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ABSTRACT: A number of scholars examine the impact of infaromaflow associated with Google search querieganious search
terms on heteroskedasticity of stock return dabaguthe framework of Lamoureux and Lastrapes (1998)s paper examines the
role of internet search queries in carrying the mdarmation flow regarding economic innovatiorthe stock market for ten countries
from a sample of top twenty innovative countiess@@hon Global Innovation Index 2018). When therimtt search volume is
included in the conditional variance equation o0RE3IRACH model, the ARCH coefficient becomes stat@gly insignificant for
Canada, South Korea, Switzerland and USA (Hong Kand) South Korea to some extent). These findinggesst that the number
of internet search volume is a manifestation ofdies heteroskedasticity (ARCH type) in stock retadiata. As such, the internet
provides a much-needed infrastructure for carryireggnew information flow attached to economic ination to the stock market as
the common stockholder (i.e. capital providerdioovation) expectations reflect such persistenwfbf new knowledge to the stock
market. Trading volume testifies the specificatimed and, as such, the internet search queriéd possibly be interpreted as an
absorptive capacity variable as stock of new kndgéeflow of the economy could be successfully tidme volume.
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1. INTRODUCTION

In recent years, there has been a significantaatén exploring
the impact of internet information flow on commotock
returns. Using internet search volume as a proxy the
information content, scholars have establishedragliakages
between stock price changes and time dependenciein
information arrival at the stock market. Nowaday internet
is responsible for facilitating a large part of romic activities
of households (e.g. consumption) and researches slagwn
that the internet increases the probability of letwadd
participation in the economic activities (See &ggan 2008).

In particular, Sprenger et al., (2014) analyze apipnately

about 250,000 stoetelated messages posted on microblogging

forums such as Twitter and find an association betwtweet
sentiment and stock returns (including some asBonia
between message volume and trading volume). Atsgstor
information demand on certain information segmeritéirms
has been examined by a number of scholars (e.¢o\Bat al.,
2017; Drake et al., 2012). Drake et al., (2012)kstigate the
factors affecting investor information demand ab@arnings
announcements using Google search quarries andhaidhe
number of Google searches increase prior to angr dlfte
earnings announcements. Zhang et al., (2016) exatminstock
market reaction to internet news and find significpositive
abnormal stock returns and excessive trading voldunimg the
news arrival time intervals. These findings sugghbsit the
internet provides a much-needed infrastructure fbe
information arriving at the stock market. Contrgrilsome
research findings suggest that the frequent adoegsternet

reduces the stock market participation. After callitrg for
Internet access in the regression model, Liang@umal (2015)
find that there is a negative association betweeniab
interaction and stock market participation.

Following the work of Lamoureux and Lastrapes ()99
number of scholars examine the implications ofitiiermation
content of internet search volume for heteroscéxigstf stock
returns and find that the internet search quernesignificantly
associated with the type of heteroscedasticityto€ksreturn
data (See e.g. Son-Turan 2014; Shen et al., 20i# 8t al.,
2017; Shen et al.,, 2018) (See also Senarathne Y281@&
Senarathne (2019) for the consideration of othexips such as
margin debt value data and investor press readimg).t Using
internet search queries related to the stock mankietx (Dow
Jones), Dimpfl and Jank (2016) examine the roléntdrnet
search queries in predicting stock market volgtdind find that
the realized volatility of Dow Jones index is sgbncorrelated
with its name search queries. Along these linesifts(2012)
finds that the number of Google search queriedingldo the
keywords such as economic crisis, financial casid recession
is a good proxy for the mixing variable. The fingénsupport the
mixture of distributions hypothesis that the hesesmlasticity of
stock return is associated with the number of Geaglarch
gueries which represents the rate at which thermdtion flows
into the stock market. The mixture of distributibppothesis
was first put forward by Clark (1973) which is sabsently
tested by Epps and Epps (1976), Tauchen and R&83j,
Fielitz and Rozelle (1983), Harris (1987), Jain doth (1988),
Andersen (1996), Senarathne and Jayasinghe (2@cHolars
such as Harris (1987) and Epps and Epps (1976haBet al.,
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(2015), Takaishi and Chen (2016), Ezzat and Kitkdéudag
(2017) demonstrate that transaction volume or nuntfe
transactions is a better proxy for the mixing vialeéavhile other
scholars consider stock volume. Their findings ssgghat the
number of transaction contains mixed distributigmammics of
stock return data. The following figure shows tlesagiation
between trading volume and internet search quefies. two
variables have shown to provide a close associatitem 2008

and a weaker association during the world econoamd
financial crisis period. On observation, it candszn that the
trading volume displays a more finer variation thia@ number
of search queries—but both variables exhibit aarnifdirection
after the crises cluster (i.e. after November 2011)

Trading volume vs. Search Queries
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Figure 1. Trading Volume vs. Google Search Queries (Averdgeea Countries). Source: Author’'s Computation

The literature does not attempt to understand rif@rnation

flow associated with Google search queries of warisearch
terms pertaining innovation using a common framéw@r.g.

Lamoureux and Lastrapes, 1990). The objectiveisfihper is
to test the mixture of distribution properties asated with

Google search volume data on search terms namadyétion,

innovations, economic innovation and economic iratiawns for

ten countries ( i.e. within the country searchipc8ithe sample
consists of countries ranked 1 to 20 of Global iratmn Index

2018, the heteroscedasticity in stock returns fseeted to be
associated with the internet information flow retiag the

economic innovations in the region (i.e. countds.such, the
ARCH effect or the total volatility persistence ®IR-GARCH

model (Glosten, Jagannathan and Runkle (1993))|dhiog

negligible when the number of Google search quésiexluded

in the conditional variance of GJR-GARCH model.
remainder of this paper is organized as followstiSe two

provides the conceptual framework and section thiseusses
the data set including sample selection. Section ifeports the
findings and discusses implications, and sectiwa firovides
the concluding remarks.

2. THEORETICAL SPECIFICATION

Following Lamoureux and Lastrapes (1990) and Zheingl.,
(2014) (See e.g. Sharma et al., (1996), Senaratmm

Jayasinghe (2017) and Senarathne and Wei (2018)gd#,,;

The

denote thg th intraday equilibrium market price increment in

day t summed up over a monthly data horizon.

& = Z;Zl 8jmt (1)

Wheren,is a mixing variable distributed with mean zero and
unit variance. This stochastic random variable mbst
associated with the type of heteroskedasticity et for by
ARCH and reflects the aggregate amount of new imé&tion
arrival at the stock market of each country. Onalsumption
that the new information arrival process is seqgaérdther than
simultaneous, the process of internet informatioival takes
the form of;

ng = 00 + b(L)Tlt_l + (Dt, ng = 0 (2)

Wheren, is assumed to be serially correlated and evolution
the mixing variable is captured by the lag polynalnaiperator

b(L). @, is simply a random variable with zero mean and uni
variance, which is restricted to be nonnegativecbgstruct.

Note thats, is subordinated t6; andQ = E (¢Z|n,) in the sense
of Lamoureux and Lastrapes (1990). The total Mdhati
persistence in the conditional variance is estichdig a GJR-
GARCH model in suchQ = o%n, ande,| n.~ N(0,5°n,).

Consider the following regression in the senselotten et al.,
(1993)(I.e. GJR-GARCH) for the forecast of stock returns.

(4)

and ¢; = gz, in which, z, is i.i.d with mean zero and unit
variance. If the mixture model is valid, = n, in all respects
(i.e. their distributional properties and charéstees). The error
term must have the following distributional assuimpt

e \(&r—1, E—py .. )VN(0, hy), (5)

The following conditional variance equation is usfed the
estimate of variance of stock returns for each trgurThe
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equation (4) does not have a mean and is suppressaa the
inherent limitations associated with GARCH modelasghown
by Lamoureux and Lastrapes (1990) and Zhang ef24114)
(See also Andersen et al., (2001))

of = @ +yiefq +Voleoagfy + V308,
Where,

(6)

= Conditional variance at time

¢ = Intercept term of the conditional variance.

y1 = ARCH (Autoregressive conditional heteroscedasticity)
coefficient.

y, = Asymmetric volatility coefficient.

ys = GARCH (Generalized autoregressive conditional
heteroskedasticity) coefficient.

I = A dummy variable employed under the conditign, =
{1 ife,_1 < 0}
0 otherwise

In order to examine the time dependence in the rdte
information arrival at the market, the number ofo@le search
queries (Lagged values were considered in ordelitoinate
any potential simultaneity bias (See e.g. Lamoureund
Lastrapes (1990)))7) is included in the conditional variance as;

ee\(Gy, &¢—1) €t—2, .. )VN (0, hy), (7
Utz = ¢+ V1€t2—1 + Vzlt—1€t2—1 + V30t2—1 +AGiq (8)

To test the validity of the framework used, tradirume as a
mixing variable for the rate of information arrivalincluded in
the conditional variance as;

e\(Vy, €01, €—2, .. )VN (O, By),
of = @ +yielq +Voligfq F V308, + @V

3. DATA

Ten countries are selected from the top twenty vative
countries ranked by Global Innovation Index 2018nkhly
stock index data of each country and the treadoigme data
are obtained from Yahoo webpage covering a samplargpd
from 9/30/2014 3/31/2018. Google search queriesearch
terms innovation, innovations, economic innovation and
economic innovations are obtained from the Google trend
https://trends.google.com/trends/ for each countNote that
Google Trends offers country-wise generation ofdegueries
data. Some descriptive statistics of the sampla dee given
below.

(9)
(10)

The list of stock indexies includes;

Switzerland - The Swiss Market Index (SMI)

United States - The Dow Jones Industrial Averag#)(D
Netherlands - Amsterdam Exchange Index (AEXI)
Germany - Deutscher Aktienindex (DAX)

Denmark - OMX Copenhagen 20 (OMXC20)

Ireland - ISEQ 20 of Irish Stock Exchange

South Korea - Korean Composite Stock Price Indexes
(KOSPI) for South Korea

. Hong Kong - Hang Seng Index — (HIS)

9. Japan - Nikkei 225 of Tokyo Stock exchange

10. Canada-S&P/TSX Composite index

NougahkrwhpE

Table 1.Empirical Description of the Sample Data

Country Variable Mean Median Max. Min. JB ML Q
R 0.004 0.008 0.106 -0.186 249.84 36.33 34.95
Canada G 65.3 64 100 39 1.08 NA 822.28
vV 4.0E+09 4.0E+09 7.0E+09 3.8E+07 33.21 NA 401.93
R 0.005 0.008 0.243 -0.283 28.44 12.37 49.00
China G 23.55 11 100 4 63.12 NA 1550.3
Lkl 1.2E+07 2.1E+06 1.5E+09 1.8E+05 173481 NA 0.009
R 0.007 0.014 0.155 -0.213 60.52 12.85 30.39
Germany G 71.45 71.00 100.00 48.00 2.44 NA 566.95
vV 2.5E+09 2.3E+09 6.5E+09 8.9E+07 122.01 NA 526.98
R 0.005 0.012 0.158 -0.254 47.68 12.75 22.02
Hong Kong G 56.66 57 100 19 8.08 NA 36.18
v 3.3E+10 3.4E+10 7.8E+10 5.0E+09 0.52 NA 677.14
R 0.001 0.007 0.178 -0.236 75.35 32.12 51.50
Ireland G 32.39 33 59 7 4.83 NA 45.32
vV 1.3E+09 1.0E+09 3.6E+09 3.8E+08 45.62 NA 441.51
R 0.005 0.009 0.121 -0.272 83.86 7.28 16.42
Japan G 42.04 41 100 16 154.64 NA 115.58
vV 2.8E+06 2.7E+06 7.2E+06 1.4E+06 379.53 NA 220.63
R 0.003 0.012 0.106 -0.220 159.35 20.40 28.24
Netherland G 66.53 66 100 37 4.94 NA 353.93
vV 2.4E+09 2.2E+09 4.9E+09 1.4E+09 176.29 NA 404.74
R 0.007 0.009 0.127 -0.263 151.11 1.56 19.38
South Korea G 36.60 27 100 12 34.39 NA 740.06
Lkl 1.1E+07 7.4E+06 5.1E+08 3.8E+06 171571 NA 0.189
R 0.003 0.009 0.096 -0.120 13.37 27.60 22.40
Switzerland G 61.41 59 100 22 4.45 NA 516.75
%4 1.2E+09 1.1E+09 3.0E+09 5.5E+07 4.18 NA 861.10
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R 0.005 0.008 0.091 -0.152 48.37 8.12 44.90
USA G 71.31 70 100 51 9.02 NA 1137.30
V 4.3E+09 4.3E+09 1.1E+10 1.5E+09 8.03 NA 926.29
Note:

JB - Jarque—Bera test statistic for normality. Under null hypothesis for normality, critical value of x2 (2) distribution at 5%
significance level is 5.99.
LM is the ARCH LM test statistic for number of observations multiplied by the R-squared value for 3 lags. Under null
hypothesis, critical value of X2 (3) distribution at 5% significance level is 7.815 (OLS equation R; = ¢ + &,).

Q (20) is the Ljung-Box Q statistic for serial correlation upto 20 lags, in the return, Google trend data and trading volume
series. Under the null hypothesis for no serial correlation, the critical value of x2(20) distribution at 5% significance level is
31.41.

*Statistically significant at 5% and **Statistically significant at 10%.

Abnormally high volumes of trades were observed during January 2018 for China and July 2008 for South Korea.

4. EMPIRICAL RESULTS AND
DISCUSSIONS

Jarque—Bera test statistic exceeds its criticalevaif 5.99 for
stock returns of all countries, displaying the nommality of
their distributions. Except for the Google seaqclery data of
Canada, Germany, Ireland, Netherlands and Switzrlthe
null hypothesis of normality of distributions isjeeted for all
other countries. Trading volume data are nonethatesmally

distributed only for Hong Kong and Switzerland. AR@ffect
exists in data for all countries, except for Japad South Korea
whose test statistics fall below the critical valusder ARCH
LM test for three degrees of freedom. Ljung-Boxe& for serial
correlation upto 20 lags shows that the Googlecbegquery data
are serially uncorrelated for China, Germany, JaNatherland,
South Korea and Switzerland. Data are seriallyatated for all
other countries as the test statistic exceedgitisad value of
31.41. Trading volume data are highly serially etated except
for China and South Korea.

Table 2. Maximum Likelihood Estimation of GJR-GARCH Model {{Wout Proxy)

Total
Country Y1 t-stat Y2 t-stat Y3 t-stat @trend t-stat volatility
persistence
Canada 0.255* 6.882 -0.511* -4.657 | 0.809* 15.336 | -2.5E-06* | -5.419 0.553
China 0.278* 2.499 | -0.210*** | -1.525 | 0.817* 10.365 NA NA 0.885
Germany | 0.132** 1.880 -0.317* -2.140 | 0.768* 4.684 NA NA 0.583
Eg:g 0.141** | 1.708 | 0.168 1.254 | 0.652* | 5.619 NA NA 0.961
Ireland 0.082 1.374 -0.222* -3.004 | 0.868* 15.267 NA NA 0.728
Japan 0.045 0.539 0.155 0.889 0.719* 4.638 NA NA 0.919
Netherl
SO 0149 | 1059 | 0050 | 0298 | 0.597* | 3.28 | -9.4E-06* | 2049 | 079
South
Korea 0.137* 2.254 -0.037 -0.296 | 0.878* 21.118 NA NA 0.978
Switzerl
W'nzer % | 0.065*** | 1.422 | -0.272* | -2.949 | 0.716* | 5.921 NA NA 0.509
USA 0.153* 3.042 -0.298* -2.675 | 0.904* 18.069 | 4.3E-07** | 1.782 0.759
Note:
*Statistically significant at 5% assuming returns are conditionally normally distributed. **Statistically significant at
10%. ***Statistically significant at 15%.
The coefficients are estimated using the methods described by Bollerslev and Wooldridge (1992) for obtaining
quasi-maximum likelihood (QML) covariances and robust standard errors.

The maximum likelihood estimation results of GJR#&2H
show that the coefficient 1 is highly statistically significant at
5 percent significance level for Canada, China tis&wrea and

USA. Coefficienty_1 is statistically significant at 10 percent for

Germany and Hong King and 15 percent for Switzetlarhe
initial estimations of GJR-GARCH for Canada, Nethed and
USA showed a deterministic increase in the condliticariance
as the sum of the GJR-GARCH coefficients exceedaty.u
Hence, a time trend was included in the conditioraiance
equations of such regressions as a possible soldtlee ARCH
coefficient of the regressions for Ireland, Japaah l[detherlands

is statistically insignificant at 5 percent in ihéial regressions.
The coefficients of the GJR-GARCH model are repbrigth
the coefficients of the time tend in Table 2. Teeerage effect
exists for Canada, Germany, Ireland, Switzerlardl @8A at 5
percent significance level and, for China at 15 cpet
significance level.
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Table 3.Maximum Likelihood Estimation of GJR-GARCH Model ({W Proxy)

Total
Country | Proxy Y1 t-stat Y2 t-stat Y3 t-stat Aor g t-stat @trend t-stat volatility
persistence
G 0.122 | 0.768 | 0.076 | 0.469 O'F;% 3.836 | -1.2E-05 | -1.370 '36675 -0.318 0.794
Canada
0.600 -2.4E- -1.1E- | -4.9E-
14 0.15 0.781 | 0.05 | 0.204 - 2.443 L3en -1.681 1 07 0.800
- - 1.015 | 38.32
* - - * -
' G 0.133 3773 | (o7er | 3623 ’ s 2.9E-06 2.503 NA NA 0.873
China 0.600
v 0.150 | 0.947 | 0.050 | 0.271 | 2.979 | -1.3E-11* | -10.659 NA NA 0.800
G 0.124** | 1.677 ) . 0782 1 1803 | 8.3£-06 1.387 NA NA 0.595
Germa 0.311* | 2.080 *
n v | 0150 |0595 | 0050 | 0.192 | %% | 2655 163‘15 1700 | NA NA 0.800
0.663
Hong G 0.145** | 1.657 | 0.142 | 1.146 - 5.878 | -1.3E-05 | -0.838 NA NA 0.950
K 0.150** 0.600
one % > 1.525 | 0.050 | 0.488 | " | 2711 | -6.3E-14* | -2.613 NA NA 0.800
- - 0.877 | 14.98
G 0.089 | 1431 | ' v | 5915 . : -6.9E-06 | -0.731 NA NA 0.750
Ireland 0.600
14 0.150 | 0.661 | 0.050 | 0.194 | 4.458 | -1.3E-12* | -17.642 NA NA 0.800
0.744
G 0.094 | 0.849 | 0.051 | 0.460 ; 4581 | 2.0E-05 0.936 NA NA 0.889
Japan 0.600
14 0.150 | 1.164 | 0.050 | 0.377 | 5.157 | -6.5E-10* | -51.03 NA NA 0.800
- - 0.709 -4.6E-
* - - - -
Netherl G 0.116 2631 | o0 | 3069 . 9.304 | -5.2E-06 0.837 07 0.358 0.345
an v 0150 | 0561 | 0.050 | 0.216 | © ioo 3.545 | -6.1E-13* | -5.960 112: ZO;E 0.800
G 3.9E-04 | 0.007 | 0.011 | 0.194 0'9*01 17503 1.1E-05%* | 1.727 NA NA 0.912
South
K - . .
o 1y | 0.125%* | 1.826 | 0.132* 0-905 1 1934 | 4 4e19% | 2810 | NA NA 0.898
, 1.784 2
) - 0.752
. G 0.078 | 1.190 | 0.251* 5.157 | -3.4E-06 | -1.123 NA NA 0.579
Switzerl N 1.647 *
and 0.600
v 0.150 | 0.544 | 0.050 | 0.212 | 3.741 | -5.8E-13* | -13.319 NA NA 0.800
G 0.158 | 3.165 | -0.310 ) 0865 | 3% | 23e05 ) 4.4E-06 | 3.189 0.713
USA ' ' ' 2.777 | 8 ' 3.5400 | ' '
- -2.2E- | -1.5E-
0.150 | 0.756 | 0.050 | 0.145 | 0.600 | 2.577 | -2.1E-13 0.800
4 1.4E+00 14 08
Note:

*Statistically significant at 5% assuming returns are conditionally normally distributed. **Statistically significant at 10%.
The coefficients are estimated using the methods described by Bollerslev and Wooldridge (1992) for obtaining quasi-maximum
likelihood (QML) covariances and robust standard errors.

The ARCH coefficient is statistically significanorf Canada,
China South Korea and USA at 5 percent significaeeel and,
for China and Hong Kong at 10 percent. The ARCEffiicient
for Switzerland is only significant at 15 perceignsficance
level. The total volatility persistence is lessrthunity in all
regressions, suggesting that the basic volatilitpdeting
conditions of GJR-GARCH were met. The GARCH cazdifint
is highly significant for all counties.

When the lagged number of Google search querigxlisded
in the conditional variance of the GJR-GRACH modék

ARCH coefficient becomes statistically insignifitarfor

Canada, South Korea, Switzerland and USA. Whertaiged
trading volume is included in the conditional vada equation,
the ARCH coefficient becomes highly statisticalgignificant
at 5 percent significant for all countries—whose GHR
coefficient was statistically significant in theitial regression

47




(i.e. the GIJR-GARCH without a proxy in the condiiddb
variance)—except for Hong Kong and South Korea.

However, the significance of the ARCH coefficienot Hong
Kong and South Korea regressions has reduced tertairc
extent after the inclusion of volume in the coratiil variance
equation. The GARCH coefficients of all country-véé
regressions are highly statistically significanbwéver, USA
reports insignificant GARCH coefficients for botegressions
with Google search queries and trading volume ie th
conditional variance equation.

Table 4. The Residual Diagnostics of GJR-GARCH
estimations and Coefficient Restriction Test Result

Wald
Country Eq. JB(2) LM(3) Q(20) (y1 +
Y3 =0)
6 20.59* 0.42 16.16 NA
8 27.80* 1.21 16.98 27.39*
Canada 11601
10 * 3.55 20.64 10.06*
6 3.65 1.68 38.17 NA
China 8 0.05 0.12 32.88 116*5'17
10 | 16.62* 1.40 45.73 15.17*
6 70.68* 0.51 16.86 NA
8 52.43* 0.68 18.43 19.14*
Germany
10 24i'61 0.15 27.32 8.90*
6 3.52 1.11 23.85 NA
Hong Kong 8 3.81 1.25 23.59 62.22%*
10 | 21.48* | 12.64* 26.27 11.65*
6 8.24* 0.53 29.91 NA
Ireland 8 10.29* 0.60 27.31 | 220.88*
10 | 46.31* 1.88 30.55 9.67*
6 10.14* 1.76 13.59 NA
Japan 8 9.65* 1.15 13.48 34.92*
10 | 12.13* 2.91 13.70 16.41*
6 20.27* 1.76 16.29 NA
Netherland 8 16.15* 1.57 12.31 97.89*
10 175*'84 15.20* 17.02 13.07*
6 33.61* 2.74 10.23 NA
South Korea 8 25.96* 1.45 8.64 199.94*
10 5.38 4.00 10.20 | 796.17*
6 5.31 3.64 24.72 NA
Switzerland 8 7.09* 4.31 23.11 17.64*
10 | 23.34* 2.53 26.58 12.47*
6 11.96* 0.49 19.61 NA
USA 8 10.85* 4.07 15.53 70.94%*
10 | 72.40* | 18.99* 33.69 9.35*
Note:

*Statistically significant at 5% assuming returns are
conditionally normally distributed. **Statistically significant at
10%.

Wald is the F-statistic from the Wald coefficient restriction test
under null hypothesis of ARCH and GRACH coefficients of
interest are simultaneously equal to zero.

Jarque—Bera test statistic for normality is lesantihe test
critical value for equations six and eight of GJRARECH
regression for China and Hong Kong (i.e. normaigfributed).

The residuals of the equation ten for South Korghequation
six for Switzerland are normally distributed. TABCH effect

or the residual heteroskedasticity exists for equaen of Hong
Kong, Netherland and USA regressions as the tasistit of

ARCH-LM test substantially exceeds the critical el The
residuals of other regressions are however homasted(i.e.
serial correlation based homoscedasticity). Thelvess of all

regressions for China are serially correlated asthee Ljung-

Box Q test. The test statistic exceeds the criticalue

substantially. The residuals of the equation tetreland and
USA are also serially correlated. The null hypsthef Wald
coefficient restriction test is soundly rejected &bl regression
equations. Total volatility persistence is therefsignificant in
all regressions —given the persistence of strongRGH

effects—although the ARCH effect becomes insigaiiicwhen
the proxy variables are included in the conditiomatiance
equation as in Lamoureux and Lastrapes (1990).

5. CONCLUSION

Not only investor behavior is influenced by thevflof internet
information but also the consumer internet searehakior
influences the way consumers behave in the marlatep
(Peterson and Merino 2003). As such, the numbearriet
search volume of interest may contain much valuable
information about the disequilibrium dynamics andrket
asymmetries.

When the internet search volume is included incihveditional
variance equation of GJR-GRACH model, the ARCH
coefficient becomes statistically insignificant foanada, South
Korea, Switzerland and USA (including Hong Kong &ualith
Korea to a certain extent). These findings sugdleat the
number of internet search volume reflects the typfe
heteroskedasticity in stock return data. As subb, internet
provides a much needed infrastructure for the netermet
knowledge flow—regarding economic innovation—to sheck
market as the common stockholder (i.e. capital igeyg for the
innovation) expectations manifest such persistent bf new
knowledge to the stock market.

Inclusion of stock volume in the conditional vaiganequation
testifies the framework used. Although the totallatitity

persistence is not reduced substantially due tmgtGARCH
effect in the conditional variance, ARCH coeffididsecomes
highly statistically insignificant when the tradinglume is
included in the conditional variance equation oRE3JARCH

model. As such, the internet search queries coodsiply play
the role of absorbing the internet information flpertaining to
the economic innovation of the respective countaggrading
volume does.
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