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Abstract

In our study, we investigate the information asyrmneand investors’ behavior around
earnings announcements listed on the Taiwan Sgdexithange (TSE) from June 1999 to January
2005. Second, we separate the announcements iose ttleemed positive and those deemed
negative. The third part of our design focusesnuestor’s behavior, to see whether they exhibit
any form of increasing reactions to similar typéswrprise information.

Our empirical results show that earnings announo&meduce information asymmetry once
they become public. This implies that the relatiopsbetween public and private information
could be substituted. Further, firms announcingatigg news have higher information asymmetry
than those announcing positive news. These resuptigort our former hypotheses and the finding
of prior research.

In terms of investors’ behavior, small traders bkhiattention buying behavior around
announced dates, whether the news is good or haah thmparing the reaction of small and large
traders, small traders show stronger reactions tlmnarge traders. These interesting results
support our hypotheses and interest us in the lpedsikages of these topics. Although the degree
of reaction for consecutive earnings surprised sghificant, we still observe learning behavior i
a same-type series, especially for large tradeasyd_traders begin to exhibit significant reversal
reactions on a third surprise announcement. Ouwiltsesmply that small traders tend to be
uninformed traders, provide liquidity to the markehd do not have sufficient means to hold

precise information as do large traders.



1. Introduction

In recent years, there has been growing interesssnes related to the microstructure of
securities markets. An important component of tiaadaction risk faced by investors in financial
securities is the information asymmetry set bygbeurity issuers. The original paper on this topic,
Ball and Brown (1968)shows that accounting income numbers have infeomabntent. Numerous
empirical studies have been conducted to examinkanhbehavior around earnings announcements.
Since earnings announcements are routine and pulidianation, market participants will project
their expectations to forthcoming announcementserms of the security price. Subrahmanyam
(2005) argues that managers may be very adepnaeabng true value, and that there may be large
information asymmetries between outside investos fams. Several earlier studies demonstrate
that the anticipation of earnings news increasésrmation asymmetry in the market, as investors
increase their search for private information thali allow them to profit once earnings are
announced (Kim and Verrecchia (1994) and Verrecth®82)). With this in mind, the objective of
our article is to explore the effects of earning;x@ncements on the variation of information
asymmetry. Furthermore, we also examine investmhavior in terms of earnings announcement
surprises, which may be caused by information asgiryn

Bamber (1987)ound the absolute value of unexpected earningsositively related to the
magnitude and duration of the trading volume reactHe examined the relations between market
reaction and the degree of unexpected earnings.uhb&pected earnings could be divided into
positive and negative ones. Generally, these diretdieas the good earnings news and bad earnings
news. Prior research usually focused on markettiozec to these two typesMNoodruff and
Senchack(1988found that stocks with extremely good earnings nexkibited a more rapid
adjustment than those with extremely bad earnieggsnNael (2004)ound that prices converged to
equilibrium more quickly for good news than for basvs. Accordingly, the different surprises cause
asymmetric responses in the market. Different degad information asymmetry may exist around
the earnings announcements. However, prior resdashusually been limited to that focusing on
price reaction, while we are curious to study thigenomenon in more detail. This is the first
important issue this article discusses.

As the information environment in emerging markstaot as complete and efficient as that in
mature markets, we expect the phenomenon of infiimmasymmetry to be more significant than
that exhibited in mature markets. In this paper,u8e more exact measurements to examine the
information asymmetry around earnings announcentmttss, even in regards to different earnings
surprises.

SinceVarian (1986)developed the difference in opinion modein and Verrecchia (1991a, b)
argued that the heterogeneous beliefs around garaimnouncements induce market participants to



trade. Further, numerous research have discusfededt types of investors’ behaviors. Intuitively,
investors usually form their expectations basedhair information endowments. The precision of
their information plays an important role in théecision makingkim and Verrecchia (19919rgued
that different trader reactions are caused by e amounts of precisions of their private
information, since investors’ trading behavior msed on their held information and when it was
gathered. This means investors in the market adsibi¢ information asymmetry among themselves.
Many studies discuss investors’ behavior aroundiiegs announcement®aniel, Hirshleifer and
Subrahmanyam (1998propose a model, based on investor “overconfidenartl “biased
self-attribution,” in which investors underreacttews that disagrees with their views, and ovetreac
to news that agreeBarberis and Thaler (2003how that individuals make basic trading mistakes
which institutions do not make. Theoretical and em@ findings in the US use different
measurements to distinguish investors by cuttiages, and also analyze their behaviors. In this
article, we further analyze the behavior of smatid alarge investors around the earnings
announcements.

Madhavan (1992shows that relative to continuous mechanisms rfddfias the quote-driven
system and the continuous auction), the perioditi@u (call) pooling orders for simultaneous
execution aggregates information efficiently anéroemes the problems of information asymmetry
better. However, a periodic system cannot providseédiate order execution, and imposes higher
costs for traders who must collect market inforomatinstead of observing price quotations. Thus,
Chow, Lee and Liu (2004) inferred that tradershe Taiwan stock market who do not observe
trading as frequently under a call mechanism a®wuadcontinuous market could tend to be more
conservative in placing the orders than the tradbegrve under a continuous market. Further, they
found traders to be more conservative at the mawkening than at other intraday points. This
characteristic raised many questions for us reggrafivestors’ behavior in this mark&ie divided
our sample into small and large traders based aminiy volume and analysis of their reactions to
news.

There are several important findings in our arti¢test, we find that quarterly earnings
announcements can reduce information asymmetryeagtdirms and investors. This is consistent
with Verrecchia (1982), who suggests that when ipulihformation is available, private
information becomes less valuable. Consequentlforimation asymmetry increases before
earnings announcements and decreases after theirmemeents because private information
becomes public at the time of the announcementth&wmore, we divide the earnings
announcements into good or bad news, and the sesufgest that the reactions to bad news are
stronger than those to good news. This is congistgh Engle and Ng (1993), who investigated
several asymmetric volatility models and suggested impacts of negative return shocks are
larger than positive return shocks. Second, thalteesf our paper show that small traders would be



net buying after earnings announcements and sradkits react more strongly to good news than
to bad news. Third, small traders react more styotmya series of similar earnings surprises, but
they react weaker significant than large tradeis series of similar earnings surprises. This ey b

attributed to accounting conservatism, as investdiseact to the news only upon observing some
signal consistent to their private information. ther, small traders are more likely to make

mistakes in the market, and they tend to be coasigev Consequently, we could not find strong

evidence to support our hypothesis.

The remainder of the paper is organized as folloWse literature review and hypothesis
development are introduced in section 2. SectiotisBusses the data and descripts the Taiwan
security market. Section 4 presents the researthaaeogy. Section 5 exhibits the empirical results
and the findings. Finally, section 6 offers diseéossand conclusions.

2. Theory and hypothesis development
2.1Information asymmetry around earnings announcements

Market reactions to earnings announcements havg bmen a topic of interest to the
accounting community. One issue is whether publficrmation, such as earnings announcements,
is a substitute for or a complement to private rimfation.

A substitute relationship implies that more pulriformation leads to less private information
gathering and hence, less information asymmetrgaipital marketsMc Nichols and Trueman
(1994), and Demski and Feltman (1984gue thatnformation asymmetry should increase before
earnings announcements, as there is a risk th@dggrare initiated by informed investohorse
and Ushman (1983)se such an argument to predict that an earningsumcement should be
accompanied by a decrease in bid-ask spreads.ntnasg if private information is generated by
processing and interpreting a public announcenagrttje anticipation of more public information
encourages more private information acquisitionranoublic information leads to more private
information and hence more information asymmeiiiyn and Verrecchia (1994argued that the
disclosure of the earnings actually increases mébion asymmetry. Because the ability of
information processors to produce superior assegsno¢ a firm's performance on the basis of an
earnings announcement provides them with a compar@&formation advantage over other
participants.

We assume that private and public information aubsstutes, and yet we show that

information asymmetry will be reduced once the e@%1 go public. These arguments lead to the
following hypotheses:

Hypothesis 1 If earnings announcements reduce information asymmehe proxy of



information asymmetry will be lower in post-annoedicperiod than in
pre-announced period.

Proxy of Information Asymmetry
Bid-Ask Spread

In general, the degree of information asymmetrg@néed in the market can be measured by
the bid-ask spreads. In market microstructure thetbre bid-ask spread is explained by two
principle theories: the inventory control model @he asymmetric information modélosten and
Milgrom (1985)argued that a higher proportion of informed tradansthe market will lead the
market maker to widen his bid-ask spread to congderfer the additional adverse selection risk.
Easley and O’Hara (198Trther argued that if market conditions are suwht tmarket makers
become concerned about a higher proportion of inéar traders in the market, or that the
informed traders have better information, they wiiden their bid-ask spread to compensate
themselves for the additional adverse selectidn @shen et al. (1981Jemonstrated that a natural
bid-ask spread exists in an order driven markeabge of the “gravitational pull” that an already
posted order has on a new, incoming ortl@nda, Schwartz and Tiwari (2008)ggested that the
bid-ask spread is a function of both the advertecgen cost and differences in valuation. Thus,
the spread is also a proxy of information asymmigtign order-driven market.

The greater the informational asymmetry in the retrg, the greater the benefit to informed
traders who possess superior information. Thisge@adesult in wider bid-ask spreads.

Adverse Selection Cost

Krinsky and Lee (19963uggest that the total spread used in previousestuday not be an
accurate measure of information asymmetry. Duewet inventory holding and order processing
components, the change in quoted bid-ask spreadi®eviless pronounced, although earnings
releases still result in increased information asyaimy among market participants. They also
believe that adverse selection costs increasefisigmnily before and following the announcements.
This result can be interpreted as evidence of asgé information asymmetry.

Price Volatility

In addition, if information about the firm's value less transparent, then dispersion of beliefs
in the capital market tends to be greater as dtresu

Shalen (1993has shown that price volatility is related to thepérsion of expectations about
future market prices, and can act as a good prokyfarmational asymmetry. Uninformed traders
with more divergence may exacerbate even highettili). If earnings announcements can reduce
informational asymmetry, there should be a corradpg reduction in price volatility.



Realized Volatility

The measure of volatility is a model proposedAoyiersen et al. (200Xhenceforth ABDL).
ABDL (2001) introduced realized volatility to measwolatility over the interval of interest. They
used five-minute intraday data to determine thelized volatilities. Thus, if earnings
announcements reduce informational asymmetry,zeghlolatility also should reduce.

2.2 Information asymmetry to good- and bad-news

Hayn (1995)suggested that losing firms require investorsatiher more information for their
valuation analysis than profitable firms. This ssefrom the higher probability of bankruptcy and
liquidation for loss-making firms. Therefore, whassessing the value of a firm, investors must
also collect and interpret information regarding grobability of default and the firms’ default and
liquidation value.Lang and Lundholm (1993showed that successful firms provide more
information than unsuccessful firms. Their analydso indicated that the information environment
of successful firms would be more stable(less mftion asymmetry and less uncertainty) than
that of bad-news firmsErtimur (2003) provided additional evidence about the information
environment of loss firms, loss-making firms havghler bid-ask spreads than profitable firms.
Earnings announcements are a routine informatievanht to display performance of firms. When
they have been divided into good and bad newsnplies that we can discuss the information
environment of these two groups. Underperformingndi are more likely to either abandon a
project or sell some of their assets. Moreover{pasformance firms are more likely to change or
replace their management, governance structure, arginess strategy and to engage in
restructuring, than are successful firms. TheséorEtwould generate more uncertainty and
therefore increase the likelihood of informatiograsetry trading among the bad-news firms.

The accounting conservatism principle also relates bad-news firms’ information
environment. Accounting rules imply that declinegrofitability, losses, and write-offs would be
more transitory and larger, on average, than g&iasu (1997found that good earnings news
more likely to be persistent than bad earnings nasva& result of conservatism. It means bad
earnings news is more likely to be temporary. Tleegmined the conservatism principle on
accounting. For instance, unrealized losses ariealy recognized earlier than unrealized gains.
This asymmetry in recognition leads to a systerafiyiclifferent persistence of earnings. Gains are
more stationary since they are a result of econ@rjgansion of previous and current periods.
Thus, it should be easier to predict earnings fwwdgnews firms. In fact, for good-news firms,
unlike for bad-news firms, simple time series medek good predictors of earnings. The analysis
above suggests that the information environmeniaaf-news firms, including profitable ones,
would be associated with high information costs higth information uncertainty environments.

! They define positive earnings changes as goodregrnews, the same to bad earnings news.



From the above arguments we conclude that good-rfems are more likely to have less
information uncertainty, on average, than bad-naws.

Hypothesis 2:If bad-news portfolios have higher information msgetry, the proxy to
information asymmetry of bad-news portfolios wil higher than good-news
portfolios.

2.3 Order flow around earnings announcements

In the market microstructure theory, there are kiwals of traders defined by information
asymmetry models existing in the market — infornvadiers and liquidity traders. We can view
informed traders as traders who have private inddion which represents the “true” value of the
asset. They can either be insiders or traders whoparticularly skillful in processing public
information.Kim and Verrecchia (1995howed that informed traders prefer to trade largeunts
at any given pricedasbrouck (199%xamined the relation between trades and quotsioe for
the stocks in the NYSE and found strong evidenagltrge trades convey more information than
small tradesBrown et al. (1997suggested that smaller trades do not react imitedgi® “news”
in return, but tend to follow.

Large trades perhaps appear to indicate that tfeeynare informed than smaller trades. But
Kyle (1985), Admati and Pfleiderer (1988)dicated that a monopolist informed trader may
camouflage his trading activity by splitting onege trade into several small trades. Thus, large
share positions are likely to be broken up intcesavtrades. However, transaction costs and delay
costs would prevent informed traders from engaging sequence of small size trades. Therefore,
Barclay and Warner (19938ygued that if informed traders prefer to breakrages so that they can
camouflage their trades with liquidity tradergnight be optimal for them to submit medium-sized
orders.

The strongest motivation is a growing empirical dgbral finance literature that repeatedly
shows that individuals make basic trading mistakbih institutions do not mak&arberis and
Thaler (2003)provided a summary of this literature. In particularge traders will be more
correlated with professional investors and protesai investment advisors, who are likely to have
greater financial education, more experience antertime to make investing decisiorarber
and Odean (2003rgued that the individual investors tend to bemethasers of stocks on high
attention days. Their buying behavior is more hgawifluenced by attention than their selling
behavior.Lee (1992)found that after an announcement there is a sggmifly greater number of
buys than sells for small ordefsriffiths et al. (2000found that aggressive buys are more likely to
be motivated by information than aggressive selarnings announcements represent the
performance of a company going public. When eamingve been announced, it will gain the
attention of participants in the market. Prior egsé has shown that small and large traders trade
differently around earnings announcements. We wtikédto observe the behavior of small and



large traders in the TSE and expect that they halle different reactions to the routine earnings
announcements.

Examining order flow data can potentially revealugble information that is not available
from transaction data. The data allows us to exanmwestors’ trading behavior directly. The
greater the order imbalance is, the smaller thaiopidifference. In addition to testing the degree
of divergence in opinions, it can also be usedest investor’'s reaction. Ihee (1990) the
imbalance in buy-sell orders is used to measurenuket response to an information event. The
earnings announcement is an information event amdemus infer investors’ behavior directly. As
we mentioned above, different investors have diffiereactions to the newisee (1992)examined
the imbalance of trade directfdn test the behavior of small traders and found #fter an
announcement, there is a significantly greater rarmiif buys than sells for small orders.
Shanthikumar (2002also used trade imbalance to test investor’s behaVhis paper presents
consistent evidence of an eventual overreactioemall trader behavior, both relative to large
traders and to a benchmark of zero.

Hypothesis 3.11f earnings announcements are high attention d#ys, order imbalance of
small traders will be net buying in the post-annoesh period.
Hypothesis 3.25Small traders react more strongly than large trasler

Proxy of different traders
Trade Size

Prior research has used two alternative proxieistinguish between small and large traders:
(1) the number of shares traded (trade-size-baserly}), and (2) the dollar value of the
transaction (dollar-value-based préxyEasley et al. (1997a.lwjassified the trades into large (at
least 1,000 shares) and small trades (fewer th@fA0lshares)Barclay and Warner (1993)
classified the trades into small (fewer than 508res), medium (500-9,900shares), and large
(above 10,000)Bessembinder and Kaufman (19@¥gssified the trade into three categories based
on dollar volume: small trade (less than $10,000gdium trade ($10,000-$199,999), and large
trade (above $200,000fhanthikumar (2003used two primary cutoffs, with a buffer between
small and large trades to reduce noise. The lowffcof $5,000 splits small and medium trades,
and the higher cutoff of $50,000 splits medium kande trades.

The limitation of the trade-size based proxy ist tihadoes not reflect differences in stock
prices. Lee and Radhakrishna (2000) found thatidelilue-based proxies are generally less noisy
than trade-size-based proxy in separating smallange investor transactions. Dollar-value-based

2 the net number of sell orders, not the net nurnbshares sold
% See Cready (1988), Cready and Mynatt(1991)
4 See Lee (1992), Lee and Radhakrishna(2000)



proxies are, however, sensitive to stock price geanand mean to the wealth that traders have.
Thus, our research adopts two measurements taglisth between small and large traders.

Lee, Lin and Liu (1999examined the order flow data of the Taiwan stockrkat and
classified orders of 10 or more lots, which arecgthby large individual investors, and orders of
less than 10 lots as orders placed by small indalichvestors. And their results implied that large
individual investors are the most well informed ygles. Besides, they found similar empirical
results of the TSE when they changed the cutoffitsdrom 10 round lots to 20 round lots. Our
research also examines the phenomenon of the T&weak Exchange; hence, we adopted 10 lots
(10,000 shares) as our cutoff.

2.4 Investors’ behavior to good- and bad-news

Earnings announcements release good and bad mewisiohally, we consider that investors
will react positively to good news and negativety bad news. However, different groups of
investors have different reactions to nevarber and Odean (200Brgued that individual
investors tend to be net purchasers of stocks gim &iitention days, whether the news is good or
bad. Their buying behavior is more heavily influeddy attention than their selling behavior.
Hirshleifer et al. (2002)ooked only at individual investors’ behavior d@odnd that individuals are
net buyers after both extremely positive and exélgnmegative earnings surpriseee (1992)
displayed an intra-day focus and also found thdividual and small traders buy after earnings
surprises, whether the surprise is good or bad.

Shanthikumar (2003¢mpirically tested the NYSE and found that smaltiérs exert buying
pressure after an earnings announcement, whetheatimouncement is good or bad news. They
also found that small traders react more strormgluccessive surprises, but large traders do not.

Hypothesis 4.1lf small traders represent the behavior of attentlmying, small traders react
more strongly than large traders both in good-ne@nd bad-news portfolios.

Hypothesis 4.2tf small traders represent the behavior of attemtimying, smaltraders react
more strongly to good news than to bad news

2.5 Investors’ behavior around consecutive earningsurprises

Barberis, Shleifer and Vishny (1998gveloped a model based on experimental evidence of
what is known as a “conservatism bias,” which esalyn means that individuals tend to
underweight new information when updating theiropibeliefs. If an investor sees a particular
earnings surprise for the first time, he believlat tearnings are mean-reverting and so he
under-reacts to the news. On the other hand, ffeles two similar earnings surprises in a row, he
believes that earnings are following a trend precss he overreacts to the later announcements.



Daniel, Hirshleifer and Subrahmanyam (199&)oposed a model, based on investor
“overconfidence” and “biased self-attribution,” wvhich investors underreact to news that
disagrees with their views and overreact to news dlgrees. News that agrees with an investor’s
opinions strengthens that opinion more than comdtaiy information weakens it. As a sequence
of same-sign earnings surprises continues, indaldyersonal views will shift towards the
direction of the surprises. Because of this, tierlaurprises in the sequence will cause a stronger
reaction than the surprises at the beginning.

The key difference between two behavioral modelgam@s the initial reactionDaniel,
Hirshleifer and Subrahmanyam (199&)edicted initial overreaction, bigarberis, Shleifer and
Vishny (1998)predicted initial underreaction. While the specifiodels vary in their details, there
IS consensus among these papers that investors me@e strongly as similar information
continues to arrive. Barberis and Thaler (2003)rsanzed two investors’ behavior when they face
a series of information, in terms of “conservatisand “representativeness”. Moreover, the two
behaviors would delay or over reflect the inforroatiincorporate into the security price. An
investor who displays conservatism will tend to emeeight new information if the directions of
the information are not consistent with each othAarinvestor who exhibits representativeness will
tend to overweight new information if they takeqady the same directio8hanthikumar (2004)
looked at investor behavior conditioning on paspsses. They found that small traders display
increasing reactions in their trading behaviowitiwnally, small traders have less informationrtha
large traders to evaluate the quality of new infation. Thus we develop the hypothesis as
followings:

Hypothesis 5Small traders will react more strongly in a serggssimilar earnings surprises.

3 Sample Data

Quarterly earnings announcements dates and earpergshare are taken from the Taiwan
Economics Journal (TEJ) Company from January 15189ecember 31, 2004. First of all, we
need to use the former historical data to calcudtgadard unexpected earnings. For measuring the
investors’ reaction, we collected daily stock psiéeom June 1, 1999 to January 31, 2005 from the
TEJ, which included closing bid and ask price, iclggrice, open price, high price, and low price.
We also collected intra-day database which contiaithe details of transactions on the TEJ from
2003 to 2004. The sample is restricted to secaritsing on the TSE, and we excluded some
targets with conditions as follows: (1) Stocks lbgliag to the financial industry. (2) Stocks with
low liquidity, if the number of transactions to katading day is less than 10. (3) Stock price was
lower than three New-Taiwan dollars in long terri®) Stocks had been fully completed or

unlisted. The final samples included 217 firms dd74 times quarterly earnings announcements
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between June 1, 1999 and January 31, 2005.

The measure of information, quarterly earnings annements dates is another important
sample for us. The fourth quarterly announced datesusually closed to annually announced
dates in April. Moreover, companies sometimes eglviheir reports of earnings in one month and
announced twice. To avoid duplicating, we adoptesifirst ones if there are two announcement
dates in the same month. And the criterion of owgné dates depended on the earnings going

public by mass media.

4 Methodology
4.1 Measurements to the information asymmetry

Relative Effective Bid-Ask Spread

The bid-ask spread is the difference between tivedbavailable price to sell (the ask price)
and the highest available price to buy (the bide)ri
As in Hebb and MacKinnon (2000he effective spread ; ; , and the relative effective

spread, RS , are calculated as follows:

Se =2"| By — MR, |
_ 2Ry = MRy | (1)
MR,

RSq

WhereP ; is the closing price of firm on dayd, MR ,is the midpoint of bid-ask spread,

which is calculated g@isk, + bid,)/2. Meanwhile, ask ; and bid,, represent the closing
ask price and closing bid price of fiinon dayd, respectively.

Adverse Selection Cost

The informational asymmetry component of the bikl-gizread is the compensation to market
makers for trading with informed traders who possssperior information. As a result, when
market makers perceive an increase in the degreefamimational asymmetry, they widen the
bid-ask spread. We adopt the methodGaforge, Kaul and Nimalendran (199b) estimate the
informational asymmetry part of the bid-ask spreafihe informational asymmetry

cost@gy =1-1z 4, is the proportion of the bid-ask spread due tormational asymmetry of firm

i on day d, andrz , is the proportion of the bid-ask spread other timormational asymmetry,
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which can be expressed as follows:

7, = ZJ_COV(SD‘ R 2)(

where RD, = R, — R, Ry is the 10-minute intraday return of firm i based toansaction

prices at time intervals between t-1 andR, is the 10-minute intraday retugalculated from
bid prices, B, §,is the mean average of bid-ask spread of twentgrs&@-mimute intervals of

firm i at each day, ardoV( RD,, RD,_,) represents the serial covariance D, .

Price Volatility

The traditional approach to calculate varianceeaiusity price returns is to use daily closing
prices. Improved estimator of security price vdilgti however, is formulated bysarman and
Klass (1980)(hereafter, GK). They proposed a volatility meastaking account of today’s high
(H), low (L), opening (O) and closing (C) pricesden the assumption that a logarithm of stock
prices follows the Brownian motion without drifth&refore, the GK volatility measure contains
more information of price volatility than many vtldy estimators considering the closing prices
only. We adopt the volatility measure of the GK mbib estimate daily volatilities of each firm. It
can be expressed as follows:

0%, =0511a-bf - 0.019k @+ b) 2b} 0.38FK...cccovvvvvrerrrrreene, 3)

where a = In(H/O), b=In(L/O), and x=In(C/0), artﬂfd represent the volatility of firm i on day d.
Realized Volatility

The measure of volatility is a model proposedAoylersen et al. (200Xhenceforth ABDL)
ABDL (2001) introduced realized volatility to measwolatility over the interval of interest. They
used five-minute intraday data to determine thézea volatilities. ABDL claimed that sampling
at five-minute intervals is sufficient to ensurattthere is minimal measurement error in the daily
realized volatilities, while also preventing micragture bias from becoming a concern. Because
the daily trading time is from 9:00AM to 1:30PM, 5i&e-minute observations were conducted
each day. The realized volatility proposed ABDL (2001) used in this study to measure the
volatility of stock i at time tis:

RV, = D h e, (4)
j=12..[1/A]

Where r

ir; denotes the 5-minute stock return) =1/54. Because the problems of

non-synchronous trading and bid-ask bounce cowd te biased conclusions, our research uses
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the average of bid prices and ask prices as tloe peries.

4.2 Dividing the good- and bad-news based on Earninguirises®
We assume that earnings expectations are basezhsoral random walk with drift

E(e)=¢_, +0', where J' = the earnings drift for firm I................cc...(5)
d' :%Z(e;_j ~€_4), Where NS16 ..o, (6)
j=1

Then, standardize the unexpected earnings measurémdividing each firm surprise by the
standard deviation of that firm’s earnings, as mess by the available subset of the preceding 20
announcements.

Where Varg, ) is estimated using the previous 20 announcements

Earnings announcements are then ranked by the Stbiawach year, and placed into deciles
0-9, where the most negative surprises are ine@®&cdnd the most positive in decile 9. Earnings
announcements in deciles 4 and 5 are not stromyises.The difference between expectation and
actual ones is defined as unexpected earnings wdmiehnot revealed until the time of the
disclosure. Earnings surprises have been dividedtimo groups, positive and negative earnings
surprises. Prior research defined the positiveiegsrsurprises as good news and the negative ones
as bad newdn this paper, we use a more exact measuremenvitte gearnings surprises to good
and bad news. The participants in markets reprediffierent reactions to the two portfolios.
Specifically, we expect that bad-news firms (déxil@, 2) are subject to more information
asymmetry than good-news firms (decile7, 8, and 9).

4.3 Trade Size
Share volumes

It is commonly believed that big players on the Tt8&&d to split their transactions into several
trades in order to prevent small players and afficgf the regulatory authorities from seeing

® See Ball and Brown(1968), Jones and Litzenber§&€), Jones and Latane(1982), Foster, Olsen and
Shevlin (1984), Bernard and Thomas(1989,1990), Béu& 994)

® See Bernard and Thomas(1989)
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through their trading strategies. For these regsse<lassify orders of 10 or more lots which are
placed by large traders, and orders of less thaot&Cas orders placed by small tradéese, Lin
and Liu (1999)used 10,000 shares as the dividing point for tileviing reasons :(1) The budget
constraints of small investors imply that theirdea are likely to be small in size. (2)Trades of
10,000 shares or more acemmonly defined as block trades in US markets.(d8)the TSE,
10,000 shares is equivalent to 10 round lots, whietuld be regarded as a medium trade size.

Dollar volumes

The limitation of the trade-size based proxy ist tihadoes not reflect differences in stock
prices.Lee and Radhakrishna (200@und that dollar-value-based proxy are generakg noisy
than trade-size-based proxy in separating smallange investor transactions. Dollar-value-based
proxies are, however, sensitive to stock price gganand mean to the wealth that traders have.
Thus, our research adopts two measurements toglissh between small and large traders. The
whole trading volume was sorted and adopted the@3p and bottom 20% to represent large and
small traders.

4.4 Abnormal Order Imbalance

In order to aggregate across firms, and to be t@biaake clearer conclusions regarding the
comparison of event-time trading and non-event timsgling, we calculated abnormal order
imbalanceShanthikumar (2004)sed trade imbalance as follows:

The measure of trade imbalance:

_ buys,, — sells,
|MBi,x,t - buy$’x’t + Se”g(’t

The raw trade imbalance measure is calculatedllasvi) for firm i, investor type x, and date
t. In order to determine which side initiated theede, they used the modifiege and Ready (1991)
algorithm recommended in Odders-White (2000). Tigerghm involves matching a trade to the
most recent quote, which precedes the trade l®aat b seconds. If a price is nearer the bid frice
is classified as seller initiated and if it is @oso the ask price it is classified as buyer abéd. If a
trade is at the midpoint of bid-ask spread, thegsified based on the previous price.

We then normalized this trade imbalance measursubyracting off the non-event-time firm
year mean, and dividing by the non-event-time fymsar standard deviation.

IMB_abnormaI — IMBi,X,t B E(IMBi,X,year(t)) (9)

i,Xxt \/Var(IMBiyxyyear(t)) ...................................................

We calculate the sample mean and variance of traldalance in each year, for the given firm and
investor type, excluding days that are close teammings announcement. The event period that is
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excluded in calculatingE(IMB,, ...,) and Var(IMB,, ....,) consists of days -15 through 15 in

event time; the thirty one trading days centeredmynearnings announcement date. This allows us
to aggregate across firms without concern for ciffiees in the non-event-time trading behavior
associated with them. Normalizing the measure ley dtandard deviation allows us to make
qualitative comparisons of our final values thaulddbe impossible to make if the values were not
normalized. Dividing by the standard deviation colst for systematic differences in the volatility
of large trades and small trades or in the volgtdf the stocks large and small traders invest in.

4.5Regression Model
Different Investors’ Behavior to Good and Bad Eags News

To get a better estimate of the difference in slogisveen the two reactions, the difference in
how trading depends on surprise deciles, we usedfdtiowing regression. We estimate the
following regression, forltl[-15,+15]

IMB,, = a7l (x=S) +ay 1 (x=L)+ B’ (x=S)Surp+ Bl (X = L)SUrp+ &, «.eeeuuen. (10)

wheret is the trading day in event-time.
x is trade typeSfor small trade and for large trade
Surpis the surprise of good- and bad-news groups

Different Investors’ Behavior to Consecutive News:

In this part of our article, we assign an earnisigprise a value of N=0 if it is a mild surprise,
in deciles 3, 4, 5 or 6. We assign it a value ofLN=t is a very negative surprise (deciles 0,2pr
and the preceding surprise for that firm was nairgly negative. Similarly a surprise receives a
value of N=1 if it is very positive (deciles 7, 8 ®) and the preceding surprise was not positive.
The surprise has a value of N=2 if it is the secemgbrise of the same type, strongly negative or
strongly positive, N=3 if it is the third and so.on
IMBta"”‘”ma':ail (N, =D+l (N, =2) +..+ay | (N, 2 M) + BT (N, =DSurp+ (11)

Byl (N, =2)Surp+...+ B, 1 (N, = M)Surp+ ¢,
wheret is the trading day in event-time
sis the specific earnings surprise
Surpis the surprise of good- and bad-news groups
I(Ns = X) is the indicator that thl value for surprise has valueX

In these regressiongy measures the intercept for the reaction to theimgs announcement,
which is roughly the reaction to an extremely negasurprise (decile 0). The coefficieft,
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reflects the way in which the given volume measigpends on surprise deciles. Essentialfy,

measures the strength of the reaction caused letiree of earnings surprise.
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5 Empirical Results
5.1 Information asymmetry around earnings announcerents

In this section, we adopt four proxies to examime information asymmetry around earnings
announcements. The relative effective spread wadelyiaccepted to examine information
asymmetry in market micro-structure field. In addit we use adverse selection cost, price
volatility and realized volatility to test this p@menon. In Table 1, Panel A shows the results of
our models in the pre-announced period, as welaasel B in the post-announced period. Then we
compare these results between the pre-announcetiepost-announced periods. Panel C presents
their difference by interval design. We can obsettvat the relative effective spread, adverse
selection cost, and realized volatility are all ipes in Panel C, which means information
asymmetry in the pre-announced period is largen e post-announcement. This should be
attributed to the earnings announcements. Thereifte of relative effective spread and adverse
selection cost is larger than the other two vaestand significantly from interval 1 to interval 5.
These results support our hypotheses as mentidwaet athe relative effective spread and adverse
selection cost in the post-announced period isdiagn that in the pre-announced perigdrnings
announcements indeed reduce information asymmaitny, imply that the relationship between
public information and private information is suhge. They also support the theoretical models of
Mc Nichols and Trueman (1994), Demski and Feltni&94).

Unfortunately, the result of volatility doesn't pent strong evidence to support our
hypotheses. The realized volatility is positiveHanel C, but only significant in interval 5. Price
volatility is positive in interval 1, but turns twe negative if we broaden the interval design. desi

their difference is not as obvious as the formeiades.

5.2 Information asymmetry between good- and bad-nesvgroups

The investors under good- and bad-news may extiffégrent behavior” We analyze the
variation of information asymmetry to the good-nearsd bad-news firms in terms of relative

effective spread, adverse selection cost, pricatiity and return volatility by employing the tse

First of all, we used the same design of earninggprises to divide the earnings
announcements into two groups: good-news and bad-iems. We placed deciles 0, 1, 2 as

bad-news groups and deciles 7, 8, 9 as good-newps)r

Table 2 shows the relative effective spread anérmdifices between good-news and bad-news

" See Engle and Ng (1993), Koutmos (1998), Freneih ¢1987) and Schwert (1989)
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firms. Relative effective spread is the general sueament in market microstructure to estimate
information asymmetry. The investors will widen s$@ead when they face the bad earnings news
since there may exist other bad news behind. Th#eege in Table 2 indicates that there is a
significant difference in the relative effectivereaad between these two sets. Generally, the relativ
effective spread of bad-news firms is higher thhat tof good-news firms, especially around
earnings announcements. However, the results amedml he difference of information asymmetry
between good- and bad-news firms is significaniciwis weakly support hypothesis 1. From day 3
to day6, the degree of information asymmetry goesamd goes to be stable after day 10. The
spread in day O(event day) isn’t significant, alnel tlegree of difference is smaller than that in the
pre-announced period. Since the earnings annoumtgmneay smooth away some information

asymmetry on the event day and investors refléstitformation into the trade price.

In order to require more robust results, we borrthe method ofGeorge, Kaul and
Nimalendran (1991fo estimate the adverse selection cost, whichrisgbahe bid-ask spread. The
results in Table 3 present the difference of adveedection cost between good-news and bad-news
firms. We obtained certain results around event Baym day -3 to day 4, the difference is larger
and significant. From these results, we could prilva bad-news firms have higher information
asymmetry than good-news firms regardless of tiee @r post-announced period. Moreover, the
degree of difference in the post-announced pegarnaller than that in the pre-announced period.
These results are consistent with our former thstjnformation asymmetry in the post-announced

period will be lower than that in the pre-announpedod.

The GK volatility measure contains more informatanprice volatility than many volatility
estimators considering the closing prices only.|&ab displays the price volatility difference
between the two sets. It starts to fluctuate on-@agnd then continues to day 8, the time perfod o
reaction is longer than the former two proxies. B difference does not become smaller once
earnings go public, it only reduces around annomecds from day -1 to day 1. These results
present an interesting phenomenon about informaisgmmetry. We suggest that the fluctuation of

price volatility was not only caused by informatiasymmetry.

Table 5 exhibits the realized volatility differenbetween good- and bad-news firms. We used
the intraday measurement to examine daily changeam Elay -5, the difference suddenly becomes
larger than former days, and lasts to day 9. Byt @and day 1 aren’t significant and become
smaller than other days around announcements. dgdthdhe result of volatility seems a little
different from former measurements, the differebegveen the two sets is positive and significant
around the announced day. It also proves that #mknews firms have higher information
asymmetry than good-news firms. Hence, the resaés all consistent with our hypothesis:

Bad-news firms have higher information asymmetgntigood-news firms. Generally, the evidence
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show the disclosure of quarterly earnings annousoémeduces information asymmetry to the
firms, especially for bad-news firms. This may kieilsuted to that the bad-news firms do not prefer

to release information before earnings announcesyamparing with the good-news firms.

5.3 Investors’ behavior around earnings announcemes

It is interesting to investigate the investors’ &gibr to earnings announcements. We view at
the whole picture of trading around the event daynffor day -15 to day 15. First, the investors
should be divided into two groups: small and langelers. Since the two group investors, on
average, do not own the same resources to dis@aienthe truth of security price. They may have
different behaviors to the earnings announcemémsordingly, we employ the trade imbalance of
two types of investors to analysis their behaviosuad the earnings announcements. Table 6
presents the trade imbalance of small and largdetsa We examine trade imbalance in the
pre-announced and post-announced periods firstr@hats in table 6 show that small traders react
to the earnings announcements strongly in the gmsbunced period than in the pre-announced
period. In other words, small traders exhibit neyihg behavior in post-announced periB8arber
and Odean (200Zpund that individuals buy an abnormally high amboaf a company’s stocks
after news about the company- whether the newsdsl @r bad. Their buying behavior is more
heavily influenced by attention than their sellimghavior. This result is consistent with the firglin
of Lee (1992), Hirshleifer et al. (2003nd Shanthikumar (2004)0n the other hand, large traders
do not have obvious fluctuation from day-15 to d&yas much as small traders. It implies that
large traders do not react to earnings surprisessrasgly as small traders, since large traderssmor

likely to be institutional investors who have maméormation and skill to evaluate this news.

5.4 Investors’ behavior to good- and bad-News

Furthermore, we test various investors’ behaviateurgood- and bad-news. The purpose is to
compare the degree of different investors’ reastiofe compare the reaction of small and large
traders to the good- and bad-news firms. To gedteebestimate of the difference in slope between

the two reactions, we use the regressions (10xamme the effect. In this modely measures
the intercept of the reaction to the earnings ancements andS reflects the relation between

investors’ behaviors depends on earnings surgdrisiact, S unearth the strength of the reaction.
Table 7 displays the results to this regressiorigh wstatistics for our tests ofr*=a"and

p=p"

In order to see reaction to good-news and bad-neesise two tables to observe them. Table
7-A presents the trade imbalances of large andl $radkrs to the earnings surprise deciles 0, 1 and
2. The evidence in Table 7-A shows thaf® is significantly higher thana~ from day -6 to day 4,
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around event day. The relationship betweBhandS" is non-significant around the announced
date. The strength of small traders’ reactions amiegs announcementg?® is significantly

higher than 8", but unclear from day -1 to event day. It seemgelaraders and small traders have

the same reaction strength around the announcezl dais may be caused by information
asymmetry which is higher on day -1. As we mentibabove, small traders react more strongly to
the type of earnings surprises than large trader8esides,a® is positive from day -15 to day 15,
and this result seems to confirm that small tragéghsbit attention buying, which is consistent with

our former test.

Table 7-B presents the abnormal trade imbalan@atoings surprises deciles 7, 8, and 9. In
other words, those are investors’ behavior to goeds firms. In additional,aS is also
significantly higher thana’" from day -6 to day 5, alsof3° is also significantly higher than3"
from day -4 to day 1. The evidence in this tabldidates that small traders also (compared with
bad-news group) react more strongly to earninggrsas than large traders do. The results of the
two tables are consistent to support our hypoth&sisll traders will react more strongly than large
traders, regardless with the news is good or bad. the results are consistent with the findings to
Lee (1992), Hirshleifer et al. (2002)able 7-C compares the reactions of small trabegood and
bad news. The difference is positive from day @ag 6 and significantly from day -3 to day -1.
Unfortunately, the evidence in this table is unclead weak to support our hypothesis. The
phenomenon of this result may be attributed by teasons. First, no matter good- or bad-news,
small traders react to earnings announcementdetian net-buying. Thus, we could not observe
thatsmall traders strongly react to good news tharatbriews. Second, small investors do not own
mature skills to analysis the news. They may ndwdrepresentative news to encourage their
behavior. Alternatively, the small traders may beservative to the earnings news. In general, this

finding less supports our hypothesis and inconsistethe findings oShanthikumar (2004).

5.5 Investors’ behavior to consecutive news

In this part, we investigate the investors’ behati@a series the same news based on shares
and dollars. The earnings surprises are conditidayetbnsecutive past news. We expect that small
traders display increasing reactions in their tigdbehavior when they face a series the same
information. N1 means that the surprise is the &ree in a similar series. N2 is the second oné, an
so on. We examine the dollar-based and shares-badahes in this section. The intercept,
represents the initial reaction of small and lamgelers and shows their transactional behavior. In
table 8-A,a of small traders are all positive and significemshow their buying behavior. However,
the coefficient in table 8-A presents the degree of investorsidmipr selling behavior caused by

the earnings surprises. On the other side, laagtets reverse their behavior when the surprise is
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the third similar surprise (i.e. N=3) in a serikkst of them tend to sell stocks in the later ssgs.
This may be attributed to that large traders uguadive more financial knowledge to setup the
loss-stop point and the profitable point. In adugitithe evidence in table 8-A and table 8-B do not
have a clear pattern to support our expectatiothofigh our design in this section does not
distinguish good and bad news, it implies thatdamgders will revise their behavior when similar
earnings surprises continue. If the consecutivaiegs news is good, large traders will complete
their transaction to get profit. Even to bad nelagje traders also have flexibility to transferithe
capital to invest in other stocks. Table 8-B shdhat small traders also learn from the former

consecutive surprises and begin to revise theiawieh (while the four ones) check this.

6. Conclusion

In this paper information asymmetry and investbetiavior are the two major topics that we
discuss around earnings announcements. First,westigate information asymmetry and investors’
behavior around earnings announcements. While nrasgarches have discussed developed
markets, we concentrate on emerging market in esearch. Our results present interesting
information to discuss. In the first part, we wolilee to know the information asymmetry around
earnings announcements which are not defined ag gobad news. The relative effective spread
and adverse selection cost between the pre-annd@mek post-announced periods are significant,
and they are lower in the post-announced periodl ithéhe pre-announced period. These results are
strong evidence to support our former hypotheseseCearnings go public, this event reduces
information asymmetry and implies that public amivade information is substituted on the TSE.
They also support the theoretical model$/af Nichols and Trueman (1994), Demski and Feltman
(1994). Although price volatility and realized volatilityr@ not significant and even present

reversed results. We think these results are dtletoharacteristics of these variables and models.

In this part, we use trade imbalance to see invgsbehavior simultaneouslyBarber and
Odean (2001argued that individual investors tend to be netlpasers of stocks on high attention
days, whether the news is good or bad. An impoffiading for us is to prove that small traders
indeed have attention buying behavior around ancedirdates. The trade imbalance of small
traders is positive and significant around evenédand consistent with the finding Barber and
Odean (2001andLee (1992).

The second part is to investigate information asgtnynand investors’ behavior to good- and
bad-news. The four proxies of information asymmeitry all positive and significant around event
date. We confirm that bad-news firms have highérimation asymmetry than good-news firms.

Poor-performance firms are more likely to changergplace their management, governance
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structure, and business strategy and to engagestructuring, than are successful firms. These
actions would generate more uncertainty and thezefocrease the likelihood of information

asymmetry trading among the bad-news firms. Moreotlee managers may tend to cover up
poor-performance leakage under the self-beneficjple. It could also be the reason for the higher

information asymmetry among bad-news firms.

Small traders also exhibit stronger reaction tlamgd traders, whether the news is good or bad.
The coefficient of difference is positive and sigrant around announced dates. On the contrary,
large traders do not react strongly in their betwavrhis finding is also consistent with that of
several prior research papers on developed markdtaplies that small traders do not hold as
precise information as large traders and canndseetheir behavior flexibly, but still exhibit

attention buying behavior.

In the third part, we can see that investors haaening behavior in a same-type series of
surprises, especially for large traders. They akiilgnificantly reversed reaction in the third and

fourth surprises and tend to sell stocks.

The empirical results also caused us to wondertahedinkage of these topics. The TSE is an
emerging market and not as efficient as developadkets. Traditional micro-market structure
divides investors into liquidity traders and infardhtraders. The difference between them should be
larger in an emerging market if information asynmmegxists. In our research, we could observe
their obvious differences. When we observe the iehaf two sets, we find that small traders are
the major resource of liquidity on the TSE. Whitey exhibit attention buying, the high frequency
transactions provide liquidity to the market andyéatraders around event dates. It implies that
small traders tend to be uninformed traders whitgd traders have more ability to judge the public

information, even to arbitrage on the TSE.
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Table 1:Information asymmetry difference between pre-ameed and post-announced period

This table presents the relative effective spremtljerse selection cost, price volatility, and w=li volatility for
pre-announced and post-announced period. Panepdstsethe mean of four proxies from day —15 to @layay 0
reports the mean of announcement date. Panel Btsgphermean of four proxies from day 1 to day 1&ne? C presents

the mean of each proxy in each time interval. PaBecompares the difference between pre-announced and
post-announced period in intervals.

Day t Relative Effective SpreadAdverse Selection Cost Price Volatility Realized Volatility

(*10% (*10%
Panel A Pre-announced period
-15 0.0441 0.4601 0.4349 0.2476
-14 0.0487 0.4017 0.2136 0.2563
-13 0.0485 0.4705 0.2890 0.2678
-12 0.0501 0.5071 0.3578 0.4389
-11 0.0498 0.4904 0.3520 0.3784
-10 0.0520 0.5031 0.3789 0.3098
-9 0.0526 0.5429 0.4577 0.4621
-8 0.0577 0.5375 0.5297 0.4591
-7 0.0576 0.5289 0.5432 0.4432
-6 0.0591 0.5309 0.5583 0.3992
-5 0.0602 0.5037 0.5767 0.4821
-4 0.0634 0.5189 0.5918 0.5052
-3 0.0684 0.5626 0.6032 0.4903
-2 0.0732 0.5732 0.6602 0.5109
-1 0.0765 0.6079 0.7845 0.5339
0 0.0725 0.5868 0.7404 0.5045
Panel B Post-announced period
1 0.0702 0.5420 0.7421 0.5041
2 0.0683 0.5216 0.7034 0.5092
3 0.0625 0.4917 0.6452 0.4732
4 0.0594 0.4852 0.5534 0.4023
5 0.0569 0.4715 0.5409 0.3687
6 0.0561 0.4809 0.5423 0.4001
7 0.0542 0.4604 0.5022 0.3902
8 0.0543 0.4599 0.4891 0.3734
9 0.0521 0.4323 0.4729 0.3891
10 0.0493 0.4529 0.4563 0.3584
11 0.0474 0.4278 0.4401 0.3301
12 0.0465 0.4064 0.4382 0.3201
13 0.0479 0.4325 0.4267 0.2801
14 0.0454 0.4191 0.3729 0.2248
15 0.0447 0.3998 0.3806 0.1509
Panel C Difference in Pre- and Post-announced period
(-1,0) v.s (0,1) 0.0032 0.0554** 0.0212 0.0149
(-2,0) v.s (0,2) 0.0038* 0.0414* -0.0003 0.0105
(-3,0) v.s (0,3) 0.0043* 0.0495** -0.0107 0.0126
(-4,0) v.s (0,4) 0.0043* 0.0414* -0.0009 0.0303
(-5,0) v.s (0,5) 0.0041* 0.0372* 0.0052 0.0442*

*** Significant at the 0.01 level. ** Significanttahe 0.05 level. * Significant at the 0.1 level
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Table 2:Relative effective spread differences between gomds and bad-news group

This table presents the relative spread differebetseen good-news and bad-news groups. Paneloitsehe mean of
relative effective spread from day-15 to day-1. Dageports the mean of announced date. Panel Btsether mean of
relative effective spread from day 1 to day 15.

Day t Good-news Bad-news Difference

Panel A Pre-announced period
-15 0.0400 0.0441 0.0040
-14 0.0490 0.0487 -0.0003
-13 0.0478 0.0491 0.0012
-12 0.0462 0.0521 0.0059
-11 0.0463 0.0525 0.0062
-10 0.0484 0.0541 0.0057
-9 0.0499 0.0557 0.0058
-8 0.0545 0.0600 0.0055
-7 0.0541 0.0595 0.0054
-6 0.0532 0.0633 0.0101**
-5 0.0556 0.0668 0.0112**
-4 0.0564 0.0689 0.0125***
-3 0.0622 0.0731 0.0109**
-2 0.0668 0.0768 0.0100***
-1 0.0699 0.0823 0.0124***
0 0.0694 0.0756 0.0062

Panel B Post-announced period
1 0.0666 0.0734 0.0069**
2 0.0653 0.0709 0.0056
3 0.0600 0.0657 0.0057
4 0.0561 0.0647 0.0086**
5 0.0521 0.0611 0.0090**
6 0.0510 0.06093 0.0100**
7 0.05110 0.0579 0.0068**
8 0.04903 0.0583 0.0093*
9 0.0511 0.0545 0.0034
10 0.0469 0.0539 0.0070**
11 0.0447 0.0510 0.0064
12 0.0478 0.0469 -0.0008
13 0.0465 0.0473 0.0008
14 0.0456 0.0451 -0.0005
15 0.0452 0.0448 -0.0004

*** Significant at the 0.01 level. ** Significanttahe 0.05 level. * Significant at the 0.1 level
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Table 3:Adverse selection cost difference between goodsreavd bad-news groups

This table presents the adverse selection cogrdiftes between good-news and bad-news groupd.Aane
reports the mean of relative effective spread fday-15 to day-1. Day 0 reports the mean of annalidege.
Panel B reports the mean of relative effective apfeom day 1 to day 15.

Day t Good-news Bad-news Difference
Panel A Pre-announced period
-15 0.4564 0.4623 0.0059
-14 0.4110 0.4001 -0.0109
-13 0.4732 0.4798 0.0066
-12 0.5098 0.5043 -0.0055
-11 0.4879 0.5023 0.0144
-10 0.4903 0.5087 0.0184
-9 0.5276 0.5675 0.0399
-8 0.5237 0.5399 0.0162
-7 0.5190 0.5405 0.0215
-6 0.5198 0.5623 0.0425
-5 0.5012 0.5112 0.0100
-4 0.5034 0.5348 0.0314
-3 0.5134 0.5987 0.0853**
-2 0.5264 0.6219 0.0955***
-1 0.5347 0.6509 0.1162**
0 0.5562 0.6329 0.0767**
Panel B Post-announced period
1 0.5046 0.5710 0.0664**
2 0.5024 0.5576 0.0552**
3 0.4698 0.5490 0.0792**
4 0.4621 0.5201 0.0580**
5 0.4512 0.4981 0.0469
6 0.4492 0.5091 0.0599**
7 0.4349 0.4995 0.0646**
8 0.4092 0.4981 0.0889***
9 0.41095 0.4672 0.0563**
10 0.4376 0.4671 0.0295
11 0.4132 0.4298 0.0166
12 0.3988 0.4171 0.0183
13 0.4112 0.4496 0.0384
14 0.3920 0.4356 0.0436
15 0.3982 0.4023 0.0041

*** Significant at the 0.01 level. ** Significanttahe 0.05 level. * Significant at the 0.1 level
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Table 4: Price volatility difference between goaslis and bad-news groups

This table presents the price volatility differesdeetween good-news and bad-news groups. Pangloftse
the mean of relative effective spread from dayd #ay-1. Day O reports the mean of announced Bateel
B reports the mean of relative effective spreadfday 1 to day 15.

Day t Good-news (*16)  Bad-news (*10) Difference (*10%)
Panel A Pre-announced period
-15 0.4321 0.4409 0.0088
-14 0.2209 0.2096 -0.0113
-13 0.2845 0.2987 0.0142
-12 0.3398 0.3786 0.0388
-11 0.3498 0.3676 0.0178
-10 0.3761 0.3865 0.0104
-9 0.4398 0.4761 0.0363
-8 0.4987 0.5461 0.0474
-7 0.5098 0.5891 0.0793*
-6 0.5201 0.5671 0.0470
-5 0.5325 0.6091 0.0766**
-4 0.5109 0.6253 0.1144%**
-3 0.5573 0.6521 0.0948**
-2 0.5781 0.7327 0.1546%***
-1 0.7372 0.8267 0.0895**
0 0.6945 0.7893 0.0948**
Panel B Post-announced period
1 0.6890 0.7694 0.0804**
2 0.6654 0.7458 0.0804**
3 0.6231 0.6785 0.0554
4 0.5092 0.6952 0.186***
5 0.4376 0.5980 0.1604***
6 0.4876 0.5732 0.0856**
7 0.4980 0.5451 0.0471
8 0.4530 0.5251 0.0721*
9 0.4671 0.4832 0.0161
10 0.4451 0.4532 0.0081
11 0.4387 0.4483 0.0096
12 0.4265 0.4489 0.0224
13 0.4210 0.4306 0.0096
14 0.3690 0.3786 0.0096
15 0.3789 0.3865 0.0076

** Significant at the 0.01 level. ** Significanttahe 0.05 level. * Significant at the 0.1 level
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Table 5: Realized volatility difference between dowews and bad-news groups

This table presents the realized volatility diffeces between good-news and bad-news groups. Panel A
reports the mean of relative effective spread fday-15 to day-1. Day 0 reports the mean of annalidege.
Panel B reports the mean of relative effective apfeom day 1 to day 15.

Day t Good-news (*1 Bad-news (*10) Difference (*10°)
Panel A Pre-announced period
-15 0.2452 0.2499 0.0047
-14 0.2537 0.2591 0.0054
-13 0.2653 0.2690 0.0037
-12 0.4098 0.4567 0.0469
-11 0.3561 0.3862 0.0301
-10 0.2987 0.3108 0.0121
-9 0.4381 0.4782 0.0401
-8 0.4347 0.4672 0.0325
-7 0.4256 0.4562 0.0306
-6 0.3876 0.4012 0.0136
-5 0.4290 0.5231 0.0941**
-4 0.4479 0.5671 0.1192**
-3 0.4271 0.5781 0.1510%***
-2 0.4521 0.5779 0.1258***
-1 0.4781 0.5961 0.1180***
0 0.4981 0.5532 0.0551
Panel B Post-announced period
1 0.4871 0.5349 0.0478
2 0.4765 0.5471 0.0706**
3 0.4432 0.5491 0.1059***
4 0.3562 0.4563 0.1001***
5 0.3347 0.4192 0.0845**
6 0.3251 0.4832 0.1581***
7 0.3562 0.4351 0.0789**
8 0.3364 0.4237 0.0873**
9 0.3289 0.4287 0.0998***
10 0.3467 0.3719 0.0252
11 0.3298 0.3532 0.0234
12 0.3109 0.3459 0.0350
13 0.2786 0.2997 0.0211
14 0.2188 0.2451 0.0263
15 0.1479 0.1587 0.0108

*** Significant at the 0.01 level. ** Significanttahe 0.05 level. * Significant at the 0.1 level
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Table 6: Investor’s behavior between pre-annoueebpost-announced period Trade imbalance
surrounding earnings announcements
This table presents the results of raw trade inmz@laneasure as follows:

_ buys,, — sells,
IMBi,x,t - bu>/$’xyt + Se”§<‘t

of two types of traders from day —15 to day-1. Dayresents the trade imbalance of announced daitel P
B reports the trade imbalance of two types of tradi®m day 1 to day 15.

, for firm i, investor type x, and date t. Paneteports the trade imbalance

Dayt Small Trades Large Traders
Panel A Pre-announced period
-15 0.0254 0.0242
-14 0.0261 0.0109
-13 -0.0212 0.0192
-12 -0.0198 -0.0238
-11 0.0352 0.0239
-10 0.0281 0.0211
-9 0.0531 0.0312
-8 -0.2190 -0.0119
-7 -0.5310 0.0231
-6 0.0423 0.0126
-5 -0.0433 -0.0092
-4 -0.0101 0.0432
-3 0.0254 0.0321
-2 0.0321 0.0234
-1 -0.0362 -0.0109
0 0.0103 0.0231
Panel B Post-announced period
1 0.0531 0.0421
2 0.0461 0.0341
3 0.0532 -0.0650
4 0.0492 0.0321
5 0.0521 0.0264
6 0.0492 0.0521
7 0.0457 0.0356
8 0.0412 0.0331
9 0.0309 0.0251
10 0.0398 0.0312
11 0.0412 0.0409
12 0.0387 0.0212
13 0.0352 0.0110
14 0.0362 0.0231
15 0.0391 0.0321
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Table 7-A Trade imbalance surrounding earnings ancements with NI{0,1}

This table presents the results for a regressiaabnbrmal trade imbalance to earnings surprisdese0j 1,
and 2 (bad-news group):

IMB, ., =a;1(x=S)+a/ | (x=L)+B’1(x=S)SurpDeg + B"1 (x = L)SurpDeg + &,

where @ is the intercept, anf is the slope, represents the dependence of tradalance on surprise.

The earnings surprise sample contains all extrdroggm 30%) earnings surprise for TSE sample fiftos
2003-2005. T-statistics for equality to zero are parentheses. “t-stat for equality” tests whethes t
coefficients for small and large traders are edifidt.is less than zero, the small trader coeffitiis smaller.
If the comparative t-stat is greater than zerostnall trader coefficient is larger.

Large trader  Small trader t-stat for Large trader Small trader t-stat for
Day t at as equality IBL IBS equality
-15 -0.0093 0.0064 0.9045 0.0034 0.0029 -0.4810
-14 -0.0078 0.0083** 0.9265 0.0065 0.0059 -0.5622
-13 -0.0071 0.0045 1.1053 0.0026 0.0054 0.9472
-12 -0.0092 0.0063** 1.0835 0.0018 0.0041 0.8739
-11 -0.0038 0.0029 0.9881 0.0028 0.0051 0.9099
-10 -0.0101 0.0052 1.3891 -0.0008 0.0088 0.9821
-9 -0.0065 0.0072 1.6192 0.0031 0.0071 0.8702
-8 -0.0059 0.0059 0.9932 -0.0051 0.0093 0.8301
-7 -0.0029 0.0062 1.0968 0.0031 0.0097 1.0932
-6 0.0007 0.0068** 1.7943* 0.0081 0.0109 1.0092
-5 -0.0081 0.0071* 1.9843** 0.0098 0.0873 1.8721*
-4 -0.0033 0.0092** 2.3813*** 0.0051 0.0998 1.9904**
-3 -0.0019 0.0126** 2.0983** 0.0088 0.0131 2.3283*
-2 -0.0093 0.0135** 2.6589*** 0.0101 0.0148 2.0912*
-1 -0.099 00209**  2.8711*** 0.0138 0.0102 -1.0141
0 -0.0093 0.0164** 2.9838*** 0.0091 0.0159 1.0932
-0.0106 0.0103** 2.0912** 0.0083 0.0138 2.8901**
2 -0.0098 0.0110** 1.0743 0.0056 0.0101 1.9984**
3 -0.0088 0.0165* 1.9432* -0.0076 0.0128 1.9823**
4 -0.0073 0.0102** 1.9838** 0.0081 0.0090 0.9893
5 -0.0067 0.0098* 1.5652 0.0071 0.0109 0.8976
6 -0.0042 0.0082 1.2391 0.0084 0.0080 -0.0653
7 -0.0051 0.0072 1.1872 -0.0031 0.0081 1.6542*
8 -0.0033 0.0089* 1.0912 0.0043 0.0070 0.8794
9 0.0029 0.0078 0.9872 0.0037 0.0063 0.7632
10 0.0046 0.0084 0.8976 0.0023 0.0083 0.8554
11 -0.0021 0.0061 1.0031 0.0031 0.0066 0.7845
12 -0.0019 0.0055 0.7621 0.0018 0.0054 0.7642
13 -0.0031 0.0043 0.6521 0.0042 0.0031 -0.4592
14 -0.0063 0.0013 0.5412 0.0031 0.0062 0.8941
15 -0.0041 0.0035 0.7831 0.0021 0.0041 0.7765

———————— |
*** Significant at the 0.01 level. ** Significanttahe 0.05 level. * Significant at the 0.1 level
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Table 7-B:Trade imbalance surrounding earnings announcenaetitdN[1{0,1}

This table presents the results for a regressiabobrmal trade imbalance to earnings surprisdesfe@i 8,
and 9 (good-news group):

IMB, ., =a;1(x=S)+a/ | (x=L)+B’1(x=S)SurpDeg + B"1 (x = L)SurpDeg + &,
where @ is the intercept, anf is the slope, represents the dependence of tradalance on surprise.

The earnings surprise sample contains all extreéope 30%) earnings surprise for TSE sample firmsnfro
2003-2005. T-statistics for equality to zero are parentheses. “t-stat for equality” tests whethee t
coefficients for small and large traders are edifidt.is less than zero, the small trader coefitiis smaller.
If the comparative t-stat is greater than zerostnell trader coefficient is larger.

Day t Large trader Small trade! t-stat for Large trader Small trader t-stat for

at as equality ﬂL ,38 equality
-15 -0.0099 0.0076 0.9218 0.0029 0.0043 0.8905
-14 -0.0083 0.0087* 0.9256 0.0045 0.0058 0.6743
-13 -0.0065 0.0072 0.9859 0.0054 0.0072 0.8799
-12 -0.0081 0.0069 0.9987 0.0032 0.0087 0.9239
-11 -0.0045 0.0051 0.9234 0.0056 0.0065 0.8895
-10 -0.0095 0.0047 1.0931 0.0076 0.0089 0.8823
-9 -0.0078 0.0065 1.1522 0.0067 0.0066 0.0000
-8 -0.0045 0.0068 1.0973 0.0083 0.0098 0.8982
-7 -0.0021 0.0071 1.4562 -0.0074 0.0094 1.2396
-6 0.0018 0.0079 1.8743* 0.0072 0.0119 1.4367
-5 -0.0101 0.0087 2.4021*** 0.0104 0.0187 1.5563
-4 -0.0088 0.0094* 2.5341*** 0.0097 0.0265 1.9879**
-3 -0.0071 0.0154* 2.7869** 0.0101 0.0321 2.5286***
-2 -0.0069 0.0289* 3.0851*** 0.0092 0.0309 2.7142%**
-1 -0.0165 0.0305* 3.3215*** 0.0125 0.0298 1.9641*
0 -0.0078 0.0311* 3.0943*** 0.0145 0.0243 1.9723**

-0.0123 0.0154* 2.8751*** 0.0134 0.0209 2.0312*
2 -0.0101 0.0132* 2.6549*** 0.0190 0.0189 0.0000
3 -0.0098 0.0110* 2.5427*** 0.0097 0.0176 1.7633**
4 -0.0087 0.0198* 2.2231** 0.0099 0.0165 1.0943
5 -0.0071 0.0127* 1.7892* 0.0084 0.0143 0.9876
6 -0.0067 0.0093* 1.5415 0.0078 0.0098 0.8693
7 -0.0054 0.0085 1.3218 -0.0045 0.0076 0.9584
8 -0.0069 0.0078 1.0564 0.0065 0.0067 0.9984
9 -0.0048 0.0083 0.8769 0.0076 0.0070 -0.0062
10 0.0037 0.0088* 0.8231 0.0068 0.0087 0.8514
11 -0.0042 0.0076 0.9083 0.0053 0.0059 0.0045
12 -0.0065 0.0065 0.7843 0.0032 0.0051 0.6642
13 -0.0039 0.0056 0.7034 0.0037 0.0045 0.4852
14 -0.0058 0.0043 0.6028 0.0021 0.0054 0.7812
15 -0.0033 0.0039 0.6001 0.0045 0.0051 0.0154

*** Significant at the 0.01 level. ** Significanttahe 0.05 level. * Significant at the 0.1 level
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Table 7-C: Trade imbalance surrounding earningeamcements with NI{0,1}

This table presents the comparison of small tradegction to good- and bad-newg3 is the slope,

represents the dependence of trade imbalance prissurT-statistics for equality to zero are ingrdheses.
“t-stat for equality” tests whether the coefficierior small traders’ reaction to good-news and hexls are
equal. If the comparative t-stat is greater than,zfe small traders’ reaction to good-news fiisnsrger.

Day t Small trader’s behavior Small trader’s behavior .
under bad newsf8S,,) under good news/8S ) Difference
-15 0.0029 0.0043 0.0014
-14 0.0059 0.0058 -0.0001
-13 0.0054 0.0072 0.0018
-12 0.0041 0.0087 0.0046
-11 0.0051 0.0065 0.0014
-10 0.0088 0.0089 0.0001
-9 0.0071 0.0066 -0.0005
-8 0.0093 0.0098 0.0005
-7 0.0097 0.0094 -0.0003
-6 0.0109 0.0119 0.0010
-5 0.0873 0.0187 -0.0686
-4 0.0998 0.0265 -0.0733
-3 0.0131 0.0321 0.0190*
-2 0.0148 0.0309 0.0161*
-1 0.0102 0.0298 0.0196**
0 0.0159 0.0243 0.0084
0.0138 0.0209 0.0071
2 0.0101 0.0189 0.0088
3 0.0128 0.0176 0.0048
4 0.0090 0.0165 0.0075
5 0.0109 0.0143 0.0034
6 0.0080 0.0098 0.0018
7 0.0081 0.0076 -0.0005
8 0.0070 0.0067 -0.0003
9 0.0063 0.0070 0.0007
10 0.0083 0.0087 0.0004
11 0.0066 0.0059 -0.0007
12 0.0054 0.0051 -0.0003
13 0.0031 0.0045 0.0014
14 0.0062 0.0054 -0.0008
15 0.0041 0.0051 0.0010

*** Significant at the 0.01 level. ** Significanttahe 0.05 level. * Significant at the 0.1 level
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Table 8-A Abnormal trade Imbalance, Reaction Le{stmres-based)
This table presents coefficient for a regressioatwiormal trade imbalance on earnings surpriserevige
is the intercept and$ is the slope, and the earnings surprises contdiirextaeme (top and bottom30%)

earnings surprises for TEJ samples firms. If arssgps the first in a series of same-type extremmprises, it
receive a value of N=1. If it is the second in @es N=2 and so on. The event time columns pretent
trading day, of the dependable variable trade ienz@. Traders are separated by share-based volumes.

Even a Jéi
Time -7 N=2 N=3 N>=4 N=1 N=2 N=3  N>=4
Small Trades: bottom 20% small trades

-2 00123 0.0337* 0.0476%* 0.0321* 0.0071  -0.00731 .0066 0.0079
-1 0.0218 0.0374* 0.0481%+* 0.0276 0.0080 0.00793 o 0.0084

0 0.0087 0.0421* 0.0351* 0.0271 0.0084 0.00889 8400  0.0093

1 0.0361*  0.0354 -0.0213 0.0221 0.0082 0.00914 00008 0.0097

2 0.0431%*+  (.0388* 0.0183 0.0231 0.0073 0.00845 0.0077 0.0084

Middle Trades

-2 0.0398%  0.0371* 0.0211 0.0163 0.0062  -0.0065 ®00  0.0070

-1 0.0281 0.0352 0.0318 0.0216 0.0058 0.0070 0.0067 0069.

0 0.0224 0.0479**  0.0190 -0.0198 -0.0072 0.0089 0.0086 0.0083
1 0.0192 0.0203 0.0214 -0.0276 0.0072 0.0093 0.0074 .0079

2 0.0257 0.0328* 0.0272 -0.0312 0.0064 0.0076 0.0064 0.0072

Large Trades: top 20% large trades

-2 0.0301 0.0119 0.0214 -0.0321* -0.0022 0.0038 07005 0.0049

-1 0.0263 0.0216 0.0372* 0.0287* 0.0031 0.0049 -0M06 0.0053

0 0.0421%*  0.0276 -0.0189 -0.0211 0.0058 0.0058 0.0069 0.0060
1 0.0284 0.0187 -0.0103 -0.0184 -0.0042  -0.0045 @007 0.0048

2 0.0319* 0.0152 -0.0218 -0.0205 0.0038 0.0042 01006 0.0037
*** Significant at the 0.01 level. ** Significanttahe 0.05 level. * Significant at the 0.1 level
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a is the intercept andf is the slope, and the earnings surprises contdinexaeme (top and

Table 8-BAbnormal trade Imbalance, Reaction Levels (ddiiased)
This table presents coefficient for a regressioalnformal trade imbalance on earnings surprisetevhe

bottom30%) earnings surprises for TEJ samples fitfres surprise is the first in a series of sanyaety

extreme surprises, it receive a value of N=1. I§ithe second in a series, N=2 and so on. Theteven
time columns present the trading day, of the degleledvariable trade imbalance. Traders are seghrate
by dollar-based volumes.

Event a B
Time —N=1 N=2 N=3  N>=4 N=1 N=2 N=3  N>=4
. 0
Small Trades: bottom 20% small trades
2 0.0198 0.0217 0.0189 -0.0131 -0.0090 0.0067 0.0074 0.0089
1 0.0277 0.0299 0.0231 -0.0287 0.0078 0.0084 0.0078 .0083
0 0.0121 0.0367* 0.0276 -0.0308 0.0078 0.0090 0.0087 0.0090
1 -0.0318* 0.0346* 0.0334* -0.0265 0.0089 0.0099 890  0.0097
2 0.0387* 0.0321* 0.0301 -0.0342* 0.0065 0.0085 90 0.0083
Middle Trades
2 0.0221 0.0192 0.0231 0.0341* 0.0072 0.0071 0.0070 .007®
1 0.0189 0.0229 0.0228 0.0395** 0.0072 0.0064 0.0077 0.0082
0 0.0258 -0.0298 0.0376* 0.0389* 0.0078 0.0062 0007  0.0087
1 0.0337* -0.0356* 0.0278 0.0324* 0.0053 0.0059 006  0.0098
2 0.0385** 0.0398*  0.0321 -0.0288 0.0060 0.0060 ®D0 0.0087
Large Trades: top 20% large trades

2 0.0265 0.0212 0.0255 0.0302 0.0061 0.0050 0.0065 0068.
-1 0.0183 0.0219 0.0289 0.0276 0.0069 0.0045 0.0067 0078.
0 0.0209 0.0367* -0.0378* -0.0333* 0.0073 0.0057 0.0075 0.0080
1 0.0376* 0.0332* -0.0389* -0.0298 0.0070 0.0059 0.0070 0.0082
2 0.0401**  -0.0421%** -0.0312*  -0.0321* 0.0062 0.0050 0.0066 0.0071

*** Significant at the 0.01 level. ** Significanttahe 0.05 level. * Significant at the 0.1 level
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