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Abbreviated abstract: Survival analysis is broadly in many areas of cience. Models were developed
to estimate the time until the occurrence af an event. In this paper, we considered the mixed
generalized linear model to fit the longitudinal binary data with a link function logit and survival data
were fitted by Cox model. We use the two-stage method to estimate the vector of the parameters. A
simulation study was conducted to evaluate the asymptotic behavior of the maximun likelihood
estimators obtained by two-stage method and to verify the empirical distribuition of the Martingale,
qguantile, deviance, NRSP and NMSP residuals.
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Model
Stage 1

Longitudinal data — Mixed linear generalized model (MLGM), extension of GLM Nelder and Wedderburn (1972),

Z =(Zi1,Zi3, o, Zim,);
Z;;|;~Bernoulli(m(y;; t;)) (i.i.d)

q—1
g(n(y;;t) = lellﬂiltl
Y;~Normal(u;, X;) (i.i.d)

log (L(Zi ki, 20) = ) log | w{ﬂj;f(zi,-wi)}f(wodwi (1)

Stage 2
Suppose we can observe (t;,8;, x;) for a variable z; in time. We define Z; = {Z;(s),s < t} as the average
trajectory of z;(t). The risco for the i-th individual at time t, given X; and Z;, can be expressed using the
proportional hazards model (Cox, 1972).

ACt|X;, Z) = Ao (t)exp{X] B + kZ; (1)} (2)

Randomized

t; 5
quantile resdidual @1 <1 — exp {— lo(Wexp[X' B + kft (Y;, t)]}du}), if 6; =1
qa _ 0

ti
¢! (Ui <1 — exp {— lo(Wexp[X B + kit (P, t)]}du})) ,  if8;=0
0
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n=739

Application

Repeated measures: Satisfaction (No=0, yes=1)
Variables: Age (<75 = 0; =75=1); Gender; Hypertension (HBP)

Table 1. Model

Parameter Estimate exp(estimate) E.P ICy594, 1Co7 59, Pr(>z)
Age 0,962 2,614 0,0986 0,768 1,155 <0,0001***
Gender 0,408 1,504 0,0948 0,222 0,542 0,0014**
HBP 0,336 1,399 0,1052 0,129 0,594 <0,0008***
K -0,954 0,385 0,3676 -1,674 -0,233 0,009**
Table 2. Jackknife

Parameter Mean Bies E.P. IC;5y,  IC97 59,

Age 0,9605 0,012 0,1281 0,9512 0,9697

Gender 0,4106 0,022 0,1108 0,41226 0,4186

HBP 0,3267 0,009 0,1704 0,3144 0,3389

K -1,1063 -0.048 12,1988 -1,2652  -0,9476
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Results and Conclusions
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 Exemple: n=150, m;=11, Monte Carlo replicas = 2000, censoring ratio = 30% , X;; ~Bernoulli(0,5)
and X;,~Uniform(0,1)
A,(t) = 0,05exp (0,3x; + 2x;, — 0,17(P;, t))
* Residuals are affected when the censoring ratio is 30% or higher;
 The maximum likelihood estimator for k is biased, independent of the censoring ratio;
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