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1. Preface

This dissertation consists of three empirical stadin capital market efficiency in a broader
sense. Two of the three papers are dedicated textdmmination of short-term stock-returns in
the wake of large one-day price changes — positiveegative. If significant abnormal returns
can be found after large price changes this magael improper information efficiency. One if
not the only way for listed companies do disseng@natormation is via investor relations. The
release of ad-hoc statements levels the informaltipkaying field for all investors and should
thereby help to prevent overreaction or returntdfihe third paper deals on the one hand with
the causality chain of investor relations and litityi and on the other hand with the question if
insider trading and investor relations are posiyiverrelated.

The literature on short-term returns after large-day price changes has its roots in the literature
on long-term overreaction: DeBondt and Thaler (398%uld show that the best performing
stocks of a three-year-period underperform thekstoarket during the three following years.
That phenomenon was termed overreaction. Inspiyetthib study for long-run stock returns,
other authors like Atkins and Dyl (1990) and Brermed Sweeney (1991) document short-term
market overreaction after large one-day price chamg more than ten percent in either direction
on the US stock market. International studies arm@action were published for Japan (Bremer
et al., 1997) and Hong Kong (Otchere and Chan, RGUgough there exist numerous studies
on the US market by Cox and Peterson (1994), Paitaand Singal (2001), Larson and Madura
(2003), and Sturm (2003), there was no study comegishort-term overreaction for the German
stock market. The first paper of this dissertatitoses that gap. Building on the earlier studies
for the US market by Atkins and Dyl (1990) and Bezrand Sweeney (1991) it shows that there
is a short-term overreaction after large one-dagepchanges of ten percent or more on the

German stock market. That means that German stakson average a significantly positive



(negative) abnormal return on the trading day aftprice decrease (increase) of more than ten
percent. This phenomenon can be found among lage (©onstituents of the DAX30 index)
mid-caps (MDAX), small caps (SDAX), and technolagjgcks (NEMAX50/TecDAX) for the
years since index inception. Like in the US thectiea to large one-day price changes is
asymmetric on the German stock market. The abnometakns after price decreases are
economically and statistically more significant rihafter price increases. The results show,
however, that it is not possible to implement alitig strategy of buying stocks with one-day
price decreases of more than ten percent to exppibverreaction.

During the literature review for the first paperbicame clear that the literature provided no
comprehensive study of the short-term stock retaftsr large one-day price changes for
emerging markets. This study is represented bgélsend paper of this dissertation. It contains
an analysis of short-term reactions to price shatR2 emerging country stock markets grouped
in four geographic regions (Asia, Eastern EuropdéinLAmerica, Middle East and Africa). Apart
from the changed geographical focus the second papkso different from the first with regard
to the methodology. The methodology of the firspgrais enhanced in three ways. First, the
absolute event definition of the earlier literattinat was also used in the first paper is replaced
by a relative event definition. In the earlier peg@ large price change is every price change with
an absolute stock return of more than ten per&nthe relative definition that was first used
by Pritamani and Singal (2001) a large price chasgefined as a daily return that is more than
three standard deviations away from the expectedreThis definition is better suited to deal
with the heterogeneous samples from different cesitThat becomes evident if one compares
for example the average large price decrease imétor which is -5.7%, with the average large
price decrease in Malaysia, which is -13.85%. Seéctime expected return for the day of the
large price change is calculated with a market rhfmean estimation period that ranges from

260 days to 10 days before the large price chafye expected return of the model is adjusted
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with the methodology of Dimson (1979), using a vawdof 5 days before and after the day with
the large price change. Third, abnormal returnsnatemeasured by plain t-statistics, but with
the methodologies of Boehmer et al. (1991) andd@arand Zivney (1992). The use of the more
sophisticated test statistics renders it possiblactount for higher volatility that is observed
before and after large one-day price changes.

The main finding of the second paper is that, intiast to developed markets, overreaction
cannot be found persistently in emerging marketsteld, stock return drift is the prevalent
phenomenon. That means that stocks earn on aveiggéicantly positive abnormal returns
after price jumps and significantly negative abnalrmeturns after price drops. Moreover,
abnormal returns in emerging markets are more enmadly and statistically significant after
price jJumps, which stands in contrast to the redolt developed markets, too. The analysis of
size sub-samples shows that the extent of therratft after large one-day price changes
depends to a large extent on company size.

The third paper examines the interaction of invesétations, insider trading, and liquidity.
Earlier literature by Amihud and Mendelson (1986l 4988), Lev (1988), and Diamond and
Verrecchia (1991) suggests that a firm’s disclogokcy influences the liquidity of its stocks.
In that context disclosure comprises all means hiclvinformation about that firm is made
public. The three components of disclosure thatdifferentiated in the literature are annual
reports, quarterly reports and investor relatidren@ and Lundholm, 1993). Investor relations
comprise all activities that are undertaken by canmgs on an irregular basis. While most of the
earlier studies focus on the relationship betwettreedisclosure in general or investor relations
and liquidity, Hong and Huang (2005) propose a mtid links investor relations with liquidity
and insider trading.

In the model by Hong and Huang insider trading amakstor relations are intertwined, the

common denominator being liquidity. The model siggg¢hat investor relations activities are a
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means for company insiders to create liquiditytfair own shares. The line of argumentation is
as follows: stakeholders that have discretionamygyaver the investor relations policy have an
incentive to overspend on investor relations ifitlaglvantages from higher liquidity outweigh
the costs of increased investor relations eff@¢xause the costs of investor relations are shared
equally by all shareholders, those stockholderhk igitge liquidity needs, for example company
founders or board members have the most to gam figher liquidity. This is due to liquidity
discounts that buyers and sellers of blocks ofeshtace because of a lack of market depth.
The third paper is the first paper to provide emplrevidence for the model by Hong and Huang.
It tests two hypotheses on the German stock marketfirst hypothesis is that investor relations
are a means to create liquidity and that good tave®lations lead to higher liquidity. This
hypothesis is based on earlier papers by AmihudMeridelson (1986 and 1988), Lev (1988),
Diamond and Verrecchia (1991), Lang and Lundhol@®@), Francis et al. (1997), Brennan and
Tamarowski (2000), and Leuz and Verrecchia (2006& second hypothesis is that firms with
better investor relations are more prone to insiading than those with worse investor
relations. That hypothesis is based on the prexdtistof the model by Hong and Huang.
German data from 2003 through 2007 support botlotmgses. Regarding the first hypothesis it
can be shown that companies with good investotioela enjoy higher liquidity as measured by
Amihud (2002) ratios, spreads, share trading voluand stock return volatility. Regarding the
second hypothesis it can be shown that companiisheavy insider trading are more likely to
have good investor relations than those with lesgler trading. Even more surprising, the data
suggest that good investor relations come alonf subpar accounting quality. Therefore, it
cannot be ruled out that large stakeholders pgelafforts in investor relations and at the same
time exert an influence on accounting policy todiffuse. As a consequence investors should

shy away from an investment in these companieskstdn contrast to earlier studies on the US



market it is not possible to substantiate any ilahip between a stock’s return and the investor

relations policy.

References

Amihud, Y., Mendelson, H. (1986). Asset Pricing dne Bid-Ask Spread. Journal of Financial

Economics 17, 223-249.

Amihud, Y., Mendelson, H. (1988). Liquidity and As$sPrices: Financial Management

Implications. Financial Management 17, 5-15.

Amihud, Y. (2002). llliquidity and stock returnstoss-section and time-series effects. Journal

of Financial Markets 5, 31-56.

Atkins, A. B. and Dyl, E. A. (1990). Price ReversaBid-Ask Spread, and Market Efficiency.

Journal of Financial and Quantitative Analysis 235-547.

Boehmer, E., Musumeci, J., and Poulsen, A. B. (L9&Vent study methodology under

conditions of event induced variance. Journal aBRcial Economics 30, 253-272.

Bremer, M. and Sweeney, R. J. (1991). The Revefdadrge Stock-Price Decreases. Journal of

Finance 46, 747-754.

Bremer, M., Hiraki, T., and Sweeney, R. J. (19%fkdictable Patterns after Large Stock Price
Changes on the Tokyo Stock Exchange. Journal @r€ial and Quantitative Analysis

32, 345-365.

Brennan, M.J., Tamarowski, C. (2000). Investor Retes, Liquidity and Stock Prices. Journal

of Applied Corporate Finance 12, 26-37.



Corrado, C. J. and Zivney, T. L. (1992). The Speaiion and Power of the Sign Test in Event

Study Hypothesis Tests Using Daily Stock Returasridal of Financial and Quantitative

Analysis 27, 465-478.

Cox, D. R. and Peterson, D. R. (1994). Stock Rstdalowing Large One-Day Declines:
Evidence on Short-Term Reversals and Longer-TerrfoiPeance. Journal of Finance

49, 255-267.

DeBondt, W. F. M. and Thaler, R. (1985). Does tteecls Market Overreact? Journal of Finance

40, 793-805.

Diamond, D. W., Verrecchia, R. E. (1991). Disclasuriquidity, and the Cost of capital. Journal

of Finance 46, 1325-1359.

Dimson, E. (1979). Risk measurement when sharesudmject to infrequent trading. Journal of

Financial Economics 7, 197-226.

Francis, J., Hanner, J.D., Philbrick, D.R. (199Management Communication with Securities

Analysts. Journal of Accounting and Economics B8-394.

Hong, H., Huang, M. (2005). Talking up liquidityisider trading and investor relations. Journal

of Financial Intermediation 14, 1-31.

Lang, M.H., Lundholm, R.J. (1993). Cross-Sectiobaterminants of Analyst Ratings of

Corporate Disclosures. Journal of Accounting Redeal, 246-271.

Lang, M.H., Lundholm, R.J. (1996). Corporate Disciee Policy and Analyst Behavior.

Accounting Review 71, 467-492.

Leuz, C., Verrecchia, R.E. (2000). The Economicgguences of Increased Disclosure. Journal

of Accounting Research 38, 91-124.



Larson, S. J. and Madura, J. (2003). What DriveskSPrice Behavior Following Extreme One-

Day Returns. Journal of Financial Research 26, 1I2I3-

Lev, B. (1988). Toward a Theory of Equitable andidi#nt Accounting Policy. Accounting

Review 63, 1-22.

Otchere, I. and Chan, J. (2003). Short-Term Oveti@ain the Hong Kong Stock Market: Can

a Contrarian Strategy Beat the Market? Journaledfa®ioral Finance 4, 157-171.

Pritamani, M. and Singal, V. (2001). Return prealidity following large price changes and

information releases. Journal of Banking & FinaBbe631-656.

Sturm, R. R. (2003). Investor Confidence and Reat#wilowing Large One-Day Price Changes.

The Journal of Behavioral Finance 4, 201-216.



2. Short-Term Market Overreaction on the Frankfurt Stock Exchange

(with Sebastian Lobe)

Published in Quarterly Review of Economics and Roea(2011, Vol. 52, Issue 2, 113-123)

Abstract

This paper offers out-of-sample evidence of subsefishort-term abnormal returns for stocks
experiencing a price change of ten percent or imcggher direction on the German stock market
between 1988 and 2007. First, we find significamidence of overreaction which is not
exclusively concentrated in small-caps. Second,esamll documented anomalies and stock
characteristics seem to exhibit explanatory powewever, when controlling for size only a
reversal effect can pervasively explain the abnbfrday stock market reaction to price shocks.
Third, due to transaction costs and unpredictaldeket sentiment these anomalies can hardly

be exploited. After all, our robust findings suggss violation of the efficient market hypothesis.

JEL classification: G14, G01, G15

Keywords:Overreaction, price shocks, anomalies



2.1. INTRODUCTION

Since the beginning of the 1980s, there has bdehd research on capital market anomalies
like the size effect, the turn-of-the-year effébe weekend effect and overreaction, which seem
to contrast the Efficient Market Hypothesis (EMHAhe aim of this paper is to provide out-of-
sample tests of short-term reactions to price shackthe German stock market. The paper is
organized as follows. The next two subsectionsgutea literature review on long-term and
short-term overreaction. Section 2 describes tiepky provides our research questions and

methodology. In section 3 we present and discussesults. Section 4 concludes.

2.1.1. Related Literature: Long-Term Overreaction

DeBondt and Thaler (1985) inspired most other mefean overreaction when they found that
the 35 loser stocks of a five-year portfolio forroatperiod on average outperformed the 35
winners over the following three years. Furthermaiteey offered proof of asymmetric
overreaction to new information, with losers extirig positive abnormal returns and winners
earning negative abnormal returns compared to #r&eh Since then, international evidence of
long-term overreaction was reported for exampl&tmek (1990) for the German market.
Trying to explain overreaction, some researchés,darowin (1990), dismiss the overreaction
phenomenon as a manifestation of the size effdathwis reported in the seminal work by Banz
(1981). Zarowin (1990) could show that smaller vars in terms of market capitalization,
outperformed larger losers and vice versa. Conrmaldkaul (1993) contend that the perceived
overreaction in long-term studies was due to arétical errors because DeBondt and Thaler
(1985) and other researchers, following their méthagy, report cumulated abnormal returns
instead of buy-and-hold abnormal returns. Howekesearch from several countries, such as
that by Alonso and Rubio (1990) from Spain, daC¢s894) from Brazil, Meyer (1994), Mun

et al. (1999), and Schiereck et al. (1999) fromnery, or by Baytas and Cakici (1999), who



examine seven developed countries, finding ovetiam all but the United States, shows that

long-term overreaction is persistent even whercthie’s arguments are accounted for.

2.1.2. Related Literature: Short-Term Overreaction

In the first study of daily overreaction, Arbel adaggi (1982) cannot find significant abnormal
returns for stocks that are placed on the Wallest?eurnal’s Winner-Loser list. Using the same
procedure, Atkins and Dyl (1990) show that loseseverage positive abnormal returns the
next day, whereas the average abnormal return ifaness is negative. Despite the significant
abnormal returns, Atkins and Dyl (1990) argue tihé& overreaction was no violation of the
EMH as it could not be exploited because of bid-ssileads.

Bremer and Sweeney (1991) study price decreasgsamu implement a slightly different
approach, defining event days for a stock by arolabs daily trigger return of -10%. They
document return reversals as well, with an aveedg®rmal return of 1.773% on the first day
after an event and a cumulated abnormal returt2df526 over the two days after the price shock.
Cox and Peterson (1994) find significant reverséls-day price decreases, too, but only for the
period before 1987. They therefore conclude tharmeaction vanishes with rising market
liquidity. However, Ma et al. (1998) document owaction after 1987 for NASDAQ stocks,
with a more pronounced overreaction of losers anallsr companies.

Contradicting evidence comes from Larson and Madaf03), who find that instead of
overreacting the market in general was too optimistsing the same methodology as Bremer
and Sweeney (1991), they show that winners as agllosers earn significantly negative
abnormal returns during the period from 1988 urfi®5. Using monthly data, Ising et al. (2006)
come to the same conclusion for the German stockeha

For the period between 1990 and 1992, PritamaniSamgll (2001) find underreaction to price
shocks, with abnormal returns of 0.25% for winremd -0.29% for losers on day one after an

event. Taking round-trip transaction costs of 0.5%® account, this underreaction is not
10



exploitable. Neither Larson and Madura (2003) netafani and Singal (2001) document an
influence of size on the reaction to price shocks.

Sturm (2003) offers more recent evidence of ovetrea after negative price shocks. He is
unable to find any significant reaction to positexents. Furthermore, he tests how company
fundamentals like Earnings per Share (EPS) and B&dke per Share (BVPS) influence the
market reaction to price shocks. He finds that ER8er some conditions have a positive
influence on post-event returns, whereas BVPS daexylain much of the price movements
subsequent to events.

There are fewer studies of short-term overreadigside the US than of long-term overreaction.
Among them, Bremer et al. (1997) document shortvi@verreaction in Japan. Otchere and Chan
(2003) find overreaction in Hong Kong during theipe before the Asian crisis, too. But the
reversals were not large enough to be exploited.

Although the German stock market is one of thedargtock markets of Continental Europe in
terms of turnover and market capitalization thexists to the best of our knowledge no study on
short-term overreaction on the cross-section ofnaer stocks so far. We contribute to the
literature in three ways. First, we provide evidemé short-term overreaction on the German
stock market, and determine whether it is a silsed phenomenon. Second, we analyze
whether other anomalies and characteristics coer@éh the stock’s reaction to price shocks.
Third, we investigate the potential of implementegprofitable trading strategy based on the

market reaction to price shocks.
2.2. SAMPLE AND METHODOLOGY

2.2.1. Sample
To avoid bid-ask-spreads and illiquidity biasing gample towards overreaction, as reported by

Cox and Peterson (1994), we take four measuresfifBhés to study only stocks belonging to
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one of the four major German stock indices tradethe Frankfurt Stock Exchange. These stocks
are the most liquid in Germany, because index mesnbee selected according to market
capitalization and free floatSecondly, following the methodology of Bremer é®aeeney
(1991), stocks with a price of less than €10 amuebed from the sample to avoid biases caused
by low stock prices and higher proportional bid-apkeads. Stocks with a price of less than €10
are more likely to experience events because tkesize in percent of the price is higher than
for more expensive stocks. The threshold valuewimonetary units, whether in US dollars or
euros, which is chosen in most studies of shom-tegturn reversals is somewhat arbitrary but
can be interpreted as a psychological barrierrfeestors. Stocks with a price of less than ten
monetary units are traded less frequently andharetore less liquid than more expensive stocks.
The third measure is to eliminate all stocks tlmahdt show any non-zero return on at least four
out of the five trading days after an event to dubie inclusion of illiquid stocks. Finally, all
events that occur on a company'’s dividend data tra five preceding days are eliminated from
the sample. Although Bremer et al. (1997) argua study of the Japanese market that the bias
is negligible because only 8% of the positive esemtd 17% of the negative events occur near
the ex-dividend date, in this study ex-dividendedaire removed to avoid the bias caused by the
stock price loss due only to the dividend paymemitivcould otherwise be mistakenly attributed
to the event or the reversal.

The final sample consists of the returns of allstibnents of the four major German stock indices
since inception of the respective index. The exauahiperiod starts on January 1, 1988 for the
DAX30, the index of the 30 largest German compameserms of free-float and market

capitalization. For the MDAX, the index of mid-capise screening starts on April 11, 1994. For

! See Deutsche Borse Group (2010) for further detail
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constituents of the small-cap index SDAX and trehtelogy index NEMAX50 the screening
begins on July 1, 1999. On March 24, 2003 the NEMBXvas replaced by the TecDAXThe
period examined ends on February 28, 2007 fondites. Companies dropping out of an index
are replaced by their successors at the date afdlesx change. From that date on, the return of
the new index member is included in the analysédal®n the index companies is hand-collected.
A lot of research papers dealing with index couostits base their sample composition only on
current index membership. Such a procedure indwees biases, e.g., such as the survivorship
bias, which our study, however, is not prone to.

Returns come from DataStream International. Inltokee study screens 565,462 daily return
observations. How these return observations atghilited among the indices is shown in Table
1. Following Bremer and Sweeney (1991), days wighiee change of more than 10% in either
direction for a single stock are referred to amedays for that stock. The total number of event
days over all indices and time periods consides&]7465, of which 2,239 (about 60%) are price
increases and 1,526 are price decreases. Thebdigin of the events among the respective
indices can also be found in Table 1. If eventgleago be within five trading days after another
event, these events are referred to as reactiorieve

To see whether the existence and the degree ohnetuersals is dependent on size or vanishes
over time, as proposed by Cox and Peterson (189 Yotal sample of events is split into four
time periods. The comparison of the sub-periodsstamv whether the reversals become weaker
when markets become more liquid. The time perisdschosen to coincide with the inception

dates of the single indices.

2 The NEMAX50 was suspended after the technologgkshmbble burst and the index had lost more th&i 66

its peak value in 2003. The TecDAX replaced the M@0 as the German index for technology stocks.
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To elaborate whether overreaction is a size phenomevo approaches are chosen. The first is
to divide the whole sample into five index sub-sdspthat is, one for each index. The
comparison of differences in the event probabdited reversals in each of the index sub-
samples can show whether there is a size effecause the index membership is dependent on
market capitalization and free-float, and therefor@nly, if not exclusively, on company size.
The other approach is to include market value oftggn our regressions on post-event returns.
For these regressions the sample is not dividedimotex sub-samples.

In order to investigate the possibility of asymntetieactions to price increases and price
decreases each of the eleven sub-samples is irsplitninto three sub-samples — one for all
events, one for price jumps, and one for price slrop

The simple net return for the first day after aemvday t R; .;,) and the buy-and-hold return

for days 1 through 5 after each eveRy{,,;:.s;) are calculated as

Py,
Rity1 = Ptitl -1, 1)
dR; = Pies _ 4 2
anan (e41;e+5) = Pre , (2

with P; . denoting the closing price of stock i on event tlay

The average returns after the occurrence of ptoeks are reported in Table 2 sorted into
indices and sub-periods. More important, we cateudédonormal returns for every event stock
compared to the respective index return (DAX30, MDADAX, Technology) for the first day
after the event and over the five days followingegant. These abnormal returns which are size-
(respectively, industry-) and market-adjusted aleudated as

ARitv1 = Rit+1 — Rindex,t+1s (€))

andA; (r41;e45) = Rit+1;645) — Rindex[t+1;645]» (4)
respectively. For each sub-sample a t-test is atedun order to establish whether the abnormal

returns are significantly different from zero. Het size of a sub-sample is smaller than 30
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observations, a Wilcoxon signed-rank test is usstead. To control for an individual stock’s
risk in our regression analysis, we also estinfaeadaily stock return volatility from a 60-trading

day estimation window prior to the event i:

Ot :Lt:_l(Rt _TQ)Z (5)
§ 60-1=" - I

2.2 Factors influencing reversals

Having shown evidence of the existence of abnormadrsals, we run multivariate regressions
to test whether anomalies and other stock charstitsrinfluence the direction and the extent of
the market’s abnormal reaction to price shocks.cliipally, we test the influence of the
abnormal event return itself (ER), the log of compaize (MV), the log of the book-to-market
ratio (BTM), the average (mean) daily return durihg last 60 trading days (RET), the log of
the price-earnings ratio (PE), and the estimatedksteturn volatility (VO) on post-event
abnormal returns. Therefore, for each event stoekket value of equity (MV), number of shares
(NOSH), book value per share (BVPS) and earnings share (EPS) are obtained from
WorldScope International. Prices (P), book-to-markatios and price-earnings ratios are
identified for each event stock on the event dag.déhtrol for size (MV) since the seminal work
of Banz (1981) has shown its explanatory powetX@&. returns in the cross-section. To capture
the value premium, we employ BTM as the premieu&alariable, and for robustness we also
use PE in the spirit of Fama and French (1992)a fAsoxy for the momentum effect pioneered
by Jegadeesh and Titman (1993) we refer to RETheawith Hong and Kacperczyk (2009).
Finally, to account for stock-specific risk we inde VO as outlined in equation (5). We regress
these characteristics otR; ;. andAR; [¢41;c4+5), respectively. Hence, the regression equations
are

AR;tr1 = PBo + B1ER; ¢ + BoMViy + B3BTM; ¢ + ByRET; ¢ + BsPE;c + BV Oy + €1 (6),

AR;[t41;t45) = Bo + B1ERy s + Bo MV + B3 BTM; ¢ + BoRET;; + BsPE; ¢ + BeVO;: + €t (7)
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for Model 1, where the subscripts i and t represgatk i and event day t, respectively.
Regressions are run for each sub-sample (split petiods and events) with White (1980)
heteroskedasticity-robust standard errors. Thdtsestithe multivariate regressions for Model 1
can be found in Table 3.

Furthermore, we run regressions on the differestgxrsub-groups for each sub-period excluding
the log of market value of equity (MV) as explamgiteariable to capture the variation within a
size group. The regressions take the form

AR;ty1 = Bo + B1ER; ¢ + B2BTM; ¢ + B3RET; ¢ + B4PE; ¢ + BsV O + & (8),
AR;(t11;e45) = Bo + B1ER;¢ + B2BTM; ¢ + B3RET; + B4PE; ¢ + BsVO;¢ + €;¢ )
labeled as Model 2. The results are reported inéBaband 5.

As a robustness check to Model 1, we additionaltorporate in Model 3 R (=15) dummy
variables for each relevant year (DRELYEAR) havingre than 20 evenrtsWe do this to
account for possible seasonality effects of markattions to price shocks. Model 3 is thus
specified as

AR; ;41 = Bo + BLER; + B2MV; . + B3BTM; ; + BLRET;; + BsPE;; + BsVO;, + B' DRELYEAR + &;,  (10),
ARif+1,645) = Bo + B1ERis + B2MViy + BsBTM;, + B4RET;, + PsPE;, + BV O, + B' DRELYEAR + &, (12)
where B’ is the Rx1 vector of coefficients for tRerelevant years. Results of the regressions

including annual dummy variables are shown in Té&ble

2.2.2. Trading Strategy
The last step is to test whether trading strateggsed on reactions to price shocks can beat the
market. Due to short-selling restrictions for ptezanvestors in Germany we focus on strategies

that could have been realized without short-sellimgly. Three trading strategies are

3 Only years with more than 20 events are includerhbse otherwise the equation system cannot bedsphaperly.
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implemented for each sub-sample: the first is tp dery stock that experiences an event at the
end of the trading day and to sell it at the enthefnext trading day. This strategy would have
been successful if there had been overreactioadankews and underreaction to positive news,
as suggested from the uncertain information hymishiey Brown et al. (1988). According to
this, event stocks should earn positive returnerahy kind of event. Hence, this strategy is
referred to as uncertain information strategy. $eeond strategy is to buy losers at the end of
the event day, which would have been succesdfgéirs had overreacted, meaning if losers had
earned positive returns after the price shock. &Wellthis strategy as overreaction strategy. The
momentum strategy, which would earn positive resumthe presence of momentum, that is,
winners would earn positive returns on the postieday, is to buy winners at the end of the
event day and to hold them for one trading day.

Allowing for a realistic strategy, we restrict thelding period to one trading day only, because
otherwise the problem of fixed capital could notédeen avoided. If, for example, an investor
were to buy a stock on the event day and to hdtt five days he would be unable to invest his
money in another stock experiencing an event dahadnolding period, whereas with a one-day
holding strategy it is possible to invest in evstuicks on consecutive trading days. In the case
of only one event the total capital is investedhe event stock. If more than one event occurs
on the same trading day, the capital is split dgumdtween the event stocks. The returns of the
active strategies are compared to the passive hdyrald index returns during the
corresponding period. The strategies are applieshth of the 33 sub-samples. We report the
cumulated index return for the sub-samples of wihehevent stocks are index constituents of.
The returns of our trading strategies are not cogthto returns of a semi-active strategy where
the index is bought at the end of an event daysati at the end of the next day, because such
investor behaviour is rather far-fetched: returhsuxh a strategy would have been negative in

all but one sub-sample. Therefore, no rational stmewould pursue such a semi-active trading
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strategy. The strategies of actively buying evéntlss, be they winners or losers, are compared
to the passive strategy of buying the respectigexrat the start of one sample period and holding
it to the end of the sample period. The overaditetyy return is the difference of the active versus
the passive portfolio return during the analysetple To account for the impact of trading costs

all strategy returns are calculated also with trgaiosts deemed reasonable for private investors,

that is, round-trip trading costs of 1%.
2.3. RESULTS

2.3.1. Descriptive Statistics

(Insert Table 1 here)
The overall event probability for the 30 largesti@an companies, the DAX 30 constituents, is
fairly low with 0.19% over the whole examinatiorripel from January 1, 1988 to February 28,
2007. During that period a total of 276 eventshi@ DAX30 were recorded. Despite the small
number of events, in the five days following anrev@e probability of further events occurring
rose to 4.53%. Events happening within these deydefined as reaction events. This reaction
event probability remains stable for DAX30 comparoger the whole period studied, although
event probabilities are significantly different ass the separate sub-periods. The event
probabilities in the sub-periods range from 0.08%hie most recent period studied to 0.50% in
the “Neuer Markt” period, the most volatile of akamined periods. Simple binomial tests show
that probabilities for reaction events are sigifitty higher than event probabilities in all sub-
periods.
For mid- and small-caps as well as for technoldggks the results are similar to those of the
large-cap sub-samples. Across all indices evenbghiities peak between 1999 and 2003.
NEMAX50 constituents show the highest event proldgiof all sub-samples with 4.01%. The

reaction event probability for those stocks eveathes 16.21% on each of the five post-event
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days. This means that four out of five NEMAX50 $t®avhich experience an event record
another event within five days after the first prishock. In contrast to NEMAX50 stocks,
TecDAX constituents are far less likely to expecervents. Although they are still the most
volatile stocks in the most recent examinationgeirtheir event probability of 0.35% is rather
small compared to the 4.01% for technology stockshe prior period. In this context it is
important to note that 24 of the 30 original TecDAXnstituents are former NEMAX50
members. Hence, from a more fundamental pointefyevent probabilities should have been
roughly equivalent for TecDAX and NEMAX50 over ttveo recent periods.

The event probabilities in all indices are sigrafitdy different from each other, whereas the
differences in reaction event probabilities are sighificant, indicating that if an event occurs,
the probability for another event within five cons@ive trading days is roughly the same across
all indices. The probabilities for events and reacevents in each index can be found in Table

1.

2.3.2. Return Reversals

(Insert Table 2 here)
Before 1999
During the first period from 1988 to 1994, in whittle sample consisted only of large-caps,
average reaction returns to both kinds of priceckb@re positive. The abnormal return after
price decreases averages a significant 1.75% ofirshérading day after an event. Over a five-
day horizon this value increases to a significaB1% abnormal average return. The reaction to
price increases is positive as well, although rgrtiBcant.
In the following period, starting with the inceptiof the mid-cap index, the abnormal returns
over the five trading days following price decreaacreases) are 3.03% (-0.48%) for large-

caps and 2.89% (-1.77%) for mid-caps indicatingeaztion.
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The “Neuer Markt” Era: 1999-2003
Results for the bubbly “Neuer Markt” era suggestrowaction as well. MDAX, SDAX, and
NEMAX50 show negative 5-day abnormal returns gitere increases, and positive returns after

price drops. The majority of these returns is ecoically and statistically significant.

The recent period: 2003-2007

Mid- and small-caps again overreact. MDAX stock®esdggnificantly negative abnormal returns
of -1.38% (1 day) and -1.51% (5 days) after privereases and positive abnormal returns of
0.78% (1 day) and 1.53% (5 days) after price draji®it insignificant. SDAX constituents earn
significant abnormal returns after any kind of eyevith positive reactions to price decreases
and negative reactions to price jumps. The reversakmall-caps in the most recent sample
period are the most pronounced reversals of alsaumtples with returns of 3.56% on the post-

event day and 4.51% during the five days follownangrice drof.

Overall, the significant results speak clearlytfoe overreaction hypothesis. Although there are
differences in the behaviour of the constituentsth@d respective indices, we do not find
persuasive evidence that abnormal returns arerdbyea size effect when applying the proper
size-adjusted market index. We do not find anysiginoveroptimism in short-term reactions to
price shocks, either. Therefore, our results atemime with the findings of Larson and Madura
(2003) for the US market and of Ising et al. (20@@)o use monthly data of the German stock

market. Throughout all periods the reactions tegshocks are asymmetric, meaning that the

4 The DAX30 observations are removed from the lastogl in Panel B and C due to the very small nunadfer

observations.
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abnormal returns are higher in absolute terms afiee decreases. This is in line with earlier
findings of Atkins and Dyl (1990) and Cox and Pster (1994), as well as with the studies of

long-term overreaction by DeBondt and Thaler (198%) others.
2.3.3. Regression Results

2.3.3.1. Model 1

(Insert Table 3 here)
We investigate which factors are able to explasnahnormal 1-day return and the abnormal 5-
day buy-and-hold return. In line with our priordings, size is not able to explain the abnormal
return behaviour.
For the abnormal 1-day return there seems to beleay pattern for all events over the total
sample period. However, when recognizing the naititke event the past return (RET) is more
than 2.32 standard errors from zero. RET is neghtigorrelated with abnormal returns after
price increases (Panel B), but positively with adomal returns after price drops (Panel C) thus
canceling each other out in the total sample. &hidence can be interpreted as a reversal effect:
a positive past return diminishes the abnormal eretarn after a price increase, but adds to the
abnormal return after a price drop, and vice versis reversal effect also holds for the 5-day
buy-and-hold return, however, to a lesser degree.
Other effects seem to have a much stronger impatit@abnormal 5-day buy-and-hold return.
With regards to all events, Panel A reveals thatabnormal event return and past volatility are
more than 2.49 standard errors from zero over ¢h@ sample period (last column). The
volatility (VO) coefficient is negative implying &t abnormal event returns are on average lower
the higher the pre-event volatility is. A dissentiof the total period shows that the results are
mainly driven by the period 1994-2003. When furtdetiding the events, the volatility effect

shows up over the total sample period for priceaases (Panel B), and to a lesser extent for
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price drops (Panel C). The abnormal event retwelfi{ER) is negatively correlated with the
abnormal 5-day buy-and-hold return. This patteranse particularly strong since it holds

irrespective of the time period or the nature ef ¢fvent (price increase or price drop).

2.3.3.2. Model 2

(Insert Table 4 here)
The evidence so far seems to suggest that diffezgatsal effects (RET, ER) and volatility (VO)
are able to explain the abnormal event return hehadowever, it is paramount to test whether
the results still hold when controlling for sizeogps. Are the anomalous patterns in abnormal
returns marketwide or limited to relatively illiguistocks representing only a small portion of
the market portfolio?
Thus, we sort the events into size-related indeougs ranging from big to small stocks,
including technology stocks. The reversal effecETR within the abnormal 1-day return is
particularly robust with respect to size as PaBedsmd C of Table 4 demonstrate confirming the
prior results of Model 1.

(Insert Table 5 here)
Turning to the abnormal 5-day buy-and-hold retuhe, results clearly show that the reversal
effect (ER) is driven by small-caps. The negatiga of the volatility effect (VO) is also mainly
due to small-cap stocks and to a lesser extenidecap stocks. The results for the 5-day buy-

and-hold return across size groups are far fromgopervasive.

2.3.3.3. Further Robustness Checks
Further robustness checks are carried out in thisection to additionally control for seasonality

and to test other variable definitions.
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Model 3:In Model 3, we take seasonality into account. Tlagneonclusions of Model 1 prevail
although some degree of seasonality seems to lsenirentertaining the notion of market
sentiment as a further possible driver.

(Insert Table 6 here)
Other Modelsif we alternatively do not use log specifications main findings stay unaltered.
Likewise, removing the reversal effect (RET) leatresremainder of the results intact.
We generally exclude BVPS and EPS as regressars dto models to avoid problems with
multicollinearity, because BVPS and EPS are alreadgd to calculate BTM and PE.
Nevertheless, we run additional regressions, inctuEPS as a regressor, too, to ensure a better
comparability with earlier findings by Sturm (2008Yhether Model 1 excluding EPS offers a
better explanation for the data is decided accgrttinthe Akaike information criterion (AIC)
and the Schwarz information criterion (SIC). Whae two criteria lead to different results,
where one prefers the model including EPS and ttner @loes not, we base our decision on the
SIC, because the AIC tends to prefer overparanzegbnnodels in contrast to the SIC and is
therefore inconsistent in selecting the best ntodielthe large majority of cases Model 1, that
is, the model without EPS as explanatory variaipee better estimates of stock returns on the
days following an event. Hence, in contrast toghely by Sturm (2003), the inclusion of EPS
does not improve the explanatory power of the madelur sample sufficiently to justify its

inclusion.

2.3.3.4. Summary
Different reversal effects (RET, ER) and volatilfyO) seem to exhibit explanatory power.

However, when controlling for size only a reverséiect (RET) can pervasively explain the

5> For a more detailed discussion of measures afdi, Diebold (1998).
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abnormal 1-day stock market reaction to price shotkere is also some evidence that overall
market sentiment could have an additional impaetorormal returns. This will be an interesting

topic for future research.

2.3.4. Trading Strategy Returns

(Insert Table 7 here)
Having documented the existence and an explanafiabnormal returns after price shocks on
the German stock market, we examine the practiealportant question whether it is possible

to implement a profitable trading strategy on tha&sert-term anomalies.

2.3.4.1. Uncertain Information Strategies

Strategies of buying any event stock, regardleshefdirection of the event would not have
earned abnormal returns compared to the passiegyr of buying the index at the start of a
period and holding it until the end of the peri&@dirprisingly, the strategy built on the uncertain
information hypothesis would not have earned tighdst returns in the sub-samples where the
stocks behaved according to the hypothesis butsubasample with significant overreaction,
that is, in the mid-cap sub-sample of the “Neuerk¥faera. But even in that sub-sample, in
which the strategy would have earned an absoltueref 128.0%, compared to an index return
of -27.08%, the strategy would have returned 63.6&8% than the index after accounting for
trading costs of 0.5% per trade for a private itmesDue to the high trading frequency the

absolute returns of the strategy and the returties abding costs differ immensely.

2.3.4.2. Momentum Strategies

An investor following a momentum strategy would @dwought the winners at the end of an
event day and have sold them at the end of thewaolly day. For the sub-samples, in which the
stocks exhibit momentum, that is, those of largescand of NEMAX50 stocks during the

“Neuer Markt™-period, this strategy would have eairpositive absolute returns of 114.2% for
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DAX30 constituents and an astonishing 616.6% foMAX50 stocks. The indices lost 49.52%
(DAX30) and 91.83% (NEMAX50) during the same periédter trading costs, the momentum
strategy for large-caps still would have earnedlamormal return of 69.88% compared to the
index. For technology stocks the huge absolutemdiafore trading costs would have shrunk to
an abnormal return of 4.67% after trading costsndittering the enormous losses of the
NEMAX50 stock index during that time period, thiguals a loss of more than 85% of the
invested capital. Therefore, a momentum strateglddeave been successfully implemented for
large-caps only.

2.3.4.3. Overreaction Strategies

A strategy of buying losers at the end of the ewayt would not have earned any abnormal
returns throughout all periods compared to theipassrategy of buying the index.

Even for sub-samples with significant return reatyshe strategy for most of the time would
not have even earned a higher absolute returrttieandex. Only the reversals of MDAX stocks
from 1994 to 1999 and from 1999 to 2003 would hbgen large enough to generate higher
absolute returns of the overreaction strategy @#®8% and 65.11%, respectively, compared
to the index returns of 57.15% and -27.08%. Newbes, accounting for trading costs a passive

strategy would always have been the better chaogared to an overreaction strategy.

2.3.4.4. Summary

In only two cases out of the 33 sub-samples wonlthaestor actively trading on events have
earned higher returns after trading costs tharssipainvestor investing his money in the index.
The two successful strategies would have been timaentum strategies for large-caps and for
technology stocks in the bubbly period from 1992@03. All other strategies would have been
unsuccessful in generating excess returns comperethe index. Even the substantial

overreaction to negative news, which can be foaralliperiods for mid- and small-caps, could
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not have been profitably exploited if the altemathad been an investment in the market
portfolio.

Another problem of implementing the indicated tradstrategies is that an investor could not
have known in advance, which of the three strateges best suited to the actual trading period,
as different strategies would have been the mastessful depending on the different sub-
periods. Therefore, we can summarize that it ispessible to trade profitably on the reactions

of German stocks to price shocks.

2.4. CONCLUSIONS

First, this study establishes that German stockgtlwbxperience an event earn short-term
abnormal returns afterwards. We find significantdemce of overreaction. The significant
abnormal returns after price shocks do not becomaker over time. Hence, they cannot be
explained by a lack of liquidity or the existendeba-ask spreads. Another finding is that the
reaction to price shocks on the German stock maskaetymmetric; in other words the absolute
values of the abnormal returns after price decsease larger than those after price increases.
This is in line with earlier findings for the USdwother international stock markets. In contrast
to longer-term studies we cannot offer evidencewveiroptimism on the German market; that is,
we do not find simultaneously negative abnormalrres after price increases and price
decreases. Unlike others, we do not find that steonh overreaction is a small-firm phenomenon
in our German sample, and establish this findinganous ways. Second, we analyse whether
some well documented anomalies (e.g., value, mam@nend stock characteristics (e.g.,

volatility) exhibit explanatory power. Controllirfgr size, only a reversal effect can pervasively

5 Results for a trading strategy, where event stacksweighted according to their market capitalimatare not

significantly different from those of the equallyeighted strategy.
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explain the abnormal 1-day stock market reactioprice shocks. Third, abnormal returns of
event stocks are not exploitable because the ahreof the reaction cannot be foreseen and the
existence of transaction costs prohibits the implatation of profitable trading strategies. After

all, our robust findings suggest no violation a# gfficient market hypothesis.
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Table 1: Events and Event Probabilities: 1988-2007
This table shows in a summary statistic the evesibabilities (EPs) of all index sub-samples. Theletsample is split into four sub-samples for e@cie period in order to ensure
the comparability of the particular index sampleB. is calculated as the division of the tradingsdpgr index by the number of events. The reacti@mteprobability (REP) is

calculated as the number of reaction events dividetlve times the number of events, because ewehtdhat occurs within five trading days after tueo event is defined as a
reaction event. Z-value is the test statistic valfithe binomial test of the hypothesis that RERuiger than EP in the respective sub-sample. @v® three) asterisk(s) indicate(s)
significance at the 90% (95%, 99%)-level.

Technology Indices Total
Ind DAX 30 MDAX SDAX
ndex NEMAX50 TecDAX  Sample
Period 1988-1994 1994-1999 1999-2003 2003-2007 1994-1999 1999-2003 2003-2007 1999-2003 2003-2007 1999-2003 2003-2007 1988-2007
Trading Days 47,070 39,240 28,410 30,210 91,560 66,290 50,350 84,422 50,350 47,350 30,210 565,462
Event Days 49 68 141 17 236 473 78 597 99 1,900 107 3,765
Event (Pég;’ab'“ty 0.10% 0.17% 0.50% 0.06%  0.26% 0.71% 0.15%  0.71% 0.20%  4.01% 0.35%  0.67%
Positive Event 13.41 12.33 13.80 1355  13.45 14.03 14.47 15.03 12.94 16.10 14.43 15.14
Returns (Mean)
Negative Event -13.60 -11.68 -12.88 1256  -13.52 -13.37 -14.85  -12.90 -13.07 -13.70 1362  -13.48
Returns (Mean)
Reaction Events 7 17 35 4 41 180 7 325 14 1,540 21 2,191
Reaction Event 2.86% 5.00% 4.96% 471%  3.47% 7.61% 1.79%  10.89%  2.83%  16.21% 3.93%  11.64%
Probability (REP)
Z-value 2.50%%  408%*  5AGMk D (2% 6.03%% 12,630 2 A4t 17.83% 35wk 3] 3@k 4Gk 4G gOr
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Table 2: Normal and Abnormal Post-Event Returns

This table shows the average (mean) post-evemnse(@o). The table splits the observations intéedént periods and indices ranging from big to $niRdnel A presents all events,
while Panels B and C divide the sample into primegases and price drops,,, andAR; ., are the normal and the abnormal return on thedagtafter an event, whereRg; . 1;:+s)
andAR; :41;:+5) aredefined over the five trading days after an evemte (two, three) asterisk(s) indicate(s) signifaaat the 90% (95%, 99%)-level of the t-test. kdr-samples
comprising less than 30 observations a Wilcoxoneigrank test is conducted instead.

Period 1988-1994 1994-1999 1999-2003 2003-2007
Index DAX30 DAX30 MDAX DAX30 MDAX SDAX NEMAX50 DAX30 MDAX SDAX TecDAX
Panel A: All Events
Ra 4.40 2.12 0.53 0.48 0.66 0.41 0.01 -0.28 0.04 1.56 0.66
AR, 1.37** 0.70 0.42 0.21 0.65** 0.33 0.04 0.07 -0.19 1.57%+* 0.71
S 8.56 2.48 0.48 1.12 0.87 0.13 -0.12 4.97 0.78 1.20 1.94
ARHn 5 2.20* 0.81 0.15 0.09 0.63 0.02 -0.53 254 0.16 0.95 1.32*
Events (Total) 49 68 236 141 473 597 1,900 17 78 99 107
Panel B: Price Increases
R, 0.83 1.45 -0.31 1.36 0.54 0.28 0.80 -1.44 0.00 0.13
AR, 0.42 0.69 -0.44 1.11* 0.36 0.11 0.42* -1.38*** 0.04 0.33
R[t+l;t +5 0.50 0.69 -1.15 212 0.21 -0.97 -0.34 -0.68 -0.97 0.58
AF%HH +5 0.66 -0.48 -1.77* 0.97 -0.15 -1.30** -1.16%** -1.51* -1.78* 0.73
Price Increases (Total) 14 43 139 87 291 383 1,110 35 56 69
Panel C: Price Drops
R, 5.83 3.26 1.75 -0.94 0.84 0.64 -0.60 1.26 3.58 1.62
AR, 1.75* 0.72 1.65** -1.24 1.12* 0.72 -0.48* 0.78 3.56%** 1.40*
Rtﬂ;t +5] 11.78 517 2.81 -0.48 1.93 2.11 0.15 1.97 4.03 1.10
AR it 45 2.81* 3.03* 2.89%* -1.33 1.88** 2.38* 0.37 1.53 4 5] 2.39
Price Drops (Total) 35 25 97 54 182 214 790 43 43 38
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Table 3: Regressions oAR; ;.1 and AR; [;,1,:+5) for Model 1
The table reports results for the regressionseftimormal 1-day returdg;,,) and the abnormal 5-day buy-and-hold retwR;(;,1,.+s;) on the abnormal event return (ER), the
company size, depicted by log market value of gqitV), the log of the book-to-market ratio (BTMJie average daily return during the last 60 tradiags (RET), the log of the
price-earnings ratio (PE), and the daily stocknreuolatility (VO), which is estimated over a 60ydavent window. Results are displayed for the wisaleple period and the index-
related sub-periods. Panel A presents all everiige \wanels B and C split the sample into pricegases and price drops. Differing sample sizesdmtwthis table and tables 1 and
2 are due to missing accounting data. Robust isttat are reported in parentheses.

Panel A: All Events

Holding Period 1-Day 5-Day

Period 1988-1994 1994-1999 1999-2003 2003-2007 1588/ 1988-1994 1994-1999 1999-2003 2003-2007 PaRg-

ER -0.494 -0.065 -0.014 -0.041 -0.024 -0.523 -0.135 .050 -0.111 -0.067
(-4.19) (-1.83) (-0.73) (-1.62) (-1.53) (-2.35) 62) (-1.88) (-2.44) (-3.03)

MV -0.015 0.004 -0.000 -0.001 0.000 -0.027 0.006 ©.00 0.007 0.001
(-2.67) (1.96) (-0.03) (-0.28) (0.40) (-2.32) (161 (-0.02) (1.51) (0.37)

BTM 0.037 0.006 -0.000 0.013 0.001 0.070 0.005 0.004 0140. 0.004
(2.84) (1.22) (-0.08) (2.72) (0.56) (2.63) (0.52) 1.06) (2.03) (1.47)

RET -0.197 -0.004 -0.001 -0.001 -0.001 -0.367 -0.020 .00 0.017 -0.010
(-2.57) (-0.25) (-0.35) (-0.05) (-0.37) (-2.15) .86) (-1.55) (0.85) (-1.48)

PE -0.011 -0.015 0.000 -0.001 -0.000 -0.041 -0.004 02.0 -0.009 0.001
(-1.02) (-2.36) (0.28) (-0.24) (-0.19) (-1.94) @40) (0.66) (-1.26) (0.35)

VO 3.026 0.114 0.022 -0.054 -0.020 4.728 -0.764 -0.328 0.264 -0.355
(3.50) (0.41) (0.22) (-0.22) (-0.22) (3.06) (-0.72) (-2.07) (0.72) (-2.49)

c 0.195 -0.016 -0.001 0.009 -0.001 0.403 -0.047 0.002 -0.075 -0.001
(1.90) (-0.53) (-0.05) (0.22) (-0.07) (2.09) (-0)93 (0.08) (-1.15) (-0.03)

n 41 227 1,810 232 2,310 41 227 1,810 232 2,310

R2 0.59 0.07 0.00 0.06 0.00 0.39 0.07 0.01 0.07 0.01
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Panel B: Price Increases

ER 0.254 -0.045 -0.024 -0.109 -0.033 0.499 -0.041 43.1 -0.038 -0.126
(0.36) (-0.84) (-0.43) (-1.35) (-0.71) (0.47) (-0)4 (-2.20) (-0.31) (-2.29)
MV -0.009 0.003 -0.000 -0.005 -0.000 -0.033 0.006 00.0 0.002 -0.001
(-0.42) (1.10) (-0.12) (-1.53) (-0.23) (-0.97) ®@)3 (-0.32) (0.47) (-0.46)
BTM 0.027 0.001 0.001 0.010 0.002 0.069 0.002 0.001 130.0 0.002
(0.79) (0.20) (0.40) (1.51) (0.87) (1.14) (0.16) .20 (1.36) (0.60)
RET -0.103 0.003 -0.011 -0.006 -0.010 -0.210 -0.027 016. 0.001 -0.015
(-0.55) (0.17) (-2.48) (-0.35) (-2.43) (-0.71) t2) (-1.94) (0.03) (-1.97)
PE -0.011 -0.004 0.001 -0.001 0.001 -0.043 0.006 0.003 -0.012 0.003
(-0.58) (-0.55) (0.58) (-0.28) (0.37) (-1.31) (052 (0.99) (-1.129) (0.99)
VO -0.458 0.056 -0.001 -0.013 -0.007 0.224 -2.329 .2 0.552 -0.318
(-0.18) (0.19) (-0.01) (-0.03) (-0.07) (0.06) (8)6 (-1.44) (0.98) (-1.78)
c 0.137 -0.035 -0.000 0.074 0.003 0.540 -0.045 0.020 -0.024 0.020
(0.45) (-0.83) (-0.02) (1.25) (0.17) (1.08) (-0.66) (0.60) (-0.28) (0.68)
n 11 133 1,079 125 1,348 11 133 1,079 125 1,348
R2 0.34 0.02 0.01 0.05 0.01 0.61 0.16 0.01 0.03 0.01
Panel C: Price Drops
ER -0.719 -0.131 -0.014 0.268 0.010 -0.495 -0.156 86.0 0.039 -0.064
(-3.28) (-0.94) (-0.14) (2.41) (0.15) (-0.87) (-0)9 (-0.75) (0.18) (-0.73)
MV -0.004 0.007 0.000 0.003 0.001 -0.017 0.005 0.000 .010 0.002
(-0.72) (1.95) (0.03) (0.48) (0.48) (-1.37) (0.78) (0.05) (2.27) (0.74)
BTM 0.034 0.015 -0.002 0.015 0.000 0.059 0.009 0.007 022. 0.008
(2.58) (1.63) (-0.52) (2.01) (0.00) (1.98) (0.64) 1.1(7) (2.00) (1.44)
RET -0.232 -0.036 0.016 0.015 0.015 -0.474 -0.061 -D.00 0.080 0.001
(-2.08) (-1.18) (2.25) (0.84) (2.32) (-1.64) (-D15 (-0.10) (2.10) (0.10)
PE -0.010 -0.029 -0.000 0.000 -0.002 -0.029 -0.018 000. -0.009 -0.003
(-0.82) (-3.32) (-0.05) (0.01) (-0.62) (-1.27) %) (-0.13) (-0.81) (-0.71)
VO 4.305 0.453 0.040 -0.133 -0.027 11.413 2.903 -0.377  0.214 -0.373
(2.06) (0.73) (0.24) (-0.34) (-0.18) (1.70) (2.29) (-1.38) (0.43) (-1.60)
c -0.000 -0.041 0.005 0.003 0.008 0.126 -0.110 0.002 -0.188 -0.008
(-0.00) (-0.61) (0.18) (0.05) (0.32) (0.71) (-1.05) (0.05) (-1.89) (-0.18)
n 30 94 731 107 962 30 94 731 107 962
R2 0.74 0.14 0.01 0.19 0.01 0.48 0.14 0.01 0.16 0.01
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Table 4: Regressions odR; ., for Model 2

The table reports results for the regressionseatinormal 1-day returdg; .,,) on the abnormal event return (ER), the compazw, slepicted by log market value of equity (MV),
the log of the book-to-market ratio (BTM), the aage daily return during the last 60 trading daySTR the log of the price-earnings ratio (PE), #mel daily stock return volatility
(VO), which is estimated over a 60-day event winddthe results are displayed for all index sub-sasplccurring in the respective period. Panel Agntssall events, while Panels
B and C split the sample into price increases aiwe plrops with DAX30 being removed from the lastipd due to a small number of observations. Diffipsample sizes between
tables are due to missing accounting data. Roksististics are reported in parentheses.

Period 1988-1994 1994-1999 1999-2003 2003-2007
Index DAX30 DAX30 MDAX DAX30 MDAX SDAX NEMAX50 DAX3 0 MDAX SDAX TECDAX
Panel A: All Events
ER -0.563 0.020 -0.073 0.136 -0.045 -0.040 -0.010 0.07 -0.033 -0.085 -0.036
(-3.82) (0.35) (-1.86) (1.53) (-1.77) (-1.02) (-9)3 (0.68) (-0.66) (-1.75) (-0.95)
BTM 0.025 0.006 0.009 0.001 0.002 -0.008 0.004 -0.010 .02® 0.013 0.014
(2.19) (0.75) (1.60) 0.17) (0.63) (-2.10) (1.73) -0.81) (1.22) (2.27) (1.96)
RET -0.172 -0.034 -0.000 -0.016 0.002 -0.006 -0.005 4.0 0.007 -0.000 -0.016
(-2.03) (-1.30) (-0.02) (-0.68) (0.24) (-0.61) 60) (0.86) (0.26) (-0.00) (-0.74)
PE -0.010 0.004 -0.015 -0.000 -0.000 0.008 -0.002 38.0 -0.005 -0.002 0.001
(-0.93) (0.36) (-2.27) (-0.02) (-0.02) (2.59) (-8)6 (-2.56) (-0.31) (-0.36) (0.12)
VO 3.598 -1.811 0.358 0.435 0.169 -0.125 0.148 0.227 .049D -0.662 0.023
(3.22) (-2.89) (1.08) (1.17) (0.79) (-0.55) (0.94) (0.24) (0.07) (-0.84) (0.07)
c -0.040 0.038 0.033 -0.022 0.000 -0.009 -0.012 0.128 -0.008 0.025 -0.009
(-1.15) (2.07) (1.48) (-1.14) (0.01) (-1.04) (-100 (2.53) (-0.15) (0.83) (-0.42)
n 41 52 175 129 393 413 875 12 62 78 80
R2 0.50 0.12 0.08 0.08 0.01 0.03 0.01 0.33 0.05 0.05 100
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Period 1988-1994 1994-1999 1999-2003 2003-2007

Index DAX30 DAX30 MDAX DAX30 MDAX SDAX NEMAX50 MDAX SDAX TECDAX
Panel B: Price Increases
ER 0.447 -0.141 -0.048 -0.045 -0.029 0.082 -0.071 19.0 -0.148 -0.067
(1.12) (-0.49) (-0.88) (-0.32) (-0.75) (0.48) (-8)7 (-0.13) (-0.66) (-0.50)
BTM 0.021 0.006 0.001 0.009 0.004 -0.006 0.002 0.016 .0210 0.017
(0.90) (0.72) (0.17) (2.27) (0.88) (-1.30) (0.70) 1.53) (-1.26) (1.68)
RET -0.062 -0.043 0.008 -0.032 -0.008 -0.014 -0.013 008. -0.019 -0.006
(-0.49) (-1.12) (0.47) (-1.08) (-0.74) (-1.57) @3) (-0.44) (-0.66) (-0.26)
PE -0.012 0.007 -0.005 -0.002 0.006 0.007 -0.001 0.007 0.015 -0.017
(-0.71) (0.44) (-0.65) (-0.29) (1.33) (2.00) (-0.38 (0.56) (1.16) (-1.82)
VO -0.940 -2.316 0.204 0.885 0.562 -0.172 -0.092 0.175 1.394 -0.000
(-0.56) (-1.63) (0.63) (2.34) (2.11) (-0.73) (-049 (0.30) (2.39) (0.00)
c 0.015 0.054 0.007 -0.027 -0.037 -0.021 0.011 -0.052 -0.034 0.053
(0.43) (0.69) (0.29) (-0.94) (-2.20) (-1.01) (0.57) (-1.25) (-0.412) (1.62)
n 11 31 102 78 240 264 497 25 41 52
R2 0.32 0.13 0.01 0.17 0.06 0.03 0.02 0.32 0.07 0.11
Panel C: Price Drops
ER -0.791 -0.200 -0.106 0.464 -0.124 0.012 -0.007 D.38 0.646 -0.158
(-4.06) (-0.79) (-0.66) (0.89) (-0.64) (0.03) (-6)0 (2.29) (4.03) (-0.98)
BTM 0.032 0.001 0.024 0.000 0.001 -0.012 0.006 0.017 017. 0.007
(2.49) (0.06) (2.51) (0.05) (0.17) (-1.95) (1.32) 0.74) (1.53) (1.23)
RET -0.226 -0.049 -0.039 0.005 0.017 0.013 0.008 0.036 0.022 -0.054
(-2.07) (-1.07) (-0.97) (0.14) (0.84) (0.64) (1.01) (0.54) (0.73) (-2.27)
PE -0.011 0.001 -0.029 0.002 -0.008 0.012 -0.003 .02 0.014 0.026
(-0.89) (0.09) (-3.11) (0.17) (-1.19) (2.02) (-062 (-0.98) (1.96) (5.14)
\/e) 3.848 -1.908 0.934 -0.067 -0.400 -0.114 0.464 0.282 -2.268 -0.159
(1.98) (-1.97) (1.22) (-0.10) (-1.04) (-0.25) (215 (0.28) (-2.98) (-0.61)
c -0.061 0.036 0.036 0.024 0.040 -0.010 -0.026 0.099 0.095 -0.096
(-1.34) (0.74) (0.87) (0.53) (1.50) (-0.25) (-1.20) (1.38) (3.30) (-3.74)
n 30 21 73 51 153 149 378 37 37 28
R2 0.73 0.19 0.14 0.05 0.04 0.04 0.02 0.23 0.47 0.42
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Table 5: Regressions oAR; [;41,+5 for Model 2

The table reports results for the regressions efattnormal 5-day buy-and-hold retudR(; . ,,s;) on the abnormal event return (ER), the comparg, slepicted by log market
value of equity (MV), the log of the book-to-markatio (BTM), the average daily return during thetl60 trading days (RET), the log of the pricesgmys ratio (PE), and the daily
stock return volatility (VO), which is estimatedesva 60-day event window. The results are displdgedll index sub-samples occurring in the resipegberiod. Panel A presents
all events, while Panels B and C split the sampe price increases and price drops with DAX30 geemoved from the last period due to a small nurobebservations. Differing
sample sizes between tables are due to missingiatiicg data. Robust t-statistics are reported neqhieses.

Period 1988-1994 1994-1999 1999-2003 2003-2007
Index DAX30 DAX30 MDAX DAX30 MDAX SDAX NEMAX50 DAX3 0 MDAX SDAX TECDAX
Panel A: All Events
ER -0.643 -0.118 -0.134 0.089 -0.077 -0.143 -0.018 000. -0.046 -0.233 -0.064
(-2.42) (-1.54) (-2.18) (1.15) (-1.63) (-2.53) @406) (-0.00) (-0.68) (-3.10) (-0.87)
BTM 0.050 0.012 0.005 0.018 -0.003 -0.008 0.009 -0.029 0.013 0.012 0.039
(1.83) (0.95) (0.50) (2.18) (-0.47) (-0.97) (2.09) (-1.33) (0.66) (0.77) (3.95)
RET -0.324 -0.033 -0.012 -0.051 -0.000 0.024 -0.024 16.0 0.031 0.029 -0.024
(-1.76) (-1.10) (-0.40) (-2.71) (-0.01) (1.40) 68) (0.17) (0.64) (0.86) (-0.92)
PE -0.040 0.004 -0.004 -0.001 0.002 0.009 -0.001 ®.02 -0.027 -0.011 -0.021
(-1.86) (0.19) (-0.42) (-0.06) (0.40) (1.69) (-029 (-0.74) (-0.97) (-1.14) (-1.83)
VO 5.714 -0.168 -0.849 0.493 0.416 -0.739 -0.341 0.057 -0.554 -0.399 0.442
(3.11) (-0.18) (-0.72) (1.09) (0.86) (-1.81) (-146 (0.04) (-0.56) (-0.37) (0.97)
c -0.002 -0.017 0.034 -0.052 -0.009 0.003 0.001 0.125 0.081 0.044 0.033
(-0.04) (-0.26) (0.76) (-1.50) (-0.34) (0.17) (0.05 (1.42) (0.91) (1.15) (0.99)
n 41 52 175 129 393 413 875 12 62 78 80
R2 0.29 0.16 0.06 0.09 0.01 0.04 0.02 0.21 0.05 0.12 190
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Period 1988-1994 1994-1999 1999-2003 2003-2007
Index DAX30 DAX30 MDAX DAX30 MDAX SDAX NEMAX50 MDAX SDAX TECDAX
Panel B: Price Increases
ER 1.238 -0.296 -0.044 -0.141 0.018 -0.378 -0.173 D.29 0.030 0.055
(1.30) (-0.88) (-0.54) (-0.86) (0.21) (-2.06) ()7 (1.25) (0.10) (0.31)
BTM 0.045 0.012 0.002 0.015 -0.002 -0.004 -0.000 0.024 -0.027 0.037
(0.99) (0.92) (0.16) (1.43) (-0.22) (-0.53) (-0.04) (1.23) (-1.11) (3.22)
RET -0.056 -0.051 -0.008 -0.073 -0.005 0.000 -0.021 2D.0 -0.020 -0.008
(-0.22) (-1.16) (-0.29) (-2.63) (-0.23) (0.01) 63) (0.48) (-0.51) (-0.30)
PE -0.046 -0.007 0.005 -0.000 0.006 0.010 0.001 -0.019 0.007 -0.036
(-1.61) (-0.30) (0.46) (-0.04) (0.84) (1.66) (0.12) (-0.55) (0.37) (-2.72)
\/e) -1.619 -1.172 -2.453 0.821 0.467 -0.756 -0.410 1.25 1.707 0.445
(-0.55) (-0.76) (-2.75) (1.55) (0.89) (-1.55) (-1)4 (0.84) (1.03) (0.80)
c 0.074 0.072 0.038 -0.033 -0.036 0.031 0.035 -0.054  -0.047 0.065
(1.32) (0.93) (0.78) (-0.77) (-1.10) (1.12) (1.40) (-0.51) (-0.48) (1.36)
n 11 31 102 78 240 264 497 25 41 52
R2 0.55 0.15 0.17 0.13 0.01 0.05 0.03 0.15 0.05 0.19
Panel C: Price Drops
ER -0.761 -0.249 -0.092 -0.155 -0.483 0.107 -0.014 79.3 0.282 -0.362
(-1.52) (-0.89) (-0.49) (-0.45) (-1.55) (0.27) t) (1.94) (0.83) (-0.90)
BTM 0.051 0.010 0.012 0.026 -0.008 -0.016 0.020 0.004 .03®™ 0.054
(1.76) (0.40) (0.70) (1.90) (-0.63) (-0.95) (2.45) (0.13) (1.68) (3.42)
RET -0.451 -0.049 -0.075 -0.016 0.009 0.073 -0.029 .06 0.124 -0.024
(-1.63) (-1.00) (-0.98) (-0.60) (0.23) (2.26) (-7 (0.46) (2.04) (-0.37)
PE -0.031 0.018 -0.019 0.003 0.000 0.009 -0.004 -0.045 0.006 -0.008
(-1.36) (0.51) (-1.23) (0.18) (0.02) (0.86) (-0.58) (-1.07) (0.78) (-0.67)
VO 9.732 -0.108 3.220 -0.365 0.269 -0.511 -0.149 -D.60 -1.835 0.318
(1.53) (-0.08) (2.12) (-0.59) (0.29) (-0.63) (0039 (-0.37) (-1.70) (0.38)
c -0.100 -0.081 -0.042 -0.062 -0.036 0.034 -0.019 049.2 0.064 -0.057
(-1.07) (-0.74) (-0.59) (-1.05) (-0.53) (0.74) é8) (1.57) (1.54) (-1.05)
n 30 21 73 51 153 149 378 37 37 28
R2 0.45 0.21 0.15 0.15 0.03 0.05 0.02 0.15 0.31 0.34

38



Table 6: Regressions odR; ;.1 and AR; ;1,51 for Model 3: 1988-2007

The table reports results for the regressionseatinormal 1-day returdg; ;) and the abnormal 5-day buy-and-
hold return AR;;,1,c+57) On the abnormal event return (ER), the comparg, siepicted by log market value of
equity (MV), the log of the book-to-market ratioB!), the average daily return during the last Giling days
(RET), the log of the price-earnings ratio (PE)] #ime daily stock return volatility (VO), which éstimated over a
60-day event window. Annual dummy variables forrgaaith more than 20 events (DRELYEAR) are inclugied
capture effects of seasonality. The first columovehthe results for all events, while the secormshthe results
for price increases, and the last for price dr@ifering sample sizes between tables are due $sing accounting
data. Robust t-statistics are reported in pareathes

Events All Price Increases Price Drops
Holding Period 1-Day 5-Day 1-Day 5-Day 1-Day 5-Day
ER -0.02 -0.06 -0.03 -0.11 -0.04 -0.09
(-1.48) (-2.81) (-0.65) (-1.97) (-0.47) (-0.90)
MV -0.00 -0.00 -0.00 -0.00 0.00 0.00
(-0.12) (-0.08) (-0.45) (-0.74) (0.27) (0.43)
BTM -0.00 0.00 0.00 0.00 -0.00 0.00
(-0.03) (1.31) (0.96) (1.04) (-0.90) (0.87)
RET -0.00 -0.01 -0.01 -0.01 0.01 -0.01
(-0.63) (-1.75) (-2.47) (-1.87) (1.64) (-0.43)
PE -0.00 0.00 0.00 0.00 -0.00 -0.00
(-0.17) (0.59) (0.42) (1.23) (-0.44) (-0.51)
VO 0.02 -0.36 -0.02 -0.46 0.03 -0.27
(0.17) (-2.31) (-0.16) (-2.34) (0.21) (-1.03)
D89 0.02 0.01 0.01 -0.01 0.02 0.02
(1.72) (0.49) (0.45) (-0.25) (1.70) (0.74)
D94 -0.03 -0.07 0.00 0.00 -0.02 -0.07
(-1.70) (-2.23) ) ) (-1.48) (-2.00)
D95 -0.02 0.00 -0.02 -0.05 -0.02 0.02
(-1.48) (0.04) (-0.81) (-0.97) (-1.08) (0.36)
D96 -0.00 -0.02 0.00 -0.04 -0.00 -0.00
(-0.09) (-0.72) (0.12) (-0.78) (-0.07) (-0.06)
D97 0.01 -0.00 0.01 -0.01 0.01 0.00
(1.20) (-0.04) (0.58) (-0.29) (1.33) (0.09)
D98 0.01 0.00 0.00 -0.03 0.02 0.03
(0.86) (0.06) (0.00) (-0.57) (1.84) (1.03)
D99 -0.01 -0.03 -0.01 -0.04 0.01 -0.03
(-0.82) (-1.71) (-0.37) (-0.98) (0.69) (1.16)
D00 -0.00 -0.00 0.00 -0.02 0.00 0.01
(-0.09) (-0.04) (0.06) (-0.39) (0.35) (0.45)
D01 -0.00 -0.01 -0.00 -0.02 -0.00 -0.02
(-0.55) (-0.63) (-0.02) (-0.35) (-0.16) (-0.73)
D02 -0.01 0.00 0.00 0.00 -0.02 -0.01
(-1.46) (0.26) (0.08) (0.09) (-1.71) (-0.30)
D03 -0.01 -0.02 0.00 -0.02 -0.04 -0.04
(-1.69) (-0.96) (0.26) (-0.44) (-2.89) (-1.28)
D04 -0.02 -0.02 -0.00 -0.02 -0.04 -0.03
(-1.88) (-1.09) (-0.07) (-0.52) (-2.29) (-1.14)
D05 -0.01 -0.03 -0.00 -0.04 -0.02 -0.03
(-1.38) (-1.55) (-0.19) (-0.92) (-1.32) (-1.22)
D06 0.01 0.02 0.00 -0.01 0.02 0.04
(1.27) (0.87) (0.20) (-0.22) (1.84) (1.49)
D07 0.03 0.03 -0.00 -0.02 0.06 0.05
(3.61) (1.28) (-0.04) (-0.42) (5.36) (2.28)
C 0.01 0.01 0.01 0.04 0.01 -0.00
(0.49) (0.43) (0.20) (0.82) (0.21) (-0.05)
n 2,310 2,310 1,348 1,348 962 962
R2 0.02 0.02 0.01 0.03 0.05 0.03
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Table 7: Trading Strategy Returns

This table exhibits strategy returns where theitgdtrategy is to buy either every stock that eigmees an event at the end of the event day (taiocénformation strategy), to buy
only stocks with positive price shocks (momenturategy), or to buy only stocks with negative pistecks (overreaction strategy). For all activetsgies, the holding period is one
trading day. The respective passive index returhi§2the buy-and-hold return of the correspondimdei in the same period for an investor buyingitidex on the first day and

selling it on the last day of that period. The tetgy return is the period return net of the respedhdex return before and after trading cost$%f(round-trip).

Period 1988-1994 1994-1999 1999-2003 2003-2007
Index DAX30 DAX30 MDAX DAX30 MDAX SDAX NEMAX50 DAX30 MDAX SDAX TecDAX
Index return 120.33 144.11 57.15 -49.52 -27.08 -42.74 -91.83 147.34 233.07 249.10 128.93

Panel A: Uncertain Information Strategy

Before Trading Cost 25.47 58.79 69.57 -28.63 128.00 -42.85 -84.98 -6.65 -49.71 25.18 85.28

After Trading Cost 8.15 -3.57 -71.57 -712.76 -90.74 -98.31 -99.97 -19.78 -73.50 -37.98 -26.88

Panel B: Momentum Strategy

Before Trading Cost 4.87 46.89 -29.49 114.21 96.48 35.54 616.56 11.55 -36.42 10.33 19.37

After Trading Cost -4.16 2.64 -77.00 20.36 -77.97 -88.70 -87.16 0.99 -54.58 -27.63 -33.96

Panel C: Overreaction Strategy

Before Trading Cost 19.64 8.10 80.13 -65.98 38.02 -48.35 -98.90 -16.31 -20.90 2.18 57.79

After Trading Cost 12.84 -6.05 -3.91 -77.11 -59.90 -89.78 -99.96 -20.57 -41.65 -18.91 11.46
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3. Short-Term Return Drift in Emerging Markets

(with Sebastian Lobe)

Abstract

In this comprehensive study of 21 emerging markets,show that emerging-market stock
returns display significant short-term return daifiter extreme one-day price increases. This drift
is stronger for small companies. To determine tpeificance of the abnormal returns, we use
the tests developed by Corrado and Zivney (1992) Boehmer et al. (1991). Running
explanatory regressions on the abnormal short-tetaorns after stock price increases, we can
show that the drift is persistent. It is influendsdthe market value of equity. The extent of the
event return itself does not have a significanlugrice on post-event returns. In contrast to
developed markets, short-term investor overreacfter extreme one-day stock-price drops is

uncommon in emerging markets.

JEL classification: G12, G14, G15

Keywords:stock return predictability; emerging markets; mgaction; stock return drift
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3.1. INTRODUCTION

In the pursuit of alpha, many investment managsesthe strategies of contrarian trading and
momentum trading. The assumption behind both sgfiede sparked by the research of
Kahnemann and Tversky (1979), is that the marketteobe more precise, investors—is
inefficient in gauging incoming news. Contrariansliéve that the market overreacts, and
momentum investors believe that the market undetse&ither reaction would render stock
returns predictable. If the market overreacts, rreteversals can be observed. If the market
underreacts, return drift is prevalent.

Of course, stock return predictability has alsereed a great deal attention in the behavioral-
finance literature. We use stock return prediciigtals a generic term for overreaction, i.e., netur
reversals, and underreaction, i.e., return drihortly after DeBondt and Thaler's (1985)
discovery of long-term overreaction, short-ternckteeturn predictability became a focus of US
researchers. Atkins and Dyl (1990) show that pdicgs of 10% or more are a manifestation of
short-term overreaction in the US stock market bseastocks that experience a 1-day price
decline of more than 10% display abnormally positeturns the next trading day. Both Bremer
and Sweeney (1991) and Cox and Peterson (1994) odfeoborating evidence for the US
market. International evidence on short-term retesersals comes from Bremer et al. (1997)
for Japan and from Otchere and Chan (2003) for Hamgy. The assertion by Cox and Peterson

(1994) that overreaction in the US stock markea isign of underdeveloped liquidity that

! Another theory on return predictability, put fomgteby Brown et al. (1988), suggests that post-eveinirns are
always positive due to an uncertainty discount edulsy the large price amplitude on the event ddys T

phenomenon is therefore termed the uncertain irdtiom hypothesis (UIH).
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vanishes over time with rising liquidity has beespdoved by more recent evidence from
Pritamani and Singal (2001), Larson and Madura 320and Sturm (2003).

Although the existence of over- and underreact®mwell documented in the literature on
industrialized nations, it is still unclear whetlsbort-term return predictability is also detectabl
in emerging stock markets. The main reason thatt megssting studies on stock return
predictability treat developed markets is a prattime: thin trading. The rise in trading volume
in emerging markets that began during the mid-1988kes these markets interesting enough
for an analysis of stock return predictability. Themerging markets are different from
industrialized countries’ markets with respect tquidity, market microstructure, listed
companies’ age and many other factors makes themmwore interesting to analyze. For those
reasons, emerging markets also differ from develaparkets in terms of institutional investor
attention. Therefore, one would suspect anomatidset more pronounced than in developed
markets, a notion that is also promoted by anetduotdence provided by mutual fund managers
and the media. If this were true, emerging marketsld be more prone to behavioral investor
biases such as over- or underreaction. We waestdhis hypothesis by scrutinizing all extreme
short-term price increases and decreases thatredoduring a 14-year time span on one of the
21 stock markets that constitute the MSCI Emerdiiagkets Index.

To prevent known biases such as the size effezt)dlok-to-market effect or return momentum
from distorting our results, we correct for thesasbs. Furthermore, our methodology is more
sophisticated than in earlier works on stock repadictability in that we use test statistics that
are robust to increases in stock return varianaedan be observed around events. In doing so,
we avoid the pitfalls created by event-induced arase. Our test statistics include the non-
parametric rank statistic by Corrado and Zivney9@h)Sand the parametric test by Boehmer et

al. (1991).
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This study closes a gap in the literature on emegrgiarket stock-return predictability. It offers
a comprehensive view of the short-term reactiomprioe shocks across 21 emerging stock
markets. To maximize practical relevance, we atignemerging-market definition with those
of the constituent countries of the MSCI Emergingrkéts Index, the most common reference
on emerging stock markets. In addition to widertimg market focus on emerging markets, we
also implement the measures of Boehmer et al. (188d Corrado and Zivney (1992) in
determining abnormal stock returns. To our knowéeddis is the first study to evaluate short-
term stock-return predictability using this methlogdyy on a global scale. Using a pooled global
sample as our starting point, we investigate stetirn patterns after extreme one-day stock
price movements. The first drill-down divides therple into four regions, which in turn are
split into country samples. We test whether th@eesve stocks display signs of over- or
underreaction, revealing that short-term underreactfter stock price increases is the prevalent
phenomenon across the majority of emerging markeis.second step, we run cross-sectional
regressions on the event data to determine thengrigrces behind these underreaction patterns
and to determine whether those patterns remairspams when those factors are controlled for.
The paper is structured as follows. In the sec?iowe describe the data and the construction of
the regional, country, and size sub-samples. Se@imutlines the research questions and
methodology. Section 4 contains a univariate amalysshort-term returns after extreme stock
price movements, and section 5 contains the restite cross-sectional regressions and shows
how company size, book-to-market-ratio, mid-tertame momentum, and liquidity affect short-

term stock return drift. Section 6 discusses ratess, and section 7 is the conclusion.
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3.2. DATA

3.2.1. Plain Data

To improve the understanding of short-term retuedtability on a global basis, we analyze
short-term return predictability after extreme al@sr price movements in all countries that
comprised the MSCI Emerging Markets Index as ofdbawer 31, 2009. A country’s index
constituency ensures at least a certain amoumwvefstor attention and therefore, a sample of
sufficient size, provided we screened traded fitensort out illiquid stocks. Our approach is to
first analyze the worldwide stock sample regardprgdictable short-term return patterns.
Second, we group the sample countries by four ggbar regions to determine whether
geographical patterns influence the occurrenceeateht of predictability. The regions are Asia
(ASIA), Eastern Europe (EE), Latin America (LATAMNd the Middle East and Africa (MEA).
Finally, we examine each of the 21 countries irdlrailly. Each sub-sample is itself divided into
three size sub-samples. For each country, thesglzsamples are determined separately. To that
end, all companies are ranked within their couatrgording to the market value of their equity.
The companies in the two top deciles are termadélacompanies. Companies from the bottom-
three deciles are termed “small” companies. AthBrranked between these deciles are termed
“medium”.

Our basic population consists of all stocks listedone of the 21 emerging-market stock
exchanges. The sample includes all stocks for whiglas possible to obtain the total return
index (RI), adjusted for stock splits and dividgrayments, closing price in local currency (P),
trading volume in thousands of shares (VO), pre&dok value (PTBV), closing ask price in
local currency (PA), closing bid price in local cemcy (PB), and market value of equity in
millions of local currency units (MV) on a daily &ia from the databases of Thomson Reuters
DataStream and WorldScope. The sample period begidanuary 1, 1994, and ends on January

30, 2009. To enable conversion of local currenty WS dollars, we also obtained the respective
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daily exchange rate (FXR) for each country. Thehexge rates are quoted as US dollars per

local currency unit.

3.2.2. Derived Data
From the obtained data, we calculate derived dgpe@tform our analysis. The daily stock return

for stock i on day t (R) is calculated on the basis of a stock’s retudexnas

Rli,t
Rljt 4

R = 12)

Furthermore, we calculate turnover in US dollaiSi¢J as the product of Vpand F: multiplied
by that day’s exchange rate:

TO;; = V0, P, FXR,. (13)
Having calculated R and TQx, we use both variables to derive the Amihud (20Diguidity
ratio (AIR). The AIR is calculated as the daily ¢jeat of absolute daily return over daily

turnover in US dollars. It can be interpreted asidy version of Kyle’s Lambda (Kyle 1985).

AIR;, = [Ris] (14)

TO;¢
Estimation period AIR (AIREST) is the average AlReoall days of the estimation period. Days
with zero turnover are removed from the averagerdiore, D represents the number of non-

zero turnover days during the estimation period.

AIREST,, = —-%2712) AIR; . (15)
By using the Amihud (2002) illiquidity measure, vedy on Lesmond (2005) and Goyenko et al.
(2009), who establish that the ratio is a usefubsnee when determining a stock’s liquidity.

Like Amihud (2002) and Lesmond (2005), we multipBlREST;; by 1@ to align our variables

with respect to decimal places, thereby improveg esentation.
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3.2.3. Screens

Some sources in the literature—e.g., Cox and Retef$994) and Park (1995)—argue that
market microstructure effects make up for parthef teturn predictability reported in the wake
of events. The most important of these issuesibithask bounce of stock prices. In the case of
a price jump (drop), the stock is more likely tosg# near the ask (bid) price. If the stock is
equally likely to reopen at either the bid or thek grice, return reversals are measured
erroneously. Whereas others such as Bremer andn®8wéE991) exclude stocks with a price of
less than USD10 to eliminate bias, we take a miffereintiated approach.

To prevent market microstructure problems fromadigtg our results, we impose some screens
on our data to filter all events from the sampbd tould bias our results to obtain valid estimates
for estimation period parameters such as markaetegalaverage trading volumes, book-to-
market ratios and illiquidity ratios.

The first screen involves dropping all event days$hwa return of more than 50% or less than -
50% from the sample. Second, because most digterdce ascribed to a lack of liquidity, we
combine several measures to exclude illiquid stoekst, we sort out all stocks with 20 or more
lacking Amihud illiquidity ratios (AIR:) during the 260-day estimation period from the glam
We do not use the relatively straightforward appho gauge liquidity by counting non-zero
returns (such as, e.g., Lesmond et al. (1999))Usecia is possible for stocks to be traded without
a change in price. Because we do not want to domks from the sample that have been traded,
we enhance the information about zero returns byirtformation about whether the stock has
been traded on the respective day. In doing s@ssentially drop all stocks with an insufficient
amount of daily illiquidity ratios from the sampl@IREST combines the zero return measure
with a measure of trading volume.

The third screen is to filter stocks with more tHatacking daily AIR: during the post-event

period of 20 days. As a fourth screen, we dropeadints with an AIREST larger than 0.01
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because ratios this high are very likely to be edusy poor data. To illustrate this point: an AIR
of 0.01 would mean that 1 US dollar of trading voluwould cause a stock return of 1 percent.
Because we measure return as a change in eachsstoe return index, we do not create a
screen for changing numbers of shares outstandioguse this information is already captured

in the total return variable.
3.3. METHODOLOGY

3.3.1. Event Definition

In our definition, an event is recorded when thaized local-currency stock return for one day
is more than 3 standard deviations in either diwactrom the mean return of the estimation
period. Mean and standard deviation are calculitethe 250-day period ranging from Day -
260 to Day -10 before the respective trading dagirtetion period). The period of the event day
until 20 days after the event is the event per@ebause we need data until 260 trading days
before an event to calculate estimation periodades and until 20 days after the event to obtain
event period statistics, the studied events atectsl to those that occurred between January 5,
1995 and December 30, 2008. Events associateawibBitive return are termed jumps, whereas
events with a negative return are called drops.

Using a flexible rather than an absolute eventitédn, we follow the methodology of Pritamani
and Singal (2001) because we think it is betteteduior our heterogeneous sample of stocks
from many different countries for three reasonsstFit is a more precise measure of market
irregularities to define events as outliers in te&urn distribution than to set a fixed return
threshold such as, e.g., 10%. Second, in conwasadier studies that use a fixed threshold—
such as Atkins and Dyl (1990), Bremer and Sweeh89X), and Bremer et al. (1997)—we study
emerging market returns. Because emerging mardeit séturns are more volatile than those of

industrial countries, thus stretching the returstrtbution, a relative event definition is more
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appropriate. Third, our study covers 21 marketsuteneously, each of which has its own
market structure. These different market structuesslt in differing return characteristics that
can only be captured through a flexible event digdim. To illustrate this point, one can compare
average event returns in Morocco, which are 5.7@4uimps and -5.70% for drops, with those
of Malaysia, with 16.07% and -13.85%, respectivélging the same trigger return for both
countries to define an event day would be inappat@and result in distorted event proportions

across the different countries.

3.3.2. Significance of Post-Event Returns

In measuring the significance of an abnormal stetlrn the day after an event, we rely on the
methodologies of Corrado (1989) and Boehmer ef1&91). These methodologies are better
suited to account for possible variance increasdaglthe event period than are plain t-statistics;
thus, they are less likely to reject the null hyysstis. Both test statistics have in common that
they are especially suited for the needs of everliss in that they consider changes in return
variance induced by the event. To account for ulagtrading, we modify the Corrado statistic,
following Corrado and Zivney (1992).

Corrado’s (1989) approach is non-parametric andsorea abnormal performance on a given
day by the deviation of the actual rank of the dagbnormal return in the ranking of the
observation-period abnormal returns from the exgkataink in that ranking. Let the day
succeeding the event be the observation day. Bhatistic for that day is then determined by
ranking the abnormal returns of the observatiomopdoeginning with the smallest return. The
expected rank on the observation day is the midtiihe sample period length measured in
trading days. In our case, the observation peroydprises the estimation period from day -260
to day -10, the event period from day -9 to dayth&, event day, and day 1 to day 20 after the

event. Excluding the event day itself, we therefarg 280 returns. To prevent irregular trading
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from distorting the results, we calculate abnormaaks U by subtracting the expected rank of
140.5 from the rank of the abnormal daily return:
K., = RanAR , )-1405 (16)

Thus, the expected abnormal rank of the observdagneturn is 0. To standardize the abnormal

ranks for lacking pre-event returns we apply theesiion suggested by Corrado and Zivney

(1992) and divide the abnormal rank by the numbaba-zero returns during the sample period:
K.

— = (17)

1+ 7,

-260

U, =

where z is a dummy variable that takes the valifestbck i was traded on day t. The modified

Corrado test statistic, which is normally distrigditis given as
N
i DY
C=+vN—Z2+—, 18
sU) (18)
with Ui g denoting the standardized abnormal return on ¢ng day for which the test statistic is
calculated. The standard deviation of the standaddabnormal ranks, S(U), is calculated using

the entire 280-day sample period, excluding dagr@Hf stock N from the same country:

1 20
SU) = \/279 Z[ FZU.tJ : (19)

To adjust our expected returns for infrequent trgdive use a Dimson (1979) market model to

calculate expected return. The abnormal returnhén tobtained as the residual from the
multivariate regression of the daily estimationipéreturns on the returns for 5 days before to

5 days after the observation day:

R.=a+ ) B[R, . +&, withn=5, (20)
k=-n
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Summing up the 1@« we obtain the beta of our market model, from Wwhiee calculate the

abnormal returns and residuals for each samplegeay.
B=25- (21)
k=-n

The abnormal return is then given by

AR, =R, -(a+BR,). (22)
Our second test statistic was developed by Boetenat. (1991). There, we standardize the

abnormal return—again calculated using the Dimsodeh—of the day tested by the standard

error of the abnormal returns of the estimationquer

A
SR, = R, . (23)
Sl 15" (AR, - AR, f
N-1 t=—260 ! !

Next, we obtain the normally distributed test stati

1 N

$372£:ESF§£
B= i=1 , (24)

which measures whether the observed standardizeketnaodel residuals are significantly

different from zero.

3.3.3. Determinants of Post-Event Abnormal Returns

Because large one-day price changes in emergirg starkets entail abnormal returns on
subsequent days, it is interesting to elaborateddierminants of the market's reaction to the
event.

With respect to return drift, event return itselfhich is represented by the event day’'s
standardized residual (SRO), is the first canditizdé comes to mind when explaining the extent
of drift. Additionally, relying on Fama and Fren(®993) and Carhart (1997), we include market
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value—i.e., the natural log of market value of eégin USD millions 10 days before the event
(LMVUS); book-to-market ratio; the quotient of bowklue per share and share price 10 days
before the event (BTM); and return momentum, fitee return of the stock during the six months
before the event (MOM)—as explanatory variablesuinregression.

Furthermore, there is ample empirical evidence, &arpoff (1987) and Gallant et al. (1992),
that large price changes go hand in hand with largeing volume (turnover, in our
nomenclature). Similar insights are presented byrislaand Raviv (1993), who state that
important news is accompanied by an increase dhingavolume, and Blume et al. (1994), who
note that trading volume measures information greni In the context of large price changes,
it is obvious to include variables measuring thecpgion of the signal causing the initial price
change on the event day. We expect that high poac{se., low event-day turnover) leads to a
lower post-event return, whereas low precision,(h@gh event-day turnover) leads to a higher
post-event return. Based on this earlier reseavehinclude average daily estimation period
turnover in USD millions (TOEST) and event-day twar in USD millions (TO) as explanatory
variables in our regression to capture the priéecebf turnover on post-event stock returns.
Because Cox and Peterson (1994) suggest thatteharteturn predictability might actually be
a liquidity phenomenon, we account for a stockuillity by incorporating the dollarized
Amihud illiquidity ratio of the estimation periodA[REST) in our model. We also include a
December (DEC) and a January dummy (JAN) to accfiuntalendar effects and a Monday
(MON) and a Friday dummy (FRI) to capture day-cé-theek effects. To run pooled regressions
over samples containing stocks from different cdast we convert all variables measured in
local currency into US dollar variables. This corsien concerns the market value of equity, the
Amihud illiquidity ratio and turnover variables.

We run regressions on the pooled global samplefailnepooled regional samples, the pooled

country samples and the respective size sub-samples
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SR, =B, + BSRO,, + B,LMVUS,, + 5;BTM, + B,AIREST, + S;MOM,, +
+ B,TOEST, + 3,TO,, + MON + FRI + DEC + JAN (25)
3.4. UNIVARIATE RESULTS

3.4.1. Descriptive Statistics
(Insert Table 8 here)
With the screens imposed, the final sample congfstd7,606 events. Table 8 contains the event
distribution over the 21 sample countries and shio@v8 many events are affected by each of
our screens. To determine whether market partitspaaact differently to good and bad news,
we split the sample into price jumps and price drophe proportion of screened events is
indicative of the degree of market developmenthendifferent countries. The least developed
market in terms of the density of thinly tradedck®is that of Indonesia, where only 4% of the
events occurred among stocks liquid enough to tyuali our final sample. Indonesia is closely
followed by the Philippines, with 95% of events lexied. The most developed markets are—
unsurprisingly—India and South Korea, with exclusiates of 38% and 39%, respectively.
India and South Korea are also the countries wighlargest shares in our final sample, with
totals of 23,645 and 31,343 events, respectivdig dverage event returns range from roughly
+/- 6% in Morocco to 17% for jumps and -14% for psan the Philippines. Both markets
constitute only a small share in our final sampligh fewer than 200 events in each category.
(Insert Table 9 here)
Detailed descriptive statistics concerning the abi@ristics of the event firms are depicted in
Table 9. Table 9 consists of two panels: panel Apfice jumps and panel B for price drops.
Both contain the number of event firms and coumtvgrages of LMVUS, BTM, AIREST,
MOM, TOEST, and TO.
If we compare winner stocks to loser stocks, weeplesthat on average, loser stocks have a

larger market capitalization and a lower averagekko-market-ratio than do winner stocks.
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Initially, we would have expected that winners dosers would not have different pre-event

market capitalization. However, we do not havegranation for this phenomenon.
3.4.2. Stock Return Predictability across Emerging Markets

3.4.2.1. Global Samples

(Insert Table 10 here)
Analyzing the overall sample and the regional saiydes, we test the hypothesis that emerging
market stock returns after extreme one-day priemgés are predictable in the short term. If that
were the case, we should find either a signifigapdsitive or a significantly negative abnormal
return on the day after an extreme one-day priee@h. Therefore, we calculate Boehmer test
statistics to learn whether standardized residoalthe day after an extreme price change are
significantly different from zero. Our examinatistarts on the global and regional levels. Table
10 contains the results of the Boehmer tests gtbbal and regional sub-samples. Because the
global and regional samples are themselves spbt size sub-samples, Table 10 contains 4
panels. Panel A comprises the undivided sub-samplkasel B holds big companies, Panel C
holds medium companies, and Panel D holds smalpeoias. We use these panels to determine
whether our results are driven by a size effecthgznel includes three sub-samples. The first
sub-sample contains all returns on the first dégrainy event in the panel. The second and third
sub-samples consist of price jumps and price dr@spectively.
In the pooled global sample of panel A that encaspa all jumps and drops in all countries, the
average abnormal return is significantly positiféis would be empirical evidence for the
uncertain information hypothesis (UIH) by Brownadt (1988). However, the other two sub-
samples of panel A of jumps and drops paint amiffepicture. A significantly positive average
abnormal return after price jumps and a signifigam¢gative average abnormal return after price

drops are evidence of stock return drift followergreme price movements. The significance of
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the positive abnormal return in the pooled samgplihérefore attributable to the impact of the
price jumps on the panel. Similar results for parilC and D support this notion.

Gauging size effect, we see that the observedghofivs with as firm size shrinks. We observe
the strongest drift among small companies aftecepjumps. On average, the standardized
residual on the day after a price increase is G5HbBcontrast, the average standardized residual
after a small-company price drop is a mere -0.23#tich is—in absolute terms—still the
strongest drift following price drops. Although @cmnic significance is largest in the small-
company panel, statistical significance is strohgethe medium-company panel, which can be
ascribed to its large sample size. If we compagsdlresults to the results of earlier developed-
market studies by Pritamani and Singal (2001), drmand Madura (2003), and Bremer et al.
(1997), it is surprising to see that emerging-maikeestors seem to react more strongly to price
increases than to price decreases. In developeketsainvestor reactions are usually more
pronounced after price drops. Moreover, the notibdrift contrasts with the results of earlier
studies on developed markets, which document oaetican after price drops for most markets
and mixed evidence for abnormal returns after griogps. However, Otchere and Chan (2003)

have documented the same phenomenon in Hong Kong.

3.4.2.2. Regional Analysis

On the regional level, the effect is the same akenglobal sample. Whereas on first look, the
pooled samples support the UIH, the separatiomnmpp and drops shows that this effect is
caused by systematic return drift after price junipesturn drift after price drops is significant in
ASIA only. Asian stocks display significant driftroughout all sub-samples. The results for the
other regions are mixed. Medium stocks in EE andAMEBNnd small stocks in MEA, earn
abnormally positive returns after a price drop. étmnal stock returns after price drops in Latin
America are insignificant. Whereas big stocks esggnificantly positive abnormal returns after

price jumps in Latin American markets, we do noserve any effects after price drops. In EE
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and MEA, we observe a very distinct size effect.dlas big stocks do not earn positive
abnormal returns after price jumps, medium and Isstacks display significantly positive
abnormal returns. The standardized residual of Isstatks is nearly double the residual of
medium stocks in both regions. In MEA, the effexto strong that it switches signs, and big
stocks even earn abnormally negative returns.

The evidence for abnormal short-term stock retwafter price drops is mixed. We find a
significant post-event return drift in all of thesidn size sub-samples. The results in EE are
inconclusive. Medium stocks display short-term metdrift, whereas big and small stocks do not
see any significant post-event returns. MEA isahlky region where we find overreaction (albeit
one that is slightly insignificant for big compasijeLatin American stocks do not earn abnormal
returns after price drops except for small stotkshat very small sub-sample, overreaction can
be observed.

On a regional basis, we conclude that the driftatlypsis is strongly backed by the findings for
price jumps. With respect to price drops, the evigeis not clear and we do not find persistent
drift or overreaction.

The fact that reactions are weaker for large congsais consistent with earlier literature that

suggests that market anomalies are more likeletimbnd among small stocks.

3.4.2.3. Country-Level Analysis

(Insert Table 11 here)
In Asian countries, we observe significant drifteafjumps in every country but Indonesia and
the Philippines. Regarding the fact that both th@ohesian and Filipino sub-samples have a
large screening percentage of illiquid stockssinot surprising that we do not observe any
abnormal effects in those countries. With respegirice drops, the strong drift in four countries
causes the effect that we see on the regional.lél@hever, post-drop returns in the other

countries also have a tendency to be negative.abyAsian countries support our findings on
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the regional level. Much like in the regional saeyphe effects are weaker in the large-company
sub-sample.

In Eastern Europe, we find drift after price jumipshe Czech Republic and Poland. Abnormal
returns are insignificant in Hungary and Russiddlmgary, we observe overreaction after price
drops. In Russia, we find drift after price droffsive divide the pooled samples into size sub-
samples, we observe support for the drift hypothési Poland, where medium and small
companies earn positive abnormal returns afteegumps. Large firms do not earn abnormal
returns, which is in line with the notion that teiect is stronger for small and medium firms.
The only sub-sample in the Czech Republic thadngd enough for statistical inferences is that
of big companies. Here, we find positive abnornediiims after price jumps. In Hungary, our
results point towards overreaction with positive@imnal returns after price drops, whereas the
evidence in Russia is in favor of drift after pro®ps as opposed to price jumps. Taken together,
the picture of Eastern Europe is blurry. Theresigainly no pervasive evidence in favor of either
the overreaction hypothesis or the UIH. Based arresults, the hypothesis of drift after price
jumps appears to be the most reasonable of thettges.

In Latin America, we observe drift after price jusnim Brazil, Chile, and Mexico. Abnormal
returns in the other two countries are positive ibhaignificant, which might be related to the
small samples in these countries. In none of theketg are abnormal returns in either direction
significant after price drops. It is rather diffictio break the results down to the size panels
because the sub-samples for small companies assrtalbto draw valid inferences. We observe
significantly positive abnormal returns in the madisub-samples. Among the sub-samples of
big companies, only the one for Chile exhibits pesiabnormal returns. Abnormal returns in
the other countries are insignificant. Taken toggtthe Latin American countries support the

hypothesis of drift after price jumps. As in Agiaturn drift shrinks with firm size.
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In the Middle East and Africa, abnormal returnggjumps are significantly positive in all four
countries, thus supporting the drift hypothesigsTimding remains stable for all sub-samples of
medium and small companies. Large companies ordglaly positive post-event returns in
Morocco and Turkey. This is in line with the obssren that drift is weaker among big
companies. In Turkey, we also see drift after pdagps with positive returns in all but the small
company sub-samples. However, this effect cannapbéed in the other countries. Therefore,
we conclude that our results for MEA are in linghnour results for Latin America and Asia in
that we find persistent return drift after pricenjos.

To summarize our findings on stock return prediditsgb we can state that emerging-market
stocks earn positive abnormal returns on the dagesguent to a one-day price jump. In contrast
to developed-market stocks, emerging-market stdoksot exhibit systematic abnormal returns
after one-day price drops. They earn neither abathyrpositive nor negative returns. In spite of
the weak Eastern European evidence, we decidegtoige price jumps only in our explanatory
regressions because return drift after price jumspthe prevalent phenomenon in the vast

majority of our samples.
3.5. CROSS-SECTIONAL REGRESSIONS

3.5.1. Global samples

(Insert Table 12 here)
The explanatory regressions corroborate our firlofgeturn drift after price jumps. Nearly all
explanatory regressions that we run on the starmtdesiduals of our (sub-)samples vyield
significantly positive constant terms. The economignificance of drift grows as firm size
shrinks. This becomes obvious from the intercepth® size sub-samples: the small-firm sub-
sample exhibits a higher intercept than the mediubisample, which has a lower intercept than

the large sub-samples. Negative coefficients ohtheket value variables are also evidence of a
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size effect within the sub-samples. Moreover, ttirience of the market value variable shrinks
if we move from small to large firms. In the glols@mple, the LMV coefficient for small firms
is nearly three times as large as that for langedi The extent of the abnormal event return has
no influence on the extent of drift. That meang threns with higher jumps do not earn larger
abnormal returns on the subsequent day. A negateéicient of AIREST suggests that the
more liquid the stock, the stronger the abnormiairne The liquidity effect that can be observed
in the pooled sample is driven by the significamtigative coefficient in the sub-sample of small
companies. There is no liquidity effect in the mediand large company sub-samples.
Medium-term return momentum also plays a role ipl&wing short-term return drift. With
respect to small companies, there is a positiveetairon between medium-term return and short-
term abnormal return. For medium and big companieseffect is negative. That means that
investors tend to realize short-term gains aftécepjumps of big companies, with a higher
probability if the stock’s performance has beendydoring the 6 months before the event. If the
stock price of a small company jumps, investorsrseeinterpret this as a buy sign, sparking
short-term abnormal returns after the event. Weothgsize that this is related to media and
analyst coverage, which is usually more extensorebig firms. Information about a good
performance is well known among market participaifita firm is larger. Prompted by
cautiousness, investors would rather realize thfits instead of speculating on even higher
future gains.

Day-of-the-week effects have the potential to naitegshort-term drift effects, at least for events
that take place on a Monday. Short-term abnorntatme of medium and small companies are
nearly 15% and 19% smaller if the event occurs bfoaday. Conversely, Friday events lead to

returns that are up to 44% higher than those oeratlys of the week.
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3.5.2. Regional Analysis

3.5.2.1. Pooled Samples

The regional comparison of the explanatory regoessoffers further evidence for the inferences
of the univariate analysis and the explanatoryaggons of the global sample. All of the regional
regressions except for the one in Latin Americddye significantly positive intercept. The
intercept of the Latin American regression is attmse to being significant. These positive
constant terms are supportive evidence of the trit we observed earlier in the univariate
analysis. Significantly negative coefficients of MM-again with the exception of Latin
America—offer corroborative evidence for the hymsiis that market value and the extent of
drift are inversely related. This is consistentvatr earlier finding that medium and small stocks
tend to have higher returns after a large priceeee. Whereas in EE, the extent of the preceding
price increase and the extent of drift are invegrselated, there is no such relationship in ASIA,
EE or LATAM.

The influence of liquidity differs from region tegion. In the pooled sub-samples, significantly
negative coefficients of estimation period AIRs bamwobserved in all regions with the exception
of MEA. This suggests a positive relationship bemwéquidity and post-event return because
the illiquidity ratio is smaller for more liquid @tks. In Asia, the negative coefficients are
significant across all size sub-samples. In Eadteinope and MEA, the coefficient is significant
only in the sub-sample of small companies.

The positive significance of the book-to-marketa#t the pooled Asian sample is subsistent in
the sub-samples of large and medium firms butmthe sub-sample of small firms.

We find a negative influence of medium-term stoeturn momentum for large and medium
Asian firms. The influence on small Asian firmssignificantly positive. That suggests that

investors in Asia tend to realize price gains afteents of bigger companies rather than after

60



price gains of small companies. In MEA, the infloens significant in the sub-sample of big
companies only. As in Asia, it is negative.

In Asia, a significantly positive Friday effect cdre observed in all size sub-samples. A
significantly negative Monday effect can be obsdrirethe sub-samples of medium and small

companies.

3.5.2.2. Size Sub-Samples

The findings in the pooled regional samples arsipemt if we further split the regional samples
into sub-samples of large, medium and small congzani

We find significant return drift in ASIA for largeompanies. As in the pooled sample, return
drift shrinks with increasing company size. AIRESdqok-to-market-ratio, and midterm
momentum also have a significant influence on pestt returns in Asia. A positive Friday
effect can also be found.

Regressions in the medium company sub-samples guppadrift hypothesis most strongly of
all size sub-samples. Constant terms are significgositive across all regions but Latin
America. The economic significance of the drifures is highest in EE, followed by MEA and
ASIA. The highest statistical significance is desd by Asian stocks, which is not surprising
considering the huge sample size. Market valuelasa negative influence on short-term post-
event return in all regions. Like in the large ca@myp sub-sample, liquidity and mid-term
momentum have a negative influence on drift retunn8SIA. The effect of AIREST is also
significant in LATAM.

With respect to small companies, the explanatogyessions support the drift hypothesis in
ASIA and EE. In both regions, the influence of AIREis negative. Much like in the other size
sub-samples, company size has a negative influemg®st-event return drift. This influence is
very significant in ASIA and close to significamt EE. The MEA sub-sample does not exhibit

significant drift, and the LATAM sample is too st derive any reliable inferences. In EE,
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the negative influence of abnormal event returmedarn drift is significant. An interesting side
note is the positive mid-term momentum coefficiémt small Asian stocks, which has the
opposite sign from big and medium companies. Tiggests that an event is more of a buy sign
than a sell sign for small stocks that performed dgring the preceding 6-month period.

It is interesting to note that in January, smalladssstocks exhibit stronger drift than in other
months, whereas the coefficients for medium angelatocks are nowhere near significant for
the January dummy.

In all, the regional analysis reinforces the firgdin the global sample that emerging-market
stocks earn significantly positive returns on trey dubsequent to a large price increase.
Furthermore, the notion that company size has aativeg influence on return drift is

strengthened.
3.5.3. Country-Level Analysis

3.5.3.1. Pooled Samples

(Insert Table 13 here)
Of the Asian countries, China, India, South Koraa¢ Taiwan display drift. In Indonesia,
Malaysia, the Philippines and Thailand, signifitamositive constant terms cannot be found.
There exists a very strong positive relationshiggveen event return and standardized post-event
residual in China, South Korea, and Taiwan. Thaimsehat higher price increases spark a larger
return drift in these countries if we look at thaofed samples.
Although we see a drift effect in the pooled subyske from the MEA region, we cannot detect
post-event return drift in the pooled country samgples from the MEA region.
The country-wise regressions in Eastern Europe dihavthe positive constant term in the
pooled regional sample is heavily influenced byRioéish stocks, which account for more than

50% of the regional sample and have a significgmilsitive constant. The residuals in the other
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Eastern European countries are insignificant. Gamgig that we find significant return drift in
2 out of 5 Latin American countries (Brazil, Chiknd nearly significant constant terms in two
others (Mexico, Peru), it is somewhat surprisingf tihhe positive constant term in the regional

sample is insignificant.

3.5.3.2. Size Sub-Samples

In ASIA, post-event returns drift after price inases in 4 out of 8 large-company country
samples. In India, Indonesia, and Malaysia, thdfictents are also close to being significantly
positive. In EE, only Poland offers evidence fog thrift hypothesis in the large-company sub-
sample. The coefficient is also close to significemthe Czech Republic. Of the large Latin
American stocks, only Mexican stocks show post-eveturn drift. Positive constant terms in
Chile and Peru are insignificant. Large stocksaantries in the MEA region do not show any
signs of post-event return drift, which is surprgsdue to the drift in the pooled sample of large
regional firms. The exception is the Egyptian mariich shows significant drift. We believe
that the lack of significance is related to the kis@mple sizes across MEA countries. In nearly
all countries with post-event return drift, marketue has a negative influence on the extent of
that drift. In contrast to the pooled samples,itliify has no influence on the reaction to price
shocks.

In ASIA, 3 out of 8 countries (China, South Kor@ajwan) display positive abnormal returns
after sharp price increases. In two of these casttMV has a negative influence on the extent
of the drift. This is not surprising because thedmm company sub-sample comprises the 5
middle deciles of the market-value distribution.eféfore, the market-value difference within
the sub-sample is much larger than in the larget small-firm sub-samples. In India and
Indonesia, intercepts are positive but slightlygngicant. The influence of market value is also
negative in those two countries. The only Eastemmofean country with a significantly positive

constant is Poland. The Hungarian constant is pisitive, but insignificant. The Russian
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constant is negative and insignificant. On theaedli level, the combined occurrences of post-
event return drift in Poland and Hungary are appéyrestrong enough to mitigate the influence
of the negative Russian coefficient. Among mediupmpanies in LATAM, only Brazilian
companies earn positive abnormal returns afterngtrprice increases. The Chilean and
Colombian samples are too small to perform regoassiand the Peruvian sample is very small.
In MEA, we see positive abnormal returns in Egiddrocco and South Africa do not display
abnormal returns. Turkey is the only country withnegative constant term, suggesting
overreaction instead of return drift at the coumemel.

At the country level, many small company sub-sample too small to perform the explanatory
regressions. The biggest regional sub-sample ol $imas is the one in ASIA. There, we have
6 countries that are large enough to make assentegarding return drift. In Indonesia and the
Philippines, we cannot observe enough events araoral companies to run the explanatory
regressions. Four out of the 6 countries with sidfitly large sub-samples display constant terms
that are significantly positive. In all but onetbbse countries, the influence of market value is
negative. From the Eastern European markets, belyblish market is large enough to form a
sub-sample of sufficient size. Post-event retuift itrthat country is significant. Where market
value has no influence on post-event return drié,find a negative influence of the abnormal
event return. None of the Latin American sub-sasdelarge enough to run the explanatory
regressions. Of the two MEA markets with sufficlgriarge sub-samples, only the Egyptian
market shows signs of drift. Market value influemp®st-event returns negatively.

Taken together, the country-level analysis isme hith the findings on the regional and global
levels. Following extreme price increases, theshat-term stock-return drift in most emerging
markets. The drift becomes weaker when we move fimaill to large firms. The other variables

only have selective influence on short-term posréveturns.
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3.6. ROBUSTNESS

To ensure that we address the skepticism of CoxPatdrson (1994) regarding stock return
predictability, we also performed every explanatoggression including average estimation
period spread as an explanatory variable. Thetlf@attthe variable has no significant influence
on the occurrence and extent of drift contraditts hypothesis that bid-ask spread is a
determinant for stock return predictability. Otmebustness tests, such as running regressions
with variables in local currencies and not usingged samples, also do not alter our results.
Although not reported in our tables, our resultsdohon the Corrado-Zivney-test are the same

as the ones obtained with the Boehmer methodology.

3.7. CONCLUSIONS

Analyzing short-term stock return predictabilitteafextreme one-day price movements in 21
emerging markets, we find strong evidence of pwetiestock return drift after price jumps. In
contrast to existing evidence for developed markeéscannot detect any pervasive short-term
overreaction. Instead, we find significant shortitg@ost-event stock return drift after price drops
in Asia. Considering that in developed marketsreeeetion to price decreases is usually more
economically and statistically pronounced than réeection to price increases, this result was
unexpected.

Post-event return drift is widespread in all gepbria regions and across all size sub-samples.
We find that in the pooled samples and within thie-samples, stock return drift shrinks with
firm size. This is completely in line with the @arlliterature. The post-event return drift that we
find is not influenced by the extent of the preogdprice increase. Other variables, such as
liquidity, book-to-market-ratio, mid-term momentuemd trading volume exert no consistent
influence on post-event return drift. Month-of-thear and day-of-the-week effects are also not

persistent in explaining short-term, post-eveninedrift.
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Table 8: Country sample sizes

Table 8 contains screening statistics per coulithy.used the following screens to filter flawed data illiquid stocks. Nrepresents the unscreened sample sizeggptesents the
sample size after exclusion of all events with bsodute event return (ER) of more than 50%&presents the sample size after excluding atkstwith more than 20 zero AR
during the 250 days before the event windowréypresents the sample size after excluding atkstwith more than 1 zero AlRduring the 20 days after the event, and@presents
the sample size after excluding all stocks witlPAHREST > 0.01. The screening percentage gives énegmtage of events that are included in the 8aafple. The sample is split
into jumps (N) and drops (N and the average event return is given for eachgr

Jumps Drops
Country g?je N1 N2 Ns Ny Ns Ifec:fjr?t'gge Ne Avg. ER N7 Avg. ER
Brazil BRA 7,942 7,767 3,562 2,478 2,478 31% 1,412 11.86% 1,066 -10.78%
Chile CHL 4,654 4,631 1,387 643 641 14% 382 6.54% 259 -6.21%
China CHN 57,809 57,476 19,465 16,377 16,377 28% 9,512 10.45% 6,865 -9.52%
Colombia COL 1,049 1,044 351 265 265 25% 123 10.24% 142 -8.34%
Czech Republic CZE 1,540 1536 342 323 323 21% 153 9.19% 170 -9.09%
Egypt EGY 1,977 1961 1,155 1,100 1,100 56% 658 10.49% 442 -10.43%
Hungary HUN 1,955 1,932 897 624 624 32% 345 10.75% 279 -10.40%
India IND 38,750 38,412 24,815 23,645 23,645 61% 16,266 12.90% 7,379 -11.49%
Indonesia IDN 9,235 9,020 1,874 348 348 4% 192 14.70% 156 -11.97%
Malaysia MYS 43795 43,055 19,146 7,186 7,186 16% 4,498 16.07% 2,688 -13.85%
Mexico MEX 5112 5085 2295 2,021 2,021 40% 1,109 9.48% 912 -8.96%
Morocco MAR 1,192 1,190 268 145 145 12% 77 5.72% 68 -5.70%
Peru PER 2,720 2,682 408 325 325 12% 158 9.90% 167 -9.13%
Philippines PHL 5842 5803 1,661 279 279 5% 171 17.11% 108 -13.80%
Poland POL 8308 8191 5390 2,751 2745 33% 1,729 13.76% 1,016 -11.48%
Russia RUS 3070 2991 1,753 1612 1,607 52% 716 12.33% 891 -11.73%
South Africa ZAF 15586 14,910 7,064 2,950 2,950 %19 1,548 10.44% 1,402 9.68%
South Korea KOR 51,630 51,396 42,635 31,343 31,343 61% 20,126 13.14% 11,217 -12.43%
Taiwan TWN 28,446 28,407 24,385 13,262 13,262 47% 8,707 7.52% 4,555 -7.29%
Thailand THA 22,152 22,034 9,052 3525 3,525 16% 2,149 13.26% 1,376 -11.45%
Turkey TUR 11,378 11,336 10,332 3,658 3,403 30% 2,070 13.49% 1,333 -12.22%
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Table 9: Descriptive Statistics
Table 9 contains descriptive statistics of the damfocks: the log market value of equity in USDlionis ten days before the event (LMVUS), the lapk-to-market ratio ten days
before the event (BTM), the estimation period AFRUSD (AIREST), the stock return for the previouménths (MOM), the average estimation period tuemam USD (TOEST),

and the average event day turnover in USD (Fndicates the sample size of the sample from whictrage BTM has been calculated. The differenteample sizes are the result
of missing data related to book values.

Panel A: Jumps

Country n LMVUS BTM fl AIREST MOM TOEST TO
Brazil 1,412 6.742144 6.172148 1,324 42.85231 #8621 1,697,140 11,169,470
Chile 382 19.99571 -0.4741891 371 81.42992 0.03284743,016,300 14,084,550
China 9,512 5.253612 -0.662603 7,453 5.891481 a2 4,876.061 2,615.5
Colombia 123 6.381629 0.209838 112 0.0046955 02677 1,735.76 17
Czech Republic 153 7.234898 -0.156849 134 0.3585247 0.011109 11631 56.4
Egypt 658 5.35229 -0.4931973 587 17.10335 0.2165888,626.243 273
Hungary 345 5.501726 -0.1815494 313 0.0086646  0BEIB  5,362.784 4.12
India 16,266 4.591677 -0.4456648 13,577 4.320705 13421835 746.2043 26.7
Indonesia 192 6.445966 -0.7060691 183 9.81E-06 85880 2,586.734 7.66
Malaysia 4,498 4.336495 -0.0349163 3,600 130.96360.1205169 693.0581 1,733.4
Mexico 1,109 7.252936 -0.3899809 1,002 2.04033 32036 5,708.102 838.3
Morocco 77 7.416358 -0.9452405 64 1.375996 0.08P4252,180.029 15.7
Peru 158 5.958266 -0.6193053 150 49.70827 0.111209@142.374 591.1
Philippines 171 5.081534 0.1500925 162 1.415763 1740044  1,127.559 570.9
Poland 1,729 4.11346 -0.5125026 1,527 171.451 093  884.5257 401.3
Russia 716 7.667812 -0.1573735 659 22.79611 -08%H3 25,380.94 2821
South Africa 1,548 6.814018 -0.5945246 1,406 126838 -0.0123064 6,383.968  799.3
South Korea 20,126 4.090086 0.2758867 18,381 044 0.0700936 3,089.097 1.47
Taiwan 8,707 4.905866 -0.1804707 8,064 0.3159125 0765996 2,683.799 364.9
Thailand 2,149 4.7768 -0.1396829 2,007 1.385198 45881 1,188.679 1,732
Turkey 2,070 4.416599 -0.2143512 1,691 547.5131 139205 2,636.266  7,298.7
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Panel B: Drops

Country n LMVUS BTM fl AIREST MOM TOEST TO
Brazil 1,066 6.995083 6.080361 1,014 28.01922 €6008 2,315,025 16,023,410
Chile 259 20.35783 -0.6042188 257 52.35843 0.08202989,218,800 6,352,429
China 6,865 5.445644 -0.8849058 5,537 4.348273 30238 5,402.067 1,649.1
Colombia 142 6.873967 0.0626876 131 0.0029645 62135  1,934.343 7.59
Czech Republic 170 7.463677 -0.3487465 143 0.2816956  0.0812266 000479 55
Egypt 442 5.983252 -0.7090217 387 13.72474 0.1999123,183.049 148.9
Hungary 279 6.011905 -0.468348 254 0.0059046 -@042  7,709.193 3.53
India 7,379 5.430948 -0.7403436 6,677 1.654939 21382 1,346.886 16.7
Indonesia 156 6.945304 -0.8949132 152 5.05E-06 43404 3,288.094 5.43
Malaysia 2,688 4.657564 -0.2646977 2,118 87.129560.1497208 956.4049 1,124.6
Mexico 912 7.364693 -0.4715279 827 0.9349465 0.0@26 6,193.918 816
Morocco 68 7.480977 -1.107174 59 1.100184 0.0179902,414.309 14
Peru 167 6.22058 -0.7673675 159 44.24217 0.051050498.6439 205.8
Philippines 108 5.962236 -0.3799563 106 0.3025020.0277749  1,739.493 413.3
Poland 1,016 4.589438 -0.6114163 891 156.6403 86816 1,425.5 259.6
Russia 891 7.785127 -0.242383 775 42.3423 -0.1566028,012.95 2,644.2
South Africa 1,402 6.942847 -0.757728 1,275 11.8416 0.070902 5,768.41 616
South Korea 11,217 4.426937 0.0672465 9,884 0.aBD29 0.0708834 4,200.376 0.988
Taiwan 4,555 5.293107 -0.3845378 4,170 0.2902939 1390895 4,561.147 236.8
Thailand 1,376 5.261933 -0.3734117 1,257 1.041118 .0013323 1,594.733 1,052.1
Turkey 1,333 4.789518 -0.4341375 1,083 481.2531 433853 3,131.756 4,439.9
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Table 10: Post-event day abnormal returns by region

Standardized return residuals on the day afteixtrerae one-day stock price movement by region. rEseluals are grouped by size panels. Panel A ladlda®mpanies, Panel B
holds large companies, Panel C holds medium corapamd Panel D holds small companies. Each panslsts of 15 sub-samples. Panel A is the poolegkawhich holds
residuals for all companies. For each sub-samipéeaverage standardized return residual (POOLEMRE DROPS), the Boehmer test-statistic (TS) ardsttimple size (N) are

given.

Panel A: All Companies

Panel B: Large Companies

GLOBAL ASIA EE LATAM MEA GLOBAL ASIA EE LATAM MEA
POOLED 0.1610 0.1638 0.0544 0.1056 0.2757 0.0650 .0510 0.0433 0.0528 0.3858
TS (19.12)***  (22.09)*** (1.45) (3.40)*+*  (3.23)*** (3.34)x+*  (3.78)*** (0.86) (1.50) (1.31)
N 114,349 93,148 5,039 5,532 7,091 36,364 2,6231 979 3,823 1,964
JUMPS 0.3598 0.3892 0.1491 0.1794 0.1548 0.1721 2166. -0.0123 0.0917 -0.1634
TS (43.55)***  (43.43)**  (3.46)*** (4.63)**  (4.22)*** (12.21)**  (13.19)*** (0.19) (217 (2.66)***
N 71,656 59,733 2,834 3,047 4,187 20,953 15,595 0081, 2,098 1,022
DROPS -0.1725 -0.2390 -0.0672 0.0151 0.4501 -®080 -0.1899 0.1010 0.0054 0.9816
TS (9.76)***  (18.70)*** (1.03) (0.30) (2.23)** (193)* (8.09)*** (1.29) (0.09) (1.61)
N 42,693 33,415 2,205 2,485 2,904 15,411 10,636 197 1,725 942

Panel C: Medium Companies Panel D: Small Companie

GLOBAL ASIA EE LATAM MEA GLOBAL ASIA EE LATAM MEA
POOLED 0.1713 0.1761 0.0008 0.2234 0.1889 0.2952 .2862 0.2556 0.2306 0.3482
TS (17.62)***  (17.13)*** (0.01) (3.48)***  (4.67)*** (18.05)***  (16.78)***  (2.59)*** (0.91) (4.56)**
N 56,257 4,7667 2,330 1,625 3,690 21,728 19,250 0 73 84 1,437
JUMPS 0.3925 0.4060 0.1980 0.4140 0.1962 0.5465 5546. 0.3470 -0.3571 0.3997
TS (33.51)* (32.68)** (3.13)*** (4.91)** (4.06)*** (27.73)***  (27.19)***  (2.86)*** (1.13) (4.24)***
N 35,956 31,028 1,334 899 2,212 14,747 13,110 492 50 953
DROPS -0.2206 -0.2526 -0.2632 -0.0125 0.1780 8523 -0.2871 0.0668 1.0949 0.2466
TS (13.11)***  (14.27)**  (2.27)** (0.13) (2.52)** (8.33)***  (9.67)*** (0.40) (2.87)***  (1.90)*
N 20,301 16,639 996 726 1,478 6,981 6,140 238 34 84 4
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Table 11: Post-event day abnormal returns by countr
Standardized return residuals (SR) on the day aft&xtreme one-day stock price movement by coumtry residuals are grouped by size panels. Pahelds all companies, Panel
B holds large companies, Panel C holds medium caiepand Panel D holds small companies. Each gamsists of 12 sub-samples. Panel A is the podetpke, which holds

residuals for all companies. For each sub-samipdeaterage standardized return residual (SR1Bdedmer test-statistic (TS) and the sample sizea(B)given.

Panel A: All companies

POOLED
TS
N

JUMPS
TS
N

DROPS

TS
N

POOLED

CHN IND IDN MYS PHL KOR TWN THA CZE HUN POL RUS
0.145 0.178 -0.024 0.047 0.074 0.169 0.278 0.059 0.164 0.208 0.182 -0.265
9.02*%** 12.57%* 0.16 1.33 0.46 13.03*** 14.23* 1.33 1.18 1.94* 3.81%+* 3.36%**
16,021 22,817 333 6,840 265 30,504 12,957 3,411 312 607 2,676 1,453
0.328 0.246 0.042 0.115 0.226 0.463 0.746 970.1 0.486 -0.051 0.240 -0.061
16.18*** 14.95% 0.22 2.80%* 1.10 28.96*+* 3174%* 3.70%* 2.94%* 0.43 4.42%* 0.61
9,301 15,684 180 4,254 162 19,561 8,512 2,079 9 14 335 1,686 669
-0.107 0.027 -0.102 -0.064 -0.164 -0.357 10.6 -0.459 -0.130 0.527 0.084 -0.440
4.11%* 0.99 0.42 0.98 0.62 16.88** 20.07** 1%+ 0.60 2,77 0.94 3.69%*
6,720 7,133 153 2,586 103 10,943 4,445 1,332
BRA CHL CoL MEX PER EGY MAR ZAF TUR
0.090 0.181 0.158 0.091 0.101 0.975 0.327  0.025 0.239
2,12 2,22 1.04 1.56 0.70 1.79* 1.64 0.61 5.85%**
2,407 635 237 1,939 316 1,062 133 2,866 3,593
0.105 0.277 0.317 0.208 0.259 0.490 0.759  0.108 0.557
1.88* 2.56** 1.45 3.17%* 117 3410 2.96™ 2.15* 10.32%*
1,346 378 105 1,065 155 627 72 1,512 2,208
0.072 0.039 0.031 -0.051 -0.052 1.675 810.1 -0.067 -0.268
1.09 0.32 0.15 0.50 0.28 1.27 0.60 0.98 452
1,061 257 132 874 161 435 61 1,354 1,385
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Panel B: Large companies

POOLED

CHN IND IDN MYS PHL KOR TWN THA CZE HUN POL RUS
0.051 0.098 -0.005 0.000 -0.066 0.086 0.078 -0.231 0.126 0.079 0.132 -0.081
1.69* 3.84%* 0.03 0.00 0.32 3.52%%* 2.12* 4.06* 0.89 0.67 1.70* 0.89
5,028 6,997 294 1,948 155 6,807 3,224 1,778 294 320 626 739
0.253 0.148 0.050 0.004 -0.027 0.247 0.531 .0080 0.419 -0.159 -0.079 -0.046
7.05%** 4.68*** 0.25 0.05 0.10 8.33%** 11.44%* 0.12 2.52** 1.12 0.83 0.36
2,895 4,328 154 1,145 83 4,130 1,848 1,012 137 64 1 343 364
-0.223 0.018 -0.065 -0.005 -0.110 -0.163 3D.5 -0.524 -0.130 0.330 0.389 -0.115
4.36*** 0.41 0.25 0.04 0.37 3.93%* 9.77%* 5.41* 0.59 1.74* 3.08*** 0.87

2,133 2,669 140 803 72 2,677 1,376 766 157 156 83 2 375

BRA CHL COL MEX PER EGY MAR ZAF TUR

0.002 0.190 0.156 0.032 0.072 2.596 0.174 -0.0152 0.1113

0.04 2.32% 0.80 0.45 0.43 1.06 0.62 -0.35 181.

1,602 633 147 1,203 238 232 69 2,284 709

-0.011 0.293 0.478 0.084 0.058 -0.408 10.59 0.0260 0.3959

0.20 2.70%* 1.64 1.12 0.21 1.37 1.72 0.49 .0B*

883 376 62 662 115 118 39 1,176 397

0.018 0.039 -0.080 -0.031 0.085 5.704 69.3 -0.0590 -0.2508

0.23 0.32 0.31 0.24 0.42 1.14 0.81 0.82 1.82*

719 257 85 541 123 114 30 1,108 312
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Panel C: Medium companies

POOLED

CHN IND IDN MYS PHL KOR TWN THA CZE HUN POL RUS
0.169 0.168 -0.173 0.161 0.339 0.142 0.288 122 0.569 0.335 0.178 -0.483
7.55%** 8.56*** 0.44 3.27%* 1.18 8.00*** 10.89** 1.63 0.78 1.77* 2.50** 3.67%*
7,783 11,804 39 3,231 102 16,033 7,255 1,420 15 276 1,341 698
0.334 0.230 -0.011 0.192 0.587 0.455 0.764 4030. 0.645 -0.039 0.327 -0.061
11.50%** 10.31*** 0.02 3.30%** 1.85* 20.76*** 2433%** 4.61%* 0.80 0.21 4.52%%* 0.38
4,482 8,268 26 2,156 74 10,258 4,852 912 10 163 863 298
-0.054 0.024 -0.497 0.097 -0.317 -0.414 .67 -0.381 0.419 0.874 -0.092 -0.798
1.53 0.60 0.95 1.08 0.51 14.32%* 15.93*** 2.80* 0.25 2.35% 0.61 4.07***
3,301 3,536 13 1,075 28 5,775 2,403 508 5 113 8 47 400
BRA CHL COL MEX PER EGY MAR ZAF TUR
0.271 -2.639 0.041 0.193 0.191 0.257 9.64 0.139 0.188
2.98%* 38.94** 0.14 1.91* 0.70 1.85* 2.08** 1.27 3.31%x*
761 2 60 727 77 480 56 557 1,850
0.372 -2.639 0.360 0.420 0.837 0.371 1.033 0.349 0.560
2.90%* 38.94** 0.95 3.44%x 2.64** 1.92* 2.8% 2.76%%* 7.39%*
433 2 26 400 40 281 30 320 1,112
0.136 -0.203 -0.086 -0.506 0.095 0.205 14@® -0.373
1.09 0.49 0.52 1.18 0.49 0.44 0.76 4.64***
328 34 327 37 199 26 237 738
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Panel D: Small companies

POOLED

CHN IND IDN MYS PHL KOR TWN THA CZE HUN POL RUS
0.235 0.343 No obs. -0.119 -0.592 0.297 ®.51 0.161 1.878 0.790 0.236 0.700
6.56*** 10.30*** 1.64 1.57 10.53*** 11.01%* 086 0.76 0.82 2.39* 0.84
3,210 4,016 1,661 8 7,664 2,478 213 3 11 709 16
0.426 0.427 0.071 -0.932 0.649 0.917 0.322 4.292 1.928 0.312 -0.842
9.30%** 11.22%** 0.80 1.68 18.88*** 17.22%%* 147 4.56 1.83 2.58** 0.57
1,924 3,088 953 5 5,173 1,812 155 2 8 480 7
-0.050 0.064 -0.376 -0.026 -0.433 -0.595 270. -2.247 0.076 1.900
0.89 0.94 3.13%* 0.13 9.38*** 7.50%** 0.77 .82** 0.44 2.37%
1,286 928 708 3 2,491 666 58 3 229 9
BRA CHL COL MEX PER EGY MAR ZAF TUR
0.202 No obs. 0.401 -0.168 No obs. 0.887  -0.597 1.197 0.424
0.58 0.88 0.25 4.11%** 1.04 1.62 5.58***
44 30 9 350 8 25 1011
-0.335 -0.335 -0.705 1.102 0.184 1.270 .66D
0.84 0.55 1.08 4.08*** 0.15 1.44 6.73**
30 17 3 228 3 16 680
1.354 1.364 1.364 0.101 0.487 -1.066 61.06 -0.063
2.24* 2.22* 2.22* 0.10 1.36 1.81 0.77 g.5
14 13 13 6 122 5 9 331
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Table 12: Explanatory regressions by region

Explanatory regressions on standardized post-egann residuals of price jumps, using standardeesht-day residuals (SR0), log market value oftgdguUSD millions (LMVUS),
log book-to-market ratio 10 days before the ev&iiM), average estimation period, Amihud (2002)qiliidity ratio in USD (AIREST), stock return of thmgevious six months
(MOM), average daily estimation period turnoveitd8D millions (TOEST), event-day turnover in USD linihs (TO) and dummy variables for Mondays (MON)idays (FRI),

January (JAN) and December (DEC). Robust t-statistre shown below the coefficient estimates. ¥*** indicate significance on the 1%-, 5%-, and%@evels, respectively.
Panel A: Global

N SRO LMVUS BTM AIREST MOM TOEST TO MON FRI JAN DE Const.
All 62,363 -0.00289 -0.0849 0.0121 -0.159 -0.0487  .000873 0.00310 -0.113 0.289 0.0353 0.00234 0.767
0.31 17.99 *** 1.89 3.46 *** 3.18 ** 7.44 *** 0.6 5.51 *** 11.61 *** 111 0.07 16.66 ***
Big 19,476 -0.0263 -0.0480 -0.00249 0.123 -0.0929  .00@539 0.00133 0.000370 0.131 -0.0274 -0.00710 860.5
1.62 5.68 *** 0.32 0.99 3.82 *** 4.40 ** 0.30 01 3.22* 0.54 0.13 6.59 ***
Medium 31,273 0.00841 -0.101 0.0191 -0.0793 -0.0654 -0.795 0.459 -0.149 0.330 -0.00714 0.0327 0.798
0.66 7.39 ¥+ 1.57 1.24 2.85* 0.53 0.19 5.164* 9.23 *+* 0.16 0.68 9.68 ***
Small 11,614 0.0165 -0.141 0.00259 -0.369 0.140 104L. -2.454 -0.191 0.447 0.229 -0.0396 0.880
0.65 5.78 *** 0.12 5.54 *** 2.98 ** 1.33 2.81* 3.69 *** 7.11 % 2.67 ** 0.50 7.03 ***
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Panel B: Regional

N SRO LMVUS BTM AIREST MOM TOEST TO MON FRI JAN DE Const.
Asia 51,778 -0.00172 -0.0864 0.0371 -0.572 -0.0304 0.545 -4.735 -0.134 0.408 0.0273 -0.0172 0.778
0.18 12.13 *#** 3.39 ¥+ 4.73 % 1.78 0.85 2.19* 6.09 *** 14.86 *** 0.79 0.47 15.52 ***
EE 2,535 -0.0740 -0.113 0.0535 -0.477 0.0110 -0.596 -12.54 -0.127 0.294 0.233 -0.192 1.085
2.87 * 4.91 ¥+ 1.00 243 * 0.20 0.52 0.99 1.09 2.33* 1.50 1.13 5.98 ***
LATAM 2,840 -0.000492 -0.0176 -0.0228 -0.660 -0.158 0.000233 -0.000216 0.125 -0.0529 -0.306 0.291 2.39
0.01 1.43 1.92 214~ 1.86 1.74 0.05 1.16 0.46 402. 1.16 1.74
MEA 3,837 0.0600 -0.0688 0.0254 -0.0121 -0.0604 906. 0.548 0.0782 -0.506 0.267 0.122 0.513
1.41 2.43* 0.51 0.24 1.07 2.06 * 0.43 0.75 5.13 *** 1.81 1.07 2.16*
N SRO LMVUS BTM AIREST MOM TOEST TO MON FRI JAN DE Const.
Asia 14,443 -0.0254 -0.0586 0.0522 -3.834 -0.0703 0.523 -3.522 -0.0112 0.285 0.00116 -0.0566 0.706
1.57 3.56 *** 2.56 * 3.92 *** 2.52* 0.76 1.44 P8 5.89 *** 0.02 0.86 5.64 ***
EE 958 -0.0786 -0.0334 0.0899 2.656 0.0666 -1.460 .6270 -0.142 0.290 0.0335 0.0229 0.517
2.09* 0.69 0.98 0.88 0.51 1.21 0.08 0.81 1.57 180. 0.09 1.26
LATAM 1,998 -0.0554 0.0133 -0.0155 -0.850 -0.0400 .00D0483 -0.000754 0.0806 -0.138 -0.311 0.155 0.229
0.77 0.89 1.16 1.74 0.32 0.34 0.18 0.76 111 2.04 0.74 0.97
MEA 986 0.0633 -0.0913 0.0925 0.158 -0.107 -3.608 0.680 0.150 -0.705 0.0577 0.309 0.721
0.73 1.12 1.02 1.12 1.18 0.89 0.48 0.79 .31 4 0.17 1.64 1.13
N SRO LMVUS BTM AIREST MOM TOEST TO MON FRI JAN DE Const.
Asia 26,997 0.0101 -0.0720 0.0451 -0.563 -0.0596 .9540 -1.653 -0.174 0.453 -0.0388 -0.0178 0.677
0.77 4.19 2.75* 2.83 % 2.33* 0.16 0.35 By *** 11.84 *** 0.82 0.35 7.51 ***
EE 1,171 -0.0439 -0.154 0.00118 -0.271 -0.00666 756. -45.77 -0.205 -0.0359 0.183 0.167 1.145
0.97 2.85** 0.02 1.33 0.09 1.07 4.56 *** 1.16 20. 0.87 0.58 3.68 ***
LATAM 809 0.113 -0.271 -0.0363 -1.500 -0.186 -1.974 3.303 0.308 -0.00898 -0.264 0.593 1.602
0.95 2.28* 1.35 2.56 * 1.46 0.87 0.87 1.14 0.04 1.08 0.92 1.76
MEA 2,030 0.00651 -0.0784 0.0685 0.0990 -0.0275 .49 1.647 0.230 -0.516 0.371 0.230 0.708
0.14 1.32 1.01 1.30 0.29 0.56 0.51 1.57 .68 3 1.94 1.40 1.95
N SRO LMVUS BTM AIREST MOM TOEST TO MON FRI JAN DE Const.
Asia 10,338 0.0101 -0.159 -0.00572 -0.582 0.187 .6812 -19.52 -0.191 0.464 0.206 0.0445 0.983
0.40 6.09 *** 0.25 3.89 *+* 3.47 ** 2.34* 1.30 3.58 ¥+ 7.09 *+* 2.31* 0.52 7.76 ***
EE 406 -0.136 -0.356 0.174 -0.649 -0.0119 -115.6 2.32 0.0138 1.441 0.746 -0.992 1.905
2.18* 1.59 1.24 3.27* 0.09 0.20 1.39 0.04 386 1.29 3.11* 2.79*
MEA 821 0.174 0.181 -0.180 -0.146 -0.295 -250.9 .887 -0.273 -0.180 0.213 -0.400 -0.370
1.42 1.50 1.47 1.98* 1.58 1.28 0.72 1.10 0.73 0.74 1.48 0.63
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Table 13: Explanatory Regressions by Country

Explanatory regressions on standardized post-egamn residuals of price jumps, using standardeesht-day residual (SR0), log market value of ggniUSD millions (LMVUS),
log book-to-market ratio 10 days before the evBiit\), average estimation period Amihud (2002) rgfdREST), the stock return of the previous six nien(MOM), average daily
estimation period turnover in USD millions (TOESE)ent-day turnover in USD millions (TO) and dumwgriables for Mondays (MON), Fridays (FRI), Janu&haN) and
December (DEC). Robust t-statistics are shown béh@acoefficient estimates. *, **, *** indicate giificance on the 1%-, 5%-, and 10%-levels, respebti

Panel A — All Companies:

Country N SRO LMVUS BTM AIREST MOM TOEST TO MON FRI JAN DEC Intercept
CHN 7,267 0.0355 -0.110 -0.0524 -0.278 0.104 -0.103 -3.880 -0.225 0.428 0.191 -0.115 0.729
1.24 4.93 *** 1.84 0.48 2.37* 0.12 1.18 4.05 *** 6.81 *** 1.97* 0.55 4.67 ***
IND 13,091 0.0354 -0.0580 0.0546 1.739 -0.0620 .62 364.7 -0.0283 0.438 -0.275 0.126 0.302
1.98 * 4.23 *** 2.49* 0.83 1.66 1.03 1.23 0.67 .98 *x* 3.96 *** 1.96 * 3.01 =
INA 173 -0.217 -0.219 -0.0818 -9279927.7 0.369 486. 13067.0 -0.152 0.317 0.947 -0.282 2.126
2.03 * 1.33 0.33 2.29* 111 2.11* 0.92 0.28 0.6 1.55 0.53 1.84
MAL 3,403 -0.0650 -0.0596 0.0817 -0.291 -0.0434 248. 0.936 -0.663 0.599 0.000218 -0.482 0.747
2.65** 1.61 1.78 2.28* 0.55 0.36 0.38 6.29 *** A.77 *** 0.00 2.80 ** 3.66 ***
PHI 153 -0.0582 -0.0707 0.383 18.17 0.337 65.11 1818. -0.407 0.598 1.071 -0.152 0.719
0.41 0.53 1.42 0.75 1.64 0.45 0.49 0.77 0.87 1.30 0.18 0.84
KOR 17,870 0.0482 -0.0854 0.00963 10503.0 -0.0997 9572 -5021.7 -0.0434 0.365 0.194 -0.0236 0.557
2.65 ** 6.54 *** 0.53 0.99 3.59 *** 2.07 * 1.05 15 7.35 ¥ 3.45 *x* 0.41 6.36 ***
TPE 7,882 0.0858 -0.132 -0.0412 2.263 0.168 -2.900 -40.26 -0.447 0.341 0.152 0.102 1.202
2.22* 6.00 *** 0.99 0.21 2.54 * 0.86 1.24 8.47* 4.69 *** 1.77 1.14 7.22 ¥
THA 1,939 -0.0658 -0.104 0.151 -10.51 -0.0608 -8.11 3.199 0.142 0.259 0.00682 -0.201 0.922
2.11* 2.38* 2.43* 1.17 0.94 0.44 0.60 1.02 .7 0.04 1.17 3.37
CZE 131 -0.112 -0.0170 0.138 313.7 -0.0731 -16.05 2406 1.216 0.433 0.450 -1.245 0.907
1.58 0.08 0.58 2.48 * 0.12 1.19 0.11 2.17* 0.86 0.70 3.53 ¥ 0.65
HUN 305 -0.242 0.0479 0.755 1601.7 -0.118 -9.613 454B 0.620 0.167 -0.701 -0.382 0.651
2.28* 0.45 2.81* 0.33 0.59 0.78 0.30 1.66 0.58 2.28* 0.92 0.96
POL 1,482 -0.0950 -0.178 0.0723 -0.258 0.00576 84.4 -39.08 -0.188 0.392 0.352 -0.388 1.429
2.49* 4.42 *** 0.99 1.30 0.09 1.06 2.59 ** 1.30 2.36* 1.70 1.78 5.65 ***
RUS 617 -0.0205 -0.0420 -0.0718 -0.853 0.172 -1.043 -12.15 -0.619 0.117 0.342 0.383 0.450
0.50 0.65 0.73 8.37 *** 0.88 0.84 0.90 2.42* D4 0.98 1.07 0.82
BRZ 1,266 -0.00537 -0.110 -0.0699 -0.917 -0.115 3040 -0.0291 0.216 0.0413 -0.387 0.220 1.290
0.15 2.77* 1.77 2.22* 0.82 0.98 0.48 1.58 0.24 2.53* 0.51 3.20 *
CHL 365 0.0727 -0.242 0.543 -1.918 1.131 0.000271 0.00168 0.290 -0.493 -0.195 0.780 5.084
0.87 2.18* 2,72 * 2.86 ** 2.90 ** 1.61 0.47 o8 1.71 0.48 1.53 2.22*
COL 94 -0.00599 0.399 0.345 3794.9 -1.090 107.4 303 -0.779 0.208 1.309 -1.453 -2.706
0.08 2.08 * 1.76 0.73 1.49 0.45 1.10 1.20 0.30 441. 1.66 2.08 *
MEX 968 0.120 -0.0957 0.105 -5.976 -0.157 -8.203 740 0.0615 -0.185 -0.352 0.142 0.633
1.01 1.38 1.31 5.07 = 1.10 1.45 0.89 0.31 0.98 1.68 0.52 0.98
PER 147 -0.470 -0.267 0.132 -1.636 -0.383 -309.7 3.70 -0.128 -0.646 -0.176 -0.0668 4.092
2.43* 1.45 0.33 0.99 1.31 0.64 1.55 0.23 1.08 240. 0.06 2.66 **
EGY 564 -0.0742 -0.497 0.243 -7.278 -0.0137 -1.680 -66.22 -0.705 -1.494 0.123 -0.0545 4.417
0.59 3.59 *** 1.02 2.63 ** 0.06 0.05 0.32 1.57 9@ *+* 0.25 0.11 5.14 ***
MOR 61 -0.0133 0.117 1.744 -25.65 0.936 312.5 96. 0.390 0.981 -0.951 -1.240 0.232
0.11 0.35 2.02 * 0.11 1.20 1.57 0.95 0.71 1.39 201. 1.22 0.10
RSA 1,373 -0.00692 -0.105 -0.0152 0.487 -0.636 2.86 -2.001 -0.0900 -0.0307 -0.0194 -0.0366 0.840
0.16 2.13* 0.25 0.37 4.07 *** 0.72 0.49 0.65 9.2 0.13 0.18 2.26 *
TUR 1,660 0.285 0.0595 0.00635 -0.00488 -0.408 94.4 -0.252 0.119 0.420 0.332 0.236 -0.953
5.73 = 1.28 0.07 0.10 3.23 ** 1.78 0.20 0.74 52.* 151 1.25 2.92 *
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Panel B — Large Companies

Country N SRO LMVUS BTM AIREST MOM TOEST TO MON FRI JAN DEC Intercept
CHN 2,165 0.0195 -0.128 -0.152 77.97 -0.0958 -0.530 1268. -0.0728 0.362 -0.0833 0.148 0.893
0.48 2.07* 1.90 0.35 1.32 0.54 0.87 0.73 2.92* 0.47 0.36 1.98*
IND 4,180 0.000185 -0.0343 0.0928 11.78 -0.130 3.048 3.%0 0.101 0.435 0.0600 0.0261 0.318
0.01 1.26 2.47* 0.69 2.16* 0.40 1.47 132 5.09 * 0.45 0.21 1.42
IDN 151 -0.205 -0.270 -0.00425 -6836068.1 0.199 -76.02 5823.4 -0.544 0.191 1.094 -0.302 2.644
1.89 1.27 0.02 1.18 0.52 171 0.39 0.99 0.38 1.69 0.48 1.69
MYS 1,083 -0.0184 -0.140 0.137 -3.493 0.0778 4.766 4.39 -0.480 0.0496 0.00492 0.00954 1117
0.41 144 1.74 3.03 ** 0.72 0.45 0.68 2.16* 0.27 0.02 0.03 1.73
PHL 81 -0.210 -0.0295 -0.139 568.1 0.0787 -33.12 69.91 -0.625 0.0200 0.902 -0.339 0.889
1.24 0.09 0.41 0.71 0.44 0.20 0.76 0.69 0.03 0.85 0.21 0.38
KOR 4,010 -0.0556 -0.0780 -0.00576 -335172.7 -0.0817 481. 3260.4 -0.0154 0.240 0.132 0.0540 0.881
2.18* 251* 0.15 1.49 1.66 0.89 0.58 0.23 2.65* 1.46 0.56 4.05 ***
TWN 1,800 0.0803 -0.149 0.0530 127.7 -0.133 -3.457 439. -0.0598 0.433 0.0642 -0.103 1.369
1.82 2.48* 0.60 0.15 1.15 0.86 1.10 0.60 2.86 ** 0.40 0.56 3.24 *
THA 973 -0.124 -0.144 0.140 -46.64 -0.0459 2.719 -5.610 0.0488 -0.0606 -0.328 -0.309 1.461
2.62 ** 177 1.59 111 0.61 0.19 0.39 0.28 0.35 701. 1.33 2.80 **
CZE 857 0.00292 -0.0374 -0.0790 -0.873 -0.0213 0.0365 0.0388 0.146 -0.0872 -0.381 -0.288 0.805
0.09 0.79 1.86 0.83 0.12 117 0.65 1.02 0.63 2.15 1.07 1.64
HUN 365 0.0727 -0.242 0.543 -1.918 1.131 0.000271 B8O 0.290 -0.493 -0.195 0.780 5.084
0.87 2.18* 2.72* 2.86 ** 2.90 ** 161 0.47 0.84 171 0.48 1.53 2.22*
POL 58 -0.121 1.159 1.580 40913196.7 -1.546 -0.715 0834 -1.059 0.273 1.682 -2.606 -7.595
112 1.40 1.82 0.67 1.52 0.00 1.22 0.90 0.28 1.46 2.03* 1.22
RUS 610 0.0180 -0.0154 0.206 -134.9 -0.0978 -12.10 .04 0.0278 -0.0542 -0.592 0.346 0.487
0.15 0.12 1.98* 131 0.36 1.98 0.06 0.15 0.23 12z 0.89 0.46
BRA 108 -0.524 -0.0984 -0.767 -4.053 -0.545 -584.4 B9.2 0.235 -0.765 0.0379 1.038 2.660
2.93 ** 0.37 1.70 1.05 1.29 1.07 0.89 0.32 0.94 050. 0.67 1.38
CHL 119 -0.0908 -0.354 0.194 -1517.8 0.175 -0.606 a84. 1.150 0.416 0.322 -1.286 3.388
1.25 1.38 0.76 0.90 0.31 0.04 0.34 1.93 0.80 0.51 3.59 =+ 1.90
CoL 145 -0.216 0.289 0.768 -61977.4 0.164 -15.86 -19004 0.489 0.226 -0.478 -0.542 -0.832
1.26 1.63 1.72 1.18 0.24 1.25 0.89 1.26 0.70 1.55 131 0.60
MEX 337 -0.0917 -0.222 0.0357 2.727 0.142 27.03 -80.81  -0.0831 0.0743 -0.0103 0.141 1.641
1.67 2.05* 0.21 0.83 0.81 1.64 2.35* 0.38 0.27 .040 0.37 2.09 *
PER 357 -0.0676 -0.163 -0.200 2.719 0.0149 -0.749 2.707 -0.694 0.503 0.352 0.290 1.598
1.29 143 1.33 0.16 0.06 0.56 0.32 2.18* 1.37 40.8 0.69 1.58
EGY 111 -0.221 -1.035 0.399 -109.0 0.173 0.422 -344.1 399 -2.201 0.406 0.409 9.928
0.81 2.85* 1.20 2.01* 0.65 0.01 3.17* 0.35 63.+* 0.26 0.60 3.01*
MAR 37 -0.0608 -0.0620 2.091 259.9 0.904 426.4 13245.3  0.455 1.047 -0.633 -1.217 1.584
0.23 0.10 154 0.57 0.47 1.26 1.08 0.46 0.99 0.51 0.52 0.33
ZAF 1,001 -0.0300 -0.0590 0.0240 12.48 -0.325 1.497 873. -0.0848 -0.0889 -0.000373 -0.0720 0.595
0.68 0.77 0.33 1.47 1.87 0.34 0.97 0.57 0.59 0.00 0.33 1.02
TUR 348 0.345 0.0358 0.0407 0.130 -0.967 -5.134 0.400 1540 0.504 0.677 0.585 -1.168
3.77 B 0.27 0.21 1.03 2.52* 1.00 0.25 0.45 1.50 119 1.44 1.16
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Panel C — Medium Companies

Country N SRO LMVUS BTM AIREST MOM TOEST TO MON FRI JAN DEC Intercept
CHN 3,328 0.0730 -0.397 -0.0234 -37.13 0.151 31.68 6.834 -0.272 0.562 0.308 -0.169 2.038
1.39 5.11 *** 0.46 4.86 *** 1.97* 3.31 =+ 0.54 3.33 *x* 6.32 *** 211* 0.58 4.63 ***
IND 6,840 0.0567 -0.0665 0.0548 -2.605 -0.0156 23.6 -154.7 -0.0999 0.471 -0.476 0.0559 0.285
2.44 * 2.24* 1.75 0.75 0.29 0.32 0.50 1.73 ol 5.34 *+* 0.65 1.75
IDN 22 0.0604 -2.239 -3.407 17178972.9 1.981 -1512. 157150.1 3.618 4.749 -0.743 3.678 5.391
0.18 2.58 ** 3.13* 117 2.13* 0.34 1.54 3.4%* 3.63 *** 0.63 1.60 1.80
MYS 1,856 -0.0575 0.0563 0.0303 -0.144 -0.242 60.0 -11.36 -0.565 0.920 -0.135 -0.381 0.235
1.69 0.69 0.42 0.77 1.90 1.22 0.54 4,15 *** 523 0.79 1.74 0.63
PHL 69 0.328 0.477 1.007 47.04 1.022 1938.0 103.9 0.130 1.930 2.357 -0.434 -4.038
1.30 0.64 2.50* 1.43 4.43 ** 1.80 0.25 0.21 @1 2.37* 0.53 1.36
KOR 9,461 0.0356 -0.0853 -0.0162 60418.1 -0.135 86@. -19374.3 -0.0232 0.335 0.0978 -0.0353 0.620
137 2.46* 0.62 1.55 3.53 ¥+ 0.27 2.03* 0.45 .8@ 132 0.42 3.61 ¥
TWN 4,587 0.205 -0.0863 0.0261 173.1 0.189 -23.57 1222 -0.608 0.276 0.161 0.0976 0.618
4.51 =+ 1.49 0.42 1.33 2.17* 151 1.45 8.55 *** 2,94 ** 1.49 0.82 2.01*
THA 834 -0.0127 0.0294 0.136 12.11 -0.0969 -176.1 456 0.105 0.588 0.425 -0.118 0.180
0.31 0.24 1.36 0.56 0.75 121 0.97 0.46 242+ 111. 0.45 0.35
HUN 156 -0.229 -0.313 0.714 1440.9 -0.0194 100.3 54136 0.660 0.0858 -0.988 -0.0888 2.027
181 0.80 1.52 0.08 0.08 0.59 0.10 1.09 0.17 1.74 0.11 1.24
POL 748 -0.0813 -0.183 0.00722 -0.501 -0.0294 332. -43.50 -0.238 0.0351 0.316 0.157 1.597
1.19 1.93 0.07 2.55* 0.35 2.00 * 144 117 0.18 141 0.45 3.18 **
RUS 257 0.0375 0.0660 -0.00426 7.316 0.253 82.31 8.664 -0.544 -0.230 0.278 0.412 -0.531
0.60 0.40 0.03 149 0.69 1.46 4.78 ** 1.18 0.55 0.38 0.68 0.50
BRA 391 -0.0353 -0.359 -0.0261 -1.692 -0.0935 -2.56 3.802 0.385 0.241 -0.408 1121 2.479
0.39 1.95 0.32 2.28* 0.35 112 1.00 121 0.55 241. 0.96 2.19*
MEX 356 0.220 -0.280 -0.0403 -28.01 -0.174 -9.265 1523 0.214 -0.216 -0.0296 0.168 1.112
1.24 1.38 0.31 2.75* 0.86 0.11 1.22 0.50 0.76 .090 0.42 0.68
PER 39 0.523 -1.059 1.522 -3.254 0.760 6485.5 309.9 0.187 -0.850 -4.795 -1.843 3.158
1.55 2.22* 5.23 ¥+ 1.84 1.84 3.26 ** 3.07 * 1 112 2.50* 2.70 * 1.25
EGY 264 -0.200 -0.346 0.133 -4.161 0.0351 -89.66 1919 -0.216 -1.322 0.0666 -0.126 3.658
147 1.36 0.36 0.77 0.08 111 2.58 ** 0.31 3.09 * 0.09 0.17 2.61*
MAR 21 0.360 0.530 5.294 -918.1 1.558 2016.5 -14823 -0.439 -0.0273 -2.185 -1.009 -0.521
1.18 0.21 1.96 * 1.05 131 0.54 1.24 0.37 0.03 421. 0.54 0.03
ZAF 266 -0.000892 -0.267 -0.211 0.933 -1.379 -120.6 68.07 -0.266 0.123 -0.115 0.0164 1.411
0.01 1.40 214~ 0.50 4.22 *** 0.35 1.27 0.85 9.3 0.29 0.04 1.28
TUR 868 0.260 0.131 0.0693 0.0634 -0.352 27.99 38.1 0.144 0.433 0.731 0.410 -1.231
3.93 =+ 111 0.55 0.86 2.15* 0.43 0.45 0.64 3.8 2.61* 1.50 1.93
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Panel D — Small Companies

Country N SRO LMVUS BTM AIREST MOM TOEST TO MON FRI JAN DEC Intercept
CHN 1,774 0.0114 -0.208 -0.0934 -0.471 0.156 -22.75  -35.28 -0.359 0.313 0.251 -0.138 1.237
0.19 3.13* 1.96 * 0.77 1.62 1.22 1.79 3.03 ** A4a* 1.38 0.41 3.40 ***
IND 2,071 0.0626 -0.267 -0.0404 1.236 -0.132 -10.49  1139.5 -0.0786 0.282 -0.145 0.410 0.759
1.66 5.25 =+ 0.70 0.46 0.98 0.04 1.30 0.74 219 0.79 2,78 ** 3.46 =+
MYS 464 -0.189 -0.0644 0.164 -0.425 1.057 132.7 5B6. -1.301 0.707 0.824 -1.116 1.610
3.18* 0.36 1.29 2.35* 2.88 ** 0.77 2.26* 5.69 1.84 211* 2.50* 2.93*
KOR 4,399 0.215 0.00417 0.0296 3648.4 -0.0199 a432. -15173.8 -0.119 0.533 0.395 -0.0842 -0.235
4.38 *** 0.06 0.82 0.31 0.22 1.88 0.78 1.34 498 2.90 ** 0.63 0.96
TWN 1,495 -0.218 -0.514 -0.368 0.00881 0.353 -170.0 -1495.0 -0.136 0.505 0.206 0.276 3.508
2.08 * 4.4 4.95 *** 0.00 1.79 1.92 3.01* 07 3.01* 0.85 1.46 7.01 0
THA 132 -0.0436 -0.466 0.121 -20.43 -0.0582 -236.4 45.33 0.986 0.432 -0.109 -0.801 1.244
0.37 0.82 0.42 1.70 0.08 0.34 1.38 1.40 0.44 0.13 0.96 0.76
POL 397 -0.130 -0.320 0.169 -0.0660 -0.0349 126.6 18.28 -0.0978 1.336 0.774 -1.020 1.631
2.08 * 1.36 121 0.18 0.26 0.22 1.14 0.31 2.99 ** 1.34 3.25* 2.26*
EGY 189 0.0775 -0.894 0.0546 -9.554 -0.209 -329.6 29.8 -1.864 -1.351 0.00163 -0.401 5.637
0.32 2.26* 0.10 2.09 * 0.53 1.20 0.89 2.65** (04 0.00 0.66 2.97 **
TUR 444 0.304 -0.239 -0.0331 -0.118 -0.268 225.7 153 0.115 0.376 -0.799 -0.245 -0.124
2.45* 1.07 0.19 1.50 1.08 0.59 1.26 0.35 1.19 012. 0.68 0.15
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4. Investor Relations, Talking Insiders, and Liquidity

(with Sebastian Lobe)

Abstract

This is the first empirical study to provide coroohtive evidence for the model by Hong and
Huang (2005) that good investor relations are answéar corporate insiders to create liquidity

for their own equity stakes. We validate the madedo steps for German stocks between 2002
and 2007. First, we place the quality of investdations within the context of the amount of

insider trading. Having shown that insider saled imwestor relations are positively correlated,

we move on to note that good investor relationg@idhave the effect that insiders aim for,
namely, increasing liquidity. We tackle the problémat investor relations scores are possibly
endogenous by using the average investor relatjoiadity of the respective industry as an

instrumental variable. Considering our sample, ibeefits of good investor relations are not

affected by the quality of a company’s annual r&apgr

JEL classificationG14, G12, D83

Keywords:Investor Relations; Disclosure; Insider Trading
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4.1. INTRODUCTION

What are investor relations activities good for?sTquestion has been broadly addressed in the
literature with a main focus on the interaction agpovestor relations, stock prices, and cost of
capital. Until 2005, most theoretical studies, sashMerton (1987), Fishman and Hagerty
(1989), Diamond and Verrecchia (1991), Trueman §).98nd Easley and O’Hara (2004), share
the assumption that, if beneficial at all, goodastor relations were beneficial to all investors
due to various reasons that all more or less hade with lower cost of capital. However, Hong
and Huang (2005), hereafter denoted HH, proposttary that can explain why company
insiders have a direct incentive to engage in itore®lations, even absent any positive effects
on share price. They argue that company insiddrs,have discretionary power over the investor
relations strategy, profit more from good investations than other shareholders because they
usually own larger equity stakes than the dispeosgside shareholders. If the corporate insiders
suffer from a sudden liquidity shock and have tib gart of their equity holdings, it is very
important to them to ensure that they can placefalteir shares on the market without a price
discount, which is why they have to worry about keadiquidity. Add to this the fact that
previous research suggests investor relations niighd powerful means of creating liquidity,
HH conjecture that insiders use investor relatitmsreate liquidity for their personal stock
holdings. We investigate empirically whether thierances from their theoretical model provide
a good intuition for reality. To do so, we elaberditst on whether heavier insider trading is
associated with better investor relations. To erphdy this could be the case, we then note that
good investor relations do increase stock liquidity

In section 2, we give an overview of the relevaviestor relations literature before we present
the data we use for our study in section 3. Sectidgkescribes the methodology, and section 5

contains the results. Section 6 concludes.
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4.2. RELATED LITERATURE

4.2.1. Investor Relations and Insider Trading

In discussing investor relations, we refer to tlygragate of activities apart from regular
reporting a company engages in to create or raigestor awareness. Following Lang and
Lundholm (1993), investor relations are one ofttiree pillars of information disclosure: annual
report disclosures, quarterly and other publisimédrimation, and investor relations. Lang and
Lundholm (1993) derive their definitions from thetegories of the corporate disclosure ranking
provided by the Financial Analysts Federation (FAE)day's CFA institute. Although,
according to Brennan and Tamarowski (2000), thgimsi of corporate investor relations
departments can be traced back to the middle ofatecentury, the exact effects of investor
relations were widely unexplored until the 1990ac8 this time, an extensive body of scientific
studies has been dedicated to the topic of whysfshrould engage in investor relations.

Most important for this study, HH establish a motteldirectly reproduce the incentive for
company insiders to engage in investor relatiotigides. In their model, investor relations are
a way for company insiders to create liquidity floeir personal stock holdings. The essence of
the model is that if better investor relations l@achigher liquidity, there is an incentive for
insiders to engage in investor relations actividiethe cost of the dispersed outside shareholders.
This is because insiders usually own larger stakdbeir company than the average outside
shareholder. Therefore, insiders suffer from a tieg@rice impact of their trades on an illiquid
market and have an incentive to engage in invegiations to enhance liquidity. On the
downside, the insiders lose the informational atkvge from their private information when they
decide to invest in investor relations activitiBecause they also partially share with all other
shareholders the cost of dedicating monetary ressup investor relations, the strength of their

incentive depends on the size of their equity staked their liquidity needs. As a proxy to
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measure this incentive, HH suggest the volume siflar trading activities, especially insider

sales.

4.2.2. Investor Relations and Liquidity

The argumentation of HH rests on one crucial assieampegarding the effect of investor
relations on capital markets, namely, that bettgestor relations provide for higher liquidity.
This assumption is based on earlier research bynAdnand Mendelson (1986 and 1988), Lev
(1988), and Diamond and Verrecchia (1991). Theticglahip between liquidity and investor
relations arises from the information asymmetrywleetn corporate insiders and outside
shareholders. The uneven informational playingiflebds to higher bid-ask spreads (Amihud
and Mendelson, 1986, Lev, 1988) and lower demandnibnd and Verrecchia, 1991) for a
company’s stocks as market participants shy away frading these stocks. However, how can
good investor relations boost liquidity?

The first of the missing empirical links is presshby Lang and Lundholm (1996) and Francis
et al. (1997). They find that higher liquidity fetocks with better investor relations can be
attributed to a higher analyst following. They shthat the number of security analysts grows
with more forthcoming disclosures as a consequefidewer costs for security analysts to
acquire information — a finding that is also repdrby Germany by Gohlke et al. (2007). The
second link comes from Brennan and Tamarowski (R00Bo show that a higher number of
analysts has a positive effect on share tradingmel Both the number of analysts and the share
trading volume have, in turn, a positive effectiyle’s (1985) lambda, which measures the
price impact of one Dollar of trading volume oniatraday basis. Leuz and Verrecchia (2000)
provide corroborative results for German firms thaise their disclosure levels by adopting
international accounting standards (IAS) and sugihes higher levels of information disclosure

can lower spreads and boost trading volume. Furtbes, they show that having good investor
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relations has a downside, as it increases stocknrefolatility, a finding that is endorsed by
Botosan and Plumlee (2002) and Chang et al. (2008).

Because liquidity cannot be measured directly, pokave to be used to model the effects of
investor relations or disclosure quality on liqtydiThe most common liquidity proxies used in
the investor relations and disclosure literature laid-ask spreads (Amihud and Mendelson,
1986, Leuz and Verrecchia, 2000, Heflin et al.,®0@ading volume (Diamond and Verrecchia,
1991, Brennan and Tamarowski, 2000, Leuz and Vehiac2000), and stock return volatility
(Bushee and Noe, 2000, Leuz and Verrecchia, 2@@nnan and Tamarowski (2000) also

introduce price impact as a liquidity measure thi® investor relations literature.

4.2.3. Investor Relations vs. Annual Reporting

Most empirical studies thus far, with the exceptadrHeflin et al. (2005), Chang et al. (2007)
and Chang et al. (2008), address the question ehétbiter disclosure in general or better
investor relations have positive effects on costagfital and, mainly, stock prices. These studies
include Lang and Lundholm (1993), Botosan (1996toBan and Plumlee (2002), Schachel and
Vogtle (2006), and Agarwal et al. (2008). Whereassihof these studies report positive stock
price effects of good investor relations and anmepbrt quality, evidence regarding the effect
of investor relations on measures of liquidity aratiety in market participants’ opinions is
mixed. Bushee and Noe (2000) as well as BotosafPhmdlee (2002) show that the more timely
disclosure categories of quarterly reporting angestor relations may increase stock return
volatility by attracting trading-prone institutionshort-term investors. Earlier hints for such a
correlation can also be found in Lang and Lundhdi®93) and Healy et al. (1999).
Corroborative evidence is presented by Leuz ande¢ehia (2000) and Chang et al. (2008).
Due to a lack of studies on the relationship betwewestor relations and liquidity for the

German capital market, we take two steps to engiyiwalidate the HH model. First, we place
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the quality of investor relations within the corttekthe amount of insider trading. Having shown
that insider trading and investor relations quaditg positively correlated, we move on to note
that good investor relations have indeed the effleat insiders aim for, namely, increasing
liquidity.

4.2.4. Hypothesis Development

To show that companies with large amounts of inssdées feature good investor relations, we
regress insider trading volume on investor relatiguality. If the assumptions of the HH model
are correct, we should find a positive relationgbgtween insider sales and investor relations.
To ensure that this positive relation is causeddigg liquidity, we examine the liquidity effects
of investor relations more closely. Therefore, vegress four liquidity proxies on investor
relations quality: proportional quoted spreads #red Amihud (2002) illiquidity ratio serve as
direct liquidity measures, and share trading volame relative stock return volatility are indirect
measures. Building on prior literature, we expedirid that good investor relations can provide
for lower spreads and a lower Amihud (2002) illdjty ratio. Furthermore, we conjecture that
investor relations can boost trading volume. Ortihvenside, earlier literature suggests that good
investor relations incur costs for shareholdergbyeasing stock return volatility.

Because earlier studies suggest that investoigetaimight also have positive effects on stock
returns apart from providing for enhanced liquiditye take the opportunity to work out the
relationship between investor relations and Gerstack returns to finalize our analysis of the
interaction between investor relations and capitatkets. Studies of the American market by
Lang and Lundholm (1993) and Agarwal et al. (20@8)well as a small study of 33 German
stocks by Schachel and Végtle (2006) prompt ustgecture that good investor relations have
a positive influence on stock returns. To test thypothesis, we calculate Jensen alphas for

arbitrage portfolios built of good vs. bad investelations stocks, and we incorporate investor
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relations quality into a regression model on mgnéxcess stock returns together with company
size, book to market value, and market returns.

Our results deliver strong evidence in favor of Hit¢ model, where investor relations are a
means for corporate insiders to create liquiditytheir stock holdings. We cannot find that good
investor relations have a positive return impact.

Two features distinguish our study from the exgpimvestor relations literature. First, our study
is — to our knowledge — the first to provide engafievidence in favor of the HH model. Second,
we are the first to use disclosure quality proxies, one investor relations ranking and one
annual report ranking, which are calculated byedéht data providers. This minimizes the risk
of correlated measurement errors that is preseahwle rankings are conducted simultaneously
by the same provider, such as the FAF ranking ursedrlier studies. Additionally, we close two
gaps in the German investor relations literatumreili@ one hand, we are the first to examine the
influence of investor relations on stock returngromore than two years and using all firms
ranked in the Capital investor relations ranking.t@e other hand, our study is the first to provide
evidence of the interaction of investor relationslgy and the liquidity of German stocks.

4.3. DATA

4.3.1. Investor Relations and Annual Report Quality

4.3.1.1. Investor Relations Quality

The quality of a company’s investor relations efas difficult to measure objectively. To assess
the overall quality of investor relations, we ttHere rely on Capital magazine, a German
business magazine that publishes a ranking of ioveslations activities of German companies
annually. In the Capital ranking, companies aré&edmaccording to the quality of their investor

relations work on a scale from 0 points (very kadj00 points (very good). The Capital ranking,
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such as the FAF ranking used in earlier studieii®@American market, is a qualitative ranking,
which means it is based on analysts’ subjectiveguion of the overall investor relations
practices of the listed companies. To rank the Gongs, security analysts are asked to rate the
information given by the companies listed in oné¢hef major German stock indices. The rating
categories are timeliness, credibility, and quatitynformation® The ranking is conducted on
an annual basis, published by Capital once a yearcomprises all constituents of the German
large-cap index DAX30, the mid-cap index MDAX, tlsenall-cap index SDAX, and the
technology index TecDAX. To ensure that data fbcantrol variables, especially annual report
guality, are available, the sample period star®@2 and ends in 2007. During that period, 263
different companies were ranked in the Capital ragkresulting in a sample of 989 firm-year

observations.

4.3.1.2. Annual Report Quality

Botosan and Plumlee (2002) note that the effecmnoilial report quality might significantly
overlap with and mitigate effects caused by investations quality. To solve this problem, we
use annual report quality as a control variableughout our study. Our data come from an
annual report ranking conducted by Jorg Baetge ttmriJniversity of Mlnster in cooperation
with the manager magazin, another German businesthiy. The criteria for the annual report
ranking are the quality of the management repetiitbd notes, and other information given in
the report itself, plus the accessibility, underd&bility, and usability of the online annual repor

Each of the four main categories consists of nuosesub-categories, and the overall ranking

8 The qualitative statements of the analysts arstoamed with neuronal webs following a proceduzeied by a

team of researchers from the University of Vieradlby Otto Loistl.
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score has a range from 0% (worst) to 100% (bekf.cbmpanies contained in this annual report
ranking are exactly the same as those in the iavestations ranking. Our dataset comprises all
companies for the period starting in 2002 and enchr2007. With regard to the quality of the
annual report data, we have a total of 978 firmryssservations, which are distributed among
258 firms for the years 2002 through 2007.

To have comparable variables regarding investatiozls quality and annual report quality, the
original score in the Capital ranking is divided the maximum score of 500 to receive a
percentage score similar to the other ranking. Beeave use all observations from the Capital
ranking, our sample is free from survivorship biBsms that are delisted during our sample

period remain in the dataset until they are no éoricaded.

4.3.2. Company and Return Data
All market and company data were obtained fromTthemson Reuters Datastream database.

These data include the daily total return indeX) @t each stock, i.e., the stock price change

adjusted for dividend payments, from which we ciitithe daily stock return, for stock i on

daytas

Rlis 1 (26)
r,=——-1
" Rli,t—l

To determine monthly stock returns, daily returngrj the respective month are compounded.
For market return, we use for each stock the redfithe index the stock is a constituent of at
the time of the ranking. The index affiliation cdah stock is provided in the Capital ranking.

The risk-free rate for each month is given by thetgd monthly EURIBOR at the beginning of

that month. Stock return volatilitys(,,) is calculated as the volatility of daily stockues
during one month.
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Apart from return data, we collected the marketigalf equity capital, price to book value, share
price, closing ask price, closing bid price, antydaading volume in thousands of shares for all
stocks from DatastreafiMoreover, the company age and IPO date were halhetted from

the Internet. From the IPO date, we calculate tmepgany age (LISTED) as the natural log of
the number of years that have passed since theA&®Qzompanies that went public during the

actual firm-year, we set the year counter to 0.5:

LISTED,, =In(1+ max(numberof yearssincelP0O;0.5)). (27)

We decided to select the periods for our data suageording to the exact publication dates of
the Capital ranking. One firm-year comprises ating days between the publication dates of
two subsequent rankings. Hence, we can ensurdétaits from the rankings were not publicly

available and could not influence the stock madegtha we obtained for the respective time
periods. Because the ranking was published eadiar after year, the length of the firm-years
varies between 10 and 12 months. The first rankiag published in late September 2002 and
the last in mid-June 2007. For all variables, fiyear observations of firms with less than 150
available daily observations are deleted from tmafge. Moreover, we exclude foreign stocks
with a dual listing in Germany, preferred stocksd stocks from finance companies from our
final sample.

Data on insider trading volume were gathered manuélom the online database

www.insiderdaten.de. To ensure the completenessiofiataset, we cross-checked the insider

9 Data obtained from Datastream with their labeldb(iackets): Total return index (RI), price to baalkue (PTBV),
market value of equity capital in millions of Eur@d8V), trading volume in thousands of shares (V€hare price

(P), closing bid price (PB), closing ask price (PA)

92



trades with those from DGAP (Deutsche Gesellschdit Ad-Hoc Publizitat) and
www.finanzen.net. Our original sample consists @48 insider trades from which — after
corrections for firm-years with no available invastelations ranking, trade records concerning
option transactions, takeover bids, security legdamd donation, and transactions among
insiders®— 4,154 form the final sample. The sample pertogtehes from September 2002 until

June 2008, and the insider trades are distributed &3 firm-years.
4.4. METHODOLOGY

4.4.1. Insider Trading and Investor Relations

As HH suggest, we use data on insider trading veldm proxy for the liquidity needs of
corporate insiders. We define insider trading vauas the absolute volume in Euros of all
directors’ dealings for one firm-year obtained fromww.insiderdaten.de. Considering the
trading volume variables, we distinguish buy ordelume (BVO), sell order volume (SVO),
and total insider trading volume (TAVO). All volunvariables are given by the natural logs of
the absolute trading volumes in Euros for each-fygar or are zero if no insider trades were
recorded. To establish a connection between insidding and investor relations, we annually
regress the three trading volume variables on oveslations quality.

By regressing insider trading volume on investdatiens quality, we face the problem that we
cannot rule out that there is a reciprocal relaiom between investor relations and insider
trading. Corporate insiders could either adaptrttrading behavior to their investor relations
efforts or vice versa. Therefore, investor relasiguoality is potentially endogenous. To account

for this potential endogeneity, we run two-stagastesquares regressions, using the mean

10 The sample adjustments follow the methodology wihRe and Walter (2008).
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investor relations quality of the respective indpgtR_IND) as an instrumental variable for a
firm’s investor relations quality (IR). Like Sargt al. (2000), who use a similar regression to
explain insider holdings, we use stock return viatiat given by the average of monthly stock
return volatilities for each firm-year (VOLA), armbmpany age, measured as the number of
years that have passed since the IPO of the regpecmpany (LISTED), as control variables.
By including company age, we can also accountHerfact that, according to HH, their model
should be especially relevant for younger comparipart from the young firm hypothesis, HH
also conjecture that their model is better suitedsfnall companies. Therefore, we also account
for company size by including the natural log of tharket value of equity (MV) at the end of
June of the ranking year in the regression. Fosdghgears where the ranking was published
before June 30, the market values of equity arentdkom the day immediately before the
publishing date (the date difference between Juharl the earlier publishing dates never
exceeds 12 days). We have to note, however, thataweot offer substantive insights into the
size hypothesis, as our sample is biased towagk latocks, as only the largest German
companies are ranked by Capital. A similar biadsse observed by Heflin et al. (2005), who use
the FAF ranking in their study.

To test the assumptions of the HH model, we esértta following two-stage regression. We
include cross-section fixed effects to accountdomnstant firm-specific characteristics such as

manager personality, and we use a heteroskedgstbist White (1980) coefficient covariance

matrix:
Stage 1IR, = a+B,MV, +B,VOLA,  +B,LISTED,, +B,RER, +B;IR_IND,,. (28)
Stage 2.VO, = a+B,MV,, +B,VOLA,, +B,LISTED,, +B,REP, +B;IR;,. (29)
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Equation (4) serves as a direct test for the hygmsithat higher insider trading volume is related
to better investor relations. VO stands for thepeesive trading volume variable, i.e., BVO,
SVO, or TAVO, and therefore measures annual indideling volume. We control for annual

report quality (REP) to rule out measuring any krlthfluence from accounting quality.

4.4.2. Direct Liquidity Proxies

Having examined the relationship between insidadifg and investor relations, we proceed by
determining whether good investor relations acyuadive the desired liquidity effect. Although
we have a clear intuition of what is meant by ldjty, there is no generally accepted measure
for liquidity. Therefore, we use four proxies taa@xine the liquidity effects of investor relations.
Proportional quoted spreads (SPR) and the AmihQ@2aRilliquidity ratio (AIR) are meant to
measure liquidity directly, whereas share tradimjume (LVO) and relative stock return

volatility (RVOL) are indirect liquidity measures.

4.4.2.1. Proportional Quoted Spread

Because spreads constitute the most widespreadditigumeasure, we regress average
proportional quoted bid-ask spreads on discloswagables to determine whether investor
relations can increase liquidity. We define thosenthly proportional quoted spreads as the
monthly average of the daily ratios of the diffezemetween bid- and ask-price over the midpoint

between the two prices:

SPR,, = i > ( (30)

where PA, ; is the closing ask price for stock i on day’8,, represents the closing bid price on

day t, and T stands for the number of trading g the specific month. To control for other

factors known to influence liquidity, we includerospany size, expressed as the natural log of

95



the monthly average market value of equity (MV)arghprice, which is given by the natural log
of the average monthly share price (LP); shararigadolume (LVO), the natural log of each
month’s average daily share trading volume; andtirad stock return volatility (RVOL), the
ratio of each month’s daily stock return volatildyer daily market return volatility in our model.
Our control variables are similar to those of Leath@2005) and Heflin and Shaw (2000).
Together with the first stage, where IND_IR serassan instrument for IR, we estimate the
following model:

IR =0 +B,MV, , +B,AIR; , +B,RVOL, , +
Stage 1: ' ’ ’ (31)
+P,LPn +BsLVO, , +BRER, +B;IND_IR;,

SPR, =a+B,MV, +BAIR; +B;,RVOL,  +
Stage 2: ' ’ ’ ’ (32)
+B4Lpi,m +B5Lvoi,m +BGREFi),m +B7|Ri,t

All regressions on the direct and indirect liquydptoxies are estimated as two-stage least squares
panel regressions on the respective monthly depenaeiable. They are estimated with fixed
cross-sections effects to capture company-spemiiistancy towards investor relations policy

and a White (1980) heteroskedasticity robust coeffit covariance matrix.

4.4.2.2. Amihud (2002) llliquidity Ratio

To account for the fact that spreads alone do oostdute a sufficient liquidity measure, as
discussed by Heflin et al. (2005), we use a se@uvaxy to verify our results. Because liquidity
can, according to Pastor and Stambaugh (2003 gfireed as “the ability to trade large quantities
quickly, at low cost, and without moving the pricefe also quantify illiquidity via the Amihud
(2002) illiquidity ratio, which can be interpreted a daily estimate of Kyle’'s (1985) lambda,
which is also used by Brennan and Tamarowski (2@60neasure the liquidity impact of
investor relations. AIR captures the daily pricep@nse of one euro of trading volume and is

calculated as the daily ratio of absolute stoclrrebver trading volume in Euros:
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AR = I 33
Vo . (33)

To provide for a better smoothing of estimatioroesy we calculate average daily AIRs for each

company month in our sample, so that monthly AlBiv&n by:

1 |8
AR, = = th: Vo, P, (34)

Apart from annual report quality (REP), we use campsize (MV) and relative stock return
volatility (RVOL) as control variables in the regstons on AIR. In contrast to Brennan and
Tamarowski (2000), we did not add price and sha@irig volume to the regressors because
both variables are already used to calculate Hogiidlity ratio itself. To still be able to control
for some type of trading volume, we decided toudel turnover (TO), i.e., share trading volume
in Euros relative to the market value of equityBuaros, as a second control variable in our
regression. TO is calculated as the ratio of thathlg average of daily trading volume over the

monthly average of daily market values of equity:

IYVO, R,
TO,,, = 1t (35)
?Z MV,
The regression model is specified as follows:
Stage 1R, , =a+B;MV,  +B,RVOL,  +B,TO, +B,REP  +B;IND_IR;, (36)
Stage 2AIR,; . =a+B,MV, +B,RVOL,  +B,TO,, +B,RER, +B;IR;, (37)
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4.4.3. Indirect Liquidity Proxies

The first indirect liquidity proxy is trading volugn Intuition suggests that liquidity has to be
positively correlated to trading volume becausentioee traders are available for a firm’s stocks,
the easier it is to find a trading counterpartyeidfore, liquidity must be higher for stocks that
exhibit higher trading volumes. Assuming that ineeselations have a positive influence on
liquidity, they should be positively correlated t@ading volume as well. Evidence for this
hypothesis is offered in previous studies by Leod &errecchia (2000) and Brennan and
Tamarowski (2000). As with VO, we expect a positinBuence of investor relations quality
stock return volatility. This assumption is deriviedm earlier research by Healy et al. (1999)
and Bushee and Noe (2000), in which good investiations attract trading-prone institutional
investors, leading to higher stock-return volatilitAlthough this might, following the
argumentation of Harris and Raviv (1993), seem taurtuitive because good investor relations
should lower the diversity of investor opinions dherefore lead to lower stock return volatility,
a positive relationship is also documented by Lang Lundholm (1993), Leuz and Verrecchia

(2000), and Botosan and Plumlee (2002).

4.4.3.1. Share Trading Volume

As a variable for share trading volume, we usenteiral log of the monthly average of daily
share trading volume in thousands of shares (LVIDE control variables are stock return
volatility (RVOL) and proportional quoted spreadP®), as in Chalmers and Kadlec (1998), plus

company size (MV) and annual report quality (REP):

Stage 11R,,, =a+p,MV,,, +B,RVOL,,, +B,SPR, +B,REP, +B,IND_IR,,. (38)

Stage 2:LVO,,, = a+pB,MV,,, +B,RVOL, , +B,SPR, +B,REP +B,IR,,. (39)
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4.4.3.2. Relative Stock Return Volatility

Return volatilityc, ,, for stock i in month m is defined as the volatilifithat stock’s daily returns

during the specific month. To adjust the volatiliythe single stocks for market-wide volatility

shocks, we scale each monthly stock return vdhatiy the volatility of daily market returns

during the corresponding month () to obtain relative stock return volatility:

9

RVOL,, =—". (40)
(¢

To isolate volatility effects caused by the investelations quality, we, like Cheung and Ng
(1992), control for company size, share price,itrgdolume and spreads. Our regression model

takes the form:

Stage LIR;, =a+B,MV,, +B,LP, +B;VO;, +B.SPR,, +B;RER, +B¢IND_IR,,  (41)

Stage 2R\/Ol-lm =at BlMVi,m + BZLPi,m + B3V0i,m +B4SPR,m + BSREFl)m + BBIRi,t (42)

4.4.4. Stock Performance

To estimate the influence of investor relationsstock performance, we follow Easley and
O’Hara (2004) and suppose that estimation riskrigleof misestimating future cash flows and
therefore the fair stock price, is a risk factohiet until now has been omitted in asset pricing
models. To determine the performance impact, the,impact of IR on expected return, we
perform two tasks. First, we form arbitrage poitslfor each ranking period by short-selling all
stocks from the bottom decile of each investortiahs ranking and buying all stocks from the
top decile of the respective ranking. All portfaiare formed twice, once with equal-weighted

and once with value-weighted portfolio positionomhly returns to these arbitrage portfolios (

) are recorded and regressed on monthly returiietmarket portfolio net the risk-free rate,
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which is given by the monthly EURIBOR interest rafeturns to the market portfolio are
represented by monthly returns of the DAX indexerEfiore, we derive our Jensen alphas from
the following calculation:

lim = alphat market (rm m rf,m). (43)
Second, we estimate two regression models on thethilyoexcess returns of all ranked
companies. The first is a plain market model whlke txcess market return being the only
influencing factor for a company’s excess stockimetover the risk-free rate. The other is a
model that also includes company size and bookatdet ratio as explanatory variables. Model
1 is specified as follows:

Model 1a):r,, =1, =alpha+ market (r, . —r ). (44)
Model 1b):r,, - r;, =alphat+ marketr,,, - r..) +B,IR,, +B,RER,. (45)

I m» the risk-free return for one month, is given hg guoted EURIBOR interest rate for that

month at the beginning of the month. The marketrret,,  is represented by the return of the

index that company i is a constituent of. To deteemwhether IR quality has additional
explanatory power in the market model, we inclulde disclosure variables IR and REP as
explanatory variables in Model 1b).

In Model 2, we regress monthly excess stock retamthe investor relations and annual report
quality variables together with company size, btmkiarket ratio, and excess market returns to
obtain an impression of whether investor relatiauality interacts with other variables

influencing stock returns. The book to market réBd M) is given by the book to market ratio

of company i at the end of the preceding year, lwvimnanmost cases (by far) is equal to the fiscal
year end. The ratio is calculated as the reciproahale of the price-to-book-value variable

(PTBV) obtained from Datastream. As in the reg@ssion insider trading volume, company
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size (MV) is represented by the natural log ofrtrerket value of equity in millions of Euros at
the end of June before the ranking.

Model 2a):r, . -, =alpha+,BTM,, +B,MV,, + markefr,, ., — 1) (46)

Model 2b):r, . - lm = alphat+p,BTM, +B,MV, +markefr, . —r..)+B;IR, +B,RER, 47

All regressions on stock returns are pooled regrassvith Newey-West (1987) standard errors.
4.5. RESULTS

4.5.1. Descriptive Statistics
Tables 14 and 15 present summary statistics othmber of insider transactions and the
distribution of each year’s ranking scores in tinestor relations ranking we use in our study.
Our sample of insider trades concerning firms rdrnkean investor relations ranking consists of
4,154 transactions. Starting with these, we adprstompanies with unavailable annual report
rankings, preferred stocks, financial industry ksg@nd foreign stocks with a secondary listing
in Germany. The final sample consists of 3,121dsad\ggregating these transactions per firm-
year, we receive 466 firm-years with at least orsedier deal. The 466 firm-year observations
are distributed among 209 firms.

(Insert Table 14 here)
Table 14 reveals that, although the number of erdily orders is approximately 5% larger than
the number of insider sell orders, the volume df @@lers exceeds the buy order volume by
more than 100%. This occurs for two reasons. Omtigehand, insiders usually sell more shares
than they buy because stocks are a part of theipeasation and are therefore not obtained via

the stock market. On the other hand, insider bdgierare an important signal for other market
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participants that the stock is undervalued. Hemsders use the signaling effect of their buy
orders to increase stock prices by buying smalitggtakes from time to time. The proportions
of sell and buy order volumes and the number ofetsan both categories are broadly in line with
existing studies for the German market by Betzer Hmeissen (2007) and Dymke and Walter
(2008).
(Insert Table 15 here)

The descriptive statistics of the investor relagioanking in Table 15 illustrate that the rating
score distributions are all negatively skewed. Bhkiswness is a hint of the selection bias that is
due to only the largest German companies beingedhink the Capital ranking. Because most
large companies dedicate significant monetary nessuo investor relations, investor relations

scores are reasonably high on average.

4.5.2. Correlation Analysis
Table 16 depicts the correlation analysis of atlatdes we use in our regressions. The triangle
above the diagonal depicts the Bravais-Pearsorelation coefficients, whereas the bottom
triangle shows the Spearman correlations.

(Insert Table 16 here)
An important inference that can be drawn from Tdl@les that both disclosure quality variables
are positively correlated with company size. Whei&ais only weakly correlated with company
size, REP exhibits a correlation close to 50%. @aomag the correlation across the disclosure
guality measures, we observe that the correlatiomvestor relations quality in general and the
annual report quality is much weaker, at 25% comgbarith 40% in Lang and Lundholm (1993).
This is because we use rankings from different iolerg to assess investor relations and annual
report quality. The other correlations display mopsising results. As expected, the two direct

liquidity proxies, proportional spreads and the Aod (2002) illiquidity ratio are strongly
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correlated with each other and negatively relatedcampany size, indicating that larger

companies have more liquid stocks.

4.5.3. Insiders Talking and Trading

(Insert Table 17 here)
Our regressions of investor relations quality aider trading volume show that there is a strong
connection between the quality of investor relagiand the amount of insider sales volume. As
HH predict, investor relations have a significanhysitive influence on the volume of insider
sales. We cannot observe any influence on buy atdptal trading volume. Also, the economic
significance of investor relations quality is highéor insider sales volume. If we are able to
show that investor relations do indeed provide dohanced liquidity, we can conclude that
insiders use investor relations as a means toectieglidity for their own shares to avoid price
discounts when they suffer from liquidity shocks.
Most interestingly, annual report quality has aaie@ influence on insider buy order volume.
This means that insiders tend to buy less sharéiseaf own company when their company’s
annual report quality is good, which could be foptreasons: either insiders do not need the
signaling effect of their buy orders, or, more hkethey only buy stocks when their private
information prompts them to do so. Because insidterge more private information when
accounting quality is bad, they trade more in taise.
The conjecture of HH that their model is especiadlijd for young companies is not significantly

supported by our data. Company age, proxied factlBYED, instead has a positive influence
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on insider trading volume, which suggests thatdesitrading volume is larger for older

companies?

Whereas company size has a positive influence siden buy volume, we cannot detect any
influence on sell order volume. Hence, we can agielthat corporate insiders in large
companies are more likely to buy stocks from thempany than insiders in smaller companies.
On the sell side, on the other hand, corporatedansi from both firm types are equally

represented. This is weak evidence for the hypah®sHH that their model should be more

valid for smaller companies, which means that iesiaf small companies sell disproportionally

more stocks than insiders from large companies.
4.5.4. Investor Relations and Liquidity

4.5.4.1. Direct Measures

Having shown that good investor relations indeeshe@long with heavier insider trading, as
HH predict, we move on to note the liquidity effectf good investor relations. As liquidity
measures, we use proportional quoted spreads andrthhud (2002) illiquidity ratio. Both
measures are negatively correlated with liquiditg ahould accept higher values for less liquid
stocks. Because we assume that good investoramsatiave a positive influence on liquidity,
we expect negative betas for the disclosure quaditiables as a result of our regressions. These
expectations are confirmed: regarding proportiapnaited spreads, we observe a significantly
negative influence of investor relations qualitihelcoefficients of the other variables are in line

with earlier literature: like Lesmond (2005), wesalfind that share price and trading volume

11 Specifications including company age measured fiteerfounding date of the company instead of ti@ thRate

do not change our inferences.
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have a negative influence on spreads, whereas AdRvalatility are positively correlated with
spreads.
The regressions on AIR do not convey unanimoudtseda our original specification for the
years 2002 to 2007, we cannot find any influenceneéstor relations on AIR, due to the fact
that TO has a positive influence on AIR in the y2@02. If we rerun the regressions starting
from the year 2003 through 2007, we observe a smgpyificant negative influence of investor
relations quality on AIR, as seen from the resaftEquations (5) and (6) of Table 18. Further
evidence comes from estimating the same regregsidifferent overlapping three-year sections
from the sample. During the first section, from 2G8@rough 2004, the influence of investor
relations is insignificant. For the periods 20032@05, 2004 to 2006, and 2005 to 2007, the
influence of IR on AIR is always significantly négya& and growing with regard to its economic
impact?.

(Insert Table 18 here)
Summarizing the results for both direct liquiditgasures, we observe a strong positive influence
of good investor relations on liquidity. Henceingiders are able to exert a positive influence on

investor relations quality, they really can crdajaidity.

4.5.4.2. Indirect Measures

Based on earlier research, our expectations reganddirect liquidity measures are indifferent.

Concerning volatility, research by Bushee and N2@0Q), Botosan and Plumlee (2002), and
Chang et al. (2008) suggests that we should fipdsitive correlation between volatility and

investor relations quality. With respect to shaagling volume, two offsetting effects determine

12 Results are available from the authors by request.
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the influence of investor relations. On the onedhdmgher liquidity usually goes hand in hand
with higher trading volume, a relationship that edso be derived from our regression results in
Table 18, where trading volume is significantlyasated with lower spreads. Our observation
of this relationship is in line with earlier findia by, e.g., Brennan and Tamarowski (2000) and
Lesmond (2005). On the other hand, better investlations should level the informational
playing field for all investors, resulting, accardito, e.g., Harris and Raviv (1993), in less share
trading and lower stock return volatility due tbigher convergence of market opinions.
Our regression results are in favor of the firgidthesis and in line with earlier investor relagon
and disclosure literature, as we observe a positigarly significant influence of investor
relations on share trading volume and a signifiggndsitive influence of investor relations on
stock return volatility. This indicates that stockgh better investor relations become more
attractive for short-term institutional investoas,is suggested by Healy et al. (1999) and Bushee
and Noe (2000).

(Insert Table 19 here)
Both of our indirect liquidity proxies deliver caotvorative evidence for the notion that investor
relations provide an important tool for corporatsiders to create liquidity for their shares. The
enhanced liquidity, however, incurs additional sdst the firm’s shareholders via higher stock

return volatility.

4.5.5. Investor Relations and Stock Performance

To gain a first impression of the relationship betw investor relations and stock returns, Table
20 shows the abnormal performance of two rollingteage portfolios formed on the basis of
each year’s Capital ranking. The portfolios arerfed annually by short-selling all stocks from

the bottom decile of the ranking and investingpheceeds in all stocks from the top decile. One
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of the portfolios is equal-weighted, and the otiseralue-weighted. The Jensen alphas of these
portfolios are depicted in Table 20.

(Insert Table 20 here)
The equal-weighted arbitrage portfolio is able emerate significant excess returns compared
with the market portfolio. This is, however, attrthble to the equal-weighting of the portfolio
constituents, as seen from the negative Jensea efggthe value-weighted portfolio.
Table 21 holds the results of all regressions omthip excess returns. Regressing monthly
excess returns on investor relations quality shgidld significantly positive betas for IR if good
investor relations had a positive impact on statkinns, as is suggested, e.g., by Schachel and
Vogtle (2006) and Agarwal et al. (2008).

(Insert Table 21 here)
Looking at the market model could lead to the cosidn that such is the case. However, the
evidence is mitigated by the insignificance of ifRevariables in the context of other explanatory
variables, such as company size and especially twoolarket ratio. The book to market ratio,
which has a highly significant coefficient, veryaigly mitigates the influence of investor
relations quality. Therefore, we conclude thateffects that can be spotted in the market model
are a glamour effect in disguise. Moreover, addih@nd REP in Model 1b) and 2b) does not
add noticeably to the explanatory power of Mod@sdnd 2a), respectively.
Adding the lack of evidence from the Jensen algbabe lacking influence in the regression
models with company size, book to market ratio, excess market returns, we conclude that
good investor relations have no significant infloenon excess stock returns of German

companies.
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4.5.6. Robustness

We perform several tests to confirm the robustoéssir results. Regressions on insider trading
are estimated on the number of orders in each @atégstead of the trading volume, and none
of the results changes significantly. Furthermareasuring company age as the number of years
from the founding date instead of the IPO date d@@€hange our results. Lastly, all inferences
regarding the relationship between investor retetiand liquidity are robust to running our
regressions on an annual basis.

That our sample is tilted toward large companiessds our results toward rejecting the
hypotheses by HH, if the model is indeed more vidsmall companies. Given this bias, our

results seem even more robust.

4.6. CONCLUSIONS

Our study delivers strong empirical evidence fa thodel by Hong and Huang (2005) that
investor relations are an instrument for corpoirag@&lers to generate liquidity for their own batch
of shares. We analyze all firms listed in one efajor German stock indices during the period
from 2002 to 2007 using the Capital investor relagiranking as a measure of investor relations
quality.

We find that good investor relations are very sgtgrassociated with higher insider sales
volumes, as predicted by Hong and Huang (2005). Wsiglers prefer to have good investor
relations becomes obvious from our regression®onliquidity proxies. Because insiders have
discretionary power over the investor relationatstyy of their firm, they can create liquidity for
their shares by dedicating resources to investatioas.

Apart from offering supportive evidence for the rabas such, we find that the results are indeed
influenced by company age, as Hong and Huang (2&fi§¢cture. Because our sample is biased

toward large companies, we did not investigategbestion in greater detail. This question offers
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a promising avenue for future research. In thigedn measuring the investor relations quality
of small companies could offer very interestingghss.

In contrast to earlier studies for the US marketebg., Agarwal et al. (2008) and for the German
market by Schachel and Vdgtle (2006), we cannaaletny systematic influence of investor
relations on stock returns. Including investor tielas quality in regressions on the monthly
excess returns of German stocks neither yieldg@f®iant influence of investor relations on
returns nor improves the explanatory power of egression models. Grouping the companies
of the investor relations rankings into deciles,also cannot find that arbitrage portfolios built
by buying the stocks from the top decile and skelling the stocks from the bottom decile can
earn any significant alphas compared with the mtagtarn adjusted for the risk-free rate.

To summarize our findings, we assess that the HoigHuang (2005) model draws a good
picture of the reality of the German stock marketeems as though insiders have used investor

relations as a means to create liquidity for teeck holdings.
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Table 14: Insider Trading — Summary statistics

Summary statistics for the insider trades usetigtudy. Data on insider trading were taken ftbenonline database www.insiderdaten.de and crossked with data from DGAP
and www.finanzen.net.

No. of trades

Total number of insider trades for the whole perighlich involve a stock listed in at least onelaf tR rankings

8,147
Trades concerning option transactions, securitglitenand donation, takeover bids, transactions gnisiders, and 3993
transactions concerning a firm not ranked in ae&or relations ranking during the correspondingppe '
Order Type Buy Orders Sell Orders All Transactions
No. of trades No. of firm-years No. of trades Mbfirm-years No. of trades No. of firm-years
Adjusted number of insider trades 2,172 426 1,982 00 4 4,154 613
Annual report ranking unavailable 36 3 9 4 45 6
Preferred Stocks 185 25 146 26 331 37
Financial Industry Stocks 311 67 259 61 570 100
Foreign stocks with a Germ_an_ dual- 35 4 52 3 87 4
listing
Final sample 1,605 327 1,516 306 3,121 466
Order volume in Euros 3,540,005,753 7,232,294,810 0,772,300,563
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Table 15: Summary statistics of the investor relatins scores

Table 15 contains descriptive statistics of the i@hpnvestor relations ranking, a ranking of oukeiavestor
relations quality. From 2002 to 2003, the numbematéd companies (n) shrank because the providbedberman
DAX family of stock indices, Deutsche Boerse, cheththe number of index constituents.

Variables tabulated: mean ranking score, mediakimgrscore, and standard deviation of the respectiwvking
scores, skewness of the score distribution, maxiscmne and minimum score.

2002 2003 2004 2005 2006 2007
n 200 159 160 158 157 156
Mean 321.5 311.5 347.2 358.4 350.8 336.06
Median 3334 330.1 338.1 377.45 359.1 344.4
St.-Dev. 74.94 63.66 76.17 79.43 70.97 66.10
Skewness -0.274 -0.242 -0.841 -1.744 -0.642 -0.598
Max Score 479.7 455.2 492.7 476.7 493.5 451.1
Min Score 75.5 74 50.9 25.8 127.9 140.6
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Table 16: Variable correlations

Table 16 contains a monthly correlation analysialbfactors used in our regression estimatessifRé percentage scores of the Capital ranking Rif stands for the percentage
score of the annual report ranking. MV represemsriatural log of average daily market value ofitygn millions of Euros during each month, LP thatural log of the monthly
average of daily closing prices, and LVO the ndtlog of average daily share trading volume eacmtmoRVOL is given by each month’s volatility ofijastock returns divided
by the daily volatility of that month’s market retis, SPR is calculated as the monthly averageeod#ily ratio of the difference of ask- and bideprover the midpoint between the
two prices, and AIR is calculated as the averaggady Amihud (2002) illiquidity ratios for each mgpany month. TO is given by the ratio of the moptwerage of daily trading
volume in Euros over the monthly average of dairket values of equity in millions of Euros. BVOY@S, and TAVO denote the natural logarithm of absolmading volume from
insider buy, sell, and total transactions, respebti IND_IR is the mean investor relations quabfythe industry a company belongs to.

The sample period for which correlation coefficeemtere calculated ranges from September 30, 200R)rte 18, 2008, and contains 8,524 observatidms.PEarson correlation

coefficients are tabulated in the upper triangtel the Spearman correlation coefficients are tabdlan the lower triangle. One (two, three) astéasmeans significance at the 10%
(5%, 1%) level.

IR REP MV LP LvO RVOL SPR AIR TO BVO SvO TAVO INOR
IR 1 0.25%** 0.44*** 0.40*** 0.05***  -0.28*** -0.31** -0.06** -0.12***  0.08*** 0.14*** 0.18*** 0.61* **
REP 0.26%** 1 0.41%* 0.20%** 0.09**  -0.16*** -0.23*** -0.05*** -0.14***  0.04*** -0.03*** -0.02* 0.1 5¥*
MV 0.45%+* 0.45%+* 1 0.57*+* 0.27**  -0.41%* -0.55** -0.14** -0.18**  0.15*** 0.01 0.09** 0.37%**
LP 0.39*** 0.22%+* 0.58*** 1 -0.27*  -0.36%* -047** -0.157* -0.14**  0.08** 0.13%** 0.17%* 0.31 ***
LvVO 0.07*+* 0.11%+* 0.24%x  -0.27*** 1 -0.01 -0.38***  -0.09**  0.48*** 0.08*** 0.03*** 0.06*** 0.04*+*
RVOL -0.24%*  -0.21**  -0.46**  -0.31*** -0.07*** 1 0.38*** 0.13*** 0.16*** -0.05* 0.04*** -0.01 -0.19**
SPR -0.37%*  -0.33%*  -0.71%*  -0.47%*  -0.51***  0.40** 1 0.43*** -0.02* -0.11%*  -0.13%*  -0.17** - 0.29%*
AIR -0.34%*  .0.27%*  -0.63***  -0.32***  -0.75*** 0. 34** 0.86*** 1 0.09*** -0.01 -0.05**  -0.04**  -0.08***
TO -0.21%*  -0.33%*  -0.53%**  -0.43**  0.56*** 0.29 *** 0.06***  -0.20*** 1 -0.01 0.02** 0.02* -0.17%*
BVO 0.10%** 0.07*** 0.15%* 0.10%** 0.08**  -0.04** * -0.14*** -0.10*** -0.02* 1 0.20%+* 0.66*** 0.09* *
SvVO 0.15¥*  -0.03*** 0.01 0.16*** 0.02* 0.04*¥*  -013*** -0.10***  0.06*** 0.21%+* 1 0.74%+* 0.09***
TAVO 0.19%+* -0.01 0.09*** 0.20*** 0.05*+* 0.00 -0.20***  -0.15%**  0.04*** 0.61*+* 0.81*** 1 0.12%+*
IND_IR 0.59%** 0.16%** 0.35%+* 0.31%* 0.02** -0.16**  -0.30***  -0.25***  -0.21***  0.10%* 0.10%** 0.13 »* 1
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Table 17: Regressions on Insider Trading Volume
This table presents regression results for regressif insider trading volume on investor relatignglity. The dependent variables are the natagpbf the Euro volume of insider
buy orders (BVO), insider sell orders (SVO), an@m¥ insider trading volume (TAVO). The instrumaintariable IND_IR represents the mean percentagestor relations score
for the respective industry in the respective ragkiear. MV stands for the natural log of markdtgaof equity at the end of June of the respeativiking year. LISTED stands for
the natural log of the number of years that haws@a since the IPO, VOLA is calculated as the aeeod monthly volatilities of daily stock returnerfirm-year, IR is given by the
percentage rating in the IR ranking and REP reptsdbe percentage score in the annual reportmgnKegressions (1), (3), and (5) are panel reigressvith cross-section fixed
effects and a heteroskedasticity robust White (1886fficient covariance matrix. Regressions (2), &nd (6) were estimated as two-stage least-sgqummel regressions with cross-
section fixed effects and a heteroskedasticity solivhite (1980) coefficient covariance matrix. (ftveo, three) asterisk(s) means significance atlf (5%, 1%) level.

Dependent Variable BVO SVO TAVO
First Stage 1) 2 3 4 (5) (6)
IND_IR 0.878
(14.09)***
IR 1.893 10.545 8.039
(0.42) (2.00)** (1.60)
REP 0.134 -6.076 -1.777 -5.493
(2.80)*** (2.25)** (0.51) (1.73)*
MV 0.056 2.333 2.012 0.515 -0.279 1.922 1.188
(6.51)** (4.2 )% (3.06)*** (0.84) (0.37) (322)*** (1.62)
VOLA -0.058 59.169 56.706 -108.926 -95.672 528. -32.903
(0.13) (2.14)* (2.01)** (3.24)** (2.67)** 1.57) (1.13)
LISTED -0.067 2.128 2.590 1.476 2.181 1.304 83.0
(3.16)*** (1.59) (1.90)* (0.97) (1.40) (0.98) (1.50)
Constant -0.210 -17.268 -13.873 1.212 -1.539 .905 -6.203
(2.68)*** (4.56)** (3.11)* (0.28) (0.28) (180) (1.30)
Adj. R? 0.63 0.27 0.27 0.27 0.27 0.30 0.29
N 736 736 736 736 736 736 736
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Table 18: Effects of investor relations on directifuidity measures

Results of regressions with two liquidity proxies @ependent variables: proportional quoted spr&&Rj, the
monthly average of daily proportional quoted bi#-apreads, and the Amihud (2002) illiquidity ragalR),
calculated as the monthly average of the ratioadlfydstock return over trading volume in Euros. Tigrumental
variable IND_IR represents the mean percentagesiaveelations score for the respective industthérespective
ranking year. MV stands for the natural log of #werage monthly market value of equity. RVOL isegivby the
monthly ratio of daily stock return volatility oveaily market return volatility. LP is the natutagy of the monthly
average of daily closing prices. LVO representsrthgiral log of average daily share trading volipee month.
TO is calculated as the ratio of the monthly averafjdaily trading volume in Euros over the montalerage of
daily market value of equity in millions of Eurd® stands for the percentage rating score in th@t@aanking,
and REP is the percentage score in the annualtnepiking. All regressions are estimated with fixedss-section
effects and a heteroskedasticity robust White (1@8efficient covariance matrix. Regressions (3), &nd (5) are
panel regressions, and (2), (4), and (6) are tagestieast-squares specifications. T-statisticstavalated in

parentheses. One (two, three) asterisk(s) meandisance at the 10% (5%, 1%) level.

Dependent Variable SPR AIR AIR
First Stage 2) ) First Stage 3) 4) First 8tag  (5) (6)
Time 09/02- 09/02- 09/02- 09/02- 07/03- 07/03-
period 06/08 06/08 06/08 06/08 06/08 06/08
IND_IR 0.887 0.887 0.922
(56.68)*** (55.93)*** (8.05)***
IR -0.010 0.001 -0.001
(6.51)** (0.89) (8.27)
REP 0.052 -0.010 0.000 0.000 0.086 -0.000
(4.31)** (11.18)***  (5.96)*** (0.61) (6.42)** (2.25)*
MV -0.069 -0.003 -0.004 0.021 -0.002 -0.002 0.026  0.000 -0.000
(10.50)**  (5.09)**  (B.51)**  (11.33)x*  (2.52)* (2.44y*  (11.29)%**  (7.48)**  (2.25)*
AIR 0.455 0.234 0.240
(4.53)** (5.12)** (5.09)***
RVOL -0.002 0.000 0.0002 -0.001 0.000 0.000 -0.001 -0.000 -0.000
(B.53)y%**  (3.29)%  (2.94)*  (2.06)** (0.35) (0.35) (1.19) (0.73) 0.72)
P 0.106 -0.004 -0.002
(14.40)***  (5.45)*** (3.08)***
VO 0.010 -0.002 -0.002
(7.38)**  (15.42)**  (14.64)***
TO 0.002 0.001 0.001 -0.001 -0.000 -0.000
(2.76)*** (1.75)* (1.76)* (0.98)***  (2.62)***  (2.86)**
Cc 0.201 0.049 0.063 -0.109 0.015 0.015 -0.181 0.002 0.002
(7.01)**  (20.59)***  (20.60)***  (6.26)*** (2.65)*** (2.86)*** (8.05)*** (8.90)**  (10.45)***
Adj. R2 0.72 0.78 0.77 0.71 0.19 0.19 0.73 0.64 40.6
N 8,534 8,534 8,534 8,536 8,534 8,534 7,087 7,085 ,0857
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Table 19: Indirect liquidity measures
We estimate two-stage least-squared panel regrsssio share trading volume (LVO) and relative stoatiarn

volatility (RVOL). LVO is the natural log of averagdaily share trading volume per month, and RVOlhes

monthly volatility of daily stock returns scaled the corresponding monthly volatility of daily matkreturns. IR
represents the percentage rating score in the alapiestor relations ranking, and REP is the paage score of
the annual report ranking. The instrumental vagalNID_IR represents the mean percentage invedtdiomes score
for the respective industry in the respective ragkyear. MV stands for the natural log of the ageraonthly

market value of equity. LP is the natural log af thonthly average of daily closing prices, and $PtRe monthly
average of daily proportional quoted bid-ask spseadl regressions were estimated with cross-sedtied effects
and a heteroskedasticity robust White (1980) coeffit covariance matrix. Models (1) and (3) aregbaggressions
and (2) and (4) are two-stage least-squares spa&iifns. T-statistics are tabulated in parenthé3es. (two, three)
asterisk(s) means significance at the 10% (5%, |&¥&).

Dependent Variable LVO RVOL
First Stage (1) (2) First Stage 3) (4)
IND_IR 0.888 0.891
(55.79)*** (56.67)***
IR 0.183 0.906
(1.26) (2.64)***
REP 0.075 -0.015 0.059 -0.393
(6.14)*** (0.14) (4.83)*** (1.90)*
MV 0.022 -0.227 -0.234 -0.065 -0.969 -0.961
(10.64)*** (9.74)*** (9.50)*** (9.79)*** (6.63)*** (6.32)***
SPR 0.194 -22.119 -22.068 0.483 17.774 17.363
(1.41) (12.40)*** (12.34)*** (3.46)*** (3.95)*** (3.83)***
RVOL -0.001 0.129 0.129
(1.47) (18.61)*** (18.66)***
LP 0.104 0.649 0.591
(14.17)*** (3.62)*** (3.12)**
LVO 0.009 0.747 0.739
(6.94)*** (17.48)*** (17.07)***
c -0.120 4.146 4.080 0.159 5.146 4.891
(6.01)** (23.85)*** (21.43)*** (5.33)*** (9.30)** * (7.12)**
Adj. R2 0.71 0.88 0.88 0.72 0.43 0.43
n 8,536 8,534 8,534 8,534 8,534 8,534
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Table 20: Arbitrage portfolio returns: good vs. badinvestor relations

Table 20 shows the alphas generated by arbitragélims of top-decile and bottom-decile stockstloé Capital
investor relations ranking. All stocks from the fgcile are bought, and all stocks from the bottiatile are sold
short. The arbitrage portfolios are rebalancegeah@anking date. Returns to the one arbitragdgiiot are equal-
weighted, returns to the other are value-weighkddnthly arbitrage portfolio returns are regressednwonthly
returns of the DAX index net of the risk-free ratdich is represented by the monthly EURIBOR. A&ljressions
were estimated with Newey-West (1987) standard&rfone (two, three) asterisk(s) means significattke 10%
(5%, 1%) level.

Equal-weighted Value-weighted
Period 09/02-06/08 09/02-06/08
Dependent . Portfolio
Variable Portfolio Return Return
alpha 0.012 -0.003
(1.89)* (-0.46)
market -0.002 0.429
(-0.01) (3.29)***
Adj. R2 -0.01 0.18
n 70 70
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Table 21: Regressions on monthly excess returns

Table 21 presents the results of two regressionefsoth Model 1, monthly excess stock returns aggassed on
monthly excess returns of the corresponding mankletx of each stock. In Model 2, company size (M%)l book-
to-market ratio (BTM) are also included as regresddV is the natural log of the market value ofiégin millions
of Euros at the end of June of the respective renikear. BTM is given by the book-to-market-ratidkee end of
the year before the ranking. IR represents theepéage rating score in the Capital ranking. RERdstdor the
percentage score in the annual report ranking. dtaskgiven by the monthly excess return of the DAdex over
the risk free rate, which is determined by the hynEURIBOR interest rate. T-statistics are showparentheses.
All regressions were estimated with Newey-West {)98tandard errors. One (two, three) asterisk(sqnse
significance at the 10% (5%, 1%) level.

(1a) (1b) (2a) (2b)
IR 0.017 0.012
(1.70)* (1.29)
REP 0.008 0.005
(0.85) (0.48)
MV 0.000 -0.000
(0.66) (-0.14)
BTM 0.007 0.007
(2.19)* (2.13)**
market 1.040 1.040 1.024 1.023
(24.15)**  (24.12)** (26.92)**  (26.86)**
alpha 0.001 -0.015 -0.006 -0.013
(0.75) (-1.89)* (-0.99) (-1.68)
Adj. R2 0.27 0.27 0.28 0.28
n 8,555 8,555 8,326 8,326

121



5. Summary

The first paper shows three things. First, it cffempirical evidence for the fact that German
stocks overreact. Overreaction means that stoaks sgnificantly positive abnormal returns
after a large one-day price decline, being defibgda return of minus ten percent, and
significantly negative returns after a price ing®ebeing defined by a return of plus ten percent.
The magnitude of the abnormal returns after lamggephanges does not become smaller over
time. Therefore, earlier evidence from the US tharreaction vanishes with rising liquidity and
shrinking spreads, cannot be corroborated.

Second, the reaction to price shocks on the Gestwuk market is asymmetric; in other words
the absolute values of the abnormal returns aftee plecreases are larger than those after price
increases. This is in line with earlier findings tbhe US and other international stock markets.
Dividing the total sample into size sub-sampleadiag to index constituency it can be shown
that overreaction is not a small-firm phenomenortrenGerman market. Instead, overreaction
can be found across all size sub-samples and &meds. That finding is different from parts of
the existing literature on the US market.

Third, although German stocks earn short-term ahabreturns after large one-day price
changes, it is not possible to implement a profigatading strategy to exploit this phenomenon,
which is due to transaction costs and single eweititsvery large negative returns on subsequent
trading days.

The second paper is an evolution of the first paperprovides empirical evidence of short-term
stock return drift after large one-day price insesmin emerging stock markets. The fact that no
pervasive overreaction can be detected, poststeaspio the findings for the German market of

the first paper. Short-term stock return drift tenfound in all geographic regions and in all size
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sub-samples. The extent of the drift shrinks witimfsize. Like in Germany none of the factors
of the explanatory regressions has a significafiuence on short-term return drift. The
methodology of the second paper differs widely fritr@ methodology of the first. Instead of
using plain t-statistics to test for abnormal retuthe methodologies of Boehmer et al. (1991)
and Corrado and Zivney (1992) are implemented. édistence of short-term stock return drift
does not depend on the choice of methodology, tsrbethodologies lead to the same results.
The third paper has two main findings. First, itabtishes that good investor relations are a
means for a company to increase stock market lityyies measured by Amihud illiquidity ratio,
proportional quoted bid-ask spreads, share tradihgme, and stock return volatility relative to
market volatility. Second, it shows that good irneeselations and large insider sales are
positively correlated. Taken together these twdifigs offer corroborative empirical evidence
for the model by Hong and Huang (2002) that investiations are a means for corporate insiders
to generate liquidity for their own shares. Theorale behind the model being that corporate
insiders with discretionary power over investoratigins policy, such as CEOs and/or CFOs
usually own more shares than the average outsideetsblder. Therefore, the profit
disproportionally from higher market liquidity irase they want to sell their shares. This results
in an incentive to spend more on investor relatibas optimal.

A question that is not investigated in greater itletavhether the hypothesis of Hong and Huang
explains reality better for small companies. Tlgatue to the fact that there is no available
investor relations ranking for small companies. Megmg investor relations quality of small
firms could offer very interesting insights in @&/n right and could improve the understanding

of the relationship between investor relations imsdler trading.

123



