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The Impact of Trader Type on the Futures
Volatility-Volume Relation

ROBERT T. DAIGLER and MARILYN K. WILEY*

ABSTRACT

We examine the volatility-volume relation in futures markets using volume data
categorized by type of trader. We find that the positive volatility-volume relation is
driven by the general public, a group of traders who are distant from the trading
floor and therefore without precise information on order flow. Clearing members
and floor traders who observe order flow often decrease volatility. Our findings are
consistent with Shalen’s (1993) hypothesis that uninformed traders who cannot
differentiate liquidity demand from fundamental value change increase volatility.

IN THEIR 1993 sTuDY, Bessembinder and Seguin suggest that the volatility-
volume relation in financial markets may depend on the type of trader. We
investigate whether specific types of futures market traders, which we dis-
tinguish by the information they possess, actually have different effects on
the positive volatility-volume relation.

We use the Liquidity Data Bank (LDB) to test this information effect. The
LDB is a database that separates futures volume by four types of traders:
market makers, clearing members (such as financial institutions) trading
for their own accounts, floor traders trading for other exchange members,
and the general public (individual speculators, managed funds, and small
hedgers). In addition to allowing us to test the Bessembinder and Seguin
(1993) suggestion, the LDB also provides an indirect test of Shalen’s (1993)
model, which postulates that abnormal volume and price volatility, either
above or below equilibrium values, depend on the dispersion of traders’
expectations.
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Our analysis follows models that associate price with private information,
differentiating traders by either the quality of information they hold or the dis-
persion of expectations they form based on that information. For futures mar-
kets, different types of traders vary in their proximity to the trading floor and
the amount of information they receive. Specifically, clearing members can di-
rectly observe the source of trades, the short-term direction of prices, and or-
der imbalances in the futures market. They also have private information on
the cash market. Thus, clearing members have a wealth of information that is
not available to the general public who do not have access to the trading floor.
We conclude that clearing members have a more precise interpretation of in-
formation signals associated with a change in volume, and that this informa-
tion enables them to reduce the price volatility of their own trades. Off-the-
floor traders (the general public) cannot adequately distinguish the volume
associated with liquidity demand from the volume due to a change in funda-
mental value. This results in an imprecise information signal and a greater
dispersion of expectations, thereby increasing price volatility.

Our empirical results show that the general public drives the positive
volatility-volume relation found in previous studies. Conversely, trades by
clearing members and floor traders often exhibit an inverse relation be-
tween volatility and volume. Thus, we find that using trader categories is a
better way to describe the link between volatility and volume than is total
volume. Our results also indicate that large changes in volume, both positive
and negative, are more important in explaining volatility than are average
volume levels.

Section I of this paper examines the volatility-volume relation and models
of trader behavior. Section II summarizes the data and estimation proce-
dures. Section III provides the results, and Section IV presents the conclu-
sions of the paper.

I. Trader Information, Beliefs, and the Volatility-Volume Relation

Two related types of theories explain the volatility-volume relation. Infor-
mation theories, such as the mixture of distributions model, use information
as the driving force that determines both volatility and volume. Dispersion
of beliefs theories associate unusual volume and extremes of volatility to
differences in trader beliefs. Dispersion models suggest that the volatility-
volume relation depends on who is generating volume and why they are
trading. Empirical studies of the volatility-volume relation for various fi-
nancial instruments show that a significant positive relation exists between
volatility and volume, with volatility usually measured as the absolute price
change or the squared price change. R? values from regressions of volatility
on volume typically range from 10 to 35 percent.

A. The Mixture of Distributions Model

In the classic mixture of distributions model, described by Clark (1973),
Epps and Epps (1976), Harris (1986), and Tauchen and Pitts (1983), the
authors assume that the price variance per transaction is monotonically re-
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lated to the volume of that transaction. A mixing variable, typically the num-
ber of information arrivals (and implicitly their importance), causes the joint
volatility-volume relation. Harris (1987) and Jones, Kaul, and Lipson (1994b)
also designate the more specific volume per transaction and the number of
transactions variables as mixing variables. We include the number of trans-
actions in our model since Clark, Harris (1987), and Tauchen and Pitts re-
late the number of trades to the number of information events and to
unobserved realizations of the stochastic variance.!

B. Dispersion of Beliefs and Information Models

Models of heterogeneous trader behavior assess the availability of differ-
ent types of information or the existence of differing beliefs concerning the
importance of information. Models by Harris and Raviv (1993) and Shalen
(1993) show that a greater dispersion of beliefs creates excess price variabil-
ity and excess volume, compared to the equilibrium value. A greater disper-
sion of beliefs is a lack of consensus about the true price that should result
from revealed information. In particular, Shalen’s model associates volatil-
ity with uninformed traders’ dispersion of beliefs, incorrectly formed in re-
sponse to the noisy liquidity demand of hedgers. This dispersion of beliefs
model is relevant for comparing how informed and uninformed traders react
to information.2

Informed traders have relatively homogeneous beliefs, which they base on
their knowledge of the market and the fundamental characteristics of the
asset. Therefore, informed traders buy and sell within a relatively small
range of prices around the fair value of the asset.

Uninformed (or less-informed) traders cannot observe the transactions of
other traders to help them interpret the noisy signals from volume and price
changes, resulting in a wider dispersion of beliefs. Therefore, uninformed
traders are likely to react to all changes in volume and price as if these
changes reflect information, despite their difficulty in differentiating short-
term liquidity (hedging) demand from changes in overall fundamental sup-

! Previous studies often cite a mixture of distributions as the cause of autoregressive con-
ditional heteroskedasticity (ARCH) effects in financial time series. Diebold (1986), Gallant,
Hsieh, and Tauchen (1991), and Lamoureux and Lastrapes (1990) suggest that ARCH effects
might capture the entire time series properties of the information mixing variable—for exam-
ple, the serial correlation of the number of price changes (number of trades). However, Lamou-
reux and Lastrapes (1990) and Gannon (1994) show that ARCH effects completely disappear
when volume is employed as a proxy for information. Conversely, Bessembinder and Seguin
(1992, 1993), Foster (1995), and Lamoureux and Lastrapes (1994) show that volume is not
sufficient to remove the lagged volatility effects in current variance. Consequently, whether
volume adequately explains the variability of volatility or whether lagged volatility is also
needed is not completely settled. Further, the role of the number of trades in this relationship
has not been empirically examined for futures markets. Other interesting recent studies on the
mixture of distributions model include Hiemstra and Jones (1994) and Richardson and Smith
(1994).

2 Admati and Pfleiderer (1988) and Kyle (1985) present other key theoretical information
models that include different types of traders with varying amounts of information. These mod-
els postulate the behavior of volume and volatility arising from their assumptions.
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ply and demand. Uninformed traders’ frequent revision of their beliefs can
also cause the price fluctuations resulting from their trading to disappear
more slowly than those of informed investors after new “information” is re-
vealed.? This process of trading is consistent with French and Roll (1986),
who state that traders overreact to one another’s trades. Therefore, less-
informed traders tend to exaggerate price movements, which results in a
greater price variability.

C. Informed Futures Traders: Private Information from the Futures Pit
and Cash Market

The dispersion of information/beliefs models incorporates the roles of in-
formed trading, liquidity demand, and uninformed trading into the volatility-
volume relation. In our study, the larger financial institutions (“clearing
members”) represent the informed traders. Clearing members of the ex-
change enjoy the substantial savings in trading costs available to exchange
members. By comparison, we define the nonclearing “general public” as un-
informed in this study.

In addition to lower trading costs, clearing members have two other ad-
vantages compared to the general public. First, they have direct access to
the futures pits. This provides them with short-term information about pit
dynamics, such as trading activity at specific prices and price trends. Sec-
ond, they have specific information on their own customers’ supply and de-
mand in the cash and futures markets, and more information on the cash
markets in general via trading screens and in-house knowledge of the ac-
tivity in these markets. This private information allows clearing members to
better distinguish liquidity demand from fundamental information and to
estimate current value more precisely, which translates into a smaller dis-
persion of beliefs and less price volatility.

The general public, since it is denied access to the trading floor and to
cash market information, receives information about trading activity on a
delayed or second-hand basis, if it receives such information at all. Conse-
quently, the general public has difficulty in distinguishing liquidity demand
from fundamental information. Since the general public possesses less in-
formation, we expect them to have a greater dispersion of beliefs and to
trade over a wider range of prices around the fair value of the futures con-
tract. The behavior attributed to the general public is consistent with the
noise literature; for example, see Black (1986) and DeLong, Shleifer, Sum-
mers, and Waldmann (1990a, 1991). DeLong et al. (1990a) examine how the
unpredictability of noise traders’ beliefs creates excess risk, causing prices to

3 Ederington and Lee (1993, 1995) show that changes in the price level after publicly an-
nounced macroeconomic information are completed within 40 to 50 seconds, while volatility
takes 30 minutes to dissipate. However, they do not determine who causes either the price level
change or the volatility relating to these announcements. There is no evidence that prior knowl-
edge of public macroeconomic announcements is known or fully anticipated by futures markets
participants (see Daigler (1997)).
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diverge significantly from fundamental values. DeLong et al. (1991) con-
clude that noise traders can dominate the market and that noise trades are
associated with excess volatility in the markets. DeLong et al. (1990b) show
how the positive feedback strategy of uninformed traders is directly associ-
ated with trend following and higher volatility.

Empirically examining the volumes of these clearly different groups al-
lows us to determine the role of private information and the dispersion of
beliefs in the volatility-volume relation. Empirical studies of the value of
similar types of information include Ito, Lyons, and Melvin (1998) for foreign
exchange traders and Phillips and Weiner (1994) for Japanese oil dealers.
They find that traders who possess (temporary) private information on trad-
ers’ risk aversion, trading constraints, and the supply and distribution of the
underlying asset affect the price and volatility in these markets. Ito, Lyons,
and Melvin refer to this information as “semifundamental information.”

II. Data and Estimation Procedures
A. The Data

Our study uses the Chicago Board of Trade’s Liquidity Data Bank to ex-
amine the Customer Trade Indicator (CTI) data that separates total futures
volume into four types of traders:

1. CTI1: volume for the local floor trader’s own account or for an account
that he or she controls. Most local floor traders are market makers
(“scalpers”). _

2. CTI2: volume for the clearing member’s house account. Clearing mem-
bers trade to benefit from mispricing of the futures contracts (“value
traders”), as well as for long-term hedging and arbitrage purposes.
According to Kodres and Pritsker (1997), the largest percentages of
open interest are held by broker-dealers, pension funds, and hedge
funds.

3. CTIS3: volume for one member executing trades for another member, or
an account controlled by other such members (i.e., “other floor trad-
ers”). Examples of CTI3 trades include a member filling orders either
for a broker (“overflow trading”), or for a fellow member not currently
on the floor, or for a trader from the options on futures pit who wants
to trade the futures in order to hedge options contracts.

4. CTI4: volume for any other type of off-the-floor customer, including
individual traders and managed futures funds. This is the group we
refer to as the general public. This category is usually dominated by
retail speculative traders, although it also includes some institutions
that hedge and speculate. For example, Kodres and Pritsker (1997)
show that many smaller insurance companies and pension funds fall
into this group because their trading activity is insufficient to justify
the cost of a seat.
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These CTI categories are used industry wide. Trades are assigned to groups
based on the strict definitions identified above; self-designation of trades is
not permitted. Wiley and Daigler (1998) examine the characteristics and
relations among these four categories of traders.

CTI1 traders are most often liquidity providers who trade in response to
the demand of others and profit from the spread. CTI1 traders match the
transactions of the other three groups and therefore do not exhibit unique
trading characteristics.* CTI2s and CTI3s also trade on the floor and thus
have up-to-the-minute information about the supply and demand dynamics
of the futures and/or cash markets, but they trade for speculative or hedging
purposes. CTI4 traders (the general public) are those least likely to have the
semifundamental information gained from pit access. Based on these differ-
ences in information, we expect CTI4s to have a different volatility-volume
relation than CTI2s or CTI3s.

We examine volume data by using daily data spanning two years (June
1986 through June 1988) for five financial futures contracts at the Chicago
Board of Trade. The contracts are silver, the Major Market stock index (MMI),
municipal bonds (munis), Treasury notes (T-note), and Treasury bonds (T-
bond) futures contracts.

In our analysis we use the futures expiration month with the highest open
interest so that we can concentrate on the most active contract month. The
interest rate contracts are rolled over near the first of the expiration month.
The MMI contract is rolled over at its expiration. The largest open interest
for silver does not follow a nearby pattern, since the December contract of-
ten had the largest open interest from summer until the end of November.
Both volume and open interest values used in this analysis are for the con-
tract being analyzed, not for the entire range of futures expiration months.?

B. Examining the Conditional Mean and Conditional Variance

We use the same procedure as Bessembinder and Seguin (1992, 1993) and
Schwert (1990) and as outlined by Davidian and Carroll (1987). This proce-
dure enables us to compute unbiased estimates of the conditional daily re-
turn volatility while simultaneously including the effects of the day of the

4 Kuserk and Locke (1993) claim and Manaster and Mann (1996) show that floor traders,
even market makers, take intraday or overnight positions to speculate, as well as providing
short-term liquidity to longer-term traders. However, the primary activity of almost all floor
traders is market making—even when they have to take a short-term position.

5 Using the futures expiration with the largest volume as the selection criteria would create
the unwanted feature of skipping back and forth from one expiration month to another for the
less liquid futures contracts. Moreover, by using the largest open interest expiration, we avoid
using a contract during its expiration period. Alternatively, if we were to lump all expirations
together, we would have difficulty accurately measuring a combined price change or volatility,
possibly obscuring the true relationship. In any case, the expiration with the largest open in-
terest usually dominates trading volume. On the days when a rollover to the next expiration
month occurs, we use the close-to-close return for the new nearby contract to avoid the distor-
tion created by calculating returns across two different contracts.
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week, the persistence of volatility, and lagged returns. In this model, equa-
tion (1) estimates the conditional return based on lagged returns, the day of
the week, and lagged volatility. Equation (2) estimates conditional volatility
using transformations of past volatility, day of the week, and trade activity
variables. Equation (3) transforms the lagged volatility. The equations are:

n 4 n
Rt=a+2'yJR,_J+ ptdl+27TJOA't_J+(Jt, (1)
j=1 i=1 Jj=1
n . 4 m n
6, =8+ 2 wU_;+ X md; + X wjA,+ 2 Bi6,; + ey, (2)
Jj=1 i=1 k=1 j=1
& = |UIN7/2, 3)

where R, is the percent change in the futures price on day ¢; d; represents
the four dummy variables for the days of the week; d, is the volatility on day
t; and A, are the activity variables of volume, change in open interest, and
the number of trades. The residual U, represents unexpected returns and
7 = 3.14159.

We initially use the series of close-to-close returns on each futures con-
tract to estimate equation (1) without lagged volatility estimates. We then
apply the volatility transformation defined in equation (3) to the residuals of
equation (1). We use these transformed values to estimate equation (2). The
fitted volatility values that result from equation (2) are used to reestimate
equation (1), and we then reestimate equation (2) with the residuals from
the consistent estimation obtained from the second pass of equation (1).

We include the lagged volatility variables to account for the effect of per-
sistence in volatility over time. We use the Schwarz (1978) criterion to set
the lag limits to 10 to incorporate the range of significant lags identified for
each variable.

The trading activity variables A, in equation (2) are the expected and un-
expected values of both the category volumes and the change in the contract’s
open interest, plus the number of trades for the day. We partition the volume
trading activity variables into expected and unexpected components with an
ARIMA (0,1,10) procedure.® The ARIMA (0,1,10) calculates the expected (pre-
dicted) value using the previous day’s volume and the 10-day moving average
of the change in volume. The unexpected (residual) value is total volume mi-
nus expected volume. Since the levels of open interest for all five futures cat-

6 Ten lags allows direct comparison with the Bessembinder and Seguin (1993) results. Using
the Schwarz (1978) criterion, the optimal number of lags for each return and volume variable
is less than, or equal to, 10 in every case. When we refit the ARIMA models by using the
optimal number of lags for each futures return and volume variables, only two additional co-
efficients (out of 180) are significant and there are few changes in significance among the
coefficients or categories. Moreover, only four of the 15 optimal lag-length equations have a
larger R? value than the lag 10 results, but more of these models produce nonnormal errors.
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egories are nonstationary in levels, as indicated by augmented Dickey—Fuller
tests, we use the first difference of open interest and fit an ARIMA (0,0,10) to
determine the expected open interest. We also examine an ARIMA (10,1,0) model,
which shows equivalent results to those presented here.

Separating category volumes into expected and unexpected components
allows us to examine the extent to which surprises versus trend activity
variables affect the volatility-volume relation. Since volume and volatility
are simultaneously determined, this partitioning does not imply causality.
Further, partitioning open interest gives us a measure of the importance of
the change in long-term positions. We concentrate on the expected and un-
expected components of the clearing members (CTI2), other floor traders
(CTI3), and general public (CTI4). Thus, we are able to associate these cat-
egories of volume to Shalen’s (1993) conclusion (in her Proposition 2) that
volume and price volatility are related to the dispersion of expectations across
traders. In particular, Shalen’s model has uninformed traders reacting in-
appropriately to volume caused by liquidity traders, treating it as if it were
information. This creates excess variability due to the dispersion of expec-
tations of these traders. This less-informed trading is the behavior we asso-
ciate with CTI4 traders.

C. Alternative Measures of Volatility for the Conditional Variance

The close-to-close return residuals provide an incomplete measure of the
true intraday range of price volatility; therefore we reexamine the volatility-
volume relation by individually substituting the Garman and Klass (1980)
and high-low range measures of volatility for 4, in equations (1), (2), and (3).
Since these measures calculate volatility independent of the return equa-
tion, we generate a one-pass estimation of equations (1) and (2) to fit the
volatility-volume relation using these intraday descriptions of volatility.

Garman and Klass (1980) show the relative efficiency of various measures
of volatility; their equation (19) provides the highest efficiency. However,
they suggest using the reduced-form estimator employed in our study. The
difference between the two, other than very small differences in the coeffi-
cients, is that the open/high/low/close cross-terms are eliminated in our
equation (4). The correlation between these two volatility measures is greater
than 0.95. The results in the regressions are identical for both measures and
therefore we drop the cross terms.

The Garman and Klass measure of volatility is almost eight times more
efficient than using the close-to-close price to obtain a measure of volatility.
This measure is

4, = Var(GK) = 3[LN(High) — LN (Low)]? @
— [2LN(2) — 1][LN(Open) — LN(Close)]?,

where Var(GK) is the variance using the Garman—Klass (1980) method, LN de-
notes the natural logarithm, and High, Low, Open, Close are the high, low, open,
and closing prices in the interval being used to determine the volatility.
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This table presents daily volume descriptive statistics for five futures contracts for four categories
of traders. The categories are: floor trader/market maker (CTI1), clearing member (CTI2), other
floor trader (CTI3), and the general public (CTI4). Panel A shows the breakdown (in percent) of
volume by category and the total daily volume. Since each trade is recorded as both a buy and a
sell, the percentages are divided by two in order to sum to 100 percent. Panel B provides the cross-
correlations between each pair of volume variables, with CTI1-2 being the correlation between the
CTI1 and CTI2 categories. An ARIMA (0,1,10) model calculates the expected (predicted) value using
the previous day’s volume and the 10-day moving average of the change in volume. The un-
expected volume is total volume minus expected volume. MMI is the Major Market Index futures.

Panel A: Average Trader Category Volume as a Percentage of Total Volume

Total Daily

Series CTI1 CTI2 CTI3 CTI4 Avg. Volume
Silver 45.92% 6.59% 10.80% 36.68% 1,901
MMI 50.45% 19.55% 7.17% 22.83% 13,739
Munis 50.49% 18.60% 1.39% 29.54% 9,531
T-notes 45.98% 20.32% 6.95% 26.74% 32,075
T-bonds 55.57% 13.34% 7.08% 24.02% 462,456

Panel B: Cross-Correlations between Trader Categories
Series CTI1-2 CTI1-3 CTI1-4 CTI2-3 CTI2-4 CTI3-4
Silver

Expected 0.348 0.583 0.785 0.303 0.183 0.425

Unexpected 0.460 0.525 0.774 0.306 0.350 0.421

Total 0.462 0.601 0.838 0.322 0.350 0.506
MMI

Expected 0.861 0.857 0.905 0.812 0.763 0.777

Unexpected 0.750 0.769 0.753 0.638 0.622 0.658

Total 0.845 0.844 0.883 0.780 0.734 0.756
Munis

Expected 0.803 0.723 0.896 0.622 0.896 0.716

Unexpected 0.740 0.389 0.806 0.352 0.751 0.387

Total 0.838 0.599 0.899 0.555 0.861 0.594
T-Notes

Expected 0.873 0.649 0.860 0.507 0.811 0.470

Unexpected 0.807 0.585 0.833 0.535 0.662 0.473

Total 0.857 0.683 0.862 0.589 0.751 0.538
T-Bonds

Expected 0.960 0.821 0.950 0.821 0.916 0.839

Unexpected 0.924 0.830 0.933 0.799 0.899 0.819

Total 0.948 0.827 0.947 0.820 0.914 0.839

III. Empirical Results for the Volatility-Volume Relation

A. Volume by Category

Table I provides descriptive statistics concerning the percentage breakdown
of total volume into the four CTI categories for each of the five futures con-
tracts and the cross-correlations among trader categories. Categories CTI1 (floor
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traders) and CTI4 (general public) trade the most contracts for each of the fu-
tures, and category CTI3 (orders for other floor traders) shows the smallest
levels of trading volume. The large (55.57 percent) value for T-bond floor trad-
ers shows that in this pit there is a greater degree of trading among the scalp-
ers, who appear likely to readjust inventory after large block trades enter the
pit. Clearing members (CTI2) generate a smaller percentage of the volume for
T-bonds than for the MMI, muni, and T-note contracts. Also, the silver futures
contract has fewer CTI2 trades than CTIS3 trades, the reverse of the more lig-
uid contracts, and silver has proportionally more CTI3 and CTI4 activity than
all other futures. After the CTI1 market makers, the general public generates
more trades than any other group. The differing proportions across pits are
consistent with the findings of other researchers.” Table I also shows that cross-
correlations between trader category volume pairs vary by contract and tend
to increase as the liquidity of the futures increases.

B. Conditional Mean and Conditional Variance Effects

We separate volume and open interest into expected and unexpected com-
ponents. To identify more precisely the factors affecting volatility, we include
other activity variables previously hypothesized by others. These are lagged
returns, lagged volatility, days of the week, the change in open interest, and
the number of trades.

Table II shows the results of regressing different measures of return vol-
atility on the volume for clearing members, other floor traders, and the gen-
eral public, along with the activity variables.8 We omit floor traders (scalpers)
from the Table II results because, as Table I shows, they tend to react to new
trades rather than create them, and because of their high collinearity with
the other variables. Regressions that include the CTI1 traders are summa-
rized in Section III.C.

Panel A of Table II shows the results of the volatility-volume regressions
using the daily return standard deviation (close-to-close) formulation. The
general public category is more important than clearing members or other
floor traders in explaining the close-to-close return volatility, except for the
case of muni bond futures, as evidenced by more significant coefficients and/or
higher ¢-values. In fact, the unexpected CTI4 volume is positive and signif-
icant for all but muni bonds, and the expected CTI4 volume is positive and
significant for all but munis and T-notes. Moreover, although the coeffi-
cients on the general public’s volume are significant and positive for seven

7 Kuserk and Locke (1993) report the following volume breakdowns by CTI groups (their Table IT)
for 12 futures contracts: CTI1, 39.4 percent; CTI2, 16.1 percent; CTI3, 5.6 percent; CTI4, 38.7 per-
cent. Fishman and Longstaff (1992) find that scalpers account for 60 percent of the trades in the
soybean pit. Each trade in the LDB is recorded on the database both as a buy and a sell by the
appropriate groups. Consequently, total volume in the database is twice the actual volume of con-
tracts. We adjust the percentages to add to 100 percent instead of 200 percent.

8 We also use the daily dummy variables in the regressions but do not show them here. For
12 of the 15 regressions at least one daily dummy variable is significant, with the T-bond
results each having two or three significant dummies. The Wednesday dummy is most often
significant, recording 10 of the 22 significant dummies.
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of the 10 cases, the volume generated by clearing members and other floor
traders is significant for only seven of 20 cases, four of which are negative.
The negative coefficients indicate a volatility-reducing relation, which is con-
sistent with these traders being more strongly associated with private in-
formation and less likely to trade on noise. Because the type of trading done
by the clearing members and other floor traders is not primarily associated
with liquidity trading, this negative relation cannot be attributed solely to
these groups providing increased liquidity.

Overall, these results strongly support the conclusion that the activity of
the less-informed general public is directly and strongly associated with higher
volatility, but the volume of clearing members and other floor traders is not.
Moreover, unexpected levels of volume, both higher and lower than normal,
are more important in explaining volatility than are the expected levels. The
other variables, although significant in some cases, do not materially affect
the volatility-volume relation. The level of open interest is significant in
three of the cases, but the lagged unexpected returns help explain volatility
only for the MMI contract. The lagged volatilities and the number of trades
are significant for only two of the five futures contracts. The analysis also
shows that T-bonds have the largest number of significant coefficients over
all trader categories. This indicates the importance of different types of trad-
ers in determining volatility for this highly liquid contract.

C. Intraday Volatility-Volume Relation

The volatility-volume relation for close-to-close returns discussed in the
previous section does not include the volatility effects occurring within the
day, and hence is not the best measure of daily volatility in relation to daily
volume. Panels B and C of Table II use the Garman—Klass (1980) and high-
low measures of (intraday) volatility to examine this aspect of the volatility-
volume relation.

For the high-low model, the general public’s volume is always more im-
portant than either the clearing member volume or the other-floor-trader
volume variables, except for T-notes. For this model 16 of the 20 coefficients
are significant and positive for the general public. Clearing members have
seven significant coefficients and other floor traders have eight, and the
signs are almost equally distributed between positive and negative. Most of
the signs for the CTI3 variable (other floor traders) are negative. As with
the close-to-close volatility, the unexpected variables are clearly the most
important, with the general public’s unexpected volume exhibiting the most
significant coefficients and overall the largest ¢-values.® The relative impor-

® When we use total volume (expected and unexpected) rather than the category volume series,
then the unexpected total volumes are significant for all 15 regressions for all volatility mea-
sures. The expected total volumes are significant for only three regressions. Hence, using total
partitioned volume also shows the relative importance of the unexpected volume variable, but the
use of total unpartitioned (no expected and unexpected) volume would “confound the information
available,” as originally suggested by Shalen (1993). The open interest variables are significant
in only three cases. The number of trades are significant for all but the MMI regressions.
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Table II
Regressions of Volatility on Expected
and Unexpected Category Volume

This table compares volume and volatility for five futures contracts for two years of daily
observations. Results are for regressions of volatility on clearing member (CTI2), other floor
trader (CTI3), and general public (CTI4) expected and unexpected volume and change in open
interest categories, number of trades, lagged volatilities, lagged returns, and daily dummies
(not reported). An ARIMA (0,1,10) model calculates the expected volume values using the pre-
vious day’s volume and the 10-day moving average of the change in volume. The unexpected
volume is total volume minus expected volume. The open interest expected value is calculated
from an ARIMA (0,0,10) model. The dependent volatility variable is based on the daily standard
deviation, Garman—Klass (1980), and high-low measures of volatility. Volumes are in units of
1,000 contracts. Values below the regression coefficients are t-statistics. Test statistics for lagged
coefficients are F-statistics for the hypothesis that the sum of the 10 coefficients is zero. For
each series there are 528 observations. When missing observations are removed and observa-
tions are lost for the calculation of lagged variables, each series has at least 400 degrees of
freedom. MMI is the Major Market Index.

Panel A: Return Standard Deviation

Futures Market: Silver MMI Munis T-Notes T-Bonds

Intercept 0.6267 0.9669 0.3128 0.2515 0.2798
2.37* 3.34** 3.01** 2.71** 1.57

CTI2: Clearing member: Expected —0.4330 -0.2313 0.1449 0.0019 —0.0213

-0.74 —2.02* 1.91* 0.11 —3.88%*

CTI2: Unexpected -0.7378 0.0045 0.1622 -0.0019 -0.0106

-1.62 0.05 2.82%* -0.18 —2.77%*

CTI3: Other floor traders: Expected —0.7564 -0.2577 -0.3974 —0.0341 0.0128
-1.41 -0.97 -0.72 -0.97 1.62

CTI3: Unexpected —0.6767 0.0231 0.2285 —0.0243 0.0159

—2.55% 0.09 0.88 -1.45 2.87**

CTI4: General public: Expected 0.9893 0.2680 —0.0419 —0.0035 0.0110

2.68** 3.39%* -0.67 -0.25 3.63**

CTI4: Unexpected 1.6685 0.3049 0.0387 0.0258 0.0085

9.53** 3.78** 0.99 3.56%* 3.53**

Expected open interest —3.2381 —0.4463 —0.1996 —0.0174 0.0166
—-2.41* -1.38 -1.24 -0.79 1.54

Unexpected open interest 0.2098 —0.2483 —0.0919 0.0058 0.0011
0.94 —2.88%* 2.10* 0.93 0.44

Number of trades 0.0002 —-0.0002 0.0013 0.0016 0.0001
1.25 -1.11 3.65%* 6.00%* 0.78

Sum of 10 lagged volatilities 0.4168 0.5527 0.0513 0.0175 0.1493
4.23** 5.91** 0.38 0.15 0.96

Sum of 10 lagged unexpected 0.1902 —0.3461 —0.1468 0.0240 -0.2205
returns 1.52 —2.71%* -1.17 0.21 —1.84

Adjusted R 0.321 0.221 0.297 0.324 0.257

Panel B: Garman—Klass Volatility Measure

Intercept 0.2348 —-1.3645 -0.2763 —0.4485 —0.9465

0.60 -0.29 —4.33*%* —6.24** —6.18**

CTI2: Clearing member: Expected —0.9875 2.2504 0.0448 0.0243 —0.0145

—-1.08 1.05 0.99 2.14* —4.21%*

CTI2: Unexpected -1.0576 —-0.3618 —0.0222 0.0137 —-0.0028
-1.60 -0.23 -0.62 2.01* -1.16

CTI3: Other floor traders: Expected —0.7893 —7.9787 —0.1046 —0.0438 0.0126

-0.97 -1.52 -0.31 -1.99 2.45%
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Table II—Continued

Futures Market: Silver MMI Munis T-Notes T-Bonds

Panel B (Continued): Garman-Klass Volatility Measure

CTI3: Unexpected —0.7296 —12.5765 0.0752 —0.0223 0.0110

-1.79 —2.69%* 0.48 —2.08* 3.16**

CTI4: General public: Expected 1.4098 4.6525 0.0075 0.0235 0.0089

2.47* 3.34** 0.20 2.51* 4.42%*

CTI4: Unexpected 2.8184 5.2600 0.0803 0.0108 0.0050

10.36%* 3.36%* 3.40** 2.32*% 3.25%*

Expected open interest —2.3517 —10.2354 —0.0744 —0.0324 —0.0084
-1.16 -1.59 -0.77 —2.28* -1.23

Unexpected open interest 0.2458 —1.5516 0.0361 —0.0043 0.0012
0.72 -0.91 1.36 -1.14 0.71

Number of trades 0.0010 —0.0102 0.0019 0.0018 0.0006

4.08** —2.41* 8.14%* 10.94** 5.80%*

Sum of 10 lagged volatilities 0.5741 0.3752 0.1046 —0.0509 0.1747
7.55%* 4.10** 1.29 —0.65 1.80

Sum of 10 lagged unexpected 0.3124 —13.4226 —0.0355 0.0789 -0.0117
returns 1.63 —4.56** -0.47 111 -0.16

Adjusted R? 0.448 0.297 0.628 0.676 0.629

Panel C: High-Low Volatility Measure

Intercept 0.5624 0.3802 0.1822 -0.0324 —0.2315
2.70%* 0.86 3.25%* -0.53 -2.19*

CTI2: Clearing member: Expected -0.1364 0.0588 0.0699 0.0509 —0.0130

-0.33 0.32 1.70 4.31%* —4.36%*

CTI2: Unexpected —-0.2366 —-0.0148 0.0725 0.0127 —0.0037
-0.78 -0.11 2.23* 1.93* -1.78

CTI3: Other floor traders: Expected —0.4136 —0.4832 —0.3419 —0.0693 0.0083
-1.10 -1.09 -111 —3.12%* 1.92

CTI3: Unexpected —0.3425 —0.8478 —0.0141 —-0.0227 0.0078

—1.80* —2.14* -0.10 —2.15* 2.61%*

CTI4: General public: Expected 0.4899 0.2910 -0.0239 0.0072 0.0081

1.85 2.41* —0.70 0.79 4.56%*

CTI4: Unexpected 1.2257 0.8095 0.0543 0.0130 0.0081

9.74%* 6.12%* 2.49* 2.83** 6.14**

Expected open interest —0.7397 —0.8844 —0.0816 —0.0109 0.0008
-0.79 -1.61 -0.93 -0.77 0.13

Unexpected open interest 0.1051 —0.0828 0.0159 0.0070 0.0023
0.66 —0.57 0.67 1.90 1.59

Number of trades 0.0005 —0.0004 0.0023 0.0021 0.0004

4.18%* -1.16 9.79%* 12.50** 4.30**

Sum of 10 lagged volatilities 0.6261 0.7123 0.1070 0.0425 0.3802

8.40%* 11.61%* 1.30 0.59 4.07**

Sum of 10 lagged unexpected 0.1814 —1.0979 —0.0802 0.0063 —0.0508
returns 2.01* —4.25%* -1.16 0.09 -0.81

Adjusted R? 0.452 0.529 0.684 0.720 0.676

* , ** Significant at the 5 percent level and at the 1 percent level or greater, respectively.

tance of the unexpected volume variables over expected volume for all sets of
results supports the hypothesis that traders who lack information about
order flow and pit dynamics are unable to distinguish the liquidity demand
of large hedgers from the volume associated with changes in fundamental
value.
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The open interest variables are significant in only one of 20 cases, and the
lagged returns are only significant for the MMI contract and the silver high-
low formulation (three of 20 cases).l® The lagged volatilities are significant
in five of the 10 cases, but the number of trades is significant in nine of the
10 cases. Our findings support Harris’s (1987) suggestion that the number
of trades represents an important variable in the volatility-volume relation.

Interestingly, refitting the model without the number of trades causes the
lagged volatilities to be significant in all 10 cases, suggesting that these vari-
ables may be imperfect proxies for one another. Moreover, the ¢-values for the
lagged volatilities are always smaller when we include the number of trades.
This illustrates the importance of the number of trades in the model and im-
plies that lagged volatility may be less important than past studies suggest.
We note that six of the seven cases in which lagged volatility is significant (for
all three formulations) are for silver and the MMI contract, the least liquid of
the contracts.!* Also, the correlation between volume and the number of trades
for stocks given in Jones, Kaul, and Lipson (1994b) ranges from 0.613 to 0.643
across capitalization groups. Our corresponding correlations are 0.336 (sil-
ver), 0.848 (MMI), 0.793 (munis), 0.797 (T-notes), and 0.702 (T-bonds).

Our results differ from the stock market tests of Jones et al. (1994b), who
show that the volatility-volume relation is actually a volatility-number of
trades relation and that volume has no explanatory power. The volume-
number of trades relation in our results show a high correlation (0.70 to 0.85
for the more liquid contracts) between these variables.

When we include CTI1 in the analysis then (across all three volatility
measures) 17 of the 30 CTI1 coefficients are significant, and 11 of these are
negative. Hence, pure floor traders (scalpers) tend to reduce volatility, since
they take the opposite position of other traders—that is, CTI1 traders pro-

19 Eliminating the crash effect for the MMI contract (from October 15 to October 28) reduces
the R? values, especially for the Garman—Klass (1980) formulation; moreover, the lagged re-
turns remain significant. Separating the MMI contract into pre-crash and post-crash series
decreases the R? values for each of the three measures of volatility, often substantially, but it
does remove the lagged returns as a significant variable. Limit days for T-bonds/T-notes due to
the stock market crash were removed from the database for the days when volume was ad-
versely affected.

11 The effects of the bid-ask spread and lack of liquidity are examined by calculating Roll’s
(1984) bid-ask estimator for the silver contract using all transactions prices for selected days.
The average estimated bid-ask spread is 0.74 cents with a (daily) standard deviation of 0.19 (all
spread estimates are positive). The average transaction price change is 0.46 cents, with 61
percent of the price changes being 0.50 cents, and fewer than five percent of the changes are
greater than 0.50 cents. The noise created by the bid-ask spread would have the greatest effect
on the high and low prices. Applying the above numbers to the high-low measure for silver
reduces this range by 8.2 percent and creates a variability of 4.1 percent for the range. How-
ever, because the volatility-volume results for silver are consistent with those of the liquid
contracts, any effect of the bid-ask spread seems to be negligible. The bid-ask spread would
have a much smaller effect on more liquid contracts. Measures of volatility using the open
and/or close prices would be affected even less by the spread, since daily open and close prices
use the median price of the first/last minute of trading (a committee sets the closing price when
there is insufficient liquidity). These daily closing prices are the data used by other researchers.
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vide short-term liquidity. When we use four (three) CTI variables, the num-
ber of significant coefficients are 8 (12), 13 (10), and 22 (23) for CTI2, CTI3,
and CTI4, respectively. The general public remains as the most important
variable, with all 22 of its significant coefficients being positive. The coef-
ficients for the other variables remain mixed in sign. There are two addi-
tional positive, significant coefficients for CTI3 and one less for CTI2 for the
four variable results compared to the results presented here.

D. The Model Fit and Directional Volatility Results

We examine the explanatory power of several volatility-volume models in
Table III. The adjusted R? values for the standard deviation approach using
the complete model (all activity variables) in Panel A are similar to the val-
ues reported by Bessembinder and Seguin (1993), although they are higher
here for T-bonds using category volumes. The adjusted R2? values for the
intraday volatility measures with the CTI categories in Panels B and C,
ranging from 30 percent for the MMI (Garman—Klass (1980)) to 72 percent
for T-notes, are substantially higher than both the values for the close-to-
close volatility model and the values reported by other researchers for in-
traday measures of the volatility-volume relation. Our adjusted R? results
using three CTI categories are significantly higher than the majority of
contracts—including silver—studied by Cornell (1981), who uses a five-day
averaging window of volume in the regression equation. Our results also
demonstrate a stronger explanatory relation than those of Chang and
Schachter (1997) and Grammatikos and Saunders (1986), who use high-low
and Garman-Klass variance estimators, respectively. When we use all four
category variables, then the adjusted R2 results are only zero to two percent
higher than when we use only the CTI2, CTI3, and CTI4 variables for all
volatility formulations, with one case having an improvement of four percent.

Table IIT also provides a comparison of the explanatory power for our cat-
egory volume model to simpler models. We label the category volume model
as the “complete model with CTI categories” in the middle set of columns of
Table III. The “complete model with total volume” omits the breakdown into
CTI volumes, and the simple models use only total or category volume as
independent variables, without any additional variables.

The CTI complete model shows an increase in R? of up to seven percent
over the total volume complete model, although in most cases the improve-
ment is five percent or less. The similarity in R? values between total vol-
ume and CTI volume complete models is due to the correlation of 0.94 between
CTI4 (the general public), the group that dominates the positive volatility-
volume relation, and total volume. However, comparing the complete model
to the simple model shows a dramatic improvement of 15 to 48 percent (with
an average of 27 percent) for total volume and 9 to 45 percent (and an av-
erage of 23 percent) for CTI volume for the intraday volatility measures. The
typical improvement for the standard deviation formulation is a more mod-
est 5 to 10 percent (17 percent for the MMI contract). Thus, the inclusion of
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Table ITT
R? Values for Regressions of Volatility on Volume
for Different Models and Measures of Volatility

This table shows volume on volatility regressions for five futures contracts for two years of daily
observations. This table presents a comparison of adjusted R? values for simple and complete mod-
els of volatility on volume. The simple model uses only volume (without partitioning into expected
and unexpected categories). The complete model includes expected and unexpected volumes, changes
in open interest categories, number of trades, lagged volatilities, lagged returns, and daily dum-
mies. The “total volume” column employs only expected and unexpected total volumes, with the
“CTI categories” model using expected and unexpected volumes for clearing members, other floor
traders, and general public traders. The complete model as shown is first estimated without a di-
rection dummy variable and then is reestimated with a dummy variable (direction dummy model).
The dummy indicates increasing or decreasing volatility. An ARIMA (0,1,10) model calculates the
expected volume values using the previous day’s volume and the 10-day moving average of the
change in volume. The unexpected volume is total volume minus expected volume. The dependent
volatility variable is based on the daily standard deviation, Garman-Klass (1980), and high-low
measures of volatility. MMI is the Major Market Index.

Simple Model Complete Model Direction Dummy Model
Total CTI Total CTI Total CTI
Volume Categories Volume Categories Volume Categories

Panel A: Standard Deviation

Silver 0.200 0.301 0.251 0.321 0.567 0.538
MMI 0.019 0.048 0.192 0.221 0.575 0.477
Munis 0.195 0.222 0.288 0.297 0.536 0.523
T-notes 0.214 0.211 0.318 0.324 0.517 0.552
T-bonds 0.095 0.185 0.196 0.257 0.538 0.480

Panel B: Garman—Klass

Silver 0.242 0.352 0.399 0.448 0.505 0.547
MMI 0.003 0.049 0.273 0.297 0.296 0.314
Munis 0.374 0.412 0.621 0.628 0.648 0.654
T-notes 0.413 0.422 0.662 0.676 0.672 0.685
T-bonds 0.289 0.431 0.590 0.629 0.620 0.652

Panel C: High-Low

Silver 0.237 0.315 0.419 0.452 0.665 0.680
MMI 0.017 0.080 0.503 0.529 0.591 0.607
Munis 0.435 0.464 0.679 0.684 0.747 0.748
T-notes 0.463 0.474 0.705 0.720 0.760 0.777
T-bonds 0.337 0.477 0.635 0.676 0.763 0.787

factors such as lagged volatilities and the number of trades (and, for the
MMI contract, the lagged returns) has a pronounced effect on the proportion
of the variability of volatility that can be explained by our models.

The last two columns in Table III show the results after adding a dummy
variable that is set to one when volatility increases from the previous day
and zero otherwise. This variable allows for a nonlinear change in the dis-
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persion of beliefs when markets are “noisy”—that is, the volatility-volume
relation appears to strengthen when volatility increases. When the dummy
variable is added to the standard deviation formulation, R? values typically
increase by 20 percent or more. Using the high-low measure of volatility, the
increase in B2 is 6 to 23 percent for CTI category volume and 6 to 24 percent
for total volume. The increase for the Garman—Klass (1980) measure is only
1 to 3 percent (except for silver), suggesting that the direction measure adds
little to explain the fit of the Garman—Klass results. Coefficients on this vari-
able are positive and highly significant in every regression. Moreover, the im-
portance of the activity variables is similar to that found in the Table II results.
In particular, the general public and the unexpected components of the vol-
ume variables remain the most important factors affecting volatility.2

The methodology for this model assumes that the errors are normal. Mis-
specification errors may occur if normality does not hold. However, only a few
equations have nonnormal errors. We test all models reported here and find
that the errors are significantly nonnormal in only nine of 90 regressions. Only
three of the nonnormal equations use the CTI category volumes emphasized
in this paper. The other six occur when we use only total volume. Five of the
nonnormalities are for T-notes and muni bonds and three are for T-bonds. Six
of the nine use the high-low formulation (including all three of the nonnormal
CTI equations), two use Garman—Klass, and one uses the standard deviation
formulation. Fifteen of the equations that use the Schwartz-criterion-determined
optimal lag results (not shown here), rather than the inclusive value of 10 dis-
cussed here, exhibit nonnormal errors.

IV. Conclusions

An important new finding that emerges from our study is that the posi-
tive volatility-volume relation is determined by the general public. We asso-
ciate the influence of the general public on volatility to their distance from
the futures trading pit. Their distance creates a lack of private, semifunda-
mental information, which in turn creates a greater dispersion of beliefs.
This finding is consistent with the Harris and Raviv (1993) and Shalen (1993)
models, in which groups with more disagreement cause a stronger volatility-
volume relation.

Moreover, the relation between clearing members and other floor traders
with volatility is often negative. This suggests that information about fu-
tures pit trading and order flow from trading activities may actually help
reduce risk and therefore enhance the value of holding a seat.

12 In fact, when we add the direction dummies, the unexpected variables are significant for
25 of 45 CTI coefficients, but the expected variables are significant for only 16 of the 45 coef-
ficients. Both the number of significant CTI coefficients and the proportion of positive and
negative significant coefficients remain almost identical to the nondirectional results. Only
four of 90 coefficients change sign, and none of these are significant. All of the directional
dummy coefficients are highly significant and an additional seven lagged volatility coefficients
are significant, as compared to the nondirectional results.
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We show that when the high-low intraday volatility measure is used, mod-
els that incorporate trader type, number of trades, and lagged volatility can
explain as much as 72 percent of the variability in volatility. Further, adding
a dummy variable to identify increasing or decreasing volatility improves
the explanatory power of the model.

We also find that the unexpected volume series (changes in volume) for the
general public is consistently more important than the expected volume series
(normal level of volume) in explaining volatility. This supports the hypothesis
that traders who lack information about order flow and pit dynamics are un-
able to distinguish liquidity demand from fundamental value change.

In associating the general public with increases in volatility, our results
are consistent with those of Jones, Kaul, and Lipson (1994a), who find that
public, rather than private, information is the major source of short-term
volatility. They also support the hypothesis in the noise literature (see De-
Long, Shleifer, Summers, and Waldmann (1990a, 1991)) that noise traders
are associated with excess volatility and that they can dominate a market.
Data sets, such as the Liquidity Data Bank, that make available trading
volume by type of trader, can help researchers investigate these types of
issues, and may provide answers for questions such as which type of trader
is more consistently profitable in the futures markets.

REFERENCES

Admati, Anat R., and Paul Pfleiderer, 1988, A theory of intraday patterns: Volume and price
variability, Review of Financial Studies 1, 3—40.

Bessembinder, Hendrik, and Paul J. Seguin, 1992, Futures-trading activity and stock price
volatility, Journal of Finance 47, 2015-2034.

Bessembinder, Hendrik, and Paul J. Seguin, 1993, Price volatility, trading volume, and market
depth: Evidence from futures markets, Journal of Financial and Quantitative Analysis 28,
21-40.

Black, Fischer, 1986, Noise, Journal of Finance 41, 529-544.

Chang, Eric C., and Barry Schachter, 1997, Interday variations in volume, variance and par-
ticipation of large speculators, Journal of Banking and Finance 21, 797-810.

Clark, Peter K., 1973, A subordinated stochastic process model with finite variance for specu-
lative prices, Econometrica 41, 135-156.

Cornell, Bradford, 1981, The relationship between volume and price variability in futures mar-
kets, Journal of Futures Markets 1, 303-316.

Daigler, Robert, 1997, Intraday futures volatility and theories of market behavior, Journal of
Futures Markets 17, 45-74.

Davidian, M., and R. J. Carroll, 1987, Variance function estimation, Journal of the American
Statistical Association 82, 1079-1091.

DeLong, J. Bradford, Andrei Shleifer, Lawrence H. Summers, and Robert J. Waldmann, 1990a,
Noise trader risk in financial markets, Journal of Political Economy 98, 703-739.

DeLong, J. Bradford, Andrei Shleifer, Lawrence H. Summers, and Robert J. Waldmann, 1990b,
Positive feedback investment strategies and destabilizing rational speculation, Journal of
Finance 45, 379-395.

DeLong, J. Bradford, Andrei Shleifer, Lawrence H. Summers, and Robert J. Waldmann, 1991,
The survival of noise traders in financial markets, Journal of Business 64, 1-19.

Diebold, Francis X., 1986, Comment on modeling the persistence of conditional variance, Econo-
metric Reviews 5, 51-56.



The Impact of Trader Type 2315

=+ Ederington, Louis H., and Jae Ha Lee, 1993, How markets process information: News releases
and volatility, Journal of Finance 48, 1161-1191.

=+ Ederington, Louis H., and Jae Ha Lee, 1995, The short-run dynamics of the price adjustment
to new information, Journal of Financial and Quantitative Analysis 38, 117-134.

=+ Epps, Thomas W., and Mary Lee Epps, 1976, The stochastic dependence of security price changes
and transaction volumes: Implication for the mixture-of-distributions hypothesis, Econo-
metrica 44, 305-322.

=+ Fishman, Michael J., and Francis A. Longstaff, 1992, Dual trading in futures markets, Journal
of Finance 47, 643-672.

Foster, Andrew J., 1995, Volume-volatility relationships for crude oil futures markets, Journal
of Futures Markets 15, 929-951.

=+ French, Kenneth R., and Richard Roll, 1986, Stock return variances: The arrival of information
and reaction of traders, Journal of Financial Economics 17, 5-26.

Gallant, A. Ronald, David Hsieh, and George E. Tauchen, 1991, On fitting a recalcitrant series:
The pound/dollar exchange rate 1974-83; in W. A. Barnett, J. Powell, and G. Tauchen, eds.:
Nonparametric and Semiparametric Methods in Econometrics and Statistics, Proceeding of
the Fifth International Symposium in Economic Theory and Econometrics (Cambridge Uni-
versity Press, Cambridge).

Gannon, Gerald L., 1994, Simultaneous volatility effects in index futures, Review of Futures
Markets 13, 1027-1068.

=+ Garman, Mark, and Michael Klass, 1980, On the estimation of security price volatilities from
historical data, Journal of Business 53, 67-78.

=+ Grammatikos, Theoharry, and Anthony Saunders, 1986, Futures price variability: A test of
maturity and volume effects, Journal of Business 59, 319-331.

=+ Harris, Lawrence, 1986, Cross-security tests of the mixture of distributions hypothesis, Journal
of Financial and Quantitative Analysis 21, 39-46.

=+ Harris, Lawrence, 1987, Transaction data tests of the mixture of distributions hypothesis, Jour-
nal of Financial and Quantitative Analysis 22, 127-141.

=+ Harris, Milton, and Artur Raviv, 1993, Differences of opinion make a horse race, Review of
Financial Studies 6, 473-506.

=+ Hiemstra, Craig, and Jonathan D. Jones, 1994, Testing for linear and nonlinear Granger cau-
sality in the stock price-volume relationship, Journal of Finance 49, 1639-1664.

=+ Ito, Takatoshi, Richard K. Lyons, and Michael T. Melvin, 1998, Is there private information in
the FX market? The Tokyo experiment, Journal of Finance 53, 1111-1130.

Jones, Charles M., Gautam Kaul, and Marc L. Lipson, 1994a, Information, trading, and vola-
tility, Journal of Financial Economics 36, 127-154.

=+ Jones, Charles M., Gautam Kaul, and Marc L. Lipson, 1994b, Transactions, volume and vola-
tility, Review of Financial Studies 7, 631-651.

Kodres, Laura E., and Matthew Pritsker, 1997, Directionally similar position taking and herd-
ing by large futures markets participants, Working paper, International Monetary Fund,
Washington, D.C.

Kuserk, Gregory J., and Peter R. Locke, 1993, Scalper behavior in futures markets: An empir-
ical investigation, Journal of Futures Markets 13, 409-431.

=+ Kyle, Albert S., 1985, Continuous auctions and insider trading, Econometrica 53, 1315-1335.

=+ Lamoureux, Christopher G., and William D. Lastrapes, 1990, Heteroskedasticity in stock re-
turn data: Volume versus GARCH effects, Journal of Finance 45, 221-230.

=+ Lamoureux, Christopher G., and William D. Lastrapes, 1994, Endogenous trading volume and
momentum in stock-return volatility, Journal of Business and Economic Statistics 12, 253—
260.

=+ Manaster, Steven, and Steven C. Mann, 1996, Life in the pits: Competitive market making and
inventory control, Review of Financial Studies 9, 953-976.

=+ Phillips, Gordon M., and Robert J. Weiner, 1994, Information and normal backwardation as
determinants of trading performance: Evidence from the North Sea Oil forward market,
The Economic Journal 104, 76-95.



2316 The Journal of Finance

=+ Richardson, Matthew, and Tom Smith, 1994, A direct test of the mixture of distributions hy-
pothesis: Measuring the daily flow of information, Journal of Financial and Quantitative
Analysis 29, 101-116.

=+ Roll, Richard, 1984, A simple implicit measure of the effective bid-ask spread in an efficient
market, Journal of Finance 39, 1127-1139.

=+ Schwarz, G., 1978, Estimating the dimensions of a model, Annals of Statistics 6, 461-464.

=+ Schwert, G. William, 1990, Stock volatility and the crash of ’87, Review of Financial Studies 3,
77-102.

=+ Shalen, Catherine T., 1993, Volume, volatility, and the dispersion of beliefs, Review of Financial
Studies 6, 405-434.

=+ Tauchen, George E., and Mark Pitts, 1983, The price-variability-volume relationship on spec-
ulative markets, Econometrica 51, 485-505.

Wiley, Marilyn, and Robert Daigler, 1998, Volume relationships among types of traders in the

financial futures markets, Journal of Futures Markets 18, 91-114.



	Article Contents
	p. 2297
	p. 2298
	p. 2299
	p. 2300
	p. 2301
	p. 2302
	p. 2303
	p. 2304
	p. 2305
	p. 2306
	p. 2307
	p. 2308
	p. 2309
	p. 2310
	p. 2311
	p. 2312
	p. 2313
	p. 2314
	p. 2315
	p. 2316

	Issue Table of Contents
	The Journal of Finance, Vol. 54, No. 6 (Dec., 1999), pp. 1939-2406
	Volume Information [pp.  2399 - 2406]
	Front Matter
	The Corporate Cost of Capital and the Return on Corporate Investment [pp.  1939 - 1967]
	Corporate Cash Reserves and Acquisitions [pp.  1969 - 1997]
	Executive Compensation, Strategic Competition, and Relative Performance Evaluation: Theory and Evidence [pp.  1999 - 2043]
	Home Bias at Home: Local Equity Preference in Domestic Portfolios [pp.  2045 - 2073]
	Can the Gains from International Diversification Be Achieved without Trading Abroad? [pp.  2075 - 2107]
	The Dynamics of Discrete Bid and Ask Quotes [pp.  2109 - 2142]
	A Unified Theory of Underreaction, Momentum Trading, and Overreaction in Asset Markets [pp.  2143 - 2184]
	Bank Deposit Rate Clustering: Theory and Empirical Evidence [pp.  2185 - 2214]
	Shorter Papers
	International Evidence on the Value of Corporate Diversification [pp.  2215 - 2239]
	Tax Incentives to Hedge [pp.  2241 - 2262]
	Herding and Feedback Trading by Institutional and Individual Investors [pp.  2263 - 2295]
	The Impact of Trader Type on the Futures Volatility-Volume Relation [pp.  2297 - 2316]
	Call Options, Points, and Dominance Restrictions on Debt Contracts [pp.  2317 - 2337]
	The Stochastic Volatility of Short-Term Interest Rates: Some International Evidence [pp.  2339 - 2359]
	The Delisting Bias in CRSP's Nasdaq Data and Its Implications for the Size Effect [pp.  2361 - 2379]

	Book Reviews
	untitled [pp.  2381 - 2387]
	untitled [pp.  2387 - 2389]

	Back Matter [pp.  2391 - 2398]



