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INTRODUCTION

The popular financial press often implicates program trading as a men-
acing contributor to fluctuations in the stock market. Generalizations
often follow that accuse program trading of facilitating market overre-
actions, resulting in excess market volatility. For example, Newsweek [The
Villain in . . . , (1989)] reports

Stock market investors are generally a forgiving lot, except when it comes
to one thing: volatility. Wild, erratic market swings . . . always provoke their
fury. Now they're on the warpath again, and they've found a familiar villain
to hlame for the volatility; program trading (p. 58)

Statements like this make it clear that investors believe there is a
strong detrimental relationship between program trading volume and vol-
atility. This article estimates the joint distribution of spot and futures
market returns to test the following hypotheses regarding the relationship
between program trading, nonprogram trading, and market volatility:
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H1: Does a unit change in program trading volume result in the same
change in market volatility as a one unit change in nonprogram
trading?

H2: Are buy-program trades associated with the same increase in mar-
ket volatility as sell-program trades?

H3: Does program trading have the same relationship with futures mar-
ket volatility as it does with cash market volatility?

H4: Is the impact of program trading and nonprogram trading on mar-
ket volatility greater in down markets?

Possible regulatory implications based on the findings of this study
will not be addressed for the following two reasons. First, an assessment
would need to be made as to whether market volatility is excessive. Market
volatility is excessive only to the extent that it is attributable to some form
of market imperfection. This study does not identify any source of market
imperfection and, hence, no such claim can be made. Second, there is
sufficient evidence, such as in Hasbrouck (1996), that program trades
are informationally based. Hence, it seems best to view volatility and
program trades as being endogenous to information flows.

The bivariate error correction GARCH model chosen to address
these hypotheses offers several potential benefits. First, the hivariate
model offers a unique opportunity to study the effects of program trading
on both the cash and futures markets. For example, because much of
program trading exploits the mispricing between cash and futures mar-
kets, there is no reason to expect that program trading should affect only
one of these markets.^ Also, institutional differences hetween cash and
futures markets may lead to different price dynamics in response to pro-
gram trading. Specifically, the ability to undertake short positions in the
cash market is impeded by the uptick rule, whereas no such impedance
exists in the futures market. Therefore, any program trade that requires
short positions in the spot market will lead to different pHce dynamics
than trades that require short positions in the futures market. Also, Sa-
muelson (1965) suggested that news, which is often proxied by trading
volume, can have different impacts on cash markets than on futures mar-
kets, depending on the assumptions made about the generating process
of the underlying asset. Further, the Cascade theory^ says that spot and

'This will be discussed in more detail in subsection II.A.
^The Cascade theory, according to the Brady report, can be described as follows: During falling
markets, portfolio insurers liquidate their equity exposure by selling stock index futures. As futures
prices fall below their equilibrium, reverse cash-and-carry arbitrage ensues. Now, the index arbitra-
gers buy futures and sell stocks, driving equity prices lower and futures prices higher. This leads to
reverse cash-and-carry arbitrage, in which portfolio insurers sell futures and buy equity. Therefore,
this cascading of prices downwards leads to the futures arid cash markets undergoing nonsynchronous
periods of rising and falling volatility.
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futures market volatility might be nonsynchronous. This implies that the
relationship between volume and volatility might be different in these two
markets.

Second, the bivariate GARCH model assumes that the relationship
hetween the cash market volatility and trading volume is not independent
of the relationship between the futures market volatility and trading vol-
ume. The bivariate GARCH model allows one to formally test these ideas
by permitting the effect of trading volume to be different in the spot
market than in the futures market. Furthermore, this specification will
produce more efficient parameter estimates than single-equation esti-
mation, and hence more powerful tests about the impact of program trad-
ing on volatility.

Third, this study's model accounts for cointegration between the
cash and futures markets. Brenner and Kroner (1995) demonstrate that
cointegration is a theoretical implication of arbitraging between any two
markets that are fundamentally linked, that is, cash and futures on a
commodity. To account for cointegration, an error correction model is
used, which permits the change in cash and futures prices to respond to
recent arbitrage opportunities. Failure to incorporate cointegration into
the model would result in a misspecified model from which statistical
inference may be invalid [Engle and Granger (1987)]. Furthermore, the
cash market volatility is allowed to interact with the futures market re-
turns, and vice versa, to address the possibility [see Koutmos and Tucker
(1996)] that the cash and the futures returns may not be independent of
volatilities across markets.

Fourth, the model and data set allow testing to determine whether
the relationship between program buy orders and volatility differs from
the relationship between program sell orders and volatility. This is an
important question because any theoretical models of the relationship
hetween program trading and volatility should address the differential
relationships of buy and sell trades, if it exists.

Finally, the program trading volume—volatility relationship in this
article could be a manifestation of the nonprogram volume—volatility re-
lationship in down markets (when both the cash and the futures returns
are negative). The bivariate GARCH model used here allows this hypoth-
esis to be tested.

The remainder of the article is organized as follows: Section II briefiy
summarizes the pertinent literature on the volume—volatility relationship.
Section III descrihes the data and empirical model. Section IV presents
the model estimates and the results from several hypotheses tests regard-
ing the link between program trading and volatility. The final section con-
cludes the study.
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NONPROGRAM TRADING, PROGRAM
TRADING, AND MARKET VOLATILITY

Some Theoretical Considerations

Up to half of program trading^ is motivated by "index arbitrage trading"
[Neal (1992)]. Index arbitrage trades are trades that attempt to exploit
potential arbitrage opportunities. To illustrate, program trading will occur
when the following no-arbitrage condition (ignoring transaction costs) is
violated:

In Ft_-r = lnSt + ln(l + rt^) - In Df^r, (1)

where Fjj- is the price of an index futures at time t that expires at time
T. Sf denotes the stock index price at time t and r^j- is the appropriate
interest rate. D( j is the future value of dividends between t and T on a
portfolio that mimics the index. If for some reason

In F,^r > [In S, + In (1 + n^r) - In D^j], (2)

then the index arbitrage mechanism has the investor borrowing and pur-
chasing the portfolio that mimics the index while selling short the index
futures. One important implication of this is that, to the extent that pro-
gram trades are index arbitrage based, the effect of program trading on
spot market volatility will not be independent of its effect on futures
market volatility. Therefore, a bivariate model should yield more efficient
parameter estimates and test statistics hecause it assumes that the cash
and futures markets are not independent of one another with respect to
their ties to program trading. Also, to the extent that the uptick rule makes
short selling stocks in response to arbitrage opportunities more difficult
than selling futures, the relationship between program trading volume
and volatility is expected to be different in the cash market than in the
futures market.

There is an additional reason to expect the relationship between pro-
gram trading and cash market volatility to be different from the relation-
ship between program trading and futures market volatility. Before the
advent of program trading, macroinformation got impounded into stock
prices through nonprogram trades: Investors bought and sold baskets of
stocks directly. However, with the introduction of the futures market,
information gets incorporated first in futures prices, hecause futures con-

''Other kinds of program trades include [see Neal (1992)] portfolio rebalancing and asset allocation,
and attempt to limit portfolio losses while allowing for upside gains. This often requires selling during
times of declining prices and buying during times of increasing prices.
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tracts are a cheaper way of buying and selling a basket of stocks as the
futures prices move out of line with the cash market prices. In this con-
text, it is not unlikely that program trading has a bigger impact on the
futures market volatility than on the cash market.

The literature relating trading volume to volatility is large compared
to the literature relating program trading volume to volatility. For example,
Clark (1973) suggests that increases in the rate of information How si-
multaneously cause increases in both price variance and trading volume.
Asset prices are modeled as a subordinate processes in which the rate of
information flow acts as the directing variahle. More recent models have
emphasized the role of asymmetric information on asset price volatility
and trading volume. Within a Walrasian equilibrium setting, Epps and
Epps (1976) argue that the effect of information fiows on asset volatility
and trading volume increases with the degree of heterogeneous expecta-
tions. Tauchen and Pitts (1983) argue that the number of traders also
influences the joint distribution of asset volatility and trading volume.
Specifically, as the number of traders increases, price volatility declines
while volume increases. Models of Admati and Pfleiderer (1988) and
Kyle (1985) also predict a positive relationship between trading volume
and price volatility within a noisy rational expectations equilibrium
framework.

In summary, the existing literature suggests that trading volume and
price volatility are jointly determined by information flows and the degree
of dispersion of information. If program trading is not fundamentally dif-
ferent from nonprogram trading, then one should find a similar positive
relationship between program trading volume and price volatility as be-
tween nonprogram trading volume and price volatility [see Karpoff
(1987)]. However, program trading volume may contain information that
is not correlated with the information contained in aggregate market vol-
ume. As Harris, Sofianos, and Shapiro (1990) claim, program trades are
indicative of fundamental changes in information yet to be refiected in
the marketplace. Therefore, it is possible that the response of financial
markets to an increase in program trading may differ from the response
to an increase in aggregate volume. Grossman (1988b) specifically links
portfolio insurance program trades to price volatility. He argues that when
prices are falling, speculators are not informed about the extent to which
insurance related trades will hit the market. Without such information,
speculators might have inadequate funds available to offset program-re-
lated sell orders, so prices fall in excess of what they would have if spec-
ulators had been informed. The shortage of speculative capital creates a
positive net demand for insurance and hence an increase in market vol-
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atility in times of declining markets.'* Brennan and Schwartz (1989) also
link portfolio insurance to market volatility. They claim that in a declining
market, portfolio-insurance—related orders increase the market risk pre-
mium and the returns volatility. Finally, according to Harris et al. (1990),
market participants are sensitive to program sells. Hence, program sells
could promote more nonprogram selling, leading to an increase in overall
volatility in the cash and futures markets.

Previous Empirical Evidence

On October 19, 1987 the Dow Jones Industrial Average fell almost 25%
from the previous close. The Brady Commission Report and the Securi-
ties and Exchange Commission both cited index arbitrage and portfolio
insurance as factors responsible for the stock market crash. In contrast,
the Chicago Mercantile Exchange and the Commodity Futures Trading
Commission both failed to detect evidence of the effects of index arbi-
trage on market volatility. The empirical evidence from academia has been
mixed as well. Grossman (1988a), using program trading data from Jan-
uary, 1987—October, 1987, finds no systematic link between program
trading and market volatility. Furbush (1989), using 5-minute-interval
data from October 14-20, 1987, finds that on October 14, program trad-
ing explains 50% of the variation in the S&P500, whereas on October 19
and 20 its impact was less. Harris et al. (1990), using minute-by-minute
data, found that program trading affects the market volatility. Chung
(1991) uses transaction data and provides some evidence of the link be-
tween index arbitrage and spot and futures market volatility.

This article presents new evidence based on the GARCH model. The
bivariate GARCH model allows the conditional variance—covariance ma-
trix of the stock and futures returns to vary over time. To capture the
effects of program trading on the time-varying volatility in each market,
various types of daily program trading volume are included as exogenous
variables in the time-varying covariance matrix, permitting new insights
into the link between program trading and stock returns volatility.

In a related article, Hasbrouck (1996) concludes that the informa-
tional content of program trades/orders are similar to that of nonprogram
trades. This follows from his finding that program trades, nonprogram
trades, and index-arbitrage trades have similar impact on stock prices.
Although this study does not investigate the relationship between pro-

''Equally plausible is the possibility of excess speculative capital in rising markets. In this case, a net
supply of portfolio insurance exists, which leads to a decrease in market volatility. Only in the case
when net portfolio demand is zero will portfolio-related trades not influence market volatility.
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gram trades and market volatility, the relationship does have some im-
portant implications for this study. Specifically, because program trades
are found to be informationally based, statements about whether program
trades create excess market volatility simply are not justified.

EMPIRICAL MODEL AND DATA

The Empirical Model

The conditional first moments of the bivariate distribution of the S&P500
cash and near-term futures returns are parametrized as a bivariate error
correction model, as in Kroner and Sultan (1993) and Chan, Chan, and
Karolyi (1991):

4

A In S, = )9sO + Psvol NYSE, -I- 2 f^s,i^i,t
i = l

+ y^ilnSt-i - lnF,_i) H- ê ,̂ (3a)
4

A In F, = pfo + Pf^a NYSE, + X Pf,iDi,t
i = l

h) (4)

where A In Sj, and A In F, denote the change in the natural log of daily
cash and futures prices, respectively, NYSE, is total NYSE trading volume
(in millions of shares), Dj, are day-of-the-week dummies, î/,_i is the
information set at time t — 1, and D(0, H,) refers to an as-yet-unspecified
bivariate conditional distribution with mean zero and covariance matrix

Volume is allowed to be a regressor in the mean equations to avoid
the possibility of finding a spurious volume/volatility relationship in the
variance equations. The term (In S,_i — In F^_l), often referred to as an
error-correction term (ECT), is included in the mean to account for the
fact that cash and futures markets are cointegrated. In the event that
these two markets are cointegrated, omitting the ECT from the mean
equations leads to model misspecification. So the ECT term measures
the amount of short-run disequilibrium in the long-run relationship be-
tween these markets.

Unfortunately, intraday transactions data are not available for this
study. If transaction data were used, then the ECT could be thought of
as measuring the impact of index arbitrage opportunities on returns. In-
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tuitively, y^ and yf measure the speed with which each market responds
to deviations from the no-arbitrage equilibrium condition given in eq. (1).
For example, if y^ is large and negative, then deviations that have the spot
underpriced, as in eq. (2), will result in a large increase in the spot price
next period.^

The conditional second moments of the hivariate distribution of spot
and futures returns are parametrized as a bivariate GARCH(1,1) model.
To distinguish the effects of program trading volume and nonprogram
trading volume, the following specification for the covariance matrix is
used:

where the elements of the H, matrix are

(5)

hf,t =
\ + ^J,SELL, + ^PPT, +

y.sfis,t-1 ^/,t - 1 + Ps^sf.t-1
' + / S * / ; F T T -I- riPrPT + /^".PNPT

%SELL,

The volume variables are

BUY, = volume of executed buy program trade orders

SELL, = volume of executed sell program trade orders

PT, = total program trade orders (BUY, + SELL,)

NPT, = total nonprogram trade volume (NYSE, - PT,).

In this model, current volatility (^jj,) is parametrized as a function of past
shocks to the asset (ei,_i and hnf_i) and a set of volume variables. See
Engle and Kroner (1994) for the properties of this model. Of course, not
all the volume variables are put into the model at the same time, because
that would generate perfect multicollinearity.

Preliminary estimation with a conditional normal distribution in (4)
reveals substantial excess conditional kurtosis. As demonstrated in Bol-
lerslev and Wooidridge (1992), this invalidates traditional inference pro-
cedures. Therefore, the conditional elliptical t distribution is used in place
of the normal, and the degrees of freedom is treated as another parameter

Clearly, the error-correction term is only an approximation to the no-arbitrage mechanism. It is not
exact because the error-correction model results in an adjustment for any index arbitrage deviation,
even though there is no arbitrage pressure from deviations within transactions bounds. Nonetheless,
the error-correction model still captures the essential features of the index arbitrage mechanism.
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to be estimated.^ The likelihood function is maximized as in [see Muir-
head(1982, pp. 48-49)]

. , /2i , r
7r(v - 2)T Lr(v/2)(77r(v - 2)T L ^ - 2

where n is the number of variables, v denotes the degrees of freedom, H,
is the « X w covariance matrix, and e, is an « X 1 vector. This distribution
converges to the multivariate normal as v —> o°. In this application, n =
2, E[ — (fij,, 6j,) from eq. (3), and H, is given by eq. (5) above.

The Data

Daily returns for January 3, 1988 to December 31, 1991 are computed
from closing prices of the S8E:P5OO cash and the CME S&P500 near-term
futures contracts, giving 1010 observations. Daily volume data for the
same period are from the New York Stock Exchange, including data on
program trades that were executed through the SuperDot system. The
New York Stock Exchange defines program trading volume as the sum of
shares purchased, sold, and sold short for various trading strategies in-
volving 15 or more stocks worth at least 1 million dollars. Because of data
limitations, it is not possible to separate index arbitrage from non-index-
arbitrage volume, even though the relationship between these kinds of
volume and volatility might be different. However, as Neal (1992) sug-
gests, both types of trades respond to violations of eq. (1), suggesting that
the differences might not be large.

Descriptive statistics for daily S&P500 cash and futures returns are
reported in Panel (A) of Table 1. The average daily returns for S8cP5OO
cash and futures are 0.0483% and 0.0481%, respectively Both returns
are leptokurtic and their Bera—Jarque statistics reject the null hypothesis
of normality Engie's (1982) LM test for ARCH is significant for both
series, suggesting that the CARCH equations in (5) are appropriate. The
Phillips and Perron (1988) test for unit roots with a drift indicates that
both series have a unit root. The Engle and Cranger (1987) test for co-
integration (not reported in the table) gives a test statistic of —6.59,
which is less than the 95% critical value of —3.69, indicating rejection
of the null hypothesis that the two series are not cointegrated. These final
two results support Brenner and Kroner (1995), and imply that the bi-
variate error-correction model in eq. (3) may be appropriate.

elliptical t distribution is the distribution of £„ under the assumption that the standardized
residuals >/, = H,~ "^ £, are bivariate t.
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S&P cash
S&P futures
NYSE
PT
NPT
BUY
SELL

NYSE
PT
NPT
Buy
Sell

Mean

0,05
0,05

165,81
19,09

146,73
9,87

9,22

Standard
Deviation

TABLE 1

Descriptive Statistics

Skeivness

Panel A: Summary
0,95
1,06

35,75
18,22
30,92
11,05
7,86

-0,74
-1,17

1,09
4,77

0,85
4,31
4,63

Excess

Kurtosis

Statistics
5,79

10,63
3,92

30,04
3,32

25,51
31,13

Panel B: Correlation Coefficients
NYSE
1,000

PT

0,502
1.000

NPT

0,860
-0,009

1,000

B-J

1505,36
4982,00

844,97
41799,32

585,55
30509,91
44387,73

Buy
0,482
0,923
0,014

1,000

ARCH

16,61
28,08

Sell
0,421
0,884

-0,035
0,636
1,000 •

P-P

-2,97

-2,59
-49,85
-25,94
-13,88
-25,59
-23,79

Note: Daily returns for the S&P500 cash and near-term futures contracts are computed with the use of log differences of
daiiy closing prices from January 3, 1988 to December 31, 1991, NYSE indicates that shares are traded on the New York
Stock Exchange (including program trading), PT is the total number of program trading shares, NPT is the total nonprogram
trading in millions of shares (NYSE-PT), BUY indicates shares purchased in program trades and SELL represents shares
sold in program trades. Volume data are measured in millions of shares, Bera-Jarque (B-J) statistic is a test for normality
that is distributed as xl The null hypothesis is normality, which is calculated as follows:

/skewness^ Excess kurtosi^\

\ 6 •̂  24 I'

ARCH is Engie's (1982) LM test for eighth-order ARCH effects. It is distributed ;(§ under the null hypothesis of no ARCH
and 95% critical value, 15,51, No test for ARCH is made on the volume data because it is not relevant for this study, P-P
is the Phillips and Perron (1988) test for unit roots. The null hypothesis of a unit root is rejected at the 95% level if the test
statistic is less than —3,37,

Descriptive statistics for total program trading volume (PT), buy-
program trading volume (BUY), sell-program trading volume (SELL) and
nonprogram trading volume (NPT) (i.e., total NYSE volume minus total
program trading volume), are also reported in Panel A of Table L Average
daily program trading volume was 19.09 million sbares, of whicb 9.87
million shares were buy orders and 9.21 million shares were sell orders.
Average nonprogram trading volume was 146.72 million shares, almost
eight times larger than program trading volume. Program trade volume is
much more skewed and leptokurtic than nonprogram trade volume, and
does not have a unit root. The correlation coefficients between the various
measures of program trading and nonprogram trading volume are re-
ported in Panel B of Table L The correlation between program trading
volume and nonprogram trading volume is surprisingly low {p =
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-0.089). Similarly, the correlations between NPT and both BUY and
SELL are low, 0.014 and —0.035, respectively. These low correlations
support the notion that the information content of these two indicators
of market activity are different.

EMPIRICAL RESULTS

Model Estimation

The maximum-likelihood parameter estimates from the henchmark bi-
variate GARCH model are presented in the first two columns of Table II,
with asymptotic t statistics in parentheses. The benchmark model in-
cludes eqs. (3)—(5) without any volume variables in the covariance matrix.
Consider first the estimates of the mean equations (3a) and (3h).

Several observations merit mention. First, the coefficients on total
NYSE volume in both mean equations are positive and significant, indi-
cating that volume is higher in rising markets than in declining markets.
This confirms the findings of several studies, dating as far back as Ying
(1966). Several explanations have been proposed for this result. Eor ex-
ample, it could be caused by the high costs of short selling [Jennings,
Starks, and Fellingham (1981), Karpoff (1988)], hy the disposition effect
[Shefrin and Statman (1985), Thaler (1984)], and by positive feedback
trading strategies [Delong, Shleifer, Summers, and Waldmann (1990)].
See Karpoff (1987) for a survey. Second, though not reported in Table II,
the likelihood-ratio test for joint significance of day-of-the-week dummies
is 38.60. This statistic is distributedxl and has 95% critical value, 15.5L
Thus, the null hypothesis that the dummies are jointly zero is rejected
even though many of the individual dummies are insignificant. Therefore,
day-of-the-week dummies are included in the mean equation in all sub-
sequent models.

Third, the error-correction term (ECT) is negative in the cash equa-
tion and positive in the futures equation, suggesting that if the no-arbi-
trage condition [i.e., eq. (1)] is violated because the cash price is too high
(low), the market will react by decreasing (increasing) the cash price next
period and increasing (decreasing) the futures price. Although the indi-
vidual ECT parameters are not significant, the likelihood-ratio test for
their joint significance is 95.05. This is distributed ^2 with 95% critical
value 5.99. Thus, the error-correction term is included in all subsequent
estimations. Note too that this result is expected if cash and futures are

^Because the estimation of the coefficients associated with the conditional covariance equations add
little to the discussion, they are not reported. They are available on request.
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cointegrated, because as Engle and Granger (1987) demonstrate, co-in-
tegration implies that the ECT should belong.

Consider next the estimates of the variance equations (5). The pa-
rameter estimates are generally significant, suggesting that previous
shocks can help to explain current volatility. The term l/D is the estimate
of the reciprocal of the degrees of freedom in the conditional distribution.
It suggests that the degree of freedom is about 5.1, implying that condi-
tional normality would have been an incorrect conditional distribution
for this data set.^ To demonstrate that this model adequately captures
leptokurtosis, the theoretical kurtosis implied by a t distribution is pre-
sented in Table II. In the benchmark model, l/D = 0.197, which implies
a kurtosis of 8.57. This is denoted A:* in Table II. The actual kurtosises
in the residuals, given by k in Table II, are 10.41 and 15.06 for the spot
and futures equations, respectively. Thus, the benchmark model ade-
quately captures the leptokurtosis in the spot equation, but falls a little
short in the futures equation. Finally, the Q{12) statistic, which is the
Ljung-Box test for up to 12th-order serial correlation in ê , is 12.73. This
is distributed X\2 with a 95% critical value, 21.03. Therefore, the model
adequately captures the dynamics in the first moments of spot and futures
returns. The Q^{12) statistic is the Ljung—Box test for up to 12th-order
serial correlation in the squared standardized residuals {eft/hn X and is
distributed Xi2- It is insignificant, which suggests that the CARCH model
adequately captures the dynamics in the second moments of spot and
futures returns.

The middle two columns of Table II report estimates from a bivariate
CARCH model with program trading volume and nonprogram trading
volume included in the variance equations. The coefficients in the con-
ditional mean equations are essentially the same as those reported in the
benchmark model, and diagnostics again reveal that the conditional mean
equations are adequately specified. In the variance equations, the inclu-
sion of program trading and nonprogram trading volume reduces the pa-
rameters on hnf_ 1 and sft_ i to insignificant levels. This is consistent with
the findings of Lamoureux and Lastrapes (1991), who found that the
inclusion of overall trading volume in the conditional variance equation
for individual securities reduced CARCH parameters to insignificant lev-
els. Diagnostic statistics indicate that this model adequately characterizes
the serial correlation in conditional means and variances of spot and fu-
tures returns. Also, the theoretical kurtosis implied by a t distribution

The null hypothesis that 1/v = 0 is the boundary of the parameter space, implying that standard
hypothesis tests are not appropriate for this parameter. However, hased on the simulations in Bol-
lerslev (1987), the estimate of 1/v is significantly different from 0.
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with 1/. 187 degrees of freedom is 7.45, which is close to the observed
kurtosis of 6.57 and 9.53 for the spot and futures equations, respectively.
Therefore, this model adequately captures the leptokurtosis in the data,
suggesting that hypothesis testing from this model should not be affected
by incorrect distributional assumptions.

Coefficients for nonprogram trading volume are positive (though
marginally insignificant) in the conditional variance equations for the
cash and futures markets, whereas coefficients on program trading are
large and strongly significant. The likelihood-ratio test for the joint sig-
nificance of the volume variables is 109.8. This is distributed /^ with a
95% critical value, 12.59. Therefore, the evidence that trading volume in
aggregate is correlated with volatility is very strong. These results provide
clear evidence of a strong positive relationship between program trading
and market volatility, even while nonprogram trading is controlled for.
This is not surprising, and is consistent with Harris, Sofiano, and Shapiro
(1990), and Neal (1992), among others, who find a positive correlation
between program trading volume and price volatility. Several explanations
are mentioned in section subsection II.A.

A potential shortcoming of the preceding model is that it fails to
account for intermarket volatility—returns relationship, as demonstrated
in Koutmos and Tucker (1996), who show that volatility innovations in
futures markets spill over into the spot market. However, the cause of
such spillovers is not directly addressed. In light of their finding, this
study investigates the extent to which program trading volume is a driving
force behind the temporal relationships between spot and future market
second moments. The cash market volatility is allowed to impact the fu-
tures market returns, and vice versa. The failure to include the link be-
tween volatility and returns in the bivariate setting could be misleading,
as it would suggest that they are not related. One way to correct for this
misspecification is to formally test that there is no intermarket volatility
spillover; that is, cash market returns are not affected by futures market
volatility, and vice versa. To test for this intermarket relationship, the
mean equations are specified in the following way:

4 ' '

A In S( = P,fi + ;Ss,voi NYSE, + 2 A,A,t + ys (In S,_i - In Ft_i)

4

A In Ft = Pf^o + j8/,voi NYSEi + 2 PfPi.t + 7/(ln S,_i - In Ft_i)
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where eqs. (3a') and (3b') include three additional conditional volatility
terms. Note that to avoid high multicollinearity, di and S2 in eq. (3a') and
S2 and ^3 in eq. (3b') are set to zero. This specification thus allows an
examination of the issue of volatility spillover to the mean equations. No
changes are needed in the conditional covariance matrix.

The model is jointly estimated with the conditional variance equa-
tions and the results, though not reported here, suggest that there is no
volatility spillover to the mean equations. The log-likelihood value from
this model is — 1325.87, and the likelihood ratio statistic, x^^ with two
degrees of freedom is 2.18, which is not significant at any conventional
level. Several alternative models are evaluated also, with no major
changes in the results.

Hypothesis Tests

It is evident from the volume model in Table II that program trading has
a stronger relationship with volatility than nonprogram trading. Several
hypotheses are tested to evaluate this and related questions. First, the
link between program trading and volatility is examined to determine if
it differs from the link between nonprogram trading and volatility. This is
formalized as hypothesis H1:

Hj: A one-unit change in program trading volume is associated with the
same change in market volatility as a one-unit change in nonprogram
trading volume. That is.

The results reported in Table II indicate that the program trading
volume coefficients are approximately nine times larger than nonprogram
trading volume coefficients. The likelihood-ratio test statistic is 20.73,
which is distributed x\ with 95% critical value, 5.99. Thus, Hj is
rejected.^

Several explanations for this result are available.

1. This could be interpreted as support for the hypothesis that program
trades refiect different information than the information contained in
aggregate market volume. To further support this hypothesis, the au-

'Note that the elasticity of volatility with respect to program trading volume is not statistically dif-
ferent from the elasticity of volatility with respect to nonprogram trading volume, measured on an
average trading day. In other words, on a typical trading day, a 1 % change in program trading volume
is associated with the same percentage change in volatility as is a 1 % change in nonprogram trading
volume. The likelihood-ratio test for this restriction gives a test statistic of 1.68. It is distrihuted ;f2
with a 95% critical value, 5.99.
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tocorrelation coefficients for daily program trading and daily nonpro-
gram trading are computed. The first-order correlation coefficient for
program trading is only 0.114, whereas for nonprogram trading it is
0.470. This dramatic difference in persistence continues at higher
lags. Therefore, in terms of informational content, program trading
volume data seems to be fundamentally different than nonprogram
trading volume data. There are several reasons for this. For example,
index arbitrage program trades are likely to be based on marketwide
information, in contrast to nonprogram trades, which are more likely
(than program trades) to be based on firm-specific information.

2. The relationship between trading volume and volatility is tempered by
both short-selling restrictions and disagreement among investors over
the implications of incoming information [see, for example, Jennings
et al. (1981)]. For program trading volume, however, a relatively small
percentage of trades are subject to short-sell restrictions [Harris et al.,
(1990)].'" Furthermore, unlike nonprogram trades, there is little dis-
agreement among program traders. Program trades usually convey ei-
ther pessimistic views or optimistic views, but not both. Therefore, it
is not surprising that program trades have a stronger correlation with
volatility than nonprogram trades.

3. The two major driving forces behind any kind of trade (whether pro-
gram trade or nonprogram trade) are information and liquidity mo-
tives. If trades are more information (liquidity) based, then the vol-
ume-volatility relationship will be, stronger (weaker). The evidence
suggests that program trades are more information based, whereas
nonprogram trades are more liquidity based. This would be inconsis-
tent with the previously mentioned conclusions of Hasbrouck (1996),
who argues that the informational content of program trades is very
similar to that of nonprogram trades.

The important conclusion from this result is that the program trad-
ing/volatility relationship is substantially different than the nonprogram
trading/volatility relationship. Therefore, care must be taken when apply-
ing the existing volume/volatility models to program trading, and perhaps
the theoretical models of the relationship between nonprogram trading
volume and volatility must be modified to describe the relationship he-
tween program trading volume and volatility.

'"There are other restrictions on program trading, however. For example, Rule 80A restricts program
trades on days when the Dow Jones moves 50 points from the previous close, and the 5-minute
Sidecar restricts trades on days when the Dow Jones moves 100 points from the previous close.
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Another important and closely related result is that the relationship
between overall trading volume and volatility seems to be caused almost
entirely by the strong relationship between program trading volume and
volatility. Though the results are not reported in Table II, putting overall
NYSE volume (= PT -I- NPT) into the variance equations in place of PT
and NPT gives a coefficient on NYSE of 0.049 in the spot variance equa-
tion (t statistic is 3.76) and 0.048 (3.41) in the futures variance equation.
In other words, overall volume is strongly positively correlated with mar-
ket volatility. This is not surprising, and is consistent with a large and
gi-owing empirical literature; see Gallant, Rossi, and Tauchen (1992) for
a recent comprehensive study. Several explanations are available. Very
briefly, it could be caused by: new information reaching investors with
heterogeneous beHefs [Beaver (1968)]; "price pressure" or liquidity ef-
fects [Krause and Stoll (1972)]; the mixture of distributions hypothesis
with volume as the mixing variable [Clark (1973), Epps and Epps (1976),
Tauchen and Pitts (1983), Anderson (1992)]; or positive feedback trading
strategies, in which investors base trading decisions on price movements
[Delong et al. (1990)]. However, as shown in Table II, including PT and
NPT separately gives much lower coefficients and insignificant parame-
ters on NPT. This surprising result suggests that the positive correlations
between overall volume and volatility that permeate the literature might
be caused by the program trading/volatility relationship. At the very least,
it suggests that empirical tests of the volume/volatility relationship should
first purge program trades from the volume data. The results of this study
indicate that the relationship will disappear if this is done.

Next, program trading is disaggregated into program buys and pro-
gram sells to draw inferences regarding the response of volatility to pro-
gram buys and program sells. In the last two columns of Table II estimates
are reported of the full model, which includes buy-program trading vol-
ume, sell-program trading volume, and nonprogram trading volume in
the volatility equations. Postestimation diagnostics reported at the bottom
of the table show that the standardized residuals and squared standard-
ized residuals are free of serial correlation. Also, the conditional t distri-
bution captures the leptokurtosis in the data. The likelihood ratio statistic
for including the three volume variables in the conditional covariance
matrix is 125.00. The test is distributed/g, and has a 95% critical value
of 16.92. Therefore, the hypothesis that program trading and nonprogram
trading volume do not belong in the conditional covariance matrix can
be rejected.

The parameters in the mean equations are qualitatively similar to
those from the other models. In the conditional variance equations, no-
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tice first that the coefficients on NPT are still positive, but borderline
insignificant, suggesting again that the volume/volatility relationship
found in the literature might be specific to program trading volume. Next,
notice that the coefficient on program buying is seven times as large as
the coefficient on nonprogram volume, which supports both the hypoth-
eses that program trading exacerbates market volatility and that program
trading imparts different information from nonprogram trading. Finally,
notice that the coefficients on program selling are 15 times as large as
the coefficients on NPT, and twice as large as those on program buying,
which indicates that program selling imparts different information than
program buying or nonprogram trading.

Although these estimates suggest that both buy- and sell-program
trading volume are positively linked to market volatility, the sizes of the
estimated coefficients differ considerably. It is useful to test if the differ-
ence in size is statistically significant. This may be formally stated as H2:

H2: Buy-program trades are associated with the same increase in market
volatility as sell-program trades. That is,

H2 : Si = dU 4 = %.

The likelihood-ratio test statistic for H2 is 15.01. It is distributed ;f2 ^nd
has a 95% critical value, 5.99. Therefore, H2 is rejected. In other words,
although both kinds of trades are positively correlated with volatility, the
relationship is stronger for sell-program trades than for buy-program
trades. The results are consistent with the analysis in Harris et al. (1990),
who argue that program sells might contrihute to widespread selling,
whereas program buys are less likely to lead to widespread buying. This
will lead to a greater overall volatility with program sells than with pro-
gram buys. The implication of this result is that any theoretical model of
the relationship between program trading and volatility should account
for this differential relationship.

The bivariate framework allows one to test whether the stock market
response to program trading differs from that of the futures market. As
discussed previously, there are several reasons why this hypothesis is in-
teresting. For example, the uptick rule, the Samuelson hypothesis, and
the Cascade theory all suggest a different relationship between volume
and volatility in the cash market than in the futures market. In terms of
this study's model, the hypothesis is

H3: Program trading has the same relationship with futures market vol-
atility as it does with cash market volatility. That is.
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The likelihood-ratio statistic for H3 is 3.48. This is distributed/2 and has
a 95% critical value, 5.99. Therefore, H3 is not rejected—the relationship
between program trading and volatility is the same in the cash market as
it is in the futures market. Thus, at least at the daily frequency, the uptick
rule, the Samuelson hypothesis, and the Cascade theory do not have a
significant impact on the relationship between program trading and mar-
ket volatility. Abstracting from institutional differences between the mar-
kets, to the extent that program trading is index arbitrage based, this is
not surprising. Index-arbitrage-based program trades (and some other
portfolio trades) involve taking opposite positions in the cash and futures
markets, so the volatility induced in each market will be the same.

Finally, one plausible explanation as to why sell-program trades have
a larger impact on market volatility than buy-program trades is that the
latter is more likely to occur during a down market. To investigate this
possibility, the variance equations are augmented with two additional vari-
ables representing program and nonprogram volumes during down mar-
kets. Down markets are defined as those days during which both cash
and futures markets returns decline by at least 1 % from the previous day's
returns. So the dummy variable Down is set equal to 1 when the above
condition is true, and zero otherwise. Finally, the dummy variable (Down)
is premultiplied by program and nonprogram volumes separately to create
these two additional volume variables. The new variance equations are

ss,t = M'« + assef,t-i + PssK^-x + Si BUY, + ^^ SELL, + .Jg PT,

+ S^ NPT, + e , Down»PT, + 02 Down»NPT,

u = w./ + a5/e.,,-ifi/,<-i + AA/,,-1 + 4 BUY, + ^^/SELL, + (5§-PT,

+ df NPT, + e , Down»PT, + 62 Down»NPT,

, = wj- + ocffE%., + ;8j%,,., + 4 BUY, + %SELL, + Sf

PT, + df NPT, + 01 Down»PT, + 02 Down»NPT,

These results are reported in the last two columns of Table II. The down
market program trading variable is found to be marginally significant and
positive in the cash market variance equation., Hence, program trades
have a larger impact on cash market volatility during a down market. In
contrast, nonprogram volume tends to have positive and significant (at
10% level) relationships with both the cash and futures market volatility.
Interestingly, the size of the coefficients on program trading volume is
twice as large as the coefficients for the nonprogram trading volumes
during down markets. Overall, these results further illustrate that the
program trading volume and market volatility relationship documented
in this study is not a manifestation of the down-market artifacts.
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CONCLUSIONS

This article examines the relationship between program trading and vol-
atility in the S8cP5OO cash and futures markets. A bivariate error-correc-
tion model with GARCH error structure extends the literature in several
key respects. First, it examines the effects of program trading simulta-
neously on the stock and futures markets. Second, the GARCH model
allows the joint distribution of stock and futures returns to vary over time
as a function of the information set. Finally, the impact of program trad-
ing on volatility in each market is examined by including program trading
volume in the relevant information set.

Empirical support is found for many of the findings'of Grossman
(1988a, 1988b), Harris et al. (1990), Neal (1992), and others, who study
the relationship between program trading volume and market volatility.
In addition, the relationship between program trades and volatility differs
from the relationship between nonprogram trades and volatility, and the
relationship between volume and volatility disajapears when program
trades are held constant. The results can be summarized as follows.

1. Nonprogram trading is only weakly related to volatility, suggesting that
the strong correlation between aggregate market volume and volatility
is due to the relationship between program trading and volatility.

2. The positive relationship between program trading volume and vola-
tility is much stronger than the positive relationship hetween nonpro-
gram trading and volatility.

3. Sell-program trades are associated with higher market volatility than
buy-program trades.

4. Program trading has the Same effect on futures market volatility as it
has on cash market volatility.

In conclusion, it appears that the existing models on nonprogram trading
volume and market volatility are not adequate to describe the relationship
between program trading volume and market volatility, because these re-
lationships are substantially different. These results also suggest that pro-
gram trading does lead to a higher market volatility, which confirms that
the media's characterization of the role of program trading in contributing
to a higher market volatility may be accurate. The difference is more
pronounced in down markets. However, as suggested earlier in the article,
we make no policy recommendations based upon our results. The extent
to which these results justify regulatory comment is highly circumspect.
The objective of this article is to show that the relationship between pro-
gram trading volume and market volatility differs from that of the rela-
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tionship between nonprogram trading volume and market volatility. Policy
reconimendations regarding program trading must be based upon evi-
dence that program trading causes excess market volatility, an issue that
has not been investigated in this article.

Many interesting questions remain for continued research. For ex-
ample, this article demonstrates a dramatically different relationship be-
tween buy-program trades and volatility than the relationship between
sell trades and volatility. Much more can be done to analyze why these
relationships are so different. Could the size of the orders be related to
their differential impacts on market volatility? Future work could also
examine causality between program trading and volatility [as in Harris et
al. (1990)], or seek to make welfare inferences. But perhaps the biggest
question relates to the relationship between nonprogram trading and vol-
atility. Does this relationship disappear after controlling for program trad-
ing volume, even with higher-frequency data? If so, why does the rela-
tionship between volume and volatility disappear when controlling for
program trades?
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