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Abstract

THE EFFECT OF FIRM-SPECIFIC RETURNS VARIATION ON R % FROM THE
PERSPECTIVE OF THE ACCRUAL ANOMALY

by

Wei-Hsin Alex Chung

Advisor: Professor Thom Thurston

R?, calculated as CAPM of stock returns regressed on a tnadex, is constructed to explain
stock price change by market-wide information. In my dissentatibave analyzed the behavior
of R? and its decomposed variations (firm-specific and market-wadiation) with regard to the
accrual anomaly, domestically and internationally. My majsulte in the US are as follows.
First, the effect of accrual anomaly significantly loweringufe R associated with higher firm-
specific variations is robust and is not affected by (1) size,dge, and other control variables;
(2) industry risk and market risk; (3) other alternative axations of accrual anomaly (value-
glamour anomaly, bankruptcy risk, and arbitrage risk). Secondngamanagement is likely to
be the reason why °Rdecreases the accrual anomaly. Third, the difference?ilbeRveen
portfolios of good/poor accrual quality is subject to firm-spegifiriation. Fourth, the robustness
of accrual anomaly significantly lowering future’ Rven applies to the industry level.
Internationally, | find similar evidence for 9 countries (imtihg the U.S.) out of 31 countries,
and most of these 9 are developed countries. My study shows thssaciation between accrual
anomaly and future Ris more likely in countries with certain characteristiesscommon law
tradition, a low level of government corruption, low accounttagdards, and wide dispersion of
stock ownership. Analysis of ADR supplements the internatiomapleastudy in exploring the
relation of institutional change to the impact of accruals drirRchapter2, | also investigate the

relation between stock return variation and extreme tragbhgne in the tail by demonstrating



the asymmetry of the return and volume in six emerging countries. For fourgixtcolintries in
the sample, the results from the bivariate threshold modelateditat during extreme price

movements the asymmetry of the return and volume still holds.
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Chapter |

Could Accruals Predict R*? Domestic and
International Evidence



1. Introduction:

R?, calculated for stock returns volatilities explained by mavkide variations, as shown in Roll
(1988), is quite low in the US, especially when compared to engeoguntries, in explaining
stock price change with market-wide information. If | decompasévidual stock returns into
two explanatory groups in CAPM (Capital Asset Pricing Modebclstreturns explained by
firm-specific variations and stock returns explained by mankéé variations, a lower &imply

suggests that more and more firm-specific information is beipgyead in stock returns in US
stock markets. Campbell et al. (2001) provide empirical evidence Weaage stock return
volatilities have been increasing over time from 1962 to 1997 in thevbig& the volatilities of

the stock market returns remained basically unchanged. Thergfavéthe market model for a

typical stock has declined through time in the US.

The evidence is consistent with Roll (1988), who demonstrated thatgavadjusted R
is still low even with possible explanatory factors taken int@aat Moreover, by considering
the upward trend in firm-specific volatilities relative to markade volatilities, the firm-specific
information plays more important role in the formation &ftfan market-wide information. One
might ask: Which factor might cause an upward trend of firm-gpegfriations? Is it possible
that this factor can continuously increase firm-specific vamatiand, at the same time, without

being captured by market-wide variations, decred8e R

Of course, the upward trend in average stock return volatilitightmeverse its course
once corporate earnings are improved and their uncertainty reduciett, mplies that future
return volatilities would tend to decrease and futufemiRjht increase if there are no surprises or

particularly no unexpected deterioration in future earnings beleestors’ expectations. In the
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US, this is not the pattern for a typical stock, as shown byrerapevidence. The relationship
between stock return and risk always plays an important rol&AHMC Fama and French (2003)
also point out that there has been a sharp increase of new ftet i the major US stock
exchanges and a declining trend of profitability of newly listeaidiafter 1979. The declining
profits trend of new firms and an increasing idiosyncratik pattern twist the positive risk-
return relationship. They further suggest that the unexpected ddtendraearnings might be
the main reason why“Rontinues to decrease through increasing firm-specific iarmtwith

increasing idiosyncratic risks mainly attributable to newsdyelil firms. One might ask: Which
factor would cause profits for these newly listed firms toide@ What can explain this low-

return high-risk relationship?

To answer these questions, in this paper, | intend to apply capitkéminefficiency to
interpret the evidence in Campbell (2000) and Fama and French (2008)vdrathigher risk,
particularly for new firms, investors’ lower-than-expected retuaire likely due to information

uncertainty, measured by the absolute values of accruals.

Sloan (1996) proposed the accrual anomaly that is a direct challecgeital market
efficiency. Sloan studies the question whether stock prices fifllgct information in accruals
and cash flows. He finds that stock prices are overpriced becattse pérsistence in accruals
(that is, the Accrual Anomaly). So the stock price for high+edcfirms will be adjusted
downward when full information is revealed. Therefore, the accruasune uncertainty in firm
fundamentals. The Mishkin (1983) test indicates that the accrual jnoesalts from an
inability of investors to fully recognize differences in rbliay between accrual and cash flow

components of current earnings with respect to their future garnifhat is, the investors



implicitly assign a higher weight than market pricing acklruéhen forming their expectation of
future earnings by not taking into account the fact that accavaless persistent than cash. As a
result, high (low) accruals firms earn negative (positive) abrioretarns in the future. These
abnormal security returns still exist even though time has@asiace Sloan discovered them

(see table4b).

Morck et al (2000) find that Ris higher in emerging markets than in the U.S., and this
finding is not due to market size and only slightly explained bfemdihces in fundamentals.
They do find that the degree of protection for property rights gataia the difference in R
They argue that the poor protection of property rights preventssfignHic information from
being incorporated into stock price. Consistent with Chan and Hame@2) (#ey also use the
R? of a market model as a measure of the synchronicity of stock provements in emerging
markets. They find that more analyst coverage produces marketafod®ation and leads to an
increase in stock price synchronicity. Since those market-wide fwictuations are uncorrelated
with fundamentals, Ritself will be obviously less and less explained by firm fundaais in

emerging countries.

Therefore, lower (higher) Ror developed (developing) countries might simply suggest
what dominates the unexpected price movement. If the deviation frpected stock price
movement in the future were dominated by investors’ expectatidnusddmentals, then market
inefficiency would increase future firm-level volatilitiedatve to future market volatilities. If
the deviation from expected stock price movement in the future deemgnated by investors’
expectation regarding political or social factors, such as profghigs or analyst coverage, this

market inefficiency instead would increase market volatiliese than firm-level volatilities.



That is, | hypothesize that market inefficiency stemming frexpectation on fundamentals
partially explains the differences in behavior &ftietween developed and developing countries.
Therefore, in my paper, | would like to examine the relationshiyveeat Fé’(m) and the accrual
anomaly in a global setup, particularly the comparison betweenogede and developing

countries.

A number of studies since Sloan have shown that the accrual anonstdyaex is robust
across different samples of US firms. (e.g., Teoh et al. 1998)€alhd Hribar 2000; Bradshaw
at al. 2001; Xie 2001; Zach 2003). Since the phenomenon of accruals ovemggeiglmervasive
and known, it is evident that the investors still can’t arbitrage away thre fsggurity returns.

Other explanations have been offered for the accrual anomalyljtasmanifestation of
the value-glamour anomaly (Desai, Rajgopal and Venkatachalam 2@)4jué to earnings
management (Teoh et al. 1998; Xie 2001); (3) not mispricing but naflects bankruptcy risk
(Khan 2005); (4) due to barriers to arbitrage (Mashruwala, Rajgopal, and Shevlin 2006).

In this paper, | test whether the relation betweé(i.&, R"(t+1)) and accruals (the accrual
anomaly) is influenced by one of the above reasons.

Since the accrual anomaly delivers a direct challenge to camatiket efficiency with
respect to accounting information, that is, fundamentals, so investmssenreption of accrual
components of earnings (accrual overweighting) will lead to urnéeg@emovement in security
return, and this surprise will be likely to increase idiosyncraécurity return volatility, and
perhaps, lower R If the relation between®Rnd accruals can be empirically connected, | could
further provide alternative possible explanations betwéem&accruals. First, the upward trend
in return volatilities and downward trend in profitability of newsted firms may be explained

by accruals in the US, as firms with higher accrualsaaseciated with the smaller, more risky
5



stocks (Sloan 1996). Second, loweriR the US might not be considered to be market efficient
in terms of the accounting accruals. Third, whether market irefttg depends on a relationship
between the unexpected price movement and accruals or on investpestation regarding
political or social factors determines whethérigll be lower (developed countries) or higher

(developing countries).

Therefore, my paper examines the relation betweean® accruals, domestically and

internationally.

My research is important for two reasons. First, it provides additinsights for capital
asset pricing theory and market capital efficiency. Evideneeaial anomaly implies a barrier
to market efficiency, and this will result in unexpected lstptice movement and %of the
Capital Asset Pricing Model would tend to decrease. This providesatisea point of view to

explain the behavior of /Rrom the perspective of market inefficiency, caused by accruals.

Second, it provides us international evidence regarding the relatidrethipen future R
and accrual anomaly. By examining the occurrence of tagiaelbetween Rand accruals in the
context of cross-country differences in institutional structares accounting standards, it gives
us insights into informational, corporate governance, and capital irfadters associated with
whether or why accounting accruals could affect stock returrtilitda and K. Moreover,
knowing the pattern or the relation betweehaRd accruals internationally will help us better

understand why Rn emerging countries is significantly higher thanifRdeveloped countries.

In this paper, | investigate (1) whether accruals afféct(® whether other alternative

explanations of accrual anomaly that have been discussed in previous literatirthaffelation



between Rand accruals; (3) whether the relation betweéari? accruals generalizes to other

countries.

The first motivation for my research comes from Morck et(2000) explaining why
emerging markets have highef.RThey attribute their findings to inadequate protection for
property rights, which will obviously have more effect on market-wiaeation than on firm-
specific variation through noise trading. But no researcher wouldttienyle of fundamental
variables in determining stock prices. Hence the question often cemtewhether the firm-
specific variations in stock prices are fully explained bgngjes in the fundamental variables.
Given Sloan’s (96) work documenting the existence of the accrualaydmngs us another
perspective to discuss whether the increasing pattern of firmfisperiations in stock prices,
or perhaps R can be explained by accruals. The hedge-portfolio trading gstratso implies
that future abnormal return, causing unexpected movement in future stoekvpould tend to

decrease Rattributable to firm-specific variations.

The second motivation is inspired by the work of Pincus et al. (28@iGating whether
the accrual anomaly exists in a global setup. They find thatdbtwenty countries in their
sample, US, UK, Australia, and Canada, experience accrual aghting. They also examine
cross-country differences to explain the occurrence of the aresndherefore it gives me the

motive to investigate whether the relation betwe&arf@ accruals generalizes to other countries.

The third motivation is based on Roll (1988), who argues that thditda improvement
in R? from eliminating all dates surrounding news reports in the finbpaas, implying that the
changes in Rare hardly driven by firm-specific variations. One of the ddviorces of stock

price should be firm fundamentals. In my paper, | would like to ilyegst an alternative
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explanation of whether the changes fhduld be driven by the reliability of fundamentals like
accruals, instead of current news. Roll also shows that digeatg&in per se cannot be the
explanation of the larger R of individual large firms. He demonstrates that the diversified
portfolios, size-matched to largest decile, display a positive relatiorebetsize and R would
also like to examine the relation betweeraRd accruals within the size deciles, particularly for

large firms.

| organize the remainder of the paper as follows. In the metios 2, | state my major
research hypothesis regarding the relation betweénariRl accruals, domestically and
internationally. Further, | examine several notions known to affécarid/or accruals to see

whether the relationship remains.

In Section 3, | discuss the sample formation and variable measaten the US, and

report the results. In Section 4, | discuss the sample formationaaiable measurement in a
global setup, which includes 31 countries in my final sample, inclutmdJS, and then report
the results. In Section 5, | set up additional conjectures by axamivhat might cause the
relationship between#and accruals in the context of cross-country differences inLitistigl

and governmental structures and accounting standards. In sectjper®rin a robustness check.
Further, to test the effects of changes of governmentalimstdutional structures on the
occurrence of this relationship, | perform an analysis of ABRdrican Depository Receipts)

traded in US capital markets. In Section 7, | summarize and conclude.



2. Research Hypotheses

In this section, | state my main hypothesis on the relationshipebat future R and accrual

anomaly.

As shown by Campbell et al (2001), it is apparent that the levaarhige stock return
volatilities has been increasing over time from 1962 to 1997 in the bi& the volatilities of
the stock market returns remained basically unchanged. Fama act E2803) point out that
there has been a sharp increase of new firms listing im#gjer US stock exchanges and a
declining trend of profitability of newly listed firms after 1979eWand Zhang (2006) also point
out that corporate earnings have deteriorated, particularly fotynested stocks, and their
volatility has increased through time. The pattern of incngastock return volatility and the
pattern of decreasing return corrode the risk-reward relationshigxplain this reverse risk-

reward relationship, my focus is on market inefficiency stemming from damaenaly.

A growing literature on behavioral finance emphasizes investoasional behavior as
an additional explanation for the variation in stock prices that is explained by the
fundamentals. Anecdotal evidence on fashions, fads and bubbles in the finzarkiets seems
to support the point that stock prices are sometimes subjecbts.dfrom the point of view of
market inefficiency, these errors might not be random, but couldrmdered underreaction (or
underprice) or overreaction (or overprice) to the fundamental variaBlean (1996) thus
proposed the accrual anomaly that is a direct challenge to oayaitkét efficiency. His point of
view on accrual anomaly further supports my hypothesis that theasing stock volatilities
could be explained by accounting accruals. Since the volatilitidseeaftock market returns are

quite stable, | have reason to believe thatriRjht decrease due to accounting accruals.
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Hence, my goal is to determine whethérdRthe capital asset pricing model is falling as
the misperception of accruals (e.g. accrual overweight (USacorual underweight (other

countries)) is increasing.
The main hypothesis is:

H1: The Rof the market model falls as the misperception of accrual

anomaly, measured by the absolute value of accruals, increases.

The R represents stock return variations (firm-specific variatiphss market-wide
variations) explained by market-wide variations. | will take Hiesolute level of accrual
components to measure the misperception of accrual anomaly an@rbeyafor it. As Roll
(1988) states, there is little relation between size anhébRindividual firms within each size
decile. He also suggests that highérfd® large firms cannot be explained by diversification.
This conclusion raises the issue regarding whether large fiithshigher B and small firms
with lower R can be explained by accounting accruals.

So my first notion is:

Notion1: Higher (lower) R for large (small) firms can be

explained by accruals.

| investigate a series of alternative explanations for tlweuat anomaly suggested by
prior research that might affect the relation betweérafl accruals. The first explanation |
examine is whether the accrual anomaly is an aspect oathe growth (a.k.a. value-glamour)

anomaly that the finance literature has documented worldwidea(Badh French 1998). Desai et
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al. (2004) show that in the US, the accrual anomaly and the value-glamour aattnidiyted to
sales growth, book-to-market, and earnings-to-price) are capiyregturns to a new variable,

operating cash flow-to-stock price. Then my second notion is:

Notion2: The relation betweerf Rnd accruals can be influenced

by value-glamour anomaly.

Next, | consider the possibility that the accrual anomaly mkell to earnings
management. Xie (2001) demonstrates that the accrual anomalylinShe due mostly to the
abnormal component of total accruals. Abnormal (or discretionagruals, referred to the
portion of accruals related to firm abnormal operating activitrefer manager’s discretion, have
been linked to earnings management in numerous studies (e.g. Teah1€98&h,b; Rangan,
1998; Shivakumar, 2000; Dechow and Schrand, 2004; Chan et al.,2006). | alsorcarsiohgs

management, measured by abnormal accruals, in a global settingofiéarg third notion is:

Notion3: The relation betweerf Rnd accruals can be influenced

by earnings management.

A third alternative explanation for the accrual anomaly is ltha accruals is a proxy for
firms with high risk of bankruptcy (Khan 2005). Khan argues that éifiegs in returns between
high and low accrual deciles reflect differences in bankrupsky and the apparent abnormal

returns associated with a zero-investment portfolio, long in laxuat firms and short in high

11



accrual firms, actually reflect improper measurements¥. rTrhus, the accrual anomaly is not

mispricing, but rather is a return commensurate with greater bankrugtcyhes next notion is:

Notion4: The relation betweerf Rnd accruals can be influenced

by bankruptcy risk.

The last explanation | consider for the accrual anomaly isslitm arbitrage. Mashruwala
et al. (2006) argue that an absence of close substitutes for misptorks accounts for why the
accrual anomaly is not fully arbitraged away in U.S. marketsitif? (1996); Wurgler and
Zhuravskaya (2002); Mashruwala et al. (2006) use the idiosyncratiompati a mispriced
stock’s volatility that cannot be avoided by holding offsetting positionsther stocks and
indexes as a proxy for the absence of close substitutes. Idiasgnask is relevant to
arbitrageurs in these papers because they assume thagadmsr are risk averse and highly
specialized and hence hold relatively few positions at a tifence, limits to arbitrage compose

an important explanation of why accrual anomaly still exists. So mpddisin is:

Notion5: The relation betweerf Rnd accruals can be influenced

by limits to arbitrage.

In a global setup, Pincus et al. (2007) consider whether accrual angemagalized to
other countries in 20 countries. Morck et al. (2000) and Chan andddai@@02) document that
less respect for private property and more analyst coveeags ko an increase in stock price

synchronicity, thus leading to highef 1 emerging countries. Given the perspective of the

12



accrual anomaly, whether the accrual anomaly generalized tocotlvatries might be a criterion
to explain that lower Rhigher R) for developed (developing) countries by conducting cross-

country analysis. So | hypothesize:

H2: lower R (higher R) for developed (developing) countries is attributable to

the accounting accruals.
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3. Sample Formation and Variables Measurement in the US
3.1. Sample Formation

| start with firms listed on the NYSE and AMEX markets, which financial and price
information is available on the Compustat annual industrial datalbas€RSP monthly stock
return database. | select my initial sample year stariogn 1962 to 2006 because the
Compustat data prior to 1962 suffer from a serious survivorship(B@sa and French, 1992).
Since my analysis requires stock returns for 3 years aféessdimple year, plus insufficient
information to calculate annual®Rusing daily observations prior to 1964 (at least 30 daily
observations per firm per year), my final sample contains 45,536y&8amobservations for one
40-year period 1964-2003 on the NYSE and AMEX. In the US, all the iteskss paper are
conducted on this final base sample. Within my sample period, | detfellowing firm-year

observations:

(1) Financial firms such as bank, insurance companies, with SIC 66068-6999), because
of peculiarity in the accruals for such firms.

(2) Missing average total assets or insufficient data to cakwatruals as defined as
variable measurements.

(3) Missing monthly stock returns and missing market value of common equity.

(4) Fewer than six observations in any two-digit SIC code and gembination when
calculating abnormal accruals by using the Jones model described below.

(5) Any variable in the Jones model (described in section 3.2.2) wheradlzevalue that is

more than three standard deviations away from its mean.

14



(6) R? of standard market model with less than 30 observations for both atailyastock
price and daily market index.

3.2. Variable Measurement
3.2.1 Accrual Anomaly
Hribar and Collins (2002) show that accruals derived from balance ddaecontain significant
measurement error, especially for firms involved in mergeds divestitures. However, SFAS
No0.95, which went into effect in 1987, required the information nece$samgomputing the
accruals to be identified in the operating section of the Stateoh€ash Flow (S/CF) as part of
the reconciliation of net income with operating cash flows. Af@88&, when cash flow from
operations (Compustat item #308) became available, one can dicadtlylate operating
accruals using the difference between operating income andingerash flows and eliminate
measurement error. Prior to 1988, firms were required to producatem®nt of Changes in
Financial Positions (Balance Sheet Approach), which focuses diingarapital in stead of free
cash flow, thus producing measurement error. Unfortunately, prior to 188&nly way to
calculate the accruals indirectly is by getting informatitom the balance sheet and income
statement. So | use Sloan’s (1996) definition of accruals prior to year 1988 asfollow

Current Accruals (CAC)=ACA-ACash) — ACL- ASTD-ATP) — Dep, (1)

where ACA = change in current assets (Compustat item #4),

ACash = change in cash/cash equivalents (Compustat item #1),

ACL = change in current liabilities (Compustat item #5),

ASTD = change in debt included in current liabilities (Compustat item #34),
ATP = change in income tax payable (Compustat item #71), and

Dep = depreciation and amortization expenses (Compustat item #14).

15



And Sloan defines Earnings (EARN)= operating income after depiet (Compustat item
#178) and cash flows from operations (CF)= Earnings (EARN) — Current As¢€aC).

Following Sloan (1996), | scale accruals, earnings and currentaéedry average total
assets(ATA), where total assets (Compustat item #6) aasumed at the beginning and the end
of the year, and label the resultant variables as CAC, EARN, and CF.

After 1988, | can retrieve operating cash flow directly fro@8FStnder SFAS 95, so the
current accruals (CAC) are then measured as the differegiveeen earnings (EARN) and
operating cash flows from S/CF. So | define:

After year 1988, CF= operating cash flow under SFAS NO. 95 (Compustat item #308),
CAC= EARN-CF, and
EARN-= operating income after depreciation (Compustat item #178).
Again, they are deflated by average total assets (ATA).

Annual raw buy-and-hold returns (RET) are calculated as themation of In
(1+monthly stock return) for twelve months period where In is natagall then anti-log the
results of the above expression and subtract one to yield buy-and-twsits flRET). Note that
Ret is twelve-month annual returns ending three months afteriis fiscal year end because
the annual report filing deadline is three months in the US. Thu$, @B reflect complete
dissemination of accounting information in financial statements of the cuiseat year.

Following Sloan(1996), | calculate size-adjusted abnormal returieR}p as the
difference between a firm's annual raw buy-and-hold return badahnual raw buy-and-hold
return for the same twelve-month period on the size deciles (raapgalization-based (Market
Cap) portfolio deciles) to which the firm belongs. | use CR&Rial size deciles breakpoints to

classify each firm into a size decile based on its markeeval equity at the beginning of the

16



fiscal year in which the twelve-month period begins. So the futomeraal return (SizeRy))
can reflect unexpected gain (loss) resulting from accrual anomaly.

3.2.2 Decompositions of current accruals

To obtain normal (nondiscretionary) current accruals and abnormakefthe@ary) current
accruals, following Teoh et al. (1998a), | use the cross-sectdagtation of the modified Jones
(1991) model (also used by successive researchers - e.g20RiB);( Francis et al. (2004); Chan
et al. (2006); Pincus et al (2007)).

An ordinary least squares regression of current accrualsgmen year is regressed on
the change in sales for that year using all firms groupedeirsame two-digit SIC code. Again,
all variables including the intercept term in the cross-seatiregression are scaled by average
total assets (ATA) to reduce heteroskedasticity:

CAG; = a(1/ATA;) + a(ASales/ATA) + g, (2

where j firms belong in the same two-digit SIC code folustry classification andSaleg is the
change in sales revenues in year t (Compustat item #12) for firm j.

The normal current accruals (NCAC), expressed as the portiacuroént accruals
dictated by firm sales growth, is viewed as independent of maabgentrol (discretion), that is,
earnings management. Then it is computed as predicted values of the Jones model:

NCAC;= &(1/ ATA)) + a((ASales-AA/R) ATA), 3)

whereAA/R;tis the change in trade receivables in year t (Compustat item #2) for firm .
| exclude the increase in accounts receivables from sales gfowtormal current

accruals to prevent the possibility of credit sales manipulatios to manager’s discretion,
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allowing generous credit policies to achieve higher-than-norml@ss | thus estimate the
modified Jones model in cross-section for each two-digit SIC aadeyear combination and
denote the predicted values as normal current accruals.

The abnormal current accruals (DCAC) are the differenteds® current accruals and
normal current accruals, denoted as the residual values of the edoddnes model. The
abnormal current accruals can be interpreted as the portion aftcaccguals subject to earnings
management:

DCAC;= CAC:- NCAG; 4
3.2.3 The Mishkin (1983) Test
Abel and Mishkin (1983) explain rational expectations (or marketiefity) meaning that the
market’'s expectation of any variable equals the true expactathich implies that the market’'s
forecast error must be unpredictable. Sloan (1996), and Dechow amd(888), apply this
test to test naive expectations hypotheses by incorporatingribept of accrual overweighting
to demonstrate inefficient capital markets due to investors’ ra{pectations on the accruals
components of current earnings. | infer overweighting of accruatsektors attribute a higher
valuation coefficient to accruals than the weight implied in tse@ation between accruals and
future earnings.

As done in earlier research by others, | jointly estimaterachsting specification for
future earnings and the valuation pricing specification:

EARNg+1) = Yo +71 CR +72 CAG: + P+, (5)

SizeRuy=a+ B(EARN+1)-yvo —y*1CR-y*2 CAC)+€¢41), (6)

For decompositions of current accruals conducted in the Mishkin Test:
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EARNs1) - 0-+y1 CFR +72 NCAC; +73 DCAC, +Hgs1) @)
SiZGRH.]_): o+ B(EARN(H.]_)- Yo —y*l CE- ’Y*z NCAGC:- ’Y*g DCAC[)'*‘ &t+1) (8)

where all variables are defined as before. Equation (5) and @q@}iare forecasting equations
that estimate the forecasting coefficienyg) (Of current earnings components for predicting
future earnings. Equations (6) and equation (8) are valuation equatidngstiraate the
valuation coefficients y¢5) that investors (market participants) assigns to current earning

components.

| estimate coefficients jointly by using an iterativeigig#ed generalized nonlinear least
squares estimation procedure, proceeding in two stages. In thetéigst, | jointly estimate
coefficients for equations (5) and (6), as well as equationsarfd) (8), without imposing
constraints ornys andy*s. In the second stage, | impose rational pricing constraints whgreyq
(g=1, 2, 3). The test statistic is a likelihood ratio distributgrgtotically chi-square (q) under

the null hypotheses:
2*n*In(SSK'/ SSR)

Where g=the number of constraints imposed by market efficiency,
n=the number of sample observations in each equation,
In=natural logarithm operator,
SSR=the sum of squared residuals from the constrained regressions in the second stage,

SSR=the sum of squared residuals from the unconstrained regressions in the first stage
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In this pooled time series and cross-sectional ‘stacked’ regnesesite that the intercept term)(

asyo=1/ATA is close to 0 and is excluded from the test.

The intuition of this test is quite straightforward. It is tot tetether the market has
rational forecasts of growth in earnings and its components. Sloan (I996htroducing
accruals overweighting, shows that stock prices act as iftorgedo not fully anticipate the
lower persistence of the accrual component of current earningsnpeytto future earnings.
Baumon and Dowen (1988) and La Porta et al. (1997) argue that priees tied overoptimistic
earnings forecasts of financial analysts, which also implies thaathangs expectations implicit
in market prices are biased, owing to accrual overweighting. Sloaciudes by showing the
evidence from the Mishkin test, which is consistent with invesaysg on biased estimates of

accrual overweighting from 1962 to 1991.

In order to show that accrual overweighting still exists, is graper, | modify Sloan’s
definition of accruals to eliminate the measurement errors 2388 and perform the Mishkin
test to check whether the investors, during the period 1964-2003, will teensyally surprised
when accruals turn out to be less persistent than expected. Ttemexisf the accrual anomaly
will support my research interests in the relation betwegrarRl accruals by centering on
whether the firm-specific variations are driven by unexpectediregs attributable to accrual

overweighting.

| report the results in Table 1a, 1b. The results in Table ldesk ranking to control
for outliers. Consistent with Sloan (1996), in Panel A of Table 1a, Irebd4¢.S. stock prices
overweight accrual persistence from 1964 to 2003. That is, forntuaoeruals, the valuation

coefficient ¢*,=0.8797) is statistically higher than the forecasting coefficier0(7291) where
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the likelihood ratio statistic (untabulated) is 153.11, rejecting thetimatly,=y*,. In panel A of
Table 1b, the test yields similar results. | use decile rgnkastead of actual value (e.qg.,
v*2=0.6613>y,=0.5411, marginally significant level=0.000 as the likelihood ratio=147.60). The
results suggest that the market overweighs (or overpricesntaeruals relative to its ability

to forecast earnings one year ahead, and, in the future, astathesglystematic shock brought

by accruals overweighting will lead to more idiosyncratic volatility.

Given the existence of accrual anomaly, to further examiaedfual overweighting is
attributable to abnormal current accruals, following Teoh et al. (199&Bcompose current
accruals into normal current accruals and abnormal currentadediy using a modified Jones
model and perform a capital market efficiency test. In panef Bblela, consistent with Xie
(2001), the abnormal current accruals variable is the leassteeats(3=0.7209), compared to
normal current accrualsy£0.7585) and operating cash flowgl£0.8089), although the
difference between normal current accruals and abnormal cagentals is not quite as obvious

as evidence shown in Xie’s (2001) paper

In panel B of Tablela, the valuation coefficients for normal cuaetruals*,=0.9159)
and abnormal current accrualg*4=0.8728) are all significantly higher than the forecasting
coefficients 1,=0.7585,v3=0.7209). Even though*, and y*3 are almost equally 21 percent
higher thany, andys, respectively, higher likelihood ratio statistics e y*3 (130.65 forys=v*3;
33.315 fory,=v*,), rejecting the null hypothesis of rational pricing for abnorouatent accruals,
suggest the accruals overweighting is stronger on abnormeahtaaecruals. Moreover, in panel
B of table 1b, with decile ranking of financial variables used to control fiemjtthe likelihood

ratio statistics of 16.287 and 185.281 both reject the nujbof*, andys= y*3; respectively,
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indicating that the market assigns higher weights to currenaas, especially abnormal current
accruals, relative to its ability to forecast earnings orae yhead. In panel B of Tablela, for
operating cash flows, the valuation coefficiept;£0.8182) is also close to the forecasting
coefficient ¢,=0.8089) and the null hypothesis ¢f=y*1 can not be rejected .The decile ranking
of financial variables, in panel B of Table 1b, gives the same coocltisat cash flow is neither
underweighting nor overweighting. My results in the Mishkin teshg¢p8 in Table 1a and 1b),

show that accrual overweighting is due largely to abnormal current accruals.

3.2.4 The Abnormal Returns Test

The Mishkin test results provide evidence on the existence of detroimaly and indicate that
accrual overweighting is largely due to abnormal current alscr@nsequently, high (low)
accruals firms will earn negative (positive) abnormal retuin the future. Following Sloan
(1996), | perform the abnormal returns test to assess whether @bmetanns can be earned in
the subsequent year by taking a long position in the lowest rankrentaccruals (abnormal
current accruals) and a short position in the highest rank of catenials (abnormal current
accruals). If the abnormal return can be predicted in the futunetiliging the existence of
accrual overweighting, this not only will further support the agsethat the market overprices
accruals but also implies that future firm-specific variaticas be predicted for those extreme-

accruals firms.

Each year, | rank current accruals (abnormal current accifoalspch firm into deciles
and form a hedge portfolio (year t) by taking a long positiorowekt rank of current accruals
(abnormal current accruals) and a short position in the highdsbfaurrent accruals (abnormal

current accruals) for earning future abnormal returns (t+1, t+2, and t+3).
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Panel A of Table 2 reports the results based on current accanllag. Consistent with
Sloan (1996), the hedge portfolio yields positive abnormal returns of 8.énp€ts7.21), 4
percent (t=2.7), and insignificant 4.6 percent (t=1.86) in year t+1, t+Z+8ndespectively. The
untabulated results indicate that the abnormal returns to the Ipeddelio in year t+1 are
continuously positive for most of the 40 (1964-2003) sample Yeatsich implies current

accrual anomaly systematically increases future idiosyncrsiticparticularly in year t+1.

Panel B of Table 2 reports the results based on abnormal cur@nglacranking.
Consistent with Xie (2001) that the market overpricing of totalrwsds is largely due to
abnormal accruals, the hedge portfolio yields positive abnormal retifh percent (t=8.43),
5.7 percent (t=3.83), and 3.9 percent (t=2.31) in year t+1, t+2, and t+3ctresiye while the
abnormal returns (untabulated) are all insignificantly diffefeoin zero, based on normal

current accruals ranking.

To sum up, first, given that the Mishkin test confirms that acovaiweighting is due
largely to abnormal current accruals, the hedge portfolio derivimg the accrual anomaly,
based on abnormal current accrual ranking, yields larger and rgoigcant abnormal returns.
Second, overweighting of either total current accruals or abnocoraént accruals yields
significant, continuous future abnormal returns, which suggestshinditiin-specific variations,

and R, can be systematically predicted for those extreme-accrual firms.

3.2.5 The formation of R
In this paper, in order to map the relationship between currentah@romaly and future?ne
on one, | refer to Rof the market model per firm per year in the form

(rjt-rft): Qjm + Bjm(rmt-rft) +8jt , (9)
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where | is a daily stock return in time t for firm j,. & market daily risk-free rate in time t, t a
daily time index, andqf is a value-weighted daily market index in time t. All of theariables
are supplied by the CRSP daily return file. Note that iffttme’s fiscal year end is December,
the Rz(m) of the asset pricing model will be calculated for the periodh fApril of year t+1, to
March of year t+2. Since my sample consists of firms with batbebhber year-end and non-
December fiscal year-end, thé & the market model is calculated for the period of over 252
trading days starting three months after fiscal year ertld,axminimum of 30 daily stock returns
within the year.

| also examined other methods of calculatirfgoRt found that the R they produce are

highly correlated with the RI used above. Thus, | will use thé Riscussed above for the
remaining analysis. Panel A of Table 3a shows the spearmarcoeekation (all significant at
p<0.01, two-tailed t) between my Bsed above and

(1) R?of the market model, based on the equally-weighted market index and daily stock

returns, is 0.982;

(2) R?of the market model, based on the value-weighted market index and monthly stock
returns (e.g. twelve observations to obtain ann@igeRfirm, minimum of six
observations required), is 0.841;

(3) R?of the market model, based on the equally-weighted market index and monthly
stock returns, is 0.843.

These three other measures will be used in performing the robsistheck discussed

later and reveal similar results.

In order to examine the hypothesis regarding the relationeleet® and accruals, my

measurement of Rof the market model has to be transformed to be suitable aseaddep
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variable in regressions. Following Morck et al. (2000), when performaggessions analysis
later, | use Ras a proxy of adjusted®Rall R? in this paper refer to adjusted #less used as a
dependent variable) because it is bounded within the interval [0, 1]nlatthept a standard
econometric method and apply logistic transformations’tasR

R=log (R/1-R) (10)

In Eq. (10), R maps Rfrom the interval [0, 1] taD, the set of real numbers from negative to
positive infinity.

Since R (=0%n / (6°mt+ %)) can be decomposed into market-wide variatisfy, and
firm-specific variationg?, a lower Bcan reflect a high level of firm-specific variation or a low
level of market-wide variation, or both. It would be meaningful and udefuhterpret the
behavior of R with these measures. Thereforgthe logistic transformation of’Rcan be further
expressed as:

R = log 6%/ 6%)= log (6°m) — log 6%)= M- E (11)

Figure 1 displays the relative firm-specific variation anakegwide variation in my US
sample from 1964 to 2003. Obviously, the high level of firm-specditation relative to the
low level of market-wide variation is associated more with-specific information captured in
stock prices than with market-wide factors, except for the finhmeisis occurring in 1987,
when R is near 0.3, about three times larger than other years avetaigeevidence helps
explain that accounting accruals could affect the patterrf girBugh firm-specific variation. As
unexpected stock price movement occurs due to accrual overweigdigngicant, continuous

future abnormal returns will be earned, as shown in the abnormal returns test.
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3.3. Testing of Research Hypotheses

3.3.1. Tests of H1

The first hypothesis is that’Ralls as misperception of accrual overweighting increasesrdier

to measure the degree of misperception, Francis et al. (2086)se accruals quality (AQ) as
the proxy for information uncertainty. They use the absolute valugbonbrmal accruals to
measure accrual quality (AQ). In my paper, | then use the absalue of accruals to measure
the misperception by examining firm’s accrual quality.ifkcalculated in terms of stock return
variations rather than stock returns level. Therefofecdh be decomposed into firm-specific
information risk and market-wide information risk. The accounting acchele to be unsigned
to measure information risk. That is, the misperception, a proxwyfiammation risk associated
with a key accounting number - earnings, increases as accrliy h@) deteriorates (Francis
et al., 2005), measured by higher absolute values of accruats With higher information risk,
or poor accrual quality, probably have lowéertRrough more firm-specific information risk than
market-wide information risk.

In my main hypothesis, firm-specific information risk is expddteincrease in the future,
affecting K. More misperception of accrual overweighting due to poorer dccuality
increases the effects of future information shocks on stock retigdiypothesis hence builds
on the view that a high degree of information risk from accragtsiced risk factor, represented
as the uncertainty or imprecision of information used or desiradv@gtors to price securities,
will produce future shocks on stock returms ((+1)2). As long as investors can systematically
earn significant, continuous future abnormal returns, firm-spatsficis expected to rise and R

is expected to fall.
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| examine my first hypothesis in four ways. First, the abnormal retur(sesdton I11.2.4):
| provide time-series mean futuré ormed based on absolute valuecafrent accruals and
abnormal current accrual decile ranking and relevant descrightistiss. Second, | conduct
modified cross-sectional regressions (Fama and Macbeth, 1973 oh Rnisperception of
accrual overweighting, after controlling for several factorswn to affect Rand stock returns:
firm size, firm age, book-to—market(BM), and earning to price .(ERjrd, | decompose firm-
specific volatility into firm risk (idiosyncratic risk) and indugtrisk to examine whether the
relation between fand accruals is due to firm risk or industry risk.

In order to investigate whether the relation betweénaRd accruals is subject to
particular industry characteristics or not, | apply the methodsaaia and French (1996): |
classify my sample 45,536 firm-years into 48 different industvglgeand run cross-sectional

regressions on industry level. Next, | decompose firm-specific volatility

Accrual Anomaly in Decile Rank

Panel B of Table 3a reports on mean statistics “pfttie size of the firms, CAPM betas, and
number of firms ranked by current accrual and abnormal curpentias ranking. | first sort
stocks into deciles based on the absolute value of accruals (ottidigmne accruals). Within
each decile, | report the averagé Rrm size, beta, age, book-to-market ratio and earning to
price ratio. As shown in panel B of Table 3a, cacvol rank and dcaavklmasent similar
patterns - adjusted°Rs dropping as earning quality deteriorates. The firms withldhest
absolute value of discretionary accruals have average adju§tas 1R.113%, while the firms

with the highest absolute value of discretionary accruals have averagedaﬂﬁqsiponly 8.7% .
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In Table 3b, firm’s idiosyncratic volatility also increasesthe absolute value of discretionary
accruals increases. For example, for the lowest accrualke,dthe idiosyncratic volatility is
15.42%; while in the highest accruals decile, the idiosyncraticiitylas as high as 36.11%.
Table 3b also shows that the firms with high accruals are tiypgmall firms, the firms with

young age, a relatively high beta, a lower book to market rati@ émder earnings to price ratio.

The third panel of table 3b shows the time series mean adjustpdtt@rn by further
ranking firms by sizes of firms in quintifés A decreasing pattern of’Rs only found in the
smallest firms, consistent with the second panel showing thaegicaccrual quality firms are
smallest (in average). But it also raises another possibilityypothesis, discussed next, that
large firms have higher®Rhan small firms due partially to accruals because we canabthat
as accrual quality deteriorates, thé gap between smallest-size and largest-size portfolios is
enlarged. In order to control for the size effect in my amgslysiperform cross-sectional

regressions.

Cross-Sectional Regressions

To further check the robustness of the relation betweean® accruals, panel B of Table 3c
reports the means of the coefficient estimates from modifiesls-sectional regressions (Fama
and Macbeth, 1973) ofand its decomposed components on current accruals in absolute values
and a variety of control variables known to affect returns ahdARseparate cross-sectional
regression is first estimated each year and then takes the meatmsatesl coefficients for forty
years in my sample, along with t values based on the timesseseduals of the estimated

coefficients. The major cross-sectional regressions are performed stages and described as:
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Size=ap+ ayCacvol+ (12)
Rer1y=Meer1y Eqe1=R0+ B*Cacvol+Ro*Age, +R5*Size'+ RF*BM o+ EP +e¢y)  (13)
Where Cov(CacvglSizg")=0,

Re=  log (Riayl- Rogen)),

Me1= 109 6°me1),

Ew= 109 6%e)),

Cacvol= the absolute value of current accruals,

Age= the number of years firm survived at time t and listed in NYSE/AMEX,

Size= the natural log of the market value of common equity measured at fiscal year
end (Computstat item #25 times #195) for each firm,

Size'= residual values of OLS regression (12) at first stage,

BM.= book to market ratio, is the ratio of the fiscal year-end book value of equity

(Compustat item #60) to the fiscal year-end market value of equity for each fir
EP. = earning to price ratio, is the ratio of operating income after depreciation

(Compustat item #178) to the fiscal year-end market value of equity for each firm

Since accrual is highly correlated (panel A of table3ch viiiim size, | run a two-stage
regression. | perform OLS regression (12) of size on cacvbedirst stage and collect residuals,
Sizq', orthogonal to the accruals, used in equation (13) at the second stage.

As expected, the results, reported in panel B of table 3c ggneoallirm those reported
in table 3a and 3b using decile portfolios of current accrual rgréad abnormal current accrual
ranking in absolute values. The strong and significantly negatiiooeet on accruals-cacvol

(-3.16, t-statistics=-5.43) is unaffected by including control varsahle cross-sectional
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regressions. The coefficients from decomposed variations (firnifispeariation (Eg.1) and
market-wide variation (M) ) on accruals show that the decreasifigdised by accruals is
entirely due to increasing firm-specific variation (cacvol=3t7statistics=18.51) while market-
wide variation hardly affects it (cacvol=0.61, t-statistics =1.18)s Turther supports my view,
that given that the volatilities of the stock market returngjaite stable (Campbell et al., 2001),
because of the occurrence of increasing shocks on unexpected détgriesanings, Ris
decreasing due to investors’ misperception of the persisterazfal components of earnings,
resulting in negative abnormal size-adjusted returns. In pautjcbly decomposing current
accruals (cacvol) into normal current accrual (ncacvol) and abhaurrant accruals (dcacvol),
the significantly negative coefficient on dcacvol (-2.51, t-stiag=-4.06) also confirms the
previous analysis showing that the decrease’afrRRhe misperception of accrual overweighting
is largely due to abnormal current accruals. With the negativelabons between current
accruals and both firm size (-0.16) and firm age (-0.15) observednal A of table 3c, the
predicted signs on age and size are positive and then confirmednlipuhe size factor is
statistically significant (size=0.51, t-statistics=27.55). Timdicates that larger firms have
moved more closely with the overall markkts not surprising to see that because large firms
move more in line with the market index, but it's interesting #maaller-size firms with poor
accrual quality (table 3b) seem to be very volatile, given thativegcoefficient of .1y on size

is -0.26, (t-statistics=-20.06); large firms seem to be less volatilénarease more with market-
wide variation (0.26, t-statistics=-10.3), where both effects emltdrg difference of Rby size,
due partially to accruals. Hence | would like to analyze theviehaf R? by considering size

effect in my next hypothesis.
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The coefficients on firm age, insignificant in my main regamssyet significant and
small in accrual- decomposition regression, suggest the presenodtabllinearity, which is
usually suspected if one does not detect significant results as exBdtédloes not seem to be
a major problem because (1) the coefficient is the smallesll estimated coefficients (2) as
noted above, the accrual-decomposed regression contains a smalfge. skn untabulated
results, | perform an additional OLS regression of age on ascatidhe first stage, yielding
almost identical results to those shown before. Obviously firm age does not enter into the
determination of R The remaining estimated coefficients of other control varsabidy deliver
minor significant effects on future’® my main regression (-0.1 on BM, 0.35 on EP).

One thing that needs to be further investigated is thatogsféicient of R on accruals at
time period t+2 and at time period t+3 (table 3cl) is sighificantly negative (see appendix).
The evidence of the persistence GfdR accruals raises two possibilities: (1) the autocorrelation
problem regarding R It is well known that daily stock returns generate significgmrt-run
serial correlation, which might affect my main resultsaose R is computed by using daily
stock returns. Therefore, | will construct’ Based on monthly stock returns for which
autocorrelation is much weaker and see if the results still. A@ble 3e reports the results
obtained by performing a sensitivity test. The coefficientsacoruals in table 3e are all
significantly negative at the 0.01 level, suggesting that #reigience of significant negative
influence of B on accruals is not materially due to autocorrelation &f (®) Earnings
Management. The evidence is consistent with Teoh et al. (1998).ekaayine the long-term
underperformance of seasoned equity issues by pre-issue earr@nggement, measured by
abnormal current accruals (discretionary accruals). Consistitnt Teoh et al. (1998), the

coefficients on abnormal current accrual in absolute values (dgaawel all significantly
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negative at year t+2 and year t+3 in table 3cl. Even when | os¢hin stock returns (in
untabulated results), the coefficients Gfdd accruals are still significantly negative at the 0.05
level for years t+1 and t+2. The results in table 3c and 3cl regaadicrual-decomposition
regressions indicate that through earnings management, whenegeaare manipulated under
manager’s discretion on accruals, unexpected deterioration ofcoehe continuously occurs,
caused by not only investors optimistically overweighting acsrbat also by the manipulation
of accruals themselves, resulting in non-sustainable future esrrniagk of persistence of
accrual components of earnings seems to have a persiseantaffowering Runder manager's

discretion on accruals.

Accrual Anomaly at Industry Level

To check the robustness of the negative relation’afrRaccruals, | would also like to see if the
results still hold at industry level, and in the meantime, thatdbelts can also be used in the
next section for firm-specific decomposition. | use the Fama aedck (1997) industry
classification scheme for forty-eight industries and apply tie ¢c®de to classify my sample

firms (classification data are available attfa.tuck.dartmouth.edu/pages/faculty/ken.frefch/

For the formation of R | use industry-level daily returns against the daily marketxinde
with value-weighted values, adjusted risk-free rate, one-month Tatel Next, | classify firms
in my sample into 48 industries by SIC cttlend then value-weighted means of cacvol and
other control variables are calculated for each industry. Thus, dlss-sectional regression is
designed in each year to have 48 industry-levehBcruals, and other control variables with 40-

year cross-sectional regressions described as:
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Ring(t+1)=fg+ Rr*cacvol(thngt *age(tingt Rs*Siz€ (D)ing+ RFBM(L) ina* B*EP (Dind +eindg+1),

-(14)
where Ry(t+1)= log (R?(m)ll- Rz(t+1))=Mind(t+1)- Eng (t+1), subscript,g indicates industry level.
Notice that F%(m) is calculated for one year starting three months afternihesiry’s average
fiscal year end, by which time financial reports of publicly oavfiems listed in NYSE/AMEX
are released. Only 34-year cross-sectional regressions fromtd 2003 are selected because
prior to 1970 fewer than 30 industries are excluded from my fimaplea and smaller sample
size per year would decrease explanatory power.

| report the results in table B of table 3d. It's encouraginge®tkat the coefficient on
industry-level of cacvol is still significantly negative ¢waln,=-4.49, t-statistics=-2.03)
although it is significant at the 0.05 level.

As expected, the industry-level volatility (cacygt-8.42, t-statistics=7.33) increases
more than market-wide volatility. (cacwy@E3.92, t-statistics=2.42). As for year t+2 and year t+3,
the coefficients of Ron cacvahg are not significant, as shown in Panel b of table 3d1 and table
3d2 in the appendix. Average industry age @pé& negatively significant in all three years,
indicating that young and new industries tend to have higher induselyf& compared to
traditional and old industries, quite contrary to the relation at kvel. To sum, the evidence
suggests that not only is there a strong negative relatiof wf &cruals at firm level, but also
the negative relation is strong enough to let some industries \filrase have relatively poor
accrual quality have lower?®n the future.

One might be curious about what industries have greater mispercepbtiaccrual
anomaly (that is, higher cacvol) or poorer accrual quality (higheswabd). Not surprisingly, they

are very similar. The top three industries- Construction, Compuwacds,Banking — and the
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bottom two industries- Insurance and utilities- are simildo asisperception of accrual anomaly
and accrual quality. It might not be surprising that earningsagement would occur more often
in industries like construction, computer, and banking than in insumnaities. Here | note
also that the strong significantly negative relation dtdRaccruals at firm level is not subject to
industry effect (stated in the next section), even though there’'sificgigtly negative relation of
R? to accruals at industry level, a firm in the insurance indusiity poor accrual quality will

decrease Rjust like a firm with similarly poor accrual quality in the computer industry

Firm-Specific Volatility Decomposition

By now, it is clear that the significantly negative relatisriR® to accruals is largely due to poor
accrual quality, measured by absolute value of abnormal accandlshe relation even pertains
to year t+2 and t+3. The plausible explanation of this persisienearnings management. In
addition, the decreasing trend of &ue to accruals can be largely explained by increasing trend
of firm-specific volatility. In order to better understand thehavior of R and firm-specific
volatility, | decompose firm-specific volatility further intordn risk and market risk to check
whether increase in firm risk itself (idiosyncratic risk) raarket risk, or both, determine the
increasing trend of firm-specific volatility.

To see that, | apply and modify Campbell et al.(2001) edition of irplatecomposition.
First, | rewrite the formation of CAPM?Rn equation (9) - #rf)= ajm + Bim(rmerfy) +ge to:

M= Ojm + PjmFme +ejt, (15)

where f and g are adjusted for risk-free rate. The industry levelirRequation (14) can be

calculated in the form of:
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lit= Oim* Bimlmt +it, (16)
where fis industry i's of 48 industries daily returns at time t andiydaarket returns, #;, both
are adjusted for risk-free rat@y, denotes the beta for industry | with respect to market return,
and g; denotes the industry-specific residual. And CAPRORfirm returns on industry returns

is described as

M= oji + Bjific He= i + Bji*( cim* Pimlme +€it) + W= + Proe + Bii i + Wit (17)

wherea= ;i + Bjiim andP=p;ifim . [ is the beta of firm j in industry i with respect to itslustry
andy; is the firm-specific residual. Hegg; is orthogonal to industry returp and | also assume
that u; is also orthogonal to the componengsande;; so that the beta of firm j with respect to
market,Bim= B=;iPim. By assumption that all covariance terms in equation (17) ate seto, so
the variance decomposition in equation (17) is:

Var(re)= BVar(rm) + pijiVar(er) + Vary), (18)

And the variance of firm return in equation (15) is written as:

Var(fy)= *Var(tm) + Var(), (19)
Where Bjm= B by assumption. With equation (18) and equation (19), | can get fiegifEp
variation decomposition described as:

Volsirm= VOlindustrytVOligio, (20)
Where Vofm= Var(g) is firm-specific variation, V@lgusiy= péjiVar(ey) denotes industry risk,
and Volgio= Var(uj) denotes firm risk or idiosyncratic risk. So the stock returratians can be
decomposed into:

VOl etur=VOlmarketr VOlfirm = VOlmarket+ VOlindustrytVOlidio, (21)

Where Voharket denotes market-wide variation.
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To estimate industry risk, first | can obtain beta estimat@g, from equation (15) per firm-year
observation and;f from equation (16) per industry-year observation | performed in previous
section of the formation of oy 48-industry classification. Second, gi@R= B=B;ipim, | can
estimateB?ji =( Bjm/ Pim)° first, and industry risk can be estimated as:

VOlingusty= ( B/ Bim)*Var(ex), (22)
where Varg;) is the squares of firm-specific residuals obtained from emqu#ti5) per firm-year
observation and Cov(V@dustry VOligio)=0.

To estimate firm risk, | can add industry dummies into my manssssectional equation by
controlling for industry effect to obtain:

Rie+1=Rot *cacvol+ praga+ F*Size'+ R*BM ¢+ B*EP+( Re*ind 1+ ....... +

B3*indag)+ £t (23)

Where ing=1 only if firm j is in industry i for i=1 to 48, otherwise im@. Thus, the firm risk can
be estimated by the squares of residuals {\M@rpbtained from equation (23).

Panel A of table 3d reports the results of coefficient estisnat equation (23) for firm risk and
panel C of table 3d shows the results of coefficient estimiatedirm-specific volatility
decomposition. Table 3d1 and 3d2 in the appendix are similar to table 3debdépendent
variables are at year t+2 and t+3. By controlling for industry dwsrfpanel A of table 3d), the
estimated coefficient of Ro accruals is still significantly negative and this relapentains to
year t+2 and t+3, while the estimated coefficient of markkttasaccruals is insignificant. This
evidence supports my first hypothesis and the negative relation bet&aad Rccruals is robust
and it is not subject to firm age, size, BM, or EP, and as welbat industry. Panel C of table

3d summarizes volatility decomposition where M(t+1), E(t+1pm@Er1l), and Rgusn(t+1)
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denote market-wide variation (Mgkke), firm-specific variation (Vaim), firm risk (Voligio), and
industry risk (Vohausty at year t+1 with logistic transformation, respectively.

From panel C of table 3d, | can conclude that: a) the decreasing of R due to
accruals is dominated by the increasing trend of firm-specificti@rja) the increasing trend of
firm-specific variation is subject largely to firm risk s(&(t+1))= Var1)); ¢) industry-
specific risk has no effect on the trend ot Rs for the estimated coefficient of;,gt+1)
:|Og(02im(t+1)) on cacvol, 1.27 (t-statistics=6.81), it is consistent with panelf Bable 3d at
industry level when measuring industry-to-market volatility. Bulien | use estimates of
industry risk measure at firm leveli{fsmy= 109((Bm/ Rm)*c%m) at year t+1, the coefficients of
Eindustn(t+1) on cacvol and M(t+1) on cacvol are almost identical (0.53, 0.61 ctesdyg) and
insignificant, which imply that industry effect cannot be the exgitian of the positive relation
of firm-specific variation to accruals or the negative relation’dbRaccruals.

In panel C of table 3d1 and 3d2 in appendix at year t+2 and t+3, as dstedsre, the
persistence of Ron accruals caused largely by earnings management is furgiporeed by the
dominance of firm risk on firm-specific variation where the dogfhts of Em(t+2) on cacvol
and Em(t+3) on cacvol (3.15, t-value=13.48 at year t+2; 2.97, t-value=17.68 at#g)are all
positively significant relative to firm-specific variation. Tastimated coefficients of market risk
(Eindusty ON cacvol are all insignificant for all three years t+1, t+2, and t+3.

| rank firms into one hundred portfolios based on current accrual in absdiues
(cacvol) in my sample containing 45,536 firm-year observations in NXISEX between 1964
and 2003 and each portfolio contains at least 450 firms. Then as showmrie Fid plot the
time-series mean¥and decomposed volatility through 100 portfolios of firms by accar.r

In Panel A of Figure Il, in general, results shown in Panel & amsistent with previous
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evidence and confirm my hypothesis that ttfewl drop as the degree of misperception of
accrual overweighting increases, and the pattern is much moreusbas accrual rank starts
after 7¢" portfolio as firm-specific variation is sharply increasingadieg R to fall while
market-wide variation is clearly unchanged. As in panel B olr€igll, the firm-specific
variation (from panel A) is decomposed to firm risk (Mgl and industry risk (V@lausty), where
the increasing trend of firm-specific variation is basicatiynicked by the trend of idiosyncratic
risk and industry risk has no clear pattern as accrual rank sssedhe graphical analysis
explains that the behavior of Rnd firm-specific variation changes dramatically for frmith
higher accruals, and further supports my empirical evidence onagssinef cross-sectional
regression. As investors face a higher degree of informataertainty concerning accruals,
their misperception of accrual overweighting will let thensagipointed in the future with
incoming unexpected deteriorating earnings. This will increéis@-specific variation
(corruptive risk-return relation) and further decrease d@nsistently, due largely to the
explanation of earnings management. The strong negative retdtiBh and accruals is not
subject to industry effect and other control variables. Therefordjratyhypothesis can not be
rejected.

3.3.2. Examination of Notion1

My first notion is that higher (lower) Rfor larger-size (smaller-size) firms can be explained by
accruals. Roll (1998) investigates the relation &f @&d size by showing that portfolio-
diversification effect is not the explanation of why largemf have higher R In this paper, by
incorporating the evidence of a) a negative relation®érRl accruals and b) the association of
poorer accrual quality with smaller firm size, | have comewith the notion that lower R

occurred in small firms and higher” Rccurred in large firms could be mainly explained by
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accounting accruals. Previous cross-sectional analysis inditeatedirm size is very strong
positive and statistically significant but only found significaatéhe 0.05 level for industry size
on industry level (Panel B of table3d). Accruals, therefore, coula drgdlain why larger firms
display higher R and smaller firms display lower?Rvithout considering industry effect. The
decomposed components of Rirm-specific variation and market-wide variation fian level
provide us another picture — namely, that possibly smaller fiusigally associated with poor
accrual quality (second panel of table 3b), have more firm-speeifiation relative to market-
wide variation. Larger-size firms, usually associated with gaocrual quality, have more
market-wide variation (size0.25, t-statistics=10.3) relative to firm-specific variatiorhisT

explains, at least partially, why larger (smaller) firms havedriglower) R.

To check that, | define good accrual quality (Good AQ) firms $sigming them to the
first half of accrual rank (1-50 portfolios) illustrated in Figlireand poor accrual quality (Poor
AQ) firms to the second half, 51-100 portfolidg{1) The mean Rtrend from year 1964 to 2003
for both Good AQ and Poor AQ firms and the differencedrafR depicted in panel A of Figure
lIl. This shows that poor AQ firms generally exhibit somewloater R, relative to good AQ
firms, especially in the 20 years starting 1983. Clearlydifference in R of good AQ firms
minus poor AQ firms is mostly positive, and perhaps a little cgtli(2) The firm-specific
variation (SSE) and market-wide variation (SSR) of good AQ fimmsus poor AQ firms are
further depicted in Panel B of Figure Ill, showing that the diffee in R is subject to firm-
specific variation, not market-wide variation. Together, the twaplgs in Figure Il give
evidence that poor AQ firms have lowef Rsulting from higher firm-specific variation than
good AQ firms while the market-wide variation levels for botbety of firms are basically the

same, which implies that good accrual quality can not explainlaviggr firms have higher R
39



Therefore, one can only states that smaller firms, with highuals (poor AQ), have lower’R
compared to larger firms. Accruals only partially explain why snéiims have lower R

To further examine the robustness of the firm size effect omehavior of R due to
accruals, | assign all the firms each year to quintile (sito 5) based on fiscal year-end market
capitalization in my sample and conduct the same cross-sectemrakssions analysis within
each size quintile. Panel C of table 3c reports the resultexpscted, and consistent with
graphical analysis in Figure lll, firms with poor accrual dya(usually smaller firms) have
statistically lower R (cacvol=-3.39, t-statistics=-3.79) and the highémoRlarger firms are not
due to accruals. Table 3cl in the appendix provides the similatsrasuh year t+2 and t+3. To
sum up, accruals do explain whysRliffer; with firm size considered, | do not find support for
my first notion with an explanation that only for smaller firmish lower Ris due to accruals,
not for larger firms.

3.3.3. Examinations of Notion2-5

Various important explanations for the phenomenon of accrual anomalynityatt affect the
significantly negative effect ofFhave been developed by previous research. Notions 2-5 will be
tested by conducting similar cross-sectional regression ana@yshown in panel B of table 3c
with additional key variables suggested by these hypotheses.

First, to test notion 2, that the significantly negative reteship between Rand accruals
can be influenced by value-glamour anomaly, | follow Desai eR@04). | use a key variable,
OCFP, operating cash flow deflated by fiscal year end stack pCF/ Compustat item #199),
capturing both value-glamour anomaly and accrual anomaly effecn additional control
variable in my main regression (13). Panel B of table 3f preslemtsesults. When controlling

operating cash flow-to-stock price, even though the coefficient@RROs significantly negative
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(OCPF=-4.61, t-statistics=-3.61), obviously the value-glamour anomaly doe$awbtray major
results in H1 with cacvol=-3.00 (t-statistics=-5.28) where the negetlation of Rto accruals
still holds after controlling for value-glamour anomaly (variable OCFP

Next, on notion 3, that the significantly negative relationshipveen B and accruals
can be influenced by earnings management, | have alreadyinexathis relation and found
evidence of earnings management. Here | would like to go funtidediatinguish between short
term and long term effects of earnings management. Following Tealh (@998a), continuing
from equation (2)-(4), total accruals (TAC) as the sum of ataecruals (CAC) and long-term
accruals (LAC), | can get:

TAC = CAC + LAC

= Net Income — CF (2-1)
where net income is Compustat item #172 deflated by averagassttbk (ATA). For long-term
accruals, 1 first estimate total accruals. The equatiegistion (3), except that the dependent
variable is TAC and property, plant, and equipment form an additional indiepievariable
deflated by ATA as in the Jones Model:

TAC; = bo(1/ATA;) + by(ASales/ATA;) + b2( PPEIATA)) + ¢ , (3-1)
where PPE is Compustat item # 7. Again, the predicted value of equation (25) nsahor
nondiscretionary total accruals (NTAC) and the abnormal or disneely total accruals (DTAC)
are the difference between total accruals (TAC) and normdlactauals (NTAC), denoted as
the residual values of the modified Jones model in equation (25). Then | use NTAC to obtain:

NLAC;: = NTAC;; - NCAG;, (4-1)
and use DTAC to get :

DLAC = DTACjt — DCAG; . (4-2)
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Therefore, by decomposing total accruals into normal and abnormal total actoaa have:

TAC;;=CAC; + LAC;; = NCAC; +DCAC; +NLAC;; + DLAC;. (4-3)
| incorporate decomposed total accrual components in equation (4&f33olute values into my
main cross-sectional regression (13) to analyze whether short{thracvol) or long-term
(dlacvol) earnings management is the explanation for the sigmifjcnegative relation between
R? and accruals. | report the results in panel A of table 3f. Ferdecomposed components of
total accruals, only the coefficient of B dcacvol is significantly negative (dcacvol=-2.42, t-
statistics=-3.94). The evidence supplements hypothesis H1 byigstaplthat the negative
relation between Rand accruals is largely explained by earnings managemestioof-term
current accruals, resulting in investors facing higher dedreesperception of accrual anomaly.
So | support notion3 of earnings management as an explanation of H1.

Notion 4 involves the concept of bankruptcy risk developed by Khan (2005tats
that the size-adjusted future abnormal returns (8.4%) obtainedrfyyrpmg hedge portfolio
strategy in table 2 is normal because, he argues, accrual ansmatymispricing, but rather is a
return commensurate with greater bankruptcy risk. To measure barnkright, following Zach
(2003), | compute Altman’s Z (1968) (ALTZ) as follows:

ALTZ=1.2*WC/TA + 1.4*RE/TA +3.3*EBIT/TA + 0.6*MVE/TL + S/TA , (24)

Where WC/TA = working capital/ total assets (Compustat item #179/ item #6),

RE/TA = retained earnings/total assets (item #36/ item #6),

EBIT/TA = earnings before interest and taxes/total assets (itk®+#§+15)/ item #6),

MVE/TL = market value of equity/total liabilities (item #(199*25)/nmte#181),

S/ITA = sales/total assets (item #12/ item #6).
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High (low) values of the Z-score represent firms with logregher) likelihood of bankruptcy.
Controlling for bankruptcy risk, ALTZ, panel C of table 3f indicates tha coefficient of Rto
accruals remains significantly negative, consistent withhmain results, while the coefficient on
ALTZ is of positive significance at the 0.05 level. Thus bankrupslyitself cannot explain the
negative relation betweerf &nd accruals, notion 4 is not supported.

Lastly, notion 5 concerns arbitrage risk as analyzed by Mastha et al. (2006). They
state that lack of close substitutes poses limits to arbjtrabeh keeps arbitrageurs from
driving away accrual-related mispricing because the abnaoehahs to the accrual anomaly are
gathered in stocks with high arbitrage risk, and hence, accrual Bnanaains. In my main
regression (13) shown in panel D of table 3f, | control for arbitregle | interact cacvol with
ARB, a proxy for arbitrage risk, calculated as residual varidrame equation (9) of CAPM
market model of stock daily returns over 48 months ending two months after fiacahg.

The significantly negative coefficient on cacvol (-3.15, t-staist4.19) indicates that
the negative relation betweerd Bnhd accruals is not subject to arbitrage risk and furtherémpli
that even if it is easy for arbitrageurs to arbitrage theiitipason accrual-related mispricing
with close substitutes, this does not prevent earnings manageommgroducing the mispricing
accrual-related assets persistently. Earnings manipulatiadinge to unexpected deteriorating
earnings and increasing firm-specific variation in the fytisr¢he main cause for lowef RThe
evidence in panel D of table 3f proves that the negative relatioveee B and accruals is
robust and is not influenced by arbitrage risk.

To sum up, both the empirical evidence and the graphical analysis sappartain
hypothesis. The significantly negative relation betwegaril accruals is robust and persist, and

is not affected by (1) firm size, firm age, and other comwaniables like BM and EP; (2)
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industry risk, and of course, market-wide variation; (3) valaeaour anomaly, bankruptcy risk,
and arbitrage risk. Further, this paper supports a corruptive tigkreelationship for newly

listed firms. Moreover, the accrual anomaly, largely due to eggsmmanagement, does explain
why R differs through firm-specific variation (figure II, lll)yhich further is more consistent
with the evidence in Campbell (2001) that average stock returnl¥@athave been increasing

over time from 1962 to 1997 in the US.
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4. Sample Formation and Variables Measurement in a Global Setup
4.1. Sample Formation and Measurement of Variables

To form accruals, R and other variables analyzed in a global setup, | selecirral fvith
available data 1990-2007 on the Global Vantage Industrial/Commegdf#Cj for global firms
accounting information and Global Vantage Issues (GVI) for gletmik returns information.
To assemble my candidates, | will
(1) select accounting standards in accordance with ISAC, OECD, or Gfs&R,
of which is close to United States accounting standards;
(2) delete financial firms (SIC codes 6000-6999) because of peculiarities &cdruals
for such firms;
(3) require at least 20 firms per year and 500 firm-years in my final saniy@eaige
is from 505 firm-years in Mexico to 41,144 firm-years in the USA between 1990 and
2005 (I use two additional years 2006-2007 for measurement of ffjure R
(4) delete extreme accrual values when ABS(Accruals/Total As&éis)»sutliers or
mistakes occurring in international data;
(5) delete fewer than six observations in any one-digit SIC code and yeanatiorbi
when calculating abnormal accruals by using the Jones model;
(6) delete R of the standard market model with less than 12 observations for both

two-year monthly stock returns and value-weighted monthly market index.

Since previous papers (Ball et al. 2000; Land and Lang 2003) use the Géothaye

database (GVI and GVIC) and delete outliers for possible dedg @ere | winsorize extreme
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values at the®land 99" percentiles. Finally, 31 countries including the USA are includealyin
international empirical analysis: Australia, Austria, BelgilBnazil, Canada, China, Denmark,
Finland, France, Germany, Greece, Hong Kong, Indonesia, India, Jegan, Korea, Mexico,
Malaysia, Netherlands, Norway, Philippines, Singapore, Spain, SouthaAf8witzerland,
Sweden, Taiwan, Thailand, the United Kingdom, and the United States.

Following Ball et al. (2000) and Pincus et al.(2007) for each countefine Net income
(NI): it is operating income (GVIC item #14). | define current ac&r@alCC) as:

ACC= (ACA-ACash) — §CL- ASTD) — Dep, (25)

where ACA = change in current assets (GVIC item #75),

Acash = change in cash and short-term investment (GVIC item #60),

ACL = change in current liabilities (GVIC item #104),

ASTD = change in debt included in current liabilities (GVIC item #94),

Dep = depreciation and amortization (GVIC item #11).
And operating cash flow (OCF) is the difference between netrec(NI) and current accruals
(ACC), where operating cash flow, current accruals, and operatogme are deflated by
average total assets. Total assets (GVIC item #89) arauredaat the beginning and the end of
the year. | label the resultant variables as OCF, ACC, anch&tthing CF, CAC, and EARN in
the US sample.

For decomposition of current accruals, to obtain normal (nondiscretiocary@nt
accruals (ACC)and abnormal (discretionary) current acc(Di€C), | use a OLS regression in
which current accruals for a given year in each country ieessgd on the change in sales for

that year, for all firms grouped in the same one-digit SIC cAdain, all variables including the
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intercept term in the cross-sectional regression are scaled by awdehgssets (ATA) to reduce
heteroskedasticity:

ACCit = a(1/ATA;) + a(ASalesd/ATA}) + gt (26)
Where j firms belong in the same one-digit SIC code for indwdagsification and\Saleg is
the change in sales revenues in year t (GVIC item #1) for firm j in country c

The normal current accruals (NACC) and abnormal current asciACC) are
computed as predicted values and residuals of the modified Jones model:

NACCi= &(1/ ATAj) + a((ASales-AA/Rc) ATA ) (27)

DACCj= CACici- NCAC (28)

For the formation of B | apply CAPM equation (9) of a typical market model using
monthly stock returns, instead of daily stock returns, against a mosathig-weighted market
index in two years starting from filing deadlines of finanstatements after fiscal year-éhtbr
each country for two reasons. First, daily stock returns in stexeloping countries are very
sluggish and sticky. Second, previous analysis in table 3a on selettifnand table 3e on
sensitivity test results all indicate that analysis using hprstock returns gives similar results
compared to daily stock returns. Also, in order to increase explanptover, twenty-four
monthly stock returns are used to calculate two-y&arTRe filing deadlines vary country by
country; they are reported in table 4a. The deadlines are baskd tming of availability of
financial statements and | assume that firms file thearftial statements on a timely basis
The final sample of 126,475 firm-years across 31 countries, includingdJ8tates, between
year 1990 and 2005 (since the calculation ©&/Rd my analysis require two years data after my

sample years), totaling 16 years, will be tested for the relationsRptofaccruals.
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4.2. Descriptive Statistics

Table 4a reports the summary statistics for all the cmsnin my sample. As expected and
consistent with Morck et al. (1998), highef Bre mostly found in emerging countries while
lower R are mostly found in developed countries. The five lowesa@ found in Denmark,
United States, Australia, UK, and Canada; while the five higReéstre found in India, Spain,
Malaysia, Taiwan, and Greece. Whereas in the domestic US esdnygidserve a negative
relationship between Rand accruals, the cross-country data seems to show no apparent
relationship between Rand the absolute value of accruals. Also shown in table 4a, where
countries are sorted by’Rthe firms in developed counties are older than those of emerging
markets. For example, the oldest firms are found in USA and @amad the youngest, in
Taiwan and Korea. Companies in Denmark, Norway, Japan, Switzerlantl, duaa, Finland,
Hong Kong, Indonesia, Malaysia, and Taiwan have a relativelyblmyk-to-market ratio; while

those of Canada, Singapore, and Greece have a relatively high BM.
4.3. Empirical Design and Hypothesis Testing of H2

Since | am interested in the cross-country difference in lation between Rand accruals,
within each country, | run a cross-sectional regression of firmi’snRthe absolute value of
accruals and other control variables. | construct a similas@®stional analysis by country as
follows:
R(t+1)=M(t+1)-E(T+1)= B+ R*accvole + p*aggcrt Re*Sizge'+ R*BM jert Rs*EPjct +ejc+1),

(29)
R(t+1)=M(t+1)-E(T+1)= B+ R*naccvol+ Bio* daccvole + R*agge +*Sizee + R*BM jort+

B*EPjct Hejc(t+1) (30)
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where Sizg;' is the residuals ) of size of firm j in a given country c at time period t as second
stage, from first stage of OLS regression: giz@o+ a;accvol:+ pjct. The dependent variables
are defined as R(t+1)eg(R 1y (1-Rt+1), M+1=10g (0°me+1), and B1y= 10g ©6%r1y).-

In other words, equations (29) and (30) will be implemented am eauntry of my
sample, 31 countries in all, in order to test my hypothesis (HR)tbaccounting accruals is the

explanation of lower Rfor developed countries.

Test of H2

Panels A, B, and C of table 4b present the results of the coeffestimates of ACCVOL,
NACCVOL, and DACCVOL in equation (29) and (30), which use firm-ledata on an
individual country basis.

As shown in Table 4b, only nine out of thirty-one countries in my sarmakeiding the
United States, show a significantly negative relationship’dbRiccruals and they are Australia,
UK, Canada, Japan, Germany, Netherlands, South Africa, France, andTU8Asvidence is
consistent with Pincus et al. (2007) who find accrual anomaly only mdiatuof 20 countries:
USA, Australia, UK, and Canada. In this paper, | find evidence suggebiat countries with
accrual anomaly, mostly found in developed countries, will have I&%venostly through firm-
specific variation. It is surprising to see that the sigaiftty negative relationship betweerl R
and accruals occurs mostly in developed countries, clustered irriesunith lower R, where

their capital markets are considered to be the most efficient markets.
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Twenty two of thirty-one countries in my sample display no sicgmit effect of accruals
on R, which suggests one cannot explain why emerging countries have Wghberough
accruals. To check further the explanatory power of accruals’at Re country level, | use
medians of all firm-level independent variables in a country as wgelaviel independent
variables to conduct pooled cross-country time-series OLS regnemsalysis with 432 country-
years between 1990 and 2005. As reported in panel B of table 4C, thieiaaeof absolute
value of accruals is negative but is not significant. The absollite v&discretionary accruals is
positively significant in explaining idiosyncratic volatility, but alsdsfao explain R. Consistent
with Brown and Kapadia (2006), firm age is negative and significeaekplaining the adjusted

R2.

To test the influence of accruals oA &bit further, | compare developed countries and
developing countries. By separating countries into two groups, excluding USA, 15 uiitrie
low-R? (from DEK to FRA) (sample of 222 firm-years), and anothecd@ntries with high-R
(from SWE to GRC) (sample of 194 firm-years), | conduct the saoss-country OLS for these
two groups. Untabulated results indicate, surprisingly, that noeindlel of accruals on?Ror
either group of countries. Therefore, the empirical results do not sumyohypothesis H2.
However, they do provide an explanation: the effects of accruals are Rlustered largely in
developed countries with relatively low? Bnd accruals decreasé iR most advanced countries.
These factors partially explain the difference fnb@tween developed and developing countries.
Somehow, the relatively low?Rn most advanced countries reflect greater inefficiendgpfims

of accrual anomaly.
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To further study this evidence, inspired by Pincus et al.(20Gtudly the cross-country
systematic differences in governmental and institutional strestaind accounting standards, in
the hope that these differences might help us explain the influercemials on & In the next
section, we propose several conjectures based on previous researdevalup a simple
empirical test to show whether these differences across caumiie explain the relation

between Rand accruals.
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5. The Occurrence of Accruals Significantly Decreasing Rand Differences Between
Countries in Governmental and Institutional Structures and Accountng Standards

5.1. Conjectures Development

The adjusted Reaptures the relative variation in market-wide and firm-speeéiiation. While
accounting accruals representing the method the firms use losdisheir specific information,
the cross-country differences in institutional and corporate lawtste could have an impact on
relation between Rand accruals.

| identify four categories: (1) A country’s legal tradition: coommaw versus civil law;
(2) law enforcement: rule of law and corruption; (3) Investor rigisShareholder Ownership;
(5) Accounting standardfs Previous researches suggest plausible systematic differanaess
countries that lie behind accruals significantly decreaBngdSince there is no strong theory in
this area so far, | assume the following conjectures are independenhaitkar.
(). A country’s legal tradition

La Porta et al. (1998) classify country’s legal tradition into tywoups: civil law versus
common law. Ball et al. (2000) characterize the ‘shareholder atakeholder’ corporate
governance models of common and civil law countries respectivelgsadving information
asymmetry by public disclosure and private communication. In caw tounties, more
diversified investors including shareholders, creditors, customgppliars are represented by
the board. In contrast, under the common law the board is selmdietty shareholders. This
implies that in civil law countries a wider range of investas access firm information; hence
asymmetric information can be more easily resolved in civil ¢auntries. Since the accruals

anomaly is due to investors overreacting to the information in ascraahigher degree of
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information asymmetry may mitigate the accrual mispricingdmmon law countries. Hence,

my first conjecture is:

C1: The occurrence of accruals significantly decreasfrig Rore likely in countries with a

common law tradition than in countries with a civil law system

(2) Law enforcement: rule of law and corruption

La Porta et al. (1997) state that civil law countries have weakestor protections,
higher ownership concentration, and smaller and narrower capitietmahan common law
countries in their sample of 49 countries. They use the charadegabfrules and the quality of
law enforcement to measure investor protection. Different leggtems reflect different laws’
stance towards investor rights and the quality of law enforcedetatmines how well investor
rights are protected in practice. For instance, these riglgsnyestors the power to claim their
returns on their investment from managers.

Shareholders can expect to receive dividends (given sufficianihgay because they can
vote out the directors who do not pay them, and creditors can expectptidobecause they
have the power to repossess collateral. Without these rights tr peorer rights due to
inefficient law enforcement or little protection by governmenthaggers would have more
power to act in their own interests. Higher quality of lanoergment is usually associated with
a strong tradition of rule of law and a low degree of governmanagtion. Strong protection of
investor’s rights can prevent managers from cooking earnings andettiuse uncertainty of
information. Following La Porta et al.’s (1997) measures of g@awerning investor protection
(rule of law pertains to law enforcement proper and corruption eetiisgovernment’s stance

towards firms), | construct my second conjecture:
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C2: The occurrence of accruals significantly decreasfrig Breater in countries with a weak

tradition of rule of law and a high level of corruption.

(3) Investor Rights

La Porta et al. (1998) use an anti-director rights index tousaghe voting rights of
minority shareholders. They measure how strongly the legamyfstvors minority shareholders
against the manager in the corporate decision making process. FolPwows et al. (2007), |
center on anti-director index to examine minority shareholdbtsjigerved as my investor rights
measures. Thus, in a country with poorer investor rights, managensnef Wwill have more
chances to act in their own interest and increase the probaifilegrnings management. My

third conjecture is:

C3: The occurrence of accruals significantly decreasfrig Breater in countries with weaker

investor rights.

(4) Shareholder Ownership

La Porta et al., (1997) found that firms in countries with weakegstor protection have
more concentrated ownership of their shares, replacing legialcgion, since small shareholders
rights are more likely to be expropriated by managers in such msuniiherefore, countries
where share ownership is widely dispersed (most often commorcdawtries with better
investor protections), investors rely on reported earnings and eafonegasts from financial

analysts to evaluate firms’ financial performance. Henceiregs management is more likely to
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occur in a country with lower concentration of ownership becauseadegrfocus on earnings

increases the incentives for managers to manage earnings. My fourthuengct

C4: The occurrence of accruals significantly decreasfrig Riore common in countries with

lower concentration of shareholder ownership.

(5) Accounting standards

Accounting systems always play an important and crucial noiporate governance.
Since investors may wish to evaluate firms’ financial perforees under a given accounting
system before they invest, the quality of accounting standardsdetiérmine how wisely
investors interpret financial accounting information even if found owguate disclosures. It's
reasonable to assume that accrual mispricing is more likely to occur in ayoeithtiow quality
of accounting standards since managers have more chances tadnimslestors with poor
information on reported earnings and its’ “omitted” components, meabyradmber of items

missing from total reporting elements.

Thus, my last conjecture is:

C5: The occurrence of accruals significantly decreasfrig Breater in countries with low

guality of accounting standards.
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5.2. Variable measurement

Using data based on La Porta et al. (1997), in table 5a, | reporiptiee statistics of country-
level variables for 30 countries, excluding CHihand define the following variables as having

possible influence on the occurrence of accrual anomaly affecting fufture R

Legal -Common=1 if country c’s legal tradition is a common law system, and Ovfla ci

law system,

Corrupt;  -Corruption Index=an index of assessment of the corruption in government in
country ¢, a measure of investor protection, varying from 0 to 10, with lower
scores indicating that “high government officials are likely to demanmal spe
payments” and “illegal payments are generally expected throughout loiser leve
of government” in the form of “bribes connected with import and export licenses,
exchange controls, tax assessment, policy protection, or loans”,

Rule_law. -Rule of law=varying from 0 to 10, with lower scores indicating weak tradition of
law and order, as well as weak investor protection,

InvRights; -Investor rights=an aggregate measure of minority shareholder mgtasimtry c,
varying from 0 to 5, with lower scores indicating poor investor rights, based on
anti-director index,

OwnConcen-Ownership concentration=means for country c of the percentage of common
shares owned by three largest stockholders in the ten largest privagely ow
non-financial firms,

Account, -Accounting Standards=measure of quality of accounting standards, varying

from O to 90, lower scores represent low quality.
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In Table 5a, ten of the 30 countries have a common law traditiothandst have a civil
law tradition. Countries with Scandinavian origins, like Netherlandslaid, Norway, and
Sweden, as well with Denmark, Canada, and Switzerland all haweuwgption index of 10, the
lowest degree of government corruption, while Indonesia and Philippaé®th considered the
worst in this respect with scores below 3. They also haveetist tradition of law and order,
with scores under 4 for rule of law. These scores make them theiesunith the poorest
investor protection. USA and Canada are considered to be countriesndavomority
shareholders, having the highest rights against manager or theadorshareholders with the
investor rights index of 5 while Italy, Mexico and Belgium haveltveest rights for minority
shareholders. USA, UK, Japan, and Taiwan have the lowest owneuosicgntration (20 percent
or below) while Greece and Mexico are the highest with over 6CGmpergVith inclusion of
ninety items in their annual reports to measure accounting stisndareece, Italy, Brazil, and
Austria only cover 50 items, while Sweden has the highest quality of acogstandards with a
score of 83.

5.3. Results

| use logit regression analysis with a dummy dependent varfABBR), the occurrence of
accruals significantly decreasing,Ro explore my cross-country conjectures about institutional,
governmental, and accounting factors influencing possible systerddterences across
countries. There are thirty countries in my sample, twenty-éngtite full model. The dummy
dependent variable is equal to 1 for each country- USA, Australia, UK, Galegda, Germany,
Netherlands, South Africa, and France found as the occurrence nfalacsignificantly

decreasing Rn Table4b.
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By examining the effect of the occurrence of accruals sigmifly decreasing %on
possible cross-country systematic differences in market-widéatiwer and firm-specific
variation, | first investigate which of the independent variabtesagasociated with AADR, and

then estimate a full model with all factors included:
AADR = [H+ y*Legal. + [R*Corrupt+ [* Rule_law + 3* InvRights + [* OwnConcen
+ [* Account +¢. (31)

| also perform regression analysis with another two dummy dependeables: the
occurrence of accruals significantly increasing firm-specifariations (AADE) and the
occurrence of accruals significantly affecting market-wideiations (AADM) (Germany and
South Africa-accrual anomaly are significantly decreasingtead of increasing, market-wide
variations)pon possible cross-country systematic differences, and they (AASIENVA are equal
to one if significant. For sign specification, | expect a positeefficient for Legal and

negative coefficients for the rest of the factors.

In panel A of Table 5b, first, AADR is positively and signifidgntorrelated with
AADM (r=0.59), suggesting that the occurrence of accruals deioge#& is closely associated
with market-wide variation rather than firm-specific vadat in cross-country analysis,
consistent with the cross-country OLS results. Second, for thedwsdf correlations in panel A,
some of the signs are not expected: AADR is positively and &ignify correlated with
corruption (Corrupt) and investor rights (InvRights), which | expecbdonegative in my
conjectures, and AADR is positively but not significantly correlatgth rule of law (Rule_law)

and accounting standards (Account), which | also anticipate aiveegagn. Only the signs of
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legal tradition (Legal) and Ownership Concentration (OwnConcen) mgetxmectation for
conjectures C1 and C4.

Panel B of table 5c presents the logit regression estimateglfeidual and full models.
An interesting sign appears for the factor government corrupt@orygpt). Either in the
individual or the full model, a significantly positive coefficient @orrupt(=3.16, Chi-
square=4.69 in the full model ) does not meet my expectation but y& isost significant
among all the factors, which suggests that the occurrence oi#significantly decreasing?R
is more likely in a country with a low level of government aption. Two plausible
explanations for the result are the following: (1) In countrie$ withigh level of government
corruption, more likely to be countries with poorer investor protectiomagexrs have fewer
incentives to manage earnings if the marginal revenue of tatgaexternal finance is less than
the marginal cost of special payments or bribes demanded byngoer officials. Marginal
revenue is even shrinking as poorly protected investors don't trust or ergigrweported
earnings for frequent or pervasive usage of earnings managerhes view is further supported
in Pincus et al. (2007), providing evidence that in civil law countriet) velatively poorer
investor protection than common law countries, investors even underweigtérprice)
corporate earnings. (2) As in La Porta et al. (1998), they conthadlecommon law countries
protect the investors the most and French civil law countries pitbiect the least. If investors
are mostly protected in common law countries, managers will imave incentives to manage
earnings because the higher probability of earnings managemetiam@hader model (C1)
might overcome the lower probability of earnings management on lewelr of government
corruption in common law countries. Panel B of table 5b shows a negative caefiici€orrupt

(=-0.83) for dependent variable AADE and a positive coefficient on upbr(=1.59) for
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dependent variable AADM, which suggests that a high level of governcoeniption might
increase the likelihood of earnings management resulting in imegesn-specific variation
but is overcome by market-wide factors to driveuR, although they are insignificant. And in
panel A of table 5b, corruption is negatively and significantly ¢aed with ownership
concentration, implying that countries with a high level of corruptismally have concentrated
ownership, which allows investors to have more access to inside informationeouinelirstand
the persistence of accruals. Both effects will be likely hange to a significantly positive
coefficient on Corrupt for dependent variable AADR.

Panel B of table 5b also reveals that, as predicted, thererefiahly positive and
significant coefficient on Legal (=8.33); a reliably negative anghificant coefficient on
Ownconcen (=-0.34). One must interpret the coefficient on Account aittionn because of the
change of signs. Although in the full model there’s a negativesamificant coefficient on
Account (=-0.37, Chi-square=3.75), as expected, the coefficient isvpoaitd insignificant in
individual model. Recall that muliticollinearity is generallywas as a problem if one does not
detect significant results as predicted (Belsley et al. 1980). In view ekfilanations mentioned
above, the results in panel B of table 5b for significant institutiandlgovernmental coefficient
estimates should be reliable. Therefore, | conclude that the aocerroé accruals significantly
decreasing Ris more likely to occur in a country with a common law traditilow level of
government corruption, or accounting standards and/or where shareholderhgwisevgidely
dispersed. A country with low concentration of share ownership is hkefg to increase firm-
specific variation (Ownconcen=-0.19, Chi-square=2.67) and further ded®ehy accruals, and
a country with a common law tradition increases the likelihood dafrtet anomaly affecting

R? largely through market-wide variations (Legal=8.70, Chi-squares¥2/@8Bile, as expected,

60



a country with a civil law tradition (Legal=0), most with higiR¥ reduces the probability of the
influence of accruals on?Rand rarely shows an effect of accruals on market-wide icariat
(political or social factors, considered to be market-wide factars probably better measures of

systematic differences in civil law countries here).
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6. Robustness Check

In this section, | perform two tests to check the robustnessyoimajor findings for the US
dataset: The significantly negative relation betweénafd accruals is persistent and is not
subject to (1) firm size, firm age, and other control variablesBieand EP; (2) industry risk,
and of course, market-wide variation; (3) value-glamour anomaly, bankrugk, and arbitrage
risk. My major findings survive in these two tests. For the,firshcorporate the three-factor

Fama-French model into my formation of @quation (9)):

(rit-rf)= djm + Bim(rme-rf) + §SSMB+ hHML + ¢, (32)

Where SMB, HML; the monthly returns on the Fama and French (1993) factor-mimicking
portfolios for size and book-to-market.

R’s calculated from equation (32) replace origin@ Bnd enter into my analysis and the
major results indicated above still hold (coefficient of Cacvol481p-value=0.02 in panel B of
table 3c) for the significantly negative relationship betwearil accruals, but the significance
will be stronger (i.e., at the 0.01 level) if | employ daily returns.

Second, in the global dataset, instead of using 24-month stock refwaleulate future
R? | use 12-month stock returns and 36-month stock returns. The occuokrmeruals
significantly decreasing Rstill occurs most often in developed countries (except for South
Africa when studied using 12-month stock returns), clustered in cesimith lower R and in
cross-country logit regression analysis gives qualitativelytenea results for my finding in a

global setup.
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6.1. Evidence from ADR
So far | have found strong domestic evidence that the uncertairggcofinting information
which is proxied by the absolute value of accruals can prégichext period adjusted®RBut
using international data, | find only eight out of thirty-one countimesur sample that have
similar evidence. An interesting question is whether the distssl firms, like ADRs, have
absolute value of accruals and relation to dinilar to what | observed in the US. ADRs
represent foreign stock ownership, but are traded in U.S and in Wr8ncy. In order to be
listed as ADRs, foreign firms must meet SEC disclosure andcam@nt standard. By analyzing
ADRs, | hope to further examine whether the dependence of acamal is related to
differences in institutional and accounting features diffegenacross countries. It would be
interesting to see whether the domestic main results can éedegt to ADR, especially for
those countries with no occurrence of accruals significantly decreaSing R

| select my ADR sample from the CRSP and Compustat mergedobdatavith a total of
3,479 firm-years from 1989 to 2004, containing 28 countries ADRs, listed in paielable 6.
| classify ADRs into four groups: groupl (group2) includes those AD&s countries with
non-occurrence (occurrence) of absolute value of accrdaisk&ion at home; group3 (group4)
includes those ADRs from countries with non-occurrence (occurresfcapsolute value of
accruals having relation with firm-specific variation at lorfor each ADR, | compute’Ry
regressing of daily return of ADR against CRSP value-wejmharket index. We compute
accruals using information from Compustat. The results g@tedl in Table 6. In panel A, if |
pool all the ADRs together, the evidence is similar to that of domevidence, i.e. that absolute
value of accruals (discretionary accruals) is negativelyewle next period R The estimated

coefficient is -3.76 and significant at 1% level. This is simitadomestic US evidence (with
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estimated coefficient is -3.16). Interestingly, for group 1 (nonxseace), the estimated
coefficient on absolute value of (discretionary) accruals lisnsti significant, which is also the
case in their home countries. For group 2 (occurrence), the absalute of (discretionary)
accruals of those ADRSs still have power in predictifg e estimated coefficient is -3.98 and
significant at 1%. Similar evidence is found for firm-specifiaiatgon, for group3 (non-
occurrence) ADRs, the absolute value of accruals still cannotcprédi next period firm-
specific variation; but for group 4 (occurrence) ADRs, the absoluteevaf accruals can
positively predict the firm-specific variation.

In summary, | find that ADRs of firms from countries with non-ocence of R on
accruals still have no apparent relation betweérafl accruals. Somehow, the evidence of
ADRs supplements my international findings. In group 1 (non-occurrenas)udée value of
accruals (discretionary accruals) is positively relatedetxt period firm-specific variations but
not enough to lower R The estimated coefficient is 3.97 and significant at 1%. Hprepose
two plausible explanations: first, the financial performances@R# are essentially performed
in their home countries, where still under local institutional and rgovental influences; even
they are required to make additional financial disclosures tdltwwea to be traded in U.S.
markets. Second, in panel B of Table 6, | compare the magnitude nalscof ADRs and those
of domestic firms by conducting nonparametric median testsd ltfie magnitude of accruals in
group 1 is smaller than that of the domestic sample but withgerl&, which decreases the

importance of the accruals in predicting R
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7. Conclusion

In this paper | have characterized the behavior’airil its decomposed variations (firm-specific
variation and market-wide variation) with regard to the accrualmaho (Sloan 1996),
domestically and internationally. In the United States study, | ghatvaccrual anomaly does
help explain why Rdecreases through time by answering the question “what $acaoise an
upward trend of firm-specific variations not captured by markdewariations?”. Particularly,
the lack of persistence of accruals seems to have a persi§emtof lowering R through firm-
specific variations relative to market-wide variations, suppoxiéidthe explanation of earnings
management. The evidence is also consistent with Teoh et al. (1988)long-term
underperformance of seasoned equity offerings (resulting in atsshocks on firm-specific
variations and B is based on investors naively extrapolating pre-issue manipw@ataihgs. |
also provide empirical evidence of accrual anomaly, answenngeeond question “What factor
can explain a negative low-return high-risk relationship for the ydsted firms?” by
commenting that, with the existence of accrual anomaly, giverehigtk embedded in newly
listed firms, investors’ expected returns will decline, even becomiggtine.

My major results in US sample of 45,536 firm-years between 19642803 are as
follows. First, the effect of accruals significantly deciegd? through firm-specific variations
relative to market-wide variations is robust and is not subjet)tsize, firm age, and other
control variables; (2) industry risk and market risk; (3) rakéive explanations of accrual
anomaly: value-glamour anomaly, bankruptcy risk, and arbitrage riskon8ge earnings
management is the most probable reason whyléRreases through time in terms of accruals.
Third, by providing graphical analysis with two types of portfeliGood Accrual Quality and

Poor Accrual Quality, | show that the difference &ftiRRtween two portfolios is subject to firm-
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specific variations and not by size, although larger firms havinigehif than smaller firms is
due partially to accruals. Fourth, the robustness of accrualsicagtly decreasing Ris even
affected by industry level, not surprisingly, the poorest accruditgusdustries are construction,
computers, and banking while insurance and utility industries ar&elynlio incur accrual
anomaly.

For the global setup, my major findings, based on data for 126,475 firslyetwveen
1990 and 2005 for 31 countries, are as follows. First, the occurrenceraélacsignificantly
decreasing Ris clustered largely in developed countries with relatively Rfnand they are
USA, Australia, UK, Canada, Japan, Germany, Netherlands, South,Adnddrance, while the
dependence of Fon accruals in most advanced countries partially explains thediffe in R
between developed and developing countries. Second, without accrual anbealytuial R of
developed countries should be higher in terms of market efficiemcdeveloped countries, with
part of firm-specific variation reflecting inefficient fingpecific information (accruals) and we
might be cautious in answering that the more efficient the alapiarket is, the lower Ris.
Third, since the influence of accruals oA & country level is very limited, by turning the
attention to cross-country systematic differences, | find that dccurrence of accruals
significantly decreasing Rs more likely to occur in a country with a low level of goveent
corruption, a common law tradition, low quality of accounting standardshere shareholder

ownership is widely dispersed.

Last, ADRs analysis helps us to further examine the systematitseffanstitutional and
governmental structures on the relation of &rd accruals, and thus supplements my

international evidence.
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However, it is possible to have wrong signs due to multicollinepraplems among the
factors (presumably endogenous) and the absence of strong theos&cauntry differences.
But it will be insightful and useful to further understand whydbeurrence of accruals affecting

R? occurs in most developed countries but not in developing countries.
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Notes

1.To avoid survivorship bias, | retain the firms that cease to existnajteample years in my sample.
The downward survivorship bias stemmed from those nonsurviving firms aréeddjusny sample by
assigning missing value the year when exiting the market.

2.The un-tabulated analyses reveal that the results in my papkolstifor both pre-1988 and post-1988
periods, which suggest that in my study measurement errors, such ag a@gisitions, and
divestitures, will not significantly affect my main results.

3. I find that after year 1988, either actual values or decile ranking, operamfaas is significantly
overweighed, while before 1988, as consistent with Sloan, operating cash flomdeis/eighted. That
explains why, taking both samples together, operating cash flows is neigneemhting nor
underweighting given the null hypothesis is not rejected.

4. Three factors may explain the difference. First, Xie’s sample irchdiditional Nasdag markets and
my sample only covers NYSE and AMEX. Second, the sample period is also diffdrerd, Xie's
sample is from 1971-1992 and mine is 1964-2003. Third, Xie use Subramanyam’s (96pdsfofitotal
accruals, but my paper use Sloan’s definition of current accruals.

5 There are only two negative abnormal returns occurred in year 1966 and 1981 wiitotheah
returns based on the ranking of abnormal current accruals are allgfmsi each of the 40 sample years.
9. The reason | use quintile rank instead of decile rank is limited numbemsfifirdecile-rank portfolio
will reduce explanatory power orf.R

10Due to certain industries with peculiarity in the accruals suéinascial firms, there’s only 41 out of
48 industries existed in my final sample.

11 If the accrual quality is based on abnormal current accrual in abgalués, the results in Figure I
are identical.

12 I also try on monthly returns in performing sensitivity test in table Beaslditional cacvol*ARB
variable and produce similar results(Aka., significantly negative ovoteand the same conclusion of
H3d.

13 The filing deadlines in average is about 6 months. As with Alford et al. (1993paraRfench
(1998), | calculate 6 months after fiscal year end for all countries irample, the results are unchanged.
14 A few countries (BZR, FIN, AUT, and BEL) are assigned filing deadlihisancial statements of 6
months after fiscal year end, the average of filing deadlines, eoalack of information on them.

15 | also employ other analytic variables, OCFP, ALTZ, and ARB into equation (28argio analysis
conducted in table 3f to see which alternative explanation affeatslti@nship between accrual
anomaly and future Rylobally, and the results are basically unchanged, similar to conclusidnated
in table3f that earnings management is a key explanation of my findings.

16 Hung(2001) also states that firms have more opportunities to manage earninggriescthat permit
a higher use of accrual accounting. Unfortunately, | only have limitedacodex developed by Hung
(2001) in19 of 31 countries and discarded in my conjectures.

17 In La Porta (1997), they examine 49 countries in their sample by differesydtem origin: common
law (English origin), French civil law, German civil law, and Scandaracivil law origin where China

is not on the list.
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Figure I- The average stock returns variation decomposition
Total stock returns variation is decomposed intoketawide variationczm and firm- specific variations?,, based on 45,536
observations from 1964 to 2003. Each bar represemisal average variation based on daily stockmstwhere returns and
value-weighted market index of the market modeluide dividends.
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Figure Il - Time-series mean future R and its decomposed volatilities on Accrual Anomaly
Total stock returns variation is decomposed intoketawide variationg?,, and firm- specific variations?,. The

firm specific variation is further decomposed torfi(idiosyncratic) risk, Vali,, and market risk, V@ahrkes

calculated and estimated using equation (22) aBy tased on 45,536 firm-years between 1964 and.Zlte
accrual rank is formed into 100 portfolios annudlased on the ranking of current accruals in abscalues.

Panel A: The Future fand its decomposed variation on Accrual Anomaly

70
60 -

50 -
40 1
30 1
20 1

%

10

om

1 8 15 22 29 36 43 50 57 64 71 78 85 92 99
Accrual Rank (1-100)

‘ —e— Firm-Specific Varaition —s— Market-Wide Varaition R Square

Panel B: The Future Firm-Specific Variation Decomposition on Accrual Ayoma

70

0 !H\H\H\H\HHH\H\H\H\H\H\HHH\H\H\HHHH\H\H\HHH\H\H\HHHHHHHHHHHH

1 8 15 22 29 36 43 50 57 64 71 78 85 92 99
Accrual Rank (1-100)

—e— Firm-Specific Variation —s— Firm Risk Industry Risk

73



Figure IIl - The Mean One-Year-Ahead R and Its Decomposed Variations for

Good AQ Firms and Poor AQ Firms between Year 1964 and 2003
Good accrual quality (AQ) firms are ranked 1-5A.060 portfolios of firms based on current accrualabsolute
values and poor AQ firms are ranked another 50q@m$ of firms from 51 to 100.
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Table 1a- Mishkin Test-Capital Market Efficiency
Nonlinear Generalized Least Squares Estimation of the Market Pricing o€ash Flow from
Operations, Current Accruals with Respect to Their Implications br One-Year-Ahead

Earnings
Panel A: EARN(H—_‘]_) =YotY1 CF+ Y2 CAC, + M) (5)
SizeRy=a+ B(EARN 1) -yo =y 1CF-y* 2 CAC)+€1s1) (6)
Parameter Estimates Asymptotic Standard Error
Y1 0.8105 0.0027
v*1 0.8203 0.0105
Y2 0.7291 0.0041
v*2 0.8797 0.0164
B 1.6556 0.0305
Test of Rational Pricing of Earning Components:y*andy,=v*,
Likelihood ratio statistics 164.754
Marginal significance level 0.000
Panel B: EARNg+1) = Yo+y1 CFi +72NCAC; +y; DCAC, +l1) (7
SizeF‘&H_): o+ B(EARN(H]_) -Yo —'Y*]_ CFt' 'Y*z NCACt‘ 'Y*g DCACt)+ €t+1) (8)
Parameter Estimates Asymptotic Standard Error
Y1 0.8089 0.0027
v*1 0.8182 0.0107
Y2 0.7585 0.0092
v 0.9159 0.0364
v3 0.7209 0.0045
v*3 0.8728 0.0179
B 1.6503 0.0305
Test of Rational Pricing of Earning Componentsys; andy,=vy*, andy3=y*3
Likelihood ratio statistics 169.078
Marginal significance level 0.000

Equation (5) and (6), same as Equation (7) anda8)jointly estimated using an iterative weighgederalized nonlinear least squares
estimation procedures based on 45,536 observdtiams1964 to 2003. Due to missing values for depehdariables, the number of
observations drops to 43,256 in Panel A and to6®id Panel B;
Size-adjusted abnormal returns (SizeR) is the miffee between a firm’'s annual raw buy-and-holdrrefRet) and the annual raw buy-and-hold
return for the same twelve-month period on the miackpitalization-based (Market Cap) portfolio deetd which the firm belongs;
The return cumulation period begins four montheréfte fiscal year end in which financial variabdes measured,;
Earnings(EARN) = income from contingioperations divided by average total assets.
Cash flows(CF) = operating cash flovder SFAS NO. 95 after 1988, or the differencevbeh earnings
and current accruals before 1988.

Current Accruals(CAC)= the difference between eaysiand cash flows after 1988, or the Sloan’s(@@hition of

currecruals before 1988.
Normal Current Accruals (NCAC) and Abnormal Curr@wetruals (DCAC) are denoted the predicted valuesrasidual values of the modified
Jones(91) model estimating in cross-section foh éao-digit SIC code and year combination.
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Table 1b- Mishkin Test-Capital Market Efficiency
Nonlinear Generalized Least Squares Estimation of the Market Pricing o€ash Flow from
Operations, Current Accruals with Respect to Their Implications br One-Year-Ahead
Earnings by using decile rankings of financial statement variables

Panel A: EARN®.y) = yo+y1 CF®t +7, CAC %% + [ (5)
SizeRy=a+ B(EARN®.1)-yo =y*1CF; ©%y*, CAC™%)+egn) (6)
Parameter Estimates Asymptotic Standard Error
Y1 0.7565 0.0035
v*1 0.7415 0.0132
T2 0.5411 0.0041
Y*2 0.6613 0.0164
B 0.063 0.0011
Test of Rational Pricing of Earning Components:y«; and y,=y*,
Likelihood ratio statistics 199.726
Marginal significance level 0.000
Panel B: EARN™1) - 7o +y1 CF®% +v, NCAC*% +y3 DCA *% +li1) 7)
SizeRu1)= 0 + BEARN ™1 - Yo —v*1 CF*%- y*, NCAC®%- v* 3 DCAC™Y)+ €y (8)
Parameter Estimates Asymptotic Standard Error
Y1 0.7097 0.0037
1 0.7134 0.014
Y2 0.2196 0.0033
Y2 0.2561 0.0124
Y3 0.4499 0.0037
v*3 0.5878 0.0141
B 0.063 0.0011
Test of Rational Pricing of Earning Componentsy-; and y,=y*, and ys=y*3
Likelihood ratio statistics 252.050
Marginal significance level 0.000

Equation (5) and (6), same as Equation (7) and gB), jointly estimated using an iterative weightgeheralized nonlinear least squares
estimation procedures based on 45,536 observafions 1964 to 2003. Due to missing values for depehdvariables, the number of
observations drops to 43,256 in Panel A and to6®id Panel B;

The decile rankings and decile returns are suppyeGRSP;

The ‘dec’ superscript indicates a decile rank;

The variables are defined in table 1a.
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Table 2- Hedge Portfolio Analysis
Time —series Means of Size-Adjusted Abnormal Returns in Three YeaiBased on Portfolio
Accrual(Current Accruals or Abnormal Accrual) Ranking. Sample Consist of 45,536
Firm-years between 1964 and 2003

Portfolio Panel A: Current  Accruals Panel B: Abnormal Accruals
Ranking yeart+1 yeart+2 year t+3 yeart+1 yeart+2  year t+3
Lowest 0.060 0.049 0.044 0.067 0.057 0.043
(6.44)** | (4.99)* (2.32)* (7.23)** (5.95)* (5.31)*
2 0.036 0.042 0.013 0.038 0.027 0.042
(5.13)** | (5.51)** (2.31)* (5.38)** (3.94)** (2.9)*
3 0.054 0.041 0.002 0.047 0.034 0.012
(7.36)** | (5.85)** (0.23) (6.29)** (4.51)* (1.98)*
4 0.024 0.036 -0.002 0.034 0.032 0.002
(4.14)** | (5.98)** (0.14) (5.31)* (4.9)* (0.38)
5 0.024 0.024 0.001 0.017 0.016 0.002
(3.92)** | (4.06)** (1.13) (2.83)** (2.78)** (1.20)
6 0.021 0.017 -0.006 0.021 0.02 0.021
(3.25)** | (2.95)** (-0.83) (3.45)* (3.4)* (3.12)*
7 0.017 0.024 0.021 0.007 0.025 0.001
(2.95)** | (3.98)** (2.34)* (1.21) (4.05)** (0.12)
8 0.012 0.02 -0.014 0.003 0.012 -0.002
(1.87) | (3.01)* (-0.3) (0.45) (1.23) (-0.38)
9 -0.01 0.015 0.012 0.003 0.026 -0.003
(-0.85) (2.18)* (1.88) (0.38) (2.17)* (-0.09)
Highest -0.024 0.009 -0.002 -0.025 0.000 0.004
(-3.03)* | (1.10) (-1.32) (-2.67)** (0.21) 1.27)
Hedge 0.084 0.04 0.046 0.092 0.057 0.039
(7.21)** (2.7)* (1.86) (8.43)* (3.83)* (2.31)*

The size-adjusted abnormal returns (SizeR) is ifferehce between a firm’s annual raw buy-and-hreltirn ending three months after the fiscal
year end and the annual raw buy-and-hold returthisame twelve-month period on the market-capéttidn-based (Market Cap) portfolio
decile (that is, size decile) to which the firmdreds.

The *and ** denote significance at the 0.05 ar@il level, respectively, based on a two-taileest-for the time series (40 years) of annual
portfolio abnormal size-adjusted returns.

2 Portfolio deciles are formed annually based orréméing of current accruals and abnormal currentuals for Panel A and Panel B,
respectively. The hedge portfolio is formed in yehy taking a long position in the lowest decit@tfolio and a short position in the highest
decile portfolio based on current accruals and ababcurrent accruals, respectively.
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Table 3a
Selection of R and mean stats of Ru.1y, firm size, and CAPM beta ranked by absolute
values of current accruals (Cacvol) and abnormal current accruals (Dcacvol)

Panel A: Spearman correlations between various measures of adjusteddr squ

Rzpaper,daily,vw deaily,ew Rzmonthly,vw Rzmonthly,ew
R24ily,ew 0.982
R2monthiy,vw 0.841 0.852
R2onthly,ew 0.843 0.855 0.991 1

Panel B: Time—series means of futufe frm size, and CAPM beta ranked by absolute values of current
accruals and abnormal current accruals

Cacvol R® 141 Size Dcacvol R® 1+1) Size
Rank observations (beta) Rank observations (beta)
1(lowest) 11.214 5.614 1(lowest) 12.113 5.83
4537 (0.739) 4366 (0.77)
2 11.358 5.672 2 11.876 5.802
4554 (0.752) 4384 (0.775)
3 11.6 5.753 3 11.978 5.766
4563 (0.743) 4389 (0.766)
4 11.468 5.652 4 11.857 5.667
4552 (0.75) 4381 (0.766)
5 11.444 5.63 5 11.572 5.605
4554 (0.763) 4386 (0.776)
6 11.606 5.578 6 11.246 5.461
4564 (0.776) 4392 (0.791)
7 11.555 5.485 7 11.254 5.403
4556 (0.814) 4384 (0.815)
8 11.131 5.369 8 10.93 5.203
4559 (0.824) 4385 (0.847)
9 10.582 5.099 9 10.131 4,961
4558 (0.866) 4388 (0.852)
10(highest) 8.873 4.565 10(highest) 8.7 4.484
4539 (0.898) 4370 (0.898)

R?, in this paper, is calculated by annual buy-aaldtHheturns ending three months after the fiscalgmd on its market indices(value weighted)
by using 252 daily stock returns.

Each firm has its own estimated beta aRdiised on one-year daily rolling regression, whicteast contains 30 daily observations per year.
Size=the natural log of the market value of comraguity (in millions of dollars) measured by endiyegr price times outstanding shares.

The number of observations on abnormal currenuatcank is smaller than on current accrual rarduis to the outliers in Jones model
discussed in section 3.1.
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Table 3b
Time series means of selected variables ranked by abnormal current aceids

Portfolio Abnormal Current Accruals Deciles Ranked in absolute values

Dcacvol Lowest 2 3 4 5 6 7 8 9 Highest

AdjR? 12.113| 11.876| 11.97§ 11.857 11.5Y2 11.246 11.254 .9310 10.131 8.7

(t+1)
R (t+1) 12.463 | 12.227| 12.32§ 12.208 11923 11.399 11.607.285 | 10.489| 9.064
cmz(m) 1.637 1.642 1.718 1.721 1.738 1.781 1.905 1.963 832.0 2.249
682(»“.1) 15.42 16.302| 16.375 15.783 16.5%8 21.73 19.021 1521} 23.8 36.11

Ck 0.123 0.121 0.121 0.118 0.118 0.119 0.12 0.12 0.11.088
Ncacvol | 0.026 0.026 0.027 0.027 0.02y 0.027 0.028 0.03 20.030.046

t

dcacvo] | 0.003 0.009 0.015 0.021 0.028 0.037 0.048 0.064 0890.[ 0.173
N 4366 4384 4389 4381 4386 4392 4384 4385 4388 4370
B 0.77 0.775 0.766 0.766 0.776 0.791 0.815 0.847 520.8 0.898

age 17.078| 17.11¢ 17.031 17.1y8 16.691 16.383 @6(185.246 14.8 12.83
Size 5.83 5.802 5.766 5.667 5.605 5.461 5.403 5.2031.961 | 4.484
BM 0.895 0.848 0.897 0.699 0.867 0.880 0.862 0.8580.830 0.80

EP 0.183 0.192 0.189 0.184 0.184 0.127 0.178 0.17®.164 | 0.088

Size Ade2 (t+1)
Portfolios

Smalles| 2.98 2.67 2.50 2.27 2.57 2.71 2.49 2.78 2.12 2|46
t

2 6.67 6.56 7.03 6.82 6.37 7.09 6.72 7.14 7.22 6|77
3 9.99 9.43 9.57 9.84 10.71 10.64 10.50 10.44 10{821.01
4 13.00 131 12.94 13.72 13.7¢ 13.97 1411 14/95 2815. 15.81

Largest | 21.08 20.71 20.79 21.29 21.48 21.14 22(943.272| 23.70 | 23.06

Sample consists @3,825firm-years between 1964 and 2003 in NYSE/AMEX, shenple is smaller because of outliers deletedadified
Jones model when calculating abnormal accruals.

R?in this paper are all referred to adjustédiumless they are denoted as a dependent varaptexy of adjusted Foecause it is bounded
within the interval [0, 1].

om?.1), market-wide variations in t+1, are calculatedsBf.y*(R%w1y/1-Rw1), adjusted for degrees of freedom.

o&%w1), firm-specific variations in t+1, are measuredtoy squares of standard deviations of residuais franarket model that uses 252 daily
returns on value weighted market returns startiogpfthree months after fiscal year-end, adjustedégrees of freedom.

p =CAPM betas, measured from a market model that2&2slaily returns on value weighted market retstaging from three months after
fiscal year-end .

Ageis the number of years firm survived and listelMSE/AMEX.

Sizeis the natural log of the market value of commquity measured at fiscal year end (Computstat #2times #195) for each firm.

BM, book to market ratio, is the ratio of the fisgahr-end book value of equity (Compustat item #6Q@he fiscal year-end market value of
equity for each firm.

EP, earning to price ratio, is the ratio of operatingome after depreciation (Compustat item #178phécfiscal year-end market value of equity
for each firm.

Size Portfoliosare firm portfolios ranked in quintiles by theeszof firms
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Table 3c
Cross-sectional Regression Tests of Future’®n Accrual Anomaly
Sample consists of 45,536 firm-years between 1964 and 2003

Panel A: Spearman correlations for cross-sectimwakssion variables:

R Eqe M 1) cacvol ncacvol dcacvol age size EP
R+ 1 -0.30 0.86 -0.07 -0.13 -0.04 0.14 0.48 -0.02 30.0
E1) 1 0.23 0.24 0.26 0.20 -0.32 -0.50 0.01 -0.08
M 1) 1 0.06 0.01 0.06 -0.03 023 -0.02 -0.01
cacvol 1 0.28 0.82 -0.15 -0.16 000 -0.14
ncacvol 1 0.14 -0.20 -0.30 -0.04
dcacvol 1 -0.12 -0.12 -0.11
Age 1 0.47 -0.04 -0.07
Size 1 -0.06 -0.15
BM -0.01
EP 1
Panel B: Cross-sectional Regressions of futugg)REq:1), M(.1)0n absolute values of current accruals (cacvol)
(or decomposed components: normakoti@ccruals (ncacvol) and abnormal current acei(aaiacvol)), and control variables.
Dependent R+1) R+1) E+1) M1 Predicted R+1) E(+1) M)
Variable Sign
Cacvol -3.40 -3.16 3.77 0.61 Negative
(-5.82)** (-5.43)** (18.51)* (1.13)
Ncacvol +/- -0.2 2.84 2.64
(-0.27) (9.31)* (3.48)**
Dcacvol Negative -2.51 3.58 1.07
(-4.06)** (13.70)** (2.99)
Age 0.03 -0.17 -0.14 Positive 0.09 -0.21 -0.12
(0.6) (-6.27)** (-3.61)* (3.24)* (-9.37)* (-3.29)**
Sizé 0.51 -0.26 0.25 Positive 0.50 -0.24 0.26
(27.55)* (-20.06)** (10.3)** (24.52)* (-20.04)** (10.12)*
BM -0.1 -0.1 -0.2 +/- -0.14 -0.08 -0.22
(-3.22)* (-4.11)*= (-4.73)* (-3.47)= (-3.46)* (-4.41)*
EP 0.35 -0.82 -0.47 +- 0.34 -0.79 -0.46
(2.36)* (-8.86)** (-2.5)** (2.23)* (-9.43)* (-2.48)*

Panel C: Cross-sectional Regressions of futyge)®n absolute values of current accruals and comtngbles for five portfolios of firms

formed annually by assigning firms to quintilesédxhsn firm size.

Dependent Variabl®gs,, for :
Size=smallest 2 3 4 Largest
Cacvol -3.39 -2.32 -0.62 1.54 7.17
(-3.79)* (-1.4) (0.71) (1.03) (0.94)

R 1) =log (R (1-Ron)

E= 10g 0% )
M(1+1)= Iog (sz(tﬂ))

Siz€ here is residual values of OLS regression of sizabsolute value of current accruals as firgiesta
* denote 5% significance level
** denote 1% significance level
" denote non-significance at 1% level.
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Table 3d
Cross-sectional Regression Analysis of Firm-Specific Volatility Deenposition:

Idiosyncratic Risk and Industry Risk

Panel A Control for 48 industries (dummies) to measuresghcratic risk on accrual anomaly.
....... + [33*iNd48)+ g1

R=Rot R*cacvol+ R*aga+ R*Size'+ RA*BM + FF*EP+( Xrind1+

Dependent R(x+1) E(1+1) M (t+1)
Variable

Cacvol -3.77 2.95 -0.82

(-6.41)* (16.14)* (-1.6)

Age -0.01 -0.11 -0.11
(-0.11) (-4.64)* (-3.18)

Sizé 0.53 -0.26 0.27
(24.84)* (-22.72) (11.13)

BM -0.05 -0.12 -0.17
(-1.70) (-2.59)* (-3.76)**

EP 0.44 -0.65 -0.21
(2.11)* (-2.56)* (-1.58)

Panel B Cr

oss-industry level R.1) on value

Dependent Ring(t+1) Eina(t+1) Ming(t+1)
Variable

Cacvohg -4.49 8.42 3.92
(-2.03)* (7.33)* (2.42)*

Adend -0.08 0.04 -0.04
(-3.62)* (3.02)* (-2.90)**

Sizend 0.16 -0.14 0.02

(2.33)* (-3.02)** (0.5)

BMing -0.09 -0.24 -0.34
(-0.3) (-1.72) (-1.56)

EPng 2.26 -1.44 0.82
.77)* (-4.65)** (1.30)

Panel C Firm-specific volatility(E) decompositions on agal anomaly at firm level: Idiosyncratic riskq(f) and industry risk(Fausty)

Ree1y=Ro+ R*cacvol+ R*age+ *Size'+ RFABM ¢+ R5*EP; +¢(4q)

-weighted aggregate accruals at industsi to measure industry-to-market volatility.
Ring(t+1)=Ry+ Ri*cacvol(tnat Ro*age(tinat Re*Siz€ (t)ind™+ RFBM(L) ina+ R*EP (Yind +Eindey)

Dependent R(t+ 1) E(H' 1) Efirm (t+1) Eind (t+ 1) Eindustry (t"'l) M (H'l)
Variable
Cacvol -3.16 3.77 2.95 1.27 0.53 0.61
(-5.43)% (18.51)* (16.14)* (6.81)* (0.94) (1.13)
Age 0.03 -0.17 -0.11 -0.05 -0.17 -0.14
(0.59) (-6.19)* (-4.64)* (-2.74)* (-3.68)** (-3.59)*
Sizé 0.51 -0.26 -0.26 -0.01 0.26 0.25
(27.53)* (-20.26)* | (-22.72)* (-1.45) (11.53)= (10.26)*
BM -0.09 -0.11 -0.12 0.01 -0.14 -0.20
(-3.13)* (-4.26)* (-2.59)* (0.31) (-2.04) (-4.72)*
EP 0.34 -0.78 -0.65 0.02 -0.15 -0.44
(2.23) (-8.36)** (-2.56)* (0.08) (-0.53) (-2.38)*

R 1)=log(Re1y(1-Rn).
E1= 109 ©%(+1): Eng=109(6%m), Endusty™ 109((Br/ Bim)* 6%im)s
M1)= 109 @ mes1),
Ring is 48-industry R measured as CAPM of value-weighted industry returnsabrewveighted market return, both adjusted for risk free ra
Siz€ here is residual values of OLS regression of sizabsolute value of industry-levelcurrent accruals as fiegtes
* denote 5% significance level

** denote 1% si

gnificance level
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Daily Returns versus Monthly Returns

Table 3e
Cross-sectional Regression Analysis of Sensitivity Test:

Resa=Rot B*Cacvolt RrAgect G*Size+ R*BM o+ RAEP +e.y)

afer+1 Year T+2 YearT+3
R+1) E+1) M 1) R+2) Ew+2) Me+2) R+3) Ea) Me+3)
Daily
Cacvol -3.16 3.77 0.61 -3.30 3.97 0.67 -3.75 3.76 0.01
(-5.43)* (1851  (1.13) (5.98)* (1832  (L.56)* (571  (19.42)*  (0.01)
Monthly
Cacvol -1.23 3.62 2.39 -1.54 3.74 2.20 -1.55 3.47 1.92
(-2.81)* (17.92)* (6.40)* (3.32)*  (19.17)*  (5.48)™ (357  (16.73)*  (3.86)™
Age -0.02 -0.20 -0.22 -0.12 -0.18 -0.30 -0.03 -0.19 -0.22
(-0.45) (12.65)*  (-4.38)™ (1.32) (791  (-3.48) (0.76)  (9.14)* (-6.22)*
Sizé 0.21 -0.24 -0.03 0.20 -0.23 -0.03 0.19 -0.22 -0.02
(1165  (-17.72)= (-1.16) (11.03)*  (-16.32)*  (-1.55) (10.85)*  (-22.3)*  (-1.35)
BM -0.11 -0.09 -0.20 -0.04 -0.10 -0.14 -0.12 -0.04 -0.16
(-2.82)* (3.42)*  (:357)* (-0.51) (2.26)*  (-2.72)* (1.65)  (-1.36)  (-3.01)*
EP 0.15 -0.77 -0.62 0.41 -0.81 -0.40 -0.33 -0.60 -0.93
(0.69) (-4.46)™ (-3.91)* (1.13) (-4.60)* (-1.74) (-1.62)  (487)*  (-4.20)*
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Table 3f
Cross-sectional Regression of Other Possible Explanations in Afferg the Relationship of
Future R? on Accrual Anomaly:

Panel A: Accruals Decompositions-Teoh et al. (1998)
R1=Rot+ Br*Ncacvok+ *Dcacvol + *Nlacvol; + R*Dlacvol, +R*Age+ Rs*Size'+ B*BM o+ R*EP; +&4.1)

Dependent R(x+1) E(1+1) M (t+1)
Variable
NCacvol -0.52 2.68 2.16
(-0.86) (7.78)** (3.87)*
Dcacvol -2.42 3.29 0.87
(-3.94)** (12.44)* (1.51)
Nlacvol -0.17 -0.66 -0.83
(-0.54) (-3.00)** (-2.10)*
Dlacvol -0.21 1.60 1.39
(-0.61) (8.06)** (4.14)*
Age 0.10 -0.21 -0.12
(3.46)** (-7.04)** (-2.93)**
Sizé 0.50 -0.24 0.26
(23.56)** (-20.23)** (9.58)**
BM -0.14 -0.09 -0.23
(-3.71)** (-3.79)** (-4.26)**
EP 0.34 -0.74 -0.40
(2.25)* (-8.62)** (-2.04)*

Panel B: Value-Glamour Accruals-Desai et al. (2004)

R1y=Rot Bi*Cacvol+ B*Aget Bs*Size'+ R*BM ¢+ 5*EP +OCFR, g1

Panel C: Bankruptcy Risk (Altman Z) — Khan (2005)

Ru1=Rot+ Bi*Cacvolt+ B*Agert R*Size'+ R*BM + BFEP + B6*ALTZ; +¢ 1)

Panel D: Arbitrage Risk-Mashruwala et al. (2006)
Ru1=Rot+ Bi*Cacvolt R*Agert B*Size'+ R*BM + B*EP; + R+ (Cacvol*ARB)+ .

4 B Panel C Panel D
R+ E@1) M 1) Ry Ey) M) R+ E@) M)
Cacvol -3.00 3.40 0.40 -3.28 3.66 0.39 -3.15 -0.05 -3.20
(528  (14.14)* 0.74) (543  (17.34)* _ (0.66) (4190  (0.08)  (-2.96)*
Age 0.03 -0.16 -0.13 0.03 -0.20 -0.17 0.02 -0.19 -0.17
(0.69)  (-4.80)* - 0.77) (7.73) (449" 0.43) (588" (.2.56)
3.02)
Sizé 0.50 -0.25 0.25 0.51 -0.26 0.25 0.51 -0.22 0.29
(25.73)*  (-19.04)*  (9.55) (27.99)*  (2L7)%  (11.04)= (30.52)*  (-19.6)*  (14.43)%
BM -0.11 -0.10 -0.21 -0.07 -0.07 -0.14 -0.09 -0.04 -0.13
(BTN (387 (ATA (-2.43)* (155)  (-2.20)* (3.02*  (0.99)  (-2.14)*
EP 0.42 -0.86 -0.44 0.36 -0.58 -0.22 0.42 -0.36 0.06
(2.96)* (-8.42)* (-2.52)* (.10 (319"  (0.72) (.73)*  (1.66)  (0.20)
OCFP -4.61 3.81 -0.80
(-3.61) (2.64)* (-0.42)
ALTZ 0.02 -0.01 0.01
(2.62)* (1.27) (1.64)
Cacvol*ARB 0.03 0.37 0.40
(+10%) 066) (.78  (4.32)
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Table 4a
The Time-Series Means of Future R Accruals and Its Decomposed Components in
Absolute values, and Control Variables Across Countries, sorted by’RSample Consists of
126,475 Firm-Years Over 1990 and 2005.

Country ISO Filing N Future | Accvol, | Naccvo] | Daccvo| | Firm | Firm | BM EP
Deadliné R%(%) age | Siz€
Denmark DNK 6 1,013 16.4 0.074 0.041 0.0¢ 7138 4.8634| 0.10
USA USA 3 41,144 16.4 0.0771 0.041 0.06 8,37 5.80840.0.12
Australia AUS 4 4,025 17.0 0.087 0.041 0.077  5(78294 4.23| -0.90
UK GBR 6 11,210 17.5 0.078 0.044 0.065 744 4.86495%. 3.89
Canada CAN 4 4,419 17.7 0.084 0.051 0.062 7.06 52a5| 5.36
Japan JPN 3 24,05 17.8 0.053 0.041 0.044 8.21 |[50183| 0.08
Switzerland | CHE 6 1,543 18.1 0.06p 0.04p 0.052 6.8676 | 0.32| 0.09
Thailand THA 3 2,104 20.3 0.085 0.044 0.071L 6/14553. 0.58| 0.06
Philippines | PHL 6 528 20.4 0.083 0.046 0.073 553133 2.28| 2.49
Germany DEU 8 5,085 20.8 0.119 0.056 0.095 6.9284.0.71| 0.09
Brazil BRA 6 865 21.7 0.076 0.051 0.064 6.p5 8|55191 0.89
Netherlands| NLD 5 1,554 22.7 0.098 0.05 0.072 7.@58 | 0.39] 0.41
S. Africa ZAF 6 809 23.5 0.071 0.036 0.062 6/10 159.13| 1.35
Finland FIN 6 791 23.9 0.084 0.052 0.060 5/92 5@37| 0.17
Norway NOR 6 976 24.3 0.087 0.041 0.078 6/80 4.903 |00.05
France FRA 6 4,890 24.4 0.097 0.043 0.075 6.86 5.143| 0.79
Sweden SWH 6 1,847 24.5 0.07)7 0.032 0.066 6.44 U@37| -0.1
Austria AUT 6 644 24.7 0.11 0.061 0.075 6.47 4|63193 0.87
Belgium BEL 6 732 25.5 0.10 0.057 0.069 6/52 5.308| 2.11
China CHN 6 3,127 26.4 0.082 0.031 0.074 7,08 3§3.8&%7| 0.07
Mexico MEX 6 505 26.9 0.062 0.05 0.054 6.91 642 051 O
Hong Kong | HKG 6 1,058 27.3 0.071 0.034 0.067 7.02335% 0.36]| -1.17
Indonesia IDN 4 1,242 28.1 0.124 0.046 0.108 6.0664 3 0.07| 0.05
Korea KOR 6 1,366 28.5 0.09 0.045 0.07p 4185 4.72640 0.18
Singapore SGP 3 2,493 29. 0.079 0.04 0.071 5.129 [40.61| 0.12
Italy ITA 4 1,309 29.5 0.088 0.044 0.068 5.V4 4/918.2| 5.25
India IND 6 1,937 30.7 0.074 0.038 0.068 569 4(9B43| 0.22
Spain ESP 6 1,102 30.9 0.09p 0.05p 0.073 6.97 6&B2| 3.64
Malaysia MYS 7 4,955 34.2 0.07¢ 0.037 0.07R 6(45074.0.36| 0.07
Taiwan TWN 4 1,774 37.1 0.065 0.038 0.054 493 539 035 (
Greece GRC 6 556 44 4 0.131 0.04b 0.111 518 5.73.3|14.65

e Filing deadlines are the number of months requioeelease financial statements after fiscal yedr e
2 Firm size is calculated as natural logarithm ofketivalue of market equity measured at fiscal yat and transferred to US currency by

fiscal year-end exchange rate for the purpose wipesison to other countries. All other analysistf@ firm size is used in domestic currency.

Future R is calculated as CAPM of a typical market modehwnonthly stock returns against monthly value-wieég market index in two years
starting from filing deadlines of financial statem after fiscal year-end month. Current accruAl€() is defined in equation (25) and
ACCVOL is ACC in absolute values. Normal currentra@ls (NACC) and Abnormal current accruals (DA@®) measured in equation (26-28)

by using modified Jones model with one-digit SIGl€oBM is book-to market ratio and EP is Earningice ratio. ISO is international
standards organizations country code.
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Table 4b
Cross-sectional Regressions coefficients of future?R(t+1), and decomposed components
E(t+1), and M(t+1) on absolute values of current accruals (ACCVOL) or decomposed
components: normal current accruals (ACCVOL) and abnormal current
accruals(DACCVOL), and control variables by country, sorted by R.

R(t+1)=M(t+1)-E(T+1)= By+ [ *accvol + R*age+ B*Size'+ BFBM + B*EP +g (1)
R(t+1)=M(t+1)-E(T+1)= By+ Ry*naccvok+ By daccvol + R*age +R3:*Size'+ B*BM (+ R*EP; +&.1

Coefficients (B,) Coefficients (B1) Coefficients (B1,)
Country I1SO A (t+1) E(t+1) M(t+1) A (t+1) E(t+1) M(t+1) A (t+1) E(t+1) M(t+1)
Denmark DNK -1.99 3.66** 1.67 -6.71 7.16 0.45 -0.03 3.79* 3.76
USA USA -0.83* 4.91%* 4.09%* 2.22% 3.89** 6.11** -1.29** 3.73** 2.44%*
Australia AUS -1.327 3.62** 2.31** 1.48 0.95 2.427 -1.437 2.68** 1.267
UK GBR -1.83%* 2.84** 1.02» -3.13%* 4.47%* 1.34 -1.18** 2.24%* 1.05**
Canada CAN -0.917 2.99** 2.08** 0.62 2.72%* 3.35* -1.35% 2.3%* 0.94
Japan JPN -3.4% 3.76** 0.36 -2.62 2.57* -0.05 -0.02 3.12%* 3.1n
Switzerland CHE 4.67 411 8.78 -2.5 1.37 -1.12 1.75 0.32 2.07
Thailand THA -0.98 1.46%* 0.48 3.27 1.50 4.78 -0.06 1.56%* 1.517
Philippines PHL 0.66 0.72 1.37 -2.41 0.95 -1.46 231 4.28* 6.59
Germany DEU -2.23* 0.49 -1.73» -2.16 1.51%* -0.65 -1.67* 0.37 -1.30
Brazil BRA -1.74 1.30 -0.45 0.46 2.57 3.03 -2.87 -1.01 -3.88*
Netherlands NLD -5.63* 0.21 -5.42 -2.61 -1.83 -4.44 -11.5 -6.64 -18.14
S. Africa ZAF -2.837 -0.08 -2.917 -2.91 0.97 -1.94 5.86 -1.76 4.09
Finland FIN -1.09 1.27 0.18 -2.86" 0.84 -2.02 -1.27 1.70 0.43
Norway NOR -1.03 0.72 -0.32 0.80 2.48* 3.287 -1.1 0.71 -0.39
France FRA -1.15% 1.32% 0.17 -1.79 1.93* 0.14 -1.36%* 0.997 -0.37
Sweden SWE -3.23 2.26* -0.97 8.29 1.63 9.92* -4.85 2.607 -2.26
Austria AUT 0.20 -2.18 -1.98 2.36 -1.92 0.44 -2.60 -0.18 -2.78
Belgium BEL -3.08 0.89 -2.19 -0.05 -0.89 -0.94 -2.48 -1.12 -3.6
China CHN -0.14 0.34 0.20 -3.17** -0.26 -3.42* -0.06 0.03 -0.04
Mexico MEX -1.94 1.39 -0.55 -0.67 5.37 4.70 -2.38 1.75 -0.64
Hong Kong HKG -1.81 2.81 1.01 -4.61* 1.88 -2.73 1.79 3.297 5.087
Indonesia IDN -0.94 0.407 -0.54 -1.74 0.15 -1.59 2.92 0.38 3.307
Korea KOR -2.71 2.84** 0.13 3.54 0.04 3.58 2.37 -2.85 -0.48
Singapore SGP 0.32 1.85%* 2.18* -1.63 2.24% 0.61 -0.37 0.93* 0.57
Italy ITA -2.96 1.15 -1.81 -8.04 -0.28 -8.32 1.09 -0.16 0.93
India IND -0.64 -0.31 -0.95 -0.35 -0.81 -1.16 -0.03 0.10 0.07
Spain ESP 0.22 -0.13 0.09 -4.47 5.26 0.79 -0.22 0.56 0.33
Malaysia MYS -0.84 2.21** 1.37* -0.57 1.88* 1.31 -0.89 2.07** 1.31
Taiwan TWN -0.90 1.68** 0.78 -1.31 -1.69 -2.300 -0.59 1.11%* 0.52
Greece GRC 0.99 0.49 1.49 -1.21 -1.25 -2.46" 0.35 0.63 0.98
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Table 4c

Pooled cross-country time-series regression of future’RR(t+1), and respective

decomposed components, future firm-specific stock return variabin, E(t+1), future
market-wide stock return variation, M(t+1), on accrual anomaly and control variabks.

Sample consists of 432 country-years between 1990 and 2005.

Panel A: Spearman correlations for cross-countr @tgression variables:
Ret1) Eg) M 1) accvol naccvol daccvol age size BM EP
Ry 1 0.03 0.88* -0.03 0.09" -0.11* -0.43** 0.15* -0.19%* -0.23%*
Ewy 1 0.48* 0.03 0.02 0.19% -0.05 -0.04 -0.21* -0.21%*
My 1 -0.01 0.10* -0.00 -0.39%*  0.13% -0.27** -0.31%*
accvol 1 0.53* 0.75* -0.00 -0.18** 0.03 0.02
naccvol 1 0.33* -0.09" -0.01 -0.15%* -0.15%
daccvol 1 -0.27%* 0.14* 0.00 0.01
Age 1 -0.17** 0.10* 0.13*
Size 1 -0.33** -0.30%
BM 1 0.97*
1

EP
Panel B: Country-level OLS regression of futufeaRd its decomposed firm-specific variations andkeiawide

variations on medians of countryelecurrent accruals in absolute values and cortrgables.
Panel C: Country-level OLS regression of futufeaRd its decomposed firm-specific variations andkeiawide

variations on medians of decompasedponents of current accruals in absolute valndscantrol

variables.
Panel B Panel C
Dependent| Ry R+ Ea) M) R+ Ewa M)
Variable
Cacvol -2.21 -1.78 0.57 -0.59
(-0.72) (-0.64) (0.34) (-0.19)
Ncacvol 4.08 -3.94 0.79

(1.14) (-1.84)" (0.19)

Dcacvol -3.75 8.32 4.44

(-1.13) (4.19)** (1.15)

Age -0.19 -0.01 -0.20 -0.18 -0.02 -0.20
(-8.82)** (-0.86) | (-7.93)** | (-8.49)** (-1.48) (-7.94)**

Sizé 0.20 -0.26 -0.05 0.17 -0.15 0.03

(1.03) (-2.30)* (-0.01) (0.88) (-1.27) (0.39)
BM 0.29 -0.07 0.24 0.28 -0.06 0.24
(2.43)* (-1.04) (1.e9" (2.36)* (-0.77) @.7nn
EP -0.36 -0.01 -0.38 -0.35 -0.02 -0.37
(-3.2)** (-0.07) | (-2.97)** | (-3.11)** (-0.33) (-3.02)**
N 432 432 432 432 432 432 432
R’ 0.01 0.23 0.06 0.22 0.23 0.10 0.23
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Table 5a
Country Characteristics

Country ISO Legal Corruption Rule | Investor Ownership Account
Tradition of Rights | Concentration(%)
Law
Denmark DNK civil 10 10.00 2 45 62
USA USA | Common 8.63 10.00 5 20 71
Australia AUS | Common 8.52 10.00 4 28 75
UK GBR | Common 9.10 8.57 4 19 78
Canada CAN| Common 10 10.00 5 40 74
Japan JPN civil 8.52 8.98 4 18 65
Switzerland | CHE civil 10 10.00 1 41 68
Thailand THA| Common 5.18 6.25 2 47 64
Philippines | PHL civil 2.92 2.73 4 57 65
Germany DEU civil 8.93 9.23 1 48 62
Brazil BRA civil 6.32 6.32 3 57 54
Netherlands| NLD civil 10 10.00 1 39 64
S. Africa ZAF | Common 8.92 4.42 4 52 70
Finland FIN civil 10 10.00 2 37 77
Norway NOR civil 10 10.00 3 36 74
France FRA civil 9.05 8.98 2 34 69
Sweden SWE| civil 10 10.00 2 28 83
Austria AUT civil 8.57 10.00 1 58 54
Belgium BEL civil 8.82 10.00 0 54 61
Mexico MEX civil 4.77 5.35 0 64 60
Hong Kong | HKG| Common 8.52 8.22 4 54 69
Indonesia IDN civil 2.15 3.98 2 58 -

Korea KOR civil - 5.35 2 23 62
Singapore SGP Common 8.22 8.57 3 49 78
Italy ITA civil 6.13 8.33 0 58 62
India IND | Common 4.58 417 4 40 57
Spain ESP civil 7.38 7.80 3 51 64
Malaysia MYS| Common 7.38 6.78 3 54 76
Taiwan TWN Civil 6.85 8.52 3 18 65
Greece GRC civil 7.27 6.18 1 67 55

Data based on La Porta et al. (1997), country'allggdition is either common (civil) law systenor@iption Index is an index of assessment of
the corruption in government, measurement of irrgstotection, varying from 0 to 10, with lower indicating “high government officials
are likely to demand special payments” and “illgg@yments are generally expected throughout losweris of government” in the form of
“bribes connected with import and export licengaghange controls, tax assessment, policy proteaioloans”.Rule of Law is an index
measured for investor protection, varying from @@ with lower scores indicating less tradition v and order. Investor Rights is an
aggregate measure of minority shareholder riglatgjing from 0 to 5, with lower scores indicatingopinvestor rights, based on anti-director
index. Ownership Concentration is means of thegrgage of common shares owned by three largedtigitaters in the ten largest privately
owned non-financial firms, Accounting Standards soea for quality of accounting standards, varyimgrf O to 90, lower scores account for
proxy of low quality of accounting standards.
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Table 5b

Logit cross-country regressions of the occurrence of accrual anomaly sigicéntly
decreasing B, AADR, the occurrence of accrual anomaly significantly increasing future
firm-specific variation, AADE, and the occurrence of accrual anomaly sigtiicantly
affecting future market-wide variation, AADM, on cross-country institutional and
governmental factors.

Panel A: Spearman correlations for cross-counstititional and governmental factors:

AADR AADE AADM Corrupt Legal Rule law InvRights OwnConcen Account
AADR 1 0.26 0.59*  0.39* 0.31" 0.28 0.38* -0.46** 0.26
AADE 1 0.34" 0.06 0.33 0.14 0.37* -0.58** 0.49**
AADM 1 0.26 0.69** 0.13 0.47* -0.19 0.50**
Corrupt 1 0.03 0.85** 0.03 -0.44* 0.47*
Legal 1 0.08 -0.64** 0.14 -0.42*
Rule_law 1 -0.11 -0.41* 0.36"
InvRights 1 -0.44* 0.41*
OwnConcen 1 -0.47**
Account 1

Panel B: logit regression estimates:

AADR= [+ R*Legal, + R*Corrupt+ B* Rule_law + 3* InvRights + * OwnConcep+ [* Account + ¢

(31)
Dependent Coef. Coef. Coef. Coef. Coef. Coef. AADR AADE AADM
Variable (Chi-square) (Chi-square) (Chi-square) (Chi-square) (Chi-square) (Chi-square)
Corrupt 0.68" 3.16* -0.83 1.59
(3.50) (4.69) (0.45) (1.75)
Legal 1.39" 8.33" 5.37 8.70"
(2.70) (2.97) (1.68)  (2.83)
Rule_law 0.35 -1.08 1.26 -0.30
(2.16) (1.16) (0.92) (0.13)
InvRights 0.68* -1.34 -0.49 -1.35
(3.81) (0.94) (0.25) (0.87)
OwnConcen -0.08* -0.34*  -0.19" -0.08
(5.32) (3.92) (2.67) (0.52)
Account 0.08 -0.37* 0.08 -0.00
(1.85) (3.75) (0.42) (0.00)
Adjusted R 0.26 0.13 0.12 0.21 0.28 0.09 0.77 0.73 0.73
N 29 30 30 30 30 29 28 28 28

Corrupt=Corruption index, varying from 0 to 100.ver scores indicate high degree of government ptiou.

Legal=legal tradition, o if civil law tradition, it common law tradition.
Rule_law=rule of law, varying from 0 to 10. Loweses indicate less tradition for law proper.

InvRights=Investor Rights, varying from 0 to 5. Lemscores indicate least minority shareholder sight
OwnConcen=Shareholder Ownership Concentrationjngufyom 0 to 100(%). Low percentage indicates fogmership concentration.
Account=Accounting Standards, varying from 0 to.1l08w scores indicate low quality of accountingnstards.

All factors are defined in table 5a.
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Table 6: Evidence from ADR,

This table reports the results from ADRs, We chadkthe ADRs from CRSP and Compustat merged da&aba total, | have 3479
observations from 1989 to 2004. | classify the darmgo four groups: Group1(non-occurrence) incRIA®Rs from those countries where there
is no accruals and?Relation. Group2 (occurrence) includes ADRs frénose countries where there is accruals éheBtion.group3 (group4)
includes those ADRs from countries with non-ocaseee(occurrence) of absolute value of accrualsfiamdspecific variation relation. R
=log(R+1/(1-Rw1)), Egny= 109 ©%ee1)) @nd Meay- 10g (6%me1y)- Cacvol is the absolute value of current acciuadacvol is the absolute value of
normal accruals and dcacvol is the absolute valaésoretionary accruals. | also control for firimes book-to-market ratio, earning to price. The
coefficients of control variables are not repotede, but available upon request. | use #, * antb*denote the significant level at 10%, 5%, and
1% respectively.

Panel A: Cross-sectional regression results.

ADRs All countries pooled Groupf(non—occurrence of (+1) on cacvol) GroupZ(occurrence ofl (1) on cacvol)
N 3,479 (28 countries) 861 (20 countries) 2,618d@ntries)
A (1) E+y) M1 A (1) E+1) M1 A (1) E+1) M1
Cacvol -3.76 411 0.34 18.26 3.97 22.24 -3.98 4.05 0.06
(3.78)** (11.22)* (0.39) (1.83) (3.22)** (2.01) (-4.08)** (10.90)** (0.07)
Or
Ncacvol 3.94 1.91 5.86 -17.32 1.30 -16.02 7.06 4.83 11.90
(1.14) (1.35) (2.16)* (-1.10) (0.24) (-0.80) (2.40)* (1.11) (2.02)
Dcacvol -3.47 3.52 0.05 9.45 5.54 14.99 -3.50 3.77 0.27
(-3.84)** (8.76)** (0.07) (1.76) (2.13)* (1.95) (-3.94)** (8.16)** (0.37)
Group3 (non-occurrence qfigon cacvol)  Group4 (occurrence qf.f on acvol)
N 949 (17 countries) 2530 (11 countries)
Cacvol 4.57 0.82 5.38 -4.35 4.54 0.19
(0.81) (0.99) (1.06) (-4.52)** (11.03)** (0.18)
Or Or
" Ncacvol 8.95 2.24 11.19 7.36 5.90 13.26
(1.44) (0.73) (1.85) (2.51)* (1.36) (2.08)
Dcacvol 4.15 0.94 5.09 -3.80 4.23 0.43
(0.83) (1.14) (2.05) (-4.13)** (8.92)** (0.48)

Panel B: Nonparametric Median Test for ADR Sample ad Domestic Sample.

Mean Score for

Sample N Mean R(%) R?
ADR (Groupl) 861 12.73 0.57
ADR (Group2) 2,618 9.31 0.38

Domestic 43,525 11.59 0.51

P-value 0.000

Mean Score for

Sample N Mean Cacvol(%) Cacvol
ADR (Group1) 861 5.01 0.39
ADR (Group?2) 2,618 6.16 0.46

Domestic 43,525 5.82 0.51

P-value 0.000
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Appendix
Table 3cl

Cross-sectional Regression Tests of FutifrerRAccrual Anomaly
Sample consists of 45,536 firm-years between 1964 and 2003.

Panel A: Cross-sectional Regressions of futuge,RE .2, M2 0n absolute values of current accruals (cacvol)

(or decomposed components: hoomaknt accruals (ncacvol) and abnormal currentuads (dcacvol)), and control variables

Dependent R(Hz) R(1+2) E(Hz) M(1+2) R(1+2) E(1+2) M(1+2)
Variable
Cacvol -3.53 -3.30 3.97 0.67
(-6.21)** (-5.98)** (18.32)** (1.56)*
Ncacvol -1.26 3.17 1.91
(-1.51) (9.98)** (2.4)*
Dcacvol -2.09 3.37 1.28
(-3.77)* (12.31)* (2.52)*
Age 0.05 -0.19 -0.13 0.12 -0.23 -0.11
(0.75) (-7.14)* (-2.20)* (3.7)* (-13.65)** (-3.05)**
Sizé 0.49 -0.25 0.24 0.48 -0.23 0.25
(22.51)* (-20.10)** (9.23)** (20.24)* (-20.65)** (9.02)**
BM -0.04 -0.12 -0.16 -0.12 -0.08 -0.20
(-0.96) (-3.24)* (-5.01)* (-2.76)** (-3.75)** (-3.83)**
EP 0.22 -0.91 -0.69 0.09 -0.87 -0.78
(0.93) (-8.22)** (-2.76)** (0.58) (-9.08)** (-3.60)*
Dependent Variable ig.fxfor :
Size=smallest 2 3 4 Largest
Cacvol -4.35 -4.83 -2.94 0.34 2.83
(-3.35)** (-4.37)** (-1.91) (0.18) (0.91)

Panel B: Cross-sectional Regressions of futugg)RE+3), M3 0n absolute values of current accruals (cacvol)

(or decomposed components: noomaknt accruals (ncacvol) and abnormal curreotuads (dcacvol)), and control variables.
Depen dent R(x+3) R(1+3) E(x+3) M (t+3) R(1+3) E(1+3) M (t+3)
Variable
Cacvol -3.87 -3.75 3.76 0.01
(-6.86)** (-5.71)* (19.42)* (0.01)
Ncacvol -1.78 3.13 1.34
(-1.7) (10.87)** (1.23)
Dcacvol -2.62 3.14 0.51
(-3.91)* (17.26)* (0.87)
Age 0.17 -0.19 -0.02 0.21 -0.23 -0.02
(1.81) (-7.58)** (-0.14) (2.10)* (-13.18)** (-0.27)
Sizé 0.48 -0.24 0.24 0.47 -0.22 0.24
(15.33)** (-21.99)** (6.84)** (14.89)** (-20.21)** (7.46)**
BM -0.06 -0.11 -0.17 -0.09 -0.07 -0.16
(-1.03) (-4.50)** (-2.38)* (-1.28) (-2.80)** (-2.72)*
EP -0.23 -0.96 -1.19 -0.25 -0.9 -0.15
(-0.76) (-6.66)** (-3.03)** (-0.73) (-7.56)** (-2.91)*
Dependent Variabl®gss for :
Size=smallest 2 3 4 Largest
Cacvol -3.76 -2.67 -3.16 0.91 0.80
(-3.54)* (-1.02) (-1.91) (0.36) (0.46)
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R2=Rot R*cacvol+ R*aga+ *Size'+ R*BM o+ F*EP+( Zrind1+

Panel B: Cross-industry levefRy) on value-weighted aggregate accruals at industsi ko measure industry-to-market volatility.
e(Dhna+ Re*Siz€ (ind™+ RFBM(L) ina* R*EP(Dina +e+2)

Cross-sectional Regression Analysis of Firm-Specific VolatilitDecomposition:

Table 3d1

Idiosyncratic Risk and Industry Risk
Panel A: Control for 48 industries (dummies) to mea idiosyncratic risk on accrual anomaly.
....... + [33*iNd48)+ g2

Dependent Re+2) E@2) M2)
Variable

Cacvol -3.68 3.15 -0.53
(-8.33)* (13.48)* (-1.79)

Age 0.05 -0.12 -0.08
(0.73) (-4.83)* (-1.35)

Sizé 0.51 -0.25 0.26
(18.88)* (-22.21)* (9.11)*

BM -0.09 -0.12 -0.22
(-2.4)* (-1.89) (-2.45)*

EP 0.03 -0.79 -0.76
(0.15) (3.1 (-1.80)

Rina(t+2)=l+ *cacvol(tyat+ H*ag

Dependent Rind(t+2) Eind(t+2) Mind(t+2)
Variable
Cacvohg -4.03 8.65 4.62
(-1.96) (7.08)** (3.02)**
Agénd -0.08 0.04 -0.04
(-3.64)** (3.29)** (-3.27)*
Sizénd 0.15 -0.14 0.01
(2.0) (-3.35)** (0.03)
BMing -0.01 -0.23 -0.24
(-0.05) (-1.80) (-1.59)
EPng 2.53 -1.32 1.2
(3.46)** (-4.39)** (2.10)*

Panel C: Fi

rm-specific volati

ility(E) decompositioms accrual
R2=Rot+ R*cacvol+ R*agae+ R*Size'+ RFBM o+ R*EP +eu2)

anomaly at firm level: Idiosyncratiskr(Eim) and industry risk (k)

Dependent R(t+2) E(t+2) Eirm (t+2) End(t+2) Emdustr)(t"'z) M (t+2)
Variable

Cacvol -3.30 3.98 3.15 1.34 1.02 0.68
(-5.98)* (18.34)* (13.48)* (7.75) (2.38)* (1.57)

Age 0.05 -0.19 -0.12 -0.04 -0.17 -0.13
(0.73) (-7.11)* (-4.83)* (-2.87)* (-2.55)* (-2.24)*

Sizé 0.50 -0.25 -0.25 -0.01 0.26 0.24
(22.58)* (-20.27)* | (-22.21)** (-1.25) (10.91)* (9.21)*

BM -0.04 -0.13 -0.12 0.01 -0.11 -0.17
(-1.00) (-3.36)* (-1.89) (0.29) (-2.10)* (-5.13)*

EP 0.23 -0.85 -0.79 0.08 -0.47 -0.62
(1.04) (-7.96)* (-3.1)* (0.39) (-1.64) (-2.66)*

R @2 =l0g(Re2/(1-Res2))

E(n-z): |Og (0'

2ﬂ(t+2))

Me2)= 109 (0°m(e+2)

Rina is 48-industry Rmeasured as CAPM of value-weighted industry reatemvalue-weighted market return, both adjustedisk free rate.

Siz€ here is residual values of OLS regression of gizabsolute value of current accruals as firgiesta
* denote 5% significance level
** denote 1% significance level
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Table 3d2

Cross-sectional Regression Analysis of Firm-Specific VolatilitDecomposition:

Idiosyncratic Risk and Industry Risk
Panel A: Control for 48 industries (dummies) to mea idiosyncratic risk on accrual anomaly.
Ra=Rot R*cacvol+ *aga+ B*Size'+ R*BM i+ F*EP+( R*ind1+ ....... + 33*iNd48)+ gt+3)

Dependent Re+3) E@3) M3
Variable

Cacvol -4.45 2.97 -1.48
(-6.19)* (17.68)* (-2.17)*

Age 0.13 -0.13 0.01
(1.73) (-5.48)** (0.07)

Sizé 0.50 -0.24 0.26
(17.63)** (-22.3)** (8.73)

BM 0.04 -0.08 -0.04
(0.99) (-3.55)* (-0.78)

EP 0.34 -0.64 -0.3
(0.68) (-5.43)** (-0.61)

Panel B: Cross-industry levefRy) on value-weighted aggregate accruals at induswsi ko measure industry-to-market volatility.
Rind(t+3)=ﬁj+ &*cacvol(t)nd+ &*age(t)nd+ &;*Size’(t)indl+ &*BM(t) indt &*Ep(t)ind +&+3)

Dependent Rind(t+3) Eind(t+3) Mind(t+3)
Variable
Cacvohg -3.18 8.42 5.23
(-1.50) (6.69)** (3.34)*
Agénd -0.08 0.05 -0.04
(-4.09)** (3.56)** (-3.76)**
Siz&nd 0.15 -0.15 -0.00
(2.33)* (-3.64)* (-0.00)
BMing 0.14 -0.20 -0.06
(0.73) (-1.62) (-0.56)
EPng 2.58 -1.36 1.23
(3.64)** (-4.73)** (2.25)*

Panel C: Firm-specific volatility(E) decompositioos accrual anomaly at firm level: Idiosyncratiskri{Eim) and industry risk(kq)
Ria=Rot R*cacvol+ [p*agat+ 5*Size'+ RF*BM i+ F*EP; +egs3)

Dependent R(t+3) E(t+3) Eirm (t+3) End(t+3) Enausin(t+3) M(t+3)
Variable

Cacvol -3.75 3.76 2.97 1.30 0.11 0.01
(-5.71)% (19.42)% | (17.68)* (7.97) 0.2) (0.02)

Age 0.17 -0.19 -0.13 -0.04 -0.05 -0.02
1.77) (-7.59)* (-5.48)** (-2.66) (-0.56) (-0.19)

Sizé 0.48 -0.24 -0.24 -0.01 0.26 0.24
(15.42)* (-22.11) (-22.3)* (-0.98) (9.52) (6.86)*

BM -0.05 -0.11 -0.08 0.02 -0.1 -0.17
(-0.93) (-4.87)* (-3.55)** (0.46) (-2.98)** (-2.40)*

EP -0.22 -0.9 -0.64 0.05 -0.81 -1.12
(-0.73) (-6.74)* (-5.43)** (0.33) (-2.96)** (-2.91)*

R g =10g(Re3/(1-Roua))

Ewa™ 109 (0%+3)

M3 10g (©%m(+3)

Rina is 48-industry Rmeasured as CAPM of value-weighted industry reatemvalue-weighted market return, both adjustedisk free rate.
Siz€ here is residual values of OLS regression of sizabsolute value of current accruals as firgiesta

* denote 5% significance level

** denote 1% significance level
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Chapter I

Return-Volume in the Talil: Evidence from
Six Emerging Markets

93



1. Introduction

In this paper, | study the interdependence of stock market returnradhdgt volume for six
emerging economy, is: Argentina, Chile, Malaysia, Mexico, Singapad Thailand. | use the
bivariate threshold model (see Ledford and Tawn (1996) and Longin and SlAK) to study
the relation of adjusted absolute return to trading volume when thevatises exceed certain

thresholds.

The driving forces of stock volatility, trading volume, and their @atron have been of
lasting interest in financial economics. There are seveaslorss why this issue is important.
First, the price-volume relation provides us with insight into findmoirket structure. Various
theoretical and empirical works have linked trading volume to the iftom inflow to the
market and to differences of opinion among investors. The observed tradimge includes
both liquidity-driven trading and information-driven trading. If we asstima¢ liquidity trading
comes to the market at a constant rate, the price chdngfealks is mainly caused by new
information arriving in the market. On the other hand, the more divieesepinions of different
investors, the larger the new volume of trade will be. Corredéntifying price-volume
relations can lead us to understand the mechanism of informdtan tfansmission, the
dissemination of information to price determination and the extenthichwmarket prices
convey information. Secondly, if the dynamic structure of the pricensvel relation can be
jointly determined, incorporating the price-volume relation will imprémecasting return and
volatility. Thirdly, the return-volume relation can provide us with &ddal information about
the empirical distribution of stock returns. It is a well-known thett the empirical distribution
of stock price departs from the normal distribution. The well-known tistex of Distribution

Hypothesis” proposes that the price data are governed by aiocnablgtochastic process with a
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changing variance parameter determined by a latent randoableaproxy for the arrival of
information flow. So the link between trading volume and conditional vityatian provide the

explanation why empirical distribution of stock returns appears to exhibitsekadssis.

Although there is a rich literature about theoretic and empiweak on price-volume
relations, few studies have been focused on the price-volume relatiog éxtreme price and
volume movements. Moreover, almost all of these focus on the U.S. or other developedscountrie
According to the Wall Street adage that “It takes volume tkenpeice moves”, if a large price
change is observed, the trading volume should also be large. But this is not alwaas shaeyn
by (Balduzzi, Kallal and Longin (1996)). They use the data ofkstoarket prices and
transaction volume on the day of minimal daily returns for eachfyeer 1885 to 1990. They
find that large minimal returns show little correlation witlnsaction volume. Marsh and
Wagner (2000) study price-volume dependence empirically in sevendhtmal equity markets.
They fit a GARCH-M model to examine the overall return-voluraelatron under "normal”
market conditions and a bivariate extreme value model to examimelatien under conditions
of market stress. Their main findings indicate that the dependiteases for large extreme

return and volume observations.

To my knowledge, there have been no studies of the emerging safketurn-volume
dependence during extreme price movements. This paper intends tlee fijap. Given the
complexity of the return-volume relation, further evidence andylmsishould be obtainable
through an investigation of an alternative set of financial marksfsecially, a set of emerging
markets. In this paper, | use the data from six emerging magiatgapore, Malaysia, Thailand,
Mexico, Chile and Argentina. Broadly speaking, the information flowsmerging markets are

not equivalent to those in the more developed markets and also thergnireant institutional
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differences across the markets. From the statistical poiewof, the empirical distribution of
asset returns of emerging markets usually has a higher imgher volatility, and much more
significant excess kurtosis and skewness than those of developed souhsrithe financial
markets have become more and more globalized, how to invest areldradgying market risk
is an important issue for both individual and institutional investorgractice, the risk of
extreme downside movements in emerging markets has more ktwgr than in developed
markets. All these facts suggest that a separate study goritieevolume relation by using

emerging markets data is necessary and will be interesting.

The issue of the price-volume relation in the tail of price mowvensevery interesting.
As one of the well-known characteristics of the empirical distion of asset returns is “fat-tail”,
which means there is extra probability mass in the tail daheapehavior of stock price and
trading volume during extraordinary events such as financiabscneeds to be carefully

examined.

The importance of price-volume relation during extreme observations comes freral se
aspects. First, study of the price-volume relation during extgioe movements can provide a
valuable vehicle for understanding the underlying information-drivdiguidity-driven trading
story. Theoretically, during a financial crash, the same tgaditume may lead to very different
price changes, depending on how information is interpreted by markietgaats. For example,
if the selling pressure is due to some investors having privaiamation, a reasonable amount
of trading volume should be observed with the price movement. In this case, we should observe a
consistent correlation between trading volume and price change dorimgl market conditions

and market crashes. In another scenario, if the financial @isiaused by the arrival of some
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public information, such as the deterioration of fundamentals of the egotloam, there is no

reason to expect a high volume of trade, although price will drop sharply.

Secondly, some people argue that the information contained in vdataean improve
the modeling of expected return and conditional variance. Howevergthheaded price-volume
relation in the tail can cast doubt on the ability of trading volumeerve as a proxy for

information inflow during financial market stress.

Thirdly, the price-volume relation in the tail is important hessa it can help us
understand the fundamentals underlying financial crises. As afgud8ennotte and Leland
(21990), in the absence of significant news, a small amount of hextfjiegircan cause crashes
due to the reduced liquidity of the financial markets. So the-potene dependence is smaller
during extreme price movements than observed during other periods. Giremn,aHd Stein
(2000) find that trading volume can help to forecast negative skeWiresginancial crisis) of

the aggregate market.

Previous work provides us with empirical evidence that return and valemendence
during extreme price movements is smaller than in normal periddse are at least three
arguments in the literature as to why price-volume dependencénealy down in the tail. First,
Campbell, Grossman and Wang (1993) argue that large price moveanemst necessarily
associated with a large trading volume. Suppose one observes a fall in stock precesuld be
due to public information that has caused all investors to reducevgéihgdtions of stocks. In this
case, all investors have the same belief or expectation, andgheyaeason to expect a large
amount of trading. In an Arrow-Debreu setting with complete msykbe prices of securities

can change dramatically as new information comes to the emaillhese price changes
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instantaneously incorporate the news and do not require a large tvatlinge. Secondly, Marsh
and Wagner (1999) argue that volume data may be a bad proxy fandbdying information
process. The noisiness in the volume data is more severe wheres théaege amount of trading.
As the correlation between price change and volume depends on an unobsdinexdting
process, their relation could break down as one of them becomes moye Tiuas third
explanation is based on Gennotte and Leland (1990). These authors shownfottmaation
differences among market participants can cause financi&ketsao be relatively illiquid. As a
consequence of diminished liquidity, a small amount of trading can triggkarge price
movement. This situation is more likely to happen in small, non mahamecial markets such as

emerging markets, where market illiquidity is one of the major concerns.

My methodology is to use bivariate extreme value theory to mdeeptice-volume
relation during extreme price and volume movements. Generallkisgeaxtreme value theory
studies the limiting distribution of the underlying random variablgsout prior knowledge of
the true distribution. Balduzzi, Kallal and Longin (1996) use simpl& @Lshow that minimum
returns have little correlation with transaction volume. But, as @diatit by Longin and Solnik
(1999), and Ang and Chen (2000), it is not reliable to directly compasstimeated correlations
conditional on different values of one or two underlying variables, andrésudts based on
simple linear regression may be misleading. As the caorlatoefficients can be precisely
pinned down only when the underlying distribution is specified, | applydabent results from

extreme value theory to the study of price- volume relation.

Consistent with previous work, | find for five out of six emergimgrkets that the
dependence between absolute return and adjusted abnormal trading w®lsigrificantly

reduced during periods of extreme price movements. | find thesksrssll hold even when |
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decompose the total samples according to the directions of gitaaege. The results from a
simple OLS regression indicate that the correlation betweamrahd volume is asymmetrical,
i.e., that the correlation is larger for positive returns than égative ones. For four out of six
countries in the sample, the results from the bivariate threshold stoule that during extreme

price movements, this asymmetry of the correlation still holds.

The rest of paper is organized as follows: Section 2 provides a r&@wietv of the
mixture of distribution model and other recent works on the return-vohletagon. Section 3
gives information on data, summary statistics and the adjustmdailpfirading volume series.
In section 4, | perform preliminary analysis of overall price-vaumlations. Section 5 outlines
the general framework for the bivariate threshold model. Sectiono@idps estimation
procedure and empirical results for the price-volume relation glextreme price and volume

movements. Finally, section 7 presents the conclusion of the paper.
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2. Brief Review of Mixture of Distribution Model and Other Recent Works on Price-
Volume Relation

There is a large amount of literature on the price-volume @alabut the results are mixed.
Karpoff (1987) provides an excellent survey of early theoretiedl empirical findings in this
area. Theoretically, stock price changes when new informatiovesurirhus, if the trading
volume is also linked to the information flow entering the marketglaion of price-volume
obtains. Corresponding to the three different views of volume relatdtetmmformation flow,

there are three branches of literature that theoretically explain teevaiume relation.

The first approach views information flow as a latent variahkg impacts trading
volume. Pioneered by Clark (1973) and followed by Epps and Epps (1976) and nfamche
Pitts (1983), the popular "mixture of distribution hypothesis" (MDHjgssts that price change
and trading volume are governed by the same stochastic prddesstesulting bivariate
distribution of price and volume is based on a latent random variablauglh MDH does not
provide any guidance on the distribution characteristic of thistlatariable, the restriction on
the moment equation can easily be derived. As a consequence, ac&Mibé employed to test
the MDH. In keeping with this direction, Andersen (1996) extends thél M{pconsidering the
behavior of noisy traders. The results of his empirical tests stmatwv modified MDH

outperforms the standard MDH.

The second branch of the literature focuses on differences mbommong investors.
Shalen (1993) shows that dispersion among investors can be a tfatarontributes to a
positive correlation between volume and absolute change in pricesetidyg up a two-period
noisy rational expectation model, she shows the dispersion of expestateasures both the

additional volatility and the expected volume of trade associatddneisy information. Thus,
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the dispersion in beliefs can cause a positive correlation betpm®n change and trading

volume.

The third group of papers develop rational expectation models with pmfatenation
flows and noisy or liquidity traders. This literature is repreged by the work of Kyle (1985),
Admati and Pfleiderer (1988), and Foster and Viswanathan (1990). Whekis all predict a
positive relation between information arrival and trading volume. Fastdr Viswanathan's
intraday test results indicate that very actively traded'ditmading volume is associated with

higher stock volatility.

All three streams of literature predict a positive price-volalependence. Among them,
MDH is the most popular. The empirical testing of price-volume idgece can also be divided
into three streams. The first group of papers tests the vatitlilgDH or modified MDH. As
MDH does not provide any information on the underlying process, thet dests of MDH
become difficult. (1) Richardson and Smith (1994) develop a genevakgure for testing
whether price and volume data conform to MDH. They apply a GMiMbased on the moment
restrictions on price change and volume. Their estimation procedunelapendent of any
distributional parameterization of the mixing variable. (2) Tau@rehPitts (1983) work out the
exact joint distribution of price change and volume by assumingthieamixing variable is
lognormally distributed. (3) Lamoureux and Lastrapes (1990) treatvdhene data as an
exogenous variable and plug contemporary volume data directly intoARE€B model to test
whether volume can be a proxy for the information flow. Their restltsv that volume data has
explanatory power with respect to the stock volatility. Theithomgology can be treated as an
indirect proof of MDH. In a subsequent paper, (4) Lamoureux and Lastr@®ed) use

endogenous volume data and a signal-extraction procedure to uncover theinmaenyng
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variable, exploiting the information in stock price and trading volunta. ddut their results
indicate that contemporaneous squared returns and volume are noisyopseafi future return
volatility. (5) Bollerslev and Jubinski (1999) examine the behavi@ugoity trading volume and
volatility for the individual firms comprising the S&P 100 Compeditdex. Using multivariate
spectral methods, they find that the term fractionally “intgrgorocess” best describes the
long-run temporal dependences of both series. Interestingly, theéyhe long-run hyperbolic
decay rates appear to be common across each volume-volatilitylpd6) another paper,
Liesenfeld (1998) tests the MDH by a simulated maximum likelihoethod on the return and
volume data from the German stock market. The results shovdyhamic bivariate mixture

models can not account for the persistence in the stock price variance.

The second branch of the literature tests the linear or naar-lcaeisal relation between
price change and trading volume. Rolalski (1978) examines whetheitggrices and volume
are causally related. Hiemstra and Jones (1994) perform lindaraam-linear Granger causality
tests to examine the dynamic relation between stock returnrasidg volume and they find
significant bidirectional nonlinear causality. This relation &xsven after controlling for the

volatility persistence in returns.

The third branch of the literature uses nonparametric or semipara techniques to
study the price-volume relation. The representative works in thigpgncludes: Gallant, Rossi
and Tauchen (1992, 1993) and Tauchen, Zhang and Liu (1996). These papers #séimate
conditional joint density function of return and volume based on past obees;atney apply
the dynamic impulse response analysis technique to study theslatien between volatility,
volume and leverage. Consistent with the findings of Hiemstra and Jb8@4), they find that

price-volume dependence to be nonlinear. Yet their relation is ywinastric. According to the
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results, volume responds nonlinearly to price shocks, and damps wety Blck to baseline.
On the other side, volume shocks affect stock prices, but the ediectgery transient and are
confined to higher order (higher than two) conditional moments. Thiétgemply that price-
volume dependence holds true in general, but not exactly as predidiédHbyMDH suggests
that the distributions of both price change and trading volume aregngovéy the common
observed stochastic case. If this assumption holds, the price-voldat®nreshould be
symmetric. In other words, the work of Gallant, Rossi and Taucher2,(1993) and Tauchen,

Zhang and Liu (1996) casts doubt on MDH.

The above papers investigate the contemporary relation betweechaitge and trading
volume. Campbell, Grossman and Wang (1993) take another direction andstugilation
between aggregate stock market trading volume and the serghtion of daily stock returns.
They find that the first daily autocorrelation of stock retusbwer on high volume days than
on low-volume days. They set up a theoretical model and derive nanatfonal trading from
shifts in the risk aversion of some traders. They find their mbtdekthe empirical relation
between trading volume and autocorrelation of asset returns. Inearmaper, Wang (1994)
develops a competitive stock trading model in which traders areobet@us in their
information and private investment opportunities. He shows that informbtamh non-
informational trading lead to different dynamic relations betw#ading volume and stock

returns.

Recently, there have been more empirical works on the price-volkiaten. Llorente,
Michaely, Saar and Wang (2000) use data from individual stocks to test the tla¢preticction
about the relation of trading volume and the autocorrelation of asaatgeThey find that in

periods of high trading volume, stocks with much speculative tradnaigtéehave positive return
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autocorrelation and stocks with little speculative trading tend tmb#xnegative return

autocorrelation. Their empirical returns conform to the prediction of Wang (1994).

Gervais,Kaniel and Mingelgrin (2000) show that relatively higlditrg volume contains
important information about subsequent stock returns. Specifically, pesfoelstremely high
(low) volume tend to be followed by positive (negative) excess rettiey term this effect
"high volume return premium"”. They also find that the traditionabréieal models cannot

provide a good explanation for their findings.

In another recent paper, Chen, Hong and Stein (2000) find that tradingevaiam
predict the negative skewness of daily returns. This result isstemswith the model of Hong
and Stein (1999), which predicts that negative asymmetries arelikedyeto occur when there

are large differences of opinion among investors.

The current paper provides empirical evidence about price-volume deperidetice
extreme observations in six emerging markets. Overall, | fipdsitive relation between price
change and trading volume for all the markets in the sample. fildimg agrees with the
prediction of MDH. But the positive correlation between absolute mednd trading volume
decreases as the threshold increases, and this relation metsiynif | divide the data according
to the directions of price change. The MDH framework can not provideplanation for these

findings.
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3. Data, Summary Statistics and Volume - Adjustment

3.1. Data

The markets are: Singapore, Malaysia, Thailand, Mexico, ChdeAaigentina. The reason for
choosing these countries is that among all the emerging mahestshave a relatively long

history of trading volume data available.

The daily closing price and trading volume data for these six gesi@re obtained from
Datastream International Inc. Except for Argentina, the datgleais from January 1, 1990 to
December 31, 2000, a total of 2,870 observations. For Argentina, althoughcihg deta are
available from January, 11, 1990, the volume data are only availablie)afte 13, 1993. So |
have a shorter data sample for Argentina, a total of 1,939 observatxatude all non-trading
days from the sample. The price index in local currency for eawhtry is converted into U.S.
dollars according to the official exchange rate between the curreriocg obrresponding country
and the U.S. dollar. The continuously compounded percentage return or logrrédusn dollars
is calculated as 100 times the log difference between thentusnd previous day’s closing
prices. | take the natural logarithm of the daily volume to imptbgestationary properties of the

data.

3.2. Volume Adjustments

In order to apply the extreme value theory to study the relatigorice change and trading
volume in the tail, the time series of data should be stationary and seriallyelateat. But, as is
a well-known fact, trading volume data have a time trend andesualy correlated. So, for the
first step, | detrend the log-volume series first by subtrgc 60-day backward moving average
from each current observation. The output from this method is a sérstgtionary abnormal

trading volumes.
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In the second step, an uncorrected stationary volume series sedbthrough seasonal
adjustment and ARMA estimation. Again, it is well-known that tradaagvities display a
systematic calendar effects (e.g., see Gallant, Rossi antidra(1992) and other). | choose two
groups of dummy variables: day-of-the-week dummy and dummy varifdniesach of the
months. Besides using the season dummies, | fit the detrended volurege is¢0 an

ARMA(p,q) model. The order of autoregressive compongnt and the moving average
componentq are chosen according to Akaike's Information CriterighiC), which attempts

to reduce the risk of overfitting the model. The residual from final ARMA model is a

stationary, serially uncorrected time series which will be used in the nothed &olume series.

Finally, as the absolute value of daily return is another inpubdorbivariate extreme
model, the serial correlation of absolute value of daily returndhbs adjusted. Again, we apply

the ARMA(p,q) model to generate a stationary, uncorrected return series.

3.3. Summary Statistics
Table 1 displays the summary statistics of daily return and log-volunes s€he means of daily

returns are close to zero for all six countries. The daily stdndaviation varies between

1.28% for Singapore and2.2®4 for Thailand. The excess kurtoses for daily return of all six
emerging markets are large and positive, indicating that refiawes more mass in the tail areas
than would be predicted by a normal distribution. Of these six cosini&igentina, Mexico and
Singapore show negative skewness for market returns, while the stimv positive skewness.

For Argentina and Singapore, the hypothesis of skewness equal to zero can not lge rejecte

The mean values of the adjusted trading volume are close to zeath $dr countries.

This is because | detrend the raw volume series by subtrdotimgeach observation the past
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60 -day moving average. The standard deviation of the volume data vamesebe). 304 for
Malaysia and0.510 for Mexico. The excess kurtosis for the volume series is alstveoand
significant. Except in the case of Argentina, the skewness of eokemnies is positive. The
values obtained for excess kurtosis and skewness strongly rejeaypbthesis that adjusted

volume is normally distributed.

| report the cross correlations between return, absolute return, dgefanen and adjusted
trading volume. Consistent with the results of the mixture of distobunhodel, the correlation
coefficients are all positive. The correlation between absoltenr@and trading volume is the

strongest among the three types of returns for all six countries.
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4. Preliminary Analysis
4.1. Simple OLS
For a preliminary test of price-volume relation, | use standar8 @lLestimate the following

equation:

Vi =B+ B [+8,.D | |+B3r, + &

where V; is the daily trading volume at timg |r:| is the absolute value of daily return at

timet. D, =11if r<0 ,andD,=0 if r,>0. g, isaconstant.

B, measures the relation between absolute price change and traldimg, irrespective

of the direction of price change.

The estimated value off, measures the asymmetry in the price-volume relation. If the

short positions are more costly than the long positions, investorsdstemjulire a greater price
change to transact in short positions. Hence, investors in short positions will lesjesssive to

price changes than those in long positions. This leads to an expethat the dependence of
volume on positive returns will be greater than that of volume on imegaturns. So | predict

that £, should be negative.

f; measures the relation between current absolute return and lastipading volume.
If the past information about trading activity can help predict éufurice movements, therg,

should be significant.
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The estimation results of OLS are shown in Table 3. For the bvegakssions, the
R? varies between0.097 for Singapore andd.0% for Chile. Consistent with my prediction,
the estimated values of3 are significant and positive for all six countries. This corgitime

early results from Table 2 that the absolute value of return andmapatary trading volume are

positively correlated.

The asymmetric relations appear to exist for all six coesitias the estimated values of

S, are negative and highly significant. The negative valuggpfindicates that the slope of the
negative returns is smaller than the slope for positive returieghém words, the value of3, is

the difference of slope coefficients of trading volume on absolttenrdetween positive and
negative price changes. The relatively higher cost for short gosibmpared to long position
trading is one of the factors that explain the asymmetratioal between absolute return and
trading volume. Jennings, Starks and Fellingham (1981) provide another explatattheir
model, there are two kinds of traders: optimists and pessimistyg. shosv that the pessimist
traders trade less than the optimist traders. Since the meases as a result of pessimists'

selling and increases as a result of optimists' buying, #uénty volume is lower when price

decreases than when price increases.

The estimated values of, are only significant for Thailand. (and are insignificant for

the rest of the five countries.) The value gf is positive for Argentina and is negative for the
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other five countries. These results imply that information contamedst volume data does not

have much power to predict stock price movement for further periods.

Overall, the simple OLS estimation provides us with some pradirgiresults on the
relation between return and adjusted trading volume. The contemporaisolste return and
abnormal trading volume are linearly correlated. This relaBasymmetric, indicating that the
correlation between positive return and volume is larger tharb#tateen negative return and
volume. Finally, the lagged period of trading volume does not contain muaimation to
predict further price movement. In the next section, | follow thedeh of Lamoureux and

Lastrapes (1990) to test the relation between second moment of stock return agdr/tlacire.

4.2. GARCH Model

GARCH models the conditional variance of asset return as adonuft past squared residuals
and lagged conditional variance. The GARCH model has been shown to be & gmochany
financial time series. The mixture of distribution model providesxgtaaation for the GARCH
properties of conditional volatility series. Based on the mixturdisifibution hypothesis, asset
return and trading volume are driven by the same latent informattamess. If the information

process is serially correlated, then the conditional varian@ssdt return follows a GARCH

'Gervais, Kaniel and Mingelgrin (1999) document that stocks with higmtradlume will tend to
appreciate over the next period. They use firm level data and longeripdudfalation periods than
those employed in the present study.
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proces<.In general, although the data on trading volume include both informatadahoisy

trading, volume data are likely to contain information about price change.

So, following Lamoureux and Lastrapes (1990), | estimate the GARCHn(bd#8l using

the data from six emerging markets:

rr=u+e where g |Q,,~N@OHh)
h=p,+ p18t2—1+ PN,

h = Py + PgZy + Ph, +g*vol,

where 1 is the asset return,, is the estimated mean value of asset retugn. is the

innovation from the asset return ard is the conditional variance,which is a function of its
lagged value () and past squared residuak3)) . First, | estimate the GARCH model

without volume data. Secondly, | plug the contemporaneous volume data inGAREH

model. If volume and volatility are governed by the same underigiiogmation variable, we
should expectq to be significant and positive. Moreover, the GARCH coefficigpf) should

be reduced if trading volume is a proxy for theahrcorrelated information variable.

“For detail, see Lamoureux and Lastrapes (1990, 1994).
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Table 4 shows the estimated coefficients of the GARnodel with and without trading
volume. In order to avoid the problem due to nommality in the return residuals, | use a Quasi-
MLE estimation, which was proposed by Bollerslexd aWooldridge (1992). The estimated
GARCH coefficients and their standard errors am@meded according to Broyden, Fletcher,

Goldfarb and Shanno (BFGS) algorithm.

Without the volume variable, the GARCH coefficients and p, are significant and
p,+p, close to but smaller than 1, indicating a higlgrde of persistence of the conditional
volatility. When the contemporary abnormal tradvmglume is plugged into the conditional
volatility equation, the estimated values gf are significant and positive for all six counsiie
which is consistent with the results of Lamourens &astrapes(1999 and Marsh and Wagner
(1999, who both use data from the U.S. and six other ldgeel countries. The likelihood ratio
test for the restricted model (GARCH model witharglume) vs. the unrestricted model

(GARCH with trading volume) yields a test statistibich is ,?(1). Except for Argentina,

(where the likelihood ratio test statistics arengigant at the 5% level; all the others are

significant at the1% level.), thereby favoring the unrestricted mo@@RRCH with volume)

and rejecting the restricted model (GARCH withoaoluvne).

As many previous studies have shown, GARCH effentsy result from the time
dependence in the rate of information flow. If 8teck volatility and trading volume are driven
by the same information process, as assumed byntkiire of distribution hypothesis, the
volume coefficient in the GARCH model should ben#figant and positive, and the persistence

of conditional volatility measured byp + p, should be reduced. In Table 4, | see how the

coefficient changes with and without the volumeialale and the coefficients of autoregressive
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conditional volatility p, are reduced for all six countries. The measuréhefpersistence of
conditional volatility p + p, is only slightly reduced for five out of six caues when volume
information is included in the equation. For Chilee persistence even increases slightly when
volume data is included in the GARCH model. Thiglifferent from the results of Lamoureux
and Lastrapes (1990), using data from U.S. indadicgtocks. They found that the GARCH

effects almost disappear.

Estimation from the GARCH model provides us withpameal evidence that conditional
volatility and abnormal trading volume are posityveorrelated. The theoretical explanation of
this finding is that volume and volatility are botiniven by a common, unobservable factor,
which is determined by the arrival of new infornoati An autoregression of conditional
volatility is reduced when volume is introduced as explanatory variable. But the GARCH
coefficients remain significant in the presencetled volume variable and the persistence of
conditional volatility is not significantly reducesh any of the six countries. One possible
explanation is that because | use index level ddta.information content of volume data from

index level is not as precise as for data fromvialial firms.
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5. Bivariate Threshold Model

5.1. Model Setup

In the previous section, | used OLS and the GARCebUas to study the overall relation
between return and volume. The relation betweanneind trading volume under extreme price
and volume trading conditions is also important amdresting. Dalduzzi, Kallal and Longin
(1995) is the first paper to notice that the prodime relation in the tail is different from the
overall relation. Applying a linear regression t&SUdata from 1885 to 1990, they find that large
(in absolute term) minimal returns to show littrrelation with trading volume. As Longin and
Solnik (1999) and Ang and Chen (2000) point outisinot reliable to compare directly the
estimated correlations conditional on differentuesl of one or two underlying variables, and
methods based on a simple linear regression mayniskeading. A statistical distribution
function has to be specified in order to test foarmes in the correlation coefficient based on
different exceedance values. Longin (1996) examinesxtreme movements of the U.S. stock
market over a century of daily observations byrfgta univariate them to extreme value model.
Susmel (1999) focuses on the tails of the uncadhli distribution of the stock returns of
emerging Latin American markets. The tail of stoeturn is estimated by a univariate extreme
value model. Longin and Solnik (1999) use bivareteme value theory to study international
equity markets correlation. Marsh and Wagner (26204ly the price-volume relation in seven

international equity markets using a bivariate exie model.

Extreme value theory has gone through a rapid dpuant and has recently become a
mature and significant branch of probability thedRepresentative papers on bivariate extreme
theory include Tawn (1988), Ledford and Tawn (19@&f)d Smith (1993). There are basically

two approaches. The first class of models is bamedhe asymptotic distribution of the
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unconditional extremes. The second method is basdtie asymptotic conditional distribution
of exceedance over a high threshold. Marsh and Bra@®©00) apply the first approach, while
Longin and Solnik (1999) use the second approastore can explicitly control the exceedence
level during the estimation, the threshold methioalge begun gain in popularity as compared to
the classical method based directly on extremeevdiatribution. So, in this paper, | apply a

multivariate threshold model to study the pricetwoé relation for the extreme observations.

Suppose ad - dimensional random variablgy,;J=1,...,d) has a joint distribution
F. Multivariate extreme value theory is concernethwiie nondegenerate limiting distribution
of the componentwise maxirhaf observations fromF . The statistical methods for estimating

the joint tail of F exploit the asymptotic theory which studies timeiting distribution of F .
This involves estimating the joint tail from an emkndent and identically distributed sample of
vector observations. The limiting results have tseparate aspects, marginal structure and

dependence structure.

For the univariate approaches to marginal modellingpply the peaks over threshold

model of Pickands (1975) and Davison and Smith @L9Extreme observations are defined in

*The componentwise maxima is defined as:

for random variable
Y = (yi,l ' yi,2,"'7yi,d}; I<i<n
ma.XYI = (M nl M n,2"'M n,d)

I<i<n

where M | = T_ax(yi’k) 1<k<d

115



terms of exceedance over a threshgld The probability of such exceedanceiis F(v) , and

the cumulative conditional distribution functiondenoted byF (y):

F(Y)=Pro<Y<y|Yzp)="8F0 for  y>y

1-F (v)

The extreme value theory states that the asymptisiribution of F (y) , when the

threshold ,, converges to the upper limit of the distributidn , is the Generalized Pareto

Distribution (GPD),

ir;,f lim sup|F,(y)-G,(y;0,$)F0

G, (y,0,8)=1- (1+§'(y_0)/0')i/§

where @_ =sup{x : F(x)<1} is the right hand endpoint of-, which may be finite and
infinite. &>0. o Iis the scale or dispersion parametex.=maxx,0). & is any real

number, which represents the tail index. The fd¢dadistributions (such as Students- t)

correspond to the casg > 0. Thin-tailed distributions (such as normal disttibn) correspond

to the case £=0. &£<0 is the case of no-tail distribution, as in thesecaf uniform

distribution.
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In essence, the extreme value theory states thdtntliting distribution of exceedances

above the threshold of a univariate random variatastitutes the Generalized Pareto
distribution. This result is robust to any kind Distribution of F. Leadbetter, Lindgren and

Rootzén (1983) conclude that this result holds éwen when the observations are not i.i.d.

Multivariate extreme value theory is concerned wiité joint distribution of extremes of
two or more dependent random variables. The fttetgt to construct threshold-based methods

of statistical inference in the multivariate cageshat of Coles and Tawn (1991) and Joe et al.
(1992). Let F denote the joint distribution function of @ -dimensional random variable
Y..Y,.Y,,....Y,), and let F; denote the marginal distribution function 0f for j=1,...d .
The vector of thresholds isjz(ul,uz,__ud)_ The results from Ledford and Tawn (1997) and

Tawn (1988) state that the limiting distributiorr fihe multivariate exceedances function in

terms of original variables is:

G(Yy,--Yg) = €XpV{-1/10g F,(¥1),....~1/1og Fy (¥,)}]

where V is the dependence function and is defined frdfi into R. One feature of
multivariate extreme value distributions is thaé tlependence structure is preserved under

transformations of the marginal distributions, seré is no loss of generality in restricting

attention to a particular univariate extreme valamily. As Fj can be arbitrary marginal

distribution, | follow Daison and Smith (1990) ising the Generalized Pareto Distribution to
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model each marginal distribution above a high tho&s Connecting these marginal

distributions to the marginal threshold distribnspwe have for probabilityo< p; <1,

Fi(y) = @=p)+ L+ & (v, —0) o} =1-p{l+ & -(y, ~v)) o}

where p;j is the small probability that the observatiomlmve the threshold)]_, the threshold

v, is taken to be thei— p, guantities of the marginal distribution. This meahat, for a

marginal distribution that fails to exceed the #iv@d, the only relevant information conveys for

our model is that it occurs below the threshold,itsoactual value.

Combining the above two equations, we have thet jdistribution function for the

multivariate threshold model:

G(yl""yd) = eXp[_V{_ll Iog[l— p1(1+ 51 ’ (yl _Ul)/gl)i/‘fl]a--w

—1/log[1- py L+ &4 - (Vg —vg) /oy )ilgd]}]

The dependence functio maps the d-dimension marginal distribution fumictio a

real number. The multivariate extreme theory da@sgive us any guidance on how to choose

the dependence functioN. In a specific case in which the marginal varialdee independent,
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then V(z,z,,...,z,)=X z". In this case the model factors into the prodidcthe marginal

distribution, since,

G(YyerYa) = exp[élog{l— P, +& (Y, —v) o)) N =THL= p @+ & -(y, —v)) [ 6)}

= 1F; (y;)

For the general case of the multivariate extremgeddent variable, the form of the
dependence function is not known. In the field woigieeering, the multivariate logistic
dependence structure is commonly used. FollowingnTg1990), the symmetric logistic

dependence function is:
V(Z]_a 22”Zd) = (21_1/0’ 4.4 Z(;l/a)a

where o is the dependence parameter betwdenand 1. The limiting case of ¢ -0
corresponds to the case in which the random vasadnle perfectly dependent. Ag increases,

the dependence weakens. Whga 1, the variables are totally independent. The coraiat
coefficient p of extremes is related to the coefficiegt via p=1-a2.

The logistic dependence function is widely useceigineering, hydrology and other
fields. The attraction of this specification is #ggmplicity. The dependent structure is fully
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characterized by a single parameigr The systematic property of this function implibattthe
dependence is strongest under equally large exsréoneeach variate, and an equal reduction in

the magnitude of each extreme yields the same tiedua dependence as measured ky
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6. Estimation Procedure and Empirical Results

6.1. Maximum Likelihood Estimation

There are two major methods to test the multivariextreme model. One is the maximum
likelihood estimator (MLE). MLE is straightforwaid nearly all practical cases. The asymptotic
properties of MLE are regular whenever the tailexds > —1/2, and alternative remedies are
available for £<-1/2, “Another competitor is the probability weighted martse (PWM)
method of Hosking and Wallis (1987). However, asNPW§ much less flexible than MLE as a
general estimation method, | will apply MLE. In @bsping the likelihood for the model, |
consider marginal observations below their respecthresholds as censored data at the

thresholds. Thus, the likelihood contribution fotypical observation(y,,y,,...,y,) in which

the componentg,...Jm exceed their thresholds is given by:

O™F (X5--Xg) I{ _
OXjy .- O Xj=maxX(vj, y;j), j=1...d}

In the bivariate case, for a pair of high threskolg and p, , the outcome space is

divided into four regions:

{Rkl;kzl(Yl>Ul)' |:|(Y2> 02)}

“See, Smith, R.L.(1985,1994) for detail.
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where | is the indicator function, which is equal to 1thfe condition is satisfied. Let the

transformed marginal threshold be r; =—1/log(1- p;) and let
z, =-1/log{1- p,{1+&, - (y, —uj)/Uj}i/éi,l denote the likelihood contribution correspondtog

a point (y,,y,) which fallsinregionRy by L, (y,,y,), then we have the following:

Loo(V1: ¥o) = exp{=V (r,,1,)}
L01(y1a yz) = eXp{_V(rli 22)}V2(r1’ Zz)Kz
Lio(Y1 Y2) = exp{-V(z,1,)}Vi(z, 1)K,

l—11(y1’ yz) = eXp{_V(Zv Zz)}{ Vl(zi’ Zz)vz(zl’ Zz) _V12(Z1’ Zz)} K1K2

where Vi denotes the partial derivative with respect tonponent i , and Vij is cross
derivative with respect to the component and the component.K; is the derivative ofz
with respect toy;.

The likelihood contribution from a typical pointy,,y,) from the logistic model with

dependence parametgf and unknown parameter® ={v,,c,&;,p; : j=12} Is given by

L(a,0)= ) %&)1} Lo (Vs Ya) T (Yas Yai)
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where |, (y,,Y,) IS the indicator function of(y,,y,) for observations belong to regidRy.

The likelihood for a set oh independent points is given by

L, (a,0) =TIIL («,0)

Finally, the BFGS procedure is used to seek tharpeters that maximize the above

likelihood function.

6.2. Score Test for Independence

Under the bivariate threshold model, when the deeece parameter i9 < o <1, there is some
dependence between the two variables. When thablesi are independent, that is=1, «

is on a boundary of the parameter space. Followawgn (1988), | consider the score statistic as

independence, defined for a typical pair of obstiona i by:

§ =2 loglL (2,0)|,,

oa

where @ is the value of the parameters that jointly maxzarthe above likelihood function

when g=1ie L,@1©). The total score for a set ofn observations is defined as
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S, =s+..+s, Ledford and Tawn (1998%how that if the variables are independent, then

-S,/c, > N (0D, where C, =(nlogn/2)®® as n—ow. My score tests are based on this

result.

6.3. Threshold Selection

The distribution of observations over a certaireshiold converges to the Generalized Pareto
Distribution only when the threshold convergeshe tipper limit of the distribution, which is
positive infinite in our case. But, in practicefirite threshold value has to be used. Threshold
selection is a critical issue in extreme value the®any theories are rather hard to use in
practice because the theoretical results themsalepsend on additional parameters that are
unknown. Longin and Solnik (1999) use Monte Canouation, which optimizes the trade-off
between bias and inefficiency. But their metho@asputation-intensive and only applies to a
positive tail estimator. So | use an alternativprapch, that is relatively easy and intuitive. This
technique is called the mean residual life plotiBan and Smith (1990), Smith (1990)). The
motivation for this method is quite simple: if thestribution of a random variable is Generalized

Pareto Distributiony ~G( ¢,&) , with 4, =0, and p>0 (assumingyp <—-og/¢& in the case

of £<0), the mean residual life is defined as:

E(Y-v|Y >0} =5

°See their proposition 1.
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Therefore, an empirical plot oE{Y -v|Y >v} against, should be approximately a
straight line. | use the sample analogy of the mesidual function for the observations of

random variableY, (y,,y,...y,) » Which is the following:

Dy~ (y>u) . :
o I (y, >u) isone, wheny, >u ,and zero otherwise

| plot this function againsu and look for the smallest over the region in which this is a
straight line. Asu increases, the number of observations that excees decreasing. When
is approaching its upper boundary, the plot becoiregular. So | restrict the number of
exceeding observations to those larger thag £e., ¥ 1(y, >u)>5). The smallestu in the

picture that makes the mean residual plot a strdigh is the optimal threshold level in the

model.

6.4. Empirical Results

There are a total of seven unknown parameterdathgrobability (pand p,), the dispersion
parameters ¢; and o,) , the tail indexes ¢ and ¢,) and the dependence parametgr
The results of all the unknown parameters for eafcthe six countries are listed in Table 5.

Panels A,B,C,D,E and F correspond to the estimation results of Argentivialaysia, Chile,
Mexico, Singapore and Thailand, respectively. Femhecountry, Panel 1 shows the estimation of
bivariate threshold model based on absolute pricenge and abnormal trading volume
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irrespective of the direction of price change. hdey to test whether the asymmetric relation
between price change and volume exists in theltdivide the total sample for each country into
positive price changes and negative price changes.results based on positive price changes,

i.e., corr(max|r,, |,maxfol) ) where r >0, are shown in Panel 2 for each country. The
results of negative price changes, i.eorr(maxln,t |,maxfol) ) where r,<0 are shown in

Panel 3. The overall unconditional correlation @omfnts of price change and volume
dependence are listed in the last row of each tdlble score tests for independence are listed in

the last column of each table.

Most of the estimated tail indexes are greater than/2 which guarantees the
asymptotic efficiency of MLE’. The estimated probability that the observatioreeed the
threshold is equivalent to the empirical frequentie tail indexes for absolute return are all

positive except in the case of Thailand. The dsiperparameters , probability p , and the

correlation o are all estimated with great precision.

The estimated correlated coefficients change wighchosen thresholds. Let's take a look
at the exceedence correlation between absolutmratd abnormal trading volume irrespective
of the direction of price change. For all six coig#, there is strong evidence that a positive
relation between price change and volume existhanail, as well as overall joint distribution.
The score tests strongly reject the hypothesis tiiatvariables are independent. Except for

Malaysia, all countries show a decreasing absogiten and volume relation when the threshold

®Except for Table Al and A3 (2.25, 2.25) threshold and Table F3 (2.0, 2.0) threshold.
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goes higher. For example, in the results basede@mnlata for Mexico, the correlation estimated
based on the observations that exceed their relatigans is0.2686. For threshold at mean
plus one standard deviation, the correlation coieffit drops t00.2175, and mean plusl.5
standard deviation, correlation goes @01425. From the plot of mean residual life, the optimal
threshold for return is at mean plus 8 times standard deviation, and for volume it isame
plus 1.3 times standard deviation. At the optimal thredhalue, the correlation coefficient is
0.14( . Beyond this, when the threshold is cut at mdas [2.06 times standard deviation,
the correlation coefficient i9.0838 . Compared with the sample correlation betweemlates

return and trading volumeD. 2239, the price -volume relation becomes weaker beyied
optimal threshold value. In finance theory, themre tavo potential explanations for the decreased
correlation between absolute return and tradingimel in the tail. First, trading volume is a
noisy proxy for the underlying information proce$he extent of noisiness of the volume data is
more severe during periods of high volume of trgdili the correlation between return and
volume is due to the same underlying informatioocpss, more noise in the trading volume data
in the tail can lead to a decreased correlatiowéen return and volume. Secondly, as argued by
Gennotte and Leland (1990), in the absence offsignt news, a small amount of hedge trading
can cause crashes due to the reduced liquidityheffinancial markets. Given the relative
illiquidity of emerging markets compared with thasfledeveloped countries, the return-volume

relation is prone to break down during extremelsfmtce movements.

Dividing total observations into directions of @ichange provides some interesting
findings about the asymmetric relation between rretand volume in the tail. Figure 2

graphically depicts the exceedence correlationthadhresholds used to define this for each of
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the country. In each figure, the solid line is fbe correlation between absolute return and
volume irrespective of direction of price chande totted line is for the extreme correlation
between positive return and volume and the dashed for correlation between absolute return
and trading volume when the return is negative efkm the case of Malaysia, all the curves are
downward sloping indicating that the estimated gadticorrelation coefficientp is decreasing
as the level of the threshold increases. Excepffgentina and Mexico, the extreme correlation
between absolute return and abnormal trading volisneigher for positive return than for
negative return. In other words, the asymmetricratation between return and volume is
preserved in the tail for all four of other couesti For Argentina and Mexico, there is no clear
consistent pattern regarding which direction o€@rchange has a larger return-volume relation.
For example, in the case of the Mexican marketinddien the threshold is the empirical mean
plus half the standard deviation, correlation fos@ute return and volume is higher for positive

price changes(0.3093 than for negative price changg®.2037) . But when the threshold is
mean plus 2.0 and 2.15 times standard deviati@ngcdinrelations for positive chang®.(0220
and 0.0177 , respectively) are lower than the correspondiaegative price changes0O(08Ql
and 0.0443, respectively). For Chile, the correlation beconteswhen the threshold is above
its empirical mean plugl.5 times its standard deviation.

The last column of each table is the score foirtgghe independence between absolute

return and trading volume. In most cases, the stests reject strongly the independence

between return and volume. For example, for Cliile,correlation between absolute return and
volume when return is negative, the score8is’7 for observations above their empirical mean

plus one half of the standard deviation, and tlilie is clearly significant at thd% level,
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indicating the independence is strongly rejecteslti®e thresholds go higher, the score becomes

1.29 for the threshold at mean plu$.5 times the standard deviation and 92 for the
optimal threshold. These values are less significamdicating that return and volume
dependence is weaker. The values of the scorevieistg our empirical results: as the threshold
increases, the value of the score decreases amtbpemdence between absolute value of return

and trading volume is smaller for the extreme oles@yns exceeding the threshold.
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7. Conclusion
This paper provides empirical evidence about thpeddence of daily return and trading volume
relations on each other for six emerging marketgeAtina, Chile, Malaysia, Mexico, Singapore

and Thailand.

First, simple OLS estimation suggests a finding #izsolute return and trading volume
are positively correlated, which supports the nrtdistribution hypothesis that trading volume
and price movement are governed by the same umtgilyformation process. The return and
volume relation overall is asymmetric, i.e., theretation associated with positive return and
volume is greater than the correlation between thegeeturn and volume. The relative cost of
short position trading and the different behaviboptimist and pessimist traders can provide
explanations for this asymmetrical relation. Thi@imation contained in the past trading volume

does not have much power to predict future priceenents.

Secondly, | estimate the GARCH model and find that all six countries, the
autoregressive coefficient of conditional volagilis reduced when contemporary volume data is
plugged into the volatility equation. But the pstsnce of conditional volatility remains about

the same.

Thirdly, | use bivariate threshold theory to exjilic model the joint distribution of
absolute return and trading volume. | find ovesapositive correlation between absolute return
and trading volume using all the observations tbsia markets. Five out of the six countries
have weaker but still significant correlations mhe® the observations that exceed thresholds
beyond the optimal ones. For four out of the sixintdes, the return-volume asymmetry is

preserved in the tail. Previous work has indicdted volume is a noisy measure of the rate of
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information flow. When trading volume is higherettlegree of noise may be even higher, so the
return and volume dependence may be lower duritrgree price change and trading volume. If
the market is illiquid in the emerging countriessjsi important to note that a small amount of
price change can trigger a large amount of tradiolgme, which causes the return-volume

dependence to become weaker in the tail.

Overall, my empirical results support the "mixtafedistribution hypothesis" for these
six emerging markets. Although there are significastitutional differences between mature
and emerging financial markets, the old Wall Stragage "it takes volume to move price"
generally holds across different markets. Butdk$aan unified theory to explain the asymmetric
relation between return and trading volume and, emonportant, to explain the weaker
dependence in the tail. Further work should thusyei this thread to develop a microstructure

model consistent with these empirical findings loa teturn-volume relation.
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Table 1 Summary Statistics

This table gives the summary statistics for return and logigadilume for market Indies for six

emerging markets. The second column is the mean. ( stock return in pggydifte third column is the
standard deviation. The fourth and fifth column give the minium and maximume observations. The
sixth and seventh column are the excess kurtosis and skewness. Numbeckeis bra the significant

level at which Ho of no excess kurtosis (no skewness) can be rejected.

mean std min max Excess skewness
kurtosis

Argentina R 0.0081 1.903 |-133942|11.964 | 6.0482 -0.0784
[0.000Q [0.1587]

Argentina adj vol |-0.0001 |0.418 |-51540|1.95% |27.7606 -15157
[0.000] [0.000]

Chile Fk 0.053 1.558 |-15.0358|17.508 |17.2238 0.3498
[0.0000 [0.0000

Chile adj vol —-0.0002 [0.4112 |-18165 |2.50® 22116 0.3403
[0.0000 [0.0000]

Malaysa R 0.003% 1.93® |—-222153|24.32& | 28.3542 0.6703
[0.0000 [0.000]

Malaysia adj_vol —0.0006 [0.3041 |-12494 |1.89® |1.8016 0.4632
[0.000Q [0.0000

Mexico R 0.0448 1.938 |-217500/19.01B |17.7344 -0.7107
[0.0000] [0.000G

Mexico adj_val —-0.0001 [0.5106 |—-23898|5.838 |30.7506 1.5566
[0.0000] [0.0000]

Sngapore R 0.013® 1.28% | —-8.4648 |9.802 74116 -0.0414
[0.0000 [0.3649

Sngapore adj vol | 0.00@® 0.49@ |-16864 |2.028 |21056 0.4576
[0.0000 [0.0000

Thailand F -0.0285 [2.278 |-13522515.838B |5.4737 0.4301
[0.000q [0.000Q

Thailand adj_vol —0.0005 [0.412 |—-25594|3.49F |3.1625 0.5555
[0.0000] [0.0000]
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Table 2 Correlation between Return and Trading Volume

corr(r,,,In(V))| corr(abs(r,,),In(V)) | corr(r?,In(V))
Argentina | 0.12& 0.2883 0.194
Chile 0.086 0.13% 0.0671
Malaysa |0.178 0.23@® 0.171
Mexico 0.103 0.223 0.105
Sngapore | 0.08% 0.27& 0.19G8
Thailand | 0.10®@ 0.292 0.18%®
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Vi =B+ B [+8,.D I |+ B3, + &

where V, is the trading volume at time {r, | is the absolute return at timie
time t+1. t —statistics are in the brackets. One, two and three asterisks indicate signafic0%o, 5%

Table 3 Results from OLS estimation

and 1% levels respectively.

r., isthe return at

Panel A:
By B B, Bs R’
Argentina | —0,0925™ | 0.0986™ |-0.054" 0.0043 0.0%
[-808] [1288] [-608] [099]
Chile —-0.0435" | 0.0636™ |-0.0385" |-0.0016 0.0%5
[845] [-394] [-033]
Malaysa | -0.0523™ 0.0750™ |-0.0564" |-0.0025 0.0&4
[-735] [1615] [-9371] [-082]
Mexico -0.0947" 0.1050™ |-0.0599" |-0.0036 0.0
[-841] [1375] [-668] [-081
Sngapore | —0.0702™ | 0.1233" |-0.0843" |-0.0056 0.09%7
[-980] [1753] [-1008] [-135]
Thailand | -0.1947" |0.1579" |-0.0563" |-0.0175" 0.0%
[-1074] [1637] [-466] [-219]
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Table 4 Estimation of GARCH model with and withoutvolume variable
The results are based on the following model:
rr=u+s where ¢ |Q,,~N(@ONh)
without volume: h = p,+ pgZ, + p,h_,
with volume:  h = p,+ pe’, + p,h_, +g*vol,

Standard errors are given below in parentheses. The likelihood ragithiestypothesis that
H, : q=0,H, : q=#0. The P-values of likelihood ratio tests are given below in brackets.

H Po P1 P2 pL+P |4 7 @

Argentina | 0.0616 | 0.1287 | 0.1325 | 0.8347 |0.9672

(no—volume) (0.0338 (0.0397) (0.0217) (0.0102

Argentina | —0.0152| 0.3199 | 0.2475 | 0.5285 |0.776@ |39133 | 388

(with—volume) (0.0405) (01142 (0.0368) (0.0657) (1.0452) [0.05]

Chile 0.0009 |0.0035 |0.0422 |0.9333 |0.97%

(no—volume) (0.0065) (0.0099 (0.0206) (0.0077)

Chile 0.0184 | 0.0255 | 0.1353 | 0.8603 |0.998 |0.0451 | 4540

(with-volurme) (0.0208 (0.0223 (0.0177) (0.0059) (0.0279) [<0.001]

Malaysia | 0.0585 | 0.0329 |0.1198 | 0.8731 |0.9928

(no-volume) (0.0199 (00178 (0.0182) (0.0065)

Malaysia | 0.0597 | 0.0000 |0.1415 |0.8434 |0.988 |04718 |2224

(with—volume) (0.0201) (0.1205 (00173 (0.0053 (0.0153 [<0.001]
Mexico 0.1069 |0.1621 |0.1947 |0.7693 |0.964
(no-volume) (0.0260) (0.0336) (0.0214) (00119

0.0934 |0.1878 |0.3068 |0.5895 [0.89& |1.8841 |55.90

Mexico
(with—volume) (0.0289) (0.0606) (0.0279 (0.0309 (0.3526) [<0.007

Sngapore| 0.0349 | 0.0301 | 0.1226 | 0.8643 |0.98®

(no—volume) (0.0179) (0.0202) (0.0239 (0.0096)

Sngapore | 0.0062 | 0.0758 | 0.3149 | 0.5424 |0.85713 |1.0865 |3896

(vith-volume) | (00172 (0.0408 (0.0305) (0.0366) (0.1893 [<0.001]

Thailand | 0.0284 | 0.0487 | 0.0978 | 0.8966 |0.994

(no-volume) (0.0303 (0.0296) (0.0189 (0.0064)

Thailand | 0.0288 | 0.0220 | 0.1328 | 0.8476 |0.98%% |0.4216 |2795

(with-volume) (0.0309 (0.0667) (0.0329 (0.0179) (0.1638 [<0.001]
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Table 5 Main Results: Estimation of Bivariate Thresold Model

The following model is estimated:

G(¥1, Y,) = expV{-1/log[L- p, (L+&, - (¥, —v)/ 07) 7],

~1/log[L- p, (L+&,- (Y, ~v,)/ 0,) TN

V(z,2)= (2" +2")"
where v, = mean+ 6, * std;

v, =Mmean+ 6, * std,

P1 and P2 are the probabilities that certain observations exceedinghhesholds.o;, and o, are

dispersion parameters;, and &, are tail indexes.« is related to the correlation coefficient by

p=1-a’. The corresponding standard deviations are in the parenthesis. * indicates tipeshold

based on the residual life plot. P-values of score tests are given belagkatbr

Panel Al. Argentina: correlation between absolute value of returmahdg volume

P, £ o, P, £, o, a P score
Threshold
(61,6,)
(0505) | 03726 |0.1917 |0.9582 |0.4385 |-0.0167|0.1820 |0.8292 [0.314 |3951
(0.0146) (0.0562 (0.0719 (0.0147) (0.0412 (0.0119 (0.0174) [0.000]
(1010) | 02339 |0.2150 |1.0358 |0.1835 |0.0539 |0.1628 |0.8391 [0.29%® |2608
(0.0135 (0.0815 (0.1089) (0.0125 (0.0815 (0.018) (0.0240 [0.000]
(1515 |0.1403 |0.1795 |1.2249 |0.0581 |-0.1120]0.2184 |0.8547 |0.26% |1745
(0.0114 (0.1106) (01717 (0.0078) (0.2660) (0.0639) (0.0355 [0.000]
01117 |0.1942 |1.2070 |0.0328 |-0.2966| 0.3841 | 09137 (0.1651 (1145
(1.75'175) (0.0105 (0.1357) (0.2036) (0.0060) (0.1907) (0.0877) (0.0363 [0.000]
0.0657 |0.2081 |1.3048 |0.0624 |-0.1460/ 0.2293 | 08572 [0.268 |1556
(24,146)° (0.0083 (01872 (0.2950) (0.0083) (02310 (0.0600) (0.0407) [0.000]
(24,21) | 0.0658 |0.1834 |1.2927 |0.0214 |-0.2793|0.3182 [0.9223 |0.14®8 |1003
(0.0084) (0.1797) (0.2889 (0.0049 (0.2717) (0.0949 (0.0447) [0.000]
0.0708 | 0.0945 |1.4550 |0.0186 |-0.71170.2513 |09528 [(0.092 | 743
(225,225 (0.0087) (0.1515 (0.2899 (0.0046) (0.2968 (0.0854) (0.0350 [0.000]
0.2883
corr(|r|,v
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A2 Argentina: correlation between absolute return and trading volume rehen is positive

pr gr O-r pV gv O-v a ,0 Score
Threshold
(6,,6,)
(05,05) | 03604 | 0.2440 |0.9461 |04333 |-0.0119 0.1886 |0.7825 [0.3877 | 2953
(0.0205 (0.0816) (0.1019 (0.0208 (0.0592 (0.0162 (0.0259 [0.000]
(1.010) | 02258 |0.2868 |1.0222 |0.2002 |0.3022 |0.1155 |0.7850 [0.33Z |2078
(0.0189 (0.1183 (01525 (0.0181) (01416 (0.0199 (0.0355 [0.000]
(L515) | 01342 |0.2668 |1.1768 |0.0499 |-0.4195 0.4216 |09152 |0.1628 | 727
(0.0159 (01790 (0.2579) (0.0104) (0.2172 (0.1082 (0.0429 [0.000]
0.1030 |0.2240 [1.3812 |0.0385 |—-0.4368/0.3591 | 08846 |0.215 | 696
(175 175) (0.0143 (0.20649 (0.3448 (0.009) (0.2712 (0.1092 (0.0543 [0.000]
(2815)"|0.0474 | 04077 |1.3347 |0.0511 |-04388| 04352 |0.8532 (0.27D | 697
(0.010) (0.4559 (0.6399) (0.0105 (0.2261) (01119 (0.0656) [0.000]
0.0648 | 0.0760 [1.7859 |0.0251 |-0.3470/0.1268 |0.9661 |0.06&f | 255
(225 225 (0.0118 (0.2720 (0.5893 (0.0076) (0.3215 (0.0540 (0.0414) [0.017
0.3213
corr(|r|,v
A3 Argentina: correlation between absolute return and trading volume nehen is negative
Thr(%w)old Pr & o, Pv &, o, a P score
(0505) | 03650 |0.0902 |1.1715 |0.4410 |-0.0284|0.1685 | 08725 |0.23& |2997
(0.0206) (0.0710 (01177 (0.0209 (0.0530 (0.0139 (0.0239) [0.000]
10,10 0.2375 |0.1554 [1.1528 [0.1739 |[0.0741 |0.1458 |0.8490 [(0.27A4 |2004
(0.0199) (0.1094) (0.1632 (0.0173 (01182 (0.0235 (0.0340 [0.000]
L515) 0.1464 | 0.0943 [1.3383 |0.0551 |0.2089 |0.1322 |08808 [0.21M4 |12.74
(0.0164) (0.1248 (0.2319 (0.0108 (03353 (0.0522 (0.0486) [0.000]
(175,175 | 0.1224 |0.1644 |1.1576 |0.0267 |—0.4400| 0.3076 |0.9190 |0.15% |1153
(0.0154) (0.1581) (0.2403 (0.0079 (03590 (0.1396) (0.0547) [0.000]
(2014)" | 0.0997 |0.3260 |0.9780 |0.0766 |0.2993 |0.1071 |0.8810 |0.228 |12.72
(0.0141 (0.2280) (0.2623 (0.0126) (0.2600) (0.0333 (0.0469 [0.000]
(185,185)| 0.1141 | 02261 |1.0626 |0.0221 |-0.4046|0.3595 | 0.9007 |0.188% |1147
(0.0150 (0.1818 (0.2426) (0.0077) (04713 (0.1932 (0.064) [0.000]
0.1004 | 0.4075 |0.8524 |0.0159 |-0.8422/ 01172 |09389 (0.11&1 | 561
(225 225) (0.0400) (01987 (0.2048 (0.0038) (0.9065 (0.0683 (0.0039 [0.000]
0.193%
corr(|r|,v)
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Panel B1 Malaysia: correlation between absolute return and volume

Pr S O, Pv S o, o P Score
Threshold
(6,.0,)
(05,05) | 0.2917 |0.3552 |0.8648 |0.4415 |0.0599 |0.1838 |0.8419 |0.2912 |6061
(0.0116) (0.0553 (0.0637) (0.0129) (0.0194) (0.0077) (0.0150) [0.000]
1.010) | 0.1653 |0.3988 |1.0649 |0.2301 |0.1620 |0.1551 |0.8315 |0.30% |4362
(0.0099 (0.0853 (0.1169) (0.0110 (0.0509) (0.0115 (0.0206) [0.000]
@515 |0.0977 |0.3953 |1.3825 |0.0990 |0.2770 |0.1473 |0.8212 |0.30% |3489
(0.0081) (01219 (0.2100) (0.0081) (0.0953 (0.0189 (00292 [0.000]
(20,20) | 0.0619 |0.3262 |1.8825 |0.0414 |0.3615 |0.1614 |0.8065 |0.34% |3059
(0.0067) (0.1637) (0.3761) (0.0055 (0.1518 (0.0320 (0.0415 [0.000]
0.0467 |0.3390 |[1.9147 |0.1199 |0.2463 |0.1461 |0.8461 |0.284 |30.77
(2 45 14)* (0.0058 (0.2113 (0.4892 (0.0089 (0.0828 (0.0167) (0.033) [0.000]
00473 |0.3507 19186 |0.0598 |0.2561 |0.1757 |0.8343 |0.303 |2862
(2_45 1_75) (0.0059 (0.2156) (0.4932) (0.0066) (0.1064) (0.0270) (0.0389 [0.000]
0.0503 [0.1977 | 23532 |0.0286 |04412 |0.1477 | 08504 |0.27@8 |2869
(2 25 225 (0006) (0.1624) (0.4923 (0.0046) (0.1943 (0.0366) (0.0460) [0.000]
0.236%
corr(|r|,v
Panel B2 Malaysia: correlation between absolute return and volume whenisgiasitive
Thr(ga%l)old Pr & o, Py £, o, o P score
(0505) |0.2786 |0.4591 |0.8232 |0.4208 |0.1014 |0.1785 |0.8090 |0.34% |4428
(0.0159 (0.0875) (0.0919 (0.0169 (0.0384) (0.0116) (0.0229) [0.000]
1010) |0.1526 |0.4587 (11701 |0.2066 |0.2531 |0.1395 |0.7836 |0.38@ |3490
(0.0133 (0.1248 (0.1850) (0.0148 (0.0804 (0.0159 (0.0318 [0.000]
@L515) |0.0938 | 04809 |14622 |0.0773 |0.3908 |0.1423 |0.7877 |0.37% |2708
(0.0111 (0.1764) (0.3169 (0.0102 (0.1533 (0.0287) (0.0458 [0.000]
(175,175 | 0.0746 | 0.4647 |1.6648 |0.0457 |0.4470 |0.1553 |0.7979 |0.3638 |2401
(0.0109) (0.2061) (0.4181) (0.0081) (0.1953 (0.0401) (0.0548 [0.000]
00514 | 05325 |1.8854 |0.0843 |0.3695 |0.1487 |0.7761 |0.3977 |2441
(2 25 1 45)* (0.0084 (0.2933 (0.6312 (0.0106) (0.1443 (0.0282 (0.0536) [0.000]
(20,20) |0.0619 | 05055 |1.7520 |0.0333 |1.0098 |0.0749 |0.7600 |0.422 |2478
(0.0092 (0.2464) (0.5076) (0.0069) (0.4529 (0.0347) (0.0649 [0.000]
0.0519 | 04753 |1.7987 |0.0192 |1.0306 |0.0880 |0.8480 |0.28B (1928
(2 25 2 25) (0.0086) (0.2762) (05982 (0.0053 (05132 (0.0482) (0.0698 [0.000]
0.278
corr(|r|,v)
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Panel B3 Malaysia: correlation between absolute return and volume whenisetagative

Thr(ge%h)old Pr E o, Py g o, a P score
(05,05) | 0.2917 | 0.4200 | 0.8458 | 0.4741 | -0.0253 | 0.1837 | 0.8716 | 0.2403 26.06
(0.0167) (0.1008) (0.1016) (0.0174) (0.0404) (0.0118) (0.0208) (0.000)
(1.0,10) | 0.1592 | 0.2269 | 1.4435 | 0.2860 | 0.0772 | 0.1447 | 0.8990 | 0.1918 18.50
(0.0141) (0.1135) (0.2153) (0.0168) (0.0606) (0.0141) (0.0248) (0.000)
(L515) | 0.1076 | 0.2333 | 1.6322 | 0.1233 | 0.1632 | 0.1463 | 0.8791 | 0.2272 14.83
(0.0121) | (0.1462) | (0.3064) | (0.0128) | (0.1323) | (0.0254) | (0.0347) (0.000)
(1.75,1.75) 0.0903 | 0.2397 | 1.6376 | 0.0799 | 0.1368 | 0.1618 | 0.9095 | 0.1728 | 12.20
(0.0113) | (0.1631) | (0.3449) | (0.01808) | (0.1754) | (0.0367) | (0.0354) (0.000)
(2.0,2.0) | 0.0720| 0.2000 | 1.9082 | 0.0544 | 0.2249 | 0.1559 | 0.8870 | 0.2132 | 11.51
(0.0103) (0.1753) (0.4372) (0.0091) (0.2752) (0.0501) (0.0445) (0.000)
(1.65,1.41) 0.0952 | 0.2316 | 1.6742 | 0.1522 | 0.2032 | 0.1290 | 0.8854 | 0.2161 14.8
(0.0115) | (0.1555) | (0.3351) | (0.0139) | (0.1211) | (0.0203) | (0.0336) (0.000)
(225,225 0.0592 | 0.1715 | 2.0573 | 0.0374 | -0.0428 | 0.2280 | 0.9054 | 0.1802 9.21
(0.0094) | (0.1847) | (0.5088) | (0.0076) | (0.2928) | (0.0814) | (0.0476) (0.000)
corr(|r|,v 0.1968
Panel C1. Chile: correlation between absolute return and trading volume
Pr g o, Pv &, o, a P score
Threshold
(61,6)
(0505) | 0.3158 | 0.3564 |0.7704 |0.4425 |0.0683 |0.2530 |0.9284 |0.13® [1741
(0.0119 (0.0637) (0.0586) (0.0122 (0.0349 (0.0127) (0.0135) [0.000]
1010) |0.1838 |0.3149 |1.0004 |0.2404 |0.1327 |0.2336 |0.9525 |0.097 | 934
(0.0103 (0.0870) (0.1047) (00112 (0.0566) (0.0180) (0.0153 [0.000]
@515) |0.1176 |0.2755 |[1.1957 |0.1198 |0.2137 |0.2196 |0.9630 |0.076 | 575
(0.0089) (0.1031) (0.1528 (0.0089 (0.0911) (0.0261) (0.0174) [0.000]
(20,20) | 00796 |0.3325 [1.2179 |0.0558 |0.3293 |0.2134 |0.9691 |0.06(B | 368
(0.0075) (0.1303 (0.2040 (0.0064 (0.1534) (0.0401) (0.0206) [0.000]
0.0925 | 03576 |1.1153 |0.0574 |0.2577 |0.2435 |0.9631 |0.0724 | 429
(1.85,1.95) (0.0080) (0.1317) (0.1736) (0.0065 (0.1369 (0.0428 (0.0214 [0.000]
0.0633 [0.2941 |1.3781 |0.0378 | 05063 |0.1837 |0.9884 |0.023 | 193
(225 225 (00069 (0.1559) (0.2590 (0.0053 (0.2373 (0.0492 (0.0161) [0.054]
0.13%B
corr(|r|,v
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Panel C2. Chile: correlation between absolute return and trading velberereturn is positive

J2)

Pr g o, Pv &, o, a score
Threshold
(6,,0,)
(0505) | 0.3204 | 04600 |0.7166 |0.4320 |0.1205 |0.2357 [0.8848 |0.2171 |1799
(0.0165 (0.0945) (00782 (0.0169 (0.0506) (0.0169 (0.0200 [0.000]
(1010) |0.1749 |0.3231 |1.1479 |0.2222 |0.2062 |0.2191 |0.9233 |0.145 | 978
(0.0149) (0.1260) (01739 (00153 (0.0859) (0.0249 (0.0239 [0.000]
(1515 |0.1077 |0.2534 |15095 |0.1018 |0.3639 |0.2058 |0.9265 [0.1416 | 677
(0.0118 (0.1709) (0.3047) (0.0115 (0.1596) (0.0398 (0.0302 [0.000]
(20,20) | 0.0723 | 0.1020 |2.0687 |0.0443 |0.5321 |0.2309 |0.9264 [0.14%6 | 456
(0.0100) (0.1589 (0.4351) (0.0080) (0.3206) (0.0808 (0.0400) [0.000]
0.0704 |0.2039 (17231 |0.1261 |0.3825 |0.1812 |09422 |0.112 | 541
(2 151 4)* (0.0098) (0.2047) (0.4250) (0.0126) (0.1483 (0.0321) (0.0296) [0.000]
0.0655 |0.1592 [1.8504 |0.0262 |0.2066 |0.4498 |0.9579 |0.0824 | 273
(225,225 (00099 (01949 (04520 (00062 (03242 (01789 (0.0375 (0006
0.186l
corr(|r|,v

Panel C3. Chile: correlation between absolute return and trading velberereturn is negative

Pr & o, Pv g, o, a p score

Threshold

(61,62)
(0505) | 03284 |0.3759 |0.7221 | 04642 |0.0322 |0.2572 | 09654 (0.068 | 877
(00173 (0.0940) (0.0800) (00174 (0.0550) (0.0192 (00174 [0.000]
@010) 01794 |0.2300 |1.1456 |0.2577 |0.0162 |0.2647 |0.9779 |0.04%F | 396
(0.0148 (0.1066) (0.1576) (0.0164) (0.0770) (0.0289) (00209 [0.000]
0.1447 |0.2373 11877 |0.1815 |-0.0182 0.2825 | 0.9929 |0.014 | 226
(125,1,25) (00137 (01209 (01859 (00149 (00843 (0.0347) (00209 [0.024]
@515 01191 |0.2521 |1.2007 |0.1292 |-0.0271| 0.2864 |1000 |0.00® | 129
(0.0127) (0.1344) (0.2087) (0.0132) (0.0932) (0.0419) (0.0206) [0.197]
0.0701 |0.3704 |11716 |0.1292 |-0.0164|0.2794 |1.000 |0.00®@ | 092
(2.15,1.51) ©0102 (0.2109) (0.2959 (0.0132) (0,095 (0.0404) (0.0226) [0.35]
0.0811
corr(|r|,v
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Panel D1: Mexico: correlation between absolute return and volume

Thr(g&%h)old Pr & o, Py & o, a P score
(0505) |0.3492 |0.2937 |0.8883 | 0.4516 |0.0595 |0.2385 |0.8552 |0.26% |1984
(0.0119 (0.0516) (0.0574) (0.0121) (0.0349) (0.0117) (0.0143 [0.000]
(1010) |[0.2031 |0.3308 [1.0035 |0.2190 |0.2194 |0.1901 |0.8846 |0.2174 |1468
(0.0106) (0.0745 (0.0915 (0.0109 (0.0687) (0.0164) (0.0186) [0.000]
@L515) |0.1218 | 04379 [0.9788 |0.0713 |0.1678 |0.2715 | 0.9260 |0.145 | 688
(0.0089 (01114 (01272 (0.0071) (0.1469 (0.0474 (0.0235 [0.000]
(20,20) | 0.0656 |0.4456 [1.3010 |0.0314 |-0.0818/0.4101 |0.9481 |0.1011 | 313
(0.0069) (0.1652 (0.2458 (0.0049 (01792 (0.0960 (0.0294) [0.000]
0.0864 | 0.6554 |0.8273 |0.1241 | 04108 |0.1590 |0.9270 |0.140 | 683
(185,135)° (0.0077) (01759 (01559 (00090 (0126)) (0.0227) (00219 (0.000]
0.0627 | 04463 |1.3164 |0.0291 |-0.1108| 04257 |0.9540 |0.08®8B | 281
(205 205) (0.0067) (0.1699 (0.2560 (0.0047) (0.1800 (0.1018 (0.0289 [0.005]
0.0521 | 04323 (14340 |0.0245 |-0.0229|0.3558 | 09718 |0.05% | 168
(2 252 25) (0.0062 (0.1865 (0.3079 (0.0043 (0.2329 (0.1034 (0.0273 [0.093
0.223
corr(|r|,v)
Panel D2: Mexico: correlation between absolute return and volume when sgpasitive
Threshold | pr S o, P S o, o e score
(05,05 |0.3618 | 0.3068 |0.8828 | 04417 |0.0499 |0.2253 |0.8311 |0.308 |2165
(0.0164 (0.0727) (0.0784 (0.0167) (0.0477) (0.0152 (0.0203 [0.000]
@1010) |0.2187 |0.3546 |0.9178 |0.1928 | 0.2600 |0.1578 |0.9219 |0.150L | 956
(0.0150 (0.1097) (0.1202 (0.0145 (0.1061) (0.0208 (0.0230 [0.000]
(@L515) |0.1207 |0.2715 [1.2991 |0.0536 |0.1094 |0.2769 |0.9277 |0.13% | 451
(0.0122 (01372 (0.2209 (0.0086) (0.2319 (0.0765 (0.0347) [0.000]
(175,175 0.1034 | 0.3965 [1.0817 |0.0337 |-0.0143|0.3334 |0.9485 |0.10B | 289
(0.0119 01779 (0.2229 (0.0069 (0.3030 (0.1199 (0.0359 [0.004]
(20,20) |[0.0751 | 04686 |1.2458 |0.0252 | 04504 |0.2387 |0.9889 |0.0220 | 066
(0.010) (0.2561) (0.2879 (0.0064) (0.9117) (0.1369 (0.0310 [0.509]
0.0472 |0.7295 | 0.8961 |0.1347 |0.3535 |0.1506 |0.9449 |0.102 | 418
(270 115)* (0.0081) (0.3567) (0.3329 (0.0129 (0.1536) (0.027) (0.0316) [0.000]
0.0702 |0.2179 [1.6092 |0.0210 |-0.2401/ 04187 |09911 |0.0177 | 023
(215 2.15) (0.0099 (01762 (0.3619 (0.0056) (0.375)) (0.1909) (0.0296) [0.818]
0.272
corr(|r|,v)
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Panel D3: Mexico: correlation between absolute return and volume when set@gaitive

Pr & o, Pv g, o, a P score
Threshold
(61,62)
(0505) | 03437 |0.3538 | 0.8262 |0.4514 |0.0835 |0.2478 |0.8927 |0.203 (1694
(0.0174) (0.0813 (0.0826) (0.0177) (0.0524) (0.0182 (0.0197) [0.000]
(L010) | 01890 |0.3814 |1.0129 |0.2268 |0.1433 |0.2451 | 09111 [0.169 | 904
(0.0153) (0.1209 (0.1468 (0.0160 (0.0907) (0.0293 (00253 [0.000]
(L515) | 01084 |0.4553 |1.1455 |0.1086 |0.3179 |0.2164 |0.9240 |0.14® | 543
(0.0129 (0.1851) (0.2420) (0.0129 (0.1885) (0.0469 (0.0317) [0.000]
(20,20) | 0.0636 |0.3399 |1.6737 |0.0430 |-0.0962| 04640 |[0.9591 |0.08Q | 196
(0.0098) (0.2080) (0.4241) (0.0082 (0.2052 (0.1296) (0.0379 [0.050]
(2.6,1.45)| 0.0454 |0.7454 |1.1382 |0.1215 |0.3743 |0.1962 | 09146 |0.16F | 337
(0.0084) (0.4034 (0.4589 (0.0130 (0.1864) (0.0408 (0.0422 [0.000]
0.0572 |0.3641 |1.6431 |0.0384 |-0.0745/0.4339 | 09776 |0.048 | 115
(2_15 215 (00049 (0.2265 (0.4493 (0.0078) (0.2231) (01312 (0.0350) [0.250]
0.179%
corr(|r|,v

Panel E1: Singapore correlation between absolute return and volume

Pr g o, Pv &, o, a P score
Threshold
(61,6,)
(0505) | 03621 | 0.2505 |0.6177 |0.3897 |0.0208 |0.2560 |0.8408 |0.29% |4569
(0.0120 (0.0505) (0.0404) (0.0121) (0.0379 (0.0149) (0.0147) [0.000]
@L010) |0.2198 |0.2421 |0.7222 |0.1512 |0.0297 |0.2528 |0.8638 |0.258 |3222
(0.0109 (0.0714) (0.0656) (0.0096) (0.0681) (0.0247) (0.0203 [0.000]
@L515) |0.1327 |0.1861 |0.8769 |0.0548 |0.1493 |0.2023 |0.8922 |0.203 |2411
(0.0092 (0.0910) (0.1045 (0.0063 (0.1349) (0.0365 (0.0270) [0.000]
(20,20) | 0.0844 |0.1738 |0.9510 |0.0279 |0.1810 |0.2095 |0.9388 |0.11% |1933
(0.0077) (0.1223 (0.1507) (0.0046) (02322 (0.0615 (0.0287) [0.000]
0.0641 |0.3199 |0.8384 |0.0502 |0.2234 |0.1840 | 09270 [0.14® |1917
(2 4155)* (0.0068 (0.1866) (0.1834) (0.006) (0.1569 (0.0369 (0.0324) [0.000]
0.0585 | 0.2347 |0.9358 | 0.0280 |0.1875 |0.2094 |0.9367 |0.12% |17.71
(2_45 1_75) (0.0065) (0.1856) (0.2099 (0.0046) (0.233) (0.0614) (0.0308 [0.000]
0.0674 |0.1698 |1.0311 |0.0516 |0.0024 |0.2107 |0.9402 |0.11® |1603
(225 225 (00069 (0.1455 (0.1889 (0.0061) (0.0859 (0.0313 (0.0282 [0.000]
0.27&
corr(|r|,v
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Panel E2: Singapore correlation between absolute return and volume whelisrptsgitive

pf gr O, pV gv Oy a P Score
Threshold
(61.65)
(05,05) | 0.3643 | 0.3277 |0.5368 |0.4545 |-0.0912/ 0.2431 |0.8056 |0.3510 |4524
(0.0166) (0.0737) (0.0502 (0.0169 (0.0440) (0.0163) (0.0209) [0.000]
1010) |0.1996 |0.2268 |0.8086 |0.2796 |-0.0768| 0.2238 |0.8019 |0.35® |3695
(0.0145 (0.0987) (0.1030) (0.0160) (0.0666) (0.0212 (0.0270) [0.000]
(@L515) |0.1302 |0.1904 |0.8972 |0.1374 |-0.2056| 0.2550 |0.8500 |0.275 |3048
(0.0126) (0.1226) (0.1459 (0.0129 (0.0890) (0.0343 (0.0333 [0.000]
(20,20) | 0.0863 |0.2252 |0.9115 |0.0715 |-0.1735/0.2156 |0.8616 |0.25%® |2432
(0.0107) (0.1663 (0.1949 (0.0098 (0.1614 (0.0469 (0.0418) [0.000]
0.0661 |0.2201 |[0.9604 |0.1389 |-0.2107|0.2556 |0.8657 |0.25(® |2401
(230,15)"| @ (01984 (02428 (00130) (00876 | (00342 (00389 [0.000]
0.0761 |0.2573 |[0.8970 |0.0622 |0.0084 |0.1603 |0.8661 |0.24%B |2281
(2 25 225 (0010) (0.1882 (0.2119 (0.0092 (0.2389 (0.0464) (0.0440) [0.000]
0.332
corr(|r|,v
Panel E3: Singapore correlation between absolute return and volume winensreegative
Pr & o, Pv g, o, a P score
Threshold
(61.65)
(05,05) | 0.3506 |0.2200 |0.6873 |0.4463 |0.1255 |0.1684 |0.8889 |0.208B |2148
(00173 (0.0749 (0.0665) (00175 (0.0564) (0.0130) (0.0192 [0.000]
10,10) |0.2262 |0.2589 |0.7200 |0.2466 |0.1987 |0.1639 |0.8910 |0.206l |14.75
(0.0159 (01063 (0.0950) (00163 (0.0940) (0.0197) (0.0249) [0.000]
@L515) |0.1422 | 0.2531 |0.8189 |0.1254 |0.1727 |0.1961 |0.8865 |0.214 |2411
(0.0136) (0.1403 (0.1405 (0.0130) (0.1379 (0.0339 (0.0317) [0.000]
(20,20) | 0.0848 |0.2348 | 0.9390 |0.0635 |0.0407 |0.2637 |0.9384 |0.119%% | 521
(0.0111 (0.2133 (0.2344 (0.0097) (0.1639 (0.0594) (0.0354) [0.000]
(2.2,1.85) [ 00741 |0.3848 |0.8209 |0.0829 |0.2047 |0.2004 |0.9066 |0.17% | 673
(0.0104 (0.2852) (0.2535 (0.0109 (0.1985 (0.0470) (0.0392 [0.000]
0.0753 | 0.2713 [ 09016 |0.0564 |0.0711 |0.2462 |09583 |0.0817 | 388
(2 25 225 (00109 (0.2473 (0.2554) (0.0092 (0.1841) (0.0612 (0.0329 [0.000]
0.181
corr(|r|,v
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Panel F1: Thailand correlation between absolute return and volume

Thr(ge%h)old Pr E o, Py g o, a P score
(05,05) | 0.3504 | 0.1373 | 1.5981 | 0.4302 | 0.0358 | 0.3149 | 0.8462 | 0.2839 41.94
(0.0120) (0.0511) (0.1046) (0.0121) (0.0351) (0.0161) (0.0145) (0.000)
(1.010) | 0.2294 | 0.0714 | 1.8984 | 0.1543 | 0.0075 | 0.3224 | 0.8610 | 0.2586 25.95
(0.0110) (0.0653) (0.1589) (0.0096) (0.0727) (0.0316) (0.0204) (0.000)
(1515) | 0.01618| 0.0902 | 1.7907 | 0.0483 | 0.0560 | 0.3618 | 0.9205 | 0.1527 14.86
(0.0099) | (0.0863) | (0.1945) | (0.0059) | (0.1355) | (0.0661) (0.0251) (0.000)
(20,20) | 0.1031 | 0.0026 | 2.1042 | 0.0178 | 0.0881 | 0.3561 | 0.9392 | 0.1179 10.29
(0.0084) | (0.1035) | (0.2827) | (0.0037) | (0.2352) | (0.1108) (0.0329) (0.000)
(2.75,1.75) 0.0556 | 0.1528 | 2.6051 | 0.0302 | 0.1013 | 0.3370 | 0.9422 | 0.112 9.8
(0.0064) | (0.1014) | (0.4009) | (0.0048) | (0.1984) | (0.0827) (0.0301) (0.000)
(1.85,1.85) 0.0510 | 0.1738 | 2.6864 | 0.0241 | 0.0613 | 0.3652 | 0.9443 | 0.1083 9.47
(0.0061) | (0.1018) | (0.4241) | (0.0043) | (0.1922) | (0.0952) (0.0332) (0.000)
(2.25,2.25) 0.0824 | 0.1344 | 2.5308 | 0.0119 | 0.1043 | 0.3459 | 0.9494 | 0.0986 5.58
(0.0076) (0.0812) (0.3343) (0.0032) (0.2964) (0.1372) (0.0402) (0.000)
corr(|r|,v 0.2942
Panel F2: Thailand correlation between absolute return and volume whensgiasitive
Pr & o, Pv &, o, a P score
Threshold
(61,6)
(05,05) | 0.3508 | 0.2726 |1.2324 |0.4490 |0.0521 |0.3235 [0.7589 |0.424 |3550
(0.0168 (0.0783 (0.1186) (00172 (0.0536) (0.0237) (0.0216) [0.000]
10,10) |0.2220 |0.2186 |1.5037 |0.1572 |0.1070 |0.3006 |0.8101 |0.34%F |2094
(0.0155 (01150 (0.2049 (0.0137) (0.1296) (0.0477) (0.0309 [0.000]
(L515) |0.1383 |-0.0058/ 20701 |0.0430 |-0.4061 0.5140 |0.9031 |0.184 |1184
(0.0133 (0.1697) (0.4135 (0.0080) (0.2687) (0.1629 (0.0406) [0.000]
(20,20) | 0.1142 | -0.0769| 22541 | 0.0211 |-0.5044| 04608 |0.9431 |0.11G | 926
(0.0231) (0.2039) (0.2156) (0.0056) (03452 (0.2158 (0.0436) [0.000]
(2.55,1.05)| 00547 |-0.4598| 3.6078 |0.1612 |0.0540 |0.3104 |0.8837 |[0.21® [1088
(0.0089 (0.2037) (0.8879 (0.0141) (01223 (0.0489) (0.0389 [0.000]
(225,225
0.342
corr(|r|,v
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Panel F3: Thailand correlation between absolute return and volume whenisetagative

pr ‘fr O-r pV ‘fv O-v a ,0 SCore

Threshold

(61,6,)
(0505) | 03780 |0.2420 |1.0327 |0.4089 |0.0493 |0.2840 |0.8745 |0.23® (1795
(0.0170) (0.0805) (0.0997) (0.0179) (0.0465) (0.0199 (0.0199 [0.000]
(1010) | 0.2258 | 0.0969 |[1.3904 |0.1755 |0.1683 |0.2384 |0.9183 |0.1567 | 870
(0.0155 (0.0987) 01723 (0.0143 (0.0963 (0.0309 (0.0246) [0.000]
(L515) |0.1421 |-0.0215/1.6785 |0.0602 |0.3151 | 02230 |0.9747 |0.04® | 250
(00133 (01113 (0.2518 (0.0093 (0.2104) (0.0576) (0.0265 [0.012]
(20,20) | 0.0929 |-0.0722/1.8020 |0.0175 |0.2156 |0.3979 |0.9821 |0.03% | 128
(00113 (0.1297) (0.3265 (0.0052 (0.3659 (0.1856) (0.0312) [0.201]
(2.5,1.35)| 0.0567 |-0.1813/2.1786 | 0.0842 | 03122 | 02118 | 09546 |0.08% | 291
(0.0090) (0.1495 (0.475)) (0.0108 (0.1837) (0.0466) (0.0332 [0.004]
0.0886 | 0.0361 [1.4920 |0.0159 | 05526 |0.2424 09785 |0.045 | 131
(225,225 @9 (0.1697 (03187 (00050 (05862 (01546 (00339 [0.100]
0.222

corr(|r|,v
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