Application of EL methods on bivariate MRL and quantile correlation estimators
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1. Abstract 2. Introduction

» Kulkarni and  Rattihalli  (2002)
proposed a bivariate MRL function.

3. Methods (Contd.)

6. Methods - F-distribution

8. Simulation Results
(Contd.)

Table 2: 95% coverage probability F-distribution
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Based on the bivariate mean
residual life (MRL) function

To Improve performance for small sample
sizes, we apply F-distribution calibration
based EL ratio tests proposed by Owen
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« We apply an EL method to the
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the EL and develop EL for the dimensional after profiling.

univariate MRL function. Extensive
simulation studies show EL
methods for both bivariate and

Continuing our study of EL based methods,
we apply JEL method to quantile
correlation (qcor) and quantile partial
correlation (gpcor) functions proposed by
Li, Li and Tsai (2015). The pseudo-values

9. Application - Real Data

* The proposed bivariate MRL function
by Kulkarni and Rattihalli (2002)
based on the empirical survival

—2logR( ) 2 1%

Table 3: Read dataset — Diabetic Retinopathy
Time to Blindness X= Treated Eye,} =Control Eye

4. Methods - Profile Nuisance
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where @ and 3 are ¢1 and g2
dimensional parameters respectively, by
showing that

Data Source: R “SurvCorr” package. Original 7 = 197
Considered for study n = 38 uncensored observations

methods results in noticeable
better coverage probability. AEL
method based on F-distribution

8. Simulation Results- MRL

Using same setting as in Kulkarni and Rattihalli

Table 4: Months of survival (Related to Table 3) - 95%

3. Methods - Apply EL method
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