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Introduction
• Joined the department in 2001.
• Teach two courses: 

– Elements of Stochastic Processes (Biostat 2040).
– Analysis of Incomplete Data (Biostat 2065).

• Some research interests: 
– Statistical Analysis of Missing Data.
– Analysis of Correlated Outcomes.
– Semi-Parametric Statistics.

• Statistician of the Biostatistical Center of NSABP 
(www.nsabp.pitt.edu). 
– Work on cancer clinical trials.
– Recently involved in studies to investigate the association 

between genomic data and clinical outcomes (with Drs. John 
Bryant and Joe Costantino).

http://www.nsabp.pitt.edu/


An Interesting Phenomenon
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 Pseudolikelihood method
    Likelihood function of :  ( ; ) ( | ).

 : parameter of interest; : nuissance parameter.
ˆ     is a consistent estimator of ;   is the true value.
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 Demonstrate through a missing-data problem.
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Bivariate data with 
outcome-dependent nonresponse
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  Model assumptions:
        ( ) ( ; ),   [ | ] ( | , ).
        ( ) Pr[ 1|  ,  ] ( ; ).
 A conditional likelihood method
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Full likelihood for 2-pattern data
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  Model assumptions:
        ( ) ( | ),   [ | ] ( | , ).
        ( ) Pr[ 1|  ,  ] ( | ).
  Full likelihood:
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θ̂Asymptotic Variance of 
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Asymptotic Variance of        (I)
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Asymptotic Variance of        (II)
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Another Pseudolikelihood Estimator
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is the empirical distribution of .

 Simulation studies suggest that  is even more efficient even 
   though it has no assumption on 
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Auxiliary Information

0 If ( ) ( ; ) is known, for example, in some survey studies,
  can we get more efficient estimator?
 Answer: yes, with empirical likelihood.
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Empirical Likelihood
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Empirical likelihood is a nonparametric method of inference based
   on a data-driven likelihood rat

"
" (Art Owen).
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Incorporate Auxiliary Information
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 For example, ( )  is known.
 The PL2 estimator solves the estimating equations

                   0= ( ; ) ( ; ).

 New estimator:

  (i) Maximizes  subject to constraints
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A simulation study

 Complete data:
     (1) [ ] (0,1),
     (2) [ | ] (1 ,1).
 Missing-data mechanism:

             [ 1| , ] ( -1).
 Compare the performance of the PL and EL 
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Note: sample size n=300,  average # of c.c.=150.
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Simulation results

Table: empirical biases and standard deviations         
of two estimators over 1000 replicates

Methods

PL 0.012 
(0.133)

0.019 
(0.115)

0.015 
(0.197)

EL 0.012 
(0.129)

0.017 
(0.11)

0.009 
(0.186)

2
0 1                                β β σ



Reference
• Tang, Little and Raghunathan. Analysis of multivariate 

missing data with nonignorable nonresponse.
Biometrika, vol. 90, pp. 747-764, 2003.

• Tang, Little and Raghunathan. Analysis of multivariate 
monotone missing data by a pseudolikelihood method.
Proceedings of the 2nd Seattle Symposium in 
Biostatistics: Analysis of Correlated Data. Lecture Notes 
in Statistics, Vol. 179. Editor, D. Lin and P.J. Heagerty. 
2005.

• An unpublished manuscript.
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