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large price changes. Whereas similar studies so far have been based on daily closing
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the literature, emerge from this data. Evidence is found that prices do overreact and
that a correction takes place after large price movements, especialy those to the
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[. Introduction

The behavior of assets' returns before and especialy after large price changes has now been
widely documented in the financial literature. The strong interest in the subject is due to the
fact that most of these studies have reported a systematic, and therefore predictable, patternin
the returns after the “event”. At first glance, such predictability is incompatible with the
notion of market efficiency. De Bondt and Thaler (1987) were among the first to report that
stocks experiencing a more than 10% increase (or decrease) in price on a single day do earn,
on average, alower (higher) return in the next one to five years than the market portfolio. In
other words, the initial overreaction is followed by a movement in the opposite direction; the
greater the initial movement, the greater the correction. Numerous subsequent studies have
investigated the issue, using different methodologies and data frequencies. While Ball and
Kothari (1989), Chan (1988), Chan and Chen (1991) or Zarowin (1989, 1990) investigate
long term returns up to five years after the initial event, recent studies use daily closing prices
to study systematic patterns shortly after the initial movement. These studies include the ones
by Atkins and Dyl (1990), Bremer and Sweeney (1991), Bremer, Hiraki and Sweeney (1997),
Brown, Harlow and Tinic (1988, 1993), Cox and Peterson (1994), Howe (1986), Lehmann
(1990), Park (1995) and Renshaw (1984). The rebound phenomenon is usually observed,
athough the significance is often low, and usually disappears when the so caled “data
selection bias” is taken into account. This bias is introduced by the fact that closing prices on
the day of alarge price decrease (increase) are more likely to be close to the bid (ask) price,
whereas there is no such obvious bias on the days following the large price change.

This paper tries to make two contributions to the large existing literature. To begin with, three
years of high frequency data are used, which allows capturing the details of the intra-day price
movements. Studies based on closing prices inevitably leave out of the analysis all events
where the rebound phenomenon took place within the trading day. Furthermore, | add to the
international evidence on the subject by investigating all 120 stocks of the French SBF 120
index. To my knowledge, only the study by Bremer, Hiraki and Sweeney (1997) is based on
non-US data. For a sample of liquid stocks traded on the Tokyo Stock Exchange they report
results similar to those obtained so far from US data.

The French database contains all necessary information for a good anaysis: all bid and ask
quotes and trading prices are reported throughout the day, together with the volumes, with a
very high degree of accuracy. However, important methodological issues have to be
addressed before the analysis can be conducted within a high frequency framework, the most
important one being the definition of alarge price change. Whereas previous studies generally
set a minimum one-day price change (ranging from 2.5% to 10%), the use of tick by tick data
requires a more appropriate definition that takes into account the very specific meaning of
“time” in this context™. It would not be rational, for instance, to consider as “event” a change
of 10% or more on two consecutive bid-ask quotes. Although this may be the case at the
opening of the market compared to the close on the previous trading day, we are typically
interested in many more situations, for example, where the assets' price moves by a “large
amount” over a“short period” of time. These are some of the issues that will be addressed in
the next sections.

! For a general discussion about time in the context of high frequency data, see, for instance, Milller et
al. (1990) or Goodhart and O’ Hara (1997).
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The remainder of this paper is organized as follows. Section Il presents the data and the
methodology. The results are analyzed in Section Il and Section IV provides some
concluding remarks.

ll. Data and Methodology

The data was provided by the SBF (Société de Bourse Francaise) and covers the full years
from 1995 to 1997. Although the initial data set contains all bid and ask quotes each time one
of the quotes changes, in addition to all transaction prices, an initial screening is performed by
keeping only those quotes that immediately precede a transaction. In other words, bid and ask
quotes that do not result in an actual trade are deleted. A possible bias due to illiquidity in the
market is thus avoided. All prices are adjusted for dividend payouts, splits and other changes
in capital.

The use of high frequency data necessitates some further filtering. Successive guotes are often
very close to each other and would introduce noise in the model rather than provide
exploitable information about price changes. In Engle and Russel (1997),
Dollar/Deutschmark tick by tick quotes are filtered in the following way: a bid-ask quote is
retained in the filtered database only if the average of the bid and ask pricesis at least 5 pips
(approximately 0.03% for the Dollar/Deutschmark) above or below the average of the
previously retained bid-ask quote. The 5 pips threshold also corresponds to the most often
observed bid-ask spread. By applying this filter, the database is reduced to 5% of its initial
size. In the case of individual stocks, the market is much less liquid and the quoted bid-ask
spread is generally much larger than 0.03%. In order to consider various possibilities, |
construct data sets by retaining only those prices for which the price variation compared with
the previous retained price is at least 0.25%, 0.50% and 1%. This minimum price variation
will be referred to as the filter value applied to the initial raw data set. In order to account for
apossible bias due to the sample selection, al prices are defined as the average of the bid and
the ask quote. Cox and Peterson (1994), for instance, find that the bias introduced when daily
transaction data are used instead of daily bid and ask quotes explains earlier documented price
reversals. This bias can also be expected to be economically important at the level of high
frequency data. Furthermore, all prices and price changes can be considered economically
meaningful, as they correspond to actual transactions.

The existing literature considers various definitions of large price changes and abnormal
returns following the event. Both may be calculated in absolute terms [asin Cox and Peterson
(1994) for large price changes, for instance], but aso relative to a benchmark. This
benchmark may be an average historical return [see Brown and Warner (1980, 1985) and
Atkins and Dyl (1990)] or the market model. When the market model is chosen, the abnormal
returns are adjusted for risk, but rely on the strong implicit assumption that the market model
is valid. Brown, Harlow and Tinic (1988) argue that securities systematic risk can be
expected to be significantly different before and after the event. In the literature various b
estimates have been proposed in order to overcome, at least partialy, this problem [for a
review, see, for instance, Bremer, Hiraki and Sweeney (1997)]. Nevertheless, throughout this
study, only the case where b is equal to one will be considered, that is, the market return is
simply subtracted from the asset returns [as in Park (1995)]. The main reason is that the
instability of the estimated systematic risk coefficientsis likely to play a more important role
in the case of high frequency data. The estimation of the market return itself is also an issue
that has to be carefully addressed in this context. The SBF database contains the leve of the
SBF 120 index at a frequency of one price every 30 seconds. The 120 stocks for which price
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changes of a given magnitude only are retained, do not, in most cases, have time stamps that
correspond exactly to those of the index. The market return that is subtracted from the asset
returns is obtained by interpolating the index levels with the closest time stamps. Although
this method is imperfect, | consider the frequency of the index data (30 seconds) high enough
for the results to be meaningful.

The definition of a“large price change” varies in the literature. The one-day price change is
usually at least 10%, either positive or negative, and results for other values of the filter are
often provided as well. Throughout this study | will consider three levels of large price
changes. 2.5%, 5% and 10%. Although the choice of both the filter value and the definition of
alarge price change is arbitrary in a sense, the filter can be seen as a measure of a trader’s
time horizon. Short-term traders are likely to be interested in small price movements, whereas
longer term traders look for larger price changes. The former will therefore consider smaller
large price movements more important than the latter. The end of alarge price movement (of
a given minimum magnitude) is defined by the first observation of the opposite sign to the
large price movement. The beginning of the movement is defined by the last observation also
of the opposite sign. In order to remain in a framework of a sharp price increase or decrease
during a short period of time, | a'so impose that the large price change should occur within 6
trading hours. Again, thisis arbitrary but necessary in order not to consider the case where a
stock price slowly drops over a couple of days”.

Abnormal returns are measured here in framework that has become standard by now and
which iswell described, for instance, in Atkins and Dyl (1990). An equally weighted portfolio
containing the 120 stocks is formed and the portfolios average abnormal return for period h
is defined as the sum of individual assets abnormal returns for period h divided by the
number of observations in the portfolio. The Cumulated Average Returns (CARS) are
obtained by summing the individual periods’ abnormal returns. All returns are calculated as
the first difference of the logarithms of the price levels. Following Bremer and Sweeney
(1991), Simple cross-sectional t-statistics are used to test for the significance of period’s h
CAR. A period corresponds to a price move of at least (and mostly not very different from)
the value of the filter applied to the initial data set (0.25%, 0.5% or 1%) and is therefore
independent from “calendar” time. Up to 20 periods before and after the large price change
are analyzed. All events, pre-event and post-event periods are non-overlapping. Nevertheless,
in order to keep as many events as possible to analyze and to have a redlistic picture of what
would have happen ex post, | only require that all events with a given h number of periods are
non overlapping. In other words, two successive large price changes with a small number of
significant price changes in between may be accounted for as two events when h=1 or h=2
periods after the event are analyzed and only as one event when h=20 periods are analyzed. In
the latter case, the second large price movement will influence the CARs up to period h=20.
Thus the number of 1 period abnormal returns is larger than the number of 20 periods
abnormal returns. | argue that this basis is more realistic than considering all periods to be
non-overlapping. In the latter case, the CARs for h=1 period would depend on the maximum
number of periods (20) investigated. In this sense, my approach is different from the one
taken for instance by Bremer and Sweeney (1991) or Cox and Peterson (1994).

A number of other variables, in addition to the CARSs, are interesting to analyze. To begin
with, the average bid ask spread as a percentage of the average of the bid and ask pricesis

2| have performed a variety of runs using different maximum durations for the large price change. The
results (available on request) are not much affected by changes in this maximum duration value.
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reported, as well as the closing price ratio (CPR). As in Park (1995), this latter ratio captures
whether atransaction is buyer or seller initiated and is defined by the difference between the
transaction price and the bid price, divided by the absolute spread (difference between the ask
price and the bid price). | aso report the percentage of the trades occurring at the bid price
and those occurring at the ask price.

[1l. Results

This section presents the results obtained with the full sample of stocks belonging to the SBF
120 between 1995 and 1997 and isin four parts. | first give a descriptive analysis of the large
price changes obtained with the different filters. The global characteristics of the pre and post
event periods are then presented for various holding periods h. In a third part, a detailed
analysis of the post event observations is given. Finally, | investigate whether the previously
obtained results could have generated significant excess market trading returns once the bid-
ask spread is taken into account.

A. An Analysis of Large Price Changes

Table 1 reports the main characteristics of the events. All events are taken as non-overlapping
and do not depend on the number of periods before or after the event, which will be
investigated later. Large price changes of 2.5%, 5% and 10% are considered for each of the
three filters (0.25%, 0.5% and 1%) applied to the initial data. Large price decreases are shown
in Panel A, whereas Panel B deals with large price increases. The magnitude of the average
price change is amost aways dightly below the value of the definition of the large price
change. This is due to the definition used for identifying the end of the trend characterizing
the large price change. The number of identified events is amost 9000 for the 2.5% price
increases and as low as 55 for price increases of 10% at least. A large price change of 2.5%,
either positive or negative, occurs on average once aweek for each stock. The bid-ask spread
observed at the end of the event is clearly higher for the 5% and 10% price changes than for
the 2.5% ones. It is also higher for price decreases than for price increases. Both the CPR
figures and the percentage of trades occurring at the bid price and at the ask price show that
after alarge price decrease (increase), a mgjority of trades occur at or close to the bid (ask)
price. The only exception is the 10% or more price decline with the 1% filtered data.
Although this is what one may intuitively expect after negative or positive events, it shows
that the definition used here to identify the reversal after the trend characterizing the large
price change does not correspond exactly to what is perceived by the market. The bid-ask
asymmetry is more pronounced after large price increases, suggesting the presence of more
buyers after alarge price increase than sellers after a large price decrease. The duration is the
effectively elapsed time covered by the large price change and ranges between 2:26 and 5:43
hours. Not surprisingly, data filtered with larger filters show longer durations. Large price
changes are faster incorporated into the prices than smaller ones. The bid volumes are
significantly higher than the ask volumes after large price decreases, indicating a selling
pressure after large price decreases. No clear pattern is observed after large price increases.
Trading volume is also almost always higher after large price decreases.

<INSERT Table 1 HERE>
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B. Some aspects of pre and post event periods

This section discusses the behavior of a few characteristics of the data around large price
changes. The focus will be on agloba analysis, while a more deep going one will be provided
for post event periodsin section C.

Figure 1 shows the CARs for h=1,...,20 periods before and after large price changes for the
1% filtered data®. After large (10% or more) decreases, the prices show a little persistence in
the downtrend over 5 periods before bouncing back. This is less pronounced for smaller price
changes. Prior to the event, a strong positive trend is detected for the largest event, suggesting
the large price decrease is (partially) the consequence of arecent significant price increase. In
none of the cases do we observe a negative trend prior to the large price decrease, which
would have to be interpreted as evidence that information about the coming price decline is
known to some investors.

<INSERT Figure 1 HERE>

The use of intra-day, high frequency data allows to pay a closer attention to variables that can
be expected to have fewer informative contents within a daily framework using closing prices.
The average spread is one of these variables. Figure 2 reports the average spread (defined as a
percentage of the average of the bid and ask price) around the large price change. The Figure
only reports the results for the 0.25% filtered data, but results are similar for larger filters. The
broad picture is the same both for large price decreases and increases. prior to small price
changes the average spread dlightly increases over the 20 periods; in all cases the spread
strongly increases at the moment of the event; the decay that follows is progressive and
slower after price decreases than price increases. Interestingly, in al cases the pre-event
spread is a positive function of the magnitude of the large price change to come. A possible
explanation is that larger price changes tend to occur more often with risky stocks, for which
the spread is expected to be larger. On the other hand, 15 periods after the event the spread for
the 10% moving stocks is amost identical to the one observed for 5% moving stocks. Twenty
periods before the event the stocks that are going to experience the 10% move have a much
larger spread (respectively, 0.97% prior to price declines and 0.93% prior to price increases)
than the stocks that will experience a 5% move (respectively 0.64% and 0.62%). Thisis either
evidence that the perceived risk level of 10% moving stocks drops to the same level as the
one perceived for stocks having moved by 5%, or that the market - or at least some
participants- have an ability to anticipate whether the future price move will be of the 5% or
10% magnitude. Another observation that can be made is that in the period following the 10%
increase the average spread till increases and remains at an exceptionally high level for two
more periods. This suggests that for very large price movements, either the simple rule used
to define the end of the upward trend does not correspond to how the market perceives the
very short term continuation of the trend, or that the anticipated volatility remains extremely
high for afew more periods.

<INSERT Figure2 HERE>

I now turn to the “ Closing Price Ratio” (CPR) indicator. This is the average difference
between the transaction price and the bid price divided by the spread. A value above 50%

% The results for the other filters are very similar, although generally less pronounced, and therefore not
reported here but available from the author.
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indicates that more trades occur closer to the ask price than to the bid. Figure 3 reports the
results for the 0.25% filtered data: the larger the large price change, the more important the
volatility of the CPR indicator for the different periods. Just prior to the large price decrease,
the CPR indicator is very high, indicating that most trades occur on the ask. Thisis due to the
method chosen to set the beginning of the trend: a price movement in the opposite direction of
thetrend. A similar observation can be made just prior to large price increases.

<INSERT Figure 3HERE>

Figure 4 reports the duration for each individual period h. Smaller durations are observed
prior to larger price changes, either of positive or negative sign. After the large price change
the recovery of the duration between price changes is progressive, but the difference between
2.5%, 5% and 10% price changes remains important. Also, the durations are notably lower
after the event than before.

<INSERT Figure4 HERE>

The average traded volume is represented in Figure 5 for the 0.25% filtered data and price
changes of 2.5% and 5%. Clearly, a large price change comes along with a sharp drop in
trading volume. The drop is much stronger in the case of a price decrease. Large price
changes can be the consequence of large market orders while the market is thin or the volume
can drop because there is a large price movement. The latter seems to be the case because
there is no sign that the volume is smaller prior to the large price change. The contrary is true:
there is some evidence that the trading volume increases prior to the move, which could,
again, indicate that some market participants trade in the market large volumes in anticipation
of the price change to come. The trading volume returns quicker to its normal level after large
price increases than large price decreases.

C. Post event results

In this section | analyze the post-event periods in details. While the pre-event periods are
interesting to study, because they may indicate insiders’ information held by some agents, the
post-event periods throw light on matters such as market efficiency. In particular, alarge price
change should not be a trading signal after which a systematic, and potentially profitable,
pattern is found in the data. Table 2 reports the characteristics of the Cumulated Average
Returns after large price changes. Panels A, B and C deal respectively with the 0.25%, 0.5%
and 1% filtered data. The results can be interpreted as the ex post performance of a trading
strategy where abuy or sell signal is generated by the large price change. The trading strategy
can be considered redistic, because the end of the large price changeis clearly identified by a
price change in the opposite direction.

<INSERT Table2 HERE>

The results in Table 2 show that after a large price change of 2.5% there is a strong
persistence in the trend. The Cumulated Average Returns are highly significant immediately
after the price change and for some periods, depending on the filter applied to the raw data
set. The economic significance of these CARs, however, is very small (mostly below 0.1%) in
the case of large price decreases. They are much larger (up to 0.8%) after large price
increases. The persistence of positive trends is also much stronger: whatever the filter for the
raw data, all 20 holding periods after the event are highly significant. In other words, price
changes of 2.5% are the beginning of alonger trend in the same direction and the fact that the
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filtered data yields one observation in the opposite direction is not a valid indication for the
end of the trend.

When large price changes of 5% are considered, the results and interpretation are very
different. For large price decreases, the first period after the event always shows a persistence
in the trend, however, this negative return is never significantly different from zero. The CAR
at period 2 isin all cases positive. After this, smaller filters applied to the raw data clearly
show a significant reversal. The larger the filter, the shorter the number of periods during
which positive abnormal returns are observed: the price adjustment process has fully taken
place after a few significant price movements. The economic significance is greatest for the
0.25% filtered data: a highly significant CAR of 0.3% is observed. For large positive price
changes there is only a statistical significant but economically insignificant positive CAR at
period 1 (for the 0.5% filtered data) and at periods 1 and 2 (for the 0.25% filtered data). The
results for the 5% large price changes indicate that a significant price change in the opposite
direction to the trend is on average a good indication that the large price change has taken
place. Only after price declines will small filter values reveal that the market then needs some
time before “bouncing back”.

The results for the 10% price changes are less significant due to the limited number of
observations. between 50 and 100, depending on the filter applied. Nevertheless, the general
trend is that after price declines of 10% or more the price continues to dide a little more for
some time before bouncing back. After price declines of this magnitude, the market clearly
needs more time to react than after price fals of 5%. The persistence in the downtrend in the
first stage leads to negative CARs as large as amost minus one percent (period 5 with the 1%
filter) before returning to a positive CAR of 1.4% (period 19 with the same filter). Although
the one significant price change in opposite direction after the large price fall does indicate
that the end of the trend is close, it would not be the best buy signal: waiting five price
changes of 1% each, buying the stock, and keeping it for 14 periods would yield an average
return of 2.3%! The smaller filters (0.25% and 0.5%) do not show the price reversal within
the 20 periods considered here. The only revealed pattern is a strong persistence in the down
trend. For price increases of 10% or more there is also a persistence to begin with, before a
correction takes place. This is clearly seen with the 1% filter. At a higher frequency level,
with the 0.5% filter, a significant negative CAR is revealed for periods 2 and 3. The
magnitude of these average returns is - 0.28%. The 1% filtered data also reports a negative
CAR at period 2, although it is now insignificant and very small in magnitude due to the
larger filter. Although the results for these 10% price increases should be interpreted with
some caution because of the number of observations, the general pattern is a persistence in a
first stage, and a bouncing back in a second stage. Economically, selling the stock at period 8
measured with the 1% filter and buying it back 10 periods later would have generated, ex
post, a CAR of 1.34%. It should be noted that al these returns are in excess of the market
return over the same period.

D. Possible trading strategies and market efficiency

Previous studies dealing with large price changes using daily closing prices have generaly
argued that the systematic patterns found after large price changes are significant, but too
small in magnitude to alow systematic trading profits once transaction costs, even the
smallest ones like the bid-ask spread, have been taken into account. The purpose of this
section is to investigate whether our results would have allowed to generate abnormal profits.
Besides, it is important to assess the implications of such findings in terms of market
efficiency.
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The trading strategy | investigate in this section is based on buying or short selling the stock
(respectively along or a short position) at period zero, that is, the moment the end of the large
price movement is detected. The long or short decision is based on the sign of the CARs
calculated from the averages of the bid-ask quotes: a negative CAR generates a sell signal,
whereas a positive CAR generates a buy signal. CARs that are small in magnitude will
generate negative trading profits, because the bid-ask spread is not covered, on average, by
the price changes. Table 3 reports the only strategies that would have been profitable over
time. All were generated using the 1% filter for the initial data. The first strategy consists in
buying the stock after a large price increase of 2.5% and holding it for 14 to 20 periods. The
average return ranges between 0.01% and 0.15% after deduction of the bid-ask spread. If the
strategy is followed for each of the 120 stocks and assuming no overlap of signals among
stocks (that is, that a buy signal for one stock is never generated while another stock is already
held), the annualized returns range from 4.9% for a 14 period holding to 56.4% for a 20
period holding. The associate t-stetistics are low. For the strategy consisting in buying the
stock after a large price decrease of 10%, the average return per transaction is as high as
1.24% for 18 holding periods, with an annualized return of 22.2%. Again, the t-statistic of
0.91islow.

Although some of the strategies considered here show profitable trading opportunities, the
interpretation should be done with care. To begin with, the sample that estimates the CARs is
the same as the one used to calculate the trading profits. At the beginning of 1995 it was
unknown which strategy would generate profitable trading results. Furthermore, especially for
the large price drops of 10%, the sample is small and there is no evidence of the stability over
time of the results. From a practical point of view, even a floor trader at the French stock
exchange faces other costs than only the bid-ask spread. These results cannot, therefore, be
seen as evidence against market efficiency. Nevertheless, they are puzzling.

IV.Conclusion

In this study | tried to contribute to the existing empirical literature about large price changes
by examining the intra-day price movements around the event. The high frequency data is
very rich in information, but also comes along with specific problems which have to be dealt
with and for which there is not always a straight answer. A good example is the question what
should be considered a “large price change”. Prices seldom go up or down by large amounts
aong a smocth continuous path. A large price increase will typicaly be characterized by
numerous smaller price increases alternating with a few price drops of smaller magnitude.
This requiresfiltering the data according to some consistent but arbitrary rule.

The various definitions that have been tried out in this study have revealed some systematic
patterns which were more or less pronounced according to the value used in filtering the
initial raw high frequency data set and to the minimum magnitude of a large price change. In
particular, | found that the first reaction of the prices after alarge price change is a persistence
in the trend of the large price movement. Although a clear signal of a significant price change
in the direction opposite to the trend is found, the prices continue to move in the direction of
the large price movement for some time. A clear rebound takes place at a second stage, some
periods after the initial movement of persistence.

The abnormal returns that were detected in some cases would have been large enough in
magnitude to remain profitable even after transaction costs, in terms of the bid-ask spread,
had been taken into account. Although this could be an indication of market inefficiency,
there is no evidence of stability over time of the generated profits. Furthermore, one should
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have known at the beginning of the high frequency sample, in January 1995, which filter to
use, which large price movements to track and the direction of the trades to be done.
Following the wrong trading strategies would have generated substantial losses. | therefore
consider the results consistent with most of those reported in the existing literature about large
price changes.
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Table 1: Descriptive statistics of the samples obtained from three levels of
large price changes applied to high frequency data filtered with three levels of
minimum price changes

Duration Bid Ask Trading
SiaPC BiaPC  Mean N Soread CPR  OnBid OnAsk (hours) Volume Volume Volume

Panel A: After a Large Price Decrease

0.25% 25% -215% 7185 0.95% 39.2% 59.1% 38.6%  02:37 56 314 53 686 7459
025% 5% -454% 1066 1.33% 41.2% 57.3% 40.1%  02:28 206642 99 953 9795
0.25% 10% -9.47% 95 127% 46.8% 52.6% 474% 02:26 415229 352636 18724
05% 25% -214% 4732 1.04% 422% 56.2% 41.3% 0353 353523 111752 21952
05% 5% -459% 846 1.39% 44.8% 543% 43.0%  03:29 1313592 263312 26270
05% 10% -9.60% 85 138% 416% 565% 40.0%  03:32 575153 254229 29094
1% 25% -227% 2234 1.12% 475% 51.2% 46.7%  05:36 478429 395731 63276
1% 5% -473% 500 1.46% 46.5% 522% 46.0%  04:49 855993 529132 67718
1% 10% -9.74% 57 127% 52.4% 456% 50.9%  04:17 1516898 1241325 105853

Panel B: After a Large Price Increase

0.25% 25% 222% 8979 0.84% 59.4% 395% 584%  02:31 76 680 33 962 7395
025% 5% 457% 1511 114% 604% 37.7% 59.8%  02:33 61 451 67 619 7817
025% 10% 931% 101 1.16% 682% 317% 67.3%  02:28 257132 200125 12867
05% 25% 229% 5923 0.89% 56.5% 42.7% 55.1%  03:53 152052 110143 20085
05% 5% 463% 1192 112% 56.8% 426% 55.6%  03:36 340219 112176 17514
0.5% 10%  9.40% 78 131% 71.0% 282% 69.2%  03:03 1129724 582392 31157
1% 25% 246% 2799 0.94% 534% 457% 521% 0543 713396 1074904 63011
1% 5% 463% 701 1.15% 535% 458% 50.8%  04:57 587997 545297 54593
1% 10% 10.28% 55  1.22% 61.6% 382% 60.0% 03:45 528790 1631083 71188

The data was provided by the SBF (Société de Bourse Francaise) and covers three full years
from 1995 to 1997. The first column gives the value of the filter that is applied to the raw high
frequency data set: only those observations (an observation is a transaction price with the
corresponding bid and ask quotes) are retained for which the price variation compared with
the previously retained price is at least of the magnitude of the filter. A price is defined as the
average of the bid and ask quote. The second column indicates the minimum magnitude of
the “event”, that is, the large price change. The reported statistics pertain to all non-
overlapping large price changes. In order to be retained, the large price change has to take
place within 6 trading hours.
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Table 3: Statistics of ex post profitable trading strategies taking into account
the bid-ask spread for the 120 stocks.

Strategy: BUY Strategy: BUY
after aLarge Price Increase of 2.5% after alarge Price Decrease of 10%
Holding Annual  Average Annual  Average
Period Return  Return  # Obs t-stat Return ~ Return  # Obs t-stat
14 49% 0.01% 1432 0.07
15 9.5% 0.02% 1376 0.13 0.3% 0.02% 54 0.02
16 321% 0.07% 1314 0.45 52% 0.29% 54 0.28
17 23.7%  0.06% 1268 0.33 19.7%  1.10% 54 0.82
18 23.8%  0.06% 1227 0.33 22% 1.24% 54 0.91
19 541% 0.14% 1183 0.75 21.2% 1.22% 52 0.84
20 56.4%  0.15% 1139 0.78 155%  0.89% 52 0.61

The only trading strategies that remain profitable once the bid-ask spread is taken into
account are obtained with the 1% filter applied to the raw data set and for large price
increases of 2.5% and large price decreases of 10%. All figures are in excess of the market
return. The annualized returns are the sums of all strategies for each of the 120 stocks in the

sample.
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Figure 1: Cumulated Average Returns around large price changes for the 1%
filtered data
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The CARs for price changes of 2.5%, 5% and 10% are calculated from the end of
period zero (the large price change). No evidence of knowledge by some market
participants about the future event is to be seen from the graphs.
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Figure 2: Average spreads before and after large price changes for the 0.25%
filtered data
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The average spread, as a percentage of the average of the bid and ask quotes, increases
sharply with the large price change. The effect is more pronounced for large price decreases.
The decay is progressive but faster after price increases. Large pre-event spreads are
associated with large price changes.
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Figure 3: CPR values around large price changes of at least 5%
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Panel B: Around large price increases
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The CPR is the difference between the transaction price and the bid price divided by the
spread value.
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Figure 4: Average duration (in minutes) around large price decreases for the
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This table reports the average duration for each individual period h (not the cumulated
durations). The much larger duration for the large price change has been omitted from the
graph. Smaller durations (and therefore larger volatility) are observed prior to events of larger
magnitude.
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Figure 5: Average traded volume around large price changes for the 0.25%
filtered data
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The traded volume sharply declines after larger price changes. The decline is more
pronounced for larger price changes and also stronger for price decreases than for price
increases.



