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Abstract In a dual frame survey, independent samples are drawn franfraimes
whose union covers the population. Most estimators, howbege been developed
under the assumption that there is no nonresponse or measuirerror. We review
estimators for dual frame surveys and examine their prigseirt the presence of
nonsampling errors. We also discuss implications of nopdiagnerrors for survey
design.
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1 Introduction

In an ideal sampling world, we have a finite populatizhwith N units, withy; a
measurement on uriiin the population. A probability sample’ is taken from the
frame, and the finite population tot#l= ziNzlyi is estimated by = Sic.o WiVi,
wherew; = 1/75 is the sampling weight. The estimaféris unbiased folY if the
sampling frame includes everyone in the target populatfal sampled units re-
spond, and if there is no measurementerror. In practiceywbe, these assumptions
are rarely met. Nonresponse rates are increasing, whichsikeat survey estimates
rely more on models and often have nonresponse bias. Whilplsa) frames may
be improving, undercoverage of specific subpopulationsicoes to be a problem.
With populations having increasingly diverse languages tachnological access,
multiple modes may be needed to sample the entire popujdkinmay result in
measurement error if there are mode effects. Typicallyresponse and undercov-
erage are dealt with through weight adjustments—incrgasigights of selected
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respondents in an attempt to reduce bias. Attempts are roadduce measurement
error through careful survey and questionnaire designlarmdigh modeling.

Multiple frame surveys can help address some of these prabi€he potential
advantages of using a multiple frame survey include:

1. Use of multiple list frames from administrative recortismake more efficient
use of administrative data.

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

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

4. Improved small area estimation. A national survey co@dabpplemented with
smaller, localized surveys to obtain more precision in ¢ham®as.

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

6. Modular survey design. A multiple frame approach can giege flexibility for
design of continuing surveys. As particular frames becasg éxpensive to sam-
ple from, the relative allocation of sample size to the défe frames can be
modified. The modular approach also allows more flexibilityrésponding to
changing needs for data.

At the same time, however, multiple frame surveys are algsitee to nonsam-
pling errors, and are subject to more types of nonsampliray®than their single
frame counterparts. In this paper, we summarize estimtiatfhave been proposed
for multiple frame surveys, and discuss some of the resahathis completed and
research that may be needed for their practical implementat

We consider multiple frame surveys in which a unit may belomgre than
one frame; screening multiple frame surveys, in which ubdknging to multi-
ple frames are removed from all except one of the frames, speaal case. Fig. 1
depicts two frames that are both incomplete, as considerddiltley [8]. Frame
A might be a frame of landline telephones and frame B mightsistrof mobile
telephone numbers [18]. It is often unknown in advance wdraedthousehold mem-
ber sampled using one frame also belongs to the other fram&ljgre are three
domains: domaim consists of units in frame A but not in frame B, domainon-
sists of units in frame B but not in frame A, and domalm consists of units in
both frames. In the telephone context, domaaontains individuals belonging to a
landline-only household, domainconsists of individuals who have only a mobile
telephone, and domaa consists of individuals who have both mobile and landline
telephones.

A special case of Fig. 1 occurs if frame B is a subset of framgofthat domain
b is empty. Such is the case in surveys in which frame A is anfaae@e and frame
B is a list frame; every unit on the list is also in the area feak dual frame survey
is then often much less expensive than a single frame sureey frame A with
equivalent precision since the list frame is often much ésg®nsive to sample than
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the area frame. Multiple frame samples can often result rstsuntial cost savings
when sampling rare populations [9]; frame B can sometimesbstructed so that
it has a high percentage of persons from the rare populatioite frame A may be
costly but have complete coverage.

More than two frames can be employed as well, as illustraielig. 2 for a
three-frame survey in which all frames are incomplete. ia #ituation, there are
seven domains.

2 Estimatorsin Multiple Frame Surveys
One goal in analyzing data from any survey is often to esgnagpopulation total

Y. In a dual frame survey, we can write

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

Fig. 2 Frames A, B, and C are all incomplete and overlap.
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Y = Ya+ Yap + Yo,

whereY, is the total of the population units in domainYy, is the total of the pop-
ulation units in domairab, andY;, is the total of the population units in domain
b. A special case of this is estimating the population $ize N + Ngp + Np. As
multiple frame surveys become more prevalent, the goalarekpo include esti-
mation of general population characteristics, fitting mMedeought to describe the
superpopulation, and employing multiple frame surveysialéarea estimation. In
this section we review estimators for population totalsviartapping multiple frame
surveys, along with the weight modifications induced by &westimators. The mod-
ified weights can then be used to find point estimates of otbpulation quantities
[12].

We first set out some desirable properties for estimatoms firwiltiple frame
surveys, and then evaluate estimators that have been g@pasording to these
criteria.

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

2. Estimators should be internally consistent: that i8; iestimates the number of
female engineers in the populatidf,estimates the number of male engineers in
the population, andl; estimates the total number of engineers in the population,
then we should hav¥ + Y, = Ys. Internal consistency preserves multivariate
relationships in the data. In practical terms, internalsistency requires that one
set of weights be used for all estimates.

3. An estimator should be efficient, with low mean squaredrerr

4. An estimator should be of a form that can be calculated stéimdard survey
software. In practical terms, one data file would be createdh fthe multiple
frame survey. The file would include one column of weightseabed for calcu-
lating point estimates, and it would contain either vagatdescribing the survey
designs for formula-based variance estimation, or coluaimeplicate weights
for replication-based variance estimation [13].

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

For notational simplicity, we summarize estimators for therlapping dual
frame survey depicted in Fig. 1, where domaliris nonempty. Let” (A) and. (B)
denote the probability samples from frames A and B, respagtiUniti in sample
(M) has probability of inclusiom?® and weightw#*, and uniti in sample.” (B)
has probability of inclusiom® and weightv®. The weights may be the inverses of
the inclusion probabilities, or they may be poststratifiecagiree with population
counts; it is assumed that estimators of population total® the different samples
are approximately unbiased.

ThenE[Fic o a) WYi] & Ya+ Yap andE[Fic o (5) WEYi] & Y + Yar. Consequently,
an estimator that combines the observations from both ganwéth the original
weights,y ic » (a) Wiy + Yie.7(B) wPy;, is biased for the population totél The var-
ious estimators for the population todalthat have been proposed in the literature
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modify the weights so that the estimators are approximatebyased. The modified
weights are of the formv™ = m*w” andw? = mPwB. The population total is then

estimated by A
Y=Y Wi+ 5 Wy (1)
ie7(A) ic7(B)

and the population mean is estimated by{ Y/N whereN = Yies (A WA +
Yics(B WF The estimators are approximately unbiased, them/if- 1 for| € a,
mB ~ 1 fori € b, andm*+ mP ~ 1 fori € ab. All of the estimators reviewed in this
section satisfy the criteria needed for approximate urgiasss [12].

For point estimation, a file can be released with one vectavafjhts,w =
(WAi € .7(A),WE,i € .7(B)). Lety be the corresponding vector of observations,
formed by concatenating the observations frofi{A) with the observations from
(B). ThenY = W'y. From a user'’s perspective, once the modified weights are
constructed, the procedure followed to estimate populdtitals is the same asin a
single frame survey.

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

1ifica 1 ifieb
”ﬁe—{eifieab’ nﬁe_{l—eifieab’ @

where 8 € [0,1]. Using the modified weights/“= mfyw?* andw?® = mPyw? in
(1), the resultlng est|mat0rf(6) can also be expressed using the estimated domain

totaIsY =Yics (A |eaMY|, Yab Yies(A |€abV\ﬁyla Yab Yics (B |eabWBy|y and
YE = Yics (B ’,ebvayl The estimator

YO)= 5 nfewlyi+ 3 mPewfyi =YL+6Y4+(1-0VR+YP, ()
e 7 ic7B)

thus takes a weighted average of the frame A estlm‘ag)rand the frame B estima-
tor, Yab, of the domain tota¥,,. Mecatti [16] calls this a multiplicity estimator when
6 = 1/2, since the original weight is divided by the number of frantewhich an
observation belongs. B = 0, then the observations froif (A) in the intersection
domain are discarded from the analysis.

For a fixed value oB, the estimatolY (8) gives internal consistency since the
same set of adjusted weights is used for all variables. Ihiple to use and imple-
ment. Depending on the value 6f however, it can be inefficient. Wheéh=0 or 1,
the data in the overlap domain from one of the samples arevthaovay.

Optimal estimators. Hartley [8] proposes choosirfjjin (3) so that the variance
of Y(8) is minimized. The optimizing value d is

V(YE) +Cov(YE,YE) — c:ov(YaA,YA)

6 = V(YA)+V(YB)
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Since the variances and covariances are generally unkribvem, must be esti-
mated from the data, yieIdinéH. The weight modifications for Hartley’s esti-
mator\?(éH) are given by (2), substitutinéH for 6. SinceBy is consistent for
64, Hartley’s estimator is asymptotically optimal among aflimators of the form
YL+ VB + Y4 + (1— 6)YE. The modified weights/}, andw®, are functions of
the variances and covariances of estimated domain totalgg\rer. This has two
consequences: (1) the modified weights are random varjadesstheir variabil-
ity needs to be accounted for in standard errors of estimasord (2) the optimal
weight modifications will differ for different response Valles, leading to internal
inconsistency.

Fuller and Burmeister [7] modify Hartley’s estimator by ngiadditional infor-
mation aboutN,,. Lohr and Rao [13] show that the Fuller-Burmeister estimato
has the smallest asymptotic variance among the estimatossdered. As with the
Hartley estimator, however, the modified weights are randarrables that differ
for different responses, and in complex sampling desigas$-thler-Burmeister es-
timator also does not achieve internal consistency.

Pseudo-maximum likelihood estimator s. To achieve internal consistency Skin-
ner and Rao [17] propose a pseudo-maximum likelihood (PMit)reator that
uses the same weights for all variables. WiNgp is unknown, it is estimated by
NEML(6), which is the smaller of the roots of the quadratic equation

J— AA AB ~ ~
9, 101 1+9Nib+(1—e)Nib x4+ ON&, + (1 - 0)NE = 0.
N Na I\ Na

They suggest using the val@ for 6 that minimizes the asymptotic variance of
NEML (). Substituting an estimatdi for 6p, the weight adjustments are:

MAE®  jea Na-Ng Br) b

N B N ;
n’ﬁP = Ng’bﬁL(éP) ~ . s m,P = NP’?’”-(@P) R . )
o oG, O | €2 e (1 G i cab

If the value of B> cannot be estimated, for example if the two sampling frames
coincide or if domairb is structurally empty, then one can use an average design
effect from each survey in the adjustment, as describeddh The PML estimator

is thus approximately unbiased and internally consisiemas high efficiency in
many survey situations.

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

s = 1, ica B 1, ich
STAWB/(wWA+wB), icab’ ST L wh/ (WA w), icab
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If wf* = 1/ andwf = 1/ 78, the single frame estimator usess = W = 1/ (1" +
i®) for units in ab. The weight adjustment requires knowledge of the inclusion
probability for a population unit for both samples. Thusstetified random sample
with unequal sampling fractions is taken from fr@none needs to know the frame-
B stratum membership for units sampledifi{A).

The single frame weight modifications depend only on theioaigwveights for
the two samples. The weight modifications thus are the sanedlfeesponse vari-
ables, so estimators are internally consistent. For cansuleveys, however, single
frame estimators may not be as efficient as the optimal esgirmaThe adjusted
weights from the single frame estimator, while not neceélysaptimal for estimat-
ing a particular response, can be interpreted in terms ddfisian probabilities for
sampled units. If the sampling fractions are sm@fg iS5 approximately 1/P(unitis
included in one of the samples). Like the other estimatbessingle frame estimator
is approximately unbiased for population totals.

Weight Adjustments with More than Two Frames. In the general case, sup-
pose there ar® frames, denoted, ..., Aq. Let.”; denote the probability sample
from frameAq, for g=1,...,Q. Unit i in sample.”y has probability of inclusion

rqu and Weight/viAq. There are a total dd nonoverlapping domains.
A multiple frame estimator generalizing (1) is of the form

. Q
Y=3 3 mwy.
g=lic.”y

If m(Aq> does not depend on the data, the estim&tds approximately unbiased
when qu:la(Aq)mAq ~ 1 for eachi, whered(Aq) = 1 if unit i is in frameAq and
0 otherwise. This clearly leaves many choices for the mliditp weight adjust-

menthq. A simple choice, which generalizes the fixed weight duahieaestimator
Y(1/2)in (3),

Aq 1 B 1
m-= ZqQ:lé(Aq) "~ number of frames that contain umit

(4)

as suggested in [16]. Other choices include seutipA@: 1 for one of the frames
and O for all of the other frames.

Lohr and Rao [14] develop optimal and pseudo-maximum kiadd (PML) es-
timators for three or more frames. They derive maximum iiledd estimators of
the vectors of domain sizes and domain means under simglemasampling, and
then adjust the estimators so that they are design consi3iea PML estimator
has been shown theoretically and through simulation ssutiehave small mean
squared error and to work well in a wide variety of survey gasi[17, 14].

Many of the properties from the dual frame situation extenthe case of three
or more frames. How do the multiple frame estimators satfséycriteria set out in
Section 27 All of the estimators—fixed weight, optimal, PNind single frame—
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are approximately unbiased for population totals whendafitly large samples are
taken in the frames. The fixed weight, PML, and single framinedors are inter-
nally consistent; the optimal Hartley-type and Fuller-Beister-type estimators in
[14] are not internally consistent. While the optimal esttors are asymptotically
efficient, they are often unstable in small or moderate sasith three or more
frames: optimal estimated weight modifications are fumdiof large estimated co-
variance matrices, and can be outside the rdddg. The empirical mean squared
error of the optimal estimators can be far from the asymptotan squared error
when covariances are estimated. The optimal estimatoralswell suited for use
with standard survey software. Because of the instabilityiaternal inconsistency
of optimal estimators, we do not recommend their use in mact

Depending on the survey circumstances, the fixed weight, Rivikingle frame
estimators should be used. The PML estimator has small npsared error in
many survey circumstances, and thus is a good choice forgenaveys [14]. In
some cases, though, the simplicity and transparency of dfiegght estimator may
be preferred. Fixed weight adjustments may make year-tn-¢g@main comparisons
easier in a survey where the domain proportions are relgtoanstant over time.
A compromise may be reached by setting fixed weights apprateiypequal to the
near-optimal weights from the PML method.

3 Nonsampling Errors

One major reason to use multiple frame surveys is that thindfave better cov-
erage properties than a single frame survey. When all fraresicomplete, as in
Fig. 2, any one of frames A, B, or C, if used as the sole samjiiarge, would have
severe undercoverage. The multiple frame survey desigmesnthat all units in the
overlapping frames have a positive probability of inclusio the survey.

Like all surveys, multiple frame surveys are subject to momgling errors. They
have nonresponse, which may differ in the different frariésile the union of the
frames may have better coverage than a single frame, therstitide undercover-
age of the target population. Estimators for multiple fresaeseys are also sensitive
to domain misclassification and biases that might resuihfdifferent administra-
tion methods or modes in the component surveys.

3.1 Domain Misclassification

The estimators discussed in Section 2 construct weighthé&observations based
on domain membership. Thus in the estima?t()ﬁ) in (3), the weight multiplier of
an observation from sampling frame A is 1 if the observatomidomaina, and
is 6 if the observation is in domaiab, in order to account for the multiplicity of
sampling.
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In practice, domain membership may not be clear. It may baowk whether
a respondent in area frame A also belongs to a list frame Bafhé A is an area
frame and frame B is an internet frame, for example, the ordy w determine
whether an individual sampled from frame A is also in frame ighhbe to ask the
person about internet access, and the person might notrgavetrect response.

If matching or record linkage is used to determine frame nmexsttip, imperfect
matches can also result in observations being misclassifester and Kalsbeek
[11] discuss nonsampling errors in dual frame surveys tae¢ fbeen conducted by
the U.S. National Agricultural Statistics Service. Domaiisclassification can oc-
cur if a farm sampled in the area frame is incorrectly clasgifivith respect to its
list frame membership. In mobile/landline dual frame télepe surveys, it is chal-
lenging to determine whether a person in one frame is aldoeiother frame [10].
A person reached in a landline telephone sample may alscehaabile phone, but
usually have the mobile phone turned off. While technicallthe overlap domain,
that person is virtually unreachable in the mobile phongesur

Lohr and Rao [14] find in simulation studies that the PML estion has smaller
mean squared error than the other estimators when mididasisin is present, but
this is due largely to the smaller variance of that estimdtodual frame surveys
when a simple random sample is taken in each frame, for amngigtimator it is
possible to construct a population for which that estimafothe population total
has the largest bias among the set of estimators considenad, while in specific
populations one estimator may be less sensitive to domasalasisification than
another, one cannot conclude that one estimator is bettdlrsituations.

If domain misclassification is severe, any method for madddythe survey
weights to adjust for multiplicity can result in biased esiies. To see possible
effects of domain misclassification, consider a simple rhéafefixed weight ad-
justments under which every observation in a domain hasatime snisclassification
probabilities. Lelqg‘e = P(observation from frame F sample that is in domeiiis

classified into domaie). Then for a dual frame survey whemé ~ 1 for i classi-
fied in domaina, nf* = Y}, for i classified inab, mP ~ 1 fori classified inb, and
mB = mgb for i classified inab, the approximate bias &f for any of the estimators
in Section 2 is:

biag¥) ~ [0 a(1— Mh,) + A5 (L — ME,)] Yap — (1 — ) 03 Ya— (1—me)QE,abszbj

If the misclassification probabilities are known or can beénested from another
source, then the bias in (5) can be corrected under this simpldel by revising
the weight adjustments o' = [ — o, o/ daal /[0 ap — Uab ol an/ Gaal fOT
classified inab and i, = [1— g} ] /04, for i classified ina, with similar
adjustments for frame B. If there is no misclassificatior,weight adjustments are
not revised.

If information about they's is known, some estimators may have less misclas-
sification bias than others. Mecatti [16] suggests thatafileight modifications in
(4) are used, it is not necessary to knatich domain an observation belongs to; it
is only necessary to knohow many frames the observation is in. Thus, if the only
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misclassification is among domains which belong to the sanmeber of frames,
the estimator in (4) will have no misclassification bias.He tlual frame setting, if
it is known thatqQab = qg\b,a = 0, then the fixed weight estimator with= 0 has no
misclassification bias. Both of these accommodations fas,diowever, can result
in greater mean squared error than if the bias is ignoredusedhe weighting can
be very inefficient; if the domain means are similar, thentigclassification might
not result in any appreciable loss of precision but diseaydbservations from do-
mainab in the frame-A sample would greatly increase the mean squarer.

In practice, we expect domain misclassification to be rdlai@esponses of inter-
est; we also expect that in many situations, misclassifinas more likely to occur
in certain directions. In longitudinal dual frame survegemain misclassification
can have greater effects than in cross-sectional survé&y$dmain misclassifica-
tion thus needs to be treated analogously to, and in congumeiith, nonresponse.
In some situations, the domain indicator can be missing awvaitable. Clark et
al. [5] investigate logistic regression and record-linkagethods 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 duakigagbDe Leeuw
[6] compares advantages and disadvantages of differemlsmmmodes and sum-
marizes empirical research on mode biases. Mode effedtsc¢har in single frame
surveys will also occur in multiple frame surveys. If diffet modes are used in
different frames, it is challenging to separate mode efférctim other nonsampling
errors.

Many of the multiple frame survey estimators depend on caingiestimates
from the overlap domains, and these assume that the estiofatg from the com-
ponent surveys are both estimating the same quantity.\Weker, the frame A sur-
vey is conducted in person while the frame B survey is coratliby telephone, it
is possible that a census of the domalirfrom frame B would give a different total
in the domain than a census from frame A. We recommend teftengquivalence
of domain estimators from different samples to ascertamoifsampling errors are
a problem.

One possibility to investigate mode effects is to conduetftame B survey us-
ing a split sample, e.g. partly in-person and partly by tete, but that reduces
the cost savings from the dual frames. Careful pretestingwitigate the mode ef-
fects. Research is needed in this area; the same problemdsf efitects, of course,
occurs in single frame surveys such as the American Comgn8aitvey in which
nonresponse follow-up is done by different mode than thgimal sample [4].
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3.3 Nonresponse

In any survey, nonresponse can result in biased estimatespafiation totals and
other quantities. Different nonresponse rates in the sasrfpdm the two frames can
affect the point estimates of the population total given @ctn 2; additionally,
nonresponse can affect the weight adjustments prescripsdrbe of the methods.

Kennedy [10] discusses a problem that has occurred whereffagonsists of
landline phones and frame B is mobile phones: the units inntteesection domain
ab who were interviewed by mobile phone differed from thosalinvho were in-
terviewed on the landline phone. For example, it was eséth#tat 18% of the
intersection units were aged 18-25 in the frame-B samplde\ithvas estimated
that only 8% of the intersection units were aged 18-25 ugiegriame-A sample.
The difference is ascribed to nonresponse: it is thoughtpgbesons who predom-
inantly use cell phones (and thus are difficult to reach tghoa landline survey)
tend to be younger.

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

4 Design | ssues

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

We have seen that misclassification can create seriousbiegardless of estima-
tor choice. Thus, the survey designer must decide whetleeadditional coverage
made possible by including more frames outweighs the pialdot bias from mis-
classifying sampled units or multiple modes. In a surveyh@tframes, there are
a total of 2 — 1 possible domains. As the number of frames increases, sotee
potential for domain misclassification.

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