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Abstract

In this paper we investigate a new class of central regions for probability
distributions on R¢, called weighted-mean regions. Their restrictions to an
empirical distribution are the weighted-mean trimmed regions investigated
by Dyckerhoff and Mosler (2011) for d-variate data. Furthermore a new
class of stochastic orderings of variability, the weighted-mean orderings, is
introduced.

Keywords: Central regions, Continuous trimming, Lift zonoid regions,
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1. Introduction

Let F be a probability distribution on the Borel sets of R? and X
a random vector that is distributed as F. A family of central regions is
a family (Ra(X))aesr of nested convex compacts R,(X) C RY which are
distribution invariant (i.e. depend only on F') and affine equivariant,

Ro(AX +b) = ARy(X)+b for regular A € R and b € RY.

Here I is an interval in R, and the regions R, (X) decrease with a € I.
Central regions describe a distribution regarding its location and dispersion
(due to their affine equivariance), as well as its shape. They are also men-
tioned as trimmed regions and can be seen as level sets of a data depth. For
a general discussion, see e.g. Zuo and Serfling (2000), Dyckerhoff (2004).
Dyckerhoff and Mosler (2011) have introduced the notion of weighted-
mean (WM) trimming for multivariate data, i.e. for empirical distributions.
This general class of trimmings includes the zonoid trimming (Koshevoy and
Mosler, 1997), the ECH (expected convex hull) trimming (Cascos, 2007),
and other known trimmings as special cases. The WM trimmed regions
of an empirical distribution are convex polytopes around the mean that
have many attractive properties, including subadditivity and continuity in
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the data as well as in the trimming parameter. In the sequel we present
a population version of the WM trimmed regions and derive their similar
properties. These WM regions are defined for any probability distribution
on R¢ that has a finite first moment. Their restriction to an empirical
distribution comes out as the weighted-mean trimmed regions for d-variate
data. In fact, a law of large numbers holds: The WM trimmed regions of
an independent sample converge, almost surely, to the trimmed regions of
the underlying probability distribution; see Dyckerhoff and Mosler (2011).

2. Weighted-mean regions of a probability

As central regions are convex compacts in R%, we will define them through
their support functions. Recall that a closed convex set K C R? is uniquely
characterized by its support function hx : RY — RU{oo}, hx(p) = sup {p'z |
x € K }. Further, the support function is finite for all p € R? if and only if K
is compact, i.e., closed and bounded. A function h : R — R is the support
function of a convex compact iff it is positive homogeneous (h(Ap) = Ah(p)
for A > 0) and subadditive (h(p + ¢) < h(p) + h(q)). See, e.g., Rockafellar
(1970).

Consider the class Fy4 of weight-generating functions f : [0,1] — [0,1]
that satisfy

(i) f(0)=0,f(1)=1,

(ii)  f is increasing, convex, and continuous,
(iii)  f’ is bounded.
Note that every f € F,, is differentiable except at (at most) countable many
points. As the derivative is increasing, we extend f’ to a function on [0, 1]
that is right continuous and bounded, in other words, to the distribution
function of a finite measure.

Proposition 1 (Support function). Let I C R be an interval and {rq}acr @
family of functions from Fyq. Then, for any random vector X in R? having
probability distribution F' and finite first moment, the function h,

1
ho) = [ Qux(dralt), peR?, 1)
0
is the support function of a convex compact. Here Qy x signifies the quantile
function of P'X, i.e., Qux(t) =inf{z e R| P(p'X < z) > t}.

Proof: We have to show that h is positive homogeneous, subadditive and
finite for every p. The positive homogeneity follows immediately from the

fact that Q()\p)’X = Q)\(p’X) = )\QP/X for A > 0.



For a (univariate) random variable X, functionals of the form H, : X —
fol Qx (t) dr(t), where r € F,q, have been studied in risk theory. It is well
known that these functionals are subadditive, i.e.,

Hy (X +Y) < Hy(X) + H (Y).

For a proof of this result see, e.g., Wang and Dhaene (1998). In this article
the functional H, is written in the form H,(X) = fol Qx(1—t)dr*(t) where
r*(t) =1 —r(1 —t) is increasing and concave.

Therefore, for d-variate random vectors X and Y and u, v € R%, it holds

h(u+v) = /Q(U+U/X( ) dra(t /QUIX+U/X()d7°a()

S/K%w@+@mﬁﬂwaﬂ=MM+M@
0

which was to be proved.

For finiteness of h(p) notice that E[||X|]] < oo implies E[[p'X|] =
fo |Qpx(t)|dt < oo for every p € RY. Since 7/, is bounded, it holds that
|77 (t)] < M for some M > 0. It follows that

1x (1) dra(t ' x ( ‘
1
S/KbﬂmwumﬁSM/M%ﬂmﬁ<w-
0 0
Therefore, h(p) is finite for every p € RY, Ol

Based on the preceding proposition we define:

Definition 1. The unique convex bodies whose support functions are given
by (1) are called the weighted-mean regions, in short WM regions, of X and
denoted by Do (X), a € 1.

Observe that the support function h and hence the region D, (X) de-
pends only on the distribution F' of X. To show that the weighted-mean
regions form indeed a family of central regions, we still have to establish
their affine equivariance and nestedness.

R™%% gnd every

Proposition 2 (Affine equivariance). For every matriz A €
b€ R™ it holds

Da(AX +b) = AD4(X) +b.



Proof:

1
hp, (Ax+b)(P) / Qp(ax+b)(t) dra(t) :/0 [Qarpy x () + p'b] dra(t)
= hp,, (x)(A'p) +P'b = hap, (x)+5(P)

O
Note that Proposition 2 states much more than affine equivariance, as
A can be any matrix.

Proposition 3 (Nestedness). Let the family of functions {rs}acr satisfy
(iv)  a > ra(t) is increasing for every t.
Then, the WM regions are nested,

a<B = Ds(X)CDy(X).

Proof: From a < § it follows 7(t) < rg(t) for every t € [0,1]. Thus, the
probability distribution generated by r, dominates that generated by 75 in
the sense of first degree stochastic dominance. Since quantile functions are
increasing it follows that

hDa(X) / Qp’X d?"a / Qp’X d?"ﬁ ) hDB( )( )a

and therefore Dg(X) C Do (X). O
When we speak of weighted-mean regions we will henceforth assume that
condition (iv) of Proposition 3 is satisfied.
Interesting is the special case when d = 1. Then it holds hp,_(x)(1) =

fo Qx (t)dra(t) and hp, (x) fo Q_x(t)drq(t), hence

_ {_ /0 IQ,X(t)dra(t), /0 1 QX(t)dra(t)] . 2)

For general d > 1 and the choice

0, ift<l-—a,
m(t)z{t_(l_a) e ®)

one gets the so-called zonoid regions, that have been extensively studied in
the literature, see, e.g., Koshevoy and Mosler (1997), Mosler (2002). The
univariate zonoid region is a closed interval whose lower bound is the nega-
tive of a popular univariate risk measure, the a-expected shortfall.



Another special case of weighted-mean regions is given by the continu-
ous ECH* regions (shortly CECH* regions) that were introduced in Cascos
(2007) and Dyckerhoff and Mosler (2011). These regions are defined by the
weight-generating functions

ra(t) =tY%, ae(0,1].

In the univariate case, if & = 1/n, the lower bound of the CECH* region
can be represented as

mlnDl/?’L(X) = _th/n(X)(_l) =F [min{Xla s 7X’Vl}] )

where X1i,..., X, are independent copies of X. This again is a coherent
risk measure, the expected minimum, also called Alpha V@R by Cherny and
Madan (2006).

3. Properties of weighted-mean regions

In this section we will establish additional properties of the weighted-
mean regions, such as subadditivity, monotonicity, and continuity.

Proposition 4 (Subadditivity). The WM regions are subadditive,
Do(X +Y) CDu(X) ®Dy(Y)

Proof: Recall that support functions are additive w.r.t. the Minkowski ad-
dition @ of sets, hx(p) + hr(p) = hxer(p). Thus, we have to show that

hp,(x+y) < hpax) + hpav)-
As in the proof of Proposition 1 we obtain

1 1
hDa(X-i-Y)(p)—/O Qp(x+y)(t)dra(t) = /0 Qp x+py (1) dra(t)

1
S/O [Qpx(t) + Quy(t)] dra(t) = hp,(x)(p) + hp,v)(P) -

O

Let X, Y be d-variate random vectors. A set U C R" is called upper if

x €U, z <y implies y € U. The strong first degree stochastic order <; on
the space of d-variate random vectors is defined by

X<1Y <= PXecU <P{YecU) forall upper sets U C R?.



Proposition 5 (Monotonicity). Suppose X <1 Y, where <1 denotes strong
first degree multivariate stochastic dominance. Then,

Do (Y) CDo(X)@RE  and Du(X) C Du(Y) SR

Proof: Since hRi (p) = 0o if p ¢ R?, the first set inclusion is equivalent to
hp,(v)(p) < hp,(x)(p) for all p € R? | which has to be checked.

If X <1 Y then there exist random vectors X and Y such that X 2 X

and Y £V and X <V with probability one (see, e.g., Kamae et al., 1977).
Thus, Y — X > 0 almost surely, and pY p/ X =p (Y X ) < 0 for all
pE Rd , hence, with probability one, p'Y < p’X . We conclude

Qp’Y:Qly_QIX—Qp’Xy

hp. vy (p /Qp’Y ) dra(t /Qp'X )dra(t) = hp,x)(p) -

This proves Dy (Y) C Do(X) @ Ri. The second statement is analogously
proven. ]

Proposition 6 (Continuity in «). Assume that X is a random wvector
for which the expectation exists and is finite. Assume further that (rq,,)
converges pointwise to r, whenever (ay) converges to «. Then the map
a — Do (X) is continuous w.r.t. the Hausdorff metric.

Proof: Since r,, is convex, pointwise convergence of (r,,) to 7, implies
that (rf,, ) converges to r;, except possibly at countable many points in
[0,1]. Since limy, 00 75, (1) = (1) < M < oo there exists N € N such that
14, (1) < M < oo for all n > N. Therefore,

|Qp x (), (W) <M |Qyx(t)] foralln>N.

Since M|Qy x(t)| is integrable, it follows from the dominated convergence
theorem that

hm/ Qp’X dT‘a = hm/ Qp’X Oén )dt

/Qp’X t)dt = /Qp/X Ydra(t).

Therefore the support function converges pointwise on the sphere S%1,
which is equivalent to convergence of the associated convex bodies in the
Hausdorff sense. O



Proposition 7 (Continuity in the distribution). Assume that (X,) is a
sequence of random vectors with finite first moments that converges in dis-
tribution to X. If the sequence (X,,) is uniformly integrable, then Dy (X,,)
converges to Do (X) in the Hausdorff metric.

Proof: We have to show pointwise convergence of the support functions.

Note that the sequence (X)) converges in distribution to X if and only
if the sequence of linear combinations (p’X,) converges in distribution to
p' X for every p € S9!, Further, (X,,) is uniformly integrable if and only if
the sequence of one-dimensional projections (p'X,,) is uniformly integrable
for every p € S41.

According to Skorohod’s representation theorem there are random vari-
ables Z, Z1, Zs, ... defined on a common probability space such that Z,, (Z)
has the same distribution as p'X,, (p'X) and Z,(w) — Z(w) for every
w € €. Note that the sequence (Z,) is uniformly integrable as well.

Since (p'X,,) converges in distribution to p’X, it follows that Fy x, con-
verges to Fjyx at all continuity points of Fjyx. It can be shown that the
same holds for the quantile functions, i.e., @, x, converges to @, x at all
continuity points of Q,/x. Since @,/ x is monotone, it has at most countable
many discontinuities.

In the next step we show that the sequence of quantile functions @z,
is uniformly integrable. First, it follows from the uniform integrability of
the sequence (Zy) that lim, o E[|Z,|] = E[|Z]]. It is well-known that

E(|Z,|] = fo |Qz, (t)| dt. Thus,

1 1
Jm [C@z@la= [1Qa0)a

Since () z, converges to )z almost everywhere, this implies uniform integra-
bility of the sequence Q)z,. Now it follows from uniform integrability of the
Q Zn that

1
lim / Q2. (1) — Q(1)] dt = 0

n—oo 0

For the last step, note that 7/, is bounded so that, for all ¢, |/ (¢)| < M with
some M > 0. Now,

|hp, (x,) (P) — hp, (x)(P)]| = '/ Qpx, (t)dra(t / Qpx (t)dra(t )’

0 (@ (1) — Qu() Pt dt]



< [zt - zto)] - ato] a

Since the right hand side goes to zero when n goes to infinity, we conclude
that the support functions converge pointwise, which was to be shown. [J
4. Weighted-mean orderings

Stochastic orderings of d-variate distributions have many applications;
see Shaked and Shanthikumar (2007). A large and flexible class of orderings
can be based on weighted-mean regions.

Definition 2 (Weighted-mean ordering). Let r = {7y }acr be a family sat-
isfying (i) to (iv). We define an ordering of d-variate random vectors (and
their probability distributions) by X <, Y if

Do(X) C DoY) forall ael.

Obviously, this relation is transitive and reflexive.
The weighted-mean orderings can be seen as variability orderings be-
tween random vectors as is apparent from the following results.

Proposition 8. For every random vector X with finite first moment holds
EX] = X .

Proof: Note that the identity id : ¢ — t is in F,4. Further, for every
function r, € Fyuy holds r, < id where the inequality is to be understood
pointwise. Now, as in the proof of Proposition 3, it follows that

1 1
hDa(X)(p) = /0 Qp’X(t) dra(t) > /0 Qp’X(t) dt = E[p,X] :p,E[X] :

Therefore, Do (E[X]) = {E[X]} C Do(X) and the assertion follows. O

Proposition 9. For every random vector X with finite first moment and
every A > 1 holds
X — EIX] =, A(X - F[X]).



Proof: From the affine equivariance of the WM regions it follows that
Do (A(X — E[X])) = A (Da(X) — E[X]) .

The set Do (X) — E[X] is convex and, since E[X]| € Dy (X), contains the
origin. Therefore, for every A > 1,

(Da(X) — E[X]) € A(Da(X) — E[X])

which completes the proof. O
The weighted-mean ordering is preserved under arbitrary affine trans-
formations.

Proposition 10. Let X and Y be random vectors with finite first moments.
Then, for every matriz A € R™*4 and every b € R™ it holds

X =Y = AX +b =, AY +b.

Proof: The proposition follows immediately from Proposition 2. O

As a corollary we note that the weighted-mean ordering is preserved
under marginalization. Let X; denote the marginal of X regarding the
coordinate set J C {1,...,d}.

Corollary 1. Let X = (X1,...,Xy) andY = (Y1,...,Yy) be random vectors
with finite first moments. Then,

X< Y — X;=, Yy, Jc{l,...,d}, J#0.

Proof: The proposition follows immediately from the preceding proposition
by choosing A as the projection matrix on the coordinate set J. O

Consider the special case of the zonoid regions, where r, is given by
(3). The weighted-mean order based on the zonoid regions is known as the
zonoid order; see Mosler (2002). The zonoid order plays a special role as is
shown in the following proposition.

Proposition 11. The zonoid order <z implies any weighted-mean ordering,
i.e.,
X=2zY = X X,Y for any such family r.

Proof: It holds (Mosler, 2002) that X <7 Y iff p’ X <., p'Y for all p € R%.
By Theorem 4.A.4 in Shaked and Shanthikumar (2007) this implies
1 1
hDa(X) (p) = /0 Qp’X (t) dTa(t) < /0 Qp’Y(t) dTa(t) = hDa(Y) (p)7

9



which means Dy (X) C D,(Y) for all a. O

As we will see below in Example 1 the converse of Proposition 11 is
in general wrong, i.e., there exist weighted-mean orderings that are not
equivalent to the zonoid order.

One of the most important multivariate variability orders is the convex
order (see Shaked and Shanthikumar, 2007, chap. 7). The following propo-
sition clarifies the relation between the convex order and the weighted-mean
orderings.

Proposition 12. The convexr order <., implies any weighted-mean order-
mg, i.e.,

X<oY = X =X,.Y forany such family r.

In the case d > 1 the weighted-mean orderings are strictly weaker than the
convex order, i.e., for any weighted-mean ordering

XY #H X<,Y.

Proof: In Mosler (2002) it was shown that the zonoid order is implied by
the convex order, but is different from the convex order when d > 1. The
assertion then follows from Proposition 11. O

Proposition 13. Let {ro}acr satisfy sup,ecrra = id, where id denotes the
identity. Then,
X =Y = E[X]|=E[].

Proof: Under the condition given above, there is a sequence («;,) such that
(ra, ) converges pointwise to the identity. From Proposition 6 it follows
that the sequences (Dg,, (X)) and (D, (Y')) both converge in the Hausdorff
metric to the singletons { E[X]} and {E[Y]}. Since Do (X) C Do(Y) for all
a, this implies F[X] = E[Y]. O

We conclude this section with an example that shows that the converse of
Proposition 11 is in general wrong. In particular we show that the ordering
=cEch*, which is defined by the continuous ECH* regions, does not imply
the zonoid order.

Example 1. Let X be a random wvariable that takes on the values x1 =
—1.05, zo = —0.05, x3 = 0.05 and x4 = 1.05 with equal probability, and
let Y be a random variable that takes on the values y; = —1, yo = —0.15,

10



ys = 0.15 and y4 = 1 with equal probability. For the zonoid regions we get

1
hzp, 4 (x)(1) = 1/%1 » Qx(t)dt =4- % 1.05 = 1.05,
1 [t 1 1
and
1 ! 1
haw, ) = 77 [ @rBde=4-7-1=1,
1 [t 1 1
hap, 00 (1) = 2 o Qy(t)dt =2- (Z -0.15 + 1 1) =0.575.

Therefore, neither X <z Y norY <z X holds.
Now consider the continuous ECH* regions. For the sake of simplicity
we set = 1/a and write 74(t) = t5. Then we get

henon; (1) = —1.05- [G)ﬁ_ (2)5 . [@ﬂ_ @5]
wous [ - @) ] om0~ )]

1
S 4P _3b _ .98 _
=17 [1.05 47 -3 -0.1-2 1}

Analogously, we get

1
hopony(v)(1) = 45 [4ﬁ —0.85-3%-0.3-2° - 0.85} .

The difference is given by
1 8 5 8
howa, ()(1) = herons ) (D) = =5 [0.05 48 015-3° 10229 - 0.15} .
Now consider the function f :[1,00) — R,
f(z)=0.05-4* —0.15-3* + 0.2 - 2* — 0.15.

We have to show that f(x) > 0 for all x € [1,00). Forxz =1 obtain f(1) = 0.
The derivative is given by

f(£) =0.05-In4-4* —0.15-In3-3" +0.2-In2- 2" .

11



Obuviously, f'(x) > 0 iff
4\ 2\
g(x) :=0.05-1In4 - <§> +0.2-In2- <§> > 0.15-1n3.

It can be seen by routine calculations that g is convex on [1,00) and has a
unique global minimum at

In3/2
In4/3

2 =1+1n ( > /ln2 ~ 1.49510245 .

The value at x* is
g(z") ~ 0.18217704 > 0.16479184 ~ 0.15 - In 3.

Thus, f'(x) > 0 on [1,00) and therefore f(x) > 0 on [1,00). This shows that
heecrz (x)(1) > hercnz (v)(1) for all a € (0,1] and therefore X =cgcn* Y,
which proves that the orderings =z and <crcp* are in fact different.
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