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Abstract

In this paper, we show the maximum sieved probability of each of the finite Dimensional parameters
in a marginal Proportional Hazards risk model with bivariate current position data. We used the
copula model to model the combined distribution of bivariate survival times. Simulation studies
reveal that the proposed estimations for it have good finite sample properties.
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1. Introduction

Let T} and T3 be two survival times of some specific events. The proportional hazards (PH) or
Cox model assumes that the hazard function of T has the form:

Me(ti]2k) = Aow(tr) €k =1,2,

where 3, € RP, is p-dimensional regression parameters, A(t|z;) is the conditional survival function
(i.e AM(tglzx) = P(Tx > ti|Zx = zx)) and A\g(tx) = A(tx]0) is the baseline survival function. The
survival function of the model also can written as

TZ
Si(tp]zi) =e Dores ™ g 1 o (1.1)

where

t
Aoz/ Ao(s)ds.
0
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Let Bro be p-dimensional vector of the true values of the regression parameters. We define the
joint survival function of T} and T3 by

S(tl,tg) = P(Tl > tl,TQ > tg)
For the joint survival function S(¢;,%2) we assume a copula model
S(ty,t2) = C(S1(t1), Sa(ta))

where C denotes a specific bivariate copula function defined on the unit square. Let C; and C5 be two
sets of observed times which are conditionally independent of 77 and T, separately given Z; and Zs.
Let Ay = I(T} > Cy) and Ay = I(Ty > () are two censoring indicators indicating at the observed
time C] and Cs the event has occurred or not. When A, = 1, it means T}, is greater than CY, i.e., right
censored, so the event hasn’t happened at the observed time C} and when A, = 0, it means T}, is less
than Cy, i.e., left censored, so the event has already happened at the observed time C}. Furthermore
we define 8 = (BT, BI)T. Suppose that our observations involve n i.i.d. subjects Wy,--- , W,,, where
W; = (Chj, Ayj, Caj, Agj). The log-likelihood function based on observations W = (Wy,--- | W,,) is
given by

L(BIW) 251152] log{s11(8, c1;, cz }+Z — 015)02; log{so1 (B, 15,2 )}

+ 251] 52] log{slg(ﬁ Cij, CQJ } + Z ]_ - 51])<1 - (52]) 10g{800(ﬁ Ciy, CQJ)} (12)

7=1

where

P

— s1(crj) — s2(ca;) + Clsa(cry), sa(cz5))
( i) — Clsi(crj), s2(c25))
s2(c2;) — C(s1(caj), s2(c25))
C(s1(c1), s2(c2y))-

s00(6, 15, c25) (Th > 15, Ty > ¢95)
s10(0, ¢, ca5) =P(11 > 15, 1o < ¢a5)
so1(0, 15, ca5) =P(Th < c15, T2 > c2))

( ) =P(Th > 15,15 > c5)

SRS RS

e N N T
—_ = = =
~— ~— ~— ~—

s11(0 , C1j, C25

2. Maximum likelihood estimation

The first partial derivatives of the log-likelihood function with respect to SB;,,i = 1,2;u=1,--- | p,
are

ds11(B,c1j,¢25) 9s01(B,¢c15,¢25)

ABIW) :
ﬁ‘ Z 51] 52] 0Biu + Z 51] 52] 9Biu

0Biu S11 57 C1j, 02] S01 (ﬁv C1j, C2j)

ds10(B,c15, CQJ) n 0s00(B,¢15,c25)

+251] — ) — 2 N (1= Gy) (1= Gy) — 22— (21)

810(5701]',02]') = 500(5701j702g‘)
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Now,
Os11(B, ¢1j, ca5) _ 9C(s1(cry), sa(ca;))
% O 22
Os01(0, 1, 25) _ O(sa(ca;) — Clsa(ery), sa(ea;))) 9C(sa(cy ), s2(c25)) (2.3)
851u aﬂlu 8611}. '
Os10(8, cjs €25) _ O(s1(erj) — Clsa(erj), sa(ca;))) _ Osi(cr;)  OC(sa(eaj), sa(ca)) (2.4)
9b1u 9b1u 9b1u Ibru '
Os00(B, Chi, Coi) _ O(1 = s1(cay) — safeay) + Clsi(eny), saleny))) _ _ Osilers) | OC(si(ery), salez;))
a/Blu a/Blu a/Blu 8/61’11,
(2.5)
and
Os11(8, ¢1j, ca;) _ 9C(s1(cr), s2(c2;))
% O 20
Os01(8, c1jy €25) _ O(s2(caj) — Clsi(crj), sa(ca;))) _ Osa(ca;)  OC(s1(cay), s2(c25)) (27)
9Pau 9Pau 9fau 9Pau '
Os10(8, ¢1j, €a;) _ 9(s1(cr;) — Clsa(cyy), sa(ca;))) _  OC(s2(ca5), s2(¢25)) (2.8)
9fau 9fau 0Pau '
Oso0(B, 1, e2) _ 0L = s1(ery) = sn(cay) + Clsileny), salers))) _ =0saler) | OC(si(ery), sales;))
9fa2u OP2u 0Pau 9Pau o 9)

The second partial derivatives of log-likelihood function with respect to 5;,4, , Biguss 01,2 = 1,2 uq, ug =
1,---,p, are given by

02511 (B,c14,¢25) 0s11(B,c15,c25) Os11(B,c15,¢25)
9 n ) ) 1€15,C25) 1C15,C25 ,C15,C2)
—(9 Z(B’W) = E 51'5219811(570”702]) 9Biyuy OBiguy 9Biquy OBiguy
= ; >
861'11“ 8ﬁi2u2 j=1 511 (6a Cij, CQj)
9%s01(B,c15,¢25) 0s01(B,c15,c25) s01(B,c15,¢25)
5.5 so1(B; e1j, ¢27) DBiyurOBigus  OBiguy 9Bizus
+Z 15925 2
s581(B, ¢y, c25)
02s10(B,c15,02;) 0s10(B,c15,c25) 0s10(B,c15,¢25)
5.5 s10(0; ¢1j, ¢2;) DBiyurOBigus  OBiguy Bizus
+Z 15925 2
s10(B; c1j, €25)
02s00(B,c15,02;5) 0s00(B,c15,¢25) Oso0(B,c15,¢25)
Z 5.5 s00(0; €15, ¢2;) Biyuy PBigus 9Biyu, 9Bizus
+ 15925 . (210)

550(B; c15, €25)

where
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9*’C(s1(c1y), s2(c25))

2.11
0151 01 e @11)
*s01(B, c1i, 2i) _ 0*C(s1(c1y), s2(c2;)) (2.12)
aﬁlulaﬁlug aﬁlulaﬁlug .
Ps10(8,c1j,005) O {381(%) 3 5C(81(01j),82(02j))} _ Psifey)  °Clsi(cyy), sa2(eyy))
aﬁhuaﬁluz aﬁluz aﬁlul a/Blul aﬁlulaﬁlug 8511“8611@
(2.13)
0?s00(B, c1j,c25) O {—351(01]') 8@(51(01]'),82(62]'))} _ Psi(cyy) | PClsa(cyy), s2(cyy))
a/ﬁlulaﬁlug aﬁll@ a61u1 8/81’11,1 861u1851uz 861u18511m
(2.14)
82311(6’Clj102j> 232@(81(013‘)782(023')) (2 15)
8621“ aBQuz aﬁQul ﬁng .
Ps01(B, c1j,c05) 0 {352(%) 3 a(c(sl(clj)a@(czj))} _ Psa(cy)  °Clsa(eyy), sa(eyy))
8621“ aﬁng aﬁ2u1 862u2 aﬁ2u2 a/BQul a62712 aﬁQul aﬂZuz
(2.16)
0?s10(B, 1, c2) _ 9PC(s1(c1y), 52(c25)) (2.17)
a@Qulaﬂ?uz 6/8271/1852’112 ‘
0%s00(8, ¢1j, C25) _ 0 {—331(01]') 3C(51(01j)732(02j))} __ Psiley) | 0PC(s1(cy); s2(c25))
aﬁ?ul 862u2 aBng 662111 852111 862u1 aﬁ?uz 8B?ul aﬁ?uz
(2.18)
0%s11(B, cjr c25) _ Csi(cyy), s2(cay)) (2.19)
aﬁlulaﬁ2u2 aﬁlulaﬂng '
32501(5, C1j, C2j) _ 82((:(51(61]'); 32<C2j)> (2.20)
861u18ﬁ2u2 aﬁlulaﬁng '
32810(@ C1j, C2j) _ 32@(81(C1j), 32<C2j)) (2.21)
aﬁlulaﬁmtz aﬁlulaﬁ%@ '
82500(5,01j702j) 282C<31(Clj>732(02j)) (2 22)
8511“(952@ 351u1352uz . '
2.1. Clayton Copula
The Clayton Copula is two survival functions s; and s, is defined by
Cesi,52) = (577 + 557 = 1), 0 €[-1,0)U(0, 00)
Note that, for that ¢ = 1,2 and uy =us = 1,2,--- , p, we have
0s; _ ABL Zi, .
D e AZ;, (2.23)
ds; _ ABL Ziuy 272
—3ﬂiulaﬁiu2 =e ANZ;, (2.24)
86(51,82) . 9 9 7# —_0—1 851’
o s1° + Sy 1] s; D (2.25)
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82C(51, 82) 0 0 7(1:4) —0—1 82Si
it S IV -0 _1 —0-1__ 7 ot
aﬁiul aﬁzug |:Sl i 82 ] SZ 862111 Biuz
_(M) 1
+(0 4 1)s;7772 Osi_ 0 sil+s0 =1 " (704501 O
aﬁ aﬁ 2 2 )
(11%9) ) @281‘
|: * 82 :| Si aﬁzul Biu2
-1

o R A il [ AR B |
9°C(s1, s2) 081 (—o-1) (=0-1)[ —o . —¢ ~(57) Osy
2L (149 1
8/Blulaﬁng ( * )aﬁlul 81 82 |:Sl * 82 ] 862112

2.2. Gumble copula

The Gumble Copula is two survival functions s; and s, is defined by

o 1/0
}, 6 € [1,00)

Calsi 52) = exp | = ((~log(s1))" + (~log(s2)) )
Note that, for that ¢ = 1,2 and uy =us = 1,2, -+, p, we have

8@(81, 82)

OB, P [_ <(_10g(51>)9 + (—log(82)>6)1/9]
X[((—log(&))@ (—log(52)>6)(1_9)/9}

0s;
((— log(s))" ' - 52

0*C(s1,52) _OC(sq, 52) Ny
aﬁi?ﬂﬁiug B 8ﬁm2 X |:<(_ 10g<81))0+ (_ 1Og(82)> ) ]

((~ log(s) 1< j@f;
texp [~ ((~ log(s1))’ + (—1og(s2))9>1/9}
((~ log(s) < a%f;

o-11 Os;

— (- 0)[((—tog(s1))? + (~logs2)) )] < ((~ log(s) 5 O
+exp [_ <(— log(s1))" + (= 10g(32)>0>1/9}

< [((- togs1))? + (~1og(s2)) )]

1 o1 0%s (—log(s:)) 2 0s; Os;
8 [S_z((_ log(SI)) a/Bwlﬁzugj| i 312 8ﬁzu1 aﬁwg

[log(sl) +1—-46
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0*C(s1,52) OC(s1,52) ) o (1-6)/6
e ((—108(s0)) + (~log(s2)) )|

x((—log(s1)) 51 9
1—-406

(oot o))
X exp [ — ((— log(s1))? + (— 10%(32)>0> 1/6}

. 0—11 Js1
(-~ log(an) " S

611 0sy

1—20)/9] 832
@/62’&2

2.3. Frink copula
which is defined by

1 exp(—0) — 1 + (exp(—bs;1) — 1)(exp(—0s2) — 1)
Cou= 9 log [ exp(—6) —1 ]
where § € R\{0}
0Cs1, 52) :[ exp(—0s; — 1)(exp(—0sq2) — 1) } 0s;
0Biu, exp(—0) — 1 + (exp(—0s1) — 1)(exp(—0s2) — 1)1 0B,
82C(51, 82)

[ exp(—0s; — 1)(exp(—0sy) — 1) } 0?s;
OB, Biy exp(—0) — 1 + (exp(—0s1) — 1)(exp(—0s2) — 1)1 IBiw, Biwy
0 {exp(=0) — 1}(exp(—fs1) — 1)(exp(—Os2) — Doz s,

{GXP(—Q) — 14 (exp(—0s1) — 1)(exp(—fs2) — 1)}2 OBiw

PCsr,ss) O Lexp(—6) — Lh(exp(~fs1) — D(exp(~0s2) — 12 gy
— X

Arnba L exp(-0) — 1+ (exp(~0s1) — D(exp(~0s) — )} P

2.4. Simulation

In this section, we have performed Monte Carlo simulations to evaluate the performance of the
finite sample of the proposed estimation method for the additive risk model with bivariate current
state data. In this part, we set the covariates Z1; = Z15 and Zy, = Zyy which generated indepen-
dently by the Bernoulli distribution with p = 0.7 and the normal distribution N(1.4,0.7%), besides
the true values of regression parameters 5 = (f1, 52) = (0.4,0.8); second, we set C} and Cy are the
two observation times randomly drawn from uniform distributions over [0.06, 1] and [0.06, 3], respec-
tively

1. Table 1 Simulation study results for Clayton copula
n £ | Bias | SSE | ESE | CP
100 | 0.4 | -0.056 | 0.318 | 0.432 | 0.956
100 | 0.8 | -0.085 | 0.390 | 0.282 | 0.960
200 | 0.4 | 0.043 | 0.311 | 0.273 | 0.952
200 | 0.8 [ -0.088 | 0.215 | 0.223 | 0.955
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2. Table 2 Simulation study results for Gumbel copula
n £ | Bias | SSE | ESE | CP
100 | 0.4 | -0.069 | 0.325 | 0.412 | 0.960
100 | 0.8 | -0.072 | 0.390 | 0.322 | 0.956
200 | 0.4 | -0.029 | 0.280 | 0.301 | 0.956
200 | 0.8 | 0.035 | 0.254 | 0.209 | 0.960

3. Table 3 Simulation study results for r Frank copula
n £ | Bias | SSE | ESE | CP
100 | 0.4 | -0.066 | 0.322 | 0.426 | 0.960
100 | 0.8 | -0.094 | 0.408 | 0.291 | 0.956
200 | 0.4 | -0.047 | 0.276 | 0.286 | 0.947
200 | 0.8 [ -0.092 | 0.222 | 0.202 | 0.975

Table 1, 2, 3 show the simulation results for the regression coefficient estimates B = (6}, 52) with
the model of Clayton, Grumble and Frank Coppola, respectively the results have Four values
?70f experimental bias (BIAS), estimated mean standard errors (ESE), The sample standard error
(SSE) and the approximate probability of empirical coverage 95% percent confidence interval for
B = (ﬂl, 62) (CI). BIAS values ?7indicate that the empirical biases of B = (51, 52) are relatively
small Which means that a small bias is noticeable, although it becomes smaller at the sample The
size increases the mean estimated standard errors (ESE) similar to the sample Standard errors (SSE),
but slightly larger, which is to be expected in finite sampling simulations. we You also find that the
estimated coverage probability of the confidence interval is similar to The 95% level is predetermined.
More about this source textSource text required for additional translation information

3. Open problems

e Semi-Parametric Regression Analysis of Bivariate The Proportional Hazards Model with Cur-
rent Status Data.

e Non-Parametric Regression Analysis of Bivariate The Proportional Hazards Model with Cur-
rent Status Data.

e Semi-Parametric Regression Analysis of Bivariate The Additive Hazards Model with Current
Status Data.

e Non-Parametric Regression Analysis of Bivariate The Additive Hazards Model with Current
Status Data

e Semi-Parametric Regression Analysis of Bivariate The Proportional odds Model with Current
Status Data.

e Non-Parametric Regression Analysis of Bivariate The Proportional Odds Model with Current
Status Data.

4. Conclusion

The goal of this paper is to study Parametric Regression Analysis of Bivariate The Proportional
Hazards Model with Current Status Data.And we got good results in the Simulation studies reveal
that the proposed estimations for it Good finite sample properties. we used Matlab language in the
Simulation.
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