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We  compared  the  performance  of  two  traditional  sampling  designs  with  three  adaptive  sampling  designs
using  simulated  data  based  on  fishery-independent  surveys  for yellow  perch  in Lake  Erie.  Traditionally,
the  fishery-independent  survey  has  been  conducted  with  a stratified  random  sampling  design  based  on
basin and  depth  strata;  however,  adaptive  sampling  designs  are  thought  to  be more  suitable  for  surveying
heterogeneous  populations.  A  simulation  study  was  conducted  to  compare  these  designs  by examining
the  accuracy  and  precision  of  the  estimators.  Initially  in  the  simulation  study,  we used  bias,  variance  of
the  mean,  and  mean  squared  error  (MSE)  of  the  estimators  to compare  simple  random  sampling  (SRS),
stratified  random  sampling  (StRS),  and  adaptive  two-phase  sampling  (ATS).  ATS  was  the  best  design
ishery-independent survey
ake Erie

according  to  these  measurements.  We  then  compared  ATS,  adaptive  cluster  sampling  (ACS),  adaptive
two-stage  sequential  sampling  (ATSS),  and  the currently  used  stratified  random  sampling  design.  ATS
performed  better  than  the  other  two  approaches  and  the  current  stratified  random  sampling  design.  We
concluded  that  ATS  is  preferable  for yellow  perch  fishery-independent  surveys  in Lake  Erie.  Simulation
study  is  a  preferred  approach  when  we  seek  an  appropriate  sampling  design  or  evaluate  the  current
sampling  design.
. Introduction

Fishery independent surveys provide valuable information on
sh population characteristics and play important roles in fisheries
tock assessment (Gunderson, 1993; Rago, 2005). The importance
f fishery independent surveys has been well recognized, but
he important role of sampling design for these surveys is less
ppreciated. Often, traditional survey methods are used with-
ut considering survey designs that maximize the precision and
ccuracy of the estimator (Mier and Picquelle, 2008). Fishery inde-
endent surveys are usually expensive and time-consuming, and
n efficient sampling design is key to the success of these sur-
eys. Recently, investigators have begun to pay more attention to
he importance of survey sampling and are exploring a variety of
spects of designs (Bez, 2002; Brown, 2003; Kimura and Somerton,
006). Based on the previous studies, we compared the perfor-

ance of traditional and adaptive sampling designs with emphasis

n simulation application for performance comparison.

∗ Corresponding author. Tel.: +1 540 250 3599; fax: +1 540 231 7580.
E-mail address: haoyu@vt.edu (H. Yu).

165-7836/$ – see front matter ©  2011 Elsevier B.V. All rights reserved.
oi:10.1016/j.fishres.2011.10.009
© 2011 Elsevier B.V. All rights reserved.

Simple random sampling (SRS) and stratified random sampling
(StRS) are commonly used sampling methods for fishery inde-
pendent surveys. SRS is the simplest sampling method and other
complex sampling methods usually include SRS to some degree
(Cadima et al., 2005). StRS is used for heterogeneously distributed
populations to increase the precision of estimates (Cadima et al.,
2005). In StRS, the survey area is divided into strata that are inter-
nally more homogeneous based on habitat characteristics, such
as basins, bathymetry, or other important hydrographic variables.
Stratum construction and sample allocation are critical for a suc-
cessful StRS (Rago, 2005). The best allocation of the sample in
each stratum is usually determined by three factors: (1) the total
number of elements in each stratum; (2) the variability of observa-
tions within each stratum; (3) the cost of obtaining an observation
from each stratum (Scheaffer et al., 2006). If variance and cost
information are not available, proportional allocation or any other
allocation method can be used to allocate the total sample size
among the strata.

For patchy or rare populations, these traditional sampling

designs can be inefficient because they may  fail to detect the
aggregation patterns. In recent literature, adaptive sampling
designs have been used to improve the precision of the estimates
(Hanselman et al., 2003; Su and Quinn, 2003; Brown et al., 2008).

dx.doi.org/10.1016/j.fishres.2011.10.009
http://www.sciencedirect.com/science/journal/01657836
http://www.elsevier.com/locate/fishres
mailto:haoyu@vt.edu
dx.doi.org/10.1016/j.fishres.2011.10.009
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Fig. 1. Basins and strata partitions of the study area of current fishery-independent
sampling survey in Lake Erie (modified based on Ontario Ministry of Natural
Resources, unpublished. Contact: Andy Cook, andy.cook@mnr.gov.on.ca). Number
1,  2, 3, 4 and 5 represent West Basin, West-Central Basin, East-Central Basin, Penn-
sylvania Ridge and Eastern Basin, respectively. The unit size is 2.5 min × 2.5 min  and
the  number of strata in each basin is 2 or 3 based on water depth. The darker area
74 H. Yu et al. / Fisheries Re

 sampling design is defined as “adaptive” when the sample selec-
ion procedure depends on previous observations in the sample
Salehi and Smith, 2005). Such “adaptive” sampling designs appear-
ng in the literature include the adaptive two-phase sampling
esign (ATS) (Francis, 1984), the adaptive cluster sampling design
ACS) (Thompson, 1990, 1992; Thompson and Seber, 1996), and
he adaptive two-stage sequential sampling design (ATSS) (Brown
t al., 2008). Adaptive sampling designs are more suitable for sin-
le species surveys because a gain of precision for one species will
ften be at the expense of other species.

ACS has been reported to be more efficient than SRS for aggre-
ated or rare populations (Thompson, 1990; Thompson and Seber,
996). ACS can also be combined with some other traditional
ampling methods, such as stratified sampling and systematic sam-
ling to get better estimation (Thompson and Seber, 1996). Several
esearchers have applied this method to fishery surveys and have
btained satisfactory results (Hanselman et al., 2003; Smith and
undy, 2006; Sullivan et al., 2008). In ACS, a set of sampling units
re randomly selected in the survey area. If the density of a sampled
nit is larger than a pre-defined critical value, then its neighbor-
ood will be sampled in the next round. Similar to the previous
tep, if the density of each newly sampled unit is larger than the
ritical value, its neighborhood will be sampled; otherwise the sam-
ling is finished. Thus, this sampling process will not stop until
ll units that satisfy the critical value are sampled (Thompson and
eber, 1996). The outermost units are called “edge” units and are
ot used in estimation. However, there are difficulties for applying
CS in practice, such as how to determine appropriate critical val-
es, how to schedule survey times in practice when vessel days are
xed, the indefinite sampling problem due to a low critical value,
nd the costly “edge” unit issue (Hanselman et al., 2003; Su and
uinn, 2003). ATSS may  solve some of these issues (Salehi and
mith, 2005; Brown et al., 2008). The process of ATSS is similar
o stratified ACS. Both are two stage samplings with primary sam-
les and critical values. The difference is that ATSS is not strictly
equired to sample neighbor units of the randomly sampled units
n the first round but sampling the units nearby in each stratum.
he use of a stopping rule and the counting of edge units are not
ecessary for ATSS. ATS is another two-stage sampling technique

n which the sample allocation at the second stage is determined
y the variability of samples at the first stage. Compared to ACS
nd ATSS, ATS is more practical and flexible because the critical
alue is not needed for ATS, there is no “edge” unit issue, and
dding or deleting a small number of sites in the second phase does
ot influence the estimates dramatically (Francis, 1984; Brown,
999).

Yellow perch is one of the most important commercial and sport
sh species in Lake Erie (Baldwin and Saalfeld, 1962; Regier and
arman, 1973; Jiao et al., 2006). Previous studies (Yellow Perch
ask Group, 2008) found that the distribution of yellow perch
n the lake is heterogeneous and that the western area has a
igher density than the eastern area. Based on our preliminary
tudy, there are a few small areas that have much higher densi-
ies than their surrounding area in the lake. Therefore we  wanted
o evaluate if adaptive sampling designs would provide more effi-
ient estimates than the design currently used in the Lake Erie
shery-independent survey, which is a partnership survey between
he Ontario Commercial Fisheries’ Association (OCFA) and the
ntario Ministry of Natural Resources (OMNR) Lake Erie Fisheries
anagement Unit (LEMU). Additionally, there are some problems

ssociated with the current stratified survey design that may  be
emedied by using an adaptive sampling design. For instance, fish

ensity in each stratum is not homogeneous and the heterogene-

ty varies among years, which may  adversely affect the efficiency
f the stratified design relative to SRS. To address these prob-
ems, we conducted a simulation study to compare SRS, StRS, ACS,
denotes shallow water and lighter area denotes deep water. The dots denote the
locations that were not sampled.

ATSS, and ATS based on the example data of yellow perch fishery-
independent surveys. Our objectives were to explore the efficiency
of the current method (StRS) and to find out the most efficient
sampling designs in order to improve the fishery-independent sur-
veys in the Great Lakes. This is the first study that compares the
efficiencies of ACS, ATSS and ATS together through a simulation
study.

2. Materials and methods

2.1. Study area and current survey design

Lake Erie is nearly evenly divided by Canada and the United
States, and the current fishery-independent survey is only con-
ducted within the Canadian side of the lake. The Canadian side is
partitioned into five basins for this survey; Western Basin, West-
Central Basin, East-Central Basin, Pennsylvania Ridge, and Eastern
Basin. The Lake Erie fishery-independent survey has been con-
ducted within the Canadian side of Lake Erie annually since 1989.
In this survey, standard gangs of gillnets consisting of 14 differ-
ent mesh sizes are fished in two  distinct manners: canned and
bottomed sets. The canned sets are suspended in the water and
the bottom sets are fished near the bottom of the lake. The bot-
tomed sets are mainly used for collecting yellow perch, so in this
study only the bottomed sets design were analyzed. In this design,
each basin was divided into 2 or 3 strata based on water depth,
and each stratum contains many sampling units, each of which
is 2.5 min  × 2.5 min  (Fig. 1). Some of these units are not included
in the sampling frame (unsampled) because they are located on
shipping routes or other obstacles. The number of units varies
from stratum to stratum. In total there are 14 strata and 119 units
(Table 1).

In order to compare the efficiency of StRS and ATS in the simula-
tions, we divided the study area into 2, 3 and 4 strata, respectively,
based on water depth, and the unit size was set to 2 min  × 2 min

(Fig. 2). Due to the change of unit size and sample sizes, the
efficiency of the currently used sampling method may be differ-
ent from StRS. Therefore, we compared StRS versus ATS based

mailto:andy.cook@mnr.gov.on.ca
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Table  1
Current spatial stratification of fishery-independent survey for each basin in the
Canadian side of Lake Erie. The strata stratification was  based on basins and water
depth. The West Basin was  divided into two  strata, and each of the other 4 basins
was  divided into 3 strata resulting in 14 total strata. The total number of units was
690.

Basin Stratification by surface area Number of
sampling units

West Basin (WB) Water depth from 0 to 10 m 16
Water depth > 10 m 6

West-Central (WC) &
East-Central Basin (EC)

Water depth from 0 to 15 m 11 (WC)/8 (EC)
Water depth from 15 to 20 m 15 (WC)/11

(EC)
Water depth > 20 m 10 (WC)/17

(EC)

Pennsylvania Ridge Water depth from 0 to 15 m 1 (PR)/6 (EB)
Water depth from 15 to 30 m 1 (PR)/8 (EB)

o
(

2

a
e
t
i
c
a
u
o
a
i
c
s
I
w
b
e
c
r

k=1
k

F
s

(PR) & Eastern Basin
(EB) Water depth > 30 m 2 (PR)/7 (EB)

n not only the currently used 14 strata but also fewer strata
2–4).

.2. “True” density used in the simulation study

Ordinary kriging was used to interpolate the survey data over
ll basins. The goal of this study was to determine a lake-wide
stimate. Ordinary kriging is one of the most commonly used spa-
ial interpolation methods (Schabenberger and Gotway, 2005). The
dea is to estimate the value at an unknown location by using the
ombination of weights and values at known locations. The weights
re estimated according to semivariance among known values. We
sed the interpolated survey data in 1993 and 2003, respectively, as
ur “true” density. We  chose these 2 years because the fish densities
nd distributions are quite different, and this is helpful in compar-
ng the efficiency of different sampling designs. The number of fish
aught (individuals/lift) at each site was interpolated to a density
urface using the ArcGIS software package (version 9.2, 2007, ESPI,
nc., USA) (Fig. 3). The unit size of the interpolated density maps

as 2 min  × 2 min. The lake was divided into 1, 2, 3, and 4 strata
ased on the water depth as well as 5 strata based on basins. For

ach stratum, we calculated the mean, standard deviation (SD) and
oefficient of variation (CV) of the survey data in 1993 and 2003,
espectively (Table 2).

ig. 2. Strata partitions of the study area used in the simulation study: comparison amo
tudy  area was  divided into (a) 2 strata, (b) 3 strata and (c) 4 strata based on water depth
 113 (2012) 173– 181 175

2.3. Sampling design

2.3.1. Stratified random sampling (StRS)
The current Lake Erie fishery-independent survey is based on

a stratified random sampling design (StRS). The survey area was
divided into 2–3 strata for each basin based on the water depth
(Table 1). The formula for the estimator of the mean for StRS is

�̂ = 1
N

L∑
i=1

Niȳi (1)

where N is the total number of the population units, L is the number
of strata, Ni is the number of population units in the ith stratum,
and ȳi is the mean of the samples from the ith stratum.

2.3.2. Adaptive cluster sampling (ACS)
Thompson and Seber (1996) described ACS in detail and pro-

vided two  unbiased estimators of the mean: the Hansen–Hurwitz
estimator (HH) and the Horvitz–Thompson estimator (HT). An ACS
design usually includes the following two steps: (i) n1 units are first
randomly selected from the study area; and (ii) the neighborhoods
(i.e., top, bottom, left, right for each initial sampling unit) are sam-
pled if their values are larger than a predefined critical value, and
the neighborhoods of the newly sampled units are also selected
based on the same rule until all the desirable neighborhoods are
sampled. The group of adjacent units whose values are all at least
as great as the critical value is known as a network. The adjacent
units that have been sampled form many networks. The formula
for the Hansen–Hurwitz (HH) estimator is

�̂HH = 1
n1

n1∑
i=1

1
mi

∑
j ∈ Ti

yj = 1
n1

n1∑
i=1

wi (2)

where yj is the density of unit j, Ti is the ith network, mi is the
number of units in Ti, n1 is the number of networks (not necessarily
distinct), and wi is the mean of the mi observations in Ti.

The formula for the Horvitz–Thompson (HT) estimator is

�̂HT = 1
N

K∑ yk

˛
(3)
˛k = 1 −
[(

N − xk

n

)
/

(
N
n

)]
(4)

ng stratified random sampling (StRS) and adaptive two-phase sampling (ATS). The
, respectively.



176 H. Yu et al. / Fisheries Research 113 (2012) 173– 181

F 3 with
m

w
K
t
n
n

s
d
c
o
t
W
(

2

f
f
d
k
f

T
M

ig. 3. Density interpolation maps of yellow perch based on survey data of (a) 199
ean  density 275.5 individuals/lift, and standard deviation of 168.3.

here yk is the sum of the y-values for the kth distinct network,
 is the total number of distinct networks in the population, N is
he number of population units, ˛k is the probability that a unit in
etwork k, which contains xk units, and n is the number of distinct
etworks.

To evaluate the properties of the HH and HT estimators, we
ampled repeatedly from the interpolated survey data (the “true”
ensity) for 1993 and 2003 with n1 set as 30 units and the criti-
al value set as the sample mean of these 30 units. A stopping rule
f level 2 (the searching neighbor procedure was only conducted
wice) was used to limit the total sampling effort to a practical level.

hen a stopping rule is used, both HH and HT estimators are biased
Su and Quinn, 2003).

.3.3. Adaptive two-stage sequential sampling (ATSS)
Brown et al. (2008) described the procedure for ATSS and the

ormula to calculate an unbiased estimate of the mean. ATSS is per-

ormed in two stages. Suppose a total population of N units was
ivided into M primary areas (clusters) based on the preliminary
nowledge of the population distribution, which can be uni-
ormly selected or selected based on geographical characteristics or

able 2
ean, standard deviation (SD) and coefficient of variation (CV) of the survey data in 1993

Number of strata Stratum index Mean 

1993 2003 

1 1 43.61 275.5

2 1  58.13 282.0
2  21.77 265.6

3  1 73.85 291.9
2  29.93 302.8
3  7.27 47.1

4 1  85.43 291.7
2  39.03 275.2
3  26.09 330.6
4  7.27 47.1

5  1 149.79 406.2
2 34.60  485.5
3  33.46 214.4
4 37.50  177.9
5  11.87 101.1
 mean density 43.6 individuals/lift, and standard deviation of 47.5; (b) 2003 with

management convenience. In the first stage, m strata from each of
the M primary areas are selected randomly without replacement.
In the second stage, initially ni1 units were selected from each area
mi using simple random sampling. If the mean value of the random
sample is larger than a pre-defined critical value and gi is the num-
ber of samples whose values were larger than the critical value
in the mi area, then gi × � number of additional units would be
selected at random from the remaining units in the mi strata. Here,
� is a predetermined value to quantify the extra sampling inten-
sity. In the present study, ni1 = 15 units were randomly sampled in
each primary unit at stage 2, and the mean value of the initial sam-
ples across the m area was used as the critical value. In the present
study, we let m = M = 5 and � = 2. The formula to calculate the ATSS
estimator of the mean density is

�̂ = 1
N

m∑
i=1

(
gi

nl1
ȳic + ni1 − gi

ni1
ȳ

ic

)
Ni (5)
where ȳic and ȳ
ic

are the mean of units satisfying and not satisfying
the condition C in the final sample set from area mi. Here, condition
C is true when the sample value is larger than the critical value. N is

 and 2003. The unit for the mean value was individuals/lift.

SD CV

1993 2003 1993 2003

1 47.50 168.26 1.09 0.61

7 55.98 153.51 0.96 0.54
4 12.10 188.06 0.56 0.71

7 67.27 150.60 0.91 0.52
2 12.09 164.28 0.40 0.54
4 5.92 29.59 0.81 0.63

6 74.55 145.10 0.87 0.50
9 23.65 159.00 0.61 0.58
5 9.91 164.85 0.38 0.50
4 5.92 29.59 0.81 0.63

6 56.17 64.68 0.37 0.16
7 9.90 94.37 0.29 0.19
0 10.15 76.35 0.30 0.36
7 10.92 41.77 0.29 0.23
2 8.45 59.14 0.71 0.58
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Fig. 4. Simulation procedure used to compare the different sampling designs: (a)
comparison among SRS, StRS and ATS; (b) comparison among ACS, ATSS and ATS; (c)
comparison between the current sampling design and ATS. The same procedure was
used for simulations when the 1993 and 2003 were assumed as the true population.
H. Yu et al. / Fisheries Re

he total number of units in the survey area, and Ni is the number
f units in stratum i.

.3.4. Adaptive two-phase sampling (ATS)
Francis (1984) described the procedure of ATS and discussed

ts advantages. An ATS survey is carried out in two  phases. The
rst phase is designed in the same way as a traditional stratified
andom sampling. Based on catches obtained from the first phase,
ore stations are allocated to some strata for the second phase of

he survey. Let Ai be the area of the stratum i, ni be the sample sizes
or stratum i in Phase 1, L is the number of strata, and Vi be the
ariance of the samples from the Phase 1 survey in stratum i. Let n
e the total sample size allocated for sampling for the survey and

1 =
∑L

i=1ni be the initial (Phase 1) station allocation. Here n1 is
et as a fraction of n. Phase 2 stations should be allocated according
o the following procedure:

Step 1. Calculate the estimated relative gain (reduction in variance)
Gi from adding 1 station to stratum i by

Gi = A2
i
Vi

ni(ni + 1)
(6)

where Ai is the size of the ith stratum, Vi is the variance of the first
round samples, and ni is the sample size in the ith stratum.
Step 2. Allocate 1 station to the stratum with the highest value of
Gi.
Step 3. Add 1 to ni and recalculate Gi for the stratum just chosen.
Step 4. Repeat steps 2 and 3 as many times as necessary until n1 = n.

In this study, we set n1 = 0.8n in Phase 1. In estimating fish den-
ity and its variance, 2-phase data are treated as if they came from

 traditional stratified sampling design. Thus, the estimator of the
ean in ATS is

ˆ  = 1
N

L∑
i=1

Niȳi (7)

here ȳi is the mean of the samples from the ith stratum calculated
ased on the final sample units allocated to stratum i in Phase 2.
ince the high density area usually has high variation in fisheries,
he ATS tends to give biased estimates (the bias is usually negative)
ecause the mean from Phase 2 sampled strata is usually less than
he mean from Phase 1 samples only. The latter mean is unbiased,
hich suggests that the mean of total samples underestimates the
opulation mean (Francis, 1984).

.4. Simulation study

The currently used yellow perch survey stratification scheme
14 strata) is based on the basins, water depth, and management
nits. It is still an arbitrary stratification. In addition, the shape of
he lake and the depth distribution are irregular in Lake Erie. ACS
nd ATSS are not suitable for the stratification scheme based on
ater depth because the strata may  be separated while having the

ame depth. Additionally, it is difficult to compare the five sampling
esigns directly because the final sample size of the two adaptive
ampling designs is unknown at the design stage and is difficult to
ontrol. Therefore, we divided these designs into two groups where
hey can be easily compared: (1) SRS, StRS and ATS; (2) ACS, ATS
nd ATSS. In the third comparison, we examined the performance
f ATS and the currently used StRS design based on the current
urvey settings.
In the first simulation situation (Scenario 1), we compared two
raditional sampling designs, SRS and StRS with one adaptive sam-
ling design, ATS. We  stratified the study area into 1, 2, 3 or 4 strata,
nd varied the total sample sizes (defined as n, which is the total
number of element units drawn from the surveyed area) from 50
to 150 with step size of 50. For StRS, stratum sample size ni was
allocated based on proportional allocation (Fig. 4a).

Secondly, we  compared the adaptive sampling designs ACS with
ATS, and ATSS with ATS. When comparing ATSS and ATS, we  used
5 strata because the lake was  divided into 5 basins when doing the
fishery-independent surveys. Water depth was  not used for strati-
fication because the same strata could be separated in parts while
having the same water depth (Fig. 2). We  did not consider stratifi-
cation in ACS because Brown (1999) found that the stratified ACS
was not more efficient than ACS. For ACS, we  first randomly sam-
pled n1 = 30 sites in the lake and then used the mean value of these
30 samples as the critical value. For ATSS, we  first randomly sam-
pled n1i = 15 sites at each stratum, respectively, and then used the
mean catch of these 75 samples as the critical value. When com-
paring ATS with ACS or ATS with ATSS, it is not possible to know the
exact final total sample size n for ACS and ATSS before the survey.
To overcome this difficulty, we  used the average final sample sizes
(n̄ = ∑R

r=1nr) from R = 1000 simulation replications of ACS or ATSS

as the total sample size n used in ATS in the comparisons of ATS
with ACS and ATS with ATSS, respectively (Fig. 4b).
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Table 3
Biases from ATS as a function of sample size and number of strata when the inter-
polated data in 1993 and 2003 were treated as “true” populations. The number of
simulations of ATS was  1000.

Strata Sample sizes

1993 2003

50 100 150 50 100 150

2 0.10 0.01 0.10 −1.37 0.40 −0.04

T
E
t
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Finally we compared the best adaptive sampling design with
he currently used sampling method. In this scenario, 14 strata and

 = 119 were used, which is the current sampling approach (Fig. 4c).

.5. Performance measurements

We  used five performance measures to compare the statistical
roperties and relative performance of the different designs. They
ere bias (B), variance of the mean (V), the mean squared error

MSE), the relative efficiency (RE), and coefficient of variance (CV)
f each estimator. The formulas are as follows:

 = 1
R

R∑
i=1

( �̂i − �) (8)

 = 1
R

R∑
i=1

( �̂i − �̄)2 (9)

SE  = B2 + V (10)

E = MSE1

MSE2
(11)

V =
√

V

�̄
(12)

here �̂i is the estimated mean value, � is the “true” mean, �̄
s the mean of �̂i, R is the number of runs of simulation for each
cenario. For SRS, StRS, and ATSS, the estimates are unbiased, so
SE  = V theoretically. In this study because the stopping rule is

pplied, the estimators from ACS are biased, so for ACS and ATS,
e used MSE  = B2 + V.

. Results

.1. Comparison of simple random sampling (SRS), stratified
andom sampling (StRS), and adaptive two-phase sampling (ATS)

Since the estimators of � from SRS and StRS are unbiased, only
he biases of �̂ATS are shown for the interpolated survey data in
993 and 2003, respectively (Table 3). The biases from all these
ampling designs were very small compared with the mean val-
es (Table 2). For the 1993 data, MSE  decreased with increasing
umber of strata (L) and sample size (n) for all the three sampling
esigns (Table 4): ATS always resulted in the smallest MSE  at each
ombination of L and n for all the designs, and SRS resulted in the
argest MSE. For the 2003 data, the ranking of the designs based on
SE  was not as uniform as in 1993, especially at L = 2 (Table 4). At
 = 50, SRS resulted in the largest MSE, and the MSE  from StRS was
he smallest among the three designs. When n ≥ 100 and L ≥ 3, StRS
nd ATS performed very similarly (Fig. 5).

able 4
stimated MSEs in the simulation when Scenarios 1 was used, i.e., comparison among SR
he  “true” densities.

Strata SRS StRS 

50 100 150 50 1

1993
1 43.54 20.99 12.57
2 37.09 

3 35.36  

4  31.05 

2003
1 536.95 234.09 160.85
2 579.79 2
3 489.04 2
4  451.43 2
3 0.01 0.20 0.03 −0.39 0.47 −0.40
4 −0.20 −0.20 −0.09 −0.25 −0.22 0.30

3.2. Comparison of ATS with adaptive cluster sampling (ACS) and
ATS with adaptive two-stage sequential sampling (ATSS)

In Scenario 2, first we compared ACS with ATS using the inter-
polated data in 1993 and 2003. The final average sample sizes n̄acs

obtained from ACS were 99.1 and 139.9 for 1993 and 2003, respec-
tively. Then we  ran simulations for ATS with L = 5 strata, and n = 100
or 140 for 1993 and 2003 separately. Bias, variance of the mean, and
MSE  were compared in Table 5. For ACS, both HH and HT estimators
were calculated; the HT estimator had lower bias and lower MSE
than the HH estimator. ATS performed better than ACS in terms of
bias and MSE  (Table 5).

Similarly, to compare ATSS with ATS, we first ran simulations for
ATSS in 1993 and 2003. The final average sample sizes n̄atss were
109.2 and 140.7 for 1993 and 2003, respectively. Then, we ran a
simulation for ATS with sample sizes set to 110 and 140 for 1993
and 2003, respectively. ATS resulted in smaller MSE  and CV than
those from ATSS, whereas their bias was negligible (Table 5).

3.3. Comparison of ATS with the current survey design

ATS performed best in the last two  scenarios. In Scenario 3,
we compared the best adaptive sampling approach (ATS) with the
design currently used (StRS). Bias, V, MSE, and CV were compared
in Table 6. StRS can provide unbiased estimators if all units in each
stratum have the same probability to be chosen. Since some loca-
tions cannot be sampled (Fig. 1), the estimators from StRS were
biased (Table 6). ATS resulted in smaller MSE  and CV than those
from the current sampling design in 1993 and 2003. The current
sampling design also resulted in larger biases than ATS in both 1993
and 2003 (Table 6).

4. Discussion
This study showed that adaptive two-phase sampling (ATS) per-
formed better than the traditional simple random sampling (SRS)
and stratified random sampling (StRS) in most situations using the
simulated data based on fishery-independent surveys for yellow

S, StRS, and ATS. The 1993 and 2003 years’ interpolation densities were treated as

ATS

00 150 50 100 150

18.20 12.24 31.55 15.88 9.80
16.12 9.44 25.55 11.54 7.10
14.65 8.52 21.40 10.96 6.34

37.71 161.49 559.56 262.6 166.22
18.89 127.41 448.53 216.85 126.19
03.33 126.73 441.83 205.54 138.81
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Fig. 5. Relative efficiencies (RE) of StRS over ATS when the interpolated catch data in 1993 (a) and 2003 (b) were assumed as “true” data. The sample sizes are 50, 100, and
150;  the strata are 2 (dotted line), 3 (dash line), and 4 (solid line).

Table 5
Estimated bias, variance of the mean (V), MSE  and CV when Scenario 2 was used, i.e., comparison between ATS and ACS; ATS and ATSS. The interpolated density data were
treated  as “true” densities.

Performance measures 1993 2003

ATS ACS ATS ACS

HH HT HH HT

Bias −0.05 −4.14 −0.43 0.29 −23.18 5.97
V 2.33  43.96 48.96 31.77 688.28 862.18
MSE  2.33 61.10 49.14 31.86 1225.59 897.82
CV  0.04 0.17 0.17 0.02 0.10 0.10

Performance measures 1993 2003

ATS ATSS ATS ATSS

Bias 0.03 0 0.29 0
2.13
2.13
0.03
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ATS performed better than SRS and StRS for the data with a
larger range of relative variation, based on the coefficient of vari-
ation among strata. When the interpolated density in 1993 was

Table 6
Comparison of bias, V, MSE and CV from ATS and current sampling approach (i.e.,
Scenario 3). The interpolated density data were treated as “true” densities.

Year 1993 2003

Current ATS Current ATS

Bias −0.49 0.01 −2.16 0.93
V  1.92 

MSE  1.92 

CV  0.03 

erch in Lake Erie. It also performed better than the adaptive
ampling designs of adaptive cluster sampling (ACS) and adaptive
wo-stage sequential sampling (ATSS) based on the simulated data
n 1993 and 2003. The reason that ATS had better precision than
tRS was the more effective sample allocation in each stratum. In
heory, StRS had better precision than SRS because the variable of
nterest in each stratum was almost homogeneous (Scheaffer et al.,
006). However, in Lake Erie, yellow perch density varied tempo-
ally and spatially, and it was difficult to find an appropriate strata
ivision for each year. When the density in each stratum was  het-
rogeneous and sample size was small, StRS performed even worse
han SRS. Under these circumstances, ACS and ATSS did not perform
s well as Hanselman et al. (2003) and Brown et al. (2008) described.
he causes for poor performance of ACS may  include (1) the stud-
ed population is not sufficiently clustered, (2) the critical value is
oo small, and (3) the neighborhood definition is too large (Brown,
999). In this study, the first reason is most likely. For ACS, we  cal-
ulated both HH and HT estimators. The HT estimator was  reported
o be preferable in a stopping rule case (Su and Quinn, 2003). In this
tudy, the HT estimator was less biased and had smaller MSE  but
arger variance of the mean.

Besides efficiency, ATS is more flexible and practical in reality
han StRS in relatively small areas, such as lakes and reservoirs.
he formula used to calculate variance reduction (Eq. (6)) could
nclude a cost factor that is of interest. A subjective weighting fac-

or derived from prior knowledge may  be added to it. For example,
f we know the cost for each trip before the second phase, we
an include this information in this formula, which can be revised
s Gi = A2

i
Vi/(ni(ni + 1)

√
ci), where ci is the cost for each trip in
 31.77 60.05
 31.86 60.05

 0.02 0.03

stratum i. This is one of the tradeoffs that fisheries managers often
face, i.e., better estimation versus lower cost. It also provides alter-
native options for making decisions on survey plans.

In a conventional sampling design, it is possible that some strata
will be under-sampled or not sampled due to bad weather and ves-
sel or gear problems (Francis, 1984). Traditional sampling designs
lack the ability to deal with this situation because the sample plan is
determined before sampling, and it is likely that some strata will be
under-sampled or not sampled. In contrast, ATS is able to decrease
the negative effect of under-sampling. This is because once the first
phase sampling finished, there is no theoretical problem if the sam-
ples in Phase 2 are not totally allocated. In addition, the procedure
for allocating stations in Phase 2 can be applied with a smaller
sample size if not all will be sampled (Francis, 1984).
MAE 1.20 1.06 4.72 4.21
V 1.42  1.32 29.38 27.92
MSE  1.66 1.32 34.05 28.78
CV 0.03 0.03 0.02 0.02
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reated as the “true” data, the ranges of CVs were 0.40, 0.51 and
.49 for 2, 3 and 4 strata, respectively. When the interpolated den-
ity in 2003 was  treated as the “true” data, the ranges were only
.17, 0.11 and 0.13. ATS resulted in much smaller MSE  than SRS
nd StRS when 1993 data were used in the simulation. But MSE
rom SRS, StRS and ATS were close to each other when 2003 data
ere used in the simulation. The reason for the large range of CVs

s that the strata division is not totally consistent with the density
istribution. In some strata, density distribution is more heteroge-
eous than the others. Traditional sampling methods often lead to

ow accuracy, but ATS is more suitable for this situation. When each
tratum shows similar relative variation, the efficiency of ATS will
ecrease.

Adaptive sampling designs have showed advantages compared
ith traditional methods in some cases, but they also have their
ractical limitations. For ACS, if the prior knowledge about the
opulation distribution before survey is limited, selecting an
ppropriate critical value can be difficult (Su and Quinn, 2003).
anselman et al. (2003) recommended three methods that can be
sed to determine a fixed critical value, and they were 80th quantile
f the past survey data, the mean of the past survey data, and the
ean of initial samples. In this study, the mean of initial samples
as used as a critical value, because yellow perch density changed

ubstantially over time, past survey data would not be representa-
ive for the current data. A high critical value may  lead to a smaller
ample size, and a low critical value may  make sampling continue
ndefinitely. Su and Quinn (2003) suggested using order statistics
n ACS to replace an arbitrary critical value, but this method still has
ts limitations (Hanselman et al., 2003). Furthermore, “edge units”
o not involve later statistical estimation because they do not sat-

sfy the condition of selection, but require much effort. To avoid
hese problems, we used a relatively large initial sample size (30)
nd a stopping rule to terminate the sampling process (Lo et al.,
997). We  applied ACS instead of stratified ACS (SACS) in this study
ecause Brown (1999) found the differences between ACS and SACS
ere small and statistically insignificant based on sample sizes and

ariances. ATSS avoided “edge units” and neighborhood sampling,
ut it still has to face problems of selecting a critical value and an

nitial sample size as in ACS. Both ACS and ATSS cannot give the
xact total sample size before sampling. The problems mentioned
bove do not exist in ATS. The only difficulty of using ATS may  be
he sample size in Phase 1. Francis (1984) recommended allocating
bout 75% of total sample size into Phase 1, and 80% of total sam-
le size was used in this study. The results showed that it was a
easonable proportion to apply.

Systematic sampling (SYS) was reported to be more efficient
han random sampling and adaptive sampling in some simulated
opulations (Pooler and Smith, 2005; Mier and Picquelle, 2008).
owever, in this study, the interpolated survey data were used as

true” density instead of simulated populations. In this case SYS has
ery limited choices of sample allocation. For example, if we have
000 fixed cells, and the sample size is 100, the number of sample
llocations is 10 at most for SYS. We  did a preliminary study on
omparing SYS with other sampling designs. The results indicated
hat SYS was not as accurate as other sampling designs in this case.
n addition, the Canadian side of Lake Erie was used as study area,

hich has an irregular shape and a variety of hydrologic conditions.
ome locations were not suitable to be sampled due to multiple
ractical reasons such as shallow water and obstacles in the water.
herefore SYS cannot work well in reality for fishery-independent
urveys in Lake Erie. We  excluded SYS from the traditional sampling
esigns for the final comparison.
Two methods of inference are commonly used in sampling sur-
eys: design-based and model-based (Thompson, 1992). In the
esign-based inference, the population y-values are regarded as
nknown constants, but model-based inference considers y as
 113 (2012) 173– 181

one single realization of stochastic processes. Therefore, choos-
ing an appropriate sampling design will improve the accuracy
and precision of estimators for design-based inference. However,
design-based sampling usually requires a large sample size and
small observation errors. The difficulties of model-based inference
include building a reliable model and finding correct explanatory
variables. Since the observation error is not avoidable and the sam-
ple size is limited in many fishery-independent surveys, we suggest
that model-based inference ought to be applied when the survey
is not based on a well-designed survey. Nevertheless, an efficient
sampling design is also necessary for saving cost and reducing
biases. Therefore the model-assisted optimal survey design was
suggested for fishery surveys (Chen et al., 2004). In this study, we
only considered the randomness induced by sampling designs in
the simulations. However, this does not mean that the randomness
caused by survey process is not important. Combining design-based
inference and model-based inference efficiently is the goal of future
studies.

For fishery-independent surveys in Lake Erie, another important
target species is walleye. The canned gillnets are mainly designed
for the walleye survey. However, yellow perch and walleye show
different distribution patterns over time. If we survey these two
species separately, it would increase the budget considerably. ATS
has the potential for sampling design tradeoffs in multi-species sur-
vey. In the first phase, yellow perch and walleye may  be sampled
in the same locations based on StRS. Then the rest of the samples
would be allocated, respectively, for yellow perch and walleye. The
final sampling design would be made considering budget, cost, and
all the other related factors.

Our simulation study also suggested that in different fisheries,
the best sampling design can be different. Previous simulation stud-
ies have found that ACS (Hanselman et al., 2003; Sullivan et al.,
2008) and ATSS (Salehi and Smith, 2005; Brown et al., 2008) per-
formed better in Pacific ocean perch, sea lampreys, freshwater
mussels, and blue-winged teal surveys. Simulation studies are sug-
gested to search for most appropriate fisheries survey designs in
general. Through simulation studies, ATS was found to be more
suitable for yellow perch fishery-independent surveys in Lake Erie.
The appropriate sampling method must consider the spatial and
temporal distribution pattern of the target species as well as the
requirements for accuracy and the cost.
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