ROGRESSIVE CENSORING

Debasis Kundu
Department of Mathematics and Statistics
Indian Institute of Technology Kanpur

this work Is going to appear in Technometrics.

—p.UT



INE OF THE TALK

—p.2/1



INE OF THE TALK

hat iIs a Progressive Censoring?

—p.2/1



INE OF THE TALK

hat iIs a Progressive Censoring?
sociated Problems

.= p.2/1



INE OF THE TALK

hat iIs a Progressive Censoring?
sociated Problems
Isting Methods

.= p.2/1



INE OF THE TALK

hat iIs a Progressive Censoring?
sociated Problems

Isting Methods

oposed Solutions

.= p.2/1



INE OF THE TALK

hat iIs a Progressive Censoring?
sociated Problems

Isting Methods

oposed Solutions

me Open Problems

.= p.2/1



INE OF THE TALK

hat iIs a Progressive Censoring?
sociated Problems

Isting Methods

oposed Solutions

me Open Problems

ferences

.= p.2/1



RESSIVE CENSORING

t n 1tems on test.
efix m, Ry, ..., R,,, such that

Ri+.. +R,+m=n

the ¢-th failure time say X,.,, remove R; items
m the remaining items.

op the experiment at .X,,,.,.

.—p.3/L



1st failure remove 2nd failure remove m-th failure remove

- pAlL



CIATED PROBLEMS?

.= p.

5/1



CIATED PROBLEMS?

ference on the Lifetime Distribution.

.= p.

5/1



CIATED PROBLEMS?

ference on the Lifetime Distribution.
timal Censoring Plans

—p5/L



ING METHODS

.= p.

6/1



ING METHODS

rametric Approach

.—p.6/1



ING METHODS

rametric Approach
eguentist Solution

.—p.6/1



ING METHODS

rametric Approach
eguentist Solution
nd MLEs or Some Other Estimators

.—p.6/1



ING METHODS

rametric Approach

€0
NG

NG

uentist Solution
MLES or Some Other Estimators
Exact or Asymptotic Distributions

.—p.6/1



ING METHODS

rametric Approach

equentist Solution

nd MLEs or Some Other Estimators
nd Exact or Asymptotic Distributions

nd Optimal Censoring Plans Using E or D
timality

.—p.6/1



OSED METHODS

.= p.

7/1



OSED METHODS

rametric Approach

.= p.

7/1



OSED METHODS

rametric Approach
sume Weibull Lifetime Distributions

—p7IL



OSED METHODS

rametric Approach
sume Weibull Lifetime Distributions
yesian Solution

—p7IL



OSED METHODS

rametric Approach
sume Weibull Lifetime Distributions
yesian Solution

tain Bayes Estimates and Credible Intervals using
CMC

—p7IL



OSED METHODS

rametric Approach
sume Weibull Lifetime Distributions
yesian Solution

tain Bayes Estimates and Credible Intervals using
CMC

opose New Optimal Censoring Plans

—p7IT



S AND POSTERIORS:

.= p.

8/1



S AND POSTERIORS:

Conjugate Priors EXist

.—p.8/L



S AND POSTERIORS:

Conjugate Priors EXist

sume the Shape and Scale Parameters have
dependent Gamma Priors

.—p.8/1



S AND POSTERIORS:

Conjugate Priors EXist

sume the Shape and Scale Parameters have
dependent Gamma Priors

proximate Bayes Estimates (Lindleys’
proximations)

.—p.8/1



S AND POSTERIORS:

Conjugate Priors EXist

sume the Shape and Scale Parameters have
dependent Gamma Priors

proximate Bayes Estimates (Lindleys’
proximations)

steriors are Log-Concave

.—p.8/1



S AND POSTERIORS:

Conjugate Priors EXist

sume the Shape and Scale Parameters have
dependent Gamma Priors

proximate Bayes Estimates (Lindleys’
proximations)

steriors are Log-Concave
steriors are Approximated

.—p.8/1



S AND POSTERIORS:

Conjugate Priors EXist

sume the Shape and Scale Parameters have
dependent Gamma Priors

proximate Bayes Estimates (Lindleys’
proximations)

steriors are Log-Concave
steriors are Approximated

yes Estimates and Credible Intervals are Obtained
iIng MCMC

.—p.8/1



=4 L) I A | | |
0 0.5 1 15 2 25 3

or Density Function, Approximate Posterior Den-
nction and the Generated MCMC Samples

.= p.9/L



AL CENSORING PLANS:




AL CENSORING PLANS:

hat is an Optimal Censoring Plan?

.= p.

10/1°



AL CENSORING PLANS:

hat is an Optimal Censoring Plan?

r fixed m and n, the choice of Ry, ..., R,, which
ovides the maximum Information regarding the
known parameters

. —p.10/1



AL CENSORING PLANS:

hat is an Optimal Censoring Plan?

r fixed m and n, the choice of Ry, ..., R,, which
ovides the maximum Information regarding the
known parameters

hat iIs the meaning of Information?

. —p.10/1



AL CENSORING PLANS:

hat is an Optimal Censoring Plan?

r fixed m and n, the choice of Ry, ..., R,, which
ovides the maximum Information regarding the
known parameters

hat Is the meaning of Information?

ace or Determinant of the Fisher Information
trix

. —p.10/1



AL CENSORING PLANS:

hat is an Optimal Censoring Plan?

r fixed m and n, the choice of Ry, ..., R,, which
ovides the maximum Information regarding the
known parameters

hat Is the meaning of Information?

ace or Determinant of the Fisher Information
trix

t Scale Invariant

. —p.10/1



AL CENSORING PLANS:

hat is an Optimal Censoring Plan?

r fixed m and n, the choice of Ry, ..., R,, which
ovides the maximum Information regarding the
known parameters

hat Is the meaning of Information?

ace or Determinant of the Fisher Information
trix

t Scale Invariant

e variance of the p-th percentile estimator

. —p.10/1



AL CENSORING PLANS:

hat is an Optimal Censoring Plan?

r fixed m and n, the choice of Ry, ..., R,, which
ovides the maximum Information regarding the
known parameters

hat Is the meaning of Information?

ace or Determinant of the Fisher Information
trix

t Scale Invariant

e variance of the p-th percentile estimator

Iterion depends on p

. —p.10/1



MATION MEASURES




MATION MEASURES

eguentist Approach:




MATION MEASURES

eguentist Approach:
Iterion 1.




MATION MEASURES

eguentist Approach:
Iterion 1.




MATION MEASURES




MATION MEASURES

yesian Approach

—p.12/1



MATION MEASURES

yesian Approach
Iterion 1:

_ Eda,ta{v;)osterior(P) (lIl Tp)}
Edata{%osterior(c ) (hl Tp)} |

C1(P)

—p.12/1



MATION MEASURES

yesian Approach
iterion 1:
Ea,a vosem’or 1 1,
Cy(P) = datal post (P)(Il p)},
Edata{%osterior(C ) (hl Tp)}
Iiterion 2:

B Edata fol V;josterior(P) (111 Tp)dW(p)

Co(P) =
Eata fol %Osterior(C) (11’1 Tp)dW(p)

)

—p.12/1



AL CENSORING PLANS:




AL CENSORING PLANS:

hoose P so that C; or (5 1S maximum




OPEN PROBLEMS:




OPEN PROBLEMS:

nd a discrete optimization algorithm




OPEN PROBLEMS:

nd a discrete optimization algorithm
tend it to other lifetime distributions

. —p.14/1



OPEN PROBLEMS:

nd a discrete optimization algorithm
tend it to other lifetime distributions
tend it to other censoring plans

. —p.14/1



RENCES.

mad; A. Rao, M. B., Zhang, H. (2003), “ Periodic
pection plans: the case of Weibull distribution”,
etrika, vol. 58, 15—30.

lakrishnan, N. and Aggarwala, R. (2000),
ogressive Censoring: Theory, Methods and
plications, Birkhauser, Boston.

lakrishnan, N. (2007), “Progressive Censoring
ethodology: An Appraisal (with discussions)”,
ST, vol. 16, 211-296.

.- p.15/1



RENCES.

ndu, D. (2008), “Bayesian Inference & Life
sting Plan for Weibull Distribution in Presence of
ogressive Censoring”, (to appear In

chnometrics)

, H.K.T., Chan, P.S. and Balakrishnan, N. (2004),
ptimal progressive censoring plans for the

eibull distribution”, Technometrics, vol. 46, no. 4,
0 - 481.

ang, Y. and Meeker, W. Q. (2005), “Bayesian life
t planning for the Weibull distribution with given
ape parameter”, Metrika, vol. 61, 237 - 249.

.- p.16/1



Thank You




	LARGE {sc On Progressive Censoring}
	sc Outline of the Talk
	sc Progressive Censoring
	
	sc Associated Problems?
	sc Existing Methods
	sc Proposed Methods
	sc Priors and Posteriors:
	
	sc Optimal Censoring Plans:
	sc Information Measures
	sc Information Measures
	sc Optimal Censoring Plans:
	sc Some Open Problems:
	sc References:
	sc References:
	

