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Abstract

Sparse Weighted Norm Minimum Variance Portfolio

In this paper, | propose a weighted L1 and squared L2 norm penalty in portfolio optimization to improve
the portfolio performance as the number of available assets N goes large. | show that under certain
conditions, the realized risk of the portfolio obtained from this strategy will asymptotically be less than that
of some benchmark portfolios with high probability. An intuitive interpretation for why including a fewer
number of assets may be beneficial in the high dimensional situation is built on a constraint between
sparsity of the optimal weight vector and the realized risk. The theoretical results also imply that the
penalty parameters for the weighted norm penalty can be specified as a function of N and sample size n.
An efficient coordinate-wise descent type algorithm is then introduced to solve the penalized weighted
norm portfolio optimization problem. | find performances of the weighted norm strategy dominate other
benchmarks for the case of Fama-French 100 size and book to market ratio portfolios, but are mixed for
the case of individual stocks. Several novel alternative penalties are also proposed, and their
performances are shown to be comparable to the weighted norm strategy.

Bond Variance Risk Premia (Joint work with Philippe Mueller and Andrea Vedolin)

Using data from 1983 to 2010, we propose a new fear measure for Treasury markets, akin to the VIX for
equities, labeled TIV. We show that TIV explains one third of the time variation in funding liquidity and that
the spread between the VIX and TIV captures flight to quality. We then construct Treasury bond variance
risk premia as the difference between the implied variance and an expected variance estimate using
autoregressive models. Bond variance risk premia display pronounced spikes during crisis periods. We
show that variance risk premia encompass a broad spectrum of macroeconomic uncertainty. Uncertainty
about the nominal and the real side of the economy increase variance risk premia but uncertainty about
monetary policy has a strongly negative effect. We document that bond variance risk premia predict
excess returns on Treasuries, stocks, corporate bonds and mortgage-backed securities, both in-sample
and out-of-sample. Furthermore, this predictability is not subsumed by other standard predictors.

Testing Jumps via False Discovery Rate Control

Many recently developed nonparametric jump tests can be viewed as multiple hypothesis testing
problems. For such multiple hypothesis tests, it is well known that controlling type | error often unavoidably
makes a large proportion of erroneous rejections, and such situation becomes even worse when the jump
occurrence is a rare event. To obtain more reliable results, we aim to control the false discovery rate
(FDR), an efficient compound error measure for erroneous rejections in multiple testing problems. We
perform the test via a nonparametric statistic proposed by Barndorff-Nielsen and Shephard (2006), and
control the FDR with a procedure proposed by Benjamini and Hochberg (1995). We provide asymptotical
results for the FDR control. From simulations, we examine relevant theoretical results and demonstrate
the advantages of controlling FDR. The hybrid approach is then applied to empirical analysis on two
benchmark stock indices with high frequency data.
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Chapter 1

Sparse Weighted Norm Minimum

Variance Portfolio

Abstract: In this paper, I propose a weighted /1 and squared [ norm penalty in portfolio
optimization to improve the portfolio performance as the number of available assets IV goes
large. I show that under certain conditions, the realized risk of the portfolio obtained from
this strategy will asymptotically be less than that of some benchmark portfolios with high
probability. An intuitive interpretation for why including a fewer number of assets may be
beneficial in the high dimensional situation is built on a constraint between sparsity of the
optimal weight vector and the realized risk. The theoretical results also imply that the penalty
parameters for the weighted norm penalty can be specified as a function of N and sample
size n. An efficient coordinate-wise descent type algorithm is then introduced to solve the
penalized weighted norm portfolio optimization problem. I find performances of the weighted
norm strategy dominate other benchmarks for the case of Fama-French 100 size and book
to market ratio portfolios, but are mixed for the case of individual stocks. Several novel
alternative penalties are also proposed, and their performances are shown to be comparable to
the weighted norm strategy.

KEYWORDS: Sparsity and diversity; Weighted norm portfolio; Coordinate-wise
descent algorithm.

JEL Codes: C40, C61, G11.



1.1 Introduction

How to select assets to form an optimal portfolio is one of the central issues in financial
studies. Since Markowitz| (1952) formalized the mean-variance portfolio optimization in which
an investor is allowed to consider a portfolio’s return and risk, the mean-variance optimization
has become one of the principles in portfolio management for the past 60 years. However,
such a strategy is also well known to perform poorly when the number of available assets
N is relatively large to the sample size n. In this paper, I propose to impose a weighted I3
and squared [y norm penalty on the portfolio weights to improve the portfolio performance in
such high dimensional situation. The [; norm penalty facilitates sparsity (zero components) of
the portfolio weight vector, and in turn leads to automatically selecting and excluding certain
assets. Nevertheless, such sparsity may cause problems of under diversification and extreme
weights of the portfolio. On contrary, the squared ls norm does not produce any sparsity, but
it can efficiently regularize size of the weight vector. Thus the squared Il can function as a
solution to alleviate the problems of under diversification and extreme weights of the portfolio.
I call the optimal portfolio obtained by solving such weighted /1 and squared l» norm penalized
portfolio optimization problem the weighted norm portfolio.

The motivation to use the I; norm penalty for sparse estimation of the weight vector is
given as follows. In the situation when the number of available assets N becomes large relative
to the sample size n, if one wants to reduce impacts of estimation errors, then she can consider
to choose fewer number of assets, say N’ < N, for the portfolio optimization. It is equivalent
to imposing an [y norm penalty on the weight vector and then optimize the objective function
with the [y norm penalty. However, to obtain the optimal N’, it needs to solve a combinatoric
optimization which in general is intractable for large V. An alternative way is to impose the
1 norm penalty on the weight vector. One advantage of this replacement is that the [; norm
is a convex function of the weights, and such convex relaxation makes the modified portfolio
optimization more tractable. In fact, except for the /; norm, there does not exist a norm
penalty which can simultaneously produce sparsity as well as being a convex function of the
weight vector.

A main concern of the weighted norm penalty is that the resulting portfolio weight vector
is sparse, and only a subset of the whole assets is used to construct the portfolio, which violates
the principle of diversity. Besides reducing the parameter uncertainty, there are other reasons
of why concentrating on fewer certain assets may not be a bad idea as one might initially
think. For instance, an investor may want to limit the number of assets in her portfolio due
to high management and monitor costs. Simultaneously making many different decisions on

asset allocations may be harmful for quality of the overall decisionsﬂ Cohen et al.| (2009) find

LA related issue is that how the number of choices present affects an individual’s welfare. Plenty behavioral
economics and finance papers already have discussions on this issue, and conclude that a larger choice set may
not necessarily make an individual better off (e.g., |Abaluck and Gruber} |2011; Beshears et al., [2006; [yengar
and Kamenicay, 2010).



that a few number of assets that a fund manager concentrates on, which they termed the fund
manager’s best ideas, can consistently have higher risk adjusted returns and outperform the
rest of the positions in the manager’s portfolios. Having information advantages is another
reason of why investors are willing to concentrate on certain assets. For example, home in-
vestors can have superior access to information about domestic firms or economic conditions.
Such information asymmetry is often used to explain home bias phenomenon in international
portfolio management literature: the home investors often concentrate too much on domestic
assets and are reluctant to hold foreign assets. Moreover, [Nieuwerburgh and Veldkamp) (2009)
argue that even if the home investors can eliminate such home bias by learning, they will still
choose to learn more about the home assets, since it deepens their information advantages and
lets them enjoy more excess returns of home assets than the foreign investors.

Combining both the [y and squared lo norm penalties together in the portfolio optimization
is rarely seen in previous literatureEl, although using them separately is not a new idea. [Brodie
et al. (2009), DeMiguel et al.| (2009a)), Fan et al. (2009), and |Welsch and Zhou| (2007) show
that superior portfolio performances can be obtained when the l; norm or squared Iy norm
penalty is used in the portfolio optimization. Imposing the norm penalties is often viewed as a
way to reduce the size of the portfolio weight vector. It produces a similar effect as a shrinkage
estimator does for reducing the estimation errors.

However, the issue that different norm penalties result in different patterns of sparsity in
the portfolio weight vector seems not to be fully addressed in the relevant literatures. In this
paper, I show that the number of assets included in the portfolio (or the number of assets
with nonzero weights) is the key to explain why the weighted norm approach can work well
in the situation when the number of available assets N is large. I compare the out-of-sample
(oos) conditional variances of different portfolios. The oos conditional variance is a reasonable
measure for the risk that an investor will immediately face in the next period when she adopts
a certain portfolio strategy in the current period. I prove that under certain conditions, the oos
conditional variance of the weighted norm portfolio will be less than that of some benchmark
portfolios with high probability, as both of the number of available assets N and sample size
n increase. Omne of the sufficient conditions explicitly puts a constraint between sparsity of
the weight vector and the true conditional variances of these portfolios. While impacts from
the estimation errors can be mitigated by limiting size of the portfolio weight vector, this
condition characterizes a relationship between the other two fundamental factors affecting
portfolio performances: namely how many assets and which assets should to be included in
the portfolio, and in turn provides a heuristic justification on why including fewer assets may

be beneficial in the high dimensional situation.

2Various norm penalties have been widely used in statistics for model selections and ill-posed problems, and
there are plenty literatures devoted on studying their properties. Using the {1 norm penalty can be dated to
Tibshirani| (1996). The squared l; norm penalty was originally proposed by Russian mathematician Andrey N.
Tikhonov. Combining the [ and squared l2 norm penalties for regression problems can be found in |Zou and
Hastie| (2005). Summary for recent developments on the norm penalty approaches in statistics can be found in
Hastie et al.| (2009)) and [Buhlmann and van de Geer| (2011]).



Using the weighted norm strategy is different from using an ordinary shrinkage estimator
that only shrinks particular elements of the estimated covariance matrix to their targets. The
weighted norm approach is an estimation strategy that not only shrinks particular elements
but also reduces dimension of the estimated covariance matrix.

In addition to the econometric side, I also give explanations on why using the norm penalty
in the portfolio optimization is reasonable from other perspectives. Imposing the norm penalty
is similar as an investor wants to limit transaction costs or exposure to risky assets, or faces
liquidity constraint such as margin requirements. This approach also can be viewed as an
investor making a decision based on marginal increment of the portfolio variance. The view
is closely related to |Gabaix| (2011), who shows that many different bounded rationality and
psychological phenomenons can be delineated by models that incorporate the [; norm penalty
into individuals’ optimization problems. I also discuss the relationships between the weighted
norm approach, the maximum a posteriori probability (MAP) estimator and the minimum
mean square deviation problem.

The theoretical results also imply that the penalty parameters for the weighted norms
can be specified as a function of N and n. The specification helps us to tackle the problem
of choosing the optimal penalty parameters. Previous research suggests that one can use
nonparametric methods such as cross validation to choose the optimal penalty parameters
(DeMiguel et al., [2009al). However, cross validation is computational intensive and may produce
very unstable sequences of the penalty parameters. The instability of the penalty parameters
may damage the performance of the weighted norm strategy. On contrary, my specification
for the penalty parameters is easier for implementation and can produce stable sequences of
the penalty parameters, leading to satisfactory results in the empirical analysis.

To solve the weighted norm minimum variance portfolio (mvp) optimization problem, I use
coordinate-wise descent algorithm. The algorithm is fast, efficient and can be easily extended
to other kinds of norm penalties. In addition, unlike the popular Least Angle Regression
(LARS) type algorithm (Efron et al., [2004) adopted by previous studies (Brodie et al., 2009}
Fan et al., 2009)), the coordinate-wise descent algorithm can deliver an exact solution to the
weighted norm mvp optimization problem.

I use two real data sets, Fama-French 100 size and book to market portfolios (FF100)
and three hundred stocks randomly chosen from CRSP data bank (CRSP300), to demonstrate
how the weighted norm approach performs in real world. The calibrated covariance matrix
is estimated via the sample covariance estimator with an expanding window scheme. The
covariance matrix estimated using the expanding window scheme may be less capable to capture
dynamics of the true conditional covariance matrix than that using rolling window schemes.
However, the expanding window scheme can make estimated covariances stable, leading to a
decrease in the portfolio turnover rate. The other source for reducing the portfolio turnover
rate is the [; norm penalty. Unlike explicitly imposing constraint on the portfolio turnover rate
(e.g., DeMiguel et al.l 2010; Kirby and Ostdiek, 2011), I find that the two sources are enough



to prevent high transaction costs.

For the case of FF100, the weighted norm portfolio yields an annualized variance from
82.97% to 98.60% and an annualized Sharp ratio from 1.06 to 1.18. On the other hand,
the annualized variances for other three benchmark strategies: 1/N, no-shortsales mvp and
global minimum variance portoflio (gmvp) are 311.16%, 176.21% and 77.66%, respectively.
The corresponding annualized Sharpe ratios are 0.45, 0.74 and 0.94, respectively. For the case
of CRSP300, the performances of the weighted norm mvp are mixed. Although it is able
to produce an annualized variance lower than those of other benchmark strategies, it fails to
achieve higher Sharpe ratio than the no-shortsales mvp. These empirical results are robust to
a change in the frequency of balancing the portfolios.

I further examine whether the weighted norm mvp can deliver a higher expected utility than
other benchmarks under the assumption that the investor’s utility function is nondecreaseing
and concave. I use the stochastic dominance tests with a subsampling scheme proposed by
Linton et al.| (2005) for the assessment. The result shows that the weighted norm mvp is less
risky than other benchmark portfolios.

Previous literatures argue that adding the estimated return vector into the portfolio opti-
mization often damages portfolio performances (Jagannathan and Mal 2003; |DeMiguel et al.,
2009a))). I re-examine this argument by imposing an additional target return constraint into
the weighted norm portfolio optimization. I find that the performances are not as good as the
case without such target return constraint imposed, which are in line with what the previous
literatures find.

Finally, I investigate whether imposing different forms of norm penalties on the portfolio
optimization can obtain better portfolio performances than the weighted norm penalty does.
Three novel alternative penalty functions are introduced, and the reasons why they can be used
in the portfolio optimization are also discussed. I find they can deliver at least comparable
performances as the weighted norm mvp and other benchmarks.

In addition to the norm penalty approach, there are many other methods proposed for
improving portfolio performances as the number of asset IV goes large. The most frequently
used one may be to assign the weights via some simple rules, and avoid massive estimations.
The value weighted and equally weighted (1/NN) portfolios are such examples. DeMiguel et al.
(2009b)) show how such simple strategies can outperform other sophisticated strategies. The
second way is to construct more robust statistical estimators for the mean vector and covariance
matrix of the asset returns, such as bias-adjusted or Bayesian shrinkage estimators (El Karoui,
2010; |Jorion, 1986} [Kan and Zhou, 2007} |Ledoit and Wolf, 2003; [Lai, Xing, and Chenl, 2011)).
Some of the improved estimations can be incorporated and transform the initial portfolio
optimization to a modified one, and a new class of optimal weight vectors can be obtained.
Frahm and Christoph (2011) and [Tu and Zhou| (2011)) show that a suitable linear combination
of weights of a benchmark portfolio and a more sophisticated strategy often provides better

performances than either only one of them is considered. One also can treat the optimal
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portfolio weights as a function of parameters in certain structural models. These parameters
can be directly estimated and then used to construct the optimal portfolio weights. [Brandt
et al. (2009) and Kirby and Ostdiek (2011) show such method can deliver better portfolio
performances than some benchmark portfolio strategies.

The rest of the paper is organized as follows. In Section I introduce the weighted
norm approach and describe some basic properties of the weighted norm mvp. In Section [1.3
I give some explanations on the norm constrained mvp problem from various economic and
statistical perspectives. Section details the main theoretical results. I then describe the
coordinate-wise descent algorithm for solving a benchmark case in Section [I.5 In Section [I.6

I present the empirical results. Section is the conclusion.

1.2 Methodology

1.2.1 Weighted Norm MVP Optimization

The weighted norm mvp (minimum variance portfolio) optimization is defined as
minwTSw 4+ Ay [w]|, + X2 ||w]|3, subject to Aw = u, (1.1)
w

where w is a N x 1 portfolio weight vector, ¥ is a N x N covariance matrix of asset returns
(or asset excess returns). The i, jth off-diagonal term of ¥ is denoted by o0yj, 4,5 = 1,..., N,
and i # j. The ith diagonal term of ¥ is denoted by o;; = 02, i = 1,..., N. The optimization
problem has the portfolio variance plus a penalty function on the portfolio weights as its
objective function, and subject to a set of linear constraints. The penalty function imposed
here is called the weighted norm penalty. Without such penalty, the portfolio optimization is
the global minimum variance portfolio (gmvp) optimization.

[wl, = SN |w;| and w3 = 32N, w? are the I; norm and the squared Iy norm of the
portfolio weights. The parameters A\, Ay € RT are called the penalty parameters. Aw = u is
a system of linear constraints on the weights, where dim(A) = k x N and dim(u) =k x 1. To
guarantee that the objective function of is a convex function of w, 3 should be positive
semidefinite (psd). In addition, if the set of solution for Aw = u is non-empty, then w is
feasible. With positive semidefiniteness of 3 and feasibility of w, is a well defined convex
optimization problem.

For the linear constraints, the most frequently used one is the full investment constraint,
which requires sum of portfolio weights equals to 1: 1T yw = wT1y =1, where 1y isa N x 1
vector which elements are all 1’s. Another example is the target return constraint, in which
the expected portfolio return should satisfy a certain desired level: yTw = wTp = 7, where p
is a N x 1 vector of expected asset returns, and @ is the desired portfolio return.

Except the above commonly used settings, the linear constraints can be specified for other

purposes. |Cochrane (2011) considers to constrain covariance of the portfolio return and a
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factor f,
N

cov (R, f) = Zwicov (Ri, f) =0T jrw = &;, (1.2)
i=1

where oy R is a NV x 1 vector in which the jth element is the covariance of the jth asset return
and the factor f. £y is the desired level of comovement of the portfolio return and the factor f.
The motivation of such linear constraint is that the investor may want to limit volatility of her
wealth while the factor f fluctuates. For instance, a high-tech company employee may fear that
her labor income declines simultaneously with values of her holding stocks. To prevent this
happen, she would like to hold a portfolio which has a low correlation with her labour income.
Such portfolio may be constructed by solving a mvp optimization with linear constraint

by treating the factor f as her labor income stream.

1.2.2 Basic Properties

The Lagrangian of the optimization problem ([1.1)) is given by
L(wW, 7%, M1, 00) = wISwW + Ay w4+ Ae [[wlf5 + 97 (u—Aw),

where 7 is a k x 1 vector of the Lagrange multipliers. Let w* = (w7, ..., w}/) denote the optimal
solution of (L.1), and S = {i:w} #0} and 5S¢ = {i: w; = 0} denote the sets of assets with
nonzero and zero weights respectively. Also let |S| and |S¢| denote the cardinality of the set
S and S§¢. Without loss of generality, one can do some rearrangements on the optimal weight
vector w*. I let the first |.S| elements of w* be the nonzero weights, and the rest [S¢| = N —|5]

be the zero weights. Then the following partition for > can be obtained,

Y Ess Essc )
Escs Escsc

Here Yg5 (Xgese) is a |S| x |S| (]5¢| x |S€] ) sub-principal matrix of ¥, which can be constructed
by deleting N — |S| (N — |S€|) columns and the corresponding rows from Y. The matrix 4
is the covariance matrix of the |S| assets which optimal weights are nonzero, and Ygege is the
covariance matrix of the |S¢| assets which optimal weights are zero. In the off-diagonal parts,
Ysse = B4, which have dimensions |S| x |S¢| and |S¢| x | S| respectively. They are matrices of
covariances between the nonzero weighted and zero weighted assets. Finally one also can have

the following similar partition for matrix A,
A == (A57 Asc) 5

where dim(A;) = k x |S| and dim(As) = k x |S°|.
Let w} be the 1 x |S| optimal nonzero weight vector from solving (1.1f). At the stationary

12



point, the following KKT conditions should hold,

2 (D5 + Mol ) wh = AT~* — \; x sign (w?), (1.3)
Aswi = u, (1.4)
255, wi — ATY*||l, < A (1.5)

where I, is a |\S| x |S| identity matrix, sign (.) is the sign function, and |.||, is the sup norm.

Let 0jgc| be the 1 x [S¢| zero vector. The optimal weight vector is then given by
w* = (W:,0|5c|) )

Let XL, = Sy + Aolgs, My = A PAT and M. = AY/ ;T AT. The optimal nonzero weights

can be solved by using the KKT conditions, which are shown in the following lemma.

Lemma 1 Let w} be the vector of nonzero portfolio weights and v* be the Lagrange multiplier
of the constraint Aw = u from solving . Then

A _ 1 .
wi o= wi, o+ o (B AT S — S sign (W)
’Y* — ’y;,s+>\16275,
where
W;,s = Z/sglAsTMéilua

09 = MéflASEgglsign(W:),
Vs = 2M{Tu

*

¥) is a |S| x 1 column vector which elements are sign of the nonzero weights.

and sign (w

Proof of Lemma 1 can be found in Appendix It is not difficult to see that wj ; is the

optimal solution for the following mvp optimization, in which only asset i € .S are used,
wh . = argminw’ XL . w, subject to A;w = u, (1.6)
’ w

and 73 ¢ is a vector of Lagrange multipliers for the linear constraints A;w = u. Note that
(1.6) is in fact an mvp optimization penalized by the squared Iy norm penaltyﬂ Without such

squared [ norm penalty, (1.6) becomes a gmvp optimization. Define wy,, . as the optimal

)8
solution of such gmvp optimization,
*

Win,s = arg H‘lhi,n wT Y w, subject to A;w = u. (L.7)

3The objective function of (1.6) is sum of a portfolio variance and squared Iz norm penalty on the weight
vector with penalty parameter Aa.
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*

Similar to w3 , Wy, o and vector of the Lagrange multipliers 7y, ; can be solved explicitly as

who o= S 1AT M t,

un,s

Yoms = 2M; '

Throughout the paper, I use the following notations to denote the portfolio variances via

solving different mvp optimizations,

o2 = wTow,
2 . _ T *

Oun* = Wyp Ewunv
2 . _ *T *

02,5 M W2,s 255W2,87

2 . *T *

Uun,s T Wun,szsswun,s'
02 is the minimum portfolio variance can be achieved via solving (1.1)) ﬁ o2, is the gmvp

portfolio variance and w;,, is optimal gmvp weight vector. a%?s and agn,s are the portfolio

variances via using the optimal weight vector from (1.6 and (1.7).
With the above notations, I introduce the following lemma, which provides a key inequality

for the proof of the main results in Section [1.4.2

Lemma 2 Let ¢; (Xs5), j =1,...,|S| denote eigenvalues of X,. Let

E;s = Ess + >\21857
¢min (Ess> = arg min ¢j (Zss) )
=LylS]

where g5 denote a |S| x |S| identity matriz. Suppose ¢™™ (Xgs) > 0. Then

A
2 1
0< 02 =02, < eor (14 con) oo = Ao Wil + 5 (Il = w2l

N

where ¢ = )\2% (¢min (ZSS))

Proof of Lemma 2 can be found in Appendix The lemma indicates that o2 is bounded
2

un,s» the penalty parameters and the norm penalties.

by a linear combination of the scaled o
Lemma [1] and Lemma [2] are stated in a deterministic way, but these results still hold if ¥
is replaced by some positive semidefinite estimates of the covariance matrix. It is helpful,
since it provides useful tools to construct further asymptotical results when the simple sample

covariance estimator is calibrated for solving (1.1).

4Note that w*TEw* = wiTS, w.
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1.2.3 Relation to the Benchmark Portfolios

It can be easily seen that one can solve the weighted norm mvp optimization as a g
penalized portfolio optimization with the covariance matrix ¥ = X + A\oIyy, where Iny
denotes a N x N identity matrix. In a special situation when A\; = 0 and A2 — o0, the
optimal weights from solving will converge to 1/N (DeMiguel et al., 2009al). When the
linear constraint is the full investment constraint w'1y = 1 and only the I; penalty is active
(A2 = 0), it can be shown that as A; is beyond some threshold A > 0, the optimal weight
vectors of the weighted norm mvp and no-shortsales mvp will be identical (Brodie et al.l |2009;
DeMiguel et al.| 2009a; |Fan et all [2009). On the other hand, in this situation, using any
A1 > A for solving will only generate the optimal no-shortsales weight vector. Practically
to pin down the upper bound X is important if one wants to search the optimal \; over a range
of possible values. [Yen and Yen| (2011 show that the upper bound A can be easily obtained
by using the optimal no-shortsales solution.

Furthermore, from the KKT conditions, it can be shown that the optimal nonzero weights
of the no-shortsales mvp can be obtained by solving if one replaces S with Sps =
{i : wps,i > 0}, where wy,; is the optimal no-shortsales weight for asset i and S, is the set of
assets included in the optimal no-shortsales mvp. In other words, the no-shortsales mvp, as a
mvp with a heavy [y norm penalty, can be equivalently obtained from the gmvp optimization
via using a dimensional reduction covariance matrix Yss with S = 5,5, and assigning zero
weights to assets i ¢ Sp;.

The way to construct the no-shortsales mvp is different from Jagannathan and Mal (2003)),
in which the authors argue that the no-shorsales mvp can be equivalently constructed from

the gmvp optimization via using the following shrinkage type covariance matrix
DIRELEES yj (V]_T + VTl) ,

where v is the vector of the Lagrange multipliers for the nonnegativity constraint w; > 0,
i =1,...,N. Nevertheless, here shows that the no-shorsales mvp is a typical sparse portfolio
which can be constructed from casting the gmvp optimization on a suitable subset S,s of the

whole available assets, without shrinking any element in the covariance matrix used.

1.3 Explanations on the Weighted Norm MVP Optimization

1.3.1 Individual’s Financing Constraint

If one sets A\; = Aa and Ay = A (1 — a), where A € RT and a € [0, 1], the portfolio optimiza-
tion of (|1.1)) is essentially the same as minimizing the portfolio variance subject to the linear

constraints and the following norm constraint,

alwll; + (1 —a) [w]f} < e (1.8)

15



When o = 1, |[w|; < cis called a gross exposure constraint in Fan, Zhang, and Yu| (2009).
It can be viewed as the investor wants to minimize the portfolio variance (or maximize the
mean-variance utility when the mean return vector of assets is taken into account), but still
trying to limit the investment positions exposed to the risky assets. The constant c is the
maximum allowable amounts of investments on the risky assets, which reflects the investor’s
concern on parameter uncertainty due to statistical estimation errors.

Now consider a more general version of the /1 norm constraint

N
Z v |lw;| <e,
=1

where v; is a nonnegative constant. In Brodie et al. (2009), v; is viewed as a measure of
transaction cost, such as bid-ask spread of asset 7. One can also interpret v; as the requirement
of margin on asset ¢ (Garleanu and Pedersen, 2011). As for the case of (L.1)) with a =1, it is

equivalent to treating all of such transaction costs being equal to oneﬂ

1.3.2 Decision Based on Marginal Increment of the Portfolio Variance

Now suppose that, due to fear of estimation errors, the investor believe that the corrected
estimated covariance matrix is the regularized one =%+ Mol rather than 3. Also to
simplify the analysis, assume the investor only faces the full investment constraint wt1 = 1.
Then at the stationary point, the marginal change of the in sample portfolio variance due to

including asset ¢ is given by

owTY'w . al A
T = 2w (67 4 M) 2 widy =7~ A (1.9)
% J#
if w; > 0, and
OwTsY . AN
% = 2uw; (0'1-2—1—)\2) +22wjaij =7+ X\ (1‘10)
i i

if w; < 0. If Ay = 0, the marginal change is the Lagrangian multiplier «, which is the shadow
price to measure how the portfolio variance changes when the investor’s wealth changes. If
both A\; > 0, the marginal change due to buying an asset is v — A1, and it is lower than the one
due to shorting an asset, v + A1. It can be shown that v > A\; always holds at the stationary
point. Therefore the marginal change is always positive. In general, absolute values of the

optimal weights obtained from solving (1.1) is smaller than those obtained from solving the

When 0 < a < 1, the optimization problem (1.1)) can be viewed as a I; norm penalized mvp problem with
covariance matrix 3 + A (1 — a) Inn, therefore the explanations given above still apply
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gmvp. In addition, from ({1.5)), if w; = 0,

owTs
T =T <qk (1.11)

- <
i L= ow;

If A; becomes large, it is more possible that dw? 3w /Ow; will fall into the interval [y — A1, v + A1
Therefore more assets will be excludedﬂ Meanwhile, it is less likely that will hold, since

v 4+ A1 will also increase. Furthermore, as mentioned, if A\; is beyond some upper bound A,
only no-shortsales positions will be included. Note that in this extreme case, still needs

to hold. Thus the optimal no-shortsales solution is equivalent to the solution of a gmvp with

a certain subset of the whole assets.

In summary, the weighted norm portfolio strategy can be viewed as a way that the investor,
with the believe that Y is the corrected estimated covariance matrix, to choose the penalty
parameter \; to decide whether to include an asset or not. The decision is based on how
the portfolio variance changes due to including an asset. If including an asset causes a large
(small) enough increase in the portfolio variance, then the asset weight is negative (positive). If
including an asset only causes a mild change in the portfolio variance, the asset will be excluded.
One can interpret it as that the investor are concerned with both the sign and magnitude of
the asset weight, and the decision on assigning the weight hinges on how the portfolio variance
changes due to including the asset. If including the asset leads a change larger than v+ A; or
smaller than v — A1 in the portfolio variance, then the investor will consider the information
is sufficient to safely determine the sign of the asset weight. On contrary, if including an asset
only makes the portfolio variance change mildly, say at some level between v — A1 and v + Aq,
then the investor will think that the information is too ambiguous to make any decisions, and
she had better make the asset redundant. It can be seen as the investor’s attitude to the
parameter uncertainty, and the penalty parameter A1 controls the degree of such attitude.

When A; becomes extremely large, only few assets will be included, and only assets which
give a very large marginal increment to the portfolio variance can have negative weights.
However, including such assets is risky, since a small change in their weights will cause an
extremely large volatility in the portfolio return. Thus the investor will try to avoid such
assets. Finally, only assets which give a small enough marginal increment to the portfolio

variance will be included, and all their weights are positive.

1.3.3 Relation to Bounded Rationality and Psychological Phenomenons

Gabaix (2011)) shows that adding the I norm penalty to an individual’s optimization problems
can generate rich bounded rationality and psychological effects. In his model, the individual
tries to simplify her optimal decision process by considering only a few important parameters

in the utility function. To achieve this, at first the individual minimizes a cost function for

Here one can safely ignore the case when w; = 0 and Ow” S'w/0w; = v — A1 (or Ow” S'w/0w; = v + A1),
since the probability that the two events occur simultaneously is negligible
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choosing the important parameters in the utility function. The cost function has a quadratic
form plus the /1 norm penalty on the parameters. With the [y norm penalty, it is easy to
achieve a sparse solution for the parameter vector. Such decision process can be explained as
the individual prefer to frame her view on the real world not too complex. It is a reasonable
setting in reality, since no one can freely consider a large amount of relevant information for her
decisions. If some of the relevant information is not so important, the individual had better to
damp it. Then the individual can consider her optimal actions based on the simplified utility
function.

To get more insights of (Gabaix| (2011, one can further generalize the I; norm penalty used
in [l as

[[w — W0”1 .

As in the portfolio optimization, wg can be viewed as the investor’s default decision on the asset
allocation. In my case, I set such default weight vector equal to zero. With such generalized
[1 norm penalty, one can image that some elements in the optimal weight vector will naturally
be the default weights, like the zero components resulted by ||w]|; . It means the investor’s
decision with respective to some of the assets will not be changed. In practice, this property
is helpful on reducing portfolio turnover rate, as shown in |[DeMiguel et al. (2010), which sets
wy equal to optimal weight vector of the gmvp.

In economics, such sticking-to-default effect is called inattention, while in psychology, it is
called an endowment effect. This effect often arises in real world when the investor faces too
many assets to choose. The investor may be aware that simultaneously to make many different
decisions perhaps will lower overall quality of these decisions. A better way to do it is to keep

as many initial decisions as one can, and change some of them if it is really necessary.

1.3.4 The Maximum a Posteriori Probability (MAP) Estimator

Zou and Hastie| (2005) show that regression coefficients regularized by the elastic net constraint

can be viewed as having a compromised prior between the Gaussian and Laplace distributions.

Based on this result, one can give the optimal weights in a similar statistical explanation.

Let R; be the N x 1 vector of asset returns at time ¢. Suppose that given w, estimated

mean return R, and portfolio variance JIQW,
iid

wTR; | w, R, O‘Z%OT ~ N (w'R, 012,07,) for all ¢. Also suppose that the investor has a prior

the investor believes that the portfolio return

belief that the weight vector w follows a distribution with the density proportional to
exp (—v x (awl, + (1 = a) |wl3) ) I{Aw = u},

where ¢ > 0 and «a € [0,1]. Then conditional on o2, {R;};; and R, the density of the

por>
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posterior distribution of the portfolio weights w will be proportional to

exp (= gy W Ew v x (alwl, + (1= ) [wlB) ) TAw =w), (112

por

where 3 is the sample covariance matrix of R;. Thus maximizing the log posterior portfolio
weight density with respect to w is equivalent to solving problem li with ¥ = 3 and

N = QJgOT@Z)a
1 T 1 )

A _ 20’;27074:[) (1 - Ol)
2 T-1

and the optimal w is the maximum a posteriori probability (MAP) estimator for w.
The above result is related to proposition 8 and 9 in DeMiguel et al.| (2009a), in which they
stated the cases when aw = 1. The posterior distribution of (1.12)) can be rewritten as the one

proportional to

T-1 . 202 P (1—a)
e (g (S B ) - vl )£ =l
por

which implies the investor has a prior belief that w follows a distribution with the density

proportional to
exp (—wa HWHh) [{Aw = u}.

In addition, the regularized covariance matrix estimator

N 2ogorzp (1-a)

by I
+ T_1 NxN

is the calibrated covariance matrix estimation.

1.3.5 MYVP Optimization as a Minimum Mean Square Deviation Problem

The mvp optimization has some similar characteristic to the squared loss-based linear regression

estimation. Consider the following minimum mean square deviation problem:

min E(Y — sTw)?, subject to Aw = u, (1.13)

w

where the expectation is taken with respect to Y. To solve (1.13]), one seeks a vector w to

T

minimize the mean square deviation between s*w and Y given that Aw = u. Suppose Y is

the dependent variable and s is a N x 1 vector of predictors. E(Y —sTw)? can be interpreted
as the expected squared prediction error, and Aw = u is the constraint on the coefficient
vector. Now let R be a N x 1 random asset return vector. If one sets Y = RTw, s = E(R),

the objective function becomes the portfolio variance E((R —E(R))Tw)2. Consequently (1.13))
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becomes the mvp optimization. It is equivalent to seeking the minimum mean square deviation
between (R — E(R))Tw and zero, subject to Aw = u.

When the number of covariates becomes relatively large to the sample size, recent research
on large dimensional variable selections in the linear regression shows that regularization meth-
ods can work well not only for model selections but also for improving out-of-sample predictions.
Bai and Ng (2008) and [De Mol, Giannone, and Reichlin! (2008) show regression penalized by
the I; norm penalty can perform at least equally well or better than traditional methods on
predicting important macroeconomic indicators when a large number of predictors are jointly
considered. As for the mvp, when the number of assets becomes relatively large to the sample
size, it is reasonable to see that the regularization methods can do the same improvements for
reducing the out-of-sample portfolio variance as it does for the mean squared prediction error
of the OLS regression, since the mvp optimization and the OLS estimation share a similar
property on searching the optimal solution: namely, finding the optimal coefficient vector w

to minimize the mean square deviation between two points.

1.4 An Econometric Analysis on the Weighted Norm MVP

1.4.1 Basic Settings

In this section I provide an analysis for the weighted norm mvp from econometric perspective. 1
explicitly introduce randomness into the portfolio optimization problem: the problem is solved
via calibrating the estimated covariance matrix 3. Let R, € RN, t = 1,...,n denote the
independent observed N asset return data points with mean p = (u1,. .., uy) and covariance
matrix . Let & denote some estimate of ¥ from using these data points. The 4, jth off-
diagonal term of ¥ is denoted by 5, 4,5 =1,...,N, and i # j. The ith diagonal term of S is
denoted by ;; = 67, =1,..., N. In order to distinguish the deterministic case, I let all of the
notations used in previous sections with a hat above to denote their analogues from solving the
same mvp when X is replaced by . For example , W* = (w7, ..., w)y) will be used to denote
the optimal weight vector by solving when ¥ is replaced by 3, and S = {i:w; # 0} and
S¢ = {i: @ = 0} will be used to denote the sets of nonzero and zero components in W*. Given

7

S and §c, like the deterministic case, one can have the following partitions for w*,  and A,

o - (si0s)
£ o= (2F ).
E§°§ Egcgc

Let the out-of-sample (oos) portfolio return of the weighted norm mvp at ¢ = n 4+ 1 be

Rypnt1 = w*TR,, 1. Given {R:};_, , the out-of-sample (oos) conditional portfolio variance of
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(1.1) is given by

var (pr,n+1| {Rt}?zl) = VA‘%TZ??VAV? (1.14)

(1.14)) can be viewed as a measure of risk that an investor will immediately face at period
n + 1 if she allocates wealth according to w*. Thus the oos conditional portfolio variance is
also called realized risk or out-of-sample risk (El Karoui, 2009, 2010)). By similar fashion, let
Runpnt1 = vAv;fanH be the oos portfolio return of the gmvp. The oos conditional portfolio

variance of Rypnpn41 is then given by
var (Runp,nJrl’ {Rt}?zl) = V?’;fnzv/‘\’um (1.15)

and the oos conditional portfolio variance of the 1/N portfolio,

1 1
var <N1£Rn+1| {Rt}?1> = ﬁﬁzm. (1.16)

Let a% IN T N _21%21 ~- Unlike 1} and 1} the oos conditional variance of 1/N portfolio
is non-random, since its weights are always deterministic 1/N.

1.4.2 Main Results

When the investor faces a large number of assets being available and has the estimated co-
variance matrix f], given two easily-implementable benchmark strategies: the gmvp and 1/N,
is it still worth to undertake the weighted norm mvp strategy? To answer this question, one
can directly compare their realized risks, and see how large probability that will be
smaller than (or ) Such comparisons are discussed in this subsection. Before the
main results are stated, I shall introduce a definition and some conditions that are used in the

analysis.

Definition 1 (Asymptotical feasible active set) We call S the asymptotical feasible active set
of assets for the weighted norm portfolio optimization, if S is a subset of {1,..., N} such that
as n, N — 0o, at the stationary point, the following KKT conditions hold,
X W = ARAL — M X sign (W),
Asw; = u,

ST T~
H2ESCSW;‘—Asc7: < A

o0

In short, S C {1,...,N} is a possible realization 0f§ asn, N — oo.
The following five conditions are needed for proof of the main results.

Condition 1 All elements in X have finite values, and all eigenvalues of ¥ are bounded away
from 0 and oo, i.e. 0 < g™ () < M (¥) < 00.
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Condition 2 The number of linear constraints k is fized, and the set of solution for Aw =u

is non-empty. The elements in A and u are nonrandom.

Condition 3 When ¥ and 3 are calibrated, for 0 < A1, Ao < 00, the weighted norm optimiza-
tion is feasible as n, N — oco. The definition of a feasible optimization problem is that there

exists at least one feasible point such that the optimal value of the objective function is finite.
Condition 4 There ezists a constant By such that supgc gy, ny P ([Will; > Bo) = o(1).
Condition 5 N < n, and lim,_,o, N/n = py € (0,1).

The main results are stated in the following.

id

Theorem 1 Suppose that Ry ~ N (p,X), t = 1,...,n, S is the sample covariance matriz,

and conditions [1 to [5 hold. Let S be the asymptotical feasible active set of assets such that

|S| >> k. Let a™™ = min; j_1 N a;;, and a;; has the same definition as in Lemma . Set

2log N
A1 = A2 = Ap N = Boy/ iy,

and assume the following mazximum ratio of portfolio variances condition (MRPV) holds,

o2 g2
sup (“"52“" —ps | <0, (1.17)
SCc{1,..,N} o

un,s

as n — 0o, where ps = lim,_,~ |S| /n. Then as n, N — oo,

P (WTEw* < Wi, SWu) — L.

1
If0 < o? (N 'log N)ifs < 0% holds and (1.17) is changed to

N

sup ——— —ps | <0, (1.18)
SC{1,..,N} Oun,s

where 0 < g2 and 0 < & < 1/2 are two constants. Then as n — oo,

P <W*TE€V* < ai> Sl
N

Proof of Theorem [I] can be found in Appendix In addition to Lemma [I] and Lemma

the proof also relies on Lemma which shows bounded eignevalues of the sample estimate 3,
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and Lemma [4] which provides an upper bound for the tail probability of the estimation errors
of elements in 3

Theorem [1| says that under certain conditions, the conditional variance of the weighted
norm mvp will be less than that of the gmvp or 1/N with high probability as the number of
available assets N and sample size n both go to large. The weighted norm penalty tends to
result in sparsity of the weight vector, consequently only a smaller number of assets (say |S|)

will be included in the portfolio. When only a smaller number of assets is included, the true
2

un,s» may be well approximated by the realized risk of the weighted norm

risk of this portfolio o
mvp W*TYW*. On contrary, the conditional variance of the gmvp WL YW, may be a bad
approximation for its true risk o2, due to large N. Note that the true risk of the gmvp o2,
is the minimum value that any realized risk can achieve. So if the true risk of the portfolio
with the smaller number of assets Uims is not too far from o2, , then the realized risk of the

weighted norm portfolio can have a large chance to be smaller than that of the gmvp, since

the later may be more away from o2, due to its bad empirical property.
2

un.s and

The above result implies that, to ensure the weighted norm strategy work well, o
o2 should not be too different. How closeness should the two have? It is stated by the

maximum ratio of portfolio variances condition (MRPV) of (1.17)): for every possible feasible

active set of assets S, the maximum difference between the two should not exceed

Ton,sPss (1.19)

where ps = lim,,_, |S| /7.

While impacts from the estimation errors can be mitigated by shrinking size of the weight
vector, the MRPV condition characterizes a link between how many assets and which assets
should to be included in the portfolio. The MRPV condition implies that the number of

selected assets |S| should increase with the sample size n. Consider the case when |S]| is fixed,
2

un,s

the upper bound 1) goes to zero as n — 0o, but o
holds, and this violates the MRPV condition.

However, this does not always mean including more assets is beneficial. In addition to

2 2 2
— o5, > 0 (or Tuns — OL/N > 0)

inducing more estimation errors, including more assets might not ease the MRPV condition.
Consider the case when |S’| assets is selected, and |S’| > |S] but S € S, so py > ps. Neverthe-
12“%5 < o2 ., since S is not a subset of S’. In turn, the MRPV condition

might hold for the portfolio with S assets, but not hold for that with S’ assets. Therefore re-

quiring a suitable set of assets included in the portfolio is also important for ensuring the

less it is possible that o

weighted norm strategy work well ﬂ

"Some discussions on properties of the normal distributed returns, sample covariance matrix estimator,
estimation errors are also given in Appendix to E

8Note that the situation |S’| > |S| but S ¢ S is possible when the weighted norm strategy is used. Suppose
that A1 > Aj. The I; norm penalty does not always guarantee that the set of assets being selected under \; is
a subset of those being selected under )\, since the optimal weights are not always monotonically decreasing
with the penalty parameter of the [; norm penalty.
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For the case of comparing with af N the MRPV condition 1) is similar as 1j Given
every realized S, 1) can be explained as o2, , should be closer to o2, than a% /N does, and

un,s
2

2 2 2 2
un,s — Oun a0d 07, —01 /N should not be over ps07,,, -

The MRPV condition 1) is even easier to hold than 1D since J?Lms — a% /N > 0 may

not hold but aﬁn’ s — 02, >0 always does. However, here 0'% /N is required to not decrease too
2

un,s

with the rate O, (x/log n/n) (see section [1.8.6)). If af/N were to decrease too fast with N, say

the difference between the two distances o

fast with N. Note that as n, N go to large, approximation error of W*TLw* to o vanishes

2

un,s would

1
Oy ((10g N/N)5+6> where £ > 0 is a constant’], approximation error of w*TYXwW* to o
be larger than 0% /N itself. Therefore in this situation, the weighted norm mvp is unlikely to
beat 1/N. An immediate example for such situation can be given is when X = Iyy. Suppose

that the linear constraint is wT1 = 1, then a%/N = N1t =02, . It follows that
P (WIS <oy ) =0.

Another example is when X is a Toeplitz matrix. In this case, if o*? =1 and J?j = /=3l where
i# jand 0 < ¢ < 1, then

B 2Nt
ol = L 2 (V=D 1=c + N
~ N2 1—p

which also violates the condition.

=0 (N7,

The number of assets selected is controlled by the penalty parameter of the /1 norm penalty,

2log N
A1 = AN = Boy/ I:i .
a n

is related to the elements in ¥ (see proof of Lemma [3). Such specification

which is specified as

The constant g™
satisfies the requirement that |S| should increase with n, and more importantly, it provides a
practical guideline to set the penalty parameters, as we will see in Section [1.6.2

Finally, the property of causing sparsity makes the weighted norm strategy different from
the ordinary shrinkage estimators. The ordinary shrinkage estimators shrink particular el-
ements within the estimated covariance matrix to some targets, and in turn to reduce the
estimation errors. The weighted norm strategy, however, not only shrinks particular elements
within the estimated covariance matrix, but also reduces its dimension for the portfolio op-
timization. Consequently the resulting mvp is only constituted by a certain subset S of the

whole assets. Thus it can be viewed that the ordinary shrinkage estimators aim to approximate
2

un,s- As 1 show above,

2
un*

o2, directly, while the weighted norm strategy aims to approximate o

how such norm penalty strategy performs hinges on how far Usz,s deviates from o

?Note that here lim, oo N/n = px € [0, 1] should hold.
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1.4.3 Unconditional Portfolio Variance
If asset returns are iid, by using total variance formula, it can be shown that

var (Rypnt1) = E[WTE®*] + pTvar (%) p,

var (Runpnt+1) = E [v’if;fnZ\/fvun] + ,u,TUa,r (Waun) -

By Theorem 1, under certain conditions, P (W*TSw* < WX SWy,) — 1 as N and n both go
to large. It follows that
E [WTSw*] <E [Wi,SWun] -

IN

as N and n both go to large. Thus if pTvar (W*)pu < pTvar (W) p, var (Rypni1)
var (Rynpn+1) will also hold.

IN

As for 1/N, its unconditional variance also equals to 0’% N and therefore var (Rypn+1)
Uf N if and only if
E [W*TEW*] + pTvar (W) p < af/N.

From Theorem 1, under certain conditions, P (W*TZW* < a%/N> — 1 as N and n both go to
large. It implies
E [W*TSw*] < of )y

will hold as N and n both go to large. Thus to require var (Rypnt1) < O'%/N, either yTvar (W*) u
should not be too large or E [v‘v*TEvAv*} should be small enough to U%/N.

var (W*) and var (W},,) are covariance matrices of w* and W

wns Tespectively, and their ana-

lytical expressions are not derived here. To gain some meaningful insights, one can assume that
covariances between elements in W* are small. Then pTvar (W*) g will be mainly determined

by
N
Z pivar (@F) .
=1

By similar fashion, uTvar (W,,) 1 will be mainly determined by Zf\il p2var (w;nJ) var (W)

A%

and var (wun Z) can be measured by their portfolio turnover rates, and we will see that em-

pirically, the weighted norm mvp tends to have a lower turnover rate than the gmvp.

1.5 Coordinate Wise Descent Algorithm

In this section we introduce a coordinate-wise descent algorithm developed by [Yen and Yen
(2011)), to solve the weighted norm mvp optimization problem. We focus on the benchmark
case in which the objective function only subjects to the full investment constraint. How a
coordinate-wise descent algorithm is implemented is as follows. Assume the objective function
f(w) = f(wy,...,wy) is convex. The algorithm starts by fixing w; for i = 2,..., N and

finding a value for w; to minimize f(w). The iteration is then done over i = 2,3,--- | N
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before going back to start again for i = 1. The procedure is repeated until the value of f (w)
converges.

Friedman et al| (2007) demonstrates that coordinate-wise descent algorithms can be pow-
erful tools in solving regression problems regularized by convex constraints. Since then, the
approach has gradually become popular in statistics to solve various norm constrained regres-
sion problems. Theoretical properties of this type of algorithm can be found in [Tseng (2001)).
Yen and Yen| (2011)) develops efficient coordinated-wise descent type algorithms for solving
various norm constrained portfolio optimizations.

T1

As for the case of when w1y = 1 is the only linear constraint, the proposed scheme to

update w; is
ST (’7 — Zi, )\1)

T (1.20)

where ST (z,y) = sign (v) (|z| —y), is the soft thresholding function and z; = 2 Zj\;l W;jogj.

Let S = {i:w; >0} and S_ = {i : w; < 0}. The proposed scheme to update the Lagrangian

multiplier ~ is

Zi _ 1 N S
1+ Zi€S+US— 2(0i2+)\2) AL <Zi€S_ 2(0’?+)\2) Zi€S+ Q(U?Jr/\g))

[Zi€S+US 2(01214_/\2)]

The derivations of ([1.20]) and (1.21)) can be found in Appendix m The updating scheme is

essentially the same as using the Gauss-Seidel method to solve a system of equations of the

(1.21)

non-zero weights in the KKT conditions with =y fixed, and then using the solved weights and full
investment constraint to update v. Under the Gauss-Seidel method, if the iteration converges,
the limit will be guaranteed to be the solution of the system (Saadl |2003). Furthermore, if
the set of non-zero weights S, U S_ is correctly identified, convergence of the algorithm will
guarantee the minimum is attained (with 7 fixed). Through the adjustment of ~, the full
investment constraint can be further satisfied. Thus if w and ~ both converge, we can obtain
solution of .

The above approach of updating the weights and the Lagrangian multiplier can be gener-
alized. Considering instead that Aw = u should be satisfied. The Lagrangian, as shown in
Section is the objective function plus T (u— Aw), where v = (71, ...,7) is a k x 1 vector
of the Lagrange multipliers. One can follow procedures similar as above to derive the updated
forms of w; and v, and then w, v, 72, ...,7, can be updated sequentially. An example of such
sequential update when an additional target return constraint is considered is shown in [Yen
and Yen| (2011)).
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1.6 Empirical Results

1.6.1 Performance Measures

For estimating the covariance matrix, I adopt the expanding window scheme with initial win-
dow length 79 = 1.2N. Suppose there are T period observations. Let it denote the estimated
covariance matrix for period t = 19,...,7 — 1. The length of testing period (from 79+ 1 to T')
isT=T-1-—m. it is calibrated into at each period ¢, and the solved optimal weight
is denoted by @;t’ i=1,...,N. In the following, I use @Zt as an example to illustrate how to
obtain the performance measures.

The out-of-sample portfolio return at period t + 1 is defined as

N
~ .
Roos,p,t—f—l = g wi,tRi,t—i-l-

i=1

I then calculate turnover rate of the trading strategy. Suppose at the end of period t — 1, the
investor has wealth II;_; that can be invested on the assets. Given the optimal weight w; 1,
at the end of period ¢, the holding value of asset i is II;—1@]; ; (1 + R;), and the total wealth
at period t is Il; = II;_1 (1 + §0057p7t>. Then given @it, the amount of wealth to invest on

asset ¢ is II;w; ;. I define the turnover rate of asset i between ¢t to t 4+ 1 as

Iy A 1+ R;
TOR; 141 = w;t - w;k,tfl ( = i) )
(1 + Roos,por,t)

(1.22)

which is the proportion of wealth at the end of period ¢ needed to invest on asset ¢ in order to
satisfy the required amount II;w; . I further define the portfolio turnover rate at period ¢ + 1
as the sum of the turnover rate ((1.22]) over whole assets, i.e.

N

TORpi11 =Y TORis1.
i=1

I then impose transaction fee ¢, and the oos net portfolio return at period t + 1 is defined as

ﬁnet t+1 = (1 — ETORpﬂH-l) X (1 -+ EOOS,p,H—l) —1.

00S8,p,

The oos net portfolio return is then used to calculate its sample variance, the Sharpe ratio and
certainty equivalent return m

To see how sparsity affects the portfolio performance, one can have a look of proportion of

The certainty equivalent return used here is defined the same as in [DeMiguel et al.| (2009b) with the risk
aversion parameter .
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active assets at period ¢,
‘S‘j U §;‘
PACt = T,
where 5? = {z LW > O} and §t_ = {z Py, < 0}. One may also interest in whether the
strategy concentrates too much on certain assets. To measure this, I calculate Herfindahl-

Hirschman index for the portfolio weights at period ¢, which is defined as

2
SN I 1
_ ) Wl
HHI, = Z VLT e
i=1 (Zi:l w’i,t) ¢

The norm penalty results in a sparse solution, and portfolio weights will concentrate on the
active assets. To know whether some of weights of the active assets may be too extreme or
not, measuring concentration among these active assets is more informative. For this purpose,
I also calculate the adjusted normalized Herfindahl-Hirschman Index at period t,

HHI; — &

S,
ANHHI, = 7|t|

where §t = {z : @;f . 7 O} Finally, define the shortsales-long ratio at period t as

Nk
Zz‘eS; wz’,t

Eie@*

SLR; =

wy,
The ratio is helpful for clarifying how the norm penalty and the linear constraints have impacts
on the overall short and long positions of the portfolio.

1.6.2 Setting the penalty parameters

Theorem [I] suggests that one can set the penalty parameters as a function of sample size and
the number of assets. Let A1 ; and A2 ; denote penalty parameters for period ¢. Here, I propose

the following settings

~  [2log N
)\l,t = adBy °8 )
g
_~ [2log N
A27t = (1—oz)atBt ng )
t

"Note that for ANHHI,, I use 1/ §z

HHI;, which measures concentration of weights among all N assets, the AN H HI; measures concentration of
weights among the active assets.

rather than 1/N as the normalizing constant. The reason is that unlike
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where d; = min;—1 . N 6127,5, and Bt = HvAv;llHl . The parameter n; is the sample size used at
period t, which will increase with time under the expanding window scheme. The specification
shown here keeps the form \/W, but also uses some scale factors, dy, B, and a. d; is
the minimum diagonal term of the estimated covariance matrix (the minimum variance among
all the N assets). The reason for such setting is that, as shown in the proof of Lemma (3| a;;
Z-Qj should also inversely relate to U% or Jf. I find
approximate a™" by a; works pretty well in practice. In addition, adding d; also makes the

is inversely related to o or 0. Therefore a™®
penalty parameters are free to changes in units. The choice for B, here is trying to satisfy
condition [4] in Section and I also find this choice works well. The parameter a € [0, 1]
imposed here is used to adjust relative importance between the I and squared Iy norms. This
can help us to see how changing the relative weight imposed on the two penalties affects the

portfolio performances.

1.6.3 Main Results

I first compare performances of different portfolio strategies in which the full investment con-
straint wT1 = 1 is imposed. The benchmark strategies I consider are the no-shortsales mvp,
1/N and the gmvp. The data used are Fama-French 100 size and book-to-market ratio port-
folios (FF100) and 300 stocks randomly chosen from CRSP data bank (CRSP300) Figure
[3.3] shows annualized mean returns and standard deviations of individual assets in FF100 and
CRSP300. The mean returns and standard deviations are calculated with daily data over the
whole sample period@

Table and show the results as daily FF100 and CRSP300 data are used, and the
portfolios are balanced at daily basis. Testing period for FF100 is from Jan-02-1990 to Dec-
31-2010 and for CRSP300 is from Jan-03-2000 to Dec-31-2010. The tables include annualized
sample variance of the oos net returns (SV), the annualized Sharpe ratio (SR)E and average
values of the other six measures: certainty equivalent return (CE), turnover rate (TOR),
proportion of active assets (PAC), Herfindahl-Hirschman Index (HHI), adjusted normalized
Herfindahl-Hirschman Index (ANHHI), and shortsales-long ratio (SLR). For each table, in the
parentheses are the bootstrap standard errors of the corresponding quantities, obtained from
using stationary bootstrap of Politis and Romano| (1994). The net portfolio return is obtained

as transaction fee ¢ = 35 basis points is deducted.

2The data of FF100 can be downloaded from Professor Kenneth French’s website: http://mba.tuck.
dartmouth.edu/pages/faculty/ken.french/datalibrary.html. I use average value weighted returns of the
100 portfolios. The return data of CRSP300 is available from the author.

13The sample period for FF100 is from July-12-1987 to Dec-31-2010 (5,415 observations), and for CRSP300
is from July-30-1998 to Dec-31-2010 (3,127 observations)

4 Note that given SV and SR, and the annualized risk free rate, it is not difficult to calculate the annualized
average (oos net) portfolio return. For example, as aw = 0, for FF100, the annualized average (oos net) portfolio
return (%) is

1.0666 x v82.9718 4 3.63 ~ 13.3455,

and as o = 0.2, the value is 14.2830%.
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For daily FF100, it can be seen that the weighted norm strategy can deliver a lower SV
than no-shortsales mvp (N.S.) and naive 1/N strategy. It is somehow surprising thatl/N has
the highest volatility in this case. The result is different from |DeMiguel et al. (2009b), in
which the authors show how 1/N dominates other sophisticated portfolio strategies in many
different performance measures. 1/N is often considered as a layman strategy: one just assigns
1/N to each asset without doing any adjustment according to the information one has. But
its extremely high volatility implies that it in fact heavily depends on market timing, and one
needs a professional skill to determine whether it is a good time or bad time to implement
such strategy. As for the annualized Sharpe ratio, the weighted norm performs pretty well and
completely dominates the three benchmarks strategies in this case. The annualized SR are all
above 1 and varies from 1.07 to 1.19 as « varies from 0 to 1. The weighted norm mvp also
dominates the benchmarks in the average certainty equivalent return (CE). Finally, one can
see the proportion of active assets is inversely related to the annualized portfolio variance. It
suggests that increasing sparsity seems not work for reducing portfolio volatility in this case.

As for the case of daily CRSP300, the weighted norm mvp can yield a lower SV than
the other three benchmarks for a range of a. The lowest SV occurs when o = 0.2, and on
average only 76% assets are selected. It suggests that optimally increasing sparsity may work
for reducing portfolio volatility in this case. However, now the weighted norm mvp does not
enjoy the highest SR and CE. The highest SR and CE is achieved by the no-shortsales mvp,
a special case of the mvp penalized by the /1 norm penalty.

The average turnover rates of 1/N is obviously lower than that of other strategies, and
the fact was widely documented in previous literatures. As for the weighted norm mvp, it can
be seen that the average turnover rate declines with «, which suggests that imposing more [;
penalty helps to stablize the weight vector. For the average proportion of active assets, the
weighted norm mvp with o > 0 and no-shortsales mvp constantly have less than N assets
included. The PAC also decreases with «, since increasing « is equivalent to imposing more [y
penalty, and it facilitates more sparsity in the portfolio weight vector. The no-shortsales mvp
on average has the sparsest optimal weight vector. It is expected, since the no sortsales-mvp
is essentially the same as the weighted norm mvp with a heavy [; penalty.

The 1/N strategy assigns equal weights on each asset, so its HHI and ANHHI have the
lowest values (1/N and 0) among all strategies. In general, the portfolios with sparse weight
vectors will assign relatively more loadings on a few certain assets, and consequently problem
of extreme weights will arise. This phenomenon can been seen from their HHI and ANHHI.
For the weighted norm mvp, the HHI and ANHHI increase with o and the average proportion
of active assets. It is not surprising that the no-shortsales mvp, which has the lowest average
proportion of active assets, has the highest values of HHI and ANHHI. One thing worth to
note here is that the weighted norm mvp with a = 0, which only /o norm penalty is activated,
has lower values of HHI and ANHHI than the gmvp. It suggests that putting ls norm indeed
helps to alleviate the problem of extreme weights. Finally, the shortsales-long ratio SLR

30



is positively related to «, which confirms that the /; norm penalty, together with the full

investment constraint, facilitate long positions in the weighted norm portfolio.

1.6.4 Stochastic Dominance Test

The performance measures shown in Table and such as the Sharpe ratio or certainty
equivalent return, does not take into a general framework of utility maximization into account.
If an individual endowed with an arbitrary (nondecreasing) utility function, should she prefer
the weighted norm strategy to other benchmarks? The concepts of first-order (FSD) and
second-order (SSD) stochastic dominance can help us to answer the question. Given returns of
two portfolio strategies 1 and 2, say Ry and Re, if Ry first order stochastically dominates Ro, it
is equivalent to saying that every expected utility maximizer will prefer strategy 1 to strategy
2. On the other hand, strategy 1 clearly deliver higher expected utility than strategy 2. If
Ry second order stochastically dominates Rs, it is equivalent to saying that every risk-averse
expected utility maximizer will prefer strategy 1 to strategy 2. Or one can say strategy 1 is
less risky than strategy 2.

In practice, to see whether R; first or second order stochastic dominates Ry, one can
implement some formal statistical tests via comparing functionals of their cumulative distri-
bution functions. Now let strategy 1 as the weighted norm mvp and strategy 2 as the other

benchmarks. The null hypothesis used here for the test is
Hj : The weighted norm mvp FSD (SSD) the benchmarks.

If we cannot reject the null, there is not enough evidence to say that the weighted norm
mvp FSD (SSD) the benchmarks does not hold. To empirically construct critical values and
p-values, I adopt subsampling method suggested by [Linton et al.| (2005)) E

Table and show subsample p-values of the stochastic dominance tests for the cases
of daily FF100 and CRSPBO@ For the case of daily FF100, there is a strong evidence against
the hypotheses that the weighted norm mvp FSD naive 1/N and the no-shortsales mvp, but in
favour of the one that the weighted norm mvp FSD the gmvp. These results are inconsistent
with those presented in Table in which 1/N and no-shortsales mvp both have high volatility
and low average annualized portfolio retumﬂ As for CRSP300, except the 1/N, there is some
evidence supporting that the weighted norm mvp FSD the other two benchmarks. Overall,
the FSD test suggests that it is still hard to say whether the weighted norm mvp is preferred
to the other three benchmarks by an individual endowed with an arbitrary risk preference.

Unlike the FSD test, the results for the SSD test are more consistent. For the two data sets,

15More detail discussions on the FSD, SSD and how the tests are implemented can be found in appendix

IE'SE}I‘he data used here are daily net returns when transaction fee of 35 basis points is deducted.

'"The annualized average (oos net) portfolio returns for 1/N and no-shortsales mvp are about 11.5416% and
13.4645%, respectively, while the lowest annualized average (oos net) portfolio returns for the weighted norm
mvp are around 13.3457% (a = 0) and 14.2830% (a = 0.2).
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the hypothesis that the weighted norm mvp second order stochastic dominates the benchmarks
cannot be rejected at the significant level 0.05. It suggests that an individual with risk averse
preference is more likely to choose the weighted norm strategy than the other benchmark ones

as she is making decisions on allocating assets.

1.6.5 Lower Frequency Data

Table to show the results of weekly FF100 and CRSP300 and monthly FF100 data
are used@ Since weekly and monthly data are used for estimating the covariance matrix,
accordingly, the portfolio is balanced weekly or monthly here. The results are qualitatively
similar as those when daily data are used. In the case of FF100, the weighted norm mvp
consistently yields higher Sharp ratio than the other three benchmarks, but for the case of
CRSP 300, it fails to achieve a higher Sharpe ratio than the no-shortsales mvp. Comparing
with the daily results, the annualized portfolio variances and Sharpe ratio are worse in the
lower frequency cases. One also can see that while the gmvp can yield the lowest annualized
portfolio variance in the case of daily and weekly FF100, it loses such merit in the case of
monthly FF100. This may be because a far fewer number of average sample size is used in the

monthly case than the daily and weekly cases, and therefore bias the estimates.

1.6.6 With the Target Return Constraint

Previous literatures argue that empirically, adding the estimated return vector into the portfolio
optimization often damages portfolio performances (Jagannathan and Ma, 2003; DeMiguel
et all [2009a)). Indeed, accurately estimating the means of returns is more difficult than
accurately estimating the corresponding variances or covariances. This is the main reason why
people often focus on the portfolio optimization without imposing the target return constraint
wT i = [i, in which the estimated mean return vector is needed. One may wonder whether
imposing the weighted norm penalty can help to boost portfolio performances in this situation.
Table [I.§ shows results when the additional target return constraint is imposed. The calibrated
mean return vector u is again estimated via the sample mean estimation with the expanding
window scheme. The target return i (annualized) is set at high and low levels for each case.
I keep the penalty parameter settings as I use in the full investment constraint case.

Overall, the annualized portfolio variance, Sharpe ratio and average certainty equivalent
return shown here are still not as good as the case without such additional target return
constraint. One exception is the case of CRSP300 with 1 = 5%, in which the SR and CE are

higher than the case with the target return constraint. It also can be seen that the value of

18The testing periods are the same as the daily cases, but the sample periods are now different. For the weekly
return data, I construct them by aggregating the daily returns over a week. The sample period for the weekly
FF100 is from the 38th week of 1987 to the last week of 2010 (1,215 observations); for CRSP300 is from the sixth
week of 1993 to the last week of 2010 (933 observations). Again, the weekly CRSP300 return data is available
from the author. The sample period of monthly FF100 is from Jan-1980 to Dec-2010 (372 observations), and it
can be downloaded from Professor Kenneth French’s website.
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can have significant impacts on the performance measures. Also, higher & does not necessarily
result in higher SR and CE. For example, in CRSP300, the weighted norm mvp can yield
the Sharpe ratio around 0.59 to 1 when the annualized required return is 5%. But as the
required return is up to 10%, the resulting Sharpe ratio is only around 0.40 to 0.74. For the
case of FF100, the situation becomes opposite. The weighted norm mvp can yield Sharpe ratio
from 1.02 to 1.06 as the required return is 20%, while the required return is down to 10%,
the resulting Sharpe ratio is only around 0.59 to 0.64. In sum, the results shown here are in
line with what previous literatures find: adding the estimated mean returns into the portfolio
optimization does little or no help on improving the portfolio performances. However, one
should note that the penalty parameters used here do not incorporate any information about
the estimated means, and this perhaps is another reason for the inferior performances of the

weighted norm mvp with the target return constraint.

1.6.7 Alternative Norm Penalties

I then investigate whether imposing different forms of norm penalties on the portfolio opti-
mization can obtain better portfolio performances than the weighted norm penalty does. As
mentioned in Section [I.3.5] the penalized portfolio optimization can be viewed as a constrained
regression problem. I therefore borrow some ideas from statistics. The first alternative penalty
function I consider is the berhu penalty (Owen, [2007),

N 2 2
)\;(]wi|ﬂ{|wi| < wp+ z@), (1.23)
where I{.} is the indicator function. The name berhu comes from the fact that is the
reverse of Huber’s loss. The berhu penalty is convex and satisfies the additive separability
condition. [Yen and Yen| (2011) propose an efficient coordinate-wise descent algorithm for
solving the portfolio optimization with the berhu penalty. The penalty can be seem as a
compromise between the [; and squared ly norm regularizations: if |w;| is less than some
positive constant «, then it will be regularized by the [; norm; if |w;| is larger than or equal to
K, then it will be regularized by the squared Iy norm.

I also consider the following generalized [; norm penalty@,
ALlwlly + Az [[w —woll; -

This is a more general version of the norm penalty considered in DeMiguel et al.| (2010) in
which only the part of |[w — wy||; is active (A\; = 0). The additional ||w||; imposed here is
functioning as inducing more sparsity. We have seen the penalty ||w — wygl|; in Section m

where I relate it with individual’s inattention or the endowment effect. The vector wg in the

19The derivation of the coordinate-wise descent algorithm for solving the mvp penalized the generalized I3
norm penalty can be found in Appendix m
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second [; norm penalty is called the target weight vector. DeMiguel et al. (2010]) suggest to
use the optimal gmvp weight vector as the target weight vector, and shows that such choice
can help to reduce portfolio turnover rate. Unlike them, here I use 1/N or the optimal no-
shortsales weight vector as the the target weight vector. Choosing 1/N is because such setting
in general results in the lowest turnover rate among the benchmarks, while using the optimal
no-shortsales weight is because its dominant performances in the CRSP300 data.

I also try to assign different penalty values to different assets. To do this, I consider a

multiple-stage portfolio optimization with the following penalty

N
€
AEWGMU)D‘W’? (1.24)

where w: (l), [ = 0,1,..., is the portfolio weight for asset 7 obtained from some portfolio
optimizations, and ¢ > 0 is a turning parameter. I call the adaptive penalty. Note
that all of the norm penalties I use so far treat each asset equally: the penalty parameter for
each of them has the same value. The above modified /1 norm penalty is trying to impose
w:(l)D. To obtain

different degrees of penalty on the assets by adding the term eexp (—e
*(1)
i

w, ", I propose to use a multi-stage approach, which can be cast as follows.
e Step 1: Solve the [; norm penalized portfolio optimization. Denote the solution w;k (0),
i=1,...,N.
e Step 2: Plug w;‘ © into 1' Then solve the portfolio optimization with penalty 1’
and denote the solution w:(l), i=1,...,N.
e Step 3: Plug w: M into 1’ Then solve the portfolio optimization with penalty 1'
and the solution, denoted by w: (2), 1=1,..., N is used as the portfolio weight for asset
i.
In fact, one can continue to step 4, 5,... and obtain w:(3), w;k(4), ..., and terminate until

certain convergence condition is satisfied. However, I find in practice proceed to step 3 is
enough to ensure good convergence. Imposing can be viewed as using the majorization-
minimization method to approximately solve an [y norm penalized portfolio optimization, and
a more detail discussion on this can be found in Appendix

For each penalty, I uniformly set the penalty parameters as dtétm. Table
and show the results for the cases of daily FF100 and CRSP300, respectively. For FF100,
using berhu penalty can yield the Sharpe ratio from 0.83 to 1.11, average certainty equivalent
return from 0.04 to 0.05, as one vary the parameter x from 0.02 to 0.1. For CRSP300, the
SR is from 0.99 to 1.08, and the CE is from 0.033 to 0.037, as k is varied within the same
range. Both the SR and CE of the berhu penalty for the CRSP300 are better than those of

the weighted norm mvp, but still slightly worse than those of the no-shortsales mvp. As for
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the generalized [; norm penalty, I use TWN —1; (TWNS —11) and TWN (TWNS) to denote
the cases with and without the additional /; norm penalty when the target weight vector wy
is 1/N (or the optimal no-shortsales weight vector). It can be seen that using the optimal
no-shortsales weight vector as wq yields higher SR and CE than using the 1/N weight does,
no matter whether the additional Il; norm penalty is considered. Imposing the additional Iy
penalty works well for the CRSP300, but not for the FF100. As for the adaptive penalty, it is a
little surprising that it can obtain higher Sharpe ratio than the weighted norm mvp for FF100
and CRSP300, as one carefully set the parameter e. The number of iteration I seems not have
effect on the performances. The SR for FF100 can achieve 1.21 as ¢ = 1. For the CRSP300,
setting ¢ = 1 and 2.5 yields SR up to 0.96 and 0.99, and the number is similar to the case
of the weighted norm mvp. Overall, the three alternative penalties used here have chances to

obtain at least comparable performances as the weighted norm penalty and the benchmarks.

1.7 Conclusion

This paper provides ample evidence, both theoretically and empirically, why imposing a {; and
squared lo norm penalties on the portfolio optimization can improve portfolio performance
when the number of available assets N is large. The paper also links the weighted norm
strategy to some interesting issues in finance, economics and statistics, and provides alternative
explanations on why using the weighted norm strategy is reasonable. An efficient algorithm
for solving the problem and optimal penalty parameter setting is introduced and tested and
applied to financial data.

The paper remains agnostic on several issues but they provide exiting avenues for future
research. For example, in the current version, I only use the sample covariance matrix and
sample mean return vector with the expanding window scheme, to solve for the optimal port-
folio. More sophisticated estimations, such as using high frequency data or factor models,
might provide better results. Another important issue is on how the theoretical properties
of the weighted norm portfolio changes when 1) one allows random components in the linear
constraints, 2) the data generating process becomes more complex and 3) more sophisticated
estimations are used. [El Karoui (2009) and El Karoui (2010) provide some results on the first
two issues for the global minimum variance portfolio. The above three modifications will make
the statistical properties of the high dimensional covariance estimation far more complicated
than in this paper, and to the best of my knowledge, until now there is very little literature

focusing on these issues.
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1.8 Appendix

1.8.1 Proof of Lemma 1

Proof. The optimal nonzero weights w? and Lagrange multipliers can be solved via the following

system of equations

2(Bes + Nolss) AT wi \ [ —A1 xsign(w})
A, 0 —* N u ’

By using matrix inverse formula, we can obtain expressions of w} and v* as shown in Lemma ]

1.8.2 Proof of Lemma 2

Proof. Multiplying both sides of by w*T yields
207 + 2\ [lwi ]l = wiT ATy = Aiw Tsign (w}) .
By and w*Tsign (w*) = |[w*||,, It follows that
207 + 2ha [[wi[3 = u"y" = Ar Wi, -

From Lemma uT'y* = uT’yiS + /\1uT627S. It can be shown that

)

g, =2 (0F, + e i,
Therefore
2 2\ , A1
02 =02 = 0h = e ([waly — IWEIE) + 5 (wTa — wily) . (1.25)

Also
uT527s = W%‘Esign (wi) < Z |w§7s7isign (w:l)‘ < HW§78H1 .
€S
I then prove that

Jg’s —02 4+ szsnz <csa(es1+1) aﬁnys.

un,s

To see this, since X/, = Y5 + Aolss, it can be shown that
ASIAT - AT AT = A SIS AT, (1.26)

Furthermore,
O’%S — a,zm)s + Ao HWSSHE =\ [uTM;_1 (ASZ'S;lZS_slA;F) Ms_lu} .

Note that if a |S| x |S| matrix M, is positive semidefinite, one can have the following Cauchy-Schwartz

type inequality

xTM.y| < VXTMx\/yT M.y,
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where x and y are |S| x 1 column vectors. Note that since ¥’;! and 7! both positive semidefinite,
given |S| >> k, the matrix A,X/ 1% 1 AT is also positive semidefinite. It follows

ut M (A AT M e < \/uTM;—l (A2 TS5 AT) M (1.27)

><\/uTM,r1 (AXG "S5 AT) Mo (1.28)

In the following I derive the upper bound of (1.27) and (1.28)). For (1.27), by ¢™* (X,) > 0,

Icsaysll5
ss +)\ )

K
uT M1 ~1=1 AT\ A/~ 'u
M, AX Y A ) M,

( ) ¢m1n g
where x5 = uTM/7' A;. The vector q; s is the jth column of a square matirx Qg such that X/;'¥ ! =
Q:AQT, Q.QT =1,, and A, is a diagonal matrix which jth diagonal element is (95 (Bss) (05 (Xss) + )\2))71
Then

S

1 . 12
2 (0j (Bss) + A2) Ixsqtislly = 05 o+ A2 w3 ][
i=1 s

1

Combining the above results, (1.27) is bounded by (¢™" (3,,)) * (03,5 + A2 HWSSH;) . For (1.28),
since the matrix A%/ ;1¥ 1 AT is positive semidefinite, by (1.26]),

[N

xTMx — XTM;,X = /\ngAsEglE;SlAEx >0,
where x is a k x 1 column vector. By xTM!x >0,
xTMx >XoxTA Y12 AT

for any k£ x 1 column vector x. Therefore

TMI MM e o2,
uT M (A S AT) Myt < u M e u_ e
2 2

The second term is bounded by )\2 Oun,s- Note that o3 52 o since the former is obtained

— umn,s?

by restricting the portfoho weights with the ls norm, while the later is obtained without imposing any

constraint on the portoflio weights. Therefore

2 2
U2,s - Uun,s + AQ HWQ 6”2 < ¢ 1\/(02 s +)‘2 ||W2 SH ) un s

_1
2 b= agn,s. The above result shows that

where ¢51 = )\2% (gbmin (ESS))
a—b<csn Vab. By a and b are both nonnegative, Then

csavab _ coaviab _
_\f S cs,1Vb.

Let a = 03, + o w1

Va-vi<

Therefore vab < (¢, + 1) b, and

U%,s - U?Ln,s + >‘2 HW;,SHE S 08’1 (CSJ + 1) 0-’121/]1 Che

)
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Combining the above results, the proof is completed. =

1.8.3 Normality of Asset Returns

Suppose that Ry u N (X)), t=1,...,n, where = (p1,...,pun) is the mean return vector and X is
the covariance matrix, and the calibrated S is the sample covariance matrix. Let 1, denote an n x 1

column vector in which all components are 1. It can be shown that

= 1
S = »2ZTH,ZY 2,

n—1
where R = %2:;1 R; is the sample mean return, R = (R, ... 7Rn)T is an n X N return matrix,
H, =1,, —n 11,17 is an idempotent matrix, and HR = R — R. The vector Z = (Z, ..., Zn)T is an

n X N matrix for standard normal random vector,
Z, N (0, Tyy),
i=1,...,n. Obviously, Ry = us + Z;X2.
With iid normal distributed returns and the sample covariance estimator, it is well known that

& W(ENn—-1)

S~ , (1.29)

n—1

where W (2, N,n — 1) is the Wishart distribution with parameter X, N, and n — 1. If A is a k x N

deterministic matrix, then

& W (ASAT k.on—1
asar o WA n-1). (1.30)
n—1
If S is positive definite with probability one, then
~ . W((AE*lAT)*l,k,nprM)
(Az*lAT) ~ ] . (1.31)
n—

Following similar way in previous section, one can also do partition on the return vector R;. Given
some nonrandom sets S and 5S¢, let Rs; € RIS and Rset € RIS“I, + = 1,...,n be the first |S| and the
rest |S¢| = N — |S| elements of Ry, then

iid
Rs,t ~ N(,Ufs, Ess) »
Rs“,t i’i‘l’i N (Ms“y Es“s”) )

where

299 Ee“s
= (s, fhse), and X = h R I
= (ks frse) (2 2)

Furthermore, when ¥ is the sample covariance matrix, then

W (Zss, |S|,n—1)
n—1
a W(Escsc7|sc‘,n—l)

ESCSC ~
n—1 ’

~
ESS

)
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where iss and f)scsc are sample covariance estimates of X4, and Y4c 4 respectively. Furthermore,
and also hold when ¥ and ¥ are replaced by these submatrices f)ss and iscsc and A replaced
S¢|). The above
property holds for any S C N, and is useful on the following proof as we want to construct probability

by deterministic matrices A, (with dimension k x |S]) and Age (with dimension k X

of a certain event.

1.8.4 Eigenvalues of the Sample Covariance Matrix

I then discuss some issues on the convergence of the extreme eigenvalues of a sample covariance matrix.
By using Theorem 5.11 in [Bai and Silverstein| (2010), one can obtain an useful result on bounded

eigenvalues of the sample covariance matrix with iid normal samples.
Lemma 3 Suppose Z; SN (0,02 ®1Iyy), and

»37ZTH,ZY3?
n—1

5 ,
where Z is a n X N matrix which ith row is Z;, X2 is a N x N symmetric and positive semidefinite matriz,
and H,, = L, —n11,1T. Let ¢; (M), j=1,..., N, denote eigenvalues of matriz M, and ¢™™ (M) and
@™2* (M) denote the smallest and largest eigenvalues of M, respectively. Aslim, . N/n = pn € (0,1),
almost surely

0% (1= pn)* 6™ (9) < Tim 6 (3) < 0* (14 pn)” 6" (%),

n—oo

for every j, 7=1,...,N.

To prove Lemma [3] T will use Theorem 5.11 in [Bai and Silverstein| (2010). For completeness, I restate
the theorem here.

Theorem 2 (Bai and Silverstein, 2010) Let CN denote the set of N dimensional complex numbers.
Assume Z; € CN, i =1,...,n be iid with mean Oy and covariance matrizX in which its diagonal term
¥j; = 02, and off-diagonal terms $; = 0, 4,0 = 1,...,N, j # l. Suppose Z; also has finite fourth
moment. Aslim, . N/n=py € (0,1), then almost surely one can have

o (5) =

lim ¢max (2) = o2(1+pn)?,

n—oo
whereS) = (n —1)"' S| ZZT.

The proof of Lemma 3 is straightforward, and can be accomplished by applying the above result to
the matrix ZTH,,Z.

Proof. Since ¥ and 3 are both positive semidefinite, for any arbitrary 1 x N vectorx

Ty T
xTyx < xX"Xx < gmax w <xTyx.
n—1 n—1

ZTH,7Z
n—1

Og(bmin(
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Then it can be shown that

o (£) < g (szl"lz)wax ().

e . (ZTH,Z -
min Z) > min n min ).
o (2) = ¢ (n = ) o™ (2)
Note that the above inequalities hold for every n > 1 and N > 1. Since H,, is idempotent, it can be
shown that

Z'H,Z = (Z"H,) (H.2) =Y (2, -Z) (Z, - Z)",
i=1
where Z = n~! Z;L:l Z;. Since Z; i N (0,02 ® INN), Z; — Z has mean Oy and diagonal covariance
matrix which diagonal elements equal to n=! (n — 1) 2. By Theorem 5.11 in|Bai and Silverstein| (2010)),

it can be shown that as lim,_, . N/n = py € (0,1), almost surely

. (ZTH,Z
lim g ( ) = o*(1—on),

n—00 n—1
ZTH,Z
s max n —_ 2 2
Jim_¢ (n — ) o’ (1+/pn)~,

by n=! (n — 1) 0% — o2. Therefore as lim,, o, N/n = py € (0,1), almost surely

Jm o (5) <ot V) o (),
Jm 6™ (8) 2 o2 (1= V) e ().

1.8.5 Estimation Errors

2

Suppose that 7;; and 07 and are consistent estimators for o;; and o?, respectively. Without loss of

generality, one may assume ;; and o;; have the following linear relationship,

oij = 0Oi+wij(n),
01'2 = 8?+wii (n),
where w;; (n) (w;; (n)) is the estimation error for o;; (02) by using 7;; (7;;), and is a function of sample
size n. If 0;; and o? are consistent, as n — o0, w;; (n) and wj; (n) should vanish to zero with a high

probability. ¥ may be expressed as
L=S+Q(n) (1.32)

where © (n) is an N x N estimation error matrix with the (4, j)th elements w;; (n), 4,5 =1,...,N. It
is also symmetric but may not be positive semidefinite.

Furthermore, by similar partition used in f), it follows that

Qaez(n) Qaeze (n) )
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Then the difference between the oos variances of weighted norm mvp and gmvp can be expressed as

WIS Wt — WiTSW!, = Dy s+ Do, (1.33)

where
Dy = o%-0u, (1.34)
Dys = wWiTQs (n) Wi — WiTQ (n) Wi, (1.35)

That is, the sum of the difference between their in-sample variances and the difference between the
estimation errors.
Given S = S, [Fan et al|(2009) shows that

W (WD < maxfuw; (n)) w315
Therefore if |W*|? is bounded, the estimation error term of the weighted norm mvp is bounded by
the maximum|w;; (n)| scaled by ||6\v:||? Here, size of the optimal weight vector plays an important
role in reducing the estimation errors. If W is the optimal no-shortsales weight with w*T1y = 1,
then ||vAv;k||f = 1. The no-shortsales mvp has the smallest ||vAv;‘||? over the mvp with the full investment
constraint, and it is main reason why it can efficiently eliminate the estimation errors.

The term DLg can be further expressed as

~ -~ % ok A N ok
(035 = 52) + 2 (W51 = 19213) + 5 (™0 = 9211, ) - (1.36)

The first term of is the difference between the optimal in-sample portfolio variances from
and , and it is nonnegative. To see this, at first note that 52, < 8%,%» since the in-sample portfolio
variance from optimally choosing a larger set of assets will always be no greater than that from optimally
choosing a smaller subset of the same assets. Furthermore, Egﬂm < 333, since the later is obtained by
restricting the portfolio weights by the l; norm on the assets in S, while the former is obtained without
such constraint. For the second and third term of , as shown in the proof of Lemma [2| is the
difference between the optimal in-sample portfolio variances of and , and it is nonnegative.
Therefore in general is nonnegative.

The term ZA)Q, 3 is the difference between the estimation errors, and it is determined by the estimation
error matrix and its principal submatrix, and the two optimal weight vectors. Given that Dl, s >0,
to make nonpositive, .Dg’g needs to be large enough to offset the nonnegativity caused by ﬁls
Furthermore, we can have the following lemma for the estimation error omega; when the returns are

i.i.d. normal and the sample variance and covariance estimators are used.

Lemma 4 Suppose R; ifl;fl/\/'(u, ), i=1,...,n, and every element in the covariance X is finite. IfEA]
is the sample covariance matrix. Then

P (Jwij (n)] > v) =0 (n_% exp (—aijv2n)) ,

where a;; is positive and dependent on 02, o2

i 0j and O0ij-
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Proof. Note that

lwij ()| = |04 — 04
= i i (RirRjr — 04i5)| + i (nRiR; — 0ij)| - (1.37)
n—1 Pt n—1
The first term can be shown to satisfy
1 n
n—1 Z (RZkRjk 013) < En,l + En72,
k=1
where
Eny = ! @mk+Rw2_@Qu+ﬁ+aa)
’ 4(n—1) = J 38 T
1 " 9
Enz = ((Rax— Ry — (07 + 07 —204) ).
.2 4(n—1); (Rir — Rjr)” — (07 4+ 07 — 2045)

Let Var); = 07 + 07 + 20i; and Var;; = 07 + 03 — 2045. It is known that

Ry + Rjp ~ /\/'(O,Var;;) ,
Ry —Rjy, ~ N (0, Vari_j) ,

Then
2
- ; ; 4(n—1
P(E,i2v) = P Rir + Ry ) (n J”
=1 Var; Varg;
4 1 4(n—1
= P Xi>n+ ( +)U +P(x2<n-— (n +)v , (1.38)
ar;; Varij
where v > 0 is a constant. By similar arguments,
4(n—1 4(n—1
P(Eazv) < P@znt 207D pl2 o, 2= Du) (1.39)
’ Varij Varij
I first discuss the second terms in ((1.38) and (1.46). If
n _
v > m max (Varij, Var;;) ,
then
p/ﬁgn_émigﬁ _p(@<n_tn=bv)
Varij Varij
since x?2 is nonnegative with probability one. Let
0;; = 1
7 max (Var;j, Varjj) '
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Suppose that

4(n—1wv
0<n— (n _) — =n—0;vn+6;;v <n.
max (Varw,Varlj)
Then
4(n—-1 4(n—-1
max [ P Xiﬁnf(ni_)v , P X%SH*M = P(Xig(lfeij”)”Jr@ij”)
Va,rij Varij
< P (XEL < (1 — (91']'11) TL) + P (XEL < Qijv) .
We know that
r <% (1— 9”11)n)
P(xp <(1=6io)n) = — E )
T3
E(% “)
P(xi < ijv) = ;

M\:

where I (u,z) = [ "~ exp (—z) dx is the lower incomplete gamma function, and I' (u) is the gamma

function. It can be shown that

T (u,2) < z"exp (—z) < z%exp (—z) _utlz"exp (=2)
= u u+l—z"

— uz — uz

u+1 U= u+1

Then

=
~
=
Ny
A

In(u+1)—Inu+ulnz—z—In(u+1-2)
InT (u,7u) < In(u+1)—hutu(lnr+nu)—rTu—In(u+1—7u).

If w > 0, the logrithm of the gamma function is

1 1 °° [ arctanx/u
InT = —— | Inu— —In2 2 ———d
nl (u) (u 2) nu u+2 n2m + /0 (exp(Qﬂ'x)—l m)
1 1
= (u2)lnuu+21n27r+0(1).

Therefore

1

IHE(U,z) < 1H<u+1>+ln u? _(lnu_(lnz+1))u—z—%1n27r—0(1),

u u—=z

IHM < ln<u+1> 7%IHU7(T*(l#’lﬂT))U*ln(lfT)f%1n27T70(1).
u

Note that 7 > 1+ In7 if 7 € (0,1) . Furthermore, if 7 € (0,1),

(1-7?<7—(1+In7).

43



Then if I set u = %5

P2 <)== 3(75) =0 (né exp (-“_;)2”» .

Replacing 7 with (1 — 0;;v) and z with n=16;;v, then

r (%7 7(1_9;”)”) 1 0%v%n
—— % = O|nZexp —”T

r
(3%
EES) o (- 022)),
r(z) 2
Therefore when n goes large

4(n—1)v 4(n—1)v 1 07,v°n
2 2 — 2 — —
max <P <Xn <n-— 7@7"; ) , P (Xn <n-— ar;’; =0 |n"2exp ]2 (1.40)

For the first terms in (|1.38]) and ([1.46)), it can be shown that

4(n—1 4(n—1
max [P (2> ns 2ZDYVY 5 XgLZHLy
Varij Var

¥

—
&
~

M\:

w\:

IN
)
A
\/
—
—_
+
>
<

<
~

>
<

<
~—

where T (u,2) = fzoo 2% Lexp (—x) dw is the upper incomplete gamma function. By similar arguments

to prove (|1.40)), one can derive the upper bound for these terms. In sum, we can conclude that

P(l (R
n—1
k=1

where aj; is positive and dependent on o7, o7 and g;;. As for the second term of (1.37), it can be shown
that

M=

iRk — 04j)

> v) =0 (n_% exp (—agijn)) , (1.41)

n . [ (nRiR; = 0i;)| < By + Ean,
where
L s (RirRjk — 0ij)
n(n—1) Pt
Eyp = L zn:R,;lek .
n—1 P
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Then it follows

P (ESJL Z U) S P X

" Var;; " Var;'j
9 4(n—1)nv 9 4(n—1)nv
+P (2 >n+ - +Px;<n-— - (1.42)
Varij Varij
and
4(n—1)w 4(n—1)v
2 2

by cov (Ri1, Rji) =0 for k =2,...,n (iid. of the returns). By similar arguments to prove (1.41) it is
not difficult to see (1.42)) and (1.43]) have the same order as (1.41]). Thus in sum

P (Jwij (n)] > v) =0 (n_% exp (—aijv2n)) ,

where a;; is positive and determined by a;j, o2, sz and o;;. ®

1.8.6 Proof of Theorem 1

Proof. Given S C {1,..., N}, by Lemma 2} one can have

W W - WIEw, = (62 -62,) - (WP ()W), - Wi (n) W) (L.44)

- (és,l (6871 + 1) + 1) ain,s - 6-12411 - )‘2 HV/O:Hg

A1 & ~ . . .
3 (T~ 121) — (9300 9, — o o ()] 717
i,jES

6812872”1,3 - (&12”1 + V/OZEEQ (n) 6\V:;n) + (>\16373 - AQ&SA)

IN

~ ~ 2
=1 [[willy + max wi; (n)] (W]l
1,j€S

_1
2

1 R & . .
where 6371 = )\22 (¢m1n (Ess)> 3 6372 = és,l (és,l + 1) + 17 és,3 = 2_1 (UT52,3 + ”W:”l) ) and Cs 4 =
[W*||2. As shown by [El Karoui (2009),

and it follows that WiXQ (n) Wr, —pno2, = O, (pN (1- pN)_l), and it is positive. Therefore the last
inequality is bounded by

85,20 e = Omn — PNOwn + (M8s3 — Aasa) + M1 [[WE], + max jwij ()] 1w}

Then we have a look of ¢; 3. With some algebra, it can be shown that A;¢; 3 is the difference between
two optimal values of objective functions: the weighted norm and squared l2 norm optimizations, when
f]ss is used. Note that squared o norm optimization is a special case of the weighted norm optimization
when A\; = 0. By the assumption that the weighted norm optimization is feasible for for 0 < Aq, Ay < o0,
as n, N — oo, we can conclude that é; 3 = O, (1). With similar arguments, é; 4 = O, (1), since it is

the squared I norm penalty of the objective function of the weighted norm portfolio optimization.
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Let
Ay = {00, = w0+ (it = data) + maxless ) IEIE < 2, + 2151, ).

A s is a sufficient condition to make (|1.44) nonpositive. Define the following three events,

Bis = {Mész—Aésa < Bin},

By, = {m.ax wig ()] W31 < M ||VAV:||1} :
i,jES

B3,S = {68,26—121.77,73 - pNO—?Ln S 0".3n - Blv"} )

where By, is a finite nonnegative constant. It follows that ﬂ?;l Bi.s € Aj s. Therefore

~xT A~ % ~ T ok & o _ ~xT ~ % A~ T o *
P (vvS YeeWi <wi Yw |5 = S) = P(W.'S,wi<wi Ywi,)

Z P (-Al,s>

3
> 1-Y P(B).
i=1

2log N
A1 = A2 = Ap N = Boy/ o8 ;
amlnn

I set

A2 =o0(1) and By, = (logn)

o(1). For P(B{ ), we can have

N ~ n R . BQ\/E
P(BS,)=P | ¢s3— s By, /———— | < P ¢s3—Cs , 1.45
Bt = P (6= > By [ ) < P (- > 200 (1.45)

where By = Va™/ (v/2B,). Since é55 — ésa = Op (1) and Bsy/n/logn — oo, 1] converges

to zero as n, N — co. Then we have a look of P (B5,). By Lemma [4| and the assumption that

.....

supscqi,.. vy P (Iw%lly > Bo) = o(1), one can show that

P5) = P (maglen (01191, > 0 )

IN

P ({mag sy (01 B> 0 b Y 1931, < Bo) ) + 0 1)

IN

P <mg)§ |wij (n)| By > )\1> +o(1).

g%
A2
= N?0 <né exp <—amln£;;l>) +o(l).
0
= 0 (nié) .
For P (B5,), I at first show that

—~ n—|S—-1+k
55202 g” S| TR 9

s4”un,s

un,s) (1.46)

n—1
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as n and n — | S| go large. Apply Lemma to 3., it can be shown that almost surely,

lim ¢min (2ss> > (bmin (Ess) (1 _ m)? > O7

n—oo

where p; = lim, o |S| /n. Therefore

Ao Csl
pmin () 1-— \/pj\/ ¢mm :

Now with Ay = A\, v, ¢s.1 = 0(1), thus é.1 = 0p (1). Therefore é; 0 = &1 (és1+1) +1 P51, For 52

lim é,; = lim
n— o0 n—oo

un,s?
it has been shown that given S,

2
-1
~ o _ -1 Xn—1—|S|+k Xn—1-|8|+k
o2, =ur (ASES;AS) u=u" (A3 A]) u T Sith _ y2  ZnololSivk

un,s n—1 un,s n—1

Thus as n and n—|S| go large, 75, , 2 (n —1)7 (=S| —1+k) 0% DY thlf‘SHk Zon—|S|-1+k.

Combining the results, the claim (|1.46) follows. Furthermore, as k is fixed and k < |S|, we can have

n—|S|—-1+k ,

]-* s 9
n—1 Uuns ( P) uns

as n and |S| go large. Thus

P(B5,) = P(Cs200ns—PNOay >00n—Bin) = P((1=ps)oin s> 0un),

-

by setting By , = (logn)™ 2.
I then prove that if (1.17 - ) hold, P (W*TESw* < w;T¥w,) — 1 as n — oo. We are hoping to con-
struct the lower bound of the unconditional probability by aggregating P (w YWl < wiTyw |§ )

over different realized S:

P (VV*TZV/{,* < V/VZZ;EV/GZ”) = Z r (W Esgw < w*TZWun‘S S) (S’ = S)
SC{1,..,N}
> > (1—23:13(8;5))13(3:5)
SC{1,..,N} i—1

—1- 23: > PBLP(S=5)

i=1 SC{1,...,N}

First, note that upper bound of the third term P (Bg,s) is independent of S, thus

> PBP(S=8)=0(n1).

SC{1,..,N}
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For the other two terms, we have

S P(B)P (s - s) = S P(Méws—Aeéea>Bia)P (s - S)

SC{1,...,N} SC{1,...,N}
B
< sup P (6873 —Coa > Nﬁ) , (1.47)
Sc{1,...,N} logn
Y P(B)P (S - S) = Y P(&20%,.pno2, > 6%, — Bi,) P (S - S)
SC{1,...N} SC{1,..,N}
1
< sup P (és’ G2 = pNOZ, > 62— ) . 1.48
sc{1,...,N} 2un,s — PN Vdlogn ( )

By the assumption that the weighted norm optimization is feasible, és .3 — é;.4 = O, (1) holds for every
S as n, N — oo, thus (1.47) converges to zero as n — oo. For (1.48)), as n, n — |S| — oo,

P (65,2/0\12”1,5 - pNJZn > aﬁn - Bl7n) - P ((1 - pS) GZn,s > JZn)

2 2

g, — 0,

- p un,s2 un ps > 0
Oun,s
2 2

< P sup Tun,s ~ Tun ps | >0
= - 5 S

SC{1,...,.N} 0-12171,5

= 0

for every S, if the MRPV condition holds. Combining the above results, the conclusion follows.

By similar fashion, for comparing Wi T ;W with N=21% 31y, we can have

2
1
N

2
1
N

~xT oSk ~2 ~xT oSk
W, XsWs — 0 o;+wW. Qs (n)wW; —0o

IN

G520 s — 04+ (Mls3 — Aalsa) — M [IWEIly + max |wij ()] 1717 (1.49)

Let

1s = {és,zaims + (A1les = Aalea) + max fuwi; () w315 < 0%+ ||VAVZ||1} :

.A’1 5. is a sufficient condition to make 1) non-positive. Define the following event,
[ISDN

/ ~ ~
1s = 1MCsz—A2Csa < Bzn},

/ N 2 2
83,3 = {csygaumsga%—Bgm}.

1 1
where B3, = 02 (N"!log N)? °. Note that O%/N—Bg)n > 0, since by assumption that 0 < o (N~'log N)? f<
o2 , where g2 and € > 0 are two constants. It then can be shown that B} , N By N B, C A} ,. For

1 , , :

P(By,), it follows that

R ) n € A X n €
P( /1?5) =P (8373 — Cs.4 > Bé <M> > < P (6373 — Cs 4 > Bé (logn> ) s

1
/2 E—35
By = 0"Bapy

where

is a constant. Since és3 — ésq = O, (1), and Bj(n/logn)” — oo, P(Bf,) converges to zero as n
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N — oco. By similar fashion for (1.47)), as n — oo

€
sup P (6373 — 54 > B) <n) ) -0
SC{1,...,N} logn

since és3 — és.4 = Op (1) holds for every S as n, N — co. We then only need to show that

> P@BE)P(S=5) -0

S5C{1,...,N}

Following the same strategy used in previous proof and setting Ay = A2 = A, n, it can be shown that

N 2 2 N 2 2
P (CS,Qaun,s >057 — Bgyn) = P (CS-,Qo'un,s — O—L > —Bg’n>

~
= P((=p)od,. 0% >0)
2

2
Uun,s U%
= P|—— —p,>0
Uun,s

for every S, if the MRPV condition ([1.18]) holds. Therefore the proof is completed. m

1.8.7 Derivation of the Coordinate Wise Descent Algorithm

From the KKT conditions, when the linear constraint is wT1y = 1, by fixing wj, j=1,...,N, j#1,

one can solve w; as

ST (7 — Zi, )\1)
2 (0'12 + )\2) ’
where ST (v,y) = sign () (|z| —y), is the soft thresholding function and z; = 22?;1. w;o;5. Let
Sy ={i:w; >0} and S_ = {i: w; < 0}. Then we know that

1 Z
T § : 2 : i
i€SLUS_ 2(07 +A2) i€SLUS_ 2(07 +X2)
A1 Z Z
ies. 2 (0’ + /\2 s, 0' + /\2

Since wT1y = 1, one can solve for 7 as

Zi _ 1 _ 1
1+ ies,us_ 2(o24+72) A1 (Zies 2(o2 1) >ies, Q(UHAQ))

[ZieS+US M]

To implement the algorithm, I set initial value of each weight w(o) = wéo) =... = (O) =N,

and 7(9 > \;. The algorithm starts from updating wy, wo, ..., and wy sequentially, and then use the
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updated vector w to update . The procedure terminates until w and v converge. The algorithm can

be summarized as follows.
Algorithm 1 Coordinate-wise descent update for the weighted norm muvp optimization with
the full investment constraint

1. Fiz A1 and N at some constant levels.

2. Initialize w(© = N~'1 5 and v > \;

3. Fori=1,...,N, and k >0,

ST (=D — 20 5
W ( )

’ 2(a7 + A2) ’

where

Zz(k) = Q(Z w§k)0ij + ij(-k_l)aij).

J<i §>i
4. For k >0, update v as
) -1
U [ 2 2(o§+)\2(1—a))] 8
ies{Pus®
A9
v ies(fz)is(k) 207 +2)

1 1
S DI T w D Dy ]

e a(k) e a(k)
€S i€S5)

where Ssrk) = {2 : wgk) > 0} and S_ = {z : wgk) < 0}.

5. Repeat 3 and 4 until w*) and v*) converge.

1.8.8 More Discussions on the Stochastic Dominance Test

The formal definitions for the FSD and SSD are as follows.

Definition 2 Let u(.) be an nondecreasing (v’ (.) > 0 ) von Neumann-Morgenstern utility function,
and Fy (r) and Fy () be the cumulative distribution functions (c.d.f.) of random variables Ry and R

respectively. Rs is first order stochastic dominated by Ry, i.e. Ry =psp Ra, if and only if
E(u(R1)) = E(u(R2)),
for all u(.) and with strict inequality for some u (.); or
Fi(r) < Fa(r),

for all r and with strict inequality for some r.
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Definition 3 Let u(.) be an nondecreasing (v’ (.) > 0 ) and concave (W’ (.) < 0 ) von Neumann-
Morgenstern utility function, and Fy (r) and F5 (r) be the cumulative distribution functions (c.d.f.) of
random variables Ry and Ro respectively. Rso is second order stochastic dominated by Ry, i.e. R1 =ssp
Ry, if and only if

E(u(R)) = E(u(R2)),

for all u(.) and with strict inequality for some u(.); or

/T Fy (z)dz < /T Fy (z) d,

— 00 — 00

for all r and with strict inequality for some r.

Note that the above definition of SSD does not require the property of equal mean of R; and Rs.
Does it matter? To see this,

E(u(Ry))—Eu(R)) = /00 w(r)dFy (r) — /Oo u(r)dFy (r)

— 00 — 00

o0

. / (B (@) - Fy (2)) da

- / O:o v (r) ( [ TOO (Fy (z) - Fi () dcv) dr.

Clearly, if the second condition in definition 2 holds, and u (r) is nondecreasing and concave, E (u (R1)) >

E (u (R2)) no matter whether Ry and Ry have the same mean or not.

The concepts of FSD and SSD state whether one portfolio strategy can generate higher expected
utility than another, and also whether the portfolio strategy can be less risky than another. If Ry > pgp
R holds, it is equivalent to saying that every expected utility maximizer will prefer Fy (r) to Fy (r).
On the other hand, Fj (r) clearly deliver higher expected utility than Fy (r). If R; =ssp Re holds, it
is equivalent to saying that every risk-averse expected utility maximizer will prefer Fy (r) to Fy (r). Or
we can say Fi (r) is less risky than Fs (r).

To see whether one random variable first or second order stochastic dominates the other random
variable, one can implement some formal statistical tests via comparing functionals of their c.d.f’s. We

can empirically estimate the c.d.f. by
R 1 &

Fi(r):T21{Rit§r},

t=1

i=1,2. Let Aglg (r) :=F1(r) = F2(r), and §(,, := sup, (Aglg (r)) . To test whether Ry =psp Ra, we
can form a null hypothesis as the following

HO : 62(1) S 0.

The above null hypothesis states that for all r, F} (r) < F» (r). On the other hand, if we cannot reject

the null, there is not enough evidence to say that Ry ~psp R2 does not hold. The empirical analogue

51



of 52*1) can be

0fy = sup VT (Aﬁf% (7")) :

where Al) (r) = Fy (r) — By (r).
Let CF;(r) := fioo F; (x) dzx. For testing SSD, at first note that by intergating by parts, given
F; (—o00) := 0, it can be shown that

CF;(r) = F;(r)r— /T xzdF; (x)

— 00

_ [ Too rdF; (z) — [ roo zdF, (z)

= /T (r—z)dF; (x).

—0o0

Therefore we can empirically estimate C'F; (r) by

T
~ 1
CF;(r)= T Z (r—Riu)1{Ry <r}.
t=1
Let A(lg (r) == CFy(r) — CFy(r), and 6, := sup, (Ag (r)) . To test whether Ry >gsp Ra, we can
form a null hypothesis as the following

Ho : 6?2) S 0.

The above null hypothesis states that for all », CFy (r) < CF5(r). On the other hand, if we cannot
reject the null, there is not enough evidence to say that Ry >=ssp Rs does not hold. The empirical

analogue of 52*2) can be

8z = sup VT (A% M),
where AP) (r) = CFy (r) — CF5 (r). Let

= min (Ry,..., Rir, Ro1,..., Ror),
= max(Rll,...,RlT,RQL...,RQT).

=l =

To numerically evaluate Sz‘l)and 52‘2)7 we divide the interval [E, R] into 200 equally spaced grids and
search the value of € R, R| over the grids to maximizeAgg (r) or A% (r)

We are interested in is whether the weighted norm mvp first (or second) order stochastic dominates
the other three strategies (1/N, no-shortsales and GMVP). Formally, it can be stated as R, =rsp R;
(or R, »ssp Ri ), where R, is return of the weighted norm mvp with parameter value a and R;
is return of strategy I, | = 1/N, no-shortsales and GMVP. To empirically construct critical values
and p-values, I adopt subsampling method suggested by Linton et al.| (2005)). I briefly describe the
scheme as follows. Suppose we have T realized return observations, Ry, Ry ..., Ry. The test statistic,
VTOr (Ry,Ry...,Ry), is a function of the T observations, and is determined by sup,. Aglg (r) for the
FSD test and by sup,. Af; (r) for the SSD test. Let G (z) = P (\/TGT (R1,Ry...,Rr) < x) be the
distribution function of the test statistic. Following Linton et al.[(2005), I approximate the distribution
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of Gr (x)by
1 T—b+1

Grp(z) = —— 1{Vb0pp, <ab,
TbA® T*b“; { Tibit w}

where Opp 1 = 0y (Re, Rey1 ..., Rigo—1), t =1,...,T — b+ 1, is just the function of € evaluated with
subsample Ry, Ryy1 ..., Riyp—1. Note that each \/BGT,M is the test statistic for the FSD (or SSD test)
obtained from b subsamples Ry, Riy1...,Ri1p—1, and it can be seen that the subsampling scheme
is essentially very similar as the rolling window scheme. With this approximation, I then define the
subsample critical value at significant level § as grp (§) = inf {x 0>1-— CA?TJ, (z) ¢, and the subsample
p-values pry = 1 — CA?T,b (\/THT) . The decision rule is that we reject the null if /T0p > gr,p (9) or
Prp < 6.

1.8.9 Coordinate-Wise Descent on MVP Penalized by the Generalized [,
Penalty

The subsection provides a derivation of the coordinate-wise descent algorithm for solving the mvp
penalized by the generalized [; norm penalty in Section As the linear constraint is the full

investment constraint, the penalized mvp optimization is given by
minw’ Sw + A1 [w]|; + A2 |[w — wol|; , subject to wT1 = 1.
w

Let wo; > 0,4 =1,..., N denote elements in wq. At the stationary point, the following subgradient

equation should hold

N
207w; + QZaijwj + Aisign (w;) + Agsign (w; —wg ;) —v =0,
J#i
for i =1,...,N, and also wT1 = 1. Again, let z; = Zj\;l oijw;. By fixing wj, j # ¢, one can solve wj
as
W if v — 2z; > (A1 + A2) + 207w o,
W;,0 if (A1 — X2) 4+ 202w 0 <7 — 2 < (A1 + A2) + 202w, 0,
w; = %}1_’\2) if A1 — Xo <y — 2z < (A1 — A2) + 202w, 0,
0 if — A =X <vy—2 <A — g,
7”_“4;57”\?1+’\2) if y— 2 < =X\ — Ao

Let A4 :{i:ww < w; <OO},A2:{Z‘Z'U}1':’LUZ',0}, Ag:{i:0<wi<wi’0},andA4:{z':—oo<wi <0}

One can solve v by using the full investment constraint,

. zit(A1+A2) zit(A1—X2) zi—(A1+A2)
1- ZiEAQ Wi,0 + ZiEA1 2(71.2 + ZiGA:s 2(712 + ZiEAzx 2(7?

Y= 1
ZiGAlUA3UA4 207
The algorithm can be summarized as follows.

Algorithm 2 Coordinate-wise descent update for mvp penalized by the generalized 1, penalty.

1. Fiz A1 and )\ at some constant levels.
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2. Initialize w© = N='1y5 and 4©) > max (A1, A2)

3. Fori=1,...,N, and k >0,

w‘kfl)_zé’:i(klﬂz) if v — zi(k) > (M1 + A2) + 207wi o,
Wi0 1 if (A —A2) +207w; 0 < ’y(k—l) — -(k) < (M4 A2) + 207w,
wgk) . 7<k71>,zé’:;@17}\2) if A — Ag < A= < (M1 = A2) + 207w 0,
0 ,, z'ff/\l—A2<7(’“’”*Z'()SA“AQ’
7<fc71>_zé’:i;r(/\1+/\2) if ~(k=1) ( b <= e
where

k) = 2(2 w§k)oij + Zw§k71)aij).

J<i Jj>i
4. For k >0, update v as

-1
1

TINRITNQITN O

1-— Z w10+ Z —)\1+>\2)

z€A<k) ieal®
A2) 27— (A + Ao
cy s o]
ieAl TN !
where
AP = {ii® 2 s (g g + 207w )

.

: ()\1 — )\2) + 202-2in0 S ’}/(k_l) — ka) S ()\1 + )\2) + 20’1-211)7;5()} s

i —A1 — Mg S'y(kfl) —z§’“> S)\lf/\27}7

P
=
Il
f_'h\f_;H/_Hf_'h\

i :V(k_l) (k) < =AM — /\2.},
5. Repeat 3 and 4 until w® and v*%) converge.

1.8.10 The Multistage Portfolio Optimization and the [, norm Penalty

In the following, I show that the multistage portfolio optimization in section [1.6.7] can be viewed
as using the majorization-minimization method to approximately solve a [y norm penalized portfolio

optimization. The Iy norm of w is defined as ||w||, = Zf\;l lw;|”, where

0 ifw =0

|w|

54



Therefore to penalize the portfolio weights by the [y norm is equivalent to restricting the number of

assets included in a portfolio. The penalized mvp optimization is given by
minw'Ew + A |wl|,, subject to Aw = u, (1.50)
w

As mentioned in the beginning of the paper, an optimization problem involved with the ly norm penalty
in practice is difficult to solve. To make the problem tractable, one may approximate the [y norm penalty
by
1
AP (we) =) 1

N
— exp (e|w;])

and then solve the optimization with the approximated penalty AP (w,e). It can be seen that AP (w,e)
converges to |[wl|, as € goes large,
lim AP (w,e) = [[w]|, -

[Smdee)

Then (1.50) becomes

min ( lim wrSw + A\AP (W,E)) , subject to Aw = u,. (1.51)

w E— OO

However, we now meet another difficulty. Since AP (w,e) is concave in w;, the objective function is not
guaranteed to be a convex function of w, thus a coordinate-descent type algorithm is not applicable
here. To circumstance this, one can adopt the majorization-minimization approach. A real valued

function f (z,y) is said to majorize a real valued function g (z) at point y if

flz,y) > g(z) forallz, y eR,
fy,y) = g(y) forall x € R.

Suppose & = y* minimizes f (z,y), then

g = fWy)+9l)—f,y)
< fWhy)+a) - fyy)
< g()

Now let y* = v and y = v, then

o(51) 20()

That says, if one wants to find a sequence of v{) to decrease the function g (x), one can achieve this by

sequentially minimizing its majorization function f (:C, v(l)) with respect to z,
o) = argmin f (x,v(l)) ,
xr

An algorithm which sequentially minimizes a majorization function of a certain objective function in
order to find its global minimizer is called the minimization-majorization (MM) algorithm. For solving
, we can try to find a majorization function of the objective function of , and cast the MM
algorithm to find its global minimizer. However, the majorization should be convex for w, otherwise

we still will have the same difficulty as we have in solving (1.51)).
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Since wTXw is already a convex function of w, one can just find a convex majorization function
of AP (w,e) to replace AP (w,e), and the new objective function will be a convex function of w. Note

that for all z > 0 and € > 0, 1 — exp (—ex) is a concave function of « . And it can shown that
1—exp(—ex) <1—exp(—ey)+eexp(—ey) (x —vy),

for all x,y > 0 and € > 0. The right hand side of the above inequality is a linear function of x which is
tangent to the graph of 1 — exp (—ex) at the point y. Let

N
1 *
APM(W’W*(I)’E>: 1= Nyt - (‘wi|_‘wi(l)))
) e C T A )

It can be seen that APM (w, w*(®) e) majorizes AP (w,e) at point w*(), and it is also a convex function

of w. Therefore the global minimizer of wTXw + AAP (w,e) can be obtained by sequentially solving
minwTYw + NAPM (w, w0, e) , subject to Aw = u,

where
w*®) —arg min wTSw 4+ A\APM (w,w*(l),e) ,

w,Aw=u

which is equivalent to solving

N
€

: T
% A § _—
m“llnw W + w’,*(l)D

|w;|, subject to Aw = u,
i=1 €Xp (6

sequentially. As only the full investment constraint is imposed, the above optimization can be easily
solved by using algorithm |1| with A\; = eexp (—e w:(l) D and Ay = 0.
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Figure 1.1: The figure shows annualized mean returns (%) and standard deviations (%) of
individual assets in FF100 and CRSP300. The mean returns and standard deviations are
calculated with daily data over the whole sample period. The sample period for FF100 is from
July-12-1987 to Dec-31-2010 (5,415 observations), and for CRSP300 is from July-30-1998 to
Dec-31-2010 (3,127 observations).
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Table 1.1: The table shows results of performances for daily FF100 data when the full in-
vestment constraint wT1 = 1 is imposed. We estimate ¥ by sample covariance matrix with
expanding window scheme. Here N = 100 and initial window length 79 = 120. For the
weighted norm constraint, we set A1 = A1 4, A1 = Aoy and vary « at six different levels. Testing
period is from Jan-02-1990 to Dec-31-2010 and T = 5,295. SV denotes sample variance of
out-of-sample net returns (when the transaction fees are deducted). The sample variance is
annualized. The transaction fee we consider is 35 basis points. SR denotes annualized Sharpe
ratio, and the yearly risk free rate used is 3.63%. Certainty equivalence is obtained with 1) = 5.
Column TOR and PAC show average turnover rate and average proportion of active assets,
respectively. Column HHI and ANHHI show average values of Herfindahl-Hirschman index,
and average values of adjusted normalized Herfindahl-Hirschman index. Column SLR shows
average short-long ratio. In the parentheses are the bootstrap standard errors obtained from
using stationary bootstrap of [Politis and Romano| (1994).
SV (%) SR CE(%) TOR PAC HHI  ANHHI  SLR

a=0 82.9718 1.0666 0.0451 0.0407 1.0000 0.0202 0.0103 0.5696

(14.6744) (0.4704) (0.0158) (0.0034) (0.0000) (0.0004) (0.0005) (0.0037)

a=02 86.6844 1.1442 0.0485 0.0301 0.6496 0.0323 0.0170 0.4713

(16.0203) (0.4721) (0.0160) (0.0026) (0.0077) (0.0007) (0.0008) (0.0050)

a=04 90.3660 1.1752 0.0502 0.0257  0.5207  0.0422  0.0230  0.4163

(17.1536)  (0.4709) (0.0162) (0.0022) (0.0091) (0.0011) (0.0012) (0.0054)

a=06 93.4194 1.1827 0.0509 0.0231 0.4316 0.0515 0.0284 0.3758

(17.9204) (0.4697) (0.0164) (0.0020) (0.0083) (0.0015) (0.0015) (0.0057)

a=0.8 96.1646 1.1861 0.0514 0.0215 0.3714 0.0608 0.0340 0.3432

(18.5558) (0.4682) (0.0166) (0.0019) (0.0078) (0.0018) (0.0018) (0.0061)

a=1 98.6034 1.1847 0.0517 0.0202 0.3204 0.0700 0.0389 0.3173

(19.0446)  (0.4648) (0.0167) (0.0019) (0.0072) (0.0023) (0.0023) (0.0063)

N.S. 176.2114 0.7409 0.0362 0.0082 0.1049 0.1650 0.0709 0.0000

(38.2327)  (0.3494) (0.0182) (0.0012) (0.0034) (0.0075) (0.0048) (0.0000)

1/N 311.1636 0.4485 0.0150  0.0051 1.0000 0.0100 0.0000 0.0000

(67.1655) (0.2488) (0.0195) (0.0004) (0.0000) (0.0000) (0.0000) (0.0000)

GMVP 77.6752 0.9444  0.0400  0.0726 1.0000  0.0212  0.0113  0.6263

(12.0891) (0.4802) (0.0160) (0.0133) (0.0000) (0.0005) (0.0005) (0.0053)
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Table 1.2: The table shows results of performances for daily CRSP300 data when the full
investment constraint wTl = 1 is imposed. We estimate ¥ by sample covariance matrix
with expanding window scheme. Here N = 300 and initial window length 79 = 360. For the
weighted norm constraint, we set A1 = A1 4, A1 = Aoy and vary « at six different levels. Testing
period is from Jan-03-2000 to Dec-31-2010 and T = 2,767. SV denotes sample variance of
out-of-sample net returns (when the transaction fees are deducted). The sample variance is
annualized. The transaction fee we consider is 35 basis points. SR denotes annualized Sharpe
ratio, and the yearly risk free rate used is 2.50%. Certainty equivalence is obtained with 1) = 5.
Column TOR and PAC show average turnover rate and average proportion of active assets,
respectively. Column HHI and ANHHI show average values of Herfindahl-Hirschman index,
and average values of adjusted normalized Herfindahl-Hirschman index. Column SLR shows
average short-long ratio. In the parentheses are the bootstrap standard errors obtained from
using stationary bootstrap of [Politis and Romano| (1994).
SV(%) SR CE(%) TOR PAC HHI  ANHHI  SLR

a=20 50.7208 0.5576  0.0208 0.0468 1.0000 0.0132 0.0099 0.3539

(15.2769)  (0.4650) (0.0124) (0.0052) (0.0000) (0.0003) (0.0003) (0.0084)

a=02 49.7156 0.8009 0.0276 0.0320 0.7619 0.0221 0.0178 0.2361

(16.4991)  (0.4928) (0.0120) (0.0030) (0.0077) (0.0005) (0.0005) (0.0092)

a=04 50.8529 0.8865 0.0302  0.0267  0.6417  0.0289  0.0238  0.1795

(17.5011)  (0.5073) (0.0121) (0.0025) (0.0095) (0.0008) (0.0007) (0.0092)

a=0.6 51.9853 0.9265 0.0315 0.0236 0.5544 0.0344 0.0285 0.1440

(18.2561)  (0.5122) (0.0122) (0.0023) (0.0096) (0.0009) (0.0009) (0.0086)

a=08 52.9633 0.9514 0.0324 0.0215 0.4911 0.0390 0.0324 0.1198

(18.8245)  (0.5134) (0.0122) (0.0020) (0.0085) (0.0011) (0.0010) (0.0079)

a=1 53.8325 0.9705 0.0331 0.0201 0.4499 0.0431 0.0359 0.1021

(19.2547)  (0.5152) (0.0123) (0.0019) (0.0076) (0.0012) (0.0011) (0.0074)

N.S. 67.4157 1.1038 0.0395  0.0126  0.2054  0.0734  0.0574  0.0000

(24.1749)  (0.5062) (0.0134) (0.0010) (0.0067) (0.0014) (0.0010) (0.0000)

1/N 404.4271 0.6587 0.0225 0.0157 1.0000 0.0033 0.0000 0.0000

(112.3455) (0.3344) (0.0293) (0.0009) (0.0000) (0.0000) (0.0000) (0.0000)

GMVP  52.3428 0.4147  0.0168  0.0537  1.0000  0.0144  0.0111 0.3673

(15.3964)  (0.4513) (0.0127) (0.0080) (0.0000) (0.0003) (0.0003) (0.0104)
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Table 1.3: The table shows p-values of the stochastic dominance tests proposed by |[Linton et al.
(2005). The data used here is the realized daily net returns (when the transaction fees are
deducted) of FF100 as different portfolio strategies are used. The transaction fee we consider
is 35 basis points. Testing period is from Jan-02-1990 to Dec-31-2010 and T' = 5,295. FSD
and SSD denote first and second order stochastic dominances, respectively. The p-values are
obtained from the subsampling method, and the subsample size is set to 300.
1/N N.S. GMVP
FSD SSD FSD SSD FSD SSD

a=0 0.0000 0.4235 0.0000 0.4582 0.7714 0.1229

a=0.2 0.0000 0.3881 0.0000 0.4023 0.5783 0.1111

a=04 0.0000 0.3811 0.0000 0.3805 0.6769 0.1087

a=0.6 0.0000 0.3755 0.0000 0.3765 0.4658 0.1063

a=0.8 0.0000 0.3705 0.0000 0.3717 0.4660 0.1019

o= 0.0000 0.3639 0.0000 0.3647 0.3004 0.0915

Table 1.4: The table shows p-values of the stochastic dominance tests proposed by |Linton
et al. (2005)). The data used here is the realized daily net returns (when the transaction fees
are deducted) of CRSP300 as different portfolio strategies are used. The transaction fee we
consider is 35 basis points. Testing period is from Jan-03-2000 to Dec-31-2010 and T' = 2, 767.
FSD and SSD denote first and second order stochastic dominances, respectively. The p-values
are obtained from the subsampling method, and the subsample size is set to 300.

1/N N.S. GMVP
FSD SSD FSD SSD FSD  SSD
a=0 0.0000 0.0539 0.1803 0.0960 0.5985 0.7848

a=0.2 0.0000 0.0636 0.0045 0.0985 0.1864 0.5733
a=04 0.0000 0.0827 0.0446 0.1102 0.3165 0.3780
a=0.6 0.0000 0.0879 0.1001 0.1179 0.4652 0.3383
a=0.8 0.0000 0.0891 0.0713 0.1216 0.4344 0.3428
o= 0.0000 0.0900 0.0928 0.1240 0.9955 0.3408
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Table 1.5: The table shows results of performances for weekly FF100 data when the full
investment constraint wTl = 1 is imposed. We estimate ¥ by sample covariance matrix
with expanding window scheme. Here N = 100 and initial window length 79 = 120. For the
weighted norm constraint, we set A1 = A1 4, A1 = Aoy and vary « at six different levels. Testing
period is from from first week of 1990 to the last week of 2010 and 7" = 1,095. SV denotes
sample variance of out-of-sample net returns (when the transaction fees are deducted). The
sample variance is annualized. The transaction fee we consider is 35 basis points. SR denotes
annualized Sharpe ratio, and the yearly risk free rate used is 3.63%. Certainty equivalence
is obtained with ¢ = 5. Column TOR and PAC show average turnover rate and average
proportion of active assets, respectively. Column HHI and ANHHI show average values of
Herfindahl-Hirschman index, and average values of adjusted normalized Herfindahl-Hirschman
index. Column SLR shows average short-long ratio. In the parentheses are the bootstrap
standard errors obtained from using stationary bootstrap of |[Politis and Romano| (1994).
SV(%) SR CE(%) TOR PAC HHI  ANHHI  SLR

a=0 122.1502 0.9108 0.2047 0.0934 1.0000 0.0162 0.0063 0.6038

(26.1549)  (0.4318) (0.0850) (0.0082) (0.0000) (0.0003) (0.0003) (0.0020)

a=0.2 128.6224 0.9074 0.2059 0.0686 0.5393 0.0317 0.0134 0.4608

(28.5429)  (0.4291) (0.0865) (0.0071) (0.0059) (0.0011) (0.0010) (0.0032)

a=04 135.7170 0.9254 0.2119 0.0588 0.3781 0.0461 0.0200 0.3801

(30.5520)  (0.4167) (0.0859) (0.0063) (0.0050) (0.0018) (0.0016) (0.0042)

a=0.6 141.8157 0.9331 0.2153 0.0558 0.2904  0.0616  0.0278 0.3205

(32.0246)  (0.4061) (0.0856) (0.0063) (0.0056) (0.0026) (0.0023) (0.0051)

a=0.8 146.9892 0.9144 0.2123 0.0534 0.2278 0.0786 0.0355 0.2758

(33.2714)  (0.3976) (0.0857) (0.0071) (0.0054) (0.0038) (0.0032) (0.0059)

a=1 151.2552 0.8700 0.2029 0.0598 0.1853 0.0992 0.0464 0.2446

(34.0646)  (0.3896) (0.0861) (0.0134) (0.0056) (0.0060) (0.0048) (0.0068)

N.S. 211.963 0.5994 0.1357  0.0260 0.0936 0.1795 0.0756 0.0000

(50.4148)  (0.3053) (0.0874) (0.0033) (0.0043) (0.0118) (0.0082) (0.0000)

1/N 317.9742 0.4641 0.0761 0.0119 1.0000 0.0100  0.0000  0.0000

(77.8459)  (0.2417) (0.0945) (0.0011) (0.0000) (0.0000) (0.0000) (0.0000)

GMVP 118.647 0.8010 0.1806 0.3160 1.0000 0.0176 0.0076 0.7558

(18.5033)  (0.4428) (0.0892) (0.0599) (0.0000) (0.0004) (0.0004) (0.0084)
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Table 1.6: The table shows results of performances for monthly FF100 data when the full
investment constraint wTl = 1 is imposed. We estimate ¥ by sample covariance matrix
with expanding window scheme. Here N = 100 and initial window length 79 = 120. For the
weighted norm constraint, we set A1 = A1 4, A1 = Aoy and vary « at six different levels. Testing
period is from January 1990 to December 2010 and T' = 252. SV denotes sample variance of
out-of-sample net returns (when the transaction fees are deducted). The sample variance is
annualized. The transaction fee we consider is 35 basis points. SR denotes annualized Sharpe
ratio, and the yearly risk free rate used is 3.63%. Certainty equivalence is obtained with 1) = 5.
Column TOR and PAC show average turnover rate and average proportion of active assets,
respectively. Column HHI and ANHHI show average values of Herfindahl-Hirschman index,
and average values of adjusted normalized Herfindahl-Hirschman index. Column SLR shows
average short-long ratio. In the parentheses are the bootstrap standard errors obtained from
using stationary bootstrap of [Politis and Romano| (1994).
SV(%) SR CE(%) TOR PAC HHI  ANHHI  SLR

a=20 144.469 0.7928 0.7957 0.1990 1.0000 0.0153 0.0053 0.5760

(27.1036)  (0.3711) (0.3508) (0.0287) (0.0000) (0.0001) (0.0002) (0.0009)

a=0.2 157.8873 0.7550 0.7642 0.1514 0.4785 0.0366 0.0159 0.3847

(30.3782)  (0.3643) (0.3630) (0.0294) (0.0092) (0.0005) (0.0007) (0.0020)

a=04 167.6569 0.7416 0.7534 0.1150 0.2926 0.0612 0.0277 0.2844

(34.3140)  (0.3534) (0.3635) (0.0190) (0.0065) (0.0015) (0.0019) (0.0030)

a=06 174.3271 0.7361 0.7493 0.0973  0.2050  0.0807  0.0331 0.2270

(37.5616)  (0.3401) (0.3578) (0.0156) (0.0043) (0.0022) (0.0029) (0.0041)

a=0.8 180.8716 0.7119 0.7236 0.0911 0.1629 0.0996 0.0401 0.1892

(40.6771)  (0.3271) (0.3536) (0.0147) (0.0033) (0.0042) (0.0047) (0.0038)

a=1 187.1527 0.6869 0.6957 0.0987 0.1397 0.1245 0.0563 0.1605

(42.8446)  (0.3148) (0.3500) (0.0168) (0.0033) (0.0062) (0.0060) (0.0041)

N.S. 219.3593 0.5222 0.4900  0.0581 0.1001 0.1692  0.0738  0.0000

(49.5957)  (0.2663) (0.3453) (0.0077) (0.0054) (0.0101) (0.0074) (0.0000)

1/N 305.5895 0.5053 0.4019  0.0287 1.0000 0.0100 0.0000 0.0000

(62.2650)  (0.2234) (0.3597) (0.0042) (0.0000) (0.0000) (0.0000) (0.0000)

GMVP  255.2823 0.3886  0.2881 1.2783 1.0000  0.0170  0.0071 0.8379

(36.0606)  (0.2874) (0.3937) (0.2674) (0.0000) (0.0002) (0.0002) (0.0114)
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Table 1.7: The table shows results of performances for weekly CRSP300 data when the full
investment constraint wT1 = 1 is imposed. We estimate ¥ by sample covariance matrix with
expanding window scheme. Here N = 300 and initial window length 79 = 360. For the weighted
norm constraint, we set A\; = A1, A1 = Aoy and vary « at six different levels. Testing period is
from the first week of 2000 to the last week of 2010 and T' = 573. SV denotes sample variance
of out-of-sample net returns (when the transaction fees are deducted). The sample variance is
annualized. The transaction fee we consider is 35 basis points. SR denotes annualized Sharpe
ratio, and the yearly risk free rate used is 2.50%. Certainty equivalence is obtained with 1) = 5.
Column TOR and PAC show average turnover rate and average proportion of active assets,
respectively. Column HHI and ANHHI show average values of Herfindahl-Hirschman index,
and average values of adjusted normalized Herfindahl-Hirschman index. Column SLR shows
average short-long ratio. In the parentheses are the bootstrap standard errors obtained from
using stationary bootstrap of [Politis and Romano| (1994).
SV(%) SR CE(%) TOR PAC HHI  ANHHI  SLR

a=20 75.5405 0.4162 0.0813 0.1473 1.0000 0.0082 0.0049 0.4822

(25.9349)  (0.4583) (0.0743) (0.0143) (0.0000) (0.0003) (0.0003) (0.0059)

a=02 69.3276 0.6094 0.1123 0.0884 0.6555 0.0177 0.0126 0.2800

(27.6839)  (0.5044) (0.0716) (0.0095) (0.0037) (0.0004) (0.0004) (0.0079)

a=04 1701200 0.6767 0.1233  0.0693 0.5160  0.0247  0.0183  0.2038

(29.3341)  (0.5194) (0.0717) (0.0078) (0.0042) (0.0005) (0.0005) (0.0089)

a=0.6 171.3702 0.7241 0.1314 0.0603 0.4410  0.0300  0.0226  0.1634

(30.5486)  (0.5275) (0.0717) (0.0069) (0.0048) (0.0005) (0.0006) (0.0089)

a=0.8 172.6740 0.7605 0.1378 0.0550 0.3974 0.0344 0.0262 0.1363

(31.4910)  (0.5310) (0.0715) (0.0063) (0.0060) (0.0006) (0.0006) (0.0086)

a=1 74.3669 0.7836  0.1423 0.0515 0.3668 0.0386 0.0297 0.1153

(32.5348)  (0.5310) (0.0715) (0.0060) (0.0073) (0.0006) (0.0007) (0.0084)

N.S. 95.4867  0.9127 0.1737  0.0340 0.1956  0.0656  0.0491 0.0000

(43.6905)  (0.4872) (0.0705) (0.0039) (0.0069) (0.0023) (0.0018) (0.0000)

1/N 393.5178 0.6621 0.1115 0.0347 1.0000 0.0033 0.0000 0.0000

(132.7015) (0.3422) (0.1421) (0.0030) (0.0000) (0.0000) (0.0000) (0.0000)

GMVP  88.2586 0.2131 0.0441 0.2131 1.0000  0.0086  0.0053  0.5492

(26.6200)  (0.3741) (0.0709) (0.0315) (0.0000) (0.0003) (0.0003) (0.0128)

63



Table 1.8: The table shows results of performances of weighted norm mvp for daily CRSP300
and FF100 data when the full investment constraint wT1l = 1 and target return constraint
w7l = [i are imposed. The target return i shown in the table is annualized. We estimate p
and X by sample mean and covariance matrix with expanding window scheme. Here N = 100
and 300 for FF100 and CRSP300 respectively, and initial window length 79 = 1.2N. For the
weighted norm constraint, we set A\; = A1, A1 = A2 and vary a at three different levels. SV
denotes sample variance of out-of-sample net returns (when the transaction fees are deducted).
The sample variance is annualized. The transaction fee we consider is 35 basis points. SR
denotes annualized Sharpe ratio, and the yearly risk free rates for FF100 and CRSP300 are
3.63% and 2.5%, respectively. Certainty equivalence is obtained with ¢ = 5. Column PAC
shows average proportion of active assets. In the parentheses are the bootstrap standard errors

obtained from using stationary bootstrap of |Politis and Romano| (1994]).
FF100, Jan-02-1990 to Dec-31-2010, T = 5,295

i=10% i =20%
SV(%) SR CE(%) TOR PAC SV(%) SR CE(%) TOR PAC
a=0 96.6592 0.5857 0.0279 0.0615 1.0000 83.7073 1.0200 0.0435 0.0502 1.0000
(18.6169) (0.4286) (0.0167) (0.0034) (0.0000) (13.8393) (0.4591) (0.0157) (0.0053) (0.0000)
a=0.6 111.2906 0.6429  0.0305  0.0488  0.4938 94.7331  1.0596  0.0463  0.0382  0.4328
(22.2266) (0.4135) (0.0171) (0.0027) (0.0111) (16.8293)  (0.4509) (0.0163) (0.0049) (0.0075)
a=1 118.5553  0.6170 0.0295 0.0468 0.3801 100.7166  1.0592 0.0470 0.0373 0.3212

(23.5070) (0.4017) (0.0173) (0.0030) (0.0096)  (17.9121) (0.4453) (0.0166) (0.0052) (0.0069)
CRSP300, Jan-03-2000 to Dec-31-2010, T = 2, 767

i=5% = 10%
SV(%) SR CE(%) TOR  PAC SV(%) SR CE(%) TOR  PAC
a=0 525816 05876  0.0218  0.0530  1.0000 50.2325  0.4033  0.0164  0.0474  1.0000
(16.4380) (0.4681) (0.0127) (0.0049) (0.0000)  (14.6432) (0.4542) (0.0125) (0.0053) (0.0000)
a=06 536010 09629 0.0328 00320 0.5674 510724 0.7185  0.0254  0.0246  0.5585
(19.2751)  (0.5067) (0.0123) (0.0019) (0.0081)  (17.4733) (0.4937) (0.0124) (0.0024) (0.0088)
a=1 553200 09966 0.0341  0.0290  0.4603 52.9987  0.7406  0.0263  0.0213  0.4549

(20.1596) (0.5111) (0.0124) (0.0015) (0.0068)  (18.5730) (0.4948) (0.0126) (0.0020) (0.0069)
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Table 1.9: The table shows results of performances for daily FF100 data when three alternative
penalties: berhu, generalized [; norm, and adaptive penalties are imposed. The linear con-
straint is the full investment constraint wT1 = 1. We estimate ¥ by sample covariance matrix
with expanding window scheme. Here N = 100 and initial window length 79 = 120. For each
penalty, we uniformly set the penalty parameter equal to aftBt\/2log N/ny. Testing period is
from Jan-02-1990 to Dec-31-2010 and T = 5,295. SV denotes sample variance of out-of-sample
net returns (when the transaction fees are deducted). The sample variance is annualized. The
transaction fee we consider is 35 basis points. SR denotes annualized Sharpe ratio, and the
yearly risk free rate used is 3.63%. Certainty equivalence is obtained with ¢ = 5. Column TOR
and PAC show average turnover rate and average proportion of active assets, respectively. In
the parentheses are the bootstrap standard errors obtained from using stationary bootstrap of
Politis and Romano| (1994).

Berhu Penalty

SV (%) SR CE(%) TOR PAC

k= 0.02 146.0434  0.8283 0.0400 0.0143 0.5483
(32.1981) (0.3924) (0.0180) (0.0010) (0.0049)

k= 0.05 119.1196  0.9940 0.0460 0.0178 0.4142
(25.0352) (0.4391) (0.0176) (0.0013) (0.0062)

k=0.1 106.9375  1.1123 0.0498 0.0191 0.3531
(22.1391) (0.4676) (0.0175) (0.0016) (0.0074)

Generalized [; Norm Penalty

SV (%) SR CE(%) TOR PAC

TWN 104.0272  1.0798 0.0482 0.0221 1.0000
(20.2157) (0.4463) (0.0166) (0.0018) (0.0000)

TWN — [y 114.8295  1.0561 0.0483 0.0166 0.6677
(23.2896) (0.4355) (0.0170) (0.0014) (0.0047)

TWNS 98.5689 1.1792 0.0515 0.0200 0.3090
(18.9658) (0.4638) (0.0166) (0.0018) (0.0068)

TWNS —1; 111.5312  1.0922 0.0495 0.0155 0.2196
(22.5187) (0.4421) (0.0169) (0.0015) (0.0055)

Adaptive Penalty

SV (%) SR CE(%) TOR PAC

e=1,1=1 96.5597 1.2096 0.0524 0.0208 0.2978
(18.2046) (0.4696) (0.0163) (0.0019) (0.0075)

e=25l=1 1072337 1.1244 0.0504 0.0178 0.1778
(20.2679) (0.4479) (0.0166) (0.0019) (0.0052)

e=1,1=2 96.4462 1.2107 0.0524 0.0210 0.2952
(18.1246) (0.4692) (0.0163) (0.0020) (0.0077)

e=25,01=2 1078656 1.1139 0.0500 0.0190 0.1519
(20.0121) (0.4452) (0.0166) (0.0025) (0.0052)
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Table 1.10: The table shows results of performances for daily FF100 data when three alter-
native penalties: berhu, generalized [; norm, and adaptive penalties are imposed. The linear
constraint is the full investment constraint wT1l = 1. We estimate X by sample covariance
matrix with expanding window scheme. Here N = 100 and initial window length 79 = 120.
For each penalty, we uniformly set the penalty parameter equal to dtét\/2log N/n;. Testing
period is from Jan-03-2000 to Dec-31-2010 and 1" = 2,767. SV denotes sample variance of
out-of-sample net returns (when the transaction fees are deducted). The sample variance is
annualized. The transaction fee we consider is 35 basis points. SR denotes annualized Sharpe
ratio, and the yearly risk free rate used is 2.5%. Certainty equivalence is obtained with 1) = 5.
Column TOR and PAC show average turnover rate and average proportion of active assets, re-
spectively. In the parentheses are the bootstrap standard errors obtained from using stationary
bootstrap of Politis and Romano| (1994).

Berhu Penalty

SV (%) SR CE(%) TOR PAC

k= 0.02 57.2220 1.0880 0.0372 0.0230 0.4932
(18.1071) (0.5389) (0.0133) (0.0019) (0.0054)

k= 0.05 54.3572 1.0274 0.0349 0.0210 0.4617
(18.6517) (0.5264) (0.0125) (0.0018) (0.0064)

k=0.1 53.7601 0.9926 0.0337 0.0201 0.4517
(19.1032) (0.5181) (0.0122) (0.0018) (0.0075)

Generalized [; Norm Penalty

SV (%) SR CE(%) TOR PAC

TWN 54.9798 0.7611 0.0271 0.0286 1.0000
(18.7627) (0.4787) (0.0126) (0.0023) (0.0000)

TWN — 1y 57.5252 0.9593 0.0333 0.0196 0.6340
(20.7838) (0.5066) (0.0127) (0.0017) (0.0070)

TWNS 55.2197 0.9643 0.0331 0.0191 0.4346
(19.5056) (0.4856) (0.0119) (0.0018) (0.0063)

TWNS —1;  58.2940 1.0160 0.0352 0.0158 0.3240
(20.7498) (0.4924) (0.0123) (0.0014) (0.0045)

Adaptive Penalty

SV (%) SR CE(%) TOR PAC

e=1,1=1 53.8823 0.9597 0.0328 0.0200 0.4468
(18.8170) (0.4949) (0.0119) (0.0018) (0.0076)

e=25l=1 59.0413 0.9925 0.0346 0.0151 0.2851
(20.8862) (0.4926) (0.0123) (0.0013) (0.0053)

e=1,1=2 53.8860 0.9592 0.0328 0.0200 0.4467
(18.8191) (0.4949) (0.0119) (0.0018) (0.0076)

e=25101=2 59.2664 0.9842 0.0344 0.0151 0.2808
(20.9691) (0.4914) (0.0124) (0.0013) (0.0053)
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Chapter 2

Bond Variance Risk Premia
(Joint Work with Philippe Mueller
and Andrea Vedolin)

Abstract: Using data from 1983 to 2010, we propose a new fear measure for Treasury markets,
akin to the VIX for equities, labeled TIV. We show that TIV explains one third of the time
variation in funding liquidity and that the spread between the VIX and TIV captures flight
to quality. We then construct Treasury bond variance risk premia as the difference between
the implied variance and an expected variance estimate using autoregressive models. Bond
variance risk premia display pronounced spikes during crisis periods. We show that variance
risk premia encompass a broad spectrum of macroeconomic uncertainty. Uncertainty about the
nominal and the real side of the economy increase variance risk premia but uncertainty about
monetary policy has a strongly negative effect. We document that bond variance risk premia
predict excess returns on Treasuries, stocks, corporate bonds and mortgage-backed securities,
both in-sample and out-of-sample. Furthermore, this predictability is not subsumed by other
standard predictors.

KEYWORDS: Variance risk premium, Treasury implied volatility, predictability,
uncertainty, Treasury bond returns, stock returns, corporate bond returns.

JEL Codes: E43, E47, G12, G17.
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2.1 Introduction

During the recent financial crisis one sector generated significant profits for the leading invest-
ment banks: Volatility arbitrage trading in forex, fixed income, and commodities. According
to a [BIS (2010) survey on foreign exchange and derivatives markets activity, the interest rate
derivatives market has grown by 24% over the last three years to reach an average daily
turnover of USD 2.1 trillion. As a consequence, both market and academic interest in equity-
index volatility measures and their associated risk premia has grown rapidly. For instance,
the VIX index—also dubbed the ”investors’ fear index”—is believed to be a good proxy of
aggregate uncertainty or risk aversionE The VIX is also shown to be a good predictor for
the cross-section of stocks (Ang et al., |2006]), corporate credit spreads (Collin-Dufresne et al.|
2001)) and bond excess returns (Baele et al., [2010). Furthermore, the associated variance risk
premium extracted from equity markets predicts the equity premium (Drechsler and Yaron,
2011)), as well as corporate credit spreads (Wang et al., [2010). Given this extensive literature
for equity markets, it is rather surprising that no effort has been undertaken to measure these
risk premia in fixed income markets. Filling this gap is one goal of this paper.

The importance of understanding interest rate volatility and the risk premia associated
with it is manifested in Figure where we plot the Mortgage Bankers Association (MBA)
Refinancing index together with the variance risk premium calculated from 30 year Treasury
futures. The MBA refinancing index is based on the number of applications for mortgage
refinancing. The figure nicely displays that mortgage refinancing is subject to distinct waves
such as the peak of the housing boom in May 2003 or the bust during the most recent financial
crisis. During these periods, the bond variance risk premium also peaks and it has moved
almost in tandem with the MBA index since 2005. The intuition is relatively straightforward.
If interest rates drop, the duration of any mortgage-backed security portfolio decreases due to a
higher refinancing rate. To hedge the duration, the portfolio manager must either buy Treasury
bonds or bond options. This hedging activity not only affects the price of the underlying but
also its volatility (Duartel [2008)). Consequently, risk-averse investors demand a premium for
the associated risks.

We contribute to the literature in the following ways. First, we construct a new measure
of fear for Treasury markets (akin to the VIX for equities), which we label TIV for Treasury
Implied Volatilityﬂ Second, we construct and describe the term structure of bond variance
risk premia for 30 year, 10 year and 5 year Treasury futures and investigate the underlying
economic drivers of these risk premia. Finally, we document the strong predictive power of
bond variance risk premia for excess returns on Treasury bonds, stocks, corporate bonds and

mortgage-backed securities. The predictability is in-sample and out-of-sample and robust to

1See, e.g., Bollerslev et al.| (2011)), Korteweg and Polson| (2010) and [Bekaert et al.| (2011)), among others.

2We calculate both equity and bond implied volatilities using newly available high frequency data. The
time-series for the TIV starts in 1983. In addition, we calculate our own VIX measure, also with a start date in
1983, thus considerably longer than the Chicago Board of Option Exchange (CBOE) VIX available since 1991.
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the inclusion of other standard predictors.

To construct the TIV, we follow the recent literature and calculate implied variance mea-
sures using a model-free approach (Britten-Jones and Neuberger, 2000)E| Moreover, we are the
first to estimate and study a term structure of variance risk premia for the Treasury market.
Even though there is ample evidence of priced variance risk in both the index and single stock
equity market, we know surprisingly little about the compensation for variance risk in fixed
income markets.

The variance risk premium is defined as the difference between the expected risk-neutral and
physical variance. While the risk-neutral expectation can be estimated in a completely model-
free fashion using a cross-section of options written on the underlying asset, the calculation of
the objective expectation requires some mild auxiliary modeling assumptions. A priori, it is
not clear, what the best proxy for this objective expectation should be. |Andersen et al.| (2007a))
show that simple autoregressive type models estimated directly for the realized volatility often
perform better than parametric approaches designed to forecast the integrated volatility. In
calculating our benchmark bond variance risk premium, we thus use the HAR-TCJ model for
realized variance proposed by |Corsi et al. (2010). We augment the model by including lagged
implied variance as additional regressorsﬁ

Using data from 1983 to 2010, we find that the implied volatility measures we derive in both
equity and bond markets are remarkably similar, which is manifested in the high unconditional
correlation of around 60% on averageﬂ Increases in the VIX index are often dubbed as an
increase in economic uncertainty. We find a similar pattern for the bond market. Implied
volatility in bond markets spikes in crisis times and it therefore offers itself as a gauge of fear
for fixed income markets. The construction of the TIV measure has an economic merit which
goes beyond that of the VIX itself. First, we show that TIV is strongly related to proxies
of funding liquidity. A one standard deviation change in the TIV implies more than half a
standard deviation change in a funding liquidity proxy and spikes in the TIV can therefore
be interpreted as shocks to funding liquidity. This empirical finding relates to the theoretical
work of (Brunnermeier and Pedersen, 2009), who show that lower liquidity can lead to higher
asset volatility. Moreover, the authors demonstrate that in periods of flight to quality, highly
liquid assets are characterized by relatively low volatility. Thus, the spread between low and

high volatility assets can explain part of the liquidity spread. In our empirical analysis, we

3In addition, we also construct implied variance measures as in [Martin| (2011)), using so called simple variance
swaps. Whereas the replication of standard variance swaps relies on the [t6 assumption which is violated in
case there are jumps, simple variance swaps provide a genuine measure of implied variance under very general
assumptions. While this distinction is important from a methodological perspective, the main results are robust
to the choice of method.

4Recently, Bollerslev et al|(2012)) use a simple heterogeneous autoregressive RV model to construct the stock
market variance risk premium while [Busch et al.| (2011) use the augmented HAR-RV model with lagged IV to
improve forecasts of realized volatility. In the Online Appendix we show that the HAR-TCJ model with lagged
IV performs best in predicting out-of-sample realized variance.

5The correlation between the implied volatility measures for 30 year Treasury futures and equities is as high
as 69%, whereas the correlation between the implied volatility measures for 5 year Treasury futures and equities
is around 53%.
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find that the volatility spread between the VIX and the TIV provides a useful measure of
flight to quality periods: While the spread is most of the time no more than 10%, it almost
triples during the October 1987 crash, the LTCM default in August 1998, and the Lehman
bankruptcy in September 2008.

While the co-movement between the time-series is high, the TTV and VIX differ in their
magnitude. For our sample period, the average model-free implied volatility of the S&P 500
index is 20% with a standard deviation of 8.4, in contrast, the 30 year Treasury implied
volatility is 10% on average with a standard deviation of merely 2.4. Thus, in the case of the
S&P 500 index, volatility risk accounts for a much larger proportion of overall risk than in
Treasury markets. Despite the high co-movement, we find that variance risk premia in bond
and equity markets can behave differently. While the variance risk premium in the equity
market is essentially always positive (i.e., it acts as an insurance premium), the variance risk
premium in the Treasury market can switch sign. To grasp a better intuition for this behavior,
we study macroeconomic determinants of bond versus equity variance risk premia. Proxies
of macroeconomic uncertainty from forecast data explain up to 45% of the time variation in
bond and equity variance risk premia. Higher uncertainty usually implies a higher variance
risk premium. However, uncertainty about short term yields (which can be interpreted as
uncertainty about monetary policy actions) has a significant negative impact on bond variance
risk premia. Larger uncertainty about the short end makes investors with negative expectations
about future interest rates willing to buy long term bonds, because these provide a hedge
against the increased duration due to a drop in short term yields. Hence, investors pay a
premium for holding these bonds. Inline with recent findings (Joslin, [2010), we also document
that the shape of the term structure significantly affects bond variance risk premia.

If bond variance risk premia encompass general macroeconomic uncertainty, do they contain
any useful information about asset returns? A principal components analysis of the bond
variance risk premia time series allows us to summarize the information in the term structure of
bond variance risk premia in a parsimonious way. We show that the three principal components
have economically significant predictive power for excess returns across different assets. The
results can be summarized as follows: A one standard deviation change in the third principal
component of Treasury bond variance risk premia, a curvature factor, induces a 0.17 standard
deviation decrease in bond excess returns, while the same kind of shock has an opposite effect
of roughly the same magnitude on stock market excess returns. A one standard deviation
change in the second principal component, a slope factor, induces a 0.24 standard deviation
increase in stock excess returns and up to half a standard deviation change in corporate bond
and mortgage-backed securities excess returns. Finally, a one standard deviation shock to the
first principal component, a level factor, has a strong positive effect on corporate bond and
mortgage-backed securities excess returns. Bond variance risk premia explain roughly 3% of
the time variation in Treasury excess returns, around 9% of stock excess returns and up to

35% of corporate and mortgage-backed securities excess returns.
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When we add the equity variance risk premium to the regressions, the significance of the
bond variance risk premia remains economically and statistically high, whereas the equity
variance risk premium adds very little predictive power. We show that the predictability of
bond variance risk premia prevails in-sample and out-of-sample and is robust to the inclusion
of other standard predictors in the literature. We conclude that bond variance risk premia
broadly capture uncertainty about the macroeconomy and monetary policy, as well as addi-
tional information about the term structure that is relevant for all asset classes. Moreover,
bond variance risk premia have a great advantage over most of the other predictor variables
that rely on either macroeconomic fundamentals or forecast data: They can be obtained on a
daily basis (or at even higher frequencies) while the other variables are often only available at
the monthly frequency at best.

Our paper is related to two strands of the literature. First, it fits into the large body of
research that has focused on the stock market variance risk premium and—to a lesser degree—
on variance risk premia of individual stocks or commoditiesﬁ To the best of our knowledge,
our paper is the first to study variance risk premia in the Treasury market.

One reason why variance risk in fixed income markets has been neglected in the past could
be that standard dynamic term structure models assume that the fixed income market is
complete and therefore, interest rate derivatives are redundant assets. Only recently, there is
emerging (albeit sometimes mixed) evidence for the existence of unspanned stochastic volatility,
the second body of research that is related to our paperﬂ

To summarize, in this paper, we provide new empirical facts about variance risk premia
in the fixed income markets. We construct a term structure of Treasury bond variance risk
premia and investigate its determinants. In addition, we document the strong predictive power
for a wide range of assets. However, we remain agnostic about the form of structural model
that could rationalize our findings and leave this for future research.

The rest of the paper is organized as follows. Section [2.2]describes our data set and Section
2.3l describes the econometric methods used to estimate the TIV measure and the variance risk
premia. Section [2.4] presents the results of our empirical study and Section [2.5| concludes. To
save space, we defer additional data description, alternative methods to estimate implied and

realized variance, and robustness checks to the Online Appendixﬂ

5For literature on the stock market variance risk premium, see, e.g., [Driessen et al.| (2009), [Bollerslev et al.
(2011)), |Carr and Wyl (2009), |Cremers et al.| (2010) and Todorov| (2010), among others. [Bakshi and Kapadia
(2003) and |[Vedolin| (2010) for example study the variance risk premia of individual stocks and |Trolle and
Schwartz (2009) investigate variance risk premia in commodity markets.

TJoslin| (2010) studies the variance risk premium using swap data and proposes a model that under certain
restrictions can generate unspanned stochastic volatility. Additionally, see|Collin-Dufresne and Goldstein| (2002]),
Heidari and Wu| (2003)), |Casassus et al.| (2005)), (Collin-Dufresne et al.| (2008), Bibkov and Chernov| (2009)), |Trolle
and Schwartz| (2009), [Andersen and Benzoni| (2010) and |Almeida et al.| (2010 among others.

8The Online Appendix is available on the authors’ webpage.
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2.2 Data

In this section, we briefly introduce the data used in our analysis. Firstly, we use futures and
options data to construct the bond and equity variance risk premia. Secondly, we calculate
excess returns for Treasury, stock, corporate bond and mortgage-backed securities portfolios.
Finally, we use a large set of macro and forecast data as controls to explore the determinants
and the predictive power of the variance risk premia. The summary statistics for excess returns

and additional variables are contained in the Online Appendix.

2.2.1 Futures and Options Data

Treasury Futures and Options: To calculate implied and realized variance measures for Trea-
sury bonds, we use futures and options data from the Chicago Mercantile Exchange (CME).
We use high-frequency intra-day price data of the 30 year Treasury bond futures, the 10 year
and 5 year Treasury notes futures and end-of-day prices of options written on the underlying
futures. The data runs from October 1982, May 1985 and May 1990 to June 2010 for the 30
year, 10 year, and 5 year Treasury bond futures and options, respectively. Using a monthly
frequency throughout the paper, we have at most 333, 302, and 242 observations available,
respectively.

Treasury futures are traded electronically as well as by open outcry. While the quality of
electronic trading data is higher, the data only becomes available in August 2000. To maximize
our time span, we use data from electronic as well as pit trading sessions. We only consider
trades that occur during regular trading hours (07:20-14:00) when the products are traded
side-by-side in both markets]

The contract months for the Treasury futures are the first three (30 year Treasury bond
futures) or five (10 year and 5 year Treasury notes futures) consecutive contracts in the March,
June, September, and December quarterly cycle. This means that at any given point in time,
up to five contracts on the same underlying are traded. To get one time series, we roll the
futures on the 28" of the month preceding the contract month.

For options, the contract months are the first three consecutive months (two serial expira-
tions and one quarterly expiration) plus the next two (30 year futures) or four (10 year and
5 year futures) months in the March, June, September, and December quarterly cycle. Se-
rials exercise into the first nearby quarterly futures contract, quarterlies exercise into futures
contracts of the same delivery period. We roll our options data consistent with the procedure
applied to the futuresm
SEP 500 Index Futures and Options: Inline with our approach for Treasuries, we calculate the

implied and realized variance measures for the stock market using futures and options on the

9Liquidity in the after-hours electronic market is significantly smaller than during regular trading hours.
0Detailed information about the contract specifications of Treasury futures and options can be found on the
CME website, www.cmegroup.com.
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S&P 500 index from CME. The sample period is from January 1983 to June 2010@

2.2.2 Excess Returns Data

Treasury Bonds: We use the Fama-Bliss discount bond database from CRSP to calculate
annual Treasury bond excess returns for two to five year bonds. We denote the return on a

T-year bond with log price ptT) by 7}(-?1 = g}l) — pgT). The annual excess bond return is

defined as rxg)l = rg_)l — ygl), where yt(l) is the one year yield.

Stocks: To proxy for the market portfolio, we use the value-weighted index from CRSP. The
growth and value portfolio returns are constructed using the six portfolios formed on size and
book-to-market from Ken French’s data library. The respective returns are the average of the
returns of the small and big growth and value portfolio, respectively. The three, six and twelve
month excess returns are defined as the cumulative return on the respective portfolio minus
the Treasury yield.

Corporate Bonds and CMBS: We use corporate bond and commercial mortgage-backed secu-
rities (CMBS) indices from Barclays Capital to calculate three, six and twelve month excess
returns. We use AAA, BBB, and CCC indices for long and intermediate corporate bonds and

AAA, BBB, and B indices for CMBS. CMBS data is available starting in 1997.

2.2.3 Other Data

Forecasts:We use forecast data from BlueChip Economic Indicators (BCEI) to calculate proxies
of uncertainty about macroeconomic variables. BCEI collects monthly forecasts of twelve key
financial and macroeconomic indicators from about fifty professional economists in leading
financial and economic advisory ﬁrmsE The forecasts are made for different time horizons.
This data exhibits strong seasonality and thus, we adjust the series using a 12-period ARIMA
filter. We use the cross sectional standard deviation of the filtered panel data within each
month as the monthly gauge of uncertainty. We calculate the time series of the cross sectional
standard deviation using the forecasts for the current and the subsequent calendar year for each
forecast variable ¢. Thus, for each variable we have two time series reflecting the uncertainty

of the forecaster. Our uncertainty proxy Ut is the first principal component extracted from

1YWe compare our results to the VIX and VXO measures that are calculated using options on the S&P500
cash index instead of S&P500 index futures. The VIX is the implied volatility calculated using a model-free
approach, whereas the VXO is calculated using the (Black and Scholes|, [1973)) implied volatility. The VIX is
available starting in January 1990 and the VXO is available since January 1986. Over the common sample
period, the VIX and our implied volatility measure from index futures options using the same methodology
have a correlation of over 99.4% and the root mean squared error is below 1%.

2The twelve series are the real gross domestic product (RGDP), the GDP chained price index (GDPI), the
consumer price index (CPI), industrial production (IP), real disposable personal income (DPI), non-residential
investment (NRI), the unemployment rate (UNEM), housing starts (HS), corporate profits (CP), total US auto
and truck Sales (AS), the three-month secondary market T-bill rate (SR) and the ten year constant maturity
Treasury yield (LR).
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these two time seriesm In our analysis, we use uncertainty about the real (RGDP) and the
nominal (CPI) side of the economy, as well as uncertainty about short and long rates (SR and
LR), where USE can also be interpreted as uncertainty about monetary policy. The forecast
data is available until December 2009.

Macroeconomic Factors: We compute the eight static macroeconomic factors ﬁj,j =1...,8,
from [Ludvigson and Ng| (2009) and Ludvigson and Ng| (2011) for an updated data set through
June 2010@ We also estimate volatility proxies for inflation and consumption, o and o4. We
calculate these by estimating a GARCH process for monthly CPI inflation and consumption
(non-durables and services). The data is from Global Insight and the Federal Reserve Economic
Data base (FRED).

Additional Variables: Using the Fama-Bliss data, we also construct a tent-shaped factor from
forward rates, the |Cochrane and Piazzesi (2005)) factor, CP. Furthermore, we calculate the
slope of the term structure as the difference between the ten year and the one month Treasury
yield (SLOPE). In addition, we use the log dividend yield (DY), the log earnings/price ratio
(E/P), and the net equity expansion (NTIS) from |Goyal and Welch (2008), and REF, the

Mortgage Bankers Association refinancing index.

2.3 Estimation of Bond Variance Measures and Variance Risk

Premia

In this section, we describe the methods used to estimate the expected risk-neutral and ob-
jective variance, E? ( ftT aidu) and Eip ( ftT aﬁdu), and the variance risk premium, defined as
the difference between the twoll]

Moreover, we define a Treasury Implied Volatility or TIV measure in the spirit of the well
known VIX index that is calculated by CBOE for the S&P500 index. Our proposed TIV
measure is the 30 year Treasury bond futures implied volatility, i.e. the square root of the
implied Variancem We calculate a daily TIV measure going back to October 1982]3]

13 As the principal components are latent, we ensure that the first principal component is positively correlated
with the two uncertainty proxies.

14The original data set was previously used in|Stock and Watson| (2002). Some of the macroeconomic variables
are no longer available after 2007. Consequently, we use 125 instead of 132 macroeconomic time series. In
addition, we exclude all stock market and interest rate time series and work with a set of 104 variables. We also
use the full data set with 125 variables and the original factors for shorter sample period ending in 2007 as a
robustness check. Our results remain unchanged. A detailed description of the macroeconomic data is provided
in the Online Appendix.

15We present and discuss additional methods to estimate expected variance in the Online Appendix. Overall,
our empirical results are robust to using reasonable alternative methods to what is described in this section.

'6Unlike the 10 year and 5 year instruments, the 30 year Treasury futures and options have the longest
available history and they are very liquid even in the 1980s.

'"The time series for the TTV measure will be made available on the authors’ website. As mentioned in Section
we construct our own VIX measure, which is based on options on S&P500 index futures rather than on the
underlying cash index. This allows us to obtain a longer time series as options data on S&P500 index futures
date back to the 1980s with high trading volumes, whereas the VIX only starts in 1990.
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2.3.1 Implied Variance

As is commonly done, we use options to back out a proxy for the expected variance under the
risk-neutral measure, E? ( ftT aidu) We implement a model-free method as proposed by
Britten-Jones and Neuberger| (2000) that only requires current option prices to calculate the
implied variance (subsequently denoted MIV).

One well-established application of the model-free implied variance is the VIX, which is
an index of implied volatility (i.e. the square root of the MIV) calculated using options on
the S&P500{Neuberger| (1994) shows that the VIX corresponds to the quadratic variation of
the forward price of the S&P500 index under the risk-neutral measure. One issue with the
replication of the variance swap is that it heavily relies on the Itassumption for the underlying
process. In the presence of skewness, |Carr and Lee (2009) show that the VIX will be upward
biased compared to the true risk-neutral quadratic variation. Martin (2011) introduces the
simple variance swap for which the realized leg can be computed from simple returns of the
underlying index and the index forward. He shows that—just as the VIX—the SVIX can
also be approximated as a portfolio of out-of-the-money options and can be constructed under
slightly weaker assumptions and in the presence of jumpsB

To implement the methods for calculating the implied variance for options on Treasury
futures, we treat the American options as European@ Furthermore, we assume that the short
risk-free rate is non-stochastic (or at least not too volatile) such that the forward and futures
prices coincide "]

To calculate the model-free implied variance, MIV, we then follow Demeterfi et al.| (1999)
and [Britten-Jones and Neuberger| (2000). They show that if the underlying asset price is
continuous, the risk-neutral expectation of total return variance is defined as an integral of
option prices over an infinite range of strike prices. Since in practice, the number of traded
options for any underlying asset is finite, the available strike price series is a finite sequence.

Denote C(T, K) the spot call price with strike price K expiring at time 7. Suppose the

'8The simplest way to calculate the implied variance would be to invert the standard [Black (1976)) formula
(we denote the implied variance from this method BIV). Black’s model is often used to value interest rate
options. Busch et al.| (2011) for example use this measure to study the forecasting power of implied volatility for
realized volatility of Treasury bond futures. However, one of the relevant assumptions underlying the model is
constant volatility, which is inconsistent with the application to forecasting changes in volatility. Nevertheless,
the empirical results are qualitatively robust to using the BIV measure instead of a model-free approach.

9For robustness checks, we also implement this method and denote the resulting implied variance measure
SIV. Again, results are robust. Summary statistics are provided in the Online Appendix.

20Jorion| (1995) shows that early exercise premia are small for short maturity at-the-money options on futures,
while |Overdahll (1988]) demonstrates that early exercise of options on Treasury futures happens about 0.1% of
the time and happens both with calls and puts but only with options that are significantly in the money. In the
empirical implementation, we use only out-of-the money options and thus assume that the early exercise option
will not distort the option price.

21Similar to the issue with the Black (1976) implied volatility, this is a slight inconsistency in the approach
as interest rates are clearly assumed to be stochastic when it comes to calculating the payoff of the option
(which is written on a futures contract that is dependent on an underlying interest rate process). However, the
assumption we have to make to implement the method concerns the short risk-free rate and not directly the
interest rate underlying the Treasury futures option.
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available strike prices of the call options belong to [K <, FC}, where K° > K¢ > 0. As shown
in |Jiang and Tian| (2005), a truncated version of the integral over the infinite range of strike
prices can be used to evaluate the model-free implied volatility. We use the trapezoidal rule

to numerically calculate the integral:

K e
C(T,K) — max (0, F; — K) K - K . .
2/c K? AR~ = Zl (900 (KF) + gur (KE1)]
where C (T, K¢) (0, F — K9
sy Ny ) — max (U, — I
g (K5) = K ; , (2.1)

Fy is the forward price and K7 is the ith largest strike price for the call option. To implement
the trapezoidal rule, we now need the option prices C (7', K¥), for ¢ = 1,...,m. Since some
of these prices are not available, we apply a cubic spline interpolation method as proposed in
Forsythe et al.| (1977) to obtain the missing Valuesﬂ
Then, . .
7a C
M1V = 5253 o (K9 + gur (KE.)). (22)

m
=1

where 7 = T —t denotes the time horizon or time to maturity. As mentioned above, we replace
F; in equation by the futures price. Since in-the-money options are less liquid, equation
is evaluated for out-of-the money options whose strike prices are no less than 0.94 x F}
(calls) or no bigger than 1.06 x F; (puts)@ Finally, we set m = 100 and restrict MIV; » = 0
when t =T.

We estimate the MIV at the end of each month for a 7 = 30 day horizon to get our monthly
time series, denoted MIVt(i), where i = {30y, 10y, 5y, E'} stands for either the 30 year, 10 year
of 5 year Treasuries or the equity index @

2.3.2 Realized Variance

To estimate E} ( ftT J?Ldu), the daily expected variance under the physical measure, we first

consider the daily realized variance RV} opeday, Which is defined as:

M
2
R‘/t,oneday = E Ttis
i=1

22Jjang and Tian (2005) take a different approach: They first calculate the implied volatilities of available
options with the Black and Scholes formula, and then use the interpolation method to obtain the Black and
Scholes implied volatilities of the unavailable options. Using these implied volatilities, they use the Black and
Scholes formula again to obtain a continuum of option prices. They claim that their method can avoid the
nonlinearity problem in the option prices. However, we find a direct use of the interpolation method on the
option prices to be more robust.

23Following [Jiang and Tian| (2005) we use out-of-the-money puts to get prices for the in-the-money calls.

2YNote that we drop the subscript 7 as we focus on the monthly horizon.
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where 7; = log P(t —1+i/M) —log P(t — 1+ (i —1)/M) is the intra-daily log return in the 5*"
sub-interval of day ¢ and P (¢t — 1+ i/M) is the asset price at time ¢ — 1 +i/M. For each day,
we take 1; between 7:25 and 14:00. Inline with Andersen et al. (2007a), we use five minute
intervals to calculate RV} oneday-

The normalized monthly realized variation RV} 0, is defined by the average of the 21 daily
measuresﬂ The normalized weekly realized variation RV} yeer is correspondingly defined by

the average of the five daily measures:

20

4

1 1

R‘/t,week = 5 E Rm—j,onedayv and R‘/t,mon = ﬁ E R‘/;t—j,oneday-
Jj=0 Jj=0

To better capture the long memory behavior of volatility, (Corsi (2009) proposes the het-
erogenous autoregressive model for realized variance using the daily, weekly and monthly re-
alized variance estimates. Andersen, Bollerslev, and Diebold (2007)Andersen et al. (2007a)
extend the standard HAR-RV model to show that the predictability for realized variance over
different time intervals almost always comes from the continuous component of the total price
variation, rather than the discontinuous jump component. Corsi, Pirino, and Ren(2010) intro-
duce the concept of threshold bipower variation and show that it is well suited for estimating
models of volatility dynamics where continuous and jump components are used as explanatory
variables. They document that jumps can have a highly significant impact on the estimation
of future volatility. Their HAR-TCJ model for forecasting daily realized variance is expressed

as:
R‘/tJrl,oneday =a+ 6DTCt,oneday + /BWTCt,week + /BMTCt,mon + BJTJt,oneday + Et+1,

where the threshold bipower variation measure is used to estimate the jump component,
Tt oneday = 10— 1259, X (RVi.oneday — TBPV;)™ and the continuous part TCy oneday = BVi.oneday—
This simple method avoids some difficulties in long memory time series modeling and the
parameters can be consistently estimated by OLS. However, a Newey-West correction is needed
to make appropriate statistical inference. Moreover, such a HAR-TCJ type model can be easily
modified, for example, by adding extra covariates that contain predictive power.
We aim to obtain the monthly estimates directly, so we replace the daily realized variance
RV 1 oneday by the normalized monthly measure RVi21 mon. Moreover, we include lagged

estimates of implied variance to further improve the realized variance forecasts. Hence, we run

250n average, we have 21 trading days per month.
26The expression for the threshold bipower variation, TBPV4, is given in Corsi, Pirino, and Ren(2010). We
use the confidence level a = 99.9%.

77



the following OLS regression for the projection:

RVi21,mon = a+BD,—Z/;5t,oneday+6Wﬁt,week+/8Mﬁt,mon+ﬁJﬂt,oneday+/8}VIV(L)t+5t+21,mon7
(2.3)
where IV (L), contains lagged implied variances up to lag L@
We implement this regression using an expanding window. This allows us to obtain real-
time forecasts RV t+21,mon for RViy21 mon without any look ahead bias As the HAR-TCJ
predictor for the one month horizon, denoted RV;(HARIVJ), we use:

(HARIV.J)

RV; =21 x E‘\/t+21,mona

where E‘\/t+217mon is the projected value from regression . Furthermore, we denote the
simple realized variance estimator obtained from summing RV} oneday OVer the past month
RV VS,

The left Panels in Figure show time series plots for the annualized monthly implied
volatility measures for the 30 year, 10 year, and 5 year Treasury bond futures, respectively as
well as the S&P500 index (i.e. we take the square root of the corresponding variance measures
to make the magnitudes comparable to the VIX)@ The right Panels plot the realized volatility
measures. The first two Panels in Table present summary statistics of implied and realized
volatility measures. Again, all numbers shown are annualized and expressed in percent. The
implied volatility measures are on average larger than the realized quantities, both for the
Treasury and the equity market, implying a positive variance risk premium. The equity im-
plied and realized volatility is notably higher than the measures for the Treasury markets. The
magnitudes of Treasury volatilities are increasing with the maturity of the underlying bonds.
Moreover, all measures exhibit positive skewness and excess kurtosis. The autocorrelation co-
efficients range between roughly 70% and 80%. Finally, as previously mentioned, the summary
statistics of the implied volatility measure calculated using options on S&P500 index futures
are almost identical to the summary statistics of the original VIX.

Remark: In principle, there exist many different measures of realized variance and a priori,
it is not clear what measure we should use. In the Online Appendix, we show that the HAR-
TCJ model augmented by lagged implied variance terms performs the best when predicting
out-of-sample future variance. The results are robust to the different loss functions we use to

evaluate the performance.

2TWe choose the lag length to be four using the Akaike and Bayesian information criteria.

28We use daily realized variance estimates from the first 222 trading days as the input for initial estimation:
Daily realized variances from day 1 to day 200 are used to construct RV} oneday, RBVz,week, and RV mon. Daily
realized variances from day 22 to day 222 are used to construct RV;421,mon. On day 222, the first out of sample
forecast R\\/Hgl,mon from the fitted model is constructed by using RV222 oneday, RV222,week, and RV222 mon as
the input data to the initial fitted model. The same method is applied for day 223,224, ... with the corresponding
parameters.

29 As mentioned before, we use options on S&P500 index futures to be consistent with our calculations for the
Treasury implied variance measure.
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2.3.3 Variance Risk Premia

We define the variance risk premium for horizon 7 as follows:

T T
VRP,, =E2 ( / agdu> — EF ( / agdu> ,
t t

where 7 =T — t denotes the time horizon@ Economic theory suggests that the variance risk
premium should be positive in order to compensate investors who bear risks from expected
price fluctuations. The general positiveness of the variance risk premia can be confirmed
empirically from comparing the means of the different volatility measures in Table

In Figure we plot the annualized variance risk premia (expressed in percent), defined as
the difference between the model-free implied variance MIV® and the realized variance esti-
mate RV HARIVLD) fo1 the 30 year, 10 year and 5 year Treasury futures (VRP(?’O?/)7 VRP(10y)
and VRPOY) | respectively), and the S&P 500 index futures (VRP(®)). As we can see, the
three Treasury time series share a lot of co-movement: The unconditional correlations between
the 5 year, 10 year and 30 year bond variance risk premia is between 57% and 75%. We also
note that VRP®%) displays the largest volatility, especially during crisis periods indicated
by the shaded areas. The bond variance risk premia are positive on average but they change
sign. In contrast, the equity variance risk premium VRPE) is essentially always positive and
on average significantly higher in magnitude. The correlations between the bond and the eqg-
uity variance risk premia range between 44% (V RP®¥)) and 66% (VRP®%)). The summary
statistics of the annualized variance risk premia expressed in percent are reported in Table
Panel C.

2.3.4 Treasury Implied Volatility (TIV)

In this section, we introduce a measure for Treasury Implied Volatility in the spirit of the
VIX. The TIV measure is the square root of the one month implied variance for futures on
30 year Treasuries, M1 V(309 The top Panel in Figure plots the annualized TIV measure
and our VIX measure (backed out from options on futures) for the common sample period
1983 to 2010. The unconditional correlation between the two monthly time series is 46%. The
unconditional correlation between the TIV measure and the original VIX for the period 1990
to 2010 is 62% £

The construction of the TIV measure has an economic merit, which goes beyond that of
the VIX measure alone. First, the TIV measure can be related to funding liquidity in Treasury

markets and second, the spread between the VIX and the TIV can be interpreted as a proxy

39For notational simplicity, we subsequently drop the subscript 7 as we always consider the one month horizon.

31The correlation between the TIV and our VIX measure for the same time period is exactly the same, which
is not surprising given the near perfect correlation between the original VIX calculated using options on the
cash index and our measure calculated using options on futures. We also calculate the implied volatilities using
simple returns, STIV and SVIX. The correlation for the full sample period is 49% and the correlation since 1990
is 64%.
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for flight to quality.

Theoretical work by (Gromb and Vayanos (2002) and Brunnermeier and Pedersen| (2009)
predicts that higher volatility leads to a tightening of funding constraints for market makers.
Moreover, Fontaine and Garcia (2011) establish a robust link between market uncertainty
(measured by the VIX) and funding liquidity. In their paper, funding liquidity is estimated
through price differentials of Treasuries of different age. Empirically, our TIV measure is
strongly related to funding liquidity. When regressing the funding liquidity proxy on the TIV
measure, we find a highly significant slope coefficient with a t-statistic larger than five and
an R? of 30%@ The relationship is also economically significant: A one standard deviation
change in the TIV implies more than half a standard deviation change in the funding liquidity
proxy. Thus, spikes in the TIV can be interpreted as funding shocks, which lead to an increase
in the funding liquidity premium.

Brunnermeier and Pedersen| (2009) also show that in periods of flight to quality, highly
liquid assets are characterized by relatively low volatility. As a consequence, the volatility
spread between low and high volatility assets explains part of the liquidity spread. We plot
the volatility spread between the VIX and the TIV in Figure (middle Panel). Most of the
time, the spread is no larger than 10% but sometimes experiences sudden extreme spikes. For
example during the October 1987 crash, the LTCM default in August 1998 or the Lehman
default in September 2008, the spread tripled within a month. These are periods usually
associated with flight to quality (see, e.g. |Caballero and Krishnamurthy| (2008)).

Apart from the TIV measure, there is a Treasury option volatility measure available in
the market, the Merrill Lynch Option Volatility Estimate (MOVE) index. The MOVE is a
yield curve weighted index of the normalized implied volatility on one month Treasury options,
which are weighted on the 2, 5, 10, and 30 year contracts. This index is available since 1988.
The bottom Panel of Figure plots our TIV measure along with the MOVE index. The
correlation for the common time period is 81%. Two main differences between the MOVE and
the TTV make the latter a more appealing proxy for volatility risk in the Treasury market.
First, the MOVE is calculated using Treasury options while we use options on Treasury futures.
Treasury options are options on benchmark Treasury securities, which are not exchange traded
and hence are significantly less liquid. In practice, they are thus marked at some fixed spread
to swaptions. Second, there is no transparent market for out-of-the money Treasury options,
so the MOVE index is calculated using the Black (1976) model to compute implied volatility
of at-the-money Optionsﬂ In the next section, we study the determinants of the variance risk
premia and document the strong predictive power of the bond variance risk premia for excess

returns on Treasury, stock, corporate bond and CMBS portfolios.

32We thank Ren Garcia for sharing the data.
33Moreover, the MOVE would not suitable to calculate bond variance risk premia as this would require high
frequency data on benchmark Treasury securities.
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2.4 Empirical Evidence

In this section, we first investigate the economic determinants of bond and equity variance
risk premia. Inline with intuition, we find that the variance risk premia are largely driven by
uncertainty about real and nominal variables. Secondly, we study the predictive power of the
Treasury bond variance risk premia for Treasury, stock, corporate bond and mortgage-backed
security excess returns. We do this univariate and multivariate, i.e. we run regressions using
only information from the bond variance risk premia measures as regressors before including
additional explanatory variables. Due to multicollinearity concerns with regards to the bond
variance risk premia, we perform a principal components analysis and use the three principal
components as regressors instead of the individual Treasury variance risk premia. We find
that estimated coefficients of bond variance risk premia are both economically and statistically
significant, in- and out-of-sample, even if we include standard predictors suggested in the
literature.

We calculate the variance risk premia using the methods described in the previous section.
In our main specification, the variance risk premium is the difference between the model-free
implied variance and the augmented HAR-TCJ projection. However, the results in this section
are also robust to using other IV or RV measures[*’]

To study the determinants and predictability of bond variance risk premia, we choose July
1991 to June 2010 as the sample period. Starting in mid 1990, we have data for all variance
risk premia and we can calculate the principal components. However, since we calculate the
variance risk premia using an expanding window to remove any look-ahead bias, we allow for

a burn-in period of one year.

2.4.1 What Drives Bond Variance Risk Premia?

It is natural to assume that variance risk premia are associated with higher uncertainty. Op-
tions provide investors with a hedge against high variance in the underlying returns and high
variance usually occurs when unexpected shocks affect macroeconomic variables. The premium
that investors are willing to pay or receive to hedge against such events is related to their un-
certainty. Equilibrium models that study variance risk premia focus on the equity market
only. [Drechsler and Yaron| (2011) link the variance risk premium of the stock market index to
uncertainty about fundamentals. In particular, time variation in economic uncertainty and a
preference for early resolution of uncertainty are required to generate a positive variance pre-
mium that is time varying and predicts excess stock market returns. Drechsler (2010) reports
a high correlation between the variance risk premium and the dispersion in the forecasts of
next quarter’s real GDP growth from the Survey of Professional Forecasters.

To examine whether uncertainty affects bond variance risk premia as well, we regress the

34We also implement implied variance measures based on simple variance swaps (as in Martin| (2011))) and by
inverting the Black| (1976)) formula for ATM options. As for the realized variance measures, the results are for
example robust to using the standard HAR-RV projection proposed by |Corsi| (2009).
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monthly variance risk premia measures on uncertainty factors constructed from BlueChip Eco-
nomic Indicator forecast data. We proxy for uncertainty about the real and nominal side of the
economy by the cross sectional standard deviation of the forecasts of CPI (ﬁ CPIy and real GDP
(URGDP ) for the current and the next calendar year, respectively. We also construct uncer-
tainty proxies for the three month Treasury bill rate (which can be interpreted as uncertainty
USR and ULR, respectively) In

addition to the uncertainty measures, we include two variables that measure the time-varying

about monetary policy) and the ten year Treasury note yield (

volatility of inflation and consumption (o, and oy, respectively) and two macro factors that
can be interpreted as a real (131) and a nominal (or inflation) factor (ﬁg) in the regression. The
macro volatilities are calculated by estimating a GARCH(1,1) process using monthly CPI and
per capita consumption (non-durables and services). The macro factors are constructed using
the first two principal components of a large set of macro variables as in |[Ludvigson and Ng
(2009, 2011)@ Finally, we add the slope of the term structure (SLOPE) and the refinancing
index from the Mortgage Bankers Association (REF) as additional regressors. Hence, we run

the following regression:
VRPY = BVU, + fTF, + 58, + ¢,

where VRPt(i) is the bond or equity variance risk premium (i = {30y, 10y, 5y, E'}) at time ¢, U,
is a vector of the uncertainty measures, f‘t contains the real and nominal macro factors, and §t
contains the macro volatilities, the slope of the term structure and the refinancing index. egi) is
the error term. All coefficients are estimated with ordinary-least squares and standardized to
allow for a straightforward assessment of the economic significance. We report t-statistics that
are calculated using Newey and West (1987) standard errors. The sample spans the period
from July 1991 to December 20097

In order to avoid multicollinearity concerns in this regression, we consider the cross-
correlations of the potential determinants presented in Table The uncertainty proxies
for the short and the long end of the yield curve are positively correlated, but the coefficient
is merely 42%. Both uncertainty measures also exhibit a positive correlation with uncertainty
about real GDP. Apart from this, only F\l and o, exhibit sizable correlations with other deter-
minants: the correlation for the two time series is —0.61. Moreover, ﬁl and o, are correlated
with UCP! (—0.74 and 0.57, respectively). Overall, correlations are fairly moderate and give
no reason for concern.

The determinant regression results are presented in Table In summary, the results

confirm that uncertainty variables have relevant explanatory power for variance risk premia

35Gee Section [2.2] for details.

36Given that the factors are principal components, the economic interpretation is not straightforward. We
calculate the marginal correlations of the individual time series with the respective factors for our data set. As
in |Ludvigson and Ng| (2009)), it is reasonable to interpret the first factor as a real factor. The second factor can
be interpreted as a nominal or inflation factor. See the Online Appendix for additional information.

3"We only have the BlueChip data available until the end of 2009.
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but there are distinct differences between the Treasury maturities and also between Treasury
and equity variance risk premia.

The four uncertainty factors alone explain around 45% of the variation in 30 year bond and
equity variance risk premia. For 10 year and 5 year bond variance risk premia, this number
drops to 21% and 12%, respectively. In general, higher uncertainty is associated with an
increase in bond and equity variance risk premia. However, uncertainty about the short rate is
a notable exception, as 30 year Treasury and equity variance risk premia significantly decrease
given an increase in uncertainty about monetary policy. Intuitively, we can explain this as
follows: Larger uncertainty about the short end makes investors with negative expectations
more willing to buy long term bonds, because these provide a hedge against an increased
duration due to a drop in the short term yields. Hence, investors pay a premium for holding
these bonds. It should be noted, however, that interpreting signs with proxies of uncertainty
can be difficult. First, the impact of uncertainty on risk premia in equilibrium models usually
depends on the amount of pessimists versus optimists, where pessimists are those agents who
have a lower than the consensus forecast (see, e.g., Jouini and Napp) (2007) for equity markets,
and Xiong and Yan| (2010), for bond markets). Uncertainty only implies a positive impact on
risk premia if wealth-weighted beliefs are dominated by pessimists. Second, it is not mandatory
that higher uncertainty is always associated with worsening economic conditions (see, e.g.,
Patton and Timmermann, (2010))).

Uncertainty about inflation has the largest economic impact on the variance risk premia: A
one standard deviation change in inflation uncertainty implies on average almost half a standard
deviation change in the variance risk premia. Inline with intuition, uncertainty about the long
rate predominantly affects 30 year bond variance risk premia and uncertainty about real GDP
is only significant for equity variance risk premia. The shape of the term structure, i.e. the
slope, affects both bond and equity variance risk premia. A one standard deviation move in
the slope moves bond variance risk premia by between 0.2 and 0.35 standard deviations.

These results are robust to adding levels and volatilities of macro variables to the regression.
The macro volatilities are at most marginally significant, while the real factor has a negative
effect on both bond and equity variance risk premia with an increasing statistical significance
in the maturity of the underlying. For bond variance risk premia, the coefficient is around
—0.14 and the effect almost doubles for equity variance risk premia. In addition, the price
factor has a significantly positive effect on equity variance risk premia. At the same time,
adding Fy and F, to the bond variance risk premia regressions only marginally improves the
adjusted R?, further supporting the notion that variance risk premia are driven predominantly
by uncertainty and not by actual macro fundamentals@

As shown in Figure the MBA refinancing index is highly correlated with Treasury
variance risk premia. In a regression of the individual variance risk premia on the refinancing

index, the coefficients are positive and strongly significant. A one standard deviation move in

38 Adding even more macro factors does not further improve the fit of the regression.
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the refinancing index is associated with 0.3 to 0.45 standard deviation moves in the variance risk
premia. In the multivariate regressions, however, the effect is muted. The strong statistical
significance only remains for the equity variance risk premia, while the uncertainty proxies

largely drive out the refinancing index for bond variance risk premia.

2.4.2 Principal Components

Next we want to assess the predictive power of bond variance risk premia for different assets.
To this end, we regress excess returns on bond variance risk premia. Since the average pair-
wise correlation between the individual bond variance risk premia is very high, we calculate
the principal components of the bond variance risk premia to circumvent the issue of multi-
collinearity@ The principal components analysis allows us to summarize in a parsimonious
way the information in the term structure of bond variance risk premia.

We denote by VRPFCD) vV RP(FPC2) and VRPWFCE3) the first, second, and third principal
component, respectively. The first principal component explains roughly 77% of the variation
in the Treasury variance risk premia, while the second and third principal components explain
the remaining 15% and 8%, respectively. Table reports the factor loadings for the three
bond variance risk premia. It seems appropriate to interpret the three principal components
in analogy to the term structure literature as level, slope and curvature (see, e.g., Litterman
and Scheinkman, (1991))).

In interpreting the loadings, one has to keep in mind our setup, where the horizon for the
variance risk premia is constant while the underlying bond maturity is changing. To calculate
a term structure in the usual sense, we would need longer maturity options for each futures.
Due to a lack of liquidity and availability of longer maturity options, this is not possible@

Adding the equity variance risk premium to the principal components analysis does not
significantly alter the pattern. The first principal component still explains almost 70% of
the total variation and can be interpreted as a level factor for the Treasury variance risk
premia (the correlation with V RP(PC1) is 98%). The second factor explains 15% and can be
interpreted as a slope factor for bond variance risk premia. Moreover, the equity variance risk
premium strongly loads on this factor. The correlation with VRPC?) is 53%. The third
factor explains 10% and is again a slope factor, exhibiting a correlation with VRP(FC2) of
almost 85%. Finally, the last factor is a curvature factor. It explains the remaining 5% of the
variation and its correlation with VRP®FC?) is 84%.

In the next section, we use the three principal components instead of the individual variance
risk premia to examine the predictive ability of the bond variance risk premia. However, we
include the regression results using the original variance risk premia in the Online Appendix.

The principal components analysis allows to better understand some of the regression results

39The pairwise correlations between the bond variance risk premia range between 57% and 75% for our sample.

“OFeunou et al| (2011) estimate a term structure of uncertainty using equity options. They use multiple
horizons for the same underlying and then perform a principal components analysis. They find that the first
three principal components can also be interpreted as level, slope and curvature.
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using the actual variance risk premia. It turns out for example that the third PC, the curvature
factor, has significant predictive power for Treasury bond excess returns. As shown in Table
the loadings of the 30 year and the 10 year Treasury variance risk premia on this factor
are exactly opposite. Hence, it is not too surprising that the sign of the coefficients for these

two variance risk premia is exactly opposite as well.

2.4.3 In-Sample Predictability

Using the principal components for the Treasury variance risk premia, we study the in-sample
predictive power of bond variance risk premia for fixed income and equity excess returns. To

do this, we run the following type of regression:

el = BOVRP, M D,
(4)
t+
principal components of the bond variance risk premia, VRP(FCD) | vV RP(FC2) and V RPPC3),
(4)

Lo
We calculate excess returns for two to five year Treasury bonds, the stock market, a growth

where rxz,/, denotes the h-period excess returns for asset i. VRFP; is a vector containing the

M; denotes a vector of additional predictor variables and e is the error term.

and value portfolio, corporate bond indices for AAA, BBB and CCC rated securities, and
commercial mortgage-backed securities indices for AAA, BBB and B rated securities. For
Treasuries, we only calculate annual excess returns, whereas for all other assets we calculate
three, six and twelve month excess returns as the difference between the respective portfolio
returns and the corresponding Treasury rate.

Note that we always report standardized regression results, meaning that, for all regressors
and regressands, we de-mean and divide by the standard deviation. This makes coeflicients
comparable across different predictors and allows to directly interpret not only the statistical
but also the economic significance. We report t-statistics that are calculated using Newey and
West (1987) standard errors. The sample period is always from July 1991 to June 2010, except
for CMBS excess returns, which are only available starting in January 1997.

For the fixed income excess return regressions (Treasuries, corporates, CMBS), M; includes
the equity variance risk premium, the |Cochrane and Piazzesi| (2005) factor, CP, and the eight
macro factors from [Ludvigson and Ng (2009} 2011}), F\j,j = 1...,8. For the stock portfolio
excess return regressions, we include the log dividend yield, DY, the log earnings to price
ratio, E/P, and NTIS, the net equity expansion as additional regressors as in |Goyal and Welch
(2008)[M]

In Tables and we present the regression results excluding the additional control
variables@ Panel A in Table contains the results for Treasury bond excess returns. The

'We exclude some of the additional regressors from |Goyal and Welch| (2008)) as the updated data is not
available. We also exclude the book-to-market ratio as it exhibits a correlation of almost 80% with DY over the
sample period. Moreover, it is not significant.

42Glightly abusing the language, we refer to these results as the univariate regression results.

85



coefficients for the third PC are significant and negative for all maturities, implying that spikes
in this PC lead to lower excess returns. A one standard deviation positive shock roughly results
in a 0.18 standard deviation reduction in bond excess returns for all maturities. The third PC
is the curvature factor, meaning that an increase in the curvature of bond variance risk premia
predicts lower Treasury bond excess returns. The average adjusted R? is roughly 3%.

Univariate regression results for stock excess returns are reported in Panel B of Table
We find predictability in the second and third principal components for the market, growth and
value portfolio excess returns for horizons between six and twelve months. The statistical and
economic significance for the second PC, the slope factor, is particularly high. A one standard
deviation move in the slope factor results in 0.2 to 0.3 standard deviation larger excess returns
for longer horizons. The third PC is significant for the market and growth portfolios. However,
unlike for Treasury bond excess returns, the coefficient for stock excess returns is now positive
and is estimated at 0.17 for six month excess returns. Adjusted R? range between 7% and 9%
for the market and growth portfolio and reach 11% for the value portfolio.

Table presents the regression results for long and intermediate corporate bond excess
returns (Panels A and B), and commercial mortgage-backed securities excess returns (Panel
C). Overall, the predictability is strong with adjusted R? ranging between 5% for three month
excess returns on intermediate AAA rated bonds and reaching 38% for twelve month BBB rated
CMBS. The predictive power increases with the horizon and is strongest for intermediate rating
categories, i.e. BBB rated securities. Predictability for intermediate maturity bonds is slightly
higher than for long maturity bonds. Unlike for Treasuries and stocks, the curvature factor
does not contain any predictive power. However, the first PC, the level factor, is very strongly
significant, both statistically and empirically. For twelve month corporate bond excess returns,
the coefficients range between 0.35 for intermediate AAA bonds and 0.52 for intermediate BBB
bonds. For CMBS;, the first PC is strongly significant for AAA and BBB rated securities and
six to twelve month excess returns. The second PC is also almost uniformly strongly significant
at all horizons. However, it works less well for high yield corporate bonds and CMBS. As with
the first PC, the coefficients almost reach 0.5 for six and twelve month excess returns.

To summarize the univariate regressions, bond variance risk premia have significant pre-
dictive power for a wide range of assets at various horizons. It is also worth noting that the
predictability is not concentrated in one specific latent factor. Relevant information is con-
tained in the whole "term structure” of bond variance risk premia. In a separate analysis,
we also run truly univariate regressions, i.e. using only one variance risk premium at a time.
The main results hold, meaning that we do find predictability. However, as the predictability
for Treasury excess returns for example is mainly contained in the third PC, it is not always
straightforward to pick it up. In addition, the variance risk premia may load with different
signs on principal components with predictive power, further complicating the detection and
interpretation of the predictability when using only one bond variance risk premium time series

at a time.
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To check the robustness of our univariate results, we next add different established predic-
tors of bond and equity excess returns to the regression. The results are reported in Tables
2.7 to 2101

To summarize, the results from the multivariate regressions with respect to the principal
components of Treasury variance risk premia are remarkably robust to the inclusion of a host
of control variables. Moreover, Treasury variance risk premia truly seem to pick up information
that is relevant for a wide range of asset classes and that goes beyond what is contained in
standard macroeconomic variables and the term structure of interest rates. In particular, the
predictive power of Treasury variance risk premia is much more general than the documented
predictability of the equity market variance risk premium, which predominantly works for stock
excess returns.

The coefficients for Treasury bond excess returns presented in Table[2.7] are still significantly
negative and economically relevant. Now, all three PCs are significant with the same sign. The
coefficients range between —0.14 and —0.27. Thus, an increase in the level, slope or curvature
of the term structure of bond variance risk premia results in lower Treasury excess returns.
Including the CP factor and the macro factors increases the adjusted R? to almost 30% across
all maturities for the Treasury bond excess return regressions. As in Ludvigson and Ngj (2009),
the macro factors explain a significant fraction of the variation in bond excess returns over the
sample period, and the CP factor is highly significant as well. Unlike the bond variance risk
premia, the equity variance risk premium does not seem to contain any relevant information
for forecasting bond excess returns at an annual horizon@

Table 2.8 presents the results for the stock excess return regressions including as additional
control variables the equity market variance risk premium, the dividend yield (DY), the earn-
ings to price ratio (E/P) and net equity expansion (NTIS). The equity variance risk premium
has significant predictive power for the market and growth portfolios, a result which is inline
with the findings in Bollerslev et al.| (2010). NTIS is strongly significant for six and twelve
month excess returns, while DY only has predictive power for twelve month excess returns on
the market and growth portfolios. As in the univariate regressions, the second and third PCs
are statistically significant for six to twelve month excess returns while the economic signifi-
cance remains largely unchanged. Overall, the adjusted R? raise to between 30% and 40% for
twelve month excess returns.

Not very surprisingly at this stage, the univariate results for corporate bonds and CMBS
largely carry over to the multivariate regressions@ The second PC, i.e. the slope factor
emerges as the strongest and most robust predictor while the first PC seems to be driven out

at short horizons by the additional controls, the CP factor in particular.

“3These findings echo the results in [Mueller et al.| (2011) who find that the equity variance risk premium
heavily loads on short-term bond risk premia but does not predict excess returns at the annual horizon.

4“4We report the regression results for intermediate corporate bond and CMBS excess returns in Tables
and [2:10] The results for long-term corporate bonds are qualitatively similar but in the interest of space they
are deferred to the Online Appendix.
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In summary, we find that excess returns on Treasuries, stocks, corporate bonds and CMBS
are predictable using bond variance risk premia. Overall, the reported in-sample predictability

is strong, both statistically and economically.

2.4.4 Out-of-Sample Predictability

There is ample evidence in the literature for the fact that in-sample predictability does not
necessarily imply out-of-sample predictability. For instance, Goyal and Welch! (2008) show that
a large number of predictors have very little out-of-sample predictive power for stock market
excess returns and they attribute the inconsistent out-of-sample performance of individual
predictive regression models to structural instability. In this section, we report results on the
out-of-sample forecasting performance of the regression models studied in the previous section.
We run out-of-sample regressions using the bond variance risk premia directly instead of the
principal components, since these are estimated using an expanding window. We therefore use
data only through time t for forecasting excess returns at time t + 1.

We run the out-of-sample test for the Treasury, long corporate bond, and the stock excess
returns but not the mortgage-backed securities, as the available sample period for these is too
short. We obtain the initial estimates based on the period from July 1991 to July 1999 and
study the out-of-sample predictability for the period starting in July 2000 and ending in June
2010.

For the corporate bond and stock excess returns, we compare the out-of-sample forecasting
performance of the bond variance risk premia to a constant expected returns benchmark. For
the Treasury excess returns, we have two different model specifications. First, we compare the
out-of-sample forecasting performance of the bond variance risk premia to a constant expected
returns benchmark where, apart from an MA(12) error term, excess returns are unforecastable
as in the expectations hypothesis. Second, since the expectations hypothesis is violated in the
data, we compare the out-of-sample forecasting performance of a specification that includes
bond variance risk premia plus the CP factor to a benchmark model that only includes CP
factor and a constant.

To check whether the bond variance premia have out-of-sample predictive power, we con-
sider two different metrics for the evaluation. The first one is the out-of-sample R? statistic,
denoted by R%OS (Campbell and Thompson, 2008). The RQOOS measures the proportional
reduction in the mean squared error for a competing model relative to the benchmark forecast.

It is akin to the in-sample R? and has the following form:

T N2
%thl (yt - Z/fs)
N 27
T ~
F 21 (yt — yi)

Rios =1~

where i is the forecast of the variable y; from the competing model i and Qf is the forecast

of variable g; from the benchmark model j. Note that both §i and gjg are obtained based on
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the data up to period ¢t — 1. If the R%OS is positive, the competing predictive regression has a
lower average out-of-sample mean-squared prediction error than the benchmark.

The second metric we employ is the ENC-NEW test statistic of Clark and McCracken
(2001). The null hypothesis of the ENC-NEW test is that the model with additional variables
does not have better predictive power for excess returns than the benchmark or restricted
model. The alternative is that these additional variables have additional information and they
could be used to obtain a better forecast [F]

We report the results in Table The R%OS are positive for all assets, which indicates
that a model which includes the bond variance risk premia improves both over the constant
expected returns benchmark and a model that includes the CP factor. We draw the same con-
clusion from the reported ENC-NEW statistics. The test statistics reveal that the improvement

in forecasting power is strongly statistically significant.

2.5 Conclusion

In this paper, we construct daily measures of implied and realized variance in fixed income
markets. To calculate the implied variance, we use daily options on 30 year, 10 year and 5
year Treasury futures. We use high frequency futures data to calculate the realized variance.
Using thirty years of options data, we propose a new measure of fear for Treasury markets, the
TIV, calculated as the square root of the implied variance for 30 year Treasury futures. The
TIV measure has two interesting properties: First, it is strongly related to a proxy of funding
liquidity and second, the spread between the VIX and TIV can be interpreted as a measure
of flight to quality. The behavior of the TIV resembles in many ways the one of the VIX,
however, while the unconditional correlation is high, the two series differ in their magnitudes.
Not very surprisingly, we find that the compensation for variance risk in fixed income markets
is considerably smaller than in the equity market.

The bond variance risk premia we derive are akin to the variance risk premium for the
S&P 500 index. However, while the variance risk premium for the equity index is essentially
always positive, i.e. it acts like an insurance premium, the variance risk premia in Treasury
markets can turn negative. To grasp a better intuition of this behavior, we explore the eco-
nomic determinants of both equity and bond variance risk premia in more detail. We find
that both are strongly driven by proxies of macroeconomic uncertainty, however, a proxy of
uncertainty about monetary policy strongly reduces the variance risk premia in bond markets,
especially for longer maturities. We also find that the shape of the term structure of Treasury
yields significantly affects bond variance risk premia. These findings corroborate the intuition
that bond variance risk premia encompass general macroeconomic uncertainty together with

information from the term structure of yields.

4The limiting distribution of ENC-NEW is non-standard. Following [Ludvigson and Ng| (2009), we base our
inference on comparing the calculated test statistics with the corresponding 95th percentile of the asymptotic
distribution of the ENC-NEW test statistic. Critical values can be found in |Clark and McCracken| (2001).
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We then study whether bond variance risk premia contain any predictive power for excess
returns on Treasury bonds, stocks, corporate bonds and commercial mortgage-backed securi-
ties. We find that bond variance risk premia explain a significant proportion of the variation in
excess returns both in-sample and out-of-sample. Moreover, the predictive power is very robust
to the horizon and in particular the inclusion of standard predictors found in the literature.

We are primarily interested in documenting the facts. Is there a compensation for volatility
risk in fixed income markets? If yes, how large is it? How does it compare to equity markets?
However, ultimately, our paper remains agnostic about the theoretical underpinnings of the
empirical results but instead raises new research questions. First, many papers have argued
that in times of uncertainty, there is a so-called flight to quality, i.e. investors move from
relatively more risky stocks to relatively less risky bonds. Comparing the two implied volatility
measures for equity and bond markets, we find that during certain periods, there is a decoupling
of the two time series while during other time periods, the time series almost move in lock
step. A next step would be to study the lead and lag relationships and the feedback effects
between the equity and bond markets in greater detail using the implied volatility measures
we introduce for Treasuries.

Secondly, if bond variance risk premia have predictive power across different asset classes,
we would expect that these risk premia pick up more than just information contained in the
term structure of interest rates. Since we do not find a similar result for the equity variance
risk premium, we conclude that bond variance risk premia capture macroeconomic uncertainty
which goes beyond that contained in equity variance risk. Moreover, there is also information
contained in the term structure of bond variance risk premia that is orthogonal to what can be
learned from standard macroeconomic variables. In particular, our results hint that the term
structure of uncertainty, i.e. how uncertainty evolves at any given point in time for different
horizons, could have opposing effects on variance risk premia. Exploring the effects of different

uncertainty horizons on risk compensation is another interesting topic for future research.
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Table 2.1: Summary Statistics. Panels A and B report summary statistics for the implied and
realized volatility measures. MIV denotes the model-free implied variance for a one month
horizon. RVTCY) denotes monthly realized variance sampled at the five minute frequency,
and RV ™) denotes the HAR-TCJ realized variance estimator augmented with lagged implied
variance terms. The VIX is obtained from CBOE. All quantities are annualized and expressed
in percent. Note that we report the summary statistics for the implied and realized volatilities,
which are obtained as the square root of the respective variance measures. Panel C presents
summary statistics for bond and equity variance risk premia. The variance risk premia are
annualized and expressed in percent. They are calculated as the difference of the model-
free implied variance and the projected value from the HAR-TCJ realized variance estimator
augmented with lagged implied variance terms. All data is monthly and the sample spans the

period from July 1991 to June 2010.
PANEL A: IMPLIED VOLATILITY

30y Treasury 10y Treasury 5y Treasury S&P500
MIV MIV MIV MIV VIX
Mean 10.00 6.86 4.43 20.11 20.22
StDev 2.38 1.65 1.22 8.39 8.13
Min 6.03 3.70 1.95 9.97 10.42
Max 21.96 13.26 9.53 58.46 58.89
Skewness 1.95 0.68 0.78 1.55 1.61
Kurtosis 8.92 3.97 4.15 6.53 6.80
AC(1) 0.83 0.72 0.72 0.86 0.86
PANEL B: REALIZED VOLATILITY
30y Treasury 10y Treasury 5y Treasury S&P500
Rv(TCJ) Rv(5m) Rv(TCJ) Rv(E')m) Rv(TCJ) Rv(E)m) Rv(TCJ) Rv(5m)
Mean 8.43 8.38 5.57 5.52 3.77 3.72 14.65 14.22
StDev 1.42 2.03 0.80 1.45 0.57 1.04 6.10 7.97
Min 6.25 4.77 4.07 2.87 2.72 1.86 7.37 5.04
Max 15.95 18.46 9.24 10.79 6.71 7.55 51.80 73.79
Skewness 1.99 1.22 1.48 0.83 1.50 0.84 2.18 3.13
Kurtosis 8.76 5.79 6.59 3.89 7.69 3.63 11.20 19.45
AC(1) 0.84 0.71 0.78 0.67 0.76 0.62 0.83 0.77
PANEL C: VARIANCE RISK PREMIUM
30y Treasury 10y Treasury 5y Treasury S&P500
VRP VRP VRP VRP
Mean 0.33 0.18 0.07 2.23
StDev 0.35 0.17 0.08 2.19
Min -0.07 -0.16 -0.04 -0.01
Max 2.44 1.05 0.50 13.22
Skewness 3.14 1.30 1.88 2.38
Kurtosis 16.21 6.18 8.96 9.82
AC(1) 0.68 0.50 0.57 0.77
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Table 2.2: Correlations of Determinants. The table reports correlations between determinants
of variance risk premia. The uncertainty variables are defined as the cross sectional standard
deviation of the forecasts of the short and long end of the term structure (ﬁ (SR) and U (LR)y,
real GDP (ﬁ(RGDP)), and CPI (ﬁ(cm)). SLOPE is the slope of the term structure calculated
as the difference between the ten year and the one month Treasury yield. The macro volatilities
or and o4 are estimated using a GARCH(1,1) process for inflation and per capita consumption
(non durables and services). The macro variables ﬁ}, j = 1,2 are estimated as the first two
principal components from a data set of 104 macroeconomic variables. They can be interpreted
as a real and a nominal or inflation factor, respectively. REF is the refinancing index published
by the Mortgage Bankers Association. All data is monthly and the sample spans the period
from July 1991 to December 2009.
gLk ykebP  pycPl SLOPE o, o0, Fi F, REF
ULr 042 042  0.00 -0.04 -0.28 047 -0.06 0.03 -0.24

URGDP 0.27  -0.03 0.04 -0.34 0.29 0.07 -0.08 -0.12
UcrI 0.33 0.18 -0.07 0.32 -0.37 0.01 -0.06
SLOPE 0.12  0.57 -0.23 -0.74 0.07 0.26
O 0.04 -0.01 -0.18 -0.10 0.09
oy -0.46 -0.61 0.05 0.35
2 0.16 -0.02 -0.20
B 0.01 -0.40
REF -0.09
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Table 2.3: Economic Drivers of Bond Variance Risk Premia. The table reports the results
from regressing the respective variance risk premia on uncertainty measures U, and additional
variables F; and Sy: VRPgi) = BYU, + B'FF, + B'SS, + egi). The uncertainty variables are
defined as the cross sectional standard deviation of the forecasts of the short and long end of
the term structure (TSR and UER) real GDP (UEEPP)) and CPI (U(CPD). S, includes
SLOPE, the slope of the term structure calculated as the difference between the ten year and
the one month Treasury yield, the macro volatilities o, and o, estimated using a GARCH(1,1)
process for inflation and per capita consumption (non durables and services) and REF, the
MBA refinancing index. The macro variables ﬁj, j = 1,2 are estimated as the first two principal
components from a data set of 104 macroeconomic variables. They can be interpreted as a
real and a nominal or inflation factor, respectively. Regressions are standardized, meaning all
variables are de-meaned and divided by their standard deviation. Coefficients are estimated
with ordinary-least squares, t-statistics are in parentheses and are calculated using Newey and
West (1987)Newey and West| (1987)) standard errors. Data is monthly and the sample spans
the period from July 1991 to December 2009.

V RP30y) V RP(10y) V RPGY) VRPE)
USE -0.213  -0.160 -0.145 -0.062 -0.048 -0.034 -0.011 0.033  0.053 -0.319 -0.282  -0.252
(-2.45) (-2.05) (-1.87) (-0.51) (-0.41) (-0.29) (-0.09) (0.29) (0.47) (-4.40) (-3.81) (-4.89)
ULR 0.225 0215 0.214 0.160  0.109  0.105  0.070  0.007  0.015 0.123  0.158  0.172

(3.98) (3.62) (3.00) (1.76) (1.25) (1.12) (0.68) (0.06) (0.15) (1.39) (1.98)  (2.94)
URGDP 0025 0007 -0.013 0129 0.051 0.028 0107 0.072 0052 0182 0246 0214
(0.25)  (0.09) (-0.17) (1.32) (0.57) (0.31) (0.97) (0.60) (0.44) (2.13) (2.73) (2.10)
UCPL 0630 0441 0370 0381 0251 0182 0308 0285 0188 0553 0536  0.376
(3.76)  (2.94) (228) (3.00) (L77) (L.18) (1.99) (1.37) (0.92) (4.13) (4.54) (3.89)

SLOPE 0.284  0.256 0.370  0.347 0.239  0.194 0.125  -0.199
(3.57)  (3.28) (4.42)  (4.19) (2.61)  (2.18) (-1.30)  (-2.57)

O 0.168  0.090 0.096  0.019 0125  -0.228 0.009 -0.158
(1.61)  (0.88) (1.02)  (0.20) (-0.86)  (-1.60) (0.08)  (-1.86)

oy -0.156  -0.155 -0.079  -0.079 20225 -0.221 -0.085  -0.078
(-1.59)  (-1.60) (-0.75)  (-0.78) (-1.89)  (-1.95) (-1.05)  (-1.07)

2 -0.137 -0.142 -0.169 -0.273
(-1.68) (-1.45) (-1.39) (-2.61)

B -0.035 -0.061 0.037 0.075
(-0.61) (-1.02) (0.84) (2.20)

REF 0.114 0.099 0.182 0.294
(1.58) (1.09) (1.58) (2.79)

RZ 045 053 055 021 031 032 012 017 020 044 045 057

Table 2.4: Principal Components of Treasury Variance Risk Premia. The table reports the
loadings for the three principal components of the bond variance risk premia, V RPFCD),
VRPPC2) and VRPPC3), respectively. We also report the the percentage of the explained

variation. Data is monthly and the sample spans the period from July 1991 to June 2010.
VRPPCY  yRpPC2)  y pp(PC3)

VRP(BW) 0.58 0.57 0.59
V RP(10y) 0.60 0.19 -0.77
VRP®Y) 0.55 -0.80 0.23
Percent explained 77.33 14.93 7.74
Cum. percent explained 77.33 92.26 100.00
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Table 2.5: Excess Bond and Stock Returns. We run the following regression: ra® =

t+h
59 (h)VRP; + eﬁh. For bonds (Panel A), 7“17,52;1 is the one year (h = 12 months) excess
return for ¢ = {24, 36,48, 60} month Treasury bonds. For stocks (Panel B), rxgh is the three,

six, or twelve month excess return on the market (value-weighted CRSP index), value and
growth portfolio (from Ken French’s Data Library), respectively. VRP, is a vector contain-
ing the principal components of the bond variance risk premia, VRPFCD vV RPPC2) and
VRP(PC3)  Regressions are standardized, meaning all variables are de-meaned and divided
by their standard deviation. Coefficients are estimated with ordinary-least squares, t-statistics
are in parentheses and are calculated using Newey and West (1987) standard errors. Data is

monthly and the sample spans the period from July 1991 to June 2010.
PANEL: FAMA BLISS TREASURY BONDS

2y 3y 4y 5y
VRPTCD 0.014 0.037 0.032  0.066
(0.15)  (0.41) (0.37) (0.81)
VRPPC2) -0.080 -0.060 -0.057 -0.045
(-0.99) (-0.73) (-0.68) (-0.53)
VRPPC3) -0.166  -0.173  -0.191 -0.189
(-2.15)  (-2.15) (-2.42) (-2.39)

AdjR? 0.03 0.03 0.03 0.03

PANEL B: STOCKS
MARKET GROWTH VALUE
3m 6m 12m 3m 6m 12m 3m 6m 12m

VRPPCD 0028 0.091 0.150 0.079 0.123 0.188 -0.051 0.053 0.162
(0.19) (0.91) (1.42) (0.67) (1.42) (1.94) (-0.28) (0.41) (1.33)
VRP®FC2) 0118 0.241 0.212 0.058 0.193 0.177 0.138 0.276 0.304
(1.11) (2.34) (1.86) (0.58) (2.10) (1.90) (1.20) (2.49) (2.38)
VRPWFCY) 0120 0.176 0.137  0.090 0.162 0.140 0.069 0.122 0.038
(1.83) (2.59) (1.58) (1.40) (2.38) (1.65) (0.96) (1.65) (0.43)
AdjR? 0.02 0.09 0.08 0.01 0.07 0.08 0.02 0.09 0.11
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Table 2.6: Excess Corporate Bond and Commercial Mortgage-Backed Securities Returns. We
run the following regression: T:cgh = 'O (h)VRP; + egh, where r:cgﬁh is the three, six, or
twelve month excess return on long and intermediate maturity corporate bond (Panels A and
B) or commercial mortgage-backed securities indices (Panel C), respectively. We use AAA,
BBB and CCC indices for corporate bonds and AAA, BBB, and B indices for CMBS. VRP;
is a vector containing the principal components of the bond variance risk premia, V RPFCD,
VRP(®PC2) and VRPFC3), Regressions are standardized, meaning all variables are de-meaned
and divided by their standard deviation. Coefficients are estimated with ordinary-least squares,
t-statistics are in parentheses and are calculated using Newey and West (1987) standard errors.
Data is monthly and the sample spans the period from July 1991 to June 2010. CMBS data

start in January 1997.

PANEL A: LONG CORPORATE BONDS
AAA BBB CCC
3m 6m 12m 3m 6m 12m 3m 6m 12m
VRPPCD  (.163 0.257 0.423 0.209 0.346 0.508 0.158 0.254 0.397
(2.04) (2.81) (5.32) (2.05) (3.67) (5.48) (2.00) (2.84) (-4.21)
VRPFC)  0.270 0.245 0.166  0.190 0.285 0.183  0.089 0.115 0.087
(3.24) (3.10) (2.03) (2.48) (3.35) (2.19) (1.36) (1.27) (0.94)
VRPPC3)  0.046 -0.025 -0.105 0.074 0.093 0.000 0.016 0.074 0.043
(-0.65) (-0.30) (-1.35) (1.05) (1.16) (0.00) (0.24) (0.97) (0.53)

AdjR* 0.090 0.120 0.210 0.080 0.200 0.290 0.020 0.080  0.160
PANEL B: INTERMEDIATE CORPORATE BONDS
AAA BBB CcCC

3m 6m 12m 3m 6m 12m 3m 6m 12m
VRPTCD 0130 0.185 0.352 0.237 0.400 0.517 0.238  0.363  0.452
(1.90)  (2.33) (3.99) (2.30) (4.18) (4.79) (1.98) (3.77) (3.74)
VRPFC2) 0201 0.216 0.195 0.277 0.340 0.238 0.211 0.261  0.132
(2.94)  (2.70)  (2.32) (3.63) (3.97) (2.66) (2.11) (2.96) (1.33)
VRPFCY) 0073 -0.060 -0.057 0.120 0.132 0.046 0.216 0.195  0.070
(-1.29) (-0.86) (-0.79) (1.48) (1.65) (0.57) (-0.58) (-0.20) (0.80)

AdjR? 0.050 0.080 0.160  0.140 0.290 0.320 0.140 0.230 0.220
PANEL C: COMMERCIAL CORPORATE BONDS
AAA BBB CCC
3m 6m 12m 3m 6m 12m 3m 6m 12m

VRP®PCD 0161 0245 0361 0051 0.127 0321 -0.206 -0.133 -0.048
(1.55) (2.61) (2.75) (0.31) (0.86) (2.75) (-1.28) (-0.92) (-0.33)
VRP(PCD 0287 0.363 0416 0351 0469 0488 0197 0211  0.353
(3.35)  (3.34) (2.99) (2.73) (3.29) (3.46) (1.59) (1.29) (2.01)
VRP(PC3) 0172 0196  0.057 0.032 0.095 0.062 -0.041 -0.014 -0.106
(1.56) (1.68) (0.45) (0.41) (1.34) (0.66) (-0.48) (-0.17) (-0.96)
AdjR? 0.160 0270 0.340 0.120 0270 0.380 0.060 0.040 0.110
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Table 2.7: Treasury Bonds Excess Return Predictability. We run the following regression:

rmgh = A'O(h)VRP; + ~O(h)M, + egh, where T:th is the one year excess return for
i = {24, 36,48,60} month Treasury bonds. VRP; is a vector containing the principal compo-
nents of the bond variance risk premia, VRPFCD VRPFPC2) and VRPFC3) . M, includes
the equity market variance risk premium (VRPgE)), the Cochrane and Piazzesi (2005) factor
(CP) and the macro factors @,j = 1...,8 from [Ludvigson and Ng| (2009). Regressions are
standardized, meaning all variables are de-meaned and divided by their standard deviation.
Coeflicients are estimated with ordinary-least squares, t-statistics are in parentheses and are
calculated using Newey and West (1987) standard errors. Data is monthly and the sample

spans the period from July 1991 to June 2010.

2y 3y 4y 5y
VRP®CYH 0265 -0.237 -0.209 -0.142
(-2.56) (-2.33) (-2.22) (-1.54)
VRP®C2) 0169 -0.162 -0.162 -0.149
(-2.30) (-2.16) (-2.14) (-1.92)
VRPEC) 0174 -0.175 -0.174 -0.158
(-2.80) (-2.74) (-2.72) (-2.44)
VRPE) 0.102 0.133 0.113  0.104
(0.73)  (0.93)  (0.78)  (0.70)

CP 0.357 0359 0.376  0.374
(3.78)  (3.96) (4.26)  (4.36)
2 0.433  -0.380 -0.331 -0.276
(-4.30) (-3.63) (-3.16) (-2.58)
28 0.025 0.024  0.023  0.030
(0.65)  (0.65) (0.64) (0.94)
B 0.145 0.175 0.226  0.250
(2.03) (2.68) (3.76)  (4.10)
Fy 0.028 0.055 0.089  0.123
(0.43)  (0.79) (1.25) (1.68)
Fy 0.027  0.042 0.057 0.073
(0.47)  (0.74)  (1.04) (1.33)
Fy 0.012  0.040 0.078  0.093
(-0.15)  (0.49)  (0.94) (1.13)
By 0.146  0.192 0217  0.254
(1.74)  (2.23)  (2.53)  (2.95)
Fy 0.044 0.095 0.126  0.150
(0.63) (1.33) (1.76) (2.14)
AdjR? 0.280 0.280 0.300 0.310
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Table 2.8: Stock Excess Returns Predictability. We run the following regression: mvgh =

B (h)VRP; 4+~ ()M, + egh, where rmgih is the three, six, or twelve month excess return
on the market (value-weighted CRSP index), value and growth portfolio (from Ken French’s
Data Library), respectively. VRP; is a vector containing the principal components of the bond
variance risk premia, VRPFCD VRPWPC2) and VRPPC3), M, includes the equity market
variance risk premium (VRPt(E)), the log dividend yield (DY), the log earnings to price ratio
(E/P), and the net equity expansion (NTIS) from |Goyal and Welch/ (2008). Regressions are
standardized, meaning all variables are de-meaned and divided by their standard deviation.
Coefficients are estimated with ordinary-least squares, t-statistics are in parentheses and are
calculated using Newey and West (1987) standard errors. Data is monthly and the sample
spans the period from July 1991 to June 2010.
MARKET GROWTH VALUE

3m 6m 12m 3m 6m 12m 3m 6m 12m

VRPTCD 0029 0.043 0.084 -0.024 0.013 0.054 -0.056 0.064 0.173

(-0.24) (0.43) (0.80) (-0.23) (0.14) (0.57) (-0.43) (0.55) (1.43)

VRPPC2) 0,090 0.219 0.197 0.026 0.162 0.144 0.105 0.251  0.292

(1.00) (2.71) (2.55) (0.28) (2.12) (2.03) (1.12) (2.75) (3.29)

VRPWPC) 0129 0203 0.162 0.069 0.153 0.128 0.098  0.173  0.102

(1.51) (2.07) (2.56) (0.87) (1.71) (1.87) (1.21) (1.50) (1.58)

VRPE) 0.207 0.298 0.333 0.267 0.383 0.412 -0.006 0.085 0.190

(1.70) (3.42) (3.99) (2.47) (4.16) (4.71) (-0.04) (0.78) (1.57)

DY 0.146 0169 0282 0.149 0.174 0275 0.085 0.082 0.136
(1.25) (1.35) (2.37) (1.29) (1.35) (2.10) (0.74) (0.63) (1.20)
E/P 0.073 0.153 0.200 0.093 0.172 0.180 -0.091 -0.012 0.083
(0.43)  (0.89) (1.38) (0.64) (1.06) (1.24) (-0.57) (-0.08) (0.55)
NTIS 0.285 0429 0.470 0213 0.363 0.409 0.193  0.346  0.487
(1.62) (2.13) (2.75) (1.41) (2.12) (2.83) (1.16) (1.64) (2.67)
AdjR? 011 030 039 007 025 033 005 019 0.34
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Table 2.9: Excess Intermediate Corporate Bond Returns Predictability. We run the following
regression: mcgh = FO(h)VRP; ++'® (h)M; + 6§2h7 where r:):gh is the three, six, or twelve
month excess return on a intermediate-term corporate bond portfolio for rating classes AAA,
BBB and CCC, respectively. VRP; is a vector containing the principal components of the
bond variance risk premia, VRPECY  VRPWFC2) and VRPFC3) . M, includes the equity
market variance risk premium (VRPt(E)), the Cochrane and Piazzesi (2005) factor (CP) and
the macro factors ﬁj,j = 1...,8 from Ludvigson and Ng| (2009)). Regressions are standardized,
meaning all variables are de-meaned and divided by their standard deviation. Coefficients are
estimated with ordinary-least squares, t-statistics are in parentheses and are calculated using
Newey and West (1987) standard errors. Data is monthly and the sample spans the period
from July 1991 to June 2010.

AAA BBB CCC

3m 6m 12m 3m 6m 12m 3m 6m 12m

VRPTCO 0043 0.014 0143 0.021 0.181 0238 0.114 0214 0.216
(-0.52) (0.15) (1.56) (0.31) (2.40) (2.61) (1.19) (2.27) (2.18)
VRPPC2) 0135 0150 0.083 0200 0274 0.145 0.179  0.249  0.093
(1.50)  (2.02) (1.39) (3.02) (2.89) (1.61) (2.45) (2.61) (0.93)
VRPFC) 0084 -0.053 -0.065 0.069 0.098 -0.002 0.198  0.188  0.051
(-1.24)  (-0.77) (-1.09) (0.95) (1.42) (-0.04) (3.06) (2.48)  (1.00)
VRP®E) 0174 0056 0055 0220 0173 0170 0149  0.169  0.127
(1.69)  (0.46) (0.37) (1.85) (1.42) (1.46) (0.98) (1.19)  (1.26)

CP 0.203 0229 0202 0.170 0.197 0.185 0.140  0.202  0.205
(2.34)  (241) (2.34)  (2.26) (2.25) (2.56) (2.05) (2.33)  (2.50)
2 0121 -0.257 -0.324 -0.128 -0.208 -0.339 -0.044 -0.094 -0.324
(-1.29) (-2.66) (-3.40) (-0.86) (-1.39) (-3.62) (-0.30) (-0.62) (-3.85)
Fy 0.003 0.075 0.107 -0.001 0.039  0.092 -0.095 0.004  0.059
(0.09) (1.87) (3.16) (-0.01) (1.08) (2.17) (-1.27) (0.100) (1.65)
Fs 0193 0192 0244 0.172 0.111 0.115 0.017 -0.077 -0.107
(2.04) (2.01) (2.99) (3.01) (1.71) (2.18) (0.28) (-1.02) (-1.13)
E, 0.094 0.080 0.106 -0.139 -0.096 -0.027 -0.302 -0.277 -0.243
(1.16)  (0.93) (1.50) (-1.12) (-0.90) (-0.32) (-2.55) (-2.70) (-2.55)
F; 0.012 -0.035 -0.011 -0.012 -0.029 -0.061 -0.025 -0.042 -0.099
(-0.13) (-0.40) (-0.20) (-0.18) (-0.4) (-1.14) (-0.43) (-0.84) (-1.78)
Fy -0.010 0.021 0.132 0159 0.113 0.100 0204 0.174  0.188
(-0.16) (0.33) (1.97) (2.36) (1.65) (1.43) (2.96) (2.86) (2.84)
ol 0.133 0235 0281 0.088 0.118 0.202 0.016 0.047  0.140
(2.11)  (3.69) (3.80) (1.48) (1.96) (3.97) (0.35) (0.88) (2.73)
Fy 0.079  0.087 0.189 -0.021 0.009 0.115 -0.013 -0.008  0.077
(0.99) (1.41) (3.82) (-0.36) (0.16) (2.55) (-0.22) (-0.13) (1.79)
AdjR? 013 023 043 027 040 052 029 038 046
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Table 2.10: Excess Commercial Mortgage-Backed Securities Returns Predictability. We run
the following regression: r:rgh = B'O(h)VRP; + 'O (R)M; + efﬁh, where r:):l(tﬂh is the three,
six, or twelve month excess return on a commercial mortgage-backed securities portfolio for
rating classes AAA, BBB and B, respectively. VRP; is a vector containing the principal
components of the bond variance risk premia, VRPYCD, VRPFC2) and VRPFC3) M,
includes the equity market variance risk premium (VRR(E)), the Cochrane and Piazzesi (2005)
factor (CP) and the macro factors ﬁj,j =1...,8 from [Ludvigson and Ng| (2009). Regressions
are standardized, meaning all variables are de-meaned and divided by their standard deviation.
Coefficients are estimated with ordinary-least squares, t-statistics are in parentheses and are
calculated using Newey and West (1987) standard errors. Data is monthly and the sample
spans the period from July 1991 to June 2010.

AAA BBB CCC

3m 6m 12m 3m 6m 12m 3m 6m 12m

VRPFCD 0.081 0.140 0.095 0.119 0.067 0.098 0.087 0.178  0.053
(1.09)  (1.58) (0.61) (1.49) (0.92) (0.74) (0.69) (1.44) (0.36)
VRPFC2) 0241  0.336  0.391 0257 0.412 0456  0.212  0.260  0.392
(3.73)  (2.86) (2.70) (3.19) (3.62) (3.12) (2.83) (2.08) (2.80)
VRPFC3 0201  0.215  0.056 0.044 0.105 0.047 0.080 0.138  0.040
(1.70)  (1.95) (0.75) (0.52) (1.32) (0.70) (0.95) (1.24) (0.42)
VRPE) -0.041 -0.073 -0.025 -0.260 -0.120 0.033 -0.318 -0.285 -0.138
(-0.76) (-0.84) (-0.28) (-2.14) (-1.52) (0.35) (-1.71) (-2.16) (-1.27)

CP 0125 0135 0.139 0.028 0.079 0.099 0.170 0.162  0.184
(2.16)  (1.63) (1.68) (0.42) (1.19) (1.15) (2.47) (2.13) (2.34)
2 -0.066 -0.166 -0.402 -0.058 -0.128 -0.269 0.266  0.309  0.120
(-0.40) (-0.94) (-5.02) (-0.37) (-0.71) (-2.53) (1.61) (1.62) (0.81)
28 -0.141  0.010  0.115 -0.125 -0.005 0.057 -0.154 -0.089 -0.055
(-1.21)  (0.23) (2.15) (-1.65) (-0.13) (1.17) (-1.43) (-1.52) (-1.48)
Fs 0.245 0197 0.145 0.360 0.263 0.142 0259  0.051 -0.017
(4.53)  (2.83) (1.75) (2.98) (2.88) (1.36) (2.58) (0.34) (-0.09)
E, 0.220  -0.217  -0.159 -0.283 -0.255 -0.191 -0.187 -0.292 -0.365
(-1.59) (-1.81) (-1.80) (-2.26) (-2.72) (-2.17) (-1.22) (-2.03) (-2.70)
F; -0.027 -0.064 -0.123 0.012 -0.074 -0.119 0.028 -0.036 -0.118
(-0.40) (-0.93) (-1.96) (0.19) (-1.62) (-1.91) (0.37) (-0.61) (-1.62)
Fg 0.169 0.088 0.021 0.226 0210 0.073 0.102 0.179  0.233
(1.74)  (1.09) (0.31) (2.66) (2.49) (1.14) (1.11) (1.95) (2.66)
Fy 0.033 -0.009 0.062 -0.102 -0.127 -0.034 0.019 -0.047  0.001
(0.64) (-0.12) (1.17) (-1.59) (-2.06) (-0.71) (0.28) (-0.60) (0.01)
Fy -0.170  -0.127 -0.041 -0.181 -0.158 -0.084 -0.156 -0.162 -0.107
(-1.65) (-1.48) (-0.72) (-2.17) (-1.84) (-1.50) (-1.86) (-1.56) (-1.23)
AdjR? 033 038 049 042 048 050 034 034 037
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Table 2.11: Out-of-Sample Predictability. This table reports the results of the out-of-sample
forecast evaluation for one year excess returns for Treasury bonds, the market, growth and
value portfolio, and long corporate bonds. VRP, is a vector containing the individual bond
variance risk premia, VRPGW) vV RPOW) and VRPGY). VRP; vs const’ reports forecast com-
parisons of an unrestricted model with bond variance risk premia versus a restricted constant
expected return benchmark model. VRP;+CP vs const+CP’ reports forecast comparisons of
an unrestricted model with bond variance risk premia and the CP factor versus a restricted
benchmark model including a constant and the CP factor. R%OS denotes the out-of-sample R?
of |(Campbell and Thompson| (2008]). A positive number indicates that the unrestricted model
has a lower forecast error than the restricted benchmark model. ENC-NEW denotes the test
statistic of Clark and McCracken (2001) for the null hypothesis that the benchmark model
encompasses the unrestricted model with additional predictors. The alternative is that the
unrestricted model contains information that could be used to improve the benchmark model’s
forecast. * indicates significance for the ENC-NEW test statistic at minimally the 95% level.
We obtain the initial estimates based on the period from July 1991 to July 1999 and study the

out-of-sample predictability for the period starting in July 2000 and ending in June 2010.
PANEL A: FAMA BLISS TREASURY BONDS

VRP, v.s. const. R%,s ENC-NEW
2y Treasury Bond 0.06 7.74%*
3y Treasury Bond 0.06 7.63*
4y Treasury Bond 0.07 8.57*
5y Treasury Bond 0.07 8.31%*

VRP;+CP vs. const.+CP  R%,y ENC-NEW

2y Treasury Bond 0.13 16.72%*
3y Treasury Bond 0.14 16.97*
4y Treasury Bond 0.17 20.02*
5y Treasury Bond 0.18 20.30%*
PANEL B: STOCKS
VRP; v.s. const. R%,¢ ENC-NEW
MARKET 0.12 17.10%*
GROWTH 0.13 18.04*
VALUE 0.17 23.78*
PANEL C: LONG CORPORATE BONDS
VRP, v.s. const. R%,s ENC-NEW
AAA 0.32 38.36%*
BBB 0.38 52.72%
cCccC 0.24 35.93*
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Figure 2.1: MBA Refinancing Index and 30 Year Bond Variance Risk Premium. This figure
plots the time-series of the Mortgage Bankers Association (MBA) refinancing index (dashed
line) and the bond variance risk premium for 30 year Treasury futures (solid line). The 30
year Treasury variance risk premium is calculated as the difference between the model-free
implied variance (MIV) and the expected realized variance using a HAR-TCJ realized variance
estimator augmented with lagged implied variance terms (RV (ARIVJ))  The MBA refinancing
index reflects the number of applications for mortgage refinancing and covers about three
quarters of all new residential mortgage loans made. The index is seasonally adjusted and
divided by a factor of 1,000. Data is monthly and the sample spans the period from January
2000 to June 2010.
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Figure 2.2: Realized and Implied Volatilities of Treasury and equities. In the left Panels we
plot implied volatility measures (IV) for the 30 year, 10 year and 5 year Treasury futures (solid
lines) together with the implied volatility of the S&P 500 index (dashed lines), all for a one
month horizon. The implied volatilities are the square root of the model-free implied variance
(MIV) calculated using options on the respective underlying futures. In the right Panels we
plot the realized volatility measures (RV), which are the square root of the HAR-TCJ realized
variance estimator augmented with lagged implied variance terms (RV(H ARIV.J )). All numbers
are annualized and in percent. Shaded areas correspond to recessions as defined by the NBER.
Data is monthly and the sample spans the period from July 1991 to June 2010.
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Figure 2.3: Treasury Bond and Equity Variance Risk Premia. This figure plots annualized
variance risk premia for the 30 year, 10 year and 5 year Treasury bonds (left axis, solid, dotted
and dashed-dotted lines) and the S&P500 index (right axis, bold dashed line). The variance
risk premia are calculated as the difference between the model-free implied variance (MIV)
and the expected realized variance using a HAR-TCJ realized variance estimator augmented
with lagged implied variance terms (RV(H ARIV.J )). Shaded areas correspond to recessions as
defined by the NBER. Data is monthly and the sample spans the period from July 1991 to
June 2010.
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Figure 2.4: Treasury and Equity Implied Volatility. The top Panel plots the Treasury (solid
line) and equity (dashed line) implied volatility measures TIV and VIX, respectively. The
measures are calculated using options on the 30 year Treasury bond and the S&P 500 index
futures, respectively, as the square root of the model-free implied variance MIV. The uncon-
ditional correlation between the TIV and the VIX is 46% over the whole sample period and
63% since 1990, the start date of the CBOE VIX. The middle Panel plots the spread between
the VIX and the TIV. The bottom Panel plots the TIV (solid line) together with the Merrill
Option Volatility Estimate (MOVE) index (dashed line). The MOVE index is a yield curve
weighted index of normalized implied volatility on one month Treasury options for 2, 5, 10 and
30 year Treasuries. Shaded areas correspond to recessions as defined by the NBER. Data is
monthly and the sample spans the period from January 1983 to June 2010.
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Chapter 3

Testing Jumps via False Discovery
Rate Control

Abstract: Many recently developed nonparametric jump tests can be viewed as multiple hy-
pothesis testing problems. For such multiple hypothesis tests, it is well known that controlling
type I error often unavoidably makes a large proportion of erroneous rejections, and such sit-
uation becomes even worse when the jump occurrence is a rare event. To obtain more reliable
results, we aim to control the false discovery rate (FDR), an efficient compound error measure
for erroneous rejections in multiple testing problems. We perform the test via a nonparametric
statistic proposed by Barndorff-Nielsen and Shephard| (2006), and control the FDR with a
procedure proposed by |Benjamini and Hochberg| (1995)). We provide asymptotic results for the
FDR control. From simulations, we examine relevant theoretical results and demonstrate the
advantages of controlling FDR. The hybrid approach is then applied to empirical analysis on
two benchmark stock indices with high frequency data.

KEYWORDS: False discovery rate, BH procedure, Nonparametric BNS jump test.
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3.1 Introduction

Recently, many hypothesis testing procedures have been proposed for detecting asset price
jumps (Ait-Sahalia and Jacod, 2009} Bollerslev et al., 2008} |Barndorff-Nielsen and Shephard,
20006}, [Fan and Fan|, [2008; |[Jacod and Todorov}, 2009; |Jiang and Oomenl, [2008; |Lee and Mykland|,
2008]|). These procedures use high frequency data to calculate test statistics for a certain period
and then use these test statistics to test whether jumps occur in that period. Formally, the

null hypothesis for such test at each period 7, i = 1,...,m, can be stated as
HY : No jump occurs in period i. (3.1)

In addition to know whether there are price jumps, the “one test statistic for one period”
approach for testing also allows us to extract information about when and how frequently
jumps occur in the whole sampling period. Such information is even more important for
research on event study, derivative pricing and portfolio management.

If the number of periods m is greater than one, the jump test can be naturally viewed
as a multiple hypothesis testing problem. Previous research used different test statistics, but
often followed a similar decision procedure: rejecting the null hypothesis if the corresponding
p-value is less than the controlled type I error . Nevertheless, controlling type I error often
unavoidably makes a large proportion of erroneous rejections. Such situation becomes even
worse when the jump occurrence is a rare event.

To solve the problem described above, one may look for a more sensible compound error
rate measure. In this paper we focus on false discovery rate (FDR). We will use the test
statistic proposed by |[Barndorff-Nielsen and Shephard| (2006) to obtain a p-value for each single
hypothesis test, and then use the procedure proposed by Benjamini and Hochberg| (1995) to
control the FDR when simultaneously carrying out these hypothesis tests.

Several literatures on jump tests also tried to deal with the multiplicity issue. For example,
Lee and Mykland (2008) set the significance level based on the distribution of the extreme value
of the test statistic under the null hypothesis. This ensures that the jump test can achieve the
probability of global misclassification to zero under some regular conditions. Applying FDR
control to identify jump components also has been adopted by Fan and Fan| (2008), who used
an improved version of the test statistic proposed by |Ait-Sahalia and Jacod| (2009) to obtain
a p-value for each single hypothesis test. The main difference between Fan and Fan| (2008)
and our paper is that we will give theoretical justifications on performance of the jump test
statistic in a multiple hypothesis testing context. We will also conduct a simulation study to
support our theoretical results.

The paper is organized as follows. In Section 2, we briefly describe the Benjamini-Hochberg
(BH) procedure and the Barndorff-Nielsen-Shephard (BNS) nonparametric test. We then dis-
cuss some asymptotic results in Section 3. We focus on the case when p-values are calculated

based on the asymptotic distributions of the test statistics. We show that with some appropri-
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ate conditions, the FDR can be asymptotically controlled by the BH procedure when p-values
are obtained via the asymptotic distributions. In addition, magnitude of the approximate er-
ror for the asymptotic FDR control is bounded by a non-decreasing function of the expected
number of true null hypotheses. This property indicates that the more the false null hypothe-
ses there are, the better performance the asymptotic FDR control will have. In Section 4,
we conduct a simulation study to show that performance of the BNS-BH hybrid procedure is
positively related to the number of false hypotheses and sampling frequency of data, and is
stable when the number of hypotheses and the required FDR level change. In Section 5, we
apply the proposed procedure to analyze high frequency data of S&P500 in cash index and

Dow Jones industrial average. Section 6 is the conclusion.

3.2 The Methodology

3.2.1 FDR and the BH procedure

Fori=1,2,...m, let H? and p; denote the ¢th null hypothesis and the corresponding p-value,
respectively. Among the m hypotheses, we let mg be the number of true hypotheses and
m1 = m — mg be the number of false hypotheses. Table 1 shows different situations when
a multiple testing is performed. The numbers of hypotheses we reject and do not reject are
denoted by R and m — R, respectively. In addition, U, T, V and S denote the numbers of
hypotheses we correctly accept, falsely accept, falsely reject and correctly reject, respectively.
The false discovery rate (FDR) is then defined as the expectation of false discovery proportion
(FDP), i.e.
FDR = E (FDP),

where

FDP = OV ?fR:O

In testing jump hypotheses, controlling the FDR has several advantages over controlling other
compound error rate. First, if the price processes really have no jump component, i.e. all
the null hypotheses are true, then controlling the FDR will be equivalent to controlling the
familywise error rate Pr(V > 1). Second, if the intensity of the jump process A # 0, then as
time goes on (m increases), the proportion of false hypotheses among all hypotheses will be
a nonzero constant with a high probability. Although such proportion may not be large, one
may still expect the more (fewer) rejections there are, the more (fewer) erroneous rejections
are allowed to occur; or at least the number of rejections should be proportional to m. In this
situation, controlling error measures associated with proportion of erroneous rejections, like
the FDR, makes sense. In addition, compound error rates such as the FWER are sometimes
too stringent to get rejections when the number of hypotheses becomes large. The FDR

criterion is less conservative in this aspect. Also, controlling the FDR. currently seems to be
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more acceptable than controlling other compound error rates in many different research fields
(Romano et al., [2008b)).

Let pay < ... < p(n) be the ordered p;’s and H(Ol), .. .,H(Om) be the corresponding null
hypotheses. Benjamini and Hochbergl (1995 proposed a stepwise procedure to control the
FDR at the required level v. The BH procedure can be simplified as the following two-step
decision rule:

1. Obtain ¢* = max {z 1Py < %*y}

i=1,2,..m

2. Reject H?Z.) for all 7 < ¢*.

Unlike some computational intensive methods, which often need a resampling scheme to con-
struct the rejection region, the BH procedure is far easier to implement. The only computa-
tional burden of the BH procedure is to rank the p-values. Such advantage becomes even more
obvious when the number of hypotheses goes large.

It can be shown that there is a relationship between type I error o and the FDR. For
example, if we reject HY when p; < a, then it will be possible to know what level of the FDR is
controlled. In addition, if hypotheses are identical and the test statistics are all independent,

Storey| (2002) proposed the following estimator:

#{pi > K}

FDRy (o) = (1 — k) max (#{p; < a},1)’

to estimate the FDR, where k is a turning parameter.

How the BH procedure performs relies on dependent structure of test statistics. In |Ben-
jamini and Yekutieli (2001), they showed that the BH procedure can still control the FDR
when the test statistics are not independent, if the positive regression dependency (PRDS)
for each test statistic under the true null hypotheses can be satisfied. In addition, simulation
study in Romano et al.| (2008b]) showed that if the PRDS condition is violated, e.g. there exist
negative common correlations between test statistics or the covariance matrix has an arbitrary
structure, the BH procedure can still provide a satisfactory control of the FDR. Finally, if the
test statistics have an arbitrary dependent structure, it can be shown that the BH procedure

still guarantees that

A more detailed discussion on the theoretical properties of the FDR and the BH procedure is

provided in section 3.

3.2.2 The BNS nonparametric jump test

Barndorff-Nielsen and Shephard (2006|) proposed a nonparametric test statistic (henceforth

the BNS test statistic), which utilizes realized variance and bi-power variation, to test jump
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components for the Brownian semimartingale plus jump class. A random variable X (7) is said

to belong to the Brownian semimartingale plus jump class if

N(i)

X(’L'):/O;L(t)dt—l-/o U(t)dW(t)—l—j;D(j),

where p (t) and o (t) are assumed to be cadlag, W (t) is a standard Brownian Motion, D (j)
is the quantity of j th jump within (0,4], and N (¢) is total number of the jumps occurring
within (0,4]. Here N (i) — N (i — 1) is assumed to be finite.

The realized variance and the realized bi-power variation in period ¢ are defined as

M
RV; = Y 17y, (3.2)
h=1
M-1
T M
BV; = 5 (M— 1) hz_; 7inl Pintal (3.3)

respectively, where

h h—1

is the intra-period log return in sub-interval h of period i, and P (i — 1+ h/M) is the asset
price at time point i —1+h/M. Assume that for t € (i — 1,14, log P (¢) belongs to the Brownian

semimartingale plus jump class. Then it can be shown that under some regular conditions,

i N(3)
RV; 5 [ o*(dt+ Y D*(j),
-1 J=N(i—1)+1,

as M — oo. Here BV; £ f7,2—1 o2 (t) dt can hold without any further assumption on the jump
process, the joint distribution of the jump process and o (t).
Barndorff-Nielsen and Shephard| (2006]) showed that

JV; = RV; — BV,
can consistently estimate ij:(j\),(i_l) 41 D?(5). In addition, if some regular conditions hold,
the joint distribution of (3.2) and (3.3 will converge asymptotically to a bivariate normal
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distribution. Moreover, under the null hypothesis, when no jump presents on period 4,

VM (RV; — BY;) LA (0,1)
Afl ot (t)dt

where A = (7/2)® + m — 5. To estimate integrated quarticity fii_l ot (t)dt, we can use the

realized tri-power quarticity

2

g M? — 2
17 =13 (575 ) X ranl gl Finsal)
s b=t

where p, = E (|Z|*) and Z ~ N (0,1).
In the following analysis, we will also use some improved versions of the BNS statistic. The
first one is proposed by Barndorft-Nielsen and Shephard| (2006) themselves, which uses the log

transformation and is defined as

VM (log (RV;) — log (BV;))
Amax (1, B)

Zlog,i =

9

where

Jl ot (t)dt
( [ o2 (t) dt)2

The second one is the Box-Cox transformed test statistic with p = —1.5, which is defined

as
VM ( [l 0% dt)3 (BV, Y5 — Ry;719)
1.5\/Amax (1, B) '

Z 15 =

Here the Box-Cox transformation for a positive number x is defined as

zP—1 if p#£0
gp (x) = g .
log (x) it p=0.

The third one is the ratio type test statistic (Huang and Tauchen, [2005):

RV,—BV;
M=

Zratioq = ————i
ratio,i /714 p——— (17 B)

Under the null hypothesis that there is no jump occurring in period 7, the test statistics Z_1 5,
Ziog,i and Zyqtio,; Will have the standard normal distribution as the limiting joint distribution.
When jumps occur in period i, the test statistics will approach to infinity as M — oco. It can
also be shown that given jump variation and the integrated quarticity, as M — oo, the limiting

joint distribution of the test statistic for each hypothesis is a mixed distribution (Veraart,
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2010).

3.3 Asymptotically controlling FDR with the BH procedure

3.3.1 Asymptotic results

Let {X; = (X1 ... Xim) : i € N} be a vector of samples defined on a probability space (2, F,P) .
Let {Far; : i € N} be the smallest sub-o field of F such that for j = 1,... M, X;; is Fu
measurable. Let F; = limas—,o0 Fari- A test statistics for testing marginal hypothesis ¢ with M
samples is a function fMﬂ- : X; — R, and fM,i is F,; measurable. Let ’i‘M: (fMJ, .. ,fM,m)
denote the vector of the test statistics for testing m (m > 1) hypotheses. Given each F;, sup-
pose that there exists a vector of random variables T = (T1,...,T,,) such that fori =1,...m,
T; is F; measurable. Also assume T M,Z-£>TZ- for each i as M — oo. Let ¥; be the limiting distri-
bution function of the test statistic under the null hypothesis i. For one-sided test, p-value of
the 7 th one-sided hypothesis is defined by p; (z) = 1 -V, (z) (p; (z) = 1 -2V, (z) for two-sided
hypothesis). Let p; = 1 — ¥, (T;) . A feasible estimated p-value for hypothesis ¢ is then given
by
PMi = Di (sz) =1-1; (sz) .

In our case of testing jumps, since our null hypotheses are homogeneous, ¥; is the c.d.f. of
N (0,1) for all 3.

Let Iy = {z : HZ-0 is true} and I} = {z : HZO is false}. Let Wyr; be the exact distribution
of T, M, under the null hypothesis 7. The p- value under such distribution for hypothesis i is
pvi=1—War, (sz> For a € (0,1), as M — oo, Pr (pm; < a) = Pr(p; <a), if fMliTl

If 7y, ..., T, are continuous random variables, then
Pr(p; <a) =a,

for i € Iy. If T M- ,T\M,m are also continuous random variables, then Pr (pyr; < a) = a for
1€ Ip.

Before we proceed to discuss our main results, we need the following two definitions. Let
B denote the Borel set. Let (R™,B™) = [[;Z, (R, B) define the m—fold products of the real
line R with the Borel sets B. Let

I = {{i1, .. vim}rix € {1,...m} for k=1,...m, iy # i for k #1}.
Let Qm be a probability measure on (R, B™) where m € I,,,.

Definition 4 A collection of {Qm} is consistent if it satisfies

mel,,

o Let m ={iy,...,im}, and m' = {ig,, ...k, } € I, but m’ # m. Then for each B; € B,
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i=1,...m,
Qm (B1 X ... X Bp,) = Qu (Bg;, X ... %X By, )

e Foreach B;€ B,i=1,...m,

Qm (B1 X ... Br1 X RX Bry1... X By) = Qmyiy, (B1 X ... Bg_1 X Bry1... X By

Definition 5 Let Y =(Y1,...,Y)), X =(X1,...,Xm), and Iy be a collection of index i €
{1,...,m}. For any decreasing set ® and increasing set A, an |—dimensional random vec-
tor Y is said to be positive regression dependency on each one from a subset (PRDS) I
of a m—dimensional random vector X is that Pr (Y € ©|X; = x) is non-increasing in x or

Pr(Y € A|X; = z) is non-decreasing in x for any i € Ij.

In the above definition, a decreasing set © is that X = (X1,...,X,,) € ©® impliesZ = (71, . ..
if Z; < X; for any ¢ = 1,...,m. An increasing set A is that Y =(Y7,...,Y;) € A implies
Z'=(Z,,....Z))e Aift Z[ > Y; forany i =1,..., L

Let p =(p1,....pm) and Pyr= Par1s---,PM,m) - Suppose we want to control FDR at the
level v with the BH procedure with p. FDR conditional on mg true null hypotheses is given
by

Voo e v v,8
E<R|m0_m0>_sz_i_spr(peD”’Lo)' (3.4)

5=0 v=1
D, is a well constructed union of m—dimensional cubes such that {p € Dfn‘Z} is the event
that v true and s false null hypotheses are rejected when the BH procedure is implemented
with p. | Benjamini and Yekutielil (2001)) and Sarkar| (2002]) showed that if the joint distribution
of p; is PRDS on Iy, then E (V/R | mg = mg) < mgy/m. Since mg is bounded by m, we can

(1)< B0

If pas is used, the analogue of (3.4]) is then given by

V _ mi1 mo v R s
EﬁM R ’m():mo _§;U+8Pr(pMEDMO)’

get

m

s

where {pyre D};2

procedure is implemented with pas.

} is the event that v true and s false hypotheses are rejected when the BH

Ideally, if we know W,/ ;, and the joint distribution of pys; is PRDS on Iy, we can implement
the BH procedure directly with pas1,...,pmm- However, such information is often unknown,
and instead only pj; is feasible. In the following, we show that under appropriate conditions,
FDR can be asymptotically controlled with pj; under a desired level. Our strategy is to show
that under appropriate conditions, Pr (ﬁMe DZ{Z) — Pr (p € D};;;) as M — oo and then to
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prove

V., V.,
EﬁM <Rm0:mo>—>E<R\m0:mo>.

as M — oo. Therefore implementing the BH procedure with pys is asymptotically equivalent
to implementing the procedure with p.
The main results are the following two theorems, and their proofs are given in the supple-

mentary materials.

Theorem 3 Suppose we have m hypotheses to be tested simultaneously. If the following con-
ditions hold,

1. The joint distribution of p; and the joint distribution of Dy satisfy the consistency for

multivariate distribution.

2. The joint distribution of p; is PRDS on p; for i € Iy and all m > 1.

3. Pr(pi<a)<a forieclyandac(0,1).

4 SUPy << SUPser, [PT(0i < qr) — Pr(Pmi < qr)| = O (1/M5) , where q = kvy/m and § >
0.

5. Given mq true null hypotheses, let p{~? and ﬁg\z,l) denote the random m — 1 dimensional

vectors obtained by eliminating p; and pyr; from the m—dimensional random vectors p

and Pps respectively. Let pgz)i) < < pg;ﬁl) and ﬁ(z\z()n < - < f)ﬁ&?m_l) denote the

(=)

ordered components of p(= and P, respectively. For every m > 1,

Pr (ﬁM,z < qk7ﬁ(]\;7z()k) > Gkt 7?5(1\2’1()7”_1) > Qm)
Sip SUP M A (~i) (~i)
1<k<m i€lo Pr(pi < qe; Py > Qhtts -5 P21y > dm

then the BH procedure implemented with the estimated p-values pys asymptotically control

FDR at the required level v in the sense that

. Vv %4
J‘/}linooEf)M <R> =E <R> <.

Theorem 4 Suppose we have m hypotheses to be tested simultaneously. If conditions 1 and 4

in Theorem 1 and the following conditions hold,

1. Pr(pm,i <a)<a foriely and a € (0,1)
2. T1,..., Ty are mutually independent and continuous random variables.

3. fM,l, . ,me are mutually independent,
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then the BH procedure implemented with the estimated p-values pys asymptotically control
FDR at the required level v in the sense that

. %4 \%4
Ak (R> =k (R) =7

3.3.2 Discussions on the asymptotical results

The two theorems say that under some regular conditions, we can asymptotically control FDR.
The results still hold even we let the number of hypotheses m — oco. A key condition making
the two theorems different is the requirement on dependent structure of elements in vector
p and pys. If dependent structure of p; satisfies PRDS on Iy, it ensures that E(V/R) < .
Here we only require the PRDS should hold on I, and the dependent structure of p; on Iy
can be arbitrary. Marginal distributions of p; and pas; converging with the rate O (1 /M 5)
simultaneously for all ¢ is also needed for the consistent control. In addition, we also require
the convergence of the joint distribution of the ordered p-values. But as stated in Theorem 2,
such condition can be ignored if other conditions hold.

The approximation error € = |Eg,, (V/R) — E(V/R)| essentially vanishes to zero when
M — oo. Magnitude of €, as shown in our proof, is bounded by a non-decreasing function of
E (mp). This property indicates that the more the false null, the better the convergence.

We then have a look of condition 1 in Theorem 1. This is a sufficient condition to en-
sure that Pr(p € D”*) (‘and Pr(py€ D)) exists as m — oo. It is due to Kolmogorov’s
extension theorem (Karatzas and Shreve, |1991, pg. 50): an extension of any consistent family
of probability measures on (R™,B™) to a probability measures on (R, B>) = [[;2, (R, B)
necessarily exists and is unique. Conversely, if we have a probability measure on (R*, B*>),
we can induce a family of finite-dimensional distributions on (R™,B™), and these induced
finite-dimensional distributions all satisfy consistency for multivariate distribution.

Condition 2 in Theorem 1 requires that the joint distribution of the p- values should satisfy
PRDS on the subset Iy. It is a sufficient condition for E (V/R) < v when we implement the
BH procedure with p. Since our purpose is to control FDR with pyy, if we can guarantee that
limp; oo Eg,, (V/R) = E(V/R), only the distribution of p satisfying the condition is needed.
For practically using the BH procedure, Benjamini and Yekutieli (2001) listed many situations
when the condition holds. For example, if T ~A (u,X), where u = (u1,...,m) and 3 is a
m X m covariance matrix with element o;;. Suppose for each i € Iy, and each j # ¢, 0;; > 0,
then the distribution of T is PRDS on I, regardless what the covariance structure of ¢ € I is.
Mutual independence of 11, ...,T,, can be easily seen as a special case of PRDS on Iy. As for
the nonparametric jump test in this paper, since the limiting distribution of the test statistics
is a multivariate normal with o;; = 0 for each ¢ € Iy and each j # 4, it implies PRDS on Ij.

The condition that Pr(p; < a) < a for a € (0,1) is called the distribution of p; is stochas-
tically dominated by the Uniform(0,1). If limy/oo Pr (P < a) < a, it is called that the
distribution of pys; is stochastically dominated by the Uniform(0,1) distribution asymptot-
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ically. In order to control FDR with the BH method asymptotically, we at least need that
Pr(p; <a) < afora € (0,1) and i € Iy. The condition is more liberal than that p; has the
exact Uniform(0, 1) distribution for i € Iy, and applies to the case when the test statistics are
discrete random variables.

As shown in the proof of Theorem 1,

V. . V., .
EﬁM <R\m0:mo>]E(R|m0:mg)‘

. Z in: 1 Pr (ﬁM,Z < Qkaﬁ]\/;f()k_l) < Qkaﬁ(]\;f()k) > k41 ap(m 1) > Qm

iim k. —Pr (pz- < geplp ) S aenlyy) > dein 0 > qm
< Zmzl Pr (pMz<QkaI/)\(M())>qk+1)~"7ﬁ(M7Z()m 1) >Qm -
B icly k=1 k(k+1) Pr (pz§QkapE ))>Qk+1,---7pgm2)1)>f_7m
1 N
+ Z - (Pr (Pam,i < gm) — Pr(pi < gm))|- (3.8)
i€lp

In the first equality, Pr (pi < qk,pE;)l) < qk,pglz)i) > Qht1, - pgm)l) > qm> is the probability
that in addition to rejecting the hypothesis 7, we also reject other kK —1 hypotheses. If mg = m
Sarkar| (1998) showed that

Z Z Pr (pl < ;P Ek )1) < Qk;Dp E )) > i1, - pg'r_nzzl) > qm)
i€lg k=1

= 1=Pr(Bar) > a1+ P m) > m) -

Therefore if mg = m, (3.6 becomes

|(L=Pr (Par,) > @y Dam) > m)) — (L= Pr(pa1) > q1s-- D) > @m))| - (3.9)

(3.9) is the difference between the probability that we at least have one false rejection (or the
familywise error rate, FWER), when the BH procedure is implemented with p and py;. The
result is not surprising since when all null hypotheses are true, FDR=FWER.

To make vanish as M — oo, in condition 5 of Theorem 1 is one of the sufficient
conditions. However, as shown in Theorem 2, such condition is redundant when test statistics
are independent and continuous.

We finally have a look of the assumption:

~ 1
sup sup |Pr(p; <qr) — Pr(pari < qi)] = O <J\45> . (3.10)
1<k<mi€ly

The assumption says that the convergence in law should hold simultaneously at the points ¢

for 1 < k < m, and for all i € Iy. Such convergence is reasonable for test statistics with limiting
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normal distribution if we set § = s/2, s = 1,2,.... Note that if 7; and fMﬂ- are continuous,

Pr(pi < qr) — Pr(Dari < ar)
= Pr (fMy,- <o (1 - qk)> —Pr (T, <07 (1—q)).

If T\Mﬂ- and T; are asymptotically normal, and satisfy T\M’i =T+ 0, (1 /M %) for an integer
s > 1, then by theory of Edgeworth expansion of the distributions of T i and T; (Hall, 1992,
pg.76 ),

2

Pr(fMyiga) :Pr(’_]’iga)ﬁ—O(]\;s).

So Pr(pam,;i <1—¥;(a)) can converge to Pr(p; <1 — ¥, (a)) with the rate of O (l/Mg)

In our nonparametric jump test, standard normal is used to approximate Pr (f Mi < a)
under the null. There are several methods to improve the approximation, for example, the
bootstrap approximation and the Box-Cox transformation. Some theoretical results about
how the methods perform have been established. |(Goncalves and Meddahi| (2009)) showed that
when no jump presents, distribution of the test statistic for standardised realized volatility can
be approximated by N (0,1) with the rate of convergence O (1 JNM ) They also documented
that under some situations, the bootstrap approximation is better than the standard normal
approximation, and the error rate can be reduced to o, <1 / VM ) For the Box-Cox transfor-
mation, |Goncalves and Meddahi (2011)) showed that without jump component, the skewness
of the test statistic for realized volatility can be efficiently reduced via optimally choosing the
parameter for the Box-Cox transformation.

In practice, the number of samples M within a hypothesis, may be less than the number
of hypotheses m. How such the large m, small M (or in statisticians’ view: Large p (number
of dimensions), small n (number of samples)) situation affects statistical inferences has been
intensively studied recently, especially in simultaneously convergence of the test statistics. For
example, when the samples are iid, sufficient conditions for par,; £ p; uniformly for all ¢
already was provided by |Kosorok and Ma, (2007)). Clarke and Hall (2009) documented that
the difficulties caused by dependence of test statistics can be alleviated when m grows, but
the result subjects to that distributions of test statistics should have light tails such as normal
or Student’s t. Fan et al| (2007) proved that if normal or Student’s t distribution is used to
approximate the exact null distribution, the rejection area is accurate when logm = o(M %),
but if the bootstrap methods are applied, then logm = o(m ) is sufficient to guarantee the
asymptotic-level accuracy.

In practice, high frequency returns might not be iid distributed. Instead of assuming that
samples have certain distributional properties, here we assume that need to hold. How-
ever, by jointly restricting growth rates of M and m, and together with other mild conditions,
also can be achieved. It can be seen in the following proposition.
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Proposition 5 For all i € Iy and every a, if there exists some constant My > 0 such that
for M > My, Pr (maxiejo MO (T —fM,,)

>a> < cpexp (—coaP), where ¢1 and co are
two constants and 6 > 0, and p > 1. Also (log (m))% JM% = 0(1) as M — oo hold, then
SUDq << SUDse, [PT (Pari < qr) — Pr(pi < qi)| = o(1).

3.4 Simulation study

3.4.1 The model

For the simulation study, we consider the following stochastic volatility with a jump component
(SVJ) model:

dlog P (t) = <u — %(72 (t)) dt + o (t) dWy (t) + dJ (t),
do®(t) = a(b—o”(t))dt+wo (t)dWa(t),
N )
J(t) = Y. D(tj). D(t.j) ¥ N (0,1),
j=1

N (t) % Poisson (A\dt) ,

where dW; (t) and dWj (t) follow the standard Brownian motion, and o2 (t) follows the CIR
process. J (t) follows a Compound Poisson Process (CPP) with a constant intensity Adt, and
N (t) is the number of jumps occurring within the small interval (¢ — At, t]. The leverage effect
is not allowed in this model, and the correlation between dWj (t) and dWs (t) is set to zero.

We use the following parameter values for the simulation:
p=10.05, a=0.015, b= 0.2, and w = 0.05.

In the simulation, the unit of a period is one day. We vary the (daily) jump intensity A at five
different levels: 0, 0.02, 0.05, 0.1, 0.15, and 0.2. Here X is essentially the expected number of
jumps occurring per day. Different values of A tend to have different numbers of jump days
over the whole sampling period, therefore result in different numbers of false null hypotheses.
This allows us to see how such differences affect outcomes of the method.

We mimic the US stock market and generate 1-min intradaily log prices over 6.5 hours each
day. Thus in our simulation, M = 6.5 x60 = 390, dt ~ At = ﬁ, and Adt =~ % After obtaining
a sample path, the jump test statistics Z_ 15, Ziog; and Zyqtio; and their corresponding p-
values are calculated. We test hypothesis with the test statistics and control the FDR at
the level v with the BH procedure.
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3.4.2 Simulation results

We first focus on the case when the FDR control level v = 0.05 and the number of null
hypotheses m = 1000. Figure to Figure show the plots of average values of relevant
quantities from 1000 simulation runs. Figure [3.1]is for performances of the three different test
statistics when FDR is controlled with the BH procedure. In the top left panel, ability to
satisfy the required FDR level is shown. The solid horizontal line is at the level v = 0.05.
It can be seen that the realized FDR of Z_1 5; is almost around or under the required level,
while Zjog; has the largest realized FDR for all different values of A\. Overall, as A increases,
no matter which test statistic we use, the desired level can be achieved.

Let S denote the realized number of correct rejections. We use S /my to measure the ability
of the test statistics to correctly reject the false hypotheses. As shown in the top right panel of
Figure , the three test statistics have small differences in S /mi. In addition, S /mq increases
slightly as A increases.

As can be seen in the bottom left panel of Figure the significance level ?*’y/ m obtained
from the BH procedure increases as A increases. As \ goes up, the number of false hypotheses
m1 tends to increase, and we have less possibility that the test statistic will signal a true null
as a false one. Consequently, we do not need a more stringent ?*'y/ m to prevent the false
rejections, and more rejections can be obtained.

The average number of rejections S made by the BH procedure is constantly less than the
average value of mp, as shown in the bottom right panel of Figure It might be due to that
~v = 0.05 is too restricted to obtain more rejections. A remedy is that we can use a more liberal
level (v = 0.1 or 0.15), but tolerate more false rejections. One thing worth to note here is that
the average values of mj/m would in general be less than their corresponding A, since there
may be more than one jump on a day, and this becomes even more obvious when A becomes
large.

We then compare performances of the BH procedure with the conventional procedure of
controlling type I error in each hypothesis: Hz-0 is rejected if its realized p-value is no greater
than «. Here o we specify are two frequently used levels: 0.01 and 0.05. Relevant results are
shown in Figure As can be seen in the first row, when different test statistics are used,
the conventional procedure results in high realized FDR, especially when the jump intensity
A is small (the number of the false null hypotheses tends to be relatively low). An extremely
case is that when there is no jump (A = 0), rejecting H? when p; < 0.01 (or 0.05) results in
100% false rejections. It says that the probability we at least make one false rejection (the
familywise error rate) is one as we follow the conventional procedure. The reason is that when
all the null are true and the test statistics for each hypothesis are almost serially independent,
if we reject HZQ when p; s < a, on average we would reject ma hypotheses, and all of these
rejections are wrong. However, the BH procedure performs far better in this situation. Even
in the worst case, on average it only takes about probability 0.276 to make such an error.

Since the specified /s are on average greater than g*’y /m, it is expected that more rejections
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can be obtained under the conventional procedure than the BH procedure. This can be seen
in the second row of Figure S /mq of the conventional procedure tends to be better than
that of the BH procedure, but as A goes up, their gap becomes small.

Figure shows performances of the method when lower frequency (5-min, 10-min and
15-min) data is used. Z_j 5; still has the best ability to satisfy the required FDR levels, but it
suffers the greatest loss of S /m1 when the data frequency goes lower. Zjo,; does not perform
better than the case when 1-min data is used, no matter in satisfying the required FDR level
or S /mq. For Zyqi0.i, its performance still is in the middle, but overall its performance is more
stable than the other two competitors.

We then look at how the method performs when the number of hypotheses changes. We
vary m at several different levels, ranging from 50 to 2000 and keep v = 0.05. The results are
shown in Figure It can be seen that when A\ # 0 and m is large (no less than 100), the
realized FDR and S /my are stable over different m.

How does the method perform when FDR is controlled at different required levels? Figure
shows different required levels v and the realized FDR. The thick line is a 45-degree line,
and the vertical dotted line is for v = 1/2. Ideally the realized FDR needs to be equal or below
the 45-degree line. For A = 0.05 and 0.15, the method performs well, especially when ~ goes
large. However, when A = 0, there is a significant difference between the three test statistics,
and the required FDR level becomes difficult to achieve in this situation.

The above results suggest that performances of the hybrid method are positively related to
M and A. Although the BH procedure results in quite stringent rejection criteria, it still can
keep S /m1 at a satisfying level. Fixing rejection region at o = 0.01 and 0.05 indeed can have
better S /m1, but it can suffer far higher false rejections when the number of true null is large.
In sum, the simulations show that combining the BNS test with the BH procedure, FDR can
be well controlled and the test statistics can also keep substantial ability to correctly identify

jump components.

3.5 Real data applications

3.5.1 Summary statistics

The raw data used for the empirical application is the 1-min recorded prices of S&P500 in cash
(SPC500) and Dow Jones Industrial Average (DJIA), spanning from January 2003 to December
2007. In order to reduce estimation errors caused by microeconomic structure noise, we use 5-
min log returns to estimate RV;, BV, and JV; and the jump test statistics. Some descriptions
of the data and discussions on the microstructure issue can be found in the supplementary
materials.

Table 2 shows summary statistics of the price variations, different types of ﬁ,M, their
corresponding p; py and mutual correlations of these quantities of the two indices. Results

of the Ljung-Box test (denote by LB.10) indicate that the price variations are highly serially
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correlated. However, for C/A’Z wm and D; v, the Ljung-Box test instead suggests that they exhibit
almost no serial correlation, and the property allows us to use the BH procedure to control the
FDR.

The daily test statistics of the two indices have high mutual correlations. This property is
quite different from that between individual stocks and the market index. As shown in [Boller-
slev et al.| (2008), the jump test statistics of individual stocks and the market index almost have
no mutual correlation, even though their returns are highly correlated. Such low correlation
is due to a large amount of idiosyncratic noise in the individual stock returns, which causes a
low signal-to-noise ratio in the nonparametric test (the high mutual correlation between the
two benchmark indices implies that the idiosyncratic noise of returns is not significant). It
suggests that we can have more reliable results when we perform the jump test at the market

level.

3.5.2 Common jump days

To measure daily price variation induced by jumps, we use sum of squared intradaily jumps,

which can be estimated by the following estimator:
TViy = JV; x 1 {@-,M < Zw} , (3.11)
m

where JV; = RV; — BV;. Table 3 shows summary statistics of JV; , when FDR is controlled at
level v = 0.01 and 0.05. The mean and standard deviation of shown here are conditional
on pjm < i*y/m. The conditional mean is around 0.14 to 0.22 for SPC500 and 0.13 to 0.16
for DJIA. For SPC500 and DJIA, the significant levels /z'\*y/m for the three statistics are all
below 0.006 when the FDR control level v = 0.05. Depending on different test statistics, the
proportion of identified jump days among all days, is around 1.5% to 11.6% for SP500 and
around 2.4% to 8.6% for DJIA.

Common components in two highly correlated asset prices are often one of the most widely
studied issues in empirical finance. Here we document some relevant empirical findings. Figure
3.6/ shows the time series plots of the identified JV; 5 on the common jump days, and Table 4
shows their summary statistics. The term common jump days used here only means that the
two indices both have jumps on these days. It does not necessarily mean that the two indices
jump exactly at the same time within these days. Since the daily BNS test statistic is obtained
by integrated quantities over one day, it cannot tell us how many and what exact time the
jumps occur within that day. Nevertheless such test at least let us know what common days
they have jumps, and this information is still valuable for further research.

Two different approaches are implemented to identify common jump days. The first ap-
proach identifies the jump days of the two indices separately under the same FDR control
level, and then find common days among these identified days. Therefore in general we get

two different significant levels for the two indices. However, since we take all of the rejections
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from the two indices together, the separate method cannot guarantee that they satisfy the
same FDR level when they are pooled together. Thus the second approach is to pool all the
nulls together, and perform the BH procedure to obtain a unified significant level.

It can be seen that the results from the two methods are very similar. When the FDR
control level v = 0.05, the proportion of common jump days among all jump days is around
41% for SPC500. In addition, this proportion varies from 31% to 51% for DJIA, depending
on different test statistics. Comparing magnitudes of the variations in Table 4 with those in
Table 3, the two indices tend to have larger jumps on these common days. The result seems
to imply that a common shock such as announcements of macroeconomic news, may induce a

larger jump than that induced from the shock of the news of individual stocks.

3.5.3 Jump intensity estimation

Jump intensity of an asset price process is a very crucial parameter for evaluating risks of the
asset. As shown in Tu and Zhou (2011)) and |Andersen et al.| (2007Db]), the jump intensity seems
to change over time, which implies that clustering of jump variations is time varying. The
time varying jump intensity also demonstrates very different dynamic behavior across different
assets. In the previous literatures, the time varying jump intensity is estimated via moving
average of the number of identified jump days, but the threshold for identifying these jump
days is a fixed type I error. Here, rather than controlling the fixed type I error over the whole
sampling period, we try to incorporate the FDR control into the rolling window estimation.

The simple moving average (rolling window) intensity estimator for the kth day is defined

as
- 1 &
M= > 1{pim <6},
i=k—K+1

where 6 is a threshold, and K is length of the rolling window. The estimator can serve as
a local approximation for the true intensity of the jump process, if we assume that number
of jumps occurring at most once per day. In the following analysis, we set K = 120, and
6 is chosen based on two different ways: The first one is the FDR criterion using the whole
m = 1247 hypotheses, and the second one is the FDR criterion using the K hypotheses within
that window.

While the first method always has 8 fixed, the later method leads to an adaptive FDR
criterion which may change over time, since including new p; ps sometimes makes a different
FDR criterion. As shown in our simulations, a lower value of v causes an underestimation
on the number of jump days, we therefore set a higher v = 0.15. Time series plots for the
estimations with the three different jump test statistics are illustrated in Figure [3.7] In the
left panel are plots for SPC500 and the right panel are plots for DJIA. It can be seen that with
Z_15, XZ“’” tends to be constantly lower than with the other two test statistics. When 6 is
/)\\zlov

chosen adaptively over the whole sampling period, is more volatile; and it tends to be

higher (lower) when more (less) jump days are identified. This phenomenon holds no matter
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which test statistic is used. On the other hand, with fixed 6, XZ“’” is less sensitive to inform such
large price movements. Finally, one should note that adaptively choosing 6 is only meaningful
if the control procedure can lead to different choices of 8 as different information appended,
which is possible for the BH procedure but can never be achieved via the conventional type I

error control.

3.6 Conclusion

In this paper, we have tested whether a stochastic process has jump components by the BNS
nonparametric statistics, and controlled FDR of the multiple testing with the BH procedure.

Theoretical and simulation results are presented to support validity of the hybrid method.
Under appropriate conditions, FDR can be asymptotically controlled if the p-values are ob-
tained via the asymptotical distributions. The simulation results show that the transformed
BNS test statistics can perform well in satisfying the required FDR level with the BH proce-
dure. Their ability to correctly reject false hypotheses is also improved as the frequency of
jumps increases. By controlling FDR, we can have a large chance to avoid any wrong rejection
even when the stochastic process does not have any jump component. Overall, our simulation
results suggest that performance of the method is positively related to jump intensity and
sampling frequency, and is stable over different numbers of hypotheses and the required FDR
levels.

As for the empirical results, we find the daily nonparametric test statistics and their cor-
responding p-values almost have no serial correlation, either for SPC500 or for DJIA. But the
test statistics between the two indices are highly mutually dependent. The two indices tend to
have larger jumps on the common jump days. We also demonstrate different properties of jump
intensity estimations from fixed and adaptive threshold methods. Jump intensity estimated

from adaptive threshold method is more sensitive to inform large price movements.

122



Table 3.1: Number of hypotheses and rejections when a multiple testing is performed

Test statistic is Test statistic is

not significant significant Total number
True null U \%4 mo
hypotheses
Non-true null T S mi
hypotheses
Total number m—R R m

Table 3.2: The table shows summary statistics of the price variations, different types of ZA’, M,
their corresponding p; py and mutual correlations of these quantities of SPC500 and DJIA. The
column LB.10 shows p-values of the Ljung-Box statistic based on autocorrelation coefficients
with 10 lagged values. The quantities of price variations shown are all scaled by 10000.

SPC500 DJIA
LB.10 LB.10

Mean Std. p-value Mean  Std.  p-value Corr.
RV; 0.4842  0.4817  0.0000 0.4793 0.4505 0.0000 0.9580
BV, 0.4314 0.4348  0.0000 0.4298 0.4013  0.0000 0.9713
JV; 0.0368  0.0830  0.0000 0.0326  0.0800  0.0000 0.5311
p=—15
ﬁ,M 0.7782  1.0842  0.5096 0.7034 1.1005 0.4902 0.6925
DiM 0.3024 0.2674  0.8873 0.3222 0.2755  0.6606 0.6767
Log Type
ﬁ,M 0.9390 1.2945  0.3319 0.8568 1.3026 0.4456 0.6814
Di,M 0.2916  0.2697  0.8765 0.3113 0.2777  0.6594 0.6741
Ratio Type
ﬁ',M 0.8274  1.1427  0.4499 0.7504 1.1564 0.4772 0.6901
Di,M 0.2987 0.2683  0.8837 0.3184 0.2764 0.6598 0.6760
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Table 3.3: The table shows summary statistics of significant daily discontinuous quadratic
variation JV;, (sum of squared intradaily jumps) of SPC500 and DJIA. FDR is controlled at
level 0.01 and 0.05. The quantities of price variations shown are all scaled by 10000.

SPC500, m = 1247

v =0.01 v =0.05
p=—1.5 Log Type Ratio Type p=—15 Log Type Ratio Type
%7 2.41e-05 0.0004 8.82e-05 0.0008 0.0058 0.0023
No. of days 3 55 11 19 144 58
Mean 0.1464 0.1816 0.2232 0.2163 0.1376 0.1744
Std. 0.0727 0.1885 0.2863 0.2311 0.1492 0.1861

DJIA, m = 1247

v =0.01 ~v = 0.05
p=—1.5 Log Type Ratio Type p=—15 Log Type Ratio Type
%'y 4.01e-05 0.0004 0.0002 0.0012 0.0044 0.0020
No. of days 5 52 22 30 107 51
Mean 0.1458 0.1649 0.1642 0.1662 0.1324 0.1634
Std. 0.0501 0.1198 0.0896 0.1088 0.1053 0.1205

Table 3.4: The table shows summary statistics of significant daily discontinuous quadratic
variation JV;, (sum of squared intradaily jumps) of SPC500 and DJIA on the common jump
days by adopting separate and pool methods. The term common jump days used here only
means that the two indices both have jumps on these days. The mean and standard deviation
of JV; , are calculated conditional on p; pr < ?*’y /m. The quantities of price variations shown
are all scaled by 10000.

Separate
v =0.01 v = 0.05
p=—1.5 Log Type Ratio Type p=—1.5 Log Type Ratio Type
No.of common days 1 22 6 8 55 22
Mean, SPC500 0.2304 0.2289 0.3115 0.2769 0.1690 0.2289
Std., SPC500 N.A. 0.2234 0.3759 0.3244 0.1836 0.2234
Mean, DJTA 0.2101 0.2067 0.2060 0.2021 0.1582 0.2067
Std., DJIA N.A. 0.1271 0.1459 0.1249 0.1286 0.1271
Corr. N.A. 0.8503 0.9694 0.9556 0.8889 0.8503
Pool, m = 2494
~v=0.01 v = 0.05
p=—15 Log Type Ratio Type p=—15 Log Type Ratio Type
%’y 3.21e-05 0.0004 0.0001 0.0010 0.0051 0.0021
No.of common days 1 22 7 9 58 22
No.of days, SPC500 3 55 12 21 140 55
Mean, SPC500 0.2304 0.2289 0.2877 0.2720 0.1647 0.2289
Std., SPC500 N.A. 0.2234 0.3489 0.3038 0.1797 0.2234
No.of days, DJIA 5 52 22 29 114 52
Mean, DJIA 0.2101 0.2067 0.1989 0.2102 0.1535 0.2067
Std., DJIA N.A. 0.1271 0.1345 0.1193 0.1270 0.1271
Corr. N.A. 0.8503 0.9694 0.9249 0.8897 0.8503
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Figure 3.1: Realized FDR, S /myq, significance level obtained from the BH procedure and
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Figure 3.2: Realized FDR and S/m; of the hybrid method and the conventional procedure.

In the graphs, each point is an average value from 1000 simulations.
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Figure 3.3: Realized FDR and S /my of the hybrid method with lower frequency data. In
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Figure 3.4: Realized FDR and S /m1 of the hybrid method when the number of hypotheses
varies. Here m = 50, 100, 200, 500, 800, 1000, 1200,
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SUPPLEMENTARY MATERIALS

Supplementary Materials contain the following sections:

7. Some Proofs: This section provides proofs of theoretical results in section 3.

8. The PRDS condition: This section provides a more detailed discussion on the
PRDS condition.

9. Simulation with SV1FJ model: This section provides simulation results from
another stochastic jump model (SV1FJ).

10. Data descriptions and summary statistics: This section provides descriptions
of the real data used in section 5 and summary statistics of realized variance, realized

bi-power and jump test statistics derived from the data.

3.7 Proofs of some theoretical results

3.7.1 Proof of Theorem 1

Proof. Let’s start our proof from how to construct the Dyy. Without loss of generality,
suppose that the first mg hypotheses are true, and the rest m; = m — mg hypotheses are false.
Now consider events such that we reject the first v true null hypotheses and the first s false
hypotheses. Let the optimal significance level selected by the BH procedure i*y/m = gys.
Then

Pr ﬁM,l < Qutss - ’ﬁM,v < QU+saﬁM,v+1 > Qugs+1s--- aﬁM,mo > Qmo+s;
ﬁM,mo—‘rl S q’U+S7 L 72/9\M,m0+8 S qv—‘—saﬁM,m()-l—s—}—l > Qm0+s+1> ... 7ﬁM,m > Qm

represents probability of one of such events. Note that here i* = v + s, and ¢; = iy/m for

i=v+s+1,...,mis the crietria corresponding to a hypothesis which is not rejected. Let
mo+s m
DY:imo = [07 qv+s]v X H (Qi? 1] X [07 qv+s]s X H (qiv 1] )
1=v+s+1 1=mo+s+1
m
and the above probability can be rewritten as Pr (IA)MED;’:imO) Let E™ = H1 [0,1] be the
i

m—fold products of interval [0,1]. Note that joint density of pas is integrabfe over the set
E™. Apparently D"}~ C E™, so Pr (f) MEDi’imo) exists. By suitably varying permutations
of intervals [0, ¢y+s) and (¢, 1] (i =v+s+1,...,m), we can obtain different m—dimensional

cubes to construct sets for events of rejecting s false and v true null hypotheses, and the total
. . (Mo my
number of such permutations is < ) X ( > X (m—s—wv)l
v s

To see this, at first we focus on the events when par1 < Qugs, ..., PMo < Quts and

PMomo+1 < Qutss -3 PMmo+s < Qu+s occur, and the rest p-values are greater than their corre-
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sponding significance levels. In this case, there are total (m — s — v)! possible permutations of

(gi, 1] for these non-rejected hypotheses. Let

msv

v,Ss v,Ss
Dlmo_ U Damo’

be union of such events, and also obviously qu’fno C E™. Furthermore, if we vary permutations
mo

of the interval [0, gy for the s false (the v true null) hypotheses, there are <m1>( ) such
s

different permutations. Therefore for the s false and the v true null hypotheses, total number
of possible permutations of the interval [0, g,s] is (m0> X (ml) Let hpyy = (m()) X (m1>,
v s v

s
(m—s—v)

and D)’ fno = U Dh mge fOr ho=1,., hiye denote such union of the m—dimensional
cubes. Finally, let

hU S v,S

mq mo m S— U

v,s _ v,8 0,8
Dmo - U Dh , Mo U Dh7.j7m0'
h=1

Dye € E™, since all D)

of rejecting v true null and s false hypotheses under the BH procedure is thus given by

hj mo & E™. When there are mg true null hypotheses, the probability

v,s v,s
mg (m—s—v)! mg (m—s—v)!

U {pMEDh]mO} —Pr pME Dyt | =Pr(pue D).

The same approach can be used to construct the probability of rejecting v true null and s false
hypotheses when we implement the BH procedure with p, and it is given by Pr (p € Dfnf)) . Fur-
thermore, if the consistency for multivariate distribution holds, Pr (f) ME Dfn‘g) and Pr (p € D%;)
exist when m — oo.

Then E (V/R | mo = mg) and Eg, (V/R | mo = mg) can be expressed as a function of the
marginal distributions of p-values. Let us use E (V/R | mo = myg) as an example. As shown in
Lemma 4.1 of |[Benjamini and Yekutieli (2001), Pr (p € DZ{;) can be further expressed as

%ZPT piéQersﬂ PGUDhmO )

1€l
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and therefore

V m1 mo
E(R‘mo—m()) = g;( PGDZ%))

mi1 mo hvmso

= ZZ 7PI‘ pEUDhmo
s=0 v=1
mi1 mo v 1 mo

B 2)22 v+sv IPr Pi < dues[ ) peUDhmO
s=0v= 1€lp
mi1 mo

B 2}22}: PP < ans() PEUDhmo
s=0wv 1€l

Let AZ)S o denote the event that if p; < gy+s occurs and then v — 1 true null and s false

hypotheses are rejected. We can see that

v,s
humg

{pi <as}[){PE U Dyny ¢ = 10 < dvss} (VAL o

Also let
k k v,s
G ={quts :v+s=k} = —a and Agy 0 = | l{A(i)m0 cv+ s = k:} .

Note that A??S
1),m

HY, we reject the other k — 1 hypotheses given my true null hypotheses, and it is disjoint for
different ¢. Then

is mutually disjoint for different v and s. A](fi) o 18 the event that except

v,Ss
himg

mi1 mo
E(;!ﬁm—mo> = ZZZ s Pr PiSqUJrsm pEUDhmO

s=0 v=11i€ly

mi mo

— ZZZU+SPr (pz <qv+sﬂA1(’,)SmO>

s=0 v=11€ly

_ Z Z - Pr (pz' < qk mA](Ci),mo> :

k=11i€lp

Considering Pr (ﬁMl < qx ﬂ/A\’(“Z) mo), an analog of Pr (pi < qx ﬂA](“i) mo) when pjs is used.

Following the same way,

(150~ ) £ e <a )

k=11i€lp
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Thus

V., . V., .
Ef)M <R|m0:m0>—E<le0:mo>

= Zm: Z % (Pr <ﬁM,i < Gk mxlgz)mg) — Pr (pi < Gk mA](Ci):m())) '

Note that the consistency for multivariate distribution should hold, then the above joint prob-
ability functions exist when m — oo. Pr (pi < qkﬂA@) mo) is just the probability that if

i < gk, then the other & — 1 hypotheses are rejected. Therefore Pr <pz~ <aqN AZ.) mo) can be
explicitly expressed as

Pr (pi < qx ﬂ A?i),mo)

= Pr (pz- < qk,pg,jf) ) < qk,pg,:)i) > et - -pﬁ;ﬁl) > qm>

(~i) (~i

= Pr (pi < k> P 1) > qk+1, - - 'p(mzl) > Qm>

—Pr (pz- < qk,pg,:i)l) > qk,pg,jf) > et - -pg;fll) > Qm> :

Then
m m (=) (=1)
1 k _ 1 Pr (pi < Tk> P 1) > k41, - - “Pim—1) > Qm>
S aNAbm) =20 | (3 < 10 3s” 9 -
k=1 k=1 Di = k> Pg—1) > k> P 1) > Qk+1, - “Pim=1) > qm

The first term of the above summation (k=1) is Pr (pi < ql,pgl_i) > qo, .. .pg;ﬁl) > qm> ,

while the last term (k= m) isl/m (Pr (pi < qm)—Pr (pi < qm,pgm_l) > qm)) . Summation
of the middle m — 2 terms is

m—l 1 Pr (pi < C]k,pé,:)i) > Qg1 - - .pg;?l) > Qm)
k=2 k\ —Pr (Pi < Qk,PE,i)l) > qk,pgg) > i, - - .pgrjﬁl) > qm)
Sk (=9) (—i)
= 2 z Pr (pi S QD). > Ghtd, Py lpy > qm)
I L (ri < aesnply” > aerrop ) > aesn, 001 > an)
= k+1 b= "B (k) 1 P(jg1) = Det2, P 1y > dm
m—1

r (pi < qzc,pg,;)i) > Gt - -pg;ﬁl) > qm> -

I
™
| =

1

3
[

1 | (=) (=) (=)
. k1 Pr <pz < qk+15 P > Tk+15P(k41) > qk+2, - ‘Pim—1) > Qm) -

e
Il

i i 1 —i
Pr (pz < q17p21)) > qo41, - - Pgmzl) > Qm) + E Pr <pz < Qmapgmll) > Qm> .

134



Therefore

i % Pr (pi < qx ﬂ AZ’)»WO)
k=1

m—1 (=) )

%Pr (pi < 9k P (k) > Q415 - apg;;_l) > Qm>

k=1 _ﬁ Pr (Pi < Qk+17PEl;)l) > Qk+1s - ’pg;ﬁl) = m

1
+ —Pr(p; < gm)
) m

By similar way,

i % Pr (@W < qk ﬂ K](ci)JnO>

k=1
m—1 %Pr (]/)\]\472 S qk7ﬁ(1\2f()k) > qurl) e 71)\(]\271()7)1—1) > Qm>
k=1 _%4-1 Pr (ﬁM,i < %HJ/?(J\;,Z()k) = Qo1 - ’ﬁﬂ;,l()mfl) > qm)
1 ~
+—Pr(pari < qm) -
m

Note that g = kv/m, so in general as m goes large,

Pr (pz- < qk,pg,jf) > Qs ,pgﬁl) > Qm> ~ Pr (pi < qzc+1,pg,j)i) > et ,pg,ﬁl) > qm) :

Then
ml 5 Pr (pi < qk,pg,;)i) > Qht1s - ’Pg;ﬁl) > qm)
; ( —k%rl Pr (Pi < Qk+17pE;:)i) > g1y ,pgﬁl) > qm>
N m-l T br (pi < Qk,pglz)i) > Qt1 - - ,Pg;le) > qm)
= S 1 5 (pi < g p > gyt > qm) :
= k(k+1) () o=t
Also
e 1 Pr (ﬁM,i < Qk,ﬁ(z\z,i()k) > k1 - ’ﬁ(ﬂz7zk)m—1) = qm)
k=1 _%ﬂ Pr (ﬁM,i < Qk+1a73(J\71,i()k) = k15 - ’ﬁf‘zi()m—l) > qm>
~ S 1y (ﬁMi < Qo By > Qhette 2Py oty > qm) :
2 ey P = 0 Pl ey
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Finally

Q

IN

V., - V-
EﬁM <R\m0:m0>—E<R|m0:mg>‘

SO (0 (s < e (VR ) P (1 < 0 (1A ))

icly k=1

Pr (ﬁMz‘ < Qk,ﬁ(]&?k) > Qkt1y - - 71/5(]\/_[7i()m,1) > Qm> -
Pr (pl < Qkapg )) > Qkt1y - apg;ﬁl) > Qm>

+>ier, e (Pr(Dari < gm) — Pr(pi < qm))

Z’LEIO Zk 1 k(k+1

Z T)’LZI Pr (ﬁM,Z é qkaﬁ(]\;f()k) > qk+1y- - - ,]/7\(]‘;77;()’,”_1) > qm) _
i€ly k=1 k k + 1 Pr <pl < qkapgkj)z) > kA1 J’E;ﬁl) > Qm)

+Z PI‘ pMz<Qm) Pr(piSQm)) .
elp

If condition 4 holds, the second term of the last inequality is bounded by O (1 /M g ) . If condition
5 hold, the first term of the last inequality becomes

Z Z Pr (ﬁM,l S quﬁ(j\;f()k) > dk+1y - - - 7]/9\(]\;71()m_1) > Qm> -
ity i1 Pr(pi < g Py > Gt P 1) > qm>

< 1 > m Pr (ﬁMﬂ, < Qkaﬁ(]\;z()k) > Qk415- - - aﬁ(j\/_[l()m_l) > qm)
mo|1l—— ] — X sup sup o '

(=)

m/ m - 1<k<mielp —Pr (pi < Qk,pgg)z) > Q415 - 1Pim—1) > (Im)

- <1—;>o(1).

m

We then can conclude that

Voo V. . m 1 m 1
EﬁM <R|m0:mO>—E<R|m0:mo>’§nf(l—m>0(1)+7r?0<w>.
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Then

< m<
N

o o
I
S 3
NS

|
NE
S
el
g
7N

|7 ~
) | mo—mo)> x Pr (mg = my)

=<
OSZ
I
3
~—
|
&=
e

A;)) « Pr (/g = mo)

— E (o) <; (1—;>o(1)+;o (1\;5» —o(1).

As shown in the proof of Theorem 1.2 of Benjamini and Yekutieli (2001), if condition 2 holds,
then > ;" | Pr (Al&)mo Ipi < qk) < 1. By the assumption that Pr(p; < qr) < %7,

IA
NE
N
318
T
|
gl
S
g
318
o

Pr ({pi <a}() A’&),mo) < Pr (A’(Z-%mo pi < %) %7-

Thus

E <; | o = mo) = i Z %Pr ({pz < qr} ﬂA]Ei),mo>

>
Il
-
.
m
=

-
Il
—
.
m
~
S

IN
]z
> =
=)
=
/N
=
-
3

=3

|

)

Bl
N—
3=

2

IN

m
3 0 x Pr(ig = mp) = 2L < 4,
m

mo=0

Finally we can conclude that

. V \%
]\/}IE\HOOIE@\M <R> =E <R> <.
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3.7.2 Proof of Theorem 2

Proof. To start our proof, at first we have a look of the inequality,
Pr (ﬁM,z S a) S a,

where a € (0,1) and @ € Iy. Suppose that a = g, = ky/m, k=1,...,m, and v € (0,1), then
the above inequality becomes

Pr(pai < k) < —7.

3=

It implies mPr (Par; < qi) < kvy forall k =1,...,m and and ¢ € Ij. Let
m ~
? Pr (pM,Z < Qk) = FﬁZ’M (Qk) )

therefore for i € Iy, F;

i (@) 1s bound by v as m — oo. Furthermore, since T1,...,T),, are

continuous random variables, Pr (p; < q;) = ky/m. Let F,, (qx) = mPr (p; < a) /k, then for
i € Io, Fp, (qr) is also bounded. Since both Fy, (¢x) and Fj, ,, (gk) are bound and continuous
functions of Pr (p; < qx) and Pr (par,; < qx) respectively, we can conclude that as M — oo, if

~ 1
sup sup |[Pr(Ppai < i) —Pr(pi < qi)| = O ( ) ,

1<k<m i€y M9

then
sup sup |FﬁAI,¢ (qr) — Fp, (Qk)‘
1<k<mi€lp
m . m 1
= sup sup |- Pr(pm; <qr) — - Pr(p < Qk)‘ =0 <5> :

1<k<m i€l k M
Since 11, ...,1T;, are independent, then p1,...,p, are also independent. Therefore the event
A'(“i)’mO and {p; < qr} are independent, and Pr (Al(Ci),mo Ipi < Qk> =Pr (A’(“i),m(J). Furthermore,

by AF are mutually exclusive for k£ and | AI(‘;.) is the whole space, therefore

1),m m
(@):mo k=1 0

m

ZPr (A@-)’mo Ipi < qk) = iPr (Algi),mo> =Pr (G A?Z-)’m()) =1.
k=1

k=1 k=1
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A~ AN m -~
Since T 1, - - - » T m are also mutually independent, by similar argument as above, > Pr (A’(‘;.) mo) =
k=1 ’

mo_
Pr < U Ak > = 1. From proof of Theorem 1, we know that

pop (mo
V.- V. -
EﬁM <R |m0:mg> —E(R |m0:m0>

= i Z % (Pr (ﬁM,i < Gk ﬂj\@)mo) — Pr (pi < Gk ﬂA](Ci):m())) ’

k=11i€ly

It can be shown that

Pr (ﬁM,z’ <[ ) /AV(Z-WO) —Pr (pi <) A'@»),mo)
= Pr <K1&)7m0 P < Qk) Pr(Pm,i < qr) — Pr (K’(Ci),mo PMi < Qk) Pr(pi < qi)
+Pr (Rfy g lPrri < o) Pr(ps < ax) = Pr (Afy pi < a1 ) Pr (v < )
= Pr(Rfy . Pnss < @) (Pr (B < @) = Pr (v < k)

+ (Pr (IA\I&)MO P < Qk) —Pr (Alfi),mo lpi < %)) Pr(pi < q).
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Therefore

%4 V., .
EﬁM <R\mg—m0>—E<R|m0:mg>

— i Z % (Pr (ﬁM,i < Gk m‘//il(gl)m0> — Pr <pi < ar ﬂA](Ci)vm(J))

IN
NE
=
g
.,
VN

Aoy mo P < qzc) (Pr(Pari < qr) = Pr(pi < qr))

1
i; (pr (A( Pz < qk) Pr (Al&),mo Ipi < %)) Pr(pi < qi)

_|_
i€lp k=1
1 Nk -~ k m .
- > PR (Au),mo [P < Qk) p— (Pr (pami < qx) — Pr(pi < qr))
i€lg k=1
L (b (RE L s < Pr (AR, |pi < i
+ Z k L2 6),mo Pari < g ) — Pr (4),mo pi < qk oy

1 ~k k m R m
Z A Pr <A(¢),m0> o Sup sup |- Pr(pai < qr) — A Pr(p; < Qk)‘

Py M 1<k<miclo
X g (e () P (3h)) o

< zf;pr(x@),mo)lxo(ﬂ;) 3 (e () - e ()
icly k=1 icly k=1

_ mog, <1>

oom Md )’

o ()2 (5)
m0<EpM (; !mozm()) ~E <; | o :mo>> x Pr (g = my)

< (()m‘))o <M5> =0(1).

Finally, if T1, ..., Ty, are mutually independent, their joint distribution is PRDS on the subset

of p-values corresponding to true null hypotheses. Thus the conclusion follows. m
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3.7.3 Proof of Proposition 1

Similar as in |[Kosorok and Mal (2007), we apply Orlicz norm to prove the proposition. The
Orlicz norm [|U[|,,is defined by

01, =int {a>0: 8 (v (121)) <1},

where 1) is a non-decreasing, convex function with ¢ (0) = 0. As suggested by [van der Vaart
and Wellner| (1996)),

Py (u) = exp (uP) — 1,

is particular useful in proving consistency. The corresponding Orlicz norm of ), (u) is called

an exponential Orlicz norm. For all nonnegative u, u” < 1), (u), which implies that
U1, < U1y,

for each p. Thus the L,—norm is bounded by HUH% .

Proof. Let M?° (TMZ — TZ) = Ui, - With ¢, (u) = exp (uP)—1and ¢, ' (m) = (log (1 4+ m))7 ,
the proof directly follows from lemma 2.2.1 and 2.2.2 in van der Vaart and Wellner| (1996)).
Given myq true null hypotheses, as M > M

=

max |U; | < max|Ui7M|’
i€lp P i€ly djp
1
< log (1 P U;
< ¢ (log (1+mo))r max Uiy,
1
1 /1 P
< alog(14m) (K22
Cc2
1 1
1
< 2o m))? (1227
2
by log (1 +m) < 2logm. Thus
Ui (log (m))”
~ ] og(m))»
tH | e 7 I O
1 1
where cg = 2¢5 (%)p < 00. Therefore if (logjg/fimé)l’ = 0(1) as M — oo, we can conclude

that fMﬂ- BT foralli e Iy, and Supy<j<,, Supseg, [P (P, < qr) — Pr(pi < qi)| = o(1) since

convergence in probability implies convergence in law. =
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3.8 More discussions on the PRDS condition

PRDS is a special case of positive regression dependent. Lehmann| (1966) defined a random

variable Y positive regression dependent on a random variable X as
Pr(Y <y | X = z) is non-increasing in x, (3.12)

while Y is negative regression dependent on X if Pr(Y <y | X = z) is non-decreasing in
x. Y positive (negative) regression dependent on X is also called stochastic monotonicity of
Pr(Y <y| X =ux).

Y positive regression dependent on X also implies that
Pr(Y <y|X<az)>Pr(Y <y|X <a), (3.13)

for all z < 2’ and
Pr(Y <y, X<z)>Pr(Y <y Pr(X <uz). (3.14)

is called X and Y are positively quadrant dependent. It says that the more possibility
of X being small (large), the more possibility of ¥ also being small (large). If we let 2'—o0,
then becomes . With simple algebra, it can be shown that implies ,
and implies . All of the three conditions can be extended to multiple variables.
Positive regression dependent of an [—dimensional random vector Y on a m-—dimensional

random vector X is that
Pr(Ylgyl,...,Ylgyl]Xlle,...,Xm:xm) (315)

is non-increasing in x1, . .. . Obviously Y is PRDS on a subset Iy of X is less stringent than
(13.15]).

Another frequently used but more restricted criteria for dependency of multivariate random
variables is the multivariate totally positive of order 2 (MTP2). Karlin and Rinott (1981))
defined a m—dimensional random vector X to have an MTP5 distribution if the corresponding

joint density fx satisfies

fx(yVvz) fx(ynz) > fx(y) fx(z),

where
y = Wi, Ym), 2=(21,--,2m),
yVz = (max(yy,z1),...,max (Ym,2m)),
yAz = (min(y1,21),...,min (Ym, 2m)) -

The number of dimension m can be extended to infinity or even continuous. MTPs implies
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positive regression dependent, and therefore implies PRDS (Sarkar, 2002). It can be shown
that joint density of m random variables X; satisfying MTPy implies Cov (X;, X;) > 0 for
i, = 1,...,m. Nevertheless, except multivariate normal, PRDS and Cov (X;, X;) > 0 may
not imply each other (Benjamini and Yekutieli, [2001). In a more general situation, empirically
verifying whether data structure satisfies the above conditions may be difficult. But some
solutions have been suggested, for example, a nonparametric test for stochastic monotonicity
proposed by |Lee et al. (2009).

3.9 A Simulation study with SV1FJ

For an additional simulation study, we use the following stochastic volatility with one jump

component model (SV1FJ), which also was considered in [Huang and Tauchen| (2005),

dlog P(t) = pdt+exp(Bo+ Sio(t))dWi(t)+dJ (),
do(t) = ao(t)dt+dWy(t),
N(t)

J(t) = Y. D(tj), D(t,j) “N(0,1),
7=1
N (t) % Poisson (Adt),

where dW; (t) and dWs (t) follow the standard Brownian motion, and o? (t) follows a simple
stochastic process. J (t) follows a Compound Poisson Process (CPP) with a constant intensity
Adt, and N (t) is the number of jumps occurring within the small interval (¢t — At, ¢].

For the simulation, we set the parameter to the following values.
uw=20.03, o =0, f1 =0.125, and a = —0.1.

In addition, we also add the leverage effect into the model, and the correlation between dW; (t)
and dWy (t) is set to —0.62.

All of the other settings for the simulation are the same as in the SVJ case. Relevant results
are shown in Figure to Figure It can be seen that all the results are qualitatively

similar to those of the SVJ case.

3.10 Data descriptions

The raw data used for the empirical application is the 1-min recorded prices of S&P500 in cash
(SPC500) and Dow Jones Industrial Average (DJIA) from January 2003 to December 2007.
The data sets are provided by Olsen Financial Technologies in Zurich, Switzerland. During
this period, market closed at 1 pm on a few days. Such days were inactive trading days, and

we do not include them in our samples. After eliminating these inactive trading days, we have
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1247 active trading days for both indices. In section 5, all estimated realized price variations
and test statistics are based on the data from the 1247 active trading days.

To estimate the intradaily price variations, we use 5-min log returns but exclude overnight
returns. Some issues of microstructure noise are also concerned here. When observed prices
contain microstructure noise, realized variations estimated with different sampling frequencies
will have different degrees of biasness. Since the two indices are not really traded, their price
series would be less likely to suffer distortions from the microstructure noise than those of
traded futures. The property of immunizing the microstructure noise can be seen in |3.13
which shows volatility signature plots. The horizontal dashed line in each plot is the average
daily realized variance when the 5-min log returns are used. It can be seen that the average
values of the realized variances are downward biased when their sampling intervals are small.
As the sampling interval becomes moderately large, the average values become stable, and the
biasness is mitigated. However, the downward biasness reappears when the sampling interval
increases beyond one hour. From the figure, we can see that the realized variances estimated
from the 5-min log return data seem to suffer little microstructural effect. This is the reason
why the 5-min log return data is used to construct the realized variance estimations.

We then calculate the three different jump test statistics Z_15;, Ziogi and Z,atio; and
their corresponding p-values. To avoid effects of abnormal trades, we omit data of the first
five minutes (09:31-09:35) and the last ten minutes (16:01-16:10), so the number of samples
for each day equals to 77. This additional step of screening the data makes our estimates
reflect intradaily dynamics of the two indices more homogeneously and efficiently. Note that
the additional screening step only applies to JV; and the daily jump test statistics. For RV;
and BYV;, we still keep the 80 samples each day. Figure shows time series plots of RV, BV
and JV; g.05 for the two indices. It can be seen that the log type statistic have most identified
jump days.
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In the graphs, each point is an average value from 1000 simulations.

146



SVIFJ_5-min

SV1FJ_10-min

SVI1FJ_15-min

R = 1 5 S 2qa
log type
+ ratio type A ~ ratio type
Bl 34 !
A
e 3 « 3 « 3
-3 -3 3
[ [ [
K 2 g A
T K] 3
g < | g < | ¢ < |
3 3 S
<
T T T T T T T T T T T T T T T
000 005 010 015 020 000 005 010 015 020 000 005 010 015 020
lambda lambda lambda
SV1FJ_5-min SV1FJ_10-min SV1FJ_15-min
2+ It 5 2 = th 5 = tho=-1.5
A+ logtype A+ logtype A+ logtype
+ ratio type < ratio type < ratio type
@ o @
S S S
o o <
E ° E ° E °
@ @ Izl
E < <
g g 8
T k] k-l
g x| ¢ 3 g = |
S S S
S S S
i
g% E g1
T T T T T T T T T T T T T T T
0.00 005 010 015 020 000 005 010 015 020 000 005 010 015 020
lambda lambda lambda

Figure 3.10: Realized FDR and S /mq of the hybrid method with lower frequency data. In the
graphs, each point is an average value from 1000 simulations.

147



SVIFJ_lambda=0

<4 -=  rtho=-15
4 log typh
~ ratiotype
=
e A
A
© A
&
LY A
g e A
s Y
g r’e
*
2 .‘ - * - -
S Nee ce-e -
A -
n-m .-
[
=
3
T T T T T
o 500 1000 1500 2000
m
SVIFJ_lambda=0
e 4
@
B
o
E
&
K
<
g <
g 34
o
-®=  rho=-15
4 logtype
S - - - - - - —— -l - -l — - — e -ratio Wil
T T T T T
o 500 1000 1500 2000
m

Figure 3.11: Realized FDR and S /mq of the hybrid method when the number of hypotheses
varies. Here m = 50, 100, 200, 500, 800, 1000, 1200, 1500 and 2000.

realized FDR

realized S/m1

00

SVIFJ_lambda=0.05

-= rho=-15
4 log type
~ ratio type

Aa A AoA, A N

O il TP SR
hAM §---B--E- - g -
g

T T T T T

o 500 1000 1500 2000

m
SVIFJ_lambda=0.05
o T SN S S S
-=  rho=-15
4 log type
~ ratio type
T T T T T
o 500 1000 1500 2000
m

is an average value from 1000 simulations.

SVIFJ_lambda=0

realised FOR
»

i -®=  rho=-15
-, | - log type
g 4 : + ratio type
T T T T T T
0.0 0.2 04 0.6 08 10

gamma

Figure 3.12: Realized FDR of the hybrid method under different required y. We fix m = 1000

realised FDR

SVIFJ_lambda=0.05

A,
Ay,
s

A = rho=-15

9 type
: 0 type

T T T T T T
00 02 04 06 08 10

gamma

realized FDR

realized S/m1

realised FDR

SV1FJ_lambda=0.15

7 -=  rho=-15
4. logtype
~ ratio type

A A A A
nh A
P EEr Bl SEp ShF SEERl SEEEEE (]
T T T T
0 500 1000 1500 2000
m
SVIFJ_lambda=0.15

[ STCTY S TN S SRy

-=  tho=-15
A log type
~ ratio type

T T T T

0 500 1000 1500 2000

m

In the graphs, each point

SVIFJ_lambda=0.15

= rho=-15
A+ logtype

< ratio type

0.0

gamma

T T
08 10

in the simulation. In the graphs, each point is an average value from 1000 simulations.

148




DJIA

SPC500

T T T
0T 80 90

v'0 [ 00

A Ajrep abeiane

0T 80 90

70 20 00

A Ajrep abeiane

100 110 120

30 40 50 60 70 80 90

20

100 110 120

30 40 50 60 70 80 90

20

sampling frequency (min)

sampling frequency (min)

Figure 3.13: Volatility signature plots for the SPC500 and DJIA. The red line in each graph

is the average of daily realized variations when sampling frequency is 5 minute.

149



SPC500 DJIA

w
<
<
o
o
z z
~ 4
~ 4
-
o _
T T T T T T < T T T T T T
2003 2004 2005 2006 2007 2008 2003 2004 2005 2006 2007 2008
SPC500 DJIA
<
o
3
~
o
T T T T T T T T T T T T
2003 2004 2005 2006 2007 2008 2003 2004 2005 2006 2007 2008
SPC500 DJIA
03 w34
7 7
L2 L2
£ o £
2 ] 2l
5 3 Kk
‘7 | | SR [T 1N M‘V
= g, l"ll '" ‘ L = g, | 1
o 3 h
Q Q
2 o | 2 o
S
g 25
1 g |
2 ° 2 o
T o« o °
D 3 D o
e °© £ ¢
g g 31 1
- . L‘m] Milllmll“dnh 1““ L LL Il i I I - . I‘ | 1 n ] | I
o | o |
g - g s
2, B = 9
8 o kel
2 2 2
- 3 °
i } || 1] H‘ ‘
€ o4 2 o]
@ g o
2. ’l’l R g ’mI’I III’”” I’l”‘ ’ .ll”,V 1
T T T T T T T T T T T T
2003 2004 2005 2006 2007 2008 2003 2004 2005 2006 2007 2008

Figure 3.14: Time series plots for 5-min realized variance, realized bi-power variation and
identified jump variation with the three different jump test statistics. The quantities shown
here are all scaled by 10000. 150



Bibliography

ABALUCK, J. AND J. GRUBER (2011): “Choice Inconsistencies among the Elderly: Evidence

from Plan Choice in the Medicare Part D Program,” American Economic Review, 101,
1180-1210.

AIT-SAHALIA, Y. AND J. JACOD (2009): “Testing for jumps in a discretely observed process,”
The Annals of Statistics, 37, 184-222.

ALMEIDA, C., J. GRAVELINE, AND S. JOSLIN (2010): “Do Options Contain Information

About Excess Bond Returns?” forthcoming, Journal of Econometrics.

ANDERSEN, T. G. AND L. BENZONI (2010): “Do Bonds Span Volatility Risk in the U.S. Trea-
sury Market? A Specification Test for Affine Term Structure Models,” Journal of Finance,
65, p. 603 — 653.

ANDERSEN, T. G., T. BOLLERSLEV, AND F. X. DIEBOLD (2007a): “Roughing it Up: Includ-
ing Jump Components in the Measurement, Modeling, and Forecasting of Return Volatility,”
The Review of Economics and Statistics, 89, p. 701 — 720.

(2007b): “Roughing It Up: Including Jump Components in the Measurement, Mod-
eling, and Forecasting of Return Volatility,” The Review of Economics and Statistics, 89,
701-720.

ANG, A., R. J. HODRICK, Y. XING, AND X. ZHANG (2006): “The Cross-Section of Volatility
and Expected Returns,” Journal of Finance, 61, p. 259 — 299.

BAELE, L., G. BEKAERT, AND K. INGHELBRECHT (2010): “The Determinants of Stock and
Bond Return Comovements,” Review of Financial Studies, 23, p. 2374 — 2428.

Bar, J. AND S. NG (2008): “Forecasting economic time series using targeted predictors,”
Journal of Econometrics, 146, 304-317.

BAl, Z. AND J. W. SILVERSTEIN (2010): Spectral Analysis of Large Dimensional Random
Matrices, Springer, 2nd ed.

BaksHI, G. AND N. KApPADIA (2003): “Volatility Risk Premiums Embedded in Individual
Equity Options: Some New Insights,” Journal of Derivatives, Fall, p. 45 — 54.

151



BARNDORFF-NIELSEN, O. E. AND N. SHEPHARD (2006): “Econometrics of Testing for Jumps
in Financial Economics Using Bipower Variation,” Journal of Financial Econometrics, 4, 1—
30.

BEKAERT, G., M. HOEROVA, AND M. Lo Duca (2011): “Risk, Uncertainty and Monetary
Policy,” Working Paper, Columbia University.

BENJAMINI, Y. AND Y. HOCHBERG (1995): “Controlling the False Discovery Rate: A Practical
and Powerful Approach to Multiple Testing,” Journal of the Royal Statistical Society: Series
B (Statistical Methodology), 57, 289-300.

BENJAMINI, Y. AND D. YEKUTIELI (2001): “The Control of the False Discovery Rate in
Multiple Testing Under Dependency,” The Annals of Statistics, 29, 1165-1188.

BESHEARS, J., J. J. CHOI, D. LAIBSON, AND B. C. MADRIAN (2006): “Simplification and
Saving,” NBER Working Papers 12659, National Bureau of Economic Research, Inc.

BiBkov, R. AND M. CHERNOV (2009): “Unspanned Stochastic Volatility in Affine Models:
Evidence from Eurodollar Futures and Options,” Management Science, 55, p. 1292 — 1305.

BIS (2010): “Triennial Central Bank Survey of Foreign Exchange and Derivatives Market
Activity in April 2010,” Tech. rep., Bank for International Settlements.

Brack, F. (1976): “The Pricing of Commodity Contracts,” Journal of Financial Economics,
3, p. 16 —-179.

Brack, F. AND M. SCHOLES (1973): “The Pricing of Options and Corporate Liabilities,”
Journal of Political Economy, 81, p. 637—659.

BOLLERSLEV, T., M. GIBSON, AND H. ZHOU (2011): “Dynamic Estimation of Volatility Risk
Premia and Investor Risk Aversion from Option-Implied and Realized Volatilities,” Journal
of Econometrics, 160, p. 235 — 245.

BoLLERSLEV, T., T. H. Law, AND G. E. TAUCHEN (2008): “Risk, Jumps, and Diversifica-
tion,” Journal of Econometrics, 144, 234-256.

BoLLERSLEV, T., N. S1zova, AND G. TAUCHEN (2012): “Volatility in Equilibrium: Assym-

metries and Dynamic Dependencies,” Review of Finance, 16, p. 31 — 80.

BoOLLERSLEV, T., G. TAUCHEN, AND H. Zuou (2010): “Expected Stock Returns and Variance
Risk Premia,” Review of Financial Studies, 22, p. 4463 — 4492.

BRANDT, M. W., P. SANTA-CLARA, AND R. VALKANOV (2009): “Covariance Regularization
By Parametric Portfolio Policies: Exploiting Characteristics in the Cross-Section of Equity
Returns,” The Review of Financial Studies, 22, 3411-3447.

152



BRITTEN-JONES, M. AND A. NEUBERGER (2000): “Option Prices, Implied Price Processes,
and Stochastic Volatility,” Journal of Finance, 55, 839-866.

BRODIE, J., I. DAUBECHIES, C. D. MoL, D. GIANNONE, AND I. LORISs (2009): “Sparse and
stable Markowitz portfolios,” Proceedings of the National Academy of Sciences of the United
States of America, 106, 12267-12272.

BRUNNERMEIER, M. K. AND L. H. PEDERSEN (2009): “Market Liquidity and Funding Lig-
uidity,” Review of Financial Studies, 22, p. 2201 — 2238.

BUHLMANN, P. AND S. VAN DE GEER (2011): Statistics for High-Dimensional Data: Methods,
Theory and Applications, Springer.

BuscH, T., B. J. CHRISTENSEN, AND M. . NIELSEN (2011): “The Role of Implied Volatility
in Forecasting Future Realized Volatility and Jumps in Foreign Exchange, Stock, and Bond
Markets,” Journal of Econometrics, 160, 48-57.

CABALLERO, R. AND A. KRISHNAMURTHY (2008): “Collective Risk Management in a Flight
to Quality Episode,” Journal of Finance, 63, p. 2195 — 2236.

CAMPBELL, J. Y. AND S. B. THOMPSON (2008): “Predicting Excess Stock Returns Out of
Sample: Can Anything Beat the Historical Average?” Review of Financial Studies, 21, p.
1509 — 1531.

CARR, P. AND R. LEE (2009): “Volatility Derivatives,” Annual Review of Financial Eco-

nomics, 1, p. 1 — 21.

CARR, P. AND L. Wu (2009): “Variance Risk Premiums,” Review of Financial Studies, 22,
1311-1341.

Casassus, J., P. COLLIN-DUFRESNE, AND R. S. GOLDSTEIN (2005): “Unspanned Stochastic
Volatility and Fixed Income Derivative Pricing,” Journal of Banking and Finance, 29, p. 2723
— 2749.

CLArk, T. E. AND M. W. McCRACKEN (2001): “Tests of Forecast Accuracy and Encom-
passing for Nested Models,” Journal of Econometrics, 105, p. 85 — 110.

CLARKE, S. AND P. HALL (2009): “Robustness of Multiple Testing Procedures Against De-
pendence,” The Annals of Statistics, 37, 332—-358.

COCHRANE, J. H. (2011): “Presidential Address: Discount Rates,” Journal of Finance, 66,
1047-1108.

COCHRANE, J. H. AND M. P1azzes1 (2005): “Bond Risk Premia,” American Economic Re-
view, 95, p. 138 — 160.

153



CoHEN, R., C. PoLk, AND B. SiLLI (2009): “Best Ideas,” Tech. rep., London School of

Economics and Political Science.

CoOLLIN-DUFRESNE, P. AND R. S. GOLDSTEIN (2002): “Do Bonds Span the Fixed-Income
Markets?” Journal of Finance, 57, p. 1685 — 1730.

CoLLIN-DUFRESNE, P., R. S. GOLDSTEIN, AND C. S. JONES (2008): “Identification of
Maximal Affine Term Structure Models,” Journal of Finance, 63, p. 743 — 795.

COLLIN-DUFRESNE, P.; R. S. GOLDSTEIN, AND J. S. MARTIN (2001): “The Determinants
of Credit Spread Changes,” Journal of Finance, 56, p. 2177 — 2207.

Corsi, F. (2009): “A Simple Approximate Long-Memory Model of Realized Volatility,” Jour-
nal of Financial Econometrics, 7, p. 174 — 196.

Corsi, F., D. PIRINO, AND R. RENO (2010): “Threshold Bipower Variation and the Impact
of Jumps on Volatility Forecasting,” Journal of Econometrics, 159, p. 276 — 288.

CREMERS, M., M. HALLING, AND D. WEINBAUM (2010): “In Search of Aggregate Jump and
Volatility Risk in the Cross-Section of Stock Returns,” Working Paper, Yale University.

DE Mor, C., D. GIANNONE, AND L. REICHLIN (2008): “Forecasting using a large number of
predictors: Is Bayesian shrinkage a valid alternative to principal components?” Journal of
FEconometrics, 146, 318-328.

DEMETERFI, K., E. DERMAN, M. KAMAL, AND J. ZHOU (1999): “A Guide to Volatility and

Variance Swaps,” Journal of Derivatives, 6, p. 9 — 32.

DEMIGUEL, V., L. GARLAPPI, F. J. NOGALES, AND R. UPPAL (2009a): “A generalized ap-
proach to portfolio optimization: Improving performance by constraining portfolio norms,”
Management Science, 55, 798-812.

DEMIGUEL, V., L. GARLAPPI, AND R. UPPAL (2009b): “Optimal versus naive diversification:
How inefficient is the 1/N portfolio strategy?” Review of Financial Studies, 22, 1915-1953.

DEMIGUEL, V., F. J. NOGALES, AND R. UpPPAL (2010): “Stock Return Serial Dependence
and Out-of-Sample Portfolio Performance,” SSRN eLibrary.

DRECHSLER, 1. (2010): “Uncertainty, Time-Varying Fear, and Asset Prices,” Working Paper,
New York University.

DRECHSLER, I. AND A. YARON (2011): “What’s Vol Got to Do With It,” Review of Financial
Studies, 24, p. 1 — 45.

DRIESSEN, J., P. MAENHOUT, AND G. VILKOV (2009): “The Price of Correlation Risk:
Evidence from Equity Options,” Journal of Finance, 64, p. 1377 — 1406.

154



DUARTE, J. (2008): “The Causal Effect of Mortgage Refinancing on Interest Rate Volatility:
Empirical Evidence and Theoretical Implications,” Review of Financial Studies, 21, p. 1698
- 1731.

EFRON, B., T. HASTIE, I. JOHNSTONE, AND R. TIBSHIRANI (2004): “Least angle regression,”
The Annals of Statistics, 32, 407-451.

EL KAroul, N. (2009): “On the realized risk of high-dimensional Markowitz portfolios,”
Technical Report 784, Department of Statistics, UC Berkeley.

(2010): “High-dimensionality effects in the Markowitz problem and other quadratic
programs with linear constraints: Risk underestimation,” The Annals of Statistics, 38, 3487—
3566.

Fan, J., P. HALL, AND Q. YAO (2007): “To How Many Simultaneous Hypothesis Tests
Can Normal, Student’s t or Bootstrap Calibration Be Applied?” Journal of the American
Statistical Association, 102, 1282—-1288.

FaN, J., J. ZHANG, AND K. YU (2009): “Asset allocation and risk assessment with gross

exposure constraints for vast portfolios,” Tech. rep., Princeton University.

FAN, Y. AND J. FAN (2008): “Testing and Detecting Jumps Based on a Discretely Observed
Process,” SSRN eLibrary.

FeEuNou, B., J.-S. FONTAINE, A. TaaMouUTI, AND R. TEDONGAP (2011): “The Equity
Premium and the Maturity Structure of Uncertainty,” Working Paper, Stockholm School of

Economics.

FONTAINE, J.-S. AND R. GARCIA (2011): “Bond Liquidity Premia,” forthcoming, Review of

Financial Studies.

ForsyTHE, G. E., M. A. MaALcoLm, AND C. B. MOLER (1977): Computer Methods for

Mathematical Computations, Prentice-Hall.

FrauM, G. AND M. CHRISTOPH (2011): “Dominating estimators for minimum-variance port-

folios,” Journal of Econometrics, forthcoming.

FRIEDMAN, J., T. HASTIE, H. HOFLING, AND R. TIBSHIRANI (2007): “Pathwise coordinate
optimization,” The Annals of Applied Statistics, 1, 302—-332.

GABAIX, X. (2011): “A Sparsity-based model of bounded rationality,” NBER Working Paper
16911.

GARLEANU, N. AND L. H. PEDERSEN (2011): “Margin-based Asset Pricing and Deviations
from the Law of One Price,” Review of Financial Studies, 24, 1980-2022.

155



GONCALVES, S. AND N. MEDDAHI (2009): “Bootstrapping Realized Volatility,” Econometrica,
77, 283-306.

(2011): “Box-Cox transforms for realized volatility,” Journal of Econometrics, 160,
129-144.

GovarL, A. AND I. WELCH (2008): “A Comprehensive Look at The Empirical Performance
of Equity Premium Prediction,” Review of Financial Studies, 21, p. 1455 — 1508.

GROMB, D. AND D. VAYANOS (2002): “Equilibrium and Welfare in Markets with Financially

Constrained Arbitrageurs,” Journal of Financial Economics, 66, p. 361-407.
HaLrL, P. (1992): The Bootstrap and Edgeworth Ezpansion, New York: Springer-Verlag.

HasTig, T., R. TIBSHIRANI, AND J. FRIEDMAN (2009): The Elements of Statistical Learning,
Springer, 2nd ed.

HEIDARI, M. AND L. WU (2003): “Are Interest Rate Derivatives Spanned by the Term Struc-
ture of Interest Rates?” Journal of Fized Income, 13, p. 75 — 86.

Huang, X. AND G. E. TAUCHEN (2005): “The Relative Contribution of Jumps to Total Price

Variance,” Journal of Financial Econometrics, 3, 456-499.

IYENGAR, S. S. AND E. KAMENICA (2010): “Choice proliferation, simplicity seeking, and

asset allocation,” Journal of Public Economics, 94, 530-539.

JAacop, J. AND V. TODOROV (2009): “Testing for Common Arrival of Jumps for Discretely

Observed Multidimensional Processes,” The Annals of Statistics, forthcoming.

JAGANNATHAN, R. AND T. MA (2003): “Risk reduction in large portfolios: Why imposing
the wrong constraints helps,” Journal of Finance, 58, 1651-1684.

JIANG, G. AND Y. TIAN (2005): “Model-Free Implied Volatility and Its Information Content,”
Review of Financial Studies, 18, p. 1305 — 1342.

JIANG, G. J. AND R. C. OOMEN (2008): “Testing for Jumps When Asset Prices are Observed
with Noise - A Swap Variance Approach,” Journal of Econometrics, 144, 352-370.

JORION, P. (1986): “Bayes-Stein estimation for portfolio analysis,” Journal of Financial and
Quantitative Analysis, 21, 279-292.

(1995): “Predicting Volatility in the Foreign Exchange Market,” Journal of Finance,
50, p. 507 — 528.

JOSLIN, S. (2010): “Pricing and Hedging in Fixed Income Markets,” Working Paper, Univer-

sity of Southern California.

156



Jouini, E. AND C. NAPP (2007): “Consensus Consumer and Intertemporal Asset Pricing with
Heterogeneous Beliefs,” Review of Economic Studies, 74, p. 1149 — 1174.

KaN, R. AND G. F. ZHoU (2007): “Optimal portfolio choice with parameter uncertainty,”
Journal of Financial and Quantitative Analysis, 42, 621-656.

KARATZAS, I. AND S. E. SHREVE (1991): Brownian Motion and Stochastic Calculus, New
York: Springer, 2nd ed.

KARLIN, S. AND Y. RINOTT (1981): “Total Positivity Properties of Absolute Value Multinor-
mal Variables with Applications to Confidence Interval Estimates and Related Probabilistic
Inequalities,” The Annals of Statistics, 9, 1035-1049.

KirBY, C. AND B. OsTDIEK (2011): “Optimal Active Portfolio Management with Uncondi-
tional Mean-Variance Risk Preferences,” SSRN eLibrary.

KORTEWEG, A. AND N. PoLsoN (2010): “Corporate Credit Spreads under Parameter Uncer-
tainty,” Working Paper, Stanford University.

Kosorok, M. R. AND S. MA (2007): “Marginal Asymptotics for the "Large p, Small n
Paradigm” : With Applications to Microarray Data,” The Annals of Statistics, 35, 1456—
1486.

Lai, T. L., H. XING, AND Z. CHEN (2011): “Mean-variance portfolio optimization when

means and covariances are unknow,” The Annals of Applied Statistics, forthcoming.

LepoiT, O. AND M. WoLF (2003): “Improved estimation of the covariance matrix of stock
returns with an application to portfolio selection,” Journal of Empirical Finance, 10, 603—
621.

LEg, S., O. LINTON, AND Y.-J. WHANG (2009): “Testing for Stochastic Monotonicity,”
Econometrica, 77, 585-602.

LEE, S. S. AND P. A. MYKLAND (2008): “Jumps in Financial Markets: A New Nonparametric
Test and Jump Dynamics,” Review of Financial Studies, 21, 2535-2563.

LeaMANN, E. L. (1966): “Some Concepts of Dependence,” The Annals of Mathematical
Statistics, 37, 1137-1153.

LinTON, O., E. MAAsouMI, AND Y.-J. WHANG (2005): “Consistent Testing for Stochastic

Dominance under General Sampling Schemes,” Review of Economic Studies, 72, 735-765.

LITTERMAN, R. AND J. SCHEINKMAN (1991): “Common Factors Affecting Bond Returns,”
Journal of Fixed Income, 1, p. 54 — 61.

LubpvigsoN, S. C. AND S. NG (2009): “Macro Factors in Bond Risk Premia,” Review of
Financial Studies, 22, p. 5027 — 5067.

157



(2011): A Factor Analysis of Bond Risk Premia, Chapman and Hall, chap. Handbook

of Empirical Economics and Finance, p. 313 — 372.
MarkOWITZ, H. (1952): “Portfolio selection,” The Journal of Finance, 7, 77-91.
MARTIN, I. (2011): “Simple Variance Swaps,” Working Paper, Stanford University.

MUELLER, P., A. VEDOLIN, AND H. ZHOU (2011): “Short-Run Bond Risk Premia,” Working

Paper, London School of Economics.

NEUBERGER, A. (1994): “Hedging Volatility - the Case for a New Contract,” Journal of
Portfolio Management, 20, p. 74 — 80.

NeEwgey, W. K. anD K. D. WEST (1987): “A Simple, Positive Semi-definite, Heteroskedas-

ticity and Autocorrelation Consistent Covariance Matrix,” Econometrica, 55, p. 703 — 708.

NIEUWERBURGH, S. V. AND L. VELDKAMP (2009): “Information Immobility and the Home
Bias Puzzle,” Journal of Finance, 64, 1187-1215.

OVERDAHL, J. A. (1988): “The Early Exercise of Options on Treasury Bond Futures,” Journal
of Financial and Quantitative Analysis, 23, p. 437 — 449.

OWEN, A. B. (2007): “A robust hybrid of lasso and ridge regression,” Contemporary Mathe-
matics, 443, 59-72.

PATTON, A. J. AND A. TIMMERMANN (2010): “Why Do Forecasters Disagree? Lessons from

the Term-Structure of Cross-Sectional Dispersion,” Journal of Monetary Economics, 57, p.
803 — 820.

Poritis, D. N. AND J. P. ROMANO (1994): “The Stationary Bootstrap,” Journal of the
American Statistical Association, 89, 1303-1313.

Romano, J. P.;, A. M. SHAIKH, AND M. WOLF (2008b): “Control of the False Discovery
Rate under Dependence using the Bootstrap and Subsampling,” TEST, 17, 417-442.

SAAD, Y. (2003): [Iterative Methods for Sparse Linear Systems, Society for Industrial and
Applied Mathematics, 2nd ed.

SARKAR, S. K. (1998): “Some Probability Inequalities for Ordered MTPy Random Variables:
A Proof of The Simes Conjecture,” The Annals of Statistics, 26, 494-504.

(2002): “Some Results on False Discovery Rate in Stepwise Multiple Testing Proce-
dures,” The Annals of Statistics, 30, 239-257.

SToCK, J. H. AND M. W. WATSON (2002): “Macroeconomic Forecasting unsing Diffusion

Indexes,” Journal of Business and Economic Statistics, 20, p. 147 — 162.

158



STOREY, J. D. (2002): “A Direct Approach to False Discovery Rates,” Journal of the Royal
Statistical Society: Series B (Statistical Methodology), 64, 479-498.

TIBSHIRANI, R. (1996): “Regression shrinkage and selection via the lasso,” Journal of the
Royal Statistical Society: Series B (Statistical Methodology), 58, 267—288.

Toporov, V. (2010): “Variance Risk Premium Dynamics: The Role of Jumps,” Review of
Financial Studies, 23, p. 345 — 383.

TROLLE, A. B. AND E. S. ScHWARTZ (2009): “Unspanned Stochastic Volatility and the
Pricing of Commodity Derivatives,” Review of Financial Studies, 22, p. 4423 — 4461.

TSeENG, P. (2001): “Convergence of a block coordinate descent method for nondifferentiable
minimization,” Journal of Optimization Theory and Applications, 109, 475-494.

Tu, J. AND G. ZHOU (2011): “Markowitz meets Talmud: A combination of sophisticated and

naive diversification strategies,” Journal of Financial Economics, 99, 204-215.

VAN DER VAART, A. AND J. WELLNER (1996): Weak Convergence and Empirical Processes:
With Applications to Statistics, New York: Springer-Verlag.

VEDOLIN, A. (2010): “Uncertainty and Leveraged Lucas Trees: The Cross Section of Equilib-

rium Volatility Risk Premia,” Working Paper, London School of Economics.

VERAART, A. E. (2010): “Inference For The Jump Part Of Quadratic Variation Of Ito Semi-
martingales,” Econometric Theory, 26, 331-368.

Wang, H., H. Zaou, AND Y. ZHOU (2010): “Credit Default Swap Spreads and Variance
Risk Premia,” Working Paper.

WELsCH, R. E. AND X. ZHOU (2007): “Application of robust statistics to asset allocation
models,” Revstat, 5, 97-114.

XI10NG, W. AND H. YAN (2010): “Heterogeneous Expectations and Bond Markets,” Review
of Financial Studies, 23, p. 1433 — 1466.

YEN, Y. AND T. YEN (2011): “Solving Norm Constrained Portfolio Optimizations via
Coordinate-Wise Descent Algorithms,” Working paper.

Zou, H. AND T. HASTIE (2005): “Regularization and variable selection via the elastic net,”
Journal of the Royal Statistical Society: Series B (Statistical Methodology), 67, 301-320.

159



	Sparse Weighted Norm Minimum Variance Portfolio
	Introduction
	Methodology
	Weighted Norm MVP Optimization
	Basic Properties
	Relation to the Benchmark Portfolios

	Explanations on the Weighted Norm MVP Optimization
	Individual's Financing Constraint
	Decision Based on Marginal Increment of the Portfolio Variance
	Relation to Bounded Rationality and Psychological Phenomenons
	The Maximum a Posteriori Probability (MAP) Estimator
	MVP Optimization as a Minimum Mean Square Deviation Problem

	An Econometric Analysis on the Weighted Norm MVP
	Basic Settings
	Main Results
	Unconditional Portfolio Variance

	Coordinate Wise Descent Algorithm
	Empirical Results
	Performance Measures
	Setting the penalty parameters
	Main Results
	Stochastic Dominance Test
	Lower Frequency Data
	With the Target Return Constraint
	Alternative Norm Penalties

	Conclusion
	Appendix
	Proof of Lemma 1
	Proof of Lemma 2
	Normality of Asset Returns
	Eigenvalues of the Sample Covariance Matrix
	Estimation Errors
	Proof of Theorem 1
	Derivation of the Coordinate Wise Descent Algorithm
	More Discussions on the Stochastic Dominance Test
	Coordinate-Wise Descent on MVP Penalized by the Generalized l1 Penalty
	The Multistage Portfolio Optimization and the l0 norm Penalty


	Bond Variance Risk Premia (Joint Work with Philippe Mueller and Andrea Vedolin)
	Introduction
	Data
	Futures and Options Data
	Excess Returns Data
	Other Data

	Estimation of Bond Variance Measures and Variance Risk Premia
	Implied Variance
	Realized Variance
	Variance Risk Premia
	Treasury Implied Volatility (TIV)

	Empirical Evidence
	What Drives Bond Variance Risk Premia?
	Principal Components
	In-Sample Predictability
	Out-of-Sample Predictability

	Conclusion

	Testing Jumps via False Discovery Rate Control
	Introduction
	The Methodology
	FDR and the BH procedure
	The BNS nonparametric jump test

	Asymptotically controlling FDR with the BH procedure
	Asymptotic results
	Discussions on the asymptotical results

	Simulation study
	The model
	Simulation results

	Real data applications
	Summary statistics
	Common jump days
	Jump intensity estimation

	Conclusion
	Proofs of some theoretical results
	Proof of Theorem 1
	Proof of Theorem 2
	Proof of Proposition 1

	More discussions on the PRDS condition
	A Simulation study with SV1FJ
	Data descriptions


