
Homework#1 Statistical Inference II 

Name: Jia-Han Shih 

Problem 3.1 [p.134] 

(a) In Example 3.1, show that .
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Solution: 

According to Example 3.1, we have 
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Hence nT /  is the UMVUE of p . Now,  
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Since nXXX ,,, 21   follow Bernoulli distribution, we have 
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Thus, the equality become 
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Then we finished the proof. 
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Solution: 

By direct calculation, we have 
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Since 
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is the UMVUE of )1( pp  . The variance is  
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To calculate the variance, we need to first compute the moments of Binomial 

distributions. The moment generating function of Binomial distribution is 
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Then we can compute the moments by moment generating function. The first moment 
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The second moment is 

.)1(

})1()1()1({

)()(

2222

0

2221

0

2

2
2

npnppnpnnnp

pepepnnpepnpe

tM
dt

d
TE

t

nttntt

t













 

The third moment is 
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The fourth moment is 
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Therefore, the variance is 
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Then we finished the proof.  

 

  



Problem 1.6 

In Example 1.5, find the Bayes estimator   of )1( pp   when p  has the prior 

),( baB .  

Solution: 

Suppose  
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Therefore, the posterior distribution is 
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The Bayes estimator   of )1( pp   is 
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Then we obtain the Bayes estimator  
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Example 2.5 

Suppose  
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conjugate prior  

)./1,(Gamma~  g  

By the properties of the Gamma distribution, we have 




g
E )( , 

22

2

2

2 )1(
)(







gggg
E , 

1

1












g
E




 and 

)2)(1(

1 2

2 










gg
E




. 

Then we can derive the posterior distribution, let 



n

i

iXY
1

2 . Thus,  

.

)|(

)(1

1
















ygr

ygyr

e

eex
 

Therefore, the posterior distribution is  
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The Bayes estimator of 2  is  
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As we known, the UMVUE of 2  is  
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Therefore, the Bayes estimator can be written as a linear combination of the UMVUE 

and the prior mean 
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