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Introduction

In a recent paper, Garman and Klass (1980)
studied the problem of estimating capital asset
price volatility parameters. Developing an idea
first introduced by Parkinson (1980), they argue
that improved volatility measures can be ob-
tained by taking into account the daily high, low,
and opening prices in addition to the traditionally
used closing prices. This paper is concerned
mainly with testing the empirical validity of dif-
ferent volatility estimators based on high, low,
and closing prices.

The Garman-Klass Estimator

Garman and Klass develop their estimators on
the assumption that the logarithm of stock prices
follows a Brownian motion with zero drift. This
process is assumed to govern the data, irrespec-
tive of whether the market is open or closed. It
can then be shown that the minimum variance
unbiased volatility estimator on the basis of the
daily high (H), low (L), and closing (C) prices can
be expressed as’

* 1 wish to acknowledge the helpful comments of Mark
Garman, Barr Rosenberg, and two anonymous referees. All
remaining errors are mine.

1. I maintain the notation used by Garman and Klass
throughout the paper.
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It has been argued in
the literature that im-
proved stock price re-
turn volatility measures
can be obtained using
daily high and low
prices in addition to
the traditionally used
closing prices. In this
paper we test the accu-
racy of the high-low
variance estimator and
suggest an adjustment
procedure to improve
upon its practical rele-
vance. We then show
how the “‘adjusted™
high-low estimator can
be used in a variance
prediction rule. This
prediction rule could
be improved upon even
further by including
variances implied in
option prices.
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o3 = .S11(H, — L,)* — 019[(C, — C,_\)(H, + L, — 2C))
— 2(H; — C)XL, — C)] — .383(C, — C,-1)%,

where all prices are expressed in logarithmic form.

This variance estimator has an efficiency of 7.4 in comparison to the
standard close-to-close variance (o3) (i.e., its estimation variance is 7.4
times lower). The more practical estimator o2 = .5(H, — L,)* — .39(C,
— C,_,)* has essentially the same efficiency but eliminates the cross-
product terms. Earlier, Parkinson (1980) had shown that simply using
the daily high and low prices, the estimator o3 = (H, — L,)*/4 log 2 had
an efficiency of 5.2. All these estimators assume that the price path can
be continuously monitored. Lacking continuous observation, how-
ever, both estimators will be downward biased since the observed high
and low prices will respectively understate and overstate the “‘true”
values. Garman and Klass used a simulation to determine how the
downward bias is related to the trading volume. They provide a table
with adjustment factors to be applied to the empirical estimates for
different numbers of daily transactions.

The Data and Some Preliminary Tests

The sample used in the empirical tests consists of the daily high, low,
and closing prices for a total of 208 stocks” over the 29-quarter period
from January 1, 1973, through March 31, 1980. Since the ‘‘practical’
variance estimator proposed by Garman and Klass is a weighted aver-
age of Parkinson’s high-low estimator (o3) and the traditional close-to-
close estimator (o), we will concentrate on a comparison of the latter
two.

As a first test of the relevance of the Parkinson estimator, we ad-
dressed the question of whether the high-low prices have the same
information content relative to the closing prices across all stocks. An
analysis of variance was performed on the ratio 3/63 for all 208 stocks
over the 29 quarters. The F-ratio for a company effect was 13.159, the
F-ratio for a time effect was 11.333. Both measures are significant at
the 99.9% level. It could therefore be inferred that the relationship
between G§ and ¢3 is unstable across stocks and over time.

However, the cross-sectional variation in the variance ratio could be
caused by the fact that neither estimator is adjusted for market clo-
sures. Garman and Klass do provide us with a table of adjustment
factors which should be used when the price path cannot be monitored
continuously. Unfortunately, these adjustment factors depend on the
number of transactions occurring on a given day—a statistic that is not

2. All stocks were selected out of the list of stocks which had options written on them
on March 31, 1980.
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readily available. The New York Stock Exchange, however, does pub-
lish the monthly average volume of shares per transaction. Using this
admittedly crude statistic, daily volume figures can be transformed into
the daily number of transactions. This procedure was used to recom-
pute the ratio 6-3/6:3. The analysis of variance yielded an F-ratio of 11.29
for a company effect. Since the crude adjustment procedure did not
eliminate the significant cross-sectional differences across companies,
it was decided to drop it for the remainder of the study. At this point it
is not clear whether the availability of exact transaction data could
eliminate the cross-sectional variation (an alternative explanation of
the phenomenon could be a systematic difference between nighttime
and daytime variance).

The significant cross-sectional differences in information content of
o3 and of suggest that a combination of both estimators using a fixed
weighting scheme, as Garman and Klass propose for their **practical™
estimator, might not be optimal. To the extent that the high-low es-
timator does contain relevant information which is not reflected in o§,
an optimal combined estimator would take into account the stock-
specific relationships between them. The next section tries to establish
whether o3 does contain additional information. The subsequent sec-
tion uses the cross-sectional differences in the relationship between o
and o3 to obtain a ‘‘better’” estimator.

A Direct Comparison between 6§ and 63

Although it was proven theoretically—under some restrictive assump-
tions—that &3 is a more efficient estimator than &3, it does not follow
that the high-low variance estimates are to be preferred over the tradi-
tional close-to-close variances. We have already mentioned that the
high-low estimator will be biased significantly downward if the stock
does not trade sufficiently. In addition, one would expect that bad data
points show up more easily in the high and low price quotations. Fi-
nally, high and low prices may reflect trades by disadvantaged buyers
or sellers and could therefore be less reliable indicators of the true
value of the underlying security. While in general the daily range
should give us a better indication of the variability of the price, the
aforementioned weaknesses could annihilate this advantage.

To decide which of the two estimators is better, we use the following
criterion. We compare the predictive ability of both variance es-
timators. Each one will be tested as a predictor of itself and as a
predictor of the other estimator, using a simple regression approach. If
one measure would be found to be both the best predictor of itself and
of the alternative estimator, it can be proven to be more accurate, in
the sense elaborated upon in the Appendix. The first four columns of
table 1 summarize the results. It is immediately obvious that &, 1S




Journal of Business

TABLE 1 Cross-sectional Regressions & J5a + bo_,,,
gy, = a + b, | iy =a + bay, Goe = a + bag,

Period a b R? a b R a b R?

2 014 1.016 529 | o006 1.099 625 | .o 1.103 357
(2.23) (15.204) (1.50)  (18.525) (3.72) (10.69)

3 026 684 564 | .01 806 690 | 024 897 .550
(5.47) (16.33) (3.67)  (21.42) (4.76) (15.88)

4 035 970 590 | .20 1.059 691 | o041 1147 531
(5.82) (17.21) (5.000  (21.44) (6.53) (15.26)

5 033 604 S12 | w22 662 667 | 047 626 359
(5.82) (14.69) (5.50)  (20.29) (7.43) (10.75)

6 .041 581 283 | 023 673 492 | .45 676 231
(5.35) (9.02) (4.6) (14.13) (5.51) (7.869)

7 073 668 366 | 027 1.064 615 | 058 1.027 403
(10.48)  (10.91) (5.40)  (18.14) (7.50) (11.80)

8 056 596 509 | 025 825 734 | 059 719 ,520
(9.15) (14.60) (6.25) (2347 (10.05)  (14.94)

9 015 769 565 | o002 843 792 | 023 832 617
(6.14) (16.36) (.50) (28.03) (4.92) (18.09)

10 029 596 540 | 017 654 781 | Lo32 677 566
(8.27) (15.68) (5.67)  (27.11) (5.52) {16.51)

11 020 750 627 | 005 877 787 | 018 927 647
(5.17) (18.75) (.67 (27.56) (507 (19.31)

12 016 752 640 | 008 829 755 | 020 864 622
4.13) (19.28) (2.67)  (25.22) (3.18) (18.38)

13 024 770 S04 | 018 866 679 | 023 939 569
(6.12) (14.53) (9.00)  (20.88) (7.15) (16.47)

14 020 .599 594 | .014 861 741 | 019 1699 575
(9.34) (17.11) (4.67)  (24.26) (5.19) (16.64)

15 017 645 532 | on 746 664 | 018 731 441
(4.07) {15.36) (3.67)  (20.17) (6.13) (12.82)

16 022 770 576 | 010 917 684 | 018 922 572
(3.88) (16.74) (5.000 (2110 (5.29) (16.46)

17 018 676 488 | Lon 738 670 | 020 720 457
(6.67) (14.08) (5.50)  (20.45) (3.33) (13.09)

18 015 766 A76 | .006 866 654 | 010 944 519
(3.7 (13.68) (2060  (19.73) (4.63) (14.98)

19 031 496 389 | 021 618 427 | 031 573 347
(6.85) (11.53) (7.04)  (12.39) (5.0M (10.42)

20 024 32 464 | 020 723 521 | 030 730 436
(4.39) (13.31) (6.84)  (14.96) (8.14) (12.59)

21 017 694 508 | 005 870 J19 | 020 766 507
(5.24) (14.46) (2.54)  (22.96) (6.43) (14.45)
025 784 473 | 020 805 550 | 034 750 394
(3.09) (13.52) (6.76)  (15.87) (3.23) (11.54)

23 009 873 522 012 833 571 | 010 996 560
(5.18) (15,05) (4.14)  (16.58) (4.56) (16.33)

24 014 1.033 675 | 005 1.061 T41 | 00 1.236 663
4.71) (20.66) (1.68)  (24.29) . (3.47) (20.26)

25 019 .559 629 | 015 591 737 | .18 688 629
(8.16) (18.63) (7.45)  (24.02) (8.29) (18.59)

26 011 823 569 | 010 806 610 | 013 928 455
(4.65) (16.46) (3.46)  (17.94) (4.68) (13,07)

27 025 658 477 | 016 T72 591 | 024 803 399
(5.39) (13.71) (5.14)  (17.26) (8.26) (11.64)

28 026 818 637 | 017 880 e T 970 559
(3.73) (19.02) (8.26) (23.17) (9.41) (16.17)

29 031 929 469 | 020 1.007 496 | 033 1.072 397
(3.24) (13.46) (4.39)  (14.245) (4.27) (11.66)

Note.—n = 1,208 for the 29-quarter period from January 1. 1973, through March 31, 1980.
Numbers in parentheses are r-statistics,
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Gap=a + by Tor = a + b Ggy-1 Gor = @ + b og-i O =@ + b dor-1

a b R* a b R? a b R? u b R*
018 155 472
(3.67)  (13.58)
025 503 474
(6.10)  (13.63)
029 755 546
(5.82) (15.74)
026 491 560
(6.25)  (16.18)
030 477 410
(6.11) (11.96)
M55 569 377 ’
(9.07)  (11.17)
037 582 519
(6.13) (14.90)
004 06 595 06 819 753 015 137 590 09 830 679
(.68) (17.40) (1.17) (25.05) (.96) (17.14) (1.52) (20.85)
020 524 629 D18 680 733 024 619 575 026 637 664
(5.01) (18.70) (4.23) (23.76) (4.14) (16.73) (6.23) (20.16)
015 631 603 003 907 87 013 809 690 015 806 657
(3.93) (17.68) (.76) (27.56) (4.16) (21.29) (3.95) (19.86)
010 655 640 A1 807 761 016 743 688 012 807 690
(3.36)  (19.12) (3.92) (25.59) (3.08) (21.23) (3.02) (21.39)
023 649 503 | 025 .798 617 021 790 565 028 785 559
(5.62) (14.43) (6.12) (18.2) (5.69) (16.46) (5.67) (16.16)
021 480 590 | 017 621 682 015 623 602 024 575 624
(6.98) (17.210) (5.94) (21.01) (7.83) (17.80) (B.01) (18.48)
018 556 571 | 010 64 652 01§ 655 480 016 T 645
(5.87)  (16.571) (3.32) (19.64) (3.89) (13.94) (5.26) (19.33)
022 650 49 | 014 868 693 7 804 629 021 818 613
(7.21)  (14.244) (4.76) (21.56) (6.31) (18.70) (6.95) (18.07)
04 616 565 014 709 604 016 676 il D16 703 359
(4.68) (16.34) (4.66) (17.71) (5,14) (14.700 (5.17) (16.17)
016 611 455 009 B48 595 11 824 S19 014 779 533
(5.12)  (13.10) 2.96) (17.41) (3.69) (14.98) (3.6) (15.32)
027 A4 325 | 025 .589 506 029 531 413 030 529 442
(9.12) (9.97) (8.12) (14.533) (8.06) (12.07) (9.98) (12.77)
019 642 435 | 016 838 628 023 753 492 018 801 572
(6.23)  (12.58) (5.32) (18.66) (5.64) (14.21) (6. 10) (16.59)
012 641 476 RilR 799 691 015 744 566 014 736 604
(3.89)  (13.68) (3.35) (21.47) (3.15) (16.53) (4.32) (17.710)
018 19 481 D16 908 589 021 849 524 020 B45 S40
(4.26) (13.84) 14.06) (17.18) (4.40) (15.16) (4.98) (15.54)
014 690 A74 | 006 939 652 007 916 584 Q08 890 575
(3.57) (13.64) (1.24) (19.64) (2.41) (16.96) (1.88) 116.68)
015 B804 620 006 1.095 754 008 1.099 121 012 1.OIR 693
(3.83) (18.35) (1.32) (25.14) (3.44) (22.90) (3.10) (21.54)
020 437 610 18 586 675 019 574 629 019 66 666
(9.82) (17.96) (6.06) 20.68) (6.36) (18.52) (6.12) (20.26)
016 595 529 | 008 864 625 012 809 532 009 858 634
(5.24) (15.20) (2.99) (18.51) (1.67) (15.26) (2.96) (18.88)
028 AR 408 020 .151 602 022 701 525 024 03 543
(9.27) (11.90) (6.82) (17.65) (7.89) (15.24) (8.10) (15.64)
27 624 583 | .022 856 719 025 817 636 023 846 702
(9.10) (16.96) (7.16) (22.96) 16.67) (19.0) (7.86) (22.05)
023 821 518 027 970 492 032 924 451 027 975 S11
4.37) (14.89) (4.35) (14.12) (3.28) (13.01) (4.23) (14.66)
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not a good predictor of &, its use as an independent variable yields an
R? which is consistently lower than those of the regressions where
G2, predicts 6, (except in the last period). On the other hand, 6, ,_,
is at least as good a predictor of 6, as 6, in 11 out of the 28 cases.
This indicates that in some periods the high-low estimator more accu-
rately captures the underlying stock price variability than the standard
close-to-close estimator. In addition, 6,, ; is an extremely good
forecaster of G,,. Avid option traders, who are more interested in the
range of the underlying stock price than in its closing value, could
therefore use the past 3 to forecast the future squared range within
reasonably accurate limits.

It can therefore be concluded that the high-low estimator may con-
tain information which is not reflected in the close-to-close variance.
As mentioned before, an optimal estimator would however incorporate
prior knowledge on the cross-sectional variations between 6§ and 3.
The following section further explores this possibility.

An Alternative Variance Estimator

So far we infer: (1) that the information content of the high-low es-
timator, relative to the close-to-close variance varies from stock to
stock; (2) that the estimation error variance of the high-low variance is
lower in some periods than for the close-to-close variance. A natural
extension would therefore be to adjust 3 for the cross-sectional differ-
ences between both variance measures. More specifically, one could
gather information on the prior relationship between &, and &, for a
specific stock and incorporate this into the variability estimator for a
given quarter. To establish the historical relationship between &, and
&, for a given stock, the pairs (69, j,62.,;),/ =t — I, . . ., t are treated
as I + 1 independent observations on a relation

-

&O.n,r = én,: 2 bn.r ﬁ:’..n.h (l)

where ¢ = quarter in which variance is estimated and » = stock indi-
cator. One could then use 6¢,, = d,, + b,, 62,, as an alternative
variance estimator for period 7.” In this way, the stock-specific relation-
ship between &y, and &>, is built into &g,.

The usefulness of ¢, as an alternative variance estimator was tested
using the same procedure as outlined in the previous paragraph. An 8-
quarter period was used in running regression (1) (i.e., / = 7). This

3. Note that &g, is simply a linear transformation of &,,. To the extent that &-, is an
inaccurate measure, the transformation cannot force it to become a better predictor of
Go,+ 1 than &,,. Note also that the regression procedure which uses I + 1 observations to
rescale the last observation of the interval assumes serial independence. Given the
limited number of observations used in the regression, this assumption is hard to reject
on the basis of standard statistical tests.
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choice was justified on the ad hoc argument that a sufficiently long
period should be used to enable us to accurately estimate the relation-
ship. No alternative lag structure was tried. Columns 5 through 7 of
table 1 summarize the results of the regressions which compare the
predictive power of 6 and 6. In 18 out of the 21 quarters, ¢, was at
least as good a predictor of &y, as 6y, . In addition, G4, ; could fore-
cast ¢ , consistently better than 6, ,, could predict 65, (except in two
periods). We can therefore conclude that G¢ is a more accurate vari-
ance estimator than the traditionally used close-to-close estimator. It
was also verified that the (fixed weight) Garman-Klass estimator ¢s was
consistently outperformed by &g in the pairwise comparisons. A cor-
rection of the high-low estimator for the cross-sectional variation in its
information content can therefore significantly improve its value. The
adjustment procedure imbedded in (1) appears to eliminate a large
number of the problems which accompany the use of high and low
prices.

A Variance Prediction Rule

Although we concluded in the previous paragraph that 64 appeared to
be a “‘better’’ variance estimator than &, it does not follow that the
latter will be replaced by it in all circumstances. Indeed, a number of
investors who make portfolio decisions on the basis of market closing
prices will probably prefer to use a measure which reflects the variabil-
ity of these prices (rather than the variability of the underlying pro-
cess).* A prediction rule which helps them forecast the variability of
these closing prices could therefore be of primary interest to a certain
class of investors. It is obvious from the results reported in table 1 that
the inclusion of G¢ in a prediction rule could improve the predictive
performance. An optimal prediction rule could include distributed lags
on the dependent variable in addition to any other explanatory vari-
ables which are considered relevant:

8 L 3
~ s _bn* i . +dZ (rﬁ.f—f
Oo,r = Og,r—1 € 0g;—2 6
i=3

8 (2)
A K A ¥ " Oog—i \*
+teoy,_ + f‘](u—z + 2 — o
i=3 6 /
where * denotes that the variable is defined as a deviation from its

cross-sectional mean for a given quarter and therefore has zero ob-
served mean.

4. Itis not argued here that it would be rational to do so. It is, however, the case that a
number of portfolio managers treat the closing price as a random walk, not as a reflection
of a continuous process.
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Rather than including 6,3, 6 ,—4, ..., G ,_g, we used the arith-
metic average of their values to avoid multicollinearity problems. The
decision to use up to eight lagged values for both estimators was again
based on ad hoc grounds. No alternative lag structures were tried.
Since the coefficients for

G,

8

A K <

Gg .- and Z <
i=3

were consistently negative and insignificant for all quarters, both vari-
ables were dropped from the regression and the alternative
specification was estimated:

%
Tp

J—=i . (3)
6

8
~dk ~ K L 2 3%
(.. = ba&.r—! + e0g,- +f0'0.r—?. + & Z
i=3

The results are summarized in column 1 of table 2. All four variables
have significantly positive coefficients in most subperiods. In addition,
the corrected R? is higher in every single quarter than its value in the
corresponding regression of table 1. Regression equation (3) could
therefore be used as a starting point for a prediction rule: for example,
the regression coefficients for quarter 9 can be used as weights to
predict the close-to-close variance of quarter 10. Since the (ex post)
optimal quarterly regression coefficients fluctuate widely over time,
this procedure will obviously not yield accurate results in every single
quarter. It was therefore decided to determine the “*optimal’ weights
on the basis of the pooled time series cross-section regression results
for all previous quarters. In other words, to obtain the ‘‘best’’ weights
to predict the close-to-close variance for quarter 26, we do not use only
the regression coefficients for quarter 25, but those for the pooled
regression for quarters 9 through 25. The weights for the prediction
rule as of time period 7 are therefore obtained on the basis of the
following regression:

8

%
% - a3k = - & .
0'0.)1..\‘ = br Uﬁ.n.s-—l -+ e, 0'0."“‘._1 -|-f} 00.".5—2 + 2 é 0,25 i ! (4)
i=3

wheren = 1, ..., Nis the stock indicator; s = 9, . . . , t indicates that
all previous quarters up to and including period ¢ are included in the
pooled regression; and * denotes deviation from the cross-sectional
mean for a given quarter.

Column 2 of table 2 shows that the regression coefficients tend to
change very little as the time period over which we pool the data
grows. A striking result of these pooled regressions is the high weight
put on the 3-8-period lag structure, although the other explanatory
variables also have statistically significant coefficients.
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The regression coefficients of equation (4) can then be used to fore-
cast the close-to-close variance for the next quarter:

~
O0.r—i

6

forecast

p
N A Ak > oAk 4
Ori = b, Gg, + é: 69, t+ fi 6o, + & Z (3)
i=2

The accuracy of this forecast is judged on the basis of the R? of the
following regression: oy,41 = a + B o, “®". As can be inferred from
column 3 of table 2, the average R? of the regression over all 20 quar-
ters is .626 (as compared to an average of .636 for regression [3], which
uses the ex post optimal weights in every quarter). Although this still
leaves 37% of the cross-sectional variation in the variances unex-
plained, it indicates that a prediction rule based on historical informa-
tion can give reasonably accurate results. This prediction rule could be
a useful instrument for those investors who want to forecast the future
close-to-close standard deviation using historical price information. It
has the advantage that the data are readily available and that the im-
plementation does not pose significant computational problems. The
striking result is that, over a relatively long history, on average reason-
ably accurate forecasts of the close-to-close standard deviation can be
obtained using historical prices. In the next paragraph we introduce
information contained in option prices to improve the prediction rule
even further.

The *“Best’’ Variance Prediction Rule

It has been shown in the past (Latane and Rendleman 1976) that stan-
dard deviations implied in actual call option prices contain useful infor-
mation for predicting future stock price variability. An intuitive expla-
nation of this phenomenon derives from the fact that the value of an
option depends on the volatility of the underlying stock price over the
remaining life of the option. The procedure assumes that investors
price options according to the Black-Scholes model (1973) and uses
actual call and stock prices to infer the implicit standard deviation
(ISD) reflected in the option price. A recent study (Beckers 1981) found
that the at-the-money call options contain the most accurate predictive
information. In addition, better predictive performance can be ob-
tained if the ISDs are averaged over several trading days. Using these
results, we decided to include ISDs in our prediction rule to check
whether they added any explanatory power. The ISDs, based on the at-
the-money call options, were calculated for the 10 trading days which
preceded every quarter. By arithmetically averaging these estimates
we obtained a predictor which should reflect the stock price variability
over the remaining life of the option. Adding the ISD estimator to
equation (3) we obtained the following regression specification:
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6o, =a + bbg,—y + cbop—y + G0,
. (6)
+ gZ% + hISD, .
i=3

Since the simultaneous inclusion of 66,1, 69,1, 60,2, and ISD,_,
created severe multicollinearity problems and as the coefficient of
Go,,—1 Was consistently negative and insignificant in most quarters, the
alternative specification,

8
Gos =@+ bbg, + cISD,_y + d 6o,z + € Goseisr (7)
i=3
is reported in column 2 of table 3. (Since the number of stocks which
had options written on them increased over time, the regression results
are not directly comparable to those of table 2. For comparison pur-
poses we included the results of regression [3] for the smaller samples
in col. 1 of table 3.) It can be inferred that the substitution of ISD, _ for
0o, resulted in a marginally better predictive performance in most
subperiods. A prediction rule for any given quarter ¢ could then be
estimated using the following pooled time-series, cross-section regres-
sion:
8

n % _ "k § ¢ ¥
Toums = bf O6.n,5—1 + ¢ lSDn.s—l 1 df To.n,s—2 + & Z
i=3

&g.n.s =i
6
(8)

where * denotes deviations from the cross-sectional mean for a given
quarter; n = 1, . . . , N is the stock indicator; and s = 9, . . . , ¢
indicates that all previous quarters up to and including period ¢ are
included in the pooled regression. The results are reported in column 3
of table 3. It is striking that both 65 and ISD* obtain an approximately
equal weighting (except in the earlier periods) whereas the contribution
of 6y ,-» and of

-

8
z O0,¢—i
= 6

are marginal (although significant). When we use these weights to fore-
cast the future close-to-close standard deviation, the accuracy of the
forecast can again be assessed on the basis of the R for the regression

e forecast
Go, = o + B o, , Where

fi ast % A - % ¥ ”~
oS = b;_] Ug,r—l G P ISD =) d,_] Tpr—2

t =1
8 .
A U — i
+ €;_| Z 0-6f :
i=3
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and the coefficients b. é. d. and é are those obtained for regression (8).
As can be inferred from column 4 in table 3, we obtain an average R? of
.628 across all 20 periods (whereas the unconstrained regression [7]
resulted in an average of .640). The average predictive performance
obtained by substituting o, by ISD,_; increased slightly. (The aver-
age predictive R from prediction rule [4] in the smaller sample used in
this section is .609.) Given that the computation of ISDs is a costly and
time-consuming process—there is no closed form solution for the ISD
calculation—some investors may prefer prediction rule (4) over rule
(8), although the additional information contained in the ISDs can be
significant in any given quarter.

Prediction rule (8) contains all currently available historical price
information which relates to stock price variability. There is rea-
sonable evidence that this information is combined in an optimal way
such that no alternative combination of the same data will yield a
significantly better forecast. It might be that this forecasting rule can be
further improved by including fundamental company data or by cre-
atively interpreting patterns in stock price variability.” A further explo-
ration of these possibilities is beyond the scope of this paper, however.

Conclusions

This article shows on the basis of empirical tests that the daily price
range does contain important new information concerning the stock
price variability. It has already been proven theoretically that the high-
low range should give a better indication of the stock price variability
than the close-to-close change. However, since the information con-
tent of the high-low data varies across stocks, its empirical value in-
creases significantly when these cross-sectional differences are incor-
porated in a new variance estimator. This new estimator appears to be
more ‘‘accurate’’ than the traditional close-to-close measure. Con-
versely, it can be used to forecast the future value of the close-to-close
stock price variability. Alternative prediction rules are tested, which
incorporate historical information on the different variance measures.
Reasonably accurate predictions of the close-to-close variance can be
obtainad on the basis of the previous history of ‘‘adjusted’ high-low
and close-to-close volatility measures. These predictions can be im-
proved even further by including standard deviations implied in option
prices. This prediction rule correctly anticipates on average 63% of the
future close-to-close stock price variability.

5. It has been argued before that volatilities tend to regress to the mean and that there
is an inverse relationship between the level of the stock price and the variance of return.
These factors could possibly be incorporated into a prediction rule.




(£r°sl) (i ] R (RI9) 4R°G) Ihy ") e el (TR (19t teL 1 6y T {5y =) Tyl
81 | 99¢ Tre LOOT | sy Ly|- R9{) i 9ty | s Ty thl e e ;007 | tss s 1T 080" — 69 e L
1L gl (£579) L 6L'5) 1L 6 99’0 L .8 I (yyl ey o'y (81°7) (9°c) 901
191 PRy’ G011 OO | swy 81" sl POc” sTE SRy Tl Ril abT 0y PO | Ny W 6Ll sy FEl” L00° 9l
186°E) (RN (98 1) (£9'#) L{{ s 1) I58°T) Iy el (80T l6di ) (R (6T°C) (gl =)
9c) | 6Ly £Evh’ N = 9y YRl Ly Lal’ Ofy” fiss T tcl” £l s 0N | 99 LK st oyt 10" = LA LV N |
192611 (56F) 1267 HT#) 1Za'L) L6 1) (LT 1LY 'F] [l B o ey 061 (win 1Lec)
OFl | 1EL L6 000" | 9xy SRl YLl oz 6Pt | kL Y01 L iy usT  po0 - | 1L L RIT nd b Vi s00” Pl
(9wl tis') (geh (TS 0Ly {th'T) TR Rl 1L 1Re't) S£ 1y L -) (16T
911 LS9’ el Ol | FLy Icc o) url iht” o LT el kil tLT L Lof° shl” £ = REL 60 €l
(sl I86°C =) {TsT) (s£'49) 9t (T =1 fgs’ 11 (il (N R ] 19y =) 8" (89°C)
901 | A9 o0l TO0T— | N9 91 SO - (1C]} L S R 92| I 041 PHY v0 | LI 601 s - wr 68 PO 1
RN Lo 961 o 9yl I 168°) (YA} (86°) 50'%) o f1g7) (£
i9 | 699 0zl PO | osoy e I 174 sy’ kI Ry Ly Y9l £l SO0 | ReY yr” 01 LAY 9’ 110 Il
(E0'6) 6171 s (Ri°1) iyl (') sy =) &L 1= Te'y) (VA L= 16t - sLn
s | TO9 |Fs e | eey il 1#0° Isl’ REE 9y fist el - ol = Rt 970" | €5y LT S0 = £90° = rLL F¥0O° 01
- 9°) 3] (acn (pe'7) K9} (80°1 =1 &l {6T°C) Wi #-) (§8°1 =1 (s6°t)
6C 9L o £61 — 6t oy’ BL L 117 Gl Yoy RO = | RIL fo LE = Ll — L9 100 6
o o d o o 2 r 3 Y Y ) r ) 4 t Y F I g q 0 T
o . C . - e 3
85 g
i g ; _ el = gsd . )
M.. M _,nuh.a.,.h. g + n:= g il ..:c_mu .V Iy 4,52 5-:.- P gyt /. a4 gyl o rM.. 2+ —lop +
P [ N g
+ 1=viasi 'y + """ 0% = "o S Mep 4 s 4 Py 4 0 = I=10p ) 4 {=r9%9.q + b = "9
0861 1€ UIBIN yanoay) ‘sL61 ‘| Atenuef wiol) poLag JalIend 17 3y 10) SAST FUIPRpU] suoissITY [BUONIIS-SS01)) ANIIPILY £ AT4VL

110



t6l

L6l

96l

161

061

w6l

r6l

chl

N1

H6.

68F

6lL

0oL’

Ty

RO

169

Ly

chs

tle'tl}
SIE'L
109°07)
il
AR

(1681
8l
1L9'91)
Bec'l

(€L 0c)
961
(66 Cl)
L]
(ep 9l
HOLC' |

910

v10

t10

&N

RiX)

PN =

Y0 —

£lo

ol

0

®10

<

(1]

6Ly

CMC

)

§1)

ey L)
Lyl
6L R}
w91
(Py'R)
19]
¥R
Wl
(L1'%)
|
(1$°L)
tsl
(S
6Ll
(EF'N)
9Ll
L9 L)
t4al
VEs L)
Fa
IROLY
fal’
(1e9)
tYl

(19°5)
o
(RR+)
LR
(PR#)
160
[§0%
LR0O
(59°%)
£60
L'y
RL0O
TR
w8
(Le )
L6k
(E6Y)
LRO
Hey)
Rt
(Rc't)
YR
R0y
Rl

st
0ly”
(9vl)
L6T
(L9'tl)
Y60
(oyn
68
(sy'el)
86C
(15"l B
(0
FL'0L}
08¢
thL R
L
(9R'§)
LYo
(6T 8
bY T
1169
ol
Hs 9

4

[FA R AR
LeT
k6t
6T
(FT'el)
LRC
Pl
113
(L1
LRC
trrgn
6l
LLO Y
86T
(ER11)
860
0911l
o
v 010
6l
(8e 01
Loy”
(sp i
9Tt

sRY

P

et

9FL

Lt TS

oy

)

1y

Al

hY

Fhe

(6L°T)
L6Y
(t6)
gsty
el
6Ll
(N
940’
L)
cly
(LR
L
6
LR
LVT
6l
0L 1)
il
IsL’)
i
IR
L9d)
il

cti

(i
{8 1)
!
(6!
ey
Ny ...._
LYy
U1 e}
Nl
(6C'C)
the

ls0°¢)
0y
(RE '+
86y
(6s' 1)
|l
8
Its
(hY')
et
1L 2]
Wt
6L 1)
06l
U e
fisc
N
(11313
IF9 )
st
iy T
(i
IRLY)
st

020

10

1y

0o

LN

PRy —

w(K)

HiK)

1

PiX)

LIy

M) —

L 1S o

o
ITl's)
9Lk
tal'l)
YRl
(1Y)
ole
s’y

b

e |

6 t)
ek
o1
N
)
FOT”
£ n
£60
($F'y)
fi9%
ten
Ll
19
Ll
19t <)
Ylc
e
Ryl
e
Ryl
(e M
Dy 1
(£0°t)
HNC

€40
Py

(e
00t

QL
e

1'%}

(e =)
(R0
IRL )
Gl
(sIR°)
9t |
1L97])
9
119°)
(R0
1N )
LWy
94—

Ll

(807
1T0°
5e7 1)
19T
(9"
oL
[T =)
N
gz =)
1D’
LE)
8|8L
(6T'T)
s
(Eh')
181
(56'1)
cly
L et
rTY
(6871}

LTy

910

B0

01

900

FN)

R0

clo

S0

w1

0z

6l

1]




112 Journal of Business

Appendix

Assume that the *‘true’” underlying variance, o,, is nonstationary over time.
Both 6y, and &, are estimates of o, which contain estimation error:

Ogr = O + €4 Oor—1 = Op—1 + €14
Oy = 0y + € 02—1 = Op—) + €4-1.

A simple (cross-sectional) regression approach is used to determine which
estimation is “‘better.”” For example,

Gy = 4 + b 63 coefficient of det R3
Gor = € + d 63 coefficient of det R,

If R}, > R, then it must be that var (¢,,) > var (e;,) and hence that var (6,,) >
var (65,). Since

[cov (62, G2, )]

RZ >
22 — = =
var (Gy,) var (G2,-1)

s i 2
RZ, [cov (6o Gai—1)]
var (Go,) var (62,-1)

and since
cov (0, €2,—1) = cov (0, €) = cov (&, €,—) =
cov (o,_ €,) = cov (€, €,-1) =0,

R?%, > R}, implies that

[cov (o, 0 ))  _ _ [eov (o, 0, )]
var (o,) + var (e3,) var (o,) + var (g;,) '

and hence var (e;,) > var (e,,). Similarly, one can prove that R3, > R}, implies
that var (e;,—) > var (e, ).
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