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Abstract

This paper investigates whether the empirical linkagewéen stock returns and trading
volume differ over the fluctuations of stock markets, i.ehgther the return—volume relation is
asymmetric in bull and bear stock markets. Using monthlya dat the S&P 500 price index
and trading volume from 1973M2 to 2008M10, strong eviderfcasgmmetry in contempora-
neous correlation is found. As for a dynamic (causal) refgtit is found that the stock return
is capable of predicting trading volume in both bear and imatkets. However, the evidence

for trade volume predicting returns is weaker.
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1. Introduction

The relation between stock price changes and trading vo({oeten—volume relation) has re-
ceived considerable attention in the field of finance overp&t two decades. As discussed
in Karpoff (1987), evidence on the return—volume relatiat only enhances the knowledge
on financial market structure, but also provides infornatmdiscriminate between competing
theoretical models. For instance, Campbell et al. (1998)vdihat the return—volume relation
helps solve the identification problem for testing diffaremodels.

Based on market folklore, it is generally believed thatitngd/olume is positively associated
with stock returns. As the old Wall Street adage assertdakiés volume to move prices”.
However, an early empirical study by Granger and MorgengtE363) fails to find a correlation
between movements in a Securities and Exchange Commissiopasite price index and the
aggregate level of volume on the New York Stock Exchange (R)Y Succeeding studies have
found more evidence of a positive correlation, but sevendifigs remain that are inconsistent
with a positive correlation. See Karpoff (1987) for a thagbusurvey of empirical evidence
before the 1990s.

Note that what is investigated is tkentemporaneousorrelation in the studies mentioned
above. Since the 1990s, the focus has movedyttamic(causa) correlation between price
changes and trading volume. That is, studies have startegaimine the causal relation by
asking questions such as, “does volume help forecast sttakns” or “do investors trade more
when stock prices go up”? Typically, bivariate vector aagvessive (VAR) models and Granger

causality tests are applied in most studies investigaliaglynamic return—volume relation. Lee



and Rui (2002) find that trading volume does not Grangereatsck returns using daily data
from three stock markets: New York, Tokyo and London. Statragal. (2006) use monthly
data from the NYSE/AMEX from 1962 to 2001, and provide evidethat trading activity is
positively related to lagged returns for many months. Grifial. (2007) examine data from 46
developed and developing countries, and show a strongymsiiation between turnover and
past returns in many markets. Using data from emerging stwakets (six Latin American
markets), Saatcioglu and Starks (1998) fail to find strondeswe of stock price changes lead-
ing to volume changes. On the other hand, they find that volseeens to lead to stock price
changes. Eleanor Xu et al. (2006) use a time-consistent VARelto test the dynamic return
volatility-volume relationship, and find that volatilitywd volume are persistent and highly cor-
related with past volatility and volume. Hutson et al. (2D88amine the relation between the
first three moments of market returns and trading volumes fiawd significant evidence that
higher trading volumes trigger subsequent greater negatarket return skewness. Finally,
Chuang et al. (2009) use quantile regressions to investipatcausal relations between stock
return and volume, and show that causal effects of volumetmn are usually heterogeneous
across quantiles and those of return on volume are moreestabl

Departing from the framework of linear models, Hiemstra dodes (1994) apply nonlinear
Granger causality tests to examine the dynamic relationdest daily Dow Jones stock returns
and percentage changes in NYSE trading volume. They finceae#l of significant bidirec-
tional nonlinear causality between returns and volume. ddeer, McMillan (2007) finds that
lagged volume can be used as a threshold to improve the perfme of nonlinear return fore-

casting models.



In this paper, we add to the existing literature by examiniittether the return—volume
relation differs during different phases of stock marketley, i.e., whether or not the relation
is asymmetric in bull and bear stock markets. The motivaiorsuch an asymmetric relation
is intuitive. First, cyclical variations in stock returnseawidely reported in the literature. See,
for example, Hamilton and Lin (1996), and Perez-Quiros amdniermann (2000). Thus, it
is empirically evident that nonlinear models of the stodkime with switches across bull and
bear market regimes fit the data better than do linear moddsond, as the return—volume
relation reflects the structure of financial markets, anduwuarfactors—such as how investors
behave—may change in bull and bear markets, we should etz the return—volume relation
would also change across different phases of market cydfes.instance, in a bull market,
overconfidence may grow with long-lasting past successamtarket, which would result in a
strong positive return—volume correlation. As shown in glehal. (2006), overconfidence can
lead to stock market bubbles with heterogeneous beliefshod-sales constraints.

Itis worth noting that the proposed asymmetric return—wauelation here is different from
the asymmetric relation proposed by Karpoff (1987). Kalfb®87) hypothesizes that volume
is positively correlated with positive price changes, aedatively correlated with negative price
changes (see Figure 1 in Karpoff (1987)). That is, Karpo®#8@) proposes that the return—
volume relation is fundamentally different for positivedanegative price changes. However,
what we aim to investigate here is that the return—volumaticei is fundamentally different
for bull and bear markets. Such an asymmetric return—voltetagion has been examined
in Ning and Wirjanto (2009) for emerging economies. Usingoaua approach, they find

significant and asymmetric return-volume dependence egrexes for six emerging East-Asian



equity markets.

In this paper, we first use Markov-switching models to idgrttie bull and bear regimes in
the stock market and then examine the possible asymmetic+e/olume relation. However,
as discussed in Candelon et al. (2008), there is no consémghe academic literature on
what bear and bull markets actually are, even though remesaind booms in stock returns are
widely acknowledged. One main alternative approach totifyestock market fluctuations is
based on a nonparametric methodology. For instance, Gandehl. (2008) use the Quarterly
Bry—Boschan method to examine monthly stock price seriégrdfore, in order to check the
robustness of our main findings, we also employ the Bry—Basatating method as well as
a naive moving average approach to identify the fluctuatioriee stock markets. Moreover,
as well as examining the contemporaneous return—voluntelation, we use a joint two-state
Markov-switching model to study the dynamic (causal) litveeen returns and volume. We
would like to know if lagged volume is able to predict stocturaes, and vice versa.

The main empirical results can be summarized as followsA (Warkov-switching model
identifies the bull and bear regimes in the stock market W&)IStrong evidence of an asymmet-
ric contemporaneous return—volume relation is found: ksteturns are negatively correlated
with volume in bear markets, whereas the correlation istpedn bull markets. (3) In terms of
the dynamic (causal) relation, it is evident that the st@&tlnn is able to predict volume in both
bear and bull markets, but the evidence for predictabilityeturns from volume is weaker.

The paper is structured as follows. Section 2 presents threoaaetric framework. Section 3
describes the data and reports the preliminary empirisalt® Section 4 presents the results on

the contemporaneous return—volume relation, and robssitteecks are provided in section 5.



In section 6, we consider alternative identifications otktmarket fluctuations. The dynamic
relationship between returns and volume is examined inage¢t Finally, concluding remarks

are offered in section 8.

2. Econometric framework
2.1. Characterizing the stock market fluctuations

Before exploring the link between returns and volume oveclstnarket fluctuations, first we
need to identify the recessions (bears) and booms (bultegistock market. Following Maheu
and McCurdy (2000) and Frauendorfer et al. (2007), we usedifiad version of the Markov-
switching model developed by Hamilton (1989) to identifg tiear and bull stock markets.
Letr; represent the stock return, and\ebe trading volume. Consider a two-state Markov-

switching autoregressive model of stock returns of oo S-AR(q)):
¢ (L)re = Hs + BV + &, & ~i.i.d.A(0,09), (1)

where¢ (L) =1— ¢1L— ¢oL2— - — ¢qL9 andL is the lag operator. Terms;, and a§ are the
state-dependent mean and the variance, respectivaly, ®he unobserved state variatsdas
a latent dummy variable set at either 0 or 1. ket 0 indicate the bear market and kt=1
indicate the bull market. Stock returns are assumed tovicidwo-state Markov process with

a fixed transition probability matrix:

pOO 1— pll
P= ; (2)
1—po0 pit



where:

p?°=P(s =0|s_1=0), 3)

ptt=P(s =1s_1=1). (4)

3. Data and preliminary empirical results
3.1. Data

Using the monthly returns on the S&P 500 price index and ng@olume from 1973M2 to
2008M10, this paper focuses on the US stock market. The sapepiod is chosen due to the
availability of data on trading volume. We collected theadai the stock price indexp{) and
trading volume ¥o,) from Datastream databa$eStock returns are expressed in percentages:
re = log(pt/pt—1) x 100. First, unit root tests are conducted to investigatethdrahese series
are stationary. The results of the Augmented Dickey—FAdF) test, the Phillips—Perron
(PP) test and the Elliott et al. (1996) DF-GLS test are regubrh Table 1, with some other
descriptive statistics. Clearly, the hypothesis of a umidttprocess is rejected for each series,
with the exception of the trading volume series (in log). 8ese of the nonstationarity property
of the trading volume, we consider the percentage changedume in our empirical analysis:
Vt =log(va /va_1) x 100. According to Table 1, the percentage change in traddhgne is

stationary. We plot all the series in Figure 1.
[Insert Table 1 Here]

[Insert Figure 1 Here]

1The data codes in Datastream &eePCOMZ (PI) andS&PCOMZ (V0) for the price index and trading volume,
respectively.



3.2. Linear regression and Granger causality

First, we examine the return—volume relation without cdesng the possible asymmetry over

the stock market fluctuations. The contemporaneous ctioelis simply estimated as follows:
re=a+bir—1+cot +&. (5)
Moreover, to consider the dynamic correlation, we conduefollowing bivariate VAR model:
re=a+ ) biri+% GVi-i+u, (6)
[ |
V=d+3 gin-i+ ) hivt-i+w. (7)
| |

Table 2 shows the estimation results. Columns (1) and (dyanel that the correlation be-
tween returns and volume changes is positive, but withatissical significance. Moreover, the
correlation between returns and lagged volume changesasnansignificantly positive. The
Granger causality test results are shown in columns (3)@n{early, the--statistics suggest
that Granger causal relations do not exist between volurdeetnrn, either in the direction of
trading volume to returns, or from returns to trading volundat is, in linear setting, there
is no statistically significant relation between returnd &alume either contemporaneously or
causally. The results seem to contrast with some previakest that find strong evidence of a

return—volume relation, such as Lee and Rui (2002), whoiaisgstigate monthly data.
[Insert Table 2 Here]

However, we should notice that the results from linear regjms and Granger causality
tests are sensitive to the sample period chosen. Columns (8) in Table 2 report the estima-
tion results using data from 1973M2-1999M12, as in Lee and®02). Clearly, a significant
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positive contemporaneous correlation between returnsalodie emerges. Moreover, accord-
ing to columns (7) and (8) of Table 2, trading volume does n@n@er-cause stock returns,
but returns Granger-cause volume, which is consistenttéHindings in Lee and Rui (2002).

Therefore, under the linear framework, it appears that gogbiresults are not robust to the
choice of sample period.

Clearly, if the relation between returns and volume is aswtnimfor bull and bear markets,
one would expect that the empirical tests that specify limekations would yield statistically
weak and nonrobust results. Bearing these findings in miext,we will examine whether the
results change when the effects of a bull/bear market aentaito account, and we will show

that the results from Markov-switching models are robustitierent sample periods.

4. Contemporaneous relationship
4.1. Estimation results from Markov-switching models

Table 3 presents the estimation results for the Markoveswigg model. In order to show the
superior performance of a Markov-switching model over adinmodel in fitting stock return

data, we first estimate a linear model (random walk model):
Ary=p+g&, &~iid.#(00%),

and an MS-AR(0) model without including regres$fr Columns (1) and (2) present the es-
timation results for the linear and Markov-switching maddFirst, it is obvious that the naive
mean/variance Markov-switching model (MS-AR(0)) yieldfigher value of the likelihood

function than does the linear model. The likelihood-rati®) statistic is 80.18. Therefore,



although the conventional LR test is not applicable becatifee nuisance parameter problem,
Garcia (1998) tabulates critical values for the simple tweans, two-variances model. The LR
statistic is much larger than the 99%-critical value, 14.08is finding may suggest that the

nonlinear Markov-switching model performs better thanlthear random walk model.

[Insert Table 3 Here]

Next, we compute the information criteria proposed by Rfis and Spagnolo (2003)
for Markov-switching autoregressive models to determime optimal lag lengthg, of the
MS-AR(q) model in equation (1). According to the Psaradakis—SplagBayesian informa-
tion criterion (PSBIC), an MS-AR(1) model is chosen, whhe Psaradakis—Spagnolo Akaike
information criterion (PSAIC) suggests an MS-AR(6) modgi.column (3) of Table 3, the
MS-AR(1) model, where the regressor is the percentage @sangrading volume, identifies
a regime with a higher meam{ = 1.15) and lower variancegy = 3.00), and a regime with
a lower mean (o = —0.67) and greater variancerd = 6.76). This result conforms with the
findings in Maheu and McCurdy (2000) and in Perez-Quiros anarlermann (2000), who
investigate returns from the portfolio provided by the @erfor Research in Security Prices
(CRSP). The high-return stable and low-return volatiléest#n stock returns are conventionally
labeled as bull markets and bear markets, respectivelyioDsly, the Markov-switching model
has identified the bull and bear markets well in stock retufigally, the transition probabilities
show that both bull-market and bear-market states areyhpghikistent. The bull-market regime
persists, on average, for (tl — p*!) = 1/(1—0.96) = 25 months, and it is expected that the

bear-market regime will persist foy/ {1 — p°) = 1/(1—0.91) = 11.11 months.
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Figure 2 plots the smoothing probabilities of state 1 (budirket), the high-return/low-
volatility state. The Markov-switching model is observedctearly identify the stock market
cycles, which, in general, are consistent with the histbperspective of the stock market. For
instance, a long bull market is identified from 1983 to 1998ich is the period of “irrational
exuberance”, as Robert J. Shiller remarked. Moreover, inzaikets are recognized after the
1973 crash (oil crisis), and the 2000 burst of the dot-conbheild~or some eras, the impacts of
a crash are short lived, such as for the 1987 crash. Finklle iestimate MS-AR(6) models,

the results do not change substantially. See column (4)bieTa
[Insert Figure 2 Here]

Now, we turn to the contemporaneous return—volume relatioterestingly, in the bear
market, the return—volume correlation is statisticaHegative(ﬁo < 0), whereas in the bull mar-
ket, the correlation is significantlpositive([&l > 0). The result is robust to different model
specifications (MS-AR(1) vs. MS-AR(6)). We can further tBgt= (31 to check if the asym-
metric return—volume relation is significant. For MS-ARék)d MS-AR(6) models, the Wald
statistics (p-values) are 7.62 (0.00576) and 9.21 (0.002d4pectively. The test result suggests
a rejection of the hypothesis of equal coefficients betwegiralnd bear markets.

Such an asymmetric phenomenon can be explained as followthelbear market, most
people have already lost considerable sums of money, sovilleyot sell their stocks even
when the price goes up. The main characteristic of the beakan#s that the stock price
increases while trading volume decreases. The drivingeftwehind stock price changes is

reductions in supply, rather than increases in demand. ,thegeturn—volume correlation is
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negative.

On the other hand, in the bull market, there are two possiyaaations for the positive
correlation. First, in the bull market, overconfidence maywgwith long-lasting past success
in the market, which would result in a strong positive rettuslume correlation. For instance,
Hong et al. (2006) have shown that overconfidence can leagtimci market bubble with het-
erogeneous beliefs and short-sales constraints. Secamdentum or positive feedback trading
(buy high and sell low) may also cause a positive return-wmelvelation under short-sales con-
straints or under the circumstance that momentum investargse not to short securities (see
discussions in Griffin et al. (2007)). However, generallgmentum investing is based on the
belief that an extended bull market is in effect. Hence, weldi@xpect a positive correlation
between price changes and volume in a bull market.

To sum up, we have shown evidence that there exists an asyimew@itemporaneous rela-
tion between stock returns and trading volume: in bear nisyketurns and volume are nega-

tively correlated, whereas the correlation is positiveuti markets.

5. Robustness

In this section, we consider several modifications to cheekrobustness of our main empir-
ical results. First, we use different measures of tradinigme. Then, we check whether the
results change when considering a different stock pricexndrinally, we check whether the

conclusion changes when different data frequency and syliegeriods are used.
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Detrended Volume: Following Campbell et al. (1993) and Lee and Rui (2002), &erahtive
measure of trading volume is detrended volume. Here, weidenthe detrended volume ad-
justed for a linear and quadratic time trend as well as an Ni&gnd. Evidence from ADF, PP
and DF-GLS tests suggest that the detrended volume isrsaayioEmpirical results using de-
trended volume are reported in columns (1) and (2) of Tabénd,show no substantial change
from our main findings. It remains the case that a negativemetolume correlation is found

in bear markets, whereas the correlation is positive inrnaltkets.

Alternative Stock Market Indicators: The S&P 500 index is used as our benchmark as it
is one of the most commonly used indexes for the overall USkstoarket. At one time, the
Dow Jones Industrial Average (DJIA) was the most renowndexrfor US stocks, but it now
contains only thirty companies. Therefore, it is commorgyed that the S&P 500 is a better
representation of the US market. Nevertheless, we conBidi as a robustness check and
report the result in column (3) of Table 4. Because of thelaldity of the volume data, the
sample period for DJIA is from 1985M1 to 2008M10. Clearly tisymmetric return—volume
relation remains, which suggests that our main empiricallte are robust for different stock-

price indexes.

Data Frequency: To check whether data frequency may alter the findings, weidenhigher

frequency data, such as weekly and daily data. Our weekéyatatfrom 1973/2/7 to 2008/10/29
with 1865 observations, while the daily data are from 19/13t@ 2008/10/31 with 9026 obser-
vations. The results are presented in columns (4) and (5pbleT4. It turns out that using
higher frequency data results in a similar asymmetric retuwolume relation. However, the

13



estimates of3p are not significant, which may be related to the heterostiedgf the data

with higher frequency such as weekly or daily data are ugumait homoscedastt.

Subsample Periods: It is of interest to know whether the fluctuation characterssof the
stock market, as well as the return—volume relation, chawgess different sample periods.
As in Table 2, we first consider a subsample period from 1978MR99M12 as a robustness
check. Moreover, it is argued that the growth in financialbglization may cause structural
changes in the US stock market because of factors such aasneg international comove-
ments in stock prices. For instance, Arshanapalli and De(ka93) show that the degree of in-
ternational comovements among stock price indices hasased substantially after 1987M10.
Thus, we also consider a subsample period from 1987M11 t8MQ0. Empirical results for
the two subsample periods are shown in columns (6) and (7alde®. Clearly, the recessions
and booms in the stock market are also well identified in thhsaomple periods (low mean/high
variance vs. high mean/low variance). Moreover, the retusiume relation is asymmetric

over the stock market fluctuations, which is consistent withmain findings.

[Insert Table 4 Here]

6. Alternative identifications of stock market fluctuations

Although recessions and booms in stock returns are widdinareledged, Candelon et al.

(2008) argue that there is no consensus in the academatliteron what bear and bull markets

2We follow Engle (1982) to test for ARCH effects in weekly arailg returns. TheF statistics p-value) are
35.15 (0.00) for weekly returns and 127.37 (0.00) for daglyirns, respectively. The test results suggest significant
ARCH effects. Therefore, considering a Markov-switchingdal with GARCH effects for high frequency data
appears a promising avenue for future research.

14



actually are. Parametric and nonparametric methods hakidkben employed to identify reces-
sions and booms in the stock market. In particular, bull seat markets are explicitly identified
in Maheu and McCurdy (2000) using parametric models (Marwitching models), whereas
nonparametric approaches are used in Candelon et al. (ZB8I8)wing the above literature, we
use both a nonparametric approach and a naive moving avapageach as alternative methods

to our Markov-switching models.

Model A: A Nonparametric Approach Candelon et al. (2008) note that the key feature of
nonparametric dating algorithms is the location of turngaints (peaks and troughs), which
correspond to the local maxima and minima of the series. Wewdhe setting in Candelon

et al. (2008) to identify a peak (or trough) in the stock mavkeenr; reaches a local maximum
(or minimum) in a six-month window, using the monthly Bry-€&han algorithm. That is, a
local peak occurs at timewhenever{r; > ri.x}, k=1,2,...,6. Likewise, there will be a
trough at timet if {r; < ri}, k=1,2,...,6. Once turning points are obtained, the peak-to-
trough period and the trough-to-peak period are identifedha bear@; = 1) and the bull

(Dt = 0) markets, respectivelyD; is a binary dummy variable to indicate the recessions and

booms in the stock market.

Model B: A Naive Moving Average Approach Under the naive moving average approach,

the bull or bear market is decided by the mean return overastecbuple of periods. We may

definerk as the moving average of the lastalues of the stock returngf = f=ttn=2 ek
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Then, we define a dummy variallg as follows:

1 (bear market if TK<O0,
Dt = (8)
0 (bull markey if TK > 0.
That is, if the mean return over the ldsperiods is negative, we identify the current market
status as a bear market. On the other hand, a bull market reeddfly a positive mean return

over the lask periods.

For Models A and B, we consider the following regression ntode
rt = 0o+ a1Dt + Pare—1+ oV + &1(\t x Dy) + &. 9)

That is, in bull markets, the return—volume correlationapresented by, whereasd + o1
shows the return—volume correlation in bear markets.

In Table 5, we report the regression results from estimagiggation (9) with bear/bull
dummy variables identified by the nonparametric Bry—Boadleting algorithm and the mov-
ing average of order five, MA(5) modéIClearly, departing from the Markov-switching frame-
work and using a different measure of bear markets (modelsdAB) does not substantially
alter the findings. It is evident that in the bull mark§1,> 0 implies a positive correlation be-
tween returns and trading volume. On the other héﬁlﬁ#,él < 0 suggests that the correlation is
negative in a bear market. Moreover, in most cases, theami;ﬁ are statistically significant,
which provides strong evidence of an asymmetric returnswel relation. Therefore, our main

findings are robust to different methods of identifying thil nd bear markets.

[Insert Table 5 Here]

3The results do not change substantially when consideriifgreint orders of the MA model.
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7. Dynamic relationship

As discussed above, since the 1990s, the focus of finanskhreh has moved to investigating
the dynamic (causal) correlation between price changesaditig volume, i.e., to investigating
whether trading volume precedes stock returns, or viceavefsst, it is important to know if
trading volume provides useful information content thatildamprove stock return forecasts.
For instance, Blume et al. (1994) demonstrate a model inlwdotume yields insights into the
quality of traders’ information that cannot be deduced fimast price movements.

On the other hand, it is also of interest to ask if investaaslérmore when markets have
done well in the past. As argued in Griffin et al. (2007), an&wgesuch a question may help in
obtaining forecasts of trading intensity, and devisingcedfit trading strategies.

To investigate the dynamic relation between volume andmstiequation (1) needs to be

modified. Consider the following joint two-state Markov4igshing model:

k

=g +@Pre 1+ Zi)\a7i\/t—i + &, (10)
i=
k

Vi=vys +OV1+ Zlestjrt—i + N, (11)
i=

& 0 02 0

~iid. T ,
Nt 0 0 &

whereps and asf are the state-dependent mean and variance @foefficientAg ; is the state-
dependent coefficient on the lagged volumpge and 5§ are the state-dependent mean and vari-
ance ofV;. Coefficients  is the state-dependent coefficient on the lagged stockretur

We report the empirical results for the return equation &ign (10)) in Table 6 and the
results for the volume equation (equation (11)) in Table & dtnsider the lag lengths= 1

17



andk = 2. Table 6 suggests that in bear markét;s], is statistically significant under the case
k = 1, and theF-statistic to test the hypothesi‘@,l = 5\072 = 0 is also significant fok = 2.

Hence, trading volume is able to predict price movementg onthe bear market. In contrast,
itis clear in Table 7 that stock returns are capable of ptedj¢rading volume in both bear and
bull markets. Fok =1, bothéo; and éLl are statistically significant. F&r= 2, theF-statistics

reach the same conclusion. That is, we have found strongmesgdthat returns are able to
forecast trading volume, regardless of whether stock nisudee in recessions or booms. On

the other hand, the evidence for stock return forecastalfibm trading volume is weaker.
[Insert Table 6 Here]

[Insert Table 7 Here]

8. Concluding remarks

The relation between stock price changes and trading vo(oet@n—volume relation) has re-
ceived considerable attention over the past two decaddseirfi¢ld of finance. This paper
investigates whether the relation is asymmetric in bull bedr stock markets. Using monthly
data for the S&P 500 price index and trading volume from 19232008M10, we estimate a
Markov-switching model to identify the different phasestiick market cycles, and then study
the asymmetric return—volume relation.

In regard to contemporaneous correlation, we find that metand volume are negatively
correlated in the bear market, whereas in the bull marketctinrelation is positive. The asym-

metric return—volume relation is statistically signifitaand is robust to differences in model
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specifications, measures of trading volume, data freqeensubsample periods and methods
of identifying bull and bear stock markets. The explanafiensuch an asymmetric return—
volume correlation is intuitive. In the bear market, mosspe have already lost considerable
sums of money, so they will not sell their stocks even if thieggoes up. The driving force
on stock prices is from reductions in supply, instead ofeases in demand. Moreover, the
low-return-high volume case in bear markets may be expiaiea panic overselling at the
bottoms of market declines. On the other hand, in the bulketaoverconfidence may grow
with long-lasting past success in the market, which wouglilitein a strong positive return—
volume correlation. Moreover, in general, momentum inwgsis based on the belief that an
extended bull market is in effect. Hence, we would expectsatppe correlation between price
changes and volume in the bull market.

Further, we investigate the causal link between returnsti@uting volume. Using a joint
two-state Markov-switching model, we present strong evigethat the stock return is able
to forecast volume in both bear and bull markets. There iskereavidence regarding the
information content of trading volume to forecast stockures. The forecastability is found

only in bear markets.
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Table 1: Descriptive Statistics and Unit Root Tests

Stock  Volume in Percentage
Returns Logarithm Changes in Volume
Mean 0.48 14.77 1.69
Standard Deviation  4.78 2.08 18.58
Observations 428 429 428
ADF -20.276 0.018 -10.860
PP -20.353 0.004 -42.412
DF-GLS -12.240 4.649 -2.376

Note: ADF, PP and DF-GLS are Augmented Dickey-Fuller, RysHPerron and

Elliott-Rothenberg-Stock DF-GLS test statistics, respety. In each test, the null
hypothesis is that the series has a unit root. Test critalales for ADF and PP are
-3.44 (1%), -2.87 (5%) and -2.57 (10%). Test critical valteDF-GLS are -2.58

(1%), -1.95 (5%) and -1.62 (10%). Lags in ADF and DF-GLS teséschosen by
Akaike Information Criterion (AIC).
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Table 2: Linear Regression and Granger Causality Tests

1973M2-2008M10 1973M2-1999M12
1) 2) 3) 4) (5) (6) (7) (8)
Dependent Variable r; re It Vi It re re \A

Constant  0.51% 0.48%* 0.54** 3.33*** 0.77*%* 0.82%% 0.90* 3.06***
(0.23) (0.23) (0.25) (0.77) (0.26) (0.26) (0.27) (0.91)

., -0.04 -0.04 -0.04 020 -005 -0.05 -0.04 0.46%
(0.05) (0.05) (0.05) (0.16) (0.06) (0.06) (0.06) (0.19)

M2 0.04 0.19 0.06 0.24
(0.05) (0.16) (0.06) (0.19)
M_3 0.002 -0.11 -0.05 -0.07
(0.05) (0.16) (0.06) (0.19)
V; 0.0001 0.031*
(0.01) (0.014)
Vi1 0.019 0.01 -0.67* 0.01 -0.01 -0.67**
(0.013) (0.02) (0.05) (0.01) (0.02) (0.06)
Vi_s -0.02  -0.41% -0.02  -0.40%*
(0.02) (0.06) (0.02) (0.07)
Vi_s -0.02  0.02 -0.01 0.005
(0.02) (0.05) (0.02) (0.06)
F-stat 1.48  1.10 0.55  2.40%
p-value 0.22 0.35 0.65 0.07

Note: The entries in brackets are the standard errorsF$tat ando-value are tests of Granger
causality. Asterisks *, ** and *** indicate rejection at tH®%, 5% and 1% level, respectively.
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Table 3: Contemporaneous Relationship: Markov-switchvioglels

1) ) 3) (4)

0.48**
(0.23)
o -0.51 -0.67 -0.61
(0.64) (0.73) (0.69)
i 1.00%*  1.15%% 1 1Q%k*
(0.20) (0.21) (0.26)
o 4. 77%+*
(0.17)
o 6.86%**  B.76%* 6, 78%+*
(0.53) (0.47) (0.48)
o1 3.03%% 3. 00%* 2 94k
(0.21) (0.21) (0.21)
b1 -0.096*  -0.10**
(0.052)  (0.05)
> 0.01
(0.05)
3 -0.003
(0.05)
b4 0.001
(0.05)
¢s -0.03
(0.04)
b5 0.04
(0.05)
Bo -0.07*  -0.07*
(0.04) (0.04)
By 0.04%+% 0,04+
(0.01) (0.01)
p%0 0.92 0.91 0.92
ptt 0.96 0.96 0.96

LogLik -1276.26 -1236.17 -1225.23 -1210.99
Note: The entries in brackets are the standard errors. Tpendent
variable is the stock returns. The modeldi$L)ri = ts, + B\t + &
with mean/variancéo, a@) in regime 0 and 11, 012) in regime 1. As-
terisks *, ** and *** indicate rejection at the 10%, 5% and 1%veél,
respectively. Columns (1) and (2) reports the results fedithear and
MS-AR(0) models without includiny; as a regressor. Column (3) and
(4) show the results from MS-AR(1) and MS-AR(6) model with
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Table 4: Robustness Checks

(1) (2) (3) (4) (5) (6) (7)
o -0.31 -1.33* -1.21 -0.29* -0.10** -0.21 -0.01
(0.64) (0.71) (0.91) (0.17) (0.04) (0.96)  (0.66)
m 1.45%%* 1. 26%* 1.69** (.20%*  (.06** 1.20%* 1 15%*
(0.24) (0.22) (0.30)  (0.05) (0.01) (0.25)  (0.24)
0o 6.60%** B 11%** 5 5Q¥kx 3 Dxxx ] JQkkk [ QDkkk [ ()QF**
(0.47) (0.49) (0.63)  (0.16) (0.04) (0.70)  (0.46)
o1 2.87%* 37 317 157 (. 73%% 2 QQFkk D 73kkk
(0.17) (0.19) (0.23)  (0.05) (0.01) (0.24)  (0.19)
¢1 -0.13**  -0.18** -0.10* -0.04**  0.04** -0.09 -0.09
(0.06) (0.05) (0.06)  (0.02) (0.01) (0.06)  (0.06)
Bo -3.81*  -18.69*** -0.18*** -0.004 -0.002 -0.01  -0.108***
(2.23) (5.14) (0.03)  (0.01) (0.002)  (0.05) (0.035)
B1 3.02%* 10.82*** 0.021*  0.01***  0.01** 0.05** 0.016
(0.92) (1.84) (0.012) (0.003) (0.0004) (0.01) (0.015)
p20 0.92 0.86 0.77 0.94 0.97 0.84 0.97
ptt 0.95 0.94 0.92 0.97 0.99 0.94 0.98

LogLik -1226.52 -1213.33 -808.61 -3980.81 -11573.70 -820.-704.15
Note: The entries in brackets are the standard errors. Tgendent variable is the stock returns.
The model isp (L)r; = g + BV + & with mean/variancépo, 62) in regime 0 and iy, 62) in
regime 1. Asterisks *, ** and *** indicate rejection at the #) 5% and 1% level, respectively.
In column (1),V; is the detrended volume adjusted for linear and quadratie trend. In
column (2),V; is detrended volume adjusted for MA(5) trend. Column (3)orépthe result
using the Dow Jones Industrial Average index. In columnsa( (5), weekly and daily S&P
500 index is used. Finally, in columns (6) and (7), subsarppleods are 1973M2-1999M12
and 1987M11-2008M10, respectively.
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Table 5. Contemporaneous Relationship: Bry—Boschan andrig@®verage Methods
Bry—Boschan Moving Average

o 0.694* 1.886*
(0.375) (0.266)
a,  -0.310 -3.869%*
(0.479) (0.465)
¢ -0.036 -0.161%**
(0.051) (0.048)
% 0.039** 0.039%
(0.019) (0.014)
5 -0.067*** -0.113%**
(0.025) (0.024)

Note: The entries in brackets are the standard errors. Tpendent
variable is the stock return. The regression mode{ is ag+ a1D; +
P1ri—1+ oM + 01 (V x Dt) + &, whereV, is trading volume. Dummy
variable Dy is constructed a®; = 1 for a bear market at timeand
D; = 0 for a bull market. Asterisks *, ** and *** indicate rejectipat
the 10%, 5% and 1% level, respectively.
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Table 6: Dynamic Relation: Joint Markov-switching Model

k=1 k=2
Ho -0.79 -0.76
(0.73) (0.74)
U1 1.02***  (0.97***
(0.23) (0.22)
0o 7.01%**  7.06***
(0.55) (0.55)
o1 2.98***  3,00***
(0.25) (0.22)
¢ -0.06 -0.05
(0.05) (0.06)
Ao 0.078** 0.075*
(0.039) (0.04)
A11 -0.01 -0.01
(0.01) (0.01)
Ao2 -0.04
(0.04)
A2 0.01
(0.01)
p20 0.78 0.70
ptt 0.90 0.87
LogLik -3015.86 -3007.85
F-stat 0\071 = )\072 =0) 2.66*
P-value 0.07
F-stat 0\171 = )\172 =0) 1.15
P-value 0.32

Note: The entries in brackets are the standard errors. The# Jo
Markov-switching Models for the return equationris= s + ¢ri_1+

TK 1 As.iVi_i + & with mean/variancéio, 03) in regime 0 and iy, 07)

in regime 1. Asterisks *, ** and *** indicate rejection at tHg€%, 5%
and 1% level, respectively.
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Table 7: Dynamic Relation: Joint Markov-switching Model

k=1 k=2
Yo 6.69* 7.99***
(4.02) (3.22)
Vi -0.19 -0.80
(1.53) (1.26)
éo 19.22%** 19,39***
(1.85) (1.43)
& 13.63*** 13.32***
(1.36) (0.84)
[0} -0.49***  -0.50***
(0.04) (0.04)
80,1 -0.73**  -0.82**
(0.36) (0.37)
011 0.99***  (,97***
(0.35) (0.28)
60,2 -0.09
(0.38)
012 0.36
(0.22)
p20 0.78 0.70
ptt 0.90 0.87
LogLik -3015.86 -3007.85
F-stat (9071 = 9072 =0) 2.53*
P-value 0.08
F-stat (9171 = 9172 =0) 7.40%**
P-value 0.00

Note: The entries in brackets are the standard errors.

The Jo

Markov-switching Models for the volume equationjs= ys + Vi1 +
TK 1 65.irt_i + e with mean/variancéy, £2) in regime 0 and y1, £2)
in regime 1. Asterisks *, ** and *** indicate rejection at tHg€%, 5%

and 1% level, respectively.

26



References

Arshanapalli, B., Doukas, J., 1993. International stockkeinkages: Evidence from the pre-

and post-october 1987 period. Journal of Banking and Fmafi¢ 193-208.

Blume, L., Easley, D., O'Hara, M., 1994. Market statisticsldechnical analysis: The role of

volume. Journal of Finance 49, 153-181.

Campbell, J. Y., Grossman, S. J., Wang, J., 1993. Tradingweland serial correlation in stock

returns. Quarterly Journal of Economics 108, 905-939.

Candelon, B., Piplack, J., Straetmans, S., 2008. On measayinchronization of bulls and

bears: The case of East Asia. Journal of Banking and Finace022—-1035.

Chuang, C.-C., Kuan, C.-M., Lin, H.-Y., July 2009. Causaiit quantiles and dynamic stock

return-volume relations. Journal of Banking and Financel351-1360.

Eleanor Xu, X., Chen, P., Wu, C., May 2006. Time and dynamicme-volatility relation.

Journal of Banking and Finance 30, 1535-1558.

Elliott, G., Rothenberg, T. J., Stock, J. H., 1996. Efficiesdts for an autoregressive unit root.

Econometrica 64, 813—36.

Engle, R., 1982. Autoregressive conditional heteroskezyswith estimates of the variance of

U.K. inflation. Econometrica 50, 987—1008.

Frauendorfer, K., Jacoby, U., Schwendener, A., 2007. Regwitching based portfolio selec-
tion for pension funds. Journal of Banking and Finance 36522280.

27



Garcia, R., 1998. Asymptotic null distribution of the likebod ratio test in Markov switching

models. International Economic Review 39, 763—788.

Granger, C. W. J., Morgenstern, O., 1963. Spectral anabfdiew York stock market prices.

Kyklos 16, 1-27.

Griffin, J. M., Nardari, F., Stulz, R. M., 2007. Do investorade more when stocks have per-

formed well? Evidence from 46 countries. Review of FinahStadies 20, 905-951.

Hamilton, J. D., 1989. A new approach to the economic anglyknonstationary time series

and the business cycle. Econometrica 57, 357-384.

Hamilton, J. D., Lin, G., 1996. Stock market volatility amgtbusiness cycle. Journal of Applied

Econometrics 11, 573-593.

Hiemstra, C., Jones, J. D., 1994. Testing for linear andineat Granger causality in the stock

price-volume relation. Journal of Finance 49, 1639-1664.

Hong, H., Scheinkman, J., Xiong, W., 2006. Asset float and@pdéve bubbles. Journal of

Finance 61, 1073-1117.

Hutson, E., Kearney, C., Lynch, M., 2008. Volume and skewiremternational equity markets.

Journal of Banking and Finance 32, 1255-1268.

Karpoff, J. M., 1987. The relation between price changedatting volume: A survey. Journal

of Financial and Quantitative Analysis 22, 109-126.

28



Lee, B.-S., Rui, O. M., 2002. The dynamic relationship betwstock returns and trading vol-

ume: Domestic and cross-country evidence. Journal of Bagrdind Finance 26, 51-78.

Maheu, J. M., McCurdy, T. H., 2000. Identifying bull and bea@arkets in stock returns. Journal

of Business and Economic Statistics 18, 100-112.

McMillan, D. G., 2007. Non-linear forecasting of stock nets: Does volume help? Interna-

tional Journal of Forecasting 23, 115-126.

Ning, C., Wirjanto, T. S., 2009. Extreme return-volume degence in east-asian stock markets:

A copula approach. Finance Research Letters 6, 202—2009.

Perez-Quiros, G., Timmermann, A., 2000. Firm size and cgtWariations in stock returns.

Journal of Finance 55, 1229-1262.

Psaradakis, Z., Spagnolo, N., 2003. On the determinatitimeafiumber of regimes in Markov-

switching autoregressive models. Journal of Time Seriesdy&sis 24, 237-252.

Saatcioglu, K., Starks, L. T., 1998. The stock price-volugiationship in emerging stock mar-

kets: The case of Latin America. International Journal akEasting 14, 215-225.

Statman, M., Thorley, S., Vorkink, K., 2006. Investor owarfidence and trading volume. Re-

view of Financial Studies 19, 1531-1565.

29



Figure 1: Data Plots
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Figure 2. Smoothing Probabilities in State 1 (Bull Markets)
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