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Abstract

The efficient market hypothesis states that an efficient
market immediately incorporates all available information
into the price of the traded entity. It is well established
that the stock market is not an efficient market as it
consists of numerous traders with differing strategies and
interpretations of information. However there is
substantial evidence to suggest that the stock market does
incorporate new information into prices. Unfortunately
little research has focussed on the high frequency effect of
real time news, across a broad base of assets. This paper
investigates how the US, UK, and Australian markets
incorporate all real time news, not just Press
Announcements, Annual Reports, etc. We find that there
is strong evidence to suggest that the markets do
incorporate news quickly.

Keywords. Stock Market, News, Return, Volatility,
Market Reaction.

1. Introduction

A plethora of research is available which shows that the
occurrence of news does effect the market, with the
majority of research focusing on macroeconomic news,
which provides an indication of the state of the economy
(Almeida, Goodhart and Payne 1998, Bomfim 2003,
Brannas and De Gooijer 2004, Ederington and Lee 1993,
1995, 2001, Ewing 2002, Graham, Nikkinen and
Sahlstrom 2003, Han and Ozocak 2002, Hess 2004, Kim
1998, 2003, Kim, McKenzie and Faff 2004, Nikkinen and
Sahlstrom 2004a, 2004b, Nofsinger and Prucyk 2003,
Simpson and Ramchander 2004, Sun and Sutcliffe 2003,
Tse 1999). However macroeconomic news is relatively
infrequent compared to asset specific information, e.g.
Simpson and Ramchander (2004) state that the United
States of America releases 23 macroeconomic reports
regularly, usually monthly, whilst Fung, Yu and Wai
(2003) found an average over 373 news articles per asset
per month. Not only is asset specific information more
frequent but it has been shown to have a noticeable effect
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on the given asset (Chan 2003, Donders and Vorst 1996,
Dungey, Fry and Martin 2004, Fung, Yu and Wai 2003,
Goodhart 1989, Goodhart and Figliuoli 1992, Goodhart,
Hall, Henry and Pesaran 1993, Hong, Lim and Stein
2000, Melvin and Yin 2000, Michaely and Womack
1999, Mitchell and Mulherin 1994, Mittermayer 2004,
Roll 1984, Womack 1996, Wuthrich, Permunetilleke,
Leung, Cho, Zhang and Lam 1998).

Previous research has shown that the market reacts
quickly to macroeconomic news (Ederington and Lee
1993, 1995, 2001, Han and Ozocak 2002, Nofsinger and
Prucyk 2003). However as macroeconomic news is
scheduled (i.e. the market is aware exactly when the news
is released) the market anticipates the content of news
and can react quickly based on whether the actual news
matches analyst forecasts. It is not known how rapidly
the stock market reacts to non-macroeconomic news and
therefore it would be interesting to determine if the
market responds in a timely manner, if at all, to non-
macroeconomic news.

Most research to date which investigates the intraday
effect (reaction of the market on the day which the news
was released) of news has focussed on the Foreign
Exchange markets (Almeida, Goodhart and Payne 1998,
Bollerslev and Domowitz 1993, Ederington and Lee
1993, 1995, 2001, Goodhart 1989, Goodhart and Figliuoli
1991, 1992, Goodhart, Hall, Henry and Pesaran 1993,
Han and Ozocak 2002, Melvin and Yin 2000, Peiers
1997), or Futures markets (Hess 2004, Tse 1999), whilst
little has focussed on the Stock market (Mittermayer
2004, Nofsinger and Prucyk 2003). Nofsinger and
Prucyk (2003) investigated the intraday effect of
macroeconomic news on the S&P 100 Index Option and
found that bad news with high information surprise is
responsible for most abnormal volume associated with
macroeconomic news. Mittermayer (2004) investigated
the effect of Press Announcements on stocks on the New
York Stock Exchange and NASDAQ and found evidence
to suggest that the market does react to the news, and
furthermore the content of the news which triggered the
reaction. However Press Announcements are relatively
rare compared to other types of news available from real
time news providers, so it bears further investigation.

The purpose of this paper is to identify events which
occur with a high correlation to the occurrence of real
time news, such that they can be used to identify
“interesting” news articles. Furthermore this paper aims
to investigate the percentage of news articles which the
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market appears to find significant, as the sheer volume of
news available would prohibit an individual from reading
all available news.

2. Data

All data for this research was obtained using the
Bloomberg Professional® service. The dataset consists of
stocks which were in the S&P 100, FTSE 100, and ASX
100 indices as at the 1* of July 2005 and continued to
trade through to the 1% of September 2006, which is a
total of 286 stocks. For each stock the Trading Data, and
News were collected for the period beginning 1% of May
2005 through to and including the 31%of August 2006.

The set defined in Eq. (1) consists of each distinct minute
where trading occurred for the stock (s), within all

minutes for the period of data collection (TA ). For each

minute the average price, the volume, and the number of
ticks (number of trades) for trades during that minute are
also stored. However we are only interested in the
business time scale (minutes which occurred during
business hours for the market on which the stock trades).
Furthermore we want a heterogeneous time series (i.e. an
entry for every business trading minute for the stock,
regardless of whether any trading occurred). Therefore
we produce the date, price, volume, and tick time series

for all minutes in the business time scale (TB) with the

definitions in Eqgs. (2)-(5). We define the price at time t
as the price of the last actual trade for the stock prior to or
at the given time. We set the volume and ticks equal to 0
if there wasn’t a trade at time t. Note that if the stock was
suspended from trading for a whole day then the day is
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The news search facility within the Bloomberg
Professional® service was used to download all relevant
articles for each stock within the dataset. These articles
include Press Announcements, Annual Reports, Analyst
Recommendations and general news which Bloomberg
has sourced from over 200 different news providers. The
set defined in Eq. (6) consists of each distinct news article
for the stock and contains the time and content of the
article. However we are only interested in the business
time scale and are only concerned whether news occurred
at the given time. Therefore we produce the news time
series defined in Eq. (7) such that each business trading
minute for the stock contains the count of the articles
which occurred during it. If an article occurs after hours
then it is stored in the first trading minute of the next
trading day, as defined in Eq. (7).
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3. Methodology

The return time series for a stock (s), defined in Eq. (8), is
formed by taking the difference in the log prices from the
trading data defined in Eq. (3) over the period At. The
return time series identifies periods of high return which
may indicate that the market is reacting to news.

The change in volume time series for a stock (s), defined
in Eq. (9), is formed by taking the difference in the log of
the average volume, over n minutes, between the time t
and t-At. The volume defined in Eq. (4) is averaged over
n minutes to limit the effect of trading minutes where no
trade occurred. The conditional log of the average
volume is used such that in the case where no trade
occurs during the given n minutes, the function still
produces an answer. The change in volume time series
detects periods where there is a sudden increase in the
volume of the stock traded, which might suggest that the
market is reacting to news.
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The change in ticks time series for a stock (s), defined in
Eq. (10), is formed by taking the difference in the log of
the average ticks, over n minutes, between the time t and
t-At. The ticks defined in Eq. (5) are averaged, and the
conditional log is used for the same reasons as for the
volume. The change in ticks time series pinpoints periods
where there is a sudden increase in the number of trades,
which implies that the market is reacting to news.

The volatility time series for a stock (s), defined in Eq.
(11), calculates the annualised volatility of the stock.
When p is set to 2 it is simply the annualised variance of
the return of the stock. The y value is calculated by
multiplying the number of trading days per year
(generally set to 250), by the number of trading minutes
for the day (390 minutes for the US, 510 for the UK, and
360 for Australia). The volatility is annualised such that
the results of each country can be directly compared, as
suggested by Dacorogna, Gencay, Muller, Olsen and
Pictet (2001). The volatility time series discovers points
where the stock price changes rapidly, which could
insinuate that the market is reacting to news.



The stocks are grouped together as per Eq. (12) so that we
can examine the effect of news on an individual country.
We divide the trading day into equally sized time
windows AT, as defined in Eq. (13), in order to examine
the intraday effect of the news. Note that the first period
is ignored because we don’t want the after hours news
and market behaviour to skew results. The first period is
the larger of AT and At.

We define a generalised time series F, where F is one of
the return, volume, tick, and volatility time series. We
use the generalised time series to define the Event Point
Process (EPP) in Eq. (14). In this point process a point
value of 1 indicates that the generalised time series for the
given stock exceeded the specified threshold (x), which
we will refer to as an event. It should be noted that the
return, volume and tick time series are log values about 0,
so a threshold of 10% means that the value should be > to
log(11/10) or <to log(10/11). The volatility time series is
always positive when p is even so the < condition is
ignored.
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The Event given News Point Process (ENPP) is defined
in Eq. (15), where a point value of 1 symbolises that an
event occurred at time t for the stock s in the EPP and at
least one company specific news article arrived between
t-At and t-1. The Event Without news Point Process
(EWPP) defined in Eq. (16) has a point value of 1 when
an event occurred at time t for the stock s in the EPP and
no company specific news arrived between t-At and t-1.

The Ratio of Events Related to News to Events (RERNE)
defined in Eq. (17) indicates the percentage of events
which are preceded by news. A high RERNE value
suggests that most events for the given parameters are
preceded by news, which would imply that news is
responsible for these events. A low RERNE value can
denote that the market takes longer than the specified At
time to react to news, or that the events are caused by
other factors, or that the events themselves are merely
noise.

The Benchmark defined in Eq. (18) provides a measure of
the likelihood of news arriving within the specified At
time. This is achieved by calculating a return of 0% in
Eq. (14), which produces a point process where every
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point has a value of 1, and therefore the point process in
Eq. (15) simply indicates the points when news occurs
within the specified At time.

This Benchmark is then used to calculate the Likelihood
that Events are Related to News (LERN) in Eq. (19). A
high LERN value implies that it is more likely for news
to occur prior to an event that it is normally. A LERN
value equal to 100% indicates that it is just as likely for
news to occur before an event as it is to occur at any other
time. A low LERN value signifies that it is less likely for
news to occur prior to an event than normal, which would
imply that news isn’t responsible for the event.
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The Event T-Test (ETT) defined in Eq. (20) performs a
Student t-Test on the period distribution of the chance of
an event occurring with news versus the chance of an
event occurring without news during each period. The
purpose of the ETT is to test the null hypothesis that the
occurrence of events is not influenced by the occurrence
of news.

The News T-Test (NTT) defined in Eq. (21) performs a
Student t-Test on the period distribution of the chance of
news occurring prior to an event versus the chance of
news occurring during each period. The intent of the
NTT is to test the null hypothesis that the occurrence of
news before events is the same as the occurrence of news
normally.
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4. Results

Table 1 shows some of the characteristics of the dataset.
The number of trading minutes during standard business
days, week, month, and year can be used by the reader to
appreciate how frequently events occur in the Table 2.

The Average Minutes without a Trade gives an indication
of how many minutes within normal trading hours have
no trades for each country. Clearly trading on the US
market is more frequent than on the others. Bearing in
mind that the Australian market is far smaller than the
other two, it shouldn’t be a surprise that there is less
activity than on the others.

The News Articles in Dataset gives the reader an idea of
the frequency of news in the different markets.

147



CRPIT Volume 61

148

Variable US UK AU
Trading Minutes Per Business Day 390 510 360
Trading Minutes Per Typical Business Week 1,950 2,550 1,800
Trading Minutes Per Typical Business Month 8,125 10,625 7,500
Trading Minutes Per Typical Business Year 97,500 127,500 90,000
Average Minutes without a Trade (%) 2.36% 37.65% 50.68%
News Articles in Dataset 293,416 136,627 130,988
Average After Hours News Articles (%) 57.76% 43.22% 76.61%

Table 1. This table shows some characteristics of the dataset for each country to help the reader appreciate later results.

Time Window Contains News
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Fig. 1. As the size of the time window is increased the percentage of windows which contain news also does. Clearly there is more

news distributed in the US market than the others.

Obviously the US receives far more information than the
other markets, which means it should be easier to identify
events linked to news articles within that market.

The Average After Hours News articles give the
percentage of the articles which occur outside business
hours in the different markets. The UK market has the
lowest ratio but this could be a factor of longer trading
hours than the other markets. The Australian market has
the least business hours, and the highest after hours news
ratio, though it is a far smaller market than the other two,
so it shouldn’t be a surprise that less information is made
available during the trading day.

The choice of a time window At in which news can be
found is significant. If the percentage of minutes which
contain a news article within the time window is too high
it is difficult to establish whether the news was
responsible for the event, or whether it was a coincidence.
The Benchmark results using Eq. (18), shown in Fig. 1,
identify the chance of finding news within the given time
window. The figure shows that a reasonable amount of
minutes are preceded by news within 60 minutes (At=60),
without every minute being preceded by news.

It is logical to assume that if news causes the event then
the reaction should be within the same time window as
that for the news, and therefore the values n=At=A1=60
are used for all tests in this paper. Furthermore we use
p=2 for the volatility tests, which means that we are

calculating the annualised variance. Finally we set
AT=30 in order to analyse the intraday effect of news,
which means that we ignore the first 60 minutes of the
trading day. Further tests using different variations may
yield more intriguing results but the aim of this paper is
to identify the types of events which appear to be linked
to news, rather than finding the ideal parameters.

The results in Table 2 show the average number of
minutes between events during the first period (60
minutes), and the rest of the day. Return and volatility
events are rarer during the rest of the day than during the
first period, with return events a lot rarer. However
volume and tick events tend to be rarer in the first period
than during the rest of the day in the UK and Australia.
This is probably due to the number of minutes without
trades in these countries, which limits the average volume
and number of ticks. Alternatively it could indicate that
these markets exhibit a fairly steady rate of trade in the
opening hour of business.

The results of the RERNE and LERN tests are shown in
Table 3 where bolded LERN values highlight results
where the value exceeds 100%. As the return threshold is
increased to 5% there is an increase in both RERNE and
LERN values for all countries. Only the US fails to show
a further increase by the 10% threshold. Whilst the 10%
return results have higher values for the UK and
Australian markets than the 5% threshold it should be



Event First Period Rest of Day
Type Threshold UsS UK AU US UK AU
Return 0.1% 1.14 1.16 1.14 1.36 1.41 1.40
0.2% 1.32 1.35 1.25 1.88 2.02 1.81
0.5% 2.16 2.30 1.85 5.20 6.02 4.90
1.0% 5.27 5.93 3.63 23.34 30.96 20.47
2.0% 23.20 28.64 13.18 187.38 296.73 176.53
5.0% 172.61 452.16 190.78 2,986.46 6,669.99 4,177.65
10.0% 644.54 3,102.39 1,674.15 30,892.04 | 57,065.47 | 37,419.38
Volume 10% 1.1 1.1 1.1 1.2 1.1 1.1
20% 1.2 1.2 1.2 1.4 1.2 1.2
50% 1.7 1.7 1.7 2.6 1.6 1.4
100% 3.6 2.7 2.7 7.0 2.5 2.0
200% 13.9 53 6.0 35.7 4.8 3.7
500% 80.8 17.4 24.0 269.9 15.0 10.9
1000% 142.8 44.9 74.7 561.4 35.7 27.5
Ticks 10% 1.2 1.2 1.1 1.3 1.2 1.1
20% 1.6 1.4 1.3 1.8 1.4 1.3
50% 3.6 24 2.0 5.2 2.5 1.9
100% 15.2 4.8 4.8 30.8 5.8 4.1
200% 63.0 13.8 22.1 1914 21.0 15.4
500% 147.8 97.6 280.5 433.9 144.0 117.7
1000% 167.5 533.9 1,417.3 513.2 572.1 360.7
Volatility 1% 1.0 1.0 1.0 1.0 1.0 1.0
2% 1.0 1.0 1.0 1.0 1.0 1.0
5% 1.1 1.0 1.0 1.3 1.2 1.2
10% 1.8 1.4 1.4 3.0 2.5 2.4
20% 5.8 4.2 3.7 12.9 11.1 9.9
50% 524 534 40.5 149.9 191.4 148.8
100% 264.7 501.3 401.6 936.3 1,832.4 1,516.9

Table 2. This table shows the average number of minutes between events of each type during the first 60 minute period, and the rest

of the day for the given thresholds.

noted that these are over 8.5 times rarer than 5% return
events when excluding the first 60 minutes, and therefore
the 5% return values are the most interesting. These
results signify a strong correlation between the advent of
news and subsequent return events.

There appears to be a steady decrease in correlation
between news and events as the threshold for volume
events is increased. Only the 10-100% threshold range
for LERN tests for the US show that there is an increased
likelihood of news prior to a volume event. None of
these has a value sufficiently high to suggest that there
might be some correlation between the arrival of news
followed by a volume event. Therefore there appears to
be little correlation between news and volume events.

The UK market reveals that there is a stable decline in
correlation between news and events as the threshold for
tick events is increased. The US market shows a slight
rise to the 100% threshold and then a stable decline
afterwards. The 10%-200% threshold range for LERN

tests for the US, and the 10%-20% threshold range, and
500%-1000% threshold range for LERN tests for the
Australian markets imply that there is some correlation
between news and tick events. However only the 500%-
1000% threshold tests for the Australian market have
values high enough to denote that could be a link between
news and tick events. Therefore, whilst tick events
appear to be a better indicator than volume events they
don’t appear to be too reliable.

All bar the 1-10% threshold range for LERN results for
the Australian market and the 2%-5% threshold range for
the UK suggest that volatility events are linked to news.
There is a steady increase in correlation for all countries
as the threshold is increased to 100%. Therefore it
appears that there is a strong correlation between the
arrival of news and later volatility events, with the 50%
threshold providing the strongest evidence.

The results in Table 4 show the p-values for the ETT and
NTT tests, where AT is set to 30 minutes, and therefore
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Event RERNE LERN
Type Threshold US UK AU US UK AU
Return 0.1% 29.19% 17.52% 7.01% 101.06 % 100.25% 101.84 %
0.2% 29.44% 17.80% 6.84% 101.93% 101.87 % 99.35%
0.5% 30.64% 18.83% 7.49% 106.08 % 107.77 % 108.74 %
1.0% 34.42% 22.12% 9.80% 119.15% 126.57 % 142.24%
2.0% 45.80% 30.90% 19.37% 158.54 % 176.86 % 281.25%
5.0% 66.35% 55.29% 67.82% 229.66 % 316.41% 984.76 %
10.0% 60.64% 79.76% 73.44% 209.91% 456.48% | 1066.41%
Volume 10% 29.04% 17.37% 6.86% 100.52% 99.41% 99.64%
20% 29.15% 17.26% 6.83% 100.92 % 98.79% 99.16%
50% 29.35% 16.88% 6.74% 101.61% 96.60% 97.93%
100% 29.03% 16.23% 6.50% 100.50 % 92.91% 94.45%
200% 27.85% 15.08% 5.93% 96.39% 86.32% 86.06%
500% 25.76% 13.64% 5.04% 89.16% 78.07% 73.18%
1000% 22.63% 13.83% 4.83% 78.33% 79.16% 70.19%
Ticks 10% 29.19% 17.30% 6.91% 101.04 % 98.99% 100.36 %
20% 29.51% 17.07% 6.94% 102.15% 97.68% 100.81%
50% 30.51% 16.28% 6.84% 105.62 % 93.15% 99.35%
100% 33.03% 14.78% 6.29% 114.33% 84.56% 91.34%
200% 32.75% 12.05% 5.70% 113.35% 68.94% 82.73%
500% 21.22% 10.82% 8.24% 73.47% 61.93% 119.61%
1000% 18.65% 11.80% 13.58% 64.55% 67.55% 197.24%
Volatility 1% 28.90% 17.47% 6.88% 100.05 % 100.00 % 99.89%
2% 28.96% 17.40% 6.84% 100.24 % 99.59% 99.37%
5% 29.48% 17.39% 6.51% 102.06 % 99.54% 94.53%
10% 31.01% 17.81% 6.87% 107.35% 101.93% 99.79%
20% 36.36% 21.03% 10.39% 125.87 % 120.35% 150.87 %
50% 57.31% 37.62% 26.55% 198.37 % 215.32% 385.51%
100% 71.13% 61.24% 47.25% 246.23 % 350.47 % 686.17 %

Table 3. This table shows the results of the RERNE, and LERN tests for each type for the given thresholds. The LERN results in
bold have values over 100% which indicate that news is more likely prior to the given event type and threshold, than it is normally.

the first 60 minutes of the day are ignored. The tests in
which we have at least 95% confidence to reject the null
hypothesis are in bold. The 5% threshold range for every
country and the 2% and 10% thresholds for the UK and
the Australian markets are the only ETT results where we
can reject the null hypothesis that return events are not
influenced by news.

The 2%-5% threshold range for every country, and the
1%-2% threshold range and the 10% threshold for the UK
and Australian markets are the only NTT results where
we can reject the null hypothesis that the arrival of news
before return events is the same as the arrival of news
normally. Combining the two indicates that the 5%
threshold for every country and the 2% and 10%
thresholds for the UK and Australian markets have a
strong correlation between news and return events. This
concurs with the results of the LERN and RERNE tests,
which imply that return events are linked to the arrival of
news.

No ETT test results can be used to reject the null
hypothesis that volume events are not linked to the arrival
of news. Furthermore only the 500-1000% threshold
range for the Australian market have NTT results which
can reject the null hypothesis that the occurrence of news
prior to a volume event is the same as news normally.
Therefore these results appear to confirm the RERNE,
and LERN tests that volume events do not imply that the
market has reacted to news.

Only the 1000% threshold for the Australian market
provides ETT test results which can reject the null
hypothesis that tick events are not related to the advent of
news. Furthermore only the 200% thresholds for the US,
and 1000% threshold for the Australian market for the
NTT test provide enough evidence to reject the null
hypothesis that tick events do not imply that the market
has reacted to news. This suggests that there is weak
evidence that tick events are related to the arrival of
news. However low RERNE and LERN values reveal
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Event ETT NTT
Type Threshold US UK AU US UK AU
Return 0.1% 87.29% 85.15% 88.81% 97.22% 94.47% 94.46%
0.2% 93.88% 62.19% 66.29% 97.31% 71.68% 71.26%
0.5% 86.30% 42.14% 86.73% 80.35% 14.90% 62.05%
1.0% 55.00% 16.31% 38.16% 8.07% 0.01% 0.00%
2.0% 7.34% 2.02% 4.22% 0.00% 0.00% 0.01%
5.0% 2.15% 0.07 % 0.18% 0.00% 0.00% 0.00%
10.0% 25.29% 0.17% 1.17% 5.09% 0.03% 0.38%
Volume 10% 95.32% 32.23% 88.29% 99.24% 93.65% 98.02%
20% 98.17% 32.21% 83.90% 99.47% 87.16% 94.69%
50% 89.48% 27.67% 84.73% 91.03% 65.75% 86.28%
100% 76.17% 24.78% 73.12% 71.78% 39.02% 55.93%
200% 58.37% 21.54% 51.10% 50.65% 14.75% 8.25%
500% 75.37% 20.21% 25.12% 50.69% 6.16% 0.23%
1000% 77.80% 20.64% 23.18% 86.15% 10.79% 0.28 %
Ticks 10% 61.02% 49.98% 86.53% 92.69% 87.54% 96.66%
20% 60.42% 47.79% 84.08% 85.10% 72.26% 92.54%
50% 38.56% 47.83% 94.86% 55.47% 34.38% 92.37%
100% 14.21% 47.48% 57.02% 5.52% 12.18% 39.67%
200% 40.53% 45.23% 42.76% 1.84% 11.68% 20.74%
500% 58.37% 50.59% 39.09% 8.91% 97.50% 5.57%
1000% 49.22% 57.04% 2.54% 34.37% 92.87% 0.84 %
Volatility 1% 36.25% 65.22% 7.26% 99.56% 99.96% 98.78%
2% 47.01% 0.12% 11.14% 98.55% 95.00% 92.48%
5% 93.38% 99.25% 18.48% 95.70% 98.90% 38.24%
10% 99.90% 69.93% 71.52% 99.18% 39.44% 32.14%
20% 63.53% 34.59% 52.36% 2.05% 0.02% 0.00%
50% 10.56% 10.01% 9.26% 0.00% 0.00% 0.00%
100% 13.92% 4.74% 4.57 % 0.01% 0.00% 0.00%

Table 4. This table shows the p-values of the ETT, and NTT tests for each type for the given thresholds. The results in bold
indicate that there is 95% confidence that the null hypothesis can be rejected for the given test, country, and parameters.

Event Type Threshold usS UK AU
Return 2% 3.58% 3.94% 6.68%
5% 0.37% 0.35% 1.29%
10% 0.03% 0.06% 0.24%
Volatility 100% 0.62% 0.50% 1.07%

Table 5. This table shows the percentage of articles which occur outside the first period of the day which correlate to the given

event type and threshold.

that, whilst tick events are more reliable than volume
events, tick events aren’t strongly correlated to news.

The 2% and 100% thresholds for the UK, and the 100%
threshold for the Australian market for the ETT test
provide evidence to reject the null hypothesis that
volatility events are not affected by news. The 20-100%
threshold range for all countries for the NTT test can be
used to reject the null hypothesis that the advent of news
prior to a volatility event are the same as the advent of

news normally. It may bear further investigation into the
values n, At, and At for the US, as the RERNE, LERN,
and NTT tests all strongly imply that news is correlated to
volatility events. It could be that a shorter period is
required to obtain better ETT results. Apart from the US
ETT test, it appears that there is a strong correlation
between the arrival of news and subsequent volatility
events. This is strongly supported by the evidence of the
RERNE and LERN tests, and therefore we conclude that
volatility events are linked to news.
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Finally Table 5 shows that only a fraction of articles
which occur during the trading day, excluding the first 60
minutes, correlate with the given return and volatility
events.

5. Conclusions

We have found strong evidence to suggest that the stock
market does react to real time news. Return and volatility
appear to give the most compelling evidence. However
only the 5% threshold for all countries, and the 2% and
10% thresholds for the UK and Australian markets have
return events which are supported by all of the RERNE,
LERN, ETT, and NTT tests. This implies that further
research is required to determine if volatility events occur
differently when the market reaction period is changed.
However there appears to be some weak evidence that
news affects volume and tick events. Furthermore the
most significant tests, shown in Table 5 imply that only a
fraction of news is responsible for the most significant
market reactions. This reveals that the market interprets
news differently, and considers some news more
significant than others.

Further research into when events and news occur is
necessary to establish if the market behaves in a uniform
manner. Furthermore the content of news which the
market reacts to should be investigated, as Fung, Yu and
Wai (2003) and Mittermayer (2004) have studied, in
order to highlight potentially significant news articles for
investors.
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