Bernoulli 19(5A), 2013, 1776-1789
DOI: 10.3150/12-BEJ429

Some inequalities of linear combinations of
independent random variables: II

XIAOQING PAN'", MAOCHAO XU? and TAIZHONG HU™

1Department of Statistics and Finance, School of Management, University of Science and Technol-
ogy of China, Hefei, Anhui 230026, People’s Republic of China. E-mail: *panxq@mail.ustc.edu.cn;
“* thu@ustc.edu.cn

2Department of Mathematics, Illinois State University, Normal, IL 61761, USA. E-mail: mxu2 @ilstu.edu

Linear combinations of independent random variables have been extensively studied in the literature. How-
ever, most of the work is based on some specific distribution assumptions. In this paper, a companion of
(J. Appl. Probab. 48 (2011) 1179-1188), we unify the study of linear combinations of independent nonneg-
ative random variables under the general setup by using some monotone transforms. The results are further
generalized to the case of independent but not necessarily identically distributed nonnegative random vari-
ables. The main results complement and generalize the results in the literature including (In Studies in
Econometrics, Time Series, and Multivariate Statistics (1983) 465-489 Academic Press; Sankhya Ser. A 60
(1998) 171-175; Sankhya Ser. A 63 (2001) 128-132; J. Statist. Plann. Inference 92 (2001) 1-5; Bernoulli
17 (2011) 1044-1053).
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1. Introduction

Linear combinations of independent nonnegative random variables arise naturally in statistics,
operations research, reliability theory, computer science, economic theory, actuarial science and
other fields. There are a large number of extensive studies on this topic in the literature. Some
typical applications could be found in [1,2,8,13,20] and references therein. It should be remarked
that most of the work in the literature is under some specific distribution assumptions such as
exponential, Weibull, Pareto and gamma, etc.

Under the general framework, Karlin and Rinott [6] studied the linear combinations of non-
negative independent and identically distributed (i.i.d.) random variables X1, X», ..., X, with
Xip having a log-concave density for 0 < p < 1. They showed thatif g <Oand p~!' +¢7 ' =1,
then

n n
@l,....a)=m @], b = Y aiXizq ) biXi, (1.1)
i=1 i=1

where a = (aj,...,a,) €N, b=(by,...,b,) € RN, =, means the majorization order, and >
means the usual stochastic order (their formal definitions are given in Section 2).
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Recently, Yu [20] further studied this problem and showed two very interesting results. For

nonnegative i.i.d. random variables X1, X», ..., X, if log(X;) has a log-concave density, then
n n
(ogar, ..., loga,) =m (loghi, ..., logh,) = Y aiXi=y ) bX;.  (1.2)

i=1 i=1

In contrast to the result (1.1) in [6], Yu [20] proved that if X f has a log-concave density for
p>1,then, forg>1land p~' +47 1 =1,

n n
@l,....aD) =@, b = Y aXi<q) biXi. (1.3)
i=1 i=1

However, in practical situation, it is quite often that random variables may not be i.i.d., that is,
i.i.d. seems to be a restrictive assumption; see [7,9,10,21] and references therein. Xu and Hu [19]
successfully extended (1.2) to the case of independent but not necessarily identically distributed
random variables under some suitable conditions.

This paper is a companion of [19]. In this paper, we will further study this topic. First, in Sec-
tion 3, we unify the study of (1.1)—(1.3) by using some monotone transforms, and then extend the
results to the case of independent but not necessarily identically distributed nonnegative random
variables in Section 4. Some examples are highlighted as well.

2. Preliminaries

In this section, we recall the definitions of some stochastic orders and majorization orders, which
will be used in the sequel.

Definition 2.1. Let X and Y be two random variables with distribution functions F and G,
density functions f and g (if exist), respectively. Then X is said to be smaller than Y

o in the usual stochastic order, denoted by X <4 Y, if F(x) > G(x) for all x;
o in the likelihood ratio order, denoted by X <, Y, if g(x)/f (x) is increasing in x for which
the ratio is well defined.

The likelihood ratio order is stronger than the usual stochastic order. For more discussions on
stochastic orders, please refer to [16].

We shall also be using the concept of majorization in our discussion. For extensive and com-
prehensive details on the theory of majorization orders and their applications, please refer to
[12]. Let x(1y) < x(2) < --- < x(») be the increasing arrangement of components of the vector
X=(X1,X2,...,X).

Definition 2.2. For vectors X,y € X", X is said to be
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e majorized by y, denoted by X <m y, if > i X(iy = D _i—; Vi) and

J J
ZX(i)ZZy(i) forj=1,...,n—1;
i=1 i=1

e weakly supmajorized by y, denoted by x <V'y, if

J J
ZX(,')ZZ)I(,‘) fOl’jZ],...,I’l;
i=1 i=1

o weakly submajorized by y, denoted by X <y y, if
n n
Z)C(,')Szy(,') forj=1,...,n.
i=j i=j

A real-valued function & defined on a set A € N" is said to be Schur-concave [Schur-convex]
on A if, for any X,y € A,

X>=my = h® 2[=]h(y),
and £ is log-concave on A if A is a convex set and, for any X,y € A and « € [0, 1],
h(ax+ (1 — a)y) > [h(x)]*[h(y)]' .

To prove the main results in the next section, we recall the following two well-known lemmas.
The first one gives the preservation properties of the weakly majorization orders under monotone
transforms, while the second one states that the log-concavity is closed under integral.

Lemma 2.3 ([12], Theorem 5.A.2).

(1) For all increasing and convex functions g,
X2wy = (€(&1).....8(n) 2w (€1, ..., &(n))-
(i) For all increasing and concave functions g,
xxVy = (g1, gGn) =N (€O g())-
(iii) For all decreasing and convex functions g,
x<My = (@), .., gGn) 2w (8Os - ()
(iv) For all decreasing and concave functions g,

X=wy = (g(x1),....8x)) =™ (€1, 8(yn)).
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Lemma 2.4 ([4,15]). Suppose that h: R™ x KK — R, is a log-concave function and that

gx) = / h(x,z)dz
hits

is finite for each x € X". Then g is log-concave on RN™.

3. i.i.d. nonnegative random variables

In this section, we unify the study of linear combinations of i.i.d. nonnegative random variables
under the general setup by using some monotone transforms.

Theorem 3.1. Let X1, X», ..., X, be i.i.d. absolutely continuous and nonnegative random vari-
ables, and let ¢, : RNy — Ny be two twice continuously differentiable and strictly monotone
functions such that, for all (u, v) € M2,

¢"(u)=0 (3.1

and

¢" WY )P WY (v) = [¢' Wy )] (3.2)

Assume that ¥~ (X1) has a log-concave density function, where W~ is the inverse function

of yr. If
@ @), ..., (@) =m @ B1), ..., 07 (b)), (3.3)

then

n n
ZaiXi Zstzbixi- (3.4
i=1 i=1

Moreover, if ¢ is increasing (decreasing), the majorization order in (3.3) can be replaced by the
submajorization (supmajorization) order.

Proof. First, we prove that (3.3) implies (3.4). To see it, suppose that (3.3) holds. Fix any t € i,
and define

h(c)=P<Z¢(ci)Xi 5t>.
i=1

It suffices to show that /(c) is Schur-concave in ¢ € i’} . Define

A= !(y,o eNT D Pledv () sr}.

i=1
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Then

h(e) =P<Z¢(c,»>w(w‘1<xi>> §t> wag(y’ ¢)dy,

i=1

where

8.0 =140 [ [ fy-1x0 -

i=1

Next, we will discuss when

@ (u, v) =)y (v)

is convex on ﬂt%r. Note that the Hessian matrix for ® (u, v) is

<t/>”(u)1ﬂ(v) ¢’(M)1/f’(v))
YY) pwyY"w) )

It is known that if the Hessian matrix for ®(u, v) is nonnegative semi-definite, then ® (u, v) is
convex on ‘Ri That is, if (3.1) and (3.2) hold, then ® (u, v) is convex and, hence, A is a con-
vex set. This implies that 14(y, ¢) is log-concave on (y, ¢) € N2, Thus, g(y, ¢) is log-concave.
By Lemma 2.4, h(c) is log-concave. Since /(c) is permutation symmetric, and the permutation
symmetry and log-concavity imply Schur-concavity (see Fact 3.1 in [18]), we conclude that i (c)
is Schur-concave.

Next, suppose that ¢ is decreasing and (d)_l(al), e ¢_1(an)) >V (d)‘l(bl), ...,¢_1(bn)).
By Proposition 5.A.9 in [12], there exists a real vector (cy, ..., ¢;) € R’ such that

@ a), ..., 07 @) < (c1, ... ) mm (@1 B1), ..., 6 (Ba)).

Here, for two vectors s, t € )", s > t means componentwise ordering. Since ¢ is decreasing, we
have a; > ¢ (c;) for each i and, hence, Y " a;X; >¢ D i ¢(ci)Xi. On the other hand, it is
shown that Y 7, ¢ (c;)X; >s Y _r—, bi Xi. Thus, we conclude (3.4).

Finally, suppose that ¢ is increasing and (¢~ (a1), ..., ¢~ (an)) >=w (@B, ..., (by)).
Again, by Proposition 5.A.9 in [12], there exists a real vector (c1, ..., ¢;) € 3’} such that

@ @), ..., o7 @) = (c1, . cn) mm (@ BD), . b (D).

The rest of the proof is similar and is hence omitted. This completes the proof. ]

Theorem 3.2. Let X1, X», ..., Xy, be i.i.d. absolutely continuous and nonnegative random vari-
ables, and let ¢, : Ny — Ny be two twice continuously differentiable and strictly monotone
functions such that, for all (u, v) € M2,

¢"(u) <0 3.5)
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and (3.2) hold. If (X 1) has a log-concave density function, then
@ @), 07 @) =m @7 B, 9T b)) = Y aiXi<a ) biXi. (3.6)
i=1 i=1

Moreover, if ¢ is increasing (decreasing), the majorization order in (3.6) can be replaced by the
supmajorization (submajorization) order.

Proof. The proof is similar to that of Theorem 3.1 by observing that, for any ¢ € )i,

h(c) = P(Zq&(ci)Xi > z)

i=1

is Schur-concave in ¢ € )’} under conditions (3.2) and (3.5). O

Remark 3.3. The results in Theorems 3.1 and 3.2 can be extended to permutation invariant ran-
dom variables; see [11]. This was also pointed out by one of the referees.

Remark 3.4. Theorems 3.1 and 3.2 do not apply to the case that ¢ (x) = x or/and ¥ (x) = x.
One may wonder whether >/, a;X; and > ;_, b; X; are ordered in the usual stochastic order
whenever a, b € )’} such that a >, b under the assumption that X; has a log-concave density.
However, this is not true. A counterexample is given by Diaconis and Perlman [3] as follows: For
X; having a gamma distribution with shape parameter & > 1 (whose density is log-concave) and
n > 3, if a and b differ in exactly two components, then the distribution functions of "/_, a; X;
and Y !_, b; X; are of unique crossing. In fact, if a =, b, then E[> 7, a; X;]1 = E[Y_;_, b; Xi]
and, hence, there cannot be a stochastic order between the two weighted sums unless there is
equality in distribution.

Remark 3.5. For Theorem 3.1, conditions (3.1) and (3.2) imply that ¢ and i are both convex;
while, for Theorem 3.2, (3.2) and (3.5) imply that ¢ and i are both concave. Some special
choices of ¢ and ¥ in Theorem 3.1 or 3.2 are as follows.

o P(x) =Y (x)=e"
Conditions (3.1) and (3.2) are satisfied. Theorem 3.1 reduces to Theorem 1 in [20]. That is,
if log X; has a log-concave density, we have

n n
(logay,...,loga,) =y (logby, ..., logh,) — ZaiXizsthiXi. 3.7

i=1 i=1

e ¢(x)=x"and Y (x) =x/P:
It can be checked that

(3.)and 3.2) hold <= (p,q) € AgUAUA;
(3.2) and (3.5) hold <<= (p,q) € A3,
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where

Ao={(p,q):p<0,q <0},

A1=13(p,q):p<0,0<qg <1,

—

Ay = (p,q):0<p<1,q<0,;+

1 1
Az = (p,q):p>1,q>1,—+—§1}.
2N}

Choosing (p,q) € A1, A2 and A3z, Theorems 3.1 and 3.2 reduce to Corollaries 3.6, 3.7
and 3.8, respectively. For more details, see Remark 3.10. Choosing (p, g) € Ao, from The-
orem 3.1, it follows that

n n
@, ....a) =" ®f,....b0) = D aiXiza)y biX (3.8)
i=1 i=1
when p <0,g <0Oand X l” has a log-concave density. Applying Lemma 2.3(iii) with g(x) =
xP/4 we have
@, ...ahy=" @4, ... b = @, .. afy=&F, ... bF)
for any ¢ < 0 and 8 > 0. Thus, (3.8) can be deduced from Corollary 3.6.

¢(x) =x"9 (g <0)and ¥ (x) =e*:
Conditions (3.1) and (3.2) are satisfied. From Theorem 3.1, it follows that

n n
@,....ah) =" ®l,....b) = > aiXiza)y biX (3.9)
i=1 i=1
when g < 0 and log X; has a log-concave density. It should be pointed out that (3.9) is
implied by (3.7) because applying Lemma 2.3(iii) with g(x) = ¢ ! logx yields
(af,....al)=" ! ... .b}) = (logai,...,loga,) =y (loghi,...,loghy).

¢ (x) =log(x +e) and ¥ (x) = x/7 (p > 2):
Conditions (3.2) and (3.5) are satisfied. Theorem 3.2 reduces to Corollary 3.9 below, which

can be deduced from Corollary 3.8 by observing g(x) = (log(x + €))7 is increasing and
concave on i and applying Lemma 2.3(ii).

Corollary 3.6. Let p <0and 0 < g < 1 with p~' 4+ g~ =1, and let X1, X», ..., X be i.id.
random variables with density function f on Ry. If X f has a log-concave density function, then,
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fora,be N,
n n
@l,....af) = ®f,....b) = D aiXi=uy biXi.
i=1 i=1

Corollary 3.7 ([6]). Let O < p <1 and g <0 with p_1 + q_l =1, and let X1, X3, ..., X, be
i.i.d. random variables with density function f on Ry. If X f has a log-concave density function,
then

n n
@f,....af) =" bl,...b) = Y aXiz) biX.
i=1 i=1

Corollary 3.8 ([20]). Let p > 1 and g > 1 with pi1 +q71 =1l,andlet X1, X>,..., X, bei.id.
random variables with density function f on Ry, If X f has a log-concave density, then, for
a,beh,

n n
@l,....aD) =" @],....b) = Y aXi<a) biXi
i=1 i=1

Corollary 3.9. Let p > 2, and let X1, X», ..., X, be i.i.d. random variables with density func-
tion f on MN. Ifo has a log-concave density function, then, for a,b € [1, 00)",

n n
€, ...em) =Y, ... ) = Zaixifstzbixi~
im1 im1

Remark 3.10. In Theorems 3.1 and 3.2, the functions ¢ and ¢ play an independent role. From
Remark 3.5, it is seen that, for ¥ (x) =e*, ¢(x) =e” is better than ¢(x) = x'/9 (¢ < 0). Two
anonymous referees pointed out whether there is any meaning of considering the best possible ¢
for a given . This interesting question is worth further investigation. We give a partial answer
to this question.

For given two pairs (¢1, ¥) and (¢, ¥) satisfying the conditions of Theorem 3.1 (resp. The-
orem 3.2), define g(x) = qb;l o ¢1(x) (resp. g(x) = —¢>£1 o ¢1(x)). By Lemma 2.3, ¢, is better
than ¢ if either one of the following conditions holds:

(i) ¢1 and ¢, are increasing, and g(x) is convex;

(i1) ¢ is increasing, ¢ is decreasing, and g(x) is concave;
(iii) ¢ is decreasing, ¢ is increasing, and g(x) is convex;
(iv) ¢1 and ¢, are decreasing, and g(x) is concave.

For example, denote v/, (x) = x!/P and g (x) = x!/4 with (p, g) € A1 (resp. Az, A3), where the
A;’s are defined in Remark 3.5. Fix ¥, (x), and choose g, € ) such that p_1 + q*_1 =1 and,
hence, (p, g«) € A (resp. Az, A3). Define

g) =g, og () =x"/1,  xedn.
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It is easy to see that, for (p,q) € A1 (resp. Az, A3z), g(x) is convex (resp. concave, concave).
Thus, for fixed v, with (p, q) € A; (i =1, 2, 3), ¢y, is better than ¢,.

4. Non-i.i.d. nonnegative random variables

Before we prove the main results of this section, we give four lemmas. In the proofs of Theorems
3.1 and 3.2, we use an important fact that a permutation symmetric and log-concave function is
Schur-concave. In Lemma 4.1 below, a sufficient condition is given for a log-concave function
on %3_ to be Schur-concave on {D_%_ ={(x1,x2):x1 <x3, (x1,x2) € .‘Hi}. Lemma 4.1 plays a key
role in the proofs of Lemmas 4.3 and 4.4.

Lemma 4.1. If h(x1, x2) is log-concave on ‘}ﬁ and

h(x@2). x1)) = h(xq). x2)) Sorall (x1,x3) € Eﬁi,
then
(X1, x2) Zm O, y2) = h(x@). x2) = h(yay. yo)
Proof. Suppose that (x1, x2) <m (¥1, y2)- Then there exists @ € [1/2, 1] such that
X1y =oya) T aye), X =aye) taya)
withoe =1 — «. So,
logh(xy, x@) = logh(ayq) +@ye). aye) +&ym)
=logh(a(yay, y@) + @y, y)))
> alogh(ya), y@)) +@logh(ye). yo))
> logh(ya). o)),

where the first inequality follows from the log-concavity of 4. (]

Lemma 4.2 ([17]). Let X and Y be two independent random variables. Then X >1. Y if and only
ifg(X,Y) = g(Y,X) forall g € Cy, where

Cir={g(x,y):8(x, ) = g(y,x),Vx = y}.
Lemma 4.3. Let X1 and X» be independent nonnegative random variables satisfying
X1 =1 Xo,

andlet ¢, : Ny — Ny be two twice continuously differentiable and strictly monotone functions
such that (3.1) and (3.2) hold. Ifl//_l (X;) has a log-concave density for each i, then

@ @, 7 @) =m @B, ¢ (1)) =  apXi+amn X2 >abayX1 + by X2
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Proof. From the proof of Theorem 3.1, it follows that, for fixed r > 0,
h(ci,c2) =P(¢c) X1+ ¢(c2) X2 < 1), n(cr, c2) =P(¢p(c) X2+ P(c2) X1 <1)

are log-concave in (c1, ¢2) € ?Ri under conditions (3.1) and (3.2).
(1) Suppose that ¢ is decreasing. By Lemma 4.2, it follows that

P(c) X1+ d(cy) X2 <st d(c)) X1 + d(c)) Xa.
that is,

h(c@,cm) = h(cay,c),  (c1,c2) €RT.
Then, by Lemma 4.1,

Plcay) X1 +d(c) X2 < d(d)) X1 +¢(d)) X2

whenever (ci, ¢2), (d1,d2) € R4 such that (c1,c2) <m (di,d2). Setting (c1,c2) = ((b*l(bl),
¢~ (b2)) and (d1, d2) = (¢~ (a1), ¢~ (a2)), it follows that b2y X1 +b(1) X2 <g a@) X1 +aq) X2
since ¢ is deceasing.
(2) Suppose that ¢ is increasing. Again, by Lemma 4.2, it follows that
77(0(2), C(l)) > 77(6(1), C(z)), (c1,02) € ‘)ﬁ
Then, by Lemma 4.1,
P(c@) X1+ d(cay) X2 <a d(d) X1 + ¢(dy) X2

whenever (c1, ¢2), (d1, d2) € N7 such that (c1, ¢2) <m (d1, d2). This implies b2y X1 +b(1) X2 <gt
a@)X1 + aqy X, since ¢ is increasing. This completes the proof of the lemma. O

Lemma 4.4. Let X1 and X» be independent nonnegative random variables satisfying
X1 =i X2,

and let ¢, ¥ : N1 — R4 be two twice continuously differentiable and strictly monotone functions
such that (3.2) and (3.5) hold. If ' (X;) has a log-concave density for each i, then

@ Nan, ¢ @) =m @7 b)), o7 () =  am X1 +ap X2 <« bayX1 +ba)Xa.
Proof. From the proof of Theorem 3.2, it follows that, for fixed > 0,
h(ci,c2) =P(¢(c)X1 + ¢ () X2 > 1), n(ci,c2) =P(p(c) X1+ ¢(c1)X2 > 1)

are log-concave in (c1, ¢2) € &)’t%r under conditions (3.2) and (3.5). The rest of the proof is similar
to that of Lemma 4.3 and is, hence, omitted. O

Now, we are ready to present the following two main results, Theorems 4.5 and 4.6.
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Theorem 4.5. Let X1, X», ..., X, be independent nonnegative random variables satisfying
X1 =1 X2 21 -+ Zir Xns

andlet ¢, : Ny — Ny be two twice continuously differentiable and strictly monotone functions
such that (3.1) and (3.2) hold. Assume that v~ (X;) has a log-concave density for each i. If

(@ Nar), ..., @) =m @ B1), ..., 07 (b)), (4.1)

then
n n
Za(n—i+l)xi > Zb(n—i+l)Xi- 4.2)
i=1 i=1

Moreover, if ¢ is increasing (decreasing), the majorization order in (4.1) can be replaced by the
submajorization (supmajorization) order.

Proof. By the nature of the supmajorization and submajorization orders (see the proof of The-
orem 3.1), it suffices to prove that (4.1) implies (4.2). Suppose that (4.1) holds. Then, by'Lem—

ma 2.B.1 in [12], there exists a finite number of vectors ¢! (c{)) = (¢! (c(l)), ! (c{n))) €
M, j=1,..., N, such that

(@ am) - @ am)) =97 (cf) Zm ¢~ (¢]) Zm - =m o~ (c]))
= (@7 (b)) - ¢~ (b)),
where c’(‘) = (c’(‘l), e c](‘n)), the ordered vector of ¢k = (c’l‘, R c’,j ) e N”, and c](‘) and c’(‘;’l differ

only in two coordinates for each k. Therefore, the desired result now follows from Lemma 4.3 and
the fact that the usual stochastic order is closed under convolution. This completes the proof. [J

Similarly, we can prove the next result by using Lemma 4.4.
Theorem 4.6. Let X1, X», ..., X, be independent nonnegative random variables satisfying
X1 =1 X2 210 -+ Zir Xy

andlet ¢, : Ny — Ny be two twice continuously differentiable and strictly monotone functions
such that (3.2) and (3.5) hold. Assume that ¥~ (X;) has a log-concave density for each i. If

@ Nar), ..., 67 @) =m @ B1), ..., 07 (b)), 4.3)

then

n n
Za(i)xi <st Zb(z‘)X;w
i=1 i=1

Moreover, if ¢ is increasing (decreasing), the majorization order in (4.3) can be replaced by the
supmajorization (submajorization) order.
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Combining Theorems 4.5 and 4.6 and Remark 3.5, we have the following corollaries, which
extend some results in Section 3 from i.i.d. to non-i.i.d. nonnegative random variables.

Corollary 4.7 ([19]). Let X1, X2, ..., X, be independent nonnegative random variables satisfy-
ing X1 =1 X2 =1 -+ - >1r Xy If log X; has a log-concave density for each i, then,

n n
(logay, ...,logay) = (loghy, ..., logh,) — Za(n—i+1)Xi zstzb(n—i+1)Xi.

i=1 i=1

Corollary 4.8. Let p > 1 and g > 1 with p_1 +q_1 =1, and let X1, X2, ..., X, be indepen-
dent nonnegative random variables such that X1 >1 Xo > - > X If X lp has a log-concave
density function for each i, then, for a,b € S)ﬂ,

n n
(af,....ap) <ol ... b = Za(i)Xizsth(i)Xi-
i=1 i=1

Corollary 4.9. Let p € (0,1) and g < Owith p~'+q~ ' =1, and let X1, X2, ..., X, be indepen-
dent nonnegative random variables such that X1 >1; Xo >y - >3 Xy If X f has a log-concave
density function for each i, then, for a,b € Eﬁﬁ,

n n
(@f,....a) =" ®l,...b) = Y aw-itnXi =a Y bu-itnXi.
i=1 i=1

Corollary 4.10. Let p <0 and 0 < q < 1 with p~' 4+ ¢~ ' =1, and let X1,X>,..., X, be
independent nonnegative random variables such that X1 > Xo >y - =11 Xp. If X lp has a log-
concave density function for each i, then, for a,b € Sﬁ’jr,

n n
af,....a}) =w !, ....b}) = Za(n—i+l)Xi >t Zb(n—i+1)Xi-
i=1 i=1

Finally, we give an example to which Corollaries 4.7-4.10 can be applied.

Example 4.11. Let X be a nonnegative random variable having the generalized gamma distribu-
tion F), 4 ; with density function

o

pA
()

—1 _—xxP
x%p lekx

, x>0,

fp,a,)»(x) =

where p > 0, o > 0 and A > 0 (see [5,14]). This class of distributions includes the Weibull
(¢ =1), gamma (p = 1) and the generalized Rayleigh (p = 2) distributions as special cases. It
is easy to see that

e for o > 1, X? has a log-concave density;
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for 0 < a < 1, X% has a log-concave density;
for 0 <aj <oy, Fpaia <ir Fpayns

for 0 < A1 < A2, Fp,a,kz =Ir Fp,a,)q;

log X has a log-concave density.

Corollaries 4.8 and 4.9 can be applied to the above generalized gamma distribution. For ex-

ample, let X1, X», ..., X, be independent nonnegative random variables having distributions
Fpanis Fpargro s Fpan, With 0 <Aj <Ay <--- <A, and a > 1, or having distributions
Fpai Fpaynreos Fpa, s Withay > ap > --- > a, > 1. Then Corollaries 4.8 and 4.9 hold for

p > 1and p < 1, respectively.
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