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Abstract

We employ government bond portfolios from 17 countries in order to investigate the short-run reaction of investors to price shocks. Our findings indicate a delayed overreaction of investors to shocks, a pattern that persists irrespective of various robustness tests such as different datasets (Datastream / J.P. Morgan), different maturity bands, and day-of-the-week effects. Simulated trading strategies based on our results suggest that this behavioral pattern can be employed to generate economically significant profits for many country portfolios. We also demonstrate that significant zero-investment profits are possible even when instead of the expensive to replicate country bond portfolios we employ directly tradable and low transactions cost instruments, such as Bond Futures Contracts. Our results reject the notion of rational pricing in international government bond markets.  
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I. Introduction

In informationally efficient asset markets, prices incorporate news quickly and accurately and investors cannot predict future returns and make abnormal profits. However, the empirical results of DeBondt and Thaler (1985) for the US equity market seriously challenge the notion of efficient capital markets and indicate that abnormal profits are possible using historical information. More specifically, they demonstrate that a ‘contrarian’ strategy of going long a portfolio of extreme prior losers and going short a portfolio of extreme prior winners will produce long-term abnormal profits; this is due to the tendency of investors to overreact to information. Note that serial correlation in US stock returns is documented in many studies (for example, Fama and French 1988; Poterba and Summers 1988); that price reversals exist for international markets as well (see, DaCosta and Newton 1994; Baytas and Cakici 1999; Antoniou, Galariotis and Spyrou 2005, Richards 1997, among others); and that price reversals also exist in the short-term (Bremer and Sweney 1991; Jegadeesh 1990; Lehman 1990). For the medium-term, many authors suggest that equity investors underreact to information and that this underreaction produces profitable ‘momentum’ profits, (e.g. Asness 1997; Conrad and Kaul 1998; Jegadeesh and Titman 1993). 
A number of recent studies also document very short-term and/or intraday inefficient investor reaction following days on which extreme events took place. Schnusenberg and Madura (2001) report one-day underreaction following positive and negative market shocks in the US stock market, while Lasfer, Melnik and Thomas (2003) find that for 39 international markets, on average, positive (negative) shocks are followed by subsequent large positive (negative) abnormal returns in both developed and emerging equity markets; this evidence is consistent with the short-term underreaction hypothesis. Grant, Wolf, Yo (2005) find significant intraday price reversals following large price changes in the market open for US stock index futures contracts.  

Attempts to explain these findings include bid-ask biases, investor psychology, multifactor pricing models, size, transaction costs, etc. For example, short-term reversals may be induced by prices bouncing between bid-ask quotes: Jegadeesh and Titman (1995) show that inventory imbalances may cause negative short-term serial correlation in prices, while Roll (1984) shows that due to the dealers order processing costs the bid-ask bounce may explain short-term negative serial correlation (see also on bid-ask explanations, Cox and Peterson 1994; Atkins and Dyl 1990; Park 1995). Fama and French (1996) find that long-term equity return reversals can be explained within the context of a multifactor asset pricing model while Zarowin (1990) finds that conrrarian profits may be due to a size effect in stock returns. Possible explanations for the medium-term underreaction findings are book-to-market effects (Asness 1997), trading volume (Lee and Swaminathan 2000), analyst coverage (Hong, Lim and Stein 2000), and transaction costs (Lesmond, Schill and Zhou 2004). 
Other authors attempt to explain these phenomena with investor psychology (Barberis, Schleifer and Vishny 1998; Daniel, Hirshleifer and Subrahmanyam 1998; Lakonishok, Shleifer and Vishny 1994; Hong and Stein 1999; Odean 1998) and present different channels through which investor psychology can lead to inefficiencies in securities' returns. The rationale for these studies originates in evidence of empirical psychology that individuals tend at times to underreact or overreact (Kahneman and Tversky 1982; Griffin and Tversky 1992). Consider, for example, the confidence model provided by Daniel, Hirshleifer and Subrahmanyam (1998) which predicts short run positive serial correlation and long run negative serial correlation, or the model developed by Barberis, Schleifer and Vishny (1998) in which investors will overreact to strong and salient information and underreact to information low in weight. In this case, overreaction will cause future reversals as prices revert to their fundamental value and under-reaction will cause positive serial correlation as prices adjust slowly to public information. This model is based on two well-established human psychological characteristics: representativeness and conservatism. 

However, the vast majority of the empirical studies in the overreaction/underreaction literature document and attempt to explain inefficiencies in equity returns; very few studies examine international bond markets which have been neglected to a large extent by researchers. Note that although Khang and King (2004) argue that bond markets may be less prone to behavioral biases compared to equity markets, Cutler, Poterba and Summers (1991) report evidence of medium-term momentum and long-term reversals in bond returns, a finding suggesting that possible return predictability exists in the market for fixed income securities as well. 
Our paper aims to address this gap in the literature and investigate the short-run reaction of international government bond investors to extreme (market-moving) events; i.e. events that proxy for unobservable information. More specifically, instead of isolating incidents that may affect bond returns, we define as a market-moving event a day in which the actual return is more than two standard deviations away from the expected return and examine how investors react following this shock. We employ daily data on clean bond prices from 17 markets for the period between 1989 and 2004. We report a delayed overreaction of bond investors to shocks. The pattern persists irrespective of whether the analysis is applied for each individual country or the aggregate series, of whether the Datastream or the J. P. Morgan indexes are employed in the empirical analysis, and of maturity and day-of-the-week effects. Further analysis suggests that after negative extreme events, and for a period of over 60-days, prices seem to revert enough to generate abnormal returns which are be economically significant. Simulated trading strategies based on the findings indicate that this behavioral pattern can be employed to generate economically significant profits for many country portfolios, even when we use tradable assets such as Bond Futures Contracts as proxies for the expensive to replicate country bond portfolios. 
Our research contributes to the literature in several ways. Firstly, research on bond investor overreaction and/or underreaction is scarce, despite the size and importance of international government bond markets. Secondly, we examine bond returns from several countries and, as Fama and French (1996) point out, this is desirable in order to establish whether there is a cross-country pattern in securities' behavior. Furthermore, since the bond portfolios we use in the study include only actively traded issues or on-the-run issues the results may be of particular interest to professional fund managers and international institutional investors in bond markets. Thirdly, we also employ a trading strategy in order to investigate whether the observed patterns can be turned into profitable trading rules. Most studies examining abnormal returns fail to suggest a clear strategy based on which an investor may achieve abnormal profits. We apply a trading strategy based on the behavioral inefficiency documented in the paper and report abnormal profits not only for country bond portfolios but also for directly tradable proxy instruments with low transaction costs, such as Bond Futures Contracts. Fourthly, as further robustness tests, two different datasets and five different maturity bands (1-3 years, 3-5 years, 5-7 years, 7-10 years, 10+ years) are employed in the study. 
II. Data, Methodology, Hypotheses
For the empirical analysis we use daily clean prices on diversified government bond portfolios for 17 countries: Australia, Austria, Belgium, Canada, Denmark, France, Germany, Ireland, Italy, Japan, Netherlands, Portugal, Spain, Sweden, Switzerland, U.K. and U.S.A. The sample begins in 1/1/1989 and ends in 1/1/2004, covering 16 years and providing 3,915 daily observations for each portfolio. For Portugal the sample begins in 1/1/1993 and ends in 1/1/2004 (2,871 daily observations) due to data availability. To proxy for these portfolios we employ the respective Datastream government bond indexes. 
Bond prices depend on dealers' quotations and for each bond there is usually more than one quoted price. As a result, the use of a specific bond portfolio in the empirical analysis may lead to conclusions that do not apply to other portfolios. In addition, the inclusion in the portfolios of bonds with low liquidity may lead to biased results, since low liquidity causes large differences in quoted prices as traders are likely not to update their price (see for a discussion, Sarig and Warga 1989; McCulloch 1987). The Datastream indexes have certain characteristics that overcome these problems. First, prices are chain linked to the previous day so there are no jumps in prices. Second, very small or illiquid issues are not included; for some countries (e.g. Australia) the indexes include only on-the-run issues while for other countries the indexes include only actively priced issues. Third, the indexes cover all traded liquid bonds (except for some bonds with special characteristics) thus providing a series on a broad portfolio. Finally, a series is made available only if there is data available for enough bonds to create an index. This ensures that each index reflects market moves.  

The examination of index prices for runs, i.e. same index prices for consecutive days, indicates that for each country there are less than 20 cases of same index price for two consecutive days (excluding holidays) and no cases of same index price for three consecutive days, out of a sample of about 3,920 observations for each index. Table 1 presents descriptive statistics for each of the 17 series. Note that the highest daily mean return for the whole sample period is that of the Spanish portfolio (0.007%) whilst the highest standard deviation that of the Australian portfolio (0.332%).  
[INSERT TABLE 1 HERE]

In order to examine bond return behavior after extreme (market-moving) events, we first have to specify when an extreme shock occurs. Since we study many national bond markets it may not be meaningful to attempt to isolate economic incidents specific to each market. Instead, a uniform rule could be applied to define an event day for all markets. Earlier studies use a variety of definitions: Bremer and Sweeney (1991) consider an event day for a stock when the price drops by at least 10%, Howe (1986) uses weekly price changes of more than 50%, Atkins and Dyl (1990) use the largest price change in a 300-day window. This paper employs a standard methodology and identifies a positive (negative) extreme event when the bond index return at any given day is above (below) two standard deviations the average daily return computed over the [-60 to -11] days before the given day. We distinguish between positive and negative extreme events in order to examine whether investor behavior, on average, differs for good and bad news. The expected return and the standard deviation for day t is also computed from the observations between day t-60 and day t-10 (the analysis is repeated for windows other than [-60 to -10] and the results are qualitatively the same). This method accounts for time-varying risk premia, which could cause serial correlation in returns at least in the intermediate to long term (see Lasfer, Melnik and Thomas 2003; Fama and French 1989; Ball and Kothari 1989; Chan 1988). 
Once an event day is identified, we calculate the post event abnormal return as:
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In (1) Rit is the return of country's i bond index on day t and E(Ri,t) is the average return of the fifty day window ending ten trading days prior to the price shock. The Cumulative Abnormal Returns (CARs) are then computed for each portfolio and for each event for various windows (t+1 until t+60). Shocks occurring within a ten day period after another shock are assumed to be reactions to the initial shock and are not treated as a new event. Next, the Average Cumulative Abnormal Returns (ACARs) for each portfolio and each type of shock are computed and the statistical significance of the ACARs is assessed with the t-statistic
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, where σ is the standard deviation of the CARs and N is the number of CARs from which the ACAR is estimated. 
If participants in the international government bond market react efficiently to information then we expect that all information contained in an extreme event will be incorporated in bond prices within the same day, i.e. a prolonged effect will not exist. Thus, ACARs following the extreme event will be, on average, close to zero and statistically insignificant. If, however, investors overreact to information on the event day we should observe statistically significant ACARs of the opposite sign the following day(s) since investors correct their initial overreaction. Similarly, if investors underreact to information on the event day we should observe statistically significant ACARs of the same sign the following day(s) since investors continue to incorporate information to prices many days subsequent to the extreme event. 
III. Results

The results for the pooled series are presented in Table 2. The pooled sample includes all 17 countries, i.e. 65,511 observations in total. There are 941 positive shocks and 1,202 negative shocks in all countries during the sample period. The average abnormal return on a positive event day (day t) is 0.523% while the average abnormal return for day t+1 is 0.048%. Cumulatively, abnormal returns following positive events increase until day t+10 when, on average, they become 0.144%. Up to and including that day all ACARs are significantly different from zero at the 1% level. From then onwards, returns appear to reverse, with the ACAR dropping to 0.086% on day t+20 and turning negative after that. By day t+60, all positive cumulative abnormal returns have disappeared and the ACAR becomes -0.405%. Abnormal returns following negative events present a similar pattern: the average abnormal return on day t is -0.548% while the average abnormal return on day t+1 is -0.089%; the momentum keeps until day t+10 when the ACAR drops to -0.255%. From that day on a reversal takes place with ACARs turning positive at 0.359% by day t+60. All ACARs are statistically significant. It is interesting to note that, so far, for both positive and negative events there is a common pattern, that is, after an initial slow reaction to unobservable information there is a price reversal. 
[INSERT TABLE 2 HERE]

We present the results for individual countries in Table 3 where the first column lists the markets and the next (last) 4 columns present results for positive (negative) events for day t, t+10, and t+60. The results for the rest of the days (available upon request) are presented graphically in Figures I and II. The average reaction to a positive extreme event, i.e. the abnormal return on day t, varies from 0.298% in Switzerland to 0.752% in the UK while the average reaction to a negative extreme event varies from -0.325% in Switzerland to -0.846% in Australia. Note that the highest mean reaction to both types of shock appears to take place in the USA, UK and Australia. Our results indicate that, following a positive event and for most countries in the sample, there are statistically significant abnormal returns for at least one day and that all statistically significant ACARs are positive up to day t+10, while they all turn negative by day t+60. For statistically significant ACARs following negative returns, we also have momentum up to day t+10 and then reversals. This is apparent when one examines Figures I and II: irrespective of the type of shock and the country, bond returns keep their (positive or negative) momentum for about 10 days and then they appear to reverse. 
[INSERT TABLE 3 HERE]

[INSERT FIGURE 1 HERE]

[INSERT FIGURE 2 HERE]

Note that these results are not inconsistent with the results in previous studies. For example, Khang and King (2004) examine a buy and hold strategy in the US Treasury market and find no predictability. However, the 10-day momentum that we detect here would not appear with Khang and King’s monthly data, while the 60-day reversal would not indicate an anomaly in a buy-and-hold strategy. For example, the 60-day ACAR in the US following a positive event is -0.697% (Table 3) which combined with the initial abnormal return of 0.636% in day day t  would appear as an abnormal return close to zero in a buy-and-hold strategy.
 Are Cumulative Abnormal Returns Related to the Initial Shock?

If investors overreact, it would be reasonable to assume that the higher the initial market move, the higher the subsequent reversal. Actually, to implement a trading rule based on momentum or reversal, this condition is required. If a trader decides to capitalize on return patterns, he or she would require some evidence not only about the sign of future returns but about their size too. Thus, in order to investigate whether the size of abnormal cumulative returns is related to the event day return, we next regress CARs on the event days' abnormal return. If investors overreact, we would expect to find a statistically significant negative relationship between the event day abnormal return and the reversal period CAR. If investors behave according to Daniel, Hirshleifer and Subrahmanyam (1998), in the period immediately after a shock self-attribution should cause investors to reinforce their positions, resulting in momentum. However, the model does not specify the relationship between the size of the initial shock and the reaction of investors during the momentum period. If after large shocks investors do not feel there is much room for further correction, prices will keep changing at the same direction, but at a reducing pace. If the shock is mild, investors may feel that the market has understated the significance of the event, and prices will show further correction. In this case, we should find a negative relationship between initial and subsequent returns (the larger the shock the lower the momentum phase returns). We run regressions of the form:
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where CARt+i is the cumulative abnormal return at day t+i, and ARt is the abnormal return on the event day t. A statistically significant coefficient b suggests that the size of abnormal cumulative returns is related to the event day return; a positive coefficient indicates that the higher the initial shock the higher the abnormal return t+i days after the event and visa versa. 
We present the results for 1, 5, 10 and 60-day CARs after an event for the pooled sample (all countries) in Table 4; Panel A presents results for positive events and Panel B for negative events. The results in Panel A indicate that all the coefficients on the CARs are positive but not statistically significant, even at the 10%. Thus, the magnitude of the market reaction over the next 60 days does not seem to depend on the size of the shock. For CARs up to day 10, the signs of the coefficients imply that the bigger the initial shock, the higher the CARs immediately after the shock. For the 60-day CAR the sign of the coefficient implies that big shocks are followed by mild reversals and small shocks and followed by big reversals. The results in Panel B (negative events) indicate that all coefficients are negative and, with the exception of the first day abnormal return, statistically significant. In addition, the signs of the coefficients for day 1, 5 and 10 CARs imply that the bigger the losses in day 0, the lower the losses over the next 10 days. The sign of the 60-day CAR is the expected one and highly significant, implying that the bigger the losses at day 0, the bigger the reversal. Note also, that this is the regression with the highest R2. In every other regression the R2 is less than 3%. Judging by the R2, it seems that initial returns cannot explain much of the variation in subsequent CARs. Especially for the reversal period, if the market systematically overreacts to news, it is reasonable to expect some relationship between the weight of the news and the reversal afterwards. However, such a relationship seems to exist only for negative shocks.

[INSERT TABLE 4 HERE]

Tables 5a and 5b report the same regression results for 10 and 60-day CARs by country, for positive and negative events respectively (the regressions were also estimated for 1 & 5 day ACARs with no statistically significant coefficients). For positive events (Table 5a) the results confirm the evidence presented so far, i.e. there does not seem to exist a common pattern. Most coefficients are very low, statistically insignificant and do not have the same sign. For example, from the 34 regressions reported in the Table only in 8 is the b coefficient statistically significant, implying that the magnitude of CARs cannot be predicted by the size of the return on the event day. More importantly, for the reversal period (60-day CAR), only 2 out of 17 coefficients are statistically significant. For negative events (Table 5b) and up to day 10 after an event, few coefficients are statistically significant and their signs are mixed. Therefore, we cannot infer that returns up to 10 days after a negative event can be predicted based on the size of losses on the event day. However, this is not true for the reversal period. During this period all coefficients have the expected sign; a finding suggesting that in every country the higher the event day loss the higher the reversal after 60 days. Note also that 13 out of the 17 b coefficients are statistically significant (10 at the 5% level and a further 3 marginally significant at the 5% level). Furthermore, all coefficients are higher than 1 and some are even higher than 3, indicating a very strong effect. Most R2s are between 5% and 10% while some are even higher (15.21% for Italy and 27.8% for Sweden).

[INSERT TABLE 5A HERE]

[INSERT TABLE 5B HERE]

To recapitulate the results so far, irrespective of the type of shock and the country, bond returns seem to follow a momentum for about 10 days and then they appear to reverse or, in other words, bond returns exhibit a delayed overreaction. During the initial phase returns cannot be predicted based on the event day abnormal return. However, during the reversal phase and for negative events only the evidence we present indicates that the market reaction depends, to some extent and for most sample countries, on the event day return. If we translate this into a trading strategy, then for large initial losses, a trader may be able to generate satisfactory abnormal profits. For example, in the U.S. market, if bond prices fall by 1%, in the 60 days following the fall, our regression results suggest a cumulative abnormal return of about 1% [-0.0148 + (-2.477 x -1%)]. Considering that there are several event day returns which are about 1% and that there are on average 4 negative events per country per year, it is obvious that a trading strategy based on our results could potentially generate excess profits. We shall return to this point later. Since it appears more probable to predict abnormal returns after negative shocks, the rest of the analysis focuses on CARs following negative shocks. 

Robustness Tests: Day-of-the-Week Effects
Many empirical studies document day-of-the-week effects in equity returns, such as higher returns on Fridays and lower on Mondays (see French 1980). If such effects are present in bond markets as well, they could potentially affect the results. For example, if a negative event occurs on a Friday, the higher excepted return for that day could imply, on average, smaller losses compared to losses due to negative events on other days. Testing for a weekend effect, also serves as a robustness check: from Tuesday to Thursday, abnormal returns should be rather stable, since there is no reason to assume that negative events on a particular day should generate a different return pattern compared to other days. To this end, we group by day of the week all negative events for all 17 countries, e.g. the Monday series includes all negative events that occurred on a Monday in every country of the sample. 
[INSERT TABLE 6 HERE]

The average reaction and the ACARs for 1, 5, 10, and 60 days are reported in Table 6. Note that the reaction to a negative shock does not differ much by day of the week, in fact the average Monday and Friday reaction is identical (-0.56%), indicating that a ‘Weekend Effect’ does not affect investor behavior on days of exceptionally low returns. These results also suggest a stable pattern for all week days. ACARs after a negative event are all negative and statistically significant at least at the 10% level. ACARs 60 days after the event are all positive and statistically significant (except Wednesdays). The change in ACARs from day 10 to day 60 after an event implies stable sizable abnormal returns, which seem worth investigating.

Robustness Tests: Maturity Effects
The psychological evidence on which behavioral finance is based, suggests that the longer the duration of an asset, the more likely it is to find inefficiencies in its pricing. Einhorn (1980), for instance, argues that overconfidence is a function of the time it takes for the outcome of a task to be known. Thus, an important issue that renders further investigation is whether results are driven by returns of a specific duration band only. In order to examine this important issue, portfolios with different durations must be formed. However, given data availability, this is not possible for most countries in the sample. As a result, rather than using portfolios of different duration, portfolios of different maturities are employed instead, assuming that maturity bands reflect differences in durations. 
[INSERT TABLE 7 HERE]

The series are obtained from Datastream which compiles government bond indexes for the following maturity bands: 1-3 years, 3-5 years, 5-7 years, 7-10 years and more than 10 years (10+ years); in effect there are 5 portfolios for each of the 17 countries. The indexes include only on-the-run or actively priced issues. The results (for negative events) are reported in Table 7 and suggest that the findings of the paper so far are not confined to a specific duration band. In every case, for the first 10 days we observe negative and increasing (in absolute terms) ACARs. The 60-day ACARs are all positive and statistically significant indicating return reversal. As expected, the higher the maturity of the portfolio the higher the event day abnormal return and the higher the reversal. That is, the delayed overreaction pattern following negative events is not confined to long-term government bonds only.

Robustness Tests: The J.P. Morgan Bond Portfolios 
As discussed above, bond pricing is an important issue in bond studies. Given the special characteristics of bonds it could be argued that the results may be attributed to the pricing of the bonds included in the portfolios. For example, the 10-day momentum may be a result of price staleness of the bonds included in an index (however, it is rather unlikely that the subsequent reversal may be caused by pricing problems). Therefore, as a further robustness test, we re-estimate extreme events and the following ACARs for a different set of government bond portfolios. These portfolios are compiled by J.P. Morgan (JPM) and, although different to those compiled by Datastream, are also made up by actively priced government bonds and are available for 15 out of the 17 countries of the sample. 
[INSERT TABLE 8 HERE]

[INSERT TABLE 9 HERE]

Descriptive statistics for these series are reported in Table 8 and a comparison with the descriptive statistics of the Datastream portfolios (Table 1) suggests that the JPM portfolios posses similar characteristics. Table 9, presents the ACARs for the JPM series, following negative events. The results are both qualitatively and quantitatively similar to the results reported for the Datastream indexes. Most countries exhibit the delayed reversal pattern. Up to day 10, most ACARs are negative and about half are statistically significant, while the 60-day ACARs are mostly positive.
Summary of the results 
To summarize our empirical findings this far, the analysis of bond portfolios for 17 markets for the period 1989-2004 indicates that predictable behavioral patterns exist in bond returns following extreme (market-moving) events. More specifically, following both positive and negative market shocks bond investors underreact for a period of about 10 days (two trading weeks) and then reverse their behavior for a period of at least 60 days after the event. This pattern is common for all countries and is consistent irrespective of maturity bands, day-of-the-week effects, and sample portfolios. Further analysis suggests that after negative extreme events, and for a period of over 60-days, prices seem to revert enough to generate abnormal returns which may be economically significant. However, this behavior is not observed following positive shocks where initial abnormal returns cannot explain future CARs. In other words, an investor observing an exceptional rise in bonds prices, cannot be certain (within a confidence interval) that it will be followed by large negative returns. 


IV. A trading strategy based on the evidence
An important issue in every study that attempts to uncover misspricings and inefficiencies in financial markets is whether any return predictability suggested by the findings can be formed into a profitable trading strategy. In this section we attempt to address this issue and examine whether a trader can use the evidence we present above to form a trading strategy and generate excess returns. Suppose that a trader observes the delayed overreaction behavior presented in the paper and decides to take a position following a negative event. The trader ignores the first 10 days after the event since the direction of returns is not clear or returns are too low for a strategy. However, during the reversal period there are potential sizeable gains. He or she, thus, decides to go long 10 days after a negative shock and stay long for a period of 50 days. The trader also observes that only large negative shocks have the potential to generate subsequent large abnormal profits, so the trading rule is triggered when the event day abnormal loss of -0.7%, or higher. Indeed, the results indicate that for the U.S. market, for example, if the initial abnormal return is -0.6% or lower, the expected 60 day abnormal return is zero. 
The results from this strategy for each country portfolio in the sample and for a simulation period between 1989 and 2004 are presented in Table 10. For the simulations the Datastream indexes are employed which consist mainly of the on-the-run and the most liquid issues in each country and, as a result, whilst they are not directly tradable they can easily be replicated. The second column in Table 10 reports the number of trades generated by portfolio, the third column reports the average abnormal return per trade (50 day period), and the fourth column reports the aggregate abnormal return per country achieved over the 15 year period. For instance, between 1989 and 2004 there are 10 trades for the Japanese portfolio with an average abnormal return per trade of 2.20%, thus a total abnormal return of around 22% for the whole period, and 6 trades for the Portuguese portfolio with an average abnormal return per trade of 3.06%. 
Thus, the strategy has the potential to generate significant abnormal profits (recall that these are abnormal returns, i.e. above a mean return). For example, a trader in a representative Spanish portfolio following this strategy could earn an abnormal 2.83% for a 50-day trade which annualized (assuming 256 trading days) is around 14.1%. The abnormal return for US portfolio annualized is 4.25%, for the Japanese portfolio 11%, etc. Note also that trading strategy simulations are repeated for event day returns higher than -0.8% and -0.9% and the results are qualitatively the same. In addition, ranking the country portfolios according to average market value of each government bond market and then ranking country portfolios according to excess returns achieved from the trading strategy fails to suggest any relationship between market size and excess returns. 
[INSERT TABLE 10 HERE]

Tradable instruments & transactions costs  

The major problem for a trader who tries to implement a strategy based on the behavioral evidence presented here is that the portfolios employed in the study are not directly tradable and in addition the transaction costs involved to replicate the portfolios could make profits economically insignificant. Note that a bond trader could, instead of buying more bonds for the portfolio (costly solution), increase the duration of the portfolio for the 50 day period. Alternatively, he or she could also go long in futures contracts in markets where this in possible. When bond traders take a position this is mostly done with the use of futures (Naik and Yadav 2003). In countries where bond futures do not exist traders use bond futures of other countries (with high correlation). Using bond futures to implement the above simulated strategy may be the most convenient approach since it does not involve changes in the coupons received by the trader and transaction costs are low enough to be ignored without altering the outcome. Furthermore, these instruments are directly tradable. 
In order to demonstrate this point, suppose that the strategy we discuss above is implemented for six of the most liquid Bond Futures Contracts such as the Canadian, French, German, Japanese, UK, and the US bond contracts. Table 11 (Panel A) presents the description of the contracts chosen for the study and the available start and end dates for each contract. For example, as a proxy for the US bond portfolio the CBT 30-Year Bond Futures Contract is employed with data that cover the period between 1/4/1989 and 1/1/2004. Panel B in Table 11, presents descriptive return statistics for these contracts and the respective bond portfolios employed in the previous sub-section, as well as the correlation coefficients. Note that the correlation coefficients (with the exception of the German portfolio) range between 0.83 (Japan) to 0.92 (USA), suggesting that the bond portfolios we employ in the study so far (i.e. the Datastream indexes) and the Bond Futures Contracts are highly correlated. 
[INSERT TABLE 11 HERE]

Thus, the trader observes the bond markets and every time there is a shock he or she implements the same strategy as before, only this time a respective bond futures contract is employed for the trade (to proxy for the non-tradable or expensive to buy bond portfolio). More specifically, every time there is a large negative shock in a market (i.e. above -1%) the trader waits for 10 days, borrows the necessary funds for the margin requirement for a 50-day period, buys at close of the 10th day and closes the position 50 days later. If during the 50-day period there is another negative shock, the trader maintains the long position for 60 days after the second shock. If there is a third shock during this period, the strategy is again renewed, and so on. The strategy is repeated for the six sample markets for the whole sample period. Table 12, Panel A, presents the zero-investment profits for this strategy for the six futures contracts and for various borrowing rates (2% - 5%), assuming that the contracts’ nominal value is 100,000 currency units and the margin requirement is 10%. For example, if the price of the Euro Bund on the buy date is 98, the margin requirement is 98.000 x 0.1= 9800 euro. The trader borrows this amount for 50 days and (at 2%) the cost is 9800 x 0.02 (50/360) = 27.22 euro. Panel B presents the same zero-investment profits for a margin requirement of 20%. For example, if this strategy was implemented for Canada, the profit on a zero-investment would be 8039.04 Canadian dollars. If the borrowing cost is increased to 5% the zero-investment profit decreases to 7632.60 Canadian dollars. The respective numbers for a margin of 20% are 7768.08 and 6955.21 Canadian dollars, per contract. Panel C presents the number of trades: overall the strategy would require 11 trades for Canada for the whole sample period; three negative and 8 positive trades.  Note that for every contract there are significant zero-investment profits to be made from the strategy. The only exception is the UK contract; however, the losses here are mostly the result of only one negative trade (December 1995). Excluding this single trade from the sample would result to significant profits for the UK contract as well. Overall these results strongly indicate that the behavioural inefficiency evidenced in section 3 could have been exploitable in practice even if tradable assets are used instead of the Datastream Indexes and after transaction costs.        
[INSERT TABLE 12 HERE]

These profits result from a strategy where the trade is initiated after large negative shocks, i.e. shocks that exceed -1%. What if the strategy was implemented for lower impact shocks? Table 13 presents average returns per trade (in basis points) for shocks that range between -0.6% to -1% and for three different strategies. Strategy 1 assumes that 10 days after a shock, the trader goes long in the futures contract for 50 days. If during this period there is a second shock, the trader opens a second long position 10 days after the second shock. Strategy 2 is the strategy described above (for the results presented in Table 12). Strategy 3 assumes that 10 days following a shock the trader goes long in the futures contract for 50 days and if during this period there is a second shock, the trader ignores it. For these strategies, we employ all six contracts for the respective sample period and trade in each contract every time there is a shock in a market. The results suggest that profits exist for all shocks and generally the larger the initial shock the larger the trades return; a result consistent with the finding so far. 

 [INSERT TABLE 13 HERE]

V. Conclusion
We examine the short-term behavior of international government bond market investors following extreme (market-moving) events. These events proxy for unobservable information and our results indicate that, following market shocks, investors underreact for a period of about 10 days and then reverse their behavior for the following 50 days. This delayed overreaction persists irrespective of whether the analysis is applied for each individual country or the aggregate series, of whether the Datastream or the J. P. Morgan indexes are employed in the empirical analysis, and of maturity and day-of-the-week effects. Further analysis suggests that after negative extreme events, and for a period of over 60-days, prices seem to revert enough to generate abnormal returns which may be economically significant. A simulated trading strategy based on this behavioral inefficiency produces abnormal profits for many country portfolios, with profits ranging (annualized) from 0.85% to 15.3% approximately. Further analysis with tradable assets that proxy for country bond portfolios indicates that significant zero-investment profits are possible from the strategy. 
Our findings cannot be explained with microstructure biases, such as the bid-ask bounce or infrequent trading, for several reasons. Firstly, the bid-ask bounce causes short term negative serial correlation while we report momentum immediately after the event. The reversal period takes place ten days after the event and it is unlikely that the first ten days is a period during which the markets absorb events. Secondly, the patterns persist for a period of time while the effect of the bid ask bounce should disappear quickly. Thirdly, the bid-ask bounce effect is more pronounced in illiquid markets, however, the portfolios employed in the paper cover all traded liquid bonds (recall that we find less than 20 cases of same price for two consecutive days in the full sample, excluding holidays). Fourthly, the effect is present even in the most active markets such as the U.S.A. and Japan. 
The persistence and the significance of the findings across even the biggest (in terms of capitalization) bond markets indicate to us that these predictable patterns are caused by investor psychology. That is, if in stressful circumstances investors react in a similar manner, then large predictable swings in prices should exist in active markets with many participants. The implication is that short-term returns of government bonds following shocks are predictable and the potential excess profit for traders may be significant. Considering that bonds belong to an asset class that is not affected by the same systematic factors that affect equities, we find it difficult to rationalize the findings of this paper within an efficient markets context. Our findings that, after shocks, investors exhibit a delayed overreaction are inconsistent with the hypothesis of rational pricing and more in line with behavioral hypotheses of investor reaction.  
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Table 1

 Descriptive statistics for the Datastream government bond indexes
	
	Daily Return

(%)
	Stan. Deviation

(%)
	Skewness
	Kurtosis

	Australia
	0.0042
	0.332
	-0.303
	2.937

	Austria
	0.0022
	0.154
	-0.588
	7.683

	Belgium
	0.0021
	0.199
	-0.430
	3.994

	Canada
	0.0048
	0.316
	-0.329
	3.233

	Denmark
	0.0037
	0.218
	-0.407
	6.498

	France
	0.0038
	0.225
	-0.209
	2.529

	Germany
	0.0021
	0.201
	-0.700
	3.814

	Ireland
	0.0068
	0.266
	-0.052
	8.124

	Italy
	0.0069
	0.215
	-0.521
	8.287

	Japan
	0.0024
	0.193
	-0.425
	3.949

	Netherlands
	0.0017
	0.194
	-0.425
	3.317

	Portugal
	0.0063
	0.192
	-0.520
	9.497

	Spain
	0.0070
	0.190
	-0.338
	5.189

	Sweden
	0.0040
	0.306
	0.866
	35.101

	Switzerland
	0.0022
	0.149
	-0.381
	3.859

	UK
	0.0049
	0.328
	0.043
	3.719

	USA
	0.0048
	0.280
	-0.305
	1.914


Table 1 presents descriptive return statistics for the Datastream government bond indexes for the following 17 countries:  Australia, Austria, Belgium, Canada, Denmark, France, Germany, Ireland, Italy, Japan, Netherlands, Portugal, Spain, Sweden, Switzerland, U.K. and U.S.A.. The sample begins in 1/1/1989 and ends in 1/1/2004, covering 16 years and providing 3,915 daily observations for each portfolio. For Portugal the sample begins in 1/1/1993 and ends in 1/1/2004 (2,871 daily observations) due to data availability.
Table 2
Returns Following Extreme Events in the International Government Bond Market

(Pooled Series)
	
	Positive events
	Negative events

	
[image: image4.wmf]_

t

AR


	0.523%
	-0.548%



	AARt+1
	0.048% 

(6.00) ***
	-0.089% 

(-10.54) ***

	ACARt+2
	0.063% 

(5.49) ***
	-0.117% 

(-9.94) ***

	ACARt+3
	0.075% 

(5.46) ***
	-0.119% 

(-7.98) ***

	ACARt+4
	0.099% 

(6.12) ***
	-0.163% 

(-9.14) ***

	ACARt+5
	0.099% 

(5.06) ***
	-0.175% 

(-8.84) ***

	ACARt+10
	0.144% 

(4.77) ***
	-0.255% 

(-8.96) ***

	ACARt+20
	0.086% 

(1.91) *
	-0.225% 

(-5.41) ***

	ACARt+30
	-0.007% 

(-0.12)
	-0.081% 

(-1.65) *

	ACARt+60
	-0.405% 

(-5.81) ***
	0.359% 

(6.09) ***

	N
	941
	1,202


A positive (negative) extreme event occurs when the bond index return at any given day is above (below) two standard deviations the average daily return computed over the [-60 to -11] days before the given day. Once an event day is identified, we calculate the post event abnormal return as: ARi,t = Ri,t – E(Ri,t) where Rit is the return of country's i bond index on day t and E(Ri,t) is the average return of the fifty day window ending ten trading days prior to the price shock. The Cumulative Abnormal Returns (CARs) are then computed for each portfolio and for each event for various windows (t+1 until t+60). Shocks occurring within a ten day period after another shock are assumed to be reactions to the initial shock and are not treated as a new event. Next, the Average Cumulative Abnormal Returns (ACARs) for each portfolio and each type of shock are computed and the statistical significance of the ACARs is assessed with the t-statistic
[image: image5.wmf]N

ACAR

t

/

s

=

, where σ is the standard deviation of the CARs and N is the number of CARs from which the ACAR is estimated.
The t-statistics appear in parentheses. 
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t

AR

is the average abnormal return at time t (i.e. the event day) and ACARt+i is the average cumulative abnormal return over i days after an event (not including the event day abnormal return) N is the number of events (shocks) for the pooled series. 
***, ** and * indicate significance at the 1%, 5%, and 10% significance level respectively.
Table 3
 Returns Following Extreme Events in the International Government Bond Market

	 
	ACARs following positive events
	ACARs following negative events

	
	N
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	t+ 60 
	N
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	t+ 60 

	Australia
	66
	0.747%
(23.73)
	-0.067%
(-0.55)
	-1.081%
(-3.89)
	64
	-0.849%
(-22.53)
	-0.190%
(-1.20)
	0.523%
(1.96)

	Austria
	59
	0.351%
(13.09)
	0.111%
(1.20)
	-0.499%
(-2.28)
	76
	-0.386%
(-13.66)
	-0.158%
(-2.35)
	0.305%
(1.97)

	Belgium
	55
	0.443%
(19.26)
	0.016%
(0.14)
	-0.687%
(-3.53)
	71
	-0.490%
(-15.67)
	-0.147%
(-1.55)
	0.221%
(1.07)

	Canada
	60
	0.669%
(22.59)
	0.195%
(1.22)
	-0.420%
(-1.09)
	72
	-0.765%
(-18.74)
	-0.100%
(-0.65)
	0.862%
(2.83)

	Denmark
	46
	0.512%
(10.81)
	0.236%
(1.84)
	-0.080%
(-0.24)
	76
	-0.520%
(-17.03)
	-0.366%
(-3.32)
	0.259%
(1.43)

	France
	58
	0.527%
(22.15)
	0.005%
(0.04)
	-0.181%
(-0.67)
	71
	-0.507%
(-28.34)
	-0.263%
(-2.40)
	0.177%
(0.78)

	Germany
	49
	0.438%
(25.80)
	0.132%
(1.38)
	-0.130%
(-0.50)
	79
	-0.480%
(-22.52)
	-0.198%
(-2.26)
	0.126%
(0.72)

	Ireland
	47
	0.607%
(9.50)
	0.316%
(2.47)
	-0.216%
(-0.65)
	80
	-0.619%
(-23.21)
	-0.309%
(-2.72)
	0.468%
(1.84)

	Italy
	44
	0.409%
(7.97)
	0.262%
(2.05)
	-0.390%
(-1.30)
	79
	-0.485%
(-14.87)
	-0.179%
(-1.56)
	0.457%
(2.01)

	Japan
	56
	0.448%
(17.24)
	0.147%
(1.25)
	-0.362%
(-1.20)
	78
	-0.466%
(-19.35)
	-0.198%
(-1.65)
	0.485%
(1.74)

	Netherlands
	53
	0.387%
(17.75)
	0.220%
(1.93)
	-0.105%
(-0.45)
	67
	-0.452%
(-18.73)
	-0.337%
(-3.59)
	-0.033%
(-0.16)

	Portugal
	53
	0.438%
(11.47)
	0.037%
(0.38)
	-0.502%
(-2.23)
	38 
	-0.473%
(-14.53)
	-0.429%
(-3.45)
	0.197%
(0.71)

	Spain
	51
	0.397%
(11.07)
	0.341%
(2.35)
	0.035%
(0.13)
	73
	-0.400%
(-17.26)
	-0.389%
(-3.72)
	0.263%
(1.34)

	Sweden
	56
	0.717%
(7.25)
	-0.040%
(-0.30)
	-0.558%
(-1.95)
	62
	-0.683%
(-12.93)
	-0.254%
(-1.91)
	0.569%
(1.51)

	Switzerland
	60
	0.298%
(18.16)
	0.258%
(2.70)
	-0.345%
(-1.53)
	73
	-0.325%
(-16.27)
	-0.409%
(-4.14)
	0.200%
(0.96)

	UK
	57
	0.752%
(20.02)
	0.432%
(2.42)
	-0.218%
(-0.56)
	71
	-0.736%
(-26.58)
	-0.220%
(-1.37)
	0.667%
(2.10)

	USA
	71
	0.636%
(31.23)
	0.015%
(0.15)
	-0.697%
(-2.57)
	72
	-0.727%
(-26.11)
	-0.259%
(-2.24)
	0.313%
(1.31)


The ACARs significant at the 5% level are in bold. 
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is the average abnormal return at time t and ACARt+i is the average cumulative abnormal return over i days after an event A positive (negative) extreme event occurs when the bond index return at any given day is above (below) two standard deviations the average daily return computed over the [-60 to -11] days before the given day. We calculate the post event abnormal return as: ARi,t = Ri,t – E(Ri,t) where Rit is the return of country's i bond index on day t and E(Ri,t) is the average return of the fifty day window ending 10 trading days prior to the shock. The CARs are then computed for each portfolio and for each event for various windows (t+1 until t+60). Next, the ACARs for each portfolio and each type of shock are computed and the statistical significance of the ACARs is assessed with the t-statistic
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Table 4
Regressing CARs on Event Day Abnormal Returns 
(Pooled Sample)
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	Panel A
Regression results for CARs following positive events



	Dependent Variable


	ARt+1
	CARt+5
	CARt+10
	CARt+60

	a

	0.00047

(3.09) ***
	0.001

(2.26) **
	0.001

(1.80) *
	-0.005

(-3.96) ***

	b

	0.0024

(0.10)
	0.0301

(0.50)
	0.0795

(0.86)
	0.2233

(1.05)

	R2


	0.0001
	0.0001
	0.001
	0.001

	Observations: 941
	
	
	
	

	
	Panel B
 Regression results for CARs following negative events


	Dependent Variable


	ARt+1
	CARt+5
	CARt+10
	CARt+60

	a


	-0.0011

(-5.89) ***
	-0.0033

(-7.71) ***
	-0.0056

(-9.22) ***
	-0.0071

(-5.86) ***

	b

	-0.0323

(-1.11)
	-0.2747

(-4.03) ***
	-0.5493

(-5.64) ***
	-1.9512

(-9.95) ***

	R2


	0.001
	0.013
	0.026
	0.076

	Observations: 1.202
	
	
	
	


The regressions are of the form: 
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, where CARt+i is the cumulative abnormal return at day t+i, and ARt is the abnormal return on the event day t. A statistically significant coefficient b suggests that the size of abnormal cumulative returns is related to the event day return; a positive coefficient indicates that the higher the initial shock the higher the abnormal return t+i days after the event and visa versa. We present the results for 1, 5, 10 and 60-day CARs after an event for the pooled sample (all countries)
Panel A presents results for positive events and Panel B for negative events.
t-statistics appear in parentheses.
***, ** and * indicate significance at the 1%, 5%, and 10% significance level respectively.
Table 5a
 Regressing CARs on Positive Event Day Abnormal Returns 
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	CARt+10

	CARt+60

	
	N
	
	Coefficients
	t Stat
	R2
	Coefficients
	t Stat
	R2


	Australia
	66
	α
	0.0031
	(0.82)
	0.0171
	0.0048
	(0.55)
	0.0543

	
	
	β
	-0.5091
	(-1.05)
	
	-2.0844
	(-1.92)
	

	Germany
	49
	α
	0.0057
	(1.56)
	0.0319
	0.0022
	(0.22)
	0.0028

	
	
	β
	-1.0015
	(-1.24)
	
	-0.8010
	(-0.36)
	

	Belgium
	55
	α
	0.0057
	(1.82)
	0.0637
	-0.0023
	(-0.42)
	0.0147

	
	
	β
	-1.2560
	(-1.90)
	
	-1.0299
	(-0.89)
	

	Canada
	60
	α
	-0.0132
	(-2.89)
	0.1744
	-0.0233
	(-1.97)
	0.0473

	
	
	β
	2.2675
	(3.50)
	
	2.8391
	(1.70)
	

	Denmark
	46
	α
	-0.0034
	(-1.52)
	0.1723
	-0.0148
	(-2.49)
	0.1473

	
	
	β
	1.1172
	(3.03)
	
	2.7105
	(2.76)
	

	Spain
	51
	α
	-0.0048
	(-2.06)
	0.2625
	-0.0088
	(-1.83)
	0.0935

	
	
	β
	2.0506
	(4.18)
	
	2.2860
	(2.25)
	

	France
	58
	α
	0.0079
	(2.14)
	0.0827
	-0.0016
	(-0.19)
	0.0000

	
	
	β
	-1.4846
	(-2.25)
	
	-0.0468
	(-0.03)
	

	Ireland
	47
	α
	0.0051
	(2.34)
	0.0266
	-0.0051
	(-0.89)
	0.0085

	
	
	β
	-0.3266
	(-1.11)
	
	0.4780
	(0.62)
	

	Italy
	44
	α
	0.0011
	(0.52)
	0.0237
	-0.0097
	(-2.09)
	0.0572

	
	
	β
	0.3819
	(1.01)
	
	1.3996
	(1.60)
	

	Japan
	56
	α
	-0.0007
	(-0.22)
	0.0109
	-0.0060
	(-0.78)
	0.0019

	
	
	β
	0.4705
	(0.77)
	
	0.4999
	(0.32)
	

	Netherlands
	53
	α
	0.0086
	(2.96)
	0.1005
	0.0008
	(0.13)
	0.0021

	
	
	β
	-1.6625
	(-2.39)
	
	-0.4968
	(-0.33)
	

	Austria
	59
	α
	0.0037
	(2.04)
	0.0461
	-0.0058
	(-1.32)
	0.0007

	
	
	β
	-0.7444
	(-1.66)
	
	0.2227
	(0.20)
	

	Portugal
	53
	α
	-0.0010
	(-0.55)
	0.0150
	-0.0053
	(-1.25)
	0.0001

	
	
	β
	0.3160
	(0.88)
	
	0.0614
	(0.07)
	

	Sweden
	56
	α
	-0.0009
	(-0.47)
	0.0025
	-0.0056
	(-1.38)
	0.0000

	
	
	β
	0.0677
	(0.37)
	
	0.0069
	(0.02)
	

	Switzerland
	60
	α
	0.0071
	(3.00)
	0.0696
	-0.0007
	(-0.11)
	0.0049

	
	
	β
	-1.5317
	(-2.08)
	
	-0.9629
	(-0.54)
	

	UK
	57
	α
	-0.0002
	(-0.04)
	0.0159
	-0.0174
	(-1.56)
	0.0370

	
	
	β
	0.5979
	(0.94)
	
	2.0087
	(1.45)
	

	USA
	71
	α
	0.0003
	(0.08)
	0.0000
	-0.0052
	(-0.49)
	0.0005

	
	
	β
	-0.0230
	(-0.04)
	
	-0.2856
	(-0.18)
	


The regressions are of the form: 
[image: image14.wmf]t

i

t

bAR

a

CAR

+

=

+

, where CARt+i is the cumulative abnormal return at day t+i, and ARt is the abnormal return on the event day t. A statistically significant coefficient b suggests that the size of abnormal cumulative returns is related to the event day return; a positive coefficient indicates that the higher the initial shock the higher the abnormal return t+i days after the event and visa versa. We present the results for 1, 5, 10 and 60-day CARs after an event for the pooled sample (all countries). Panel A presents results for positive events and Panel B for negative events. The t-statistics appear in parentheses and coefficients in bold are statistically significant at the 5% level. N is the number of event days per country.
Table 5b
 Regressing CARs on Negative Event Day Abnormal Returns 
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	CARt+10
	CARt+60


	
	N
	
	Coefficients
	t Stat
	R2
	Coefficients
	t Stat
	R2


	Australia
	64
	α
	-0.0123
	(-2.67)
	0.0845
	-0.0105
	(-1.34)
	0.0698

	
	
	β
	-1.2294
	(-2.39)
	
	-1.8654
	(-2.16)
	

	Germany
	79
	α
	-0.0039
	(-1.60)
	0.0091
	-0.0045
	(-0.96)
	0.0222

	
	
	β
	-0.3937
	(-0.84)
	
	-1.2109
	(-1.32)
	

	Belgium
	71
	α
	-0.0037
	(-1.84)
	0.0221
	-0.0029
	(-0.67)
	0.0250

	
	
	β
	-0.4521
	(-1.25)
	
	-1.0441
	(-1.33)
	

	Canada
	72
	α
	-0.0089
	(-2.41)
	0.0725
	-0.0086
	(-1.21)
	0.0920

	
	
	β
	-1.0316
	(-2.34)
	
	-2.2482
	(-2.66)
	

	Denmark
	76
	α
	-0.0087
	(-3.68)
	0.0718
	-0.0041
	(-1.05)
	0.0479

	
	
	β
	-0.9740
	(-2.39)
	
	-1.2961
	(-1.93)
	

	Spain
	73
	α
	-0.0023
	(-0.96)
	0.0082
	-0.0018
	(-0.40)
	0.0166

	
	
	β
	0.4093
	(0.77)
	
	-1.0982
	(-1.10)
	

	France
	71
	α
	-0.0064
	(-1.66)
	0.0149
	-0.0137
	(-1.73)
	0.0569

	
	
	β
	-0.7477
	(-1.02)
	
	-3.0472
	(-2.04)
	

	Ireland
	80
	α
	-0.0041
	(-1.27)
	0.0014
	-0.0081
	(-1.16)
	0.0470

	
	
	β
	-0.1590
	(-0.33)
	
	-2.0580
	(-1.96)
	

	Italy
	79
	α
	-0.0063
	(-2.87)
	0.0682
	-0.0086
	(-2.09)
	0.1521

	
	
	β
	-0.9263
	(-2.37)
	
	-2.7057
	(-3.72)
	

	Japan
	78
	α
	-0.0032
	(-1.11)
	0.0028
	-0.0114
	(-1.78)
	0.0905

	
	
	β
	-0.2656
	(-0.46)
	
	-3.4584
	(-2.75)
	

	Netherlands
	67
	α
	-0.0065
	(-2.76)
	0.0312
	-0.0054
	(-1.06)
	0.0176

	
	
	β
	-0.6906
	(-1.45)
	
	-1.1286
	(-1.08)
	

	Austria
	76
	α
	-0.0032
	(-2.62)
	0.0330
	-0.0030
	(-1.07)
	0.0817

	
	
	β
	-0.4310
	(-1.59)
	
	-1.5616
	(-2.57)
	

	Portugal
	38
	α
	-0.0048
	(-1.47)
	0.0008
	-0.0097
	(-1.38)
	0.0824

	
	
	β
	-0.1117
	(-0.17)
	
	-2.4740
	(-1.80)
	

	Sweden
	62
	α
	-0.0069
	(-2.73)
	0.0637
	-0.0197
	(-3.19)
	0.2780

	
	
	β
	-0.6381
	(-2.02)
	
	-3.7154
	(-4.81)
	

	Switzerland
	73
	α
	-0.0049
	(-2.26)
	0.0022
	-0.0059
	(-1.34)
	0.0535

	
	
	β
	-0.2308
	(-0.39)
	
	-2.4191
	(-2.00)
	

	UK
	71
	α
	-0.0076
	(-1.43)
	0.0161
	-0.0126
	(-1.21)
	0.0520

	
	
	β
	-0.7334
	(-1.06)
	
	-2.6103
	(-1.95)
	

	USA
	72
	α
	-0.0077
	(-2.04)
	0.0279
	-0.0148
	(-1.98)
	0.0838

	
	
	β
	-0.6958
	(-1.42)
	
	-2.4770
	(-2.53)
	


The regressions are of the form: 
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, where CARt+i is the cumulative abnormal return at day t+i, and ARt is the abnormal return on the event day t. A statistically significant coefficient b suggests that the size of abnormal cumulative returns is related to the event day return; a positive coefficient indicates that the higher the initial shock the higher the abnormal return t+i days after the event and visa versa. We present the results for 1, 5, 10 and 60-day CARs after an event for the pooled sample (all countries). Panel A presents results for positive events and Panel B for negative events. The t-statistics appear in parentheses and coefficients in bold are statistically significant at the 5% level. N is the number of event days per country.
Table 6
ACARs by Day of the Week 
(Pooled Series, Negative Events)
	
	N
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	ACARt+1
	ACARt+5
	ACARt+10
	ACARt+60

	Mondays
	250
	-0.56%
	-0.05%
	-0.08%
	-0.12%
	0.76%

	
	
	(-26.54) ***
	(-2.70) ***
	(-1.87) *
	(-1.90) **
	(5.80) ***

	Tuesdays
	238
	-0.55%
	-0.12%
	-0.19%
	-0.29%
	0.38%

	
	
	(-26.74) ***
	(-6.83) ***
	(-3.87) ***
	(-4.14) ***
	(2.63) **

	Wednesdays
	222
	-0.53%
	-0.07%
	-0.12%
	-0.25%
	0.00%

	
	
	(-33.51) ***
	(-3.37) ***
	(-2.58) **
	(-3.34) ***
	(0.01)

	Thursdays
	249
	-0.54%
	-0.08%
	-0.26%
	-0.33%
	0.25%

	
	
	(-33.46) ***
	(-4.37) ***
	(-5.85) ***
	(-5.63) ***
	(2.00) **

	Fridays
	243
	-0.56%
	-0.12%
	-0.23%
	-0.29%
	0.37%

	
	
	(-30.22) ***
	(-6.75) ***
	(-5.68) ***
	(-5.54) ***
	(3.08) ***


We group by day of the week all negative events for all 17 countries, e.g. the Monday series includes all negative events that occurred on a Monday in every country of the sample. 

ARt is the event day abnormal return. 
The t-statistics appear in parentheses.
N is the number of event days per day.
***, ** and * indicate significance at the 1%, 5%, and 10% significance level respectively.
Table 7

ACARs Following Negative Events for Different Maturity Bands
	 
	1-3 years


	3-5 years
	5-7 years
	7-10 years
	10+ years

	N
	1.210
	1.196
	1.163
	1.171
	1.018
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	-0.234%

(-53.22)
	-0.444%

(-61.62)
	-0.614%

(-68.81)
	-0.789%

(-72.46)
	-1.092%

(-67.67)

	ACARt+1


	-0.037%
(-8.71) **
	-0.068%
(-9.13) **
	-0.080%
(-8.84) **
	-0.099%
(-8.47) **
	-0.166%
(-9.53) **

	ACARt+5


	-0.063%
(-7.11) **
	-0.123%
(-7.45) **
	-0.170%
(-8.14) **
	-0.213%
(-8.00) **
	-0.234%
(-5.95) **

	ACARt+10
	-0.087%
(-6.84) **
	-0.168%
(-7.01) **
	-0.251%
(-8.44) **
	-0.292%
(-7.73) **
	-0.405%
(-7.15) **

	ACARt+60


	0.219%
(7.79) **
	0.351%
(6.97) **
	0.423%
(6.65) **
	0.489%
(6.25) **
	0.749%
(6.52) **



The series are obtained from Datastream which compiles government bond indexes for the following maturity bands: 1-3 years, 3-5 years, 5-7 years, 7-10 years and more than 10 years (10+ years); in effect there are 5 portfolios for each of the 17 countries. The indexes include only on-the-run or actively priced issues.
t-statistics appear in parentheses.
N is the number of event days. 

***, ** and * indicate significance at the 1%, 5%, and 10% significance level respectively. 

Data are available from 1/1/1989 to 1/1/2004 with some exceptions: the 10+ years series for Austria, Belgium, Denmark, Italy, Netherlands, Portugal, Spain and Sweden begin on 30/6/97, 30/4/91, 31/1/92, 30/11/93, 28/6/91, 30/9/98, 31/12/93 and 30/6/89 respectively; the 7-10 years series for Italy, Portugal and Spain begin on 29/3/91, 30/7/93 and 1/4/91 respectively; the 5-7 years series for Italy, Portugal and Spain begin on 29/6/90, 28/6/96 and 31/3/93 respectively; the 3-5 years series for Portugal and Spain begin on 31/12/92 and 31/8/89 respectively, and the 1-3 years series for Portugal begins on 31/12/92.

.
Table 8
Descriptive Statistics 
J.P. Morgan Government Bond Indexes
	
	Daily Return

(%)
	Stan. Deviation

(%)
	Skewness
	Kurtosis

	Australia
	0.0045%
	0.334%
	-0.302
	2.863

	Belgium
	0.0030%
	0.215%
	-0.236
	3.967

	Canada
	0.0061%
	0.315%
	-0.335
	3.528

	Denmark
	0.0043%
	0.233%
	-0.375
	5.825

	France
	0.0045%
	0.249%
	-0.185
	1.866

	Germany
	0.0023%
	0.215%
	-0.586
	3.490

	Ireland
	0.0073%
	0.278%
	-0.052
	7.613

	Italy
	0.0092%
	0.277%
	-0.502
	9.240

	Japan
	0.0033%
	0.221%
	-0.422
	3.760

	Netherlands
	0.0026%
	0.219%
	-0.415
	3.657

	Portugal
	0.0098%
	0.192%
	-0.414
	2.958

	Spain
	0.0081%
	0.261%
	-0.290
	9.497

	Sweden
	0.0041%
	0.324%
	0.267
	27.121

	UK
	0.0056%
	0.349%
	0.115
	4.036

	USA
	0.0051%
	0.281%
	-0.343
	1.863


Table 8 presents descriptive return statistics for the J. P. Morgan government bond indexes for the following 15 countries:  Australia, Belgium, Canada, Denmark, France, Germany, Ireland, Italy, Japan, Netherlands, Portugal, Spain, Sweden, U.K. and U.S.A.. 

Table 9
ACARs Following Negative Events 
(J.P. Morgan  Indexes)

	
	
	
	ACARs

	
	N
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	1 day


	5 days


	10 days


	30 days


	60 days



	Australia
	67
	-0.853%
(-21.01)
	0.029%
(2.89)
	-0.005%
(0.12)
	-0.046%
(-0.76)
	0.244%
(-0.06)
	0.808%
(2.11)

	Belgium
	76
	-0.524%
(-18.77)
	-0.091%
(-2.83)
	-0.135%
(-1.85)
	-0.184%
(-1.78)
	0.069%
(0.37)
	0.459%
(2.17)

	Canada
	67
	-0.788%
(-19.90)
	-0.112%
(-2.15)
	-0.034%
(-0.31)
	-0.080%
(-0.54)
	0.448%
(1.69)
	0.711%
(2.37)

	Denmark
	69
	-0.550%
(-17.33)
	-0.138%
(-3.59)
	-0.239%
(-2.91)
	-0.251%
(-1.97)
	-0.036%
(-0.20)
	0.738%
(3.26)

	France
	75
	-0.565%
(-29.40)
	-0.130%
(-4.32)
	-0.182%
(-2.51)
	-0.229%
(-2.24)
	-0.145%
(-0.81)
	0.103%
(0.48)

	Germany
	74
	-0.532%
(-22.71)
	-0.061%
(-2.13)
	-0.196%
(-2.84)
	-0.166%
(-1.64)
	-0.194%
(-1.06)
	0.180%
(0.92)

	Ireland
	76
	-0.655%
(-21.18)
	-0.129%
(2.09)
	-0.359%
(-3.78)
	-0.283%
(-2.46)
	-0.065%
(-1.80)
	0.683%
(1.83)

	Italy
	76
	-0.613%
(-14.69)
	-0.073%
(-1.86)
	-0.032%
(-0.35)
	-0.215%
(-1.53)
	0.025%
(0.12)
	0.498%
(1.87)

	Japan
	79
	-0.518%
(-19.90)
	-0.022%
(-0.68)
	-0.035%
(-0.51)
	-0.218%
(-1.74)
	0.006%
(0.03)
	0.542%
(1.89)

	Netherlands
	77
	-0.523%
(-20.64)
	-0.130%
(-3.75)
	-0.282%
(-4.03)
	-0.226%
(-2.27)
	-0.176%
(-1.02)
	0.120%
(0.58)

	Portugal
	37
	-0.483%
(-14.14)
	-0.242%
(-2.00)
	-0.337%
(-2.67)
	-0.457%
(-3.43)
	-0.393%
(-1.84)
	-0.031%
(-0.12)

	Spain
	81
	-0.545%
(-15.96)
	-0.061%
(-1.86)
	-0.137%
(-2.14)
	-0.271%
(-2.65)
	-0.203%
(-1.30)
	-0.043%
(-0.23)

	Sweden
	65
	-0.727%
(-11.38)
	-0.128%
(-2.34)
	-0.111%
(-1.12)
	-0.162%
(-1.18)
	0.174%
(0.61)
	0.544%
(1.41)

	UK
	65
	-0.822%
(-26.55)
	-0.136%
(-2.65)
	-0.294%
(-2.39)
	-0.263%
(-1.51)
	-0.022%
(-0.08)
	0.717%
(2.11)

	USA
	73
	-0.728%
(-23.58)
	-0.047%
(-1.54)
	-0.055%
(-0.65)
	-0.196%
(-1.77)
	-0.171%
(-0.75)
	0.391%
(1.62)


The ACARs significant at the 5% level are in bold. 
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is the average abnormal return at time t and ACARt+i is the average cumulative abnormal return over i days after an event A positive (negative) extreme event occurs when the bond index return at any given day is above (below) two standard deviations the average daily return computed over the [-60 to -11] days before the given day. We calculate the post event abnormal return as: ARi,t = Ri,t – E(Ri,t) where Rit is the return of country's i bond index on day t and E(Ri,t) is the average return of the fifty day window ending 10 trading days prior to the shock. The CARs are then computed for each portfolio and for each event for various windows (t+1 until t+60). Next, the ACARs for each portfolio and each type of shock are computed and the statistical significance of the ACARs is assessed with the t-statistic
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, where σ is the standard deviation of the CARs and N is the number of CARs from which the ACAR is estimated.
Table 10
Simulated Trading Strategy

Abnormal Returns per Country Portfolio
	
	Number 

of trades
	Abnormal return per trade (%)

	Total Abnormal Return 


	Australia
	27
	0.17
(0.005)
	4.65%

	Austria
	5
	0.55**
(0.001)
	2.74%

	Belgium
	9
	1.00**
(0.005)
	8.97%

	Canada
	23
	1.56**
(0.005)
	35.87%

	Denmark
	11
	0.48
(0.004)
	5.25%

	France
	6
	1.32*
(0.008)
	7.93%

	Germany
	9
	0.84**
(0.004)
	7.60%

	Ireland
	18
	0.89**
(0.004)
	15.95%

	Italy
	7
	1.52
(0.010)
	10.62%

	Japan
	10
	2.20**
(0.011)
	21.95%

	Netherlands
	8
	0.95
(0.007)
	7.57%

	Portugal
	6
	3.06**
(0.009)
	18.34%

	Spain
	3
	2.83*
(0.017)
	8.50%

	Sweden
	15
	1.99**
(0.010)
	29.89%

	Switzerland
	5
	0.91
(0.008)
	4.55%

	UK
	25
	0.93**
(0.004)
	23.14%

	US
	18
	0.85
(0.006)
	15.35%


Table 10 reports abnormal returns from trading strategies based on the delayed overreaction evidence (for each country portfolio in the sample and for a simulation period between 1989 and 2003). For example, assume that a trader ignores the first 10 days after the event and decides to go long 10 days after a negative shock and stay long for a period of 50 days. The trader also observes that only large negative shocks have the potential to generate subsequent large abnormal profits, so the trading rule is triggered when the event day abnormal loss of -0.7%, or higher. We employ the Datastream indexes for the simulations. The second column reports the number of trades generated by portfolio, the third column reports the average abnormal return per trade (50 day period), and the fourth column reports the aggregate abnormal return per country achieved over the 15 year period. For instance, between 1989 and 2003 there are 10 trades for the Japanese portfolio with an average abnormal return per trade of 2.20%, thus a total abnormal return of around 22% for the whole period. 
Standard errors appear in parentheses. 
** and * indicate significance at the 5%, and 10% significance level respectively

Table 11

Bond Futures Contracts 
	
	Panel A
Futures Contracts  


	Country 

	Description of Bond Futures Contracts 
	Data 

	CANADA
	ME - CANADIAN GOVT BOND
	9/15/1989
	1/1/2004

	FRANCE
	MATIF - ALL SOVEREIGN BOND
	9/28/1998
	3/17/2003

	GERMANY
	EUREX - EURO BUND
	10/5/1998
	1/1/2004

	JAPAN
	TSE - 10 YEAR
	1/4/1989
	1/1/2004

	UK
	LIFFE - LONG GILT
	1/4/1989
	1/1/2004

	US
	CBT - 30 YEAR US
	1/4/1989
	1/1/2004

	

	
	Panel B

Spot Portfolios Vs Futures Indexes  
Descriptive Return Statistics


	
	Canada
	France
	Germany
	Japan
	UK
	USA


	Mean Portfolio
	0.00009
	0.00012
	-0.00001
	0.00015
	0.00017
	0.00011

	Mean Futures
	0.00004
	0.00003
	0.00002
	0.00002
	0.00004
	0.00004

	SD Portfolio
	0.00425
	0.00359
	0.00355
	0.00338
	0.00477
	0.00541

	SD Futures
	0.00316
	0.00225
	0.00200
	0.00193
	0.00327
	0.00280

	Correlation
	0.87260
	0.82647
	0.34262
	0.82618
	0.91497
	0.91989


Table 11 presents the description of the Bond Futures Contracts that are employed in the study to proxy for the bond portfolios and the available start and end dates for each contract. For example, as a proxy for the US bond portfolio the CBT 30-Year Bond Futures Contract is employed with data that cover the period between 1/4/1989 and 1/1/2004. Panel B presents descriptive return statistics for these contracts and the respective bond portfolios, as well as the correlation coefficients. 

SD: Standard Deviation

Table 12

Profits from Trading Strategies on Bond Futures (1 Contract)   

Trades for Shocks Above (-1%)    

	Cost


	Canada
	France
	Germany
	Japan
	UK
	USA



	
	Panel A
Assuming Margin Requirement at 10%


	2%
	8039.04


	6291.31

	3078.70


	3307.23


	-1608.86


	6147.62



	3%
	7903.56


	6276.96

	3063.05


	3290.87

	-1708.28


	6024.64


	4%
	7768.08


	6262.61


	3047.41

	3274.46


	-1807.71


	5901.65



	5%
	7632.60


	6248.26


	3031.76

	3258.08

	-1907.14


	5778.66



	
	Panel B
Assuming Margin Requirement at 20%


	2%
	7768.08


	6262.61


	3047.41

	3274.46


	-1807.71


	5901.65



	3%
	7497.12


	6233.92

	3016.11

	3241.69


	-2006.57


	5655.68


	4%
	7226.17


	6205.22


	2984.81


	3208.92


	-2205.42


	5409.70



	5%
	6955.21

	6176.53

	2953.51


	3176.15


	-2404.28


	5163.73


	
	Panel C
Number of Trades for Each Contract


	-ve trades
	3
	0
	1
	0
	4
	3

	+ve trades
	8
	1
	1
	2
	8
	6

	Total
	11
	1
	2
	2
	12*
	9


Table 12 reports zero investment profits from a strategy where every time there is a negative shock (of -1% or higher) in a countries bond market the trader borrows the necessary funds for a 50-day period, buys the respective Bond Future Contract at close of the 10th day  and sells 50 days later. If a new shock occurs within the 50 day period the trader keeps the position for another 50 days. Panel A, presents the zero-investment profits for this strategy for the six sample futures contracts and for various borrowing rates (2% - 5%), assuming that the margin equals the closing price of the respective contract on the 10th day after a shock x 1000 currency units x 10%. Panel B presents the same zero-investment profits for a margin of 20%. Panel C presents the number of trades that are necessary for these profits: for instance, for the Canadian contract the strategy would require 11 trades for the whole sample period; three negative and 8 positive trades.  
*The losses for the UK contract result from only one negative trade (December 1995). Excluding this single trade from the sample would result to significant profits for the UK 
Table 13
Profits from Trading Strategies 

	
	Strategy 1



	Initial Shock 
	0.6%
	0.7%
	0.8%
	0.9%
	1.0%



	bps
	28
	132
	135
	177
	166

	Positive Trades
	170
	116
	85
	58
	  33

	Negative Trades
	141
	90
	62
	38
	21

	All Trades
	311
	206
	147
	96
	54

	
	Strategy 2



	Initial Shock 
	0.6%
	0.7%
	0.8%
	0.9%
	1.0%



	Bps
	65
	69
	110
	193
	198

	Positive Trades
	57
	50
	35
	36
	26

	Negative Trades
	39
	32
	32
	18
	11

	All Trades
	96
	82
	67
	54
	37

	
	Strategy 3



	Initial Shock 
	0.6%
	0.7%
	0.8%
	0.9%
	1.0%



	Bps
	46
	156
	131
	183
	208

	Positive Trades
	74
	57
	43
	34
	26

	Negative Trades
	46
	35
	32
	22
	12

	All Trades
	120
	92
	75
	56
	38


Table 13 presents average returns per trade (in basis points) for shocks that range between -0.6% to -1% and for three different strategies. Strategy 1 assumes that 10 days after a shock in the bond market the trader goes long in the futures contract for 50 days. If during this period there is a second shock, the trader opens a second long position 10 days after the second shock. Strategy 2 is the strategy described above (for the results presented in Table 12). Strategy 3 assumes that 10 days following a shock the trader goes long in the futures contract for 50 days and if during this period there is a second shock, the trader ignores it. 
For these strategies, we employ all six contracts for the respective sample period and trade in each contract every time there is a shock in a market. The results suggest that profits exist for all shocks and generally the larger the initial shock the larger the trades return; a result consistent with the finding so far. 

bps: average basis points per trade

Figure I
 ACARs Following Positive Extreme Events 
in the International Government Bond Market
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Figure II
 ACARs Following Negative Extreme Events 
in the International Government Bond Market
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