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V
olatility forecasts are crucial to financial appli-
tarions ranging from portfolio construction to
option pricing. They are typically constructed
under the implicit premi.se that the samphng

interval should match the forecast horizon. For example,
most portfolio managers rely on monthly volatility* esti-
mates computed using returns sampled at monthly inter-
vals. (See, e.g., Fama and French [1993J and Chan,
Karceski, and Lakonishok [1999].)

Although this practice is intuitively appealing, it has
some drawbacks. First, the use of low-frequency data such
as monthly or quarterly information can induce staleness
into forward-looking volatility estimates. Practitioners
who recognize this problem sometimes place a greater
weight on recent returns, but this practice does not elim-
inate dependence on events in the distant past. RJsk
models estimated with monthly data, for example, typ-
ically use 60 data periods, implying that estinutes reflect
events a.s long as five years ago.

Second, and more important, return events occur-
ring in long samphng intervals are obscured, thus con-
founding estimation. A month with a gradual fall in asset
prices is very different from a month of rising prices and
a sudden fall on the last day, even if overall monthly
returns are identical.

These concerns are important for portfolio man-
agers, motivating our examination of the relation between
data frequency and forecast horizon. We propose using
daily data to construct monthly volatility estimates and
forecasts.'
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The use of daily data would seem to enhance monthly
forecasts by providing more timely information that accu-
rately captures all return events in a month. Sampling at
a daily frequency yields more information.

Holding the number of observations in each fore-
cast constant, the point estimates of variance using different
data frequencies are affected by return autocorrelation, het-
eroscedasticity, and microstructure effects such as bid-ask
bounce or non-trading effects. Accordingly, the ques-
tion of choice ot data frequency is ultimately an empirical
question. Our analysis shows that additional information
in higher-frequency data permits the use of simpler and
more intuitive forecasting models.

Most important, we propose a new approach to
constructing monthly volatility forecasts using daily data.
We show empirically that monthly risk measures using
daily data are more robust than those using lower-fre-
quency monthly data. This finding is consistent with
other research predicting the volatility of a single asset or
index using intraday retums. Ndicrostructure effects explain
the difference in actual estimates.-

Assume an AR(1) process described as follows:

(1)

where p is the autocorrelation parameter in the interval
(-1, +1), and £^j is the disturbance term.

We assume the unconditional mean of r̂ ,̂ to be zero.
This is a common assumption in working with daily
returns; allowing for a non-zero mean does not change
the basic result. We also assume a constant volatility pro-
cess for £ to simplify the exposition.

Assuming I\' daily observations in a month, the
unconditional mean monthly volatility estimate is:

(2)

measured using daily returns. The corresponding estimate
of volatihty using monthly returns is given by:

MONTHLY VERSUS DAILY RETURNS

The rationale behind using daily returns to measure
monthly volatilities has its roots in Merton [1980]. The
basic idea is that monthly returns provide an unbiased but
noisy estimate of monthly volatility. Theoretically, sam-
pling returns with infinite frequency provides a perfect
volatility measure, but in practice microstructure effects
limit its usefulness (see Andersen, BoUerslev, and Lange
11999|).

Intuition

First, we need to define a measure of monthly
volatility using different sampling intervals. Formally, we
define a monthly risk measure for period t (computed with
monthly returns) as Ô^̂^ = rŷ^̂  and define the corre-
sponding measure using daily returns as:

where r^ ^^ is the monthly return of an asset in month t
and r^j the daily return on day Tin month /. The latter
measure was first used by French, Schwert, and Stam-
baugh 11987] and then developed further in Schwert
[1998,2002].

(3)

where the last term captures the covariance between suc-
cessive returns. This latter term will reflect serial corre-
lation, if present, and niicrostructure frictions that might
confound the estimation process (see Madliavan, Richard-
son, and Roomans [1997]).

This simple decomposition shows tbat the two esti-
mates of volatility differ only in terms of high-frequency
microstructure effects. Sampling at a daily frequency yields
more information than a monthly sample. The point esti-
mates of variance using different data frequencies are a
function of the extent of microstructure frictions and
return autocorrelation.

Exhibit 1 reports statistics of interest for a variety of
portfolios: factor-mimicking portfolios for the market
(proxied by the S&P 500), size, and value/growdi, and the
six Fama and French size/book-to-market portfolios. We
also report average statistics for the individual securities
constituting the DJIA and the Russell 2000.'

The estimated niontlily volatility- computed using
daily returns is lower than the volatility computed using
monthly returns for portfolios, but it is higher for indi-
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E X H I B I T 1
Sample Statistics for Monthly Volatility—1963-2002

Btxilstrapped S&P 500

Bootstrapped SMB

Bootstrapped HML

Other Portfolios

Small - Low BM

Small - Medium BM

Small - High BM

Big - Low BM

Big - Medium BM

Big-High BM

Individual Stocks

DJIAcomponenis

Russell 20(X) components

*** Significant at I % level.

** Significarii at 5% tetvl.

* Sistiiftcant at 10% letvt.

Mean monthly
(•100)
0.2065

0.0950

0.0957

0.5095

0.3058

0.3286

0.2596

0.2006

0.2196

0.7352

3.1036

Mean daily
(*IO()1

0.1949

0.0479

0.0532

0.2394

0.1204

0.1140

0.2265

0.1603

0.1576

0.7814

3.3472

SI. dev.
Monthly
(•100)
0.4083

0.2000

0.2249

0.9041

0.5598

0.6566

0.5034

0.3979

0.3996

1.4066

27.895

Si, dev.
daily
(•100)
0.3309

0.0768

0.1030

0.3781

0.1858

0.1823

0.3186

0.2973

0.2485

0.8692

27.674

ubs<I-st;il )on null
monlhly = dailv

0.7519

6.061***

4.808***

7.817***

8.480***

8.269***

0.1613

2.726*

3.917**

1.065

0.724

vidual stocks. Statistically, however, the difference between
the two measures is not significant for the market port-
folio, for the big/low BM portfolio, or for individual
stock avenges.

The econoniic significance of the difference in the
mean estimates is generally quite low, although there are
significant differences for some portfolios. For the value/
growth portfolio, for instance, the difference between
annualized standard deviations is 2.73%.

Of greater interest, the difference in the precision of
the two measures is consistently in favor of using daily data.
The standard deviations of the measure using daily data
range from 28% (for the small/high BM portfolio) to 81%
(for the market portfolio) of the standard deviations of the
measure using monthly data. The average precisioti of the
two measures tor the Russell 2000 stocks is roughly the
same, most likely because of noise inherent in estimates
for individual stocks.

The daily return autocorrelation is a critical deter-
minant of the difference in the mean values of the two
measures. Specifically, the autocorrelation fiincdons (ACFs)
for factor portfolios in Exhibit 1 are positive, reflecting
non-trading (Lo and MacKinlay [1990]), but for small
stocks the majority of autocorrelation coefficients up to
lag 20 are negative, consistent with French and Roll
11986] andjegadeesh and Timian [1995]. A mixture of

information effects from the underreaction of traders to
the new information provided (inducing positive auto-
correlation) and bid-ask bounce (inducing negative auto-
correlation) can explain these findings, as in Madhavan,
Richardson, and Roomans [1997].

Reconciling Competing
Measures of Monthly Volatility

The evidence ftom the ACFs suggests adding a tem-
poral cross-product term when computing monthly volatil-
ity with daily retums to capture the autocorrelation of daily
returns induced by microstructure effects. We add the
cross-products through a Newey-West procedure in order
to ensure positive semidefiniteness of the covariance matrix:

where

We use q —2,j — \ (only the first cross-product consid-
ered) for most portfolios and ^ = 5. / = 4 (autocorrela-
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E X H I B I T 2
Sample Statistics for Monthly Volatility Taking into Account Daily Autocorrelation

Mean monthlv
l*l(K))

Mean doily
(*IOO)

St, dev.
monthly
(•100)

St. dcv.
daily
(•IW))

absu-stiii) on null
monthly = durly

Factors

B(K>istrapped S&P 5(X) (NW q = 2. j = 1)

Bootstrapped SMB (NW q = 2. j = 1)

Bootstrapped HML (NW q = 2. j = 1)

Other Portfolios

Small-Low BM {NW q = 2, j = 1)

Small-Medium (NW q = 2. j = 1)

Small-High (NWq = 2 . j= II

Big-Low (NWq = 2. j = !]

Big-Medium (NW q = 2. j = 1)

Big-High (NWq = 2 . j = 0

Individual Stocks

DJIAtJOmponents (NW q = 5. j = 4)

Russell 2000 components (NW q = 2. j = I)

0.2065

0.0950

0.0957

0.5095

0.3058

0.3286

0.2596

0.2006

0.2196

0.7352

02105

0.0580

0.0572

0.2995

0.1531

0.1470

0.2522

0.1817

0.1789

0.7757

3.2739

0.3987

0.2000

0.2249

0.9041

0.5598

0.6566

0.50.34

0.3979

0.3996

1.4066

0.3357

0.0893

0.1014

0.4627

0.2321

0.2319

0.3475

0.3195

0.2647

0.8878

27.448

0.3286

4.968* ••

4.689-"

6.349«*-

7.416*"

7.389«"

0.3320

0.616

2.609-

1.081

0.535

** Signijicatii at 5% leiv!.

* Sifimfuatil at 10% level.

tions up to lag four considered) for DJIA stocks.
Exhibit 2 demonstrates that including covariance

terms reduces the difference between the two measures
ot monthly volatility, and in some cases even makes the
difference statistically insignificant (three Fama-French
portfolios of large firms).

We conclude that, in accordance with theoretical
models and earlier empirical results, volatility computed
using higher-frequency data is less noisy than volatility
computed using same-fi-equency returns. The two mea-
sures can differ in their means because ot'microstructure
effects. Using daily returns without cross-products effec-
tively removes these effects, and produces a better mea-
sure than using monthly returns. But is this superiority
practically important in real-world financial applications?

FORECASTING MONTHLY VOLATILITY

To examine the forecasting capabilities of models that
use daily versus monthly measures of the monthly variance,
we apply the widely known Fama-French three-factor
model, which includes market, si2e, and value/growth as fiic-
tors. We focus first on forecasting individual factor volatil-
ity and then turn to risk models and portfolio volatility.

Forecasting Single-Asset Volatility

The factors considered here are the S&P 500 index,
SMB, and HML for data from January 1963 through
December 2002. For both the daily and monthly mea-
sures, we consider three forecasts, which are simple and
feasible when estimating a factor risk model with a large
number of stocks:

Forecast 1: O"̂ ,̂ = Cj, which assumes a random walk
(RW);

Forecast 2: An AR(1) process, (T\, = al + Ao"- + £. , .
wiiere A is the persistence parameter; and

Forecast 3: Naive historical average.

The AR(1) process is estimated using 60 periods of
data with non-negative constraints on the parameters.
Other lengths of estimation window (36 and 100) and
other AR processes were considered, with similar results.
All forecasting models considered are identical except
that they use data of different frequency. The statistics to
evaluate the volatility forecasts are:

a; -a;HMAE: E{
HRMSE:E{((ar - ( 7 ;

' '̂̂  true fonrasi

(4)
(5)
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We also use a Mincer-Zarnowitz regression:

for fijrther analysis; unbiased forecast imply b^ = 0 and
h. — \. We have three options to define the true volatility:

(6)

(7)

E X H I B I T 3
Forecasting Monthly Variance of Factor Portfolios

and

(8)

That is, we use daily returns but including n cross-prod-
ucts in order to capture autocorrelation in daily returns.

Despite our view that autocorrelation is largely
driven by microstructure noise, we still find it instructive
to apply (8) with » — 5 as the true volatility measure. First,
our measure of monthly volatility used during the esti-
mation stage is different from the measure used for out-
of-sample evaluation. Second, the typical autocorrelation
function rarely has significant entries beyond lag 5. There-
fore, the out-of sample risk measure falls between the daily
measure and the monthly measure, and is closer to the
monthly measure.

We attempt to proxy for the true volatility with
squared monthly returns, but the R* firom the Mincer-
Zarnowitz regression is very low across all models,
showing it to be a very noisy proxy of montiily volatil-
ity. Further, the monthly measure routinely comes close
to zero, which makes HMAE and HRMSE statistics
meaningless.

Finally, comparison of the two measures (6) and (7)
with tbe widely accepted VIX values fiiom January 1986
through December 2002 is extremely unfavorable to the
montlily measure. The monthly measure clearly presents
a noisy volatility proxy; the HMAE statistic for the
monthly measure (with VIX as a benchmark) is more than
twice that of the daily measure."*

Exhibit 3 reports HMAE and HRMSE test statis-
tics for forecasting the monthly volatility of the S&P 500
together with the coefficients and R^ from the Mincer-
Zarnowitz regression. Several findings are apparent. First,
using daily data in conjunction with a simple AR(1)
model produces vastly superior forecasts. The HMAE is

HMAE HRM.SE

Daily_AR(I) 0.7890

Daily.Hist 1.2839

DaiIy_RW 1.0689

MonthIy_AR(l) 0.8087

MonthIy_Hist i.3328

Monthly _RW 1.6641

1.51.11 0.0003

2.4118 O.OOll

2.2104 0.0011

1.4864 0.0008

2.4662 0.0012

3.9303 0.0016

1.0405 0.1361

0.3278 0.0194

0.3857 0.1420

0.7716 0.0477

0.2985 0.0U7

0.1022 0.0270

Boldface indicales null hypothesis could not he rejected.

the best of all the models. Its R- is only slighdy lower than
the R^ of the daily random walk model, and the null
hypothesis of b̂  = 0 and î = 1 could not be rejected.

Second, the random walk model of daily returns
does well when no extreme events take place (as HMAE
shows), but performs more poorly when voladhty changes
rapidly (HRMSE and regression results). Third, the AR(1)
fitted to monthly data performs much more poorly than
when fitted to daily data. Fourth, models that use liistor-
ical volatility perform poorly by any measure.

Finally, in many ca.ses the difference betv.'een cor-
responding daily and monthly models is much greater than
between models that use the same-frequency data. For
instance, the difference in R- between AR(1) models
and random walk models of the same fi-equency is around
5% for SMB forecasts, but the difference between the same
model that uses different fi-equencies is more than 10%
(0.38 versus 0.23 for the AR(I) model and 0.34 versus 0.23
for the random walk model).

These results illustrate a major advantage of using
higher-fi"equency returns, namely, that we can apply sim-
ple and robust forecasting models without sacrificing
forecasting pertbrniance.

Other Risk Model Building Blocks

While using daily returns results in better forecasts
of single-asset volatility, the majority of portfolio apph-
cations require forecasting a portfolio covariance matrix.
Such forecasting requires estimates of the factor covari-
ance matrix, the exposures or loadings of individual stocks
for the factors, and the stock-specific risk.

Factor Correlation. We estimate a so-called constant
correlation model advocated in Bollerslev [1990], which
forecasts the covariance matrix assuming multivariate con-
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E X H I B I T 4
Forecasting Factor Correlation

SP500

SMB

HML

SP 5(X)
—

0.1888
0.2891
0.2129
0.5952

SMB
0.2077
0.2779

0.2151
0.4557

HML
0.2193
0.6243
0.2239
0.3918

...

ainelatioii estimated from 12 (.i6) mouths of past data to real-
ized correlation ofer the next two moiitlis. Realized correlation is measured
with daily data; one cross-product is included to reflect possible noti-syri-
chrotiicity. lite first numher is the MAE when iu-sample wrrclation is mea-
iured with daily retums: the number below is the MAE when in-sample
correlation is measured with monthly retums. Tlie upper triangle conesponds
to au estimation period of 36 months, while the lou-er triangle corresponds to
an estimation period of 12 months.

dirional heteroscedasticity. Exhibit 4 reports the mean of the
absolute difference (MAE) between forecasted and realized
correlation among the three factors considered: S&P 500,
SMB, and HML.'̂ ' The correlations computed with the last
three years of returns are a reasonable approximation of the
correlations over the next two months. Moreover, with daily
returns, shortening the estimation period to one year results
in a slight improvement in the correlation forecast.

Optimal Length of Estimation Window. In select-
ing the number of observations for each estimation win-
dow, there is a trade-off between the statistical estimation
accuraq? and the relevance of the historical information.
Many monthly risk models that use monthly data use five
years of past returns in order to estimate factor loadings,
raising a question as to whether the information is rele-
vant for current market conditions. We run simple tests
that vary the lengths of estimation and holding periods and
measure the deviation of estimated exposure from the real-
ized exposure.

The sample period extends from January 1973

through December 2002 with daily returns on Dow Jones
stocks and on the factors. The estimated exposures from
the last T, observations at the beginning of each month
are compared to the realized exposures within the next
Tj months.

We use MSE as the statistical measure of deviation,
but given that there are three factors in the model, we also
compute the weighted MSE across three exposures. The
weights are proportional to the sample variance of each
factor in order to reflect its importance. Weighted least
squares regression is used to estimate historical and real-
ized exposures in order to eliminate the influence of
influential observations.

Daily betas for small stocks may be biased due to
non-trading, as noted by Scholes and Williams 11977].
While single-factor beta adjustment is a fairly standard pro-
cedure, adjusting loadings in a multivariate setting is a bit
more complicated. One approach is to assume that fac-
tors are orthogonal and adjust each factor in turn (see
Jagannathan and Ma [20031). We use a slightly more
complicated adjustment that does not require an assump-
tion of factor orthogonality.

The results are reported in Exhibit 5. We vary T^
from two months to three and a half years and T, from
one month to six years. Setting T, equal to one month
reflects the risk model updating frequency, while the
other two values of T, match the investment cycles of
monthly risk model users. The minimum values of
weighted MSE across each row indicate the optimal length
of the estimation period, given the length of the holding
period.

Specifically, the optimal estimation periods are 375
days (one and a half years), 625 days (two and a half
years), and 750 days (three years) for holding periods of
one, three, and six months, respectively. These findings
are consistent with the mean-reversion features of factor
exposures documented by Vasicek |1973). In other words,
exposures for longer holding periods converge to their

E X H I B I T 5
Window Size and Forecasting Errors of Exposures

Tl

T2

I month
3 month
6 month

60 days

1.4987
0.6074
0.4655

125 days

1.3770
0.4449
0.3006

250 days

1.2967
0.3891
0.2408

375 days

1.2924
0.3815
0.2325

500 days

1.2954
0.3807
0.2292

625 days

1.2970
0.3800
0.2270

750 days

1.2986
0.3800
0.2262

875 days

1.2979
0.3824
0.2289
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E X H I B I T 6
Forecasting Monthly Covariance Matrix

Factor model
daily returns

Test 1 0.6100
Test 2 I.(K122

* "'Significant al the 5% level.

Factor model
monthly
returns

0.6376
1.1822

t-statistic in
absolute value
for equality

10.38**
27.62**

Sample covar
daily returns

0.6469
1.0452

Sample covar
monthly
returns

0.6888
1.6261

t-statistic in
absolute value
for equality

8.86**
43.12**

long-run mean, so using longer periods to estimate them
proves beneficial.

Forecasting Portfolio Covariance

Beginning in December 1972 and ending in
December 2002, we randomly pick 100 stocks from the
eligible universe for each month. The stock must be a
domestic common issue with price above S5, with no
missing returns during the estimation period, and with
tnarket capitalization available at the time of the portfo-
lio formation. Second, we form market capitalization
quintiles of stocks and then pick 100 random eligible
stocks from each quintile. We compute the realized covari-
ance tnatrix as a product of sample variance, measured by
the sum of the squared daily returns during one month
immediately following the estimation date V^ and sample
correlation R, as I , = K/'-R^K/'-.

We use several test statistics to judge the models per-
formance. First, we measure model precision in predict-
ing variance oiily:

where F is forecasted covariance matrix. Similarly, we mea-
sure model precision in forecasting covariance only, with:

as a test statistic, where tril (X) is the lower triangular matrix
ofX.

Results for random portfolios are presented in
Exhibit 6. They show that using daily data (whether in
conjunction with a factor risk model or not) produces a

comfortable advantage over using tiionthly data in fore-
casting variance and covariance. We also fmd that using
higher-frequency data is better than using a more com-
plicated model. Overall, a factor model using daily data
dominates all other models in forecasting covariances.

PORTFOLIO OPTIMIZATION

Portfolio optimization is used for a variety of tasks,
including hedging risk, maximizing the infortiiation ratio,
or tracking a benchmark. We are interested in whether
documented improvements in estimating the covariance
matrix translate to superior portfolios. We focus our
attention on constructing global minimum-variance port-
folios (GMV). Every month, starting in December 1972
and ending in December 2001, we run optimization rou-
tines on a group of stocks with the aim of minimizing
portfolio variance over the ensuing holding period.

Optimization results for portfolios of 100 random
stocks are sumtnarized in Exhibit 7. As before, we mea-
sure monthly volatility as the sum of squared daily returns
with correction for autocorrelation {up to lag 5). We
assume a one-month holding period, consistent with the
nature of the monthly risk model.

The first row gives standard deviations of optimized
portfolios across all time periods. The rest of Exhibit 7
reports standard deviations of optimized portfolios under four
different volatility regimes: lowest. low. high, and highest.
Month f is considered the lowest volatility month if the stan-
dard deviation of the equally weighted portfolio during tliis
month falls into the bottom 25% of the time series distri-
bution of monthly volatility. A low volatility regime corre-
sponds to an equally weighted portfolio falling between 25%
and 50% of the time series distribution of monthly volatil-
ity'; high volatility is 5O'>()-75%, and the highest volatility
exceeds 75% of its time series distribution.

Note first that the daily factor model has an edge
over the monthly factor model (9.51% versus 10.18%
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E X H I B I T 7
Portfolio Optimization—Time Series Averages of Standard Deviations

Volatility
100_random

Lowest

Low

High

Highest

Factor
model

daily returns

(1)
0.0951

0.0522

0.0697

0,1098

0.1590

Factor model
monthly
returns

(2)
0.1018

0.0628

0.0821

0.1135

0.1660

Sample cov
daily returns

(3)
0.0964

By volatility

0.0521

0.0699

0.III5

0.1623

Sample cov
monthly
returns

(4)
0.1062

regime

0.0643

0.0848

0.1192

O.!738

EW
portfolio

(5)
0.1448

0.0569

0.0940

0.1785

0.2689

( l ) - ( 2 )
-0.0067

-0.0107

-0.0124

-0.0037

-0.0070

( t ) - ( 3 )
-0.0013

0.0001

-0.0002

-0.0018

-0.0033

E X H I B I T 8
Tracking Error Portfolio Optimization

Volatility
I O0_random

Lowest

Low

High

Highest

Factor
model
daily

returns

(1)
0.0630

0.0409

0.0550

0.0674

0.0888

Factor model
monthly
returns

(2)
0.0664

0.0456

0.0564

0.0682

0.0908

Sample cov
daily returns

(3)
0.0642

By volatility

0.0417

0.0562

0.0688

0.0901

Sample cov
monthly
returns

(4)
0.0761

regime

0.0552

0.0659

0.0771

0.0998

EW
portfolio

(5)
0.0812

0.0402

0.0647

0.0853

0.1347

(1) (2)
-0.0034

-0.0047

-0.0014

-0.0008

-0.0020

(I) (3)
-0.0012

-0.0008

-0.0012

-0.0014
-0.0013

annualized standard deviation). Secotid, the sample covari-
ances matrix computed using daily data beats the monthly
factor model (9.64% versus 10.18% annualized standard
deviation). Third, the daily model beats the monthly
model in all volatility regimes.

Interestingly, when volatility is very low, both
monthly models fail to beat an equally weighted portfo-
lio. The factor model's advantage over the sample covari-
ance matrix increases as overall volatility increases.

Examining the standard deviation of optimized port-
folios formed within each market cap quintile. we find the
daily factor model performs better than the monthly fac-
tor model for all size quintiles {from 0.27% annualized
standard deviation for the smallest quintile to 0.9% for the
middle quintile). The daily factor model has a much
smaller advantage over the daily model that uses the sam-
ple covariance matrix (ranging from zero to 0.14%). This
reflects our finding that transition to higher-frequency data
has more effect on forecasting covariances than using a
more complicated model.

SPRING 2005

Risk models are often used to control tracking error.
Exhibit 8 reports the results of a tracking error optimiza-
tion for randomly chosen long-short portfolios. For each
month starting in December 1972 and ending in Decem-
ber 2001, we randomly pick 100 stocks satisfying the eli-
gibility criteria as described. Next, we pick 50 stocks
from tlie preselected 100 and assign negative weights pro-
portional to market capitalization and normalized to sum
to negative one. These 50 stocks constitute the short side
of the portfolio.

Then, we run portfolio optimizations to select pos-
itive weights for the remaining 50 preselected stocks. As
before, an upper hmit of 5% on the long side is imposed.
The best model will yield the portfolio with the lowest
volatility of the trackitig error.

Exhibit 8 is consistent with our earlier results; using
daily returns makes a superior tracking portfolio.
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CONCLUSION

Volatility forecasts are crucial to many financial appli-
cations, and traditionally are constructed so that the sam-
pling interval matches the forecast horizon. This practice
has drawbacks. Using low-frequency data to create low-fre-
quency risk forecasts induces staleness and might not accu-
rately refiect return events within the sampling interval. So
why should data frequency match the forecast horizon?

We demonstrate that using higher-frequency data
can improve risk forecasts. The use of daily returns results
in more precise estimates of monthly volatility. We also
show that the difference between monthly volatility esti-
mates and our approach can be bridged by factoring in
the autocorrelation in daily returns {except this approach
is subject to error arising frx>m spurious estimates of auto-
correlation). We maintain that the use of daily returns
offers greater precision in practice.

The main advantage of higher-frequency returns for
construction of volatihty measures over a longer horizon
is that it allows the use of simple and robust volatility fore-
casting models. Daily returns also liave significant advan-
tages for estimating exposures and factor correlations
fix)m a monthly risk model,

Whether these results can be extended to other
areas of concern for portfolio managers and traders is an
open question.

ENDNOTES

'Higher-frequency {daily or weekly) risk models are
increasingly used in trading applications or by high-turnover
managers and hedge funds as discussed in Madhavan and Yang
12003].

•'Anderson and Bollerslev 119981 and Anderson, Boller-
slev, and Lange 11999) explore the predictability of exchange
rate retimi voLitility using intraday returns. Blair, Poon, and
Taylor [2001] examine the accuracy of volatility forecasts for
a stock index.

'Data on S&P 500 retums are from CRSP. Data on all
other portfolios are from the French data library. The
Fama/French factors are constructed using the six value-weight
portfolios formed on size and book-to-niarket. The universe
includes all NYSE. AMEX. and Nasdaq finiis. SMB and HML
for July of year f through June of / + 1 include all NYSE,
AMEX, and Nasdaq stocks for which market equity data for
December off - I and June off, and {positive) book equity data
for ( - 1, are available. SMB {small minus bi^ is the average
return on the three small portfolios minus the average return
on the three big portfolios: SMB = 1/3 (Small Value + Small
Neufral + Small GrouHh) - 1/3 (Big Value + % Neutral + Big

Growth). HML (higli minus low) is the average retum on the
two value porttolios minus the average retum on the two
growth portfolios: HML = I /2 (Small Value + Big Value) - 1 /2
(Small Growth + Big Growth).

The Fama/French benchmark portfolios are rebalanced
quarterly using two independent sorts, on size {market equity.
ME) and book-to-market {the ratio of book equity to market
equity, BE/ME). The size breakpoint {which detemiines the
buy range for the small and big portfolios) is the median NYSE
market equity. The BE/ME breakpoints (which determine
the buy range for the growth, neutral, and value portfolios) are
the 30th and 7l)th NYSE percentiles.

Data on individual stocks are from Datastream for
1973-2002 {360 months). DJIA stocks that did not stay in the
index for the entire period are excluded {Citigroup, Home
Depot, Honeywell, Microsoft, SBC Communications). Apply-
ing the same filter to Russell 2000 stocks results in 255 avail-
able for the test.

T-statistics are for a one-sided t-test of the monthly mea-
sure being lower than the daily measure of volatility. Boot-
strapping proceeds in 20-day segments to preserve the retum
structure over a single month. The number of samples drawn
depends on the amount of actual data. In each case the draw-
ing procedure is repeated 100 tinies.

•"See Blair, Poon, and Taylor [2001] for standard adjust-
ment of the VIX.
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