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Abstract

Many events occurring to married or cohabiting individuals are the result of

decisions made jointly by both partners. However, studies of life-course

events usually take an individual or head-of-household perspective and so do

not explicitly reflect the joint nature of these decisions. Household panel

studies and population registers are a rich resource for the study of house-

hold events, but analyzing such data presents major analytical challenges.

Models should ideally allow for the influence of both partners in a couple’s

decision making and be flexible enough to handle the facts that individuals

can change their partners and have periods when they are not in coresiden-

tial unions. In this article, the authors propose two types of multilevel

random-effects models to address some of these issues: a ‘‘multiple-member-

ship’’ model in which the outcome depends on a weighted combination of

the random effects for each decision maker and a random-coefficients model

that allows different random effects for individuals when they are single and
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partnered. All methods are discussed in terms of a binary household outcome

before describing more general discrete-choice models for nominal out-

comes. The proposed methods are compared with previously used

approaches in a simulation study and illustrated in analyses of residential

mobility using data from the British Household Panel Survey.

Keywords

multilevel modeling, multiple-membership model, household panel data,

household effects

1. INTRODUCTION

The fact that many outcomes measured on married or cohabiting indi-

viduals are the result of decisions made jointly by both partners is one

that has received little attention in life-course research. Examples of

outcomes that are likely to reflect couples’ rather than independent indi-

viduals’ preferences (or circumstances) are household expenditure deci-

sions, the allocation of time to market and domestic work, and life-

course events such as moving house, childbearing, and union dissolu-

tion. Theoretically, the distinction between choices made individually

and collectively has been explored in a number of disciplines. In eco-

nomics, models of intrahousehold bargaining explicitly recognize that

household members can have conflicting preferences and that house-

hold decisions will generally depend on the relative power of each per-

son to influence others (see Lundberg and Pollack 1996, for a review).

Sociological research has focused on the context and process of marital

joint decision making, identifying a number of factors that affect a

spouse’s power to influence outcomes such as relative control over

material resources (Vogler and Pahl 1994), emotional interdependence,

communication style and bargaining skill (Godwin and Scanzoni 1989),

and ideological and cultural factors (Komter 1989).

Event history analyses of the life course generally ignore the influence

of other household members on an individual’s decisions. This individual

focus is perhaps a consequence of the heavy reliance on data from birth

cohort studies, which are important because of the in-depth information

collected on individuals’ childhoods and early adult circumstances.

Nevertheless, a limitation of these studies is that very little information is

collected on the cohort members’ partners or on any other household

members; typically, only the start and end dates of coresidential unions
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are available to the analyst. However, household panel studies such as the

U.S. Panel Study of Income Dynamics (PSID) and the British Household

Panel Survey (BHPS), and the population registers available in many

northern European countries, are also suitable for life-course research.

Although less informative about early-life outcomes than cohort studies,

panel studies typically provide information on every adult household

member (apart from that lost due to nonresponse) and so are particularly

suited to studying processes involving choices made by couples rather

than individuals. Furthermore, panel studies follow individuals as they

move between households of different types and change partners, so that

individual and couple effects can potentially be disentangled.

Despite being highly suited to studying the events that result from

household decisions, the appropriate analysis of household panel and

register data still presents major challenges because individuals can

change partners and have periods when they are not in coresidential

unions. Murphy (1996) considered a range of scenarios that can lead to

changes in household composition and concluded that ‘‘without some

additional conditions it is impossible to use the household as the unit of

analysis across time.’’ In other words, the analyst must be clear what a

household is and what constitutes a change of household. These issues

are particularly important for maturing panel studies in the United

Kingdom and other Western countries, such as the PSID and BHPS, in

which high rates of cohabitation and union dissolution lead to frequent

changes of household. Despite this background, previous research has

not addressed these issues, and the focus continues to be on individuals

even when household data are available.

In this article, we have several aims. First, we discuss the implica-

tions of choosing a particular unit of analysis when using longitudinal

household data, which is an important issue that has not been discussed

previously in the literature. A second aim is to develop a general statis-

tical framework for the analysis of individual and couple decision mak-

ing using household panel data, which can be implemented in existing

software. Finally, we present example analyses of residential mobility

and offer some practical guidance for applied researchers.

Our general framework for modeling the timing of individual and

household events, in which the event of interest occurs to all decision

makers in the household, is based on two flexible families of multilevel

models. First, we propose nonhierarchical ‘‘multiple-membership’’

models in which the joint household outcome is modeled as a function
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of individual-level and household-level covariates and a weighted sum

of the individual random effects associated with each household mem-

ber. Second, we extend previous models for the head of the household

to allow separate random effects for single-person and multiple-person

households and autocorrelation between two households when an indi-

vidual left one household to form another.

The remainder of the article is organized as follows. In section 2, we

focus on household decisions relating to residential mobility and review

the literature. Section 3 provides an overview of individual- and

household-based approaches used in previous research on the timing of

residential moves. In section 4, we show how these methods can be

viewed as special cases of a general class of multilevel models and

describe two extensions that fall within our framework. Section 5 dis-

cusses the implications of model choice on estimates of unobserved het-

erogeneity and of covariate effects (averaged across these unmeasured

factors), and section 6 presents a small-scale simulation study. In section

7, we consider more general discrete-choice models for nominal out-

comes, including multinomial logit (MNL) and conditional logit (CL)

models. Methods for both binary and nominal outcomes are then applied

in analyses of residential mobility using data from the BHPS (sections 8

and 9). Finally, in section 10, we make some concluding remarks.

2. RESIDENTIAL MOBILITY

To fix ideas, the models we present are described in the context of a

concrete example, namely, a study of residential mobility. Residential

mobility is a key focus of research among scholars in demography, geo-

graphy, sociology, and economics. Mobility rates reflect the ease with

which households are able to adapt their dwelling and spatial locations

to changing circumstances, with crucial implications for demographic

trends, economic productivity, and individual welfare. Low residential

mobility is associated with fewer vacancies in the housing market and

decreased access to appropriate dwellings for those wanting to move for

family formation, work, and education reasons. Internal migration is a

key mechanism for matching the skills of workers with those needed by

firms and reducing regional imbalances.

The life-course perspective has provided a coherent framework for a

diverse range of studies exploring the determinants and consequences

of residential mobility (Clark and Dieleman 1996). This perspective
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holds that individuals have housing ‘‘careers’’ in which dwellings are

continually adapted to meet the changing needs of the household. The

housing career interacts with careers in other domains such as union

formation and childbirth (Feijten and Mulder 2002; Kulu 2008; Kulu

and Milewski 2007) and employment (Böheim and Taylor 2002; Clark

and Davies Withers 1999). Specific types of moves have also been the

focus of numerous studies, such as transitions into owner-occupation

(Clark, Deurloo, and Dieleman 1997; Di Salvo and Ermisch 1997;

Mulder and Wagner 1998); exit from and reentry to the parental home

(Clark and Mulder 2000; Ermisch 1999); the long-distance migration of

two-earner couples (Mok 2007; Rabe 2011); moves between urban, sub-

urban, and rural areas (Kulu 2005; Lindgren 2003); and moves into and

out of different dwelling types (Kulu and Vikat 2007).

The residential location choices of couples as an issue of potential con-

flict have received a good deal of attention from social psychologists and

geographers. A common approach is to use experiments in which data are

collected on family members’ preferences for hypothetical locations with

different attributes, with ratings made both individually and jointly.

Preference structures of individual family members are generally found to

differ from group preference structures (Marcucci et al. 2011; Molin,

Oppewal, and Timmermans 1999; Timmermans et al. 1992). Analysis of

longitudinal data on actual moves has also shown that subsequent mobility

is affected by the stated desires to move of both members of a couple

(Coulter, van Ham, and Feijten 2011). Gender inequalities in the economic

outcomes of husbands and wives following a move have generated interest

in the concept of ‘‘tied movers,’’ whereby one partner (usually the woman)

moves for the sake of the other’s career (Bielby and Bielby 1992; Mincer

1978). On the other hand, the phenomenon of ‘‘tied stayers,’’ whereby one

partner is inhibited from making a beneficial move because of the labor

market ties of the other, has been put forward as an explanation for the

lower residential mobility of two-earner compared with single-earner cou-

ples (Lichter 1982; Smits, Mulder, and Hooimeijer 2003).

3. PREVIOUS APPROACHES TO THE ANALYSIS
OF RESIDENTIAL MOBILITY USING HOUSEHOLD
PANEL DATA

Many of the insights from the work on residential mobility have been,

or could be, straightforwardly incorporated into the type of longitudinal
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mobility studies discussed below by including both partners’ observed

characteristics (employment variables, gender role attitudes, etc.) as

covariates. The influence of unobservable individual traits on the joint

location decision, however, is generally neglected, perhaps because lit-

tle can be inferred in this domain from cross-sectional or birth cohort

data. Studies using household panel data can potentially exploit a rich

source of information in the repeat decisions of the same individuals

made in different circumstances, but to date, the residual structures of

the models used imply strong assumptions that are far from transparent.

In this section, we briefly review the approaches adopted in previous

longitudinal research on residential mobility, before setting out the sta-

tistical models, and their implicit assumptions about marital decision

making, more formally in the next section. Because of our focus on

methods for the analysis of household panel data, we do not review

methods applied to surveys of individuals rather than households,

including samples of women or singletons, for which the lack of house-

hold data necessitates an individual-focused approach.

We illustrate the implications of each approach for data analysis by

considering a hypothetical set of individuals whose residential histories

are shown in Table 1. It can be seen from Table 1 that individuals A and

B are partners at waves 1 to 3, move together once, and split up between

waves 3 and 4; individual A then continues as a singleton for waves 4 to

7, moving once; B partners with C (who enters the sample at this point),

and they move once.

3.1. Household-based Approach

As we discussed above, researchers using household data to study resi-

dential mobility are faced with a dilemma about whether to take the

household or individual household member as the unit of analysis.

Proponents of the household perspective argue that the decision to move

is made by the household as a whole. The simplest household-based

approach models mobility between waves t and t + 1 as a series of

cross-sectional outcomes, with no allowance for dependency between

observations from the same household (e.g., Clark and Huang 2003).

Although difficult decisions about the treatment of households that

change composition are avoided, this comes at the expense of the analy-

sis not being truly longitudinal.
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Pickles and Davies (1985) emphasized the importance of the longitu-

dinal approach for analyzing housing careers and used it to analyze resi-

dential mobility and changes in housing tenure in the PSID. They took

the household as the unit of analysis and included a household-specific

random effect in their model to allow for correlation between multiple

housing spells from the same household due to unmeasured time-

invariant influences. As usual for random-effects models, a household

identifier is required to link observations contributed by the same

household at different times, and so it is necessary to define the changes

in household composition that constitute a change in household (and

household identifier). Pickles and Davies did not discuss this issue but

instead considered the mobility of intact households, that is, households

with the same household head throughout the observation period. So for

the example histories in Table 1, the data set would consist of seven

records: Observations for individuals A and B for waves 1 to 3 would

be reduced to three couple-year records for (A,B), and A’s person-year

records for waves 4 to 7 as a singleton would be retained because A

Table 1. Housing History for Three Hypothetical Individuals

Individual ID (i) Wave (t)
HH

Head at t
HH

Type at t
Move

(t, t + 1)
Partner
ID (j)

A 1 1 Couple 0 B
A 2 1 Couple 1 B
A 3 1 Couple 1 B
A 4 1 Single 0 -
A 5 1 Single 0 -
A 6 1 Single 1 -
A 7 1 Single 0 -
B 1 0 Couple 0 A
B 2 0 Couple 1 A
B 3 0 Couple 1 A
B 4 0 Couple 0 C
B 5 0 Couple 0 C
B 6 0 Couple 1 C
B 7 0 Couple 0 C
C 4 1 Couple 0 B
C 5 1 Couple 0 B
C 6 1 Couple 1 B
C 7 1 Couple 0 B

Note: Household (HH) head is coded 1 if individual i is the head of the household at t and 0

otherwise; Move is coded 1 if individual i moves between waves t and t + 1 and 0 otherwise.
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continues as the head of his household. Individual B’s second union

with C would either be excluded or treated as a new couple, with no

connection allowed between couples (A,B) and (B,C) despite having B

in common. Covariates are typically defined for the household as a

whole (e.g., income) or for the head of household only, and therefore,

the influence of partner characteristics is ignored.

3.2. Individual-based Approach

The main problem with household-based approaches is the difficulty in

allowing for changes in household composition over time. Restricting

the analysis sample to households that remain intact could lead to selec-

tion bias, especially for long observation periods, while defining a new

household with every household change fails to recognize the depen-

dency between households that share individuals. An alternative strategy

is to study the housing careers of individuals rather than households,

with changes in the composition of an individual’s household captured

by time-varying covariates (Davies Withers 1997). A similar approach

was followed by Böheim and Taylor (2002) but with individual random

effects included to allow for individuals who contributed multiple hous-

ing spells. Although both of these analyses used household panel data

(the PSID and BHPS, respectively), neither explicitly allowed for any

dependence between the decision making of individuals in the same

household; individuals were treated as independent observations, which

effectively led to ‘‘double counting’’ of couple households because part-

ners who moved together had the same joint outcome. For the individu-

als in Table 1, the analysis file would contain records for both A and B

for waves 1 to 3 and both B and C for waves 4 to 7 (as well as A for

waves 4 to 7 as a singleton).

A potential advantage of the individual-based model is that it is

straightforward to include both individual and household characteristics

as covariates. However, previous applications consider very limited

information about an individual’s partner.

3.3. Head-of-household-based Approach

The third group of approaches can be viewed as a hybrid of the house-

hold- and individual-based approaches described above. The household

is taken as the unit of analysis, but the household random effect is
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defined by the individual identifier of the head of household (Ioannides

and Kan 1996; Rabe and Taylor 2010). In addition, Ioannides and Kan

(1996) included covariates that related either to the household head or

the household as a whole, thus ignoring the influence of the measured

and unmeasured characteristics of the partner (usually the woman). In

the example histories in Table 1, their approach leads to the exclusion

of all records for individual B. Although Rabe and Taylor (2010) con-

sidered characteristics of both partners as covariates for couple mobi-

lity, the inclusion of a random effect on the basis of the identifier for A

implies that, conditional on covariates, there is no distinction between

periods with the same partner and periods with different partners.

3.4. Distinguishing Couples and Singletons

Although most previous studies have allowed the overall probability of

a move to differ for singletons and couples, few have allowed the effects

of covariates to depend on household type. However, there are strong

arguments for treating the mobility of singletons and couples as differ-

ent processes. For example, some covariates, such as partner character-

istics, are relevant only for couples, and singletons can be treated as

lone decision makers. A straightforward way to allow for household-

type-specific covariate effects is to fit separate models for the mobility

of singles and couples (Rabe and Taylor 2010), but there are two poten-

tial disadvantages to this approach: First, splitting the sample by part-

nership status precludes testing the equality of the effects of covariates

that influence the mobility of both couples and singles, because such

tests are only possible using a joint model of couple and single mobility,

and second, separate analysis of singles and couples does not allow for

individuals who move between the single and partnered states over the

observation period (e.g., individual A appears in both single and couple

samples in Table 1). Because Rabe and Taylor’s analysis was restricted

to eight waves of the BHPS, there was in fact little overlap between the

single and couple samples, with only 5 percent of individuals appearing

in both. However, we would expect a higher rate of movement between

these samples in any panel study as it matures, especially among more

recent birth cohorts, in which higher rates of union dissolution and

repartnering lead to multiple transitions between the single and couple

states. In our application, for example, using 17 waves of the BHPS, 20

percent are observed as both singletons and couples.
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4. MULTILEVEL MODELS FOR COUPLE AND
INDIVIDUAL DECISIONS

The aim of the previous section was to give a broad overview of the

approaches used in earlier studies of residential mobility. We now con-

sider in greater detail the statistical models used in these studies and

their underlying assumptions, focusing on the random-effects models

used for the head-of-household- and individual-based approaches

(household-based approaches are excluded from further discussion

because of the difficulty in defining a household random effect longi-

tudinally). We present these models within a general multilevel model-

ing framework to highlight the differences and similarities between

them and bring out potentially useful extensions. This leads us to pro-

pose two new models: an extension to the head-of-household model of

Rabe and Taylor (2010) and a multiple-membership model (Goldstein

et al. 2000) that allows explicitly for the influence of unmeasured char-

acteristics of both partners.

Before proceeding with a description of the general statistical model,

it is important to give precise definitions of both a household and a resi-

dential move. In the BHPS, a household is defined as a person living

alone or a group of people who share either living accommodation or

one meal a day. We adapt this definition for our application so that a

‘‘household’’ refers to coresident adults who can reasonably be assumed

to make the decision to move house together. Following this definition,

a (married or cohabiting) couple is a household, and a singleton is any

adult not in a coresidential union. For example, a couple living with a

single person is treated as two decision-making units or ‘‘households’’: a

couple and a singleton. It is straightforward to generalize this definition

to allow households comprising members other than partners who influ-

ence decisions, for instance, a household involving a parent and an adult

child. In common with most previous research, we define residential

mobility to exclude moves due to partnership formation or breakdown,

leading to an outcome that applies to both partners in a couple house-

hold. (Further justification of this definition is given in section 8.1.)

4.1. General Multilevel Model for Couple and Singleton Mobility

The following general framework comprises two components, one for

mobility of couples and the other for mobility of singletons, which
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allows for individuals who move between the two partnership states

over the observation period.

Suppose that we begin at wave 1 with a sample of n individuals. To

distinguish those in couples from singletons, denote by cit an indicator

of whether individual i is in a couple (marriage or cohabitation) at wave

t, where

cit =
1 if individual i is in a couple at t,

0 if individual i is single at t:

�

Let yit be a binary response coded 1 if individual i moves (possibly

with partner j) between waves t and t + 1 and 0 otherwise. As noted

above, we exclude moves due to union dissolution or formation; thus,

yit = 0 if individual i moved in with a new partner, or separated from j,

between waves; and if individual i is in a couple, yit = 1 always denotes

a joint move. We model pit, the probability that individual i moves

between waves t and t + 1, as a logistic function that varies according to

whether individual i is in a couple (with partner j) or single at wave t:

log
pit

1� pit

� �
= cit x ijð Þta

C + uC
(ij)

n o
+ 1� citð Þ xita

S + uS
i

� �
: ð1Þ

The couple component of equation 1 includes a row vector of (possi-

bly time-varying) covariates relating to the couple and their household,

x ijð Þt, and a couple-specific random effect uC
(ij). Couple covariates will

typically include individual characteristics of each partner (e.g., level of

education) and joint characteristics of the couple and their household

(e.g., tenure and marital status). The component for singletons includes

a row vector of covariates for individual i, xit, and an individual-specific

random effect uS
i . The regression coefficients for x ijð Þt and xit are repre-

sented by the column vectors aC and aS, respectively, and the couple

and single subequations of equation 1 are linked by having individuals

who are observed both in a couple and as a single person over time (e.g.,

individual A in Table 1).

Equation 1 allows the mobility propensity of person i to depend on

whether he or she is single or in a couple as follows: a different underly-

ing base propensity (the intercept), differential effects of the individual’s

own characteristics xit, inclusion of the partner’s observed characteris-

tics for couples, and a different random effect. All of these differences

may capture aspects of the bargaining process by which individual
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preferences are reconciled into a group decision. The first three mechan-

isms are part of the model’s ‘‘fixed part’’ and are common to all the

approaches discussed below. As it stands, equation 1 makes no assump-

tion about the relationship between individual tastes when single, uS
i ,

and the joint tastes of the couple, uC
(ij). However, as we show below,

approaches differ in the structure imposed on the random effects.

4.2. Head-of-household Models

Suppose that individual i is the head of household (HoH) in couple ij.

The most commonly used of these approaches is to select records corre-

sponding only to the head of household (e.g., Ioannides and Kan 1996),

which is equivalent to setting uC
(ij) = uS

i = ui in equation 1, where

ui;N (0, s2). Thus, partner j contributes to the outcome only through

x ijð Þt, and singletons and couples are assumed to come from the same

population. We refer to this model as the HoH-common model, because

the random effect is interpreted as being for the head of household, and

a common random-effect distribution is assumed for couples and single-

tons. The implication of this is that the head’s unobserved mobility pro-

pensity remains unchanged after union formation.

The approach of Rabe and Taylor (2010) is an extension of the HoH-

common model that allows the unobserved heterogeneity to depend on

household type. In other words, this model can also be viewed as a spe-

cial case of equation 1 with uC
(ij) = uC

i ;N (0, s2
C) and uS

i ;N (0, s2
S) as

independent random effects. We refer to it as the HoH-separate model.

Although the HoH-separate model allows for differential heterogene-

ity for singletons and couples, the independence of the singleton and

couple random effects does not allow for any association between out-

comes of singles and couples involving the same head of household in

different periods. In effect, this model relaxes the requirement that the

head’s random effect is unaffected by the presence of a partner after

union formation but does assume that the individual’s tastes when sin-

gle are uncorrelated with the tastes of the couple.

Hence, a further generalization of the head-of-household approach,

which has not been used previously, is to allow different residual var-

iances for couples and singles within the joint modeling framework by

fitting random coefficients uC
i and uS

i to the couple and single indicators

cit and 1� cit in equation 1. We then assume that uC
i and uS

i follow a

bivariate normal distribution with covariance matrix
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O =
s2

C

sCS s2
S

� �
; ð2Þ

where s2
C is the between-couple variance (based on household heads),

s2
S is the between-individual variance (for singles), and sCS is the

couple-single covariance. The random-effect covariance sCS measures

the extent to which a head of household’s latent propensity to move

when single is reflected in the joint preferences of the couple, and we

would expect it to be positive. The strength of the correlation can be

interpreted as capturing the degree to which the head’s preferences

dominate in the final decision. We refer to this random coefficients

model as the HoH-joint model, and note that the HoH-separate model is

a special case with sCS = 0.

4.3. Multiple-membership Models: Allowing for Dynamic

Household Structures

The head-of-household approaches described above allow for the possi-

bility that an individual can move between the single and couple states

over time, but they assume that the effect of the head of household’s

partner is fully captured by the covariates x ijð Þt in equation 1. If all indi-

viduals remained with the same partner throughout the observation

period, then the dependence between partners could be captured by

couple-level random or fixed effects. In reality, however, households

are dynamic constructs whereby individuals can leave households to

form new ones, which leads to difficult decisions for the analyst about

how to define a household longitudinally.

One approach that allows for changing household membership is a

multilevel ‘‘multiple-membership’’ model in which an individual can

be a member of more than one household over time. In its original form,

an individual outcome can be influenced by a weighted sum of the ran-

dom effects from every household he or she has been in, in which the

weights are proportional to the time spent in each one (Goldstein et al.

2000). Such a model is theoretically appealing in applications in which

the outcome of interest may reasonably be expected to depend on

unmeasured attributes of previous coresidents (e.g., Chandola et al.

2005), but it is not suitable for analysis of household decisions involving

current coresidents. (For further discussion and applications of

232 Steele et al.

 at ASA - American Sociological Association on September 16, 2013smx.sagepub.comDownloaded from 

http://smx.sagepub.com/


multilevel multiple-membership models, see Browne, Goldstein, and

Rasbash 2001; Goldstein 2010; Leckie 2009.)

4.3.1. Multilevel Multiple-membership Model for Residential
Mobility. We propose a variant of the multiple-membership model in

which the occurrence of household events between waves t and t + 1

depends on characteristics (both observed and unobserved) of individual

household members at wave t. By taking this approach, we avoid the

need to link households longitudinally and the associated arbitrary deci-

sions about the types of household change that lead to new households.

Observations from the same individual are linked over time, as in stan-

dard models for panel data, but unlike in standard models, observations

from coresidents at wave t are linked too.

In the proposed multiple-membership model, the couple random

effect is decomposed as

uC
(ij) = wiui + wjuj; ð4Þ

where ui;N (0, s2) is an individual-specific random effect with weight

wi. The weights cannot be estimated in this framework but must be cho-

sen by the analyst so that wi + wj = 1 (Browne et al. 2001). As such, it is

important to assess the sensitivity of parameter estimates to different

choices for the weights. Previous work provides conflicting evidence on

whether, and which, partner might be given a stronger weight. Research

on ‘‘tied movers’’ and the importance of traditional gender roles in mari-

tal decision making might suggest the male partner’s random effect be

weighted more heavily. However, there is evidence from diverse sources

that, when it comes to residential mobility, the ultimate decision more

closely accords with wives’ rather than husbands’ preferences (Coulter

et al. 2011; Marcucci et al. 2011). Without prior information on which

partner’s preferences carry the most weight in the decision to move, a

natural starting assumption might be that each member contributes

equally so that wi = wj = 0:5. In our empirical application, below, we

show how a comparison of results from different models can provide

insights into the validity of this ‘‘equality of influence’’ assumption.

Turning to the single (cit = 0) component of equation 1, we assume

that uS
i = ui and do not define different random effects for couples or

singletons. Rather, we assume that each individual carries unmeasured

attributes, represented by ui, regardless of whether i is single or in a co-

residential union. For example, the random-effect contribution to the
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mobility of individual A in Table 1 is 0:5(uA + uB) during his union

with B and simply uA while he is single. In this respect, the multiple-

membership model is similar to the simplest head-of-household model

described above (HoH-common).

The separation of the couple effect into contributions from each part-

ner provides a way of tracking individuals as they form and dissolve

unions over time. Thus, the multiple-membership residual structure

allows for autocorrelations between the contributions from individuals

at different waves, whether they are singletons or in cohabiting partner-

ships. The advantage of this approach over those used previously is that

a new random effect does not have to be defined for a new couple when

an individual changes partner, which would ignore that the two couples

have an individual in common. For example, individual B has two part-

ners, A and C, at different times, but the general model (equation 1)

with multiple-membership structure (equation 4) for couples assumes

that the random-effect contribution for B’s mobility is 0:5(uA + uB) for

t � 3 and 0:5(uB + uC) for t . 3 (assuming equal weight for each partner

in both unions), which explicitly recognizes that B is common to both

unions.

An assumption that must hold for the multiple-membership residual

structure implied by equation 4 to be correct is that the unobserved

mobility preferences of partners i and j, represented by random effects

ui and uj, combine additively to affect their probability of moving. Thus

couple ij, composed of a person with a strong preference toward mov-

ing (ui � 0) and a person with a strong preference to remain in the

same house (uj � 0), will tend to have the average mobility probability

for couples characterized by x ijð Þt. Couples composed of an individual

with a strong preference (in either direction) and an individual with a

near average preference to move will also tend toward the average.

Additivity of the random effects is commensurate with the idea that

partners with opposing views will negotiate to reach a consensus and

has received much support in the literature. For example, Corfman and

Lehmann (1987) conceptualized the outcome of a group decision as ‘‘a

weighted function of the group members’ individual preferences,’’ an

idea echoed in the collective household model from economics, in

which the household utility function is defined by weighting the utility

functions of the individual household members with a ‘‘sharing’’ para-

meter (Chiappori 1992). In general, the combined mobility of unequally
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matched partners will be quite different from the mobility of each act-

ing alone.

A final observation about the multiple-membership structure (equa-

tion 4) is that it implies that the between-couple variance is

var wiui + wjuj

� �
= w2

i + w2
j

	 

s2; ð5Þ

which will be strictly less than the between-individual variance when

wi + wj = 1 (and neither weight is zero). The minimum between-couple

variance is 0:5s2 and is obtained when equal weight is given to each

partner. As a consequence of the restriction that the weights sum to 1,

couples are less heterogeneous than individuals (with respect to unob-

served factors determining mobility). It should be noted that equation 5

is based on the assumption that the random effects for all individuals,

including partners, are mutually independent. The independence

assumption implies that, conditional on covariates x ijð Þt, partners are not

matched on their latent mobility preferences. This assumption will be

unrealistic if there is nonrandom sorting of individuals into couples such

that individuals partner on the basis of unmeasured individual character-

istics that are strongly associated with mobility preferences. The

between-couple variance will be underestimated if the ignored correla-

tion is positive and overestimated if it is negative, but the couple var-

iance can never exceed the individual variance.

4.3.2. Identification and Estimation. The partitioning of the couple

random effect into contributions from each partner in equation 4 is pos-

sible only if at least some individuals are observed as singletons and

others change partners over the study period. In a sample with no union

formation or dissolution, or in a survey design in which individuals are

not followed after changes in the composition of their households, esti-

mation of the single and couple equations in equation 1 would be based

on entirely different samples of individuals, and the couple equation

could be simplified to include a couple-level random effect. It follows

that for two individuals who partner before wave 1 and remain together

throughout the study period, we can identify only the weighted sum of

their random effects rather than the contribution of each partner.

However, this does not present an identification problem if we are inter-

ested in estimating only the variance of the random effect distribution

rather than the individuals’ random effects; the random-effect variance
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is identified by the normality assumption and the choice of weights wi.

Furthermore, in a long panel such as the BHPS or the PSID, there will

usually be a substantial proportion of individuals who move between

the single and couple states or who repartner after union dissolution.

The couple component of equation 1 is a model for the mobility of

individual i, but symmetry means that pjt = pit if i and j are partners. In

other words, for couples, pit is a model for the joint decision of partners

i and j to move or not. When setting up the model, we do not therefore

need to model both pit and pjt and so must ‘‘switch off’’ one partner’s

contribution to the likelihood. There are several ways to do this and

avoid double counting. One approach is to weight the likelihood so that

one partner is given a weight of 1 and the other excluded from the like-

lihood using a weight of 0. Equivalently, we can create a working data

set from which we delete the records for one partner.

The head-of-household models described in section 4.2 are all hier-

archical random-effects models and so can be fitted in a variety of soft-

ware packages using maximum likelihood; for example, numerical

quadrature (e.g., xtmelogit in Stata, PROC NLMIXED in SAS) and

Markov-chain Monte Carlo (MCMC) methods (e.g., MLwiN or

WinBUGS). The multiple-membership multilevel model is a type of

nonhierarchical model in which the random effects for individual i and

partner j are non-nested. MCMC methods provide greater flexibility for

estimating such models (Browne et al. 2001) and are implemented in

MLwiN and WinBUGS.

4.3.3. Double Counting Partners. In the section on individual-based

approaches, we discussed how modeling both partners rather than the

head of the household leads to ‘‘double counting’’ because both part-

ners share the same outcome. In fact, it can be shown that this approach

approximates a special case of the multiple-membership model pro-

vided that the probability of moving is small. More specifically, the

random-effect contribution to the log odds that couple ij moves is

approximately ui + uj (see the Appendix for details). Thus, the

individual-based model can be viewed as a multiple-membership model

with weights wi = wj = 1, which from equation 5 implies a between-

couple variance of 2s2 (under the independence assumption). This

choice of weights is consistent with a ‘‘reinforcement’’ effect whereby,

for example, two individuals with strong preferences toward moving

(ui � 0, uj � 0) will be more likely to move as a couple than as two
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singletons, in contrast to the ‘‘consensus’’ effect implied by a random-

effect contribution of 0:5(ui + uj). Even if this were a reasonable repre-

sentation of the interaction between partners’ preferences, the standard

errors must be adjusted to avoid double-counting bias (although this is

not usually done in practice). The idea of a reinforcement effect, how-

ever, is one that seems at odds with the theories of joint decision mak-

ing discussed above, which focus on bargaining to reach a compromise.

The double-counting model implies, for example, that an individual

with strong positive tastes for mobility coupled with someone with

weak positive tastes is more likely to move when partnered than when

single. We refer to this model as the multiple-membership-double

model, or MM-double model, and the model with weights of 0.5 as the

MM-consensus model (though we note that any multiple-membership

model with nonzero weights that sum to 1 also implies a degree of com-

promise between partners). In the application, we compare the two

multiple-membership models with other approaches to assess empirical

support for reinforcement and consensus effects within couples.

5. SOME IMPLICATIONS OF MODEL SPECIFICATION

In this section, we consider in further detail the implications of model

choice on estimates of the unobserved heterogeneity between individuals

and between couples and on estimates of covariate effects that are aver-

aged across individuals and couples with different (time-invariant) unmea-

sured characteristics. The residual structures of the head-of-household and

multiple-membership random-effects models described above differ in the

way that autocorrelations are allowed for and, in particular, the relation-

ship between the individual and couple residual variances. In turn, differ-

ences in the assumed residual covariance structure affect the population-

averaged covariate effects derived from a random-effects model.

5.1. Comparison of Covariance Structures for Alternative Models

Table 2 shows, for each of the head-of-household and multiple-

membership models, the implied residual variances and covariance for a

head-of-household observed at two waves t and t9, according to union

status at each wave. As noted previously, the HoH-common model forces

the between-single and between-couple residual variances to be equal,

which is relaxed in the HoH-separate and HoH-joint models through the
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inclusion of union-status-specific random effects. In contrast, the residual

component of a multiple-membership model is composed entirely of

individual-specific random effects: An individual is assumed to carry a

set of unmeasured attributes, fixed over time, which are combined with

those of their partner’s when in a union. The multiple-membership model

does not therefore have a separate parameter for the between-couple var-

iance, and the ratio of the between-couple and between-individual var-

iances is determined entirely by the choice of weights.

Table 2. Residual Variances for Head of Household i Observed at Waves t
and t9 and Covariance across Waves, by Partnership Status

Variance at t
(and t9 if Different)

Covariance
between t and t9

Single at t and t9

HoH-common s2 s2

HoH-separate s2
S s2

S

HoH-joint s2
S s2

S

MM-consensus s2 s2

MM-double (reinforce) s2 s2

Single at t, couple at t9

HoH-common s2 s2

HoH-separate s2
S (s2

C) 0

HoH-joint s2
S (s2

C) sCS

MM-consensus s2 (0:5s2) 0:5s2

MM-double (reinforce) s2 (2s2) s2

Couple at t, t9 (same partner)

HoH-common s2 s2

HoH-separate s2
C s2

C

HoH-joint s2
C s2

C

MM-consensus 0:5s2 0:5s2

MM-double (reinforce) 2s2 2s2

Couple at t, t9 (different partner)

HoH-common s2 s2

HoH-separate s2
C s2

C

HoH-joint s2
C s2

C

MM-consensus 0:5s2 0:25s2

MM-double (reinforce) 2s2 s2

Note: HoH = head-of-household; MM = multiple-membership.
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We now turn to the residual covariances implied by each model.

These parameters index the residual covariance between yit and yit0 for

t 6¼ t0. The second panel of Table 2 shows cov(uC
i , uS

i ), the residual cov-

ariance for a head of household who is coupled at one wave and single

at the other. The HoH-common model assumes uC
i = uS

i , which implies

that the residual covariance is equal to the residual variance (regardless

of union status at each wave) and so always positive. The HoH-separate

model assumes that the couple-single covariance is zero, while

the HoH-joint model includes a separate covariance parameter, sCS.

The multiple-membership residual structure implies that cov(uC
i , uS

i ) =

cov wiui + wjuj, ui

� �
= wis

2 (assuming independence of random effects

for partners).

For head-of-household models, the residual covariance for an indi-

vidual coupled at both waves is equal to the between-couple variance,

regardless of whether this individual changed partner (panels 3 and 4 of

Table 2). Only the multiple-membership models allow the covariance

to change with partner; in both models, the covariance for an individual

who changes partner is half the covariance for an individual who

remains with the same partner.

5.2. Population-averaged Effects

Coefficients of the general model (equation 1), and the special cases we

consider in this article, have the same subject-specific (or conditional)

interpretation as any model with individual-specific random effects

(e.g., Neuhaus, Kalbfleisch, and Hauck 1991). For example, the coeffi-

cient a of a couple covariate x ijð Þt is the effect of a one-unit change in x

on the log-odds that couple ij moves, conditional on other covariates

and on the unmeasured time-invariant characteristics of each partner

represented by random effects ui and uj. Often, however, the objective is

to make inferences about average differences in an outcome between

groups, for example between married and cohabiting couples, rather

than the effect of a change in marital status on a couple’s outcome. For

this reason, it is common to present population-averaged (or marginal)

effects in analyses of clustered binary data, which can be viewed as the

average of subject-specific effects across individuals with different

unobserved characteristics. Population-averaged effects can be esti-

mated directly using a generalized estimating equations approach (Liang

and Zeger 1986), or they can be derived from subject-specific effects.
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Zeger, Liang, and Albert (1988) proposed an approximation for obtain-

ing a population-averaged coefficient aPA from a subject-specific coeffi-

cient aSS, namely,

aPA’
aSSffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1 + k2s2
C

p ; ð6Þ

where k = 16
ffiffiffi
3
p

=15p, and s2
C is the between-couple variance implied

by the model. In the case of the MM-consensus model, for example,

s2
C = 0:5s2. The same approximation can be used to derive population-

averaged effects for single mobility, but with s2
C replaced by the

between-individual variance (s2 for the multiple-membership model).

Because population-averaged parameters depend on the amount of

unobserved heterogeneity in the population, s2, it is of particular impor-

tance to specify the residual part of the model correctly if marginal

effects are the target of inference.

6. SIMULATION STUDY

Before applying the head-of-household and multiple-membership mod-

els described in section 4 in an analysis of residential mobility, we use a

simulation study to demonstrate the potential impact of failing to allow

correctly for the unmeasured preferences of both partners when model-

ing couple-level outcomes. In this study, we assume that the mechanism

through which mobility decisions for couples are determined follows the

MM-consensus model. Data are then generated under this model, and

the estimates obtained from fitting the five models presented in Table 2

to these data are compared.

To ensure that these simulation results are relevant to the observable

features of our application, we simulate patterns of singletons and cou-

ples, and of union formation and dissolution, to be comparable with

those found in the BHPS. A household panel structure was simulated

for 5,000 individuals over 15 waves. Each individual was assigned to

one of three broad categories of union history in proportions that mirror

the BHPS sample used in the application: (1) single throughout (20 per-

cent), (2) partnered throughout (60 percent), and (3) both single and in a

couple (20 percent). For the last two conditions, individuals could have

one (80 percent), two (15 percent), or three (5 percent) partners over the

observation period, with partners selected at random from within this
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subset of the population. Individuals’ union histories were fixed across

replications of the simulation study.

After simulation of union histories, it remains to simulate the mobi-

lity among the individuals and couples in these groups. Two time-

varying covariates and an individual-specific random effect were gener-

ated independently: x1it;N (0, 1), x2it;Bernoulli 0:5ð Þ, and ui;N 0, 1ð Þ:
In waves in which individual i was in a union with individual j, couple

versions of the covariates were computed as x1(ij)t = 0:5(x1it + x1jt) and

x2(ij)t = max x2it, x2jt

� �
: Denoting by pit and p ijð Þt the probabilities that

individual i and couple ij move between waves t and t + 1, binary indi-

cators of a move for singles and couples were then generated from the

following equations of a multiple-membership model, according to the

union status of individual i at wave t:

logit pitð Þ= �2 + 0:5x1it � 0:7x2it + ui for singles,

logit p(ij)t

� �
= �2 + 1:2x1(ij)t � 1x2(ij)t + 0:5ui + 0:5uj for couples:

A total of 50 data sets were generated from the above multiple-

membership model, and the five models were fitted to each. Table 3

shows the mean of the parameter estimates and estimated standard errors

across the 50 replications, together with those of the between-individual

and between-couple variances. In both multiple-membership models

and the HoH-common model, the between-individual variance s2 is

freely estimated, and the between-couple variance is implied by the

model. Under the true model in this study, we know that the between-

individual variance is s2 = 1, which implies a between-couple variance

of 0:5s2 = 0:5 because each partner contributes equally to the decision

to move, and the weights must sum to 1. As expected, these estimates

are recovered when the MM-consensus model is fitted to data generated

under this model. More interestingly, however, there are substantial dif-

ferences between estimates of the individual and couple residual var-

iances for the other, incorrectly specified, models, even though each

model is correctly specified for singles: It is misspecification of the cou-

ple component of the MM-double and HoH-common models that leads

to biased estimates of the between-couple and between-individual

variances.

Double counting of partners (MM-double) leads to understatement of

between-individual heterogeneity if the MM-consensus model is true

because partners have identical outcomes. Furthermore, incorrectly
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treating partner observations for the same wave as independent implies

that the random-effect contribution for couple ij is approximately

ui + uj, which leads to a between-couple variance of 2s2. Joint estima-

tion of the couple and single equations and forcing the between-couple

and between-individual variances to be equal (HoH-common) leads to

an underestimate of s2 approximately equal to the mean of the true cou-

ple and individual variances. Fitting two separate models for single and

couple mobility (HoH-separate) leads to unbiased estimates of both the

between-couple and between-individual variances.

The random-coefficient model (HoH-joint) combines the best features

of the other head-of-household models: Single and couple equations are

estimated jointly with separate between-individual and between-couple

variances. The HoH-joint model additionally allows for a nonzero correla-

tion between the couple and single random effects. The data-generating

multiple-membership model (MM-consensus) implies that the residual

covariance between single and couple mobility is 0:5s2 (see Table 2), and

we find that the mean estimate of the random-effect covariance sCS for

HoH-joint is close to the expected value of 0.5. Thus, fitting a random

coefficients model with bivariate-normal single and couple random effects

successfully recaptures the residual structure of the MM-consensus model.

However, the HoH-separate model without the additional covariance para-

meter yields near-unbiased estimates of the residual variances and has

almost identical standard errors, so there is no gain in terms of bias or effi-

ciency from fitting the HoH-joint model. Nevertheless, the standard errors

for the residual variance estimates are larger for the HoH-separate and

HoH-joint models than for the true MM-consensus model, especially for

the between-couple variance: Unlike the other models, the multiple-

membership model pools information from both partners.

Estimates of covariate effects on couple mobility are approximately

unbiased for all models, but there is a suggestion of a slight downward

bias in the coefficients for single mobility in the HoH-common and

MM-double model, especially in the intercept for MM-double.

Although these models are correctly specified for singles, joint estima-

tion with an incorrectly specified couple equation affects estimates of

the single equation coefficients.

However, there is a larger impact of model misspecification on

population-averaged effects due to the similarity of the subject-specific

coefficients combined with the large differences in between-individual

and between-couple variances across models. Table 4 shows the mean
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marginal effects obtained by applying equation 6 to each of the subject-

specific estimates obtained from fitting the five random-effects models of

Table 3 to the 50 simulated data sets. Methods that underestimate the

amount of residual variation between individuals (HoH-common and

MM-double) are expected to produce overestimates of the population-

averaged effects for singles, because the adjustment in the denominator of

equation 6 is too small. However, in this case, the overestimation in the

population-averaged effects for these models is small because it is coun-

tered by an underestimation of subject-specific effects for singles

(Table 3). Similarly, overestimation of a residual variance will lead to

downward bias in the population-averaged effect when the subject-

specific effect is unbiased (as in the couple equations for the HoH-com-

mon and MM-double models). In contrast, the population-averaged effects

for HoH-separate and HoH-joint are close to the true values because esti-

mates of the corresponding residual variances between couples and

between individuals are unbiased. As noted earlier, the size of the bias is

related to that of the estimates for the between-individual and between-

couple variances.

In summary, these simulations have shown that misspecifying the resi-

dual structure can lead to biased estimates of the random-effect variances

and population-averaged covariate effects but that the impact on the

subject-specific covariate estimates is less pronounced. The HH-common

and MM-double models, both of which are widely used in the literature,

do not account correctly for the autocorrelation structure and so are most

affected here; in the latter case, the substantive impact of any bias will be

exacerbated unless the standard errors are corrected for underestimation

due to double-counting. Both the HH-joint and the HH-separate models

perform equally well here: Allowing distinct variances for couples’ and

individuals’ random effects captures the multiple-membership structure;

the main advantage of the HH-joint over the HH-separate is that coeffi-

cients in the single and couple models can be formally compared. Finally,

the MM-consensus model is shown to yield smaller estimated standard

errors for the random-part parameters because the assumptions that cou-

ples mix independently and that decisions follow a consensus model are

true. It should be noted that the scenarios described here are fairly benign,

and we would expect the differences between the models to be more pro-

nounced when applied to real data. We discuss differences between the

various approaches in our applications in sections 8 and 9.
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7. GENERALIZATIONS TO INCLUDE INFORMATION
ON DESTINATIONS

The models discussed in previous sections are for a binary indicator of

any change in residence between two waves. More generally, we can

use information on the destination of the move, either to distinguish

between different types of move (e.g., based on distance between origin

and destination) or to study how choice of residence is influenced by

attributes of competing destinations (e.g., area characteristics). Bruch

and Mare (2012) provided a comprehensive review of the use of

discrete-choice models in the analysis of individual residential mobility

that incorporate data on destinations. In this section, we consider multile-

vel generalizations of two discrete-choice models for household panel

data: the multinomial logit (MNL) model for a nominal mobility

response indicating destination type and the conditional logit (CL) model

that includes characteristics of potential destinations as covariates.

7.1. MNL Model Distinguishing Types of Move

Previous research on residential mobility has distinguished between dif-

ferent types of moves in a number of ways, for example short and long

distance (Belot and Ermisch 2009), within or between regions or hous-

ing markets (Böheim and Taylor 2002; Sandefur and Scott 1981), urban

or rural (Kulu 2005), housing type (Kulu and Vikat 2007), and housing

tenure (Ermisch and Di Salvo 1996; Ioannides and Kan 1996; Pickles

and Davies 1985). Such questions can be investigated using an MNL

model for a categorical response yit, where yit = r if a move of type r

occurs (r = 1, . . . , R) and yit = 0 if there is no move between t and t + 1,

and p
(r)
it = Pr yit = rð Þ. An MNL extension of the general multilevel model

for couple and singleton mobility in equation 1 contrasts the log odds of

a move of type r versus no move:

log
p

rð Þ
it

p
0ð Þ

it

 !
= cit x ijð Þta

C rð Þ + u
C rð Þ
ijð Þ

n o
+ 1� citð Þ xita

S rð Þ + u
S rð Þ
i

n o
, r = 1, . . . , R;

ð7Þ

where r superscripts on the regression coefficients (aC rð Þ and aS(r)) and

the couple and individual random effects (u
C rð Þ
ijð Þ and u

S rð Þ
i ) allow covari-

ate effects and unobserved heterogeneity to vary across types of move.

As in the binary case, models may differ according to the specification
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of the random effects. For example, in the multinomial generalization

of the HoH-common model of section 4.2, u
C rð Þ
ijð Þ = u

S rð Þ
i = u

rð Þ
i ;N 0,Oð Þ

where O is an R3R covariance matrix, and the most general random-

coefficient model (HoH-joint) has separate random effects for couples

and singletons for each destination type r, leading to 2R random effects

with a 2R32R covariance matrix. A common feature of all models is

that nonzero correlation is permitted between random effects for differ-

ent types of move, which allows for unmeasured time-invariant charac-

teristics that influence the probability of any move. Including random-

effect correlations may provide some protection against departures from

the ‘‘independence of irrelevant alternatives’’ assumption (Ben-Akiva

and Lerman 1985), as similarity between response alternatives will be

reflected in higher residual correlations. These correlations can be iden-

tified only using longitudinal data in which some individuals are

observed to make both types of move.

All multilevel binary logit models described in section 4 can be

extended to the MNL case, and we illustrate their application to intra-

and interregional mobility in section 9.

7.2. CL Model for Destination Choice

The MNL model is appropriate when there is a small set of destination

types that is fixed across individuals, and interest centers on the effects

of individual and household characteristics on the probability of making

a particular type of move. The CL model is a variant of the MNL model

for situations in which the set of alternatives may be large and may vary

across individuals, and the research focus is the effects of destination

characteristics on an individual’s choice of destination.

To demonstrate the close correspondence between the MNL and CL

models, we present each model in terms of the response probabilities.

The general form of a discrete-choice model is

p
rð Þ

it =
exp h

rð Þ
it

	 

PR

k = 0 exp h
kð Þ

it

	 
 , r = 0, . . . , R; ð8Þ

where h
rð Þ

it is the linear predictor. For the MNL model of equation 7,

h
(r)
it = cit x ijð Þta

C(r) + u
C(r)
(ij)

n o
+ 1� citð Þ xita

S(r) + u
S(r)
i

n o
;
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and we impose the identification constraint that the coefficients and

random-effect parameters associated with the reference category r = 0

are equal to zero, which implies that h
(0)
it = 0.

Now suppose that an individual or couple chooses between R + 1 desti-

nation areas, including the current area, when considering a move between

waves t and t + 1. In a CL model, the probability of choosing destination

r (r = 0, 1, . . . , R) depends on area characteristics z
(r)

ijð Þt, with values that

may vary across time and between individuals or couples (e.g., a measure

of the difference in the quality of schools or house prices between the cur-

rent area and area r at wave t). The linear predictor is thus

h
(r)
it = cit z

(r)

ijð Þtb
C + x ijð Þtz

(r)

ijð Þtg
C + u

C(r)
(ij)

n o
+ 1� citð Þ z

(r)
it bS + xitz

(r)
it gS + u

S(r)
i

n o
;

ð9Þ

where bC and bS are the coefficients of the destination-specific attri-

butes for couples and singletons, which may interact with couple or indi-

vidual characteristics x with coefficients gC and gS. Bruch and Mare

(2012) applied a special case of equation 9 in an analysis of individual

mobility among 65 census tracts in Los Angeles County over a two-year

period, where area choice depended on its racial composition (z(r)) and

the interaction between area-level race and a person’s own race (xiz
(r)).

To allow for the fact that many individuals will prefer to remain in their

current area of residence rather than move, Bruch and Mare suggested

including an indicator variable D
(r)
it , coded 1 if individual i is resident in

area r at wave t and 0 otherwise, which may be interacted with destina-

tion characteristics to allow for differential judgments when making

comparisons with the current area. Alternatively, z
(r)
it could be defined as

the difference between the characteristics of area r and the current area

(where z
(r)
it = 0 for residents of r at t).

Although there is a close similarity between the CL and MNL mod-

els, the inclusion of destination characteristics in the CL model requires

the analysis file to be in ‘‘long’’ form with R + 1 records for each per-

son-wave, one for each potential destination. This can lead to a prohibi-

tively large data file when the choice set is large, especially in a large-

scale long-running panel study such as the BHPS. The solution recom-

mended by Bruch and Mare (2012) is to retain the record corresponding

to the alternative actually chosen, sample from the records for the other

(unselected) alternatives with probability q(r) � 1, and include

�log(q(r)) as an offset term in equation 9. A further consideration in the
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multilevel CL model is that it will not usually be feasible to estimate

between-individual random-effect variances for every area (and covar-

iances between areas), and therefore some restriction on the random

effects will be necessary. A possible approach is to fix u
rð Þ

i = m(r)ui

where m(r) are random-effect loadings, although further simplification

may be necessary when R is large (e.g., constraining loadings to be

equal for areas in the same region or of similar types).

It is straightforward to combine the MNL and CL models in a hybrid

model that includes characteristics of both individuals or couples and

destinations in the linear predictor h
(r)
it (Hoffman and Duncan 1988).

7.3. Further Extensions and Software

Another natural extension to the multilevel framework is to allow for

unmeasured destination characteristics by including destination-specific

random effects that are fixed across individuals but possibly time-

varying and different for couples and singles. An important issue when

considering models for destination choice is that neighboring areas may

share unobserved characteristics that affect their attractiveness as places

to live. Bhat and Guo (2004) proposed a spatially correlated logit model

for residential choice at a cross-section that includes a parameter repre-

senting the dissimilarity between adjacent spatial units. An alternative

approach is to extend the multilevel model to include destination-

specific random effects (as described above) and to allow the probabil-

ity of moving to destination r to depend not only on the random effect

for area r but on a weighted sum of the random effects of areas adjacent

to r. Such a model is another form of multiple-membership model in

which the weights might be proportional to the distance between area

centroids (see Browne et al. 2001 for further discussion of the use of

multiple-membership models in spatial analysis).

The binary logit models described in section 4 can be generalized

to MNL and CL models, although their multilevel versions are avail-

able in a more limited range of software packages. MNL and CL

head-of-household models, with hierarchical random effects, can be

fitted using SAS PROC NLMIXED (maximum likelihood via numeri-

cal quadrature) and MLwiN (MCMC). Multiple-membership MNL

and CL models cannot be fitted using maximum likelihood methods

and, to the best of our knowledge, can be fitted only using MCMC

methods in WinBUGS.
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8. APPLICATION 1: ANALYSIS OF ALL RESIDENTIAL
MOVES

8.1. Data and Definitions

We now apply the modeling approaches considered in the simulation

study in an analysis of residential mobility. The data come from the

BHPS, which began in 1991 with 10,300 adult (aged 16 years and

older) residents in 5,500 households (Institute for Social and Economic

Research 2009). These original sample members (OSMs) are followed

as they move house and interviewed annually. A person who forms a

household with an OSM after 1991 is referred to as a temporary sample

member, but these people become permanent sample members only if

they have children with OSMs. Like OSMs, permanent sample mem-

bers are then followed as they move house (with or without their

OSMs). Tracking of individuals as they change address and experience

changes in household composition means that sample members may be

observed as singletons and with multiple partners, which allows us to

disentangle individual and couple effects.

Our response variable is an indicator of whether an individual (or

couple) moves house between waves t and t + 1. Moves that coincide

with union formation or dissolution are treated as right censored for two

reasons. First, we wish to disentangle the processes of union formation

and dissolution from the process of residential mobility so that the indi-

vidual random effects in our statistical model represent, as far as possi-

ble, underlying individual mobility preferences. Second, it is unclear in

such cases who should contribute to the moving decision and when they

should start or cease to influence each other. The timing of union for-

mation is likely to depend on the future partner of the sample member,

but the point at which this future partner influences the probability of a

move due to formation is unknown. Similarly, although we may assume

that a move made together by a couple is the result of a joint decision,

we might expect that an individual’s decision to move is no longer

influenced by the partner’s mobility preference once it has been decided

to separate. In treating these moves as censored, we are implicitly

assuming that, conditional on covariates, formation and dissolution pro-

pensities are uncorrelated with mobility preferences; this may be unrea-

sonable if, for example, people with a preference toward stability are

less likely to end a union and less likely to move. One way of allowing

for such residual correlation would be to model union transitions jointly
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with mobility. Boyle et al. (2008) adopted this approach in a study of

moving and union dissolution among Austrian couples and found that

there was no significant residual correlation between mobility and union

dissolution.

We use data from waves 2 to 17, which correspond to the period

from 1992 to 2008 (wave 1 is omitted because movement is defined

only from wave 2 onward). The analysis is further restricted to adults

aged 18 to 60 years who are not in full-time education. Contributions

from individuals with missing data are included where they were pres-

ent at two consecutive waves t and t + 1, because all covariates refer to

an individual’s status at the start of wave t, and mobility is determined

only at the start of wave t + 1. The final analysis sample contains a total

of 11,464 individuals, of whom 20.4 percent were single throughout the

observation period, 58.8 percent were always partnered, and 20.8 per-

cent were observed both single and with a partner. In total, there are

20,820 person-year observations for singletons and 31,562 couple-year

observations for couples. The proportions who move between consecu-

tive waves t and t + 1 (excluding moves due to union formation and dis-

solution) are 0.12 for singles and 0.08 for couples.

A range of individual and couple characteristics were considered as

covariates. The following time-varying covariates were included in

models of mobility for both singletons and couples: housing tenure, area

(London vs. other), the number of rooms per person, age (of the head of

the household for couples), postschool education (of both partners for

couples), employment status (of both partners for couples), the presence

of children, and the age of the youngest child. All time-varying covari-

ates were measured at wave t (i.e., prior to any move before t + 1). The

models additionally included gender for singletons and union type (mar-

ried or cohabiting) for couples. The predictors also include the duration

of residence in the current home at wave t, so the models can be viewed

as random-effects discrete-time event history models (e.g., Steele,

Goldstein, and Browne 2004).

The analysis was carried out using MLwiN (Rasbash et al. 2009)

via Stata’s runmlwin command (Leckie and Charlton 2013).

Reparameterization methods (orthogonal parameterization and para-

meter expansion) were used to improve MCMC efficiency (Browne

et al. 2009). The runmlwin syntax for fitting the HoH-joint and MM-

consensus models can be found in the online Appendix.
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8.2. Comparison of Estimates of Residual Variance and Duration

Dependency across Models

Estimates of the between-individual and between-couple residual var-

iances (implied by the random-effect variance s2) are shown in the bot-

tom panel of Table 5. The estimates for the HoH-separate model are

very similar to those from the more general HoH-joint model and so are

suppressed. With a few exceptions, the pattern of estimates is similar to

those obtained in the simulation study (Table 3). Of particular note is

the similarity of both the between-individual and between-couple var-

iance estimates for the MM-consensus and HoH-joint models. The true

model is unknown here, but the HoH-joint model is the most flexible

model, if not the most efficient, because it has additional parameters for

the between-couple variance and couple-single covariance. Therefore,

the closeness of the two sets of residual variance estimates suggests that

the true decision-making model for couples is closer to consensus than it

is to reinforcement (as in MM-double), which manifests itself in greater

heterogeneity between individuals than couples. Further evidence that

unobserved couple mobility preferences are not systematically aligned

with the preferences of the head is provided by the relatively low esti-

mate of the single-couple covariance in the HoH-joint model (recall that

this covariance captures the association of the head’s random effect

when single and the couple random effect).

Table 5 also shows estimates of the effect of the duration of residence

in the current house at wave t on the log odds of moving between t and

t + 1. As is usual in a discrete-time event history model, some function

of duration of residence at t is included as a set of time-varying explana-

tory variables. In this case, a piecewise-constant baseline hazard is spec-

ified by treating duration as a categorical variable with the first year as

the reference category, dummies for each of the next 10 annual intervals,

and a single dummy for durations exceeding 11 years. Alternative, more

parsimonious, specifications of the duration dependency include polyno-

mial or spline functions. For all models, and for both singles and cou-

ples, we find that the mobility rate is highest in the first year and then

remains fairly constant for subsequent years before dropping sharply

after a person or couple has stayed in the same house for 11 years or

more (consistent with an ‘‘inertia effect’’; McGinnis 1968). However,

there are some differences in the strength of the duration effect across

models.
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For couples, the magnitude of the estimated coefficient for a given

duration is generally largest for the HoH-joint model (especially at lon-

ger durations) and smallest for HoH-common, with the estimate for

MM-consensus lying in between. Thus, the negative duration effect is

strongest for HoH-joint and weakest for HoH-common. This pattern is

in line with the estimates of the between-couple variance for these two

models (smallest for HoH-joint and largest for HoH-common). It is well

known that failure to account for unobserved heterogeneity in duration

models leads to overstatement of a negative duration dependency (e.g.

Vaupel, Manton, and Stallard 1979). By analogy, it follows that biased

estimates of the unobserved heterogeneity will also lead to biased dura-

tion effects; in particular, overstatement of unobserved heterogeneity

(as seems likely in HoH-common) will lead to an understatement of a

negative duration dependency.

Turning to singles, the HoH-joint and MM-consensus models produce

similar estimates of the duration dependency (as expected because of

the closeness of their between-individual variance estimates). A stronger

duration effect is suggested by MM-double, which has a between-

individual variance that is almost half that estimated by the HoH-joint

and MM-consensus models. The wi = wj = 1 weighting of partners in the

couple component of MM-double therefore leads to an overstatement of

the negative duration dependency among singles.

The above differences between models are not sufficiently large to

affect substantive conclusions. However, this is unsurprising because of

the small amount of unobserved heterogeneity. In other applications

with a larger amount of unexplained variation due to time-invariant

characteristics, we would expect the differences to be larger.

8.3. Estimated Covariate Effects

Tables 6 and 7 show estimates of the (subject-specific) effects of cov-

ariates on the log odds of moving house for couples and singles, respec-

tively. The most notable finding is the substantial underestimation of

the standard errors for the couple effects (Table 6) using the MM-

double model due to double counting partners. In line with the results

of the simulation study, estimates of the covariate effects differ little

across models for either couples or singles. The few differences that

emerge are for couples: Although estimates for models HoH-joint and

MM-consensus are almost identical for all covariates, there are some

Modeling Household Decisions Using Longitudinal Data 255
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discrepancies between the estimates for MM-double and those for the

other methods, for example, in the effects of tenure and the number of

children and age of the youngest child. For covariates that are truly exo-

genous (as in the simulations), misspecification of the model residual

structure will not have an impact on coefficient estimates, because the

random effects and covariates are uncorrelated. In practice, however,

some covariates may share unmeasured influences with mobility, so

estimates of these effects may be affected by failure of the random-

effects assumption.

Among couples, living in private rented accommodation or with par-

ents is associated with a higher probability of moving (Table 6). The

number of rooms per person and the age of the man are both negatively

associated with mobility. (The age of the woman was also considered in

preliminary analysis but was dropped because of its high correlation with

the man’s age.) The main effect of having one dependent child (0.253 in

HH-joint) is the effect on the log odds of having one child under the age

of one year (or in utero) versus no children. The difference between the

coefficients for two or more and one child (20.273 2 0.253 = 20.526)

is the effect of having two or more versus one child (independent of the

age of the youngest child). We find an increased chance of a move dur-

ing pregnancy and shortly after birth but lower mobility among larger

families and a decline in mobility with the age of the youngest child. To

investigate whether a couple’s decision to move house is more heavily

influenced by the observed characteristics of one partner or whether

those of both partners play a role, we considered the effects of the educa-

tion and employment status of both the man and the woman. Although

having postschool education is associated with a higher mobility rate,

there is little evidence to suggest that one partner’s education is more

important than the other’s. We also find that the employment status of

both partners is important with increased mobility for couples with nei-

ther partner in employment but no main effects of male and female

employment. In light of these findings for measured partner characteris-

tics, we might also expect both partners’ unobserved characteristics to

influence housing decisions, as in the multiple-membership model.

For singles, we again find an increased mobility rate among private

renters and individuals with postschool education (Table 7). Age and

nonemployment are associated with a decreased chance of moving. The

number of rooms per person, the presence and ages of children, and gen-

der are all found to be unrelated to the decision to move.
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Certain of our findings are common to virtually all studies of residen-

tial mobility. A strong decline in the moving propensity with age and a

positive association with educational attainment have been found in

studies of mobility in Britain, the United States, the Netherlands, and

Austria, among others (Böheim and Taylor 2002; Ioannides and Kan

1996; Kulu 2008; Michielin and Mulder 2008). Clark, Deurloo, and

Dieleman (1984) reported that housing size (square meters per person)

was the most consistent single (negative) predictor of the propensity to

move among households of all tenures in their Dutch study, and the

importance of space has been confirmed by others (Böheim and Taylor

2002; Clark and Davies Withers 2007; Clark and Huang 2003). Another

key regularity found in many studies is that homeowners are less mobile

than renters because, it is often argued, they have greater locational capi-

tal and face higher costs of moving (Clark and Huang 2003). Negative

duration effects were reported for singles by Belot and Ermisch (2009)

and for all households by Böheim and Taylor (2002). Although less

studied, our results on the interactions of spouses’ employment status

are consistent with those of Böheim and Taylor, who showed that the

positive effect of male unemployment on household mobility is offset

entirely if the spouse is employed. Studies have shown less consistency

in the effects of presence and age of children on mobility rates, but those

that included births as ‘‘trigger’’ events, as we do, have found a sharp

increase in moving propensities for couples around the time of concep-

tions and immediately following birth (e.g., Clark and Davies Withers

2007; Kulu 2008).

9. APPLICATION 2: DISTINGUISHING LOCAL AND
MIGRATORY MOVES

We extend the analysis of residual mobility in the BHPS to distinguish

between local moves (which did not cross a regional boundary) and

migratory moves (interregional moves). Our response variable is now

coded 0 for no move between t and t + 1, 1 for a local move, and 2 for a

migratory move. Migratory moves account for 30 percent of all moves

in our sample. A small number of individuals (n = 29) had to be dropped

from the analysis because of missing information on location at either t

or t + 1, leading to an analysis sample of 20,756 person-years for single-

tons and 31,524 couple-years. Migratory moves were more common for

singletons than for couples (33 percent vs. 25 percent of all moves).
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Four variants of the general multilevel MNL model of equation 7

were fitted, which differed according to the specification of the random

effects. The HoH-common model now has two correlated random

effects, one for local and one for migratory moves, which allow the resi-

dual variance to differ for the two types of move. As in the binary logit

version of section 4.2, however, the between-individual and between-

couple variances are assumed equal for a given destination type. This

restriction is relaxed in the HoH-separate model, which has separate

destination-specific random effects for couples and singletons; this

model allows the residual variance to differ according to both type of

move and partnership status, but separate estimation of the single and

couple equations means that random effects across partnership states are

uncorrelated. In the most general HoH-joint model, the single and cou-

ple equations are estimated simultaneously, and covariances between

every pair of four random effects are estimated. Finally, the MM-

consensus model has random effects for local and migratory moves (as

for the HoH-common model) but with random-effect contributions from

both partners for couples. All models included the same set of predictors

considered in the analyses of any move of section 8, and these were

included in the contrasts for both local and migratory moves with no

move.

The models were fitted using MCMC methods, in MLwiN for the

head-of-household models and in WinBUGS (Spiegelhalter, Thomas,

and Best 2000) for the multiple-membership model. MLwiN is used

when possible because it is more computationally efficient, but

WinBUGS provides the greater flexibility needed for nonhierarchical

multinomial models. The runmlwin and WinBUGS syntax for fitting

the multilevel MNL forms of the HoH-joint and MM-consensus models

can be found in the online Appendix.

Table 8 shows the parameter estimates and standard errors for the

variance and covariance parameters for each of the four models. The

most flexible models, HoH-separate and HoH-joint (with 6 and 10 para-

meters in the random part of the model, respectively), suggest that for

local moves, the between-couple variance is about half the between-

individual variance. These estimates are consistent with the ‘‘consen-

sus’’ decision-making assumption of the multiple-membership model

with equal weights, and therefore the residual variance estimates for

local moves are similar across the three models. In contrast, the residual
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variance estimate for the most restrictive HoH-common model is lower

than for the other models.

Turning to the estimates for migratory moves, there are two main

points to note. First, the unobserved heterogeneity is substantially higher

than for local moves. Second, the between-individual variance is almost

the same as the between-couple variance for both the HoH-separate and

HoH-joint models, so the equality constraint in the simpler HoH-

common model is reasonable. It is now the MM-consensus model that is

out of line with the more flexible models, although the average residual

variance estimate across individuals and couples is close to the estimates

from the head-of-household models (0.5[1.455 + 0.727] = 1.091). These

results suggest that the ‘‘consensus’’ assumption of equal weights is less

appropriate for migratory moves. One possibility is that the smaller

between-couple variance from the multiple-membership model indicates

nonrandom sorting on unmeasured characteristics associated with the

propensity to migrate. A tendency for individuals with similar prefer-

ences to partner would lead to a positive correlation between the random

effects of partners, leading to underestimation of the between-couple var-

iance in the multiple-membership model (see section 4.3.1). However,

the strong (and significant) positive covariance between the head’s

migratory random effect when single and the combined couple effect

from the HoH-joint model provides evidence that the heads’ tastes domi-

nate couples’ outcomes. This is consistent with a gender perspective and

a great deal of the ‘‘tied mover’’ literature on family migration that finds

asymmetries in the role of husbands’ and wives’ characteristics (Bielby

and Bielby 1992; Mok 2007; Smits et al. 2003). It is notable that the

equivalent covariance is essentially zero for local mobility decisions,

highlighting that the influence of the head of household in couple

decision-making can vary over different issues. This is also consistent

with the view taken in much of the mobility literature that decisions on

local moves, which are primarily dwelling and family related, are made

by a different process than more disruptive migratory moves involving

changes in labor markets and social networks (Böheim and Taylor 2002;

Helderman, Mulder, and van Ham 2004).

10. DISCUSSION

In this article, we consider the problem of analyzing the outcomes from

a couple’s decision-making process using individual data on each
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partner. We highlight that this problem has been little discussed in the

literature, and we critique the limitations of how previous approaches

handle individuals who change between singleton and couple status and

change partners to form a new couple. A general framework is devel-

oped that allows comparison of the methods used in previous research

with respect to implicit assumptions about how decisions are made

within a household. Two new multilevel models are proposed to address

the limitations of earlier work: the ‘‘HoH-joint’’ and ‘‘MM-consensus’’

models. The HoH-joint model specifies distinct but correlated random

effects for singletons and couples, while the MM-consensus model is a

multiple-membership model that treats a couple as a weighted combina-

tion of its individual partners. Both of these approaches allow singletons

and couples to be modeled simultaneously, which allows differential

covariate effects for singletons and couples to be tested. Moreover, both

models allow for residual autocorrelation between couples and single-

tons involving the same individuals following partnership formation or

dissolution. Models for both binary and nominal household decisions

are considered.

The HoH-joint model is the most flexible of the approaches we con-

sider because (for binary outcomes) it includes three random-effect

parameters, which allow the between-individual and between-couple

variances and the single-couple covariance to be freely estimated. The

multiple-membership model is conceptually attractive because it treats

households as collections of individuals and allows each individual to

influence a household decision. Moreover, the MM-consensus model

offers potential efficiency gains because it includes just one random

effect parameter, and it is the only approach that tracks all individuals

(not just household heads) as they move between partners, thereby

allowing for correlation between the outcomes of couples who share a

partner. However, this model relies on strong assumptions about the

relative influence of each partner in reaching a decision, which is

reflected in the choice of weights. The MM-consensus model also

assumes independence of partners’ mobility preferences (conditional on

covariates). The simulation study demonstrated that different assump-

tions about the residual structure of models for household outcomes can

lead to substantially different estimates of the between-individual and

between-couple variances. We also show that although there was little

difference in estimates of subject-specific covariate effects across mod-

els, incorrect specification of the residual structure has a greater impact
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on population-averaged effects derived from random-effects models. In

particular, the widely used approach of pooling singletons and couples

and constraining the between-individual and between-couple variances

to be equal leads to overestimation of the between-couple variance,

which leads to understated population-averaged covariate effects for

couples. More substantial downward bias was found in population-

averaged effects for the couple component of the MM-double model,

which treats couples as two independent singletons rather than joint

decision makers.

In our first application to residential mobility using a binary indicator

of any move, the between-individual and between-couple variance esti-

mates were markedly similar for the HoH-joint and MM-consensus

models. Furthermore, the finding that the between-couple variance was

approximately half the between-individual variance in the HoH-joint

model lends support to the consensus model of decision making with

partners, on average, contributing equally to the decision. There were

larger differences in estimates of subject-specific covariate effects

across models than observed in the simulation study, which might sug-

gest differential effects of model misspecification such as correlation

between covariates and the random effects. However, none of the differ-

ences were sufficiently large to affect the substantive conclusions. The

most striking difference between methods was the underestimation of

standard errors for the MM-double model due to fitting the couple

model to a person-based rather than couple-based file. There was also

little evidence, in this case, that the MM-consensus model was more

efficient than the head-of-household models. This is likely to be due to

the design of the BHPS: Although OSMs are followed as they change

partners and partnership status, many of their partners are in the BHPS

only while coresident with the OSMs, which limits the number of indi-

viduals who can be observed with more than one partner. Greater effi-

ciency gains would be expected from the multiple-membership model

when applied to population data in which more complete information is

available on the residential histories of all individuals.

In our extended analysis of mobility that distinguished local and

migratory moves, estimates of the residual variances for migratory

moves differed between the MM-consensus model and the more flex-

ible HoH-joint model. This suggests that the consensus assumption,

with equal weights assigned to each partner’s unmeasured mobility pre-

ferences, is too strong in the case of interregional moves. Another
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possible explanation for the divergence between models is that the

multiple-membership assumption of independence between partner’s

random effects is unreasonable. As the validity of these assumptions

will not be known a priori, we recommend the HoH-joint model

because it is the least restrictive, and, in our simulation study, we see

that it captures features of the residual structure if the correct model is

MM-consensus. This is achieved through separate random-effect var-

iance parameters for the single and couple populations and a covariance

between the single and couple random effects. In theory, the advantage

of the MM-consensus model is smaller standard errors through pooling

information from individuals regardless of their union status. In prac-

tice, however, we did not find these gains to be great, in either our

simulation or our empirical examples.

The types of model developed in this article can be applied to a very

wide range of housing-related issues. However, they could also be used

in the analysis of any decision that is made repeatedly by both singletons

and couples throughout the life course. Purchasing decisions are particu-

larly amenable to this type of analysis, such as the choice of savings and

investment vehicles with differing degrees of riskiness, to give one

example. Whatever approach is adopted, it is important to consider cov-

ariates that summarize characteristics of both partners in a couple. For

example, in our applications, the education levels and employment of

both partners were found to influence residential mobility. Household

panel studies provide longitudinal data on both partners and additionally

offer a way to extend our understanding of the process under study by

incorporating individual unobserved time-invariant traits into the analy-

sis. The residual structure of models of household choices has received

little attention, but we find that it is potentially informative about aspects

of the household decision-making process.

APPENDIX

For couple ij between waves t and t + 1, suppose that we specify separate

mixed logistic-normal models for yit and yjt: Write these models as

log
pkt

1� pkt

� �
= x ijð Þta

� + uk ;

for k = i, j, where ui and uj are independent N (0, s2) random effects. If the mov-

ing probability is small, we can use the approximations
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pkt’exp (x ijð Þta
� + uk) and 1� pkt’1, ðA1Þ

which we take to hold for all waves and for all singletons or couples. On the

basis of these models, the conditional likelihood contribution (given the mar-

ginal distribution of the random effects) for i and j at t is

pitpjt

� �y ijð Þt (1� pit)(1� pjt)
� �1�y ijð Þt

because both individuals in the couple have a joint outcome such that

yit = yjt = y ijð Þt.
Under equation A1, it follows that

pitpjt’ exp x ijð Þta
C + ui + uj

� �
= p ijð Þt;

where aC = 2a� is an arbitrary reparameterization. Using equation A1 again, it

also follows that

(1� pit) 1� pjt

� �
’1� pitpjt’1� exp x ijð Þta

C + ui + uj

� �
;

because 1 + pitpjt’1� pitpjt: Thus, the likelihood contribution is approximately

p(ij)t
y ijð Þt 1� p(ij)t

� �1�y ijð Þt ;

which is that for a multiple-membership model with wit = wjt = 1.
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