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Abstract

In order to improve upon the efficiency of an estimate in double sampling for estimating population
mean of character under study using an auxiliary variable, a part of survey resources are used to collect
the information on auxiliary variable. Some authors have suggested exponential-type estimators and
some others advocated for log-type estimators. But combination of such is required for specific situation.
This paper presents a class of logarithmic-cum-exponential ratio estimators in double sampling setup.
The expressions for the mean squared error and bias of the proposed class of estimators are derived for
two different cases(sub-sample and independent sample). Sometimes the persons involved in the sample
survey have to undergo for risk on life. For example, data collection in naxalites area, working in intense
forest, interview during spread of epidemic or data collection in politically disturbed region. Such risk
may affect the accuracy, efficiency of estimation. A linear Risk function is used for the proposed class
of estimators. Two cases of double sampling are compared in terms of relative efficiency in view to risk
aspect.It is found that the proposed class of estimators has a lower mean squared error than the simple
mean estimator, usual ratio, usual exponential, usual log estimators in the double sampling setup. In
addition, these theoretical results are supported by a numerical example. Risk function based simulated
study is performed for the support of findings of the content. Optimal sample sizes under risk are derived
and compared under two cases.

Keywords: Exponential estimator, Logarithmic estimator, Mean squared error, Bias, Risk function,
Risk Analysis, Survey sampling, Double sampling, Simple random sampling without replace-
ment(SRSWOR).

1. INTRODUCTION

In double sampling, some part of the resources available for the survey are used to collect data for
auxiliary variable. It is because the population mean of auxiliary variable is assumed unknown.
Such are collected through sample at the preliminary level and then used to estimate population
mean (or population total).

In recent study on the estimators in the double sampling Sahoo et al.[9] discussed the approach
of estimating the population mean using regression-type estimator. It boosted the analytical
approach of estimation for dealing with double sampling scheme. Bahal and Tuteja[2] developed
exponential-type ratio and product estimator for the SRSWOR setup which later extended by
the many authors in verity of other sampling schemes. Shashi Bhushan et al.[5] suggested
double sampling ratio type estimator using two auxiliary variables. Authors discussed asymptotic
properties of the estimators with bias and mean squared error. Shabbir and Sat Gupta[l4]
suggested exponential ratio-type estimator for estimating the population mean in the setup of
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stratified sampling. Such proposal is found to perform better than the usual mean, usual ratio,
usual exponential ratio, traditional regression estimators.

Zahoor et. al.[17] suggested regression estimator in double sampling using multi-auxiliary
information in the presence of non-response and measurement error in the second phase sample.
Such an extension of Azeem[8] who suggested ratio and ratio-cum-exponential estimators in
double sampling for population mean incorporating the possibility of non-response and mea-
surement error. The Wu and Luan[6] marked that major advantages of double sampling are the
gain in high precision without much substantial increase in cost. Sanaullah et al.[10] suggested
generalized exponential-type estimators for the stratified double sampling setup. Sanaullah
et al.[12] developed the generalized exponential type estimators for estimating the population
variance in double sampling with the help of two auxiliary variables. Zaman and Kadilar[18]
proposed exponential ratio-type estimation procedures in the stratified two phase sampling
setup. Shukla and Alim[I]] proposed parameter estimation approach based an double sampling
showing on application in big-data environment. Bhusan and Gupta[3] discussed some log-type
estimators using attribute. In another useful contribution Bhushan and Kumar[4] proposed
log-type estimators for population mean under the setup of ranked set sampling.

1.1. Risk in data collection

While the conduct of sample survey, using the personal interview method, some areas may be
politically disturbed, some may dangerous due to being forest area, some may risky because of
naxalites movement and few may under the risk of intense epidemic spread (like Covid-19). Such
exposure of risk may possible on the life of field workers involved in data collection. Consider an
example where area of a district exposed under risk are identified as A, B, C, D and each having
different zones z1, 2y, z3, 24, z5 with percentage of risk varying over zones.

Table 1: Risk distribution as per area and zones

Zones with risk (7;)

Area of District Z1 Zy Z3 Z4 z5  Overhead Risk(7’)
A 25% 10% 20% 30% 7% 8%
B 15% 13% 28% 12% 22% 10%
C 35% 14% 5% 25% 10% 11%
D 16% 11% 18% 19% 23% 13%

Risk per units (7;) belongs to zones and overhead risk ' belong to the geographical areas of a
district.

Deriving motivational idea and scientific approach from above contributions, this paper
consider the development of new class of estimators under the risk of life of surveyor during data
collection using double sampling.

1.2.  Symbols used for population

Let a population of finite size N, D be the variable of main interest and A is an auxiliary variable
correlated to D. The pair (D;, A;), i =1,2,3,..., N represents population values such that

- 1
y 17 N

i=1 i

D= A; (1.1)

z| =

L=
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where C; and C, denote coefficient of variations, p correlation coefficient.

1.3. Notations in SRSWOR Setup:

Assumed that information about variable of main interest D is not available, so a simple random
sampling is used, using sample of size n(n < N), to predict about that. Further, in usual practice
such assumes population mean of auxiliary variable A available. All possible samples are (11\11 ).

Ny
Population (n) Sample
[D] § -ﬂl ].- [L}Q.- AZ :If hap [L}.\'a Ahl-lll [{f] Py | ].- [[{:J_,- ”Z::I.' saag [[{m iy :I

Figure 1: Population and Sample

Let values of random sample by SRSWOR are (d;,4;),i = 1,2,3,...,n then one can define sample
statistics as:

.1 1N
dzfzdi, ﬁzleli (1.5)
ni3 ni3
2 1 ¢ 2 2 1 ¢ _\2
A 1(di —d)?, Sz = mi;(ﬂi—a) (1.6)

(1.7)

3
1=
1 i N o — Sda

S
da n_1
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_ l_l 2 _ 1_7 2 ! l_l 2
Vz(]— (}’1 N) Cd’ Voz— (}’1 N)C Voz— <n/ N) Cﬂ
1 1 1 1
Vii = <n - ) £CaCa, Vi = <n’ - N) pCaCa

Symbols have their usual meaning as adopted by the survey practitioners in the concerned
literature. The Bias Bias(-) and Mean Squared Error MSE(-) of above existing estimators under
SRSWOR are expressed as under:

Bias(Dg) = D [Vpo — Vi1, MSE(Dg) = D? [Vag — 2Vi1 + Vi (1.8)
Bias(Dp) = D [Vip + V11], MSE(Dp) = D? [Vag + 2Vi1 + Vo) (1.9)
Bias(Dge) = D [V — BVi1], MSE(Dg,) = D? [Vao — 23Va1 + BV (1.10)
Bias(Dy) = D [Vip — Vi1], MSE(Dy) = D? [Va — 2Vi1 + Vi) (1.11)
Bias(Dgy) = D [sz - 2V11] , MSE(Dgy) = [Vzo + 4V02 - V11} (1.12)

2. DOUBLE SAMPLING APPROACH

When the information about population mean of variable is not available then during sample

survey with the extra risk and efforts, the sample could be obtained using two different strategies.
1

Assume 1’ be the size of first sample with values (1,45, ...,a,,) and @’ = 7 Y14

* Case I: When the second-phase sample of size n is a sub-sample of the first-phase sample
of size n’

(D1, Aq), (Da, Az), s (D, Ay )

I

[Firsl: phase preliminary sample n' < N]]
=
i

[Secund phase main sample (1 < Jr']J
d, i

[ Population (N) ]

Figure 2: Sampling strategy under case I

* Case II: When the second-phase sample of size n is drawn independently of the first-phase
sample of size n’.

Population
(D1, A1), (D2, A2), ..., (Dn, An)

Figure 3: Sampling strategy under case I
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2.1. Some existing estimators in double sampling

In Double sampling setup, the existing estimators with their respective bias Bias(-)j,Bias(-); and
mean squared error MSE(-); & MSE(-);; under case I and case II are as below.

(a) Simple Random sample mean estimator:

~ 14
D = =) d (2.1)
ni3
V(D) = D2V 2.2)
where V(-) denotes variance of estimators.
(b) Usual Ratio Estimator:
a -(a
DRd - d (ﬁ) (23)
Bias(Drg); = D[(Voo — Vi) — (Vi1 — Vi) (24)
Bias(DRd)H = D[(VOZ + V02 Vn] (25)
MSE(DRra)1 D?[Vao + (Voo — Vgp) — 2(Vin — V1)) (2.6)
MSE(Dra)ir = D*[Vao + (Voo + Vi) —2Vi1] 2.7)
(c) Usual Exponential Ratio Estimator:
. - 7 —a
. a _3 L1 )
Bias(Dpxa)1 = D[g(Voz —Voo) — E(Vll - Viy)] (2.9)
. 1 1
Bias(Dxa)rr = D[g(3Vor — Vip) — 5 V1] (2.10)
A _ 1
MSE(Dgyg); = D*[Vao+ 7 Vo2 — Vi) — (Vin = V)] (2.11)
2 _ 1
MSE(Dgyg)ir = D*[Vao+ (Vo2 + Viz) — Vi (2.12)
(d) Usual Log Ratio Estimator:
- - a’
Diogg = d {l +log (_)] (2.13)
Bias(Dyoq)i = D2(Vop — Vip) — (Vi1 — Viy))] (2.14)
Bias(Dioa)ir = D[2Vea + Vg — Vi1 (2.15)
MSE(Drog); = D?[Vag+ (Voo — Vi) —2(Vi1 — V4;)] (2.16)
MSE(Dpog)ir = D?[Vao + (Voo + Vip) — 2V11] (2.17)
(e) Usual Regression Estimators:
Drea = d+ M(7 —a) (2.18)
Bias(Drea)r = D|(Vo2 = Vgp) — (Vi — Vi) (2.19)
Bias(Dgea)ir = D[Voo + Vo — Vi1 (2.20)
MSE(Dgeg)1 = Y?[Vao + M2(Viop — Vi) — 2M (V1 — V)] (2.21)
MSE(Dgeg)ti = Y?[Vao + M2(Vip + Vi) — 2M V74 (2.22)

where M is the regression coefficient.
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2.2. Motivation

Estimators suggested in simple random sampling, double sampling, stratified sampling may
usual type or exponential type or log-type. Sometime the data may follow the pattern different
that of exponential or log-type. It may be a mixture of log and exponential type (Figidd). This
motivates to look for a new combined class of log-cum-exponential type estimators. This paper
considers the same in the setup of double sampling. Several authors have suggested estimators

]
[
—

(c) D = log(A)e” log-exponential type
(@) D = log(A) Log type graph (b) D = ¢# Exponential type graph graph

Figure 4: Graphical pattern of relationship

for relationship between D and A variables as shown in Fig(4a) and Fig (4b). But for relationship
of type as in Fig yet needs to be explored. This paper is focused on proposing estimation
methodologies with respect to mutual relation shown in fig 4cf under the double sampling setup.

3. PROPOSED CLASS OF LOGARITHMIC-EXPONENTIAL TYPE ESTIMATORS

A family of estimators under the double sampling is proposed, to estimate the unknown popula-
tion mean of the study variable D assuming the presence of auxiliary information A:

ol o] o

assuming expo-log type relationship between D and A(figkc), where a, B are constants may
positive or negative real numbers.

Theorem 1. The bias of the proposed class of estimator for the sub-sample(Case I) and indepen-
dent sample(Case II) respectively are:

Bias(Dypa)r = aD((Vi1 — Viy) — B(Vor — V) (3.2)
Bias(Drpg)i = aD(Vi1 — B(Viz + Vi) (3.3)
where Bias(-);, Bias(-)j are for case I and case II strategies respectively.

Proof. For large sample approximation, define some quantities €y, €1, €2 with |eg] < 1, |e1] <
1,]e2] < 1 such that

d = D(1+e), i=A(1+¢), i =A(+e)

!/

1 /
where &' = — (¥ a]
n

"1 4;) and (a}, a5, ..., ay,) is first phase sample of size n’.

E(eo) = E(e1) = E(e2) =0

Moreover,
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1 1 1 1 1 1
E(epe1) = (n — N) pCiCa,  E(eper) = (n’ — N) pCyiCa, E(e€162) = (n’ — N> CZ

General expression for bias for Dypgis
Bias(f)LEd) = [E(f)LEd) — D]
Under large sampling approximation, upto first order,

Diea = D(1+e0) [exp {(1— (1+e2)"(1+e1)™)(1+ plog(1+e)(1+e1) ) }]

Since |eg| < 1, ]e1] < 1 and |ez| < 1, using Taylor series expansion upto the first order approxima-
tion, ignoring terms of higher order (ei, €}, €5) fori >2,j>2,k>2,(i+j+k) > 2,

f)LEd = D [1 +eo+ale; —er) +aeg(e] —€2) + ﬁzx(e% + 6% — 26162)}

Using expectation E(eg)=E(e1)=E(e2)=0, which leads to bias of proposed class of estimator,

Bias(Dyra)r = aD[(Vi1 = Vi) — B(Vor — V)] (34)
Bias(Drpa)ii = aD[Vi1 — B(Vip + Vi) (3.5)
Since E(epe)=V{,=0 for case II because of sample n’ being independent to n. |

Theorem 2. The mean squared error of the proposed class of estimator for the sub-sample(Case I)
and independent sample(Case II) respectively are

MSE(Dyra)i = D?|Vao+2a(Vir = Viy) +62(Vor = Vi) | (3.6)
MSE(Dypg)y; = D? {Vzo + 20V + o (Vg + Véz)} 3.7)

Proof. The proposed class in double sampling is,

R _ AN a B
Dipg=d |expq | 1— (_) 1+log (_)
a a
and above in terms of large sample approximation is,

Drea = d[exp{(1—(1+e)"(1+e)*)(1+Blog(1+e2)(1+e1) )}

Using |eg| < 1, |e1| < 1 and |ez| < 1 and Taylor series expansion upto the first order of approxi-
mation, one can get

Dres = D[1+e+ale —e)

by ignoring terms of higher order (eé,e{,e’z‘) fori>1,j>1,k>1,(i+j+k)>1,1jk=012..
Subtracting D and squaring both sides one can get,

(Dipa—D)? = D? [6% +20eq(e1 — €2) + a?(e1 — 62)2}

By taking expectation both sides,

[

E( LEd — D)2 = DzE [6% + 20(60(61 — 62) + 0&2(61 — 62)2i|

So the mean squared error is for Case I and Case II are:

MSE(Dygq))1 = D? {Vzo + 2 (Vi1 — Vip) + % (Vi — Véz)] (3.8)
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and
MSE(Dygg))i = D? {Vzo +2aVyy +a® (Voo + Véz)} (3.9)

Since E(egez) = V; = 0 for case IL [ |
Remark 1: Gain in precision under case I and case II

[MSE<f>LEd)I - MSE(ﬁLEd)II} = —2D*(a* Vg, + V) (3.10)

The gain in precision depends on the sign of VJ;. In general, case I is better, but if (aVj, < V11)

then case II of double sampling is better than case I. It provides range when 0< & < (%) then
02

case II is more efficient than case I.

Remark 2: Some particular estimators in the proposed class are in table6}

Table 2: Estimators as member of proposed class.

Estimators x B
Dy =d|exp{(1- £)) (1+1log (;))H 11
f)z =d expy(1— % } -1 0
?3:5 expy(1-(5))(1+1og (%’))H 101
Di=d 0 -1
1?5 =d 0 0
De=d 0 1
Dy =dlexp{(1- (7)) (1+10g(5))}] 1 =
Dg=dlexp{(1- (% } 1 0
Dy =d|exp{(1— % 1+log(%>)}} 1 1

Mean Squared Error x B
MSE( il)l =D? Voo —2(Vi1 = Vi) + (Ve = V)] -1 -1
MSE(D); = D? [Voo — 2(Vi1 = Vi}) + (Voo = V)] -1

MSE(D3); = D [Voo —2(Vi1 = Vi) + (Ve — V)] -1 1
V(Dg) = D?*Vyg 0 -1
V(Ds) = D?Vyg 0 0
V(Ds) = D?Vag 0 1
MSE(Dy); = D? [Vao +2(Vis = Vi) + (Ve — V)] 1 -1
MSE(Ds); = D2 [Vao+2(Vii = V1) + (Ve = V)] 1 0
MSE(Dg); =D? [Voo+2(Vi1 = V{1) + (Voo = V)] 1 1

3.1. Optimal sub-class of estimators
Differentiating MSE(-) with respect to «, one can obtain optimum value of « as

Case I .
(Vir = Viy) _ <_pCd

& =
(VOZ - Véz) Cu

) = (—M) (3.11)
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Table 4: Mean Squared Error of Estimators under case II as members of proposed class

Mean Squared Error v B
MSE(D1)i1 = D* [Vag = 2Vi1 + (Voo + Vp)] -1 -1
MSE(I;)z)U = D? (Voo — 2V + (Voo + Véz)} -1.0
MSJE( D3); = D2 [Vog —2Vi1 + (Vo + V)] -1 1
V(Dy) = D?Vyg 0 -
V(Ds) = D2y 0 0
V(Dg) = D*Vag 0 1
MSE( j7)11 =D*[Voo+2Vin+ (Vo + V)] 1 -1
MSE( :8)1[ = D2 [VZO +2Vll + (VOZ + Véz)} 1 0
MSE( _9)1[ = D? [Vao +2V11 + (Vo2 + VéZ)} 11

Table 5: Bias of Estimators under case I as members of proposed class

Bias x p
Bias(D1); = —D [(Vi1 — Vj}) + (Vo — Vip)] -1 -1
Bias(Dy); = —D(Vi1 — V;) 10
Bias([:)3)1 =-D [(Vll - V1,1) - (VOZ - V(;Z)] 101
Bias(Dy) =0 0 -1
Bias(Ds) =0 U
Bias(Dg) = 0 0 1
Bias(D7); = D [(Vi1 — Vi;) — (Voo — Vpp)] 1
Bias(Dg); = D(Vi1 — Vi) 10
Bias(Dg); =D [(Vi1 = Vi) + (Ve — V)] 1 1
Table 6: Bias of Estimators under case II as members of proposed class
Bias v P
Bias(l?l)u =D+ (Ve +Vyp)] -1 -1
Bias(D,) i = —D [V11] 10
Bias(D3)p = =D [Vi1 — (Vo + Vip)] -1 1
Bias(D) =0 0 -1
Bias(Ds) = 0 0 0
Bias(Dg) = 0 0 1
Bias(D7)iy =D [Vi1 = (Vo +Vp)] - 1 -1
Bias(Dg);; = DVpp Lo
Bias(Dg)11 = D [Vi1 — (Vo2 + V)] 1
Case I1 v 1 C M
N 11 d
5= _ S - 3.12
aivg) = e (v2)] =~ [ata) 12
11
nw N
where, 6 = <n . )
i N)
The mean squared error under the optimum value of a = & [as per (3.8), (3.9)] are
Case | 1 1 1 1
A =2 ~2 2
[MSE(DrEa)1]opt = D°Cy { (n - N) - (n - n/) P } (313)

256



Diwakar Shukla, Astha Jain RT&A, No 3 (79)
LOG-EXPO ESTIMATOR IN DOUBLE SAMPLING WITH RISK ANALYSIS... Volume 19, September 2024

[MSE(Dygq)11)opt = D*C3 { (111 - ;]> - (rll - ;,) (1315) } (3.14)

4. COMPARISON WITH EXISTING ESTIMATORS

Case I1I

The existing estimators will be less efficient to the proposed estimators for case I and case II
respectively under the following conditions:

(1) Simple random sample mean estimator A):

—2(Vi1 = V}p)
(VOZ - Vglz) ’

—2V

Casel: o < Y S
- (Vo2 + V)

CaseIl: a <

(2) Usual Ratio Estimator (f)Rd)[eq]

cres[a(D) s

(38) Usual Exponential Ratio estimator (15Ed)[eq]

1 Cy 1 4 Cy
. < — — — : < — —
Case I zx_z{l 4'OCJ' Case 11 oc_z[l 0+0) (pcaﬂ
(4) Usual Log Ratio Estimator (5Ld)[eq ||
Cd 2 Cd
. < — — . < —
Casel: o < {1 Z(pcaﬂ, CaseIl: o < {1 T+9) (pcaﬂ
(5) Usual Regression Estimator (5Red)[eq]
Cy 2 Cy
. < — — . < —
Casel: o < Z(pcﬂ>, Case 11 oc_(l (1+5)) (pca)

5. RISK FUNCTION AND THE PROPOSED ESTIMATOR

The risk in data collection for dangerous area while implementing a sampling procedure is
defined as

(a) Total Risk
(b) Per unit respondent contact risk (infection, injury, life risk)
(c) General risk (area dependent risk)

Risk is associated to various ground conditions like risk in hilly area during data collection, risk
of reaching to the household, risk of non-response, risk of dangerous situations, risk of attack on
the life of surveyor, risk of epidemic etc.

Let us use symbols for risk as:

r': Overhead risk

ro : Total risk

r1 : Risk per unit for information collection on variable D and A using second sample n.

1o : Risk per unit for first sample for collecting information on auxiliary variable A.

Linear risk function for collecting information is:
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ro =1 +rin+rmn

It is matter of interest to determine the n and #’ for a given risk r( at the situation when MSE of

Dy g4 is minimum. To minimize risk function under risk constraint ¢ and optimum MSE, one can
get,

Case I
¢ = [MSE(Drg)ilopt + A(¥ +rin+ran’ —ro)

where A is a Lagrange’s multiplier. Differentiating with respect to n and 7/, equating it to
zero, the optimum values of n and n’ are

_ (ro—7")VnR ;o (ro —1")y/—r2(R ~ CF)
Nopt = T aM, Nopt = oMy (5.1)
where
= [VrR+/—r(R=C3)], R = [Cf + 20Cgo + a*C]
Case II

¢ = [MSE(Drga)iflopt + A(¥ +rin+ran’ —ro)

where A is a Lagrange’s multiplier. Now differentiating with respect to n and r’, equating it
to zero, the optimum values of n and »n’ under case II are

(ro —7")vrR o (ro —1")aCq/72

Nopt = =
o riMa ’ ort oMy

(5.2)

where

= [/r1R + y/r2(a2C2)], R = [C2 4 2aCy, + a2C2

The ratio of optimal selection of n and #n’ under fixed risk cg is
p 0

Case I
(”0pt> . r2(v/71R)
Topt ) r(y/—ra(R—C2)
Case II

!
Mopt r1aCa/T2

<%w>:rﬂ¢ﬁm

6. EMPIRICAL RISK BASED STUDY

Consider a positively correlated population with two variables D and A(Data source -6th Minor
Irrigation Census - Village Schedule - Assam)[19] with N=100.

The values of variable D and A are shown in Table /| where A represents geographical area and
D represents the net shown area in hectares.
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Table 7: Population Undertaken.

152 98 75 68 60 295 72 125 16 260
165 111 8 79 78 319 86 189 26 380
62 9 210 9 175 180 100 37 87 96
74 123 220 123 185 197 120 48 105 109
80 148 8 98 38 95 200 84 18 38
110 158 121 108 40 110 350 95 28 46
53 69 30 5 29 75 78 48 81 75
717 8 45 63 45 89 110 59 95 92
103 97 8 25 76 70 57 182 55 85
113 105 9 35 94 81 70 192 65 122
70 24 190 53 190 158 80 93 176 81
75 34 200 67 232 169 100 103 186 89

>U>TUR0RTRURT

Moreover, population parameters are in the Table

Table 8: Population Parameters

35 S§3=182327 C2=4534 S, =9627491
61 S2=1130765 C2=4356  C,y =443

pSRw]
Il

1
1

Table 9: PREs of different estimators with respect to proposed estimator in double sampling

PRE
Estimators Casel Casell
Simple Random sampling (f)) 22.13%  56.083%
Ratio Estimator (Dgy) 0.009%  41.493%
Exponential ratio estimator (Dgyy) 6.856%  2.011%
Log ratio Estimator (Dy,) 0.009%  41.493%

where PRE is Percentage Relative Efficiency defined as:

MSE(T) 1,11 — (MSE(Dyga)1,11)opt y
MSE(T)

and T represents estiamtors like usual ratio, usual expo-ratio, usual log- ratio estimators.

It is observed that in case I, at the a,pt, the proposed is 22.13% efficient over sample mean

estimator, 6.85% better over exponential ratio estimator and same to the usual ratio usual log

ratio estimator. Moreover, in case II, at value a,pt, the proposed is 56% efficient to sample mean

estimator, 41.4% efficient over ratio estimator, 2% efficient over to exponential estimator and 41.4%
over log-ratio estimator.

(PRE) 1 = 100 6.1)

In Figure 5| while general variation of « values, the case I bears lower MSE then case II. But
while reaching to a,pt, both cases achieve the same MSE level equivalent to that of Regression
estimator in double sampling.

Figure @ reveals the variation of total risk ro over the optimum sample sizes (1, & ngpt). It is
observed that increasing fixed risk rg leads to larger ”épt (first sample) in comparison to second
sample optimum 7,p. Low level risk indicates for equal(but small) n and n’ to be used by the
survey practitioners.
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Figure 5: Comparison between MSE's of the proposed class under case I and case 11 over variation of «
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Figure 6: 1oy and n(’)pt for case I over change to total risk ry

Figure|7] depicts similar pattern among n(’,pt and 7,y while considering variation of total risk 7.
But interesting is that with the increment in total risk rg, the case II needs smaller optimum first
phase (preliminary) sample than case 1.

The Figure |8} reveals some interesting features of two cases I and II as when ratio (pr : > than
opt

case I. This feature confirms that if r; increases over fixed r; then n,,; increases over fixed ”épt-
But such increment is high in case II rather than case L
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7. CONCLUSION

On recapitulation, this paper presents a new class of estimators for estimating the unknown
population mean in double sampling in the presence of auxiliary information. Some authors in
literature have proposed exponential-type and some others proposed log-type estimators. The
suggested estimation procedure is a combo-type class of estimators incorporating both expo and
log-type structure. Its properties are discussed and compared in the set up of double sampling,
under case I and case II sampling strategies. The proposed is found conditional efficient over
usual expo-type and usual log-type estimators (Table [9). Moreover, a linear risk function is used
in the paper with three risks parameters ro, r1, r2 and expressions for optimal sample sizes 714t
and ”{)pt are derived. Risk based simulation study reveals that increasing the fixed risk rg leads to
larger 1, (first sample) in comparison to equal (but small) n and n’ to be used by the survey
practitioner over incrementing rq. Case II needs smaller preliminary sample size in comparison
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/
opt

to the risk ratio (rp/r1) variation, the case I graph of such ratio constantly reveals lower than the
case II, graph indicating lesser need of comparative optimum sample ratio in double sampling
using the suggested expo-log estimator at & = a,pt choice.

to case I. While considering variation of optimum ratio of sample sizes (1,t/n,,;) with respect
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