
E
r
P
a

b

A

D

J
M
G

K
E
J
D
N
B
A

1

f
p
f
r
l
c
p
d
a

z
1
a
a
a
a
f
t
r

h
R

ACCOP 2 (2026) 100006 

3

 

Contents lists available at ScienceDirect

Accounting Open

journal homepage: www.elsevier.com/locate/accop  

stimating discretionary accruals in the cross-section of firms: A 

einterpretation of the Jones model and its variants
eter Fiechter a, Martin Wallmeier b,∗
Université de Neuchâtel, Rue A.-L. Breguet 2, CH-2000, Neuchâtel, Switzerland
University of Fribourg, Bd. de Pérolles 90, CH-1700, Fribourg, Switzerland

 R T I C L E  I N F O

ataset link: https://researchbox.org/4446
EL classification:
41
17

eywords:
arnings management
ones model
iscretionary accruals
ormal accruals
ayesian analysis
ccrual decomposition

 A B S T R A C T

In this paper, we challenge a key underlying assumption of the Jones model that there is no information 
available about the cross-sectional distribution of the ‘‘true’’ profitability of firms. When we incorporate this 
neglected information into a Bayesian framework, the resulting model provides both a theoretical foundation 
and practical guidance for researchers on which variant of the Jones model is suitable in which setting. 
Specifically, we find that the appropriate use depends on the sampling of firms suspected of earnings 
management: (i) the modified Jones plus cash flow model for random sampling, (ii) the modified Jones plus 
profitability model for sampling on firms’ reported earnings, and (iii) the modified Jones model for sampling 
on the Bayesian estimate of firms’ true profitability.
. Introduction

An implicit assumption of the Jones model is that there is no in-
ormation available about the cross-sectional distribution of the ‘‘true’’ 
rofitability of firms. This assumption is implausible, as in reality, 
irms’ true profitability typically falls within a reasonable, predictable 
ange. In a competitive economic environment, an extremely high or 
ow profitability is rare, and many observations will be close to the 
ost of capital (see, e.g., Penman, 2011, p. 112; Palepu et al., 2022, 
. 247). We posit that this prior information about the cross-sectional 
istribution of true profitability is useful for the decomposition of total 
ccruals into normal and discretionary components.
To illustrate, consider the extreme example of a distribution with 

ero variance, i.e., true earnings scaled by total assets are constant at 
0% for all firms in the sample. Then, by definition, true discretionary 
ccruals are equal to reported earnings minus 10%, and true normal 
ccruals are equal to 10% minus cash flows. Therefore, discretionary 
ccruals have a cross-sectional correlation of 1 with reported earnings, 
nd normal accruals have a cross-sectional correlation of −1 with cash 
lows. As a result, the sum of discretionary and normal accruals, i.e., to-
al accruals, will also be positively related to earnings and negatively 
elated to cash flows. Since the Jones model does not remove these 

∗ Corresponding author.
E-mail addresses: peter.fiechter@unine.ch (P. Fiechter), martin.wallmeier@unifr.ch (M. Wallmeier).

cross-correlations, they will also appear in the residuals from the Jones 
regression.

In fact, these correlations are well-known stylized facts described 
in the literature (see Dechow et al., 2003 and Kothari et al., 2005 for 
earnings; and Dechow, 1994, Dechow et al., 1995, and Dechow et al., 
1998 for cash flows). These stylized facts can impair the suitability 
of the residuals from the Jones model as a measure of earnings man-
agement. For example, positive residuals for IPO firms might indicate 
earnings management to achieve higher selling prices for the offered 
shares, but at the same time, positive residuals could also be due to 
the high profitability of IPO firms as a result of the earnings-related 
stylized fact. In such cases, it is not clear whether the Jones model is 
still appropriate for measuring earnings management. To address this 
issue, it is necessary to consider the source of the stylized facts by 
taking prior information about the cross-sectional distribution of true 
profitability into account.

In our model we assume a normal prior distribution of true prof-
itability. The variance of this distribution determines the importance 
of the prior information. A very low variance corresponds to the 
extreme example above, while a very high variance renders the prior 
uninformative, so that no extension of the Jones model is required.
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Combining the prior information with earnings and cash flow infor-
mation in a Bayesian framework, we derive the posterior distribution 
and the maximum likelihood estimator of true profitability, which then 
provides Bayesian estimators of normal and discretionary accruals.

An intriguing aspect of our model is that it can be linked to differ-
ent extensions of the Jones model used in the earnings management 
literature. Breuer and Schütt (2023) identify 93 earnings management 
studies published between 2016 and 2020 in the leading accounting 
journals and find that 26 of these studies use the modified Jones model, 
26 studies use the modified Jones model plus cash flow variables, and 
42 studies add an additional control for profitability to the modified 
Jones model.1 As prior literature provides no clear guidance on which 
setting requires the use of which variant of the Jones model to de-
tect earnings management, researchers often use multiple models and 
robustness checks to mitigate concerns associated with any single mea-
sure. Although this practice reduces the risk of drawing inferences from 
a single (potentially biased) model variant, more guidance on which 
model variant is appropriate in which setting is useful. Our model 
implies that the most efficient way to detect earnings management 
depends on the sampling of firms suspected of earnings management. 
For random sampling, the modified Jones plus cash flow model is most 
efficient; for sampling with respect to reported earnings, the modified 
Jones plus profitability model should be used; and for sampling with 
respect to the Bayesian estimator of true profitability, the modified 
Jones model is appropriate.

In the empirical part of the paper, we test whether the recommen-
dations derived from our model are useful in practice. It is important to 
note that throughout the empirical analysis, the term ‘‘true earnings’’ 
refers to a latent benchmark defined within our modeling framework. 
Although the concept is well defined in the model, its empirical coun-
terpart is obtained under specific distributional and structural assump-
tions. Accordingly, our empirical estimates should be interpreted as 
model-implied measures.

We first estimate the model parameters using Compustat data for 
a comprehensive sample of US firms from 1987 to 2022. We then 
simulate the three methods of sampling of treatment firms and infuse 
different degrees of earnings management into the earnings of these 
firms. Finally, we examine the performance of different variants of 
the Jones model in detecting the injected earnings management. The 
results of our simulations and empirical analyses are consistent with 
our model: for random sampling, the model variants perform similarly, 
while for the other two sampling methods, the differences in perfor-
mance are substantial, and the use of an inappropriate model variant 
could lead to biased results.

Our paper contributes to the literature on empirical measures of 
earnings quality and earnings discretion. Specifically, our findings com-
plement previous approaches that use accounting identities to remove 
biases due to accrual estimation errors. The basis of these approaches 
is the (firm-level) accrual quality model of Dechow and Dichev (2002), 
which explains why accruals are negatively related to contemporaneous 
cash flows. The intuition of the model is that if a firm has constant 
predetermined earnings, the variation in accruals is entirely due to the 
variation in cash flows, so that accruals and cash flows are negatively 
correlated with a coefficient of minus one (Larson et al., 2018, p. 842). 
We transfer this intuition to the cross-section of firms and extend the 
model by making a more realistic assumption about the distribution of 
true profitability.

Building on Dechow and Dichev (2002), Lewellen and Resutek 
(2019) and Rountree et al. (2023) examine why accruals are less per-
sistent than cash flows. One explanation originally proposed by Sloan 

1 The authors include studies published in The Accounting Review, Journal of 
Accounting Research, Journal of Accounting and Economics, Review of Accounting 
Studies and Contemporary Accounting Research.
2 
(1996) is that measurement error in accruals makes accruals less per-
sistent because the error component tends to reverse over time. This 
negative correlation gives researchers a lever to correct for the persis-
tence bias. In this way, Lewellen and Resutek (2019) are able to test 
the measurement-error explanation for the low persistence of accruals 
against other explanations, and Rountree et al. (2023) use a similar 
approach to obtain an unbiased estimate of the persistence of true 
earnings. The main difference in our approach is that we focus on cross-
sectional information to improve estimates of true earnings rather than 
(firm-level) time-series information from error reversals.

In a similar setup with unobservable true performance as we use, 
Nikolaev (2018) proposes a measure of accounting quality that cor-
responds to the variance ratio of two accrual components: (i) the 
performance measurement component, which is defined as the differ-
ence of cash flows to unobservable performance, and (ii) the accounting 
error component, which is defined as the difference of economic per-
formance to earnings. While Nikolaev (2018) applies the framework 
at the firm level, our paper exploits cross-sectional variation of accru-
als. Therefore, the main elements of our paper are distinct from the 
study by Nikolaev (2018), namely the idea of prior information about 
economic performance, its relevance to the stylized facts, the Bayesian 
estimation of accrual components, and the resulting suggestions for 
identifying earnings management.

Finally, our paper contributes to the literature on Bayesian methods 
in accounting research and thus responds to the call for greater use of 
these methods by Breuer and Schütt (2023). They use Bayesian meth-
ods to obtain better estimates of normal accruals from the modified 
Jones model, considering uncertainty about parameter heterogeneity 
(at the industry-year level vs. firm level) and about the appropriate 
set of controls in the Jones regression. Breuer and Schütt (2023) find 
that Bayesian model averaging leads to superior estimates of normal 
accruals. Our application is different in that we address a specific bias, 
i.e., the stylized facts, based on specific prior information, i.e., the 
cross-sectional distribution of true earnings. Incorporating this prior 
information helps to identify the appropriate model variant. This is 
complementary to Breuer and Schütt (2023) because model averaging 
can then be based on parameter heterogeneity and different sets of 
controls for the chosen model variant.

The rest of the paper is structured as follows. Section 2 derives 
the model. Section 3 describes the estimation method and the data. 
Section 4 presents our empirical results. Section 5 discusses how to 
determine the appropriate variant of the Jones model in practical 
applications, and Section 6 concludes the paper.

2. Bayesian model

2.1. Variables

We use 𝑁𝐼 for reported earnings, 𝐶𝐹  for cash flow, and 𝑇𝐴 =
𝑁𝐼 − 𝐶𝐹  for total accruals. The variable name 𝑁𝐼 is an acronym for 
net income, but our framework is also consistent with other measures 
of earnings.

The key element of our model is the introduction of unobservable 
true earnings, 𝑁𝐼𝑇 . These earnings are ‘‘true’’ in the sense that they 
are unambiguously defined by the applicable accounting standards.2 If 
the accounting standards are not complete, we can think of 𝑁𝐼𝑇  as the 
profit or loss resulting from the most appropriate accounting judgment 
by a panel of neutral accounting experts.

Discretionary accruals are defined as the deviations of reported 
earnings from true earnings, expressed as 𝐷𝐴 = 𝑁𝐼 − 𝑁𝐼𝑇 . These 
deviations arise due to accounting errors and management discretion 
including earnings management. Similarly, normal accruals are defined 

2 This concept corresponds to ‘‘true’’ or ‘‘fundamental’’ earnings as used 
by Lewellen and Resutek (2019) and Rountree et al. (2023).
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Fig. 1. Model variables and their relationships.
Total accruals (𝑇𝐴) are defined as reported earnings (𝑁𝐼) minus cash flow (𝐶𝐹 ). True earnings (𝑁𝐼𝑇 ) are ‘‘true’’ in the sense that they are unambiguously defined 
by the applicable accounting standards. As shown in figure (a), when true earnings (𝑁𝐼𝑇 ) are known, total accruals can be decomposed into discretionary accruals 
(𝐷𝐴 = 𝑁𝐼 − 𝑁𝐼𝑇 ) and normal accruals (𝑁𝐴 = 𝑁𝐼𝑇 − 𝐶𝐹 ) so that 𝑇𝐴 = 𝑁𝐴 + 𝐷𝐴. The outside border around 𝑇𝐴, 𝐶𝐹 , and 𝑁𝐼 indicates that the values of 
these variables are observable. 𝑁𝐼𝑇 , 𝑁𝐴, and 𝐷𝐴 are unobservable and must be estimated. Figure (b) shows the same relationships for demeaned accruals: 
𝑛𝑎 = 𝑁𝐴 − 𝜇𝑁𝐴 and 𝑑𝑎 = 𝐷𝐴 − 𝜇𝐷𝐴, where 𝜇𝑁𝐴 and 𝜇𝐷𝐴 are the expected values of normal and discretionary accruals. Therefore, 𝑛𝑖 = 𝑁𝐼𝑇 + 𝑑𝑎 = 𝑁𝐼 − 𝜇𝐷𝐴; 
𝑐𝑓 = 𝑁𝐼𝑇 − 𝑛𝑎 = 𝐶𝐹 + 𝜇𝑁𝐴; and 𝑡𝑎 = 𝑛𝑖 − 𝑐𝑓 = 𝑇𝐴 − 𝜇𝑁𝐴 − 𝜇𝐷𝐴.
as the deviations of true earnings from cash flows, given by 𝑁𝐴 =
𝑁𝐼𝑇 − 𝐶𝐹 . By definition, a firm can influence normal accruals only 
by altering cash flows and the corresponding operating activities. If 
such alterations are intended to manage earnings, they are classified 
as ‘‘real’’ earnings management.

Fig.  1(a) illustrates the relationships among the relevant variables. 
Panel (b) presents the same structure but for demeaned accruals, 
i.e., normal and discretionary accruals adjusted for their expected 
values, 𝜇𝑁𝐴 and 𝜇𝐷𝐴, respectively. While the two structures (a) and 
(b) are equivalent, the demeaned version offers the advantage of clearly 
separating the analysis into two stages.

In the first stage, we estimate 𝜇𝑁𝐴 and 𝜇𝐷𝐴 and then demean the 
accrual variables accordingly. For this purpose, we use the modified 
Jones model in our empirical analysis. Under this model, 𝜇𝑁𝐴 is a 
function of 𝑃𝑃𝐸 and changes in cash revenues, and 𝜇𝐷𝐴 = 0, since 
the expected value of the error term of the Jones regression is zero. 
Alternative models from the literature could also be employed to 
estimate 𝜇𝑁𝐴 and 𝜇𝐷𝐴. For instance, 𝜇𝐷𝐴 may be non-zero to reflect 
reversals of prior discretionary accruals. As we do not contribute to 
the estimation of these expectations, we take the estimation model of 
the first step as given and then work with demeaned variables in the 
second step. In the first step, 𝜇𝑁𝐴 and 𝜇𝐷𝐴 can be firm-specific (as in 
the Jones model, where 𝜇𝑁𝐴 is determined by firm-specific 𝑃𝑃𝐸 and 
changes in cash revenues).

The second stage, based on the demeaned framework in Fig.  1(b), 
constitutes our Bayesian analysis. This step demonstrates how our 
approach extends beyond the traditional Jones model. We denote 
demeaned variables using lowercase letters: 𝑛𝑎 = 𝑁𝐴 − 𝜇𝑁𝐴 and 
𝑑𝑎 = 𝐷𝐴 − 𝜇𝐷𝐴; net income becomes 𝑛𝑖 = 𝑁𝐼𝑇 + 𝑑𝑎 = 𝑁𝐼 − 𝜇𝐷𝐴; 
cash flow is 𝑐𝑓 = 𝑁𝐼𝑇 − 𝑛𝑎 = 𝐶𝐹 + 𝜇𝑁𝐴; and total accruals are 
𝑡𝑎 = 𝑛𝑖−𝑐𝑓 = 𝑇𝐴−𝜇𝑁𝐴−𝜇𝐷𝐴. We model the cross-sectional distributions 
of these variables, which aligns with the standard implementation of 
the Jones model as a cross-sectional regression.

2.2. General Gaussian updating problem

The structure illustrated in Fig.  1(b) can be interpreted as a signal 
model, where 𝑛𝑖 and 𝑐𝑓 are signals of unobservable true earnings 
𝑁𝐼𝑇 . If the variables follow a multivariate normal distribution, the 
signal model is identical to the general Gaussian updating problem, 
and the posterior distribution of 𝑁𝐼𝑇 ∣ 𝑛𝑖, 𝑐𝑓 is known from the 
literature (Murphy, 2007; Särkkä & Svensson, 2023).
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(1)

where:

• 𝜇0 and 𝜎20 are the expected value and variance of 𝑁𝐼𝑇  (prior 
distribution),

• 𝛴1 =
[

Cov(𝑐𝑓 ,𝑁𝐼𝑇 )
Cov(𝑛𝑖,𝑁𝐼𝑇 )

]

 is the vector of covariances of the signals 
with 𝑁𝐼𝑇 ,

• 𝛴2 =

[

𝜎2𝑐𝑓 Cov(𝑐𝑓 , 𝑛𝑖)
Cov(𝑛𝑖, 𝑐𝑓 ) 𝜎2𝑛𝑖

]

 is the signal covariance matrix.

Note that the expected values of 𝑐𝑓 and 𝑛𝑖 are equal to 𝜇0 because we 
work with demeaned accruals.

Then, the posterior distribution of 𝑁𝐼𝑇 ∣ 𝑐𝑓 , 𝑛𝑖 is again normal: 

𝑁𝐼𝑇 ∣ 𝑐𝑓 , 𝑛𝑖 ∼ 
(

𝜇0 + 𝛴⊤
1 𝛴

−1
2

([

𝑐𝑓
𝑛𝑖

]

−
[

𝜇0
𝜇0

])

, 𝜎20 − 𝛴⊤
1 𝛴

−1
2 𝛴1

)

.

(2)

2.3. Special case of independent signals

2.3.1. Additional assumption
In this paper, we examine a special case of the general Gaus-

sian updating problem by introducing the additional assumption that 
there is no specific information indicating a relationship between (de-
meaned) accrual components and true earnings, or between normal and 
discretionary accruals. Formally, we assume: 
𝐶𝑜𝑣

(

𝑛𝑎,𝑁𝐼𝑇
)

= 𝐶𝑜𝑣
(

𝑑𝑎,𝑁𝐼𝑇
)

= 𝐶𝑜𝑣 (𝑛𝑎, 𝑑𝑎) = 0. (3)

We impose these restrictions for two main reasons. First, they are 
implicitly embedded in the modified Jones model. Maintaining these 
assumptions allows us to isolate the effect of interest, namely, how 
the prior distribution of true earnings affects the decomposition. In 
the Jones model, normal accruals are determined entirely by 𝑃𝑃𝐸 and 
changes in cash revenues. The residual component of total accruals is 
considered discretionary. As a result, there is no inherent correlation 
between the demeaned normal and discretionary accruals. Moreover, 
since 𝑁𝐼𝑇  is not explicitly modeled in the Jones model, there is no 
built-in correlation between 𝑁𝐼𝑇  and either 𝑛𝑎 or 𝑑𝑎. Second, non-zero 
covariances would indicate that predictable components remain in the 
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accrual measures after the first step. For example, if normal accruals are 
systematically correlated with true earnings, this predictable pattern 
could, in principle, be incorporated into the first-step regression. Thus, 
our assumption is not that such correlations cannot exist, but rather that 
they are addressed, if present, through the specification of the accrual 
model in the first step.

2.3.2. Implications
We highlight four implications of our special setting for variances 

and covariances of core variables.
First, assumption (3) simplifies the calculation of the variances of 

cash flow and reported earnings since the covariances can be ignored. 
The unconditional probability distributions are:

𝑐𝑓 ∼ 
(

𝜇0, 𝜎
2
0 + 𝜎2𝑛𝑎

)

, (4)

𝑛𝑖 ∼ 
(

𝜇0, 𝜎
2
0 + 𝜎2𝑑𝑎

)

. (5)

Eqs. (4) and (5) characterize the theoretical (population-level) cross-
sectional distributions of cash flows and earnings. They result from a 
two-step procedure applied to each firm: first, the firm’s true earnings 
are determined as a random draw from the prior distribution, and sec-
ond, normal and discretionary accruals are randomly drawn, allowing 
cash flows and earnings to be determined as 𝑐𝑓 = 𝑁𝐼𝑇 − 𝑛𝑎 and 
𝑛𝑖 = 𝑁𝐼𝑇 + 𝑑𝑎, respectively.

Second, cash flows and reported earnings in the cross-section of 
firms are positively related with a covariance of: 

𝐶𝑜𝑣 (𝑐𝑓 , 𝑛𝑖) = 𝐶𝑜𝑣
(

𝑁𝐼𝑇 − 𝑛𝑎,𝑁𝐼𝑇 + 𝑑𝑎
)

= 𝜎20 . (6)

This positive relationship arises because both variables are derived 
from 𝑁𝐼𝑇 . The greater the uncertainty of 𝑁𝐼𝑇  (measured by 𝜎20), 
the more important the common source of uncertainty in 𝑐𝑓 and 𝑛𝑖. 
Conversely, when 𝜎20 approaches zero, the covariance between 𝑐𝑓 and 
𝑛𝑖 disappears because the remaining sources of uncertainty in 𝑐𝑓 and 
𝑛𝑖 are the two accrual components 𝑛𝑎 and 𝑑𝑎, respectively, which are 
independent.

Third, normal accruals are negatively related to cash flows, and 
discretionary accruals are positively related to earnings:

𝐶𝑜𝑣 (𝑛𝑎, 𝑐𝑓 ) = 𝐶𝑜𝑣
(

𝑛𝑎,𝑁𝐼𝑇 − 𝑛𝑎
)

= −𝜎2𝑛𝑎, (7)

𝐶𝑜𝑣 (𝑑𝑎, 𝑛𝑖) = 𝐶𝑜𝑣
(

𝑑𝑎,𝑁𝐼𝑇 + 𝑑𝑎
)

= 𝜎2𝑑𝑎, (8)

𝐶𝑜𝑣 (𝑛𝑎, 𝑛𝑖) = 𝐶𝑜𝑣 (𝑑𝑎, 𝑐𝑓 ) = 0. (9)

The reason is that for a given 𝑁𝐼𝑇 , higher normal accruals are, by 
definition, associated with lower cash flows, and higher discretionary 
accruals are, by definition, associated with higher reported earnings.

Fourth, these associations are maintained when forming the sum 
of normal and discretionary accruals. Therefore, total accruals are also 
negatively related to cash flows and positively related to earnings:

𝐶𝑜𝑣 (𝑡𝑎, 𝑐𝑓 ) = 𝐶𝑜𝑣 (𝑛𝑖 − 𝑐𝑓 , 𝑐𝑓 ) = 𝜎20 − 𝜎2𝑐𝑓 = −𝜎2𝑛𝑎, (10)

𝐶𝑜𝑣 (𝑡𝑎, 𝑛𝑖) = 𝐶𝑜𝑣 (𝑛𝑖 − 𝑐𝑓 , 𝑛𝑖) = 𝜎2𝑛𝑖 − 𝜎20 = 𝜎2𝑑𝑎. (11)

This fourth implication replicates the stylized facts mentioned in the 
introduction. Our framework shows that these stylized facts do not 
require earnings management, reversal patterns of accruals over time 
or causal effects of profitability (e.g., through superior growth of prof-
itable firms leading to growing accruals). They arise naturally when 
true earnings in the cross-section of firms have a more or less nar-
row distribution. The theoretical (population-level) regression of 𝑡𝑎
on 𝑐𝑓 has a slope coefficient of 𝐶𝑜𝑣 (𝑡𝑎, 𝑐𝑓 ) ∕𝜎2𝑐𝑓 = −𝜎2𝑛𝑎∕

(

𝜎20 + 𝜎2𝑛𝑎
)

, 
and the theoretical regression of 𝑡𝑎 on 𝑛𝑖 has a slope coefficient of 
𝐶𝑜𝑣 (𝑡𝑎, 𝑛𝑖) ∕𝜎2𝑛𝑖 = 𝜎2𝑑𝑎∕

(

𝜎20 + 𝜎2𝑑𝑎
)

. Thus, for the special case of known 
𝑁𝐼𝑇  (𝜎20 → 0), the slopes are equal to −1 and 1, respectively. The less 
precise the prior information (i.e., the higher 𝜎20), the more the slope 
coefficients approach zero.
4 
2.3.3. Bayesian estimates of discretionary and normal accruals
We can summarize our signal model as follows:

𝑁𝐼𝑇 ∼  (𝜇0, 𝜎20 ),

𝑐𝑓 = 𝑁𝐼𝑇 − 𝑛𝑎, 𝑛𝑎 ∼  (0, 𝜎2𝑛𝑎),

𝑛𝑖 = 𝑁𝐼𝑇 + 𝑑𝑎, 𝑑𝑎 ∼  (0, 𝜎2𝑑𝑎),

where 𝑛𝑎 and 𝑑𝑎 are independent of each other and of 𝑁𝐼𝑇 .
The joint distribution is: 

⎡

⎢

⎢

⎣

𝑁𝐼𝑇

𝑐𝑓
𝑛𝑖

⎤

⎥

⎥

⎦

∼ 
⎛

⎜

⎜

⎝

⎡

⎢

⎢

⎣

𝜇0
𝜇0
𝜇0

⎤

⎥

⎥

⎦

,
⎡

⎢

⎢

⎣

𝜎20 𝜎20 𝜎20
𝜎20 𝜎20 + 𝜎2𝑛𝑎 𝜎20
𝜎20 𝜎20 𝜎20 + 𝜎2𝑑𝑎

⎤

⎥

⎥

⎦

⎞

⎟

⎟

⎠

. (12)

This joint distribution forms the basis for computing the posterior 
distribution of 𝑁𝐼𝑇  conditional on the observed signals 𝑐𝑓 and 𝑛𝑖. It is 
well known that in this special case, the general formula (2) collapses 
to the precision-weighted average of the three sources of information 
about the unobservable profit 𝑁𝐼𝑇 : prior information, cash flow in-
formation 𝑐𝑓 , and reported earnings 𝑛𝑖. The posterior distribution is3: 

𝑁𝐼𝑇 ∣ 𝑐𝑓 , 𝑛𝑖 ∼ 
(

𝜇∗, 𝜎∗2
)

(13)

with 

𝜇∗ =
1∕𝜎20 ⋅ 𝜇0 + 1∕𝜎2𝑛𝑎 ⋅ 𝑐𝑓 + 1∕𝜎2𝑑𝑎 ⋅ 𝑛𝑖

1∕𝜎20 + 1∕𝜎2𝑛𝑎 + 1∕𝜎2𝑑𝑎
(14)

and 

𝜎∗2 = 1
1∕𝜎20 + 1∕𝜎2𝑛𝑎 + 1∕𝜎2𝑑𝑎

. (15)

The Maximum Likelihood estimator 𝑁𝐼𝑇  for 𝑁𝐼𝑇 ∣ 𝑐𝑓 , 𝑛𝑖 is the 
posterior expected value 𝜇∗ of Eq.  (14), which can be written as a 
weighted average of three values: 

𝑁𝐼𝑇 = 𝜇∗ = 𝑤1𝜇0 +𝑤2𝑐𝑓 +𝑤3𝑛𝑖, (16)

where the weights 𝑤1 = 1
𝜎20
𝜎∗2, 𝑤2 = 1

𝜎2𝑛𝑎
𝜎∗2 and 𝑤3 = 1

𝜎2𝑑𝑎
𝜎∗2 reflect 

the relative precision of the three sources of information (inverse of 
variance). The same weights can also be related to the two stylized 
facts. With 𝛽1 as the slope coefficient of the theoretical (population-
level) regression of 𝑡𝑎 on 𝑐𝑓 , and 𝛽2 as the slope coefficient of the 
theoretical regression of 𝑡𝑎 on 𝑛𝑖, the weights can be expressed as4:

𝑤1 =
−𝛽2𝛽1

𝛽2 + 𝛽2𝛽1 − 𝛽1
, (17)

𝑤2 =
𝛽2 + 𝛽2𝛽1

𝛽2 + 𝛽2𝛽1 − 𝛽1
, (18)

𝑤3 =
𝛽2𝛽1 − 𝛽1

𝛽2 + 𝛽2𝛽1 − 𝛽1
. (19)

The Bayesian estimator 𝑁𝐼𝑇  of Eq.  (16) leads directly to estimators 
for normal and discretionary accruals. Given 𝑐𝑓 and 𝑛𝑖, the posterior 
distributions of 𝑑𝑎 and 𝑛𝑎 are normal, so that the Maximum Likelihood 
estimators are:

𝑑𝑎 ∣ 𝑐𝑓 , 𝑛𝑖 = 𝐸
[

𝑛𝑖 −𝑁𝐼𝑇 ∣ 𝑐𝑓 , 𝑛𝑖
]

= 𝑛𝑖 −𝑁𝐼𝑇 , (20)

𝑛𝑎 ∣ 𝑐𝑓 , 𝑛𝑖 = 𝐸
[

𝑁𝐼𝑇 − 𝑐𝑓 ∣ 𝑐𝑓 , 𝑛𝑖
]

= 𝑁𝐼𝑇 − 𝑐𝑓 . (21)

3 Instead of deriving the posterior distribution as a special case of the 
general formula (2), we can also derive it directly. For the standard result 
with one sample, see, e.g., Leonard and Hsu (2001). A second sample can be 
integrated via Bayesian updating. In doing so, the posterior distribution after 
considering the first sample serves as the new prior distribution to be combined 
with the second sample information.

4 See the expressions for the slope coefficients given in Properties 4 and 5 
in Appendix  A.
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Appendix  A sets out the properties of these estimators. The Bayesian 
estimators are closely related to the cash flow and profitability adjust-
ments to the Jones model commonly applied in the earnings manage-
ment literature (see the overview in Breuer & Schütt, 2023). According 
to Properties 4 and 5 in Appendix  A, estimated discretionary accruals 
in our model are proportional to total accruals 𝑡𝑎 after controlling for 
contemporaneous cash flows (as in the modified Jones plus cash flow 
model), and estimated normal accruals are proportional to profitability-
adjusted total accruals (as in the modified Jones plus profitability 
model). The intuition of this result is that our framework uses only the 
most basic assumptions to explain the stylized facts. Thus, our Bayesian 
estimators for 𝑑𝑎 and 𝑛𝑎 simply control for one or the other stylized 
fact, which is also what the variants of the Jones model do. If we 
tried to control for cash flow and earnings in successive regressions, 
we would switch back and forth between the estimators of normal and 
discretionary accruals (see Properties 6 and 7).

The properties in Appendix  A and the covariance relationships (6), 
(10) and (11) derived in Section 2.3.2 do not depend on the assumption 
of normal distributions. They are valid for general distributions as 
long as the variances and covariances are defined and finite. However, 
outside the normal model, 𝑁𝐼𝑇  according to Eq.  (16) is no longer the 
Maximum Likelihood estimator for 𝑁𝐼𝑇 .

The model could be extended in different ways by considering other 
special cases of the general Gaussian updating problem presented in 
Section 2.2. For example, income smoothing could be modeled by 
including a smoothing parameter 𝛼 such that 𝑁𝐼 − 𝜇𝑑𝑎 ∣ 𝑁𝐼𝑇 ∼


(

(1 − 𝛼)𝑁𝐼𝑇 , 𝜎2𝑑𝑎
)

, which results in a lower precision of the earnings 
information and a lower weight of earnings in the Bayesian estimator 
for true earnings. It is also possible that the cash flow is informative 
only about true earnings in one segment of the firm, because the cash 
budget of another segment has been fixed in advance. This knowledge 
would be relevant to draw the right conclusions from the cash flow 
signal. We do not consider such extensions in this paper. We also do not 
take into account how managers with certain incentives distort earnings 
when confronted with investors who are aware of these incentives and 
anticipate biased reporting (see Fischer & Verrecchia, 2000 and Dye & 
Sridhar, 2004).

2.4. Detecting earnings management

When a firm engages in earnings management (beyond the expected 
value 𝜇𝐷𝐴) with a profit impact of 𝐸𝑀 , its managed earnings are equal 
to 𝑛𝑖𝑛𝑒𝑤 = 𝑛𝑖 + 𝐸𝑀 .5 With unchanged cash flow 𝑐𝑓 , the new Bayesian 
estimator for 𝑁𝐼𝑇  according to Eq.  (16) is 𝑁𝐼𝑇 𝑛𝑒𝑤 = 𝑁𝐼𝑇 + 𝑤3𝐸𝑀 .6 
Thus, the new accrual estimators are:

𝑑𝑎𝑛𝑒𝑤 = 𝑛𝑖𝑛𝑒𝑤 −𝑁𝐼𝑇 𝑛𝑒𝑤 = 𝑑𝑎 +
(

𝑤1 +𝑤2
)

𝐸𝑀 (22)

𝑛𝑎𝑛𝑒𝑤 = 𝑁𝐼𝑇 𝑛𝑒𝑤 − 𝑐𝑓 = 𝑛𝑎 +𝑤3𝐸𝑀. (23)

This means that only a share (𝑤1 +𝑤2
) of managed earnings ap-

pears in estimated discretionary accruals, while the remaining part 
is picked up by estimated normal accruals. Therefore, earnings man-
agement can, in principle, be detected in total accruals, estimated 
discretionary accruals, or estimated normal accruals. This raises the 
question of the most efficient test strategy. The following analysis com-
pares z-statistics for known population variances. The firms suspected 
of earnings management are assumed to form a random sample.

5 In the following, we consider earnings management as a pure accounting 
phenomenon and thus exclude real earnings management.

6 We assume that the firms suspected of earnings management are excluded 
from the sample before estimating the parameters of the Bayesian model. 
Therefore, the Bayesian weights are independent of earnings management and 
do not need to be updated here.
5 
Applying a z-test to total accruals, the full amount of 𝐸𝑀 is com-
pared to the standard deviation of total accruals, so the relevant ratio 
is: 
𝑧𝑡𝑎 =

𝐸𝑀
𝜎𝑡𝑎

= 𝐸𝑀
√

𝜎2𝑑𝑎 + 𝜎2𝑛𝑎

. (24)

A similar z-test based on discretionary accruals will only capture a part 
of 𝐸𝑀 in the numerator, but the standard deviation in the denominator 
is also smaller than in Eq.  (24): 

𝑧𝑑𝑎 =

(

𝑤1 +𝑤2
)

𝐸𝑀
𝜎𝑑𝑎

=

(

𝑤1 +𝑤2
)

𝐸𝑀
√

𝜎2𝑑𝑎 − 𝜎∗2
. (25)

Finally, for normal accruals, we obtain: 

𝑧𝑛𝑎 =
𝑤3𝐸𝑀
𝜎𝑛𝑎

=
𝑤3𝐸𝑀

√

𝜎2𝑛𝑎 − 𝜎∗2
. (26)

A comparison of the three ratios reveals that 𝑧𝑑𝑎 > 𝑧𝑡𝑎 and 𝑧𝑑𝑎 > 𝑧𝑛𝑎
so that the most powerful test is based on discretionary accruals (see 
Appendix  C).7 Only when 𝜎20 → ∞ so that 𝑤1 → 0, 𝑧𝑡𝑎 and 𝑧𝑛𝑎 are 
asymptotically equal to 𝑧𝑑𝑎.

2.5. Modified Jones model as a special case

In the modified Jones model, discretionary accruals are estimated 
as the error term 𝜖 in the cross-sectional regression of total accruals 
𝑇𝐴 (not 𝑡𝑎) on 𝑃𝑃𝐸 and the change in cash revenues 𝛥𝐶𝑅𝑒𝑣: 

𝑇𝐴 = 𝛼0 + 𝛼1𝑃𝑃𝐸 + 𝛼2𝛥𝐶𝑅𝑒𝑣 + 𝜖, (27)

which implies that 
𝜖 = 𝑇𝐴 −

(

𝛼0 + 𝛼1𝑃𝑃𝐸 + 𝛼2𝛥𝐶𝑅𝑒𝑣
)

. (28)

Since 𝜖 are considered discretionary accruals, the implicit assumption 
of the Jones model about true earnings is:

𝑁𝐼𝑇 = 𝑁𝐼 − 𝜖 (29)

= 𝑁𝐼 − 𝑇𝐴 +
(

𝛼0 + 𝛼1𝑃𝑃𝐸 + 𝛼2𝛥𝐶𝑅𝑒𝑣
)

(30)

= 𝐶𝐹 +
(

𝛼0 + 𝛼1𝑃𝑃𝐸 + 𝛼2𝛥𝐶𝑅𝑒𝑣
)

(31)

= 𝑐𝑓 . (32)

This means that the best estimate of true earnings are cash flows 
adjusted for accruals determined by 𝑃𝑃𝐸 and 𝛥𝐶𝑅𝑒𝑣.

There are two settings in which our Bayesian model is equivalent 
to the modified Jones model. The first is that 𝜎2𝑛𝑎 = 0 so that normal 
accruals are fully determined by 𝑃𝑃𝐸 and 𝛥𝐶𝑅𝑒𝑣. In this case, only 
the cash flow signal 𝑐𝑓 is used because it is perfectly precise. As a 
consequence, the first stylized fact is absent (see Eq.  (10)), so that 
𝛽1 = 0, 𝑤2 = 1, and 𝑤1 = 𝑤3 = 0 (see Eqs. (17) to (19)). Therefore, 
the estimated true earnings of the Bayesian model simplify to (see Eq. 
(16)): 
𝑁𝐼𝑇 = 𝑐𝑓 , (33)

which is consistent with the implicit assumption of the Jones model.
The Bayesian framework also collapses into the modified Jones 

model if no prior information about the distribution of true earnings is 
available. For 𝜎20 → ∞ (uninformative prior), 𝑤1 = 0, and the estimated 
true earnings simplify to (see Eq.  (16)): 

𝑁𝐼𝑇 = 𝑤2𝑐𝑓 + (1 −𝑤2)𝑛𝑖, (34)

7 This is consistent with the efficiency loss from a profitability adjustment 
shown by Keung and Shih (2014). See also Ayers et al. (2006) and Dechow 
et al. (2012).
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which leads to the following expression for estimated discretionary 
accruals: 
𝑑𝑎 = 𝑤2

(

𝑇𝐴 − 𝜇𝑁𝐴 − 𝜇𝐷𝐴
)

= 𝑤2
(

𝑇𝐴 − 𝜇𝑁𝐴
)

= 𝑤2𝜖. (35)

This expression is up to the constant factor 𝑤2 identical to the error 
term from the modified Jones model.

In general, the two models will not coincide. We use the modified 
Jones model only to estimate 𝜇𝑁𝐴 as: 
𝜇𝑁𝐴 = 𝛼0 + 𝛼1𝑃𝑃𝐸 + 𝛼2𝛥𝐶𝑅𝑒𝑣, (36)

which implies that 𝜇𝐷𝐴 = 0 (zero expected value of the error term of 
the Jones regression). This is a natural choice to show the difference of 
our Bayesian model to the Jones model. (We note, however, that our 
Bayesian model is also compatible with any other model for estimating 
𝜇𝑁𝐴 and 𝜇𝐷𝐴.) We then determine 𝑛𝑖 and 𝑐𝑓 according to 𝑛𝑖 = 𝑁𝐼 −
𝜇𝐷𝐴 = 𝑁𝐼 and 𝑐𝑓 = 𝐶𝐹 + 𝜇𝑁𝐴 and estimate true earnings from Eq. 
(16) and discretionary and normal accruals from Eqs. (20) and (21). 
The estimation method is explained in more detail in the next section.

3. Estimation method and data

3.1. Estimation method

Both the modified Jones model and the Bayesian model are esti-
mated for the full sample of firms. It would also be possible to exclude 
the firms suspected of earnings management, as including them can 
distort the coefficients and weaken the residual signal. The estimated 
parameters are then applied to the suspect firms to calculate their 
normal and discretionary accruals.

For the modified Jones regression, we use the following symbols: 
𝑁𝐼 is the earnings measure, 𝐶𝐹  the cash flow and 𝑇𝐴 = 𝑁𝐼 − 𝐶𝐹
the dependent variable. The independent variables are 𝑃𝑃𝐸 and the 
change in cash revenues 𝛥𝐶𝑅𝑒𝑣, which is defined as the change in 
revenues (𝛥𝑅𝐸𝑉 ) adjusted for the change in receivables (𝛥𝑅𝐸𝐶). All 
variables are scaled by lagged total assets. Following standard practice, 
we estimate the regression separately for industry-year groups with a 
minimum of 20 observations (Breuer & Schütt, 2023, p. 743).8 The 
regression equation is9: 
𝑇𝐴𝑖 = 𝛼0,𝑔 + 𝛼1,𝑔𝑃𝑃𝐸𝑖 + 𝛼2,𝑔𝛥𝐶𝑅𝑒𝑣𝑖 + 𝜖𝑖, (37)

where subscript 𝑔 indicates the industry-year group and 𝑖 a firm obser-
vation within the industry-year group 𝑔, 𝛼 are regression coefficients, 
and 𝜖 is the error term.

Based on (37), we define 
𝜇𝑁𝐴,𝑖 = 𝛼0,𝑔 + 𝛼1,𝑔𝑃𝑃𝐸𝑖 + 𝛼2,𝑔𝛥𝐶𝑅𝑒𝑣𝑖. (38)

Since the expected value of 𝑇𝐴𝑖 − 𝜇𝑁𝐴,𝑖 is equal to zero, we have 
𝜇𝐷𝐴,𝑖 = 0. We can now compute the adjusted variables of the Bayesian 
model: 𝑡𝑎𝑖 = 𝑇𝐴𝑖 − 𝜇𝑁𝐴,𝑖; 𝑐𝑓𝑖 = 𝐶𝐹𝑖 + 𝜇𝑁𝐴,𝑖; and 𝑛𝑖𝑖 = 𝑁𝐼𝑖.

Finally, the simplest way to estimate the Bayesian weights is to run 
the stylized-fact regressions (of 𝑡𝑎 on 𝑐𝑓 and 𝑡𝑎 on 𝑛𝑖) and insert the 
slope coefficients in Eqs. (17) to (19). The following alternative way 
leads to the same result: We use the sample estimates 𝜎2𝑐𝑓  and 𝜎2𝑛𝑖 for 

8 We combine observations from industry-year groups that do not meet this 
requirement in a separate group per year. The results are very similar when 
using the coefficients of a pooled regression with all observations per year for 
this group.

9 The estimation method described in this section can be applied regardless 
of the precise definition of accruals that serve as dependent variable in the 
Jones regression. The method is consistent with a Jones regression for the 
total sample or separate regressions for industry-year groups. The weaknesses 
of such discretionary accrual models are discussed in Dechow et al. (2010), 
Guay et al. (1996), Healy (1996), Holthausen et al. (1995), Kaplan (1985) 
and Owens et al. (2017), among others.
6 
the variances of 𝑐𝑓 and 𝑛𝑖. According to Eq.  (6), the slope coefficient 
of a regression of 𝑛𝑖 on 𝑐𝑓 is equal to 𝜎20∕𝜎2𝑐𝑓  so that this regression 
provides estimate ̂𝜎20 . We determine the implied variation of normal and 
discretionary accruals as ̂𝜎2𝑑𝑎 = 𝜎2𝑛𝑖 − 𝜎20 and ̂𝜎2𝑛𝑎 = 𝜎2𝑐𝑓 − 𝜎20 . The weights 
can then be determined from the weight definitions in Eq.  (16).

Given the weight estimates, Eq.  (16) is used to compute 𝑁𝐼𝑇  for 
each firm-year. The estimated discretionary and normal accruals are 
then obtained from Eqs. (20) and (21).

3.2. Data and parameter estimates

To estimate our model, we use merged CRSP/Compustat data of 
US firms from 1987 to 2022. Our exclusion criteria are the same as 
in Breuer and Schütt (2023): we exclude financial firms with three-
digit SIC codes between 600 and 699 and observations with lagged 
total assets smaller than $10 million. We also exclude observations 
with financial leverage larger than 1 or total asset growth of 200% 
or more (to exclude M&A activity). We require the following positions 
to be available (Compustat data items in brackets): total assets (𝑎𝑡); 
revenues (𝑠𝑎𝑙𝑒); trade receivables (𝑟𝑒𝑐𝑡); gross property, plant, and 
equipment (𝑝𝑝𝑒𝑔𝑡); long-term debt (𝑑𝑙𝑡𝑡); current debt (𝑑𝑙𝑐); cash from 
operating activities (𝑜𝑎𝑛𝑐𝑓 ); income before extraordinary items (𝑖𝑏); 
and operating income after depreciation (𝑜𝑖𝑎𝑑𝑝).

We define total accruals in the Jones model (𝑇𝐴) as the difference 
between income before extraordinary items (𝑁𝐼) and cash flow from 
operating activities (𝐶𝐹 ). The exact variable definitions with reference 
to the Compustat data items are given in Panel A of Table  1. The 
definitions follow Breuer and Schütt (2023), who generally adopt the 
definitions of Dechow et al. (1995). Finally, we truncate the raw 
variables listed in Panel B of Table  1 at the first and 99th percentile. Our 
final sample contains 149,219 firm-year observations. Table  1 shows 
descriptive statistics for the raw data (Panel B) and the input and output 
data of the Bayesian model (Panel C).

Following the steps described in Section 3.1, we first run the mod-
ified Jones regression and then estimate the following stylized-fact 
regressions of total accruals 𝑡𝑎 on cash flow 𝑐𝑓 and earnings 𝑛𝑖 for our 
total sample (pooled regressions):
𝑡𝑎𝑖 = 𝛼1 + 𝛽1𝑐𝑓𝑖 + 𝜖𝑖 (39)

𝑡𝑎𝑖 = 𝛼2 + 𝛽2𝑛𝑖𝑖 + 𝜖𝑖, (40)

where we expect 𝛽1 to be significantly negative and 𝛽2 significantly 
positive. This is confirmed by the following regression results, where 
the 𝑡-statistics in parentheses are based on standard errors clustered by 
industry-years10:

𝛼̂1 = −0.0011(𝑡 = −5.7); 𝛽1 = −0.0801(𝑡 = −13.1);𝑅2 = 0.018;

𝛼̂2 = 0.0033(𝑡 = 4.7); 𝛽2 = 0.2364(𝑡 = 24.5);𝑅2 = 0.185.

The corresponding weights for estimating true earnings are: 𝑤1 =
0.064; 𝑤2 = 0.731; 𝑤3 = 0.206. For the standard deviations and 
the expected values of the model variables, we obtain the following 
estimates: 𝜎0 = 0.1479; 𝜎𝑐𝑓 = 0.1542; 𝜎𝑛𝑖 = 0.1692; 𝜎𝑑𝑎 = 0.0823; 
𝜎𝑛𝑎 = 0.0436; ̂𝜎∗ = 0.0373; 𝜇0 = 𝜇𝑐𝑓 = 𝜇𝑛𝑖 = −0.0140.

Note that cash flows 𝑐𝑓 , reported earnings 𝑛𝑖, and true earnings 
𝑁𝐼𝑇  all have the same means because the cash flows 𝐶𝐹  and earnings 
𝑁𝐼 are first corrected for the predictable components of normal and 
discretionary accruals. Therefore, the equal means do not result from 
a restrictive assumption, but are a direct implication of our two-step 
estimation procedure.

10 In cross-sectional regressions per year, the slope coefficient 𝛽1 is always 
negative, and it is significant at least at the 5% level in 29 of 36 years 
(based on standard errors clustered by industry). The slope coefficient 𝛽2 is 
significantly positive at the 1% level in all 36 years.
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Table 1
Descriptive statistics.
 Panel A: Variable definitions
 𝐼𝑛𝑣𝐴𝑡 Inverse of lagged total assets: (1∕𝑎𝑡𝑡−1)
 𝛥𝐶𝑅𝑒𝑣 Change in cash revenues: (𝑠𝑎𝑙𝑒𝑡 − 𝑠𝑎𝑙𝑒𝑡−1 − (𝑟𝑒𝑐𝑡𝑡 − 𝑟𝑒𝑐𝑡𝑡−1))∕𝑎𝑡𝑡−1
 𝑃𝑃𝐸 Property, plant, and equipment: 𝑝𝑝𝑒𝑔𝑡𝑡∕𝑎𝑡𝑡−1
 𝐿𝑒𝑣 Financial leverage: (𝑑𝑙𝑡𝑡𝑡−1 + 𝑑𝑙𝑐𝑡−1)∕𝑎𝑡𝑡−1
 𝐶𝐹 Cash flow from operating activities (input to Jones model): 𝑜𝑎𝑛𝑐𝑓𝑡∕𝑎𝑡𝑡−1
 𝑁𝐼 Net income before extraordinary items: 𝑖𝑏𝑡∕𝑎𝑡𝑡−1
 𝑂𝐼 Operating income after depreciation: 𝑜𝑖𝑎𝑑𝑝𝑡∕𝑎𝑡𝑡−1
 𝑇𝐴 Total accruals: (𝑖𝑏𝑡 − 𝑜𝑎𝑛𝑐𝑓𝑡)∕𝑎𝑡𝑡−1 = 𝑁𝐼 − 𝐶𝐹
 𝑡𝑎 Demeaned total accruals: 𝑇𝐴 − 𝜇𝑁𝐴 − 𝜇𝐷𝐴 with 𝜇𝐷𝐴 = 0 and 𝜇𝑁𝐴 = fitted value of the modified Jones regression
 𝑐𝑓 Adjusted cash flow: 𝐶𝐹 + 𝜇𝑁𝐴
 𝑛𝑖 Reported earnings: 𝑁𝐼 − 𝜇𝐷𝐴 with 𝜇𝐷𝐴 = 0
 𝑁𝐼𝑇 Estimated true earnings: see Eq.  (16)
 𝑛𝑎 Demeaned estimated normal accruals: 𝑁𝐼𝑇 − 𝑐𝑓
 𝑑𝑎 Demeaned estimated discretionary accruals: 𝑛𝑖 −𝑁𝐼𝑇

 Statistic N Mean SD P05 P25 Median P75 P95

 Panel B: Raw data
 𝐼𝑛𝑣𝐴𝑡 149,219 0.012 0.018 0.0001 0.001 0.003 0.014 0.056 
 𝛥𝐶𝑅𝑒𝑣 149,219 0.076 0.218 −0.231 −0.018 0.043 0.150 0.471 
 𝑃𝑃𝐸 149,219 0.602 0.441 0.069 0.238 0.498 0.902 1.422 
 𝐿𝑒𝑣 149,219 0.251 0.216 0 0.051 0.227 0.385 0.661 
 𝐶𝐹 149,219 0.052 0.150 −0.246 0.011 0.074 0.132 0.241 
 𝑁𝐼 149,219 −0.014 0.169 −0.387 −0.041 0.029 0.074 0.166 
 𝑂𝐼 149,219 0.033 0.172 −0.328 −0.005 0.065 0.122 0.240 
 𝑇𝐴 149,219 −0.066 0.102 −0.246 −0.105 −0.055 −0.017 0.078 
 Panel C: Data Bayesian model
 𝑡𝑎 149,219 0 0.093 −0.161 −0.035 0.007 0.046 0.134 
 𝑐𝑓 149,219 −0.014 0.154 −0.325 −0.059 0.014 0.069 0.176 
 𝑛𝑖 149,219 −0.014 0.169 −0.387 −0.041 0.029 0.074 0.166 
 𝑁𝐼𝑇 149,219 −0.014 0.143 −0.310 −0.051 0.015 0.063 0.156 
 𝑛𝑎 149,219 0 0.023 −0.036 −0.011 −0.0004 0.011 0.037 
 𝑑𝑎 149,219 0 0.073 −0.130 −0.026 0.007 0.036 0.101 
The definitions of variables in Panel A based on Compustat data are adopted from Breuer and Schütt (2023), who generally follow 
Dechow et al. (1995). The Compustat data items are: 𝑎𝑡 is total assets; 𝑠𝑎𝑙𝑒 is revenues; 𝑟𝑒𝑐𝑡 is trade receivables; 𝑝𝑝𝑒𝑔𝑡 is gross 
property, plant, and equipment; 𝑑𝑙𝑡𝑡 is long-term debt; 𝑑𝑙𝑐 is current debt; 𝑜𝑎𝑛𝑐𝑓 is cash from operating activities; 𝑖𝑏 is income 
before extraordinary items; and 𝑜𝑖𝑎𝑑𝑝 is operating income after depreciation. Panel B shows descriptive statistics for the variables 
calculated from Compustat data. Panel C shows descriptive statistics for input variables (𝑡𝑎, 𝑐𝑓 , 𝑛𝑖) and output variables (𝑁𝐼𝑇 , ̂𝑛𝑎, 
𝑑𝑎) of the Bayesian model. The final sample of 149,219 observations consists of 16,873 firms from 1987 to 2022. Our exclusion 
criteria are the same as in Breuer and Schütt (2023): we exclude financial firms with three-digit SIC codes between 600 and 699 
as well as observations with lagged total assets smaller than $10 million, financial leverage 𝐿𝑒𝑣 larger than 1, or total asset growth 
of 200% or more. We only keep observations with non-missing values for all variables listed in Panel B. Finally, we truncate the 
variables listed in Panel B at the first and 99th percentile. We estimate the Jones regression for industry-year groups according to 
Eq.  (37).
Standard Compustat data include restated financials, which is prob-
lematic in studies of earnings management because restatements may 
partially remove aggressive accounting choices. Historically, many 
benchmark studies relied on Compustat data downloaded using the 
DATAFMT = STD filter, which at the time provided unrestated data (De-
chow et al., 2012). However, Compustat’s data structure has changed: 
the DATAFMT = STD filter now delivers restated values, while un-
restated observations are, in principle, provided under the DATAFMT 
= PRE_AMENDS flag. However, hardly any data is available under this 
flag, so the earlier practice described in Dechow et al. (2012) is no 
longer feasible in Compustat.

Dechow et al. (1995) collect original, unrestated numbers for a 
small SEC enforcement sample of 56 firm-years and correct the restated 
numbers before estimating the modified Jones model. We conduct a 
robustness analysis in the spirit of Dechow et al. (1995). Specifically, 
we use the AAER database as an extended SEC enforcement sample and 
exclude all firm-years associated with an AAER event (N = 941) from 
the estimation sample. We then re-estimate the model parameters and 
replicate all analyses. We find that the resulting parameter estimates 
under our Bayesian framework are virtually identical to those obtained 
from the full sample, and all results remain essentially the same.

4. Empirical results

The simulations in Section 4.1 are based on empirical parameter es-
timates assuming normal distributions, while the analysis in Section 4.2 
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is based on actual empirical distributions. In the following, we use 
the term ‘‘Model ta’’ when (demeaned) total accruals (𝑡𝑎) serve as the 
measure of earnings management, and analogously refer to ‘‘Model da’’ 
and ‘‘Model na’’ when using (demeaned) discretionary accruals (𝑑𝑎) 
and normal accruals (𝑛𝑎), respectively.

4.1. Simulations

In this section, we simulate the normal distributions of the Bayesian 
model based on the parameter estimates reported in Section 3.2. The 
treatment firms are selected randomly (Section 4.1.1), based on re-
ported earnings (Section 4.1.2), or based on estimated true earnings 
(Section 4.1.3).

4.1.1. Random sampling
Fig.  2 shows a simulation of 2000 firm-years (grey scatterplot) 

together with a random sample of 100 of these observations (treatment 
group; blue points) without earnings management (𝐸𝑀 = 0).

From the left to the right column, the 𝑥-axis of the diagrams in 
Fig.  2 corresponds to cash flows, earnings, and estimated true earnings. 
From the top to the bottom row, the 𝑦-axis corresponds to the accrual 
measures 𝑡𝑎, ̂𝑛𝑎, and ̂𝑑𝑎. Each diagram also shows the regression line for 
the grey scatterplot of all observations. In the diagrams on the diagonal 
from bottom-left to top-right, the 𝑥 and 𝑦 variables are, by design, 
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Fig. 2. Illustration of random sampling.
The grey scatterplot shows 2000 simulated observations (firm-years). The simulations are based on the empirical parameter estimates obtained in Section 3.2. The 
blue points mark a random sample of 100 firm-years (treatment sample) drawn from the 2000 total observations. No earnings management is infused (𝐸𝑀 = 0). 
The black line shows the linear regression based on the total observations. Variable 𝑡𝑎 is total accruals, ̂𝑛𝑎 is the Bayesian estimate of normal accruals, 𝑑𝑎 is the 
Bayesian estimate of discretionary accruals, 𝑛𝑖 is earnings, 𝑐𝑓 is cash flow, and 𝑁𝐼𝑇  is the Bayesian estimate of true earnings. All variables are scaled by lagged 
total assets.
independent of each other (𝑑𝑎 and 𝑐𝑓 in Panel G; ̂𝑛𝑎 and 𝑛𝑖 in Panel E; 
𝑡𝑎 and 𝑁𝐼𝑇  in Panel C).

Panels A and B show that total accruals are negatively related to 𝑐𝑓
and positively related to 𝑛𝑖. These are the two stylized facts at the core 
of this paper. Panel D shows the negative relation of 𝑛𝑎 to 𝑐𝑓 (with 
the same slope as in Panel A), Panel H the positive relation of 𝑑𝑎 to 𝑛𝑖
(with the same slope as in Panel B). ̂𝑛𝑎 is not only negatively related to 
𝑐𝑓 (Panel D) but also to 𝑁𝐼𝑇  (Panel F), and 𝑑𝑎 is not only positively 
related to 𝑛𝑖 (Panel H) but also to 𝑁𝐼𝑇  (Panel I).

In the case of random sampling, the expected values of all three 
accrual measures (𝑡𝑎, ̂𝑛𝑎, ̂𝑑𝑎) in the treatment group are zero. Therefore, 
all three measures can be used to detect earnings management, but as 
shown in Section 2.4, using 𝑑𝑎 is most efficient.

Following prior research, we now run simulations to test how often 
earnings management of a given size infused in certain firm-years is 
detected (see, e.g., Dechow et al., 2012, 1995; Keung & Shih, 2014; 
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Kothari et al., 2005). We first create 10,000 simulated observations 
(firm-years).11 From these 10,000 observations, we randomly draw 100 
firm-years (treatment group) that are infused with earnings manage-
ment of a fixed size (from −3% to + 3%). We use a two-sided 𝑡-test to 
test whether the mean discretionary accruals (Model da, corresponding 
to the modified Jones plus cash flow model), the mean normal accru-
als (Model na, corresponding to the modified Jones plus profitability 
model), and the mean total accruals (Model ta, corresponding to the 
modified Jones model) in the treatment group are different from zero 
(5% significance level). We repeat the random drawing of the treatment 
sample 1000 times.

11 This number of simulated firm-years is large enough so that excluding 
the treatment firms would have a negligible effect on the estimated model 
parameters.
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Table 2
Detecting earnings management in simulated data.
 EM −3% −2% −1% 0% 1% 2% 3%  
 Panel A: Random sampling
 Model da 90.6 / 0 60.6 / 0 21.5 / 0 NA/ 4.6 14.4 / 0.2 54.1 / 0 87.6 / 0 
 Model na 79 / 0 46.5 / 0 18.4 / 0.1 NA/ 4.6 12.3 / 0.4 37.5 / 0 71.5 / 0 
 Model ta 89.9 / 0 59.7 / 0 21.7 / 0 NA/ 4.2 14.2 / 0.2 52.5 / 0 87.4 / 0 
 Panel B: Sampling related to reported earnings
 Model da 0.1 / 24.3 0 / 67.2 0 / 94.1 NA/ 99.8 100 / 0 100 / 0 100 / 0  
 Model na 77.3 / 0 42.6 / 0 16.4 / 0.2 NA/ 4.9 14.4 / 0.4 41.4 / 0.1 71.5 / 0 
 Model ta 1.2 / 5.1 0 / 28.6 0 / 69 NA/ 94.5 99.5 / 0 100 / 0 100 / 0  
 Panel C: Sampling related to the Bayesian estimate of true earnings
 Model da 57.7 / 0 19.1 / 0 2.4 / 1.4 NA/ 15.1 55.8 / 0 85.5 / 0 98.7 / 0 
 Model na 100 / 0 100 / 0 99.7 / 0 NA/ 97.4 0 / 77.4 0 / 45.2 0 / 13.8 
 Model ta 88.8 / 0 55.9 / 0 19.9 / 0 NA/ 4 15.8 / 0.2 50.9 / 0 86 / 0  
 We first create 10,000 simulated observations (firm-years) based on the empirical parameter estimates obtained in Section 3.2. For each 
column in the table, we then repeat the following three steps 1000 times: (1) randomly draw 100 firm-years (without replacement); (2) infuse 
the respective level of earnings management (EM from −3% to + 3%) into these 100 firm-years; and (3) run a two-sided 𝑡-test for the three 
models to test the null hypothesis of no earnings management. In Panel A, the random drawing in step (1) is from all 10,000 observations. In 
Panel B, the random drawing is from the observations with above median reported earnings (𝑛𝑖). In Panel C, the random drawing is from the 
observations with above median Bayesian estimate of true earnings (𝑁𝐼𝑇 ). The first number in each cell indicates the percentage of rejecting the 
null hypothesis at the 5% level (out of the 1000 repetitions) with the right sign of the 𝑡-statistic. The second number indicates the percentage 
of significant cases with the wrong sign of the 𝑡-statistic. Model da uses discretionary accruals, Model na normal accruals, and Model ta total 
accruals as defined in the Bayesian model.
Panel A of Table  2 reports the percentage of samples with a signifi-
cant 𝑡-statistic that has the right sign (1st number) and the percentage of 
samples with a significant 𝑡-statistic that has the wrong sign (2nd num-
ber). As expected, in the case of no earnings management (EM = 0%), 
the null hypothesis is rejected with a similar likelihood, i.e., between 
4% and 5% out of the 1000 repetitions. Positive and negative 𝐸𝑀
levels are detected with similar likelihoods. Model da performs better 
than Model na, which is in line with our theoretical considerations. 
However, Model ta performs just as well as Model da. The reason for 
this result is that our set of parameters places a strong emphasis on cash 
flow information (𝑤2 = 0.731), so that total accruals (𝑛𝑖 − 𝑐𝑓 ) provide 
similar results as estimated discretionary accruals (𝑛𝑖 − 𝑁𝐼𝑇 ) in this 
setting of random sampling.

4.1.2. Sampling related to reported earnings
The inferences change if the firms suspected of earnings manage-

ment are no longer a random sample. In particular, the composition 
of the treatment group might be related to the firms’ profitability. To 
simulate this situation, we assume that the treated firm-years stem from 
the observations with above median earnings 𝑛𝑖. Fig.  3 and Panel B of 
Table  2 show the results in the same format as before.

Panel H in Fig.  3 shows that the test based on discretionary ac-
cruals is heavily biased because the estimated discretionary accruals 
are positively related to earnings. Therefore, the selection of firm-
years with high 𝑛𝑖 mechanically results in high 𝑑𝑎 estimates. Even in 
the case of 𝐸𝑀 = −3%, 24.3% of the 𝑡-statistics of Model da are 
significantly positive (see Panel B of Table  2). Model ta is biased in 
the same direction. This is exactly the setting where a profitability-
adjustment is necessary, which is in essence Model na. Panel E of Fig. 
3 illustrates that 𝑛𝑎 is indeed unbiased in this setting. The results of 
Model na reported in Panel B are of similar quality as the results for 
random sampling in Panel A.

4.1.3. Sampling related to the Bayesian estimate of true earnings
We now assume that firms suspected of earnings management be-

long to the observations with above median 𝑁𝐼𝑇 . As our estimate 
of true profitability is positively related to 𝑛𝑖, one might consider a 
profitability adjustment as in the last Section 4.1.2. However, Panel C 
of Table  2 shows extremely poor results for the corresponding Model 
na. The model is biased downwards, so that in 77.4% of the cases 
with earnings management of 𝐸𝑀 = +1%, the 𝑡-statistic is significantly
negative. Model da performs substantially better, but with a slight 
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bias in the opposite direction. Notably, in line with the theoretical 
expectation, Model ta performs well. In fact, Model ta’s performance 
is similar to the performance in the case of random sampling in Panel 
A.

Fig.  4 illustrates why this is the case. Panel F reveals the negative 
association of ̂𝑛𝑎 to ̂𝑁𝐼𝑇 . Thus, selecting treatment firm-years with high 
𝑁𝐼𝑇  will result in negative mean ̂𝑛𝑎 values. The positive association of 
𝑑𝑎 to 𝑁𝐼𝑇  (as shown in Panel I) is less pronounced, so that Model da 
is less strongly biased. Model ta, however, is unbiased because 𝑡𝑎 is not 
related to 𝑁𝐼𝑇 , as shown in Panel C (flat regression line).

4.2. Empirical analysis

We now examine how well artificially infused earnings management 
is recognized in empirical data. A key difference from the simulations 
in the last section is that we use actual empirical data instead of nor-
mally distributed variables generated based on our empirical parameter 
estimates. If the tests are robust with respect to the normal distribution 
assumption, the results should be similar.

The infused earnings management (𝐸𝑀) again ranges from −3%
to +3%. The number 𝑁 of treated firm-years is 10, 25, 50 or 100. As 
before, we consider three types of sampling: random sampling among 
all firm-years (Table  3); sampling from firms with earnings 𝑛𝑖 above 
the median (Table  4); and sampling from firms with Bayesian estimates 
of true earnings 𝑁𝐼𝑇  above the median (Table  5). We examine 1000 
samples drawn from the total sample of 149,219 observations (as 
reported in Table  1) and show the percentage of significant 𝑡-statistics 
with the right/wrong sign in each cell of Tables  3, 4, and 5.

The results generally confirm our findings from the previous sim-
ulations. Random sampling (Table  3) is the least problematic setting: 
All three models are unbiased, but Models da and ta are more efficient 
than Model na. When sampling with respect to 𝑛𝑖 (Table  4), Model na 
is the only appropriate model, as Models da and ta are biased towards 
more positive earnings management. The only noteworthy difference 
to the simulations occurs when sampling is related to 𝑁𝐼𝑇  (Table 
5). Here, the estimates of Model ta are slightly downward biased so 
that Model da produces better results. However, the main simulation 
result is confirmed: Model na has a strong negative bias in this setting. 
Its performance shows that an inappropriate model can lead not only 
to high rates of false positives, but also to inflated likelihoods of 
significant results in the expected direction. For example, for 𝑁 = 100
(Panel D in Table  5), Model na always confirms the hypothesis of 
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Fig. 3. Illustration of sampling related to reported earnings.
The grey scatterplot shows 2000 simulated observations (firm-years). The simulations are based on the empirical parameter estimates obtained in Section 3.2. 
The blue points mark a sample of 100 firm-years (treatment sample) randomly drawn from observations with above median reported earnings (𝑛𝑖). No earnings 
management is infused (𝐸𝑀 = 0). The black line shows the linear regression based on the total observations. Variable 𝑡𝑎 is total accruals, 𝑛𝑎 is the Bayesian 
estimate of normal accruals, 𝑑𝑎 is the Bayesian estimate of discretionary accruals, 𝑛𝑖 is earnings, 𝑐𝑓 is cash flow, and 𝑁𝐼𝑇  is the Bayesian estimate of true 
earnings. All variables are scaled by lagged total assets.
negative 𝐸𝑀 when the hypothesis is actually true (values 100∕0 for 
𝐸𝑀 < 0). Therefore, the model suggests significant results consistent 
with the postulated earnings management, but only because the model 
is biased in the ‘‘right’’ direction.

5. Practical implementation: Case study of AAER data

To assess the external validity of the Bayesian measures in detecting 
earnings management and to illustrate their practical implementation, 
we analyze the updated AAER dataset originally compiled by Dechow 
et al. (2011). The dataset contains Accounting and Auditing Enforce-
ment Releases (AAERs) issued by the SEC between May 1982 and 
December 2021. The annual file comprises 1809 AAERs covering 741 
firms. Of these, 941 AAERs for 376 firms overlap with our final sample. 
After excluding 37 AAERs that involve earnings understatements, the 
final sample consists of 904 AAER firm-year observations.
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We first estimate the modified Jones model and the parameters of 
the Bayesian model as described in Section 3.2. Using these estimates, 
we compute mean-adjusted total accruals (𝑡𝑎) as well as discretionary 
and normal accruals (𝑑𝑎 and 𝑛𝑎) for the AAER firm-years. As shown 
in the theoretical model (Section 2.4), all three measures are affected 
by earnings management. Because the AAERs in our sample involve al-
leged earnings overstatements, we expect these measures to be positive 
on average. Consistent with this prediction, the mean values are 0.0134 
(𝑡 = 3.92) for 𝑡𝑎, 0.0111 (𝑡 = 4.21) for 𝑑𝑎, and 0.0022 (𝑡 = 2.75) for ̂𝑛𝑎.

While all three measures indicate statistically significant earnings 
overstatements, the magnitude of the corresponding 𝑡-statistics varies 
substantially, ranging from 2.75 to 4.21. This dispersion suggests that 
identifying the most reliable measure remains informative. Our spec-
ification test exploits the theoretical properties of the measures. By 
construction, in the full sample, (i) a regression of 𝑡𝑎 on 𝑁𝐼𝑇 , (ii) a 
regression of 𝑑𝑎 on 𝑐𝑓 , and (iii) a regression of 𝑛𝑎 on 𝑛𝑖 yield slope 
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Fig. 4. Illustration of sampling related to the Bayesian estimate of true earnings.
The grey scatterplot shows 2000 simulated observations (firm-years). The simulations are based on the empirical parameter estimates obtained in Section 3.2. 
The blue points mark a sample of 100 firm-years (treatment sample) randomly drawn from observations with above median Bayesian estimate of true earnings 
(𝑁𝐼𝑇 ). No earnings management is infused (𝐸𝑀 = 0). The black line shows the linear regression based on the total observations. Variable 𝑡𝑎 is total accruals, 
𝑛𝑎 is the Bayesian estimate of normal accruals, 𝑑𝑎 is the Bayesian estimate of discretionary accruals, 𝑛𝑖 is earnings, 𝑐𝑓 is cash flow, and 𝑁𝐼𝑇  is the Bayesian 
estimate of true earnings. All variables are scaled by lagged total assets.
coefficients of zero. We refer to these regressions as the characteristic 
regressions of the respective measures. Our model analysis shows that, 
when these regressions are estimated in a non-random test sample 
suspected of earnings management, systematic relationships emerge if 
the underlying stylized facts are present. Accordingly, the specification 
criterion is to select the measure whose characteristic regression does 
not exhibit a statistically significant slope coefficient.

For the AAER sample, the results of the characteristic regressions 
are as follows:

Regression of 𝑡𝑎 on 𝑁𝐼𝑇 ∶ slope − 0.0921 (𝑡 = −1.74), 𝑅2 = 0.0075.

Regression of 𝑑𝑎 on 𝑐𝑓 ∶ slope − 0.1383 (𝑡 = −4.06), 𝑅2 = 0.0388.

Regression of 𝑛𝑎 on 𝑛𝑖 ∶ slope 0.0494 (𝑡 = 5.60), 𝑅2 = 0.0699.
11 
Among the three regressions, only the regression involving 𝑡𝑎 yields 
both an insignificant slope coefficient and a negligible 𝑅2. The specifi-
cation test therefore favors the 𝑡𝑎 measure. Based on this measure, we 
conclude with strong statistical confidence (𝑡 = 3.92) that earnings are, 
on average, overstated in the AAER sample.

6. Conclusion

In summary, we can describe our study from three different angles. 
First, we propose a new explanation for the empirical observation that 
the residuals from the modified Jones model tend to be positively 
related to earnings and negatively related to operating cash flows in the 
cross-section of firms. We argue that these stylized facts arise naturally 
when unobservable true profitability has a more or less narrow cross-
sectional distribution, which is likely to be the case in a competitive 
economic environment. Second, we extend the modified Jones model 
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Table 3
Detecting earnings management in empirical data: random sampling.
 EM −3% −2% −1% 0% 1% 2% 3%  
 Panel A: N = 10
 Model da 14 / 0.1 5.5 / 0.3 1.5 / 1.7 NA/ 4.4 9.2 / 0.1 17.5 / 0 27.8 / 0.2 
 Model na 15.5 / 0.1 7.9 / 0.2 4 / 1 NA/ 5.2 4.2 / 0.8 9 / 0.5 13.7 / 0.2 
 Model ta 15.1 / 0.1 6.5 / 0.2 2 / 1.5 NA/ 4.1 7.7 / 0.1 15.8 / 0 26.4 / 0.2 
 Panel B: N = 25
 Model da 33.4 / 0 15.6 / 0.1 4.7 / 0.8 NA/ 6.7 13.1 / 0.3 25.6 / 0.2 42.5 / 0  
 Model na 27.5 / 0 16.6 / 0 7.2 / 0.6 NA/ 6.1 5.9 / 0.7 16.2 / 0.2 27.9 / 0  
 Model ta 34.1 / 0 17.1 / 0.1 5.4 / 0.9 NA/ 6.7 11.4 / 0.3 24.7 / 0.2 40.5 / 0  
 Panel C: N = 50
 Model da 62.1 / 0 29 / 0 8.8 / 0.3 NA/ 4.5 14 / 0.2 36 / 0.1 61.3 / 0  
 Model na 46.3 / 0 24.3 / 0.1 8.9 / 0.4 NA/ 5.8 9 / 0.6 23.6 / 0.1 49.9 / 0  
 Model ta 60.4 / 0 29.8 / 0 9.1 / 0.3 NA/ 4.6 12.7 / 0.2 35.4 / 0.1 61 / 0  
 Panel D: N = 100
 Model da 92.5 / 0 61.1 / 0 17.8 / 0.2 NA/ 5.7 20.7 / 0.2 59.8 / 0 88.4 / 0  
 Model na 77 / 0 46.1 / 0 14 / 0.3 NA/ 5 14.3 / 0.2 46 / 0 78.5 / 0  
 Model ta 92.1 / 0 60.3 / 0 17.8 / 0.3 NA/ 5.7 19.4 / 0.2 60 / 0 87.8 / 0  
The table reports results on how well artificially infused earnings management is recognized in empirical data. For each combination of infused 
earnings management (from −3% to +3%) and number 𝑁 of treated firm-years (10, 25, 50 or 100), we repeat the following three steps 1000 
times: (1) randomly draw 𝑁 firm-years (without replacement) from all 149,219 observations of our sample; (2) infuse the respective level 
of earnings management (EM) into these 𝑁 firm-years; and (3) run a two-sided 𝑡-test for the three models to test the null hypothesis of no 
earnings management. The first number in each cell indicates the percentage of rejecting the null hypothesis at the 5% level (out of the 1000 
repetitions) with the right sign of the 𝑡-statistic. The second number indicates the percentage of significant cases with the wrong sign of the 
𝑡-statistic. Model da uses discretionary accruals, Model na normal accruals, and Model ta total accruals as defined in the Bayesian model.
Table 4
Detecting earnings management in empirical data: sampling related to reported earnings.
 EM −3% −2% −1% 0% 1% 2% 3%  
 Panel A: N = 10
 Model da 4.3 / 1 0.9 / 3.5 0.1 / 9.6 NA/ 24.8 46.5 / 0 66.5 / 0 76.8 / 0  
 Model na 24.7 / 0 15.1 / 0 8.3 / 0.4 NA/ 4.5 3.2 / 1.1 8 / 0.4 12.3 / 0.1 
 Model ta 8 / 0.1 2.1 / 2 0.6 / 4.5 NA/ 14.4 27.8 / 0.1 47.5 / 0 60.6 / 0  
 Panel B: N = 25
 Model da 4.4 / 1.1 0.5 / 8.4 0.1 / 28.2 NA/ 59.1 87.2 / 0 96.3 / 0 99.3 / 0  
 Model na 44.2 / 0 27.5 / 0 11.2 / 0.1 NA/ 6.3 5 / 1.3 16.9 / 0.2 30.8 / 0  
 Model ta 10.6 / 0.2 2.5 / 1.9 0.3 / 12.4 NA/ 36.3 65 / 0 86.2 / 0 96.6 / 0  
 Panel C: N = 50
 Model da 4.4 / 1.2 0 / 16.4 0 / 55.7 NA/ 88.5 98.9 / 0 100 / 0 100 / 0  
 Model na 67.9 / 0 43.8 / 0 16.9 / 0 NA/ 5.8 7.5 / 0.8 24.7 / 0 57.4 / 0  
 Model ta 13.4 / 0.3 1.6 / 4.1 0 / 23.3 NA/ 62.6 89.4 / 0 98.6 / 0 100 / 0  
 Panel D: N = 100
 Model da 3.8 / 1.7 0.1 / 28 0 / 85.2 NA/ 99.4 100 / 0 100 / 0 100 / 0  
 Model na 92.5 / 0 68 / 0 27.9 / 0.1 NA/ 6.7 12.9 / 0.3 50.8 / 0 86.7 / 0  
 Model ta 19.4 / 0.1 1.4 / 5.1 0 / 44.8 NA/ 90.8 99.7 / 0 100 / 0 100 / 0  
The table reports results on how well artificially infused earnings management is recognized in empirical data. For each combination of infused 
earnings management (from −3% to +3%) and number 𝑁 of treated firm-years (10, 25, 50 or 100), we repeat the following three steps 
1000 times: (1) randomly draw 𝑁 firm-years (without replacement) from the observations with above median reported earnings (𝑛𝑖) among 
the 149,219 observations of our sample; (2) infuse the respective level of earnings management (EM) into these 𝑁 firm-years; and (3) run 
a two-sided 𝑡-test for the three models to test the null hypothesis of no earnings management. The first number in each cell indicates the 
percentage of rejecting the null hypothesis at the 5% level (out of the 1000 repetitions) with the right sign of the 𝑡-statistic. The second number 
indicates the percentage of significant cases with the wrong sign of the 𝑡-statistic. Model da uses discretionary accruals, Model na normal 
accruals, and Model ta total accruals as defined in the Bayesian model.
by replacing the implicit assumption of an uninformative prior dis-
tribution of true profitability with a more realistic informative prior 
distribution. Third, we provide a theoretical basis for distinguishing 
between three regression approaches commonly used in the earnings 
management literature, namely the modified Jones model, the modified 
Jones plus cash flow model, and the modified Jones plus profitability 
model. Which approach is appropriate, depends on the sampling of 
firms suspected of earnings management.

For random sampling, the modified Jones plus cash flow model 
is most efficient. For sampling with respect to reported earnings, a 
profitability adjustment is necessary, which is equivalent to using the 
modified Jones plus profitability model. For sampling with respect to 
the Bayesian estimate of true earnings, the modified Jones model is 
appropriate without adjustment.
12 
Our simulations and tests based on empirical data for a compre-
hensive sample of US firms from 1988 to 2022 show that the choice 
of model is relevant when the treatment sample is not random. We 
propose a simple regression-based diagnostic to identify the relevant 
setting. However, while this diagnostic can provide researchers with 
a useful tool for deciding which variant of the Jones model to apply, 
we note that in empirical applications it may sometimes be difficult to 
distinguish sharply between the different settings.

To apply the Bayesian model, the expected values of normal accru-
als and discretionary accruals (𝜇𝑁𝐴 and 𝜇𝐷𝐴) must first be estimated. In 
our empirical study, we used the modified Jones model for this purpose. 
This means that the parameter 𝜇𝑁𝐴 for a given firm is equal to the 
fitted value of the modified Jones regression, while 𝜇𝐷𝐴 is equal to 
zero. The modified Jones model was a natural choice given its role 
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Table 5
Detecting earnings management in empirical data: sampling related to the Bayesian estimate of true earnings.
 EM −3% −2% −1% 0% 1% 2% 3%  
 Panel A: N = 10
 Model da 31 / 0 15 / 0 5.4 / 0.5 NA/ 4.6 9.1 / 0.2 23.9 / 0 38.5 / 0  
 Model na 77.8 / 0 65.9 / 0 48.1 / 0 NA/ 29.1 0.1 / 15.5 0.4 / 6.2 2.2 / 2.6  
 Model ta 44.9 / 0 23.7 / 0 11.4 / 0.1 NA/ 4.9 3.7 / 0.9 12.6 / 0.2 23.5 / 0  
 Panel B: N = 25
 Model da 64.7 / 0 34.3 / 0 9.3 / 0.4 NA/ 5 15 / 0.1 39.4 / 0 66.3 / 0  
 Model na 99.3 / 0 96.3 / 0 88.1 / 0 NA/ 70.2 0 / 43.8 0 / 18.8 0.8 / 5.2  
 Model ta 80.6 / 0 55.5 / 0 25 / 0 NA/ 5.8 5.4 / 1 20.4 / 0 42.9 / 0  
 Panel C: N = 50
 Model da 91.7 / 0 58.6 / 0 16.8 / 0.2 NA/ 5.9 25.3 / 0 60.7 / 0 86.4 / 0  
 Model na 100 / 0 100 / 0 99.3 / 0 NA/ 93.1 0 / 75.9 0 / 37.9 0.5 / 10.9 
 Model ta 98.3 / 0 84 / 0 47.2 / 0 NA/ 13.3 6 / 0.5 28.3 / 0 63.9 / 0  
 Panel D: N = 100
 Model da 99.5 / 0 87.5 / 0 30.7 / 0.2 NA/ 4.5 37.3 / 0 86.4 / 0 99 / 0  
 Model na 100 / 0 100 / 0 100 / 0 NA/ 99.9 0 / 96.5 0 / 69.4 0.3 / 18  
 Model ta 100 / 0 98.7 / 0 75.8 / 0 NA/ 19.9 7.4 / 0.6 45.5 / 0 89.4 / 0  
The table reports results on how well artificially infused earnings management is recognized in empirical data. For each combination of infused 
earnings management (from −3% to +3%) and number 𝑁 of treated firm-years (10, 25, 50 or 100), we repeat the following three steps 1000 
times: (1) randomly draw 𝑁 firm-years (without replacement) from the observations with above median Bayesian estimates of true earnings 
(𝑁𝐼𝑇 ) among the 149,219 observations of our sample; (2) infuse the respective level of earnings management (EM) into these 𝑁 firm-years; 
and (3) run a two-sided 𝑡-test for the three models to test the null hypothesis of no earnings management. The first number in each cell 
indicates the percentage of rejecting the null hypothesis at the 5% level (out of the 1000 repetitions) with the right sign of the 𝑡-statistic. The 
second number indicates the percentage of significant cases with the wrong sign of the 𝑡-statistic. Model da uses discretionary accruals, Model 
na normal accruals, and Model ta total accruals as defined in the Bayesian model.
in the literature, but the Bayesian model is also compatible with any 
other method of estimating 𝜇𝑁𝐴 and 𝜇𝐷𝐴. For example, if time series 
information suggests a reversal of accruals, this information can be 
used to improve the estimates of the parameters 𝜇𝑁𝐴 and 𝜇𝐷𝐴 before 
applying the Bayesian model to incorporate cross-sectional information. 
Our model is therefore complementary to firm-level accrual models.

An open question is how the Bayesian model would perform across 
the range of empirical settings examined in prior studies, and in which 
cases it can provide additional insights. Addressing this question re-
quires systematic replications of existing work, which is beyond the 
scope of this paper.

The proposed Bayesian model has several limitations. In particular, 
it only considers accounting earnings management and does not cover 
real earnings management. It also does not model specific incentives 
for earnings management such as income smoothing. Both of these 
limitations, which also apply to the Jones model, could be addressed 
in future research. A restrictive assumption is that the model is based 
on normal distributions. However, a normal cross-sectional distribution 
of true earnings seems a natural choice in an attempt to overcome the 
unrealistic implicit assumption of the Jones model that no information 
on the distribution of true earnings is available.

CRediT authorship contribution statement

Peter Fiechter: Writing – review & editing, Validation, Resources, 
Data curation. Martin Wallmeier: Writing – review & editing, Writing 
– original draft, Software, Methodology, Formal analysis, Data curation, 
Conceptualization.

Declaration of competing interest

The authors declare that they have no known competing finan-
cial interests or personal relationships that could have appeared to 
influence the work reported in this paper.

Acknowledgment

We thank Anne Beyer (discussant), Luzi Hail, Robert Göx, and other 
participants in the 2022 online meeting of the Accounting Committee of 
13 
the Verein für Socialpolitik, and Christian Riegler, Katrin Weiskirchner-
Merten, Zoltán Novotny-Farkas, Klaus Hirschler, and other partici-
pants in the Accounting Research Seminar at WU Vienna for helpful 
comments.

Appendix A. Properties of Bayesian estimators

The following properties apply to the Bayesian estimators (20) and 
(21) in Section 2.3.3. The variances and covariances of Properties 1. to 
3. are straight-forward to derive. We prove Property 5. in Appendix  B. 
Properties 4. and 6. to 9. can be derived analogously.

1. The unconditional variances are: 𝑉 𝑎𝑟
(

𝑁𝐼𝑇
)

= 𝜎20 − 𝜎∗2;

𝑉 𝑎𝑟
(

𝑑𝑎
)

= 𝜎2𝑑𝑎−𝜎∗2; and 𝑉 𝑎𝑟
(

𝑛𝑎
)

= 𝜎2𝑛𝑎−𝜎∗2. The deduction of 
𝜎∗2 reflects a shrinkage towards the prior expected value, which 
is a well-known characteristic of Bayesian estimators. Therefore, 
the variances of the estimators are smaller than the variances of 
the unobservable actual variables.

2. The estimators 𝑑𝑎 and 𝑛𝑎 have a positive covariance of
𝐶𝑜𝑣

(

𝑑𝑎, 𝑛𝑎
)

= 𝜎∗2 even though 𝑑𝑎 and 𝑛𝑎 are independent. 
The posterior uncertainty 𝜎∗2 about the size of 𝑁𝐼𝑇  reflects the 
remaining uncertainty about the decomposition of total accruals 
into normal and discretionary accruals. As a consequence, higher 
total accruals tend to be attributed in part to both components, 
which is the source of their covariance.

3. The covariances of discretionary and normal accruals with 𝑛𝑖
and 𝑐𝑓 are preserved in the Bayesian estimators: 𝐶𝑜𝑣

(

𝑑𝑎, 𝑛𝑖
)

=

𝐶𝑜𝑣 (𝑑𝑎, 𝑛𝑖) = 𝜎2𝑑𝑎; 𝐶𝑜𝑣
(

𝑑𝑎, 𝑐𝑓
)

= 𝐶𝑜𝑣 (𝑑𝑎, 𝑐𝑓 ) = 0; 𝐶𝑜𝑣
(

𝑛𝑎, 𝑐𝑓
)

= 𝐶𝑜𝑣 (𝑛𝑎, 𝑐𝑓 ) = −𝜎2𝑛𝑎; and 𝐶𝑜𝑣
(

𝑛𝑎, 𝑛𝑖
)

= 𝐶𝑜𝑣 (𝑛𝑎, 𝑛𝑖) = 0.
4. The estimator ̂𝑑𝑎 is proportional to the error term of a theoretical 
(population-level) linear regression of total accruals 𝑡𝑎 on cash 
flow 𝑐𝑓 . The regression equation is 𝑡𝑎 = 𝛼+𝛽⋅𝑐𝑓+𝜖, with constant 
𝛼, slope 𝛽 = −𝜎2𝑛𝑎∕𝜎

2
𝑐𝑓 = −𝑤1∕(𝑤1 +𝑤2), and error term 𝜖. Then, 

𝑑𝑎 =
(

𝑤1 +𝑤2
)

⋅ 𝜖.
5. The estimator 𝑛𝑎 is proportional to the error term of a theo-
retical linear regression of total accruals 𝑡𝑎 on earnings 𝑛𝑖. The 
regression equation is 𝑡𝑎 = 𝛼 + 𝛽 ⋅ 𝑛𝑖 + 𝜖, with constant 𝛼, 
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slope 𝛽 = 𝜎2𝑑𝑎∕𝜎
2
𝑛𝑖 = 𝑤1∕(𝑤1 + 𝑤3), and error term 𝜖. Then, 

𝑛𝑎 =
(

𝑤1 +𝑤3
)

⋅ 𝜖.
6. The estimator ̂𝑑𝑎 is proportional to the error term of a theoretical 
linear regression of 𝑛𝑎 on 𝑐𝑓 . The regression equation is 𝑛𝑎 =
𝛼+𝛽 ⋅𝑐𝑓+𝜖, with constant 𝛼, slope 𝛽 = −𝜎2𝑛𝑎∕𝜎

2
𝑐𝑓 = −𝑤1∕(𝑤1+𝑤2), 

and error term 𝜖. Then, 𝑑𝑎 =
(

𝑤1 +𝑤2
)

∕𝑤3 ⋅ 𝜖. Together with 
Property 4 this implies that the error term of regressing 𝑛𝑎 on 
𝑐𝑓 is equal to 𝑤3 times the error term of regressing 𝑡𝑎 on 𝑐𝑓 .

7. The estimator ̂𝑛𝑎 is proportional to the error term of a theoretical 
linear regression of 𝑑𝑎 on 𝑛𝑖. The regression equation is 𝑑𝑎 =
𝛼 + 𝛽 ⋅ 𝑛𝑖 + 𝜖, with constant 𝛼, slope 𝛽 = 𝜎2𝑑𝑎∕𝜎

2
𝑛𝑖 = 𝑤1∕(𝑤1 +𝑤3), 

and error term 𝜖. Then, 𝑛𝑎 =
(

𝑤1 +𝑤3
)

∕𝑤2 ⋅ 𝜖. Together with 
Property 5 this implies that the error term of regressing ̂𝑑𝑎 on 𝑛𝑖
is equal to 𝑤2 times the error term of regressing 𝑡𝑎 on 𝑛𝑖.

8. Total accruals 𝑡𝑎 are proportional to the error term of a theoret-
ical linear regression of 𝑑𝑎 on 𝑁𝐼𝑇 . The regression equation is 
𝑑𝑎 = 𝛼+𝛽 ⋅𝑁𝐼𝑇 + 𝜖, with constant 𝛼, slope 𝛽 = 𝜎∗2∕

(

𝜎20 − 𝜎∗2
)

=
𝑤1∕

(

1 −𝑤1
)

, and error term 𝜖. Then, 𝑡𝑎 =
(

1 −𝑤1
)

∕𝑤2 ⋅ 𝜖.
9. Total accruals 𝑡𝑎 are proportional to the error term of a theoret-
ical linear regression of 𝑛𝑎 on 𝑁𝐼𝑇 . The regression equation is 
𝑛𝑎 = 𝛼+𝛽 ⋅𝑁𝐼𝑇 +𝜖, with constant 𝛼, slope 𝛽 = −𝜎∗2∕

(

𝜎20 − 𝜎∗2
)

=
−𝑤1∕

(

1 −𝑤1
)

, and error term 𝜖. Then, 𝑡𝑎 =
(

1 −𝑤1
)

∕𝑤3 ⋅ 𝜖.

Appendix B. Proof of property 5. in Appendix  A

To show that
𝑛𝑎 =

(

𝑤1 +𝑤3
)

𝜖.

we write the left-hand side as
𝑛𝑎 = 𝑁𝐼𝑇 − 𝑐𝑓

= 𝑤1𝜇0 +𝑤2𝑐𝑓 +𝑤3𝑛𝑖 − 𝑐𝑓

and insert on the right-hand side

𝜖 = 𝑡𝑎 − 𝛼 −
𝑤1

𝑤1 +𝑤3
𝑛𝑖

= 𝑛𝑖 − 𝑐𝑓 − 𝛼 −
𝑤1

𝑤1 +𝑤3
𝑛𝑖,

with

𝛼 = 𝜇𝑡𝑎 −
𝑤1

𝑤1 +𝑤3
𝜇𝑛𝑖

= −
𝑤1

𝑤1 +𝑤3
𝜇0.

Collecting terms related to 𝑛𝑖, 𝑐𝑓 , and 𝜇0 leads to the stated result.

Appendix C. Most efficient test with random sampling

In the following, we prove the property mentioned in Section 2.4 
that the most powerful test for detecting earnings management in a 
setting with random sampling is based on discretionary accruals. The 
following applies: 𝑤1, 𝑤2, 𝑤3 > 0; 𝑤1 + 𝑤2 + 𝑤3 = 1; 𝜎∗2 = 𝑤1𝜎20 =
𝑤2𝜎2𝑛𝑎 = 𝑤3𝜎2𝑑𝑎; 𝜎2𝑑𝑎 − 𝜎∗2 > 0; 𝜎2𝑛𝑎 − 𝜎∗2 > 0. We first compare ratio 𝑧𝑑𝑎
as defined in Eq.  (25) with ratio 𝑧𝑡𝑎 as defined in Eq.  (24):
𝑧𝑑𝑎 > 𝑧𝑡𝑎

⇔
(

𝑤1 +𝑤2
)

√

𝜎2𝑑𝑎 + 𝜎2𝑛𝑎 >
√

𝜎2𝑑𝑎 − 𝜎∗2

⇔
(

𝑤1 +𝑤2
)2 (𝜎2𝑑𝑎 + 𝜎2𝑛𝑎

)

> 𝜎2𝑑𝑎 − 𝜎∗2

⇔ 𝜎∗2 > 𝜎2𝑑𝑎 −
(

𝑤1 +𝑤2
)2 (𝜎2𝑑𝑎 + 𝜎2𝑛𝑎

)

⇔ 𝜎∗2 > 𝜎2𝑑𝑎 −
(

1 −𝑤3
)2 𝜎2𝑑𝑎 −

(

𝑤1 +𝑤2
)2 𝜎2𝑛𝑎

Multiplying out and using 𝜎∗2 = 𝑤1𝜎20 = 𝑤2𝜎2𝑛𝑎 = 𝑤3𝜎2𝑑𝑎, we obtain:

𝜎∗2 > 𝜎∗2
(

2 −𝑤3 − 2𝑤1 −𝑤2 −𝑤1
𝜎2𝑛𝑎
2

)

𝜎0
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⇔ 1 > 2 −
(

𝑤1 +𝑤2 +𝑤3
)

−𝑤1

(

1 +
𝑤1
𝑤2

)

⇔ 0 > −𝑤1

(

1 +
𝑤1
𝑤2

)

This inequality is true since 𝑤1, 𝑤2, 𝑤3 > 0.
Comparing 𝑧𝑑𝑎 with 𝑧𝑛𝑎 as defined in Eq.  (26), we obtain:

𝑧𝑑𝑎 > 𝑧𝑛𝑎

⇔
(

𝑤1 +𝑤2
)2 (𝜎2𝑛𝑎 − 𝜎∗2

)

> 𝑤2
3
(

𝜎2𝑑𝑎 − 𝜎∗2
)

⇔
(

1 −𝑤3
)2 (𝜎2𝑛𝑎 − 𝜎∗2

)

−𝑤2
3
(

𝜎2𝑑𝑎 − 𝜎∗2
)

> 0

⇔
(

1 −𝑤3
)2 𝜎2𝑛𝑎 −

(

1 −𝑤3
)2 𝜎∗2 −𝑤3𝜎

∗2 +𝑤2
3𝜎

∗2 > 0

⇔
(

1 −𝑤3
)2 𝜎2𝑛𝑎 −

(

1 −𝑤3
)2 𝜎∗2 −𝑤3

(

1 −𝑤3
)

𝜎∗2 > 0

⇔
(

1 −𝑤3
)

𝜎2𝑛𝑎 −
(

1 −𝑤3
)

𝜎∗2 −𝑤3𝜎
∗2 > 0

⇔
(

1 −𝑤3
)

𝜎2𝑛𝑎 − 𝜎∗2 > 0

⇔
(

1 −𝑤3
)

𝜎2𝑛𝑎 −𝑤2𝜎
2
𝑛𝑎 > 0

⇔ 1 −𝑤3 > 𝑤2

⇔ 1 −𝑤3 > 1 −𝑤3 −𝑤1

⇔ 𝑤1 > 0.

Data availability

The link to our data and code is available at: https://researchbox.
org/4446.

References

Ayers, B. C., Jiang, J., & Yeung, P. E. (2006). Discretionary accruals and earning 
management: An analysis of pseudo earnings targets. The Accounting Review, 81, 
617–652.

Breuer, M., & Schütt, H. H. (2023). Accounting for uncertainty: An application of 
Bayesian methods to accruals models. Review of Accounting Studies, 28, 726–768.

Dechow, P. M. (1994). Accounting earnings and cash flows as measures of firm 
performance: The role of accounting accruals. Journal of Accounting and Economics, 
18, 3–42.

Dechow, P. M., & Dichev, I. D. (2002). The quality of accruals and earnings: The role 
of accrual estimation errors. The Accounting Review, 77, 35–59.

Dechow, P. M., Ge, W., Larson, C. R., & Sloan, R. G. (2011). Predicting material 
accounting misstatements. Contemporary Accounting Research, 28, 17–82.

Dechow, P., Ge, W., & Schrand, C. (2010). Understanding earnings quality: A review of 
the proxies, their determinants and their consequences. Journal of Accounting and 
Economics, 50, 344–401.

Dechow, P. M., Hutton, A. P., Kim, J. H., & Sloan, R. G. (2012). Detecting earnings 
management: A new approach. Journal of Accounting Research, 50, 275–334.

Dechow, P. M., Kothari, S. P., & Watts, R. L. (1998). The relation between earnings 
and cash flows. Journal of Accounting and Economics, 25, 133–168.

Dechow, P. M., Richardson, S. A., & Tuna, I. (2003). Why are earnings kinky? An 
examination of the earnings management explanation. Review of Accounting Studies, 
8, 355–384.

Dechow, P. M., Sloan, R. G., & Sweeney, A. P. (1995). Detecting earnings management. 
The Accounting Review, 70, 193–225.

Dye, R. A., & Sridhar, S. S. (2004). Reliability-relevance trade-offs and the efficiency 
of aggregation. Journal of Accounting Research, 42, 51–88.

Fischer, P. E., & Verrecchia, R. E. (2000). Reporting bias. The Accounting Review, 75, 
229–245.

Guay, W. R., Kothari, S., & Watts, R. L. (1996). A market-based evaluation of 
discretionary accrual models. Journal of Accounting Research, 34, 83–105.

Healy, P. M. (1996). Discussion of: A market-based evaluation of discretionary accrual 
models. Journal of Accounting Research, 34, 107–115.

Holthausen, R. W., Larcker, D. F., & Sloan, R. G. (1995). Annual bonus schemes and 
the manipulation of earnings. Journal of Accounting and Economics, 19, 29–74.

Kaplan, R. S. (1985). Comments on: Evidence on the effect of bonus schemes on 
accounting procedure and accrual decisions. Journal of Accounting and Economics, 
7, 109–113.

Keung, E., & Shih, M. S. (2014). Measuring discretionary accruals: are ROA-matched 
models better than the original Jones-type models? Review of Accounting Studies, 
19, 736–768.

Kothari, S. P., Leone, A. J., & Wasley, C. E. (2005). Performance matched discretionary 
accrual measures. Journal of Accounting and Economics, 39, 163–197.

https://researchbox.org/4446
https://researchbox.org/4446
https://researchbox.org/4446
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb1
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb1
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb1
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb1
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb1
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb2
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb2
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb2
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb3
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb3
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb3
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb3
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb3
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb4
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb4
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb4
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb5
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb5
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb5
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb6
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb6
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb6
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb6
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb6
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb7
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb7
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb7
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb8
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb8
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb8
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb9
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb9
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb9
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb9
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb9
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb10
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb10
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb10
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb11
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb11
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb11
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb12
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb12
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb12
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb13
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb13
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb13
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb14
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb14
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb14
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb15
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb15
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb15
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb16
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb16
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb16
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb16
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb16
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb17
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb17
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb17
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb17
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb17
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb18
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb18
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb18


P. Fiechter and M. Wallmeier Accounting Open 2 (2026) 100006 
Larson, C. R., Sloan, R., & Zha Giedt, J. (2018). Defining, measuring, and modeling 
accruals: A guide for researchers. Review of Accounting Studies, 23, 827–871.

Leonard, T., & Hsu, J. S. (2001). Bayesian methods. Cambridge Series in Statistical and 
Probabilistic Mathematics. Cambridge University Press.

Lewellen, J., & Resutek, R. J. (2019). Why do accruals predict earnings? Journal of 
Accounting and Economics, 67, 336–356.

Murphy, K. P. (2007). Conjugate Bayesian analysis of the Gaussian distribution: Technical 
Report.
15 
Nikolaev, V. V. (2018). Identifying accounting quality. Working Paper. Chicago Booth 
Research Paper.

Owens, E. L., Wu, J. S., & Zimmerman, J. (2017). Idiosyncratic shocks to firm 
underlying economics and abnormal accruals. The Accounting Review, 92, 183–219.

Palepu, K. G., Healy, P. M., Bernard, V. L., & Peek, E. (2022). business analysis & 
valuation: IFRS edition (6th ed.) Cengage Learning.

Penman, S. (2011). Accounting for Value. Columbia University Press.
Rountree, B., Sivaramakrishnan, K., Wang, Y., & Yu, L. (2023). Debiasing earnings 

persistence estimates. Review of Accounting Studies, 1–35.
Särkkä, S., & Svensson, L. (2023). Vol. 17, Bayesian filtering and smoothing. Cambridge 

University Press.
Sloan, R. G. (1996). Do stock prices fully reflect information in accruals and cash flows 

about future earnings? The Accounting Review, 71, 289–315.

http://refhub.elsevier.com/S3050-5461(26)00003-3/sb19
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb19
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb19
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb20
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb20
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb20
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb21
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb21
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb21
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb22
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb22
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb22
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb23
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb23
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb23
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb24
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb24
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb24
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb25
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb25
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb25
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb26
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb27
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb27
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb27
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb28
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb28
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb28
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb29
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb29
http://refhub.elsevier.com/S3050-5461(26)00003-3/sb29

	Estimating discretionary accruals in the cross-section of firms: A reinterpretation of the Jones model and its variants
	Introduction
	Bayesian model
	Variables
	General Gaussian updating problem
	Special case of independent signals
	Additional assumption
	Implications
	Bayesian estimates of discretionary and normal accruals

	Detecting earnings management
	Modified Jones model as a special case

	Estimation method and data
	Estimation method
	Data and parameter estimates

	Empirical results
	Simulations
	Random sampling
	Sampling related to reported earnings
	Sampling related to the Bayesian estimate of true earnings

	Empirical analysis

	Practical implementation: Case study of AAER data
	Conclusion
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgment
	Appendix A. Properties of Bayesian Estimators
	Appendix B. Proof of Property 5. in  A
	Appendix C. Most efficient test with random sampling
	Data availability
	References


