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Non-response in a survey refers to the absence of data from selected participants who
fail to provide information for various reasons. Imputation is one of the most effective
techniques to address non-response in sample surveys and ensure data completeness. The
most commonly used imputation methods are mean imputation, ratio imputation, and the
compromised imputation method. Mean imputation replaces all missing values with the
mean of the responded values, thus reducing the variability in the data set. To maintain
a proportional link between variables, the ratio imputation technique is useful, although
it assumes a strong linear relationship between the study and auxiliary variables, which
may not always hold. If violated, this can lead to biased results. The compromised
imputation method combines several techniques but still has limitations and may produce
biased outcomes when underlying assumptions are not met. To address these issues, we
propose three Exponential-Inverse Sine-Logarithmic (ESL) imputation techniques along
with their corresponding point estimators. We derive the bias and mean square error
(MSE) of the proposed estimators and evaluate their performance both theoretically and
numerically in comparison with existing methods. Additionally, simulated population data
sets were generated using statistical software to conduct simulation studies. Percentage
relative efficiencies (PRE) were calculated to compare the performance of all estimators
with respect to the mean and ratio methods. Based on the results, we conclude that the
proposed imputation techniques outperform the existing ones.

Keywords: simple random sampling; imputation; bias; mean square error (MSE); per-
centage relative efficiency (PRE); simulation study.
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1. Introduction

In sample surveys, missing data or missing values occur when a chosen respondent refuses to participate
in a survey for various reasons. Various techniques are available to handle the problems of missing data.
One of the best techniques to deal with missing data is imputation. In finite population sampling,
Meeden [1] discussed a theoretic approach to imputation. Lee and Sardal proposed an imputation
technique known as the ratio method of imputation. Later, an improved imputation technique named
as the compromised imputation technique was developed in [2]. Singh et al. [3] proposed exponential
type imputation technique for missing observations. Prasad [4] proposed product exponential method of
imputation. Singh et al. [5] developed some logarithmic and sine-type imputation techniques. Pandey
et al. [6] proposed some new logarithmic-type imputation methods for handling missing data. Later,
Singh and Gogoi [7] proposed exponential dual to ratio type compromised imputation techniques.

Consider a sample S of size n drawn from a finite population Ω of size N without replacement. Let
Y be the study variable and X be the auxiliary variable. Y and X are the population means of the
variables Y and X respectively given by

Y =
1

N

N
∑

i=1

yi, X =
1

N

N
∑

i=1

xi.
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Let the sample consist of r responding units, which form the set Re, and (n− r) non-responding units,
which belong to the set ReC .

2. Some known methods of imputation

2.1. Mean method

In this imputation method, each non-response data is replaced with the mean of the responded data.
Here

y.i =

{

yi, if i ∈ Re,
yr, if i ∈ Rec .

The unit estimator of the above imputation method is given by

ys =
1

n

∑

i∈S

y.i = yr,

where yr =
1
r

∑

i∈Re y.i.
Bias, B(·) of the above point estimator yr is

B(yr) = 0.

The MSE of the above unit estimator yr is

MSE (yr) = Y
2
λr,NC2

Y .

2.2. Ratio method

This method, proposed by Lee and Sardal [8],

y.i =

{

yi, if i ∈ Re,
âxi, if i ∈ Rec,

where â =
∑

i∈Re
yi∑

i∈Re
xi

.

The unit estimator of the above imputation method is given by

yRAT = yr
xn

xr
,

where yr =
1
r

∑

i∈Re y.i, xr =
1
r

∑

i∈Re xi, xn = 1
n

∑

i∈S xi.
The bias of the above unit estimator yRAT is

B (yRAT) = Y
2
λr,n (1− ρY X)C2

X .

The MSE of the above unit estimator yRAT is

MSE (yRAT) = Y
2 {

λr,NC2
Y + λr,n (1− 2φY X)C2

X

}

.

2.3. Compromised method

Under this imputation technique, the data take the form

y.i =

{

αn
r
yi + (1− α)âxi, if i ∈ Re,

(1− α)âxi, if i ∈ Rec,

where α is a chosen constant.
The unit estimator of the above imputation method is given by

yCOMP = αyr + (1− α)yr
xn

xr
.

The bias of the above point estimator yCOMP is

B (yCOMP) = Y λr,n (1− α) (1− φY X)C2
X .

The MSE M(·) of the above unit estimator yCOMP is

M (yCOMP) = Y
2 [

λr,NC2
Y + λr,n

{

(1− α)2 − 2(1− α)φY X

}

C2
X

]

.

The MSE of the resultant estimator achieves its minimum at αopt = 1− φY X .
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Hence, the optimum mean square error (MSE) is given by

MSE (yCOMP)opt = Y
2 (

λr,N − λr,nρ
2
Y X

)

C2
Y ,

where ρY X is the Pearson’s correlation coefficient between the study variable Y and the auxiliary
variable X and

S2
X =

1

N − 1

N
∑

i=1

(

xi −X
)2

, S2
Y =

1

N − 1

N
∑

i=1

(

yi − Y
)2

are the population mean squares of the study variable Y and the auxiliary variable X, respectively.
Let

φY X = ρY X
CY

CX

,

where C2
X =

S2

X

X
2 and C2

Y =
S2

Y

Y
2 and a = n

N−n
.

Consider λn,N=
(

1
n
− 1

N

)

, λr,N=
(

1
r
− 1

N

)

, λr,n=
(

1
r
− 1

n

)

.

3. Proposed imputation techniques and corresponding estimators

The three imputation techniques with their corresponding point estimators are suggested as follows

(1) (y.i)I =







yi, if i ∈ Re,

1
n−r

yr

[

n exp

[

α sin−1

{

1−
(

lnX
lnxr

)β
}]

− r

]

, if i ∈ Rec,

where α and β are suitably chosen constants.
The point estimator of the population mean Y in the proposed imputation method is

yESL1 = yr exp

[

α sin−1

{

1−
(

lnX
lnxr

)β
}]

, (1)

(2) (y.i)II =







yi, if i ∈ Re,

1
n−r

yr

[

n exp

[

α sin−1

{

1−
(

lnX
lnxn

)β
}]

− r

]

, if i ∈ Rec,

where α and β are appropriately chosen constants.
The point estimator of the population mean Y in the proposed method of imputation is

yESL2 = yr exp

[

α sin−1

{

1−
(

lnX
lnxn

)β
}]

, (2)

(3) (y.i)III =







yi, if i ∈ Re,

1
n−r

yr

[

n exp

[

α sin−1

{

1−
(

lnxn

lnxr

)β
}]

− r

]

, if i ∈ Rec,

where α and β are suitably chosen constants.
The point estimator of the population mean Y in the proposed method of imputation is

yESL3 = yr exp

[

α sin−1

{

1−
(

lnxn

lnxr

)β
}]

. (3)

4. Properties of the proposed point estimators

To determine the bias and mean square error (MSE) of the proposed imputed estimators, we write

e1 =
y
r
−Y

Y
, e2 =

xr−X

X
, e3 =

xn−X

X

such that |ei| < 1, where i = 1, 2, 3.
Here, we have

E(e1) = E(e2) = E(e3) = 0

and

E(e21) = λr,NC2
Y , E(e22) = λr,NC2

X , E(e23) = λn,NC2
X ,

E(e1e2) = λr,NρY XCYCX , E(e2e3) = λn,NC2
X , E(e1e3) = λn,NρY XCYCX .
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4.1. Bias and MSE of yESL1

Let k = 1

lnX
. Now we express the logarithm of the sample mean of size r, xr as

lnxr = lnX(1 + e2) = lnX + ln(1 + e2).

Assuming that |e2| < 1, we expand ln(1 + e2) up to second-order approximation as

lnxr = lnX +

(

e2 −
e22
2

+
e32
3

−
e42
4

+ . . .

)

≈ lnX

(

1 + ke2 −
ke22
2

)

. (4)

Using Equation (4) in Equation (1), expanding the proposed estimator yESL1 up to second order in
terms of ei’s, we have

yESL1 ≈ Y

[

1 + e1 + αβke2 −
αβk(1 + 2k + βk − k − αβk)

2
e22 + αβke1e2

]

. (5)

Taking expectations on both sides of Equation (5) and rewritten as

E
(

yESL1 − Y
)

= Y E

[

αβke1e2 −
αβk(1 + 2k + βk − k − αβk)

2
e22

]

. (6)

Now, using the results of E
(

e22
)

and E (e1e2) in Equation (6), the bias of yESL1 is

B (yESL1) = αβkY λr,N

(

φY X −
1 + 2k + βk − k − αβk

2

)

C2
X . (7)

Squaring both sides of the Equation (5) and taking expectations up to second order, we have

E
(

yESL1 − Y
)2

= Y
2
E
[

e21 + α2β2k2e22 + 2αβke1e2
]

. (8)

Putting the results of E
(

e21
)

, E
(

e22
)

and E (e1e2) in Equation (8), the MSE of yESL1 is given by

MSE (yESL1) = Y
2
λr,N

[

C2
Y + αβk(αβk + 2φY X)C2

X

]

. (9)

Differentiating Equation (9) with respect to α and equating the derivative to zero, the optimal value
of α is

αopt = −
φY X

βk
.

Putting the optimal value of α in Equation (9), we get the asymptotic optimum mean square error of
the estimator (yESL1) as

MSE (yESL1)opt = Y
2
λr,N

(

1− ρ2Y X

)

C2
Y . (10)

4.2. Bias and MSE of yESL2

Let k = 1

lnX
. Now we express the logarithm of the sample mean of size n, xn as

lnxn = lnX(1 + e3) = lnX + ln(1 + e3).

Assuming that |e3| < 1, we expand ln(1 + e3) up to second-order approximation as

lnxn = lnX +

(

e3 −
e23
2

+
e33
3

−
e43
4

+ . . .

)

≈ ln(X)

(

1 + ke3 −
ke23
2

)

. (11)

Using Equation (11) in Equation (2), expanding the proposed estimator yESL2 up to second order in
terms of ei’s, we have

yESL2 ≈ Y

[

1 + e1 + αβke3 −
αβk(1 + 2k + βk − k − αβk)

2
e23 + αβke1e3

]

. (12)

Taking expectations on both sides of Equation (12), we rewrite it as

E
(

yESL2 − Y
)

= Y E

[

αβke1e3 −
αβk(1 + 2k + βk − k − αβk)

2
e23

]

. (13)

Now, using the results of E
(

e23
)

and E (e1e3) in Equation (13), the bias of yESL2 is
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B (yESL2) = αβkY λn,N

(

φY X −
1 + 2k + βk − k − αβk

2

)

C2
X . (14)

Squaring both sides of Equation (12) and taking expectations up to second order, we have

E
(

yESL2 − Y
)2

= Y
2
E
[

e21 + α2β2k2e23 + 2αβke1e3
]

. (15)

Substituting the expressions for E
(

e21
)

, E
(

e23
)

and E (e1e3) in Equation (15), the MSE of yESL2 is
given by

MSE (yESL2) = Y
2 [

λr,NC2
Y + αβkλn,N (αβk + 2φY X)C2

X

]

. (16)

Differentiating Equation (16) with respect to α and equating the derivative to zero, the optimal value
of α is

αopt = −
φY X

βk
.

Substituting the optimal value of α in Equation (16), we get the asymptotic optimum mean square
error of the suggested estimator (yESL2) as

MSE (yESL2)opt = Y
2 (

λr,N − λn,Nρ2Y X

)

C2
Y . (17)

4.3. Bias and MSE of yESL3

Using Equations (4) and (11) in Equation (3) and expanding the proposed estimator yESL3 up to
second order in terms of ei’s, we have

yJLE3 ≈ Y

[

1 + e1 + αβke2 − αβke3 +
αβk

2
(1− βk + k + αβk) e23

−
αβk

2
(1 + k + βk − αβk) e22 + αβke1e2 − αβke1e3 + αβ2k2(1− α)e2e3

]

. (18)

Taking expectations on both sides of (18) and rewritten as

E
(

yESL3 − Y
)

= Y E

[

αβk

2
(1− βk + k + αβk) e23 −

αβk

2
(1 + k + βk − αβk) e22

+ αβke1e2 − αβke1e3 + αβ2k2(1− α)e2e3

]

. (19)

Now using the results of E
(

e21
)

, E
(

e22
)

, E
(

e23
)

, E (e2e3), E (e1e3) and E (e1e2) in (19), the bias of
yESL3 is

B (yESL3) = Y
αβk

2
λr,n [2φY X − (1 + βk + k − αβk)]C2

X . (20)

Squaring both sides of Equation (18) and taking expectations up to second order, we have

E
(

yESL3 − Y
)2

= Y
2
E
[

e21 + α2β2k2e22 + α2β2k2e23 − 2α2β2k2e2e3 − 2αβke1e3 + 2αβke1e2
]

. (21)

Substituting the results of E
(

e21
)

, E
(

e22
)

, E
(

e23
)

, E (e2e3), E (e1e3) and E (e1e2) in (21), the MSE of
yESL3 is obtained as

MSE (yESL3) = Y
2 [

λr,NC2
Y + λr,nαβk (αβk + 2φY X)C2

X

]

. (22)

Differentiating Equation (22) with respect to α and equating the derivative to zero, the optimal value
of α is

αopt = −
φY X

βk
.

Substituting the expressions for α in (22), we get the asymptotic optimum mean square error of the
suggested estimator (yESL3) as

MSE (yESL3)opt = Y
2 (

λr,N − λr,nρ
2
Y X

)

C2
Y . (23)
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5. Efficiency comparison of the estimator y
ESL1

Versus the estimator yr,

MSE (yr)−MSE(yESL1)opt = Y
2
λn,Nρ2Y XC2

Y > 0.

Hence the proposed class of estimator is more competent than yr.
Versus the estimator yRAT,

MSE(yRAT)−MSE (yESL1)opt = Y
2
[

λn,Nρ2Y XC2
Y + λr,n (CX − ρY XCY )

2
]

> 0.

Hence the proposed class of estimator is more competent than yRAT.
Versus the estimator yCOMP,

MSE (yCOMP)opt −MSE (yESL1)opt = Y
2
λn,Nρ2Y XC2

Y > 0.

Hence the proposed estimator yESL1 is more competent than the existing estimator yCOMP.

6. Efficiency comparison of the estimator yESL2

Versus the estimator yr,

MSE (yr)−MSE(yESL2)opt = Y
2
λn,Nρ2Y XC2

Y > 0.

Hence the proposed class of estimator is more competent than yr.
Versus the estimator yRAT,

MSE (yRAT)−MSE (yESL2)opt = Y
2
[

(λn,N − λr,n) ρ
2
Y XC2

Y + λr,n (CX − ρY XCY )
2
]

> 0.

Hence the proposed estimator yESL2 is more competent than the estimator yRAT under the condition
of r > Nn

2N−n
.

Versus the estimator yCOMP,

MSE (yCOMP)opt −MSE (yESL2)opt = Y
2
(λn,N − λr,n) ρ

2
Y XC2

Y > 0.

Hence the estimator yESL2 is better than the estimator yCOMP if r > Nn
2N−n

.
Versus the estimator yESL1,

MSE (yESL2)opt −MSE (yESL1)opt = Y
2
λr,nρ

2
Y XC2

Y > 0.

Hence the estimator yESL1 is more efficient than yESL2.

7. Efficiency comparison of the estimator y
ESL3

Versus the estimator yr,

MSE (yr)−MSE (yESL3)opt = Y
2
λr,nρ

2
Y XC2

Y > 0.

It is found that the estimator is more competent than yr.
Versus the estimator yRAT,

MSE (yRAT)−MSE (yESL3)opt = Y
2
λr,n (CX − ρY XCY )

2
> 0.

Hence the proposed estimator yESL3 is more competent than the existing estimator yRAT.
Versus the estimator yCOMP,

MSE (yCOMP)opt −MSE(yESL3)opt = 0.

Hence the estimators yESL3 and yCOMP are equally efficient.
Versus the estimator yESL1,

MSE (yESL3)opt −MSE (yESL1)opt = Y
2
λn,Nρ2Y XC2

Y > 0.

Hence the estimator yESL1 is more efficient than yESL3.
Versus the estimator yESL2,

MSE (yESL3)opt −MSE (yESL2)opt = Y
2
(λn,N − λr,n) ρ

2
Y XC2

Y > 0.

Hence the estimator yESL2 is more efficient than yESL3 if r > Nn
2N−n

.
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8. Numerical illustration

To evaluate the performance and efficiency of the proposed estimators, we selected two natural popu-
lation data sets. The details of the data sets are given below

Population A. Source: District Census Handbook, Orissa (1981). We considered population data
of 109 villages/towns/wards in the urban area under police-station Baria, Tahasil-Champua, Orissa,
where

X = Average number of non-workers in the village,

Y = Average number of literate persons in the village.

Population B. We considered COVID-19 death data in India. COVID-19 data were retrieved from
WHO websites (download link: https://covid19.who.int/WHO-COVID-19-global-data.csv) (2022). A
total of 943 days’ data (from the period of 01-February-2020 to 31-August-2022) were taken to examine
the impact of mortality in India.

Table 1. Descriptions of the population data sets.

Parameters Population A Population B
N 109 943

n (10%− 45%) (16, 27, 31) (330, 280, 308)
r (75%− 95%) (8, 12, 14), (264, 272, 298),

(13, 19, 24), (230, 246, 268),
(19, 22, 28) (222, 256, 272)

Y 145.3028 559.7815
X 259.083 47113.88
ρ 0.875 0.7393
C2

Y
0.4759 2.3910

C2
X

0.2947 2.6354

Here, we have considered the sample sizes
(n) between 10% and 45% and the response rate
(r) between 75% and 95% with different corre-
lation coefficients.

The percentage relative efficiencies (PREs)
of the proposed estimator and exiting estima-
tors with respect to the mean imputation es-
timator (yr) have been calculated for different
choices of n and r and presented in Tables 2 and
3. The expressions of PRE are given by

PRE(t) = 100 ×
MSE (yr)

MSE(t)
,

where t = yRAT, yCOMP, yESL1, yESL2, yESL3.
We have computed PRE of different estimators under population data sets.

Table 2. PRE of the proposed and existing estimators with respect to mean for population data set A.

n r Mean Ratio Compromised yESL1 yESL2 yESL3

(yr) (yRAT ) (yCOMP )
16 8 100 133.4421 170.3967 426.6667 194.4379 170.3967

12 100 115.0050 127.4024 426.6667 222.4890 127.4024
14 100 107.1363 112.3352 426.6667 290.5442 112.3352

27 13 100 137.6329 182.0664 426.6667 245.9588 182.0664
19 100 119.9993 137.8821 426.6667 196.4182 137.8821
24 100 107.0864 112.2447 426.6667 291.1513 112.2447

31 19 100 127.8340 155.9912 426.6667 131.8468 155.9912
22 100 120.3272 138.5975 426.6667 194.9844 138.5975
28 100 106.4376 111.0747 426.6667 299.3295 111.0747

Table 3. PRE of the proposed and existing estimators with respect to mean for population data set B.

n r Mean Ratio Compromised yESL1 yESL2 yESL3

(yr) (yRAT) (yCOMP)
330 264 100 114.29 117.8987 220.5385 165.221 117.8987

272 100 112.5097 115.6074 220.5387 169.9412 112.5097
298 100 106.8168 108.3996 220.5387 188.3514 106.8168

280 230 100 111.8960 114.8218 220.5387 171.6678 111.8960
246 100 107.9858 109.8651 220.5385 184.0847 109.8651
268 100 102.7698 103.3832 220.5387 205.6936 102.7698

308 222 100 119.6731 124.9379 220.5387 153.1305 119.6731
256 100 111.6468 114.5032 220.5385 172.3846 114.5033
272 100 107.9846 109.8636 220.5387 184.0888 107.9846
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9. Simulation study

In this section, we conduct a simulation study using statistical computational software [9] to establish
the performance of the proposed imputation methods over mean and ratio methods of imputations.
For this manuscript, we have generated data sets using the ‘genCorGen’ function available in the
package ‘simstudy’ [10]. For the study and auxiliary variables, we generated data sets from the Normal
distribution with given parameters and correlation coefficients.

We consider a population size of N = 8500 to generate a dataset of the variables (X,Y ) and
calculate the required parameters and correlation coefficient, and we consider only one combination
for simulation for β = 2.

For data from the normal distribution:

Data = (X,Y ), X ∼ (321.0029, 0.9986), Y ∼ (457.0018, 0.9925).

The following steps were used for the simulation of the required population:

Step 1 The ‘genCorGen’ function was used to create a data set with the normal distribution of variables X

and Y of size N = 8500 using the statistical computer program [9] Software.
Step 2 The parameters were calculated.
Step 3 A sample of sizes n = 340, 765, 1020, 1445, 1700, and 1870 (i.e., sample sizes lay between 4% and 22%)

was chosen from this artificial data set with response rates r = (265, 282, 296, 313), (597, 635, 666, 704),
(796, 847, 887, 939), (1127, 1199, 1257, 1329), (1326, 1411, 1479, 1564), and (1459, 1552, 1627, 1720), re-
spectively (i.e., the response rate lay between 78% and 92% of the total).

Step 4 Sample statistics, i.e. sample mean, sample variance, and the values of the proposed and existing
estimators were calculated for this sample by the imputation techniques.

Step 5 Steps (3) and (4) were repeated 50 000 times.
Step 6 The MSE of every estimator was calculated by the formula of the MSE given by

MSE(t) =
1

50000

m
∑

i=1

(

ti − Y
)2

,

where t = yRAT, yCOMP, yESL1, yESL2, yESL3.
Step 7 The PRE of each estimator was calculated with respect to both mean and ratio estimators.

Table 4. PRE of the proposed and existing estimators w.r.t. mean for simulated population.

n r Mean Ratio Compromised yESL1 yESL2 yESL3

(yr) (yRAT) (yCOMP)
340 265 100 113.9510 117.9843 298.4642 205.8361 117.9844

282 100 110.3634 113.1978 296.6979 220.1958 113.1977
296 100 107.6579 109.5184 298.1828 235.3574 109.5187
313 100 104.5903 105.7345 302.5664 260.0924 105.7344

765 597 100 114.2429 118.0520 299.3358 202.9238 118.0520
635 100 111.7084 114.6441 300.7902 221.9763 114.6441
666 100 108.3124 110.4426 296.4110 235.3096 110.4426
704 100 104.8390 106.1487 296.3235 251.2221 106.1487

1020 794 100 114.3723 118.8043 303.0546 203.9413 118.8043
847 100 111.6880 114.3572 299.4302 218.4069 114.3572
887 100 108.5921 110.5954 303.0168 234.8558 110.5954
939 100 105.5798 106.8347 295.7327 251.2449 106.8347

1445 1127 100 117.3812 122.0280 301.8481 200.6764 122.0280
1199 100 111.7990 114.9237 297.0182 211.8166 114.9237
1257 100 108.8625 111.3301 300.3498 228.1987 111.3301
1329 100 105.1634 106.6227 295.3727 248.1224 106.6227

1700 1326 100 116.8813 121.6795 299.3749 196.6359 121.6795
1411 100 111.4307 115.0038 299.1192 212.0901 115.0038
1479 100 109.8892 112.4304 293.5836 224.4231 112.4304
1564 100 105.7665 107.3481 293.5836 224.4231 112.4304

1870 1459 100 115.7670 120.4316 294.2983 192.2403 120.4316
1552 100 113.3495 116.2517 300.6417 212.6468 116.2517
1627 100 109.7758 112.1398 294.2248 224.0924 112.1398
1720 100 105.7008 107.2563 299.8213 250.3383 107.2563
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Table 5. PRE of the proposed and existing estimators w.r.t. ratio for simulated population.

n r Mean Ratio Compromised yESL1 yESL2 yESL3

(yr) (yRAT) (yCOMP)
340 265 87.7570 100 103.5395 261.9233 180.6356 103.5396

282 90.6097 100 102.5682 268.8372 199.5188 102.5682
296 92.8868 100 101.7284 276.9726 218.6161 101.7284
313 95.6112 100 101.0940 289.2873 248.6774 101.0939

765 597 87.5328 100 103.3342 262.0169 177.6248 103.3342
635 89.5188 100 102.6279 269.2637 198.7104 102.6279
666 92.3256 100 101.9668 273.6631 217.2509 101.9668
704 95.3844 100 101.2492 282.6464 239.6267 101.2492

1020 794 87.4337 100 103.8751 264.9719 178.3135 103.8751
847 89.5351 100 102.3898 268.0953 195.5509 102.3898
887 92.0878 100 101.8448 279.0414 216.2734 101.8448
939 94.7151 100 101.1886 280.1035 237.9669 101.1886

1445 1127 85.1925 100 103.9587 257.1519 170.9612 103.9587
1199 89.4463 100 102.7949 265.6717 189.4620 102.7949
1257 91.8589 100 102.2667 175.8983 209.6210 102.2667
1329 95.0901 100 101.3876 280.8703 235.9398 101.3876

1700 1326 85.5569 100 104.1052 256.1359 168.2356 104.1052
1411 89.7419 100 103.2066 268.4353 190.3337 103.2066
1479 91.0008 100 102.3125 267.1632 204.2267 102.3125
1564 94.5479 100 101.4954 277.2213 233.6472 101.4954

1870 1459 86.3804 100 104.0293 254.2159 166.0578 104.0293
1552 88.2227 100 102.5604 265.2343 187.6028 102.5604
1627 91.0948 100 102.1535 268.0235 204.1364 102.1535
1720 94.6067 100 101.4716 283.6509 236.8367 101.4716

10. Conclusion

In this work, we have considered both real and simulated data to conclude:

— Based on three population data sets considered to examine, we observe that the proposed esti-
mators yESL1 and yESL2 are more efficient than the existing estimators such as mean, ratio, and
compromised; and the third proposed estimator yESL3 is better than mean and ratio; and equally
efficient as compromised estimator.

— We generated simulated data sets using statistical software R from the normal distribution and
conducted a simulation to examine the efficiencies of the proposed estimators under mean and
ratio methods for different values of sample size and response rate. We observe from Tables 4–
5 that the results of the efficiencies of the proposed estimators have the same trend as that of
Tables 2–3.

When all the sample unit data are accessible, estimators perform better. In the case of a lack of
availability, due to non-response in single-phase sampling, the imputation technique becomes effective.
Our proposed estimators are limited to handling non-response in single-phase studies only.
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Вивчення деяких методiв експоненцiально-оберненої
синусо-логарифмiчної iмпутацiї за умов вiдсутнiх даних

з використанням змодельованих даних

Сiнгх Б. К., Дас Дж.

Математичний факультет,
Пiвнiчно-Схiдний регiональний iнститут науки i технологiй,

Нiрджулi, Аруначал-Прадеш 791109, Iндiя

Вiдсутнiсть вiдповiдi в опитуваннi виникає через помiтнi вiдмiнностi мiж людьми,
якi вирiшили взяти участь у певному опитуваннi, та тими, хто цього не зробив, що
може призвести до неповноти даних. Метод iмпутацiї є одним iз найкращих способiв
боротьби з вiдсутнiстю вiдповiдей у вибiрковому опитуваннi для забезпечення пов-
ноти даних. Найпоширенiшими методами iмпутацiї є iмпутацiя середнього значення,
iмпутацiя за спiввiдношенням та метод компромiсної iмпутацiї. Iмпутацiя за середнiм
значенням замiнює всi пропущенi значення середнiм значенням вiдповiдей, що змен-
шує варiативнiсть у наборi даних. Метод iмпутацiї за спiввiдношенням є досить ко-
рисним для пiдтримки пропорцiйного зв’язку мiж змiнними. Вiн передбачає сильний
лiнiйний зв’язок мiж дослiджуваною та допомiжною змiнними, що не завжди вико-
нується, i в разi порушення цього припущення метод iмпутацiї може бути змiщеним.
Метод компромiсної iмпутацiї, що поєднує рiзнi методи, має кiлька обмежень i все ще
може давати змiщенi результати, якщо основнi припущення окремих методiв пору-
шуються. Через обмеження традицiйних методiв iмпутацiї та для їх подолання було
запропоновано три експоненцiйно-оберненi синусно-логарифмiчнi методи iмпутацiї та
вiдповiднi точковi оцiнки. Введено змiщення (bias) та середньоквадратичну помилку
(MSE) запропонованих оцiнок i встановлено теоретичнi та числовi результати їхньої
ефективностi порiвняно з iснуючими оцiнками. Також згенеровано iмiтацiйнi набори
даних за допомогою статистичного програмного забезпечення для проведення симу-
ляцiйного дослiдження. Крiм того, для дослiдження ефективностi запропонованих
оцiнок було розраховано вiдсоткову вiдносну ефективнiсть (PRE) запропонованих та
iснуючих оцiнок, використовуючи iмiтацiйнi набори даних щодо методiв iмпутацiї за
середнiм значенням та за спiввiдношенням. Аналiз результатiв показує, що запропо-
нованi методи iмпутацiї є бiльш ефективними, нiж iснуючi.

Ключовi слова: простий випадковий вiдбiр; iмпутацiя; змiщення; середньоквад-
ратична похибка (MSE); вiдсоткова вiдносна ефективнiсть (PRE); симуляцiйне до-
слiдження.
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