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Abstract Ederington and Lee (1993) found that volatility on

The efficient market hypothesis states that thekatar FOT€ign Exchange and Interest Rate Futures markets
incorporates all available information to provide alNcreases within one minute of a macroeconomic news

accurate valuation of the asset at any given tim@nnouncement, and the effect lasts for about 1%itetn
However, most models for forecasting the return drderington and Lee (1995) determined that the same

volatility of assets completely disregard the atiof Markets begin to react within 10 sec_orr:ds Ofk
asset specific news (i.e., news which is direalgvant to Macroeconomic news announcements, with = wea
the asset). In this paper we propose a simpletatiamto evidence that they tend to overreact to news witha

the GARCH model to make the model aware of newfrSt 40 seconds after news, but settle within ites.

We propose that the content of news is important afPranam et al. (2003) established that the valustaxfks
therefore describe a methodology to classify agsetific ©On theé S&P 500 index are influenced by scheduled
news based on the content. We present evidencetfre macroeconomic news, however, they did not invetiga

US, UK and Australian markets which show that thi@"y intraday effect.  Nofsinger and Prucyk (2003)
model improves high frequency volatility forecastBhis concludc_—zd that unexpected bad.macroeconomm news is
is most evident for news which has been classhiiased responsible for most abn.ormal intraday volume trgdi

on the content. We conclude that it is not enctagtnow " the S&P 100 Index option.

when news is released, it is necessary to interppget Despite strong evidence that the stock market deast
content. to macroeconomic news, there is far more assetf&pec

Keywords. Stock Market, News, Document Classification?€WS: i-€., news which is directly relevant to tset,

Volatility, Forecast than macroeconomic news. Furthermore, unlike
’ macroeconomic news, most asset specific news is not
1. Introduction scheduled and therefore investors have not forrheit t

- : own expectation, or adopted analysts’ recommenasitio
The efficient market hypothesis states that thekatar about the content of the news. Mittermayer (2004)

Incorporates a!l available mformatlon. to _prowde_1 ainvestigated the effect of Press Announcementshen t
accurate valuation of the asset at any given tifrteere is

large body of evidence that assets tend to reaptlbdic New York Stock Exchange and the NASDAQ and

. . ; 8 . determined that the content of news can be used to
information, most often when the information contaa redict. with reasonable accuracy. if the marketl wi
shock. This evidence includes the reaction to ipublp ' Y

information in the form of newspaper/magazine/teak exhibit high return within 60 minutes of the
source (e.g. Cutler et al. 1989, Goodhart 1989,dBad announcement. Unfortunately press announcemeats ar

et al. 1993 Melvin and Yin 2000. Mitchell and Matin only a fraction of asset specific news, so further
1994 ,Mittermayer 2004’) macroeConomicinvestigation is required to determine how the Istoc
announcements (e.g. Almeida et al. 1998, Ederingtah market reacts, if .at all, to this type of n'ews. -
Lee 1993, 1995, 2001, Graham et al. 2003, Kiralet The Generalised Autoregressive Conditional
2004, Nofsinger and Prucyk 2003), ana|y5{-|eteroskedast|cny (GARCH) model mtrod_uced by
recommendations Hong et al. 2000, Michaely anBollerslev (1986) has been shown to be a relialdeleh

Womack 1999, (e.g. Womack 1996), and weather repoffr forecasting the volatility of an asset. Howewvéke
(e.g. Roll 1984). virtually all volatility forecasting models, it cqstetely

disregards the impact of public information. Kalksval.

(2004) found that the forecast accuracy of GARCHY1,

for 30 minute returns can be improved by factoiim¢he
Copyright © 2007, Australian Computer Society, Ind@his nhumber of asset specific documents released to the
paper appeared at the Sixth Australasian Data Mininmarket in the previous 30 minutes. Furthermorey the
Conference (AusDM  2007), Gold Coast, Australiafound that the forecast accuracy could be further
Conferences in Research and Practice in Informatiofnproved by restricting the news based on how the
Technology (CRPIT), Vol. 70. Peter Christen, Pa@nKedy, aystralian Stock Exchange (ASX) categorised the snew
J'”yong Li, '?na KocllyShk'na apd Gr?ham Williams, 'dEd (e.g. Progress Report, Dividend Announcement, Msrge
Reproduction for academic, not-for profit purpogeEsmitte o " . PR
provided this text is included. gnd Acquisitions). Whilst the ASX may classify ret

is not safe to assume that every asset specifics new
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document for assets throughout the world will b&he set defined in Eq. (4) consists of each distimewvs
classified in the same fashion at the time of theiease. documentf) for the stock$) and contains the timel{,)
Therefore it is advisable to use an automated fofm and content@s,) of the document. Note that we allow
news classification, which can be applied to nemenf the market time to react to news by ignoring any
any source. document which occurred within the last minutes of a

In this paper we propose a modification to the GARC Pusiness  day  (i.e., time(d;)<max(time(Tg))-Ar).
model proposed by Bollerslev (1986), to handle thEurthermore we ignore the firak minutes of a bus!ness
arrival of asset specific news. Furthermore wecdes day as we expect investors are more focussed amrgpe
an automated method to classify the news, whichbean their positions for the day rather than reading lttest
used to limit the number of documents which thisdelo News (i.e. min(time(Tg))+ Ar< time(ds ))-

processes. Finally we demonstrate how this model ¢ o ={A, A, ... A} Assrs = (000 Con))Edion OTe (4)
improve the vola}tlllty forecast accuracy using agé Dmin(time(TB))+Arstime(d(ﬂ))<max(time(TB))—Ar

asset base and high frequency data. '
All documents are pre-processed to remove numbers,

2. Data URLs, email addresses, meaningless symbols, and
All data for this research were obtained using thformatting. Each term in the contei@s,) of the

Bloomberg Professionalservice. The dataset consists 0Hocument is stemmed using the Porter stemmer tigori
stocks which comprised the S&P 100, FTSE 100, angorter 1980). The Porter stemmer removes suffixes
ASX 100 indices as at July 2005 and continued ddér from words, using strict rules which apply to thegkish
through to November 2006, which is a total of 28%ks. language, such that words with the same stem are
For each stock the Trading Data, and News weighnsidered to be the same word. For example #rasst
collected for the period beginning May 2005 through of “finance”, “finances”, “financed”, and “financgt are

and including the October 2006. There are over@D the same. Stemming is performed to reduce the aumb
documents (news articles) in this dataset, which wgfterms which need to be investigated, and to tefind
believe to be the largest used for the types oéements similar documents. The stemmed term index defined

we conduct. Eq. (5) is created with the stemmed terms whicheapp
. in the document§s,.,), and the number of times they
21 Trading Data appear within the documen8(g;.,), whereo is the

The set defined in Eq. (1) consists of each distimoute stemmed term identifier.
(2 where trading occurred for the stoc), (within all _ _

. . . Cen =1L T | T = ,SC
minutes for the period of data collectioh,). For each tn ? o 1 Toaad =18 Fresal )
minute @) the average pricepf,) for trades during "t =S40 0Cen)
that minute are stored.

Ly ={1e ol 1 = (s Py ) 20T, 1y 3 Methodology
The methodology section is divided into sectiorkedi

However, only business time scale (minutes whicNews Classification, News Aware GARCH, and
occurred during business hours for the market oitlwh Measuring Forecast Performance. In the first sactie
the stock trades) is of interest. Furthermore sit idefine a classifier which we use to predict whether
necessary to have a homogenous time series @.entay document will cause abnormal market behaviour based
for every business trading minute for the stoclardless on its content. In the second section we desdrive the
of whether any trading occurred). Therefore théedaclassified documents are incorporated into a madel
(D) and price ) time series are produced for allforecast volatility. In the final section we defilmow we
minutes in the business time scal&g)( with the measure the performance of the new model.
definitions in Egs. (2) and (3). The price at tinés
defined as the price of the last actual trade tierstock 3.1. News Classification
prior to or at the given time. Note that if thedt was |n order to classify documents it is first necegstr
suspended from trading for a whole day then theiday categorise the documents and determine which
excluded fronfe. documents are of more interest. Building a classif
Dy ={D; D} [ Dy > Dpyrogy £ Dy 0Ty LT, 0T, ) which predict; whethe_r a document is interesti@m_s

‘ the construction of training and test sets. Taedam if
these documents in the training set have anything i
common it is then necessary to analyse the terms
contained in the documents, and rank the termshnduie
2.2. News most interesting.  Subsequently the accuracy of the
The news search facility within the B|00mbergclas:sifiers 'must be' tested by comparing the priedistof
Professiondl service was used to download all relevant® classifiers with the actual document category.
documents for each stock within the dataset. Thedd€refore this section is split into subsectionsecing
documents include Press Announcements, AnnudPcument categorisation, training and test setem te
Reports, Analyst Recommendations and general nef&'king, and classification, and testing.
which Bloomberg has sourced from over 200 different
news providers.

St=!

Ry ={P.u P} Ray = (Pesy | 2= max{z| i, ) < Die ) (3)
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3.1.1. Document Categorisation GARCH model is poor at forecasting the volatilityve
In order to determine the accuracy of a classifigs US€ P=Q=3, because we found in previous work that

necessary to have specific measures of how theeﬂnarl?‘bnorrnal fore_cast errors Wit.h these parameters bave
reacts to news. To do so it is necessary to pertane strong correlation with the arrival of asset speciews.

series analysis on the trading data and categedsh ={ = 2_ 2 10

. sALPQ) T e.l’ez”q.l}l s,AtP,Q, _Js, PQ Us. At ( )
document according to how the market behaved yhort?( e Rapan) = Cearay ~Heszar)
after its arrival. We want to categorise documents whose incidence

The return time series in Eq. (6) gives the logmet over correlates with abnormal forecast errors as intengs
the periodat for the stock. The return time series is ondo do so it is necessary to calculate the mean and
of the most interesting to investors as it demanss the standard deviation of the forecast error over aemiv
amount of money which can be made. However, dt higperiod. The variablé/ in Eq. (11) defines the average
frequencies it is impossible to predict returnsthe number of trading minutes per month by using the

market is far too noisy. average number of trading minutes per businessfatay
_ _ _ the relevant country, and multiplying by the averag

Resy ={Roves Rub Reass) =100(Re))~100(R o) 6) number of trading days per month (20).

Realised volatility given by)(syn,,,,m)z in Eq. (7) is more M =20xm|{m, =390m, =510m,, =364 (11)

commonly used within the finance community to eatien ' .
the risk of owning an asset. The variahlelefines the In Eq. (12) the meanugay) for timet in the forecast
number of previous minutes to sum ani the exponent €rror time serie®saip IS defined by taking the mean

for the return. value for theM trading minutes which preceded the start
§ e of the current trading day. In Eq. (13) the stadda
_ (1 ,° deviation §tdsacy) for timet in the forecast error time
U(s,n,p,m)-{UlyUz,---,Uu}IU(s,n,p,A.,.)-[n;%m,‘_n} seriesesapo) IS defined by again using thd trading

minutes which preceded the start of the currerdinita
There are many methods used to forecast volatilitglay. Note that if a stock was suspended from rtigadi
though the  GARCH (Generalised Autoregressivéluring the last 20 trading days for the stock erdea
Conditional Heteroskedasticity) model introduced bynly the last 20 days which the stock traded oruaeel.
Bollerslev (1986) is one of the most common. The -1 (12)
GARCH(P,Q) forecast volatility for the stock at timet 2. 8sanpi)
is given by (5(5m,p,Q,t)2) in Eg. (8). It combines Huron =%
autoregression in the variance with the lagged itiomal . . o
variance. The variable is used to define the number of ' = min{TTe, [ me{Ts )= min(ime(r,)) 0T, < f)
autoregressive components, aQds used to define the

number of lagged conditional variances to includéhie ‘i(e( .y )2 (13)
forecast. The variable is a constant, whilst thés and _ e e Flasd)

B's are used to scale the autoregressive and Iaggeg(s'A""'Q") M

conditional variances respectively. It, = min{00T,q,, | time{Tg,) = min(time(T, )) OT;q, < 1})

O(sapQ) = {0,0,..0} (8)

The category of each document in Eq. (4) is calculated
P Q

| O(satpQt) = \/ao + zﬂi R(s,m,t—i)z + Z,Bja(s,m,P,Q,t—j)z
i=1 j=1

using the definition in Eq. (14). If the forecastror
within Az minutes equals or exceedistandard deviations
from the mean function value then the document is
The parameters for the model are optimised usimg tltategorised as interesting (i.e., 1), for sameOtherwise
previous month’s trading data, to ensure that #iveynot it is categorised as uninteresting (i.e., 0).

fitted to the given month’s trading conditions. rRbe B B

calendar month of January parameters which wergleasrred) W o Wompaaran = (14)
optimised using all trading data for the stock fhe  ([tldey)<t<d,+Ar

calendar month of December are used. This achibyed [ Bsatp0t) 2 Hyypoy FOX S,

maximising the log-likelihood function, given by E(®)

for the stocks, where there are entries in the time series

(Dacorogna et al. 2001). The parameters whichymed

the maximum likelihood function for the given datee 3.1.2. Training and Test Sets

chosen. The stocks for each countoyare grouped together using
1. 2 ) Eq. (15) to form a large dataset of related sto&lech
L(H):—Dln(Zn)——z In(a(svmvpvQy‘)z)+R(S*“"2} document for each stock within each country is then
2 2= I(sapoy) categorised using the forecast error time serigk thie

i . chosen parameters. Training sets are createckingt
In our case we are trying to optimise the GARCH &iod 5 ments, of whicR are categorised as interesting (i.e.,

after the arrival of news. Therefore we apply GARGY  nse which correlated to abnormal behaviour), tred

calculating the forecast error given by Eq. (10Mal IS agt are not. The test set is a subset of therdents not
the difference between the forecast (Eqg. (8)) @adised ;- |.ded in the training set.

volatility (Eg. (7)). This highlights periods wieerthe

sALPQL) 9 1: o
Dqs,At,P,Q,t) s /'I(S.AI‘P.Q.I) -oxsd )J

(s.at,P.QL
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Finally, the BM25 algorithm (Best Match) introducbky
Robertson and Sparck Jones (2006) was adaptedtto ge
the Average Document BM25 value (ADBM25). This is
3.1.3. Term Ranking given by Eq. (20), wherk andb are constantsll is the

A dictionary is created using Eq. (16) for eachmer l€ngth of the document, and avdl is the average

which appears in at least one document for a stodhe document Iength fqr documents in the training s‘é_he
training set. The term count), document countd), ADBMZ25 algorithm is the same as the BM25 algoritifim

and interesting document coun (are stored for each N Were equal to 1, or in other words if there waly ame
term. The term courd, is the total number of times the document. The first part of the equation normalise
given term appears in all documents in the traimag (€M frequency by taking into account the lengthiref

The document count is the total number of documentsdocument which contains the term and the average
which contain the given term. The interesting doent document length. - This ensures that, if a term ccu
count r is the total number of documents which ard’€duéntly in a very long document, it is not given
categorised as interesting in the training set wimntain  Unwarranted significance.  The log part of the &qua

the given term. The subscript refers to a distinct Normalises results by factoring in the number of
document within the training set. interesting documents which contain the tenjy ¢he

A sub-dicti i f d by taking the tap t number of documents which contain the tedfy) @nd the
sub-dictionary IS formed by taking the teplerms io1a) nymber of interesting documeni @nd documents
based on a given term ranking algorithm. For thi

h ) f’N). This favours terms which provide more inforroati
re;earch we chose three term ranking methods wiéch i.e., splits the two classes most efficiently.
will subsequently define.

1q k, +1)xd. 20
X (cat.pars) :{le ) Xw} | X(catar.en = (16) ADBM ZSZWZ ( E ) di X ( )
{S(E,At,Arﬁﬂ) ! dJ(/z) J dfl(’?) J r(fzJ} = (kl X ((1— b) +bx avili)lj] + di
Odji) =2 Cpey [S0G
) >00s0Gy) log (r+05)(N —df, -R+r+05
(df; + 05)R-r +05)

Gy ={G6..G, .G} (15)

Odf ) =#{0C. 1 ¢,
O,y =#{0C ) | ST

s

>0 0%, npoarsn =1 050Gy}

s.A7)

Firstly, we choose the term frequency inverse damtm e .

frequency (TFIDF) method given by Eqg. (17). NdteN 3.14. Classfication

in Eq. (17) is the number of documents in the trmjrset. A binary vector is created for each document in the

The inverse document frequency helps to bias agairtgaining and test sets where each entry specifiestiver

terms which occur in every document. The ternthe given term (which is a member of the sub-diciy)

frequency helps to favour terms which occur fredglyen occurred in the document. These vectors are ustdih

Note that, typically, TFIDF is used to measure ¢ffect and test the C4.5 decision tree introduced by @uinl

of a term within a single document, whilst herésitised (1993), and the support vector machine (SVM)

to measure the effect of the term within the tragnset. introduced by Vapnik (1999) using the SVM Light
Classifier released by Joachims (2007).

TFIDF =djxloglo[c;?] (17 The CA4.5 decision tree introduced by Quinlan (1993)
! classifies documents by building a tree where that r

. . . . node is the term which produces the highest Gaineva
Secondly, the binary version of the gain ratioddtrced (Eq. (18)). The root no?je contains twog leaf nodbe.

by Quinlan (1993), given by Eq._(19) was ch_ose_mlsT first is for all documents which contain the terndahe
_method_selects terms which provide the most mfd]r.ma second is for all documents which exclude the tefirhe
.e., splits the data} between the classes mosttnfdy. tree is grown by recursively repeating the pro@ssach
In Eq' (.19)E(R'.N) Is the entropy value (Eqg. (18).) for thenode on the documents which contain/exclude each te
rat!o.of interesting document&)(to documentsN) in the contained in the path directly from the root nodethe
training set. The next part calculates the entraplye current node. However, only terms which are comii

for th? ratio of interesting documenFs to documav‘ng:h in the remaining documents are included in thectetor
contain the term, scaled by the ratio of documeurttich the next term

contain the term. This helps to select terms wioictur , ,
frequently in interesting documents. The last pdrthe 1 N€ Support vector machine (SVM) introduced by Mipn

equation calculates the entropy value for the ratio (1999) projects the terms and their values intchéig

uninteresting documents to documents which corttan dimensional space (e.g. one dimension per ternf). |
term, scaled by the ratio of documents which do ndiroduces a classifier by identifying the hyperplartech

contain the term. This helps to select terms wiicot Most effectively separates the two classes.
occur in interesting documents, i.e., documentkvidio

not contain the term are interesting. 3.15. Tedting
To compare the performance of different classifteese
_(n n n n (18) iati i
E(n,m)=-{ —log,| —|+|1-—|log,|1-—|||n<m are several statistical measures which are commonly
mom m m used. The most important of these is the clasgifin

accuracy, given by Eq. (21), which is the ratiowssn
GAIN :E(R’N)—deij(r’dfj)—NT\ldfl xE(df, - r,df,) (19) the number of vectors correctly classifiedTR#is the
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number of true positives, and is the number of true We define the News Aware GARCH Switching model

negatives, andll is the number of documents). (NAGARCH-S) for predictingAt minutes into the future
for the stocks, at timet is given by 6ssatp.0sy’) in EQ.

@ (21) (25), whereas,, os;, andpg; are constants. Furthermore
Neatsrk iS the number of articles at tirek classified

The True Positive Rate also known as Sensitivilyery using the threshold to correlate with abnormal market

by Eq. (22) is the percentage of documents whodghaviour. Note that the conditional variance. (itee
incidence correlated with abnormal behaviour whige ~forecast volatility) of the Baseline GARCH modelised
correctly classified. within NAGARCH-S. This is to ensure that forecaste

unaffected by a period when news occurs frequently,
True Positive Rate = Sensitivity = — - (22)  which is a concern for parameter optimisation.

Accuracy =

#TP+#FN
o -((iN J—O’JJ : (26)

The False Positive Rate which is equivalent tolitragt "% "5 e Sbapadr

the Specificity, given by Eq. (23), is the percgeataof B , 2 ,

documents whose incidence did not correlate witr\l/”so +Z‘”s Risnat-ina) +Zl'BSUB(SvALPVQJ*JXN)

abnormal behaviour which were incorrectly classifie . a

False Positive Rate = 1 - Soecificit _ #FP (23) Parameters which are evaluated in a given test hmanet

alsePositive Rate =1~ p y—#TN +#FP optimised to maximise the Log Likelihood function

defined in Eq. (9) for the models during a trainseg for
It is common practice when demonstrating the€ach stock. The training set comprises of a lidnite
performance of a classifier to plot a Receiver @peg number of months which occurred prior to the teshth.
Characteristic (ROC) Curve. This has the TruetRasi The classifier used to classify documents during th
Rate on the Y axis and the False Positive RateherXt training period is trained during a period whiclclexies

axis. both the training and test months. This is to emshat
the classifier does not use prior knowledge to rdeites
3.2. NewsAware GARCH how the market will react after the news is reldase

In this section we define a variation of the GARCHParameters for the Baseline GARCH model are opgithis
model which is aware of the arrival of news. In. [e4) over the entire time series in the training settlfier stock.
we defined the set of each distinct news docunmmihe  Parameters for the NAGARCH-S model are optimised
stock. For the purpose of forecasting the readtbomews during the At minutes after the release of a document
we are more concerned whether news occurred at thlassified to correlate with abnormal market bebawi
given time for the stock. Therefore we producertees using the threshold in the training set. This is because it
time series defined in Eq. (24) such that eachirigad is the only time when the model produces a differen
minute for the stock contains the count of the deents forecast from the Baseline GARCH model.

forecast to cause a shock. Note th@sa.,.0) denotes |, the event that parameters could not be found to
the outcome of the classifiers defined in 3.1 whie improve the NAGARCH-S model over the Baseline

the given threshold. Note also that when we r&fé~0, GARCH model, parameters from a previous month for
we simply mean that no classification was usedV&@y\e ihe stock are chosen.

document at the given time is included.
Nisar =N, N, e Nq} | Niarsg = (24) 3.3. Measuring Forecast Performance

#{0Aars) | Dy <oy <Dy O F(A(S‘M.A)ﬁ):]} In order to evaluate whether the NAGARCH-S model is
any better than the GARCH model it is necessary to
measure the difference in forecast accuracy. Ia th

321 NAGARCH-S section we define several measures which we use to

Let us assume that the GARCH model is effective aompare the models.

forecasting future volatility when news has not rbeeThe benchmark signab), given by Eq. (27), is the error

released to the market. Furthermore let us asshate petween the forecast and realised volatility fa stocks

when news is released to the market investors psdtes at time t using the GARCH model. We define the
information and their behaviour makes it difficdtir  realised volatility at timet using the volatility definition

GARCH to forecast volatility. Therefore the stafethe in Eq. (7) usinqi=1 andp=2.

GARCH model must change in order to take advantége , ,

the knowledge that news has been released. Bloscror) = Talsarrar) ~Usizat) (27)

The Baseline GARCH model for predicting minutes

into the future for the stock, at timet is given by

(oaatpon’) in EQ. (25) whereag, g, and Bg are

constants.

The forecast signal f)( is the error between the
NAGARCH-S forecast and the realised volatility fbe
stocks at timet. We define the realised volatility at time
t using the volatility definition in Eq. (7) using=1 and

. (25) p=2.

P Q
_ 2
Og(satpqt) — \/aso + zaBi Resattivar) + ZBBj Og(s,t,p,01-jxit) , ( )
i=1 =1 28

_ 2
f(s,Al,P,Q,b’,t) = O0g(sap0sr) ~ Ysazat)
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We want to evaluate the performance of the modwelsac error time series witlP=Q=3 (approximately the 99"7
multiple stocks from the same country so we grdup t percentile for 30 minute returns) (Robertson e2@07).

stocks as defined in Eq. (29). This is useful fofrhere were 10 training sets created by seledting,000
calculating the average performance improvementtfer gocuments andR=500 documents at random which
model for each country. correlated to abnormal market behaviour from théren
s={s,s,...8}h>1 (29) collection of news d_ocumer_1t§ for the country. Thst
set for the respective training sets contained tladi

] documents for the country which were not includethie
3.3.1. Unscaled Forecast Quality (Qu) training set. An equal allocation of documents ahhi
The unscaled forecast qualit®, given by Eq. (30), correlated to abnormal behaviour and those thatndid
measures the improved performance of the model owems chosen so as not to bias the classifier. Teets run
the benchmark by comparing the sum of the absolutsing both the SVM and the C4.5 classifiers andheac
errors for all stocks in the set. Note that tetmstaled” term ranking algorithm with varying values (100, 200,
is used as typically the forecast quality factamstiie 500, 1,000, 2,000, and 5000 terms).
change in the realised volatility (Dacorogna et2&101). |n Fig. 1 the effect of increasing the time windsize
Note also thatl Tgs means that the minutés a member (At=A1) is investigated on the mean accuracy of the
of business timd’g for the stocks. In other words the c|assifiers using every variation gfterms (Note that the
minute occurred during a business day when thekstogean is calculated over the 10 test sets). Thet mos
was not suspended from trading. accurate term ranking algorithm and classifier

(30) combination are displayed.
ZZ{ |tDTB(s)}

_q_ OsOs ot
| to TB(S)} 90%

Qu(S,A(,P,Q,J) =1
3|

Os0s Ot

f (s.at,P.Q.4t)

Effect of Time Window Size on Accuracy

b(s,At,P,Q,()

3.3.2. Superior Quality (Q)

The superior quality@s), given by Eq. (31), finds the
percentage of times that the forecast signal itebétan
the benchmark signal. If the value is 0 then ina 70%

worth using the model as the forecast is neveebétan ’ " Time Window Size (minutes) b ”
the benchmark. Note thtiTgg means that the minute . _ .

is a member of business tirfig for the stocks. In other Fig. 1. Effect of Time Window Size on Accuracy.

words the minute occurred during a business daynwhe _ _ .
the stock was not Suspended from trading_ The most accurate results (l.e., those with thd’]d’sg

mean accuracy) for every country are achieved withi
S #i0t|f ‘< b “tm (31) minutes. As the time window size is increasedehsra
(s.at,PQaLt) (s.At,P.Q.) B(s) . . . .
= s slight reduction in the accuracy in the UK, though
Z#{Dt ItDTB(s)} substantial reduction in Australia. The US istéelimore
oSS stable than Australia but not as efficient as thi. U
Therefore it appears that investors in all coustrieact
4. Results quickly and decisively to news. This indicates ttha

We have separated the results in sections titled/sNeinveStorS in all countries are rational. Incregdime time
P window size reduces the accuracy /s increases the

Classification and Model Performance. The firsttiom number of documents which spuriously correlate to

describes how the best classm_ers were (_:hosereeioh abnormal market behaviour. Increasing the valuatof
country. The second section describes how the

. ... _however could yield better results as there is nagch
EéA‘V%ARCH'S model performed using the classifie hoise in the market at extremely high frequencies.

®
S
=

Mean Accuracy

Qs(S,At,P,Q,J)

4.1.2. Choiceof Historical TimeWindow

The tests in the previous section were useful for
highlighting the time window sizeA(=A7) to use for
lassifying news. However, it is not practical uee a
lassifier trained on a sample of all documentdis s
because it is possible that priori information &sed to
classify the document. Therefore it is necessary t
411. Choiceof TimeWindow produce classifiers for each month which have no
knowledge of the immediate future.

he training sets were created using the pashonths.

4.1. NewsClassification

We have divided this section into two subsectiofifie
first addresses the issue of the size of the tiinelow for
finding abnormal market behaviour. The secon§
addresses the problem of how much historical kndgde
is necessary to produce the best classifiers.

In order to choose an effective news classifias ifirst

necessary to determine an effective time window fo ‘ ‘ sed using the f t 6
measuring abnormal behaviour. For this purpose tfg?CUMents are categorised using the torécast amer

documents are categorised using various time windog‘?rIeS WithP=Q=3, At=Ar=5 minutes, and=6 standard

sizes (\t=Ar) andJ=6 standard deviations for the forecas ey|at|on§. E.ach d.oc.ument cgtegonsegj as Intagesti
during this periodR) is included in the training set. To
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avoid biasing the classifier we ud&2R and therefore percentage of documents which actually correlated t
choseR uninteresting documents at random in the samshock which were correctly classified.
period. In the event that there are fbmonths prior to accuracy rates for all tests are promising as kitéyer
the given month then extra months from the endhef t (2004) only achieved 58%. It should be noted tiotng

dataset are used. It is unlikely that an eventhvisaused Mittermayer was attempting predict the direction of

a major shock will be referred to in a documeneaskd a return, which is harder to do.

long time afterwards.
A training set is created for each month and €aclalue

Table2. Accuracy of Best Classifiers.

Howevere th

(3, 6, 9 and 12 months) using both the SVM andGh& Country | Accuracy TPR FPR

classifiers and each term ranking algorithm witlnyirag us 77.73% 34.36% 78.679
(0] values (100, 200, 500, 1,000, 2,000, and SOOOSt)Erm UK 90.19% 19.44% 91.779
The results in Fig. 2 show the mean accuracy obtst AU 83.77% 39.13% 84.949
classifier for eachQ value (Note that the mean i us 80.31% 42.26% 80.779
calculated over the test set for each month).s Itlear UK 88.25% 25.60% 89.189
that more historical knowledge is advantageous tas i AU 85.19% 37.07% 86.049

provides the classifier with a wide selection dfatent

types of documents which correlated to shocksth¢f 4.2. Model Performance

classifier were only trained on documents which everin this section we evaluate the performance of the
released during annual reporting season, it idylikeat NAGARCH-S model using several thresholds for the
there would be a strong bias towards words such asws time series. Initially we investigate the aaied
“earnings”, “profit’, and “loss”. These words aless forecast quality for each country to determine h t
likely to cause a shock throughout the rest of year, NAGARCH-S model improves on the Baseline GARCH
unless the document reports an unexpected lardi @ro model. This includes tests to determine whether th
loss. Note that the mean and standard deviation @fsults are statistically significant. Then we laate the
classifiers which are trained on only immediatetdngs  superior quality for each country to determine how
are very similar to those which also use monthmftbe frequently the NAGARCH-S model provides a better
end of the dataset. forecast than the Baseline GARCH model.

For all tests we used the previous 3 months ofiricad
data for each stock to optimise parameters. Furitee
90% the news time series were assembled using theifddss
"] documents for the same period for the stock. Sipalty
e T this means that 3 separate classifiers were ugsedafth
test as the classifiers were each produced to giredie
month ahead. We did so because there are not kenoug
samples for thed=6 news time series with only one
month of data.

We forecast the volatility of returns for every mie in
the time series for every stock in each countryngis
P=Q=1 to limit the cost of parameter optimisation. We
make no attempt to predict the delay between news
arrival and market reaction, but simply use regoesto
optimise the parameters for tié minutes after news.
Therefore if the market tends to take 3 minuteett to
news then the forecast volatility of the NAGARCHe®

the first 3 after news will probably be worse tihe
Baseline GARCH model. Note that as we classified
documents withArz=5 minutes, articles which occurred
within the first or last 5 minutes of the tradingydwere

Effect of History on Accuracy

s0% g

Mean Accuracy

70%

History (months)
Fig. 2. Effect of History on Accuracy.

The results in Table 1 and Table 2 show the cliassién
details for the best classifier for each countfjhe mean
true and false positive rates are provided in tR&® and
FPR columns respectively of Table 2. TQel2 value
yielded the best results for the US and UK, whilst
Q=9 value produced the best results for Australia.

Table 1. Characteristics of Best Classifiers.

excluded.
Documents .
o [ Country | Classfier [ Term [ Terms | Total [ Positive | 4.2.1. Unscaled Forecast Quality
Ranki . .
anking | _(9) In Fig. 3 - Fig. 5 the unscaled forecast qual@®@y)(for the
4 uUs SVM GAIN 1,000| 133,019 28,74p . . .
U s CAIN 00| 81522 6501 US, UK, and Australia respectively is evaluated &dir
- : — time windows At). Note thatQ, is calculated for that
AU SVM ADBM25 5,000 33,098 5,18 . .
. s v | ADBMZS 100 133,01 o5 oah minutes after news as the models are the same witho
: ’ news. In each figure the legends STDO, STD4, ardeS
UK C4.5 GAIN 100 81,522 8,995 . L g .
correspond to the model using news classifiers with
AU SVM ADBM25 2,000 33,098 4,753

The true positive rate (TPR) value in Table 2 shoives

despite the UK having a high accuracy there iswva lo

0=0, 0=4, ando=6 thresholds respectively. Note that the
0=0 threshold means that all news is processed &y th
NAGARCH-S model.
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In Fig. 3 it is shown that th€, of the models using the and the classifiers are performing well. Howeveiis
0=4 andJ=6 thresholds in the US are consistently bettedifficult to forecast volatility a long time intdhe future.
than for the’=0 threshold. This suggests that the conterfthis suggests that the volatility does not perfgistiong
of the news is important, and the classifiers arafter the release of news.

performing well. Thejs=4 and¢=6 thresholds provide The 5 minute time window in Fig. 5 reveals that 8@
very similar values until after the 15 minute timedow.  threshold provides high€d, values than thé=4, ands=6

This implies that news which is classified usingdh6 is  thresholds in Australia. This is possibly becatheee is

not significantly different from that classifieding the he potential for a large improvement over the Base
0=4 threshold. However, for time windows largermti® GARCH model during this period, and the other
minutes thej=4 threshold yields highe@, values. This thresholds do not have sufficient documents tonigt

is most likely because there are less documents gfgrameters effectively. However, for all other dim
classified to correlate with abnormal volatilityrézast \yindows thes=4 and =6 thresholds yield highe®,
errors using thé=6 threshold. Therefore it is difficult to yqjues.  This suggests that the content of news is

optimise parameters for this threshold as therde@mer jmportant in Australia and that the classifiers are
periods around news, and therefore regression temdsperforming well.

overfit parameters.
AU NAGARCH-S Unscaled Forecast Quality

US NAGARCH-S Unscaled Forecast Quality ——STDO  ---W---STD4 A - -STD6

——STDO  ---M---STD4 — -4 - -STD6

30.0%

25.0% X

Unscaled Forecast

Unscaled Forecast

Quality

20.0%

15.0%

10.0%

5.0%

0.0%

15

45

60

7%

90

Time Window
Time Window

Fig. 5. Unscaled Forecast Quality in Australia.

Fig. 3. Unscaled Forecast Quality in the US.

o . _ We test the null hypothesis that the NAGARCH-S nhode
The results in Fig. 4 show that until the 15 minutgoduces the same forecasts as the Baseline GARCH
window the Q, of the model using thé=4, andd=6 mode| using an F-Test. This compares the average
thresholds in the UK are higher than for tWe0 forecast error for each model for each month arch ea
threshold. It is also clear that tbhe6 threshold yields gtgck in the given country for the 5 minute timendow.
better results thati=4 during this period. However, for The p values of these tests are shown in Tabl@lgey
larger time windows th®, values tend to be negative. reyeal that, apart for thé=0 threshold in the US, the
This is because the forecast accuracy of the Bmseliy\AGARCH-S model produces statistically significant
GARCH model with these time windows is substantiall gifferent forecasts than the Baseline GARCH model.
lower than for smaller time windows. Therefore as

NAGARCH-S attempts to improve on the Baselingrgpie 3 significance of Forecastsfor the 5 minute window.
GARCH model it overfits parameters to the trainseg

which leads to significantly worse performanceha test Threshold (d)
Country 0 4
set.
us 69.79% 0.00% 6.63%
UK NAGARCH-S Unscaled Forecast Quality UK 0.00% 0.00% 0.00%
TTHSTOO e eReeeSTRA ok oeTe AU 0.00% 0.42% 0.00%
60.0%
40.0% R
200% |- The results in this section indicate that documents

Quality

0.0%

-20.0%

classified to correlate with abnormal volatilityrézast
errors improve the NAGARCH-S model more than all

-40.0%

Unscaled Forecast

documents. This implies that the content of theses
important and investors do not tend to react toalls.

-60.0%

L /
-80.0% \ + ) :

Time Window

4.2.2. Superior Quality

In Fig. 6 - Fig. 8 the superior qualit®g for the US, UK,
and Australia respectively is evaluated for all im
. . . . windows (At). Note thatQ is calculated for theAt
For the_ 60 _and 90 minute time W'”dOWS in th?.UK’ AFhinutes after news as the models are the same wtitho
shown in F'g'. 4’.th".§:0 threshold provides _posm\,@u news. In each figure the legends STDO, STD4, arideS
values.  This |_nd|cate_s that the Baseline GARC'éorrespond to the model using news classifiers with
performance begins to improve and the large nurober d=0, 0=4, andJ=6 thresholds respectively. Note that the

documents aids parameter optim.isa.\tion. Th_eref«bre 4=0 threshold means that all news is processed @y th
appears that the content of news is important énUk NAGARCH-S model

Fig. 4. Unscaled Forecast Quality in the UK.
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The results in Fig. 6 - Fig. 8 reveal that thel andé=6
thresholds provide better forecasts thandh@ threshold
for all time windows. Note that it is difficult ttell for
the 5 minute time window in Australia, though ittle

case.

60.0%
50.0%
40.0%

30.0%

Superior Quality
S
o
x

10.0%

0.0%

US NAGARCH-S Superior Quality

——STDO  ---m---STD4 — -4 - -STD6

Time Window

Fig. 6. Superior Quality in the US.

UK NAGARCH-S Superior Quality

——STDO  ---m---STD4 — -4 - ~STD6
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Time Window
Fig. 7. Superior Quality in the UK.
AU NAGARCH-S Superior Quality
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Fig. 8. Superior Quality in Australia.

The results in Fig. 6 - Fig. 8 also demonstraté #sathe
models attempt to forecast volatility further intbe
future there is less chance of producing betteedasts
than the Baseline GARCH model.
not mean that the models tend to be worse than th
Baseline GARCH model. They actually have forecasé
accuracies greater than or equal to the BaselinRGA

model over 70% of the time for all time windows.
Despite forecasts being worse for up to 30% oftitme

the results in the previous section reveal thatnioelels

tend to be better than the Baseline GARCH moddlis T
suggests that when the models provide worse faiecas
they are not large compared to the periods of bette

forecasts.

However, this do

423. Summary

These results demonstrate that substantially greate
forecasts can be achieved when considering news.
However, the unscaled forecast quality resultshen WK
demonstrate that this model is not universally aife.
Therefore it is necessary to perform comprehenssts

on a large dataset before determining what conditare
best for applying this model.

5. Conclusions

We have introduced a variation of the GARCH model
which is aware of the arrival of news. We havevamo
that it is very effective at improving the forecasturacy
around news for the US and Australia for forecagtso

90 minutes into the future. However, in the UKsibest
not to forecast more than 15 minutes into the fuas the
model tends to be worse than the Baseline GARCH
model.

We have demonstrated that classifying news basdHdeon
content improves the performance of this model more
than by using all news. To our knowledge we have
achieved higher classification accuracy rates for
forecasting the market reaction to news than any
previously reported by other authors.

Furthermore we have provided evidence that these
models are statistically better than GARCH excaphe

US when using all news. Therefore it is clear that
knowledge of news arrival is not enough, and ivésy
important to interpret the content of the news hefo
forecasting how the market will react.

In future research we plan to investigate waysrtprove
the forecasts.

6. References

Almeida, A., Goodhart, C. A. E. and Payne, R. (1998
The Effects of Macroeconomic News on High
Frequency Exchange Rate Behavior. Journal of
Financial & Quantitative Analysis, 33(3):383-408.

Bollerslev, T. (1986): Generalized Autoregressive
Conditional Heteroskedasticity. Journal of
Econometrics, 31(3):307-27.

Cutler, D. M., Poterba, J. M. and Summers, L. 198Q):
What Moves Stock Prices? Journal of Portfolio
Management, 15(3):4-12.

Dacorogna, M. M., Gencay, R., Miiller, U., Olsen,BR.
and Pictet, O. V. (2001) An Introduction to High-
Frequency Finance, Academic Press, London.

eIgderington, L. H. and Lee, J. H. (1993): How masket

Jorocess information: News releases and volatility.

Journal of Finance, 48(4):1161-1191.

derington, L. H. and Lee, J. H. (1995): The short-

dynamics of the price adjustment to new information

Journal of Financial & Quantitative Analysis,

30(1):117-134.

Ederington, L. H. and Lee, J. H. (2001): Intraday

Volatility in Interest-Rate and Foreign-Exchange

Markets: ARCH, Announcement, and Seasonality

Effects. Journal of Futures Markets, 21(6):517-552.

Goodhart, C. A. E. (1989): News and the foreign
exchange market. Proc. Manchester Statistical 8gcie
1-79.

165



Goodhart, C. A. E., Hall, S. G., Henry, S. G. Bdan
Pesaran, B. (1993): News Effects in a High-Freqyenc
Model of the Sterling-Dollar Exchange Rate. Jouwfal
Applied Econometrics, 8:1-13.

Graham, M., Nikkinen, J. and Sahlstrom, P. (2003):
Relative Importance of Scheduled Macroeconomic
News for Stock Market Investors. Journal of
Economics and Finance, 27(2):153-165.

Hong, H., Lim, T. and Stein, J. C. (2000): Bad news
travels slowly: Size, analyst coverage, and the
profitability of momentum strategies. Journal of
Finance, 55(1):265-95.

Joachims, T., SVM Light Classifier(2007). Available
http://svmlight.joachims.org/.

Kalev, P. S., Liu, W.-M., Pham, P. K. and Jarneéic,
(2004): Public Information Arrival and Volatility fo
Intraday Stock Returns. Journal of Banking and
Finance, 28(6):1441-1467.

Kim, S.-J., McKenzie, M. D. and Faff, R. W. (2004):
Macroeconomic News Announcements and the Role of
Expectations: Evidence for US Bond, Stock and
Foreign Exchange Markets. Journal of Multinational
Financial Management, 14(3):217-232.

Melvin, M. and Yin, X. (2000): Public Information
Arrival, Exchange Rate Volatility, and Quote
Frequency. Economic Journal, 110(465):644-661.

Michaely, R. and Womack, K. L. (1999): Conflict of
Interest and the Credibility of Underwriter Analyst
Recommendations. Review of Financial Studies,
12(4):653-86.

Mitchell, M. L. and Mulherin, J. H. (1994): The Imgt of
Public Information on the Stock Market. Journal of
Finance, 49(3):923-50.

Mittermayer, M.-A. (2004): Forecasting Intraday &to
Price Trends with Text Mining Techniques. Proc.h37t
Annual Hawaii International Conference on System
Sciences (HICSS'04), Big Island, Hawaii, 30064b.

Nofsinger, J. R. and Prucyk, B. (2003): Option voéu
and volatility response to scheduled economic news
releases. Journal of Futures Markets, 23(4):315-345

Porter, M. F. (1980): An Algorithm for Suffix Stiiipg.
Automated Library and Information Systems,
14(3):130-137.

Quinlan, J. R. (1993) C4.5: Programs for Machine
Learning, Morgan Kaufmann.

Robertson, C. S., Geva, S. and Wolff, R. C. (200hge
Intraday Effect of Public Information: Empirical
Evidence of Market Reaction to Asset Specific News
from the US, UK, and Australia. SSRN Working Paper
Series: http://ssrn.com/abstract=970884.

Robertson, S. and Spéarck Jones, K. (2006): Simple,
Proven Approaches to Text Retrieval. University of
Cambridge Computer Laboratory Technical Report no.
356.

Roll, R. (1984): Orange Juice and Weather. American
Economic Review, 74(5):861-80.

Vapnik, V. (1999) The Nature of Statistical Leampin
Theory, Springer-Verlag.

Womack, K. L. (1996): Do Brokerage Analysts'
Recommendations Have Investment Value? Journal of
Finance, 51(3):137-67.

166



