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This article proposes a trading-based explanation for the asymmetric effect in daily
volatility of individual stock returns. Previous studies propose two major hypotheses
for this phenomenon: leverage effect and time-varying expected returns. However,
leverage has no impact on asymmetric volatility at the daily frequency and, moreover,
we observe asymmetric volatility for stocks with no leverage. Also, expected returns
may vary with the business cycle, that is, at a lower than daily frequency. Trading
activity of contrarian and herding investors has a robust effect on the relationship
between daily volatility and lagged return. Consistent with the predictions of the
rational expectation models, the non-informational liquidity-driven (herding) trades
increase volatility following stock price declines, and the informed (contrarian) trades
reduce volatility following stock price increases. The results are robust to different
measures of volatility and trading activity. (JEL C30, G11, G12)

Stock return volatility is fundamental to finance. Contingent claims pri-
cing, risk management, asset allocation, and market efficiency tests use
volatility as a basic building block. Consequently, volatility has been
widely studied along several dimensions. Volatility clustering in financial
data has been well documented and extensively modeled by the auto-
regressive conditional heteroskedasticity (ARCH) of Engle (1982) and the
generalized ARCH extension of Bollerslev (1986)." Shiller (1981), LeRoy
and Porter (1981), Roll (1984, 1988), French and Roll (1986), and Cutler,
Poterba, and Summers (1989) have all documented a significant amount
of volatility that cannot be explained by changes in fundamentals and,
thus, may be attributable to mispricing. Schwert (1989) has studied the
variation in stock market volatility over time and has analyzed the
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relation between stock return volatility and macroeconomic volatility,
economic activity, financial leverage, and stock trading activity. It has
also become a stylized fact that volatility is negatively correlated with
lagged returns, a phenomenon known as the asymmetric volatility effect.?
This article studies the time series properties of daily volatility at the
individual stock level and examines the impact of trades on asymmetric
volatility.

To motivate this study, we first describe the existing hypotheses for the
asymmetric volatility effect. The two major hypotheses are the leverage
effect and the existence of time-varying expected returns. The former,
proposed by Black (1976) and Christie (1982), suggests that a firm’s stock
volatility changes due to changes in its financial (and operating) leverage.
With a negative realized return, the firm value declines, making the equity
riskier and increasing its volatility. Schwert (1989) argues that operating
leverage causes the negative relation between returns and volatility to be
more pronounced during recessions. Thus, both operating and financial
leverages cause firms to appear riskier and have higher volatility when
stock prices decline. The second hypothesis, proposed by Pindyck (1984),
French, Schwert, and Stambaugh (1987), and Campbell and Hentschel
(1992), says that an anticipated increase in volatility raises the required
return on equities, thereby causing an immediate stock price decline. In
contrast to the leverage-based explanation, this second hypothesis sug-
gests that volatility changes cause stock price changes.

However, both of these hypotheses have been questioned. Papers study-
ing the leverage hypothesis (Schwert 1989) argue that it cannot fully
account for the volatility response to stock price changes. The time-varying
expected return hypothesis is controversial because it hinges upon a posi-
tive correlation between expected return and volatility. Empirically, the
expected return volatility relation is an open issue. While French, Schwert,
and Stambaugh (1987), Campbell and Hentschel (1992), and Ghysels,
Santa-Clara, and Valkanov (2005) find support for positive relation,
Breen, Glosten, and Jagannathan (1989) find evidence to the contrary.

It is our contention that the existing hypotheses for the leverage effect
could potentially hold for low frequency observations, which is indeed the
focus of previous research studying the asymmetric volatility phenom-
enon, but they are unlikely to be manifested at the daily frequency. Daily
leverage changes can be perceived to be transitory and economically
small. In addition, expected returns may vary with the business cycle
and this variation, if present, is unlikely to be discernible at higher
frequencies. For instance, Sims (1984) and Lehmann (1990), among

2 See, for example, Black (1976), Christie (1982), French, Schwert, and Stambaugh (1987), and Glosten,
Jagannathan, and Runkle (1993). Graham and Harvey (2005) document that negative returns are
associated with higher ex-ante volatility as measured by survey evidence.
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others, have emphasized that asset prices should follow a martingale
process over short time intervals as systematic short-run changes in
fundamental values should be negligible in an efficient market with
unpredictable information arrival. In this context, Cochrane (2001,
p. 26) argues that

It is not plausible that risk or risk aversion change at daily frequencies,
but fortunately returns are not predictable at daily frequencies. It is
much more plausible that risk and risk aversion change over the busi-
ness cycle, and this is exactly the horizon at which we see predictable
excess returns.

Nonetheless, this article demonstrates that the asymmetric volatility
phenomenon is strong and robust at the daily frequency as well. This calls
for new insights in understanding the time series properties of stock
return volatility and, especially, its response to stock price changes at
the daily level. French and Roll (1986) have argued that trading causes
volatility. Thus, the asymmetric volatility phenomenon could be a result
of the trading process. In this article, we build on the methodology of
Schwert (1990), Jones, Kaul, and Lipson (1994), and Chan and Fong
(2000) to extensively study the impact of trading activity on individual
stock return volatility at the daily frequency.

The empirical evidence shows that the asymmetric volatility phenom-
enon in individual stock returns has a strong time-varying component, as
the coefficient in the firm-level regressions of daily volatility on lagged
return varies with selling activity.> More importantly, selling activity
entirely captures the negative coefficient in these regressions. We define
selling activity as the number of sell transactions or the number of shares
sold each day. For reasons outlined below, when the lagged unexpected
return is negative, selling activity governs the increase in subsequent
volatility; when the lagged unexpected return is positive, selling activity
governs the next period volatility decline. This suggests that selling activ-
ity is the source of the asymmetric volatility phenomenon. We demon-
strate that the relation between selling activity and the following period
volatility applies to stocks with negligible or no leverage, thereby strongly
supporting the notion that the volatility response to daily stock price
changes is not caused by leverage changes but by trading activity. More-
over, our empirical evidence is robust when daily volatility is based
on high frequency return observations, as advocated by Andersen,
Bollerslev, Diebold, and Ebens (henceforth ABDE) (2001).

We next turn to explain the empirical findings. Friedman (1953) has
argued that irrational investors destabilize prices by buying when prices
are high and selling when prices are low, whereas rational speculators

3 The impact of buying activity can be inferred from that of the selling activity.
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who buy when prices are low and sell when high counter the deviation of
prices from fundamentals and so stabilize asset prices. Thus, rational
traders move prices closer to its fundamental value while noise traders
move prices away from fundamentals. Cutler, Poterba, and Summers
(1990) and De Long, Shleifer, Summers et al. (1990) have argued that
positive feedback investment strategies can result in excess volatility
even in the presence of rational speculators. In a similar vein, Froot,
Scharfstein, and Stein (1992) provide a model where investors herd on
the same information even if this information is unrelated to fundamen-
tals. This idea goes back to Keynes who compares professional investors
to beauty-contest judges who vote on the basis of contestants’ expected
popularity with other judges rather than on the basis of absolute beauty.
This herding or positive feedback behavior adversely impacts the infor-
mational quality of prices and increases volatility about fundamental
values. We test whether this herding behavior causes an increase in
volatility and whether contrarian trading leads to a decrease in volatility.

Upon decomposing sell trades into contrarian and herding trades, we
find that contrarian trades decrease volatility while herding trades
increase volatility. Contrarian trades are defined as sell trades when
returns are positive and herding trades are sell trades when returns are
negative. We demonstrate that when stock price declines, herding trades
govern the increase in next period volatility and when stock price rises,
contrarian trades lead to a decrease in next period volatility. Hence,
trading activity of contrarian and herding investors seems to explain the
relation between daily volatility and lagged returns.

To better understand the volatility response to stock price changes, we
also turn to the noisy rational expectations models of Hellwig (1980) and
Wang (1993). These models predict that volatility increases with non-
informational or liquidity-driven trading. To identify informed versus
uninformed trades, we employ the model of Campbell, Grossman, and
Wang (henceforth CGW) (1993). In this model, risk averse market makers
accommodate selling pressure at a price to show that the first-order daily
return autocorrelation is related to whether trades are from informed or
uninformed investors. The intuition is as follows: A stock price decline is
attributable to either (i) a public announcement that causes a reduction in
valuation or (ii) an exogenous selling pressure from uninformed liquidity
traders. In the former case, there is no reason to expect any further change
in prices. In the latter case, the selling pressure of liquidity traders will
cause a temporary reduction in prices that will subsequently be reversed.
Thus, price changes generated by non-informational sell trades tend to be
reversed. More generally, informed (uninformed) trades will result in zero
(non-zero) autocorrelation in individual stock returns.

We conjecture that herding trades are uninformed and contrarian
trades are informed. Serial correlation tests provide support to our
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conjecture. In particular, sell trades in the presence of positive unexpected
returns (contrarian sell trades) have no impact on the serial correlation in
individual stock returns. However, sell trades in the presence of negative
unexpected returns (herding sell trades) contribute to a reversal in stock
prices.

Indeed, as predicted by Hellwig (1980) and Wang (1994), we show that
informed (or contrarian) trades lead to a reduction in volatility while non-
informational (or herding) trades lead to an increase in volatility. The
asymmetric volatility phenomenon is, thus, explained as follows: When
the stock price declines, non-informational liquidity-driven selling activ-
ity governs the increase in volatility the next day. When the stock price
rises, informed selling activity reduces the next day volatility. To convin-
cingly show that non-informational liquidity-driven trading activity leads
to enhanced volatility in individual stock returns following stock price
declines, we again turn to the CGW model. The model argues that the
trading volume associated with non-informational trading is likely to be
higher than that associated with information-based trading. Consistent
with the predictions of the model we demonstrate that, conditional on
negative unexpected returns, volatility is significantly higher following
high trading volume days than it is following low trading volume days.

There is a potential caveat in classifying trades on a given day as
herding versus contrarian or informed versus uninformed. These two
groups of informed and uninformed agents most likely cluster and trade
together. Essentially, our analysis is about whether herding/contrarian or
informed/uninformed traders dominate on a given trading day. To
further support our story we implement finer classifications of informed
and uninformed traders. In particular, we condition the analysis on trade
size as well as cumulative past returns. Focusing on the trade size, the idea
is that larger (smaller) trade sizes are more likely to originate from
informed (uninformed) traders (Easley and O’Hara 1987). Focusing on
cumulative past returns, the disposition effect argues that unsophisticated
traders are more (less) likely to sell when past returns have been positive
(negative).

Indeed, the evidence shows that small uninformed trades increase
volatility by more than large uninformed trades, and large informed
trades reduce volatility by more than small informed trades. Similarly,
uninformed sell trades with high past returns increase volatility by more
than uninformed sells with low past returns, and informed sells with high
past returns decrease volatility by less than the informed sells with low
past returns. Overall, the evidence is consistent with Hellwig (1980) and
Wang (1994) in that informed traders generally reduce volatility and
uninformed traders generally increase volatility.

The contribution of this article is to provide a trading-based explana-
tion for the daily asymmetric volatility at the individual stock level. The

1245



The Review of Financial Studies | v 19 n 4 2006

daily asymmetric volatility may be a different phenomena from weekly or
monthly volatilities and other explanations cannot be ruled out at those
lower frequencies. For instance, at the weekly frequency, Bekaert and Wu
(2000) provide an explanation based on leverage as well as volatility
feedback. Wu (2001) develops a model of asymmetric volatility and
estimates it at the weekly and monthly frequency to show that both
leverage and volatility feedback are important. Li (2003) develops a
general equilibrium representative agent (with Epstein-Zin preferences)
model to show that asymmetric volatility may be too strong to be justified
by the leverage and volatility feedback effects with conventional prefer-
ence parameters. Duffee (2002) presents a balance sheet explanation for
asymmetric volatility. This explanation also applies at lower frequencies
since balance sheet changes can at best be measured at a quarterly
frequency.

The rest of the article proceeds as follows. The next section discusses
the data. Section 2 presents the empirical evidence about the volatility
response to daily stock price changes and runs robustness checks. Section 3
analyzes the source of individual stock return volatility and Section 4
concludes.

. Data

The data are obtained mainly from the transactions databases, ISSM
(1988 through 1992) and TAQ (1993 through 1998), and consist of a
total of 2232 different NYSE-listed stocks over the period January 1988
through December 1998. The average (median) number of firms in the
sample each year is 1326 (1344). Details about sample selection and
filtering rules for this data set can be found in Chordia, Roll, and
Subrahmanyam (2000, 2002). The total number of buyer- and seller-
initiated trades for each stock is obtained by signing all trades each day
using the Lee and Ready (1991) algorithm.* The total number of trades
each day for each stock is the sum of all buy and sell trades as well as all
the unsigned trades. Similarly, the total number of shares bought or sold
for each stock each day is computed by adding up all the shares corre-
sponding to the individual buy and sell transactions plus the shares that
correspond to the unsigned trades. The daily frequency is a natural
habitat for this work because our explanation for the asymmetric volati-
lity is partly based on CGW (1993) who apply their theory to daily data,
and because several other papers that use trading variables (Jones, Kaul,
and Lipson 1994; Chan and Fong 2000; Chordia, Roll, and Subrahmanyam
2001) resort to daily observations.

4 We will refer to buyer (seller) initiated trades as buy (sell) trades.

1246



The Impact of Trades on Daily Volatility

All the results in this article are obtained using a time series of individual
stock returns calculated using prices that are the midpoint of the bid-ask
spreads. The midpoint prices are obtained from the closing NYSE quotes
each day for each stock over our sample period. The midpoint returns
eliminate the impact of the bid-ask bounce on the individual stock vola-
tility and are essential for this study of the impact of trading on volatility.
In any case, our main conclusions are unchanged when the CRSP daily
individual stock returns are used instead of the midpoint returns.

Table | summarizes the cross-sectional statistics of the individual firm
time-series means. The mean (median) daily return is 0.06% (—0.01%).
The average first-order serial correlation is 0.04, whereas the sum of the
first twelve serial correlations is —0.03. Indeed, Jegadeesh (1990) shows
that stock returns possess negative serial correlation due to the bid-ask
bounce. In this study, however, the AR(1) coefficient is positive. The use
of the bid-ask midpoint return eliminates the bid-ask bounce effect,
resulting in the positive coefficient.

The average (median) number of trades per day is 99 (78) and
the average (median) number of shares traded each day is 167,000

Table 1
Summary statistics on individual returns
Mean SD Median Minimum Maximum AR, AR5
R 0.06% 2.47% —0.01% —14.91% 17.41% 0.039 —0.032
Transactions
NT 0.099 0.077 0.078 0.014 0.890 0.639 4.771
NBINT 0.465 0.169 0.470 0.043 0.923 0.234 1.813
NSINT 0.481 0.169 0.479 0.053 0.938 0.220 1.667
Shares
NT 0.167 0.109 0.116 0.010 4.611 0.311 1.921
NBINT 0.470 0.229 0.467 0.013 0.981 0.093 0.447
NSINT 0.482 0.230 0.477 0.014 0.983 0.085 0.383
Transactions Shares
Cross correlations r NT NBINT NSINT NT NBINT NSINT
Transactions
NT 0.103 1.000
NBINT 0.318 0.153 1.000
NSINT —-0.312  —0.107 —0.865 1.000
Shares
NT 0.054 0.574 0.073 —0.063 1.000
NBINT 0.342 0.077 0.641 —0.548 0.017 1.000
NSINT —0.340 —0.044  —0.551 0.639 —0.012 —0.898 1.000

This table presents summary statistics on daily returns and trading data for a total of 2232 individual
stocks. r is the return, NB is the number of buys, NS is the number of sells, and N7 is the total number of
trades. “AR,” is the first-order autocorrelation, and “AR.;>” is the sum of the first 12 autocorrelation
coefficients. All the statistics are first computed for individual stocks and then averaged across stocks.
The sample period is 1988-1998.
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(116,000). The average number of buy (sell) trades normalized by the total
daily trades is 0.47 (0.48). The normalized buys or sells when measured in
terms of trades can be as high as 93% and as high as 98% when measured
in terms of shares pointing to the presence of extreme trade imbalances.
Note that the ratio of buys to total trades and sells to total trades does not
add to one because of the unsigned trades. This is true regardless of
whether we measure the buys and sells in terms of the number of transac-
tions or in terms of shares bought or sold. There is considerably higher
serial correlation in the number of trades than in the number of shares
traded. The number of buy or sell trades also has much higher serial
correlation than the number of shares bought or sold. This is reminiscent
of the Admati and Pfleiderer (1988) suggestion that noise traders (who
trade smaller quantities) are more likely than the informed traders (who
trade larger quantities) to bunch their trades. Indeed, the number of
transactions (shares traded) is a trading measure biased in favor of
small (large) investors.

The midpoint returns are positively (negatively) correlated with buys
(sells) consistent with the fact that buys (sells) lead to increase (decrease)
in the stock price. The number of buys and sells as a fraction of the total
trades are negatively correlated with each other regardless of whether they
are measured in terms of the number of trades or in terms of the number
of shares traded. The correlation between the normalized number of buy
trades and the normalized number of shares bought is 0.64 as is the
correlation between the normalized number of sell trades and the normal-
ized number of shares sold. We will present all results for the number of
shares bought and sold as well as for the number of daily buy and sell
transactions.

. Results

We estimate the daily stock volatilities using a procedure similar to that
used by Schwert (1990), Jones, Kaul, and Lipson (1994), and Chan and
Fong (2000). The daily return on individual stocks is first regressed on its
own 12 lags, day-of-week dummies, and normalized sell-initiated transac-
tions using the specification

NTi,

5 12 NS;,
R, = Z g Dy + Z Bik Rk +Yizgm—+ €iss (1)

k=1 k=1 .
where R;, is the return on stock i on date ¢, Dy, are day-of-week dum-
mies, NS;; is the number of sell transactions or the number of shares sold
in stock 7 on date 7, and NT;, is the total number of trades or the total
number of shares traded in stock i on date . We will explain later why we

use the control variable NS;,/NT;, in regression (1).
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The absolute value of the residual from Equation (1) is the volatility
measure in the following regression:

12
‘Gi,t| =¢; +; M, + Zpi,k |€i,sz| +¢; NT;,;
k=1

NS,',,,l e + . (2)
NT,‘,,,l i,r—1 Nits

where M, is the Monday dummy. Since volatility is persistent, 12 lags of
the volatility are used as independent variables in Equation (2). Further, as
documented by numerous researchers (Lamoureux and Lastrapes 1990),
volatility is related to trading volume. The total number of trades or the
total number of shares traded is used as an explanatory variable to proxy
for the trading volume. The coefficient ¢, in Equation (2) with 6;; set to
zero has traditionally been used to study the impact of stock price changes
on future volatility. Specifically, a negative 6, stands for the asymmetric
volatility effect since it suggests that an increase in lagged unexpected
return [as measured by the residual from Equation (1)] reduces volatility,
but a decrease in the lagged unexpected return increases volatility.

Table 2 summarizes the results aggregated by size quintiles as well as
across all stocks. The coefficient estimates in Table 2 are averages across the
individual stock regressions. In what follows, 8y (6;) denotes the mean value
of 6;p (6;1). The test statistic corrects not only for the cross-correlations in
residuals of Equation (2), as shown by Jones, Kaul, and Lipson (1994), but
also for the serial correlation and heteroskedasticity in the individual stock
regressions. Formal details are provided in the Appendix.

It follows from Table 2 that when 6,; =0 in Equation (2) for all
individual stocks, &y is negative in each of the size quintiles as well as
across all stocks. That is, asymmetric volatility appears to be strong at
the daily frequency. We contend that if the asymmetric volatility phe-
nomenon is related to leverage changes or time-varying expected returns,
it is unlikely to be manifested in daily returns. Later, we will directly test
and reject the leverage hypothesis for daily returns. Also, returns are
expected to vary with the business cycle and not at the daily frequency.
The existence of the asymmetric volatility phenomenon at the daily
frequency calls for further investigation of the time series properties of
stock return volatility, which we pursue below.

We move to the second specification where 6; | is not restricted to zero
across any of the stocks. In the presence of normalized sell trades in
Table 2, 6y becomes positive and ¢; is significantly negative. When all the
stocks are aggregated, the average coefficient on the lagged normalized
sell trades (y) is 0.03 with a test statistic of 6.72 and ¢; is —0.10 with a
test statistic of —8.38. Table 2 also presents the results when the number

+ <5i,o + i1

1249



The Review of Financial Studies | v 19 n 4 2006

Table 2
Asymmetric volatility
Number of transactions Number of shares
Size 6o o1 R? (O/n) bo o1 R? (‘Vn)
1. —0.017 18.42 —0.006 14.39
(—4.85) (—=1.71)
0.005 —0.050 18.53 0.038 —0.094 14.59
(0.85) (—3.82) (7.95) (—11.08)
2. —0.018 19.96 —0.008 14.06
(—4.21) (—1.69)
0.011 —0.063 20.10 0.041 —0.102 14.25
(1.66) (—4.23) (9.09) (—9.56)
3. —0.015 19.90 —0.009 13.75
(—4.10) (—2.04)
0.032 —0.100 20.04 0.039 —0.101 1391
(4.12) (=5.61) (6.43) (—8.65)
4. —0.014 17.06 —0.013 12.14
(—3.69) (—2.88)
0.049 —0.135 17.23 0.040 —0.113 12.33
(6.86) (—8.46) (8.76) (—8.56)
5. —0.009 16.24 —-0.013 13.07
(=2.11) (=2.41)
0.084 —0.200 16.40 0.043 —0.118 13.20
(7.70) (—7.69) (5.20) (=5.13)
All —0.015 18.61 —0.009 13.59
(—4.66) (—2.34)
0.031 —0.099 18.75 0.040 —0.104 13.77
(6.72) (—8.38) (13.38) (—12.28)

The daily return on individual stocks is first regressed on its own 12 lags and day-of-week dummies
according to the following equation.

5 12 NS,
R = ; aik Dy + ; Bik Risk + %ﬁ + €y,

where Dy, are day-of-week dummies. The residuals from this regression are then used in the following
regression:

12

L . NSii1
leial = 6+ s My +Y pus lewiil + @ NTia + (éi,o + i1 I)EM—I + it
k=1 L=

where M, is the Monday dummy, NS is the number of sells, and N7 is the total number of trades.
Results are presented for both the number of transactions and the number of shares as trading variables.
The table reports only the estimates of § from the second regression. The reported coefficients are
the averages across all stocks. The standard errors for means of coefficients are corrected for cross-
correlation between residuals 7;, of the second regression. The cross-correlation and Newey—West
corrected test statistics are reported in parenthesis below the coefficients. The results are presented for
stocks grouped by size and for all stocks. Size “All” reports the means of coefficients across all the stocks.
The sample period is January 1988 through December 1998 and the total number of stocks is 2232.

of shares is used instead of the number of trades as a measure of trading
activity. Once again, 6, (6;) is significantly positive (negative).
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A negative 6; suggests that the asymmetric volatility effect is time
varying; it varies with selling activity. We demonstrate that the higher
the selling activity on date ¢ — 1 with positive (negative) unexpected
returns, the lower (higher) the volatility on date ¢. Thus, in the presence
of negative unexpected return, selling activity increases the next day
volatility, and with positive unexpected return, selling activity leads to a
decrease in the next day volatility. A negative 6; along with a positive &
suggests that the well-documented negative coefficient in the regression
of volatility on lagged return, or the asymmetric volatility effect, is
entirely attributable to the interaction between selling activity and return.
Later, we will demonstrate that existing rational expectations theories
imply that §; should indeed be negative.

Observe in Table 1 that selling activity is contemporaneously associated
with stock price declines. One may argue that selling activity in Equation (2)
simply captures negative returns and, thus, explains the asymmetric volati-
lity phenomenon. However, note that NS, ,/NT;, in Equation (1) orthogo-
nalizes the unexpected returns and the selling activity in Equation (2).”
Thus, we can safely interpret the results to state that it is the selling activity
that captures the negative coefficient in the firm-level regressions of volati-
lity on lagged return.

In the regression where sell trades are included, Table 2 summarizes that
both 8§y and the absolute value of §; increase monotonically with the firm
size. With the number of shares sold as a measure of selling activity in
Table 2, 6y and the absolute value of §; of the largest stocks is higher than
those of the smallest stocks. Moreover, the decline in §; and the increase in
by are more dramatic when trading activity is measured by trades and is
more likely to be driven by individual investors (as opposed to institutional
investors). This may suggest that selling activity of individual investors
triggers more asymmetric volatility response to price changes in the largest
stocks. In other words, a given amount of selling activity as a percentage of
the total trading activity in the largest quintile of stocks increases the next
day’s volatility by more than a similar selling activity in the smallest stocks.

We do not provide a detailed discussion of the impact of buy trades on
asymmetric volatility because the normalized buy and sell trades should
add up to one (if we would be able to sign all trades) and we should be
able to infer the impact of buy trades on volatility. Thus, the impact of
buy trades on volatility can be ascertained from the results of Table 2 by
considering the approximate identity, (NS;,;/NT;,) + (NB;;/NT;,) =~ 1.
The results for buy trades are available from the authors upon request.

Before searching for an explanation for the impact of lagged selling
activity on future volatility (i.e., the negative coefficient ;), we first check
the robustness of our results.

> These results are unchanged whether or not NS, ,/NT;, is used in Equation (1).
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2.1 Robustness tests
In this section, we make certain that our results are robust to the impact
of leverage and to the estimate of daily volatilities.

2.1.1 Leverage. Black (1976) and Christie (1982) have argued that a
firm’s stock volatility changes with financial leverage. With negative
realized returns, the equity value declines. The decline in stock prices
increases financial leverage, makes the stock riskier, and increases volati-
lity. It should be noted that papers studying the leverage hypothesis agree
that leverage alone cannot fully explain the asymmetric volatility phe-
nomenon. Recently, Bekaert and Wu (2000) reject the pure leverage
hypothesis. Instead, they suggest that any negative market-wide shock
causes an increase in the conditional covariance of the firm with the
market, thus, increasing required returns and causing prices to decline.
The leverage effect reinforces this price decline. When the market-wide
shock is due to a good (bad) news event the initial increase (decrease) in
returns is dampened (enhanced) by the higher expected returns in
response to the higher volatility caused by the shock. This difference in
the response to positive and negative shocks produces the asymmetric
response of volatility.

To test the financial leverage hypothesis, we run two tests: (i) we test
for the presence of asymmetric volatility in stocks that have little or no
leverage and (ii) we directly introduce leverage into Equation (2) and test
for its impact on volatility. Financial leverage is measured as long-term
debt divided by the sum of market value of equity and long-term debt.

Over our entire sample period of 1988 through 1998, there were 117
stocks with less than 1% leverage. If financial leverage causes asymmetric
volatility then for these 117 stocks there should be no asymmetric vola-
tility, that is, 6y should be indistinguishable from zero in Equation (2).
Panel A of Table 3 summarizes that not only is &y # 0 but the asymmetric
volatility effect is entirely captured by selling activity. When selling
activity, in terms of sell orders or in terms of shares sold, is included in
regression (2), ; is significantly negative and &, becomes positive. That
is, during the sample period January 1988 through December 1998,
financial leverage has no impact on volatility at the daily frequency.
Even though these 117 stocks have no financial leverage, it is possible
that the results are obtained because of the impact of operating leverage.
Since operating leverage becomes important during recessions, we have
checked for robustness after eliminating the recessionary period during
the early 1990s. Our conclusions remain unchanged when using only the
period 1993-1998 for the daily volatility regressions in Equation (2).

We now consider only those firms that have financial leverage, that is,
the sample consists of stocks other than the above 117 that had little or no
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Table 3
Asymmetric volatility and leverage effect

Number of transactions Number of shares
o 6 ) R* (%) ) I ) R? (%)
Panel A: stocks with no leverage
—0.016 22.22 —0.010 17.43
(=2.16) (—1.34)
0.024 —0.090 22.41 0.037 —0.100 17.60
(1.22) (=2.11) (2.79) (—3.40)
Panel B: stocks with leverage
-0.014 18.20 —0.010 13.43
(—4.46) (=2.57)
—0.012 0.046 19.82 —0.008 0.012 14.20
(—4.18) (1.99) (—2.10) (0.56)
0.041 —0.115 0.043 19.97 0.044 —0.109 0.016 14.38
(8.42) (—10.48) (1.78) (13.93) (—13.21) (0.74)

The daily return on individual stocks is first regressed on its own 12 lags and day-of-week dummies
according to the following equation.

5 12 NS”
R, = ;ax\k Dy, + ;@z,k Ri‘r—k + ’YNT,':, + €,

where Dy, are day-of-week dummies. The residuals from this regression are then used in the following
regression:

it—1

12
€id] = @i + b M, + ;ﬂi.k“i.z—ﬂ +@; NTi + 6ip €i—1 + 611 x;_ylil

where M, is the Monday dummy, NB is the number of buys, NS is the number of sells, N7 is the total
number of trades, and L is the market leverage (ratio of long-term debt to market capitalization). Results
are presented for both the number of transactions and the number of shares as trading variables. Panel A
uses a sample of 117 stocks that had less than 1% leverage during the sample period. Panel B uses the
remaining stocks in the sample. The table summarizes only the estimates of § from the second regression.
The reported coefficients are the averages across all stocks. The standard errors for means of coefficients
are corrected for cross-correlation between residuals, 7;, of the second regression. The cross-correlation
and Newey—West corrected z-statistics are reported in parantheses below the coefficients. The sample
period is January 1988 through December 1998.

# €1+ 62 Lig—1 + Mias

financial leverage over the sample period. We estimate the following
equation,

12
|€i,t| =¢; +YiM; + Z Pi,k|€i,r7k| + (PiNTi,t
k=1

NSii—1

6; ;i
+ ( i,0 + ’INT,"[_l

)Gi,tl + 0iaLi—1 + Niss (3)

where L;_; denotes the financial leverage of stock i.

Panel B of Table 3 summarizes the results. In the absence of sales, the
coefficient on financial leverage is positive [significantly so when sales are
measured by the number of transactions in the mean return Equation (1)].
Indeed, volatility seems to increase with leverage. However, the impact of
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leverage on volatility is not robust to the incorporation of the number of
shares traded in Equation (1). Moreover, when sales are added to the
volatility equation as in (3), the coefficient on leverage is no longer
significant while the coefficient on sales is negative and significant as
before, suggesting that it is the selling activity rather than financial
leverage that drives the daily asymmetric volatility.

2.1.2 Volatility estimate. In this subsection, we estimate the indivi-
dual stock daily realized volatility using transactions data following
Merton’s (1980) insight. Merton has shown that although precise esti-
mates of the mean return requires long spans of data, precise estimates
of the variances can be obtained over fixed time intervals provided that
the sampling interval approaches zero. If asset prices follow a geometric
Brownian motion, then the estimation error in the variance of the return
over any time interval is proportional to the length of the interval.
Hence, any decrease in the time interval results in a commensurate
decrease in the estimation error.

This insight has been used by ABDE (2001) to examine the realized daily
equity return volatilities and correlations obtained from transactions data
for stocks in the Dow Jones Industrial Index. ABDE sample intraday
transactions data at five-minute intervals to obtain high frequency returns.
The sampling interval of five minutes is a compromise between sampling at
very short intervals to improve the precision of the estimates versus avoid-
ing microstructure frictions that arise at these very short intervals.

Following ABDE, we sample at the five-minute interval to obtain
prices. When stocks do not trade at exactly five-minute intervals, we use
the trade price closest to the five-minute mark. In addition, we use the
prevailing quote midpoint at the five-minute mark to obtain prices.
Using the quote midpoint has two advantages: the existence of quote
midpoints at each five-minute mark and the elimination of the negative
serial correlation in five-minute returns that arises due to the bid-ask
bounce when using transaction prices. Continuously compounded
returns are obtained from the five-minute prices and the variance of
daily returns is the sum of the squared continuously compounded
returns over the day. We use the natural logarithm of the daily standard
deviation as the dependent variable.

The daily realized volatilities are computed over the period January
1993 through December 1998 for 238 of the largest stocks in our sam-
ple.® We focus on the largest stocks because these are most likely to

In a previous version, we had focused on twelve large well-known firms belonging to twelve different
industries, which were the largest in terms of market capitalization as of December 31, 1995. They were
(i) General Electric, (ii) American Telephone and Telegraph, (iii) Exxon, (iv) Coca-cola, (v) Merck, (vi)
International Business Machines, (vii) Walmart, (viii) American International Group, (ix) Phillip Morris,
(x) General Motors, (xi) Du Pont, and (xii) Proctor and Gamble. The results remain essentially the same.

1254



The Impact of Trades on Daily Volatility

trade frequently enough to provide returns at five-minute intervals.
Volatilities calculated using transaction prices are higher than those
calculated using the quote midpoints. For instance, the mean (median)
daily standard deviation of GE is 1.47% (1.40%) when calculated using
transactions prices and 1.22% (1.12%) using quote midpoints. This
difference in volatilities when using quote midpoints versus transactions
prices underscores the importance of the bid-ask bounce in high fre-
quency transaction prices.

The results of the volatility regressions are summarized in Table 4.
Panel A summarizes results when the volatilities are obtained using
returns from transaction prices and panel B summarizes results when
volatilities are obtained using quote midpoint returns. Since the results
are similar in both panels, let us focus on the results in panel B with
volatilities obtained from midpoint returns. With 6; = 0, §y is strongly
negative, consistent with the notion of asymmetric volatility. With sell
trades (measured either as transactions or shares) in the regression, &y

Table 4
Asymmetric volatility with intraday volatility estimate

Number of transactions Number of shares
8o 6 R? (%) 8o 81 R? (%)
Panel A: standard deviation from transaction prices
—1.067 52.74 -1.177 50.22
(—9.54) (—7.62)
1.088 —4.771 52.83 0.311 -3.279 50.27
(2.91) (—4.90) (1.46) (—4.90)
Panel B: standard deviation from midpoint returns
—1.003 42.58 —1.297 38.57
(—8.70) (=7.31)
4.020 —10.910 42.74 1.871 —6.963 38.69
(11.68) (—12.77) (7.43) (—10.40)

The daily return on individual stocks is first regressed on its own 12 lags and day-of-week dummies
according to the following equation.

t

5 12 NS.,
R, = o D,+ j R.7’+ .7’4’_(.,
it k; ik Pkt ;[I,k ii—k T i NT;, i
where Dy, are day-of-week dummies. Volatility, o;,, estimated using intraday data, is used in the
following regression:

NSI.I—]
NTi,14

12
i =i+ M+ pik 0k +@; NTiy + (6,-,0 + 6

)fi,zfl + Niss
k=1

where M, is the Monday dummy, NS is the number of sells, and NT is the total number of trades. Results
are presented for both the number of transactions and the number of shares as trading variables. Panel A
uses log of standard deviation calculated using transaction prices while panel B uses log of standard
deviation calculated using midpoint returns. The table summarizes only the estimates of § from the second
regression. The reported coefficients are the averages across all stocks. The standard errors for means of
coefficients are corrected for cross-correlation between residuals, 7;, of the second regression. The cross-
correlation and Newey—West corrected test statistics are reported in parantheses below the coefficients. The
sample consists of 239 stocks and the sample period is January 1993 through December 1998.
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becomes positive, while ¢; is significantly negative. Overall, when selling
activity is measured in terms of the number of shares sold, the mean ¢; is
—7.0 with a test statistic of —10.40 while the average 6y = 1.8 with a test
statistic of 7.4.

These results are qualitatively similar to those summarized in Table 2,
pointing to their robustness to alternative computations of the volatility.
Note also that, based on the high-frequency data, the average-adjusted R?
is 38% or higher, that is, more than twice as high as in Table 2. Indeed, by
shrinking the sampling interval to five minutes, we measure volatilities far
more precisely.

In sum, the asymmetric volatility effect at the daily frequency is not a
result of the leverage effect and is robust to the alternative methods of
computing volatility. In particular, asymmetric volatility exists in indivi-
dual stock returns at the daily frequency and is captured by selling
activity.

. An Explanation

In this section, we discuss our empirical evidence about the volatility
response to stock price changes and the impact of sell transactions on
future volatility within the context of existing models.

3.1 Contrarian and herding trades

Friedman (1953) points out that irrational investors destabilize prices by
buying when prices are high and selling when prices are low. Rational
speculators who buy when prices are low and sell when prices are high
counter the price deviations from fundamentals and stabilize asset prices.
Thus, noise (rational) traders move prices away (close) from (to) funda-
mentals. Shiller (1981), LeRoy and Porter (1981), Roll (1984, 1988),
French and Roll (1986), and Cutler, Poterba, and Summers (1989) docu-
ment a significant amount of stock return volatility that cannot be
explained by changes in fundamentals. Black (1986) argues that excess
volatility may arise due to the trading activity of irrational or noise
traders. Also related is the work of Cutler, Poterba, and Summers (1990)
and De Long, Shleifer, Summers et al. (1990). They argue that positive
feedback investment strategies can result in excess volatility even in the
presence of rational speculators. In a similar vein, Froot, Scharfstein,
and Stein (1992) provide a model in which investors herd on the same
information even if this information is unrelated to fundamentals. This
herding or positive feedback behavior adversely impacts the informational
quality of prices and increases uncertainty about fundamental values.
A common denominator for all these studies is the implication that
herding behavior enhances volatility and contrarian behavior depresses
volatility.
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We now test whether herding behavior causes an increase in volatility
and whether contrarian trading leads to a decrease in volatility.

Here is how we define herding and contrarian trading behavior. The residual
from the regression Equation (1), €;,, is the unexpected return of stock i on
date ¢. Sell trades in the presence of positive (negative) unexpected returns
will be designated contrarian (herding) trades. Formally, the contrarian
trades are denoted as NS;/NT; * (e; > 0), where (e; > 0) is a dummy
variable that is equal to one when the unexpected return is non-negative
and zero otherwise. The herding trades are denoted as NS, /NT;, * (e, < 0),
where (¢; < 0) is a dummy variable that is equal to one when the unex-
pected return is negative and zero otherwise. The notion is that the sell trades
in the presence of decreasing prices are designated as herding trades and sell
trades in the presence of rising prices are designated as contrarian trades.

We assess the impact of contrarian and herding sell trades on volatility
using the following specification:

12
leidl = &i + ¥ Mo+ pikleiiil + @; NTiy

k=1
NSil*l NSZ’[*I
4| b0+ i1 w6y > 0) + 810 2L (1< 0) | €rimt + 74
i,0 il NTi,t—l (l,t 1 = ) i2 NTi,tfl (l,l 1 ) it—1 MNit
Contrarian Herding

4)

This specification separates the impact of sell trades by conditioning on
positive and negative unexpected returns. Thus, we expect that
01+ 6;2 < 0. However, we are able to put more structure on ¢;; and
0i». Recall that we expect the herding trades to increase volatility and the
contrarian trades to decrease volatility. Both §;; and ¢;, are expected to
be negative; 6;; should be less than zero because contrarian sell trades
with ¢;,_1 > 0 reduce volatility and ¢;, should be less than zero because
herding sell trades with ¢;,_; < 0 increase volatility. The following table
summarizes our hypotheses about herding and contrarian sell trades and
we will show that the results are consistent with the coefficient signs as
shown in this table:

Unexpected returns Sell trades Volatility
+ Contrarian Decreases
- Herding Increases

The results are summarized in Table 5 with selling activity measured in
terms of trades and shares. It is evident that é, is significantly negative
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Table 5
Asymmetric volatility on positive and negative shock days
Number of transactions Number of shares
Size (5() 61 62 R2 (%) 60 51 62 RZ (%)
1. —0.017 18.42 —0.006 14.39
(—4.85) (-1.71)
0.012 0.028 —0.143 18.71 0.042 —0.066 —0.131 14.72
(1.93) (1.99) (—8.46) (9.88) (=5.59) (—11.10)
2. —0.018 19.96 —0.008 14.06
(—4.21) (—1.69)
0.015 0.035 —0.166 20.27 0.042 —0.060 —0.144 14.37
(2.44) (2.42) (—8.76) (10.13) (—5.45) (—10.43)
3. —0.015 19.90 —0.009 13.75
(~4.10) (=2.04)
0.037 0.016 —0.229 20.25 0.040 —0.078 —0.125 13.98
(4.98)  (0.99) (=9.90) (6.89) (~6.58) (-8.30)
4. —0.014 17.06 —0.013 12.14
(~3.69) (—2.88)
0.054 0.008 —0.294 17.45 0.044 —0.076 —0.164 12.43
(7.46) (0.46) (—13.56) (11.05) (—6.30) (—9.80)
5. —0.009 16.24 —0.013 13.07
(=2.11) (—2.41)
0.086 0.002 —0.403 16.58 0.045 —0.075 —0.170 13.27
(8.80) 0.11) (—12.27) (5.36) (—4.72) (—6.74)
All —0.015 18.61 —0.009 13.59
(—4.66) (—2.39)
0.035 0.020 —0.229 18.94 0.042 —0.070 —0.144 13.87
(8.02)  (2.62)  (~17.12) (1631)  (=1097)  (—15.22)

The daily return on individual stocks is first regressed on its own 12 lags and day-of-week dummies
according to the following equation.

5 12 NS,
1,
Ri, = g:l i D + 1;:1 Bik Ris—k + NT., +€irs

where Dy, are day-of-week dummies. The residuals from this regression are then used in the following
regression:

12
leidl =+ My + > pikleqi k| + @; NTi,
k=1

NS NSii
(e > ; 3
NTip (€11 2 0)+ 62 NTip

+ [51,0 +di # (€1,4-1<0) | €01 + 7iss

where M, is the Monday dummy, NS is the number of sells, and N7 is the total number of trades. Results
are presented for both the number of transactions and the number of shares as trading variables.
The table summarizes only the estimates of 6 from the second regression. The reported coefficients are
the averages across all stocks. The standard errors for means of coefficients are corrected for cross-
correlation between residuals, 7;, of the second regression. The cross-correlation and Newey—West
corrected test statistics are reported in parenthesis below the coefficients. The results are presented for
stocks grouped by size and for all stocks. Size “All” reports the means of coefficients across all the stocks.
The sample period is January 1988 through December 1998.

across every size quintile. When the stock price declines, volatility
increases and the increase is attributed to herding sell trades. Moving
to contrarian traders, we show that, with sales measured in terms of
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transactions, ¢; is statistically insignificant across all size quintiles except
for the second size quintile. However, when selling activity is measured in
terms of shares, representing the actions of large traders, both ¢; and 6,
are significantly negative across all size quintiles. A negative 6;, when
selling activity is measured in terms of shares, suggests that the contra-
rian selling activity of large investors leads to a decrease in volatility of
individual stock returns. Note also that 6, is larger in absolute terms than
61, suggesting that selling activity has a larger impact on volatility when
conditioned on negative unexpected returns.

In sum, the selling activity of both large and small traders who herd leads to
an increase in volatility, whereas the selling activity of large contrarian
investors leads to a decrease in individual stock return volatility. These results
provide an explanation for why, in Table 2, the selling activity captures the
asymmetric volatility phenomenon. The negative coefficient on the herding
selling activity and the negative or zero coefficient on the contrarian selling
activity combine to give the negative coefficient on the overall selling
activity, thereby explaining the asymmetric volatility phenomenon.

The overall conclusion from contrarian and herding trades is that herding
trades generally lead to an increase in volatility while the contrarian trades
of large investors lead to a decrease in volatility, possibly because contra-
rian traders stabilize prices, and the herding traders destabilize prices.

In the following subsection, we seek to put more interpretation on the
herding and contrarian traders. In particular, we turn to the market
microstructure literature that has focused on informed and uninformed
traders. Is it possible that the non-informational, liquidity-driven trading
causes an increase in volatility while the informational-based trading
reduces volatility? Can we consider the contrarian and herding traders
as informed and uninformed, respectively?

3.2 Informed and uninformed trading

We now turn to the noisy rational expectations model of Hellwig (1980)
to argue that return volatility increases with uninformed trading. In
Hellwig’s model, information is aggregated into prices by the actions of
risk averse, heterogeneous agents who, individually, have no influence on
prices. In Proposition 5.3, Hellwig (1980) provides an expression for the
conditional volatility of the underlying asset. In Figure 1, we plot this
conditional volatility as a function of the volatility of the supply of the
underlying asset and the volatility of the information signal. Supply
shocks can be thought of being caused by the trading activities of liquidity
traders who are exogenous to the Hellwig (1980) model. Increased vola-
tility of supply of the underlying asset signals increased liquidity trading.
Analogously, an increase in the volatility of the information signal points
to a decrease in the presence of the informed traders. Figure 1 shows that
the conditional return volatility increases with both the volatility of the
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Figure 1

Volatility of returns and uninformed trading

This figure plots the volatility of returns for different levels of uninformed trading based on Hellwig
(1980) model. The model parameters are as follows. The payoff is normally distributed with mean of one
and a standard deviation of 0.1. The coefficient of absolute risk aversion is set to one. The supply is
normally distributed with mean of one and standard deviation that changes in the top panel from 0.1 to
0.8 but is set to constant 0.5 in the bottom panel. The standard deviation of the informed traders’ signal is
set to a constant 0.1 in the top panel but changes from 0.1 to 0.8 in the bottom panel.

supply and of the information signal, thus, providing a theoretical under-
pinning to the argument that it is the uninformed or liquidity trading that
leads to an increase in volatility.

In general, rational informed investors stabilize prices by taking posi-
tions whenever prices deviate from fundamentals, and in doing so they
provide a (noisy) signal about their information, thus, moving prices back
toward fundamentals. As the number of informed investors increases or
as their signals become more precise, their impact on price increases
causing a decrease in the deviation of price from fundamental value. If
liquidity trading leads to an increase in volatility, then it should be the
case that volatility increases as more uninformed investors trade. Wang
(1993) also provides a model of asymmetric information and shows in
Figure 2 of his paper that the conditional volatility of prices increases
with uninformed trading for the most part. The exception is when almost
all traders are uninformed.
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In sum, both the noisy rational expectations model of Hellwig (1980)
and that of Wang (1993) show that volatility increases with liquidity/
uninformed trading. Conversely, volatility decreases with informed trad-
ing. Consistent with the spirit of the above models, we should find that
non-informational trading increases volatility and informed trading
decreases volatility. Let us conjecture that the contrarian trades are
informed and the herding trades are uninformed. Table 5 summarizes
that contrarian (herding) trades decrease (increase) volatility. If our
conjecture about the uninformed and informed trades is correct, then
the results are consistent with informed (uniformed) trades reducing
(increasing) volatility. The question of how to test our conjecture that
contrarian (herding) trades are informed (uninformed) is what we
address next.

3.2.1 Autocorrelation. To identify informed versus uninformed trading,
we turn to the theory of CGW (1993).” They have argued that price
reversals occur as risk-averse market makers absorb order flow from
uninformed or liquidity traders. In their model, a decline in stock prices
could occur due to public information or due to liquidity-driven selling
pressure. When the price change is due to informational reasons, price
reversals are unlikely. However, suppliers of liquidity who accommodate
the non-informational sell orders demand higher expected returns and
must be compensated for bearing portfolio risk when buying shares that
they would otherwise not trade. In fact, liquidity suppliers are attracted
by prices that move away from fundamentals in response to the liquidity-
driven selling pressure. We do not expect price changes after the public
information has been incorporated into prices. On the contrary, price
reversals are to be expected following liquidity-driven selling. Of course,
if demand curves were perfectly elastic, price reversals would not be
obtained. Given downward sloping demand curves (Shleifer 1986), price
reversals should proxy for liquidity/uninformed trading and should be
related to volatility.

The main result from CGW is that there should be no price change
following informed trading. In other words, while price changes should
not be related to past informed trading, they will be related to past
liquidity trades. Thus, sell and buy trades that lead to price reversals
can be classified as non-informational trades. In addition, Hellwig
(1980) and Wang (1993) predict that non-informational trades lead to
an increase in volatility while informed trades lead to a decrease in

7 Empirical support for this theory has been provided by Conrad, Hameed, and Niden (1994) as well as
Avramov, Chordia, and Goyal (2005). The former examines the role of volume in understanding the
source of profitability of reversal trading strategies and the latter adds the dimension of illiquidity.
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volatility. In the context of our study, those theories imply the following
hypotheses:

Unexpected returns Sell trades Volatility Informed versus uninformed Serial correlation
+ Contrarian Decreases Informed None
— Herding Increases Uninformed Negative

Since we conjecture that the contrarian trades are akin to informed
trades and the herding trades represent uninformed trades, sell trades in
the presence of positive (negative) unexpected returns will be designated
informed (uninformed) trades. CGW suggest that exogenous selling pres-
sure from uninformed liquidity traders causes the stock price to tempora-
rily decline. This temporary decline is then reversed as informed traders
accommodate the selling pressure.

We now empirically examine the CGW hypothesis about informed and
uninformed trades using autocorrelation tests. As shown in the above
table, lagged informed trades should not be related to future stock
returns, or, put another way, informed trades should not impact the serial
correlations in returns. Lagged uninformed trades, on the contrary, will
be correlated with future returns and, thus, will have an impact on the
serial correlation in returns.

Table 6 summarizes the results for the following autocorrelation regres-
sion

NS

€1 =¢i + | i M+ 60 Turny + 6;1 # (e > 0)
NT;

—————
Informed

Sit

* (e < 0) | €ir + tirs1, (5)

Uninformed

where Turn;, represents the turnover of stock i on day z. Turnover has been
included in regression (5) to control for the CGW result
that turnover contributes to return reversals. If our conjecture that
(NS;/NTy) * (e; > 0) represents informed trading and (NS;/NT;) *
(e < 0) represents uninformed trading is correct, then é; should be sta-
tistically insignificant and 6, should be different from zero. This is precisely
what we find.

Table 6 defines sells in terms of the number of trades and in terms of
numbers of shares sold. Under both definitions, 8; is statistically indis-
tinguishable from zero for each size quintile and 6, is negative for every
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Table 6
Autocorrelation patterns on positive and negative shock days
Number of transactions Number of shares
Size o I & R? (%) o 6 & R? (%)
1. —0.001 0.04 —0.000 0.04
(—0.98) (—0.29)
—0.006 —0.005 —0.144 0.39 —0.006 —0.014 —0.143 0.39
(—3.58) (—0.23) (—5.43) (=3.72) (—0.75) (—6.51)
2. —0.002 0.12 —0.001 0.13
(—1.42) (—0.84)
—0.005 —0.004 —0.084 0.38 —0.005 0.000 —0.103 0.41
(—2.05) (—=0.17) (—2.03) (—2.36) (0.01) (—3.17)
3. —0.002 0.05 —0.001 0.04
(-1.32) (—0.31)
—0.004 0.008 —0.054 0.29 —0.005 —0.024 —0.097 0.33
(-1.29) (0.25) (—1.33) (=2.21) (—1.28) (—3.66)
4. —0.004 0.15 —0.002 0.13
(=2.77) (—1.03)
—0.004 0.033 —0.053 0.39 —0.003 0.022 —0.065 0.38
(—1.20) (0.92) (—1.03) (—1.20) (0.89) (—1.81)
5. —0.006 0.32 —0.003 0.25
(—4.22) (-2.21)
—0.011 —0.023 —0.118 0.53 —0.009 —0.017 —0.121 0.47
(—2.55) (—0.44) (—1.51) (—2.89) (—0.59) (—1.93)
All —0.003 0.13 —0.001 0.11
(—2.30) (—1.00)
—0.006 0.003 —0.088 0.39 —0.005 —0.006 —0.104 0.39
(—2.31) (0.12) (=2.27) (=2.95) (—0.41) (—3.64)

The daily return on individual stocks is first regressed on its own 12 lags and day-of-week dummies
according to the following equation.

5 12 NS,
i,
Ri, = /Z: i Dy + Z Bisk Rij—kc +in NT,, + €iss
k=1 k=1 s
where Dy, are day-of-week dummies. The residuals from this regression are then used in the following
regression:
NS; NS
# (e > 0)+6; # (€< 0)| € + Uiz 1,
NT,-, ( it — ) 1,2 NT,'/ ( it ) it it+1
where M, is the Monday dummy, Turn is the stochastically detrended turnover using last one year of
observations, NS is the number of sells, and N7 is the total number of trades. Results are presented for
both the number of transactions and the number of shares as trading variables. The table summarizes
only the estimates of § from the second regression. The reported coefficients are the averages across all
stocks. The standard errors for means of coefficients are corrected for cross-correlation between
residuals, u;, of the second regression. The cross-correlation and Newey—West corrected test statistics
are reported in parenthesis below the coefficients. The results are presented for stocks grouped by size
and for all stocks. Size “All” reports the means of coefficients across all stocks. The sample period is
January 1988 through December 1998.

€irtl = @i + [1/1,' M, + 6;9 Turny, + 6;3

size quintile, significantly so for the smaller size quintiles. Overall,
b, = —0.088 with a test statistic of —2.27 when measuring transactions
and 6, = —0.104 with a test statistic of —3.64 when measuring shares
sold. Thus, informed sell trades have no impact on the serial correlation
pattern of individual stock returns, whereas uninformed sell trades con-
tribute to the negative autocorrelation in individual stock returns. The
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negative autocorrelation due to uninformed sell trades is consistent with
CGW who argue that price reversals occur as liquidity suppliers absorb
non-informational sell trades.

Opverall, the informed trades are associated with a zero serial correla-
tion in returns and the uninformed sell trades result in price reversals. The
impact of trading activity on the serial correlations is consistent with our
volatility results. Uninformed sell trades increase volatility, whereas the
informed trades have no impact on the asymmetry in volatility of daily
stock returns.

In the next test we, condition on trading volume to further reinforce
our contention that uninformed (informed) traders increase (decrease)
volatility.

3.2.2 Volatility. To reinforce our empirical evidence about the time
series properties of stock return volatility, and especially the asymmetric
volatility response to stock price changes, we turn, once again, to CGW.
Their model has suggested that information-(liquidity) driven selling will
not (will) result in subsequent price change. They use trading volume to
distinguish between information and liquidity-based selling activity. Sell-
ing activity accompanied with high trading volume is likely to be liquidity
driven while selling activity accompanied by low trading volume is likely
to be information driven. Thus, if high trading volume is attributed to
non-informational trading, then it should lead to a larger increase in
volatility as compared to low trading volume that is attributed to
informed trading. We now test whether, conditional on negative unex-
pected returns, high trading volume days are followed by higher volatility.
We have already seen that with negative unexpected returns, selling
activity leads to an increase in volatility. In this subsection, we check
whether conditional on trading volume, negative unexpected returns have
an impact on volatility.

We employ Equation (1) to estimate the unexpected returns using
both the number of sell transactions and the number of shares sold as a
measure of selling activity. Days with negative unexpected returns,
eir < 0, are subdivided into two groups based on trading volume. Trad-
ing volume is proxied by turnover, the number of transactions, or the
number of shares traded. The high and low volume classification is based
on above/below the historical one-year average or above/below the his-
torical one-year average plus/minus the historical one-year standard
deviation. Volatility on the next day, |e;+1], is then calculated for each
of these groups and is labeled as V1, and Vy; for high and low trading
volume. Table 7 summarizes the annualized volatilities that are averaged
across days and stocks.

The volatility is higher following the high volume trading days regard-
less of how we measure volume or how we calculate volatility. For
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Table 7
Volatility following low and high volume days with negative shocks
Number of transactions Number of shares
Volume Vieo Vi t-stat Vio Vi t-stat

Panel A: based on prior mean

Turnover 20.55% 23.97% 68.30 19.96% 25.89% 54.03
Transactions 21.77% 23.73% 37.74 18.36% 26.08% 73.09
Shares 21.64% 24.50% 50.77 17.32% 26.89% 63.80
Panel B: based on prior mean + 1 SD

Turnover 20.00% 23.59% 73.37 19.46% 25.48% 55.39
Transactions 21.29% 23.33% 39.60 18.02% 25.74% 74.29
Shares 21.18% 24.09% 51.92 16.72% 26.64% 68.09

The daily return on individual stocks is regressed on its own 12 lags and day-of-week dummies according
to the following equation.

5 12 NS,
Ry = /Z; ik Dyt + AZ; Bik Riy—k + INT., + €iss

where Dy, are day-of-week dummies, NS is the number of sells, and NT is the total number of trades. Days
with negative residuals, ¢;, < 0, are further subdivided into two groups based on trading volume. Volatility
on the next day, |¢; 41, is then calculated for each of these groups and is labeled as V1, and Vy;. The mean
equation above uses either the number of transactions (in the left half of the table) or the number of shares
(in the right half of the table) for the trading variable. The trading volume is proxied for by turnover, the
number of transactions, or the number of shares traded. Finally, high and low volume classification is
based on above/below the historical 1-year average (in panel A) or above/below the historical 1-year
average plus historical 1-year standard deviation (in panel B). The volatilities are averaged across days and
stocks, and the table summarizes the overall annualized averages and the test statistic for the difference in
means. The sample period is January 1988 through December 1998, and the total number of stocks is 2232.

instance, when selling activity is defined as number of shares sold in
Equation (1) and turnover is used as a measure of trading volume with
high volume being defined as being above its previous one-year average,
the average annualized volatility following the high volume days is about
26%, whereas the volatility following the low volume days is about 20%.
The difference is significant with a p-value < 0.001. This result supports
our argument that non-informative, liquidity-driven selling activity
(which causes a temporary decline in prices) leads to enhanced volatility
in individual stock returns at the daily frequency.

3.3 Finer classification of informed and uninformed trading

Thus far, we have argued that selling transactions accompanied with
declining (rising) prices originate from the uninformed (informed) tra-
ders. The caveat in classifying trades on a given day as informed or
uninformed is that not all the trades on a given day are the same.
Different groups of traders trade with each other and on any given day
both the informed and the uninformed traders will be present. Thus, our
analysis thus far conditions on whether informed or uninformed traders
dominate on a given day. In this section, we use a finer partition to allow
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for informed (uninformed) selling when prices are falling (rising). We do
this by considering the disposition effect and by considering the size of
trades.

3.3.1 Volatility and the disposition effect. The behavioral finance lit-
erature is built upon the contention that unsophisticated investors suffer
from a number of cognitive biases. One of those biases is the loss aver-
sion, which suggests that investors are reluctant to realize their losses.
This reluctance reflects the disposition effect. In the context of selling
activity, the disposition effect suggests that uninformed investors are
more likely to sell following price advances than following price declines.
In our next test, we incorporate past returns to get a finer partition of the
informed and uninformed traders.® More specifically, we estimate the
following regression

12
leid| =i + i M, + Zpi,kki,t—k‘ +¢; NT;; + 6ip €111

+ {55 #(Rig114-2 > 0) + 6,1 % (Riy1142 < 0)} # (€141 > 0)

NS, _
fep g Ly [5,5 # (Riy—11:4-2 > 0) + 6,5 % (Riy—114-2 < 0)}
NTi,t—l ? ?
NS;
# (€m1 < 0)% €y * NT:_i + it (6)

where R;;_11,—2 > 0 is a dummy variable equal to one when the cumu-
lative return over time period ¢ — 11 to ¢z — 2 is non-negative and zero
otherwise. Similarly, R;; i1.,—2» < 0 is a dummy variable equal to one
when the cumulative return over time period ¢ — 11 to ¢ — 2 is less than
zero and zero otherwise. We use raw cumulative returns R;, ;.. rather
than the unexpected cumulative returns €;,_11,,—» because the disposition
effect relates to what investors have earned in raw returns before adjust-
ing for expected returns.

Compared to Equation (4), we have now divided 6; 1nto 6f1 and &,
and ¢;, into 6+ and 5, , by conditioning on past returns. Recall that we
have cla551ﬁed sales in the presence of negative (positive) returns as
originating from uninformed (informed) traders. We now add more
nuance to this classification. Sales in the presence of negative (positive)
returns will still be classified as originating from uninformed (informed)
traders but these sales could occur when the past returns, R;;_11.,—2, have

Note that we are not making any claims about returns which can be problematic because of aggregation
issues. We are only using the disposition effect to get a better classification of informed and uninformed
traders.

 While we present results with past returns over the period 7 — 11 to ¢ — 2, our results are robust to using

different time periods such as 7 —31to r—2 and r — 61 to 1 — 2.
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been either positive or negative. The disposition effect suggests that when
past returns are positive, the sales are likely to have a higher preponder-
ance of uninformed traders and when past returns are negative, the sales
are less likely to be from the uninformed traders.

The following table summarizes our hypotheses:

Unexpected Informed versus Average
returns Sell trades Past returns uninformed Volatility coefficients
+ Contrarian Positive Less Informed Decreases less &f

+ Contrarian Negative More Informed Decreases more o

- Herding Positive More Uninformed Increases more &5

- Herding Negative Less Uninformed Increases less oy

In terms of the coefficients in Equation (6), we still expect 6, , 6, 6, , and
6, to be negative but given the conditioning on past returns and its
impact on volatility as shown in the above table we expect 6; < 6] and
65 < 6,. We test for precisely these relationships amongst the coeffi-
cients. Table 8§ summarizes the results.

Focusing first on the case where sales are measured in terms of number
of transactions, we see that overall 67 < 0 and 6, is positive albeit insig-
nificant at the 5% level. All the coefficients have the expected sign except
that 6] is significantly positive in the two smallest size quintiles. Thus,
with positive unexpected returns, the presence of uninformed traders (as
suggested by the disposition effect) causes an increase in volatility in the
smallest two quintiles. Overall, both §; and 6§, are negative. As hypo-
thesized, we do find that &, < & and 65 < 6,. Moreover, using the
Wilcoxon—-Mann—Whitney ranks test, we find that the differences are
significant at the 1% level (with z-statistics of 6.22 and —4.17).

With sales measured in terms of shares traded, all the coefficients have
the expected signs and as hypothesized §; < & and 65 < é5. For
instance, for the overall sample 6" = —0.07 and §; = —0.1. Once again,
using the Wilcoxon—Mann-Whitney ranks test, we show that these dif-
ferences are significant at the 1% level (z-statistics = 3.83 and —2.72).
Moreover, except for the size quintile two with negative unexpected
returns, these relationships hold in each of the size quintiles.

In sum, the results are consistent with the idea that the disposition effect
leads to more (less) selling by uninformed investors after positive (negative)
past returns. The finer partitioning of the informed and the uninformed
traders once again supports Wang (1994), in that the informed traders
generally reduce volatility and the uninformed traders generally increase
volatility.

3.3.2 Volatility and the size of trades. In this subsection, we account for
trade size to, once again, obtain a finer classification of informed and
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Table 8

Asymmetric volatility and disposition effect

Number of transactions

Number of shares

Size 5 st o5 & 5 R (%) 5 st o5 & &5 R (%)

1. 0.012 0.037 ~0.106 —0.149 ~0.012 19.08 0.042 ~0.064 ~0.109 ~0.133 0.004 14.91
(1.64) (1.97) (=5.42) (=7.21) (—0.34) 9.17) (-5.19) (~6.09) (-9.12) (0.09)

2. 0.014 0.043 —0.042 ~0.163 —0.143 20.50 0.043 —0.058 —0.121 —0.143 —0.160 14.57
@.51) (2.31) (—1.96) (=7.09) (—5.49) (10.61) (—4.92) (—14.57) (=7.79) (~7.54)

3 0.034 0.021 —0.031 —0.222 —0.189 20.47 0.039 ~0.079 ~0.086 —0.125 ~0.090 14.18
@.74) (0.95) (—1.20) (=9.15) (—6.53) (7.42) (—6.16) (—4.09) (—6.52) (~2.68)

4. 0.053 0.018 —0.022 —0.298 —0.267 17.61 0.044 ~0.075 ~0.097 —0.164 —0.149 12.56
(7.42) (0.81) (—0.87) (=9.76) (-9.32) (11.35) (—6.74) (~7.00) (—7.04) (—6.43)

5. 0.082 0.024 0.015 —0.405 ~0.390 16.70 0.044 —0.067 ~0.077 —0.166 —0.160 13.40
(7.24) (0.84) (0.52) (-8.21) (—8.20) (5.58) (—3.53) (—3.08) (—4.20) (—4.12)

All 0.034 0.030 ~0.042 ~0.229 ~0.180 19.17 0.042 ~0.068 —0.101 —0.144 ~0.108 14.04
(7.50) (1.88) (—2.53) (—12.35) (~10.32) (17.80) (=9.50) (—13.83) (=9.37) (=5.13)

The daily return on individual stocks is first regressed on its own 12 lags and day-of-week dummies according to the following regression.

k=1

k=1

5 12 NS
Riy= aix D+ Y B Rivic+ NT

it
+ €y,
it

where Dy, are day-of-week dummies. The residuals from this regression are then used in the following regression:

where M, is the Monday dummy, NS is the number of sells, N7 is the total number of trades, and R,_j;.,—> is the cumulative return over time period ¢ — 11 to ¢ — 2. Results are
presented for both the number of transactions and the number of shares as trading variables. The table summarizes only the estimates of § from the second regression. The
reported coefficients are the averages across all stocks. The standard errors for means of coefficients are corrected for cross-correlation between residuals, 7;, of the second
regression. The cross-correlation and Newey—West corrected test statistics are reported in parenthesis below the coefficients. The results are presented for stocks grouped by size

k=1

NS,
+ [5;2*(&.:—11;#2 >0)+ 552*<Ri,1—11:172<0)j|*(fi,r—1<0)*5i,t71*N

12
) . -~ N

leidl = 65 + v My + > piscesoic] + @ NTis + 610 €101 + {f’,-fl #(Riy114-2 > 0) + 671 # (Riy114-2< 0)] # (€101 > 0)%eiyy * NT.o

ii—

and for all stocks. Size “All” reports the means of coefficients across all the stocks. The sample period is January 1988 through December 1998.
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uninformed traders. Easley and O’Hara (1987) suggest that informed
traders are more likely to submit larger orders. Consequently, we estimate
the following regression
12
leiel = @i+ i My + > pis €kl + ¢ NTy,
k=1
NS,
(80 LTy + 83, % ST | # (et 2 0) % gy %
’ ’ NTi

NS;,_
+ [611'2 * LT 1+ 5?@ * STi,r—l] *(€i,t—l<0) FE 1 * Ll + Nit» (7)
’ NT;

where LT and ST are dummy variables for large and small trades,
respectively. LT is defined to be one if shares traded per transaction on
a given day are larger than the moving average calculated over the past
year, and zero otherwise, whereas ST =1 — LT is defined to be one if
shares traded per transaction are smaller than the lagged annual moving
average and zero otherwise. While sales in the presence of (positive)
negative unexpected returns will still be considered as being from the
informed (uninformed), we can now add nuances to this classification.
Large sell trades are more likely to be from informed, whereas small sell
trades are more likely to be from the uninformed.

The following table summarizes our hypotheses:

Informed
Unexpected versus Average
returns Sell trades Trade size uninformed Volatility coefficients
+ Contrarian Large More informed Decreases more sl
+ Contrarian Small Less informed Decreases less &
- Herding Large Less uninformed Increases less (Sé
- Herding Small More uninformed Increases more o3

In terms of the coefficients, we expect all the coefficients to be negative. In
addition, we expect 65 < 65 and 6] < &. Table 9 summarizes the results.

Focusing first on trades where sales are measured as number of shares sold,
we find that indeed 65 < 6§ and 6{ < 6}. This relation holds for each of the
size quintiles and for the overall sample as well. For instance, for the overall
sample 65 = —0.19 and &), = —0.1. Also, 6, = —0.09 and &} = —0.02.
Moreover, these differences are statistically significant at the 1% level
based on the Wilcoxon—-Mann-Whitney ranks test (z-statistic = —7.38
and 8.93).

The case with sales measured in terms of transactions also confirms the
above results and the differences are once again statistically significant at
the 1% level as expected (z-statistics= —3.54 and 2.90). Surprisingly, in
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Table 9
Asymmetric volatility and informed and uninformed trading on positive and negative shock days

Number of transactions Number of shares

Size 8o sl & b 5 R? (%) 8 & & 8 5 R? (%)

1. 0.016 —0.003 0.045 —0.144 —0.161 19.36 0.045 —0.097 —0.048 —0.114 —0.153 15.05
(2.31) (—0.08) (2.20) (—6.55) (—6.29) (10.14) (—6.57) (—3.33) (—16.89) (—10.18)

2. 0.014 0.044 0.074 —0.166 —0.207 20.61 0.030 —0.056 -0.014 —0.094 —0.169 15.17
(1.84) (1.31) (2.98) (~6.93) (=7.97) (5.53) (~3.90) (—0.85) (—6.78) (=9.56)

3. 0.034 0.003 0.062 —0.199 —0.247 20.84 0.041 —0.108 —0.034 —0.091 —0.178 15.16
(3.73) (0.15) (2.84) (=7.02) (~8.43) (8.57) (=9.74) (=2.57) (—4.76) (—8.50)

4. 0.048 0.013 0.046 -0.270 —-0.305 18.48 0.037 —0.074 -0.012 —0.126 -0.215 13.84
(5.80) (0.47) (1.73) (=9.17) (—10.80) (7.19) (—5.23) (—0.65) (—4.84) (—9.08)

5. 0.085 —0.010 0.025 —0.382 -0.416 17.40 0.039 —0.096 0.005 —0.099 -0.225 14.56
(7.35) (-0.29) (0.67) (—8.03) (—8.31) (5.06) (—4.87) (0.25) (—2.84) (—5.98)

All 0.036 0.012 0.053 -0.221 -0.257 19.53 0.038 —0.085 —0.022 —0.104 —0.185 14.80
(6.02) (0.63) (2.84) (—10.64) (—11.54) (10.64) (—9.98) (—2.06) (—6.74) (—10.82)

The daily return on individual stocks is first regressed on its own 12 lags and day-of-week dummies according to the following equation.

S
n—zaz/cDA,+Z3,k ik + +€m

where Dy, are day-of-week dummies. The residuals from this regression are then used in the following regression:

NSii1
NTi,f 1

NS;
A+ (8Ly# LTy + 6#STy (et <O) e o™l o,

‘511|*@1+U1M1+201k‘5r1 k|+‘P;NT:1+(5,1*LTzr 1+5,1*ST” 1)#(€—1 > 0)%€; 1 * NTo

where M, is the Monday dummy, NS is the number of sells, N7 is the total number of trades, and LT is a dummy variables for a large trade defined to be one if shares traded
per transaction are higher than the moving average calculated over the last 250 days (S7' = 1 — LT). Results are presented for both the number of transactions and the number
of shares as trading variables. The table summarizes only the estimates of § from the second regression. The reported coefficients are the averages across all stocks. The standard
errors for means of coefficients are corrected for cross-correlation between residuals, 7;, of the second regression. The cross-correlation corrected f-statistics are reported in
parenthesis, and cross-correlation and Newey—West corrected test statistics are reported in parenthesis below the coefficients. The results are presented for stocks grouped by
size and for all stocks. Size “All” reports the means of coefficients across all the stocks. The sample period is January 1988 through December 1998.
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the smaller size quintiles as well as for the overall sample, 6] is positive
suggesting that small sell trades in the presence of positive unexpected
returns actually increase volatility.

To ascertain that our classification of large and small size trades as
informed and uninformed, we turn once again to the autocorrelation
regressions. More specifically consider the following regression,

€irrl = @ + [1/11‘ M, + 6o Turny + €; + €

+ (511',1*LT1',! + 5?;1*STi,z)* L (e > 0)

it

) NS;
+ (511-’2*LT,‘~[ + (5‘;’2*ST,‘,,) * NTt *(E,‘I < 0):| €ir + Ujr11- (8)

it
This regression is similar to Equation (5) except that ¢;; is now split into
ol 1 and 6‘1 conditional on the average size of trades on a given day.
Slmllarly, i2 1s now split into (512 and 67,. We also control for higher
order terms of the unexpected returns, €;, to control for non-linearities in
the autocorrelation. The reason for this is that large trades are likely to
be accompanied by large unexpected returns and this may influence the
autocorrelation coefficients if there are non-linearities in the serial corre-
lation patterns of individual stock returns.
The following table depicts our hypotheses.

Informed
Unexpected versus Average
returns Sell trades Trade size uninformed Serial correlation
+ Contrarian Large More informed Zero o
+ Contrarian Small Less informed Zero o)
— Herding Large Less uninformed Less negative 6§
- Herding Small More uninformed More negative &

As before, the informed (uninformed) trades should lead to no (negative)
serial correlation in returns but now by conditioning on trade size we can
say that the less informed and the more uninformed trades should have a
lower serial correlation coefficient. In other words, & < &) and & < &).
The results in Table 10 are consistent with our hypotheses. Focusing on
the number of transactions, 6] and &) are both statistically indistinguish-
able from zero, whereas 65 and &) are both significant. Moreover, ] < 6}
and this difference is statistically significant with a test statistic of —4.16
based on the Wilcoxon—-Mann—Whitney ranks test. However, 63 is statis-
tically indistinguishable from 55. When focusing on the number of shares
sold, 6{ is significantly positive, suggesting that large informed trades
lead to a continuation in returns. Moreover, & < & and & < &) and the
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Table 10

Autocorrelation and informed and uninformed trading on positive and negative shock days

Number of transactions

Number of shares

Size 5 8 8 8 8 R (%) 8 sl 8 8 8 R (%)

1. ~0.008 ~0.012 ~0.060 ~0.103 ~0.073 1.46 ~0.005 0.007 —0.042 ~0.037 ~0.039 1.48
(—4.71) (~0.36) (=2.15) (~2.99) (~2.16) (~3.53) (0.81) (~1.60) (~3.53) (~1.49)

2. ~0.010 ~0.016 ~0.048 ~0.088 ~0.087 1.33 ~0.006 0.015 0.002 ~0.038 ~0.065 1.36
(=3.70) (~0.48) (—1.48) (=2.12) (=2.17) (~2.66) (2.14) (0.10) (=3.50) (=2.75)

3. ~0.009 0.070 ~0.013 ~0.106 ~0.109 115 ~0.006 0.004 ~0.032 ~0.027 ~0.077 113
(~3.56) (2.44) (~0.41) (~2.42) (~2.94) (~2.50) (0.60) (~1.77) (~2.34) (~3.93)

4. ~0.008 0.115 0.057 ~0.099 ~0.085 1.10 ~0.006 0.006 ~0.022 —0.021 ~0.056 1.04
(~2.43) (2.65) (1.41) (~2.49) (~2.09) (~2.94) (0.72) (~1.22) (~2.14) (~3.13)

5. —0.014 0.128 0.071 ~0.170 ~0.179 1.27 ~0.006 0.019 ~0.002 ~0.013 —0.044 1.01
(-3.15) (2.28) (1.30) (~2.96) (~2.95) (-3.61) 2.77) (~0.11) (~0.99) (~1.75)

All ~0.010 0.051 —0.004 ~0.109 —0.103 1.26 ~0.006 0.010 ~0.019 ~0.028 ~0.058 1.21
(~3.98) (1.83) (~0.13) (-3.37) (—3.08) (-3.33) (2.28) (~1.59) (-3.61) (~3.79)

The daily return on individual stocks is first regressed on its own 12 lags and day-of-week dummies according to the following equation.

S
Ri,f = Z

k=1

NT,;

12
NS;
a;x Dy + E Bik Risi + -l + ey
k=1 it

where Dy, are day-of-week dummies. The residuals from this regression are then used in the following regression:

NS,
€yl = ¢i + [w[ M, + 80 Turng + e + €, + (5,{,1*LT/,/ + &7 #STi, )%

NS;,
(6 > 0) + (8], #L Ty + 8,#STy ) (6 < 0) e+ e,
1

where M, is the Monday dummy, Turn is the stochastically detrended turnover using last one year of observations, NS is the number of sells, NT is the total number of trades,
and LT is a dummy variable for a large trade defined to be one if shares traded per transaction are higher than the moving average calculated over the last 250 days
(ST =1— LT). Results are presented for both the number of transactions and the number of shares as trading variables. The table summarizes only the estimates of § from the
second regression. The reported coefficients are the averages across all stocks. The standard errors for means of coefficients are corrected for cross-correlation between
residuals, u;, of the second regression. The cross-correlation corrected test statistics are reported in parenthesis, and cross-correlation and Newey—West corrected test statistics
are reported in parenthesis below the coefficients. The results are presented for stocks grouped by size and for all stocks. Size “All” reports the means of coefficients across all
the stocks. The sample period is January 1988 through December 1998.
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differences are statistically significant with ¢-statistics of —5.87 and
—3.58, respectively. Also, the hypothesized relationship holds for each
size quintile. This provides strong confirmation for our classification of
informed and uninformed trades based on the size of the trades.

Overall, the results are consistent with the notion that trade size can be
used to classify informed and uninformed trades. Small uninformed
trades increase volatility by more than large uninformed trades. Similarly,
large informed trades reduce volatility by more than the small informed
trades.

. Conclusions

This article studies the time series properties of daily volatility at the
individual stock level and proposes a trading-based explanation for the
asymmetry in volatility phenomenon, that is, that volatility increases
(decreases) following stock price declines (increases). Previous research
has proposed two major explanations for this phenomenon: leverage
effect and time varying expected returns. However, returns are expected
to vary at the frequency of the business cycle. We do observe the presence
of asymmetric volatility in individual stock returns at the daily frequency.
We show the leverage has no impact on asymmetric volatility and, more-
over, we also observe asymmetric volatility for stocks with no leverage,
suggesting that prior hypotheses are unlikely to explain the daily asym-
metric volatility. The presence of asymmetric volatility in high frequency
data calls for a new explanation potentially based on trading activity.
This article finds that selling activity governs the asymmetric volatility
phenomenon in individual stock returns. More specifically, the negative
coefficient in the regression of volatility on lagged return is entirely
captured by the interaction of lagged return and selling activity. We
demonstrate that this empirical finding is consistent with economic
theory. In particular, Hellwig (1980) and Wang (1993) have shown that
non-informational liquidity-driven trading activity leads to enhanced
volatility while informed trading leads to a decline in volatility. To
identify informed versus uninformed trading activity, we turn to CGW
(1993) who develop a model to show that non-informational trades are
related to future price changes, whereas informed trades are unrelated to
such changes. Informed (uninformed) trades result in zero (non-zero)
serial correlation in returns. Thus, informed trading has no impact on
the serial correlation in individual stock returns while the uninformed sell
trades contribute to a reversal in individual stock returns. Therefore, price
changes at the daily frequency due to uninformed trading reject the
martingale behavior of stock prices over short horizons. At the daily
frequency, this rejection of the martingale property of stock prices prob-
ably reflects a lack of liquidity rather than a rejection of market efficiency.
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With perfectly elastic demand curves, non-informational order flow
would have been absorbed without impacting the price.

Indeed, we find that proxies for informed trading (also identified as
contrarian trading) lead to a reduction in volatility when the stock price
rises while proxies for non-informational trading (also identified as herd-
ing trading) lead to an increase in volatility when the stock price falls. It is
this impact of informed versus uninformed (or contrarian versus herding)
trading on volatility that is consistent with the result that the asymmetric
volatility varies with trading activity at the daily frequency.

Appendix A: Calculation of Standard Errors

Consider N stocks with 7" observations. The dependant variable is denoted by y and the set
of K independent variables by x. For instance, y could denote volatility and x could include
lags of volatility, day of week dummies, and trading-related variables. The regression
equation is as follows:

Yit = thzﬂi + €ir- (Al)

We do not impose any distributional assumptions on the error term, ¢;. In particular, it
could display heteroskedasticity, be autocorrelated, and/or cross-correlated (with leads and
lags) with error terms of other stocks. The moment condition for identification is only that
the error is orthogonal to the vector of independent variables, x;;.

Let us introduce some notation. Let B= By, On), let
Xy = (X5 ooy Xhe), Xi = (xi1... xi7)’, and let ¥; = (yi1... yir)’. The GMM condition can be
written as E(f(x;, 8)) = 0, where f(x;, 3) is an NK valued function given by

!
X1/€1s X1 (V1 — X1:61)

S(xB) = (A2)

XNi€N xXne(Yne — XNiOv)
Here, the parameter vector 3 is itself of length NK. Since the number of moment conditions
is exactly equal to the number of parameters, the system is exactly identified. Thus, we do

not need the usual weighting matrix to carry out the optimization.'® The solution is, of
course, given by the usual OLS equations as

Br = (X/ X)X/ Y. (A3)
The variance of the estimator is given from the GMM formula as

T#cov(B) =d'Sd", (A4)

where the score matrix ¢ and the spectral density matrix S are given by

= E(df(f;; ﬂ)) (A5)
S= i E[f (x.8)f (x—s,8)"]- (A6)

While the identity matrix leads to a consistent estimator, it is not the most efficient weighting matrix. The
situation is analogous to the fact that we are running an OLS regression instead of a GLS regression. In
our case, the number of stocks N exceeds the number of observations, thus rendering a feasible GLS
impossible. We do, however, correct for the standard errors of the OLS estimates.

1274



The Impact of Trades on Daily Volatility

The special structure of / and  makes the computation of d especially straightforward. We
have

e T
X 0) . .
o : : : (A7)
0 e —XNXN
This implies that
oy 1| NN ’
ol AL - : . :
d7E< (9[3’ >7T N . N > (AS)
0 . = XN Xy

where 0 is suitably defined K * K matrices. Thus, the matrix d consists of K> blocks, with the
(ij)lh block equal to zero if i # j and equal to X, ,’X, when i = j. The diagonal nature of this
matrix also makes the computation of the inverse of  trivial. The matrix S is also computed
as consisting of K2 blocks, where the (ij)th block is given by

00

Sij = Z E[xirxj{t—sfirsz—:] (A9)

s=—00

and is estimated using the Newey—West estimation technique with L lags as

4 1| <& LL—5\ &
S!j = T Z (xifx/!zeizejz) + Z ( L ) Z (xilx;f—xeitejl—x + xjrxlft—vejteit—s) . (A10)
t=1 s=1 t=s+1
Combining all the pieces together, we get
SOV ) = (X X))~ TS0 X))~ (AL1)

Finally, we report the results for the average 3 coefficient across all stocks. This is estimated as

(A12)

with the variance given by

. N
V() = >0 Do cov(l ). (AL3)
i=1
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