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Abstract

Recently, the shrinkage approach has increased its popularity in theoretical and applied statistics, especially, when
point estimators for high-dimensional quantities have to be constructed. A shrinkage estimator is usually obtained by
shrinking the sample estimator towards a deterministic target. This allows to reduce the high volatility that is com-
monly present in the sample estimator by introducing a bias such that the mean-square error of the shrinkage estimator
becomes smaller than the one of the corresponding sample estimator. The procedure has shown great advantages es-
pecially in the high-dimensional problems where, in general case, the sample estimators are not consistent without
imposing structural assumptions on model parameters.

In this paper, we review the mostly used shrinkage estimators for the mean vector, covariance and precision ma-
trices. The application in portfolio theory is provided where the weights of optimal portfolios are usually determined
as functions of the mean vector and covariance matrix. Furthermore, a test theory on the mean-variance optimality of
a given portfolio based on the shrinkage approach is presented as well.

Keywords: Covariance matrix, High-dimensional asymptotics, High-dimensional optimal portfolio, Mean vector,
Precision matrix, Random matrix theory, Shrinkage estimation
2020 MSC: Primary 62H12, Secondary 62F12, 62H15, 62P05

1. Introduction

High-dimensional inference procedures play an important role in many fields of science, like in economics, fi-
nance, environmetrics, physics, signal processing, etc., when a statistical model is needed to be fitted to real data.
For instance, high-dimensional optimal portfolios are well motivated by the rapid development of technology, which
provides investors opportunities to construct a portfolio consisting of a large number of assets traded simultaneously
across the world. Moreover, the availability of high-frequent financial data provides a considerable amount of infor-
mation which can be used in the construction of optimal portfolios.

It is remarkable that the application of the traditional sample estimators is not recommendable in the high-
dimensional setting. Although the sample estimators work well when the process dimension is fixed and is sig-
nificantly smaller than the number of observations, it does not longer hold when the two quantities are comparable.
The former case is often used in statistics and it is called the standard asymptotic regime (see, [62]). Under this
asymptotic regime the traditional sample estimators, like the maximum likelihood estimator or method of moments
estimator, are usually consistent under some regularity conditions. However, it does not longer hold true when the
process dimension is comparable to or even larger than the sample size. Here, we are in the situation when both the
number of assets and the sample size can tend to infinity. This double asymptotic regime has an interpretation when
the ratio between the process dimension and the sample size, also known as the concentration ratio, tends to a finite
value as the sample size tends to infinity. This asymptotic regime is known as a high-dimensional asymptotics or
”Kolmogorov” asymptotics (see, e.g., [32]). Under the high-dimensional asymptotics the sample estimators behave
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very unpredictable and they are far from the optimal ones. In general, the greater the concentration ratio the worse are
the sample estimators. This well-known problem in statistics is called the curse of dimensionality”.

Recently, new estimators came in play which are biased but can significantly reduce the mean square error in
comparison to the traditional estimators. These estimators are known as shrinkage estimators and were introduced
in the seminal paper of Stein (see, [80]). A shrinkage estimator is usually defined as a linear combination of the
corresponding sample estimator and a known target. The corresponding coeflicients in the linear combination are often
called shrinkage intensities. It is a very challenging task to find consistent estimators for the shrinkage intensities.

The first shrinkage estimator was developed for the mean vector of a multivariate normal distribution with identity
covariance matrix ([57, 80]) and was extended to the case of an arbitrary covariance matrix in [5, 7, 8, 40, 46, 49, 66,
81]. These results were obtained in the standard asymptotic regime, while a high-dimensional version of the James-
Stein type estimator was proposed by [37]. Recently, an optimal shrinkage estimator obtained by minimizing the
expected quadratic loss function was derived in [83], while a shrinkage estimator of the mean vector shrunk towards
an arbitrary target vector was introduced in [22].

The situation becomes more challenging when the covariance matrix is estimated and, especially, when one needs
to infer its inverse, the precision matrix. There are some significant improvements when the covariance matrix has a
special structure, e.g. sparse, low rank etc. (see, [33, 35, 74]). The results for the covariance matrix that possesses a
factor structure were derived in [41-43]. In these cases the covariance matrix can consistently be estimated even for
high-dimensional data. However, when no information about a specific structure of the covariance matrix is available,
the shrinkage estimator seems to be the most favorable approach in the high-dimensional setting (cf., [20, 64, 65].
The shrinkage estimators for the precision matrix were derived in [21, 61, 82], among others.

In order to handle the curse of dimensionality in the case of the high-dimensional asymptotic regime the results
from random matrix theory are usually used. Random matrix theory is a very fast growing branch of probability
theory with many applications in statistics and finance. It studies the behavior of the eigenvalues of random matrices
under the double asymptotic regime (see, e.g., [2—4, 14, 24, 28, 48, 67, 75, 78]). It is discovered that appropriately
transformed random matrix at infinity has a nonrandom behavior and showed how to find the limiting density of its
eigenvalues. In particular, Silverstein and Bai [78] proved under very general conditions that the Stieltjes transform
of the sample covariance matrix tends almost surely to a nonrandom function which satisfies some equation. This
equation was first derived by [67] who showed how the real covariance matrix and its sample estimator are connected
at infinity, while a general form of this equation was given in [75]. Finally, using the results of random matrix theory
statistical tests on the structure of the covariance matrix were suggested by [15, 36, 45, 51, 85, 87].

Improved estimators of the model parameters constructed by employing random matrix theory, especially shrinkage-
based estimators, are widely used in many fields of science, like in signal processing and finance (see, [34, 39, 43,
44, 54, 84, 86]). For instance, an improved calibration of the high-dimensional precision matrix was suggested in
[86], while the applications of random matrix theory to signal processing and portfolio theory was discussed in [44].
Furthermore, several authors showed that the shrinkage estimators applied to portfolio weights indeed lead to better
results (see, e.g., [23, 26, 47, 50, 64]. In particular, the shrinkage estimator for the covariance matrix was applied
to construct an improved estimator of the weights of the global minimum variance portfolio by [64], while the mul-
tivariate shrinkage estimator obtained by shrinking the portfolio weights directly was suggested in [50]. The same
idea was also used by [47] who constructed a feasible shrinkage estimator for the global minimum variance portfo-
lio which dominates the traditional sample estimator. More recently, the shrinkage estimators based on an arbitrary
target vector of portfolio weights were derived by [26] and [23] in the case of the global minimum variance portfolio
and mean-variance portfolio, respectively. Finally, statistical test theory on the optimality of portfolio weights was
developed in [18, 19] that is based on the shrinkage approach, while sequential procedures derived on the weights of
optimal portfolios were established in [9, 10].

The rest of the paper is organized as follows. In Section 2 we present the shrinkage estimator for the high-
dimensional mean vector, covariance matrix and precision matrix. Recent results of the application of the shrinkage
approach in finance is discussed in Section 3. Discussion of the results is provided in Section 4.

2. Shrinkage estimation of the mean vector and covariance matrix

Let X,, = (Xij)ie(1,..p).jell,...ny With x;; be independent and identically distributed with zero mean and variance
equal to one. Throughout the paper it is assumed that the data matrix Y,, = [yy,...,y,] follows the stochastic model
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expressed as
Y, = pl] + 22X, )]

where 1, is the n-dimensional vector of ones and £!/? is a square root of the positive definite matrix X. We further
assume that E(|x;;|***) < oo for any small number & > 0. No specific distributional assumption is imposed on the
element of X,,.

Under model (1) the observation vectors yj, ..., y, are independent and identically distributed with E(y;) = u and
Cov(y;) = X. The two parameters p and X are unknown quantities which have to be inferred by using the observation
matrix Y,. The most commonly used estimators of u and X are the sample estimators expressed as

1+ 1 1 « 1 1
Yo = — n = _Ynln d Sn = — = Y)¥n —Yn T= _Yn In - _lan YT’ 2
Yn =+ gly p an, p— gl(y Yn)(¥n = ¥n) ( N n) n @)

n—1

where I, denotes the identity matrix of size n. Under the additional assumption that y; are multivariate normally
distributed, y,, and (n — 1)S,/n are also the maximum likelihood estimators for g and X and, consequently, they are
asymptotically efficient when p is finite and n tends to infinity, i.e., in the classical asymptotic regime. However,
both the estimators possess high variability when p becomes comparable to n. As a result, their application to the
high-dimensional problems is not desired and new approaches should be employed instead.

In order to reduce the variability which is present in the traditional sample estimators, for example in y, and S,
the shrinkage estimators have been developed in statistical literature, which are usually (slightly) biased but, on other
side, they possess considerably smaller variance in comparison to the sample estimators. A shrinkage estimator for a
quantity of interest is not uniquely defined and is obtained by minimizing a risk function, which may depend on the
application at hand. In Section 2.1 we review the existent shrinkage estimators for the mean vector, while Sections
2.2 and 2.3 present shrinkage estimators for the covariance matrix and the precision matrix. Later, in Section 3 the
shrinkage approach is a applied to infer the weights of optimal portfolios, which are usually present as functions of
the mean vector and covariance (precision) matrix.

2.1. Shrinkage estimation of the mean vector

A shrinkage estimator for the mean vector g is usually derived by minimizing the quadratic loss function expressed
as

Lmn’ﬂ) = mn _ﬂ)Tzil(ﬂn _ﬂ) (3)

or, its expected value, for an arbitrary estimator fi,,,

R(ll) =E (mn _ﬂ)T271m11 - #)) . “

Depending on the imposed condition on X, 7, and p several shrinkage estimators exist in the literature which we
review below.

The James-Stein shrinkage estimator for the mean vector was derived under the assumption that the covariance
matrix X is the identity matrix and that n > p > 2. It is given by

R P=2)\
s = (1 - nyTyn)y"' Q)

When the concentration ratio ¢ < 1 with ¢ defined by p/n — ¢ as n — oo, a modified version of the James-Stein
estimator for n > p > 3 and an arbitrary covariance matrix is expressed as

N p—2 1 _
=1-———— ¥ 6
Hunis ( n—p+2ﬂS#%)” ©

where S, is the sample estimator of X given in (2).
For p > n > 3 and an arbitrary covariance matrix X, a Baranchik type shrinkage estimator for the mean vector was

discussed in [37] and it is given by
- rSaSy 1\ -
Pup =11p - Y-

YuSi¥n
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for min{n — 1, p} > 3. The symbol S} denotes the Moore-Penrose inverse of S,. It was proved in [37], that 1, »
dominates the sample estimator ¥, under the quadratic less when

2(min{n — 1, p} — 2)
n+p-2min{n—1,p} +2

0<r<

Chételat and Wells [37] considered a further generalization of the James-Stein estimator in the case of p > n expressed
as

n I'l

fucw == 8,805+ {1- | 8,803,
+
where b, = max(b,0). They argued that fI, -, dominates the James-Stein shrinkage estimator when

n-3
a=—-—-:.
p—n+4

A further shrinkage estimator for the mean vector was derived in [83] who suggested to shrink the sample estimator
¥, to the unity target vector. The corresponding shrinkage coefficients are found by minimizing the expected quadratic
loss (4). This leads to the following shrinkage estimator (see, [83]):

Zln_Z4n ZZnZ’5n

gy = ot g A g 7
IJ”,W Zl,n+Z2,nZ4,nyn Zl,n+ZZ,nZ4,r1 4 ( )

with

In =

p(n_l)zynt nYn.j> Zynks+y’1k Zym nYnj|>

#] i#j
1
Z3, 1,S; Yk, Zyn 1S}y, Sil,,
3 nlgsgln; Ynk & p(n—l)lTS*l Z w¥ni¥ns

for p > n. The shrinkage estimator (7) is computationally complicated due to the presence of the double sum over p
and # in its definition. In order to simplify its computation in practice, the application of its asymptotic counterpart
was suggested in [83].

In the case of an arbitrary shrinkage target vector (1, a linear shrinkage estimator that minimizes the quadratic
loss function (3) was developed by [22]. For ¢ < 1, it is given by

ﬂn,B()P = &meanyn +ﬁmeanﬂ() » (8)
where
& Ve (y/;rs;zlyﬂ - p/n)ﬂ() (yn Ilo)2 (9)
" A S;‘ynuo S. o —(YI n'Ho)?
and
9.5,'1
Brnean = (1 = &) ’frs"l L (10)

2.2. Shrinkage estimation of the covariance matrix

In the derivation of the shrinkage estimation of the covariance matrix several loss functions are considered in the
literature. Below, we review the approaches which are obtained by minimizing the quadratic loss function which is
defined by the Frobenius norm in the matrix case expressed as

L&, 2) = |, - ZI7 (11)
for a given estimator 3., of © with ||A||2F = tr(AAT) for a square matrix A.
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At first, Ledoit and Wolf ([64]) proposed a linear shrinkage estimator of the covariance matrix X which shrinks
the sample covariance matrix S, to the identity matrix and studied its behaviour in the high-dimensional setting. This
estimator shrinks the eigenvalues of the sample covariance matrix linearly and is obtained by minimizing the expected
quadratic loss function expressed as

R(E) = E(IL, - ZI7). (12)

A generalization of the linear shrinkage estimator of [64] was suggested in [20] where the shrinkage target was
chosen to be an arbitrary nonrandom matrix X¢. In contrast to the Ledoit and Wolf linear shrinkage estimator of the
covariance matrix, the new shrinkage estimator was derived by minimizing the loss function (11) directly. It is given
by

ﬁ"n;BGP = &covsn +/§00v20’ (13)
with |
—[ISull51Zoll7
N n
Qeop =1 = 2 2 ) (14)
IS,llz 1 Eoll7 = (tr(S,X0))
and tr(S,Xo)
. i .
Beow = =2 (1= ey (15)
IZoll>

where ||A];, = tr [(AAT)I/ 2] denotes for the trace norm and X is assumed to possess the bounded trace norm. The
shrinkage estimator (13) was derived under the assumption E(|x; j|4+““) < o0, while the shrinkage estimator in [64]
requires the existent of 8th moments.

The linear shrinkage estimator of [64] also differs from (13) in its structure. First, it is derived for the specific

. . N . . 1
target matrix Xy = 1/pl. Second, the expression of &,,, is different in two approaches. Namely, instead of —||Sn||t2, the
n

. . . 1 n . . .
Ledoit and Wolf shrinkage estimator uses = D ||y,'yl.T - S,llli. where y; are the i-th columns of the observation matrix
n< =1

Y,,. It is defined by

~ min{i’zov’ d?ov}
Aeov, LW = 1- —7— s (16)

cov

where

N 1 5 11 ¢
diow = ISully = (/PSS By = -5 D lviy! = Sully-
i=1

The shrinkage estimator (13) is unconstrained, while the Ledoit and Wolf estimator is constrained. If b > d?

cov cov
1
in (16), then & pw = O, i.e., the Ledoit and Wolf shrinkage estimator coincides with tr(S,)—I, independently how

large p is with respect to n. In contrast, we always have that 0 < &, < 1 for (13) with &, = 1 only if ¢ = 0, i.e.,
the sample covariance matrix possesses the smallest Frobenius loss only if p is much smaller than n. For ¢ > 0, the
sample covariance matrix is not an optimal estimator for the covariance matrix in terms of minimizing the quadratic
loss function (11). Finally, we note that the Ledoit and Wolf estimator is more computationally intensive than ((13)
with X = ﬁl, since the quantity 52, has to be calculated by a loop.

Further improved estimators of the covariance matrix were suggested in [38, 52, 53, 76] among others. These
estimators were derived by minimizing the Stein loss given by (see, [38])

Ls(E,,E) = tr(£,57") - log (det (£,Z7')) - p (17

or the corresponding risk function Rg(X) = E (LS & E)), and are defined as orthogonal invariant estimators. The
class of rotation-equivariant estimators of the covariance matrix coincides with the class of estimators which possess
the same eigenvectors as the sample covariance matrix (c.f., [73, Section 5.4]). That is, they are determined as

.01 = HOD)H', (18)
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where S, = HDH" is the eigenvalue decomposition of the sample covariance matrix S, with D = diag(di, ..., d)),
dy 2 dy > ... 2 d, and ®[D) = diag(¢(dy),...,¢,(d),)) for continuously differentiable function ¢;, i € {1,..., p}.
Dey and Srinivasan ([38]) derived the set of functions ¢;(.), i € {1, ..., p} for which the orthogonal invariant estimator
(18) dominates the sample estimator S,,.

The orthogonal invariant estimator ﬁ‘.,w, was generalized to the non-linear shrinkage estimator by [65] in the
high-dimensional setting, which, for i € {1, ..., p}, is given by

d: .
) — e, if dl' >0,
Sn,LWnrmlin = Hdlag(dor’ e d;r)HT’ d;)r = ﬂr(dl)l ifd, =0
(c=Dmp(0)° T

19)

where mpg(z) denotes the limiting Stieltjes transform of the sample covariance matrix defined for a distribution function
G:R—-Ras

+00 1
mG(Z):f/l_—sz(/D; 7eCT={zeC:9z>0}.

Moreover, for any x € R the quantities 7iig(x) = limmg(z) and mp(x) = limmp(z) = lim % + cmp(z) exist and
/X - /X 7 /X

are finite for ¢ < 1 and ¢ > 1, respectively. The existence of those limits was proven in [63, 77]. Albeit the oracle
shrinkage intensities " depend on the unknown limiting Stieltjes transform, thanks to the recent paper of Ledoit and
Wolf [65], they can be fast and efficiently estimated using a simple nonparametric procedure.

2.3. Shrinkage estimation of precision matrix

A linear shrinkage estimator for the precision matrix £~! was developed in [21] and it is derived by minimizing
the quadratic loss expressed as
L(L, =7 = I, - =7 (20)

for an estimator IT,, of £~!. The linear shrinkage estimator for the precision matrix for ¢ < 1 is given by

I, 56p = @precS;! + BprecTlo, @21
with
1o
) ~IS; 1Mo
Boree = P IMolf — (S, 1T 22
and N tr(S; ')
pree = ——— (1= p/n = dprec) (23)

2
Il
where 1/pIl is assumed to have the bounded trace norm.

Another shrinkage estimator of the precision matrix is the scaled standard estimator (SSE) discussed in [61, 71,
79]. It is given by

n-p—-2__ p
Tsnléumo + mSZ S(pzn)» (24)

where S; is the Moore-Penrose inverse of S, and ¢, is a Dirac delta function.
The other two shrinkage estimators for the precision were proposed by [40] and by [61] and they are expressed as

Msse =

= n-p-2_., p*+p-2
Mgy = I 25
M= S Y T sy (23)
and .
Hgs = p((n= 1S, +w(S)HD ™", (26)
respectively.



3. Application in portfolio theory

In this section we discuss how the theory of shrinkage estimation can be used in portfolio theory where the weights
of different optimal portfolio can often be expressed as functions of the mean vector and covariance matrix (see, e.g.,
[16, 56]). The practical computation of the considered shrinkage estimators of optimal portfolio weights as well
as some shrinkage estimators for the mean vector and for the covariance matrix presented in the previous section
can be performed in the R-packages, like HDShOP (High-Dimensional Shrinkage Optimal Portfolio, see [17]) and
DOSPortfolio (Dynamic Optimal Shrinkage Portfolio).

Following the Markowitz theory ([68]), mean-variance optimal portfolios are obtained my minimizing the port-
folio variance for a given level of the expected return. The solutions of the Markowitz problem lie on a parabola in
the mean-variance space, known as the efficient frontier (see, e.g., [6, 11, 30, 59, 70]). Let w = (wy, ..., wp)T be the
p-dimensional vector of portfolio weights. Then the expected return of the portfolio with weights w is w' g, while
its variance is w' Xw. Markowitz optimal portfolios can also be deduced as solutions of other optimization problems
(e.g., [25]), like by maximizing the expected utility function (see, [56]) expressed as

wiy- %WTZW — max subjectto w'l,=1, @7

where y > 0 is the coefficient of risk aversion that measures the investor’s attitude towards risk. The solution of (27)
is known as the mean-variance (MV) optimal portfolio and it is given by

b g 28)
Wny = =< t7v Qu.
1;2 1,
where B N
0-x'- 1,12
1;2“11,

In the case of the fully risk-averse investor, i.e., ¥ = oo, the optimal portfolio is found by minimizing the portfolio
variance, i.e.,

w'Ew — min subjectto w'l, =1, (29)
and its weights are given by
1, 30)
Wepy = —————.
GMY 1;2_1 1

The optimal portfolio with the weights wg,sy is known in financial literature as the global minimum variance (GMV)
portfolio. This portfolio lies on the vertex of the efficient frontier, whose equation is given by

(R = Rouv)* = s(V = Vouy),

where B,
pn'xra,

1
Ty1.’ Romv = —=——, s=p'Qu 3D
p p

Romy = T,
P

are the expected return of the GMV portfolio, the variance of the GMV portfolio, and the slope parameter of the
efficient frontier, respectively.

3.1. Traditional sample estimators of portfolio weights

Optimal portfolios cannot be constructed by using (27) and (29), since both formulas depend on the true value of
the mean vector and the covariance matrix. Markowitz ([69]) suggested to use historical data of asset returns yy, ..., ¥,
to construct the sample estimators ¥y, and S, of u and X. This leads to the following traditional sample estimators of
the MV portfolio weights
Sl g (32)
1,811, "~

7

Wpy,s =



with

5 gl S,'1,178;!
n — - —7
" 17811,
and of the GMV portfolio weights given by
S,'1,
Womvs = = (33)
178,11,

respectively. The distributional properties of the estimators (32) and (33) were studied by [16, 58, 72], among others.

3.2. Naive shrinkage approach

Alternatively, one can replace the unknown g and X (or £~!) in (28) and (30) by any improved estimator as
considered in Section 2 as in the case of the GMV portfolio discussed in [60, 64], among others. This leads to

; 5l (34)
Wuvinsh = a7 7Y Quusily,
17X,
with ot e
0 gl X1,
nnSh = =n ~ T a1
X1,
and
X £, 35)
W, . = ",
GMV:nSh 1;2;|1p

where f1, and £, denote improved estimators of the mean vector and of the covariance matrix, respectively. In the
following, we refer to the optimal portfolios constructed by using (34) and (35) as the naive shrinkage estimator of
the MV portfolio weights and of the GMV portfolio weights.

3.3. Optimal shrinkage approach

Although the estimators Wyy.,s;, are Wy, are constructed by using less volatile estimators of the mean vector
and of the covariance matrix, they are not optimal in the sense that they maximize some loss functions. Moreover, it
is also questionable, why one has to estimate p(p + 1)/2-dimensional and p-dimensional objects, while estimators for
(p — 1)-dimensional vector of optimal portfolio weights are needed. We deal with this question in the present section
by presenting shrinkage estimators for wy,y and w¢,sy, which are directly derived for the portfolio weights.

In case of the MV optimal portfolio, the loss function is determined following the optimization problem used in
its derivation. Namely, the out-of-sample expected utility function is considered which is given by

AT Y A Tva

Wolt = oW, W, (36)
where W, denotes a shrinkage estimator of the MV portfolio weights obtained by a linear combination of its sample
estimator Wyy.s and the target vector of portfolio weights b such that b1, = 1.

The maximization of (36) leads to the formula of the optimal shrinkage estimator of the MV portfolio expressed
as ([23])

Wmviosh = @umvWuy:s + (1 = &ppv)b (37)

with
A N A A ~1 ~
y! ((RGMV;S = Rp;s) (1 + —lic) +yY(Vis = Vomvie) + 1= Sc)

) (38)

Ay = <
5 Vi " A ~-1 A A _ A(}+ A
e =2 (VGMV;c + 1= (Rp;s — Romv:s )) +y7? ((]s_ciz) + Vis




where IA?GMV;S, VGMV;C, Se, Rh;s, and V;,; s are consistent estimators of the three parameters of the efficient frontier
given in (31), and of the expected return R, = u"b and the variance V;, = b Xb of the target portfolio. They are equal
to

. yrs 1 . . A A . . 1
Romv,s = i—ip, Vemve = Vemvis, Sc=(0-0)§-c, Rys=p"b. V,s=b'S,b
s, =
with
. 1 -
¢ = =, §=Y,Q.¥:.
GMV;S 1S, Y Qny

The out-of-sample variance is considered as a loss function when the investor is fully risk averse, i.e., y = oo, (see,
e.g., [26, 47]), that is in the case of the GMV portfolio. It is given by

W, ZW,, (39

where W, denotes a shrinkage estimator of the GMV portfolio weights defined obtained by a linear combination of its
sample estimator Wgpv.s and the target vector of portfolio weights b such that b™1, = 1.
The solution of (39) is given by (see, [26])

Wemviesh = @nomuvWomvs + (1 — @uomy)b (40)
with N N
. Viis — Vemv:
My = 3 - . 41)
= = 2Vomvyie + Vs
Another shrinkage estimator of the GMV portfolio weights was developed by [47] and it is given by
Womviem = @uruWonvss + (1 = Q)b (42)
with R
N -3 Vouv:s
A FM = P (43)

n=p+2b7S,b - Vomvs

3.4. Tests on mean-variance optimality of portfolios based on the shrinkage approach

In the previous subsection the point shrinkage estimators for the MV portfolio weights and for the GMV portfolio
weights are established. In order to complete this discussion, the interval estimators of the weights of these optimal
portfolios are discussed in this subsection. Using the one-to-one correspondence between the interval estimation and
the test theory (see [1]), we present first high-dimensional asymptotic tests on the weights of optimal portfolios, and
then show how these findings can be used to construct confidence regions for optimal portfolio weights.

Tests for general linear hypotheses imposed on the weights of the MV portfolio and of the GMV portfolio were
suggested under the traditional asymptotic setting in [29] and [31], while they were extended to the high-dimensional
asymptotic setting by [16]. Unfortunately, these approaches cannot be used to test the whole structure of a portfolio in
a single step and allow to make inference only on a finite number of the components of the vector of portfolio weights.
In order to deal with the problem, shrinkage-type tests were developed in [19] for the GMV portfolio and in [18] for
the MV portfolio under the high-dimensional asymptotic regime.

For the MV portfolio, the goal is to test the hypotheses

Hy: wyy = wg against Hy : wyy # wo, 44)

i.e., that the portfolio with weights wy is mean-variance efficient under Hy.
It was shown in [23] that &,,.»v = ayy(b) for p/n — ¢ € [0,1) as n — oo where

¥ (e = Ro) (14 75) 4 7(Vs = Vo) + )
ayy(b) = - : “45)

Yow _ 3 (VGMV + I/T]K(Rb - RGMV)) +y7? (%) +Vp
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Moreover, if w, is mean-variance efficient for the considered risk aversion coefficient vy, then @,y (Wg) = 0, i.e., the
shrinkage intensity computed for the target portfolio wy tends almost surely to zero in the high-dimensional asymptotic
setting. This observation motivates the consideration of the following hypotheses

Hy : apy(wy) =0 against H, : ayy(wy) # 0. (46)

Furthermore, it was proved in [18] that the null hypothesis in (44) implies (46), i.e., the rejection of (46) will ensure
that w portfolio is not mean-variance efficient.
For testing (46) the following test statistic was suggested in [18], expressed as

&nprv(Wo) B, (Wo)
Tiv(wo) = VM @7
4 (wo)dy
where &,,.v(Wo) is the optimal shrinkage intensity as defined in (45) with b = wy,
~ ‘A/GMv;, ~ ‘}/71 o A _ Sc+¢ N
B, (wo) = © =2 Vamvie + 7—Ruiis = Romvs) |+ 77 | ——= | + Vass.
1-c¢ 1-c¢ (1 =c)
-1
y i+
-1
_ y2
dO - E » )
-1 _ Y
- -
1
and
VomvieGet1) A N . N
Era— 20 0 Vomvie —2Vomv.e(Rwy:s — Remvis)
Vv » A
. 0 2-GMve 0 0 2020 "
(Wo) = 0 0 QU 2Ryys —Rowvs)  —2Rwys — Rowrvs)? | @Y
. VAGMV;C . . 0 Z(RiWO;S - I'EGMV;S) VWO;S AO
_ZVGMV;C(RWO;S - RGMV;S) 2V(2?MV;4: _Z(RWO;S - RGMV;S )2 0 2Vv2,,0;5

Under the null hypothesis in (46) it holds that for p/n — c € [0,1) asn — oo

Tarv(Wo) > N(O, 1)

and, hence, the hypothesis that w, are the weights of the MV optimal portfolio is rejected as soon as [Ty (Wp)| >
Z1-5/2, Where 7152 is the (1 — 6/2) quantile of the standard normal distribution.

Finally, using the correspondence between a statistical test and a confidence region (see, [1]), (1 — §) confidence
region for mean-variance optimal portfolios corresponding to risk aversion coefficient y is given by

Quyas(w) = {weR: w1, =1 and |Tyy(w) < Z175/2}~ (49)

Similarly, a test on the weights of the GMV portfolio is constructed. For testing the hypothesis that a portfolio
with weights wy coincides with the GMV portfolio, i.e.,

Hy : wemy = Wy against H, : wguy # Wo, (50)
we note that &,.cyv 5 acuy(b) for p/n — c € [0, 1) as n — co with (see, [26])

Vo — Vouv
=Vouv + (Vo = Vouv)’

agmy(b) = 61V}
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and, consequently, agpy(Wo) = 0 as soon as wy is the GMV portfolio. Hence, the hypotheses in (50) can be rewritten
as
Hy : agyy(wy) =0 against H, : agyyv(wg) # 0. (52)

For testing (52), the following test statistic was suggested [19]:

(1-¢) Ly,

Touv(Wo) = Vn————,
omv(Wo) et (=) b

(33)

where
Ly, = (1 =) wiS,wol]S; "1, - 1.

Under the null hypothesis in (52) it holds that for p/n — c € [0,1) asn — oo

)

Then, the null hypothesis that w is the GMV optimal portfolio, is rejected as soon as [Tyyv(Wo)| > 4 /2%21_5/2.

1 —
Temv(wo) 4 N(0,2 " <

Finally, (1 — 9) confidence region for mean-variance optimal portfolios corresponding to risk aversion coefficient

vy is given by
[[1-c
QGMV;I—&(W) = {W eR?: WTlp =1 and |TGMV(WO)| > 2T21_§/2} . (54)

3.5. Dynamic shrinkage approach

Recently, two dynamic shrinkage estimators for the weights of the GMV portfolio were developed in [27]. The
first dynamic shrinkage estimation strategy corresponds to the case where non-overlapping samples are present, while
the second strategy allows overlapping samples. Next, we describe both the approaches.

We consider an investor, who constructs a GMV portfolio at time #; by using the shrinkage estimator (40) with the
target portfolio b. The attention of the investor is to continue investing into the GMV portfolio over next T trading
periods. Namely, the holding portfolio can be reconstructed at time points ¢; for i € {2,...,T} as new information
arrives on the capital market. This information is presented in this section by the sample of asset returns between #;_;
and t; which is collected into the data matrix Y,,. At each time point #; the investor aims to continue investing in the
GMV portfolio and uses the most recent information to update the holding portfolio. Since the transaction costs might
be very large, the investor decides to shrink the traditional estimator of the GMV portfolio constructed by using data
Y., = Yo +15 Y 42, - - -» Yu, ] With ng = O (non-overlapping case) and Yy, = [Y,, Yy, ..., Y, I WithN; =n 4+ ... +n;
(overlapping case) to the weights of the holding portfolio constructed at time #;_;.

Following model (1), it is assumed that

Y, =ul; +E'°X,, (55)

where X, is a p X n; matrix which consists of independent and identically distributed random variables with zero
mean, unit variance, and finite 4 + ¢, € > 0, moments. No specific distributional assumption is imposed on the element
of X,,,i € {1,...,T}. Furthermore, Y,,, i € {1, ..., T}, are assumed to independent random matrices.

In the non-overlapping case, the sample of asset returns Y, is used to construct the traditional sample estimator
of the GMV portfolio at each time #; given by

S,'1, S - 1

1
Wiso = —m P —Y, (L, - —1,17 | Y] 56
Was;n; IZS;‘lp n—1 ( o ) ni (56)

ni*n;

Then, the shrinkage estimator of the weights of the GMV portfolio at time #; is obtained by minimizing the out-
of-sample variance, namely,
W, ZW,,, (57)
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where W, is expressed as linear combination of Wg.,, and the holding portfolio determined at time #;_;, that is Wgs ., ,
forie{l,...,T} with Wyg5.,, = b. The solution to the sequence of optimization problems (57) is given by (see, [27])

WdSh;n,- = I;ZdSh;i‘?VS T (1 - @dSh;i)WdSh;n,-,l (58)
with ( ;
> ni — p)ri-1
P Sh 4 59
Was i P (59)
where 7; is computed recursively by
= Vs lip + (1 = Jas i) Ficy (60)
with
fo = (1 - —)1;5,,1‘1 b'S, b - 61)

Similarly, in the overlapping case, the matrix of asset returns Yy, is used to construct the traditional sample
estimator of wgyy given by

W _ S&llp S, = 1
SiNi T Trasiq N; =
1;SN,111> N;—1

1
Yy, (IN,, - —1N‘.1;1) Yy, (62)

N;

which is shrunk at time ¢ to the holding portfolio weights Wysj.n. . The minimization of the out-of-sample variance
at time ¢; then leads to

Wasin, = YasniWsn, + (1 = Wasn)Wasnn., » (63)

for p/N; > C;€(0,1)as N; - oo, je{l,...,i}andi € {l,...,T}, where

A (iél; +1 —ki
S L 2 _ (64)
Ri-y + D+ (1 -C)'=2K;
with c
Ry = Fo, ‘1’(2131“1 -+ (1 - Pasni) Rioy + 2% asni(1 — Pasni)(Ki — 1), (65)
and N
Ki=Bi10+ ZBi—l;ij,i, (66)
=
where
Boo=1, Pi—tict =Yasmiot.  Bictyy = (1 = Yaspio1)Bi—2;j, J €10, ...,0 =2} (67)
and 21-C)
Dji=1- ! . (68)

(1-Cp+(1-Cpg+ \/(1 - g_)2 +4(1 - C)E
Although the dynamic shrinkage estimator of the GMV portfolio weights based on the overlapping sample is more
computationally intensive, it possesses a great advantage with respect to non-overlapping samples since it requires that
only n; > p. All other values of n; can be smaller than p. In contrast, it is needed that all n; > p in the non-overlapping
case. To this end, we note that the practical implementation of both dynamic shrinkage strategies are available in the
R package DOSPortfolio. The presented dynamic approach for the GMV portfolio weights can further be extended to
the MV portfolio with much more involved recursive formulas for the shrinkage intensities ‘i’ds i

12



4. Discussion and future directions of the research

Estimation of high-dimensional model parameters and functions of high-dimensional model parameters is a chal-
lenging task in modern statistical theory. Traditional approaches from frequentist statistics, like the maximum-
likelihood estimation or method of moments estimation, do not provide a good answer to the problem by resulting in
estimators which are very volatile in the high-dimensional setting.

The shrinkage approach has appeared to be a promising tool to reduce high volatility which is present in the
traditional estimators of high-dimensional quantities. This is achieved by shrinking the traditional estimator to de-
terministic quantities. Although the procedure introduces bias in new estimators, it also considerably reduces the
variance such that the mean-square error becomes smaller than the one of the corresponding traditional estimator.

In the present paper we review several shrinkage estimators for the mean vector, covariance matrix, precision
matrix and for the weights of optimal portfolios which are functions of the mean-vector and covariance matrix. Al-
though, most of the theoretical results related to the considered shrinkage estimators were in the high-dimensional
asymptotic setting, they dealt with the case when the model dimension is smaller than the sample size. On the other
hand, in many applications of biostatistics, the sample size is smaller than the model dimension. Under such a setup,
the sample covariance matrix is singular and its inverse does not exist. One of the possible solutions is to replace
the inverse of the sample covariance matrix by, for example, a generalized inverse or Moore-Penrose inverse (see,
e.g., [14, 24, 55]), which will require the derivation of new asymptotic results that might lead to more complicated
formulas of the shrinkage intensities. Another line of possible future research might be related to the development of
sequential control procedures for monitoring changes in the high-dimensional parameters of stochastic models, like
mean vector ([13]) or covariance matrix ([12]), or for sequential surveillance of optimal portfolio weights ([10]). New
approaches can be based on the shrinkage approach and can extend the statistical tests on portfolio weights discussed
in the present paper.
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