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Ahstract

In sample surveyvs sometimes one encounters a situation where, for many sampling units, one
or more varigbles of interest are valued zero or negligibly low while for some other units they are
substantial because of heavy localization of the high-valued units in certain segments. Estimation
may then be inaccurate it a chosen sample fails to capture enough of the high-valued units. In such
situations, sdaptive sampling, & an extension of the initial sample to capture sdditional high-valued
units, may be more serviceable. However, the size of an adaptive sample may often far exceed that
of the initial sample. In this paper we present a method to put desirable constraints on the adaptive
sample-size to keep the latter in check. To examine the efficacy of this method, we illustrate its
application to estimate total numbers of rural earners through specific vocations in a given district in
India simultaneously for several vocations.
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1. Introduction

Adaptive sampling is a useful technique in effective explomtion of rmre and localized
units as it provides for extending the initially chosen sites to cover neighborhoods of those
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where the materials of interest are sighted. It has been wsed in the exploration of mineral
deposits in unknown regional pockets, in studies o estimate the number of mre animals or
plants in an area and other similar surveys. For some examples of the use of this technigue,
wie reler o Thompson and Seber (1996). An inherent problem with this technigue is that
the size of the adaptive sample may far exceed that of the initial sample. Salehi and Seber
(1997, 2002) addressed this issue and gave certain solutions. We provide here a possible
alternative and easy remedy by permitting an in-built procedure to keep a check on the
“adaptive sample” size.

Adpative sampling was introduced by Thompson (1990) and later further developed by
Thompson (1992) and Thompson and Seber (1996). Chaudhurd (2000) clarified that any
sampling method admitting an unbiased estimator for a survey population total as well
as one for its vanance may be extended to an adaptive one yielding the cormesponding
unbiased estimators. Chaodhort et al. (2004 ) showed how this method may be used to work
out improved estimators through an adaptive sample, starting (rom a suitably designed mitial
one on which the adaptive sample s based. Using live data, they illustrate how thistechnigue
could be used to obtain serviceable estimators for the total numbers of camers separately
through 10 differentindustries inan Indian district. Importantly, they have demonstrated how
networks, needed for adaptive sampling, may be effectively defined utilizing associations
among several variables for the totals of each of which an efficient estimation procedure
15 in demand at the same time. However, their method had no provision w keep the final
sample-size in check and in that work it was evident, as it should be, that if the adaptive
sample 15 to be really effective in estimation for all the mdustries simultancously, iLs sz
may far exceed that of an initial sample.

In this paper, we show how to keep a check on the realized sample-siee and illustrate
the method using the same practical problem as considered in Chaudhuri et al. (2004). In
the process, we revise the specific definitions of ‘neighborhood” and *network” required
for the method applied to render our presented procedure more realistic. The sampling
scheme of Chaudhuri et al. (2004) is also revised and the generalized regression technigue
15 additionally used for a possible improvement upon the traditional estimators.

In Section 2, we give an example suited to adaptive sampling as a follow-up of a specific
two-=stage sample for which altemative estimators are spelled out. Section 3 shows how to
abtain estimators from adaptive samples and how o keep the size of the adaptive sample
in check. Using live data, Section 4 numerically illustrates how one may achieve improved
estmation and restict the sample-size. Our comments and recommendations are given in
the concluding Section 5.

2. Motivation for adaptive sampling in a practical setup and consiraining its size

From Chaudhun et al. (2004) we gquote the distobution of numbers of rural earners in
10 different unorganized non-agncultural vocatons among all the villages in a particular
district in India. The data are from the Economic Census (EC), beld i 19940,

In Indig, nationwide large-scale socio-cconomic surveys covering diverse aspects are
being conducted rmoutinely over more than the last 50 years. Bul no survey 15 expected
to be specifically designed and executed with any regularity o estimate the number of
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persons carning through each of the principal non-agricultural vocations in the unorganized
sector as illustrated above. However, i 18 necessary to obtain these estmates regularly
in order o effectvely ascertain the nation’s gross domestic product (GDP). Chaudhuri
et al. (2004) illustrated a possible underaking of a sample survey effectively utilizing
available data from the Economic Census (EC), 1990 and the Indian Population Census
(IPC), 1991,

We modify here the two-stage stratified sampling with unegual probabilities of selection
used in Chandhun et al. (2004),. As the district concerned has 21 admimistrative blocks we
split them into 3 strata of 7 each, taking account of the aggregated numbers of earners
through all the 10 vaneties in strata fommation. From each stratum, 3 blocks are selected
adopting Rao, Hartley and Cochran’s (RHC, 1962) celebrated scheme of sampling. The
total number of eamers in a block through all these 10 industnes wgether 1 available from
the EC and this is taken as the size-measure for the block. From each block chosen, 20%
of its villages, rounded upward to integers, are again sampled following the RHC scheme.
The village population size as known from the IPC, 15 taken as the size-measure in village
selection.

We briefly recall that in Lh{l}hll'l}_, a sample of n units, namely, the blocks beanng normed
stze-measures g0 = p; <1, ZI pi = 1), the RHC-scheme is applied by forming n groups
with N; units in the ith group by simple random sampling without replacement ( SRSWOR)
out of the N units such that, writing £, as sum over 7 groups, N; are posilive integers
subject o £, N; = N, Denoting by (; the sum of the normed sizes of the N; units falling
in the ith group, a unit ig, say, of the ith group s chosen with probability p; /. This is
independenty repeated across the n groups.

Our objective is to estimate the total numbers of earners for each of the 10 industries
separately. To keep the notation simple, we use the genenc notation y to denote the variable
of interest, namely, the number of earners through any one particular industry. Thus, ¥
generically denotes the number of eamers through any one chosen industry in the ith block
amnd ¥ = ZI v; thus denotes the total number of earners through this industry in the entire
district. Thus, the same notation serves for all the 10 industrnes, simply keeping in mind
that when we are estimating the total number of ecarners for any one chosen industry, we
should start with the value of v for that industry.

Let p; be the normed size-measure comesponding 1o y; . Then, RHC's unbiased estimator

for ¥ = E:" i 1%
. (2.1)

Inm case y; 18 not ascertainable, as in the present case where the ith block s composed
of M; villages, then m; of the villages may agam be selected by the RHC method. Let y;
denote the y-value for the jth village of the ith block. Moreover, X, M;;, @;; will denote
entities corresponding, respectively, to £, Ny and ;. Then, an unbiased estimator for Yis

3, :
R = Z E (E.lru' % _1-'1'_,1) - (2.2

x i i
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For simplicity, we shall write 3; = X,,,; ﬁ—;l yij and C =(Z, N> —N)/(N*-Z,N?*), Ci=
(Zini M, — M) /(M7 — Zi M) From RHC (1962) and Chaudhuri et al. (2000) we have
an unbiased estimator for the vanance of eg as

= = ¥
v=CEy L, Q; Oy (1_‘ - i) + &y %1—'1'
P pi Pi
writing v; = €22, Qi Qu,”‘% _ i::;.:}l and £, X, as sum over non-overlapping pairs
of the n groups of blocks, X £y as that over the villages.

Cassel, Sirndal and Wretman's (CSW, 1976) generlized regression (greg) wechnique
15 here employed by way of a possible improvement upon the above estimator e in the
following altermnative ways. A greg estmator was not however discussed in Chawdhuri
etal.’s (2004) work. The motivation of greg is 1o improve upon the original estimator by
using an auxiliary variable which is well correlated (positively ) with the variable of interest.

The total number of all non-agneultural workers inoa village, as found in the IPC, is
treated as the single regressor. Note that this is different from the size variable used for
block selection which is the total number of eamers through the 10 indostnes as obtained
from EC. We write x;; as the number of non-agricultural workers in the jh village of
ith block, x; = a5 and X = Enya;. We consider the following altemative models for
motivating some greg estimators which may be considered for possible improvements over
Rt

Madel M @ yy = f;xy +error.
Model M2 @ yy; = fix;; + error.
Model Mz : y = tlx; + error.

M) and M2 are used o first get estimates of y; using v;; values from the second stage
sample and corresponding x;; values from IPC data. These are then used to find estimates
of ¥. M3 is used to denve regression estimates of ¥ by using the estmates of v from M2
and the x; values from the IPC. M7 15 denved from M2, but we shall show below that M2
rmotivates specific regression estimators for ¥,

The estimators motivated by My and M>, respectively, ane

. Q o : %
Ell = Ji‘% |i£.lm' J{]-'J:,l — byxij)+ bixi | (23)
pi Pij
0; Qi R .
g12= a—-.lr_‘ Emi i{_ﬁj = -lr-"-rj'_,l'} + b |, (2.4)
Pi Pij

while the estimator motivated by Mz s

B 2
gn=gizt+ B (X -, E-ﬁ') - (2.3}
i
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In the abowve,

Emi YijXig R; i

!;_ | f; B Zn{gj .frPJ'}EJm' _'!-'J'_,l'-’-]'_,l'RI_,l' R (1= {FJ}'.'IQJ'_.I'”
: EJm’-’-ﬁ Ri; 1 Znl Qi .'"FJ'JI'EJHI-’-',%'RI_,I' Co (pijxij/Qij)
ﬁ - En[Emil Qj_,.‘,r“ﬁ'_..‘}ll_'l.‘;_,' = !;-rj'_,l'}' + -'I;-TJ' Jx; R R = (1 - ﬂ) (@)
E”.I"-l RJ- ’ ? QJ’ QI -

Here Ry, R; parallel the choiee IK%:‘:‘- in the greg estimator of Cassel et al. (1976).

For simplicity, we may write gry, g12 and gz2 in (2.3), (2.4) and (2.5) as

Qi . O . Qi .
gn =X —H(l). grz=Z, — §(2) and gn = I, — §i(Dh;,
i i Pi
say. Next, let g;;(1) = yij — !;,-.r,-j, eij(2)=yij — I;.r,-j and e; = ¥i{2) — ﬁ.r,
Then, the estimators of MSE s of g1, g2 and g2 are, respectively,

Pi

¥i(l) = ."F"'“}):I + Z, 9

i =CEpE, O Q‘( — (1),
i pi

= Ly 2 :
1= C‘E‘”E‘” QJ’ Qj" (ﬁ__} = Yi {—}) + En % vi(2)
i

Pi Pi

and

3
g Eni__‘hil'ﬂzL

Pi

eihi  ephp\*
=020 QI‘(_J - )
Pi i

x
where vi(l) = C;EwiZmi Qi Q,-J-J(H'};:II L. E.I:J,.l,i) and vi(2) = CiZpmiZmiQijQij
a2 ey 2
(%7 - %7) -

If enough non-zero valued vy;'s are not covered in a selected sample then improvements
upon e g may not be effected by any of g1, g)2 or g2, So, it is considered important, rather
imperative, 1o enhance the “information-content™ in a realized sample by extending from
the imitial sample to an adaptive sample and accordingly revise cach of e g, g11. g12. g22.
basing them each on a finally extended adaptive sample. Here, for simplicity, we revisc only
vi;'s for the adaptive sample bul not the x;; s

In the present empincal situation we are motivated o implement an adaptive sample by
studying the mutual relations of association among the 10 industnes across the 1286 villages
in our illustrated district by a reference to Table 2, partially reproduced from Chaudhuri
etal (2004).

The figures in the parentheses in table 2 indicate percentages of the values in the rows
for the respective columns in terms of the diagonals 1o which the respective columns
correspond.

From Table 1 it seems that if an initial sample is chosen with selection probabilities
that make no use of the distribution of the carners among the respective villages, for
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Tahle 1

Showing a distribution of ruml industry-specific earners

Hamdloom — Bamboo Husking Pottery Silk Stone-breaking
(H} B {HL (P 5 (58]
I 2 3 4 3 [i]
M. of earners 4582 s X352 2z 1543 ABE6
Mo, of villages 144 314 %3 146 19 3n
Tobacco Iron smithy Carpentry Paddy-crushing Tistal
(T} {15) () (PC)
7 # 9 10
M. of earners 1539 1523 1381 1139 2372
Mo, of villages 154 474 iz 75 1286

Tahle 2

Presenting the respective mimbers of villages with earners i ndustry-wise showing a specimenof association of the
industries in the district

I{H) HHL) 4P 5) &%) IPC)
1{H) 19 121 30 # a0 13
{1000 (18.67) {31.55) @211 {185,540, (17.3%)
HHL) 121 (i3] 76 12 27 13
(60180 (10 {52.005) 63 16) (5.70) {400
HP) 30 T 146 3 ik 13
{15018) (11.73) {10 {15.79) (13,7 (17.33)
A(8) & 12 3 19 49 4
(4.02) (185 (2.05) {1001 (LA 5.33)
BI85 ai 72 63 g 474 ]
(4523 1,98 {43.15) 4737 {1000 (34.67)
PO 13 13 13 4 26 75
(6.53) (504 (R.90) {21.05) (549 (L0

example if there is no or scanl representation in the sample of the 19 villages with silk
related or of the 75 villages accommodating the paddy-crushing carners, then appropriate
estimation of the numbers of eamers through these industries will be of dubious levels of

ACCUTACY.

Table 2 indicates for example, that of the 19 villages in which silk-carners live, 63.16%
have earners by husking and 47 37% have iron-smiths. So, if the sample contains some of the
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12 villages with earners by husking, or some of the 9 with iron-smiths, then, through these
sampled villages some of the silk-camers may be reached. Such associations among the
industries through village-wise co-inhabitance may be utilized to get estimates of the number
of silk-related eamers. Similary, this can be done for the other industnes as well. In this
way, Table 2 is exclusively used to effectively construct networks of the villages exploiting
this association 1o enhance the information content in a suitably extended adaptive sample.
This however may entail excessive sample coverage beyvond one’s means. S0, 1018 necessary
to specify 2 way to keep the resulting size of an adaptive sample in check.

3. Adaptive sampling and constraining it in size

Letl/=(1,..., Tiwiiy N} denote a survey population, v the value of von its ith unit and
& be a sample chosen from U7 with a probability pis). Let N{i) denote a uniquely defined
neighborhood of units corresponding to i I y; fails to satisfy a condition, say, C*, then i
itself is o *Singleton Network” for i If y; satisties C*, then ket C{i) be acluster of { containing
i iself and all units inits neighborhood. Again, C* is checked for the units in C(i ) and ifitis
satisfied for any unit, units in its neighborhood are added o C{i). This process of scanning
and adding units continues, stopping only on reaching units with C* unsatistied. The units
in the clusters with C* unsatisfied are the edge-units of the cluster which of course are each
a singleton network. The cluster C(i ) with all its edge-units dropped s the “Network of
denoted by A(f). Regarding cach “Singleton”™ network also as a network, it follows that all
the networks are mutually non-overdapping and they together exhaust the entire population.
Cuonsequently, if we denote by m;, the cardinality of A{i) and define

1
= = Z ¥is

d JEALD

it follows that T = Z}im equals ¥ = Z}N‘:I ¥i. S0, estimating ¥ ousing the survey data
(5, vi|fes) 15 equivalent to estimating T using the observations (s, 4 |igs). Wnting ¥ =
CFiysevy Mg ywland T =(n,..., T Pt tw ). 1f one employs an estimator ¢ = s, ¥)
which s unbiased for ¥ then 1 = ris, T). 1% also unbiased for T and hence for ¥ as well. If
wi follow this procedure then we must observe that instead of coverning only the onginal
sample 5, we have to effectively cover the units in A(s), the unionof A(f) over i ins, which
15 an extension of 5. This A{s) 1s an Adaptive sample comesponding to s and this process of
extending the sample from s to A(x) is called Adaptive sampling.

An inherent hazard m Adaptive sampling is that compared to the siee noof 5, thatof A(s),
say, v may be exorbitantly larger. So, to at least partially cut down the additional cost of
surveys, our proposal is o modify Adaptive Sampling into a “Size-constrained Adaptive
Sampling”. To implement the latter we propose that after ascertaining the sets A{i), for
i&s, one confines the determination of the values of y;'s only for B(i). izs, where B(i)'s
are suitable subsets of A(f) 0 be drawn by simple mndom sampling without replacement.
Writing [; as the cardinality of B{(i ), we suggest that B{i )'s are to be chosen so that Z“:_‘J’;
may not exceed a predetermined limit, say, L, which may be fixed as a certain fraction of
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3. mi. Size-constrained Adaptive sample corresponding o 5 is then B(x), which is the
union of B{i ) over i in 5. Corresponding to #; we now define

vl'.'j=f:!.—_ Z ¥

1 JuBI

and employ, nstead of t =, #;|ic ), anestimator t = {5, e;|i& 5), which is also unbiased
for ¥,

Let Eg, Ve denote expectation, variance operators with respect to SRSWOR of Bi(i)
from A(i)’s independently across fin 5, Ep . V), the same over the imitial sampling using the
designpand E =E Ep. V= EyVg + VpEg the overall expectation, vanance operators,

Then, since Egle;) =1, vgle) = {f = ﬁ}'l;ﬁ] P er)” satisfies
. 1o 1 :
Eg(vglei)) = Vr(en =~ — — Y -
i  mj mp — 1 Py

and it 15 easy o work out an unbumsed estimator for Vir(s, eifies)) if # (s, vilizs) 18 an
unbiased estimator for ¥ admitting an unbiased estimator for the vanance of this estimator,
For example, if

ts. yilies) =Y f mi=Y pls)=0
L e

ing

with s contaming a fixed number of distinet units for every s with pis) = 0, then, provided
mij= ZHI_J pis) = 0 forevery i, jthenanunbiased estimator for Viir(s, e;|izs) ) can easily
be seen o be

].I:ZURH{TI} +zz{mn;‘:ﬂu}(f_j_f__})_

; Ty i i
1ES 1= JEY ! 4

following the arguments in Raj (1968).

From Chaudhurd (20000 it is apparent that, for the stratified two-stage sampling with RHC
scheme employed in both stages, it is simple to work out the versions of eg, g1, g12, g22
and the estimators of their variance or MSE based on the adaptive sample corresponding
to the initial one. In order to note that the corresponding revisions on size-constraining as
indicated above may also be done in an obvious way, let us illustrate this with reference 1o
an unstratified single-stage sampling with the constraining of the size of an adaptive sample.
The comesponding expressions for stratified two-stage sampling by RHC method in both
the stages is evident from this and hence is omitted here to save space. Using the notations
already introduced in the previous sections, comesponding to

Qi

g = En_'l.“' P
i
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let fr= Enfj%~ Er = Lae ﬁ_: Then,

I E E J"lu'l-l—h'r
il —T) . A— M i

Vo(fe)=A(Z i :
Pl ( pi NN —1)

ki %
vplfr) = CEHQI(? = .fR) = (E.lrfjl% EE .-f!\%)

i i

vriggr) = Zu (gi ) _l'R{fJ'}'-

i

and fi = e — vgle;) satisfies Eg(fi) =17.

So,iggi=vgier) + C[E,,ﬁ_{j} - L[f%e — X (%)_J.Iﬂf;}jl is an unbiased estimator for

Vigg). t{gg) may more elegantly be written as
0:\* 0
; e o
1'*{£R}:{1 +C.:|£Ji‘(_‘) vgpilei) +C E-lr_-_jr.-fl'_!f;’
7 Py
In the next section we present certain numencal figares o illustrate ouar live-data-based
findings of the applicaton of the above procedures.

4. Simulation-based illustrations of findings

Using the EC data indicated in Section | we present here the following details. We first
choose any one industry out of the 10 industnes and consider the estimation of the total
number of camers in the district through this chosen industry. The whole exercise 15 then
repeated for each of the 10 industnes.

First, the estimators eg. g11. g12. g2 45 obtained in Section 2 are computed. These are
based on two-stage RHC-RHC sampling.

Then, we obtain estimators based on adaptive sampling where the initial sample 1s a two-
stage RHC-RHC sample. For each village in the Indian district illustrated here, we define
its ‘neighborhood” 1o consist of itself and all other villages with & common geographical
boundary with it. We take advantage of the figures in Table 2 to form “petworks™ appro-
priately. To construct a network for a village, we ke specific sets of industries and then
check the condition C* which we take as the existence of at least one eamer through any
one or more indoustries of this set. IUis imteresting o note that the set of industnes consid-
ered for defining the network, may or may not include the particular industry for which
we are estimating the total, Then, we compute estimates based on adaptive sampling and
also estimates based on ‘sze-constrained” adaptive sampling, statting from the same mitial
two-stage RHC-RHC sample.

We can evaluate the method of “size-constrained” adaptive sampling for our example,
since we have all necessary census data at hand. For this, we replicate the sampling, both
the original and the adaptive, a total of 1000 times. We consider the standardized pivotal,

namely, T= "_;,t_rlj, as a standard normal deviate where ¢ is the estimate, @ the pammeter and
i
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v the estimate of the variance or the MSE of e. Then, we take (e — l%ﬁ e+ 1.96,3'5}
as 4 953% Confidence Interval (CL) for 00,

We use two measures based on this Cl o compare the performance of the alternative
estimators. One 1s the "ACP, or the average coverage percentage, which is the percent
of the replicated samples for which @ is covered by CIL. The second measure is ‘ARL’, or
the average relative length, which is the melative length of the CL averaged over the 1000
replicates.

Table 3 compares some allernative estimators for the total numbers of eamers through
different industries. The values for ACP and ARL are shown for the traditional estimator,
greg estimators and also their adaptive sample versions. Mormeover, for a specific replicate,
the number () of villages chosenin the onginal sample and the number () in the adaptive
sample were also computed. But since it was found that d far exceeds ¢, we had recourse
to ‘size-resticted’ adaptive sampling, We present the values of ACP and ARL, based on
SRSWOR’s from the networks in various percentages, namely, 8, 10, 15 and 25, mounded
upwirds to the nearest integer. In addition, we also compute for a specific replicate, the
number (a) of villages containing a paicular industry in the orginal sample and the
corresponding number (5) in the adaptive sample.

Note that for a specific replicate, one single original sample and its corres ponding adaptive
sample gives all the estimates for the different industnes and so the values of ¢ and 4 remain
constant for all estimates. The value of a depends on the industry for which the estimation
15 done and b depends on the choice of industry and also the network vsed. Finally, for
estimation for the group of all 10 industries wgether, a =cand b= 4.

For case of understanding, we explain the notations of Table 3 below:

® 2R, Z11. £12. £22 are as given by equations (2.2), (2.3), (2.4) and (2.5). These are based
on two-stage RHC-RHC sampling.

® cp. 81 £12. £77 denote modified estimators based on adaptive sampling. The come-
sponding network used is shown in parentheses. Networks 1, 2, 3 and 4 denote the
network formed according to industry sets [1(H), 2(B) & 4Py, [90C)], [B(1S) & 9(C)]
and [3(HL) & 8(15)], respectively.

® &p. 811, £12. £22 denote estimators based on adaptive sampling by network 4, on which
size restriction 1$ apphed. The respective percentage(8, 10, 15 or 25) of the adaptive
sample-sizes allowed is shown in parentheses.

e a, b, ocodas explamed above.

5. Comments and recommendations

For a good estimator, the value of ACP should be high and close to 95.0 and that of ARL
should be as small as possible. Also, 6" should be large compared w0 *a” but *d” should
not exceed “c” by too much. Applying these collective entena, the 3 greg estimators do not
seem o show appreciably better results than the original RHC estmator This is possibly
because the onginal estimator itsell does reasonably well as it is based on an mitial sample
which has  “en chosen well enough through suitable sratification and use of appropriate
size measures  hoth stages. The single regressor used here in greg 18 incapable of yielding
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Tahle 3
Mumerical performances of altemative pmcedures: a few illustrtive cases
Industry  Estimator  ACP  ARL Estimator ~ ACP  ARL Estimutor  ACP  ARL
type
1(H) eR 7748 T ehil) 25 1.3 ehi4) 50 12K
1 77E 170 ghin B30 137 g4 58 128
g 778 T gl (1) B30 137 gl (4 56 128
a1 TRE 140 g n B854 160 a4 72 153
a=2M s b =74 £ b=
Egpl(10) 775 188 Ep(15) 747 1M ER(25) 765 16T
FETRLL] 774 189 il 745 1M 1110251 757 16T
a1 775 188 12015 747 1M 12025 781 L6T
G100 776 20 2915 THE 208 22025 771 LED
b=235 b=20 b=47
2R 5 55 154 el BRT 1Lm ehi4) BT4 1M
211 549 154 ghin) 92 1M g1 75 1M
g 58 155 gl BRO9 1M glal4) LA e
o Bh4 14R a2 BR6 120 2 BES L1
a=H4 - h =115 - h =145
Eqi 10 949 140 Epl15) 865 1.31 ERi25) BEe 127
g im 99 140 IR &70 13 #11125 RRT LT
g1zl a0.0 141 2215 &h9 131 12125 3K T el
G100 940 133 a5 B6T 128 2225 93 119
h=52 b =6l h="T2
YHU) e EBE6 081 ehi3) 92 02 ehid BRT 073
211 93 Og2 ghid) 97 R gt 04 073
P 92 02 g3 B98O gl 93 073
g BE6 (066 13 BR2 06T gl 924 054
a=T3 b =115 b= 260
ERlE) o6 OES Epll5) Q0% 08l ER(25) 4943 (8D
8 B9l 08T #1015 908 08l 1125 948 (.80
E1218) 94 (OES al15) ans  0El §12025) 4950 (.80
Fnif) 910 070 Faa(15) 911 06T Fa1(25) G941 (63
b=114 b=154 b= 190
4P R 818 1R #pi 10 876 L8 Fpi25) 880 153
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Fnif) 504 335 £22(15) 607 3.3 §22125) 633 310
h=5 h=f h=7
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Table 3 {cantineed)
Industry  Estimator  ACP ARL Estimator  ACP  ARL Estimator  ACP  ARL
type
BSE) ep 659 262 £hid) Ri7 196 I R68 237
211 659 260 g £35 197 £1118) £69 238
12 658 241 g2l 35 147 28] BBT 23K
g3 713 290 g5 872 238 xR 896 271
a="hf bh=16 =14
T R 870 153 ehi4) 895 102 i pl25) 893 130
11 869 153 RTI (R3] BO.6 1102 11125 £9.4 131
212 BOE 153 373{4] ga7 103 £12025) 9.2 131
g9 868 168 g5 917 122 25 900 154
a=21 h =354 b =44
8(18)  eq 921 086 ehi2) 927 084 ehid) 928 077
g1 915 N&6 gh2) 935 (84 g 931 037
&3 923 (87 ghi2) 912 (85 g4 910 077
223 936 075 gh2) 919 073 Py 932 064
a =53 - b=77 o =187
ERi 1) 915 (92 Epi15) 927 089 Epi2s) 913 (89
gniin 932 92 Gndlsi 931 090 §ni2% 910 089
Fiafly 933 092 F12il5) 9312 090 #12125) 912 090
a2l 1 938 077 Fnil5 930 K0 Faa(25) 924 079
b=94 b= 108 b=133
A ep 917 14 epid) 91E 086 Eul25) 900 104
11 a6 104 FEc)] 90 086 £11125) B9E 104
12 919 10s g1 4] 921 086 £12025) a0l L4
g 914 093 g4 903 072 x5 910 091
a =41 bh=113 =2
WPC)  ep E59  1ES Rl BEA  LAO ehl4) 70 153
11 60 1S ghin R4 1AL g BTE 154
12 549  1ES ghall) BRI 141 gl 7.7 154
g2 63 1IR3 gaall) BTE 141 gl 79 152
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FARLALI] 905 189 gnils 43 16 £11125 B1E  1ET
dpa10) 903 198 £12il5) 42 186 12025 7.3 18T
Faailin a0z 189 Fni(l5 42 1R4 F23(25) BIE  1E4
=13 b=15 =17
Alllo ep 911 06S eril) 95 06 R 912 06K
£11 91 065 gl 903 066 £ 9LE (68
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§im 935 078 gl 91K 078 8512 oL6 08l
a= Ezz h= 2;“ h= H‘.ni
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£hHi 915 058 g 9LE 046 E1118) a1 084
g3 a3 059 g4 917 046 #1218] a1 084
PRk 924 073 i) 918 064 GaaiB) 924 096
o bh=173 - b= 157 b=167
d =773 d =357 d =167
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Table 3 {cantineed)

Industry  Estimator  ACP ARL Estimator  ACP  ARL Estimator  ACP  ARL
type
Fpi 10 w9 (87 Epi15) 918 074 Epi25) 921 073
aim wWe o 0ER a1i15) 97 074 11025 923 (073
FIRLALL] 951 (LEE #12015) x5 075 #2125 927 073
Faal 1) 959 L0l Faai(15) 9re (%R £12(25) 917 (88
b= 185 b=2x10 b=2a3
d= 185 d =¥} d =23

further accuracy in estimation by the regression technigue. More improvement could have
been achieved if the available auxiliary vanable was better associated with the variable of
interest. However, in large scale surveys, a search for such a highly associated variable 15
not always practicable and one has to make do with what is readily available.

For the highly localieed indusiries, namely, Handloom( 1), Silk(5) and Stone-breaking(6),
only *adaptive’ sampling achieves significant improvement. For the rest, onginal sampling is
zood enough. Using husking and iron-smithy (3 and 8) as the condition C* for networking
seems Lo be the most suitable in enhancing the precision in estimation. Bul this entails
increasing the overadl imitial sample-siee, say from 112 to 357  the adaptive sample in one
replicate. So, constraining the sample-size 15 important.

Oursuggested procedures happen tobring down the sample-size from 357 10 167, 185,220
and 263, respectively, with 8%, 10%, 15% and 25% sub-sampling, with upward rounding to
integers. It is sometimes found that an estimator based on a size-restricted adaptive sample
has a lower ACP for a larger sample-size than for a smaller sample-size. This i because the
former estimator gives a smaller estimate of MSE and consequently a narrower CI which
fails to cover the true value. It may thus be noted that the former estimator may sometimes
have smaller ACP but it will perform better in terms of ARL having a smaller ARL.

S0, our final recommendation 1 that first 4 good mitial sampling scheme has o be
employed utilizing available auxiliary data. This may achieve desirable levels of efficiency
for estimation of many of the charactenstics. I it fails with mespect © a few variables, as
ascertained on computing the estimators for the coefficients of vanation, then greg estimators
may be tied as alternatives. If their estimated coefficients of varation also wrn out to be
large, then adaptive sampling may be tned. Since, ficldworks for the adaptive sampling have
to be implemented prior to the data analysis, one should undertake it for those variables for
which one anticipates possible drops in efficiency level pnor o the survey. Howewver, if the
resulting adaptive sample-size goes on spiraling up, a decision for sub-sampling has to be
implemented at the fieldwork stage. Whenever one considers going for adaptive sampling
with or without size-constraining, prior data as in Tables 1 and 2 must be exploited for a
proper guidance.
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