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ABSTRACT 

For small sigma asymptotic approach due to Kadane and Shukla studies he properties of two families of 
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              Let the classical linear regression modal is  

 𝑌 = 𝑋   𝛽  +      𝑢       …(1) 

Where Y is Tx1   vector of observations   on the variable   to be explained, X is a   non- stochastic Txp full 

column matrix of observations on p explanatory variable 𝛽  is px1 vector of regression coefficients and u   

is Tx1 vector of disturbances following a multivariate normal distribution with mean vector is zero and 

dispersion matrix   𝜎2𝐼𝑇    
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 𝐸(𝑢) = 0  

And dispersion matrix 

𝐸(𝑢 𝑢′) = 𝜎2𝐼𝑇  

𝜎2 being unknown variance of disturbances. 

Concentration probability of estimator 𝑏ℎ𝑇 which is generalized estimator and we derive the small 

sigma asymptotically approcle, expression for the sampling distribution of the estimator  𝑏ℎ𝑇. 

The estimation error of 𝑏ℎ𝑇 may be written as 

 

 (𝑏ℎ𝑇 − 𝛽) = 𝜎𝛾1
∗ + 𝜎2

2𝛾2
∗ + 𝜎3𝛾3

∗ + 𝜎4𝛾4
∗ + 𝜎5𝛾5

∗ + 0(𝜎6)   …(2) 

 

𝛾1
∗ = (𝑋′𝑋)−1𝑋′𝑤 

𝛾2
∗ =

1

𝑛
(𝑤′𝑃̅𝑋𝑤)(𝑋

′𝑋)−1𝑄′ Ψ−1𝑣 

𝛾3
∗ = −

1

𝑛
(𝑤′𝑃̅𝑋𝑤)(𝑋

′𝑋)−
1
2 𝐴 𝑍  

𝛾4
∗ = −

1

𝑛2
(𝑤′𝑃̅𝑋𝑤)

2(𝑋′𝑋)−
1
2 𝐴(𝑋′𝑋)−

1
2 𝑄′Ψ−1𝑣 +

(𝑔′(0))
2

𝑛𝜃2
(𝑤′𝑃𝑋𝑤)

2(𝛽′ 𝑋′𝑋𝛽)(𝑋′𝑋)−1𝑄′Ψ−1𝑣 

𝛾5
∗ =

1

𝑛2
(𝑤′𝑃̅𝑋𝑤)

2(𝑋′𝑋)−
1
2  𝐴 𝑍 −

(𝑔′(0))
2

𝑛𝜃2
(𝑤′𝑃̅𝑋𝑤)

2(𝛽′ 𝑋′𝑋𝛽)(𝑋′𝑋)−
1
2  𝐴 𝑍

−  
4(𝑔′(0))

2

𝑛𝜃2
(𝑤′𝑃̅𝑋𝑤)

2(𝛽′ 𝑋′𝑋𝛽)𝛽′𝐶(𝑋′𝑋)−
1
2  𝑍 . (𝑋′𝑋)−1𝑄′Ψ−1𝑣

+
2(𝑔′(0))

2

𝑛𝜃2
(𝑤′𝑃̅𝑋𝑤)

2𝛽′(𝑋
′𝑋)

−
1
2
 𝑍. (𝑋′𝑋)−1𝑄′Ψ−1𝑣 

Again defining the vector 

 
𝑟ℎ =

1

𝜎
(𝑋′𝑋)

1
2(𝑏ℎ𝑇 − 𝛽) …(3) 

= 𝐴0
∗ + 𝜎𝐴1

∗ + 𝜎2𝐴2
∗ + 𝜎3𝐴3

∗ + 𝜎4𝐴4
∗ + 0(𝜎5) 

Where  

http://www.ijcrt.org/


www.ijcrt.org                                              © 2024 IJCRT | Volume 12, Issue 12 December 2024 | ISSN: 2320-2882 

IJCRT2412020 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org a167 
 

 𝐴0
∗ = 𝑍 

𝐴1
∗ =

1

𝑛
(𝑤′𝑃̅𝑋𝑤)(𝑋

′𝑋)−
1
2 𝑄′Ψ−1𝑣  

𝐴2
∗ = −

1

2
(𝑤′𝑃̅𝑋𝑤)  𝐴  𝑍   

𝐴3
∗ = − 

1

𝑛
(𝑤′𝑃̅𝑋𝑤)

2𝐻(𝑋′𝑋)−
1
2 𝑄′Ψ−1𝑣  

𝐴4
∗ =

1

𝑛
(𝑤′𝑃̅𝑋𝑤)

2 𝐻 𝐴 𝑍 +
2(𝑔′(0))

𝑛𝜃2
(𝑤′𝑃̅𝑋𝑤)

2(𝛼1
′𝑧). (𝑋′𝑋)−

1
2𝑄′Ψ−1𝑣

−
4(𝑔′(0))

2

𝑛𝜃3
(𝑤′𝑃𝑋𝑤)

2. (𝛼1
′𝛼1)(𝛼2

′𝑍)(𝑋′𝑋)−
1
2𝑄′Ψ−1𝑣  

 

 
 

 

 
  
  
  
  
  
 

 

 
  
  
  
 
 }
 
 
 
 
 
 
 

 
 
 
 
 
 
 

…(4) 

For fixed vector h, the characteristic function of the vector 𝑟ℎ to  order 0(𝜎4),can  be written as  

 𝜂𝑟ℎ(ℎ) = 𝐸(𝑒𝑖ℎ
′𝑟ℎ) …(5) 

 

= 𝐸[(𝑒𝑖ℎ
′𝑟ℎ). 𝑒(𝜎𝑖ℎ

′𝐴1
∗+𝜎2𝑖ℎ′𝐴2

∗+𝜎3𝑖ℎ′𝐴3
∗+𝜎4𝑖ℎ′𝐴4

∗+0(𝜎5) )] 

= 𝐸 [𝑒𝑖ℎ
′𝐴∗
3
 {1 + 𝜎(𝑖ℎ′𝐴1

∗) + 𝜎2 (𝑖ℎ′𝐴2
∗ +

1

2
(𝑖ℎ′𝐴1

∗)2) + 𝜎3 ((𝑖ℎ′𝐴3
∗) + (𝑖ℎ′𝐴1

∗)(𝑖ℎ′𝐴2
∗ ) +

1

6
(𝑖ℎ′𝐴1

∗)3)

+ 𝜎4 ((𝑖ℎ′𝐴4
∗ ) + (𝑖ℎ′𝐴1

∗)(𝑖ℎ′𝐴3
∗) +

1

2
(𝑖ℎ′𝐴2

∗)2 +
1

2
(𝑖ℎ′𝐴1

∗)2(𝑖ℎ′𝐴2
∗ ) +

1

24
(𝑖ℎ′𝐴1

∗)4) }] 

We get the characteristic function of vector rh , up to order 0(𝜎4), as follows. 

 
𝜂𝑟ℎ(ℎ) = (1 + 𝜎2𝜂2

∗ + 𝜎4𝜂4
∗)𝑒−

1
2ℎ

′ℎ  …(6) 

 
𝜂2
∗ =

(𝑛 − 2 )

2𝑛
(ℎ′𝐴ℎ) …(7) 

𝜂4
∗ = [

(𝑛 − 2 )

2𝑛
 {
(𝑛 − 2)(𝑛 − 4 ) + 16

4𝑛2
 (ℎ′𝐴ℎ)2 −

(𝑛 − 8 )

𝑛
(ℎ′𝐴2ℎ) −

8(ℎ′(0))
2

𝜃2
. (𝛼1

′𝛼1)(ℎ
′𝐴ℎ)}] . 0 

Noting the concentration probability of the estimator bhT around 𝛽 for the region bounded by the 

constant 𝑚̅1, 𝑚̅2, ………… . . 𝑚̅𝑝in the p – dimensional ecludian space to be  

 𝐶𝑃(𝑏ℎ𝑇) = 𝑃(|𝑏ℎ𝑇 − 𝛽| < 𝑚̅) …(8) 

 

Now with the help of results given by  

 
𝑔(𝑟𝑔) =

1

(2𝜋)𝑝
 ∫ ∫ ∫ …………∫ 𝑒𝑖ℎ𝑟𝑔 𝜙𝑔(ℎ) 𝑑ℎ

∞

−∞

∞

−∞

∞

−∞

∞

−∞

  …(9) 

1

(2𝜋)𝑝
 ∫ ∫ ∫ …………∫ 𝑒−𝑖ℎ

′𝑟ℎ−
1
2
𝑟ℎ
′𝑟ℎ   𝑑ℎ

∞

−∞

∞

−∞

∞

−∞

∞

−∞

 

= [(𝑡𝑟 𝐴)2 + 2𝑡𝑟 𝐴2 − 4(𝑟ℎ
′  𝐴2𝑟ℎ) + (𝑟ℎ

′𝐴𝑟ℎ)
2 − 2(𝑟ℎ

′𝐴𝑟ℎ) 𝑡𝑟 𝐴 ] 𝜉(𝑟ℎ) 

And the inversion theorem (9), we arrive at results  
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𝑓(𝑟ℎ) = (1 + 𝜁2𝜎
2 + 𝜎4𝜁4)𝜉(𝑟ℎ) 

𝜁2 =
(𝑛 − 2)

2𝑛
(𝑡𝑟 𝐴 − 𝑟ℎ

′  𝐴 𝑟ℎ) 

𝜁4 = (
𝑛 + 2

4𝑛
){
(𝑛 − 2)(𝑛 − 4) + 16 

2𝑛2
} (𝑡𝑟 𝐴 − 𝑟ℎ

′  𝐴 𝑟ℎ)
2 − {

(𝑛 + 2)(𝑛 − 12)

𝑛2
} (𝑡𝑟 𝐴2 − 𝑟ℎ

′𝐴2𝑟ℎ)

− {
(𝑛 − 2)(𝑛 − 4) + 16 

𝑛2
} 𝑟ℎ

′  𝐴2 𝑟ℎ − {
16(ℎ′(0))

𝜃2
} (𝛼1

′𝛼1)(𝑡𝑟 𝐴 − 𝑟ℎ
′𝐴𝑟ℎ)  

𝐶𝑃(𝑏ℎ𝑇) = 𝑃 [|𝑟ℎ𝑔
∗ | < 𝑚𝑗; 𝑗 = 1,2,3, , , … ……𝑝] 

 

= ∫ ……… .∫ 𝑓(𝑟ℎ)    𝑑𝑟ℎ1. 𝑑𝑟ℎ2……… . 𝑑𝑟ℎ𝑝 
𝑚1

−𝑚1

𝑚𝑝

−𝑚𝑝

 

 

=  1 +
𝜎2(𝑛−2)

2𝑛
𝑡𝑟 𝐴 𝐸 +

𝜎4(𝑛+2 )

4𝑛
{
(𝑛−2)(𝑛−4)+16

2𝑛2
 (3𝑡𝑟 (𝐴 #  𝐴 ) − (𝑡𝑟   𝐴 )2 − 2𝑡𝑟 𝐴2 + 4𝑡𝑟 𝐴2𝐸 −

3𝑡𝑟(𝐴#  𝐴)𝐸 − 𝑡𝑟 ( 𝐴# 𝐴)#𝐸𝑚𝑚′  + Σ𝑖≠𝑗=1
𝑝 (𝑎𝑖𝑖𝑎𝑗𝑗 + 2𝑎𝑖𝑗) . (1 − 𝑒𝑖)(1 − 𝑒𝑗)) −

8(ℎ′(0))
2

𝜃2
(𝛽′𝑋′𝑋𝛽)𝑡𝑟 𝐴𝐸 −

(𝑛−8)

𝑛
𝑡𝑟 𝐴2𝐸    } ∅(𝑚)  

We have the concentration probability of the mixed estimator   

𝐶𝑃(𝑏𝑇) = [1 + 𝜎2 {
𝑛 − 2

2𝑛
 𝑡𝑟 𝐴𝐸} ] 𝜙(𝑚) 

And the Concentration probability of the generalized estimator bhT 

𝐶𝑃(𝑏ℎ𝑇) = [1 + 𝜎2
(𝑛−2)

2𝑛
 𝑡𝑟 𝐴𝐸 + 𝜎4

(𝑛+2)

4𝑛
 {
(𝑛−2)(𝑛−4)+16

2𝑛2
− (3𝑡𝑟(𝐴#𝐴) − (𝑡𝑟𝐴)2 − 2𝑡𝑟𝐴2 +

4𝑡𝑟𝐴2𝐸 − 3𝑡𝑟 (𝐴#𝐴)𝐸 − 𝑡𝑟(𝐴#𝐴)#𝐸𝑚′𝑚 + Σ𝑖≠𝑗=1
𝑝 (𝑎𝑖𝑖𝑎𝑗𝑗 + 2𝑎𝑖𝑗). (1 − 𝑒𝑖)(1 − 𝑒𝑗)) −

8(ℎ′(0))
2

𝜃2
(𝛽′𝑥𝑥′𝛽)𝑡𝑟𝐴𝐸 −

(𝑛−8)

𝑛
𝑡𝑟 𝐴2𝐸}]𝜙(𝑚)    

                                          

 # denotes the Hadamard product of matrices so that   Which is the generalized classes of estimator 𝑏ℎ𝑇 

in linear regression model  the  concentration probability of an estimators.      

For small sigma asymptotic approach due to Kadane and Shukla studies he properties of two families of 

estimators considered by Srivastava and Chandra from the idea of concentration probabilities 

  
of estimators  stochastically restricted a linear regression model. To analyses the properties of more 

generalized classes of estimators by Sing et.al (1995) from concentration probabilities theme choice of an 

estimator.We see that generalized estimator bhT will have  concentration probability up to order 

𝑜(𝜎4),around p then the mixed regression estimator the generalized class 𝑏ℎ𝑇 of mixed type estimator 

has the value  for comparing both we see that the range of 𝑏ℎ𝑇1 𝑜𝑣𝑒𝑟  𝑏𝑇  is wider than that is better of 

𝑏𝑇𝑆 𝑜𝑣𝑒𝑟 𝑏𝑇  in the extended range of 𝑏ℎ𝑇1 𝑜𝑣𝑒𝑟 𝑏𝑇  , the estimator 𝑏ℎ𝑇1  𝑜𝑣𝑒𝑟 𝑏𝑇, the estimator 

𝑏𝑇  𝑎𝑛𝑑 𝑏𝑇𝑆.  We can say that the concentration probability an estimator around the true parameter for 
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generalized classes of estimator  in linear regression model. Which is the generalized classes of estimator 

𝑏ℎ𝑇 in linear regression model  the sampling distribution, concentration probability of an estimators.  
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