J. Appl. Prob. 47,216-234 (2010)
Printed in England
© Applied Probability Trust 2010

GENERALIZED MEASURES OF DIVERGENCE
IN SURVIVAL ANALYSIS AND RELIABILITY

FILIA VONTA,* National Technical University of Athens
ALEX KARAGRIGORIOU,** University of Cyprus

Abstract

Measures of divergence or discrepancy are used either to measure mutual information
concerning two variables or to construct model selection criteria. In this paper we focus on
divergence measures that are based on a class of measures known as Csiszar’s divergence
measures. In particular, we propose a measure of divergence between residual lives of
two items that have both survived up to some time ¢ as well as a measure of divergence
between past lives, both based on Csiszar’s class of measures. Furthermore, we derive
properties of these measures and provide examples based on the Cox model and frailty
or transformation model.
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1. Introduction

A measure of divergence is used as a way to evaluate the distance (divergence) between any
two populations or functions. In the present work we concentrate on divergence measures that
are based on a class of measures known as Csiszar’s family of divergence measures or Csiszar’s
@-divergence (see Csiszar (1963) and Ali and Silvey (1966)).

An issue of fundamental importance in statistics is the investigation of information measures.
These measures are classified in different categories and measure the quantity of information
contained in the data with respect to a parameter 6, the divergence between two populations
or functions, the information we get after the execution of an experiment, and other important
information according to the application they are used for. Traditionally, the measures of
information are classified into four main categories, namely divergence type, entropy type,
Fisher type, and Bayesian type.

Measures of divergence between two probability distributions have a very long history,
beginning with the pioneering work of Pearson (1900), Mahalanobis (1936), Lévy (1925)
and Kolmogorov (1933). Among the most popular measures of divergence are the Kullback—
Leibler measure of divergence (see Kullback and Leibler (1951)) and the Csiszar’s ¢-divergence
family of measures (see Csiszar (1963) and Ali and Silvey (1966)). A unified analysis has been
provided in Cressie and Read (1984), who introduced the power divergence family of statistics
that depends on a parameter A and is used for goodness-of-fit tests for multinomial distributions.
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The Cressie and Read family includes among others the well-known Pearson’s X2 divergence
measure and, for multinomial models, the log-likelihood ratio statistic. Recently, the BHHJ
divergence measure was proposed in Basu et al. (1998) and generalized to the BHHJ family of
measures in Mattheou et al. (2009). The BHHJ family depends on an index a which controls the
trade-off between robustness and efficiency when the measure is used as an estimating criterion
for robust parameter estimation.

Ebrahimi and Kirmani (1996b) introduced a measure of discrepancy between the lifetimes
X and Y of two items at time 7. In survival analysis or in reliability we might know the current
age t of a biomedical or technical system. We need to take this information into consideration
when we compare two systems or populations. Ebrahimi and Kirmani (1996b) achieved this by
replacing the distribution functions of the random variables X and Y in the Kullback-Leibler
divergence of X and Y (see Kullback and Leibler (1951)) by the distributions of their residual
lifetimes. Di Crescenzo and Longobardi (2004) defined a dual measure of divergence which
constitutes a distance between past-life distributions.

In this paper we focus on the distance between lifetimes and propose generalized measures of
divergence between residual lives of two items that have both survived up to some time ¢ as well
as between past lives, based on Csiszar’s family of measures. In Section 2 we define the proposed
measures of divergence for Csiszar’s class of functions, which are referred to as ¢-distances
between lifetimes. In Section 3 we examine properties of these measures of divergence, and in
Section 4 we find various discrimination measures in cases like the proportional hazards model,
the proportional reverse hazards model, and the frailty or transformation model. For the latter
case, we provide the divergence between the distribution functions associated with the Cox and
frailty models as well as the ¢-distance between the respective residual and past lifetimes.

2. The proposed generalized divergence measures

Let X and Y be absolutely continuous, nonnegative random variables that describe the
lifetimes of two items. Let f(x), F(x), and F(x) be the density function, the cumulative
distribution function, and the survival function of X, respectively. Also, let g(x), G(x), and
E(x) be the density function, the cumulative distribution function, and the survival function of
Y, respectively. Lethy(x) = f(x)/f(x) and hy (x) = g(x)/@(x) be the hazard rate functions
of Xand Y, and let tx(x) = f(x)/F(x) and ty(x) = g(x)/G(x) be the reversed hazard rate
functions of X and Y. Without loss of generality, we assume throughout the paper that the
support of f and g is (0, +00).

The Kullback-Leibler distance between F and G (see Kullback and Leibler (1951)) is

defined by
= [ roe{ 1)

where log denotes the natural logarithm. A generalization of this distance is defined as

- [ on(2) o

which is known as Csiszar’s family of measures of divergence.

When the function ¢ is defined as ¢(u) = ulogu or ¢(u) = ulogu + 1 — u, then the
above measure reduces to the Kullback-Leibler measure. If ¢(u) = %(l — u)?, Csiszér’s
measure yields the Pearson’s chi-square divergence (also known as Kagan’s divergence; see
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Kagan (1963)). If
) wt oy —au =1
pu) == @1(u) = a@ D ,
we obtain the Cressie and Read power divergence (see Cressie and Read (1984)),a # 0, —1. If
o) =(1— ﬁ)z, we obtain the Matusita’s divergence (see Matusita (1967)), and if ¢(u) =
—log(u) +u — 1 or p(u) = —log(u), we obtain the Kullback-Leibler divergence between G
and F, also known as the minimum discrimination information (see Pardo (2006, p. 4)).
Other functions that we consider are

1 1
o) = (u) = u't — (1+—>u“+—, a#0,
a a

and
1+a

1
Pu) :=<p3(u)=1—<1+5>u+u a # 0.

The latter is related to a recently proposed measure of divergence (the BHHJ power divergence
proposed in Basu ef al. (1998)), while both ¢, (-) and ¢3(-) are special cases of the BHHJ family
of divergence measures proposed in Mattheou et al. (2009):

a a Jf(X) f 14« (f(z)>
=E 20 = LV g
Ix(g, ) g(g (X)¢<g(x)>> g (e 2@ W, a >0,

where p represents the Lebesgue measure. Appropriately chosen functions ¢(-) give rise to
special measures mentioned above, while, for « = 0, the BHHJ family reduces to the Csiszar
family.

Ebrahimi and Kirmani (1996b) introduced the following measure of discrepancy between
X and Y at time ¢:

’
a

© [ (fE/F@)
—— o — dx
r F@) gx)/G ()

A dual measure which constitutes a distance between past lifetimes was defined in Di
Crescenzo and Longobardi (2004) as

t
S (f(x)/F(t)>dx, £2 0
F(1) gx)/G(1)

We now propose two new measures of discrepancy which are based on the Csiszar’s
@-divergence family, namely, the p-distance between residual lifetimes,

IX’y(t)Z t > 0. (D

Ixy(t) = (2)

1) = /°° g (f(x)/f(r)) ix, 0 3

wO= ) G0 \swin) T ©
and the @-distance between past lifetimes,

14 (Mg f(X)/F(t))

Trr® _/0 G(t)‘p<g(x>/G<r) doo =0 @

where the function ¢ belongs to a class of functions ® with the following properties:
(i) ¢(x) is continuous, differentiable, and convex for x > 0;
(i) (1) =0;
(iii) ¢’(1) = 0.
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From the above assumptions we deduce that ¢(x) > 0 forall x > 0, ¢’(x) > 0 forx > 1,
and ¢'(x) < Oforx < 1.

Letus now denoteby f; (x) = f(x)/F(t), 0 < x < t,the probability density function (PDF)
of X, =[X | X <t](or[t —X | X <t])and by g;(x) = g(x)/G(t), 0 < x < t, the PDF of
Yy=[Y|Y <tl(or[t —Y | Y <t]). Similarly, let f'(x) = f(x)/f(t), x > t, denote the
PDFof X' =[X | X > t](or[X —¢ | X > t])and let g’ (x) = g(x)/a(t), x > t, denote the
PDFof Y! = [Y |Y > t](or [Y —¢ | Y > t]). Finally, we define F; := P(X; < x) =
F(x)/F(t)and G; :=P(Y; <x) = G(x)/G(t) for0 < x < ¢ to be the cumulative distribution
functions (CDFs) of X, and Y;. Similarly, we define F' and G’ to be the CDFs of the residual
lifetimes X’ and Y'.

Remarks. Let ®* C ® be the class of functions ¢(-) satisfying properties (i) and (ii) above. It
is not difficult to see that, for every function ¢ € ®* which is differentiable at 1, we can
always define the function ¥ (u) = (p(u) @' (1)(u — 1) such that ¥(-) € @, ¥'(1) =0,

X Y(t) = I Y(t) and IX y () = IX y(@). Observe that, for the function ®* > ¢(u) =
u log(u) the discrepancy measure (3) is reduced to the measure (1) and, equivalently, the
discrepancy measure (4) is reduced to the measure (2). In this case, the function v € ® for
which IV = I¢ is given by ¥ (u) = ulogu + 1 — u. As a result, from now on and without
loss of generality, we focus solely on functions that belong to the Csiszar family, that is, the
class of functions @ that satisfy properties (i)—(iii). Finally, observe that, for the function
¢(u) = —log(u) + u — 1, the discrepancy measure (3) is equal to the measure Iy x (), and the
discrepancy measure (4) becomes 7y, x ().

3. Properties of the proposed measures

In this section we present a number of properties of the proposed generalized measures. First
we examine the nonegativity property of the proposed measures as well as their connection to
the standard Csiszar family of measures. Owing to the assumptions made about the function ¢
and Jensen’s inequality we have

(o5) oo () 0

Therefore, I;’é y = 0 and, similarly, T4 x.y = 0, with equality holding in both cases if and only
if f'(x) = g'(x) almost everywhere (a.e.) for x > ¢ and f;(x) = g;(x) ae. for0 < x < 1,
respectively.

It is also very easy to see that

lim T% v (1) = 1% , = lim I ,(1).
Am Ly y (1) =Ty y = lim Iy (1)
Let us now define some stochastic orders useful in our case (see Shaked and Shanthikumar
(1994, Chapter 1) for definitions and basic results).
Definition. Let X and Y be nonnegative, absolutely continuous random variables.

(a) If F(x) < G(x) for all real x or, equivalently, F(x) > G(x) for all real x, then X < Y,
the usual stochastic ordering.

(b) If f(z)/g(¢) is increasing in ¢ for ¢ > 0 then X >}, Y, the likelihood ratio ordering.
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(c) If f(t)/g(¢) is increasing in ¢ for ¢t > O then tx(¢) > ty(¢) for t > 0, the reverse hazard
ordering, denoted by X >, Y, which is true if and only if X; > Y; forallz > 0.

(d) If f(¢)/g(t) is increasing in ¢ for r > O then hx(¢t) < hy(t) for ¢t > 0, the hazard rate
ordering, denoted by X >y, Y, which is true if and only if X” >y Y’ forall # > 0.

It is true that
lerY:>X2th:>XZstY7

X>rY=X>hY=>X>47Y.
The next theorem provides bounds for the proposed measures.

Theorem 1. For the measures I;Y(t) and 7§’Y(t), we have

r
@ I12,0) < 9 + lim £ )
> r—-oo r
and
i) TS () < @© + lim 2. (6)
’ r—>oo r
Proof. (1) For every convex function ¢, it is known that
o) < 9@ +1* lim 2 ™
r—oo r

for t* > 0, with the strict inequality holding for strictly positive ¢*. Therefore, the measure
Iy (1), which is equal to

/"o g(x) <f(X)/7(t))
SN — dx, t>0,
r G \gx)/G()

by (7), is strictly less than

/oo s) <¢(0)+ ASEA T ‘p(r)>dx,
¢t G@) g(x)/G(t) = 1

and the result is immediate. Part (ii) is proved similarly.

Remarks. (a) It should be pointed out that bounds (5) and (6) are in full accordance with
the bound obtained for the measures of divergence between two distribution functions (see
Proposition 1.1 of Pardo (2006)).

(b) Let 1y be the point where f(¢y) /f(t) = g(p) /E(t). If we assume that 79 < ¢ then a lower
bound can also be obtained for the measure 1; y (1), that is,

h
o=o{10)-

If, on the other hand, we assume that #y > r then a lower bound can be obtained for the measure

1% (1), that is,
’ - Tx (1)
T% y (1) > (—)20
ARANTT

Recall that, for f(x)/g(x) increasing in x, hx(x)/hy(x) < 1 and tx(x)/7y(x) > 1 for all
x > 0.
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The effect of bijective transformations on the generalized divergence measures is discussed
in the following two theorems.

Theorem 2. Let X and X* have support (0, 00), and also let  be a bijective transformation
from (0, 00) to (0, 00). If ¥ is strictly increasing then

D) Thxpan® =Ty -7 @), >0,
and
W) 190y @ = I -7 O) 1>0.

Proof. For (i), we have

Ty xpxen @
Z/t gy xH () ( o))/ Fyx)(t) >d
0 Gyoxn(@® \8yx»(/Gyx» ()
_ /’ g oIy () /dy| (f(w1<y))|dw1(y)/dy|/F<w1<t)>) q
) Gy~1() g~ tonIdy=1(y)/dyl/ G —1(1)) '

which, by a change of variable x = ¥ ~!(y), becomes

/“’) g(x) (f(x)/Fw‘(r)))
© dx
o G ) \e®)/GHT1)

This completes the proof. Part (ii) is proved similarly.

Theorem 3. Let X and X* have support (0, 0c0) and distribution functions F and G, respec-
tively, and also let  be a bijective transformation from (0, 00) to (0, 00).

(1) If ¢ is strictly decreasing then m(X),n//(X*)(t) is given as

/W” g(x) w( F/Ox@ LN F 1) > i
0 O (U 1O)GW (1) \g(x)/@x+ (W1 ))GW (1))

fort > 0.
(i) If  is strictly decreasing then I:; X (X*)(t) is given as
/OO g(x) (p( F@/F@=@)/ox @~ 0) ) dx
v GO 0))/Ox-W =1 (1) \gx)/ (G (1) /Ox- (¥~ (1))

fort > 0, where Ox(t) = Fx(t)/Fx(t) is known in reliability theory as the ‘odds
function’ (see Kirmani and Gupta (2001)).

Proof. Since v is decreasing, we have

Gy~'(1)

1y — 9o (1] -1
G(I/f_l(t))G(w (1) =0x- (YOG ().

Gyxn(t) =

Similarly,

Fyoo)(®) = 9x (@ ")V Fr 1 (1)).
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Then the distance 75( x),y(x+) () equals

/w“@ g(x) 0 < f(X)/(ﬂx(W‘l(t))F(w‘l(t))))
0 O+ (Y NG 1) "\ g(x)/@x+ (Y1) G ~1(1)))

The second part is proved similarly.

Theorem 4. Let three random variables X1, X3, and Y have PDFs fi, f», and g, respectively.
If X4 > X} and f1(x)/g(x) is increasing in x, then

I;?l’y(t) < 1;‘(’”(;), t>0.

If X| > X5 and f>(x)/g(x) is increasing in x, the inequality is reversed.

Proof. Consider the difference under question,

t t
R N

From the mean value theorem, for

" {fl(x) fz(x)} ff < max {fl(x) fz(x)}
g'x) g'x) g'x) g'x)

the expectation in (8) is equal to

[o(E)(E-L)ae = [T (f*)m(x) f) d.
t 8 8 8 t 8l

Without loss of generality, assume that there is one change of sign in the difference f{ (x) —
fa(x) from positive to negative at p > r. The opposite case or more general cases can be
treated similarly. The above integral could be written as

t() f* t *© f* 13
(fix) = fr(x)) dx + ¢’ (fi(x) = f(x)) dx. )
t g fo g

For x € [t, tp), f{ (x) — fzt (x) > 0, and since ¢’ is an increasing function, the first integral in
(9) is less than or equal to

o, f(X) f(x) o/ fl(x)
[ oo 2 S s (8o~

For x € (19,00), f3(x) — f{(x) > 0, and since —¢'(f}/gl) < —¢'(min{f](x)/g"(x),
f3(x)/8"(x)}) = —¢'(f{ (x)/g" (x)), the second integral in (9) is less than or equal to

N HEY)
[m ¢ (gi (x)>(ff(x) — f3(0))dx.

Finally, (9) is less than or equal to

* L fi)
/t go(gi(x)>(f{<x>—f5<x)>dx. (11)
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By an integration by parts, (11) becomes
(X))  Fik) fi(x)
[ ( B0 RN (LD, (12)
¢ \Fa2(t)  Fi(0) g'(x)

and since X} is stochastically larger than X, ¢’ is increasing, and fi(x)/g(x) is increasing in
x, the integral in (12) is nonpositive. This completes the proof.

From the above we deduce that, under the assumptions of Theorem 4, at any point ¢ the
reference distribution G' is closer to F{ than to Fj.

Theorem 5. Let three random variables X1, X2, and Y have PDFs fi, f», and g, respectively.
If X2t >o X1, and f1(x)/g(x) is increasing in x, then

I,y <Tx,y(®), 1>0.
If X1 >s X2, and f>(x)/g(x) is increasing in x, the inequality is reversed.
Proof. An argument similar to that used in the proof of Theorem 4 gives the results.

From the above we deduce that, under the assumptions of Theorem 5, at any point ¢ the
reference distribution G; is closer to F ; than to F> ;.

Theorem 6. Let three random variables X, Y1, and Y» have PDFs f, g1, and g, respectively.
If Y] > Y] and f(x)/g1(x) is increasing in x, then

. e hx (1)
44 y, () < 144 v, () +r1510107<1 i m), t>0. (13)

Proof. Observe that the difference 7§ y, =1 % y, (1) can be written as

() (E) uabl) A2 o

The difference in the first two terms above, by (7) with the strict inequality, becomes strictly
less than

t
/ <<p(0>+i1m@>d(Gi 0= “’()(/ £ dx— / £ (; )
t 1

Since, by our assumption that f(x)/g}(x) is increasing in x, we have f'(x)/g}(x) >
i@/ gﬁ (t) for all x € (¢, 00), so that the above relation is less than or equal to

e ([T hx@®) _en) hx(t)
i <1 / hyl(mgz(x)dx)_rli‘?o r (1 hn(t))
From the mean value theorem, for
{ft(X) ft(X)} ft
gl(x) gz(x)

< ma

{ft(x) f1(x) }
gl(x) gz(x)

the last expectation in (14) is equal to
NeAYI A &)
m(v(5) (=) = [ s —sheoe () o
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An argument similar to that used in the proof of Theorem 4 shows that the above integral is less

than or equal to
PN f’(X)>f(x)
/t (& (x) — g1 ()¢ (g’l(x) 7

By an integration by parts, the above integral becomes

C(Gi(x)  Gax) TN £ )
— — = d{ ¢ . - <0
+ \Gi(t)  Ga) g1(x) /) g1(x)
since Y| is stochastically larger than Y, f(x)/gi(x) is increasing in x, and ¢’ is increasing.
This completes the proof.

Theorem 7. Let three random variables X, Y1, and Y» have PDFs f, g1, and g, respectively.
If Y1, > Yo and f(x)/g1(x) is increasing in x, then

. () 0)
Ty () < Ty y, () + lim &2 (1— Z?m) £ >0, (15)

Proof. Observe that the difference Tf(,Yl () — 7§,Y2 () can be written as

o) () o () (2 o
81,t 81,t 81,1 82,t

As in the proof of Theorem 6, by using (7) with the strict inequality, the difference in the
first two terms in (16) is strictly less than

im w()(/ ﬁ(x)dx—/f,( 8200 )
81,1(x)

Since by our assumption that g ,(x)/g2,:(x) is increasing in x, we have g2 ;(x)/g1.:(x) >
82.:(t)/81.:(t) for all x € (0, ¢), so that the above relation is less than or equal to

lim M(l —/ TYz(t)f,( ) dx ) @(1 ——TY2(I)> >0
r—oo o Ty (¢ oo r Ty, (1)

Using an argument similar to that used for the corresponding term in the proof of Theorem 6,
the last expectation in (16) is nonpositive. This completes the proof.

Remark. Theorems 6 and 7 examine the relation between the distributions F?, th , and G’z,
and the distributions F;, G, and G;,. It is interesting to point out here that whenever
lim, o0 @ (r)/r <0, (13) and (15) simplify to

Iy, (1) < 1%y, (1) and Ty v, (1) < 1% )

respectively. The above results imply that the reference distribution F” is closer to G| than
to G’2 and that the reference distribution F; is closer to G than to G2 ;. Such cases are
encountered when, among others, ¢ is taken to be equal to ¢ (-) fora < 0, or ¢3(-) fora < —1,

or ¢(u) = —log(u), which corresponds to the minimum discrimination information measure, or
@) = (u—1)2/(u+1)2, which is the function that corresponds to the measure of Balakrishnan
and Sanghvi (1968).
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4. Divergence measures in survival and reliability models

In this section we provide the formulae for the proposed discrimination measures between
two random variables for the case of the proportional hazards and reverse hazards models.
Then we evaluate the divergence between the Cox proportional hazards model and the frailty
or transformation model.

4.1. Proportional hazards and proportional reverse hazards models

We will concentrate first on the case of proportional hazards. Let X and Y be random
variables with distribution functions F and G, respectively, for which it holds that

G(x) = (F(x))? forallx >0and6 > 0. (17)

See Cox (1972) for details and Ebrahimi and Kirmani (1996a) for a connection with divergence
measures.

Theorem 8. (i) The discrimination measure I ;?’Y(t) between the random variables X and Y
which satisfy the proportional hazards assumption (17) is independent of t and is given by

: 1
Iy () = /O w(9y9_1>dy9- (18)

@) If1 ;'?’y (t) is independent of t and given by (18), then there exists a constant 0 > 0 such that
(17) holds.

Proof. We have

) = /‘” g (f(x)/f(t)) d
=1 T\ ewmn )

_ /°° OF ()" f(x) ( f@)/F@) ) &
‘ (F(1)" O(F ()= f (x)/(F(0))"

= 0 — — ol - | = dx,
‘ F(t) F(t) \0\ F(x)

which, by a change of variable y = F(x)/F(t), is equal to

! 1
dy’
/0 (p(@y@‘l ) ’
which is independent of 7.

The reverse is shown by following the reverse steps of the proof.

Now we will focus on the proportional reverse hazards model, which is defined as
G(x) = (F(x))! forallx >0and6 > 0. (19)

See Gupta et al. (1998), Di Crescenzo (2000), and Di Crescenzo and Longobardi (2004) for
this model and its connection to divergence measures.

Theorem 9. (i) The discrimination measure Ti,y(t) between the random variables X and
Y which satisfy the proportional reverse hazards assumption (19) is independent of t and is
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given by
— 1 1 0
Iy (1) :/ (p( )dy . (20)
XY 0 9_)}0_1
@Gi) If Ti’y(t) is independent of t and given by (20), then there exists a constant 6 > 0 such
that (19) holds.

Proof. We have

w0 o 18 (fW)/F®)
IX,Y(t)—/O G(,)‘/’<g(x)/G(t)>dx

_ / O(F ()~ f(x) ( F(x)/F(t) ) q
— X
0 (F(1))? O(F ()= f(x)/(F (1))

/' <F(x>)“f(x> (1<F(r>>“)
= 0 ] dx,
o \F)) F@ F(x)

which, by a change of variable y = F(x)/F(t), is equal to

! 1
/ <p(—> dy’,
0 gyefl
which is independent of ¢.

The reverse is shown by following the reverse steps of the proof.

4.1.1. Examples and applications. If we consider the function ¢(u) = —log(u) + u — 1, the
discrimination measure [ ;?’Y(t) for model (17) and the discrimination measure / ?Y(t) for
model (19) simplify to

0—1
log(®) — ——

which is known as the minimum discrimination information (MDI) between X and Y. Obvi-
ously, when 6 = 1, the distance between X and Y becomes 0.

If we consider the function ¢(u) = u log(u) — u + 1, the discrimination measure /% x.y (@)
for model (17) and the discrimination measure T4 .y () for model (19) simplify to

which is the Kullback—Leibler (KL) divergence. Obviously, when 6 = 1, the distance between
X and Y becomes 0. (The graph of the KL distance between X and Y as a function of 6 is
given in Figure 3, below.)

If we consider the Cressie and Read (CR) function ¢ (-), the discrimination measure I;?'Y (1)
for model (17) and the discrimination measure Tﬁl’y (¢) for model (19) become ’

! ( ! _ 1). @21)
a(l+a)\0%a(l —-0)+1)

The graph of the CR distance between X and Y for various values of the index a, including the
value a = %, which is considered to be the best choice of a for the CR function (for details,
see Cressie and Read (1984)), is given in Figure 1. As a tends to 0, the measure tends to
—log(#) + 6 — 1, which is the KL divergence.
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5

CR distance
=)

CR distance
=)
1

CR distance
CR distance

FIGURE 1: The CR discrimination measure as a function of the index a and the parameter 6 € (0, 10).
The limit for a — 0 (not shown) is the KL measure.

If we consider the BHHIJ function

1 1
() = u't — <1+—>u”+—, a>0,
a a

the discrimination measures / ;??Y (t) and 7;0(2) y (¢) for models (17) and (19) take the form
1 a+1 1 1
61 —a@—1) a 6716 —a@-1) a
The graph of the BHHJ distance between X and Y as a function of 6, based on the function ¢,
for various values of the index a is given in Figure 2. Note that, when a tends to 0, the measure

tends to the MDI measure between X and Y, that is, log(6) — (6 — 1)/6.
If we consider the function

1 u1+a
903(M)=1—(1+—>u+ , a >0,
a

a

the discrimination measure / §3Y (1) for model (17) and the discrimination measure 7()’}3,1/ (1) for

model (19) become
1 1 1
a+ 22)

a + a1 +a(l —0)

As a is tending to 0, the measure tends to —log(0) 46 — 1, which is the KL information. Observe
that function ¢3 is the same as the CR function ¢, apart from a factor 1/(1 + a). Note that the
same relationship holds for the measures as well, that is, the measure that corresponds to Cressie
and Read given in (21) is the measure given in (22) multiplied by a factor 1/(1 + a). As a goes
to 0, they both tend to the KL divergence. The graph for the ¢3 divergence is given in Figure 3.

1—
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FIGURE 2: The BHHJ discrimination measure as a function of the index a and the parameter 6 € (0, 10).
The limit for a — 0 is the MDI measure.
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FIGURE 3: The ¢3 discrimination measure as a function of the index a and the parameter 6 € (0, 10). The
limit for @ — 0 is the KL measure.
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4.2. Frailty or transformation model versus Cox proportional hazards model

Let X and Y be random variables with distribution functions Fj and F3, probability density
functions f1 and f>, and survival functions S1 and S», respectively. Let H be the baseline
cumulative hazard function, and let /# be the baseline intensity hazard function. Let X follow
a Cox model (see Cox (1972)) under which

Si(x) =e HO g 50,
and let Y follow a frailty model (see Vonta (1996)) under which
Sy(x) = e GOHM) 0 >0, (23)

where the function G is assumed to be concave and increasing with G (0) = 0 and G (co0) = oo.

In this section we provide the usual divergence between the distributions of X and Y using
the KL divergence (Theorem 10, below) and Csiszar’s divergence (Theorem 11, below), as
well as the p-distance between the respective past (Theorem 12, below) and residual lifetimes
(Theorem 13, below) of X and Y.

Theorem 10. The discrimination measure Ix y between the random variables X and Y which
follow the Cox proportional hazards model and the frailty or transformation model (23),
respectively, is given by

/O e (G(y) —log(G'(»)) dy — 1.

Proof. For the KL discrimination measure, we have

Y fi(x)
Ixy —fo fl(x)10g<f2(x)>dx

00 —0H(x)9h(x)
= [T et 0gp( ¢ d
fo ) ) °g<eG<9H<X>>G’<9H(x>)9h(x> !

= f e "H(GOH(x)) — 0H (x) — log(G'(0H (x)))) d(0H (x)),
0

which, by the change of variable y = 6 H (x), becomes

e¢]

fo e (G(y) — y — log(G'(y))) dy = /0 e (G(y) —log(G'(»)) dy — 1.

Theorem 11. The discrimination measure I;? y between the random variables X and Y which
follow the Cox proportional hazards model and the frailty or transformation model (23),

respectively, is given by
(%) Gl ot ey
e "VG —— | dy.
fo v )"’<e-G<>’>G'<y>> '

Proof. 1t is easy to see that the / ;? y measure is equal to

00 B —9H(x)9h(x)
GOH(x)) ~r €
fo e G (QH(x))Gh(x)q’(e—G(aH(x))G/(g (x))@h(x)) dx,

which, by the change of variable y = 6 H (x), takes the desired form.
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4.2.1. The measure I;?’Y(t).

Theorem 12. The discrimination measure 1 ?Y(t) between the random variables X and Y
which follow the Cox proportional hazards model and the frailty or transformation model (23),
respectively, is given by

o e 00H0) P\ c=G0GI(y)/e-CEH®) ) ) 24)

fort > 0.

Proof. The measure I;‘(7 y (@) for t > O is equal to

00 e—G(QH(x))G/(QH(x)) e—@H(x)/e—GH(t)
/ . (O H (x)),
. e—GOH®) e~ GOHM)G'(0H (x)) /e~ COH®)
which, by a change of variable, yields (24).

Examples. For the function ¢(1#) = —log(u) 4+ u — 1, the measure defined in (24) becomes

1 © , /
e—GOH() /emz) e WG () = G(y) +10g(G' () dy + GOH()) — 0H (1),

since feoloi(z) e GG (y)dy = —fgo;_)]([) de=00) = ¢=COH®) and it is further simplified to

—1 / _G(y)G/( )(y +1log(G'(y)))dy —0H (1) — 1
€ Yy 0g y Yy
e GOHO) [y

1 /OO —G —G
= (e G0 4+ e DG (y) log(G' () dy — 1,
e=GOHW) [y

by integration by parts.
If we consider the function ¢ (#) = u log(u) — u + 1, the measure defined in (24) becomes

1 o«

e e (=y + G(y) —log(G'(»)) dy — GOH 1)) +0H (1)), (25)

e OH(t) OH (1)
which, by integration by parts, becomes
1 o

o [, €7 (G0~ loeG )y~ 1. 26)

H(r)

If we consider the function ¢; of Cressie and Read then the discrimination measure (24)

becomes
1 e—aGOH() 00 e—(a+Dy
dy—1). 27
a(l +a) (e‘(““)eH(’) /eH(r) e aGON(G/ (y))" Y > @n
When a tends to 0, the above measure tends, as expected, to the measure that corresponds
to the function ¢ (u) = ulog(u) — u + 1 and is given in (25). This measure is the KL. measure

at time ¢ between two random variables X and Y that follow the Cox model and the frailty or
transformation model.

https://doi.org/10.1239/jap/1269610827 Published online by Cambridge University Press


https://doi.org/10.1239/jap/1269610827

Generalized measures of divergence 231

If we consider the function ¢, the discrimination measure (24) becomes

/00 e—G(y)G/(y) {( e—y/e—eH(t) >a
OH (1) e—GOH®)) e—G(y)G/(y)/e_G(gH(t))

e—y/e—eH(t) a+1 1
X - + —rdy
e GO G/ (y) /e~ COH®) a a
e—aGOH®)) 00 1 e—(a+Dy
= d
e—atH (1) {/;H(t) e—GOH() e—aG(y)(G/(y))a y

a+1 [* 1 e
- “GOHD) c@ DGO (e T YT
a JoHw) € € ING'(y)) a

As a tends to 0, the above discrimination measure tends to the measure that corresponds to
the function ¢ (u) = —log(u) +u — 1, given in (31), below, which is the MDI at time ¢ between
two random variables X and Y that follow the Cox model and the frailty or transformation
model.

Recall that the function ¢3 is equal to the CR function multiplied by a factor of 1 4 a and,
therefore, it is easy to prove that the discrimination measure (24), in the case of @3, is the
measure (27) multiplied by a factor of 1 4+ a. The two measures (related to ¢; and ¢3) become
equal and equal to the KL divergence given in (25) as a tends to 0.

4.2.2. The measure Ti,y(t)-

Theorem 13. The discrimination measure 7‘;} y (t) between the random variables X and Y
which follow the Cox proportional hazards model and the frailty or transformation model (23),
respectively, is given by

OH(t) e_G()’)G/(y) e V/1 — e 0H®)
/o | —e=GOH®) (p<e—G<y> G'()/1— e—G<9H<z>>> dy (28)

fort > 0.

Proof. The measure 7(§’Y(t) for t > Ois equal to

/-t C_G(HH(X))G/(QH()C)) ( e—GH(x)/l _ e—@H(t)
%
0

1 —e—GOH®) efG(QH(x))G/(QH(x))/l — eG((—)H(t))) d(OH (x)),

which, by a change of variable, yields (28).

Examples. For the function (1) = —log(u) + u — 1, the measure defined in (28) becomes

| N / | — e—GOHW)
m/o e G'(y)(y = G(y) +1log(G' () dy — 10g<m)

(29)
If we consider the function ¢ (u) = u log(u) — u + 1, the measure defined in (28) becomes

1 OH () i , 1 — e GOH)
1 _e—0HD /0 e 7 (=y+G(y) —log(G'(y)dy + log(m) (30)
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If we consider the function ¢; of Cressie and Read then the discrimination measure (28)

becomes
1 | — e—GOHM)a (OH(®) ~(a+1)y
( ¢ ) / _c - dy—1). 31

a(l+a)\ (1 —e-0H®O)a+1 [, e=4G)(G/(y))4

When a tends to 0, the above measure tends, as expected, to the measure that corresponds
to the function ¢ (u) = ulog(u) — u + 1 and is given in (30). This measure is the KL. measure
between the past lifetimes of two random variables X and Y that follow the Cox model and the
frailty or transformation model, respectively.

For the ¢, function, it is easy to see that the discrimination measure (28) takes the form

(1 _ e—G(@H(l)))a OH(t) 1 e—(a—i—l)y
(1 — e 0HD)a {/0 [ —c-GOHD) ¢—aG0)(G/(y)) dy
a+1 (HO 1 e 1
— / —H —— —dy + —.
a 0 1 —e—GEOH®) ¢—(a I)G(.V)(G/(y))a 1 a

As a tends to 0, the above discrimination measure tends to the measure that corresponds to
the function ¢ (1) = —log(u)+u — 1, given in (29), which is the MDI between the past lifetimes
of two random variables X and Y that follow the Cox model and the frailty or transformation
model.

Recall that function ¢3 is equal to the CR function multiplied by a factor of 1 + a and,
therefore, the discrimination measure (28) becomes, for ¢3, equal to the one given in (31)
multiplied by a factor of 1 4+ a. The two measures (relative to ¢ and ¢3) become equal and
equal to the KL divergence given in (30) as a tends to 0.

4.2.3. Examples of the function G. If G(x) = x, which is the function that corresponds to the
Cox model, the discrimination measures defined in this section become, as expected, equal to
0 (recall that ¢(1) = 0).

If we consider the function G (x, ¢) = (1/c) log(1 + cx) for ¢ > 0, which corresponds to a
gamma-distributed frailty with mean 1 and variance c, then we have the measure

dx — 1,

e—X
I =
Xy 1+ cx

o0 o
/ e*xlog(1+cx)dx—1=(1+c)/
0 0

by integration by parts.
If we consider the function G (x, b) = 2/b(x + b) —2b for b > 0, which corresponds to an
inverse Gaussian-distributed frailty with mean 1 and variance 1/2b, then we have the measure

00 \/E
Ixy = f e (2\/19(19 +x)—2b— log(—)) dx — 1
0 Vb +x

1 * —x 1/2 1 * —x

:—2b—§10gb+2x/z e (b+x) dx+§ e "log(b+x)dx — 1

0 0

1 * 1 >

= -2b— > logb + Zﬁeb/ e Uy 2dy + Eebf e Vlogydy — 1.

b b
Similarly, we can evaluate the other discrimination measures defined in this paper, namely,

I;?yy, I;?J,(t), and T(Q’Y(t). For example, for the functions ¢ () = wulog(u) + 1 — u and
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G(x,c) = (1/c)log(l 4 cx), we have, from (26),

1 © _ _
I;Y(t):m</9‘ e >((1+cy) ' —log(1 + cy) 1>dy)—1

H(t)

— log(1 +0H (@) + <1 /oo e 4y
=log e HO Jop T+ cy y— o

by integration by parts.

5. Discussion

In this paper we defined measures of divergence between past lifetimes and between residual
lifetimes of two items that are known to have survived up to a time #. The measures are based on
aclass of functions known as Csiszar’s class of functions that satisfy some regularity conditions.
We examined properties of these measures and also calculated the proposed divergence measures
between two distributions in a number of examples, such as the divergence measure between two
random variables that satisfy the proportional hazards assumption as well as the proportional
reverse hazards assumption.

It is worth pointing out that both measures of divergence, that is, between residual or past
lifetimes, are independent of ¢ in the cases of proportional hazards or proportional reverse
hazards. More specifically, the measure / ;’y () for the proportional hazards case and Tﬁyy(t)
for the proportional reverse hazards case are equal and, therefore, the information that we obtain
for two items that have survived up to a point 7 is the same if we look in the past or in the future
as long as an appropriate proportionality holds for their distributions. The two measures are
also independent of how long the two items have survived.

In Figure 1 we provided the divergence measure based on the Cressie and Read (CR) function
for various values of the index a, including the value a = % which is claimed to be the optimum
for tests in multinomial populations (see Cressie and Read (1984)). If we let @ approach 0 then
the CR divergence resembles very closely that of Figure 3 due to the fact that, as a — 0,
the CR measure reduces to the KL measure. In Figure 2 we presented the BHHJ divergence
measure for the function ¢, (1) for various values of the index a. It is interesting to point out that
this divergence is almost identical with the graph of the minimum discrimination information
divergence. This is due to the fact that the information based on ¢; as a tends to O converges
to the minimum discrimination information. The divergence based on the function ¢3 was
presented in Figure 3. The graph also included the Kullback-Leibler distance between the
residual lives of X and Y that follow the model (17) or between past lives of X and Y that
follow the model (19), given that both items have survived up to time ¢. It was pointed out
that the KL divergence is the limit as @ — 0 of both the ¢3 function and the CR divergence
function.

We have also provided the distance between two random variables X and Y that follow a
Cox model and a frailty or transformation model, respectively. The frailty or transformation
model is an extension of the Cox model which arises when we introduce a random effect into the
Cox model in order to explain possible heterogeneity present in the population. This distance
depends on a function G which is determined by the distribution of the frailty or random effect
and satisfies some regularity conditions. We further furnished the ¢-divergence between past
lifetimes and residual lifetimes of X and Y when they have survived up to some time .

Note that the proposed measures of divergence could be used for goodness-of-fit tests. We
could utilize these divergence measures to compare two lifetime distributions or to decide which
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model is closest to the true model between competing candidate models. This part is left for
future research.
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