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Abstract

Most research on the study of associations among paired failure times has either assumed time
invariance or been based on complex measures or estimators. Little has accommodated competing
risks. This paper targets the conditional cause-specific hazard ratio, henceforth called the cause-
specific cross ratio, a recent modification of the conditional hazard ratio designed to accommodate
competing risks data. Estimation is accomplished by an intuitive, non-parametric method that
localizes Kendall’s tau. Time variance is accommodated through a partitioning of space into ‘bins
between which the strength of association may differ. Inferential procedures are developed, small-
sample performance is evaluated and the methods are applied to the investigation of familial
association in dementia onset.
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1. INTRODUCTION

Methodology for analyzing correlated failure-time data must ensure correctness of inferences,
accounting for failure-time dependence within clusters. We propose methodology for
estimating the strength of dependence for paired failure times.

Much work assessing failure time associations has been focused on the cross, or conditional
hazard, ratio function (Clayton, 1978; Oakes, 1982, 1986; Clayton & Cuzick, 1985). Various
researchers have exploited parametric models for the cross ratio (Genest & MacKay, 1986;
Oakes, 1989; Nielsen et al., 1992; Genest et al., 1995; Shih & Louis, 1995; Glidden, 2000;
Ripatti & Palmgren 2000; Ripatti et al., 2002). Measures allowing non-parametrically time-
varying association have also been proposed, with common estimation strategies being to ‘plug
into’ one’s measure a non-parametric estimator of the multivariate survival or cumulative
hazard function (Prentice & Cai, 1992; Hsu & Prentice, 1996; Fan et al., 2000; Wang & Wells,
2000) or solve method of moments equations involving appropriately chosen empirical
processes for the measure of interest (Oakes, 1982, 1989; Genest & Rivest, 1993; Barbe et al.,
1996; Viswanathan & Manatunga, 2001; Chen & Bandeen-Roche, 2005). Related regression
models have also been proposed (Prentice & Hsu, 1997; Fine & Jiang, 2000).

However, measures of failure time association have had slow uptake in biomedical studies,
and we know of only three papers addressing the (semi-)competing risks that are unavoidable
when conditions may lead to death or affect only a fraction of individuals; see Bandeen-Roche
& Liang (2002), a University of Wisconsin technical report by Y. Cheng, J. P. Fine & M. R.
Kosorok (2004), and a paper soon to appear by Cheng & Fine (2008). To narrow these gaps,
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this paper studies a simple, non-parametric estimator of an easily interpreted measure of failure
time association, namely the cause-specific cross ratio (Bandeen-Roche & Liang, 2002). Cheng
& Fine (2008) have studied an alternative approach to estimating the same measure. Our
derivation yields insight into the convergence behaviour of cross-ratio estimators when time
invariance of the cross ratio is wrongly assumed, and into factors affecting the estimator’s
precision.

2. METHODS

2-1. Notation and estimand

Consider competing events 1,..., m. Let X* be the time to the first event, and let Ke {1,
...,m} be a code identifying that event. We observe, for individuals, X, the minimum of X* and
the time at which X* is censored for non-competing reasons, together with K, a code equalling
0 if failure is censored and K*, if the earliest competing event precedes censoring. Then, the
individual’s cause-specific hazard for the kth event is

Ay (X)ZE\% pr(x < X < x+Ax, K=k|X > x)/Ax

(Prentice et al., 1978; Benichou & Gail, 1990).

With bivariate failure processes, observable data are times (X;, Y;) and associated causes (Kj,
Lj) samplesinpairs, fori=1, ...,n. Weassume (X;, Yj, Kj, L;) to be independently and identically
distributed so that, with i suppressed, cause-specific densities

Sy, k, D= lim pr(x < X < x+Ax,y <Y < y+Ay, K=k, L=1)/(AxAy)
(Ax,Ay)10 (1)

exist for each combination of failure causes (k, 1). Then, (X, Y) has an absolutely continuous
joint survival function

m m

SCuy=[7 7> v,k Ddvdu.

k=11=1

Bandeen-Roche & Liang (2002) defined the cause-specific conditional hazard, i.e. cross ratio,
as

Fy.k, D) ] S(x.y)

9(5 (X, y,k, l): [ 00 m ~ m :
32y bdu ) ([T fxvik jdv @

If X and Y are failure times for two family members, and causes K and L indicate dementia
onset, if equal to 1, or death before dementia, if equal to 2, then the cause-specific cross ratio
fork=1, =1 givesthe factor by which dementia onset at age y is increased for family members
whose relatives are diagnosed as cases at age x versus those whose relatives survive, disease-
free, beyond age X, or vice versa:

A, IX=x, K=1)/ 4, ()| X>x).
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2-2. Estimator

A transformed, localized Kendall’s tau serves to estimate (2) non-parametrically. Let (X,
Y2) and (Xp, Ya) be independently drawn failure time pairs; let (X(ap), Y(ab)) be the
componentwise minima (XaAXp, YaAYp); and let (K(ap), L(an)) be causes corresponding to
(X(ab), Y(an))- It can be shown that

Pf{(xa - Xp)(Y, - YI))>O|(X(ab), Y(ab)):(xs y), (K(ab), L(ab)):k’ D} .
pr{(Xa — Xp)(Ya — Yp)<0l(X(ab), Y(ab))=(x, ¥), (K(ab)» Liar))=k, I} °

0.5 (x,y3k, )=

that is, the quotient of conditional probabilities of concordance and discordance between the
pairs’ failure times, given (X(ap), Y(ab)) and (Kan), Lan))- Thus, a simple estimator determines
concordance status for every two pairs with (Kap), L(an)) = (k, 1) and then divides the number
of concordances by the number of discordances. However, if 8¢cs(X, y; k, 1) is a continuous
function of (x, y) on {(u, v) : u >0, v > 0} = ®2*, the numbers or ratios must be binned or
smoothed if stable ratios are to be obtained. Let & = {Bjy,...,Bj} be a partition of ®.2*, with 8
set a priori and J finite, and R{A} = 1 if A is true and 0 otherwise. Our estimator is

Zad;f({K(ab), Liaby)=(k, D} I {(X(aby> Yiap)) € Bjxy)}-I (X — Xp)(¥Yq — Y)>0}

Oy (4, Y3k, D= ,
Za<b=¢({K(ab), Lav))=(k, D} I {(X(ab)» Yiap)) € Bjxy))I(Xa — Xp) (¥4 — Yp)>0}

(3)

with j (X, y) indexing the partition cell including (x, y). It parallels estimators employed by
Bandeen-Roche & Liang (2002) and, with causes ignored, Chen & Bandeen-Roche (2005),
but defines & on ® 2* rather than on {S(x, y), (X, y) € ®?*}.

2-3. Distributional properties

Asymptotic inference employing (3) seems only to have been developed for like estimators
ignoring competing risks and involving the global Kendall’s tau (Kendall, 1948, p. 67; Oakes
1982) or a weighted analogue (Oakes, 1986). Existing theory for localized versions of tau
(Shieh, 1998) does not apply, because our localization procedure incorporates weights that
may stochastically relate to the terms being weighted. Rather, let r; represent a generic four-
tuple realization (x;, Vi, kj, lj) for pair i, and R;, the analogous random variable. At each (x, y,
k, I), the numerator of (3) is a U-statistic with kernel

h(‘(\‘_\'.k.l) (raa rb):’ﬂ{(k(a[))s l(ab)):(k’ l)}i{(.xmb), )’(al))) € BJ(X\)}<V{(-XH - xb)(}’a - )’b)>0}’

and similarly for the denominator with kernel, we label hpy y k 1)(Fa, I'b)- Thus, inferences
follow directly from U-statistic theory (Serfling, 1980, Ch. 5). With sums replaced by averages,
(3) converges almost surely to

pr{(Xa — Xp)(Yq = Y5)>0l(X(ap)> Yian)) € Bjxy)» (K(abys Lany)=(k, 1)}
Pf{(Xa - Xl))(Ya - Yb)<0|(X(ab)’ Y(ab)) € Bj(,\'._\')s (K(ab), L(ab)):(k’ l)} (4)

O (x, y3k, D)=

under weak conditions, so long as the denominator exceeds 0. More interesting is to consider
interpretation if pr{(Xa —Xp)(Ya—Yn) <0 (X(an), Y(ab)) = (X, ¥), (K(ab), L(an)) = (k, )} is bounded
above 0 almost everywhere on Bjx ). Then, by an argument in a longer version of this paper
available from the authors, (4) equals
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E{0.5 X(abys Yiabysk, DIX(aby» Yian)) € Bj, (Xa = Xp)(Ya = Yb)<0, (Kiab), Lian))=(k, D=0, (j:k, D), )

where we now suppress the (X, y) notation indexing bins, retaining only j. If the cause-specific
cross ratio is constant over Bj, (5) equals that constant value. Otherwise, (5) averages over
potential time realizations within Bj, weighting with respect to probabilities of discordance in
pairs a and b. Thus, with time-varying cause-specific cross ratio, (5) summarizes up-weighting
regions of less strongly positive association over the bin, and the limiting target of (3) is closer
to the null than a straight expectation of (2) over B;.

We report asymptotic distributions of the dividends defining (3). Notation to index properly
each ‘C’ and ‘D’ subscripted term in terms of (j, k, 1) is suppressed. The dividends depend on
the numerator and denominator kernel means,

E.=E{h (R4, Rp)}, E,=E{h, (R4, Rp)},

and the corresponding variances and covariances. The numerator variance depends on

ic=vargl Epalhc(Ra, Rp)H, {yc=var{h.(Rq, Rp)},

and the denominator variance on

411):Vara[Eb|a{hD(Ra, Rb)}J’ é’y):var{h])(Ras R[))}-

The terms hc(Ra, Rp) and hp(Rg, Rp) are indicator functions, and thus have variances (¢ =
Ec(1-E¢c) and {op = Ep (1 — Ep); the terms ;¢ and {;p are elucidated in Appendix 1. The
numerator and denominator variances are obtained, respectively from U-statistic theory as,

[4(n = 2)/{n(n — D}, +[2/{n(n = DL, [4(n = 2)/in(n — DL, +[2/{n(n = D},

Moreover, the dividends asymptotically have normal distributions, provided {;c > 0 and {1p
> 0. Under these and previous conditions,

-1
n —
\/n ( ) ) Z(K[)h(‘(Ra,Rb) _E(‘ . N{( 0 ) ( 4{1( 4’71 )}

x — 0 am4 ¢
n 1

in distribution, where ny = cova[Epja{hc(Ra, Rn)}, Epja{hp(Ra, Ro)}]. By the delta method, the
proposed estimator is asymptotically normal with limiting mean (5) and variance

4
—

nE D

E

D

= =2
Erzl $nE
g“lC—Z_’ +TC .

(6)

D

To see what {1¢c > 0, {1p > 0 entail, consider the form of {;¢, from Appendix 1:
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2

Lic=Eal #{(Xa, Ya) € Bj, (Kay La)=(k, D}S (Xa, Ya)+115{B; 1 (0, Xa)x(0, Ya)ik, I} — E ] @

Trivially, bins and failure causes must be such that failures of type (k, ) may occur, excluding
pr{(Xa, Ya) € Bj, (Ka, La) = (k, )} = 0. Furthermore, if S(x, y)) is restricted to one dimension,
S(x, y) =1 - F(x, y), (7) equals O if there are one bin, ®2* and failure cause. However, even

inthis case, all {;c > 0 if there are multiple causes or bins having well-defined positive measure.

Equation (3) estimates 0¢cs(X, y; k, I) for each bin and pair of failure causes (k, I). There may
also be interest in estimators involving more than one of these, such as the ratio comparing
individuals whose relative is diagnosed with dementia, versus who dies dementia-free, at a
given age:

A, (YX=x, K=1)/4,, (|X=x, K=2).

It is relatively simple so to extend inferences, because the cause-specific cross ratios for
different cause combinations and bins are asymptotically uncorrelated; see Appendix 2.

2-4. Variance estimation

Since the discordance-associated terms are complicated, we estimate quantities defining the
limiting variance of our estimator by their sample counterparts. Estimators for £c and £p are
given by numerator and denominator of (3), and those for {;¢, {1p and n; are calculated
similarly; for instance,

n

Z(‘:Z{Zblah(.(Ra,Rb)/(n _1) n-E

a=1

Computations involve nested sums and thus, are O(n2) in complexity, but simple in form.

3. SIMULATION STUDY

3:1. Design

Each study scenario envisaged two failure causes, ‘disease’ (k = 1) and ‘death’ (k = 2), and
comprised 500 runs. Bivariate data were generated according to the frailty model for subject-
and cause-specific failure hazards given by equation (6) of Bandeen-Roche & Liang (2002),
as described in Appendix 2 of that article. For a given hazard function A*(t) = 1, that model is

Ak(x|G=g, W=w)=gw;A*(x), (8)

with G as a scalar ‘size’ frailty, and W, a compositional ‘shape’ frailty, shared by a given pair.
Throughout, we generated W to be beta-distributed with scale parameter 1 and set A*(t) = 1.

We allowed the distribution of G to be gamma or positive stable. The cause-specific cross ratio
is time-invariant with gamma frailties; we varied it to be 2.25 or 6:0. In positive stable runs,
we generated size frailties as in Lee (1979) and fixed E(W) = (0.5, 0-5). Positive stable
distributions have Laplace transform exp(—u@); we varied a to be 0-4 or 0-8.

For each run, we applied (3) over a four-cell grid, bisecting each time, dimension at its median.
We considered two sample sizes, n = 500, 1000. Standard errors were constructed as in § 2:4.
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3-2. Results

For each scenario, we evaluated estimator bias, compared asymptotic and empirical estimator
variance calculations and determined 95% confidence interval coverage. With positive stable-
size frailties, the cause-specific cross ratio decreases with time, and the bin-specific association
parameters are given by equation (5). To estimate these, we generated ng = 20 000 pairs for
each scenario and replaced the expectation in (5) by a sample average over the 20 000-choose-2
pairings of pairs. To select this sample size, we generated estimates over a range of ng; by ng
=20 000, an approximate asymptote was achieved.

Secondary studies compared the performance of our estimator and the cumulative hazard plug-
in estimator proposed by Fan et al., (2000). This estimator addresses single-cause failure
outcomes; data were generated accordingly, setting wy in equation (8) equal to 1. It estimates
the cross ratio, 0(t), over lower (ty, to) quadrants; we report findings over quadrants with t; and
t, equal to (a) the lower quartile and (b) the upper quartile of the marginal survival function.
We studied models of independence within pairs, gamma frailty with cross ratio equal to 2;
and positive stable frailty with o = 0-4, 0-8. For positive stable scenarios, the values of
parameters to be estimated were approximated, as described in the previous paragraph. For the
Fan estimator, equation (6) of Fan et al., (2000) was averaged, with weights as given at the top
of page 183 of that article. We compared sample sizes of n = 100 and n = 1000 pairs as well
as scenarios without censoring and with independent standard-exponential-distributed random
censoring of individual failure times, yielding censoring probability of approximately 0-5.

We first consider performance with gamma scenarios in our primary study; see Table 1. Both
our estimator and its associated inferences were accurate on all time quadrants. With n = 1000,
upward biases ranged from 1% to 7% for both point and standard error estimation; with n =
500, these were moderately exacerbated. Confidence interval coverage ranged from 93% to
97%.

Estimator performance was even better for positive stable scenarios, see Table 2, yet upward
biases persisted for the smaller sample sizes and less populated bins. As suggested by a referee,
we explored the impact of estimator distribution skewness on these biases by comparing
geometric means and arithmetic means for n = 500 and a = 0-4. Geometric means were
generally closer to limiting target values than arithmetic means, with biases of 0-05, 0-01, <
0-01 and —0-03 as compared to 0:17, 0-16, 0-17 and 0-01 per bins ordered as the rows of Table
2.

Table 3 compares our estimator and the Fan estimator. In independence and gamma frailty
runs, both estimators achieved outstanding accuracy, and they exhibited nearly identical
precision. In positive stable scenarios, our estimator’s limiting values exceeded those of the
Fan estimator, increasingly with the strength of association and quadrant size. Equation (5)
predicts this. Our estimator’s standard error was higher in absolute terms, but was only
modestly higher as a percentage of its limiting target. In the absence of censoring, both
estimators exhibited little bias. In censored scenarios, both estimators exhibited appreciable
bias, ranging approximately from 10% to 50%. In all, the estimators performed quite similarly.

4. APPLICATION: AGGREGATION OF DEMENTIA IN FAMILIES

There is evidence that dementia aggregates in families (Hendrie, 1998) with greater heritability
for early- than later-onset dementia (Silverman et al., 2005). If so, dementia onset ages should
be associated within families, most strongly in a lower left quadrant of ages. In addition, death
very often predates a dementia diagnosis.

Biometrika. Author manuscript; available in PMC 2010 March 18.
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We analyzed the same 3635 failure time pairs, from the Cache County Study on Memory in
Aging (Breitner etal., 1999), as were analyzed by Bandeen-Roche & Liang (2002). Event times
were ascertained for the oldest sibling inclusive of self (X) and mother (Y). Analyses treated
censoring as a third “failure’ cause, besides dementia onset and death.

We first estimated 6¢s(j; 1, 2) on a grid dichotomizing children’s and mothers’ ages
approximately at the respective medians for time-to-first event, yielding bins (x < 75, y > 80),
(x>75,y>80), (x>75,y>80)and (x > 75, y > 80); see Table 4. Early maternal onset of
dementia was strongly associated with early child onset: cs(j; 1, 1) = 3-81 for (x < 75, y < 80)
with 95% confidence interval (1-48, 6-14). Surprisingly, the estimated strength of association
was greater for paired late onsets: O¢s(j; 1, 1) = 5-89 on (x > 75, y > 80) with 95% confidence
interval (1:67, 10-1). It was only notably weaker for early child onset and late maternal onset:
0cs(i; 1, 1) = 0-80 on (x < 75, y > 80) with 95% confidence interval (—0-27, 1-86).Here,
asymptotic inferences were derived as described in § 2-4. We also computed bootstrap standard
errors and confidence intervals, following Bandeen-Roche & Liang (2002), taking 1000 boot-
strap samples. Bootstrap standard errors closely matched asymptotic approximations except
in the (late, late) quadrant, where the approximation was roughly 10% smaller than the boot-
strap estimate. Asymptotic confidence intervals had lower limits decreased by 10-20%, and
upper limits considerably more modestly, than their bias-corrected percentile-based bootstrap
counterparts.

To explore further the unexpected strength of association found for paired late dementia onsets,
we conducted analyses trichotomizing to age ranges < 70, 70 — 80 and > 80 in each dimension.
The strength of estimated association for two early onsets was increased: 6cs(j; 1, 1) = 5-35.
Associations were the weakest in the bins with maximally disparate children’s and mothers’
dementia onset ages. However, there was little evidence against a comparable strength of
association for two late onsets as for two early onsets. With small sample sizes in most cells,
few of the estimated associations differed significantly from the null of 6cs(j; 1, 1) = 1.

Bandeen-Roche & Liang (2002) estimated the cause-specific cross ratio as 8-86 for times with
joint first-event survival probability greater than 0-80, and of the order of 2.5 for times with
joint survival probability no greater than 0-80. Their analysis may have understated heritability
of late-onset dementia, because comparably, late times and disparate times may both have low
joint survival probability. The assumptions made by copula-based association analysis appear
inadequate for the current example.

5. BIN CHOICE AND STUDY DESIGN

Our methodology requires the choice of cut-points defining failure time ‘bins.” For our
dementia analysis and larger simulation runs, we originally attempted estimationona 5 x 5
time grid. This partitioning yielded zero-count cells. The number of (a, b) pairings with (early
failure, late failure) componentwise minima decreases with degree of discrepancy between
‘early’ and ‘late’, and the number of (a, b) pairings with (late, late) componentwise minima
declines with time. Ultimately, a partitioning by equally spaced marginal quantiles is not
optimal.

Beyond ad hoc considerations, it will sometimes be necessary to design studies, ensuring that
strength of association is estimated with suitable precision in given regions of space. While
full elaboration is beyond this paper’s scope, a tractable design basis emerges if we multiply

and divide the asymptotic variance (6) by E(z,. Given E,/E,=t" (jik, 1), (6) equals
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4 ) ) —
{6, (k. DY 14, = 216 ik, DML, (67, Gk, DYV/E.. o

Candidates for €, (j:k, 1) determine candidates for £¢. Then, to complete (9), one must obtain
candidates for {;¢, {1p and n1. While these may be both complicated and unknown, Appendix
1 provides a template for their approximation with pilot data on bivariate failure location and
cause frequencies, and marginal failure time distributions.

6. DISCUSSION

Our methodology accurately estimates failure time associations over a range of sample sizes
and associations encountered in practice. Its accuracy appears comparable, and its precision
nearly so, to that of estimation as proposed by Fan et al., (2000). Relative to survival function
and cumulative hazard plug-in counterparts, our estimator’s strengths include its ready
interpretation and simplicity. We do not intend it as a replacement for alternative methods, but
as a potentially more easily interpreted and readily implemented complement to them.

Our strategy handles censoring as a distinct failure cause. Doing this more efficiently is an
advantage of competing methods, such as that of Fan et al., (2000). Doing so for our method
is complicated, because censoring introduces uncertainty into both the determination of
concordance and the value of (x, y) to which a given determination should be assigned.

Through (5), our estimator up-weights regions of less strongly positive association in
summarizing time-varying strength of association over a bin. This effect is not due to competing
risks, and thus, also prevails for Kendall’s tau-based cross-ratio estimators. That there may be
a need to delineate estimation targets when cross-ratio constancy is mistakenly assumed, was
highlighted in our positive stable simulations, where the Fan estimator appeared to down-
weight the conditional hazard ratio more strongly than ours relative to an unweighted average
over a bin.

Rather than binning, one might kernel-smooth counts defining our estimator’s dividends, and
thus, obtain pointwise association estimates. So long as bandwidth choice is a priori, inferences
go through, as in the current paper. However, for non-constant association, we find kernel-
smoothed estimators to be quite biased.

Our failure to find strongly for greater familial aggregation of early-, than late-onset dementia
contrasts with a recent study (Silverman etal., 2005). Comparison is complicated by substantial
differences in the sampling strategies and analytical methodologies used in the two studies.
However, our analysis cautions against too strongly downplaying familial aggregation in later-
onset dementia.
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APPENDIX 1

Elucidation of variance terms

As a first step, it is useful to write the respective means in a different format from that given
preceding (4). We begin with the concordance, i.e. numerator term. Note that, the compound
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event {(Xa - Xb)(Ya - Yb) >0, (X(ab)v Y(ab)) € Bj, (K(ab)v L(ab)) = (k, |)} occurs, if and only if
there occurs {(Xa < Xp), (Ya < Yb), X(ab), Y(ab)) € Bj, (K(ab), L(an)) = (k, )} and/or {(Xa > Xp),
(Ya> Yb), Xab), Y(ab)) € Bj, (K(an), L(an)) = (k, D}. Then,

E[ Z{(Kaby» Liab))=(k, D} I {(X(a)> Y(ab)) € Bj}I{(Xa — Xp)(Ya — Yp)>0}]
:EaEbla[ ﬁ{(xa <XI)), (Ya<Y[))s (X(al))’ Y(ab)) € Bj’ (K(ab)» L(ab)):(kv l)}+'ﬁ{(xa>xb)’ (Ya>Yb)’ (X(ah)’ Y(ab)) € Bjs (K(ab), L(ab)):(k’ [)}]
:Ea[ ']{(Xa’ Ya) € Bj, (Ka, La):(ka l)}S (Xa’ Ya)J+EI7Ea|I7[ '—y{(Xa>XI)), (Ya>Yb), (X(ab)» Y(al))) € Bj’ (K(ab)’ L(a[))):(k, l)”
:2Ea[ ’ﬁ{Xas Ya) € Bjs (Ka» La):(k’ I)S (Xas Ya)]’

(A1)

where Epj, denotes expectation with respect to Ry, conditioning on Ry, and so on. Term (¢
follows from the second line of (A1), replacing E, with var,. If we define

I'll){Bj N (09 -xa) ® (Ov Ya),k» l}:Eb[ -ﬁ{xa>Xb»Ya>Ybs (Xav Y[)) € ij (th Ll)):(ka l)}]s

i.e. the probability that (Xy, Yp) is a (k, I)-type failure occurring in the intersection of Bj and
the quadrant {0 < x < X, 0 <y < Y}, then,

{ic=Edl #(Xa, Ya) € B, (Ka, Lo)=(k, D}S (Xa, Ya)+11{B; 1 (0, Xo) ® (0, Yo)sk, } = E,. .

To elucidate discordance terms concisely, we define one-dimensional analogues of a few
already defined quantities. First, we define “slices’ of Bj: let Bj; (y), be the set of x-axis values,
such that (x, y) € Bj, and analogously for Bj,(x). Let the version without an argument, Bj;
(Bj2), be the set of x-axis (y-axis) values, such that (x, y) € B; for at least one y (x). Secondly,
denote one-dimensional regions where bin slices, on the real line, intersect 0 : z interval line
segments 1q:; by 31{(z, y)} = Bj(y) N 0z and 62{(x, 2)} = Bj2(x) N t0:z- Then, if we assume
that all regions in question are measurable, the discordance analogues of the concordance-
related quantities (6) and (7) follow:

E, =E.9{X, € Bj1, Ka=k}up{(X4, ) ® 62(Xa, Yo)i, 1+.7{Y, € Bjo, La=1}1p161(Xa, Xp) ® (Ya, 00)ik, };
=2E,[ I {X, € Bj1, Ka=k}pp{(Xa, ) ® 62(Xa, Ya)s+, 1]
=2E,[ 7Y, € Bst Lo=Bup{o1(Xa, Yo) ® (Y, 0)k, -},

— 2
$n =E@l I{Xa € Bj1, Ka=k}up{Xa, ) ® 62(Xa, Ya)s-, 1+ I{Ya € Bjp, La=Utp{61(Xa, Ya) ® (Ya, )ik, -} — E ]
gzp :ED(I - ED),

where “.” denotes the usual sum over all possibilities with respect to the argument at issue. If
bins are defined on a rectangular grid, D1{(z, y)} simplifies to Bj; N oz, and similarly for
Dy{(x, 2)}. The expansion for 1y is similar to that for the variance terms, and we omit it.

APPENDIX 2

Asymptotic independence across causes and bins

Consider cause-specific cross ratios for the same, ‘jth’ bin but different cause combinations;
without loss of generality, (k, I) = (1, 1) and (1, 2). We have,

Biometrika. Author manuscript; available in PMC 2010 March 18.
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e :1.1>(Ra’ Rp) Z B2 RaRb) —~ —~ .
b — = E{6,5(j:1, DIE{6 (j:1,2)}
DY) S
n
5 ] (21D, +0 WElhg ) RuROVEl ) (RucRo))

—[[ a — E {05 (1, DIE(G (31, 2)},

n
) ] (20-2)ppy, +9py +E Uy 1 1) (RasROVEN R 1 5 (RasR))

E Za< I
-1
1

where pcy = cov{hcj,1,1)(Ras Rb), he(j,1,2)(Ras R} @ <b #1i; pca = cov{hcgj,1,1)(Ra: Ry),
hc(j,1,2)(Ras Rp)}, and similarly for pp; and pp, with respect to discordance kernels. The last
of these terms has summands that converge to equal limits, equal to

Ethe, . (Ra, RiVE{h ;5 (Ra, Rp)}
E{hl)(j.l.l ) (Ras Rb)}E{hD(j.l.z) (Ra, Rp)}

Hence, cov{écs(j; 1, 1) éCS(j; 1, 2)} converges to 0. Asymptotic independence follows with
asymptotic normality. The proof for independence of cause-specific cross ratios across bins
follows sufficiently similarly, that we omit it.
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