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respectively. Following Andersen and Bollerslevq88), we estimate the daily component of the
intraday volatility using a FIGARCH model and tiéraday seasonality by the Fourier Flexible Form.
Our approach contributes to the relevant literaiutbat we focus on the effects of both firm-sfieci
and macroeconomic announcements on individualretoiatilities and we endogenibeth the shape
and the horizon of persistence of each announceefieat. We find that individual return volatiligse

are affected by a systematic market effect, dagceffand announcements related to macroeconomic
environment, strategic and financial dealings amdroercial outcome, the two latter events concerning
the firm or its competitors. We find evidence thalatility responses have delayed and progressive
patterns with persistence horizons ranging fromtorteree hours, suggesting that agents access to
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1. Introduction

The expected future volatility of financial markegturns is the main element in assessing asset or
portfolio risk and plays a key role in derivativescing models and portfolio allocation problems A
such, accurate measures and good forecasts oflitylate necessary for the implementation and
evaluation of asset and derivative pricing theodsavell as trading and hedging strategies. Thaois, n
surprisingly, much effort has been devoted to nmiadaleturn volatility dynamics. The Autoregressive
Conditional Heteroskedasticity (ARCH) model introdd by Engle (1982) has been developed to
account for empirical features in the volatility fafancial returns. Since the work pioneered bylEng
volatility modeling has been the subject of a vdhwas literature and the ARCH model and its
extensions (GARCH, EGARCH, etc.) are among the npugiular models for forecasting market
returns and volatilitiy A criticism addressed to these models is thay the not allow for a specific
source of randomness in the conditional volatilBy. introducing a specific error in the volatility
dynamics and hence estimating latent variablegaasbf conditional moments, stochastic volatility
models aimed at better describing actual volatibigspite increased estimation difficulties. Yet,
standard volatility models have not proved to pdevigood forecasting performance at daily
frequencies. However, Andersen and Bollerslev (b®%@wve established the ability of these models to
provide more accurate volatility forecasts wherhHigquency (intraday) data are used. This resa$t w
an encouraging progress at the dawn of 1990’s, evhaajor technological innovations in financial
centers, such as continuous listings and electtbasmission of stock market orders, have resutted
the construction of high frequency databases veldth market prices, volumes exchanged, number of
transactions, etc. (Admati and Pfleiderer, 1988 dbart and O’Hara, 1997).

Modeling high frequency financial data requires sidaring specific properties. The first specificity
common to all financial assets, is the fact thaldg are heteroskedaditidt is also accepted that the
series are leptokurtic. This phenomenon is accesduly the fact that the frequency of data is
important (Gouriérowet al, 1997). Beyond the traditional ARCH effects, stsdusing intraday data
have highlighted two important factors that conttéto explain asset return volatility: intradagtors
and announcement effects. Intraday factors comgmisaday activity patterns, which are consistent
with the implications of microstructure models (@bart and O'Hara, 1997; Andersen and Bollerslev,
1997). Intraday activity involves periodic patterrssich as market openings and closings or other
significant phases within a day, which Anderseralet(2000) have shown that they are adequately
approximated by a Fourier flexible form (Gallan§81). Intraday factors also include all other effec
that may impact volatility at the intradaily frequoy, such as the usual calendar effects or the ehark

effect when individual asset return volatilitie® anodeled. As for the announcement effects, thay c

1 For an overview on these models see Bollersten. (1992), Degiannakis and Xekalaki (2004) or Endfecardi and Fabozzi (2008).
2 The variance of the errors (innovations) of thecpss is not stable. Clusters of volatility areembable, that is to say, periods of high
volatility followed by periods of low volatility.



be responsible of erratic jumps or irregular pateinherent to asset return volatility. These
announcement effects represent investors’ surfmig¥ent shocks which they were not able to predict
on the basis of their available information. Sugbrediction failure can be attributed to the fduwttthe
cost of information was higher than informationlgién terms of a reduction in the forecast error,
leading the operator to ignore a subset of (usefiiyrmation. An announcement effect is therefore
significant when the announced event was too castlforecast. Symmetrically, an insignificant
announcement effect implies that the yield/cosbrat information was high enough to lead agents to
include this information in their forecast. Thisarpretation is consistent with teeonomically rational
expectationgheory introduced by Feige and Pearce (1976), evtiex optimal information collected by
the forecaster results from a cost-and-advantagkysia of information.

Andersen and Bollerslev (1998a) provide a robushemetric methodology for capturing the distinct
volatility components and isolating macroeconomimauncement effects. They distinguished three
components of volatility: calendar effects thatresgnt the intraday and intra-month structure of
volatility, the ARCH effect that reflects the intgay volatility, and theannouncement effect that
reflects the effect of public information on voliyi. The authors analyze the spot German Mark-&roll
exchange rate volatility using intraday data frof92 to 1993. They show that the calendar effect
dominates while the announcement effect is strartgshort in duration. Andersen &t (2000) study
the Nikkei index intraday return volatility overethil994 to 1997 period. They also observe a long-
memory phenomenon of shocks on volatility. The @ffeof macroeconomic announcements play a
relatively small role in explaining volatility. Mepver, Bollerslev etl. (2000) focus on the volatility of
futures returns on U.S. Treasury bonds in intradata frequency from 1994 to 1997. They also
highlight a long memory effect of shocks on volgtil However, they show that the announcement
effects are an important factor in the intra-dalatitity.

Our work retains the methodology developed by Aseerand Bollerslev (1998a), but it also differs on
three directions. First, while these studies areiyaarried out on the American and Asian finahcia
centers, we analyze the specific case of the stomtket in France which is a first in terms of the
issues addressed. Secondly, we have not choseéndyp event shocks on global market data (hamely,
market indices) as in the literature, but on indisl data. Given the large quantity of data to be
processed, we selected four companies among thelCa@npanies: Axa, Alcatel, Renault and Société
Générale. Our individual data framework leads usdosider announcements that are specific to the
different companies included, in addition to macm®mic announcements, and examine which of
them have a common effect on all return volatsit@énd which produce firm-specific impacts. An
essential common factor that must be taken int@watdcwhen individual returns are modeled is the
market effect, in the same vein as the Capital tABgeing Model (CAPM) approach. We introduce this

effect through the volatility of the CAC40 index.e\Walso observe, at the individual level, a long

% For studies concerning the Parisian stock madest, Gouriérowet al (1998), Szpiro (1998) and Teiletche (1998). Reigar the bond
market, a study on the volatility dynamics of thed-run euro rate was conducted by Lespagnol aitetdiee (2005).



memory effect on each return volatility that we @oat for using a fractional integrated generalized
autoregressive conditional heteroskedasticity (FR&AM) model proposed by Bailliet al. (1996).
Thirdly, our objective is to identify the types ainouncements that affect individual return vatags

but also, and more particularly, to analyze thesigggnce of announcement effects on returns. Gn thi
issue, an interesting approach proposed by AndersdrBollerslev (1998a) is to model the actual and
lagged effects of each announcement usingnarder polynomial lag structure subject to a
predetermined persistence horizon. We apply a rfiexéle variant of this method and estimate the
horizon for each return using a grid search. TaRasnnovative aspect of our approach to the liteeat

is that we endogenize both the form and the hordopersistence of each announcement effect. We
interpret the components of different orders of gawynomial lag structure as different types of
reactions of the traders to the announcement edied®r each return, all the significant components
simple or mixed according to the event shocks, esigthat reactions increase gradually until they di
out at the estimated horizon, ranging between owetlaree hours. This result can be explained as the
gradual availability of the full information aftehe announcement is released (Ederington and Lee,
1993), or as the time required by mimetic tradergarn the market opinion through the respongbef
stock price.

From a theoretical point of view, our study is akto the semi-strong efficiency hypothesis, dgwetb

by Fama (1970). According to Fama, the semi-striofigrmational efficiency on financial markets
states that available information on a financialeass completely integrated in its price immediates

this information becomes public. Accordingly, stquices adjust immediately to any new information.
This imminent adjustment notion implies that ineest instantaneously intervene as they access
information in real time. Under hypotheses of nadio investors, rapid circulation and costless
information, no transaction costs, investor atotyieind market liquidit} agents cannot benefit from
new information and thus perform arbitrage operetioAs like the empirical literature, our results

invalidate this hypothesis since we show that annements affect volatilities with persistent hongo

The article is organized as follows. In the secs&ction, we explain the construction of the quativié
and qualitative database and we outline the statigiroperties of the stock returns for the selddour
companies. The third section presents the modelingtraday volatility for our individual returnsnd

discusses the results obtained. The last sectiociwdes.

2. Data and stylized facts
In this section, we describe the data used origigatrom two types of information: quantitative

information on the stock prices of the selecteghdirand qualitative information about events thateha

4 These are necessary but not sufficient conditiBama (1970).



affected these firms. Then, we present the staisproperties of the series of stock returns dmd t

associated U-shaped curves.

2.1 The data

The quantitative dataused in this work is extracted from the SBF-Euxtriigtraday financial database,
which contains high frequency data concerning gelarumber of stock markets, such as prices (and
indices), volumes (transactions, market ordersntivaber of stocks registered) or dividends for #D0
800 firms listed on the first, second and new miarldepending on the days. These are intra-daily data,
in the sense that each observation corresponds itoegular information recorded at a given dayho
and minute. We selected four companies in the CA®G4@x representing different sectors of the
French economy, namely Alcdte(electricity, electronics, telecommunications), aAXinsurance),
Renault (automotive, OERI and Société Générale (banking). The dataset sower period from
January 3, 1995 to December 24, 199¢hich corresponds to 1246 days of quotation ar2l 653 667
transactions for Alcatel, 1 787 262 for Axa, 1 388 for Renault and 1 458 325 for Société Geénérale
(note that we also have 1 094 572 observationthéo€AC40Y.

Transaction data arrive in irregular time interyag it is necessary to regularize the data. Foh e
these companies, we adjusted the frequency ofttuk price series by calculating the mean of the
stock price over each 5-minute interval of a trgdilay. The choice of the frequency is a compromise
between excessively high frequencies, for whichrgd number of intervals could be characterized by
the lack of transactions, and too low frequenciésclvy would prompt a loss of information due to
excessive aggregation of stock prices. The Pascksixchange was open from 10:00 a.m. to 5:00 p.m.
until September 17th 1999; then the opening of gkesion changed to 9:00 a.m. starting from
September 20th 1999. The number of 5-minute intenver trading day is therefore 84 in the first-sub
period and 96 in the second sub-period, which, Wewemust be adjusted. Indeed, given the
information released during the night, significeedllocations and high volumes of transactions patu
the opening. Similar increased trading activity rapes also before the closing, when traders pass
pending orders. Therefore, in order not to biasresults, we chose to remove the data corresponding
the first five and last five minutes of each dawstly, in the absence of transaction in one orrséve
consecutive 5-minute intervals, we performed aalin@terpolation using the last and the following

observed values. In addition, Lg%, represent the stock price defined in this way,r@handn stand

for the day and the 5-minute interval of transacticespectively. We then define the returns as

5 Now referred to as the single market.

® Alcatel-Alsthon until 1986; Alcatel from 1986 to @® and from 2006 on Alcatel-Lucent.

! Original Equipment Manufacturer.

8 The collection and processing of the database baga very time consuming. Moreover, the choiceneftime period allows for avoiding
the market financial turmoil related to the changedo the Euro and the NICXock market crash of 2000. Note, however, thattheof the
paper being to analyze the relation between retanasannouncement effects, the oldness of thedisa not harm to the generality of our
conclusions given the wide spectrum of microecoroamid macroeconomic announcements considered.

° Due to the large number of data to be processedjdta handling was carried out with the ACCES&lulete management system.



logarithmic changes irP;,, between two 5 minute intervals. Indeed, the anduatlends reported at
this frequency are negligible. The return can theisvritten as:
Pt

Ptn1
wheret =1, ..., 1246 and = 1, ..., N with N = 82 for the 01/03/95 to 09/17/8&iod (or 1177 days of
market opening at 10:00 a.m.) and N = 94 for th@99 to 12/24/99 period (or 69 days of market

opening at 9:00 a.m.). The sample is composed 000 observations at a 5 minute frequency. Figure

Rin = 100log Q)

1 presents the log-values of the four individualcktprices and of the CAC40 index at the 5-minute
interval frequency. Besides noteworthy specifittgras, each equity exhibits significant co-movetmen
with the CAC40 index. Table 1 confirms these chimastics on the basis of the correlation matrix of

returns. We will come back to these own and como@mmponents when modeling return volatilities.



Figure 1: Log-values of the individual stock prieesl of the CAC40 index
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Table 1: Correlation matrix for stock returns
Alcatel Axa Renault Société Générale CAC40
Alcatel 1.000000 0.353608 0.271537 0.339994 588826
Axa 0.353608 1.000000 0.285104 0.364780 05978
Renault 0.271537 0.285104 1.000000 0.289646 476073
Société Générale 0.339994 0.364780 0.289646 1.000000 0.553895
CAC40 0.588826 0.597848 0.476973 0.553895 (0101071)




In Table 2 are reported the descriptive statisticthe returns of the four company stocks and ef th
CAC40 index. The average returns of Axa and Reraeltpositive while those of Alcatel and Société
Générale are negative, indicating a capital gairttfe two former companies and a capital lossHer t
two latter ones over the whole sample. For the fiedes, we find that the moment of order 3 is
different from zero, indicating an asymmetric dimition due in general to the presence of outliers
the data. For Alcatel, Axa and Société Généralekstoan asymmetry towards the left (negative
asymmetry) is evidenced, which means that vohatikt higher after a negative shock than after a
positive shock. By contrast, CAC40 and Renaultrretiare assigned a positive asymmetry. Moreover,
we find that the series are highly leptokurtic, thetosis exceeding 11 for the five series. Theee a
hence many observations in the distribution tafld around the mean. These characteristics call into
guestion the normality of the distributions of meisl This non-normality is statistically confirmegt

the Jarque-Bera test.

Table 2: Descriptive statistics of stock returms%g)

Alcatel Axa Renault Sp c[ete CAC40
Générale

Mean -0.000549 0.000421 0.001325 -0.000506 0.000675
Median 0.000000 0.000000 0.000000 0.000000 0.00077
Maximum 4.872458 2.246203 4.441624 2.702216 1.74989
Minimum -4.073110 -3.676272 -3.356935 -4.673213 16252
Standard deviation 0.184308 0.159501 0.279936 0313 0.092901
Skewness -0.030284 -0.092971 0.102094 -0.162296 11031
Kurtosis 24.87487 13.46094 11.1746 15.47007 143203
Jarque-Bera 2047280 462062 286263 664646 530929.2
JB probability 0.000000 0.000000 0.000000 0.000000 0.000000

Note Descriptive statistics are calculated on the bafisi€)3 000 observations.

A qualitative datasetompletes the quantitative series described abbo\&first step, we constructed an
intra-daily event dataset for each of our four camips using Bloomberg data sourfe¥his dataset
comprises event information broadcasted in reat tm operators’ screens by Bloomberg and available
in archived form. It concerns announcements andoramelated to the selected firms but also those
relating to their competitors. Given the sheer amboof information, it was necessary to conduct
searches by keywords. Examples of keywords we wsedoutcomes, mergers and acquisitions,
competitors’ performance, cooperation ... We themually identified the date and time of receptién o
each event over the considered time period. Thyelanass of qualitative raw information collected
initially were, in a second step, classified acomydto different categories of events: outcome

announcements specific to the company, outcome ummemnents specific to the industry,

10 we would especially like to thank P. Laurent, ecoist at the Caisse des Dépots et Consignations, emadled us to access these
qualitative data on Bloomberg.



macroeconomic announcements, statements relatingetgers and acquisitions, implementation of
business strategies. These categories are themseften broken down into sub-categories when
accurate information is available about events (8ependices A to D' Classification of the
information collected raised various difficultiegjch as (i) how to classify events that are appigren
compatible with several categories, (ii) how towgeshe generality of the categories in the presefic
rare but deemed influential events, (iii) how tstoiguish between scheduled but undated events and
unpredictable events. These difficulties led usédek, in the history of the concerned company, more
information about the events in question in ordeavoid arbitrary classification. Note also thatnyaf

the announcements are issued outside of the trgmknigds of Paris stock exchange. We chose to
consider only information occurring during the ojgnperiod. This information has a very high
frequency and arrives with irregular intervals, @fhimust be corrected in order to conform to the
guantitative data. This yields to the last step,dhe of the codification: once the qualitativeoinfiation

was dated and classified, we transformed the diffielists of homogenous events observed at irregula
points in time in binary variables with regulardntals, each variable taking the value one when the
corresponding event occurs and zero otherwise. &imge this 3-step procedure for all of our
companies, we obtained the individual sets of anoement variables that are our main variables of
interest.

In addition to these event dummies representing@oic factors, we also constructed dummy variables
for the days of the week to study periodic effansthe endogenous variable. For instance, a Monday

dummy takes the value one at each 5-minute intefvalMonday and zero elsewhere.

2.2 Stylized facts

For each of the four companies, the volatility leé teturn, calculated as the average for each &tesn
interval of the absolute values of stock pricesrdlie whole 5-years sample, exhibit a U-shape (E€igu
2). For comparison, we also present the volatiftthe CAC40 index. The graphs suggest that theksto
price volatility is higher at the beginning andtl¢ end of the day, while it decreases at middag. W
also find, more or less clearly depending on thamanies, a surge of volatility around 2:30 p.mt tha
dissipates quickly. In general, these results conéit the microeconomic level the form obtainedtun
CAC40 by Teiletche (1998) who interprets the 2:30.ipike as the influence of information from U.S.

markets. Indeed, this moment corresponds to theuammement of major U.S. macroeconomic statistics.

1 Another sub-classification would consist in distirghing events that should theoretically produgeositive effect on equity prices and
those that should produce a negative effect. Qmmatolatilities, the effects are always positive the asymmetry should appear in the form
of different magnitudes and/or durations. We ditl however, use such a partition of the eventdviorreasons: (i) some event releases such
as commercial outcomes or macroeconomic announdem&y give rise to opposite reactions from tradiegending on whether their prior
expectations about the changes in these varial#es eptimistic or pessimistic; as the structur@xectations of the market is not known,
any attempt to sub-classify the events accordin@ecsign of their effects would be arbitrary. (i sub-classification according to the signs
of the event effects, possibly combined with the eve performed according to their designation, @oyield to an increased number of
(refined) announcement variables but the very reduwmber of occurrences in each event variabldduoot allow for general conclusions
about its effect on volatility.
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Although this phenomenon is visible for the foute8 studied, it is particularly noticeable for the

CAC40 index.

Figure 2: Sample-average volatility by 5 minuteeml
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Many authors refer to a U or W shaped structureotdtility, when the market closes for lunch. This
structure is associated with the opening and aipbours of the stock market. For example, Fostdr an
Viswanathan (1990) and Bollerslet al. (2000) evidence a U-shape for the U.S. market;efsehet

al. (2000) a W-shape for the Japanese market; andtdled (1998) a U-shape for the French market.
This observation on the structure of volatilitisxbnsistent with the literature on market micnastire
and emphasizes the role of asymmetric and privédemation in the formation of financial asset psc
The information transmitted during the night play immportant role in the "overactivity" at opening
(Chanet al., 2000). The first reason that can be advocatetias @ number of public information is
released overnight that the price cannot reflecinduthis period of non-trading. This informatios i
then incorporated into the market opening price.atidition, the daily data model by Foster and
Viswanathan (1990) can be adapted to intraday aisalyhe authors consider an agent who has private
information at the beginning of the week. As timasges, pieces of information are gradually released
on the market. The informed agent knows that tHaevaf his information decreases over time and
prefers to react relatively quickly before losing mformational advantage. A similar logic appltes
intraday frequency: an agent acquires private médion during the closing time span; thinking that
will be unveiled during the next session, he reattdhe opening in order not to lose his informmaaio
advantage. The importance of the traded volumethetend of the session is due to significant
reallocation of portfolios before the market clasddmati and Pfleiderer (1988) explain that traders
time their trades between the opening and the étitedrading day so as to minimize the expectesd co
of their transactions. The concentration of valgtilat these moments of the day is due to the
impossibility to trade after and before and tolsetent rules that prevail in many markets (trades a

settled by the close several days later irrespeciithe time of the day the transactions have roedi

3. Modeling and estimation of market volatility

In this section, we model the volatility of theueat of each stock: Alcatel, Axa, Renault and Séciét
Générale. Figure 3 shows the correlograms of tlselate values of returns of the four companies and
of CAC40” over 984 intervals, that is 12 days. It turns that the autocorrelations exhibit dominant U
shapes every 82 observations, that is to say, édogs of one opening day exacflyOne can also
observe that they fluctuate with an intra-daily gitency around this daily periodicity. These
observations suggest that returns of stocks ar@A@40 are characterized by a daily volatility amd a

intraday volatility. Each of these volatility commpents will be analyzed below.

2 The correlograms were calculated for the 01/0389B¢17/99 period containing unchangingly 82 insdswof 5 minutes per day.

13 This daily regularity is also empirically evidendeyl Bollerslevet al.(2000) on stock markets and Andersen and Bolle(d898a) on
foreign exchange markets.
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Figure 3: Absolute Value of Returns Correlograms
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3.1 The model
Following Andersen and Bollerslev (1998a), we depose the deviations from the mean of stock

returns as follows:
Rt,n - E(Rt,n) = O0nSin Zt,n (2)

where s | represents the intraday volatility,, , an iid innovation with mean zero and unit variance

and g, , the daily volatility expressed at the 5-minutesgjfrency, namely:

g.,=0l JN (3)
where g, is the daily volatility of returns. Figure 3 showsslow (or hyperbolic) decrease of daily

autocorrelations as delays increase, which charaesethe presence of long memory in the series of
return. Baillie et al. (1996) showed that a Fractionally Integrated Galimyd Autoregressive
Conditional Heteroskedasticity (FIGARCH) model igpeopriate to account for such long memory
phenomena, contrary to ARCH or GARCH models thatraore suited for describing short memory

series where the effect of a shock on the conditigalatility dissipates quickly, at an exponentiate.
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Hence, we describe the dynamics @f as a FIGARCH-type representation and fit our fieeurns

series of 1246 daily observations using the foll@vMA(1)-FIGARCH (1, d, 1) model:

R =+ 1hE & (4a)
£ =04, (4b)
o} = w+ ol +[1- AL - -t )1- L)1 (4c)

where R represents the daily returns observed at the ratksure and d the fractional integration

parametef. ¢, has conditional expectation equal to zero and itiond! variance equal to 1 with
respect to information available at tinkel. To account for the widely established result ttie
standardized errors are non-normally distributezbtfikurtic) at high frequency data, we assume
Student distribution foi, 15 The parametey/, was found to be systematically insignificant. Each
stock as for the index CAC40 the mean equationaeslthen to a MA(0) with or without a constant
term, while the conditional variance is given biFI&ARCH(1,d,1) for Alcatel, Axa and CAC40 and a

FIGARCH(1,d,0§° for Renault and Société Générale. Table 3 presbatestimated parameters of the
MA(0)-FIGARCH(1,d,q) models’

14 See Baillieet al (1996) for the derivation of the conditional earce.

15> Empirical studies rely on the assumption of cdodilly normal standardized innovations for lasgenple sizes (see, for example
Bollerslevet al.,2000, where 3002 daily returns are consideredndJsur daily 1246 observations, we also testedvFIGARCH model
assuming normal distribution and found that théveses are not significantly different from the srabtained assuming Student distribution.
%The daily volatility is represented by a FIGARCH{D) if its dynamics can be written as

o2 =w+ Pol, +[1- BL—- A-L)%]&? thatis by settingz = Qin (4c) (see Bailliest al, 2000).

" The computations were performed using the progBg®RCH developed under OxMetrics by S. LaurentaRd Peters. For more
information on this program, see Laurent and P¢&986).
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Table 3: Estimation Results of MA(0)-FIGARCH(1,drgpdels

Alcatel Axa Renault Societe CAC40
Générale
Model MA(0)- MA(0)- MA(0)- MA(0)- MA(0)-
FIGARCH(L,d,1) FIGARCH(1,d,1) FIGARCH(1,d,0) FIGARCH(1,d,0) FIGARCH(L,d,1)
0.042 0.029
Ly NS NS (0.01) NS (0.004)
[0.00] [0.00]
0.046 0.072 0.194 0.096 0.026
3 (0.014) (0.037) (0.045) (0.02) (0.005)
[0.001] [0.049] [0.00] [0.00] [0.00]
0.369 0.595 0.22 0.244 ((2)'2067‘;
d (0.069) (0.134) (0.05) (0.039) 1000
[0.00] [0.00] [0.00] [0.00] :
0.334 0.15 (g'ﬁg)
¢ (0.131) (0.065) _ _ 000
0.011] [0.021] :
0.617 0.778 0.162 0.256 0.613
V; (0.154) (0.079) (0.067) (0.04) (0.104)
[0.00] [0.00] [0.016] [0.0] [0.00]
Log L 45.67 200.95 -649.85 184,59 639.39

Notes The values in parentheses (brackets) are thedatdndeviations of estimates (p-values). The meagmateons
R, = o +& and the conditional variances;” = w+ So’, +[1- AL - A— g )1-L)]&?, with ¢=0, are
estimated using Chung's (1999) method on our 12#4¢ dlaservations. Student distribution is assumadtfie standardized
innovations &; /Jt. The conditional volatility has been initialized the empirical mean of the squared residualsnogur

case, to the squared returns. NS means fatwas not significant. The other parameters beirtgnased without this
intercept in the mean equation.

The findings reveal that all coefficients have #xpected positive sign and are highly significaitite
FIGARCH specification is supported by the datatfer four equities and the market index, attestirgy t

presence of a long memory in the volatility proesssf the returns (see also Bollerslev and Mikkelse

1996). Indeed, the fractional integration coefiitied are between 0 and 1 and are significantly
different from 0 and 1, leading to reject the GARGRI IGARCH specifications. The set of estimates

allow for assessing the value of the daily conddiovolatility. The difficulty lying in the treatnmg of
the fractional difference operatdt— L)OI can be overcome thanks to Bailk¢ al. (1996) who have

shown that this operator can be written in the fofra hypergeometric function:

@a-L)¢ :1—di Fk-d)r@-d)*rk+1yn™ L

k=1

=1-dL-

d(1-d) I_2_o|(1—d)(2—d) 15— (5)
|

3
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where [ (.) represents the Gamma functidrin practice, we truncate the infinite sum to $iee of the
sample, i.e. 1246 daily observations.

From calculated&f values, we deducfefn = &f /N following equation (3). Taking the logarithm of

the square of the decomposition (2) and rearrantiegequation, we obtain the following econometric

model:

2In‘Rt'i—_R‘:c+2lnsm+ut’n (6)

t,n

with ¢ = E(In an) andu;, =In an - E(In an ), whereR stands for the empirical mean of the return
and u, , is stationary. In a second step, we specify thaday volatility In sfn involved in the right-

hand side of equation (6). According to the literaf we consider thaln an comprises a seasonal

component, event announcements and daily effeetsn@del involving individual returns, we add to
these terms a market component. We specify beloW ebthese components.

Various methods have been proposed to accounhéseasonal volatility. The simplest method is to
build binary variables. Baillie and Bollerslev (ID9use a GARCH specification with seasonal dummy
variables to model the conditional volatility ofetexchange rate with an hourly frequency. Bollersle
and Ghysls (1996) suggested the Periodic GARCH ARGH), which allows the coefficients of the
equation for the conditional variance to changéopieally. Other authors (Taylor and Xu, 1995; Can
and Taylor, 1998; Andersen and Bollerslev, 1998gpsst filtering the returns series by normalizing
by the seasonal intraday component of the volatilib estimate the latter, the procedure proposed b
Taylor and Xu (1995) and Chang and Taylor (1998)sigis in calculating seasonal multipliers while
Andersen and Bollerslev (1997, 1998) suggest usiagFlexible Fourier Form (FFF). This function
proposed by Gallant (1981, 1982) is particularligezito approximate the intraday periodicity, ahis t

is why we use the FFF to account for the seasdfeadts of our intra-day volatilityn sﬁn . The FFF can

be written in the following form:

N n2 & 2Mpn . 20pn
f(t,n) =y, 50'2/(_2+ {chp.cos[ N j+5$,p$|n( N ” (7)

-+
K p=1

where 9J,,, 9J,,, J;, and Js, are coefficients to be estimatedx,=(N+1)/2 and

K,=(N+D(N+2)/6 are normalization constants of linear and quadirdtinctions and P

determines the number of phases in the daily cy&fier some preliminary estimates, we selected a

daily cycle consisting of four phases (P = 4).

18 One can also show that (5) is obtained by thedFadries expansion of the functiof](Z) = (1— Z)d aroundZ =0, Z being a scalar.
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Concerning the event shocks, they are representdtkiform of multi-response dummy variables for
each type of event; their construction is preseiriéte first section. These binary variables &ted in
the appendix for each firm. To reflect both thespstence effects and/or the delayed influencesi®f t
announcements, lagged dummy variables are alsoded! If an evenk affects the volatility withh

five-minute lags, then all its lagged effects canaritten as:
h
2 AD (tn-i) (8)
i=0

where |, (t,n—1i) represents the announcement effect laggeidiftervals, A, (i) its coefficient andh
the lag-length or persistence horizon of the ewioick. However the introduction of a coefficient fo
each type of event and for each lag up teould lead to increase the number of parameteestimate

by k(h+1), and the model would then become considerablyened. Rather than freely estimating
the coefficientsl, (i), and following Andersen and Bollerslev (1998ag assume that they follow an

m-order polynomial lag structure:
A () = A0) (92)

¥(i) =§aj{1_(thm_'};, i=01..,h (9b)

Thus, the effectd, (i) of an announcemehtevolves withi as a weighted sum af structural dynamics
before fading completely at the horizbiiA, (h) = 0):

- an instantaneous jump af (0) = A, y(0) = A a, followed by a semi-parabolic decrease (wiwd):

operators react instantly to the shock, the effégthich wears off gradually to vanish afteperiods;
- a parabolic dynamics (wheje= 1): agents react slowly to the announcement ehedfect grows at a
decreasing rate then decreases to die outlafieriods;

- m-2"half bell - half parabola” shaped dynamics (wRBefi j < m—1): operators gradually react to the

announcement whose effect grows at an increasitoyvied by a decreasing rate. It then decreases at a
increasing rate until it runs out afteperiods

Depending on the values af;, the market behavior can be represented by a dgsatomposed of

one of these simple dynamics or any mixture of thAmimmediate response with decreasing lagged
effects can be considered as being the most sthiadalr intuitive reaction of agents to an unantitega
announcement (cage0). However, progressive and delayed reactiongh0) may also be justified

in different ways. Ederington and Lee (1993) expldie existence of delayed reaction by the fadt tha
when the announcement is released complete infaymatay not be available immediately.
Complexity inherent to the information revealed caake that its implications are fully understood

only after a certain time of analysis, or can jysthe need for additional information. Fleming and
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Remolona (1999) go even further, by asserting ttieg persistence [of volatility] reflects a residlua
disagreement among investors about what the nearnimdtion means for prices”. This idea of
incomplete information can interestingly be linkedthe findings of a recent literature that the o
behavior is a possible explanation of the excessolatility in financial markets (Banerjee, 1993;
Orléan, 1995). In this vein, following an announeamrelease, an investor can delay his(her) reactio
until (s)he learns about the response of the spoie to the announcement. This information will
provide to the investor the market opinion abow dguity, which will guides his(her) decision. The
evolution of the stock price is here the neededtiat@l information leading to mimetic behavior.

In addition to these possible interpretations, ydaresponses to announcements have interesting
implications for strategic timing of trade. An irster who is concerned by a single equity and israwa
of the existence of such delayed response pattermgake profitable positions in that market. Inijee
suppose that during the time sparhgferiods, which lasts from one to a few hours, mmoancement of

a given category is the only factor that affects tholatility of the equity. Since the standard ktoc
valuation model implies a negative relation betwpgoe and volatility, the optimal trading strategfy
the investor would consist in purchasing the equitben volatility reaches its maximum and selling it
when it is zero. Such delayed responses can thugelbed by the investor as useful indicators for
optimally timing the trade orders.

We choose a polynomial of ordex=3 to capture the three types of responses dedczibeve.

The polynomial (9b) can thus be simplified as:

O T R

and putting together (8), (9a) and (10) yieldshe polynomial lag structure we consider. The three

dynamic components of (10) are shown in Figure 4.
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Figure 4: Dynamic components of persistence effefcéssent shocks using a
polynomial lag structure of order 3 and lag-lenigth
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A choice on the persistence horiZois also needed. Unlike the empirical literaturengsintraday data
that generally fixe$ to one or two hours depending on the announcementpted for a more flexible
approach by estimating the persistence horizorach @nnouncement by a grid search. Our aim tatest
variety of horizons is motivated by many authoesults that volatility may persist over long horizo
Patell and Wofson (1984) and Jennings and Sta®®&5(1find that even high volatility may persist for
several hours if the transactions are still basedtie initial information (see also Fleming and
Remolona, 1999).Thus, estimating within the valgtinodel the polynomial lag structure along with a
grid search oveh allows us to endogenize both the form and the bariaf persistence of each

announcement effect.
Finally, recall that the intra-day volatilitin sfn refers to an individual stock return; it is thesspibly

influenced by the "market" effect. To account foistmarket effect, we introduce into the equatién o

the intraday volatility of each stock the intradepfatility of CAC40 that we normalize, as beforg,its
daily volatility 5t'\”'n. We calculate&t'\”'n by solving for equations (3), (4c) and (5) anchgséstimates

provided in Table 3, column 6. The volatility oktiCAC40 return, filtered by the daily volatilityac be
written as:

2In(RY% ~R"|/6%). (11)

where the index M refers to market.

By bringing together elements (7) to (11), equa®ncan be written as:
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2Inu-c+b(2ln‘RtNI _M‘

Ut,n I"I

B+t n)+ZZAky(l)| =)+ 3 u, e (12

where f (t,n) is the FFF given by equation (7). The varialilesrepresent dummy variables for each

day of the week. Their role is to capture the dydaffects » by taking the value 1 at each 5-minute
interval belonging to a business-dapf the week $£Monday, Tuesday, ..., Friday) and 0 otherise
Note that a consequence of the Capital Asset ridiadel is that the variance of an individual retis
proportional to the variance of the market retwwonfmon factor) plus the idiosyncratic variance (own
factor). Interestingly, equation (12) accounts afeo both of these factors, the market volatility
representing the common factor and all other végglkseasonal volatility, announcement shocks and
calendar effects) making the own factor. Thus, i Iwith portfolio choice models, equation (12)

implies that there exists an undiversifiable rigkl @ gain in portfolio diversification.

The coefficients A aj (j = 012) that appear in the lag polynomial (9a)-(10) ardéineted as

composite coefficient& To ensure their positivity (the initial effect ahy announcement on volatility
should be positive, whether it is immediate or gedd because unexploited profit opportunities

stimulate trade activity), these coefficients aritten as the exponential of some auxiliary coédfits,

denoted (Akaj)' , Which are estimated freely. We applied the samestraint to the day-effects

parametergi/y.

3.2. Econometric results

The method of nonlinear least squares has thus eeqboyed to estimate the model. Tables 4 to 7
provide the estimation results of equation (12) tfue four companies. The explanatory power of the
model proved satisfactory for all stocks except3orciété Générale, a company for which the market
effect is found to be lower and very few announaaimeppeared significant. The Durbin-Watson
statistics indicate a slight autocorrelation bu¢ timodel is estimated using heteroskedasticity and
autocorrelation (HAC) consistent Non-Linear Leagu&es method, so that the estimates are unbiased
although possibly inefficient. However the t-statis are sufficiently high to ascertain the sigrafice

of all coefficients at the 5% level, unless othemvindicated. The term ,, (equation (6)) is stationary

in each estimated equation.

19 Erench and Roll (1986) explain that the volatilifyreturns is much higher in trading periods thanon-trading periods because (i) markets
are likely to receive more public information whiey are open; (i) markets receive private infaiorawhen informed agents trade; and (iii)

trading implies some degree of pricing errors wtaoh sources of volatility.

20 Our approach differs from that of Andersen andi@slev (1998) in the sense that they estimateal finst stage the structural coefficients

O’j without the parametenﬂk by merging all the events in the volatility mocdeid re-estimating in a second stage the coeffid&lgtfor
each evenk as an adjustment coefficient to the common lagctire. Rather, we favor estimating a lag polynorfiiel each event effect

although we cannot identify the paramebdks and 0']- (see also Boubel al. 2001).
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Table 4: Estimation of the Volatility of Alcatel &tk

Persistence  NLLS estimates

Coefficient Variable horizon (t-stats)
¢ -1.39 (-17.65)
O, FFF 2.37 10°(9.21)
Jo5 FFF -4,09 10" (-1.75)*
Oc1 FFF 0.78 (28.82)
Oc 2 FFF -0.21 (-10.61)
Oc3 FFF 0.18 (10.34)
Oca FFF -0.04 (-2.30)
Js1 FFF -0.10 (-4.84)
s FFF 0.10 (4.98)
Os3 FFF -0.03 (-1.66)*
s 4 FFF 0.08 (5.62)

b Volatility of CAC40 return (market effect) 0.20422)
(Ayer@,)'  Macroeconomic Conditions releases 13 -4.33 (-4.05)
(Agr@,)'  Internal Outcomes releases 37 -6.64 (-2.73)
(Apr@,)'  Internal Problems releases 13 -2.66 (-12.89)
(Awar @1)' Internal Ownership, Merger & Acquisitions 25 -3.77 (-3.08)

releases
(Acpr@>)' Internal Cooperation and Development releases 25 -4.87(-11.68)
(Acrr@s)' Competitors’ Outcome releases 25 -5.14 (-6.53)
(Aesor®,)’  Competitors’ Strategy and Orientation releases 37 -4.06 (-4.87)
Uroespay  Tuesday effect -1.55 (-5.65)
LEDNESDAY Wednesday effect -1.46 (-5.60)
Urnursoay  THUrsday effect -1.35 (-5.64)
Herioay ' Friday effect -1.17 (-6.19)
R? 0.11
SE 3.09
bW 1.47
ADF -61.01

Notes The numbers in parentheses are the Studentidtistmt Estimates with a * indicate 10% level of
significance. 5 or 1% level otherwise. The estimat®del is given by equation (12) and the estinmagieriod
runs from 01/03/95 to 12/24/99, with a total of 1080 observations of 5 minute intervals. The pt¥aie
horizons of announcements and the number of dailes (p = 4) of the FFF are estimated by grid geafo
ensure the positivity of the coefficients assodatith the lag-polynomial and with the day effecthese
coefficients were expressed as the exponentiatsose marked with a prime which were estimatedgleith the
other parameters using the heteroskedasticity amocarrelation (HAC) consistent Non-Linear Leastu&as
(NLLS) method. The results presented are thoseir@wtaafter elimination of insignificant variablesichre-
estimation.
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Table 5: Estimation of the Volatility of Axa Stock

Persistence NLLS Estimates

Coefficient Variable horizon (t-stats)
¢ -4.64 (-43.61)
Jo1 FFF 8.07 10°(23.04)
002 FFF -3.23 10'°(-10.81)
Oca FFF 0.99 (29.75)
Oc FFF -0.24 (-8.91)
Oc 3 FFF 0.19 (8.37)
sy FFF -0.11 (-3.84)
Os; FFF 0.09 (3.30)
Os3 FFF -0.07 (-2.83)
b Volatility of CAC40 return (market effect) 0.29432)
(Ayer@s)' Macroeconomic Conditions releases 25 -5.64 (-5.03)
(Age@,)' Internal Outcomes releases 37 -2.86 (-9.33)
(Aisor@s)' Internal Strategy and Orientation releases 37 -6.14 (-6.90)
(Aopards)' Competitors’ Ownership. Merger & 13 -4.22 (-3.03)
Acquisitions releases
Uroespay  TUesday effect -1.49(-4.68)
HEDNESDAY Wednesday effect -1.62 (-4.31)
Uriursoay  THUrsday effect -0.91 (-5.16)
Uerioay | Friday effect -1.10 (-5.08)
R? 0.194
SE 3.86
DW 1.29
ADF -50.80

Note See Table 4.
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Table 6: Estimated of the Volatility of Renault &to

Persistance NLLS Estimates

Coefficient Variable Horizon (t-stats)
c -4.56 (-38.44)
Jo1 FFF 7.86 10°(18.93)
002 FFF -3.91 10° (-10.13)
Ocy FFF 1.59 (37.50)
Oc 2 FFF -0.53 (-16.13)
Oc3 FFF 0.32 (11.65)
Osy FFF -0.22 (-5.86)
s FFF 0.38 (11.35)
Os3 FFF -0.22 (-7.61)
s 4 FFF 0.10 (3.87)
b Volatility of CAC40 Return (market effect) 0.30983)
(Ayer@s)' Macroeconomic Conditions releases 37 -4.57 (-10.78)
(Age@,)  Internal Outcome releases 37 -5.21 (-7.91)
(Asor@y)' Internal Strategy and Orientation releases 25 -1.82 (-2.65)
(Aerrd,)  COmpetitors’ Outcome releases 25 -4.54 (-8.45)
Uriespay  TUesday effects -0.36 (-2.63)
L EDNESDAY Wednesday effects -0.36 (-2.52)
HriURrsDAY Thursday effects -0.27 (-2.11)
Uenny'  Friday effects -0.26 (-1.97)
R? 0.16
SE 4.79
DW 1.27
ADF -60.50

Note See Table 4.
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Table 7: Estimation of the Volatility of Société @fale Stock

Coefficient Variable Persistence NLLS Estimates
Horizon (t-stats)
C -1.89 (-18.60)
Jo1 FFF 4.44 10°(11.51)
3o FFF -2.38 10'“ (-6.82)
Jca FFF -0.65 (-16.72)
[ FFF -0.13 (-4.89)
Ocs FFF 0.06 (2.81)
Oca FFF 0.08 (3.89)
Os1 FFF 0.34 (10.52)
s, FFF 0.41 (14.17)
Js 3 FFF 0.19 (8.62)
b Volatility of CAC40 Return (market effect) 0.114(05)
(Ayere@s)' Macroeconomic Conditions (Customers 13 -3.31 (-5.09)
oriented) releases
A @)’ Internal Outcome releases 37 -7.07 (-2.94)
Honony. Monday effect -2.36 (-2.90)
Hrriursoay Thursday effect -1.55 (-4.53)
Uerioay ' Friday effect -1.33 (-5.00)
R?2 0.05
SE 3.90
DW 1.29
ADF -60.32

Note See Table 4.

Market volatility has a moderate but highly sigoént influence on the volatility of all stocks:i#

rather low for Société Généraleﬁ# 0lImore consistent for AIcateIB(: 020while it has an
influence in the order of 30% for Axa and Renatdtks.

Concerning announcement effects, several lessonsgdeom our results. The first relates to theunat

of announcements affecting stocks. It appearstfigaannouncements related to internal outcometsesul
(IRR) and to the macroeconomic constraints (MCRY #iose with the most universal impact on
volatility as they are significant for all four sks™. It seems intuitive that maximizing the own
performance given the economic climate appearshasia core as it reflects the essential baronafter
stock volatility. In an environment characterizegl the development of financial markets, this basic
core extends to announcements on financial andegtcaoperations. These operations are either

conducted intrinsically (ISOR) in the case of All& Axa and Renault, or by the competitors, as

2L |n the case of Société Générale, a subset of thabl@MCR, macroeconomic conditions affecting thistomers (MCRC, see Appendix
D), appeared to be significant.

22 Note that in the case of Alcatel, the ISOR varidtds been replaced by its two main components, IMAR ICDR (see Appendix A),
which were both found to be significant.
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shown by the impacts of competitors' strategic afi@ns (CSOR) on Alcatel stock and of competitors'
mergers and acquisitions (CMAR) on Axa stock. Douehie growing competitiveness, it also includes
releases on competitors' results (CRR), which @figct the volatility of the industrial sector sksc
(i.e., Alcatel and Renault stocks): the intense metition prevailing in the automotive and
telecommunications sectors and the involvement hafsé sectors in R&D programs explain the
reactivity of financial operators to new informatiabout the positions of Alcatel and Renault inrthe
respective markets. In the analyzed period Alchés also experienced turmoil at the executive level
and the related announcements, denominated intproalems releases (IPR), appear to be the ones
which have the mostly affected the stock returns.

We tested the hypothesis that the effect of eado@mcement is represented by a flexible lag stractu
given by a weighted sum of the components of thgeplalynomial (10). The estimation of this flexible
lag structure allows calculating for each annourexneffect a persistence pattern of a specific fakm

major result that emerges from our estimates i$ tlta announcement for any stock generates an

m]
immediate effect (insignificantd,a, coefficients systematically). In contrast, we finldat the

O O
responses to announcements emerge slowly and dsadsignificant A a, or A.a, coefficient$?),

reflecting a response time needed by traders whey teal with new information. This result is
consistent with Ederington and Lee’s (1993) assionpt that the incompleteness of available
information prompts the traders to seek furtheorimfation and that traders need some time to analyze
the implications of the new information (see above)

In addition to its form, the persistence of an amuement effect on volatility has a second spatific

its horizon. We considered three possible horizbrs 13, h = 25 andh = 37: we thereby assume that
the effect of each announcement persist for one fiduintervals of 5 minutes), two hours (24 intdev

of 5 minutes) or three hours (36 intervals of 5 ubés) before vanishing at interval These horizons
seem reasonable to represent the effect duratianainnouncement, since a longer duration would
imply implausible long-lasting profit opportunitie$Ve estimated equation (12) for each stock by
combining in turn all possible horizons with eaginauncement variable, and chose the combination
for which the AIC was minimél. It appears that announcements related to intematomes (IRR)
have the most lasting effects on absolute retuntegheir persistence length is 3 hours regardiéss

the stock in question. Within this response windotlig absolute returns reach a peak of

O
10dexp(A geM(i*)/2) —1] = 14.2 percent, 50.6 percent, 73.8 percent and@pf at thei* = 26th, 22d,

2 Note that only one of these two coefficients is\ffigant, precluding a mixture of the two graduedponses.

24 However these combinations were subjected to aalatanstraint : for a given announcement, theglo@mponents of the lag polynomial
(10) have the same horizon.

% Generally speaking, following an announcemergleased at the intervalof dayt, the absolute value of the filtered return incesaat the
i'th lag by the multiplicative facto@Xp(/]k y()/2) wherei=0,1,..h (thus,exp(/]ky(O)/Z) measures the instantaneous jump). This
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26th and 26th 5-minutes interval in the case ofafdt Axa, Renault and Société Générale, respégtive
Interestingly, traders learn about this news dfterelease and increase trade during unchangitfly
minutes for all stocks, except Axa for which vdigti increases during 110 minutes. The
macroeconomic announcements (MCR) have a persestength ranging from 1 to 3 hours depending
on the stock. A persistence length of 2 to 3 h@iisatel, Axa and Renault) is recorded for strategi
orientations releases (ISOR and CSOR), while antements on competitors’ results (CRR) have a 2
hours persistence (Alcatel and Renault). Finalhe tesponse of Alcatel stock volatility to internal
problems announcements (IPR) and the one of Axekstmlatility to competitors’ mergers and
acquisitions releases (CMAR) appear to be partiukhort since they die off after an hour. Genigral
speaking, our findings on individual returns defdestn the literature dealing with market indices in
terms of shapes and horizons of persistence. Indiwed related studies evidence in most cases
instantaneous responses with one or two horizoristof2 hours that are in all cases previouslydixe
(Andersen and Bollerslev, 1998; Andersaral, 2000). In our framework with endogenous persisten
horizons, it turns out that despite a variety adpanses of the volatility to announcements some
common features emerge: all responses occur gtgdual cover mostly 2 or 3 hours horizons (Figure

5). These horizons seem to point to the complexraaif information to be processed by investors.

volatility response may equivalently be expressedl@Jexp(A, J/(i)/2) —1] percent while the cumulative response of the atteol

h
return over the whole period of influence of theamcement i&OOZ [exp(Aky(i )/2) —1] percent.
i=0
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Figure 5: Persistence of the Effects of Event SkankReturn Volatility
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To assess the total effect of an event shock dsdifétime, we cumulated the responses of the lateso
returns over the response horizon (Table 8). Aerafieature is the high volatility of Renault's albige
returns in response to all news announcements,l@rithpersistence horizons of 2 or 3 hours (sedeTab
6). This typically reflects active searching beloavafter the initial information is perceived. In
particular, a 3405.2 percent increase in volatiityeached 3 hours after a macroeconomic infoomati
(MCR) is recorded. Conversely, other stocks seemb& less sensitive to macroeconomic
announcements, whether in volatility magnituderoinmpact duration. Note, however, that they were
able to impulse within one hour an increase in tildila of about 400 percent on Société Générale
returns, while releases on commercial outcome (IRR}E relatively little but significant effect détgp

a period of influence of 3 hours.
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Table 8: Cumulative responses of the return vdiaslto the announcement effects

Announcements Alcatel Axa Renault Société Générale
MCR(C) 273.48 246.73 3405.16 399.43

IRR 290.72 1163.47 1439.14 185.53

IPR 915.18

ISOR 492.92 1760.93

of which IMAR 187.51

of which ICDR 573.86

CRR 423.59 849.24

CSOR 309.31

CMAR 246.73

Notes.A cumulative response is calculated as the sunm@fabsolute returns over the persistence peridteof
announcement effect (see footnote 23). The relagesistence horizons are given in Tables 4 to 7.

Last but not least, it can be seen from Tables#ttat volatility of each stock is also influendedday
effects, corresponding to Tuesday, Wednesday, @iayrand Friday in the cases of Alcatel, Axa and
Renault and Monday, Thursday and Friday in the odisgociété Générale. In all cases, these effects
grow throughout the week, whether monotonically cg&él, Renault and Société Générale) or in
tendency (Axa). In the case of Alcatel for examplde absolute returns increase by
100exp(ug /2) —1] = 11.1 percent, 12.2 percent, 13.9 percent and d&&nt throughout the influent

days, whereas Axa's volatility evolves as 12 pdrcEh5 percent, 22.1 percent and 17.9 percent. The
increasing structure of day effects can be expthiby announcement releases becoming more
numerous throughout the week (Ederington and L883)YLland by increasing trade as the non-trading

weekend approaches.

4.Conclusion

The purpose of this article was to investigate pleesistence of the effects of event shocks on the
intraday volatility of returns of four CAC40 firmsamely Alcatel, Axa, Renault and Société Générale.
Putting the focus on the individual return volaitis instead of those of indices was a first ngveft

our approach with respect to the literature. Witls aim, we extracted the individual series of ktoc
prices from SBF-Euronext intraday financial dat@#asd developed a qualitative database on event
information using Bloomberg archived data. We shibwet intra-day average absolute returns exhibit,
as expected, U-shape curves and we modeled tlaelaytreturn volatility of each stock. In the presen

of long memory, we filtered the absolute return itsy daily component that we estimated using a
FIGARCH model. Intraday seasonality has been appraved by the Fourier Flexible Form and day
effects by daily dummies. The market effect wagespnted by the filtered intraday volatility of the
CAC40 index. Announcement effects were introducsth@ a polynomial lag structure reflecting

different types of reactions of traders to the pesed information. A second innovative aspect of ou
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approach with respect to the literature was thatemdogenized both the form and the horizon of
persistence of each announcement effect.

Several lessons in terms of volatility responseatmouncements can be derived from our results.
Regarding the nature of the announcements affetfiegquities, two announcements were shown to
produce universal effects on the four return vbtegs: the internal commercial outcome release$ an
the macroeconomic announcements. Alcatel, Axa amdaBlt absolute returns also show a high
sensitivity to announcements related to intermardicial and strategic operations while Alcatel Axd
returns are also impacted by the financial andesjia operations announced by the competitors.
Another important result concerns the persistenomg and horizons of event shocks on volatilityr Fo
none of returns we found that an announcement hasmediate effect. Responses to announcements
emerge slowly and gradually, suggesting that cotapigformation is not available immediately and
that some time is needed to analyze the informaticio learn the market opinion through the respons
of the stock price. Concerning the persistencezbas, they change between one and three hours
depending on the announcements and the companigeborating the complex nature of information
to be processed by investors. Under certain camditiour results provide profitable purchasing and
selling strategies for an investor in an equity kear

Our findings contradict the hypothesis of markdic&fncy, which fell into disgrace after the finaalc
crisis; they indeed imply that prices do not imnageliy reflect all publicly available information ite
time an announcement is released, since its effect®latility are spread over time.

Our findings can be extended in two directions. ikimediate extension is to expand the sample to
other CAC40 firms belonging to sectors considenedthis work but also to other sectors (food,
chemicals, energy ...). Another study would examtine effects of macroeconomic, financial and
political announcements on national stock indicethe European Union and enable a comparison of

the volatility responses of these various indices.
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Appendix

Appendix A: Announcement releases related to Alcatestock

Number of Name of the
Announcements : .
releases binary variable

Macroeconomic Conditions 18 MCR
Internal Outcome 35 IRR
Competitors' Outcome 19 CRR
Internal Issues (Indictment of an Executive) 4 IPR
Strategy and Orientation of Alcatel 58 ISOR
- Internal Restructuring 6
- Shareholding, Mergers and Acquisitions 31 IMAR
- Cooperation and Development 21 ICDR
Strategy et Orientation of Competitors 19 CSOR
- Mergers and Acquisitions 3
- Trade Policy 3
- Cooperation 7
- Innovation 6

153 releases listed with ISOR (6 binary variabées] 147 with IMAR and ICDR (7 binary variables).

Appendix B: Announcement releases related to Axa etk

Number of Name of the
Announcements : .
releases binary variable

Macroeconomic Conditions 12 MCR
Internal Outcome 55 IRR
Competitors' Outcome 22 CRR
Strategy and Orientation of AXA 49 ISOR
- Group Restructuring 3
- Shareholding, Mergers and Acquisitions 37 IMAR
- Cooperation and Development 6
- Strategy 3
Competitors' Mergers and Acquisitions 20 CMAR

158 releases listed with ISOR (5 binary variabées) 146 with IMAR (5 binary variables).
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Appendix C: Announcement releases related to Renaustock

Number of Name of the
Announcements : .
releases binary variable
Macroeconomic Conditions 5 MCR
Internal Outcome 24 IRR
Competitors’ Outcome 21 CRR
Strategy et Orientation of Renault 18 ISOR
- Executive Announcements 8
- Shareholding, Mergers and Acquisitions 6
- Cooperation and Development 4
Branch Strategy and Orientation 5 BSOR
73 releases listed (5 binary variables).
Appendix D: Announcement releases related to Soc&ténérale stock
Number of Name of the
Announcements : .
releases binary variable

Macroeconomic Conditions 16 MCR
- affecting Financial Markets 10 MCRM
- affecting the Customers 6 MCRC
Internal Outcome 21 IRR
Competitors' Outcome 10 CRR
Strategy and Orientation of Société Générale 44 ISOR
- Group Restructuring 2
- Shareholding, Merger, Acquisition 38 IMAR
- Cooperation et Development 4
Merger, Competitor Acquisition 26 CMAR

117 releases listed with MCR and ISOR (5 binanjaldes) or with MCRM, MCRC and ISOR (6 binary
variables), 111 releases listed with MCR and IMARb{nary variables) or with MCRM, MCRC and IMAR

(6 binary variables).
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