Chapter 4 M)
Analysis of Survival Data Under e
an Assumed Copula

Abstract This chapter introduces statistical methods for analyzing survival data
subject to dependent censoring. We review the copula-graphic estimator, parametric
likelihood methods, and semi-parametric likelihood methods developed under a
variety of copula models. All these approaches employ an assumed copula, a
copula function that is completely specified including its parameter value to avoid
the non-identifiability.

Keywords Burr distribution - Competing risk + Copula-graphic estimator
Maximum likelihood estimator - Spline - Weibull distribution

4.1 Introduction

The idea of an assumed copula was suggested by Zheng and Klein (1995) in their
analysis of survival data subject to dependent censoring. They considered a
bivariate distribution function of survival time and censoring time, where the form
of the copula function is completely specified, including its parameter value. This
strong assumption of the copula is imposed to make the model identifiable.
Assuming the independence copula is equivalent to the assumption of independent
censoring between survival time and censoring time.

Zheng and Klein (1995) view censoring as a competing risk of death and view
death as a competing risk of censoring. This is the setting of bivariate competing
risks where one can observe the first-occurring event time and the type of the
observed event (death or censoring whichever comes first). With this view, survival
data with dependent censoring are equivalent to bivariate competing risks data. In
the context of competing risks, the independence among event times is rarely
assumed since many medical and engineering applications yield event times that are
positively associated. Hence, statistical methods for analyzing bivariate competing
risks data can be applicable for analyzing survival data with dependent censoring.

Under an assumed copula, Zheng and Klein (1995) estimated the marginal
survival function by the copula-graphic (CG) estimator. The survival function
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estimated by the CG estimator is analogous to the one estimated by the Kaplan—
Meier estimator. The CG estimator reduces to the Kaplan—Meier estimator under
the independence copula. In real applications, the CG estimator is calculated by
assuming one of Archimedean copulas. Rivest and Wells (2001) obtained a simple
expression of the CG estimator when the assumed copula belongs to Archimedean
copulas. Nowadays, the CG estimator is an indispensable tool for analyzing sur-
vival data with dependent censoring (Braekers and Veraverbeke 2005; Staplin
2012; de Ufia-Alvarez and Veraverbeke 2013; 2017; Emura and Chen 2016; Emura
and Michimae 2017; Moradian et al. 2017). Note, however, that the CG estimator
cannot handle covariates. Likelihood-based approaches can naturally deal with
covariates under an assumed copula.

Throughout this chapter, we review the copula-graphic estimator, parametric
likelihood methods, and semi-parametric likelihood methods developed under an
assumed copula.

4.2 The Copula-Graphic (CG) Estimator

Analysis of survival data often begins by drawing the Kaplan—Meier survival curve
which graphically summarizes survival experience of patients in the data. However,
under dependent censoring, the Kaplan—Meier estimator may give biased infor-
mation about survival. A survival curve calculated from the CG estimator provides
unbiased information about survival if the copula function between death time and
censoring time is correctly specified. Below, we shall introduce the CG estimator
under an Archimedean copula as derived in Rivest and Wells (2001).
Consider random variables, defined as

e T: survival time
e U: censoring time

Consider an Archimedean copula model

Pr(T > 1,U > 1) = ¢y [$p{S(0)} + do{Su(u)}], (4.1)

where ¢, : [0, 1]+ [0, 00] is a generator function, which is continuous and strictly
decreasing from ¢y(0) = 0o to ¢y(l) =0 (Chap. 3); Sr(t) =Pr(T >1¢) and
Sy(u) = Pr(U > u) are the marginal survival functions.

Let (#,0;), i=1,...,n, be survival data without covariates, where
f; = min{T;, U;}, 6; = I(T; < U;), and I(+) is the indicator function. Assume that all
the observed times are distinct (¢; # #; whenever i # j). Based on the data, one can
estimate the survival function by the following estimator:
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The CG estimator is defined as

$r(1) = qs(;l[ S ("; 1) - ¢9(";)] 0<1< max(s;)

i < l,é,‘:l

where n; = 320 1(ty >1,) is the number at risk at time #;; Sr(f) = 1 if no
death occurs up to time #; S7(¢) is undefined for 1 > max(z;).
1

The derivation of the CG estimator: Assume that S;(f) is a decreasing step
function with jumps at death times. Thus, §; = 1 implies S(t;) # S(t; — dt) and
Su(t;) = Sy(t; — dr). Setting t = u = t; in Eq. (4.1), we have

Go{Pr(T > 1;,U > 1;)} = pp{Sr(t:)} + po{Su(t:)}.

In the left-side of the preceding equation, we estimate Pr(T >, U > t;) by
(n; — 1/n, where n; — 1 =3, _ I(t, > t;) is the number of survivors at time f,.
Accordingly,

b0(") = ot} + dulsulo)) (@2)

Meanwhile, we set r = u = ; — dt in Eq. (4.1) and then estimate Pr(T > t; —
dt,U > t; — dt) by n/n. Then,

Po (%) = Po{Sr(ti —dt)} + po{Su(®)}, 0 =1. (4.3)

Equations (4.2) and (4.3) result in the system of difference equations

30("0) = () = duisr ) - Byl - a0k =1

We impose the usual constraint that SH{(#; — df) = 1 when t; is the smallest death
time. Then, the solution to the different equations is

Go{Sr(®)} = Y [bo{Sr()} — bo{Sr (i — dr)}]

t; <t,0;=1

> (") - ().

t; <t,0;=1

which is equivalent to the CG estimator. |
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Under the independence copula, given by ¢, () = — log(z), the CG estimator is
equivalent to the Kaplan—Meier estimator. Under the Clayton copula, given by
¢o(t) = (79 —1)/0 for 6 > 0, the CG estimator is written as

e e e

This CG estimator can be computed by the compound. Cox R package (Emura
et al. 2018).

The CG estimator provides a graphical summary of survival experience for
patients in the same manner as the Kaplan—-Meier estimator.

Sr(r) =

The survival curve is defined as the plot of S’T(t) against t, starting with t = 0
and ending with ty,x = max(t;). The curve is a step function that jumps only
1

at points where a death occurs. On the curve, censoring times are often

G,

indicated as the mark “+.

If fnax = max(f;) corresponds to time-to-death of a patient, then
1

St (tmax) = ¢y ' (00) = 0. This is because ¢, (2=1) = ¢(0) = oo for some i in the
definition of the CG estimator. If #,,x = max(#;) corresponds to censoring time of a

patient, then S (fmax) > 0.

Additional remarks: The CG estimator can be modified to accommodate a
variety of different censoring and truncation mechanisms. de Ufia-Alvarez and
Veraverbeke (2013) derived the CG estimator when survival time is subject to both
dependent censoring and independent censoring. This estimator is convenient if the
data provide the causes of censors for all patients. For instance, censoring caused by
dropout may be dependent while censoring caused by the study termination is
independent (see Chap. 14 of Collett (2015)). de Ufia-Alvarez and Veraverbeke
(2017) derived the CG estimator when survival time is subject to both dependent
censoring and independent truncation. Chaieb et al. (2006) and Emura and
Murotani (2015) derived the CG estimator when survival time is subject to inde-
pendent censoring and dependent truncation.
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4.3 Model and Likelihood

Throughout this chapter, we consider a bivariate survival function
PR(T" > 1,U > ulx) = Co{Sr(1x), Su(ulx)},

where Cy is a copula (Nelsen 2006) with a parameter 0; Sy(7|x) = Pr(T > #|x) and
Sy(u|x) = Pr(U > ulx) are the marginal survival functions. The covariates are
defined as x = (X;,Xz) such that Sr(¢|x) = Sr(¢/x1) and Sy (u|x) = Sy(¢|x2). For
instance, if x; = (Age, gender) and x, = (gender), the model does not consider the
effect of age on censoring time.

Survival data consist of (z;,9;,%;), i =1,...,n, where x; = (x;1, .. .,x,-p)' is a
vector of covariates. The likelihood for the ith patient is expressed as

L =Pe(T = 1;,U > 1;|x;)" Pr(T > 1;, U = t;|x;)" % = £ (s]x0) " 7 (13]x:) 2,

where

0
F (tilx) = —aPr(T >x, U > ti]x;)

X=t;

i wx) = —(%Pr(T >1,U > ylx;)

)
Y=t

are called the sub-density functions. Therefore, the log-likelihood is defined as
0= 2_; [0 log £ (1ix:) + (1 — &) log £ (1:]x:)]- (4.4)
An equivalent expression is
= i: [0:log b} (1:]x;) + (1 — &) log hfy (t:]x;) — (8, 1;]x,)], (4.5)
i=1
where

£ (tlx)
PI'(T >, U > li|Xi) ’

fi (ulx:)
PI'(T >t,U > li|Xi) ’

hy (ti]x;) = hj (ti]x;) =

are the cause-specific hazard functions, and
(I)(Zi,ti|Xi) = —IOg PI'(T >t,U > li|Xi) = —IOg PI'(IIliIl{T7 U} > li|Xi)

is the cumulative hazard function for min{ 7, U }.
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With appropriate models on Cy, St(-|x) and Sy(+|x), one can obtain the maxi-
mum likelihood estimator (MLE) with Eqgs. (4.4) or (4.5).

4.4 Parametric Models

4.4.1 The Burr Model

Escarela and Carriere (2003) considered a copula model with the Burr distribution
defined as

Sr(tlxi) = {149, ()"} /7 >0
Su(u %o ) = { 147, (ho)> Y72, u>0,

where v; > 0, 7; > 0, and Z; = exp(f;, + Bjx;;) forj = 1 and 2. The Burr distribution

includes many distributions as special cases; v; = 1 gives the Pareto distribution,
y; = 1 gives the log-logistic distribution, and y; — 0 gives the Weibull distribution.
For the copula, Escarela and Carri¢re (2003) considered the Frank copula.

Colu,v) = —llog{l e _e_lﬁ(efov - 1)}, 040,

0 -1

Their motivation to use the Frank model is that they wish to consider both positive
dependence (6 > 0) and negative dependence (6 <0) between two variables.

4.4.2 The Weibull Model

Likelihood-based analyses of Escarela and Carriere (2003) focused on the Weibull
model

Sr(t|x1;) = exp{—(Auit)"}, >0; Sy(ulxz) =exp{—(lu)"?}, u>0.

With the Frank copula model, they maximize the log-likelihood of Eq. (4.4) with
respect t0 (fg, By, Vi, fa9, B2, v2) given the value 0. This leads to the profile
likelihood

(0) = max £(B10s B1s vis Baos Boy v210).
( ) BroBr vt fon Boova) (ﬁlO B ﬁzo B> 2| )

The MLE of (B0, B1>v1, P9, By, v2) is obtained at a given value
0 = arg maxg £*(0).
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The data analysis of Escarela and Carriere (2003) revealed that the estimator 0
had a wide confidence interval (CI) if no covariate enters the model. This phe-

nomenon is related to the non-identifiability of the model. The CI of 0 was
shrunken if many covariates enter the model. Heckman and Honoré (1989) showed
that the non-identifiability is resolved by adding covariates into the marginal
models. Unfortunately, there are no papers that give the conditions (e.g., how many

covariates or how many samples) required to give reasonable precision of 0 for
estimating the true value 0.

In this context, we suggest regarding the approach of Escarela and Carriere (2003)
as a two-step fashion. The first stage selects (not estimates) 0 via the profile likelihood.

With the selected value 0, the second stage estimates the remaining parameters
(BioB1s V1, B, By, v2) by the MLE. The SEs of (B9, By, v1, Bro, B2, v2) may not
account for the variation of 6 following the approaches of an assumed copula.

4.4.3 The Pareto Model

In the absence of covariates, Shih et al. (2018) considered the Pareto marginal
models

Sr(t) = (14o0)™, t>0; Sy(u)=(1+ou) ", u>0,

where o; > 0 and y; > 0 are re-parameterized from the Burr models. The marginal
hazard functions are hr(t) = a1y, /(1 4+a7) and hy(u) = aay,/(1 4 opu) and the
marginal density functions are fr(¢t) = hr(¢)St(t) and fy(u) = hy(u)Sy(u).
Applying the Frank copula to Eq. (4.4), the log-likelihood can be written as

(o, 2,71, 7210) =Y Si{log fr(1) — 087 (1) + log(e™ ™7™ — 1) —log(e ™’ — 1)+ 05(1))}
P

+ z": (1 — 6;){logfy(t;) — 6Sy(t;) + log(e %0 — 1) —log(e™® — 1)+ 6S(1;)},
i=1

where S(z) = Co{Sr(#),Sy(r)}. The MLE is obtained by maximizing the preceding
equation.

They developed a Newton—Raphson algorithm to obtain the MLE  of
(o1, 02, 71,72) given the value 0. The Bivariate.Pareto R package (Shih and Lee
2018) can be used to compute the MLE and the SE for the parameters. Hence, this
model uses an assumed copula. Their Newton—Raphson algorithm employs a
randomization scheme to reduce the sensitivity of the convergence results against
the initial values, which is termed the randomized Newton—Raphson algorithm (Hu
and Emura 2015). When 6 is unknown, the profile likelihood estimate was sug-

gested, namely 0 = argmaxg¢*(0), where ¢*(0) = max )E(al,az,yl,yzw).

(011 502571572
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However, they reported that the profile likelihood occasionally does not have a peak

and 0 has a large sampling variation. These problems are related to the
non-identifiability of competing risks data (Tsiatis 1975).

Due to the difficulty of estimating 0, Shih et al. (2018) considered a restricted
model Sz () = Sy(#) = (1 +az)"’. The model makes a strong assumption that the
two marginal distributions are the same. Under the Frank copula, they developed
the randomized Newton—Raphson algorithm to obtain the MLE of (o, y, 0). While
the peak of the likelihood always exists under this restricted model, the variation of
estimating 6 remains large. Including covariates into the marginal Pareto models

may improve the precision of 0. Alternatively, a sensitivity analysis may be con-
sidered under a few selected values of 0.

4.4.4 The Burr III Model

In the absence of covariates, Shih and Emura (2018) considered the Burr III
marginal distributions

Sr() =1—(1+17)" t>0; Syw)=1—1+u")"F

u >0,
where («, ff,7) are positive parameters. They considered the generalized FGM
copula with a copula parameter 6. In their model, the copula is imposed on a
bivariate distribution function rather than a bivariate survival function. More details
about this copula, such as the range of 6 and the expressions of Kendall’s tau, are
referred to Amini et al. (2011), Domma and Giordano (2013) and Shih and Emura
(2016, 2018).

Shih and Emura (2018) used the randomized Newton—Raphson algorithm to
obtain the MLE of (o, 8,7) given the value of 0. When the value of 0 is unknown,
they suggested making inference for (, f3,y), followed by the profile likelihood

estimate 0 = arg maxg £*(6), where £*(0) = (IIlElX) £(a, 3, 7]0). They also proposed a
o, By

goodness-of-fit method to test the validity of the generalized FGM copula and the
Burr III marginal models. The estimation and goodness-of-fit algorithms are
implemented in the GFGM.copula R package (Shih 2018). Their method is
developed for bivariate competing risks data, where dependent censoring is a
competing risk of death, and death is a competing risk of dependent censoring.

4.4.5 The Piecewise Exponential Model

The piecewise exponential model has been considered to fit survival data with
dependent censoring (Staplin et al. 2015; Emura and Michimae 2017). Let 0 =
oy <ap < --- <a, be a knot sequence, where m is the number of knots. Assume
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that the hazard function for T in an interval (@;j_;,q;] is a constant e’ for
j=1,...,m, such that = (04, ...,0,,) are parameters without restriction to their
ranges. The survival function is

j—1

Sr(1;0) = exp{—eﬁf'(t —aj_) — Zeﬁk(ak - akl)}, t € (aj_1,aj,

k=1

where Zgzl (-) = 0. In a similar fashion, define the survival function Sy (;y) for
the censoring time U, where ¥ = (71, ..., 7n)-
Emura and Michimae (2017) considered a copula model

Pe(T > 1,U > u) = Co{Sr(5;0), Su(u;v)}, 0= (01, 0m), 7 = (155 7m),

where Sr(#;0) and Sy(u;y) follow the piecewise exponential models. The Clayton
copula and the Joe copula were chosen for their numerical studies. They developed
inference procedures based on the likelihood in Eq. (4.4) given the value 6. Hence, they
applied an assumed copula. They did not use the profile likelihood for selecting 6 since
it may not work with many parameters in the marginal distributions. Alternatively, they
suggested a sensitivity analysis to examine the result under a few different values of 0.

Staplin et al. (2015) originally proposed the piecewise exponential models for
dependent censoring, but did not use copulas. Consequently, the sub-density func-
tions in their likelihood function require some numerical integrations of the joint
density of 7 and U.

4.5 Semi-parametric Models

4.5.1 The Transformation Model

Chen (2010) considered a semi-parametric transformation model defined as
Sr(tx1;) = exp[~Gi{Ao(1)e"™}], Sy (ulxa;) = exp[—Ga{To(u)e**}],

where B; are regression coefficients, and Gj(-) is a known and nonnegative
increasing function such that G;(0) = 0, Gj(oc0) = oo, and g;(t) = dG;(r)/dt > 0
for j =1 and 2; Ay and I’y are unknown increasing functions. No distributional
assumptions are imposed on A and I'g. The linear transformation G;(t) = ¢ cor-
responds to the Cox model.



50 4 Analysis of Survival Data Under an Assumed Copula

Under the semi-parametric transformation model, the cause-specific hazard
functions are

B (1]xi) = Ao(t)e¥™ i (1: By, By, Ao, Tol6), i (t[xi) = 9 (1)e¥ >y t; By, Ba, Ao, Tol),
where Ao(t) = dAo(7)/dt, yo(t) = dTo(t)/dt,

(15 Brs Ba, Ao, Tol0) = g1 {Ao()eP™ }Sr(t]x1:) Dot [S7(1]x17), Su(t]x21)],
(15 By, Ba, Ao, Tol0) = g2{To(1)eP* } Sy (t]x2:) Do 2 [S7(1]x1:), Su (t]x2:)],

0Cy(u,v)/0u

_ 0Cy(u,v)/0v
Cg(u, V) ’ ’

D = D =
01 (1) 02() = =4
Under the independence copula Cy(u,v) = uv, the cause-specific hazard func-
tions are equal to the marginal hazards:

h (t1x;) = 7o ()P ™g {Ao(£)eP ™}, hfi(1]x:) = po(t)eP ga{To(r)eP*}.

To obtain the MLE of (B, B,, Ao, o), we treat Ag and I'y as increasing step
functions that have jumps sizes dAo(t;) = Ao(t;) — Ao(t;—) for 6; = 1and dTo(1;) =
I'o(;) — To(#;—) for 6; = 0. Putting the cause-specific hazard functions into Eq. (4.5)
and replacing Ao(;) by dAo(#;) and y,(#;) by dTo(#;), we obtain the log-likelihood

(By, By, Ao, Tol0) = Zéi[ﬁ/lxu—i- log 1y;(1; By, By, Ao, Tol0) + log dAo(;)]
+ ) (1= 8:)[Boxai + log ny(t:; By, By, Ao, Tol0) + logdTo(t;)]

_ Z CDQ[ST(Z,-|X1,‘), SU(ti|X2i)]’

where ®y(u,v) = —log Cy(u,v). Since the marginal distributions have a number of
parameters to be estimated, the profile likelihood may not properly identify a suitable
value of 0. Chen (2010) suggested a sensitivity analysis to examine the result under a
few different values of 0, possibly selected by prior knowledge and expert opinion.

The approach of Chen (2010) reduces to Cox’s partial likelihood approach (Cox
1972) under the independence copula and the linear transformation. Under these

assumptions, the MLE (B,, B,, Ao, I') is obtained by maximizing two functions
By, Ao) =D SilBixii + log dAo(t:)] + > log Sr(ti|xu),

02(By, To) = Y (1= 6;)[Brxai + log dTo(t:)] + Zlog Su(tilxai),

l
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since £(B;, By, Ao, To) = £1(By, Ao) +£2(By, T). Then, the MLE (B, A,) for
(By,Ao) is the partial likelihood estimator ﬁl and the Breslow estimator A
(Chap. 2).

4.5.2 The Spline Model

Emura et al. (2017) considered a spline-based model defined as

Sr(t|x1;) = exp{—Ao(t)P™1}, Sy (ulxa) = exp{—To(u)eP},

where B; are regression coefficients, and the baseline hazard functions are modeled
by

d
_Ao(t = Jolt Z“ geMi(1) = gM(0),  —To(r) = 30(r) = 24 M (1) = W'M(1),

where M(z) = (M (¢),...,Ms(t))" are the cubic M-spline basis functions (Ramsay
1988). Here, g’ = (g1,--.,g5) and h' = (hy, ..., hs) are unknown positive param-
eters. These five-parameter approximations give a good flexibility in estimation for
real applications (Ramsay 1988) and are one of reasonable choices (Commenges
and Jacqmin-Gadda 2015). Since the spline bases are easy to integrate, the baseline
cumulative hazard functions are computed as Ao(r) = > ,_, gls(r) and
Io(r) = 22:1 hely(t), where I,(¢) is the integration of My(z), called the I-spline
basis (Ramsay 1988).

The joint. Cox package (Emura 2018) offers functions M.spline () for computing
M,(t) and Lspline () for I;(¢). To compute these spline bases, one needs to specify
the range of ¢. The package uses the range 7 € [£;, &] for the equally spaced knots
&1 <&y <&, where & = (& +¢&)/2. A possible choice is ¢ = min;(#;) and
&3 = max;(#;). The expressions of M,(¢) and I,(¢) are given in Appendix A.
Figure 4.1 displays the M- and I-spline basis functions with the knots &; =1,
¢ =2,and & = 3.
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M-spline bases I-spline bases
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Fig. 4.1 M-spline basis functions (left-panel) and I-spline basis functions (right-panel) with knots
&=1¢6=2,and ;=3

Under the spline model, the cause-specific hazard functions are
1 (t]xi) = Z0(0)e" (1 By, By, Ao, Tol0), Y (11xs) = 9o(1)eP (55 By, Ba, Ao, To|0),

where

01i(8; By, Ba, Ao, Tol0) = St([x1:) Do 1 [Sr(¢[x1:), Sy (¢]x2:)],
02i(2; By, B2, Ao, To|0) = Su(]x2:) Do [Sr(t[x1:), Su(t]x2:)]-

Putting these formulas into Eq. (4.5), we obtain the log-likelihood
((By. B>, 8,h|0) = Z SilByx1i + log my;(ti; By, By, Ao, Tol0) + log do(17)]
+ ) (1= 6)[Boxai + log 1y (i By, Bs, Ao, Tol0) + log 7o (1))
i

_ Z(I)O[ST(t,-|x1,»), Sy (ti|xa)].

The estimator of (B,,B,,g h) is obtained by maximizing the penalized
log-likelihood

0By Bor . 1]0) — / ot dr — 1 / 5002,

where f(1) = d*f(t)/df?, and (k;, k) are given nonnegative values. The parameters
(11, 152) are called smoothing parameters, which control the degrees of penalties on
the roughness of the two baseline hazard functions. It is shown in Appendix A that
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& &

/ Jot)Vdt = g'Qg, / 50(1)dt = W',
& &

192 —132 24 12 0
~132 96 24 —12 12
Q=—| 24 24 24 24 24

Al 12 24 96 —132
0 12 24 —132 192

)

where A = &, — & = &3 — &,. A naive approach is to set k; = x; = 0 as in Shih
and Emura (2018).

A more sophisticated approach is to choose (x;, k) by optimizing a likelihood
cross-validation (LCV) criterion (O’ Sullivan 1988). Under the independence
copula, the penalized log-likelihood is written as the sum of two marginal penalized
log-likelihoods,

[El(lil,Ao) — K / Zo(t)zdt} + [zz(pz,ro) — / yo(t)zdt},

0By, Ao) = ZO (B x1; + log Zo(t;)] ZAO t;) exp(Bix1:),
02(B,, To) = Z(l — 8;)[Bhxa: + log 7o(1:)] ZFO t;) exp(Bhxai).

i

where

We suggest choosing x; and x, based on the two marginal LCVs defined as
LCV, = él — tI’{I:I;Llllill}, LCV, = éz - tl‘{H;lelilz},

where ¢, and /, are the log-likelihood values evaluated at their marginal penalized
likelihood estimates, and Hp,, and Hp,, are the converged Hessian matrices for the

marginal penalized likelihood estimations, H; and H are the converged Hessian
matrices for the marginal log-likelihoods such that

(7. — I OP1 Xp1 0P1><5 (7. — ) 0P2><P2 OP2><5
H| = Hpy + 2K, [ Ossp, o |- H=Hm + 2K Ossp, Rk

where O is a zero matrix and p; is the dimension of f; for j = 1 and 2. The values of
(11, k) are obtained by maximizing LCV; for x; and LCV, for i, separately. One
may apply the R function splineCox.reg in the joint.Cox R package to find the
optimal value of x; (or k»).
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