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Abstract In a dual frame survey, independent samples are drawn from two frames
whose union covers the population. Most estimators, however, have been developed
under the assumption that there is no nonresponse or measurement error. We review
estimators for dual frame surveys and examine their properties in the presence of
nonsampling errors. We also discuss implications of nonsampling errors for survey
design.
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1 Introduction

In an ideal sampling world, we have a finite populationU with N units, withyi a
measurement on uniti in the population. A probability sampleS is taken from the
frame, and the finite population totalY = ∑N

i=1 yi is estimated bŷY = ∑i∈S wiyi,
wherewi = 1/πi is the sampling weight. The estimatorŶ is unbiased forY if the
sampling frame includes everyone in the target population,if all sampled units re-
spond, and if there is no measurement error. In practice, of course, these assumptions
are rarely met. Nonresponse rates are increasing, which means that survey estimates
rely more on models and often have nonresponse bias. While sampling frames may
be improving, undercoverage of specific subpopulations continues to be a problem.
With populations having increasingly diverse languages and technological access,
multiple modes may be needed to sample the entire population; this may result in
measurement error if there are mode effects. Typically, nonresponse and undercov-
erage are dealt with through weight adjustments—increasing weights of selected
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respondents in an attempt to reduce bias. Attempts are made to reduce measurement
error through careful survey and questionnaire design and through modeling.

Multiple frame surveys can help address some of these problems. The potential
advantages of using a multiple frame survey include:

1. Use of multiple list frames from administrative records,to make more efficient
use of administrative data.

2. Multiple mode sampling (for example, using independent samples from a mobile
telephone frame and a landline telephone frame).

3. Future use of the internet for data collection. Although the internet presents many
coverage and domain specification challenges, it is worthy of consideration be-
cause of the potential cost savings and ease of data collection and processing.

4. Improved small area estimation. A national survey could be supplemented with
smaller, localized surveys to obtain more precision in those areas.

5. Improved estimation for rare populations. A general population survey may be
supplemented by a survey from a frame with a high concentration of members of
the rare population.

6. Modular survey design. A multiple frame approach can givemore flexibility for
design of continuing surveys. As particular frames become less expensive to sam-
ple from, the relative allocation of sample size to the different frames can be
modified. The modular approach also allows more flexibility in responding to
changing needs for data.

At the same time, however, multiple frame surveys are also sensitive to nonsam-
pling errors, and are subject to more types of nonsampling errors than their single
frame counterparts. In this paper, we summarize estimatorsthat have been proposed
for multiple frame surveys, and discuss some of the researchthat is completed and
research that may be needed for their practical implementation.

We consider multiple frame surveys in which a unit may belongmore than
one frame; screening multiple frame surveys, in which unitsbelonging to multi-
ple frames are removed from all except one of the frames, are aspecial case. Fig. 1
depicts two frames that are both incomplete, as considered by Hartley [8]. Frame
A might be a frame of landline telephones and frame B might consist of mobile
telephone numbers [18]. It is often unknown in advance whether a household mem-
ber sampled using one frame also belongs to the other frame [3]. There are three
domains: domaina consists of units in frame A but not in frame B, domainb con-
sists of units in frame B but not in frame A, and domainab consists of units in
both frames. In the telephone context, domaina contains individuals belonging to a
landline-only household, domainb consists of individuals who have only a mobile
telephone, and domainab consists of individuals who have both mobile and landline
telephones.

A special case of Fig. 1 occurs if frame B is a subset of frame A,so that domain
b is empty. Such is the case in surveys in which frame A is an areaframe and frame
B is a list frame; every unit on the list is also in the area frame. A dual frame survey
is then often much less expensive than a single frame survey from frame A with
equivalent precision since the list frame is often much lessexpensive to sample than
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the area frame. Multiple frame samples can often result in substantial cost savings
when sampling rare populations [9]; frame B can sometimes beconstructed so that
it has a high percentage of persons from the rare population,while frame A may be
costly but have complete coverage.

More than two frames can be employed as well, as illustrated in Fig. 2 for a
three-frame survey in which all frames are incomplete. In this situation, there are
seven domains.

2 Estimators in Multiple Frame Surveys

One goal in analyzing data from any survey is often to estimate a population total
Y . In a dual frame survey, we can write

Fig. 1 Frames A and B overlap, creating the three domainsa, b, andab.

a ab b
A B

Fig. 2 Frames A, B, and C are all incomplete and overlap.

a ab

ac

abc

b

bc

c

A B

C
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Y = Ya +Yab +Yb,

whereYa is the total of the population units in domaina, Yab is the total of the pop-
ulation units in domainab, andYb is the total of the population units in domain
b. A special case of this is estimating the population sizeN = Na + Nab + Nb. As
multiple frame surveys become more prevalent, the goals expand to include esti-
mation of general population characteristics, fitting models thought to describe the
superpopulation, and employing multiple frame surveys in small area estimation. In
this section we review estimators for population totals in overlapping multiple frame
surveys, along with the weight modifications induced by these estimators. The mod-
ified weights can then be used to find point estimates of other population quantities
[12].

We first set out some desirable properties for estimators from multiple frame
surveys, and then evaluate estimators that have been proposed according to these
criteria.

1. An estimator should be approximately unbiased for the corresponding finite pop-
ulation quantity.

2. Estimators should be internally consistent: that is, ifŶ1 estimates the number of
female engineers in the population,Ŷ2 estimates the number of male engineers in
the population, and̂Y3 estimates the total number of engineers in the population,
then we should havêY1 + Ŷ2 = Ŷ3. Internal consistency preserves multivariate
relationships in the data. In practical terms, internal consistency requires that one
set of weights be used for all estimates.

3. An estimator should be efficient, with low mean squared error.
4. An estimator should be of a form that can be calculated withstandard survey

software. In practical terms, one data file would be created from the multiple
frame survey. The file would include one column of weights to be used for calcu-
lating point estimates, and it would contain either variables describing the survey
designs for formula-based variance estimation, or columnsof replicate weights
for replication-based variance estimation [13].

5. An estimator should, if possible, be robust to nonsampling errors that might occur
with multiple frame surveys.

For notational simplicity, we summarize estimators for theoverlapping dual
frame survey depicted in Fig. 1, where domainab is nonempty. LetS (A) andS (B)
denote the probability samples from frames A and B, respectively. Unit i in sample
S (A) has probability of inclusionπA

i and weightwA
i , and uniti in sampleS (B)

has probability of inclusionπB
i and weightwB

i . The weights may be the inverses of
the inclusion probabilities, or they may be poststratified to agree with population
counts; it is assumed that estimators of population totals from the different samples
are approximately unbiased.

ThenE[∑i∈S (A) wA
i yi] ≈Ya +Yab andE[∑i∈S (B) wB

i yi] ≈Yb +Yab. Consequently,
an estimator that combines the observations from both surveys with the original
weights,∑i∈S (A) wA

i yi +∑i∈S (B) wB
i yi, is biased for the population totalY . The var-

ious estimators for the population totalY that have been proposed in the literature
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modify the weights so that the estimators are approximatelyunbiased. The modified
weights are of the form ˜wA

i = mA
i wA

i andw̃B
i = mB

i wB
i . The population total is then

estimated by
Ŷ = ∑

i∈S (A)

w̃A
i yi + ∑

i∈S (B)

w̃B
i yi (1)

and the population mean̄Y is estimated byˆ̄Y = Ŷ/N̂ where N̂ = ∑i∈S (A) w̃A
i +

∑i∈S (B) w̃B
i . The estimators are approximately unbiased, then, ifmA

i ≈ 1 for i ∈ a,
mB

i ≈ 1 for i ∈ b, andmA
i + mB

i ≈ 1 for i ∈ ab. All of the estimators reviewed in this
section satisfy the criteria needed for approximate unbiasedness [12].

For point estimation, a file can be released with one vector ofweights,w̃ =
(w̃A

i , i ∈ S (A), w̃B
i , i ∈ S (B)). Let y be the corresponding vector of observations,

formed by concatenating the observations fromS (A) with the observations from
S (B). ThenŶ = w̃T y. From a user’s perspective, once the modified weights are
constructed, the procedure followed to estimate population totals is the same as in a
single frame survey.

Fixed weight adjustments. The simplest weight modification to preserve ap-
proximate unbiasedness, proposed by [8], takes

mA
i,θ =

{

1 if i ∈ a
θ if i ∈ ab

, mB
i,θ =

{

1 if i ∈ b
1−θ if i ∈ ab

, (2)

whereθ ∈ [0,1]. Using the modified weights ˜wA
i = mA

i,θ wA
i and w̃B

i = mB
i,θ wB

i in

(1), the resulting estimator̂Y (θ ) can also be expressed using the estimated domain
totalsŶ A

a = ∑i∈S (A),i∈a wA
i yi, Ŷ A

ab = ∑i∈S (A),i∈ab wA
i yi, Ŷ B

ab = ∑i∈S (B),i∈ab wB
i yi, and

Ŷ B
b = ∑i∈S (B),i∈b wB

i yi. The estimator

Ŷ (θ ) = ∑
i∈S (A)

mA
i,θ wA

i yi + ∑
i∈S (B)

mB
i,θ wB

i yi = Ŷ A
a + θŶ A

ab +(1−θ )ŶB
ab + Ŷ B

b , (3)

thus takes a weighted average of the frame A estimator,Ŷ A
ab, and the frame B estima-

tor,Ŷ B
ab, of the domain totalYab. Mecatti [16] calls this a multiplicity estimator when

θ = 1/2, since the original weight is divided by the number of frames to which an
observation belongs. Ifθ = 0, then the observations fromS (A) in the intersection
domain are discarded from the analysis.

For a fixed value ofθ , the estimator̂Y (θ ) gives internal consistency since the
same set of adjusted weights is used for all variables. It is simple to use and imple-
ment. Depending on the value ofθ , however, it can be inefficient. Whenθ = 0 or 1,
the data in the overlap domain from one of the samples are thrown away.

Optimal estimators. Hartley [8] proposes choosingθ in (3) so that the variance
of Ŷ (θ ) is minimized. The optimizing value ofθ is

θH =
V (Ŷ B

ab)+Cov(Ŷ B
b ,Ŷ B

ab)−Cov(Ŷ A
a ,Ŷ A

ab)

V (Ŷ A
ab)+V(Ŷ B

ab)
.
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Since the variances and covariances are generally unknown,they must be esti-
mated from the data, yieldinĝθH . The weight modifications for Hartley’s esti-
mator Ŷ (θ̂H) are given by (2), substitutinĝθH for θ . Since θ̂H is consistent for
θH , Hartley’s estimator is asymptotically optimal among all estimators of the form
Ŷ A

a + ŶB
b + θŶA

ab +(1− θ )ŶB
ab. The modified weights ˜wA

i,H andw̃B
i,H are functions of

the variances and covariances of estimated domain totals, however. This has two
consequences: (1) the modified weights are random variables, and their variabil-
ity needs to be accounted for in standard errors of estimators, and (2) the optimal
weight modifications will differ for different response variables, leading to internal
inconsistency.

Fuller and Burmeister [7] modify Hartley’s estimator by using additional infor-
mation aboutNab. Lohr and Rao [13] show that the Fuller-Burmeister estimator
has the smallest asymptotic variance among the estimators considered. As with the
Hartley estimator, however, the modified weights are randomvariables that differ
for different responses, and in complex sampling designs the Fuller-Burmeister es-
timator also does not achieve internal consistency.

Pseudo-maximum likelihood estimators. To achieve internal consistency Skin-
ner and Rao [17] propose a pseudo-maximum likelihood (PML) estimator that
uses the same weights for all variables. WhenNab is unknown, it is estimated by
N̂PML

ab (θ ), which is the smaller of the roots of the quadratic equation

[

θ
NB

+
1−θ

NA

]

x2
−

[

1+ θ
N̂A

ab

NB
+(1−θ )

N̂B
ab

NA

]

x + θ N̂A
ab +(1−θ )N̂B

ab = 0.

They suggest using the valueθP for θ that minimizes the asymptotic variance of
N̂PML

ab (θ ). Substituting an estimator̂θP for θP, the weight adjustments are:

mA
i,P =







NA−N̂PML
ab (θ̂P)

N̂A
a

, i ∈ a
N̂PML

ab (θ̂P)

θ̂PN̂A
ab+(1−θ)N̂B

ab
θ̂P, i ∈ ab

, mB
i,P =











NB−N̂PML
ab (θ̂P)

N̂B
b

, i ∈ b

N̂PML
ab (θ̂P)

θ̂PN̂A
ab+(1−θ̂P)N̂B

ab
(1− θ̂P), i ∈ ab

.

If the value ofθP cannot be estimated, for example if the two sampling frames
coincide or if domainb is structurally empty, then one can use an average design
effect from each survey in the adjustment, as described in [14]. The PML estimator
is thus approximately unbiased and internally consistent;it has high efficiency in
many survey situations.

Single frame estimators. Bankier [1] and Kalton and Anderson [9] propose es-
timators of the form in (1) that treat all the observations asthough they had been
sampled from one frame, with adjusted weights in the intersection domain relying
on the inclusion probabilities for each frame. The weight adjustments for the single
frame estimator in [9] are:

mA
i,S =

{

1, i ∈ a
wB

i /(wA
i + wB

i ), i ∈ ab
, mB

i,S =

{

1, i ∈ b
wA

i /(wA
i + wB

i ), i ∈ ab
.
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If wA
i = 1/πA

i andwB
i = 1/πB

i , the single frame estimator uses ˜wA
i,S = w̃B

i,S = 1/(πA
i +

πB
i ) for units in ab. The weight adjustment requires knowledge of the inclusion

probability for a population unit for both samples. Thus if astratified random sample
with unequal sampling fractions is taken from fromB, one needs to know the frame-
B stratum membership for units sampled inS (A).

The single frame weight modifications depend only on the original weights for
the two samples. The weight modifications thus are the same for all response vari-
ables, so estimators are internally consistent. For complex surveys, however, single
frame estimators may not be as efficient as the optimal estimators. The adjusted
weights from the single frame estimator, while not necessarily optimal for estimat-
ing a particular response, can be interpreted in terms of inclusion probabilities for
sampled units. If the sampling fractions are small, ˜wA

i,S is approximately 1/P(uniti is
included in one of the samples). Like the other estimators, the single frame estimator
is approximately unbiased for population totals.

Weight Adjustments with More than Two Frames. In the general case, sup-
pose there areQ frames, denotedA1, . . . ,AQ. Let Sq denote the probability sample
from frameAq, for q = 1, . . . ,Q. Unit i in sampleSq has probability of inclusion

πAq
i and weightw

Aq
i . There are a total ofD nonoverlapping domains.

A multiple frame estimator generalizing (1) is of the form

Ŷ =
Q

∑
q=1

∑
i∈Sq

m
Aq
i w

Aq
i yi.

If m
(Aq)
i does not depend on the data, the estimatorŶ is approximately unbiased

when∑Q
q=1 δi(Aq)m

Aq
i ≈ 1 for eachi, whereδi(Aq) = 1 if unit i is in frameAq and

0 otherwise. This clearly leaves many choices for the multiplicity weight adjust-

mentm
Aq
i . A simple choice, which generalizes the fixed weight dual frame estimator

Ŷ (1/2) in (3),

m
Aq
i =

1

∑Q
q=1 δi(Aq)

=
1

number of frames that contain uniti
(4)

as suggested in [16]. Other choices include settingm
Aq
i = 1 for one of the frames

and 0 for all of the other frames.
Lohr and Rao [14] develop optimal and pseudo-maximum likelihood (PML) es-

timators for three or more frames. They derive maximum likelihood estimators of
the vectors of domain sizes and domain means under simple random sampling, and
then adjust the estimators so that they are design consistent. The PML estimator
has been shown theoretically and through simulation studies to have small mean
squared error and to work well in a wide variety of survey designs [17, 14].

Many of the properties from the dual frame situation extend to the case of three
or more frames. How do the multiple frame estimators satisfythe criteria set out in
Section 2? All of the estimators—fixed weight, optimal, PML,and single frame—
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are approximately unbiased for population totals when sufficiently large samples are
taken in the frames. The fixed weight, PML, and single frame estimators are inter-
nally consistent; the optimal Hartley-type and Fuller-Burmeister-type estimators in
[14] are not internally consistent. While the optimal estimators are asymptotically
efficient, they are often unstable in small or moderate samples with three or more
frames: optimal estimated weight modifications are functions of large estimated co-
variance matrices, and can be outside the range[0,1]. The empirical mean squared
error of the optimal estimators can be far from the asymptotic mean squared error
when covariances are estimated. The optimal estimators arealso ill suited for use
with standard survey software. Because of the instability and internal inconsistency
of optimal estimators, we do not recommend their use in practice.

Depending on the survey circumstances, the fixed weight, PML, or single frame
estimators should be used. The PML estimator has small mean squared error in
many survey circumstances, and thus is a good choice for general surveys [14]. In
some cases, though, the simplicity and transparency of a fixed weight estimator may
be preferred. Fixed weight adjustments may make year-to-year domain comparisons
easier in a survey where the domain proportions are relatively constant over time.
A compromise may be reached by setting fixed weights approximately equal to the
near-optimal weights from the PML method.

3 Nonsampling Errors

One major reason to use multiple frame surveys is that they often have better cov-
erage properties than a single frame survey. When all framesare incomplete, as in
Fig. 2, any one of frames A, B, or C, if used as the sole samplingframe, would have
severe undercoverage. The multiple frame survey design ensures that all units in the
overlapping frames have a positive probability of inclusion in the survey.

Like all surveys, multiple frame surveys are subject to nonsampling errors. They
have nonresponse, which may differ in the different frames.While the union of the
frames may have better coverage than a single frame, there may still be undercover-
age of the target population. Estimators for multiple framesurveys are also sensitive
to domain misclassification and biases that might result from different administra-
tion methods or modes in the component surveys.

3.1 Domain Misclassification

The estimators discussed in Section 2 construct weights forthe observations based
on domain membership. Thus in the estimatorŶ (θ ) in (3), the weight multiplier of
an observation from sampling frame A is 1 if the observation is in domaina, and
is θ if the observation is in domainab, in order to account for the multiplicity of
sampling.
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In practice, domain membership may not be clear. It may be unknown whether
a respondent in area frame A also belongs to a list frame B. If frame A is an area
frame and frame B is an internet frame, for example, the only way to determine
whether an individual sampled from frame A is also in frame B might be to ask the
person about internet access, and the person might not give the correct response.

If matching or record linkage is used to determine frame membership, imperfect
matches can also result in observations being misclassified. Lesser and Kalsbeek
[11] discuss nonsampling errors in dual frame surveys that have been conducted by
the U.S. National Agricultural Statistics Service. Domainmisclassification can oc-
cur if a farm sampled in the area frame is incorrectly classified with respect to its
list frame membership. In mobile/landline dual frame telephone surveys, it is chal-
lenging to determine whether a person in one frame is also in the other frame [10].
A person reached in a landline telephone sample may also havea mobile phone, but
usually have the mobile phone turned off. While technicallyin the overlap domain,
that person is virtually unreachable in the mobile phone survey.

Lohr and Rao [14] find in simulation studies that the PML estimator has smaller
mean squared error than the other estimators when misclassification is present, but
this is due largely to the smaller variance of that estimator. In dual frame surveys
when a simple random sample is taken in each frame, for any given estimator it is
possible to construct a population for which that estimatorof the population total
has the largest bias among the set of estimators considered.Thus, while in specific
populations one estimator may be less sensitive to domain misclassification than
another, one cannot conclude that one estimator is better inall situations.

If domain misclassification is severe, any method for modifying the survey
weights to adjust for multiplicity can result in biased estimates. To see possible
effects of domain misclassification, consider a simple model for fixed weight ad-
justments under which every observation in a domain has the same misclassification
probabilities. LetqF

d,e = P(observation from frame F sample that is in domaind is

classified into domaine). Then for a dual frame survey wheremA
i ≈ 1 for i classi-

fied in domaina, mA
i = mA

ab for i classified inab, mB
i ≈ 1 for i classified inb, and

mB
i = mB

ab for i classified inab, the approximate bias of̂Y for any of the estimators
in Section 2 is:

bias(Ŷ )≈ [qA
ab,a(1−mA

ab)+qB
ab,b(1−mB

ab)]Yab−(1−mA
ab)q

A
a,abYa−(1−mB

ab)q
B
b,abYb.

(5)
If the misclassification probabilities are known or can be estimated from another
source, then the bias in (5) can be corrected under this simple model by revising
the weight adjustments to ˜mA

i,ab = [mA
ab − qA

ab,a/qA
a,a]/[qA

ab,ab − qA
ab,aqA

a,ab/qA
a,a] for i

classified inab and m̃A
i,a = [1− qA

a,abm̃A
i,ab]/qA

a,a for i classified ina, with similar
adjustments for frame B. If there is no misclassification, the weight adjustments are
not revised.

If information about theq’s is known, some estimators may have less misclas-
sification bias than others. Mecatti [16] suggests that if the weight modifications in
(4) are used, it is not necessary to knowwhich domain an observation belongs to; it
is only necessary to knowhow many frames the observation is in. Thus, if the only
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misclassification is among domains which belong to the same number of frames,
the estimator in (4) will have no misclassification bias. In the dual frame setting, if
it is known thatqA

a,ab = qA
ab,a = 0, then the fixed weight estimator withθ = 0 has no

misclassification bias. Both of these accommodations for bias, however, can result
in greater mean squared error than if the bias is ignored because the weighting can
be very inefficient; if the domain means are similar, then themisclassification might
not result in any appreciable loss of precision but discarding observations from do-
mainab in the frame-A sample would greatly increase the mean squared error.

In practice, we expect domain misclassification to be related to responses of inter-
est; we also expect that in many situations, misclassification is more likely to occur
in certain directions. In longitudinal dual frame surveys,domain misclassification
can have greater effects than in cross-sectional surveys [15] Domain misclassifica-
tion thus needs to be treated analogously to, and in conjunction with, nonresponse.
In some situations, the domain indicator can be missing or unavailable. Clark et
al. [5] investigate logistic regression and record-linkage methods for predicting the
domain of an observation with missing domain information.

3.2 Mode Effects

In some cases, dual frame may also mean dual mode or dual language. De Leeuw
[6] compares advantages and disadvantages of different sampling modes and sum-
marizes empirical research on mode biases. Mode effects that occur in single frame
surveys will also occur in multiple frame surveys. If different modes are used in
different frames, it is challenging to separate mode effects from other nonsampling
errors.

Many of the multiple frame survey estimators depend on combining estimates
from the overlap domains, and these assume that the estimator of Yab from the com-
ponent surveys are both estimating the same quantity. If, however, the frame A sur-
vey is conducted in person while the frame B survey is conducted by telephone, it
is possible that a census of the domainab from frame B would give a different total
in the domain than a census from frame A. We recommend testingthe equivalence
of domain estimators from different samples to ascertain ifnonsampling errors are
a problem.

One possibility to investigate mode effects is to conduct the frame B survey us-
ing a split sample, e.g. partly in-person and partly by telephone, but that reduces
the cost savings from the dual frames. Careful pretesting can mitigate the mode ef-
fects. Research is needed in this area; the same problem of mode effects, of course,
occurs in single frame surveys such as the American Community Survey in which
nonresponse follow-up is done by different mode than the original sample [4].
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3.3 Nonresponse

In any survey, nonresponse can result in biased estimates ofpopulation totals and
other quantities. Different nonresponse rates in the samples from the two frames can
affect the point estimates of the population total given in Section 2; additionally,
nonresponse can affect the weight adjustments prescribed by some of the methods.

Kennedy [10] discusses a problem that has occurred when frame A consists of
landline phones and frame B is mobile phones: the units in theintersection domain
ab who were interviewed by mobile phone differed from those inab who were in-
terviewed on the landline phone. For example, it was estimated that 18% of the
intersection units were aged 18–25 in the frame-B sample, while it was estimated
that only 8% of the intersection units were aged 18–25 using the frame-A sample.
The difference is ascribed to nonresponse: it is thought that persons who predom-
inantly use cell phones (and thus are difficult to reach through a landline survey)
tend to be younger.

Brick et al. [2] propose a method for choosingθ in fixed weight estimators to
reduce bias due to nonresponse when the response rates in thedifferent domains
and frames are known. They also poststratify to independentestimates of population
counts in the different domains.

4 Design Issues

As discussed in Section 1, multiple frame designs can give better coverage and
precision than a single frame survey with equivalent cost. The survey needs to be
carefully designed to realize those cost savings.

We have seen that misclassification can create serious biases regardless of estima-
tor choice. Thus, the survey designer must decide whether the additional coverage
made possible by including more frames outweighs the potential for bias from mis-
classifying sampled units or multiple modes. In a survey with Q frames, there are
a total of 2Q −1 possible domains. As the number of frames increases, so does the
potential for domain misclassification.

In general, the optimal design is a function of sampling variances and nonsam-
pling errors in each frame, as well as of the estimator chosen. In a multiple frame
survey, effects of domain misclassification, nonresponse,and mode bias are often
confounded. A designed experiment may help disentangle these effects. We are cur-
rently studying the relation among these three types of nonsampling errors, and re-
searching the efficiency of different design and estimator combinations in the pres-
ence of the nonsampling errors discussed in Section 3.
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