a
noticeable decrease in the level of type I errors is the NETcfo model for which the level
of type I errors decreases from 15.1% to 5.6%. The level of type II errors is measured for
simulated earnings management ranging from -5% to 5% of lagged total assets with 1%
increments. As can be expected, the level of type II errors decreases for all models as
the magnitude of simulated earnings management increases. With simulated earnings
management at ±5% of lagged total assets, all seven models have type II error levels of
0%. That is, all 1000 sub-samples are correctly classified. Also with simulated earnings
management at ±4% of lagged total assets, most models have type II error levels of 0%
or close to 0%. With simulated earnings management at +1% of lagged total assets, the
REG, REGroa, REGcfo and NETcfo models show type II error levels close to 100%. In
other words, with earnings management of this magnitude these models almost
completely fail to detect earnings management. On the other hand, with simulated
earnings management at -1% of lagged total asset,s these four models show type II
error levels ranging from 21.8% to 36.2%. In other words, these four models show a
substantial asymmetry in their ability to detect both positive and negative earnings
management. The level of type II errors for the REGpwl, NET and NETroa models is
noticeably higher when the simulated earnings management is negative and noticeably
lower when the simulated earnings management is positive. Thus, the problem with the
asymmetric earnings management detection is not present in the same magnitude as
with the REG, REGroa, REGcfo and NETcfo models with these three models. As with
the type I errors, the NETcfo model is the only model to benefit substantially from
winsorizing the variables.
The error percentages presented in Figure 11 are the average of type II error
percentages for different magnitudes of simulated negative or positive earnings
management and the type I error percentage. For example, the leftmost bar in Figure 11
equals the average of the type II error percentages for simulated earnings management
ranging from -5% to -1% of lagged total assets and the type I error percentage when
using the REG model. The bars represent the results from using non-winsorized data
whereas the line represent the results from using winsorized data. The asymmetry in
detecting positive and negative earnings management with the REG, REGroa, REGcfo
and NETcfo models discussed earlier is clearly visible in Figure 11. The average error
for these four models is below 10% with negative earnings management but above 30%
with positive earnings management.
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manipulation does not affect the cash flow. The evaluation data set structure is the
same as with the simulated expense manipulation. That is, it consists of 1000 randomly
selected North American manufacturing companies which are used to form 1000 data
sets containing 100 companies each by employing bootstrap sampling. The magnitudes
of simulated earnings management are also the same as with the expense
manipulation, ranging from -5% to 5% of lagged total assets. The performance of the
models is assessed by measuring the levels of type I and type II errors (see Table 24 and
Figure 12).
Table 24 Type I and type II error percentages for samples with simulated revenue
manipulation

Model
REG
REGroa
REGcfo
REGpwl
NET
NETroa
NETcfo

Type II error
-5 % -4 %

-3 %

-2 %

-1 %

1%

2%

3%

4%

27,7 %

99,1 %

77,1 %

31,5 %

6,6 %

0,0 %

0,0 %

0,2 %

3,4 %

(0,0 %)

(0,0 %)

(0,4 %)

(5,3 %) (30,1 %) (99,1 %) (81,3 %) (36,7 %) (8,7 %)

28,5 %

0,0 %

0,2 %

3,5 %

(1,0 %)

(9,9 %) (42,0 %) (98,0 %) (77,8 %) (29,6 %) (6,2 %)

(0,6 %) (17,5 %)

0,9 %

23,8 %

0,0 %

0,0 %

0,2 %

2,6 %

(0,0 %)

(0,4 %)

(5,5 %) (30,8 %) (99,2 %) (85,0 %) (46,2 %) (12,7 %) (2,0 %) (23,4 %)

33,2 %

0,0 %

0,3 %

4,3 %

(0,0 %)

(0,8 %)

(9,5 %) (46,7 %) (87,4 %) (73,9 %) (29,6 %) (6,2 %)

36,7 %

0,3 %

6,8 %

(0,2 %)

(4,0 %) (27,0 %) (75,7 %) (79,1 %) (29,2 %) (5,3 %)

0,0 %

0,5 %

5,0 %

(0,7 %)

(7,2 %) (37,4 %) (80,2 %) (82,1 %) (35,4 %) (7,3 %)

42,2 %

97,8 %

40,9 %

5,9 %

(0,1 %)

8,9 %

85,1 %

28,5 %

5,1 %

0,0 %

73,2 %

76,2 %

27,0 %

(0,0 %)

28,3 %

81,6 %

76,5 %

72,2 %

8,7 %

0,0 %

0,0 %

0,7 %

(0,0 %)

(0,4 %)

(3,8 %) (24,8 %) (70,6 %) (86,3 %) (44,0 %) (9,7 %)

24,8 %

8,0 %

0,2 %

(0,0 %)

79,1 %

37,9 %

6,4 %

24,6 %

(0,0 %)

81,1 %

30,3 %

0,3 %

(1,1 %) (23,8 %)

0,0 %

99,2 %

75,7 %

Type I
error

(0,0 %)

25,9 %

99,0 %

5%

25,7 %

0,1 %

0,0 %

3,8 %

(0,6 %)

(0,0 %)

(4,4 %)

0,4 %

0,0 %

4,1 %

(0,3 %)

(0,0 %)

(3,9 %)

1,2 %

0,0 %

4,4 %

(1,0 %)

(0,0 %)

(4,0 %)

5,0 %

0,3 %

15,1 %

(1,1 %)

(0,0 %)

(5,6 %)

T he values without parenthesis are type I and type II error percentages for non-winsorized data whereas the values
in parenthesis are type I and type I error percentages for winsorized data.

The levels of type I errors presented in Table 24 are the same as in Table 23, as they are
measured on data for which earnings management has not been simulated. With
simulated earnings management at ±5% of lagged total assets, all seven models have
type II error levels 2% or below. With simulated earnings management at ±4% of
lagged total assets, the levels of type II errors range between 0% and 12.7%. With lower
levels of simulated revenue manipulation, the same asymmetry in detecting positive
and negative, as with the simulated expense manipulation, becomes evident. This
problem is most prominent with the REG, REGroa, REGcfo and NETcfo models. As
with the simulated expense manipulation, these four models detect negative
manipulation better than positive manipulation. The ability to detect simulated revenue
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6.4.4. Summary
The main finding in this caption was the asymmetry in detecting positive and negative
earnings management with the REG, REGroa, REGcfo and NETcfo models. With the
data set used in this study, these four models showed higher power in detecting
negative earnings management. In previous studies where simulated earnings
management has been used to evaluate different models (e.g. Dechow et al., 1995 and
Jeter & Shivakumar, 1999), only positive earnings management has been simulated.
This can lead to incorrect conclusions since the models might not be able to detect
negative earnings management even though it has high power in detecting positive
earnings management. It is therefore important to measure the earnings management
detection ability with both positive and negative simulated earnings management.
Furthermore, the results in this chapter showed that all models had high power in
detecting simulated earnings management of magnitudes larger than ±3% of lagged
total assets. Finally, the results from using both non-winsorized and winsorized were
compared. Overall, the winsorization had only a marginal effect on the results. The only
model that clearly benefited from the winsorization of the data was the NETcfo model.

6.5. Failed companies
6.5.1. Introduction
In this section the results from estimating discretionary accruals for failed companies is
presented. The data set containing failed companies comprises 110 Finnish bankrupt
and reorganized companies that have been entered into the bankruptcy and
reorganization register during the period 1.1.2005 to 31.12.2007. The discretionary
accruals are estimated with two linear regression-based models and two neural
network-based models. The number of evaluated models in this section is lower
compared to the previous sections as the three models using CFO as an independent
variable are left out. The reason for this is that CFO is not available for the failed
companies. The results in this section cannot directly be used for evaluating the ability
of a model to detect earnings management as the level of actual earnings management
for the data set companies is not known. Instead, the main purpose of the tests in this
chapter is to examine if the different earnings management detection models produce
different results. In addition to this, discretionary accruals are measured with all four
models one to four years prior to failure. A non-parametric Wilcoxon test is employed
to test if the discretionary accruals are significantly different from zero. Finally, the
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discretionary accruals for failed companies one to four years prior to failure are
compared with discretionary accruals for companies matched on year, industry and
size. The discretionary accruals for the failed and matched companies are compared
with a non-parametric Mann-Whitney U test.
Intuitively it could be expected that companies in financial distress would manage
earnings upwards. However, a majority of studies where earnings management prior to
failure has been examined show that failed companies manage their earnings
downwards. Although there are some incentives for downwards earnings management
for companies in financial distress, it is unlikely that it is deliberate downwards
earnings management that has been reported in these studies. A more likely
explanation to these, somewhat surprising results, is that the models used for detecting
earnings management are misspecified. Several studies have shown that companies
with extreme positive (negative) financial performance show high (low) discretionary
accruals. As failing companies usually experience extreme negative financial
performance, it can be expected that the earnings management detection models show
low discretionary accruals for these companies.

6.5.2. Discretionary accruals for failed companies
The discretionary accruals for the 110 failing companies are presented in both Table 25
and in Figure 13. The statistics are presented one to four years prior to failure. The
results show that the mean discretionary accruals are negative during all four years
with all four models, except for the NETroa model which has positive mean
discretionary accruals one year prior to failure. However, as the sample is relatively
small and the data are not normally distributed, the median discretionary accruals give
a more correct view. One and three years prior to failure all four models show negative
median discretionary accruals. Furthermore, one year prior to failure the REG and NET
models show significantly negative median discretionary accruals. It is likely that the
reason for the significant discretionary accruals is the fact that the REG and NET
models do not control for performance. As there is no control for performance, parts of
the negative non-discretionary accruals are treated as discretionary accruals by the two
models. Two and four years prior to failure all four models show positive median
discretionary accruals. The median discretionary accruals during years two and four
prior to failure are, however, not significantly positive. No single model stands out with
the lowest standard deviation for the discretionary accruals. Four years prior to failure
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the standard deviation ranges between 0.67 and 0.82. Years one to three prior to failure
the standard deviation is lower for all models, ranging between 0.30 and 0.37.
Table 25 Discretionary accruals for failed companies

Year
t-1

t-2

t-3

t-4
1)

Model
REG
REGroa
NET
NETroa
REG
REGroa
NET
NETroa
REG
REGroa
NET
NETroa
REG
REGroa
NET
NETroa

Mean
-0,032
-0,007
-0,041
0,007
-0,029
-0,014
-0,041
-0,015
-0,036
-0,027
-0,041
-0,012
-0,086
-0,070
-0,120
-0,097

Median
-0,048
-0,046
-0,069
-0,036
0,023
0,042
0,005
0,034
-0,028
-0,024
-0,020
-0,003
0,003
0,007
0,001
0,027

p-value1)
0,030
0,114
0,010
0,204
0,936
0,521
0,589
0,453
0,358
0,550
0,241
0,839
0,577
0,813
0,497
0,717

St. dev.
0,367
0,354
0,369
0,342
0,338
0,329
0,346
0,347
0,308
0,296
0,313
0,304
0,685
0,673
0,815
0,814

Min
-0,981
-0,740
-1,009
-0,794
-1,696
-1,649
-1,809
-1,826
-1,232
-1,216
-1,309
-1,306
-4,958
-4,766
-5,861
-5,819

Max
1,708
1,711
1,697
1,705
1,148
1,150
1,112
1,136
0,767
0,740
0,761
0,733
1,544
1,562
1,481
1,484

Wilcoxon signed rank test

The median discretionary accruals for all four models one to four years prior to failure
are visualized in Figure 13. One year prior to failure all models show strongly negative
median discretionary accruals. The NET model shows the most negative median
discretionary accruals at -6.9% of lagged total assets, whereas the NETroa model shows
the least negative median discretionary accruals at -3.6% of lagged total assets. Two
years prior to failure all models show positive median discretionary accruals ranging
from 0.5% of lagged total assets with the NET model to 4.2% of lagged total assets with
the REGroa model. Three years prior to failure the median discretionary accruals range
from -0.3% of lagged total assets with the NETroa model to -2.8% of lagged total assets
with the REG model. Four years prior to failure the median discretionary accruals turn
positive again with the NET model showing the lowest median discretionary accruals at
0.1% of lagged total assets and the NETroa model showing the highest median
discretionary accruals at 2.7% of lagged total assets. In general, the NETroa model has
less negative or more positive discretionary accruals than the other three models, The
only exception is two years prior to failure when the REGroa model shows more
positive discretionary accruals than the NETroa model.
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Figure 13 Median discretionary accruals for failed companies

The performance of the models is difficult to assess, as the actual magnitude of
discretionary accruals is not known. However, when comparing the results from the
models several differences stand out. First, the NETroa model has the least negative
median discretionary accruals one year prior to failure. The NET model, on the other
hand, has the most negative median discretionary accruals. Second, two years prior to
failure the NET model has noticeably lower median discretionary accruals than the
other three models. The median discretionary accruals with the NET model are only
0.5% of lagged total assets, whereas the REG model has the second lowest median
discretionary accruals at 2.3% of lagged total assets. Third, three years prior to failure
the NETroa model has noticeably less negative discretionary accruals compared to the
other three models. The median discretionary accruals with the NETroa model are
-0.3% of lagged total assets, whereas the other three models have median discretionary
accruals equal to or below -2.0% of lagged total assets. Lastly, four years prior to failure
all models, except for the NETroa model, have median discretionary accruals below
1.0% of lagged total assets. The NETroa model, on the other hand, shows median
discretionary accruals equaling 2.7% of lagged total assets. In spite of these differences
the differences between discretionary accruals estimated with the different models are
not statistically significant (see Table 26). This is confirmed with a non-parametric
Mann-Whitney test.

97

Table 26 Comparison of discretionary accruals estimated by the different models

t-1
Model
REGroa
NET
NETroa

REG

REGroa NET

0,552

t-2
REG

REGroa NET

t-3
REG

REGroa NET

t-4
REG

REGroa NET

0,602

0,784

0,813

0,743 0,418

0,863 0,708

0,930 0,738

0,747

0,397

0,410

0,782 0,238 0,627 0,999 0,431 0,409 0,544 0,327 0,528 0,657 0,738

T he values presented in the table are the p-values from a Mann-Whitney U test.

As mentioned earlier, it can be assumed that bankrupt and reorganization companies
have incentives to manage their earnings upwards prior to failure. This upwards
earnings management is probably employed several years prior to failure. Thus, the
downwards earnings management shown by the failed companies one year prior to
failure can partly be attributed to model misspecification and partly to reversals of
previous upwards earnings management. Perhaps the most plausible earnings
management behavior two to four years prior to failure is that shown by the NETroa
model, that is, upwards earnings management four and two years prior to failure and
close to zero earnings management between these two years.

6.5.3. Discretionary accruals for matched companies
To make sure that the discretionary accruals reported in Table 25 are specific for the
failed companies and not for the industry in general, discretionary accruals for 110 nonfailed companies matched on year, industry and size are estimated (see Table 27 and
Figure 14). The results in Table 27 show that the discretionary accruals are not
significantly different from zero at a 5% level during any of the four years with any of
the four models. However, at a 10% level the REG model has significantly positive
discretionary accruals year t-1. Year t-1 the REG model has mean (median)
discretionary accruals equaling 3.3% (2.7%) of lagged total assets. Furthermore,
compared with the failing companies, the standard deviation of the discretionary
accruals for the matched companies is noticeably lower, ranging between 0.20 and
0.23. This indicates that there is more variation in the discretionary accruals for the
failed companies. This is supported by the maximum and minimum values of
discretionary accruals which are also noticeably higher for the failed companies.
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Table 27 Discretionary accruals for matched companies

Year
t-1

t-2

t-3

t-4
1)

Model
REG
REGroa
NET
NETroa
REG
REGroa
NET
NETroa
REG
REGroa
NET
NETroa
REG
REGroa
NET
NETroa

Mean
0,033
0,027
0,028
0,027
0,022
0,015
0,014
0,007
0,004
-0,005
0,000
-0,003
-0,004
-0,013
-0,013
-0,012

Median
0,025
0,017
0,010
0,011
0,014
0,006
0,013
0,000
0,015
0,001
0,009
0,006
0,002
-0,003
-0,003
-0,005

p-value1)
0,055
0,144
0,158
0,206
0,269
0,417
0,366
0,714
0,545
0,985
0,682
0,992
0,886
0,678
0,774
0,665

St. dev.
0,202
0,201
0,196
0,195
0,209
0,203
0,206
0,198
0,221
0,213
0,227
0,215
0,232
0,222
0,233
0,223

Min
-0,732
-0,728
-0,751
-0,677
-0,615
-0,644
-0,605
-0,580
-0,856
-0,874
-0,846
-0,871
-0,806
-0,849
-0,815
-0,814

Max
0,834
0,832
0,793
0,802
0,869
0,864
0,855
0,828
0,825
0,786
0,864
0,830
0,858
0,861
0,828
0,834

Wilcoxon signed rank test
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t1
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NETroa

0,030
0,050
0,070

Figure 14 Median discretionary accruals for matched companies

In Table 28 the differences between the discretionary accruals for the matched and the
failed companies are reported. It is noticeable that with all models during all four years
the mean discretionary accruals for the failed companies are lower than the mean
discretionary accruals for the matched companies. However, as the data are not
normally distributed and the sample is relatively small, the median values give a more
correct view. One and three years prior to failure the median discretionary accruals for
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the failed companies are lower than the median discretionary accruals for the matched
companies. Two years prior to failure all models, except for the NET model, show
higher median discretionary accruals for the failed companies. Four years prior to
failure all four models show higher median discretionary accruals for the failed
companies.
Table 28 Difference in DACC between matched and failed companies

Year
t-1

t-2

t-3

t-4
1)

Model
REG
REGroa
NET
NETroa
REG
REGroa
NET
NETroa
REG
REGroa
NET
NETroa
REG
REGroa
NET
NETroa

Mean
-0,065
-0,033
-0,069
-0,020
-0,051
-0,028
-0,055
-0,022
-0,039
-0,022
-0,041
-0,010
-0,082
-0,057
-0,108
-0,085

Median
-0,073
-0,063
-0,079
-0,047
0,008
0,036
-0,008
0,034
-0,044
-0,025
-0,029
-0,010
0,002
0,010
0,004
0,032

p-value1)
0,003
0,023
0,002
0,045
0,628
0,785
0,394
0,663
0,279
0,628
0,276
0,926
0,680
0,922
0,822
0,605

Mann-Whitney test

One year prior to failure the median difference is lowest with the REGroa and NETroa
models at 6.3% and 4.7% of lagged total assets. With these two models the difference is
significant at a 5% level. With the REG and NET models the difference is higher and
significant at a 1% level. As it is unlikely that companies with financial difficulties
manage earnings downwards, this suggests that controlling for performance reduces
the

problem

with

the

discretionary

accruals

correlating

with

performance.

Furthermore, it also indicates that controlling for performance with a non-linear model
reduces the problem to a greater extent than with a linear model. Some degree of
negative discretionary accruals one year prior to failure can, however, be expected as
this might be reversals of previously made positive earnings management. Two years
prior to failure, the failed companies have higher median discretionary accruals with
the REGroa and NETroa models than the matched companies. With the REG and NET
models, however, the difference between the failed and the matched companies is
marginal. This might be because the failing companies show poor performance two
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years prior to failure which in turn shows up as more negative discretionary accruals
with the models that do not control for performance. Three and four years prior to
failure the discretionary accruals estimated with the NETroa model diverge from the
discretionary accruals estimated with the other three models. Three years prior to
failure the NETroa models show median discretionary accruals equaling -1.0% of
lagged total assets, whereas the other models have median discretionary accruals below
-2.9% of lagged total assets. Four years prior to failure the median discretionary
accruals turn positive, with the NETroa model at 3.2% of lagged total assets and the
other models ranging from 0.2% to 1.0% of lagged total assets.

6.5.4. Summary
The evidence presented in this chapter cannot directly be used to draw any inferences
about the performance of the models as the magnitude of the actual earnings
management for the bankrupt and reorganizing companies is not known. The results
do, however, offer some indications of the performance of the different models. The
results one year prior to failure are perhaps the most interesting from a model
performance point of view. The REG and NET models showed significantly negative
discretionary accruals, whereas the discretionary accruals for the REGroa and NETroa
models were non-significant. Furthermore, the NETroa model showed the highest
mean and least negative median discretionary accruals. The significantly negative
discretionary accruals showed by the REG and NET models were probably partly due to
earnings

management

reversals

but

also,

to

some

extent,

due

to

model

misspecification. That is, companies with extreme negative performance show low
discretionary accruals, especially if the model does not control for performance. Two to
four years prior to failure none of the four models showed discretionary accruals
significantly different from zero. Furthermore, a Mann-Whitney U test was employed
to test whether the models generated significantly different estimates of discretionary
accruals for the failed companies. The results showed that there were no significant
differences between the discretionary accruals estimated with the four different models
during any of the four years prior to failure. Finally, the discretionary accruals for the
failed companies were compared with discretionary accruals for companies matched on
year, size and industry. One year prior to failure all four models showed significant
differences between the failed and the matched companies. However, two to four years
prior to failure there were no significant differences between the failed and the matched
companies.
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7

DISCUSSION

7.1.

A review of the study

In this section the main findings from the empirical study are summarized. The
purpose of this study was to assess the ability of neural networks to detect earnings
management. This was done by comparing three neural network-based models with
four earnings management detection models based on linear and piecewise linear
regression. The empirical study was performed in four steps. In the first three steps the
performance of all seven models was assessed using a random data set, a stratified
random data set and a data set containing simulated earnings management. In the
fourth step two models based on neural networks and two linear regression-based
models were used for estimating the discretionary accruals for failed companies. The
results from these four steps are shortly reported in Table 29.
In the first step, the discretionary accruals were estimated for a sample with randomly
selected North American manufacturing companies. As both the estimation and
evaluation samples were randomly drawn from the same population, it is expected that
the discretionary accruals are not significantly different from zero. The results,
however, showed that the discretionary accruals were significantly negative with the
REG, REGroa, REGcfo and NETcfo models. The other three models showed nonsignificant discretionary accruals with mean and median values below 0.3% of lagged
total assets. To make sure that the results were not affected by outliers, both the
dependent variable and the independent variables were winsorized at the 1st and the
99th percentile. The most noticeable effect of the winsorization was that the
discretionary accruals for the NETcfo model were no longer significant. Furthermore,
the standard deviation of the discretionary accruals dropped for all models after the
data had been winsorized. A part of the first step was also to assess the similarity of the
discretionary accruals estimated with the different models. The results showed that the
models could be categorized into two groups. One group contained the REG, REGroa,
REGcfo and NETcfo models and in the second group the REGpwl, NET and NETroa
models. The discretionary accruals estimated by the models in the two groups were
statistically significant. Finally, the robustness of the neural network-based models was
tested. The robustness was tested by changing the random seed, by adding a second
hidden layer to the network architecture and by excluding the variable for the
reciprocal of lagged total assets. The only noticeable finding was that there is a
significant difference between the discretionary accruals estimated with the NETcfo
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model with one hidden layer and with two hidden layers. This suggests that the neural
network might require more than one hidden layer in order to be able to properly
model the relationship between accruals and CFO as the NETcfo model performed
poorly with one hidden layer. This was, however, not tested more in detail as it was
beyond the scope of this study.
In the second step, the discretionary accruals for the random data set were ranked
according to change in revenues, size, ROA, cash flows from operations, P/B-value and
P/E-value. The highest and lowest quartiles were examined for each one of the six
ranking variables. If the models are well specified, the discretionary accruals should not
be significantly different between the quartiles. For each variable and quartile, the
models were scored from 0 to 6 so that the model with the mean (median)
discretionary accruals furthest away from zero was assigned 0 and the model with the
mean (median) discretionary accruals closest to zero was assigned 6. The performance
of the models was assessed based on the sum of the mean (median) scores for the six
ranking variables. The results showed that the NETroa model clearly outperformed the
other six models with both the non-winsorized and the winsorized data. The REGcfo,
on the other hand, showed the lowest mean score, whereas the REGroa showed the
lowest median score. When the data was winsorized, the REGcfo model still showed the
lowest mean score, whereas the REG model showed the lowest median score. In
general, the REGpwl, NET and NETroa models showed higher performance when
compared to the other four models. Somewhat surprisingly, however, the performance
of the REGpwl model decreased noticeably when the data was winsorized. The highest
difference between quartiles was shown when the discretionary accruals were ranked
according to ROA. When ranking with ROA, the difference between the mean (median)
discretionary accruals in the quartiles ranged between 1.0% (0.4%) of lagged total
assets with the NETroa model to as high as 7.7% (5.7%) of lagged total assets with the
REGcfo model. This is a serious problem for the misspecified models as in several
contexts where earnings management is studied the companies have extreme values for
variables measuring performance. In the worst case, this might lead to wrong
conclusions being drawn about the existence of earnings management.

REGcfo

Jones model with CFO

data set

REG

REGpwl
NET
NETroa
NETcfo

Piecewise linear Jones model

NN

NN with ROA

NN with CFO

REGroa

Jones model

NN with CFO

Jones model with ROA

NN with ROA

random

NETroa
NETcfo

NN

Stratified

REGpwl
NET

Piecewise linear Jones model

REGroa
REGcfo

data set

REG

Jones model with ROA

Random

Jones model with CFO

Models

Jones model

Data set

Results
The REG, REGroa, REGcfo and NETcfo
models showed significantly negative
DACC. When the data was winsorized, the
DACC for the NETcfo model became nonsignificant. The REGpwl, NET and NET
models had mean and median DACC below
0.3% of lagged total assets. The NETroa
model showed the lowest standard deviation
for DACC.
The NETroa model showed both the highest
mean and the highest median score. These
results were consistent when the data was
winsorized. The REGcfo model showed the
lowest mean score whereas the REGroa
model showed the lowest median score.
When the data was winsorized, the REGcfo
model still showed the lowest mean score
whereas the REG model showed the lowest
median score.

Performance measure
(a) DACC are significantly different from
zero (Wilcoxon test); (b) Mean and median
DACC closest to zero; (c) Lowest standard
deviation for DACC

For each stratum the models are scored from
0 to 6, so that the model with mean (median)
discretionary accruals furthest away from
zero is assigned 0 and the model with mean
(median) discretionary accruals closest to
zero is assigned 6. The final score is
calculated by summing the scores for the
different strata. The higher the mean
(median) score, the better the model
performance.
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Table 29 Summary of results from the empirical part of the study

NET
NETroa

Jones model with ROA

NN

NN with ROA

REG
REGroa

Jones model

NN with CFO

companies

NETroa
NETcfo

NN with ROA

Failed

REGpwl
NET

management Jones model with CFO

NN

REGcfo

Jones model with ROA

earnings

Piecewise linear Jones model

REGroa

Jones model

Simulated

REG

Models

Data set

Results
There was a noticeable asymmetry in
detecting both positive and negative
earnings management with the REG, REGroa,
REGcfo and NETcfo models. All models had
high power in detecting simulated earnings
management of magnitudes larger than ±3%
of lagged total assets. All models performed
worse in detecting revenue manipulation
compared with detecting expense
manipulation. The only model that clearly
benefited from the winsorization of the data
was the NETcfo model.
One year prior to failure the REG and NET
models show significantly negative DACC.
One year prior to failure all models showed a
significant difference between the failed and
the matched companies. The four models did
not produce significantly different estimates
of DACC during any of the four years prior
to failure.

Performance measure
(a) Type I errors: The number of subsamples without simulated earnings
management that have DACC significantly
different from zero (Wilcoxon test); (b) Type
II errors: The number of sub-samples with
simulated earnings management that have
DACC insigificantly different from zero
(Wilcoxon test); (c) Mean errors for positive
and negative simulated earnings
management (graphical presentation).

(a) DACC are significantly different from
zero (Wilcoxon test) during any of the four
years prior to failures; (b) DACC for failed
companies are significantly different from
DACC for matched companies (MannWhitney U test); (c) Significant differences
between the DACC estimated with the
different models (Mann-Whitney U test).
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Table 29 Continued
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In the third step, the models were tested with simulated earnings management. Two
types of earnings management was simulated for the companies in the evaluation
sample: expense manipulation and revenue manipulation. The level of simulated
earnings management was set to range between -5% and 5% of lagged total assets. 1000
sub-samples with 100 companies in each were created by employing bootstrap
sampling. The level of type I errors was measured as the percentage of misclassified
sub-samples without simulated earnings management and the level of type II errors as
the percentage of misclassified sub-samples with simulated earnings management. The
main finding was that the REG, REGroa, REGcfo and NETcfo models showed
noticeable asymmetry in detecting positive and negative earnings management. The
levels of type II errors for these models was more than twice as high for positive
earnings management at 1% of lagged total assets than for negative earnings
management of the same magnitude. Consequently, these four models also showed
high levels of type I errors. The REGpwl, NET and NETroa models, on the other hand,
identified symmetrically both negative and positive earnings management. The
difference in performance between these three models was marginal. Furthermore, all
seven models performed better with the simulated expense manipulation than with the
simulated revenue manipulation. This was expected as in the simulated revenue
manipulation the independent variable for change in revenues was affected, making the
earnings management harder to detect. Finally, the performance of the models was reassessed by winsorizing the data at the 1st and 99th percentile. The only noticeable
effect of the winsorization was that the NETcfo model became more symmetric in
detecting positive and negative earnings management. For the other six models, the
winsorization had only a marginal impact.
In the fourth step, the discretionary accruals were estimated for failed companies. The
data set consisted of 110 Finnish bankrupt and reorganization companies.
Furthermore, the models including CFO as an independent variable were left out in this
step as CFO was not available for the failed companies. As the failed companies have
extreme negative performance, it was expected that the linear regression-based models
might be misspecified. This was based on evidence from previous studies stating that
for these models discretionary accruals correlate with extreme financial performance.
The test performed in the fourth step was the most difficult to interpret as the actual
magnitude of earnings management for the failed companies was not known.
Therefore, the main test here was to compare the discretionary accruals estimated by
the different models. The results showed that the models did not produce significantly
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different results during one to four years prior to failure. There were, however, some
differences between the models. One year prior to failure the median discretionary
accruals were significantly negative with the REG and NET models. The discretionary
accruals estimated with the REGroa and NETroa models, on the other hand, were less
negative and not significantly different from zero. This was expected as the controlling
for performance should reduce the correlation between discretionary accruals and
extreme financial performance. Furthermore, the NETroa model had the least negative
discretionary accruals one year prior to failure, suggesting that controlling non-linearly
for performance further reduces the correlation between discretionary accruals and
extreme financial performance. Two years prior to failure, the REGroa and NETroa
models showed higher discretionary accruals than the REG and NET models.
Furthermore, three and four years prior to failure the NETroa model showed higher
discretionary accruals than the other three models. To make sure that the discretionary
accruals were mainly attributable to financial distress, they were compared to
discretionary accruals for non-failed companies matched on year, industry and size.
One year prior to failure, the difference between the discretionary accruals for the failed
and the matched companies was significant with all four models. Two to four years
prior to failure, on the other hand, the differences between the models were not
significant.

7.2.

Contribution

The main contribution of this study was to present three different models for detecting
earnings management that were able to model non-linear relationships between the
dependent variable and the independent variables. Previous research has shown that
the earnings management detection model presented by Jones (1991) is misspecified in
that it does not control for performance. This has been addressed in several studies and
a wide range of solutions have been suggested. For example, return on assets and cash
flows from operations have been suggested as additional explanatory variables for the
original model. It is, however, difficult to model the relationship between accruals and
performance with a linear regression-based model as the relationship has shown to be
non-linear. Furthermore, results in this study showed that none of the independent
variables had a perfectly linear relationship with the dependent variable. As neural
network-based models are able to handle non-linear relationships between dependent
and independent variables, they can be used to solve the problem of non-linearity
between dependent variable and the independent variables. The results of this study
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showed that the NETroa model performed well in the tests in all three steps in which
the performance of the different models were assessed. Especially when the
performance of the models was assessed using a random stratified sample, the NETroa
model outperformed the other models.

7.3.

Limitations

Even though the models have been evaluated with a number of different tests, there are
some limitations. First, the first three steps in the empirical study use data from North
American manufacturing companies for one year. The results would be more reliable if
data from several industries and years would be used. Also data from other than North
American companies, such as data from European companies, could be used. Second,
the industry specific data used in this study are on a rather aggregated level. Even
though previous research has shown that this has only a marginally negative impact on
the results, the results of this study could improve if less aggregated industry specific
data would be used. Third, the settings for the neural networks are mostly heuristically
chosen. Even though this produces reasonable results, the results could be improved by
using a wider range of settings when testing the neural network-based models. Finally,
the actual magnitude of discretionary accruals for the failed companies is not known.
This makes it difficult to assess the performance of the models in estimating
discretionary accruals for the failed companies, thus reducing the relevance of these
tests. There is, however, no way of improving the situation for the tests in the fourth
step as it is not possible to obtain the actual magnitude of discretionary accruals.

7.4. Conclusions and further research
The purpose of this study was to assess the ability of the neural networks to detect
accrual-based earnings management. More closely, the purpose was to assess how well
the neural network-based models decompose total accruals into discretionary accruals
and non-discretionary accruals. The need for alternative models for detecting earnings
management is clear, as several previous studies have shown that commonly used
existing models are misspecified. One of the most central problems with the existing
models is that they are linear models, whereas the accrual process, at least to some
extent, is non-linear. For example, the relationship between company performance and
accruals has, in several previous studies, shown to be non-linear. The non-linearity
between the dependent variable and the independent variables was also established in
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the empirical part of this study. Thus, it is likely that modeling a non-linear relationship
with a linear model will bias the results and in the worst case lead to the wrong
conclusions being drawn. Considering these problems, a neural network-based model is
a noteworthy alternative as it can model non-linear relationships.
In general, the results show that two of the three suggested neural network-based
models are well suited for decomposing total accruals into discretionary and nondiscretionary accruals. In other words, a neural network-based model with change in
revenues and property, plant and equipment as independent variables (NET) and the
neural network model augmented with ROA as an independent variable (NETroa)
showed an overall higher performance than the four linear regression-based models.
The neural network-based model augmented with cash flows from operations (CFO) an
independent variable (NETcfo), on the other hand, did not reach the same level of
performance as the other two neural network-based models. There was some evidence
suggesting that the reason for the poorer performance of the NETcfo model was that
the neural network architecture had too few hidden layers to correctly model the
relationship between total accruals and CFO.
The problem with assessing the performance of earnings management detection
models is that the actual level of earnings management is not known. In this study, the
performance of three neural network-based models and four linear regression-based
models were assessed in three steps. In the first step, a random data set of companies
was presented to the models. The companies were randomly selected from the same
population as the companies which had been used for training the neural networks and
estimating the linear regression-based models. The assumption was that if the models
are well specified, the discretionary accruals estimated by them will not be significantly
different from zero. The only models not to show discretionary accruals significantly
different from zero were the NET and NETroa models as well as the piecewise linear
regression-based model (REGpwl). When the data was winsorized, also the NETcfo
models showed discretionary accruals non-significantly different from zero. In other
words, the results in the first step suggested that the models without any control for
non-linearity are misspecified. In the second step, the discretionary accruals estimated
by the models were ranked according to six different variables after which the highest
and lowest quartiles were examined. Some of the six variables were independent
variables in the models, whereas others were possible omitted variables. Here the
assumption was that the mean and median discretionary accruals in the highest and
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lowest quartiles should be equal if the models are well specified. In other words, the
discretionary accruals should not correlate with any independent variables in the
models or with possible omitted variables. The results showed that all seven models
correlated, to some degree, with at least some of the six ranking variables. That is, there
were some differences between the mean and median discretionary accruals in the
highest and lowest quartiles. The NETroa model clearly showed the overall lowest
difference between both the mean and the median discretionary accruals in the highest
and lowest quartiles. As in the results from the first step, the NET and REGpwl models
also performed relatively well. In the third step, different magnitudes and two different
types of earnings management was artificially induced into the data set. The results
showed that all linear regression-based models, except for the REGpwl model and the
NETcfo model, detect positive and negative earnings management asymmetrically.
That is, these models are better in detecting positive earnings management than
negative earnings management. The NET, NETroa and REGpwl models, on the other
hand, detect positive and negative earnings management equally well. When the data
was winsorized, the asymmetry showed by the NETcfo model was reduced. Despite the
asymmetric detection showed by some of the models, all seven models detect earnings
management of magnitudes above ±3% of lagged total assets. To conclude the results
from these three steps, the NETroa model showed the overall best performance.
Furthermore, the NET and REGpwl also performed relatively well. The other three
models, on the other hand, seemed to be misspecified. The reason for the poor
performance of the linear regression-based models is most likely that a non-linear
relationship between the dependent variable and the independent variables cannot
properly be modeled with a linear approach. The poor performance of the NETcfo
model, however, is more difficult to explain. Although there was some evidence
suggesting that the neural network architecture was too simple to properly model the
relationship between total accruals and CFO, this was not proved. Thus, the reason for
the poor performance of the NETcfo model remains an open question.
In addition to assessing the performance of the different models in the three steps
presented above, the discretionary accruals were estimated for failed companies with
two neural network-based models and two linear regression-based models. All models
including CFO as an independent variable were left out as these data were missing for
the failed companies. The problem with the data for the failed companies is that the
actual amount of earnings management is not known. Therefore, these data could not
directly be used for assessing the performance of the models. Instead, the discretionary
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accruals were first estimated for the failing companies one to four years prior to failure
with all four models. These discretionary accruals were then compared with the
discretionary accruals for companies matched on year, industry and size. One year
prior to failure, the Jones model (REG) and the neural network counterpart (NET)
showed significantly negative discretionary accruals. The explanation for these
significantly negative discretionary accruals is most likely an omitted variable in the
REG and NET models as the two models that control for performance (REGroa and
NETroa) do not show discretionary accruals significantly different from zero. Even
though the mean discretionary accruals were negative with all four models two to four
years prior to failure, they were not significantly different from zero. When comparing
the discretionary accruals for the failed companies with discretionary accruals for the
matched companies, there were significant differences only one year prior to failure.
During this year, all four models indicated that the discretionary accruals are
significantly lower for the failed companies. The negative difference is most likely due
to a combination of model misspecification and reversal of previously employed
positive earnings management rather than to negative earnings management. In
general, based on the data used in this study there is really no evidence of earnings
management prior to failure. One final test with the data for the failed companies was
to examine whether the four different models produced significantly different estimates
of the discretionary accruals. The results showed that none of the models produced
significantly different estimates of the discretionary accruals compared to the other
three models during any of the four years prior to failure. Looking beyond the
significance testing, the NETroa model shows the highest mean and least negative
median discretionary accruals one year prior to failure. Furthermore, the NETroa
model shows the lowest mean and median difference between the discretionary
accruals for the failed and matched companies. As it is highly unlikely that failing
companies would engage in negative earnings management, these results suggest that,
compared with the other three models, the NETroa model is better in estimating the
discretionary part of total accruals for companies with extreme negative performance.
Even though neural networks offer several appealing advantages over linear regressionbased approaches, there are some downsides as well. Compared to the estimation
procedure of the linear regression coefficients, the training procedure of the neural
networks is very time consuming. Usually regression coefficients are estimated within
seconds, whereas the neural network training can take several hours. This is, however,
not a major problem as the networks are most commonly trained only once.
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Furthermore, the use of a trained neural network is as fast as the use of estimated
regression coefficients. Another problem with the neural network-based models is that
they are non-deterministic. This means that consecutive runs do not produce exactly
the same results with the same input data. The results in this study show, however, that
the difference between different runs is not significant. Furthermore, the neural
network can be made deterministic by initializing the random number generator to the
same state every time the network is trained. Finally, linear regression-based models
are easier to understand than neural network-based models. For example, the
significance and importance of the independent variables in the linear regression-based
models are easy to assess, whereas the neural network-based models operate more as a
black box.
Further research in this topic could include alternative samples, such as data from
several industries and countries. It could also be tested if a less aggregated industry
level would have a significant impact on the results. Moreover, models based on other
types of neural networks could be assessed. For example, general regression neural
networks (GRNN) and piecewise linear regression based on self-organizing maps
(SOM) could be alternatives to the multilayer perceptron. Furthermore, a more
extensive assessment of different architectures for the multiplayer perceptron could be
employed. Finally, alternative explanatory variables could be experimented with. The
explanatory variables used in this study are variables that have been used in different
versions of the Jones model but there are a number of other possible explanatory
variables as well, such as cost of goods sold.
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