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Real Earnings Management and
Information Asymmetry in the Equity Market

Abstract

The literature suggests that real earnings manage(®EM) activities can increase
adverse selection-risk in capital markets. Duehi@rtopacity and the difficulties in

understanding their implications, REM strategiey nmarease the level of information

asymmetry among investors. This paper examinesasiseciation between earnings
management through real activities manipulation aridrmation asymmetry in the

equity market. To estimate the level of adversed®ln risk we use a comprehensive
index of information asymmetry measures proposedti®y market microstructure

literature. For a sample of Spanish listed firms find that firms’ strategies of

increasing earnings through REM are associated lgher information asymmetry in

those firms that meet last year's earnings. Oudifigs are consistent with the
hypothesis that earnings management through reiiti@s manipulation garbles the

market, enhances private information productiond aexacerbates information

asymmetry in the stock market.
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1. Introduction

Earnings management occurs when managers use disenetion in the financial
reporting process and in structuring transactiansnmisrepresent the true economic
performance of the company (Dechow & Skinner, 20@€aly & Wahlen, 1999). Firms
can manage earnings through two types of activiaesrual-based activities and real
activities manipulation. While accrual earnings m@@ment implies discretionary
choices permitted within accounting standards anith wio direct cash flow
consequences, real earnings management (hereifREfd) involves deviations from
normal operational practices to manipulate earnmgsbers, with direct consequences
for current and future firm cash flows. In this papwe are interested in investigating
the association between REM and the level of in&dirom asymmetry in the stock

market.

Although earnings management activities may bermédive, most research adopts the
opportunistic perspective, and assumes that mamaggrto mislead stakeholders.
According to this view, earnings management redeeerings quality and garbles the
information provided by financial statements. Capustly, as Bhattacharya, Desai, &
Venkataraman (2013) hypothesize, based on the noddém & Verrecchia (1994), if
investors differ in their ability to process eamgsnrelated information, then poor
earnings quality can lead to differentially infortnénvestors, so exacerbating the
information asymmetry in financial markets. Corangtwith this hypothesis, empirical
evidence shows that accrual based-earnings managemessociated with higher
information asymmetry and reductions in marketitigy, leading to a higher cost of
capital (e.g. Bhattacharya et al., 2013; Jayararg@@8; Rajgopal & Venkatachalam,
2011). Research has analyzed the association hetwamings management (or
earnings quality) and the firm’s information enviroent, with the focus mainly on
accrual-based earnings management. Nevertheless, ithlittle evidence for the effect
of REM on the adverse selection problem in finantiarkets.

Since earnings management through real activitiasipalation distorts earnings and
cash flows, REM strategies may imply lower earniggality, as manipulated earnings
numbers hinder the evaluation and assessment dfubeirm’s current performance

and the expected level of future cash flows by stmes. Hence, a positive association of



REM with information asymmetry could be expectedorbbver, since REM is less
subject to external monitoring and scrutiny by lpaguditors and regulators than
accruals earnings management (Cohen & Zarowin, )2@t@ its implications for firm
future performance are not clear (e.g. Graham, élar& Rajgopal, 2005; Gunny,
2010), it may be difficult to understand by capitalarkets (Kothari, Mizik, &
Roychowdhury, 2016) and thus, it may contribute inorease the informational
asymmetry problem. As Gunny (2010) states, it imglccated to determine whether
managers use REM opportunistically to the detrimehtshareholders or, on the
contrary, they use REM to signal future performaoict attain benefits that will allow
the firm to perform better in the future. Hence,NREould increase the uncertainty of
investors about the distribution of firm’s futurast flows, and, in this case, traders who
have better information-processing abilities cotddte advantage of their superior
assessments of firm performance. In addition, sihge difficult to distinguish sub-
optimal from optimal business decisions, the oyaaitREM activities could lead some
investors to engage in acquisition of private infation with the aim of exploiting it
and obtaining profits from trading on the markedr Bll these reasons, we expect REM

strategies to exacerbate information asymmetry gnmorestors in stock markets.

In order to examine the association between REM iaf@mation asymmetry we
construct a sample of Spanish non-financial ligteds for the period 2001-2008 and
use different measures of REM based on Roychowd(R096). However, since the
proxies for REM represent abnormal levels of cdstvg from operations, production
costs and discretionary expenses, they may contage that is unrelated to managerial
opportunism and that may be capturing situatiom®rothan intentional manipulation
(e.g., unusual business circumstances). Therefloeeprediction of a positive relation
between empirical proxies for REM and informatiosyrametry may not hold in
general and the sign of this relation could dependhe particular underlying factors
that determine the values of REM measures in thgpka Hence, we divide our total
sample into two subsamples based on the incentivesanage earnings. Specifically,
we examine the association of REM measures andni@fiton asymmetry in two
settings: one where managers are likely to engadrEM activities to meet last year’s
net income (suspect sample) versus another, detiniy the rest of the sample, where
deviations from normal activity may be unrelatedpportunistic earnings management

(non-suspect sample).



To capture the extent of information asymmetry aghorwvestors we use an adverse
selection index based on market microstructure nreasestimated from high frequency
data: the bid-ask spread, the illiquidity measuesetbped in Amihud (2002), price
impact introduced by Huang & Stoll (1996), the Raboility of Informed Trading RIN)

of Easley, Nicholas, O'Hara, & Paperman (1996), #mel Volume-Synchronized
Probability of Informed TradingPIN) of Easley, Lopez de Prado, & O'Hara (2012).
Bid-ask spread is a commonly used proxy for infdramaasymmetry as it compensates
liquidity providers for transacting with better-oxmed traders and increases with the
degree of information asymmetry. The measures thagture the price impact of
transactions- the illiquidity measure of Amihud (2002) and thecp impact of Huang

& Stoll (1996)— are important in describing the arrival of newommhation to market
participants. The well-knowRIN and the noveVPIN directly infer the presence of
privately informed traders in the market from th@mputation of order imbalances
between buys and sells. Using the index of inforomaeasymmetry, we extract the
common variation in these information asymmetry x@s, SO minimizing the
possibility of their being driven by factors othtbian adverse selection (e.g. inventory

costs, transactions costs, monopoly rents, etc.).

Our findings indicate that for firms which just nhdast year’s earnings, that is, firms
with strong incentives to manage earnings, incomeeeasing REM is associated with
higher information asymmetry. This is consistenthwour prediction that firms that
incur in REM strategies distort earnings qualityd ahus, increase adverse selection
among investors, because in this scenario inforimeestors can take advantage of their
private information to assess the implication ofMREctivities for firm value. On the
other hand, for firms which do not have incentitesmeet last year's earnings,
deviations from normal activity are associated vdétreasing information asymmetry
in the market. Thus, our findings show that dewiagi from normal operations affect the
level of adverse selection in a contrary mannepedding on the particular underlying

factors that determine them.

Our study contributes to the literature in sevarays. First, it provides new evidence of
the association between REM and information asymymet the stock market. The
evidence on this topic is scarce, mixed and focesetusively on the US market. To
the best of our knowledge, ours is the first papet studies the effect of REM on



information asymmetry outside the US. We examine #ssociation for Spain, a
country with clearly different features from the Ut only in terms of the size and
liquidity of the stock market, but also of weakewestor protection and lower
accounting quality (e.g. La Porta, Lopez de Silargddeifer, & Vishny, 1998; Leuz,

Nanda, & Wysocki, 2003). Nevertheless, both coestshow similar levels of REM

according to the international comparison carriatt by Enomoto, Kimura, &

Yamaguchi (2015). This study examines the diffeesnen earnings management
strategies across 38 countries, finding that SpacthU.S. show similar levels of REM,
ranked 17 and 21 out of 38, respectively. Therefarethink it is interesting to provide
new evidence on how REM is perceived by investorg setting where they have more

incentives to acquire private information than i8.U

Second, this paper extends the recent literaturthemmarket consequences of REM,
which has shown that REM is positively associaté@t tihe cost of equity capital (Kim
& Sohn, 2013) and the cost of new corporate bo@¥s & Kim, 2014). Based on the
well-documented positive association between in&diom asymmetry and the cost of
capital, both findings can be considered as intlireddence of REM creating
information asymmetry in financial markets. Unlitkee authors above, we directly test
the link between REM and information asymmetry.rdhiour findings suggest that
private informed investors produce information hroge circumstances where firms
have incentives to manipulate earnings through REEMities, that is, where earnings
qguality is lower. However, when such incentives a clear, private informed
investors do not engage in producing private infiion, since the benefit from

producing private information in this context isvier.

Fourth, since REM affects the quality of earningparted by firms, our paper also
extends a large body of research on the economisecences of earnings quality and
disclosure quality (e.g. Bhattacharya et al., 20@8rmier, Houle, & Ledoux, 2013;

Francis, LaFond, Olsson, & Schipper, 2005). Finatythe best of our knowledge, this
is one of the first papers to use a composite irafexdverse selection to examine the
effect of REM on the levels of information asymmyeitt the market. Previous studies
have mainly focused on individual proxies and sames$ on indirect measures of
information asymmetry, such as the accuracy ofnfiiel analysts’ forecasts (Garcia
Lara, Garcia Osma, & Penalva, 2013) or the costapftal (Ge & Kim, 2014; Kim &



Sohn, 2013). As Bharath, Pasquariello, & GuojurO@Qargue, the use of an index of
information asymmetry based on market microstrgctneasures is more desirable than
using individual proxies proposed by other areadimdnce literature (e.g. analyst
coverage, dispersion of analysts’ forecasts, cdstapital, growth opportunities,
tangibility of assets), because these measuresfi@re inconsistent, static, persistent, or
have multiple an@d hocinterpretations.

The rest of the paper proceeds as follows. Se&ioeviews the related literature and
develops our testable hypothesis. Section 3 dessctifie research design, sample, and

data. Section 4 presents the empirical resultstanéinal section concludes.

2. Related Literature and Hypothesis Development

2.1. Real Earnings Management

Earnings management can be achieved through maalagjscretion in the application

of accounting standards and by changing the timngtructuring of real transactions.
Traditionally, the extensive earnings managemedstaiure has mainly focused on
accrual-based earnings manipulation (Xu, TayloD@&gan, 2007). However, there has
recently been a growing research interest in thevaace and understanding of how

firms manage earnings through real activities malaigpon and its consequences.

The survey study conducted by Graham et al. (2808)vs that financial officers of US
public firms recognize that most earnings managéraetions are carried out via real
actions, as opposed to accounting manipulationsy Ebso report that approximately
80% of more than 400 U.S. firms’ executives surdey@mitted that they would
decrease discretionary spending (including R&D, nteaiance, and advertising
expenses) and 55.3% said that they would delayjegirin order to meet an earnings
target, both of which are REM decisions. The insegbimportance of these managerial
practices is also borne out by prior empirical aesk, which indicates that REM
activities have increased steadily over the yearparticular substituting accrual-based
earnings managements in contexts where managemh@e subject to scrutiny and
control of auditors and institutions. In this serSehen, Dey, & Lys (2008) find for the

US that the level of accrual-based (real) earnimgsmagement decreases (increases)



subsequent to the passing of the Sarbanes-OxleySA2K) in 2002. This increase in

REM practices could be to avoid auditors’ and ratpk’ scrutiny. In contrast to

accrual-based earnings management, where a GAAfMRetvark exists to assess
deviations from normal practices, real operatioaliy to the expertise of managers,
and it is more difficult for outsiders (auditorggulators, external investors, among
others) to distinguish suboptimal decisions frontimpl ones (Cohen et al., 2008;
Cohen & Zarowin, 2010; Kothari et al., 2016).

Earnings management through REM can be definedtamna taken by managers that
deviate from normal business practices to achiesainn earnings targets such as
avoiding losses, maintaining or attaining positgrewth in earnings, meeting analyst
earnings forecasts, and smoothing earnings (Roydhory, 2006). Firms are found to
manage earnings through manipulation of variousraijpgy and investing activities
such as (Gunny, 2010; Roychowdhury, 2006): (a) Riedudiscretionary expenses,
including R&D spending and SGA (selling, generaid aadministrative) expenses,
which boosts earnings and lowers cash outflowséncurrent period, but could lead to
lower future cash flows. (b) Sales manipulatiorattis, increasing price discounts
(cutting prices) or extending more lenient creditnis to boost sales, increasing
reported earnings and lowering current operatirsdp ¢ow for a given level of sales. (¢)
Overproduction or increased production in orderdport a lower unit cost of goods
sold, which leads to increased operating margidshemce increased reported earnings.
(d) Timing the income recognition from the salesfigéd-assets. These managerial
decisions, which imply changes in the underlyingibess transactions, have different
features of accrual-earnings management: they raalertaken during the fiscal period
(Zang, 2012), are hard to detect, since they cbaeldamouflaged as normal activities
(Kothari et al., 2016), and, fundamentally, theyedily affect the firm’s cash flow.
Moreover, the deviation from normal business pcastimay impose a real cost on the
firm, although there is a growing debate in theréiture on the effects of REM on firm
value (Ewert & Wagenhofer, 2005; Roychowdhury, 2006

The literature is mixed regarding the effects amgplications of REM on future

performance and the value of the firm. On the asedhas Roychowdhury (2006) and

'In their review of REM literature, Xu et al. (200@pnsider a wider definition of REM strategies by
including financing transactions. Financing actastinclude stock repurchases, use of stock opiions
compensation packages, use of financial instrumants structuring financing transactions.
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Gunny (2010) assert, REM may be opportunistic &aaice firm value because actions
taken to boost current-period earnings can havegative effect on cash flow in future
periods. In this line, Bhojraj, Hribar, Picconi, EBicinnis (2009) provide evidence
consistent with managers’ undertaking myopic actiom beat benchmarks through
earnings management. In particular, they find finats that beat analysts’ forecast by
cutting discretionary expenditures underperfornthi@ long-term with respect to firms
that increase discretionary expenditures and migscésts. Studies have also found that
REM around seasoned equity offerings is associattda subsequent decline in firm
operating performance (Cohen & Zarowin, 2010) arith wegative returns (Kothari et
al., 2016). The perception of REM as opportunisioazild lead credit agencies and
bondholders to demand a higher risk premium, stheeincrease of earnings through
REM is viewed as a factor that increases credk-fis this line, Ge & Kim (2014) find
that sales manipulation and overproduction are ciestsal with higher bond vyield
spreads, and Kim & Sohn (2013) also find a posiéissociation between REM and the
cost of capital, providing evidence that suggesiat tthis association stems from

managerial opportunism.

The opposite view is that earnings managementeaaactivities is not opportunistic,
but informative: managers engage in real earningsagement to attain current-period
benefits that enable better performance in theréu{Bartov, Givoly, & Hayn, 2002;
Gunny, 2010). Supporting this argument, Gunny (20ibds that earnings management
through REM is positively associated with firm fréyperformance, and that those firms
that engage in real activity manipulation havetreddy better subsequent performances
than firms that do not. In the same line, Zhao, rCl#hang, & Davis (2012) find that
abnormal real activities intended just to meetegithero earnings or the prior year’s

earnings are associated with better future perfooma

2.2. REM and Information Asymmetry

According to the microstructure literature, infotima asymmetry (or adverse selection
risk) in the stock market arises when there ametsawith superior information who try
to obtain profits by trading on the basis of theformational advantage (e.g. Bagehot,
1971; Copeland & Galai, 1983; Easley & O’Hara, 19&¥le, 1985). In all these

models there are two types of traders in the mark&irmed and uninformed, trading



an asset of uncertain value. Whereas uninformetktsanegotiate in financial markets
for liquidity reasons and have no special inforimatinformed traders take a position in
the market based on information about the assetis value. The informational
advantages of informed market participants comm ftwo sources. First, the informed
investors may have access to private informaticyuabrm value that is not accessible
to uninformed investors (insider trading). Secamnaders who have a greater ability to
process and interpret public information becomerimied traders because they can
make superior assessments of the implicationsisfitformation for firm performance
or value (Kim & Verrecchia, 1994). The informati@symmetries among market
participants create an adverse selection problehichwis typically manifested in
increased trading costs and reduced levels of digakdity, because when liquidity
providers perceive increases in the adverse sefecisk, they protect themselves by
widening the bid-ask spread, thereby reducing difui and increasing the cost of
capital (e.g. Copeland & Galai, 1983; Easley & O'&a2004; Glosten & Milgrom,
1985; Kyle, 1985).

Based on the above, REM has attributes that caredsxate the information asymmetry
among investors in financial markets. First, finahcexecutives asked in the
anonymous survey by Dichev, Graham, Harvey, & Ragl)¢2013) affirmed that REM
is difficult to detect and understand for analystsl other market participants outside
the firm. This REM opacity could offer sophisticatevestors an opportunity to profit
from this private information by detecting and auzalg the potential existence of these
managerial practices, thereby creating informata@ymmetry. In this sense, some
research shows evidence that specific sophistidategbtors may be interested in and
concerned about earnings management practicehamdnplications for the long-term
value of the firm. Bushee (1998), for example, shotlwat certain sophisticated
institutional investors can, by monitoring managegather, interpret, and value

information about managerial investment decisiarsR&D spending’

Second, since REM involves management’s attempadt¢o reported earnings with the

aim of misleading some stakeholders, the implicetiof which on firm value are not

2 Bushee (1998) hypothesizes that the monitor rélénstitutional investors could affect managerial
incentives to manipulate R&D to meet earnings texga this study, we do not analyze this aspectya
only seek to highlight that sophisticated or infedrinvestors, unlike individual investors, are camned
about real activities manipulation and its firm&we implications.
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clear, these REM practices may reduce the infoonationtent of firm earnings.
Therefore, earnings manipulation through real #@&etw could impair the market’s
ability to infer the firm’s future cash flows andud provide the opportunity to obtain
benefits to traders with higher abilities to pracesmrnings-related information. As a

consequence, REM could contribute to informatiomasetry in the stock markets.

Nevertheless, the prediction of a positive relati@mtween empirical proxies for REM
and adverse selection may not hold in general.h&stlieoretical model developed by
Zhang (2001) predicts, the level of information rasyetry across firms can be
positively or negatively related to the firm’s dssure quality, depending on the factors
that cause differences between firhi8ince REM measures could be capturing earnings
quality or specific business circumstances, tha sitthe association between measures
of REM and information asymmetry may no¢ the same for different firms. On the
one hand, consistent with our hypothesis, the méat traders have high incentives to
produce private information in those settings whex@nagers use REM practices to
meet an earnings target.. Consequently, we expdutd a positive association between
REM measures and the level of information asymmaeatrthe market. On the other
hand, in those settings where the deviations fraarmal activities may be just a
consequence of business circumstances and notroihgs management, the REM
measures may affect information asymmetry in anospe way. When empirical
proxies for REM are less likely to be a proxy farop earnings quality, the benefit of
private information production may be lower andnsequently, we expect that
informed investors will not engage in the productad private information. In addition,

in this setting, the firm could have higher inceaes to publicly disclose more
information about the underlying business factoffus, the effect of private
information production could be dominated by théedf of firm’s public disclosure

policy, leading to a reduction of the level of infeation asymmetry among investors.

* Zhang (2001) theoretically examines incentives hetpublic disclosure by the firm and trading by
informed investors, the interaction between botlo fiorms of information dissemination, and their
consequences on the extent of information asymmetngng traders. Assuming that the amount of
private information production by informed tradémuiblic disclosure by the firm) increases (reduces)
information asymmetry, Zhang’s model derives an ildmium in which the amount of private
information production, the level of disclosuredaimformation asymmetry are all linked to specific
characteristics of the firm.

10



Although prior literature suggests that earningsaliyy affects the information
environment of the firm, most research to date hasd accruals-based earnings
management as a proxy for earnings quality, findingt poor earnings quality is
significantly associated with higher informatioryasnetry (Bhattacharya et al., 2013;
Cormier et al., 2013; Francis et al., 2005). Howetee our knowledge, only two papers
have analyzed the effect of REM on the firm infotim@ environment, and they provide
unclear evidence. For a sample of NYSE firms, Aglcio Hedge, Krishnan, &
McDermott (2012) find mixed results and weak evieifior the association between
REM and liquidity. Their results depend on the pesxused: a) in some regressions
they find a significant association between abndriigacretionary expenses and
liquidity, but with the opposite sign to that expe; b) when they use abnormal cash
flow, however, the association with liquidity presi is, overall, not statistically

significant.

Likewise, Garcia Lara et al. (2013) provide mixeddence for the information

consequences of REM for a sample of US firms. Depgnon the proxy used for the
firm information environment, their findings lead different conclusions. On the one
hand, they find no evidence that REM impacts onlyatel forecast accuracy and
dispersion. On the other, they report a positiveoastion between REM and stock
return volatility, which indicates that REM garblése earnings signal and thus
increases idiosyncratic volatility. Given these leac findings regarding the association
between REM and information asymmetry among mavketicipants, we consider that
it is still an open empirical question and we pdavnew evidence in a different context
to the US market that may shed new light on whelRte¥ is associated with the extent
of adverse selection among investors in stock markéoreover, unlike our paper, the
two previous papers do not consider the alterndtiterpretations of REM measures
and they do not design tests to disentangle tleetedf the different underlying factors
which may influence the relation between empirjmalxies for REM and information

asymmetry. Therefore, our paper provides a moleegfanalysis of the influence of
earnings management through real activities odee of information asymmetry by

considering the endogenous character of REM mesasure
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3. Research Design and Data
3.1. Informational Asymmetry Metric

Market microstructure literature has proposed ciffié measures and procedures to
capture financial market perception about adveedecgon risk, which arises when
some traders possess private information not ctiyreaflected in stock prices. In
contrast to the measures introduced by corporagmdéie, market microstructure exploits
several sources of information contained in intyaaharket data to capture the presence
of traders with better information (informed traslemNevertheless, in the literature there
has always been a debate about the appropriateiesach proxy in measuring
information-based trading. Since information asyrmgnes not directly observable, all
measures available are imperfect proxies for thanitial market's perception of the
adverse selection between informed and uninformadets. Thus, to obtain a more
complete information asymmetry measure, prior gside.g. Bharath et al., 2009) use
principal component analysis to extract the firsh@pal component from individual
proxies of information asymmetry. In this paper, eveate an adverse selection index
(denoted asASY hereafter) from five individual measures of infaton asymmetry
developed by the market microstructure literatthe:relative bid-ask spread, illiquidity
measure developed in Amihud (2002), price impautroduced by Huang & Stoll
(1996),PIN, andVPIN.

The first and effortless proxy for asymmetric inf@tion is the bid-ask spread, a widely
used measure of trading costs (liquidity). Bid-agkead incorporates a component
related to the liquidity providers’ protection frobeing adversely selected. Glosten &
Milgrom (1985) and Easley & O’Hara (1992) theoralig show that the mere presence
of traders with different levels of informationrieason enough for the existence of the
bid-ask spread. We compute the relative quotedadpRS,as the difference between

the bid and ask quotes in timecaled by the quote mid-point as follows:

_ (ag = by)
RQOS, = ———~% 1
QS; Q, (1)

12



where a; and b, corresponds to the ask and the bid quotes @ = (atby)/2 is the
quoted midpoint int, commonly used as a proxy for the efficient pri€&st, we
computedRQS on a daily basis by averaging (time-weighted) ta# observations
within the day. After that, we obtained an annu@3Rby averaging (equally-weighted)
daily values.

Since adverse selection is an important determiafstock liquidity, we estimate the
index of illiquidity introduced by Amihud (2002), hich is a volume-based liquidity

indicator and is defined as

Dl
AMH, = z—‘ R
Dt d=1 Vit

2)
whereRy; is the return on dag of yeart, Vy is the volume in euros on dayof yeart,
andD; is the number of days for which data are availableart. Like Amihud (2002),
we multiply AMH by 16. Amihud’s illiquidity measure gives the averagetié daily
price impact of the order flow or absolute percgatprice change associated with a unit
of trading volume. When a stock is liquid, largading volumes provoke small price
changes. Therefore, higher valuesAdfiH indicate higher price moves in response to
trading volume, and thus higher stock illiquidity.is expected that the greater the

information asymmetry, the worse the stock liquid&nd the higher thaMH value.

Both bid-ask spread and illiquidity ratio are nopxies for asymmetric information
given that they commonly include other componehéd are not related to information
(inventory costs, order processing cost, monop@gts, etc.), but that they also
influence stock liquidity. Moreover, the illiquigitindex of Amihud (2002) provides a
rough measure of the price impact. Trades initidtgdoise traders lead to transitory
changes in transaction prices, while informatiosdnatrades provoke permanent price
changes. Thus, Huang & Stoll (1996) introduce #edized spread (or price reversal)
and the price impact by considering the quote adhest that takes place a period of
time after a trade to extract the presence of ndarmation. Price impactF() is the
permanent price change (or information conteng tvade and is defined as

Plisr :( t+7 _Qt)xt (3)
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whereQ; is the quote midpoint defined previousk,is a trade indicator variable taking
the value -1 if the trade in t is initiated in tbell side and 1 if it is initiated in the buy
side. Finally,t is the period of time for prices to fully refleitte information content in
tradet. Like Huang & Stoll (1996), we setequal to 30 minutes. A daiRl is computed
in trade-time by averaging (volume-weighted) ak tinades within the day. Then, we
obtain an annual value by averaging (equally wedhall the trading days in the year.

A large and positive Pl indicates a high frequeottinformation-based trades.

The fourth measure of information asymmetry congiddo compute our index is the
probability of information-based tradin@IN), a measure that can be included in the
group of the asymmetric information measures basedhe computation of order
imbalances between buys and sells to extract tfegniation content of the trading
process. Th&IN is a measure based on the theoretical work okelasiO’Hara (1987,
1992), with the originaPIN model introduced by Easley et al. (1996). FiH is the
unconditional probability that a randomly selecteate originates from an informed
trader. ThePIN is not directly observable but as a function @ theoretical parameters
of a microstructure model that have to be estimdéediumerical maximization of a
likelihood function. Once the parameters of integes estimated, theIN is calculated
as the ratio of orders from informed traders totttal number of orders. For reasons of
space, the description of the model and the estmagirocess of this well-known

methodology are presented in Appendix A.

As an update of thBIN model, Easley et al. (2012) have developed a neasare for
adverse selection risk called Volume-Synchronizeab&bility of Informed Trading or
VPIN. The VPIN approach has some practical advantages ovePIlthenethodology
that make it particularly attractive for both pitiohers and researchers. The main
advantage is thafPIN does not require the estimation of non-observablameters
using optimization or numerical methods, therebyoidwng all the associated
computational problems and biases. In particl¥&IN measures order flow toxicity,
which can be considered as a broader concept feersel selection applied to the
particular world of liquidity providers in a highleiquency trading (HFT) environment.
However, VPIN can be considered as a more flexible measure wgimrastric
information that can be applied in a wide rangefraineworks by choosing the

appropriate values of the variables involved in és@mation process (Abad & Yague,
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2012). There are three relevant variables irREN approach: time bar, volume bucket
and sample length. At bar level, trade flow is tspetween buys and sells. At bucket
level, order imbalances are computed. Finally, oiddalances are smoothed in the
sample length by computing a moving average andviPiN series is obtained. An
annualVPIN is computed by averaging all the values of theltagPIN series into the

year. A brief description of this procedure carfdaend in Appendix B.

3.2. REM Measures

Roychowdhury (2006) develops three measures of eedivities manipulation

(abnormal cash flows, abnormal production costd,abmormal discretionary expenses)
to focus on three methods of manipulating realvdiEs in order to manage earnings
upwards: (1) sales manipulation through increasex pliscounts or more lenient credit
terms, to temporarily boosts sales revenues, whitthhave the effect of unusually low

cash flow levels from operations; (2) overproductito report a lower cost of goods
sold; and (3) reduction of discretionary expensedowing previous research on REM
(Cohen et al., 2008; Cohen & Zarowin, 2010; Ge &Ki2014; Kim & Sohn, 2013;

Roychowdhury, 2006), we employ the three modelp@sed by Roychowdhury (2006)
to construct REM measures. We use model (4) tonagti the normal level of cash flow

from operations:

CFQ _ 1 Saleg ASaleg
Assets; ~do® al( AssettsJ * ,31( AssettsJ * ﬁz( AssettsJ ta “)

where CFO is cash flow from operations estimated as opegaitntome less total
accruals,Sales and ASalesrepresents sales and change in sales, respectikily
variables, including the intercept, are scaled dygéd total assetéd\gsetys We also

include an unscaled intercept (Roychowdhury, 2006).

We use model (5) to estimate the normal level ofipction costs:

PROD _ 1 Sales ASales ASaleg
Assetsy o 0’1( Assettilj ' ﬁl( ASSG‘?LJ ' 182( Assetﬁlj ' ﬁs( Assets j Y
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wherePROD s production costs defined as the sum of cositgoofls sold, which we
estimate from the profits and losses account, filaschange in inventory in the year.

The other variables have been defined previously.

We estimate the normal level of discretionary exggsrwith model (6):

DISPEX _ 1 Saleg ;
—— —l=qg,+ + + 6
Assets, o al( Assettslj 'Bl[ Assetlslj & ©

where DISPEX is discretionary expenses and the other variabtescalculated as
defined previously. Since in Spain firms do notalsureport advertising or general and
administrative expenses specifically, we mea®I&PEXwith the itemother operating
expensesn the profits and losses statement, which in@duB&D, advertising, and

other general expenses.

We estimate models (4), (5) and (6) cross-sectiphat each year and industry group
using all the data available on Spanish listedgiimthe period. Based on the industry
classification of the Madrid Stock Exchange, wessity firms into three big industries
in order to have a minimum of 15 observations fheregression. For every firm-year,
the residuals of the regressions represent, ragpbgtthe abnormal cash flow from
operations ACFO), the abnormal productions costdPROD, and the abnormal
discretionary expense®DISPEXB. Firms that manage earnings upwards will show
abnormally low cash flows from operations, andfnamally high productions costs,
and/or abnormally low discretionary expenses (Cahetarowin, 2010). Accordingly,
for abnormal cash flows and abnormal discretiomeaqyenses, we multiply the residuals
of models (4) and (6) by (-1), so that higher valoé these variables represent greater
increases of earningsWe separately analyze each measure and also difiae
combined measures of REM. Following Cohen & Zaro(@010), we defindREM1as
APRODFADISEXP andREM2asACFO+ADISEXP. Thus, higher values &EM1and
REM2 indicate higher probability of real decisions twrease earnings, in particular,

* Income increasing real earnings management ddeslways affect cash flows and earnings in the same
direction (Roychowdhury, 2006) because, whereasepidiscount and overproduction have a negative
effect on cash flows, cutting discretionary expsnbkas a positive effect. Although this has led some
studies to disregard abnormal cash flows in REMsuess, and thus focus only on abnormal production
costs and abnormal discretionary expenses, othpm@uinclude abnormal cash flows in order to take
into account the possibility of sales manipulation.
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that the firm is engaged in higher production castd cutting discretionary expenses
(REMY), and in sales manipulation and cutting discretrgrexpensesREM2. Finally,
we construcREM3as an overall measure REM asACFO+APROD+ADISEXP(Kim,
Park, & Wier, 2012; Ge & Kim, 2014).

3.3. Incentives to Engage in Earnings Management

REM measures, as defined in the previous section,ttee residuals of the models
developed by Roychowdhury (2006) to estimate noteadls of cash flow, production
costs and discretionary expenses. However, theralahdevels of these measures, apart
from earnings management activities, could be capgabnormal situations caused by
incompetent managers or unusual changes in thedsssiconditions. Prior research
addresses this concern by analysing REM activitirestheir effects in settings in which
earnings management is likely to occur, such assfithat use REM to meet earnings
benchmarks (Gunny, 2010; Kim & Sohn, 2013; Roychiowvgl, 2006; Zang, 2012). To
avoid the association between proxies for infororatasymmetry and REM being
explained by factors unrelated to managerial oppdstn, we implement our analyses
for two different settings: (a) firms with strongcentives to opportunistically manage
earnings (suspect firms); and (b) the rest of then@e (non-suspect firms). In
particular, we consider as a sample of suspect-ygar observations those that just
meet last year’'s earnings. For each firm-year, erapute net income on total assets
and suspect firm-years are those whose changet ime@ne divided by total assets is
between 0 and 0.01. Thus, in the first scenariasgime that deviations from normal
operations represent REM decisions, whereas isd¢hend setting these deviations are

more likely to represent unusual business condition
3.4. Regression Model

We test the association between REM and the Ieviefarmation asymmetry between

traders in the stock market with the following mibde

*Note thatACFO and ADISPEXPare the residuals of models (4) and (6) multipligd(-1), so these are
the values we add #®PRODin REM1, REM2andREM3
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ASY = p, + B,REM + g,DiscAcc + p,Size+ ,ROA+ f.Turnover + g Volat +
B;Analysts + g,0wn + >’ BYear+ > B,Ind +¢ (7)
t i

whereASYis our index of information asymmetry aR&EM corresponds to each of the
different REM measures described in the previoetia® We include variables in the
regression to control for factors that, accordiogthie previous literature, affect the
information environment of a firm and that are ke be associated with information
asymmetry among investors in the capital marketses& control variables are:
discretionary accrualsD{scAcc), firm size (Size) return on assetsROA), trading

volume {Turnover) stock volatility {/olat), financial analyst following Analys) and

ownership concentratiofOgvn).

As commented on above, previous studies documeatt dbcrual-based earnings
management and REM can be used as substitutesniputade earnings (Cohen et al.,
2008; Cohen & Zarowin, 2010; Zang, 2012) and tlaahiegs quality is associated with
information asymmetry proxies. Empirical studiescts as Francis et al. (2005) and
Bhattacharya et al. (2013), use discretionary atsras a proxy for earnings quality and
suggest that poor earnings quality enhance infoomaaisymmetry among investors.
This supports the opportunistic view of accrualdata®arnings management, which
assumes that the objective of these accountingtipgacis to garble the market,
resulting in an increase in the adverse selectgk However, some studies support an
informational view of discretionary accounting ates. According to these studies, if
investors detect accrual-based earnings managentisotetionary accruals might not
be a noisy signal but could, in contrast, be infative about firm future cash flows.
This would improve the informativeness of earnifgg. Subramanyam, 1996) and, as
a consequence, more informative financial reportagld minimize the informational
advantages of informed traders. Therefore, sinceantrol for discretionary accruals,
DiscAcc, 1 represents the incremental effect on informatisymanetry of REM once
accrual-based earnings management is taken intuac®iscAccis calculated as the
value of discretionary accruals estimated by theedo(1991) model, modified by
Dechow, Sloan, & Sweeney (1995).

Market microstructure literature provides extensigmpirical evidence of firms’

characteristics that are related to the probabaftinformed trading and, consequently,
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stock liquidity. In particular, stocks of largercamore profitable firms and stocks with
larger trading volumes and lower return volatilisyffer lower adverse selection
problems and are more liquid (e.g. Easley et &961 Stoll, 2000; Goh, Lee, Ng, &
Yong, 2016). This is consistent with the widely Wwmoargument that larger and more
profitable firms, and firms whose stocks are moregdiently traded, have richer
information environment as a consequence of theghdr levels of information
production and publicly available information. Atidnally, the positive relation
between information asymmetry and stock volatiktyggests a higher presence of
informed traders due to the greater profit oppaties in stocks that have higher
information uncertainty (Bhattacharya et al., 201Bence, we includeSize, the
company’s size measured as the natural logarithnotadl assetsROA defined as
operating income divided by total asséfsynover,the logarithm of the average daily
trading volume in euro scaled by the market valuthe firm’s equity at the end of the
year; andvolat, a proxy for stock return volatility calculated @® standard deviation

of daily returns.

Disclosure literature also predicts that the infation environment of a firm is affected
by the activities of producing and disseminatinfpimation performed by financial
analysts following the firm. However, neither theizal nor empirical studies are
totally conclusive about the sign of the relatioptvieen analyst following and
information asymmetry. For example, Easley, O’'H&®aperman (1998) state that the
number of analysts following the firm can be eitpesitively or negatively associated
with the level of disclosure and with the probdbibf informed trading depending on
whether financial analysts create new private mfaion or disseminate public
information among investors. Although it is possil find some empirical studies that
provide findings suggesting that the number of ystalollowing a stock is positively
correlated with information asymmetry (e.g. ChuMylnish, Wood, & Wyhowski,
1995), the great majority report that analyst cager is negatively related to
information asymmetry (e.g. Easley et al., 1998ulRone, 2003). This inverse relation
supports the argument that more analyst followimgréases publicly available
information on the firm, which results in a redoctiin the risk of information-based
trading and an improvement in stock liquidity. Téfere, we include in our model the
variable Analyst which represents the natural log of the total bemof analysts

following a firm.
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In addition, the distribution of private informatia@mong investors can be affected by
the predominance of large shareholders in the Bremership. For this reason, we
include ownership concentratio@wn, as a control variable measured by the percentage
of common shares held by the largest five sharehsldf the company. A more highly
concentrated ownership is expected to be positiadgociated with information
asymmetry because the larger shareholders arg tixelontrol the firm and therefore to
have access to, or generate, private informati@utathe firm, so exacerbating adverse

selection problems in the market (e.g. Heflin & ®$ha000).

Finally, we also include year and industry dummyiatales to control for temporal and

industry effects.

3.5. Sample and Data

Our sample is made up of stocks traded on therelact trading platform of the

Spanish Stock Exchange, known as the SIBEstéma de Interconexion Bursatil
Espafo). The SIBE is an order-driven market where ligiyids provided by an open

limit order book. Trading is continuous from 9:00nato 5:30 p.m. There are two
regular call auctions each day: the first detersitiee opening price (8:30-9:00 a.m.),
while the second sets the official closing price3(65:35 p.m.). Three basic types of
orders are allowed: limit orders, market ordersg amarket-to-limit orders. In the

continuous session, a trade occurs whenever amingoorder matches one or more
orders on the opposite side of the limit order boGkders submitted that are not
instantaneously executed are stored in the boolkingdor a counterparty, according to
a strict price-time priority rule. Unexecuted omlecan always be cancelled and
modified. Continuous trading can be temporally rintpted, since a system of stock-
specific intraday price limits and short-lived callictions is implemented to handle
unusual volatility levels. In all auctions (operpse and volatility) orders can be

submitted, modified or cancelled, but no tradesuncc

Trade and quote data for this study come from Si @kes provided by th&ociedad
de Bolsas, S.ASM files contain detailed time-stamped informatabout the first level
of the limit order book for each stock listed oe tBIBE. Any trade, order submission

and cancellation affecting best prices in the bgekerates a new entry in the file. The
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distinction between buyer-initiated and selleriateéd trades is straightforward and no
classification algorithm is needed. Firms’ finah@tatement data were taken from the
SABI database, made by Bureau Van Dijk, and froemahnual reports at the Spanish
Securities Market Commissioi€émision Nacional del Mercado de Valor&NM\V).

Ownership concentration and analysts’ data weréecteld from Thomson Reuters

Eikon Datastream.

Our sample consists of non-financial firms listedtbe main segment of the SIBE in
the period 2001-2008, with full data available &if the period. After applying the
usual filters to detect and eliminate errors inpheparation of the intraday trading data
and combining the different databases, we obtathf#éh-year observations, for which
we have been able to collect the information asyimmmeeasures, the complete
financial-accounting information and data on analysllowing and ownership

concentration.
4. Results
4.1. Descriptive Statistics

Table 1 reports the estimations of normal levelscagh flow from operations,
production costs and discretionary expenses —mddgls(5), and (6). We estimate
these models using all the available information $panish listed firms during the
period 2001-2008. The regressions are estimatethdostry-year groups with at least
15 observations. The table reports the mean casiti across all industry-years and
statistics calculated using the standard errohefrhean across industry-years, as well
as the mearR® across industry-years. We can see that the madgliin the real
operations quite well, and our results are simitathose reported by Roychowdhury
(2006) for US firms.

[Table 1 near here]

Table 2 presents descriptive statistics for thermfation asymmetry measures (Panel
A), REM measures (Panel B), and control variablRangl C). The mean, median,

standard deviation, 10th percentile and 90th peiteeare reported for each. With

21



regard to proxies for information asymmetry, theamgmedian) ofRQSis 0.6%
(0.4%). The mean value &MH in our sample (0.3) is similar to that reported by
Amihud (2002). The average (median) of price impaetasureRl) is 0.37% (0.30%).
According to Abad & Yague (2012), tidN and theVPIN show similar mean values of
around 19% and 20%, respectiveBIN values are also consistent with those reported
in prior studies that use this information asymmetroxy (e.g., Brown & Hillegeist,
2007; Easley, Hvidkjaer, & O’Hara, 2002). The stftal distributions of the above
measures show that there are clear differencdseinlégree of asymmetric information
among firms included in our sample. As discusse8ention 3, in order to isolate the
common adverse selection component underlyingdhmdr proxies, we constructed an
index of information asymmetryAGY by employing principal components analysis
(PCA) for each firm and year of our sample. The meASYis zero (by construction)
and its median is -0.40. The first (and only) factath an eigenvalue greater than one
explains 64.3% of the variance and each comporfeAS¥ enters with a positive sign

and loadings as follows:

ASY= 051RQS 0257AMH+ 047'PI1 + 0A5PIN+ 0484/ PIN (8)

Therefore, each proxy for information asymmetryyplis role in the indeX A higher
value of the index means a higher level of adveedection. As seen in Table 3, which
provides the Pearson correlation matrix betweernvénmbles used in the study, all the
information asymmetry proxies are positively caatet with each other, which
indicates that these measures are likely to beedrivy adverse selection, but each
contains unique information. Moreover, the index pssitive and significantly
correlated with each information asymmetry variakégying from a correlation of 92%
betweenASYand RQSto a correlation of 46% betwee&SY and AMH. Additionally,

correlations between all five proxies for infornoati asymmetry and the index are

® A potential concern about the useASYas proxy for information asymmetry for our samigl¢hat the
PCA is sensitive to sample size. To check the rim@ss of the index, we evaluate the performandheof
PCA by applying computer-based resampling (bogi¥ttachniques. Thus, we draw a large number of
samples (1,000, 5,000, and 10,000) of differentssizmaller than (234 observations), equal to (468),
and larger than (1,000) our sample size. We perfB@#A analysis to all the samples and compute
confidence intervals (basic percentile) at the &¥el. We observe that our full-sample estimatiarsafl
relevant parameters (the eigenvalues and the coenpaveights for the first factor) are always inadd

in the bootstrap intervals.
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generally higher than between them, which suggististhe index is a parsimonious

way of measuring information asymmetry.

[Table 2 near here]

Mean values o ACFO, APROD ADISPEXPand DiscAcc are very close to zero, as
expected. Their deviation from zero is due to thesebles having been estimated with
all the available information for listed firms ihe period, which is higher than the size
of our sample. With regard to the control variab{&ze ROA Turnover Volat,
Analysts and Own), these show a significant level of dispersiontheir values,
reflecting the heterogeneity of our firm-year sagplhe correlations between REM
variables are positive and significant, which medngt firms simultaneously use
different strategies of real activities manipulatim achieve their earnings objectives.
Firms also simultaneously apply sales manipulagiot discretionary accruals strategies
to manipulate earnings, sinéeCFO and the REM variables that inclu@eCFO are
highly and positively correlated witBiscAcc The positive correlations betwe&ize
and most of REM variables show that bigger firme auore likely to engage in REM
activities to increase earnings, and the negatoreetations betweeROA and REM
measures suggest that firms with better performaeree less prone to managing

earnings through real activities manipulation.

[Table 3 near here]

4.2. Analysis for the Whole Sample

Table 4 reports the results of model (7) for tHéedent measures of REM in the whole
sample. Columns (1) to (3) present the resultsndividual proxies while columns (4)
to (6) do so for the aggregate measures. SinceeTaabhows high correlations between
DiscAcc and ACFO and DiscAcc and REM2 models in columns (1) and (5) are
estimated using orthogonalized variables with respe DiscAcg that is, they
incorporate the residuals of the regressioAGFO on DiscAccand the residuals of the
regression ofREM2 on DiscAcg respectively. We report OLS coefficients atd

statistics (in brackets) based on robust standaotse which are clustered by firm.
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-Insert Table 4-

The results do not show significant associations/éen REM proxies and information
asymmetry. These insignificant effects could bel@rpd by the heterogeneity of the
sample, composed by firms with different incentit@gngage in REM activities. Thus,
the findings for the overall sample could be shaaam offset between a positive and a
negative effect in different scenarios, dependingmhether or not there are incentives
to engage in REM. Neither is accrual-based earningsiagement significantly
associated with information asymmetry in the Sgamirket.” This finding, which is
not consistent with most of the empirical evidemcethe literature, along with the
findings reported below for the analysis of two sainples, suggests that, like the REM
effect on information asymmetry, the effect of aatrbased earnings management may
depend on the incentives to produce private inftionain relation to accrual-based

manipulation of earnings.

Regarding the other control variables, the signshefr coefficients are as expected
according to the literature. We find that the swok larger and more profitable firms,
with higher trading volume, and those being followley more analysts show less
information asymmetry, whereas firms with more titdastock returns are associated
with higher information asymmetry. All these vatebare significant at the 1% level in
all models estimated. The coefficient Gwn, as expected, always presents a positive

sign, but it is not significant.
4.3. Analysis for the Suspect and Non-Suspect 8ampl

In the previous analysis, we have examined thecegsm between REM measures and
information asymmetry in the whole sample. Howew@nce empirical proxies for
REM represent abnormal levels of real transactidghsy could be capturing the
consequences of opportunistic managerial practidrg, also specific business
circumstances unrelated to earnings managemetht,asuchanges in business or unique

business models. Consequently, the sign of thecediEm between measures of REM

"The results do not change (the coefficient on dtimnary accruals is not significant) if we incluthe
absolute value of discretionary accruals, as in Kiral. (2012).
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and the level of information asymmetry may dependtltese sources of variation

among firms in a particular sample.

Hence, in order to extend the understanding ofas®ciation between REM practices
and information asymmetry, we analyse this associah two subsamples: (auspect
sample that is, firm-years observations with strong meoees to manage earnings in
order to just meet zero earnings growth (last yeaarnings), and (bnon-suspect
sample that is, firm-years observations without inceesivio meet this target. In
settings where managers have strong incentivesattage earnings and the reason for
earnings management is well-understood, such asitheo meet an earnings target
(Graham et al., 2005), we would expect investorernbance the private information
production to increase their trading profits. Thisuld have the effect of raising the
level of information asymmetry in the market. Howevn settings without incentives
to engage in earnings management, deviations franmad operations can be attributed
to other circumstances, rather than the firm’sldmae quality. Since in this case there
are fewer incentives to produce private informagtiove could expect that these

deviations from normal operations do not creatermftion asymmetry in the market.

As a preliminary analysis, we compare REM in thepgat sample versus the non-
suspect sample. Following Roychowdhury (2006), wethe following regression:

REM = g, + B;Size+ ,BTM + 3ROA+ f,Suspect+ Y. BiYear+ Y Siind +&  (9)
t i

where REM corresponds to each of the different REM measuresdescribed
previously,BTM s the book to market rati®@OAis operating income divided by total
assets, an@uspecis a dummy variable that takes the value of h& thange in net
income divided by total assets is between 0 antl, @0d O otherwise. Table 5 displays
the estimate of the model for the six REM measurhas.results in columns 2, 3, 4, and
6, show that the coefficients @uspectre positive and significant (at the 10% level, in
theREM3model; at the 5% level in the abnormal productiosts model; and at the 1%
level in the abnormal discretionary expenses RiEdM1 models). This suggests that
suspect firm-years have higher abnormal productiosts and lower discretionary

expenses than the rest of firms, which is condistgth their engagement in REM
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activities to meet last year’'s earnings. The ngmifcant coefficients for the abnormal
cash flow model and fdREM2could be explained by the opposite effect on ¢ksins
of cutting discretionary expenses in relation tdesamanipulation and increasing

production costs.

[Table 5 near here]

Table 6 reports the results of model (7) for the smbsamples. Panel A corresponds to
the suspect sample and Panel B to the non-suspaqiies We report OLS coefficients

andt-statistics (in brackets) based on robust stanelamads that are clustered by firm.

[Table 6 near here]

In the sample with strong incentives to manageiegsn(suspect sample), we find that,
with the exception of the cash flow model, all dméfnts on REM measures are
positive and significant (at the 5% level, in tHenarmal discretionary expenses and
REM2 models, and at the 1% level in abnormal productosts,REM1and REM3
models). These findings are consistent with theolhygsis that managerial opportunism
to increase earnings through REM creates informa&ymmetry in the market in those
contexts where managers have incentives to engageREM activities, and
consequently, informed investors also have inegestio produce private information.
However, as in the whole sample, the coefficient @BscAcc is not statistically
significant. Therefore, the strong and clear eftddREM and the non-significant effect
of accrual-based earnings management on informatsymmetry could be explained
by the different implications of both types of eaags management. The larger opacity
and real effects of REM for firm value in companst accrual-based management
may imply a higher marginal benefit for the prodoctof private information. As a
consequence, informed traders may have more inesrb produce information about
REM than in relation to accrual-based managemem. signs and significance of the
other control variables are quite similar to tho$¢he analysis with the whole sample,
but in the subsample of suspect firms we also firad ROAis not significant, which
can be explained by its low variability or becaesenings numbers are nosier or less
credible due to the high likelihood of REM in théetting. In contrast, we find a

significant positive association between ownershgncentration and information
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asymmetry, which is consistent with lower discl@sulevels in firms with a

predominance of large shareholders.

In the rest of the sample (non-suspect sample)findethat, with the exception of the
cash flow model, all coefficients on REM measures significantly negative (at the
10% level in the abnormal production costs and e 1% level in abnormal
discretionary expenseREM1 REM2andREM3models). Thus, in this setting there is a
negative association between information asymmatty REM measures after taking
into account the effect of accrual-based earningsagement. This finding suggests
that when REM measures are not reflecting low egshguality but change in business,
the informed traders have fewer incentives to pcedprivate information. Regarding
the control variables, the coefficient on discnetioy accrualsisAcq is positive and
significant at the 1% level in theREM3 model or quite close to being significant at
conventional levels in the rest of models (with éxeeption of the cash flow model) at
two-tail tests. Even if we consider one-tail tesh® coefficients onDisAcc are
significant in all estimations with the exceptioh the cash flow model. This is
consistent with previous research, which has fainadl accruals earnings management
may create information asymmetry in the marketalyn the coefficients of the rest of
control variables show similar signs and signifcarevels to those presented for the

whole sample.

5. Conclusion

This study examines the consequences of real tesivinanipulation on information
asymmetry in Spain. Previous studies have exantimedassociation basically for US
markets, providing inconclusive evidence. We coasttiat the analysis of the Spanish
market may shed new light because it exhibits akem@nvestor protection, lower
accounting quality and stock market liquidity, anmigher incentives for investors to
search for private information than US. We use #68-year observations from 2001
to 2008 and an information asymmetry index builtnoicrostructure measures such as
the bid-ask spread, illiquidity measure developpdAmihud (2002), price impact
introduced by Huang & Stoll (199&»]N, andVPIN.
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In line with previous literature, we find that fismwith high strong incentives to engage
In earnings management to just meet last yeartsiregs, show higher levels of income
increasing REM. Overall, our evidence on the asdgmei between REM and
information asymmetry is consistent with the prédit that firms’ strategies of REM
garble the market and create information asymmetngng traders. Thus, in a setting
where REM measures are highly likely to indicatev learnings quality (suspect
sample) we find a significant and positive assommbetween proxies for earnings
management through real activities manipulation sridrmation asymmetry among
investors. In contrast, in a setting where the ecgli proxies for REM could be
capturing situations rather related with businessumstances than with earnings
manipulation, we find that deviations from normaitiaty are significantly and
negatively associated with the level of informatasymmetry. Thus, we show that the
private information production and its influence tbe level of information asymmetry

in the market depend on firm’s circumstances.

Our results have implications for managers, regusatind researchers. Our evidence
confirms that managers will possibly manipulatenesgs with real activities to meet
earnings benchmarks. We add to the literature tinase practices may distort the
market by creating information asymmetry betweerdrs in those contexts where
managers have incentives to engage in REM, sincasiks the production of private
information by sophisticated investors. We extenevipus research on the economic
consequences of earnings management in generaRENdin particular, to the study
of the adverse selection problem in financial mexkerhere prior literature is scarce
and focused exclusively on the US market. By examgim direct link between REM
and information asymmetry, we show that previousdifigs that associate the
engagement in REM activities with a higher costcapital can be explained by the
increase in information asymmetry produced by REMally, from a methodological
point of view, this is one of the first papers teeua composite index of adverse

selection to examine this issue.
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Appendix A: PIN Model and Estimation

The PIN model views trading as a game between liquiditgviglers and traders
(position takers) that is repeated over tradingsddyades can come from informed or
uninformed traders. For any given trading day threva of buy and sell orders from
uninformed traders, who are not aware of the nefermmation, is modeled as two
independent Poisson processes with daily arritaktg andes, respectively. The model
assumes that information events occur between ngadiays with probabilitya.
Informed traders only trade on days with informatevents, buying if they have seen
good news (with probability &} and selling if they have seen bad news (with
probability ). The orders from the informed traders follow asBon process with a
daily arrival rateu.

Under this model, the likelihood of observiBguys andS sells on a single trading day
IS

B s
L((B, S) | 3) = (l— a')e_gb (gg)' e (fg)l +
' ' (A1)
+a§e_£b ﬂe_(fs'ﬂu) M +a(1—5)e_(fb+/1) (gb + ﬂ)B e_gs (gs)s
B! si . 2

whereB andS represent total buy trades and sell trades fod#erespectively, and
=(a, 0, U, &, ) IS the parameter vector. This likelihood functisra mixture of three
Poisson probabilities, weighted by the probabitifyhaving a “good news dayi(1-9),

a “bad news day’as, and “no-news day’ (&). Assuming cross-trading day
independence, the likelihood function acrdsslays is just the product of the daily
likelihood functions:

L(M 18)=114L(618;.s;) (A.2)

whereB;, and§ are the numbers of buy and sell trades forjday..., J, andM = [(B;,
S),..., By, §)] is the data set. Maximization of (2) ovérgiven the dataV yields
maximum likelihood estimates for the underlyingustural parameters of the mode)] (
0, W, &, &s). Once the parameters of interest have been dstimthe Probability of
Informed TradingPIN, is calculated as

pPn= (A.3)
au + &, + &,

whereap + gyt &5 IS the arrival rate of all ordersyl is the arrival rate of informed
orders. ThePIN is thus the ratio of orders from informed tradershe total number of
orders.

An attractive feature of thRIN methodology is its apparently modest data requerém
All that is necessary to estimate the model iswn@aber of buy- and sell-initiated trades
for each stock and each trading day. However, tioetcoming of the methodology is
that, although the estimation procedure is stréogivard, it often encounters numerical
problems when performing the estimation in practespecially with stocks with a huge
number of trades when the optimization program noclash with computational
overflow or underflow (floating-point exception) &nas a consequence, it may not be
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able to obtain an optimal solution. These diffimdtin estimatingPIN have been
exacerbated in recent years due to the steadyaseia the number of trades which are
a consequence, among other reasons, of the gravattomated trading and structural
changes in the market, which have greatly reducedkeh depth (Aslan, Easley,
Hvidkjaer, & O'Hara, 2011). We estimate first tRlN model via maximum likelihood
for each stock and month in each year. The usa®iaonth transaction data should be
a wide enough period to produce reliable estimares allows us to maximize the
number of estimations (Easley, Kiefer, & O’Hara9I®indicate that a 30 trading-day
window allows sufficient trade observations for tREN estimation procedure, and
Akay, Cyree, Griffiths, & Winters (2012) use 20dnag days to estimatBIN finding
numerical solutions for all their estimations). &ig, we calculate an annu®IN by
averaging monthly values. We use the optimizatigorghm of the Matlab software.
We run the maximum likelihood function 100 timeg feach stock in our sample,
except for several large stocks, for which we iaseethe iterations to 1000 to ensure
that a maximum is reached. We follow Yan & Zhan{2812) proposal to set initial
values for the five parameters in the likelihooddtion.

Appendix B: VPIN Estimation Procedure

In this appendix we briefly review the three leveiswhich VPIN calculation takes
place (for a more accurate description of the pfaoe see the original paper of Easley
et al., 2012).

(1) Time bars

The original procedure begins with trade aggregatiotimebars Bar sizeis the first
key variable of theVPIN computation process. Easley et al. (2012) inytiaite 1-
minute time bars. In each time bar, trades areeggged by adding the volume of all the
trades in the bar (if any) and by computing thegrchange for this period of time.
Afterwards, and in order to take into account trag®, the sample is “expanded” by
repeating each bar price change a number of timpesl ¢0 the number of shares traded
in the bar. Thus, the original raw sample becansaraple of one-unit trades, each of
them associated with the price change of the cooreding bar.

(2) Volume buckets, bulk classification and order irabak

Volume bucket is the second essential variableVRIN metric. Volume buckets
represent pieces of homogeneous information corheritare used to compute order
imbalances. In Easley et al. (2012) volume buckas §/BS) is calculated by dividing
the average daily volume (in shares) by 50, whictihé number of buckets they initially
consider. Therefore, if we depart from the averdgidy volume, it is the number of
buckets which fully determines VBS. Consequentlg,asnsider the number of buckets
as our second key variable.

Buckets are filled by adding the volume in conseeutime bars until completing the
VBS. If the volume of the last time bar neededdmplete a bucket is for a size greater
than required, the excess size is given to the begket. In general, a volume bucket
needs a certain number of time bars to be complatdtugh it is also possible that the
volume in one time bar could be enough to fill gaemore) volume buckets.
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At the same time of bucket completion, time bauwat is classified as buyer- or seller-
initiated in probabilistic terms by employing th@mhal distribution. Thus, we label as
"buy" the volume that results from multiplying tvelume bar by the value of the
normal distribution evaluated in the standardizeicep changeZ (APlosp). ToO
standardize, we divide the corresponding price gbamy the standard deviation of all
price changes for the whole sample. Analogouslycategorize as “sell” the volume
that results from multiplying the volume bar by themplementary of the normal
distribution for the buy sid&,-Z (P/op).

Order imbalance @I) is then computed for each bucket by simply olainthe
absolute value of the difference between buy volameé sell volume in the assigned
time bars.

(3)VPIN and sample length

Finally, in the last step we obtaWPIN values. Here, it is necessary to define a new
variable: sample length(n). This variable establishes the number of the btsckvith
which VPIN is computed. Following the link established in[Eg®t al. (2012),

n

Ol
| 2.0l
VPIN - aﬂ ~ E[Vl'se _VTBuy] _ 1=

= = A4
au+ey+teg  ENVS +vBY] n*VBS (A-4)

whereVPIN is simply the average of order imbalances in dma@e length, that is, the
result of dividing the sum of order imbalances dtirthe buckets in the sample length
(proxy of the expected trade imbalance) by the pcoadf volume bucket size/B9
multiplied by the sample lengtm)( (proxy for the expected total number of trades).
VPIN metric is updated after each volume bucket in langewindow process. For
example, if the sample length is 50, when buckdt Billed, we drop bucket #1 and
we calculate the newPIN based on buckets #2 to #51. Easley et al. (201&) f
consider sample length equal to the number of hadl®), but throughout the paper
the authors change this variable to 350 or 250ei@ipg on what they want to analyze.
A sample length of 50 buckets when the number ckéis is also 50 is equivalent to
obtaining a dailyPIN. A sample length of 250 (350) when the numberukiets is 50
is equivalent to obtaining a five-day (seven-ddiJN.
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Table 1. Estimation of the normal

discretionary expenses

levels of cash

flow, protion costs and

CFO/A.1 PROD/A.1 DISEXR/A.1

1/Au -2.2742% 1.9773 1.1752

(-2.01) (1.12) (1.44)
S/AL 0.1078*** 0.7743%*+

(8.04) (48.44)
S1/Au 0.1426%+*

(15.77)

AS/AL 0.0941 0.2469%+*

(1.46) (2.86)
ASA/AA -0.0308

(-0.46)

Intercept 0.0208 -0.0508*** 0.0444%**

(1.58) (-4.34) (11.09)
Ad. R 0.132 0.911 0.366

Notes: This table reports OLS coefficients of tlegressions (4), (5) and (6). The regressions aimated for

industry-year groups with at least 15 observations.

CFQ/AL =ag+a(UAL) +B,(STAL) + B(AS TAL) +&
PRODR/ A =ay+a U/ Ay) + Bo(STAL) + B(BS T AL) + B(AS T AL+
DISEXP AL =ap +ay (U AL) +Bo(Sa A &

CFGQ is cash flow from operations estimated as opagdtinome less total accruaBROD is the production costs;

DISEXR is the discretionary expensesand AS represents sales and change in sales, respectMelyariables,
including the intercept, are scaled by lagged tasakts (A). ***, **, * denote significance at the 1%, 5%, dri0%

(two-tailed) level, respectively.
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Table 2.Descriptive statistics

Panel A: Information asymmetry measures

#obs. Mean SD Toperc. Median 90 perc.
RQS 468 0.0064 0.0061 0.0013 0.0042 0.0143
AMH 468 0.3020 2.0676 0.0004 0.0090 0.3517
PI 468 0.0037 0.0027 0.0010 0.0030 0.0073
PIN 468 0.1890 0.0603 0.1224 0.1787 0.2648
VPIN 468 0.2048 0.1235 0.0728 0.1740 0.3650
ASY 468 0.0000 1.7928 -1.9042 -0.3964 2.4342
Panel B: REM measures
ACFO 468 0.0022 0.1097 -0.1187 0.0003 0.1321
APROD 468 -0.0033 0.1013 -0.1260 0.0042 0.0982
ADISEXP 468 -0.0011 0.0725 -0.0888 0.0061 0.0669
REM1 468 -0.0045 0.1618 -0.2038 0.0191 0.1486
REM2 468 0.0011 0.1374 -0.1641 -0.0033 0.1469
REM3 468 -0.0022 0.2202 -0.2653 0.0058 0.2174
Panel C: Control variables
DiscAcc 468 -0.0081 0.0993 -0.1233 -0.0044 0.1026
Size 468 14.2279 1.7352 12.0895 14.1441 16.6284
ROA 468 0.0703 0.0626 0.0160 0.0657 0.1323
Turnover 468 -6.2675 1.0471 -7.5481 -6.2789 -5.1232
Volat 468 1.8301 0.7641 1.0864 1.6512 2.7705
Analysts 468 1.9567 0.9570 0.0000 2.1972 3.0910
Own 468 0.4901 0.2348 0.1549 0.4900 0.7879

Notes: This table reports descriptive statisticdhaf variables employed in the present stiRI@Sis the relative
quote bid-ask spreadMH is the illiquidity measure of (2002l is the price impact measure proposed by Huang
and Stoll (1996)PIN is Probability of Informed Trading based on theslEg et al. (1996) model/PIN is Volume-
Synchronized Probability of Informed Trading deysd in Easley et al. (2012ASYis the composite index of
information asymmetry based on the before marketostructure measureRQS AMH, PI, PIN, andVPIN. ACFO

is the abnormal level of cash flows according tadeid4) multiplied by (-1)APRODis abnormal production costs
according to model (5)ADISEXPis abnormal discretionary expenses according tdein¢6) multiplied by (-1);
REM1, REM2, and REM3 are aggregate measures of real earnings manageleénéd asAPROD+ADISEXP,
ACFO+ADISEXR and ACFO+APROD+ADISEXP respectively.DiscAcc is the value of discretionary accruals
estimated by the Jones (1991) model modified byhDecet al. (1995)Sizeis the natural logarithm of total assets.
ROA is operating income divided by total assétarnoveris the natural logarithm of the average daily tngdi
volume in euro scaled by market value of the firegsity at the end of the yeafolat is the standard deviation of
daily returns Analystsis the natural logarithm of the total number odlgsts following a firmOwnis the proportion
of common shares held by the largest five sharehnsld
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Table 3.Correlation matrices

Panel A: Measures of information asymmetry

RQS AMH Pl PIN VPIN ASY

RQS 1
AMH 0.306*** 1
PI 0.920%** 0.218** 1
PIN 0.599*** 0.347* = 0.526*** 1
VPIN 0.700%** 0.310%** 0.594*** 0.766*** 1
ASY 0.916%** 0.461** 0.855*** 0.824*** 0.868*** 1
Panel B: Explanatory variables

ACFO APROD ADISEXP REM1 REM2 REM3 DiscAcc Size ROA Turnover Volat Analysts Own
ACFO 1
APROD 0.391 %+ 1
ADISEXP  0.100** 0.728*** 1
REM1 0.289*** 0.952*** 0.903*** 1
REM2 0.851*** 0.696*** 0.608*** 0.707*** 1
REM3 0.711%** 0.894*** 0.714** 0.879*** 0.944*** 1
DiscAcc 0.708*** 0.008 -0.025 -0.006 0.552*** 0.348*** 1
Size 0.021 0.168*** 0.146*** 0.170*** 0.094** 0.136* 0.005 1
ROA -0.347**  -0.515**  -0.113** -0.373** -0.336*** -0.447** 0.119***  -0.009 1
Turnover  0.132*** 0.032 -0.047 -0.001 0.081* 0.065 0.067  0.178*=*  -0.119*>* 1
Volat 0.047 -0.011 -0.108** -0.055 -0.019 -0.017 -0.091** -0.145%*  -0.234**  0.416*** 1
Analysts  -0.069 -0.059 0.032 -0.023 -0.038 -0.051 0.003 B8B83  0.265**  0.275%*  -0.147*=* 1
Own -0.054 -0.035 -0.020 -0.031 -0.054 -0.050 -0.078 125  0.134**  -0.407** 0.008 0.060 1

Notes: This table reports the pairwise correlatioafficients between the measures used in the sR@Sis the relative quote bid-ask spreadiH is the illiquidity measure of Amihud (2002).
Pl is the price impact measure proposed by HuangSaoit (1996).PIN is Probability of Informed Trading based on thelEg et al. (1996) model/PIN is Volume-Synchronized Probability
of Informed Trading developed in Easley et al. @0ASYis the composite index of information asymmetrgdthon the before measur&QS AMH, PI, PIN, andVPIN. ACFO s the
abnormal level of cash flows according to modelr(kijtiplied by (-1);APRODis abnormal production costs according to modglABISEXPis abnormal discretionary expenses according to
model (7) multiplied by (-1)REM1 REM2,andREM3are aggregate measures of real earnings manageeferdd asAPROD+ADISEXPACFO+ADISEXR andACFO+APROD+ADISEXP
respectivelyDiscAccis the value of discretionary accruals estimatgethle Jones (1991) model modified by Dechow ef1895).Sizeis the natural logarithm of total assé®OAis operating
income divided by total assefBurnoveris the natural logarithm of the average daily tngdvolume in euro scaled by market value of the'Srequity at the end of the yeafolat is the
standard deviation of daily return&nalystsis the natural logarithm of the total number oflgsts following a firm.Own is the proportion of common shares held by thgestr five
shareholders. ***, ** * denote significance at th&o, 5%, and 10% (two-tailed) level, respectively.
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Table 4.Information asymmetry and REM in the whole sample

1)

)

®)

(4)

()

(6)

ACFO 0.046
(0.14)
APROD -0.076
(-0.29)
ADISEXP -0.389
(-0.94)
REM1 -0.115
(-0.63)
REM2 -0.172
(-0.76)
REM3 -0.074
(-0.57)
DisAcc 0.063 0.069 0.057 0.068 0.078 0.132
(0.66) (0.73) (0.62) (0.72) (0.82) (0.86)
Size -0.202%** -0.202*** -0.202*** -0.201** -0.203** -0.202***
(-10.63) (-10.68) (-10.87) (-10.69) (-11.10) -1Q.90)
ROA -1.404%* -1.511 % -1.510%* -1.567** -1.614%= -1.584%*
(-3.39) (-3.43) (-4.21) (-3.80) (-3.88) (-3)60
Turnover -0.223*** -0.223*** -0.225%** -0.224%** -0.223%* -0.223***
(-9.09) (-8.93) (-9.25) (-9.07) (-8.95) (-8)94
Volat 0.121%** 0.120*** 0.115%** 0.118*** 0.118*** 0.118***
(4.17) (4.04) (3.94) (3.95) (3.97) (3.98)
Analysts -0.102%** -0.101 %+ -0.102%** -0.102%** -0.101 %= -0.101%**
(-3.00) (-3.07) (-3.02) (-3.05) (-3.06) (-3)07
Own 0.109 0.111 0.111 0.112 0.118 0.114
(0.98) (1.04) (1.05) (1.05) (1.10) (2.07)
Intercept 2.435%** 2.444%** 2.448%** 2.446%** 2.472%* 2.457**
(7.29) (7.19) (7.43) (7.28) (7.39) (7.28)
Year Yes Yes Yes Yes Yes Yes
Ind Yes Yes Yes Yes Yes Yes
Adj. R 0.861 0.861 0.863 0.862 0.862 0.862
#obs. 468 468 468 468 468 468

Notes: This table reports OLS coefficients of aufioimation asymmetry index on real activities maiagion and
control variables following the regression model:

ASY= g, + BREM+ g, DiscAcer f,Sizer f,ROA+ f;Turnover fVolat+ g, Analysts: f,O0wn+ Y. G Year+ Y, B;Ind+¢
t j

ASYis the log of 3 plus the composite index of infation asymmetry based on the following market nstiacture
measuresRQS AMH, PI, PIN, andVPIN. REMrefers to each of our six proxies of real earnimgsmagementACFO
is the abnormal level of cash flows according tadeid4) multiplied by (-1)APRODis abnormal production costs
according to model (5)ADISEXPis abnormal discretionary expenses according tdein¢6) multiplied by (-1);
REM1, REM2, and REM3 are aggregate measures of real earnings manageleénéd asAPROD+ADISEXP,

ACFO+ADISEXR and ACFO+APROD+ADISEXP respectively.DiscAcc is the value of discretionary accruals
estimated by the Jones (1991) model modified byhDecet al. (1995)Sizeis the natural logarithm of total assets.
ROA is operating income divided by total assétarnoveris the natural logarithm of the average daily imgd
volume in euro scaled by market value of the firegsity at the end of the yeafolat is the standard deviation of
daily returns Analystsis the natural logarithm of the total number odlgsts following a firmOwnis the proportion
of common shares held by the largest five sharemsld’ear and Ind represent year and industry dummies,
respectively. ACFO and REM2 are orthogonalized respect BiscAccin models (1) and (5). Robuststatistics
clustered at the firm level in parentheses. ***, *denote significance at the 1%, 5%, and 10% {taited) level,
respectively.
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Table 5. Comparison of suspect-firm years with the resthaf sample in relation to
REM activities

ACFO APROD ADISEXP REM1 REM2 REM3
Size -0.001 0.005 0.001 0.005 -0.001 0.004
(-0.29) (1.12) (0.13) (0.64) (-0.13) (0.39)
BTM 0.001 -0.017 -0.015 -0.032 -0.014 -0.031
(0.04) (-1.21) (-1.48) (-1.40) (-0.85) (-1.05)
ROA -0.618*** -0.859*** -0.133 -0.992%** -0.751%* -1.610***
(-8.24) (-7.52) (-1.33) (-5.11) (-5.52) (-6)99
Suspect -0.004 0.037** 0.038*** 0.075*** 0.034 0.070*
(-0.32) (2.36) (2.85) (2.64) (1.57) (1.97)
Intercept 0.067 0.022 0.038 0.060 0.105 0.127
(0.89) (0.31) (0.57) (0.46) (1.02) (0.77)
Year Yes Yes Yes Yes Yes Yes
Ind Yes Yes Yes Yes Yes Yes
Adj. R 0.135 0.402 0.214 0.314 0.190 0.314
#obs. 468 468 468 468 468 468

Notes: This table reports OLS coefficients of ourMREheasures and control variables following the esgion
model:

REM = f, + f,Size+ f,BTM + B;ROA+ g, Suspect+ »_ B,Year+» B,Ind +¢
t j

REM refers to each of our six proxies of real earningmnagementACFO is the abnormal level of cash flows
according to model (4) multiplied by (-1APRODis abnormal production costs according to modglABDISEXPis
abnormal discretionary expenses according to m@jehultiplied by (-1);REM1, REM2,andREM3are aggregate
measures of real earnings management defined ABROD+ADISEXP, ACFO+ADISEXR and
ACFO+APROD+ADISEXPrespectively Sizeis the natural logarithm of total asseBIM is the book to market
ratio. ROAIs operating income divided by total ass&aspecis a dummy variable that takes the value of héf t
change in net income divided by total assets iwé@t 0 and 0.01, and O otherwisearandInd represent year and
industry dummies, respectively. Robusttatistics clustered at the firm level in parestge *** ** * denote
significance at the 1%, 5%, and 10% (two-tailedglerespectively.
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Table 6.Information asymmetry and REM in suspect and n@psat samples

Panel A: Suspect sample

ACFO
APROD
ADISEXP
REM1
REM2
REM3
DisAcc
Size
ROA
Turnover
Volat
Analysts
Own
Intercept
Year

Ind

Adj. R
#obs.

(1) (2) (3) (4) (5) (6)
0.135
(0.48)
0.611***
(3.41)
0.531**
(2.23)
0.322%**
(2.94)
0.239**
(2.22)
0.213***
(2.86)
-0.147 -0.081 -0.082 -0.073 -0.123 -0.267
(-0.80) (-0.45) (-0.43) (-0.40) (-0.64) (-1)35
-0.226*** -0.235%** -0.229%** -0.233*** -0.228%+* -0.231***
(-9.12) (-9.67) (-9.38) (-9.57) (-9.25) (-9)49
-1.049 -0.516 -0.992 -0.720 -0.897 -0.703
(-0.99) (-0.51) (-0.96) (-0.70) (-0.85) (-0)68
-0.182*** -0.175%** -0.178*** -0.176*** -0.181%* -0.179%**
(-5.12) (-5.08) (-5.00) (-5.03) (-5.112) (-5)10
0.106*** 0.110*** 0.120*** 0.116*** 0.111%** 0.112***
(3.10) (3.58) (3.53) (3.67) (3.40) (3.57)
-0.093** -0.094*** -0.091** -0.092** -0.092** -0.093**
(-2.32) (-2.57) (-2.44) (-2.53) (-2.36) (-2)44
0.300** 0.268* 0.291** 0.276* 0.284* 0.272*
(2.01) (1.88) (2.00) (1.92) (1.95) (1.89)
2.926*** 3.070*** 2.942%** 3.013*** 2.946%** 2.995%**
(7.29) (8.01) (7.49) (7.79) (7.51) (7.79)
Yes Yes Yes Yes Yes Yes
Yes Yes Yes Yes Yes Yes
0.911 0.917 0.914 0.916 0.912 0.914
148 148 148 148 148 148
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Table 6.Continued

Panel B: Non-suspect sample

1) () ®3) (4) (5) (6)

ACFO -0.038

(-0.09)
APROD -0.550*

(-1.69)
ADISEXP -0.982**
(-2.20)
REM1 -0.428**
(-1.99)
REM2 -0.552**
(-2.12)
REM3 -0.322**
(-2.00)

DisAcc 0.133 0.191 0.165 0.193 0.215 0.464**

(0.95) (1.39) (1.34) (1.47) (1.58) (2.16)
Size -0.198*** -0.197*** -0.199%** -0.198*** -0.204**=* -0.201 %+

(-9.23) (-9.78) (-10.55) (-10.12) (-10.48) (-20)
ROA -1.468*** -1.899*** -1.526%*** -1.835%* -1.946%* -2.005***

(-3.05) (-3.91) (-4.14) (-4.24) (-4.22) (-4.10)
Turnover -0.230*** -0.227*** -0.229%** -0.227%** -0.225%** -0.225%**

(-8.42) (-8.13) (-8.49) (-8.32) (-8.39) (-8.26)
Volat 0.126*** 0.115*** 0.114** 0.112%** 0.114%** 0.113%**

(3.17) (2.89) (2.97) (2.86) (2.82) (2.80)
Analysts -0.106*** -0.109*** -0.109*** -0.109*** -0.104** -0.106***

(-2.74) (-2.88) (-2.87) (-2.87) (-2.77) (-2.84)
Own 0.049 0.047 0.043 0.045 0.061 0.055

(0.38) (0.38) (0.35) (0.37) (0.50) (0.45)
Intercept 2.373*** 2.469*** 2.473*** 2.493*** 2.579%* 2.553**

(6.11) (6.29) (6.78) (6.59) (6.90) (6.63)
Year Yes Yes Yes Yes Yes Yes
Ind Yes Yes Yes Yes Yes Yes
Adj. R 0.845 0.849 0.855 0.852 0.850 0.851
#obs. 320 320 320 320 320 320

Notes: This table reports OLS coefficients of aufioimation asymmetry index on real activities maitaion and
control variables following the regression modeltfte suspect sample (Panel A) and non-suspect s§Rghel B):

ASY= g, + BREM+ g, DiscAcer §,Sizer f,ROA+ f;Turnover fVolat+ g, Analysts f,O0wn+ Y. G Year+ Y B;Ind+¢
t j

ASYis the log of 3 plus the composite index of infation asymmetry based on the following market nstiacture
measuresRQS AMH, PI, PIN, andVPIN. REMrefers to each of our six proxies of real earnimgmagementACFO

is the abnormal level of cash flows according tadeid4) multiplied by (-1)APRODis abnormal production costs
according to model (5)ADISEXPis abnormal discretionary expenses according tdein(6) multiplied by (-1);
REM1, REM2, and REM3 are aggregate measures of real earnings manageleénéd asAPROD+ADISEXP,
ACFO+ADISEXR and ACFO+APROD+ADISEXP respectively.DiscAcc is the value of discretionary accruals
estimated by the Jones (1991) model modified byhDecet al. (1995)Sizeis the natural logarithm of total assets.
ROA is operating income divided by total asséfarnoveris the natural logarithm of the average daily imgd
volume in euro scaled by market value of the firegsity at the end of the yeafolat is the standard deviation of
daily returns Analystsis the natural logarithm of the total number odlgsts following a firmOwnis the proportion
of common shares held by the largest five sharehmsld’ear and Ind represent year and industry dummies,
respectively. ACFO and REM2 are orthogonalized respect RiscAccin models (1) and (5). Robuststatistics
clustered at the firm level in parentheses. ***, **denote significance at the 1%, 5%, and 10% {taited) level,
respectively.
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