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Ozet: Bu makalede 1993-2000 yillart arasinda IMKB'de islem
goren hisse senetlerinin getiri oranlan ile piyasaya giren
bilginin bir gostergesi olarak kullanilan islem hacmi degisim
oram arasindaki Granger nedensellik iligkisi arastirilmus, yeni
bilgi girisinin varlik getiri oranlary iizerindeki gecikmeli etkisi
incelenmistir. Calismada iki ayrt VAR siireci kullanilarak
getiri oranlart ile islem hacmi arasinda iki yonlii Granger
nedenselligin varligs konusunda deliller elde edilmigtir. Getiri
oranlarimin  mutlak degevleri ile islem hacmi arasindaki
nedensellik, sozkonusu dénemde hisse senetlerinin % 89'unda
anlamly bulunmus, tiim hisse senetlerinin getiri oranlarinin ise
gecikmeli getiri oranlari ile anlaml bir iligkisi oldugu tespit
edilmistir. Ulasilan sonuclar, piyasaya girven bilginin gecikmeli
olarak fiyatlara yansidigi yoniindedir.

L INTRODUCTION

The effect of information in capital markets is an
important issue that should be considered in various
finance theories. The importance of information effect can
casily be understanded by simply observing new
empirical tests of various models that employ dynamic
structure in the sense of including information arrival to
the theoretical frameworks and comparing the results with
static ones'. For example two basic asset pricing models;
Capital Asset Pricing Model (CAPM) of Sharpe [1];
Lintner [2] and Mossin {3]; and Arbitrage Pricing Theory
(APT) model of Ross [4] have a great number of
empirical literature that tests the validity of the models in
capital markets both in the form of dynamic (conditional)
and static (unconditional) forms. A literature review
shows that conditional tests that considers the effect of
information flow on risks and returns (for example:
Ferson, Kandel and Stambaugh [5}; Bollerslev, Engle and
Woolridge [6]; Harvey [7]; Bodurtha and Mark [8]; and
Ng [9] for CAPM and Ferson and Harvey [10]; and
Ferson and Korajczyk [11] for APT) overperform
unconditional tests in the sense of capturing theoretical
arguments in empirical results and rejecting static
structure of risk return relation.

The inclusion of information effect on asset returns
and risks in price generation process can be seen in two

basic forms. First form can be described as
Autoregressive Conditional Heteroscedasticity (ARCH)
or Generalized Autoregressive Conditional
Heteroscedasticity (GARCH) framework that are
generally employed in conditional CAPM tests, and the
second form can be described as the use of dynamic
structure of "instrumental variables” in pricing models
which can generally seen in conditional APT tests.

Another important theory that deals with the direct
effect of information flow on asset returns, instead of risk-
return relation, is "Efficient Market Hypothesis". Fama
[12], described information in three categories and
defined the level of efficiency in capital markets
theoretically. A great number of empirical studies in so
many different capital markets employed various kinds of
analysis methods changing between filter rules to serial
correlation tests in order to examine the level of
information effect on prices and the speed of price
adjustment process.

The importance of information arrival on asset
returns is clear. So the determination of an "information
flow proxy" and empirical identification of asset return-
information proxy relation can provide useful results in
order to include information factor in various models and
appreciate the predictive power and/or to get empirical
evidence to various theories. In finance literature, trading
volume is widely used as a proxy of information flow in
the market. Several studies examining trading volume as
information arrival belongs to Clark [13]; Copeland [14];
and Epps and Epps [15].

There are some studies on discovering the direct
relation between volume and return of assets. Hiemstra
and Jones [16] implemented Linear and Nonlinear
Granger Causality test in order to examine the predictive
powers of past trading volume on asset returns and past
returns on trading volume. They found evidence of linear
Granger Causality towards asset returns to trading volume
and nonlinear Granger Causality towards both returns to
trading volume and trading volume to returns.
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There are also some examples of implementing
trading volume as a proxy of information arrival into asset
pricing models; for example Solibakke [17] tested
conditional CAPM by a Bivariate ARMA-GARCH-in-
Mean system on volume based asset portfolios in
Norwegian Equity Market. Another paper investigating
GARCH and Volume effect is written by Lamoureux and
Lastrapes [18]. According to the paper, daily asset returns
are generated by a mixture of distributions captured by a
GARCH system where trading volume is a proxy of
stochastic mixing variable which represents daily
information arrival.

Another use of trading volume is seen in Chordia
and Swaminathan [19]. In the paper, the effect of trading
volume on explaining cross-autocorrelations of asset
returns and, the hypothesis of significant relation between
trading volume level and reaction to information arrival
are examined. As a result, evidence of significant effect of
trading volume as a determinant of the lead-lag patterns
observed in stock returns is found. On the other hand
Blume, Easley and O'hara [20] investigated the
informational role of volume and the statistical properties
of volume and market prices.

Examination of predicting power of trading
volume on asset returns can be seen in Karpoff [21];
Gallant, Rossi and Tauchen [22]; Jain and Joh [23];
Rogalski [24]; and Smirlock and Starks {25].

In this paper, Granger causality between trading
volume and asset returns in Istanbul Stock Exchange
(ISE) is examined in the period between 1993-2000.
Returns and increase rates of trading volumes of 82 stocks
that are continuously traded in the above stated period is
examined in a Vector Autoregressive (VAR) model
framework. This study provides additional empirical
evidence on the relation between stock returns and trading
volume in ISE. The paper proceeds as follows. Section.2
briefly presents basic theoretical explanations of return -
volume relation, Section.3 describes the analysis method,
Section.4 describes the data used in the paper and
Section.5 states the empirical results reached from the
analysis procedure.

II. BASIC THEORETICAL EXPLANATIONS of
RETURN-VOLUME RELATION

Trading Volume is considered as an important
issue in understanding capital markets. In finance
literature, there are two basic approaches answering the
question of "Why investors trade" and modelling trading
phenomenon in Capital markets. First approach is built on
rational investor assumption. According to these models,
rational investors trade because of their different
information, endowments, beliefs, preferences and tastes.
So, heterogeneous rational investors value assets
differently and trade when two investors have different
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opinions about the value of same asset. Second approach
on trading is based on irrational investor assumption.
According to this approach, investors generate some
trading rules that is inconsistent with rational behaviour
like buying when other buy or selling when others sell.
There are also some other motives for trading besides
heterogeneous preferences and irrational trading strategies
like; liquidity and hedging motives.

There are several basic theoretical explanations on
the causal relation between asset returns and trading
volume. These explanations can be seen as; mixture of
distributions hypothesis; sequential information models;
tax and non-tax related motives for trading.

The mixture of distributions hypothesis of Clark
[13]; Epps and Epps [15]; Tauchen and Pitts [26]; and
Harris [27] provides explanations on empirical
distributions of stock prices assuming that there is a
positive relation between return and volume of a
transaction. While in the model of Clark [13], volume is
used as a proxy of information arrival, Epps and Epps
[15] used volume as a measure of disagreement between
traders on stock prices based on the information arrival to
the market. They suggested a model where price
generation process is a result of interrelation of volume
and return. :

Sequential Information Model of Copeland{14]
examined a theoretical framework in which changes in
investor expectations cause a dynamic price adjustment
process in asset trading volume and prices. In the model,
new information arrives sequentially to investors. So as
the investor get information sequentially, some are
informed while some others are not informed yet at a
time. Thus, in a sequential information arrival process, a
new information reaches to an initial investor, cause
his/her to trade and change volume and price, after this
initial price adjustment process a second investor gets the
information and reacts by trading, changing volume and
price. This process continues until all investors reaches to
the information and adjust a final equilibrium through
trading. This structure cause increase in trading volume
and price movements after the new information arrival
into the market based on informational shocks.

Sequential Information Model is modified by
Jennings, Starks and Fellingham [28] with the addition of
margin constraints, short sales and a theoretical price
adjustment framework that employs information arrival,
price change and trading volume relations. In the model, a
positive causal relation between stock prices and trading
volume is suggested.

According to the sequential information model, a
lagged relation between asset returns and trading volume
cause a predictability of absolute values of current return
by lagged values of trading volume; and trading-volumes
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by lagged values of absolute asset returns (Hiemstra and
Jones [16]).

Lakonishok and Smidt [29] examined another
source of possible volume-return relation based on tax
and non-tax related motives for trading and suggested a
positive relation for non-tax trading motives and a
negative relation for tax related trading motives. On the
other hand, Admati and Pfleiderer [30] show that large
trading volume attracts investors to trade. According to
this model, an increase in trading volume cause a further
increase in trading and generates a change in asset prices.
So the level of volume is significant in volume-price
movement relation.

III. METHODOLOGY of GRANGER
CAUSALITY TESTING

Causality testing based on the examination of
whether past values of a wvariable is significant in
explaining another current variable started generally in
1960’s. In these years, another kind of an analysis, Vector
Autoregressive Regression (VAR), is also utilised widely
in econometric literature. In a VAR process, models for
all variables are constructed as it is a linear combination
of its own and another variables' lagged values. Such a
relation is called as an Autoregressive Distributed Lag
(ADL) relation. The most important feature of the VAR
process is the exclusion of “endogeneous” and
“exogeneous” variable differentiation, and acceptance of
all variables as endogeneous variables (Gujarati [31]).
The exogenous variables employed in the process are just
lagged values of endogenous variables (Kennedy [32]).

VAR process can be shown as follows:

X, = /ll ta(L)X, , + ﬁ(L)Yi./—k +E,

Y, =4 +y(L)Y,,, + (L)X, +&,, 3.1

In the first regression model, if lagged values of Y
can predict X, controlling for the predictive power of
lagged values of X, than Y is said to Granger cause X. On
the other hand in the second model, X is said to Granger
cause Y if the lagged values of X can predict Y,
controlling for the predictive power of lagged values of Y.

Matrix form of VAR(p) process can be shown as;
|:Xi.:] - 1:/1| }_1_ 9|1.1 9|2.1 Xi.l—l +...+
Yi.l /‘{’Z 62I.I 6’31.[ . Yi.r—l
[ﬁell.k O || Xives + [31, :l
92I.k 622.k ' Yi.r-—k 82[

VAR process can be tested by using t statistics. In
order to perform causality test by a VAR process, a
regression is run between current X; and lagged values of
X and Y variables. If the coefficient of last lagged Y
variable is statistically insignificant, then it is said Y do
not cause X; but on the other hand if one or more than one
lagged coefficients of Y variable is statistically significant
according to t-test, than it is said: Y cause X (Jonston and
John [33)).

VAR process can also be tested by using Granger
Causality test (Granger [34]) that is based on F-statistics.
Granger causality test hypothesis can be constructed as
follows:

H() : 9/2_/ = 9/2'2 = L= 6124, =0 (Iagged Y should be
excluded from the model)

H, : At least one of the follows 8,5, 022 ... ; 62, is not
equal to zero

Null hypothesis (Hy) can be tested by an F-statistic
which is calculated as a ratio of residual sum of squares of
two different regression models. In the first model, X
regress on all lagged X terms and other variables, if any,
but do not include the lagged Y variables. Residual sum
of squares got from this model is "restricted residual sum
of squares (RSSp)". Another value of "unrestricted
residual sum of squares (RSSyz)" is got from a second
model where X is regressed against both lagged values of
X and lagged values of Y.

_ (RSS, ~RSS,,)/m
RSS,, l(n—k)

(3.3)

In the equation; n is observation number, m is
number of lagged Y terms, k is the number of parameters
estimated from the unrestricted regression model. Above
stated F values follow F distribution with m and n-k
degree of freedom (Gujarati [31]).If the computed F value
exceeds the critical F value, Hy is rejected; Y is said
Granger cause X, otherwise in the case of acceptance of
Ho; Y is said not to Granger cause X.

A similar hypothesis can also be constructed for Y
in order to test a causality relation towards X to Y
(Darnell [35]). On the other hand, in the case of analysing
a bivariate system where X is caused by Y and Y is caused
by X; is called feedback system (Judge et.al.[36]). Tests
based on VAR analysis are sensitive to nonstationaries in
time series so another point that should be noted about the
analysis is the necessity of normal distribution and
stationary conditions for time series data (Judge
et.al.[36]).
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IV. DATA and SAMPLE PERIOD

Previous works on volume-return relation employ
different kinds of data in the analysis. Hiemstra and Jones
[16] used continuous stock returns from daily closing
prices for the Dow Jones Price Index and continuous
change in total daily trading volume on the NYSE. On the
other hand Campbell, Grossman and Wang [37] used
daily return on a value weighted index of stocks traded on
the NYSE and AMEX, Dow Jones Industrial Average and
32 individual stocks. They used "turn over" or "relative
volume" (ratio of the number of shares traded to the
number of shares outstanding) as volume variable.

In this paper, daily return and trading volume data
of common stocks that are traded in Istanbul Stock
Exchange (ISE) between 1993-2000 period is analysed.
Data are belong only to eighty two stocks which are
continuously traded in the full period of 8 years.

In our analysis, daily stock return series are
prepared as continuous rates of return which are
computed as the first difference of natural logarithm of
daily closing stock prices. Daily closing prices are
adjusted according to the stock splits and dividends;

P,+D,
Ri’ =ln ———
’ P

ia~1

4.1)

where, R;, is the continuos return of stock i in day ¢, P, is
price of stock i in day t, and Diyt, is the dividend paid in
day t.

On the other hand, volume series are also

computed as continuous changes in daily total trading
volume of each stock:

4.2)

where, Vi, is the increase in volume of stock i in day t and
H, is the total trading volume of stock i in day t.

Stationarity of data is critical in causality testing,
so stationarity of each time series of volume and return
for all stocks are examined by a Dickey Fuller test
(Dickey and Fuller [38]). As a result, both series of all
stocks are found stationary for the time period 1993-2000.
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V. EMPIRICAL TEST RESULTS of VAR

MODEL
V.l. Examining Causality Between Stock Returns
and Trading Volume

In the paper, a VAR process is implemented in
order to examine the volume-return relation to investigate
whether trading volume, as a proxy of information flow,
has a significant effect on stock returns or not.

VAR process enables to examine a relation
between two variables from both perspectives as whether
volume Granger cause return or not and whether return
Granger cause volume or not. So VAR model constructed
to analyse return-volume relation can be shown as
follows;

Model.1: Vi,l = A,|+ (X(L)Vi,t-k + B(L)Ri,l—k + €1,
Model.2: Ry = Az + Y(L)R o+ L) Vi + €2

where, Vi, is increase in trading volume, R;, is return of
stock i in time t, and € is error term and L is lag operator.
Fach model can be separated into two sections: in
Model.1; a(L)V;. is autoregressive terms section and
B(L)R;w is distributed lag section. On the other hand in
Model.2, Y(L)R; . is autoregressive section, and N(L)V,.x
is distributed lag terms section.

The first step of analysis is to determine the
optimal lag length. Akaike {39] and Schwarz information
criterion are implemented to determine the appropriate lag
length of each of stock. As a result, 20 lag structure is
found adequate for bivariate lag lengths and two models
are constructed with 20 autoregressive and 20 distributed
lagged terms for 82 stocks.

At the second stage, in Model.1, V;, is regressed
against 20 lagged V. terms and 20 lagged R;.x terms;
and in Model .2, , R;, is regressed against 20 lagged R
terms and 20 lagged V. terms so the 40 parameters and
a constant term of each model are estimated for all stocks.
t-test of each estimated parameters of the models are
examined and statistically significant lagged variables are
determined at 10% level. As it is expected, it is found that
each stock has its own lagged return-volume relation
structure where some lagged variables did not found
significant for a stock are found significant for another
one. For this reason, basic model is implemented to all
stock data according to their own structures that contains
only statistically significant lagged variables.
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So, at the third stage, insignificant lagged variables
for each stock are excluded and only significant ones are
employed in the regression process. Parameters of each
model for each stock are estimated by ordinary least
squares (OLS) method. The results are summarised in
Table.1l and Table.3.

In Table.l, Panel.A summarises the regression
analysis results of autoregressive section of Model.l
where the lagged variables of both volume and return are
examined whether they are significant in explaining
trading volume changes in stocks. In Panel.A it can be
seen that 1,2,3,4,5,6 and 7 lagged volume variables are
significant at 10% level in determining volume changes of
all stocks. On the other hand 96.34% of stocks' volume
has a significant relation with 8 and 9 days lagged volume
variable, 90.24% of stocks trading volume have a
significant 10 days lagged volume relation and so on. It
can be clearly seen that as the lag length increases,
percentage of stocks that have significant lagged volume
to volume relation decrease. So it can be said that, as the
lag length increase, the effect of past volume changes on
current volume decreases consistently. When the signs of
significant lagged variables are examined, it is seen that
all lagged variables of 1, 2, 3,4, 5,6, 7, 8,10, 11, 12, 13,
14, 16 and 17 have negative coefficients. That is, there is
a consistent negative relation between current volume
change and past volume changes. The average of
significant lagged variables' coefficients are also shown in
the Table. The absolute value of coefficients of lagged
volume variables decrease as length of lags increases, so
it can be said that as lag length increases, effect of past
volume changes on current changes decreases.

Panel.B of Table.] summarises the results of
distributed lag terms (G,) section of Model.1. In other
words, lagged effects of return on current volume are
summarised in Pancl.B. It is seen that all stocks have a
significant relation between current volume change and 1
day lagged return. 31.71% of 82 stocks have significant 2
and 3 day lags, 36.59% of stocks have significant 4 day
lags and so on. When the signs of lagged return
coefficients are examined, it is seen that all 1,2 and 3
lagged returns have a positive effect on volume. In other
words an increase in | day lagged return cause an increase
in volume change for all 82 stocks. On the other hand, the
direction of relation turns to negative after the 5 days
lagged relation. Although only a few (4.88% of 82) stocks
have a significant volume- 5 days lagged return relation,
all coefficients are negative, that means an increase in
return cause a decrease in volume after 5 days.

As a result, Model.1 shows that volume has a
strong negative relation with its own lagged variables
especially 1 to 10 day lags and a positive relation with 1
day lagged return for all stocks. So null hypothesis is
rejected and a significant causal relation towards return to

volume is accepted in ISE between 1993-2000 period.
This result is also supported by Table.3, where, the
percentages of stocks that have at least one significant
autoregressive and at least one significant distributed lag
coefficients are stated. Table.3, shows that; all stocks
have at least one significant autoregressive and one
distributed lag coefficients. This result supports the
evidence of rejecting the null hypothesis of model one
and accepting a causal relation towards return to volume.

Results of Model.2 of the VAR process is
summarised in Table.2 and Table.3. Table.2 shows that
nearly 61% of all stocks have significant 1 day lagged
autoregressive relation in stock returns. On the other hand
96% of significant 1 day lagged return coefficients have a
positive sign implementing an increase in yesterdays
return cause an increase in today’s return. Percentage of
significant 2 days lagged coefficients decreases sharply to
15.85%. Other relatively important autoregressive relation
is scen in 4 and 10 day lags with having significant
positive coefficients for 32.93% of all stocks. When we
look at Table.3, it is seen that 95.12% of all stocks have at
least one significant lagged return coefficient explaining
current stock returns. Only 4.88% of 82 stocks does not
have an autoregressive relation of returns.

Panel.B of Table.2 summarises distributed lag
section results of Model.2. This analysis is important in
the sense of examining volume effect as an information
proxy on stock returns. When the distribution of
significant lags is examined, it is seen that only 20.73% of
all stocks have 1 day lagged volume-current return
relation, 14.63% of 82 stocks have 2 day lagged volume-
current return relation, and so on. That means we can not
found evidence of a concentration of any lag lengths. On
the other hand in Table.3, it is seen that only 69.51% of
all stocks have at least one lagged volume effect on
returns leading 30.49% of stocks have no significant
volume-return relation. This result does not give a strong
support to reject null hypothesis of significant causal
relation towards volume to stock returns in ISE.

V.2. Examining Causality Between Absolute Stock
Returns and Trading Volume

The examined role of trading volume in the paper
is “information flow proxy”. So, it is expected that when
an information flow arrives in the market, it will change
stock returns upwards of downwards according to the
optimistic or pessimistic character of the information. So,
it is thought that an information flow (good news or bad
news), cause an increase in volume leading a change in
stock returns, It is impossible to differentiate the volume
change caused by a good news and a bad news with the
available data but when it is known that if volume is a
good proxy of information flow, an increase in volume
should cause a significant change in current returns
(upward or downward). We can examine this model as
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testing a probable significant volume-absolute value of
returns relation. So the basic VAR model examined above
can be used with absolute value of returns (A;) as follows;

Model.3: Vi, =2A; + 8 (L)Viu + ¢ (LA + €3,
Model.4: Aj = A+ @ (LA i+ L (L) Vi + €4

Summary result of Model.3 can be seen in Table.4
and Table.6. When Panel.A of Table.4 is examined, it is
clearly seen that all stocks' trading volume has a negative
significant relation with its 1,2,3,4, and 5 days lagged
volume wariables. This autoregressive relation is also
strong for 6,7,8,9,10 and 11 lags as 98.78% of 82 stocks
have 6 and 7 lagged autoregressive volume relation,
96.34% of stocks have 8 day lagged relation and so on.
This result is consistent with Model.1 where stock returns
are used as real changes (not absolute values). Another
point consistent with the Model.1 is the strong negative
lagged relation. An increase in 1 to 14 days before cause a
decrease in current stock volume change.

Panel.B of Table.4 summarises the distributed lag
results of the analysis. These results are also consistent
with Model. 1, that is; 76.83 % of absolute value of lagged
stock returns are significant in explaining increase in
trading volume. But there is no strong evidence of more
than 1 day lagged absolute value returns have a
significant effect on volume. The signs of 1 day lagged
variables' coefficients are positive for all stocks
representing a situation where a positive or negative
change in stock returns cause an increase in next days
trading volume. So it can be said that; investors are
sensible to changes in stock returns and gives reaction as
buying or selling in the market, thus increasing the trading
volume.

We can not reach a strong evidence of more than
one day lagged return change effect on trading volume.
This result is also consistent with the results of Model.1.
When we look at Table.6, a strong relation between
lagged values of volume with volume and absolute values
of lagged stock returns with trading volumes. All volume
variables examined have at least one significant
autoregressive and one significant distributed lagged
coefficients, indicating a significant causal relation
towards stock returns to trading volume.

Model.4 is constructed in order to examine the
information flow effect on asset returns. As it is
mentioned before it is expected to find statistically
significant lagged volume variables on absolute values of
stock returns.

In Panel.A of Table.5, results of autoregressive

relation is summarised. It is seen that 96.34% of all stocks
have one day lagged autoregressive relation in absolute
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returns, indicating change in asset returns are widely
dependent to previous days' return change. This relation is
also strong for 2, 3 and 5 days lag lengths.

Panel.B of Table.5 states the lag length distribution
of volume effect on stock returns. It is clearly seen that
there is no frequent concentration on a volume lag length
on absolute stock returns, but we can reach a percentage
of 89.02% of all stocks have a significant lagged volume
effect on absolute value of stock returns, indicating that
an information flow (good news or bad news)
significantly effect absolute value of stock returns
(change returns up or down). When we compare this ratio
to the results of Model.3 where real values of returns are
employed in the model, we can see that there is a
significant increase in significant percentages from
69.51% (in Model.3) to 89.02% (in Model.4), supporting
the expected result of "information flow effect on asset
returns”.

As a result, Model.4 supports evidence of volume
effect on asset returns and a linear causality relation from
volume to absolute stock returns.

VI. SUMMARY and CONCLUSION

In the paper, information effect on asset returns in
ISE between 1993-2000 period is examined by using
VAR process which employs trading volume change as an
information arrival proxy. As a result of Granger causality
test procedure, lagged values of volume is found
significant on explaining price changes of assets.

Stock market data is employed in four linear
models of two VAR processes in order to examine the
expected significant return-volume relation. In the first
VAR framework, continuous changes in volume and asset
prices are examined and evidence of Granger causality
towards asset returns to volume is found but on the other
hand a strong evidence of Granger causality towards
volume to return could not be observed. On the other
hand, second VAR framework is constructed to the
hypothesis of volume, as information arrival proxy,
should effect returns for both directions on the basis of the
positive or negative nature of the information that cause
trading in the market. So the relation between absolute
values of asset returns and volume is examined and
evidence of Granger causality is reached on both
directions towards trading volume to absolute returns and
from absolute returns to volume change. As a result, it can
be concluded that lagged values of volume is a significant
determinant of asset returns but the structure of lagged
relation, number of significant lagged volume variables
and the length of those variables, is peculiar to each
individual asset that makes very hard to suggest a typical
lagged volume return structure for entire stock market.
Another evidence of lagged information arrival to the
market is inferred from the examination of autoregressive



Erding ALTAY - Ferda YERDELEN

sections of VAR models in which all assets' returns are
found significantly dependent to their own lagged returns.
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