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1 Introduction

To determine the optimal portfolio of an investor, one needs to estimate the moments of asset
returns, such as the means, volatilities, and correlations. Traditionally, historical returns data
have been used for this estimation, but researchers have found that portfolios based on sam-
ple estimates perform poorly out of sample.! Several approaches have been proposed in the
literature for improving the performance of portfolios based on historical data.?

In this paper, instead of trying to improve the quality of the moments estimated from
historical data, we use forward-looking option-implied moments of stock-return distributions.?
The main contribution of our work is to demonstrate empirically how one can use option-implied
information to improve portfolio selection with a large number of stocks, and to document which
aspects of option-implied information are particularly useful. Specifically, we study how one can
use option-implied volatility, correlation, skewness, and the volatility risk premium to adjust
the volatility and correlation of stock returns in order to improve the out-of-sample performance
of static portfolios. We find that the improvement in portfolio performance from using option-
implied volatilities and correlations is small, contrary to what one may have expected. However,
the use of option-implied skewness and the volatility risk premium can lead to substantial
improvements in Sharpe ratios and certainty-equivalent returns (even when short sales are
constrained), but this is accompanied by an increase in portfolio turnover. Our analysis is
carried out in a comprehensive fashion: we consider four benchmark portfolios (1/N, sample-
covariance-based minimum-variance, short-sale-constrained minimum-variance, and minimum-
variance with shrinkage of the covariance matrix); four performance metrics (portfolio volatility,
Sharpe ratio, certainty-equivalent return, and turnover); two data sets (with 100 assets and
with 561 assets); two data frequencies (daily and intraday); two portfolio rebalancing periods
(daily and monthly); and, two objective functions (minimum-variance optimization and utility

maximization).

It is well known that it is much more difficult to estimate expected returns than second
moments of stock returns (Merton, 1980), and as a result, much recent research has focused

on minimum-variance portfolios, which rely solely on estimates of covariances. In fact, Jagan-

'For evidence of this poor performance, see DeMiguel, Garlappi, and Uppal (2009) and the references therein.

2These approaches include: imposing a factor structure on returns (Chan, Karceski, and Lakonishok, 1999;
MacKinlay and Péastor, 2000), using daily data rather than monthly data (Jagannathan and Ma, 2003), using
Bayesian methods (Jobson, Korkie, and Ratti, 1979; Jorion, 1986; Péstor, 2000; Pédstor and Stambaugh, 2000;
Ledoit and Wolf, 2004b), constraining shortsales (Jagannathan and Ma, 2003), constraining the norm of the
vector of portfolio weights (DeMiguel, Garlappi, and Uppal, 2009), and using stock-return characteristics such
as size, momentum, and the book-to-market ratio (Brandt, Santa-Clara, and Valkanov, 2009).

3For other examples of the use of option-implied volatility and skewness, see Christoffersen and Chang (2009),
who use implied volatility and skewness to forecast future realized betas.



nathan and Ma (2003, pp. 1652-3) write that: “The estimation error in the sample mean is so
large nothing much is lost in ignoring the mean altogether when no further information about
the population mean is available. For example, the global minimum variance portfolio has as
large an out-of-sample Sharpe ratio as other efficient portfolios when past historical average
returns are used as proxies for expected returns. In view of this, we focus our attention on
global minimum variance portfolios in this study.” Just like Jagannathan and Ma (2003), we
too focus on minimum-variance portfolios, even though the methodology we develop applies also
to mean-variance portfolios and to portfolios obtained from the maximization of more general

utility functions.*

To the determine minimum-variance portfolio, one needs to estimate for each stock its
volatility and correlations with all the other stocks. We undertake our analysis in four steps. In
step one, we determine the optimal portfolio using volatilities implied by option prices. In step
two, we find the optimal portfolio using correlations implied by option prices. In step three,
we find the optimal portfolio when volatilities are scaled based on option-implied skewness and

the volatility risk premium. We summarize below the findings from these three steps.

In the first step, we find that using the implied volatilities to compute the optimal portfolio
does not lead to a substantial reduction in the out-of-sample portfolio volatility (standard de-
viation) or to an increase in the Sharpe ratio and certainty equivalent return. This is surprising
because there is a large literature that documents that implied volatility can predict stock-
return volatility better than sample volatility (see, for example, Blair, Poon, and Taylor (2001)
and Jiang and Tian (2005)). We explain that there are two reasons for this. First, the implied
volatilities are estimators with large variances because they are based exclusively on current
option prices. Second, because the implied volatilities estimate the risk-neutral volatilities, they
are biased estimators of the real-world (objective) volatilities, with the gap between the two
being the volatility risk premium, as explained in Chernov (2007). However, we find that even
the portfolios based on the risk-premium-corrected model-free implied volatilities attain an out-
of-sample portfolio volatility that is only about 5% lower than the traditional portfolios based

on the historical stock-return data, while the improvement in Sharpe ratio is still insignificant.

In the second step, we find that the benefits from using option-implied correlations are even
smaller than the gains from using option-implied volatilities. To understand the reason for this,
note that the covariance matrix that improves portfolio performance will be the one that con-

tains enough information about future covariances and is stable (with a small condition number

4A discussion of the poor performance of the mean-variance portfolio for our data sets is given in Section 5.3,
and the performance of portfolio weights obtained from maximizing log utility is discussed in Section 8.5.



and, correspondingly, less volatile portfolio weights). Our empirical results indicate that, while
option-implied volatilities and correlations are better than their historical counterparts at fore-
casting the future realizations of these moments, the gains are not substantial enough to offset
the loss from the increased instability of the covariance matrix, the effect of which appears in

the much higher portfolio turnover.

Finally, in the third step, we study how two other sources of option-implied information can
be used to improve portfolio selection. The first is the historical volatility risk premium, and
its choice is motivated by the empirical regularity documented by Bali and Hovakimian (2009)
and Goyal and Saretto (2009) that assets with high volatility risk premium tend to outperform
those with low volatility risk premium. Our empirical evidence shows that portfolios based on
volatilities scaled by the volatility risk premiums outperform traditional portfolios. The second
source of information is option-implied skewness, whose choice is motivated by the finding in
Rehman and Vilkov (2009) that stocks with high option-implied skewness outperform stocks
with low option-implied skewness.® We find that portfolios that use volatilities scaled by implied
skewness achieve significantly higher Sharpe ratios than those of traditional portfolios (even in
the presence of short-sale constraints), but these gains are accompanied with higher portfolio
turnover. Moreover, we observe that the use of option-implied information for portfolio selection
does not lead to a substantial change in the systematic risk profile of the portfolios with respect

to the three Fama and French (1993) factors and the Carhart (1997) momentum factor.

We conclude this introduction by discussing the relation of our work to the existing liter-
ature. The idea that option prices contain information about future asset returns has been
understood ever since the work of Black and Scholes (1972) and Merton (1973).% The focus of
our work is to investigate how the information implied in option prices can be used to improve
portfolio selection. There are two other papers that study this. The first, by Ait-Sahalia and

Brandt (2008), uses option-implied state prices to solve for the intertemporal consumption and

5For the relation between expected stock returns and skewness measured directly, as opposed to option-implied
skewness, see Rubinstein (1973), Kraus and Litzenberger (1976), Harvey and Siddique (2000), and Boyer, Mitton,
and Vorkink (2009).

5For example, Latane and Rendleman (1976), Lamoureux and Lastrapes (1993), and Christensen and Prabhala
(1998) find that implied volatility outperforms historical volatility in forecasting future volatility, and Poon and
Granger (2005) provide a comprehensive survey of this literature. Bakshi, Kapadia, and Madan (2003) explain
how one can use option prices to infer also higher moments of the return distribution, such as skewness. Driessen,
Maenhout, and Vilkov (2009) show, in the working paper version of their article, how one can obtain also implied
correlations from the prices of options on individual stocks and on the index, while Bali and Hovakimian (2009)
and Bollerslev, Tauchen, and Zhou (2008), Cremers and Weinbaum (2008), Goyal and Saretto (2009), Rehman
and Vilkov (2009), and Xing, Zhang, and Zhao (2009) show that options can also be used to forecast future
returns of the underlying asset. Of course, one can extract not just particular moments of returns, but also
the probability distribution function, as shown by Jackwerth and Rubinstein (1996), Ait-Sahalia and Lo (1998),
Jackwerth (2000), Bliss and Panigirtzoglou (2004), Panigirtzoglou and Skiadopoulos (2004), and Benzoni (1998),

while Chernov and Ghysels (2000) show how to estimate jointly both the objective measure and the risk-neutral
measure.



portfolio choice problem, using the Cox and Huang (1989) martingale representation formula-
tion, rather than the Merton (1971) dynamic-programming formulation. This paper finds that
optimal consumption and portfolio rules based on option-implied information are different from
those obtained using standard return dynamics; however, its focus is not on finding the optimal
portfolio with superior out-of-sample performance. The second, which is by Kostakis, Pani-
girtzoglou, and Skiadopoulos (2009), studies the asset-allocation problem of allocating wealth
between the S&P500 index and a riskless asset. The paper uses options on the index to first
back out the implied risk-neutral distribution of returns and then transforms this to the objec-
tive distribution. This paper finds that the out-of-sample performance of the portfolio based on
this distribution is better than that of a portfolio based on the historical distribution. However,
there is an important difference between this work and ours: rather than considering the prob-
lem of how to allocate wealth between the S&P500 index and the riskfree asset, we consider the
portfolio-selection problem of allocating wealth across a large number of individual stocks; in
particular, we consider portfolios with 100 stocks and 561 stocks. It is not clear how one would
extend the methodology of Kostakis, Panigirtzoglou, and Skiadopoulos (2009) to accommodate
a large number of risky assets. They also need to make other restrictive assumptions, such as
the existence of a representative investor and the completeness of financial markets, which are

not required in our analysis.

The rest of the paper is divided into a number of short distinct sections in order to help
the reader understand each step of our analysis. In Section 2, we provide a brief background to
portfolio selection. In Section 3, we describe the data on stock returns and options that we use
in our empirical work. In Section 4, we explain the various measures we use to evaluate portfolio
performance. The construction and performance of our benchmark portfolios that do not use
option-implied information is described in Section 5. How we compute the quantities implied
by option prices that we use for portfolio selection is explained in Section 6. Our main findings
about the performance of various portfolios that use option-implied information are given in
Section 7. The robustness checks we undertake are described in Section 8, and we conclude in
Section 9. Appendix A explains how to compute variances and covariances for high-frequency
intraday data; Appendix B explains the method used for the shrinkage and regularization of
the covariance matrix; and, Appendix C explains the construction of model-free option-implied

moments.



2 Portfolio Selection

The minimum-variance problem is

min  w' Yw, (1)
w
st. wle=1, (2)

where w € RY is the vector of portfolio weights invested in stocks, ¥ € IRV*¥ is the covariance
matrix, and e € IRY is the vector of ones. The objective in (1) is to minimize the variance
of the portfolio return, w' Xw, subject to the constraints that the portfolio weights sum to
one. The constraint that the portfolio weights sum to one is required because we consider the
case without the risk-free asset, given our objective is to explore how to use option-implied
information to select the portfolio of risky stocks. The solution to the above problem is:

yle
Wmin = TRTe ®)

Note that the covariance matrix ¥ in (3) can be decomposed into volatility and correlation
matrices,

Y = diag(o) 2 diag(o), (4)

where diag (o) denotes the diagonal matrix with volatilities of the stocks on the diagonal, and
2 is the correlation matrix. Thus, to obtain the optimal portfolio weights in (3) there are two
quantities that need to be estimated: volatilities (o) and correlations (£2). Information from

prices of options can be used to estimate both quantities.

3 Data

In this section, we describe the data on stocks and stock options that we use in our study.
Our data on stocks are from the Center for Research in Security Prices (CRSP) and NYSE’s
Trades-And-Quotes (TAQ) database. Our data for options are from IvyDB (OptionMetrics).

3.1 Data on Stock Returns

Our sample period is January 3, 1995 to June 29, 2007. We study stocks that are in the
S&P500 index at any time during our sample period. The daily stock returns of the S&P500
constituents is from the daily file of the CRSP and we have in our sample a total of 3146 trading

days. We also use high-frequency intraday stock-price data consisting of transaction prices of



the S&P500 constituents; these data are from the NYSE’s Trades-And-Quotes database. We
use the intraday data because several studies have highlighted the advantage of using high-
frequency data to measure volatility of financial returns, and also as a robustness check for the

results obtained from daily data.”

To improve the quality of the raw data used in our analysis, we apply the following filters
and data-cleaning rules. For the daily stock returns of the S&P500 constituents from the CRSP
daily file, we remove the observations with standard missing codes (SAS missing codes A,B,C,D
and E) as described in the Wharton Research Data Services documentation on CRSP. For the
intraday stock-price raw data, we filter data for each day from the official opening at 9:30 EST
until 16:00 EST, delete entries with a bid, ask or transaction price equal to zero, delete entries
with corrected trades (trades with a correction indicator, “corr” # 0), delete entries with an
abnormal sale condition (trades where the variable “cond” has a letter code, except for “E”
and “F”)® and delete entries with prices that are above the ask plus the bid-ask spread or
prices that are below the bid minus the bid-ask spread; see Barndorfi-Nielsen, Hansen, Lunde,
and Shephard (2009) for the details and discussion of these rules.” After cleaning the data,
we construct a regularly spaced one-minute price grid for every trading day using the volume-
weighted average of all transactions within a given minute. If there is no price for a given

minute, we fill it in with the previous available price.

Counting by IvyDB (OptionMetrics) identifiers, we have data for a maximum of 810 stocks,
from which we choose those stocks for which at least 2,000 records of intraday volatilities and
model-free implied volatilities are available, which gives us 561 stocks. Of these 561 stocks,
there are 219 stocks for which the intraday volatilities and model-free implied volatilities are
available for the entire time series. For robustness, we consider two datasets in our analysis.
The first consists of the entire 561 stocks,'? and the second consists of 100 stocks out of the
219 for which data are available for all dates; to select these 100 stocks, we first order the 219
stocks with respect to the security identifier code of the IvyDB data base, and then select the
first 100.1!

"For a survey of the literature on using high-frequency data to estimate moments of asset returns, see Andersen,
Bollerslev, and Diebold (2009).

8See the TAQ 3 Users Guide for additional details about sale conditions.

9Rules P1, P2, T1, T2 and an adjusted version of T4.

10 At each point in time, we consider only those stocks that have no missing data, which means that this sample
has a variable number of stocks; on average, there are about 400 stocks at each point in time.

"Tn addition to the reported results, we have also checked our results on different subsamples of 50 and 100
stocks out of the 219 for which data are available for all dates, and these subsamples deliver similar results;
details of this robustness check are provided in Section 8.1.




3.2 Data on Stock Options

For stock options we use the IvyDB that contains data on all U.S.-listed index and equity
options. We use data from January 4, 1996 to June 29, 2007.2

We do not use option prices directly in our analysis, but wish to use option-based infor-
mation only to obtain the moments of the option-implied distributions, and for this reason it
is important for us to have the maximum number of options for a given maturity. Therefore,
we choose for our analysis not the raw data on prices of options, but the volatility surface file,
which contains a smoothed implied-volatility surface for a range of standard maturities and a

set of option delta points.'?

From the surface file we select for our sample the out-of-the-money implied volatilities for
calls and puts (we take implied volatilities for calls with deltas smaller or equal to 0.5, and
implied volatilities for puts with deltas bigger than —0.5) for standard maturities of 30 and 60
days, which we consider to be the most suitable.!* For each date, each underlying stock, and
each time to maturity, we have from the surface data 13 implied volatilities, which are then

used to calculate the moments of the risk-neutral distribution.!®

When working with data on option prices and the volatility surface, for several calculations
we need a proxy for the riskfree rate for the maturity of a particular option. For this, we use
the certificate-of-deposit yields for maturities between one day and one year from the IvyDB

and interpolate them linearly to get the appropriate yield.

4 Description of Portfolio-Performance Metrics

We evaluate performance of the various portfolios using four criteria. These are the (i) out-
of-sample portfolio volatility (standard deviation); (ii) out-of-sample portfolio Sharpe ratio;
(iii) out-of-sample portfolio certainty-equivalent return; and (iv) portfolio turnover (trading

volume). The reason for considering the certainty-equivalent return, in addition to the Sharpe

2Note that our data for stocks start in 1995, but we need 750 data points to compute the covariance matrix,
so our portfolio optimization starts only at the beginning of 1998.

3We calculated implied moments also from the raw data on option prices, and the results are similar.

4The use of out-of-the-money options is standard in this literature; see, for instance, Bakshi, Kapadia, and
Madan (2003) and Carr and Wu (2009). The reason is that selecting options that are out of the money reduces
the effect of the premium for early exercise for these American options.

15There are 13 implied volatilities given for standard delta points for each call and put. For puts, these 13
are {—0.80, —0.75, —0.70, —0.65, —0.60, —0.55, —0.50, —0.45, —0.40, —0.35, —0.30. — 0.25, —0.20}, and for calls the
delta points are the same, but positive. We select calls with a delta less than or equal to 0.5 and for puts greater
than —0.5, which gives a total of 13 implied volatilities for out-of-the-money options—a mix of calls and puts.



ratio, is that the Sharpe ratio considers only the mean and volatility of returns, while the

certainty-equivalent considers also the higher moments of returns.

We use the following “rolling-horizon” procedure for computing the portfolio weights and
evaluating their performance. First, we choose a window over which to perform the estimation.
We denote the length of the estimation window by 7 < T, where T is the total number of
returns in the dataset. For our experiments, we use an estimation window of 7 = 750 data
points, which for daily data corresponds to three years.'® Two, using the return data over the
estimation window 7, we compute the various portfolios we wish to compare. Three, we repeat
this “rolling-window” procedure for the next day, by including the data for the next day and
dropping the data for the earliest day. We continue doing this until the end of the dataset is
reached. At the end of this process, we have generated T' — 7 portfolio-weight vectors for each

S

strategy; that is, w;"*“% for t = 7,...,T — 1 and for each strategy.

S

Following this “rolling horizon” methodology, holding the portfolio w;"*“¥ for one day (or

for one month, when we consider a monthly holding period) gives the out-of-sample return at

) . trat trat
time ¢ 4 1: that is, ;7" = w71, where ry41 denotes the returns from ¢ to ¢ + 1.

After collecting the time series of 7' — 7 returns, 7}

tmmgy, the out-of-sample mean, volatility
(©), Sharpe ratio of returns (SR), and certainty-equivalent return (ce) are:

T-1

1
~strategy __ strategy
i = r 5
T — 1 t+1 ’ ( )
t=1
1 T—1 ) 1/2
~strategy __ ( strategy Astrategy)
g =\ = T — U 6
12 , ©)
t=1
S/}\{strategy ﬁstrategy .
= Sstrategy” (7)
1 T-1
~ — j : trat
Cestrategy —u 1 7 ” (Tterrla egy) ’ (8)
-7 t=1

where u denotes the power utility function with a relative risk aversion of v = 1, and the
certainty-equivalent return (ce) is the riskless return that an investor is willing to accept instead

of investing in the risky strategy.

To measure the statistical significance of the difference in the volatility, Sharpe ratio and
certainty-equivalent return of a particular portfolio from that of another portfolio that serves

as benchmark, we report also the p-values for these differences. We are interested in the finite-

6Because our sample consists of 561 stocks, estimation window lengths shorter than 7 = 750 often give
singularities in the covariance matrix.



sample properties of the portfolios. Therefore, when calculating the p-values for the case of daily
rebalancing we use the bootstrapping methodology described in Efron and Tibshirani (1993),
and for monthly rebalancing we make an additional adjustment, as in Politis and Romano

(1994), to account for the autocorrelation arising from overlapping returns.!”

Finally, we wish to obtain a measure of portfolio turnover. Let w:? ¥ denote the portfolio

j7t

weight in stock j chosen at time ¢ under strategy strategy, w9 the portfolio weight before

j7t+

strategy

rebalancing but at ¢ +1, and w;;

the desired portfolio weight at time ¢+ 1 (after rebalanc-
ing). Then, turnover, which is the average percentage of wealth traded per rebalancing interval
(daily or monthly), is defined as the sum of the absolute value of the rebalancing trades across
the N available stocks and over the T'— 7 — 1 trading dates, normalized by the total number of

trading dates:
T-1 N

1 strate.
o 9y _ , strategy
Turnover = T 1 E g (‘wj’t+1 Wi ‘ ) . (9)

t=71 j=1

5 Benchmark Portfolios that Do Not Use Option Prices

For robustness, we consider four benchmark portfolios that are not based on option-implied in-
formation. These are: (i) the equally-weighted (1/N) portfolio; (ii) the unconstrained minimum-
variance portfolio; (iii) the short-sale-constrained minimum-variance portfolio; and (iv) the
unconstrained minimum-variance portfolio with shrinkage of the covariance matrix. The con-
struction of these four benchmark portfolios is described below. In principle, one could also
consider the mean-variance portfolio as a benchmark but, as we discuss in Section 5.3, this
performs much worse than our four benchmark portfolios listed above, and so we do not report

the results for the mean-variance portfolio in the tables.

We consider two rebalancing intervals: daily and monthly. For the monthly rebalancing

interval, we find the new set of weights daily, but hold that portfolio for 30 calendar days (21

7Specifically, consider two portfolios i and n, with i, pin, 0i, 0n as their true means and volatilities. We
wish to test the hypothesis that the Sharpe ratio (or certainty-equivalent return) of portfolio 4 is worse (smaller)
than that of the benchmark portfolio n, that is, Ho : pi/0i — pin/on < 0. To do this, we obtain B pairs of size
T — 7 of the portfolio returns ¢ and n by simple resampling with replacement for daily returns, and by blockwise
resampling with replacement for overlapping monthly returns. We choose B = 10,000 for both cases and the
block size equal to the number of overlaps in a series, that is, 20. If F' denotes the empirical distribution function
of the B bootstrap pairs corresponding to fi;/d; —fin/0n, then a one-sided P-value for the previous null hypothesis

is given by p = F(0), and we will reject it for a small p. In a similar way, to test the hypothesis that the variance
of the portfolio 4 is greater (worse) than the variance of the benchmark portfolio n, Hy : 01-2/0% > 1, if F' denotes
the empirical distribution function of the B bootstrap pairs corresponding to: 67 / &2, then, a one-sided P-value

for this null hypothesis is given by p = 1 — F(1), and we will reject the null for a small p. For a nice discussion of
the application of other bootstrapping methods to tests of differences in portfolio performance, see Ledoit and
Wolf (2008).



trading days); therefore, this corresponds to the average of 21 daily returns. The advantage of

this approach is that it is not sensitive to the particular day on which the portfolio is formed.

5.1 The equally-weighted portfolio

For the “equally-weighted” (1/N) portfolio, one invests an equal amount of wealth across all
N available stocks each period. The reason for considering this portfolio is that DeMiguel,
Garlappi, and Uppal (2009) show that it performs quite well even though it does not rely on
any optimization; for example, the Sharpe ratio of the 1/N portfolio is more than double that

of the S&P500 over our sample period.

5.2 Three minimum-variance portfolios based on historical returns

The second benchmark portfolio that we consider is the minimum-variance portfolio, win,
which is given in (3). To identify the portfolio weights for this strategy, we need to estimate
only the “sample covariance” matrix, that is, the realized volatilities and correlations. For daily
data we compute the conventional sample estimators of (co)variances using data over the past

750 days.'®

In the existing literature, two methods have been adopted to improve the out-of-sample
performance of the minimum-variance portfolio based on the sample (co)variances. One ap-
proach is to impose constraints on the portfolio weights, which Jagannathan and Ma (2003)
show can lead to substantial gains in performance. Thus, our third benchmark is the “con-
strained” portfolio, where we compute the short-sale-constrained minimum-variance portfolio
weights. To compute these portfolio weights, we solve the problem in (1)—(2), after imposing

the additional constraint that all weights have to be non-negative.

Another approach to improve the out-of-sample performance of the minimum-variance port-
folio based on the sample covariance matrix is to use “shrinkage.” Our fourth benchmark con-
sists of “shrinkage” portfolios, where we compute the minimum-variance portfolio weights after
shrinking the covariance matrix.!” The sample covariance matrix for daily data and intraday

data is computed using the same approach that is described above. To shrink the covari-

8For the realized (co)variance estimators based on intraday data we use the filtered and calendar-time aligned
transaction prices over the last 30 trading days to estimate the (co)variances. There are several issues that
have to be addressed when estimating moments from intraday data; the approach we use is consistent with
the “second-best” approach of Zhang, Mykland, and Ait-Sahalia (2005), and the details of our procedure are
provided in Appendix A.

9We do not consider the norm-constrained approach of DeMiguel, Garlappi, Nogales, and Uppal (2009)
because we already consider the shortsale-constrained and shrinkage portfolios, which are particular cases of the
norm-constrained portfolios.
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ance matrix for daily returns, we then use the approach in Ledoit and Wolf (2004a,b), where
they show how one can compute the optimal shrinkage of the covariance matrix under certain

assumptions about the distribution of returns.?°

In Table 1 we report the performance of these four benchmark portfolios, all of which do
not use data on option prices. In Panel A, we report the results for daily rebalancing, and
in Panel B, we report the results when the portfolio is held for a month. Two p-values are
reported in parenthesis under each performance metric. The first p-value is relative to the 1/N
benchmark and the second p-value in this table is relative to the “Sample-cov” benchmark.
Each p-value is for the one-sided null hypothesis that the portfolio being evaluated is worse
than the benchmark for a given performance metric (so a small p-value suggests rejecting the

null hypothesis that the portfolio being evaluated is worse than the benchmark).

From Table 1, we see that, compared to the 1/N portfolio, most of the strategies based
on the minimum-variance portfolio achieve significantly lower volatility () out of sample. For
example, in Panel A with results for “Daily rebalancing”, we see that for the data with 561
stocks, the volatility of the 1/N portfolio is 0.1745 and that of the minimum-variance portfolio
with daily data is 0.1347, for the minimum-variance portfolio with constraints is 0.1240, and
for the minimum-variance portfolio with shrinkage is 0.1180. The first set of p-values indicate
that the volatilities of the three minimum-variance portfolios are significantly lower than that
of 1/N; the second set of p-values indicate that the constrained and shrinkage portfolios have
a lower portfolio volatility than the portfolio based on the sample covariance. The results for

the data with 100 assets and in Panel B for “Monthly rebalancing” are similar.

However, the Sharpe Ratio (sr) and the certainty-equivalent return (ce) are typically higher
for the 1/N portfolio. The one-sided p-values again indicate that we cannot reject the null that
the Sharpe ratio of the minimum-variance portfolios is worse than that of 1/N. These results are
similar for “Monthly rebalancing” reported in Panel B for the data with 100 stocks; but for the
data with 561 stocks and monthly rebalancing, the Sharpe ratio and certainty-equivalent return

are highest for the constrained-minimum-variance portfolio rather than the 1/N portfolio.

Of the three minimum-variance portfolios, the short-sale-constrained portfolio has the lowest
turnover (which is true also in the tables that follow, where we use option-implied information).
However, the turnover of the 1/N portfolio is almost always lower than even that of the con-

strained minimum-variance portfolio.

20For intraday data, instead of shrinkage, we use the regularization approach of Zumbach (2009) because
the distribution of intraday returns is different from that of daily returns and does not satisfy the assumptions
of Ledoit and Wolf (2004a,b). Details of the shrinkage and regularization methods we use are provided in
Appendix B, and the results for intraday data are summarized in Section 8.2.

11



5.3 The mean-variance portfolio based on historical returns

For completeness, we also discuss briefly the results for the mean-variance portfolio portfolios.
Of the three variants of the mean-variance portfolio we consider, the first is based on the
sample covariance matrix, the second has short-sale constraints, and the third is computed
with shrinkage applied to the covariance matrix, as in Ledoit and Wolf (2004a,b). All three
mean-variance portfolios perform very poorly along all metrics. For example, while the volatility
of the three minimum-variance portfolios is less than 0.1350, the volatility of the corresponding
three mean-variance portfolios is at least 3 times higher. Similarly, the Sharpe ratio of the short-
sale-constrained mean-variance portfolios is less than half of that of the short-sale-constrained
minimum-variance portfolios, and it is negative for the other two mean-variance portfolios.
Finally, the turnover of the short-sale-constrained mean-variance portfolio is five times that of
the minimum-variance portfolio, and that for the other two mean-variance portfolios is about
fifteen times higher. Consistent with the findings documented in the existing literature, we
conclude that relative to the 1/N portfolio and also the minimum-variance benchmarks, the

mean-variance portfolios perform much worse across all four metrics.

6 Option-Implied Information

In this section, we explain how we compute the quantities implied by option prices that we
use in our selection of portfolios. These quantities are: (i) option-implied volatility and the
volatility risk premium; (ii) option-implied correlation; and, (iii) option-implied skewness. We
also compare the ability of option-implied volatility and option-implied correlation to predict
realized volatility and realized correlation, respectively. Our objective here is only to show that
the option-implied moments provide better forecasts than the estimators based on historical
sample data, rather than to demonstrate that option-implied moments provide the best forecasts

of future volatility and correlations.?!

6.1 Option-Implied Volatility and Volatility Risk Premium

When option prices are available, an intuitive first step is to use this information to back out

implied volatilities. In contrast to the model-specific Black-Scholes implied volatility, we use

21There is a very large literature on forecasting stock-return volatility and correlations; for a discussion of this,
see for instance, Engle (1982), Bollerslev (1986), and Engle (2002), and the survey articles by Bollerslev, Chou,
and Kroner (1992), Engle (1993), Poon and Granger (2005), Andersen, Bollerslev, Christoffersen, and Diebold
(2006), and Andersen, Bollerslev, and Diebold (2009).
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the model-free implied volatility (MFIV), which represents a nonparametric estimate of the

risk-neutral expected stock-return volatility until the option’s expiration.

Model-free implied volatility is given by a single number and it subsumes information in the
whole Black-Scholes implied volatility smile. Theoretical and empirical research (see Jiang and
Tian (2005) and Vanden (2008)) finds that model-free implied volatility is better at predicting
the future realized volatility than the Black-Scholes implied volatility, and it is used by the
CBOE to compute VIX, which is the ticker symbol for the CBOE Volatility Index that gives
the implied volatility of S&P500 index options. To compute the model-free implied volatility,
we first calculate the option prices from the interpolated volatility surface data. We then use
these prices to find the value of the “variance contract,” following the approach in Bakshi,
Kapadia, and Madan (2003); the formula for the variance contract and the procedure used to
compute it is provided in Appendix C.?? The square root of the variance contract then gives

us the model-free implied volatility.

To verify whether the intuition that the model-free implied volatility is a useful predictor
of realized volatility in the future relative to using the volatility estimate based on historical
returns, we regress realized variances on the model-free implied variances and compare the R?
with that when variances based on historical data are used as a predictor. We see from Panel A
of Table 2 that when regressing the 30-day realized variances in the future on (i) 750-day
historical daily variances, (ii) 30-day intraday historical variances, and (iii) model-free implied
variances, the R? for the model-free implied variances is higher than that for intraday historical
variances, which is higher than for daily historical variances. This is true for both the dataset
with 100 stocks and that with 561 stocks.?? For example, in the case of the data with 561 stocks,
the R? for historical daily variances is 19.66%, for intraday historical variances is 22.99%, and

for model-free implied variances is 33.12%.

However, what we need for portfolio selection is not the risk-neutral implied volatilities of
stock returns but the expected volatilities under the objective distribution. We now explain
how to make a correction to the model-free implied volatilities in order to get the volatilities

under the objective measure.

The difference between the model-free implied volatility and the expected volatility is the
volatility risk premium. Bollerslev, Gibson, and Zhou (2004), Carr and Wu (2009), and others

have shown that one can use the realized volatility (instead of the expected volatility) to estimate

22For a discussion of how to compute the model-free implied volatility, see also Dumas (1995), Carr and Madan
(1998, 2001), and Britten-Jones and Neuberger (2000).

ZThe results are similar also when we regress the 30-day intraday (high-frequency) volatilities on the same
regressors.
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the volatility risk premium. Assuming that the magnitude of the variance risk premium is
proportional to the level of the variance under the actual probability measure (as it is in the
Heston (1993) model), we estimate the historical volatility risk premium (HVRP) as the square
root of the average variance risk premium for each stock on each day for the past period of T
trading days:**

HVRP? = ! tf:t MFIVE a0 at,

- 2
T-At i=t—T+1 RViitae

(10)

In our analysis, we estimate the historical volatility risk premium on each day over the past
year (—252 days to —21 days) using the model-free implied volatility and realized volatility, each
measured over 21 trading days and each annualized appropriately. Then, assuming that in the
next period, from ¢ to t + At, the prevailing volatility risk premium will be well approximated
by the historical volatility risk premium in (10), one can obtain the prediction of the future

realized volatility, @t:
MFIV; 1At

ﬁvt,t-ﬁ-At = HVRP,

(11)

Panel A of Table 2 shows that for the data with 561 stocks the R? for the regression
of the risk-premium-corrected implied volatility is equal to 31.55%, which is about the same
as the R? for the model-free implied volatility (33.12%), suggesting that there is no additional
improvement in predictive ability from the risk premium correction; however, the risk-premium-
corrected implied volatility is expected to have smaller bias with respect to the realized volatility,
which can be seen by comparing the time series for the different volatility measures in Figure 1,
where we plot the historical volatility based on the last 750 days (dot-dashed blue line), model-
free implied volatility (dashed red line), risk-premium-corrected model-free implied volatility
(solid pink line), and the 30-day realized volatility (thick black line). The figure is based on
the cross-sectional equally-weighted average volatilities across the 561 stocks at each point in
time. The figure shows that the risk-premium-corrected model-free implied volatility tracks
realized volatility quite closely. The model-free implied volatility (without any risk-premium
correction) tracks the realized volatility, but there is a distinct gap between the two. And, the
historical 750-day realized volatility does not track realized volatility very closely. Note also

that the variability of each of these volatility series is quite different.

24Note that because HVRP? is calculated as the average of the ratio of MFIViHm and RV?VHN, both of
which are calculated over At days, as a result we will have only T'— At observations when computing the average.
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6.2 Option-Implied Correlation

The second piece of option-implied information that we consider is implied correlation. It has
been shown by Driessen, Maenhout, and Vilkov (2009) that the risk-neutral expectation of the
correlation is higher than the expectation under the objective probability measure. Therefore,
one approach for computing implied correlation is to take the historical correlation matrix as the
proxy for the future realized correlation matrix and increase each pairwise historical correlation
by the correlation risk premium. We use the same methodology as in Buss and Vilkov (2008)
to obtain implied correlation. That is, we assume that the size of the adjustment to each
pairwise historical correlation is proportional to the distance between the calculated historical
correlation and the perfect correlation of one, which ensures that the implied correlation matrix

satisfies the necessary positive-definiteness restriction.

Having computed implied correlations using the above approach, we examine whether they
are superior at predicting realized correlations. To do this, we regress realized correlations on
(i) 750-day historical daily correlations, (ii) 750-day historical daily correlations after shrinkage,
(iii) 30-day intraday correlations, (iv) 30-day intraday correlations after regularization, and
(v) implied correlations. We report in Panel B of Table 2 that for the data with 561 stocks,
the R? for historical daily correlations is 3.97%, for historical daily correlations with shrinkage
is 3.28%, for intraday correlations is 6.26%, for intraday correlations with shrinkage is 4.79%,
and for implied correlation is 9.32%, with the results being similar for the data with 100 stocks.
Thus, while high-frequency intraday correlations do not seem to predict realized correlations
better than historical correlations based on daily data, implied correlations are better, though

the improvement in R? is smaller than it was for predicting realized volatilities.

In Figure 2, we plot the historical correlation based on the last 750 days (dashed blue line),
implied correlation (solid red line), and 30-day realized correlations (thick black line). Just as
in the figure for volatilities, the plot is based on the cross-sectional equally-weighted average
of average correlations across 561 stocks. There are two observations about these series: first,
implied correlation follows the level of realized correlation much more closely than historical
correlation; two, implied correlation is much more volatile (that is, contains more noise) than
realized correlation, while historical correlation is almost a smooth function (but contains much

less of the current information).
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6.3 Option-Implied Skewness

The model-free implied skewness represents a nonparametric estimate of the risk-neutral stock-
return skewness, and it is this skewness that gives rise to the Black-Scholes implied volatility
smirk. Some researchers use as a simple measure of skewness the difference between the implied-
volatilities for out-of-the-money and at-the-money put options (Xing, Zhang, and Zhao, 2009).
However, that measure does not take into account the whole distribution, but rather just the
left tale. Moreover, it is based on only two options, and hence, may be less informative than
the implied skewness measured using the whole range of out-of-the money options. It has been
shown in the recent research (Rehman and Vilkov (2009)) that risk-neutral skewness contains

information about the future stock returns above and beyond the simple measure of skew.

Our calculation of the model-free implied skewness (MFIS) parallels that of the model-free
implied volatility. We first calculate the option prices from the interpolated volatility surface
data. We then use these prices to determine model-free implied skewness as described by
Bakshi, Kapadia, and Madan (2003); the formula for this and the procedure used to compute
it are provided in Appendix C.

7 Portfolios that Use Option-Implied Information

In this section, we discuss the major findings of our paper about the ability of option-implied
forward-looking information in option prices to improve the out-of-sample performance of stock
portfolios. As explained above, to determine the minimum-variance portfolio weights, one needs
to estimate for each stock its volatility, and correlations with all other stocks. In Sections 7.1
and 7.2, we examine how option-implied volatilities and option-implied correlations can be used
for portfolio selection. In Sections 7.3 and 7.4, we study how the volatility risk premium and
option-implied skewness can be used for adjusting estimates of historical volatility in order to

select portfolios with superior out-of-sample performance.

In each of these sections, we use only one source of option-implied information, in order to

identify the magnitude of the gains from that particular source of information.

7.1 Portfolios Using Option-Implied Volatilities

Motivated by the findings in Section 6.1 about the predictive power of model-free implied

volatilities, we use them in diag(d) to obtain the covariance matrix given in (4); that is, we
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use as the covariance matrix: 3 = diag(MFIV) ) diag(MFIV). Using this adjusted covariance
matrix, we then determine the minimum-variance portfolio in (3), along with the portfolios
where short sales are constrained, and where the shrinkage is applied to this adjusted covariance
matrix. In computing these portfolios, we continue to use historical correlations. Effectively, we
are computing the minimum-variance portfolio but with implied volatilities instead of historical

volatilities in the covariance matrix.

The results are reported in Table 3. This table and also all the remaining tables have two
sets of p-values: the first with respect to the 1/N portfolio, and the second with respect to the

corresponding minimum-variance benchmark portfolio in Table 1.

Table 3 shows that the optimal portfolios based on the model-free implied volatility have
a lower volatility than the 1/N portfolio, but the Sharpe ratio, certainty-equivalent return,
and turnover is better for the 1/N portfolio. Compared to the traditional minimum-variance
portfolios in Table 1 that are based on historical returns data, we find that replacing the
estimates of stock-return volatilities by their model-free implied counterparts always helps to
reduce the out-of-sample volatility of the portfolio, although the reduction itself is relatively
small (an average of 1.6% for daily rebalancing and 4.7% for monthly rebalancing) and the p-

values for this reduction are significant only for the data with 100 stocks for monthly rebalancing.

There are two striking conclusions from Table 3, both of which are negative. First, the
reduction in portfolio volatility is very small. Second, and more damaging, is the observation
that the Sharpe ratios and also the certainty-equivalent returns are substantially smaller for
the portfolios in Table 3 that are based on implied-volatility, compared to those in Table 1,
which rely only on historical estimates of volatility. One reason for these negative results is that
when we derive the model-free implied volatility from options, we are getting the risk-neutral
volatility, which is the sum of the volatility risk premium and expected volatility under the
objective measure; thus, implied volatility is a biased estimator of expected volatilities under
the objective distribution. Moreover, assuming the same level of expected volatility under the
objective measure, the implied volatility is relatively higher for stocks with high volatility risk
premium than for stocks with low volatility risk premium. Hence, when we use risk-neutral
implied volatilities, we underweight the stocks with high volatility risk premium (because they
have a higher implied volatility) in comparison to the stocks with low volatility risk premium.
Given the findings of Bali and Hovakimian (2009) and Goyal and Saretto (2009) that stocks with
high volatility risk premium have higher returns, this explains the reduction in the portfolio’s

realized return, and hence, its Sharpe ratio.
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Table 4 gives the results where volatility of stock returns is estimated as the model-free
implied volatility after it is corrected for the risk premium. Comparing the results in this table
to those in Table 3, where implied volatility is not corrected for the risk premium, we see that
using the risk-premium-corrected implied volatilities leads to a reduction in portfolio volatility,
especially for the case of 561 assets. Comparing the results in Table 4 to the traditional
minimum-variance portfolios in Table 1, we observe that the portfolios with the risk-premium-
corrected implied volatilities attain a lower out-of-sample volatility, with the difference being

around 6%-10% for monthly rebalancing and around 0-7% for daily rebalancing.

More importantly, comparing Table 4 with Table 3, we see that there is a significant im-
provement in the Sharpe ratios and certainty-equivalent returns and turnovers when using the
risk-premium-corrected implied volatilities, which confirms our motivation for correcting the
implied-volatilities for the volatility risk premium. However, the Sharpe ratios and certainty-
equivalent returns in Table 4, are still lower than those for the sample-based benchmark portfo-
lios in Table 1. And, for almost all the cases considered in Table 4, the 1/N portfolio has a higher
Sharpe ratio and certainty-equivalent return, and substantially lower turnover (the exception is
the shortsale-constrained portfolio for 561 stocks with monthly rebalancing, though the p-value
is not significant). The reason for the relatively poor Sharpe ratio and certainty equivalent
return of the portfolios based on implied volatility is that, with or without the risk-premium
correction, implied volatility is highly variable over time (see Figure 1), which increases the
instability of portfolio weights and reduces the gains from having a better predictor of realized

volatility.

7.2 Portfolios Using Option-Implied Correlations

Next, we investigate the use of option-implied correlations in portfolio selection. In order to
isolate the effect of using implied correlations, when computing portfolios we use volatilities

from historical data.

Table 5 shows that of the three minimum-variance portfolios we consider with the implied
correlations, the constrained portfolio does best; but the portfolios relying on implied correla-
tions typically perform worse than the corresponding minimum-variance benchmark portfolios
in Table 1 in terms of all four performance metrics: volatility, Sharpe ratio, certainty-equivalent
return, and turnover. One possible explanation for this poor performance is that by replacing
historical correlations by the implied correlations, we are essentially increasing the magnitude

of the off-diagonal elements of the covariance matrix, making the covariance matrix less stable,
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which then leads to poor performance. Moreover, as can be seen in Figure 2, the implied cor-
relations are also much more variable than the other series; this variability is reflected also in
Panel B of Table 2 where the p-values of the 3 estimated in the predictive regressions is very

low, even though the R? is the highest when implied correlation is the predictor.?

7.3 Portfolios Using Volatility Risk Premium

In this section, we examine the effect of adjusting volatilities based on the volatility risk pre-
mium. Bali and Hovakimian (2009) and Goyal and Saretto (2009) have documented that assets
with high volatility risk premium tend to outperform those with low volatility risk premium.?®
We now study whether this empirical regularity can be exploited to improve portfolio perfor-
mance.

To incorporate the above finding for portfolio selection, we sort all the stocks into deciles

)

using the characteristic “historical volatility risk premium,” and then scale the volatilities of the
top decile to 6 - (1 —4) and of the bottom decile to & - (14 d). This scaling allows us to increase
the weights of assets that are expected to outperform other stocks and decrease the weights
of assets that are expected to underperform other stocks in the portfolio. In our empirical
implementation, to give the reader a sense of how the results change with §, we consider two

values of the scaling factor: d; = 0.50 and 6o = 0.70. To compute the minimum-variance

portfolio, we use the scaled volatilities, along with correlations estimated from historical data

Table 6 gives the results when the estimates of the historical volatilities have been scaled,
based on the volatility risk premium for each stock. The table shows that scaling the stock return
volatilities improves performance: the Sharpe ratio and certainty equivalent return are typically
greater than for the benchmark minimum-variance portfolios in Table 1 (the only exception
are the constrained portfolios for 561 stocks). Moreover, in all cases but that of the sample
covariance portfolio for 561 stocks, the Sharpe ratios exceed that of the 1/N portfolio (with
several p-values being below 0.10). We also see that increasing § reduces turnover, increases

portfolio volatility, and has a mixed effect on Sharpe ratios and certainty-equivalent returns.

25In order to conserve space, we do not present the table where the portfolios are computed using implied
correlations and risk-premium-corrected implied volatilities. The table with the results for this case is available
from the authors. As one would expect, the results are a combination of the insights from Tables 4 and 5.
What one can conclude from these results is that using implied correlations and risk-premium-corrected implied
volatilities has (i) a mixed effect on portfolio volatility, reducing it in some cases but increasing it in others;
(ii) reduces Sharpe ratios and certainty-equivalent returns considerably; and (iii) usually increases turnover.
Compared to the 1/N portfolio, the portfolio using option-implied volatilities and correlations is better in terms
of portfolio volatility, but worse in terms of Sharpe ratio, certainty-equivalent return, and turnover.

26G8ee also Cremers and Weinbaum (2008) for another characteristic of options that is useful for predicting
stock returns. They find that deviations from put-call parity contain information about future stock returns.
They measure these deviations from the difference in implied volatility between pairs of call and put options and
find that stocks with relatively expensive calls outperform stocks with relatively expensive puts.
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We conclude from the comparison of the results in Table 6 and Table 1 that the volatility risk

premium is useful for improving portfolio performance.

7.4 Portfolios Using Option-Implied Skewness

The final approach we consider for identifying portfolios with high out-of-sample performance
is motivated by the empirical results of Rehman and Vilkov (2009), who find that stocks with

high option-implied skewness outperform stocks with low option-implied skewness.

To exploit this feature of the data, we proceed in the same manner as in the section above,
but in this case adjust volatilities based on the characteristic “option-implied skewness.” We
first sort all the stocks in the data set by the characteristic “model-free implied skewness” into
deciles, and then scale the volatilities of the top decile to & - (1 — ¢) and for the bottom decile
to 6 - (14 J). We consider two values of the scaling factor: §; = 0.30 and § = 0.50.7

Comparing Table 7 to the benchmark portfolios in Table 1, we see that using the option-
implied skewness leads to a significant increase in the out-of-sample Sharpe ratio, which ranges
between 30% and 400% for daily rebalancing, and between 11% and 87% for monthly rebalanc-
ing. However, this is accompanied by a considerable increase in turnover. Comparing Table 7
to Table 6, we see that the Sharpe ratios obtained from using implied skewness are higher than
those from using the volatility risk premium. The main difference between the results obtained
with the scaling based on the model-free implied skewness and that based on the historical
volatility risk premium is the effect on portfolio turnover. While the adjustment based on im-
plied skewness increases Sharpe ratio but also leads to a much higher turnover, the adjustment
based on the volatility risk premium achieves improvement in Sharpe ratios while often reducing
the portfolio turnover, compared to the adjustment based on option-implied skewness, and the
use of implied volatility or implied correlation. The reason for this is that the historical volatil-
ity risk premium estimator has much lower estimation variance than the model-free implied
skewness. This is because the model-free implied skewness is estimated purely from current
option prices,?® and therefore is based on the market’s expectations about the future, while the
historical volatility risk premium is computed from historical return data as well as historical

model-free implied volatilities, and therefore, is more stable.

2"Note that we use smaller values of § than for the scaling based on the volatility risk premium in the previous
section. This is because the model-free implied skewness has a stronger effect on the portfolio’s out-of-sample
performance.

28In order to reduce variability of implied skewness, we use its average value over the last five days but it is
still quite variable.
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Overall, the empirical evidence demonstrates that using information in the volatility risk
premium and model-free implied skewness can lead to a substantial improvement in the out-of-
sample portfolio Sharpe ratios and certainty-equivalent returns, with the main challenge being

how to control turnover.

8 Robustness Tests

In this section, we describe the various tests that we have undertaken to verify the robustness

of the results from our empirical analysis.

8.1 Different Datasets

Ideally, one would like to study more than a single dataset. We are limited in our desire to
consider additional datasets because we have option prices only for U.S. stocks. To overcome
this limitation, we have reported results for two datasets, where the second dataset is a subset
of the first. The first consists of the entire 561 stocks in our dataset, and the results for this
dataset are reported in the last four columns of each table. The second dataset consists of
100 stocks out of the 219 for which data are available for all dates, where these 100 stocks
are selected by first sorting the 219 stocks with respect to the security identifier code of the
IvyDB data base, and then selecting the first 100. The results for this dataset are reported in
Columns 2—4 of each table. In addition to the results reported for these two samples, we have
also evaluated the performance of the different portfolios for 20 additional samples, where the
first 10 samples are constructed by randomly choosing 100 stocks from the 219-stock dataset,
and the second set of 10 samples are constructed by randomly choosing 250 stocks from the
561 stock dataset. The results from these additional samples confirm the findings reported in
the tables regarding the relative improvement in Sharpe ratios of the option-implied portfolios

relative to the benchmark portfolios.

8.2 Different Data Frequencies

We consider both daily stock returns from the CRSP daily file and intraday stock-price data
from the NYSE’s Trades-And-Quotes (TAQ) database. Results for the daily data are reported
in the tables. Results for the high-frequency transaction data are not reported in order to
conserve space, and can be obtained from the authors. The main insight from intraday data

is that using high-frequency data to compute the covariance estimators rarely improves the
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out-of-sample performance of resulting portfolios, and in our analysis the intraday data give
significantly better results relative to daily data only for the sample covariance matrix for 561
assets when neither shrinkage is applied to the covariance matrix nor short-sale constraints are

imposed on the portfolio weights.

8.3 Different Rebalancing Frequencies

We consider two rebalancing frequencies in our analysis: daily rebalancing, the results for
which are given in Panel A of each table, and monthly rebalancing, the results for which are
given in Panel B of each table. We find that the results are in the same direction for the two
holding periods, although Sharpe ratios and certainty equivalent returns are higher for daily

rebalancing, while turnover is lower for monthly rebalancing.

8.4 Different Benchmark Portfolios

We consider four benchmark portfolios, all of which are listed in Table 1. The first is the
equally-weighted (1/N) portfolio in which one invests an equal amount of wealth across all
N available stocks each period. As DeMiguel, Garlappi, and Uppal (2009) have shown, this
portfolio performs extremely well. For example, its Sharpe ratio over our sample period exceeds
0.90, while that for the S&P500 index over the corresponding period is only 0.35. The second
benchmark portfolio is the minimum-variance portfolio using daily data to compute the sample
covariance matrix. The third benchmark portfolio is the minimum-variance portfolio with
shortsale constraints, which is motivated by the finding in Jagannathan and Ma (2003) that
imposing short-selling constraints can lead to substantial gains in performance. The fourth
benchmark portfolio is the minimum-variance portfolio with “shrinkage”, using the approach
in Ledoit and Wolf (2004a,b) for daily data, and with regularization using the approach of
Zumbach (2009) for intraday data.

Note that we do not report the performance of the mean-variance portfolio in each table,
because the performance of this portfolio is quite poor, as already documented extensively in
the literature; see, for instance, DeMiguel, Garlappi, and Uppal (2009). For completeness, the

performance of the mean-variance portfolio for daily returns is reported in Section 5.3.
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8.5 Different Objective Functions

In our analysis, our objective has been minimum-variance optimization. However, one could
have used a utility function instead. When we use the log utility function (that is, the power
utility function with risk aversion 7 equal to 1), we find for the data with 100 assets that
the optimal portfolio has extreme weights and it performs extremely poorly, just as the mean-
variance portfolio. In order to compare the weights with those from the optimization of the
minimum-variance objective function, we “demean” the returns and set expected returns on
all assets to be equal. We then repeat the maximization of the log utility function and find
that the weights are virtually identical to the minimum-variance weights. When maximizing
log utility, we also consider scaling the volatilities of stock returns by the same scaling factor,
0, in a manner similar to that used for the analysis of minimum-variance portfolios in Tables 6
and 7. We find a distinct improvement in portfolio performance, and the scaling works in the

same direction as reported in these tables.

8.6 Risk exposures of the option-implied portfolios

To investigate the exposures of the option-implied portfolios to different risk factors, we es-
timated the betas of the portfolio returns with respect to the Fama and French (1993) and
Carhart (1997) momentum factors. Compared to the corresponding betas of the benchmark
portfolios, we find only a small increase in the size beta for the returns on portfolios where
standard deviations are scaled by historical volatility premium and for the returns on port-
folios with volatilities scaled by implied skewness. The value beta decreases slightly and the
momentum beta increases slightly for the option-implied portfolios. Overall, the difference in
the exposure to systematic factors between the benchmark portfolios and the portfolios where
volatilities have been “scaled” based on option-implied information lies mainly in the exposure

to the market factor, which is very small on average.?’

9 Conclusion

In this paper, we have studied how information implied in prices of stock options can be used
to improve estimates of stock-return volatilities and correlations in order to improve the out-
of-sample performance of portfolios with a large number of stocks. Performance is measured in

terms of portfolio volatility, Sharpe ratio, certainty-equivalent return, and turnover, with the

29The tables with details of these risk exposures are available from the authors.
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benchmarks being the 1/N portfolio and three types of minimum-variance portfolios based on
historical data: the first based on the sample covariance matrix, the second with short sale

constraints, and the third with shrinkage applied to the covariance matrix.

We find that using option-implied correlations and option-implied volatilities, even after
correcting for the volatility-risk premium, do not improve portfolio performance significantly.
The reason why the improvement in performance is small is that the estimates of implied
volatilities and implied correlations are highly variable and give poorly behaved and unstable

covariance matrices that lead to highly-variable weights that fail to outperform the benchmarks.

We then adjust our estimates of historical volatilities on stocks using two sources of option-
implied information. One, we use the wvolatility risk premium of each stock motivated by the
empirical finding that stocks with high volatility risk premium tend to outperform those with
low volatility risk premium. Our empirical evidence shows that the portfolios where volatilities
have been scaled using the volatility risk premium outperform the traditional portfolios in
terms of Sharpe ratio and certainty-equivalent return, but with an increase in turnover. Two,
we use the model-free option-implied skewness, to scale volatilities in the same manner as for
the volatility risk premium. We find that portfolios based on implied skewness outperform
even more strongly the traditional portfolios in terms of Sharpe ratio and certainty-equivalent

return, but this increase is accompanied by an increase in turnover and portfolio volatility.

Based on our empirical analysis, we conclude that prices of stock options contain information
that can be used to improve the out-of-sample performance of mean-variance portfolios. In this
paper, we have explored only very simple ways of incorporating information implied by option
prices into static portfolios; more sophisticated ways of incorporating this information should

lead to even larger gains in out-of-sample performance.
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A Computing (Co)variances from Intraday Data

Consistent with the literature on estimating moments from intraday data (see, for example,
Brown (1990), Zhou (1996), and Corsi, Zumbach, Miiller, and Dacorogna (2001)), we assume
that instead of the true price, X;(t), we observe Y;(t), which is contaminated with noise; that
is, Yi(t) = Xi(t)+e€i(t), where the noise process ¢; is assumed to be i.i.d and independent also of
X;. A common estimator for the integrated (co)variance of the efficient price process (X;, X;)
is given by the Realized (Co)Variance (RV/RC):

A &

Vi, ) = ri(kA) -1y (kA) (A1)

k=1

where the sampling frequency n is defined as n = T'/A, and r;(t) denotes the observed stock
return for a time interval of length A; that is, r;(t) = Yi(t) — Yi(t — A).

In the absence of microstructure noise, this estimator is consistent as the sampling frequency
n increases (Jacod, 1994; Jacod and Protter, 1998). However, it is inconsistent under real market
conditions where there is noise and asynchronous trading (Barndorff-Nielsen and Shephard,
2002; Zhang, Mykland, and Ait-Sahalia, 2005).3° To mitigate this problem, we use the “second-
best” estimator from Zhang, Mykland, and Ait-Sahalia (originally derived to estimate the
realized variances) and apply it to realized (co)variances. The idea underlying this estimator is
to compute the realized (co)variance estimator in (A1) at a low frequency in order to mitigate
the problems induced by microstructure noise and non-synchronicity. When we sample at
lower frequencies, we discard some observations and to overcome this problem Zhang, Mykland,
and Ait-Sahalia suggest computing the realized (co)variance estimator in (A1) over different
subsamples and then averaging the estimators obtained for these subsamples. The “second-
best” estimator is given by:
K
—— (avg,K) _ 1 Z /\>(A,k)‘

k=1

(A2)

We introduce one more averaging step to eliminate the chance of choosing the wrong sam-
pling frequency by calculating the estimator (A2) over several frequencies and taking the mean.
As our sample also includes less frequently traded stocks, especially early in the sample period,
we choose relatively low sampling frequencies from 240 to 390 minutes (which corresponds to

the number of minutes in a typical trading day) with a step size of 10 minutes for the estimator

30The non-synchronicity of the data induces an additional bias, known as the Epps effect (Epps (1979)), which
drives covariances to zero as the sampling frequency increases.
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(A2) to get the final realized (co)variance estimator:

_ dim(K) _
— o (g, K) 1 — o (g, K(s))
Y. Y, - Y, Y, . A3
T = X ) (43)

B Shrinkage and Regularization of Covariance Matrix

We consider a sample with a large number of stocks (100 and 561); therefore, sample covari-
ance matrices estimated from a limited history of daily stock returns are likely to be poorly

behaved. To improve the sample covariance estimate for daily returns, we apply the shrinkage

methodology of Ledoit and Wolf (2004a,b):
i\:Shrunk = (1 - ¢)§: + ¢S, (Bl)

where we shrink the sample estimate of the covariance matrix S toward a diagonal matrix with
the cross-sectional average variance on the diagonal, defined as the target S.3! We minimize
the Frobenius norm between the shrinkage estimator and the true covariance matrix in order
to find the optimal shrinkage intensity parameter ¢, using the time series of 750 points; details

can be found in Ledoit and Wolf (2004a,b).

The asymptotic properties of intraday data are different from the asymptotic properties of
daily data, as shown by Zhang, Mykland, and Ait-Sahalia (2005) among others, and the intraday
data do not satisfy the distributional assumptions of Ledoit and Wolf (2004a,b). Therefore,
to improve the properties of the covariance matrix estimated for intraday returns, we apply
regularization of the inverse covariance proposed by Zumbach (2009). He uses the spectral

decomposition of the covariance matrix estimator i, which is:
=) AVuV, (B2)
where {A1,..., Ay} are eigenvalues and {Vi,...,Viy} are eigenvectors (pairwise orthogonal) for

the set of N stocks. We order the eigenvalues by decreasing values, such that A; is the largest

eigenvalue. The inverse square root covariance can then be written as:

N
$-1/2 _ Z LVnVT’L7 (B3)
n=1 "V )\n

31We also used the cross-sectional average covariances matrix as the target, but the first target performs better
out of sample.
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where one can see that for A, =~ 0 the singularity problem arises. To overcome this problem,

we define

N

ST2=NT W,V 4 Vv,V

1
Z \/7 Ak41 n:;-i-l e

(B4)

and use ¥ as the estimator of the covariance matrix. This approach allows us to maintain the
covariance structure by keeping all eigenvectors {Vi, ..., Vy} and to eliminate the singularity
problem by substituting all eigenvalues that are smaller than A;;+1 by Ax41 # 0. We choose the

parameter k so that the first k eigenvalues explain 75% of the overall variance.

C The Construction of the Risk-Neutral Implied Moments

The formulas in this appendix follow closely Bakshi, Kapadia, and Madan (2003) and are

reproduced here only for completeness; for more details, please refer to the original paper.

Let S(t) be the stock price at time ¢, R(t,7) be the 7-period return (seen at time t + 7)

given by the log-price relative:
R(t,7)=InS(t+71)—InS(¢t). (C1)
Let r be the interest rate, C(t,7; K) and P(t,7; K) the prices of call and put options written

on the stock with current price S(t), 7 the time to maturity, and K the strike price.

Let V(t,7) = E{e " R(t,7)2}, W(t,7) = & {e " R(t,7)3}, and X (t,7) = & {e "™ R(t, 7)*}
represent the fair value of the variance, cubic, and quartic contracts, respectively. Then, the

price of the variance contract is given by

V(t,T) =/S:) ’ (1_1252(‘%)) - O(t,7; K)dK (C2)

~—

+/Os(t) 2 (1 — lij(SIé))  P(t, 7 K)dK,

the price of the cubic contract is

2
W(t,T):/S:) 6105 () _;’2(10% (56)) Gl m KK

2
/OS(t> 6log () + ;2(1°g (5)) P(t,7; K)dK, (C3)



and the price of the quartic contract is

2 3
X(t,7) :/SOO - (ln[%]) _4<ln[%]> -O(t, 73 K)dK

0 K2
S(6)1) 2 O
5(t) 12 (ln[Y]) +4 (ln[T])
+/ — - P(t, 7 K)dK.
0
Define

()=~ 1= V() — W) - X ()
L, T)=¢€ 9 , T 6 , T 24 ,T)-

Then, the T-period model-free implied volatility (MFIV) can be calculated as
MFIV(t,7) = (V(t,7)) ",
and the 7-period model-free implied skewness (MFIS) as

e"TW (t, ) — 3u(t, T)e"V (¢, T) + 2(u(t, T))S.
eV (t,7) — (u(t,7))?)2

MFIS(t,7) =

(C4)

(C6)

To calculate the integrals in (C2), (C3) and (C4) precisely, we need a continuum of option

prices. We discretize the respective integrals and approximate them using the available options.

As mentioned earlier, we normally have 13 out-of-the-money call and put implied volatilities for

each maturity. Using cubic splines, we interpolate them inside the available moneyness range,

and extrapolate using the last known (boundary for each side) value to fill in a total of 1001

grid points in the moneyness range from 1/3 to 3.32 Then we calculate the option prices from

the interpolated volatilities using the known interest rate for a given maturity, and use these

prices to compute the model-free implied volatility and model-free implied skewness as in (C5)

and (C6), respectively.

32The reason for choosing such a wide grid is that our simulation studies have shown that with a narrower
grid we may not be estimating the skew and kurtosis of the risk-neutral distribution well enough. Decreasing

the number of points in the grid also leads to a deterioration in accuracy.
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Table 1: Benchmark portfolios that do not use option-implied information

In this table, we evaluate the performance of various benchmark portfolios that are based on historical returns
and do not rely on prices of options. The 1/N portfolio is the equally-weighted strategy where one invests an
equal amount of wealth across all N available stocks each period. The “Sample cov” portfolio is the minimum-
variance portfolio based on the sample covariance matrix; “Constrained” is the portfolio based on the sample
covariance matrix but with short sales constrained; and, “Shrinkage” is the portfolio where shrinkage has been
applied to the sample covariance matrix using the Ledoit and Wolf (2004a,b) methodology. We report two p-
values in parenthesis, the first with respect to the 1/N portfolio, and the second with respect to the “Sample
cov” portfolio, with the null hypothesis being that the portfolio being evaluated is worse than the benchmark
(so a small p-value suggests rejecting the null hypothesis that the portfolio being evaluated is worse than the
benchmark).

100 stocks 561 stocks
Strategy g ST ce trn o ST ce trn
Panel A: Daily rebalancing
1/N 0.1609 0.9286 0.1365 0.0129 0.1745 0.7489 0.1155 0.0144
Minimum-variance portfolios
Sample cov 0.1217 0.8089 0.0911 0.0849 0.1347 0.4737 0.0547 0.5360
(0.00) (0.67)  (0.87) (0.00)  (0.78)  (0.86)
(0.50)  (0.50)  (0.50) (0.50)  (0.50)  (0.50)
Constrained 0.1242 0.7557 0.0862 0.0262 0.1240 0.9701 0.1126 0.0376
(0.00)  (0.83)  (0.96) (0.00)  (0.15)  (0.53)
(0.93) (0.63) (0.60) (0.00)  (0.03) (0.05)
Shrinkage 0.1205 0.8514 0.0953 0.0745 0.1180 0.6142 0.0655 0.3046
(0.00)  (0.61)  (0.86) (0.00)  (0.66)  (0.84)
(0.00)  (0.05)  (0.09) (0.00)  (0.06)  (0.20)

Panel B: Monthly rebalancing

1/N 0.1531 0.9402 0.1322 0.0595 0.1708 0.7339 0.1107 0.0673
Minimum-variance portfolios
Sample cov 0.1221 0.7903 0.0891 0.1762 0.1296 0.4768 0.0534 0.7785
(0.00)  (0.74)  (0.91) (0.00)  (0.82) (0.91)
(0.50)  (0.50)  (0.50) (0.50)  (0.50)  (0.50)
Constrained 0.1207 0.7632 0.0848 0.0545 0.1180 1.0135 0.1126 0.0690
(0.00) (0.84) (0.97) (0.00)  (0.07)  (0.49)
(0.37)  (0.58)  (0.62) (0.01)  (0.00)  (0.01)
Shrinkage 0.1211 0.8280 0.0930 0.1602 0.1196 0.5842 0.0627 0.4979
(0.00)  (0.69) (0.89) (0.00)  (0.73)  (0.90)
(0.13)  (0.03)  (0.05) (0.00)  (0.09) (0.17)
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Table 2: Prediction of variances and correlations

In Panel A of this table, we report the results of variance prediction regressions RV = a + (3 RV , where we
regress the 30-days realized variance (RV') on the variance predictors (E\\/ ). In Panel B, we show the results
of the correlation prediction regressions corr = o + 3 éorr, where we regress the 30-days realized correlation on
the correlation predictors (corr). We use 750 days of data to calculate the historical predictors. For covariances
based on daily data, shrinkage is applied using the Ledoit and Wolf (2004a,b) methodology; for covariances based
on intraday data, regularization is applied using the methodology in Zumbach (2009). In both cases, we infer the
correlations from the covariances to which shrinkage/regularization has been applied. In parenthesis we report
the p-values for the two-sided null hypotheses: a = 0 and 8 = 1.

100 stocks 561 stocks

Predictor « I6] R? «@ I6] R?

Panel A: Prediction of variances

Historical daily 0.0369 0.6795 0.2031 0.0520  0.6515 0.1966
(0.03)  (0.05) (0.10)  (0.09)

Historical intraday 0.0616  0.5075 0.2308 0.0717  0.5667 0.2299
(0.95)  (0.01) (0.94)  (0.06)

Implied variance 0.0214  0.7460 0.3334 0.0164  0.7793 0.3312
(0.98)  (0.19) (0.97)  (0.21)

Implied variance (HVRP corrected) 0.0372  0.8189 0.3222 0.0435 0.8735 0.3155
(0.97)  (0.31) (0.96)  (0.31)

Panel B: Prediction of correlations

Historical daily 0.2007  0.0821 0.0238 0.2548 -0.1761 0.0397
(0.84)  (0.02) (0.80)  (0.07)

Shrinkage daily 0.1987  0.0988 0.0245 0.2501 -0.0814 0.0328
(0.84)  (0.03) (0.80)  (0.04)

Historical intraday 0.1703  0.2312 0.0680 0.1776  0.1880 0.0626
(0.87)  (0.00) (0.86)  (0.00)

Shrinkage intraday 0.1899  1.4419 0.0419 0.2014  1.2203 0.0479
(0.85)  (0.38) (0.84)  (0.37)

Implied correlation 0.1130  0.3528 0.0826 0.1116  0.3503 0.0932
(0.91)  (0.00) (0.91)  (0.01)
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Table 3: Portfolios using implied volatilities

In this table, we evaluate the performance of various portfolios that use the model-free implied volatility calculated
from option prices, but with correlations estimated from historical data. The “Sample cov” portfolio is the
minimum-variance portfolio based on the sample covariance matrix but where historical volatility is replaced
by the option-implied volatility; “Constrained” is the portfolio based on the same covariance matrix as above,
but where short sales are constrained; and, “Shrinkage” is the portfolio based on the same covariance matrix as
above, but with shrinkage applied to the covariance matrix using the Ledoit and Wolf (2004a,b) methodology.
We report two p-values in parenthesis, the first with respect to the 1/N portfolio, and the second with respect
to the corresponding minimum-variance benchmark portfolio in Table 1, with the null hypothesis being that the
portfolio being evaluated is worse than the benchmark (so a small p-value suggests rejecting the null hypothesis
that the portfolio being evaluated is worse than the benchmark).

100 stocks 561 stocks
Strategy o ST ce trn o ST ce trn
Panel A: Daily rebalancing

1/N 0.1609 0.9286 0.1365 0.0129 0.1745 0.7489 0.1155 0.0144
Sample cov 0.1212 0.3724 0.0378 0.5801 0.1307 0.4792 0.0541 1.5504

(0.00)  (0.98)  (0.99) (0.00) (0.81) (0.89)

(0.39) (0.99) (0.99) (0.19)  (0.49)  (0.50)
Constrained 0.1210 0.6339 0.0694 0.2312 0.1240 0.6458 0.0724 0.2743

(0.00)  (0.94)  (0.99) (0.00) (0.65) (0.85)

(0.02)  (0.81)  (0.83) (0.46)  (0.92) (0.92)
Shrinkage 0.1188 0.4174 0.0425 0.5154 0.1156 0.3953 0.0390 1.1032

(0.00)  (0.98)  (0.99) (0.00)  (0.90)  (0.96)

(0.14)  (0.99)  (1.00) (0.17)  (0.84)  (0.85)

Panel B: Monthly rebalancing

1/N 0.1531 0.9402 0.1322 0.0595 0.1708 0.7339 0.1107 0.0673
Sample cov 0.1139 0.5566 0.0569 0.6168 0.1251 0.5051 0.0555 1.6359

(0.00)  (0.96)  (0.99) (0.00)  (0.85)  (0.94)

(0.02) (0.94) (0.96) (0.23)  (0.46)  (0.49)
Constrained 0.1143 0.6745 0.0705 0.2402 0.1159 0.7628 0.0817 0.2832

(0.00)  (0.96)  (1.00) (0.00)  (0.41) (0.84)

(0.01) (0.80) (0.87) (0.36)  (0.92) (0.93)
Shrinkage 0.1132 0.5930 0.0607 0.5508 0.1161 0.4546 0.0461 1.1763

(0.00)  (0.94) (0.99) (0.00)  (0.92) (0.98)

(0.02) (0.96) (0.97) (0.24)  (0.79)  (0.80)
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Table 4: Portfolios using risk-premium-corrected implied volatilities

In this table, we evaluate the performance of various portfolios that use the risk-premium-corrected model-free
implied volatility calculated from option prices. Correlations are estimated from historical data. The “Sample
cov” portfolio is the minimum-variance portfolio based on the sample covariance matrix but where historical
volatility is replaced by the risk-premium-corrected option-implied volatility; “Constrained” is the portfolio
based on the same covariance matrix as above, but where short sales are constrained; and, “Shrinkage” is the
portfolio based on the same covariance matrix as above, but with shrinkage applied to the covariance matrix
using the Ledoit and Wolf (2004a,b) methodology. We report two p-values in parenthesis, the first with respect
to the 1/N portfolio, and the second with respect to the corresponding minimum-variance benchmark portfolio in
Table 1, with the null hypothesis being that the portfolio being evaluated is worse than the benchmark (so a small
p-value suggests rejecting the null hypothesis that the portfolio being evaluated is worse than the benchmark).

100 stocks 561 stocks
Strategy o ST ce trn o ST ce trn
Panel A: Daily rebalancing

1/N 0.1609 0.9286 0.1365 0.0129 0.1745 0.7489 0.1155 0.0144
Sample cov 0.1215 0.7735 0.0866 0.4782 0.1246 0.6837 0.0775 1.1788

(0.00) (0.72)  (0.90) (0.00) (0.58) (0.78)

(0.46)  (0.58)  (0.58) (0.03)  (0.23)  (0.27)
Constrained 0.1226  0.7990 0.0904 0.2139 0.1180 0.6903 0.0745 0.2433

(0.00) (0.73)  (0.93) (0.00) (0.58) (0.82)

(0.17)  (0.39)  (0.42) (0.16)  (0.86)  (0.89)
Shrinkage 0.1185 0.7787 0.0853 0.4183 0.1107 0.6047 0.0608 0.8444

(0.00) (0.72)  (0.91) (0.00) (0.72)  (0.91)

(0.12)  (0.67)  (0.69) (0.00)  (0.53)  (0.58)

Panel B: Monthly rebalancing

1/N 0.1531 0.9402 0.1322 0.0595 0.1708 0.7339 0.1107 0.0673
Sample cov 0.1136  0.9282 0.0990 0.5133 0.1191 0.7368 0.0807 1.2480

(0.00)  (0.53)  (0.85) (0.00)  (0.50)  (0.79)

(0.04) (0.20) (0.31) (0.07)  (0.11)  (0.16)
Constrained 0.1155 0.8509 0.0916 0.2231 0.1089 0.8863 0.0907 0.2496

(0.00)  (0.69) (0.94) (0.00)  (0.20)  (0.73)

(0.10)  (0.26)  (0.34) (0.12)  (0.74)  (0.83)
Shrinkage 0.1119 0.9104 0.0956 0.4529 0.1126 0.6549 0.0674 0.9062

(0.00)  (0.56)  (0.89) (0.00) (0.67)  (0.92)

(0.01) (0.27)  (0.44) (0.09) (0.31)  (0.40)
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Table 5: Portfolios using implied correlations

In this table, we evaluate the performance of various portfolios that use option-implied correlations, as computed
in Buss and Vilkov (2008), while volatilities are estimated from historical data. The “Sample cov” portfolio is
the minimum-variance portfolio based on the sample covariance matrix but where option-implied correlations
are used; “Constrained” is the portfolio based on the same covariance matrix as above, but where short sales are
constrained; and, “Shrinkage” is the portfolio based on the same covariance matrix as above, but with shrinkage
applied to the covariance matrix using the Ledoit and Wolf (2004a,b) methodology. We report two p-values
in parenthesis, the first with respect to the 1/N portfolio, and the second with respect to the corresponding
minimum-variance benchmark portfolio in Table 1, with the null hypothesis being that the portfolio being
evaluated is worse than the benchmark (so a small p-value suggests rejecting the null hypothesis that the portfolio
being evaluated is worse than the benchmark).

100 stocks 561 stocks
Strategy o ST ce trn o st ce trn
Panel A: Daily rebalancing

1/N 0.1609 0.9286 0.1365 0.0129 0.1745 0.7489 0.1155 0.0144
Sample cov 0.1462 0.2161 0.0209 0.4535 0.1302 0.3780 0.0407 0.4957

(0.00)  (0.99)  (0.99) (0.00) (0.86)  (0.91)

(1.00)  (0.99)  (0.98) (0.07)  (0.61)  (0.63)
Constrained 0.1311 0.9001 0.1094 0.2109 0.1525 0.8086 0.1117 0.1044

(0.00) (0.55) (0.83) (0.00) (0.28)  (0.59)

(1.00)  (0.15)  (0.10) (1.00)  (0.79)  (0.52)
Shrinkage 0.1357 0.3509 0.0384 0.2286 0.1344 0.2743 0.0278 0.3354

(0.00)  (0.98)  (0.99) (0.00) (0.92) (0.95)

(1.00)  (0.99) (0.97) (1.00)  (0.88)  (0.85)

Panel B: Monthly rebalancing

1/N 0.1531 0.9402 0.1322 0.0595 0.1708 0.7339 0.1107 0.0673
Sample cov 0.1455 0.1660 0.0135 0.5098 0.1448 0.2666 0.0280 0.5825

(0.20)  (0.99) (1.00) (0.02)  (0.90)  (0.93)

(1.00)  (1.00)  (1.00) (0.95)  (0.80) (0.78)
Constrained 0.1231 0.8009 0.0910 0.2284 0.1450 0.8488 0.1125 0.1445

(0.00) (0.81)  (0.96) (0.00)  (0.07)  (0.46)

(0.71)  (0.41)  (0.36) (1.00)  (0.81)  (0.50)
Shrinkage 0.1428 0.2545 0.0261 0.2820 0.1504 0.1441 0.0102 0.4188

(0.12)  (1.00)  (1.00) (0.06)  (0.95)  (0.96)

(1.00)  (1.00)  (1.00) (1.00)  (0.97)  (0.95)
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Table 6: Portfolios using historical volatilities scaled by volatility risk premium

In this table, we evaluate the performance of portfolios computed with historical volatilities that have been scaled
by the volatility risk premium using the following procedure. We sort all stocks by the characteristic “volatility
risk premium” into deciles, and then change the volatility of the top decile to (1 — ¢) and of the bottom decile
to (14 §), with 1 = 0.50 and d2 = 0.70. Correlations are estimated from historical data. The “Sample cov”
portfolio is the minimum-variance portfolio based on the adjusted sample covariance matrix with volatilities
scaled as described above; “Constrained” is based on the same adjusted covariance matrix but where short sales
are constrained; and, “Shrinkage” is based on the same adjusted covariance matrix but with shrinkage applied to
the sample covariance matrix. We report two p-values in parenthesis, the first with respect to the 1/N portfolio,
and the second with respect to the corresponding minimum-variance benchmark portfolio in Table 1, with the
null hypothesis being that the portfolio being evaluated is worse than the benchmark.

100 stocks 561 stocks
Strategy i sr ce trn g sr ce trn
Panel A: Daily rebalancing
1/N 0.1609 0.9286 0.1365 0.0129 0.1745 0.7489 0.1155 0.0144
Sample cov: d; 0.1400 1.2109 0.1598 0.1213 0.1343 0.7288 0.0889 0.4248
(0.00)  (0.13)  (0.26) (0.00) (0.54)  (0.76)
(1.00)  (0.03)  (0.01) (0.44)  (0.18)  (0.18)
Sample cov: 2 0.1442 1.1922 0.1616 0.0876 0.1354 0.7624 0.0941 0.2492
(0.00)  (0.13)  (0.24) (0.00) (0.47) (0.74)
(1.00)  (0.06)  (0.02) (0.57)  (0.18)  (0.17)
Constrained: §; 0.1384 0.9465 0.1214 0.0470 0.1480 0.9401 0.1282 0.0358
(0.00) (0.45) (0.72) (0.00)  (0.03) (0.25)
(1.00)  (0.09) (0.04) (1.00)  (0.55)  (0.29)
Constrained: d2 0.1398 1.0049 0.1307 0.0326 0.1492 0.8680 0.1184 0.0343
(0.00)  (0.32)  (0.58) (0.00)  (0.08) (0.43)
(1.00)  (0.05) (0.01) (1.00)  (0.70)  (0.41)
Shrinkage: 91 0.1378 1.2269 0.1596 0.1092 0.1299 0.7648 0.0909 0.2750
(0.00)  (0.11)  (0.26) (0.00) (0.47)  (0.76)
(1.00)  (0.03) (0.01) (1.00)  (0.27)  (0.21)
Shrinkage: d2 0.1431 1.2049 0.1622 0.0808 0.1344 0.7797 0.0958 0.1673
(0.00)  (0.11)  (0.23) (0.00) (0.43) (0.74)
(1.00)  (0.06)  (0.02) (1.00)  (0.28)  (0.20)
Panel B: Monthly rebalancing
1/N 0.1531 0.9402 0.1322 0.0595 0.1708 0.7339 0.1107 0.0673
Sample cov: 1 0.1381 1.0961 0.1419 0.1841 0.1371 0.7447 0.0928 0.5157
(0.04) (0.28)  (0.39) (0.00) (0.48) (0.71)
(0.99) (0.07) (0.02) (0.82)  (0.09) (0.07)
Sample cov: 2 0.1416 1.0993 0.1457 0.1368 0.1370 0.7903 0.0990 0.3068
(0.08)  (0.26)  (0.35) (0.00)  (0.38)  (0.65)
(1.00)  (0.08)  (0.03) (0.83)  (0.07)  (0.06)
Constrained: §; 0.1323 0.9444 0.1162 0.0809 0.1469 0.8935 0.1204 0.0819
(0.00) (0.48) (0.77) (0.00)  (0.01) (0.22)
(1.00)  (0.12)  (0.04) (1.00)  (0.75)  (0.37)
Constrained: d2 0.1340 1.0177 0.1274 0.0677 0.1492 0.8708 0.1187 0.0813
(0.00)  (0.31)  (0.59) (0.00)  (0.01) (0.24)
(1.00)  (0.07)  (0.02) (1.00)  (0.79)  (0.40)
Shrinkage: &1 0.1359 1.1119 0.1419 0.1699 0.1371 0.7507 0.0936 0.3585
(0.02) (0.25)  (0.39) (0.00) (0.46)  (0.71)
(0.99) (0.08) (0.03) (1.00)  (0.16)  (0.09)
Shrinkage: §2 0.1406 1.1088 0.1461 0.1295 0.1393 0.7803 0.0990 0.2245
(0.07)  (0.24)  (0.33) (0.00) (0.41)  (0.66)
(1.00)  (0.11)  (0.04) (1.00)  (0.14)  (0.07)
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Table 7: Portfolios using historical volatilities scaled by implied skewness

In this table, we evaluate the performance of portfolios computed with historical volatilities that have been scaled
by the option-implied skewness using the following procedure. We sort all stocks by the characteristic “model
free implied skewness” into deciles, and then change the volatility of the top decile to (1 — ¢) and of the bottom
decile to (1 + §), with 61 = 0.30 and §2 = 0.50. Correlations are estimated from historical data. The “Sample
cov” portfolio is the minimum-variance portfolio based on the adjusted sample covariance matrix with volatilities
scaled as described above; “Constrained” is based on the same adjusted covariance matrix but where short sales
are constrained; and, “Shrinkage” is based on the same adjusted covariance matrix but with shrinkage applied to
the sample covariance matrix. We report two p-values in parenthesis, the first with respect to the 1/N portfolio,
and the second with respect to the corresponding minimum-variance benchmark portfolio in Table 1, with the
null hypothesis being that the portfolio being evaluated is worse than the benchmark.

100 stocks 561 stocks
Strategy i sr ce trn g sr ce trn
Panel A: Daily rebalancing
1/N 0.1609 0.9286 0.1365 0.0129 0.1745 0.7489 0.1155 0.0144
Sample cov: d; 0.1417 1.6164 0.2190 0.6574 0.1410 1.4079 0.1886 1.8965
(0.00)  (0.00)  (0.01) (0.00)  (0.01) (0.04)
(1.00)  (0.00)  (0.00) (0.99)  (0.00)  (0.00)
Sample cov: 2 0.1663 1.7304 0.2740 0.7509 0.1543 1.4576 0.2130 1.5829
(0.96)  (0.00)  (0.00) (0.00)  (0.00)  (0.00)
(1.00)  (0.00)  (0.00) (1.00)  (0.00)  (0.00)
Constrained: §; 0.1439 1.1196 0.1507 0.2108 0.1651 0.8075 0.1197 0.0300
(0.00)  (0.05) (0.22) (0.00)  (0.11)  (0.32)
(1.00)  (0.01)  (0.00) (1.00)  (0.79)  (0.42)
Constrained: d2 0.1517 1.2464 0.1776 0.2683 0.1653 0.7923 0.1173 0.0491
(0.00)  (0.02) (0.05) (0.00) (0.22) (0.42)
(1.00)  (0.00)  (0.00) (1.00)  (0.80)  (0.44)
Shrinkage: 91 0.1394 1.6156 0.2155 0.5788 0.1319 1.5254 0.1926 1.2677
(0.00)  (0.00)  (0.01) (0.00)  (0.00)  (0.02)
(1.00)  (0.00)  (0.00) (1.00)  (0.00)  (0.00)
Shrinkage: d2 0.1647 1.7379 0.2727 0.6838 0.1527 1.5133 0.2194 1.1407
(0.89)  (0.00)  (0.00) (0.00)  (0.00)  (0.00)
(1.00)  (0.00)  (0.00) (1.00)  (0.00)  (0.00)
Panel B: Monthly rebalancing
1/N 0.1531 0.9402 0.1322 0.0595 0.1708 0.7339 0.1107 0.0673
Sample cov: 1 0.1454 1.1664 0.1592 0.6949 0.1448 1.0174 0.1370 1.9612
(0.18)  (0.13)  (0.17) (0.00)  (0.08)  (0.20)
(1.00)  (0.00)  (0.00) (1.00)  (0.00)  (0.00)
Sample cov: 2 0.1682 1.1906 0.1864 0.7791 0.1653 1.0349 0.1576 1.6204
(0.97)  (0.07) (0.02) (0.24)  (0.04) (0.04)
(1.00)  (0.01)  (0.00) (1.00)  (0.00)  (0.00)
Constrained: §; 0.1401 1.0323 0.1348 0.2381 0.1628 0.7662 0.1114 0.0806
(0.00)  (0.15)  (0.42) (0.00)  (0.12)  (0.43)
(1.00)  (0.03)  (0.00) (1.00)  (0.91) (0.51)
Constrained: d2 0.1499 1.0601 0.1477 0.2919 0.1617 0.8249 0.1203 0.0982
(0.24)  (0.13)  (0.16) (0.00)  (0.01)  (0.09)
(1.00)  (0.03)  (0.00) (1.00)  (0.85)  (0.39)
Shrinkage: &1 0.1427 1.1856 0.1591 0.6159 0.1432 1.0670 0.1426 1.3281
(0.08)  (0.09) (0.15) (0.00)  (0.04) (0.13)
(1.00)  (0.00)  (0.00) (1.00)  (0.00)  (0.00)
Shrinkage: §2 0.1662 1.2104 0.1876 0.7124 0.1705 1.0499 0.1647 1.1787
(0.96)  (0.04) (0.01) (0.49) (0.02) (0.02)
(1.00)  (0.01)  (0.00) (1.00)  (0.01)  (0.00)
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Figure 1: Volatilities: Realized, historical, implied, and risk-premium-corrected
implied

In this figure, we plot the historical volatility based on the past 750 days (dot-dashed blue line), model-free implied
volatility (dashed red line), risk-premium-corrected model-free implied volatility (solid pink line), and the 30-day
realized volatility (thick black line). The figure is based on the cross-sectional equally-weighted average volatilities
across 561 stocks. The figure shows that risk-premium-correct implied volatility tracks realized volatility quite
closely. The model-free implied volatility (without any risk-premium correction) tracks realized volatility, but
there is a distinct gap between the two. And, the historical 750-day volatility does not track realized volatility
closely. Note also that all these volatility series have different levels of variability: the implied and risk-premium-
corrected implied volatilities are slightly more variable than the realized volatility, while historical volatility is
the smoothest.
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Figure 2: Correlations: Realized, historical, and implied

In this figure, we plot the historical correlation based on the past 750 days (dashed blue line), implied correlation
(solid red line), and 30-day realized correlations (thick black line). The plot is based on the cross-sectional equally-
weighted average of average correlations across 561 stocks. There are two observations about these series: first,
implied correlation follows the level of realized correlation much more closely than historical correlation; two,
implied correlation is much more volatile than realized correlation, while historical correlation is even smoother.
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