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Endogenous Trading Volume
and Momentum in Stock-Return Volatility

Christopher G. LAMOUREUX

John M. Olin School of Business, Washington University in St. Louis, St. Louis, MO 63130-4899

William D. LASTRAPES

Department of Economics, Terry College of Business, The University of Georgia, Athens, GA 30602

This article examines the ability of volume data to shed light on the source of persistence in
stock-return volatility. A mixture model, in which a latent common factor restricts the joint density
of volume and returns, is used to relax the assumption of exogenous volume used in previous
studies. We use a point-in-time signal-extraction procedure to identify this latent process and
a calibrated simulation to conduct analysis of the viability of the model to explain important
properties of the data. Using daily returns and volume on individual stocks, our procedure
cannot accommodate serial dependence in squared returns.

KEY WORDS: Autoregressive conditional heteroscedasticity model; Mixture model; Random-
effects model; Small-sample analysis.

Consider the following model for daily stock returns and
trading volume:

n= U]Zl,\/F;, (1)
Vi = aFy + 0220\/F,, 2

and
Fizap+aF1+¢, F, 20, €)]

where r, is the stock return on day t, V; is daily trading vol-
ume, F; is a latent mixing variable, Z; and Z, are mutually
and serially independent stochastic processes with zero mean
and unit variance, and ¢, is a serially independent random
variable with zero mean that is restricted to ensure that F is
always nonnegative. Equations (1) and (2) correspond to the
mixture model of Tauchen and Pitts (1983), which interprets
the latent process as the number of daily information arrivals
to the market. Equation (3) generalizes their assumption that
the information-arrival process is serially uncorrelated. The
primary restriction of the model is that information arrival is
a common factor affecting both daily returns and volume.
This article focuses on a key implication of the model:
The dynamic properties of observed stock returns depend
only on the dynamic properties of the latent mixing variable,
F. For example, the model implies that the first-order auto-
covariance of squared returns is cov(r?, r>_,) = o}var(F)a.
For o = 0, returns are serially independent. For a > 0,
however, squared returns are positively serially correlated.
Such volatility persistence is an actual feature of stock-return
data and was first documented by Mandelbrot (1963). It has
more recently been modeled as a generalized autoregressive
conditional heteroscedasticity (GARCH) process (Bollerslev,
Chou, and Kroner 1992). In this article, we use daily trading
volume to ask whether the d :mented persistence in daily
individual stock-return variuce can be attributed to the par-
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ticular data-generating process in Equations (1), (2), and (3).

The use of volume data to learn about the dynamics of
returns makes this an interesting exercise. As noted by Ross
(1987), arbitrage theories of asset price behavior, typical of
theoretical finance, say nothing about the role of trading vol-
ume. Although recent theoretical models have been devel-
oped to guide intuition about the relationship between vol-
ume and returns, “they have not evolved sufficiently to guide
the specification of an empirical model of daily stock market
data” (Gallant, Rossi, and Tauchen 1992, p. 202). Therefore,
the task of current research is to develop a suitable empirical
framework for using volume to understand market behavior.
This article considers the ability of the simple mixture model
to provide such a framework.

The model places many restrictions on the joint density
of returns and volume. We focus on persistence in return
variance because GARCH models have captivated empirical
work in finance, despite their lack of theoretical rationale.
This observation motivates the work of Lamoureux and Las-
trapes (1990), who demonstrated that contemporaneous vol-
ume is a sufficient statistic for the entire history of squared
returns in a GARCH specification. Although that result is of
interest, it does not shed light on the ultimate source of vari-
ance persistence because inference relies on the assumption
that volume is weakly exogenous. The empirical strategy
here allows us to examine the ability of the mixture model to
motivate GARCH models without conditioning on contem-
poraneous volume data.

Because of the difficulties of applying maximum likeli-
hood techniques to estimate the joint density of r, V, and
F when the latent variable is serially dependent, we employ
a tractable signal-extraction strategy to isolate th¢ model’s
implications regarding serial dependence in returns. The
strategy entails extracting, for each observation in the sam-
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ple, the value of F, that sets the observed values r,2 and V,
as close as possible to the respective conditional means im-
plied by the mixture model. Although ignoring the time
series properties of the data in this step is inefficient, full-
information extraction procedures are likely to be compu-
tationally burdensome and intractable. Given the estimated
values for the latent process, we construct, according to Equa-
tion (1), an adjusted return series that is proportional to the
ratio of returns to the square root of the extracted latent vari-
able. Under the null hypothesis that the mixture model is
valid, F; filters the time dependencies from the return series
so that adjusted returns do not exhibit persistence in vari-
ance. We construct statistics to examine this hypothesis. Be-
cause the asymptotic sampling distributions of the statistics
derived from our estimation procedure are unknown, we use
nonparametric simulations, calibrated to the data, to analyze
the model’s implications on the data-generating process. A
similar strategy for conducting inference in small samples
is found, for example, in the work of Cecchetti, Lam, and
Mark (1990).

Section 1 details the empirical procedure. Section 2 de-
scribes the data, the small-sample properties of the extracted
series and test statistics, and the results regarding the ability
of the model to account for persistence in return variance.
Section 3 concludes by discussing the implications of the
results.

1. EMPIRICAL METHOD

The analysis involves extracting an estimated F process,
adjusting returns according to the mixture model, and then
testing for serial dependence in adjusted returns. The first
step relies only on the common factor restriction implied by
Equations (1) and (2); the level of volume and squared returns
are influenced by a single factor and, furthermore, their serial
dependence is due exclusively to the time series properties of
the common factor. Thus let

_(en\ _ (r?—EW?F,0)
“= (e2,> - (ﬁ, -E(é,m,o)) “
and
E(ete;lFb 0) = Et’ (5)

where 0 = [0 y3 0] and, from (1) and (2), E(?|F,, 6) =
o3F, and E(V,|F,, 0) = o F,. Separately, forr=1...T, we
choose F; to minimize, conditional on a consistent estimator
for 6(9), the following conditional moment criterion:
L= aigy e = Lo 0F0 | (Vo= faF)

2(61F )2 a%F,

(6

The second equality uses the fact that X, is diagonal, due to
the assumption that Z, and Z, are independent. The mini-
mization is accomplished using a Newton—Raphson proce-
dure with analytic derivatives, which always converged in
two to four iterations.

Because the location of F cannot be identified, we normal-
ize F to have unit unconditional mean (i.e., weset ag = 1 — ).
Then the following unconditional moments are implied by

the model:
E(V) = pa, @)
var(r) = 02, ®8)
CULY = o, ©)
and
var(V) — pdot = o2 (10)

Consistent estimators of the parameters in  are just-identified
from these equations using method of moments, assuming
that F is a stationary and ergodic process. Note that the un-
conditional covariance between squared returns and volume
is nonzero and is exploited to obtain estimates of o,, despite
the diagonality of %,. This unconditional covariation is due
solely to the joint dependence of returns and volume on the
common factor F.

Given the extracted F, series, F;, the adjusted return series
can be constructed according to Equation (1):

Zy=—", (1n
aivE,

where 4 is the moment estimator of ;. We then ask whether
the overidentifying restriction of the model that Z;, has no
persistence in variance seems plausible in light of the simu-
lations. Thus we test whether the portion of squared returns
not attributable to F, is serially independent by examining
the magnitude of the Ljung-Box Q statistic (see Granger and
Newbold 1986, p. 100) for Z?,.

Even though we use only (r, V,) to extract F,, there is a
sense in which our analysis depends on the entire sample and
hence may benefit from increasing the sample size. First,
the moment estimators from the first step use all of the sam-
ple. Second, our analysis focuses on the serial correlation
of 22, not on the value of 2; itself. If the error in the ex-
traction is large but serially independent, we can still hope
to improve our understanding of the time series properties of
Z, by adding additional data. Nevertheless, the asymptotic
properties of the test statistic are unknown. We therefore con-
duct our analysis by simulating the sampling distribution of
the test statistic under the null hypothesis that the full model
is valid. The simulations are calibrated to the data and are
described in Section 2.

We summarize the serial dependence in returns, in addition
to the Q statistics, by estimating a GARCH (1, 1) model:

Yi=ap+aiy—1 +é, (12)
€ ~ N(O, h,), (13)

and
hy =7+ 'Ylfpz_l +Y2h—1, (14)

where y, is an observable random variable. To establish that
our sample of returns exhibits GARCH persistence in vari-
ance, we report estimates of the model for y = r. We then
examine whether this persistence remains after conditioning
on the mixture model by repeating the estimation for y = Z;.
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2. RESULTS
2.1 Simulations and Small-Sample Properties

We apply the procedure to a sample of daily returns and
volume data for 10 individual companies covering the period
January 3, 1967, through December 30, 1987 (4,858 trading
days). All analysis is conducted on seven nonoverlapping
subperiods consisting of 727 to 759 observations. The returns
are cash dividend adjusted, close-to-close (last transaction
of the day), taken from the Center for Research in Security
Prices tapes. Volume is the number of shares traded in the
day, taken from the Standard & Poor’s Daily Stock Price
Guide. In the event of a stock split, volume data on the ex-
split day and subsequent days in the sample are divided by
the split factor. There are no stock dividends in the sample.

Because the distributional forms of the random shocks Z;,
Z,, and ¢ are not specified by the model, we use the data to
determine the nature of the densities used in the simulations.
The calibrated simulation proceeds in four steps. In the first,
we choose a representative company/period (Bristol-Myers,
period 1—1/2/70 to 12/29/72), perform the extraction proce-
dure, and filter the implied variables 21, 25, and F. The fil-
ters used are an (autoregressive) AR(1) in mean for 2, and 2,,
AR(3) in mean for F;, and GARCH(l, 1) for conditional vari-
ance in 2, and Z,. The time series filters are specified based
on the autocorrelation functions of the extracted variables.

In the second step, we randomly sample with replacement
from the standardized residuals of the three time series mod-
els. These random draws are then used to simulate the three
stochastic variables in the model over the sample period of
755 observations. Importantly, Z;, is generated as a serially
independent process because this is the maintained null hy-
pothesis. However, Z,, is recolored to allow for the serial
dependence found in the data because such dependence is
not inconsistent with serial independence of Z;. Zero un-
conditional mean and unit unconditional variance of Zy, is
maintained in the simulation. F; is simulated according to
Equation (3), where « is set, alternately, to .5, .9, and .99
and the unconditional variance of the simulated F process
is set equal to the sample variance of the extracted series of
the representative company/period. Negative draws on F oc-
cur infrequently throughout the simulation. In such cases, F
is set to its absolute value, which amounts to truncating the
distribution of ¢ to ensure positive F.

Third, given the simulated values of Z;, Z;, and F, data
for r and V are simulated over the sample period accord-
ing to Equations (1) and (2). Values for oy and o, are set
to .014 and 223, respectively (see Table 2, Sec. 2.2, Com-
pany/Period 3/1), but u, equals 335 so that u; /0, equals its
grand mean over companies and subperiods of 1.5. To en-
sure that simulated volume is always positive, we truncate
Z,, forcing its minimum value to be —1.13. This truncation
affects the lower 7% tail of the empirical density of Z,.

Finally, we perform on the simulated data exactly the ex-
traction and estimation procedures used on the actual data.
In many cases, the moment estimator of o, is negative. In
such cases, we use a shrinkage estimator for o,. Specifically,
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from the raw data, we have moment estimators of the 6 pa-
rameters for each of 10 companies in each of seven distinct
periods. In 55 of these 70 cases, the moment estimate of o,
is nonnegative. The shrinkage estimator for o, is .667 X fiz,
where .667 represents the average ratio of &5 to fi; across the
55 nonnegative cases (its grand mean).

The four steps are replicated 5,000 times to generate sam-
pling densities, from which the properties of this empirical
procedure can be determined. Table 1 reports these sampling
densities for statistics when o = .5 and .99. The nature of
the results is similar for @ = .9. Despite the apparent bias
in &, (especially for a = .99), the median correlation coeffi-
cient between the simulated F, process and the extracted F,
is close to 1, which is one measure of the effectiveness of
the extraction procedure for the calibrated parameter values.
This result is not sensitive to the degree of serial correlation
in F; thus it is not likely that this correlation is spurious. Be-
cause F is an accurate estimator of F in the simulations, the
properties of 2; will locally mimic those of the true Z;, even
if the extraction procedure is not consistent. Note also from
the Q»s statistics, which reflect the tests for serial correlation
up to 25 lags, that the serial dependence in F closely mimics
that of the actual F process.

From the distribution of Q,5(r2), it is clear that the model
generates persistence in variance: The median value exceeds
37.65, the 95th percentile of the x2 distribution with 25 df,
even when the persistence in F is relatively small (i.e., fora =
.50). Because the extraction procedure is not asymptotically
motivated, there is no reason to expect the Q statistics for
Z; and 22 to be distributed as x2. Indeed, for o = .99, the
Q statistic for 22 has values that exceed those of the x3s
(although for a = .5 the empirical density is a much closer
match). This density is used to examine the viability of the
mixture model as the source of the persistence in squared
returns in the following section.

The table also shows the actual moment estimator of
02(62*), as well as the estimator that uses the shrinkage tech-
nique instead of negative values (62). We obtain negative
moment estimates of o2 in approximately 35% of the simu-
lated samples. Thus the moment estimator may contain little
information about the true value. This result implies that es-
timating a negative 2 from moment conditions is not direct
evidence against the model, and may cast doubt on standard
generalized method of moments (GMM) inference for this
model (Richardson and Smith 1992). Furthermore, it sug-
gests that we should consider the sensitivity of our analysis
to this estimator. In the next section, we therefore report re-
sults for the moment estimator and the shrinkage estimator
for all companies and all subperiods.

2.2 Serial Dependence in Adjusted Returns

Table 2 contains the tests for variance persistence and the
conditioning values of the model parameters. Only those
cases in which GARCH persistence is evident in the return
data are reported. As an illustration, consider the case of
Bristol-Myers, subperiod 1. The Q,s statistic of 145.22 for
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Table 1. Percentiles From Simulated Densities (over 5,000 replications) Under the Null Hypothesis

a Statistic 5%ile 10%ile 25%ile 50%ile 75%ile 90%ile 95%ile
99  cor(F, F) 9332 9417 9552 9661 9731 9784 9811
50  corF, ) 9717 9742 9784 .9826 .9862 9885 9897
99 ov? 1.401 1.500 1.717 2,019 2.392 2.767 3.030
50 ov? 1.663 1.793 2.076 2572 3.017 3.429 3.645
.99 o2 1.254 1.374 1.581 1.895 2.268 2637 2.923
50 o2 1.433 1.574 1.840 2.313 2,989 3.689 4118
99 o2 1.419 1.526 1.729 2.038 2.388 2.739 2.983
50 a2 1.702 1.843 2.130 2.620 3.068 3.481 3713
99 & 013 013 014 014 014 014 015
50 & 013 013 014 014 014 015 015
.99 f2 348.1 350.7 355.0 360.5 366.7 372.9 377.1
50 b2 341.6 343.0 3455 348.1 350.8 353.0 354.4
.99 b2 30.5 429 65.9 102.4 134.4 153.9 165.6
50 2 70.8 99.5 164.3 197.0 211.0 261.1 300.6
99 a2 —12,211 -8,337 -2,725 2,283 6,898 11,855 15,504
50 a2+ —98,777 —67,265 —24,724 5,847 35,818 68,166 90,378

.99 Qx5(F) 1,811.8 2,207.6 3,100.8 4,275.0 5,845.7 7,670.4 8,851.7
50 Qs5(F) 130.1 140.5 161.7 186.2 215.1 250.5 279.3
.99 Qs(F) 1,401.2 1,755.5 2,588.4 3,717.6 5,138.2 6,940.0 8,087.1
50 Qs(F) 120.7 131.3 153.6 178.3 208.0 2435 270.2
99 Qs(r®) 234.9 305.6 464.3 707.0 1,042.4 1,456.4 1,765.5
50  Qus(r®) 19.3 237 33.7 48.6 71.3 100.6 122.0
99 (&) 14.5 16.4 19.9 243 29.5 34.8 385
50 Qus(Zy) 14.7 16.6 20.0 24.4 29.2 349 37.9
99 @x(2?) 15.9 18.0 21.9 27.4 339 40.9 46.4
50 Q2D 14.7 16.7 20.0 24.4 295 349 38.2
99 () 14.8 16.7 20.5 254 31.6 38.3 434
50 Q) 14.3 16.2 19.8 24.3 29.4 35.0 30.0

NOTE: Sample size is 755. The actual parameter values are oy = .014, up = 355, o, = 222.931, and the unconditional variance of F is 1.129. cvf= is the sample squared coefficient of

variation of the simulated F p , 02 is the
84, fia, and & are the method-of: i If the
Qy5(X) represents the Ljung-Box test for serial dependence in X up to 25 lags.

the squared residuals of actual returns suggests the presence
of persistence in variance. If this persistence is due to the
mixture model under consideration, then this statistic fory =
2, (using the moment estimator for o) and y = Z; (using the
shrinkage estimator) would be drawn in repeated sampling
from a distribution such as those characterized in Table 1.
The comparison of the Qs values of 420 and 463 with the
95% value of the density of Qs under the null (i.e., 46.4
and 38.2 from Table 1) casts doubt on the plausibility of
the mixture model—with parameter configurations as in the
simulations—as the data-generating process. Theresultis the
same when we examine the estimated GARCH coefficients.
The sum of the GARCH coefficients is virtually the same for
the estimated Z; variables as the value of .96 for the raw-
return series. This finding is general throughout the table.
In 10 of the reported cases, the Q statistic for the adjusted
squared return falls below the 5% critical value when o = .99;
however, GARCH persistence remains in each of these cases.

It is possible that the results stem from a single day be-

of F trom the simulated sample, and &g is the sample variance of £, the extracted latent common factor. 2;, = /(64 VFp.
t estimator for o is negative, then 3 is redefined to be /12/1.5. The unadjusted moment estimator is reported as &3*.

ing insufficiently long to effectively purge noise from returns
(French and Roll 1986). To examine this possibility, we re-
peat our extraction on 10-day returns, using the first 2,600
days only, in which there is little evidence of a trend in vol-
ume. Even with the 10-day returns and volume, the results
(not reported) parallel those obtained using daily data.

We also perform, but do not report, out-of-sample compar-
isons and encompassing tests, which exploit a primary advan-
tage of the extraction procedure over other strategies. The
exercise entails using the extracted F and the model to fore-
cast return variance and volume out-of-sample. We compare
these forecasts to those of basic multivariate and univariate
time series models of returns and volume. The forecast-
ing ability of the model is generally worse than the time se-
ries models. In addition, encompassing regressions for both
squared returns and volume indicate that the extraction-based
forecast contains no incremental explanatory power over the
other forecast models. These results are consistent with the
preceding findings.
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Table 2. Serial Dependence in (Adjusted) Returns

CN y=r y=2; y=2f & B2 82 o3 o6F of

1n " .05 .02 .02 .015 15193 15758 98.02 0.013 0.969
Y2 .90 .96 .96
Qs 106.65  45.51 47.79

1/3 " N .08 .08 .016 32620 18691 21045 .109 .71
Y2 .83 .84 .84
Qs 14813 11399 11035

1/4 7 .04 .04 .04 017 398.33 198.94 25699 .265 .690
Y2 .96 .95 .95
Qs 8176 10095  99.19

1/6 7 10 — .05 .021 1,170.89 — 650.97 1.021 .824
T2 .89 - .92
Qs 28245 — 209.55

2/0 " .26 a7 17 014 183.78 11093 11857 .344 .821
Y2 .46 .54 .54
Qs 4841 66.37  66.04

2N 7 .09 .09 .09 .01 202.87 106.78 130.89 .015  .650
Y2 .90 .89 .89
Qs 30478 596.36 569.79

2/2 7 1 .07 .07 .016 28514 4081 18396 .333  .589
2 .83 .89 .89
Qs 4950 8390  83.51

2/3 7 .06 .05 .04 .0m 34325 12844 22145 219 .605
Y2 .88 .88 .88
Qs 5720 3834 4043

2/4 7 .08 — .05 .020 654.93 — 369.03  .343 .593
Y2 .92 —_ .95
Qs 21445 — 193.05

2/5 7 .03 .03 .03 .019 926.54 327.64 597.78  .268 .629
Y2 .97 97 .97
Qs 16144 27437 266.93

3n 7 .08 .07 .07 .014 259.16 22293 16719 .777 1.129
Y2 .87 .90 .90
Qs 14522 419.68 463.16

32 7 .06 .06 .06 .019 22897 103.03 147.73  .309 .696
72 .89 .92 .92
Qx 21838 337.67 324.81

33 7 .23 .10 .10 .015 32527 21345 209.85  .301 .843
Y2 .37 41 41
Qs 7750 37.00 37.20

3/6 " 19 — .08 .021 1,041.05 — 57484 1.097 .923
Y2 82 _ .90
Qs 341.86 — 724.91

3. CONCLUSION

In this article, we have attempted to uncover the source
of persistence in shocks to stock-return variance, using daily
volume data but without assuming that volume is exogenous.
The maintained null hypothesis is that the dynamics of daily
return variance are due solely to daily persistence in the latent
speed of arrival of information to the market, which leads to
similar dynamics in the level of trading volume. The small-
sample approach of the article, which relies on nonparametric
simulations calibrated to the data, indicates that accounting
for serial dependence in the information-arrival process does
not eliminate GARCH persistence in variance. Accordingly,
we find that there is a distinction between the actual data and
that generated from the mixture model of Equations (1)—
(3). This finding is consistent with the results of Richardson

(continued)

and Smith (1992), who used GMM to test the mixture model
but did not account for time dependencies in the data. Yet
their rejection of the mixture model may be due to the lack
of information contained in the moment estimator of o3, as
suggested by our simulation results. Our evidence against
the model is robust to this potential problem and isolates the
inability of the model to jointly accommodate the dynamic
properties of squared returns and volume.

Our analysis has focused on a particular version of the mix-
ture model and does not apply to generalizations. One such
extension to the mixture model of (1), (2), and (3) involves a
more complex dynamic structure of the noise portion of vol-
ume (Z;). For example, liquidity traders, facing nontrivial
transactions costs, may trade only after large price moves (in

This content downloaded from
150.135.174.97 on Wed, 31 Jan 2024 00:01:01 +00:00
All use subject to https://about.jstor.org/terms



258 Journal of Business & Economic Statistics, April 1994

Table 2. (continued)

CIN y=r y=2 y=2 & fi2 &2 a3 2 o2

40 v .09 10 A1 017 10476 13689 67.58 .208 1.197
Y2 84 .80 76
Qs 11037 7941  93.08

42 13 .08 A1 025 11249 32077 7257 469 2.350
Y2 74 .90 .86
Qs 13718 27571 317.57

43 14 .09 09 017 16647 12491 107.40 470 .963
Y2 56 65 68
Qs 5653 3158 3217

44 14 .07 08 018 25372 18656 16369 .353 1.884
Y2 78 86 85
Qs 8051 7894 8162

45 04 .05 .05 022 61945 58558 399.65 .599 1.104
72 91 95 95
Qs 7426 18500 173.47

51 7 .06 .06 06 .032  26.96 1746 17.40 817 1.040
72 87 92 92
Qs 8891 8850 88.60

52 .03 .05 05 048 2580 3575 1664 1584 1.565
Y2 97 .95 94
Qxy 4886 237.70 391.97

56 7 20 .09 09 026 441 4812 2846 1.072 1455
Y2 56 79 .90
Qs 19223 9249 119.99

61 .08 M 12 013 6665 10873 4300 238 1.459
72 85 81 82
Qs 8228 13607 187.89

62 .08 12 12 015 6607 4584 4262 304 .893
Y2 .90 7 70
Qs 12058 11039 11278

63 m .08 .03 03 010 11475 11544 7403 .092 .945
Y2 70 88 87
Qs 5409 2995 2954

6/4 13 .08 09 015 19279 27093 12438 .180 1.269
Y2 72 86 .86
Qs 42582 159.14 216.33

65 m 10 — 07 017 93413 — 33613 1966 1.372
72 87 - 87
Qs 10389 — 77.48

66 20 .06 08 014 1,317.94 2769.96 850.28 .356 1.931
Y2 66 .76 72
Qs 9298 37.08 4469

(continued)

either direction) because the price must cross through a no-
trade zone (Davis and Norman 1990). This behavior implies
that Z,, depends on F,_; and/or Zy;_;, (j = 1, ...). Further-
more, to the extent that this behavior is public knowledge,
returns are independent of these dynamics; that is, Z; remains
serially independent. In this case, the null hypothesis of inter-
est is valid, but our extraction procedure will introduce time
dependence in Z;. We verified this conjecture by imposing
dependence of Z;; on the absolute value of r,—; and simu-
lating as previously. The Q statistics for 22 are much larger
than those generated under the null and reported in Table 1.
These results indicate a need for future research along these
lines.

A skeptical reader may feel that the analysis is not valid
because the asymptotic properties of the tests are unknown

and that the simulations that we have analyzed and reported
are unrepresentative. Even from this perspective, our analy-
sis sheds new light on important characteristics of the data:
Contemporaneous squared returns and volume are noisy pre-
dictors of future return volatility. That is, 72 and V; are not
very useful instruments in predicting r%, in the context of the
mixture model. This result is consistent with the finding in
GARCH specification searches (see Bollerslev et al. 1992)
that long lags of r? are required for forecasting r2,. Con-
trast this result, however, with the finding of Lamoureux and
Lastrapes (1990) that, for purposes of predicting r2, V, is a
sufficient statistic for r,_;, (j = 1, ...). If indeed our analysis
is distorted because the data are much noisier than the sim-
ulated environments, then this would motivate an attempt to
reduce the noise in the extraction by using the entire sample
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Table 2. (continued)

C/N y=r y=2, y=28 & P2 2 H o2 o2

70 7 .06 — .06 .021 203.49 — 8645 1.566 1.102
Y2 .92 — 91
Qs 126.08 - 100.59

72 7 A3 .07 07 021 9061 9242 5846 419 1.81
Y2 62 84 .85
Qs 8411 9600 9844

M T .06 .04 04 012 17642 151.02 11382 431 1.051
Y2 .78 87 .89
Qs 4616 3361 3491

/2 .05 .04 04 020 338.83 28925 21861 251  .934
T2 .85 .92 92 ’
Qs 4483 4304 4755

7% 16 .07 07 024 86241 47453 55639 493  .950
Yo .03 .89 .90
Qs 13022 27961 264.01

82 7 15 .09 09 040 9485 7805 61.19 1.206 1.281
Y2 72 .90 .90
Qs 6879 29444 299.19

85 7 .06 .04 .04 035 30813 199.63 198.79  .867 1.063
Y2 .88 .95 .95
Qs 6437 5740 5745

86 7 21 — .07 047 34801 — 14387 1611 1.118
Y2 53 — .89
Qs 226.89 — 107.28

91 o .05 .05 05 024 15372 129.82 9917 .326 1.004
T2 .94 94 .94
Qs 29726 360.73 384.96

92 7 .05 .02 02 022 23873 7839 15402 366 .671
T2 92 .98 .98
Qs 9477 4763  43.48

9% m 18 — .04 024 880.66 — 46516 782 735
Y2 .66 — .94
Qs 14525 — 73.62

101 5 .02 A2 14 016 1420 21.30 9.16  .546 1.553
Y2 .98 .83 .82
Qs 11597 22506 286.35

102 5 .06 .03 08 028 1295 3528 835 .835 2452
T2 .94 .94 .96
Qs 10917 2965  91.17

1083 10 .05 05 021 1899 1273 1225 699 1.014
T2 .85 .93 .93
Qs 254.88 281.13 287.58

1014 .06 .04 04 023 1893 1545 1221 665  1.107
T2 .89 91 91
Qs 5275 3085 3233

105 12 .09 09 021 3312 2347 2137 884 1.077
Y2 .83 .86 .86
Qs 10228 15110 15345

106 v 14 - .08 .021  66.56 — 2516 3.925 1.456
Y2 .75 - .88
Qs 54069 - 140.73

NOTE: The model estimated is Equations (12), (13), and (14) in the text. C denotes company: 1 Alcoa, 2 Amoco, 3 Bristol-Meyers, 4
Champion, 5 Helene Curtis, 6 DPL (Dayton Power and Light), 7 Enserch, 8 Genesco, 9 Hewlett-Packard, 10 Kansas City Southern. N
denotes subperiod: 0—1-3-67 to 12-31-69, 1—1-2-70 to 12-29-72, 2—1-2-73 to 12-31-75, 3—1-2-76 to 12-29-75, 4—1-2-79 to 12-31-81,
5—1-4-82 to 12-31-84, 6—1-2-85 t0 12-30-87. 2y, = 1/(8,V Fp), and 28, = /(8 VE?), where £, is extracted using the moment
estimator of o, and Ff is extracted using the shrinkage estimator of o5. 6; is the shrinkage estimate of o5, 42 is the sample variance
from d F series, adjusted for ple mean (| estimator is used when available). — denotes a case in which the moment
estimator of o5 is negative. See note to Table 1 for other definitions.
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jointly to extract the F process. One interpretation of the
point-in-time method developed in this article is that it is an
initial step in an adaptive estimation strategy, providing a first
look at the properties of the latent F process.
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