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ABSTRACT 

 
A recent decline in geographic mobility may have been caused in part by falling home prices, 
through the “lock in” effects of financial constraints faced by households whose housing debt 
exceeds the market value of their home.  I analyze the relationship between such “house lock” 
and the elevated levels and persistence of unemployment during the recent recession and its 
aftermath.  Because house lock will increase search times for homeowners whose home value 
has declined, I focus on differences in unemployment duration between homeowners and renters 
across geographic areas differentiated by the severity of the decline in home prices.  The 
empirical analyses rely on microdata from the monthly Current Population Survey (CPS) files, 
combined with a recently developed econometric method that enables estimation of the effects of 
individual and aggregate covariates on completed unemployment durations in “synthetic cohort” 
(pseudo-panel) data such as the CPS.  The estimates indicate the absence of a meaningful house 
lock effect during this episode. 
 
 
 
 
 
 
*  I thank Katherine Kuang for outstanding research assistance.  The views expressed in this 
paper are those of the author and should not be attributed to the Federal Reserve Bank of San 
Francisco or the Federal Reserve System. 
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“House Lock and Structural Unemployment” 
 
 
1.  Introduction 

During the recent recession, the rate of geographic mobility in the United States 

reached the lowest levels recorded in U.S. Census Bureau statistics, which began in 1948.  

The falling home prices that preceded and intensified during the recession may be an 

important cause of the reduction in geographic mobility, through the “lock in” effects of 

financial constraints faced by households that are “underwater”—i.e., carrying housing 

debt that exceeds the market value of their homes.1  This in turn has led to speculation 

among economists and other observers that the stubbornly high unemployment rates 

observed in 2009-2010 were caused in part by the inability of unemployed homeowners 

to move to geographic areas where jobs are available (see Fletcher 2010 for media 

discussion and quotes from economists regarding these points).  To the extent that this 

phenomenon exists, it represents a form of structural unemployment that is likely to raise 

the equilibrium unemployment rate or NAIRU over an extended period. 

In this paper, I investigate whether systematic statistical evidence can be found to 

support the hypothesis that house lock has contributed to higher unemployment.  The 

analysis relates to two existing literature.  First, previous work on home prices and 

mobility has found that the geographic lock-in effect from being underwater dominates 

the implied increase in mobility that results from higher default and foreclosure rates, 

causing homeowners’ geographic mobility to decline along with housing prices (e.g., 

Chan 2001; Englehardt 2003; Ferreira, Gyourko, and Tracy 2010).  A separate literature 

                                                 
1  I refer to this phenomenon as “house lock,” because it is similar to the “job lock” effect of 
reduced job mobility arising from the costs associated with the potential loss of employer 
provided health insurance (e.g., Buchmueller and Valletta 1996). 
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has investigated the relationship between home ownership and unemployment rates, at 

the individual or regional level (e.g., Oswald 1996; Munch, Rosholm, and Svarer 2006; 

Coulson and Fisher 2009).  This literature was largely propelled by Oswald’s argument 

that reduced mobility associated with home ownership creates labor market inefficiency 

and higher unemployment rates.  The results from this literature are mixed, reflecting a 

diversity of empirical approaches and specific hypotheses. 

I link these two literatures together by examining the relationship between falling 

home prices and individual unemployment experiences, with declining geographic 

mobility operating as the unobserved link between them.2  Past work on the relationship 

between home ownership and unemployment focused on differences in unemployment 

outcomes based on home ownership versus renting measured at the individual level or 

across geographic areas (countries, states, or metropolitan areas).  In these approaches, it 

is difficult to control for systematic differences between homeowners and renters, or 

across geographic areas that differ in their rate of home ownership, that cause different 

employment outcomes.  As such, the papers in this literature often adopt instrumental 

variable (IV) strategies or selectivity corrections to eliminate the estimation bias 

introduced by unobserved heterogeneity or endogeneity in the determination of home 

ownership and labor market status.   

I extend the existing literature to address the impact of house lock in the recent 

housing bust, relying on direct measures of the extent of house lock that enable me to 

avoid reliance on IV strategies.  Although past work has produced mixed evidence 

                                                 
2 This first version of the paper focuses on monthly CPS data and as such does not enable direct 
observations on geographic mobility (see section 5.1 for further discussion).  Future versions will 
incorporate analyses of March CPS data, which provide direct measurement of geographic 
mobility and its link to unemployment experiences. 
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regarding homeownership effects on unemployment, the severity of the housing bust and 

ongoing unemployment problem suggests the possibility of large effects in the recent 

episode.  Like other recent papers, I focus directly on search intensity and opportunities, 

as reflected in unemployment duration, rather than broader unemployment outcomes.  To 

test for house lock, I compare outcomes for individuals living in owner-occupied versus 

rental housing across geographic areas differentiated by the intensity of the home price 

decline.  Both groups face similar local labor market conditions, but owners face 

additional financial constraints that may lengthen their unemployment durations and 

hence overall unemployment; if this effect exists, it should be most pronounced in areas 

that have seen the largest declines in home prices (conditional on local labor market 

conditions).  

My analysis of unemployment duration relies on a recently developed 

econometric approach (Güell and Hu 2006) applied to monthly microdata on unemployed 

individuals from the U.S. Current Population Survey (CPS).  Unlike past methodologies 

applied to the analysis of unemployment spells in repeated cross-sections, their method 

enables direct estimation of the influence of detailed individual characteristics and 

duration dependence, in addition to measures of general economic conditions and other 

time-varying factors, in the determination of unemployment duration (see also Valletta 

2010). 

The next section discusses prior research in more detail and establishes some 

central facts regarding recent movements in home prices and geographic mobility.  

Section 3 describes the CPS unemployment data and provides descriptive evidence 

regarding unemployment durations.  The formal econometric approach for the analysis of 
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expected duration in a conditional setting is described in Section 4.  Section 5 describes 

the specific empirical hypotheses, including caveats, and presents results.  As 

summarized in Section 6, I find no evidence to support the view that reduced geographic 

mobility by homeowners has made a substantive contribution to elevated unemployment 

rates during the recent recession and nascent recovery.   

 

2.  Home ownership, mobility, and unemployment 

2.1  Past research on homeowner mobility and homeowner unemployment 

 The hypothesis of higher structural unemployment arising from house lock has 

two primary components:  (i) homeowners are relatively immobile and therefore tied to 

their local labor markets; this results from financial constraints or incentives associated 

with home ownership, which are particularly binding when home values have declined; 

(ii) homeowners’ lower mobility precludes optimal job search in other geographic areas 

and increases their time spent unemployed.3  The first link has found substantial support 

in the relevant literature, while support for the second link is mixed.   

In regard to homeowners’ geographic mobility, declining home prices have two 

potential effects.  Price declines may increase default rates, causing mobility to rise as 

foreclosed homeowners seek alternative housing.  On the other hand, it is likely that only 

a fraction of homeowners facing price declines or negative equity will default.  Instead, 

when prices fall, some homeowners who might otherwise have chosen to sell their homes 

and move may choose to stay put, as a result of the financial constraints arising from low 

or negative housing equity combined with significant transaction costs (e.g., Chan 2001; 

                                                 
3 The terms “home ownership” and  “home owners” will be used synonymously with “individuals 
living in owner-occupied housing,” as will similar terms for renters, in regard to group 
differences in  unemployment. 
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Ferreira et al. 2010).  Mobility may also be suppressed for households not facing direct 

financial constraints, as a result of nominal loss aversion that causes them to place higher 

weight on capital losses than on equivalent gains (Genesove and Mayer 2001, Englehardt 

2003).  The empirical tests in this literature generally indicate that the default effect is 

strongly dominated by the effects arising from financial constraints and loss aversion, 

causing homeowner mobility to fall substantially in response to price declines.4  The 

estimated reductions in geographic mobility from this literature are large:  the Chan, 

Englehardt, and Ferreira et al. papers cited above find that mobility is reduced by about 

25-45 percent (relative to their base rates) for homeowners who face negative equity or a 

modest decline in nominal home prices. 

 The literature regarding the relationship between home ownership and 

unemployment is more mixed with respect to core hypotheses and findings.  Oswald 

(1996) made the straightforward argument that financial constraints arising from 

transaction costs in housing markets reduce homeowners’ flexibility in the labor market, 

resulting in less favorable labor market outcomes for them.  He offered this as an 

explanation for his estimates of a positive correlation between unemployment rates and 

the proportion of homeowners across countries and regions.  

Subsequent work has focused on refining the “Oswald hypothesis” and the 

associated empirical tests.  Formal models of home ownership and job search produce 

                                                 
4 The distinction between equity constraints and nominal loss aversion as explanations of lower 
homeowner mobility is important from behavioral and policy perspectives but is inconsequential 
for the tests in this paper.  As Englehardt (2003) notes, the role of equity constraints suggests a 
degree of market failure that reduces mobility below socially optimal levels, which could be 
usefully addressed by government policy.  By contrast, nominal loss aversion is a characteristic of 
individual preferences and as such does not have implications for social welfare or efficiency-
enhancing interventions by government agencies.  The distinction does not affect the framework 
or findings of my paper because both mechanisms operate through declines in house prices and 
imply that some homeowners who might move to find a new job will not do so. 
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ambiguous predictions regarding the relationship between ownership and unemployment 

outcomes for individuals or geographic areas.  Munch et al (2006) specify a model of job 

search that allows for transitions into employment in the local labor market or outside the 

local labor market.  In this model, unemployed individuals living in owner-occupied 

housing face higher moving costs than renters, which lowers their transition rates into 

employment outside the local market but raises their transition rates within the local 

market; the overall effect on homeowner unemployment durations is ambiguous.  They 

estimate competing risk models of the separate transition rates and find that home 

ownership reduces employment transitions through geographic mobility, as argued by 

Oswald.  However, this effect is more than offset by homeowners’ increased transition 

rates for jobs in the local labor market, implying that home ownership reduces 

unemployment on net.   

Coulson and Fisher (2010) compare the implications of alternative search models 

for homeowner versus renter unemployment at the individual and aggregate (market) 

level.  In these models, whether housing market frictions increase homeowner 

unemployment (relative to renters) depends on the nature of the wage-setting process and 

whether firm entry based on a zero-profit condition is incorporated.  Moreover, the 

models’ predictions generally vary in regard to the relationship between home ownership 

and unemployment at the individual and aggregate levels.  The authors test these 

predictions using IV estimation methods applied to two sets of cross-section data:  

aggregate data for U.S. MSAs and individual data from the 1990 U.S. Census.  None of 

the theoretical models does a very good job of explaining the empirically estimated 

relationships between ownership and unemployment.  At the individual level, the 
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findings indicate that unemployment is lower for homeowners, although the reliance on 

untested exclusion restrictions raises questions about whether the endogeneity of home 

ownership with respect to labor market outcomes is fully purged.   

To summarize, these existing literatures have found substantial support for the 

first component of the house lock hypothesis—reduced homeowner mobility in response 

to price declines—but mixed to weak evidence regarding the second component—

prolonged job search and elevated unemployment experiences for homeowners.  

However, given the unprecedented extent of recent declines in U.S. home prices, 

historically low mobility rates, and persistently high unemployment rates, both of these 

elements may be operating with unusual force in the recent housing bust and recession.  

As such, even in the absence of compelling and consistent evidence from past work 

regarding the link between ownership and unemployment, house lock may be a 

significant factor in the current environment. 

 2.2  House price and mobility trends 

 The house lock argument is predicated on a decline in home prices that reduces 

geographic mobility.  Figure 1 illustrates the net decline and varied movement in prices 

during the recent housing bust (from 2005 forward), for the nation as a whole and 

selected MSAs, using the repeat-sales index for single-family homes from the Federal 

Housing Financing Agency (FHFA, formerly OFHEO).  From the peak in early 2007 

through 2010Q2 (the latest quarter of data), nominal home prices across the U.S. fell by 

11.2 percent on average.  However, the pattern varied substantially across MSAs.  The 

figure shows the price series for the two MSAs at the bottom and top ends of the 

distribution of house price movements, among the 235 MSAs for which price series are 
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available.  The difference in the experiences of these two MSAs is quite large, with 

Merced (in California’s Central Valley) seeing a decline of about 60 percent. and 

Midland, TX seeing an increase of about 15 percent.  The implied variation in price 

movements across the full sample of MSAs will be exploited for the empirical tests in 

Section 5. 

As expected, the decline in home prices has been accompanied by a decline in 

homeowner mobility (Figures 2 and 3).  Figure 2 displays overall and group-specific 

mobility rates across states (Panel A) and counties (Panel B), for the period over which 

separate data on owners and renters is available (back to 1989).  In 2009 the overall rate 

of cross-state mobility fell to 1.6 percent; as noted earlier, this is the lowest level 

recorded in U.S. Census Bureau statistics, which began in 1948.5  Overall mobility across 

counties also declined to historical lows in 2009.  It is important to note, however, that 

mobility has been on a long-term downward trend, with rates in prior decades well above 

those from the 1990s and 2000s. Figure 2 also shows that renter mobility substantially 

exceeds owner mobility.6  Mobility for both groups fell noticeably after 2005.  However, 

the decline reversed in 2008-2009 for renters but continued to a modest degree for 

owners.    

To account for the different population shares of owners and renters, Figure 3 

illustrates the two groups’ shares of total mobility (measured relative to the overall 

population).  The two groups made a similar contribution to the decline in overall 

mobility after 2005, although as noted in regard to Figure 2, renter mobility rose slightly 

between 2008 and 2009.   

                                                 
5 See the historical data tables available here: 
http://www.census.gov/population/www/socdemo/migrate.html 
6 Table 1, discussed in the next section, compares the characteristics of owners and renters. 



 9

Overall, Figures 2 and 3 confirm that owner mobility fell a bit during the recent 

downturn while renter mobility was rising, consistent with the house lock hypothesis. 

However, the resulting reduction in the count of mobile individuals is small relative to 

the pool of unemployed individuals and the labor force.  For example, if, rather than 

falling, owners’ cross-county mobility had increased by the same amount as renters’ 

cross-county mobility between 2008 and 2009, the number of mobile individuals would 

have been higher by about 550,000.  Even if all of these individuals were unemployed 

and had found jobs quickly, the reduction in the unemployment rate would be only about 

0.35 percentage points.7  Since movers include non-working age individuals, the 

maximum credible impact is smaller, on the order of 0.2-0.3 percentage points.  These 

mobility data therefore suggest that that the house lock effect on unemployment in the 

recent recession probably was quite limited.   

 

3.  CPS unemployment data and descriptive analyses 

3.1  CPS data and unemployment rates 

The data used for the analysis of unemployment duration are constructed from the 

microdata files of the U.S. Current Population Survey (CPS), a monthly survey of about 

60,000 households that is used for official monthly labor force tabulations and other 

government statistics.  These data are available back to 1976, but this paper focuses on 

the period from January 2008 through June 2010 (the latest month for which the variable 

that identifies homeowners and renters is available).8     

                                                 
7 The change in the unemployment rate is calculated relative to the base labor force of about 154 
million in 2009. 
8 The data extracts were formed using the standardized files provided by Unicon Research 
Corporation. 
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Observations were pulled for all individuals identified as unemployed in the 

survey, age 16 and older.  The analysis data is further restricted to individuals living in 

one of 235 MSAs, to enable matching of the FHFA housing price series.  The resulting 

data set for the primary analyses has about 1500-3200 observations on unemployed 

individuals per month, depending on the prevailing unemployment rate at the time; the 

average for the sample frame is about 2400 per month.  All of the analyses below 

incorporate the CPS sampling weights, which are designed to yield monthly samples that 

are representative of the broader U.S. population.  In addition to the size of the sample, 

the timeliness of these data is highly advantageous, enabling the near-contemporaneous 

analysis of ongoing labor market developments.  By contrast, panel data sets that could 

be used for richer econometric modeling of unemployment duration are only available 

with significant lags. 

A key variable for these analyses identifies whether the individual lives in a 

housing unit that is owned  by a household member or is rented.9  Table 1 lists means for 

a standard set of individual control variables, with the sample divided into owner and 

renter groups, for the analysis period of January 2008 through June 2010.  Homeowners 

account for about 57 percent of the unemployed population in metropolitan areas, and 

they generally have characteristics associated with more advantageous labor market 

outcomes:  they are older, have higher educational attainment, are less likely to be 

members of racial and ethnic minority groups, and are more likely to be married.  Also, 

although not shown in the table, the occupational distribution for prior jobs held shows 

                                                 
9 The ownership category includes units for which the purchase process has been initiated but not 
completed.  A very small third group, in which no housing payments are being made, are 
included with renters in the analysis. 
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that homeowners are more likely to have held positions in higher-skilled occupations, 

such as managerial and professional positions, than are renters.10  

Figure 4, Panel A, confirms the expectation of lower unemployment rates for 

homeowners than for renters, with rates for renters generally running about twice those of 

owners.11  Panel B shows the unemployment rates for owners and renters measured as a 

percentage of the overall labor force (rather than the group-specific rates in Panel A).  

The owner share of overall unemployment drifted up a bit in the early 2000s as their 

population share rose.  Most notably, this panel shows that owners accounted for a 

disproportionately large share of the increase in unemployment during the recent 

recession.  In particular, the owner contribution to the increase in the overall 

unemployment rate between late 2007 and late 2009 was about 0.7 percentage points 

larger than the renter contribution.  This supports a modest impact of house lock on the 

unemployment rate during the recent downturn, somewhat larger than the implied effect 

of the reduction in mobility discussed in the previous section.  

3.2  Comparing expected completed duration of unemployment 

While the differences in unemployment rate movements between owners and 

renters are suggestive, understanding the behavioral contributions to these differences 

requires an examination of unemployment duration data.  In the CPS microdata, 

unemployment duration is measured as the duration of ongoing (interrupted) spells at the 

time of the survey, rather than completed duration for individuals who have exited 

unemployment.  This “interrupted spell” measure is used for the calculation of the BLS’s 

                                                 
10 Similar tabulations for prior industry affiliation indicate little difference between the two 
groups.  Tabulations of occupation and industry affiliation for unemployed individuals exclude 
new entrants to the labor force, for whom no prior employment history exists. 
11  These were calculated using the complete set of CPS labor force observations for individuals 
16 and older. 
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oft-cited “average duration” and “median duration” series, plus the related series that 

represent the proportion of individuals whose duration falls within specific intervals (e.g., 

less than 5 weeks, greater than 26 weeks, etc.).12  These series based on interrupted spell 

durations are subject to well-known biases with respect to measurement of expected 

duration for an individual entering unemployment, including underestimation of its 

cyclical elasticity and responsiveness to labor market shocks (Carlson and Horrigan 

1983; Sider 1985; Horrigan 1987; Valletta 2010).  

Given the biases in measured duration based on interrupted spells, I focus the 

descriptive analyses on a measure of expected completed duration for an individual 

entering unemployment in a particular month (e.g., Sider 1985, Baker 1992a).  This 

measure of expected duration is formed based on counts of individuals within duration 

intervals that correspond to the monthly sampling window for the CPS survey.  These 

counts are used to define and estimate continuation probabilities between adjacent 

duration categories for “synthetic cohorts” of individuals.  The continuation probabilities 

are then aggregated using standardized formulas to calculate the expected completed 

duration of unemployment for an individual entering unemployment in a particular 

month, under the assumption that the continuation probabilities remain the same.  This 

method is described in detail in Appendix A. 

 Figure 5 compares expected unemployment duration, measured in weeks, for 

owners and renters, over the period just prior to the housing downturn through mid-2010.  

Panels A and B divide the sample up into MSAs for which the decline in house prices 

was larger (greater negative) or smaller (less negative) than the national decline.  If the 

                                                 
12 A major CPS survey redesign in 1994 substantially altered reported unemployment durations, 
but this is only relevant for pre- and post-1994 comparisons (Valletta 2010). 
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house- lock hypothesis is correct, the increase in unemployment durations as the housing 

bust and economic downturn intensified should be larger for owners than for renters, 

particularly in MSAs that experienced the greatest decline in home prices.  No support 

for the hypothesis is evident in these charts:  unemployment durations were similar for 

owners and renters over the entire sample frame for both sets of MSAs.  The only visual 

evidence supports the opposite hypothesis, that renters saw a larger increase in duration 

than did owners, for MSAs with large price declines in Panel A (although this is partly 

driven by a temporary spike in renter durations in early 2009). 

 Figure 5 therefore provides no evidence in favor of house lock during the recent 

downturn.  However, as already noted with regard to the descriptive statistics in Table 1, 

homeowners possess other individual characteristics that typically lead to relatively 

favorable labor market outcomes.  Such characteristics may exert a strong influence on 

the patterns of unemployment duration in the recent downturn.  It is therefore important 

to apply a method that accounts for differences in observable covariates between owners 

and renters.13 

 

4.  Econometric Approach 

 The econometric approach used for the formal analyses of unemployment 

duration is adapted from Güell and Hu (2006; henceforth “GH”).  GH developed a 

generalized method of moments (GMM) approach that enables estimation of detailed 

covariate effects on unemployment duration at the individual level, along with estimation 

of the conditional effects of duration dependence and the impact of time-varying factors 

                                                 
13 Expected completed duration can be computed for sub-groups, but this approach quickly runs 
up against constraints imposed by the “curse of dimensionality” (i.e., small sample sizes when the 
sub-groups are defined by more than a few characteristics). 
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such as labor market conditions.  They also outlined a maximum likelihood (ML) 

alternative that is more straightforward to estimate, particularly when the available 

duration measure is reported with a high degree of precision (e.g., weekly, as in the CPS).   

Although this approach, has some drawbacks relative to their GMM approach, I use it for 

convenience in this initial version of the paper.14 

 Intuitively, the estimator is implemented by arranging separate “base” and 

“continuation” samples across the full range of unemployment duration intervals.  For 

example, base and continuation sample pairings will consist of individuals unemployed 

for 0 to 4 weeks in month t-1 paired with those unemployed for 5-8 weeks in month t, 5 

to 8 weeks in month t-1 paired with  9-12 weeks in month t, 13-26 weeks in month t-3 

paired with 27-39 weeks in month t, etc.  The characteristics of the continuation samples 

are compared with those of the base samples:  the declines in sample sizes between the 

base and continuation samples across different duration intervals reflects baseline 

duration dependence, which is recovered in the estimates; and differences in the 

distribution of characteristics between the base and continuation samples are used to infer 

the effects of the measured variables.   

Consider an example of covariate effects in this model.  If individuals in the 

continuation samples have lower educational attainment on average than do individuals 

in the base samples, the GMM regression estimates will indicate that unemployment exit 

rates increase with education, or equivalently that unemployment duration declines with 

education.  These covariate effects can be constrained to be equivalent across all duration 

                                                 
14  Relative to the GMM approach, the ML approach requires estimation of an additional scaling 
parameter and has uncertain performance with time-varying covariates.   
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intervals (which I do for my estimates), or they can be allowed to vary across duration 

intervals (by interacting the covariates with duration indicators).   

More formally, let y represent an indicator for whether an individual defined by 

characteristics X  remains unemployed between consecutive months t=0 and t=1, which 

also represent the base and continuation samples in this derivation (the procedure 

generalizes identically to alternative duration intervals and spacings).  We are interested 

in the conditional distribution of y, or P(y=1|X).  We do not observe y but instead observe 

, which identifies whether an observation belongs to the t=0 or t=1 sample.  If m0 and 

m1 represent the respective sample sizes (weighted using the survey weights), then the 

joint distribution of the observed variables X and  is: 

 

, 1    | 1  

  
1|

1
 

 

Manipulation based on Bayes’ rule and the dichotomous definition of  yields: 
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where α=(m0/m1)P(y=1).  Assuming a logit specification for P(y=1|X=x) yields an 

equation that can be estimated by maximum likelihood: 

 

 
1|   

1

1
1 exp

exp

exp
1 exp

 (1) 

 

Equation (1) is essentially a logit equation for observing whether a particular 

observation is in the base or continuation sample, with the incorporation of a rescaling 

factor α.  While α can in principal be estimated as part of the ML routine, an estimate can 

instead be calculated directly from the CPS data and used in the log-likelihood function.15  

In particular, the estimate of P(y=1) in the data is m1/(m0+m1), which yields α= 

m0/(m0+m1).  For the estimates presented in the next section, I use the value of α 

calculated in this manner, averaged over the relevant estimation sample (hence across all 

continuation groups), as a constant in the ML routine based on equation (1). 

As noted by GH, the estimator is valid under the assumption that the members of 

the base and continuation groups are sampled from the same population, which is a 

feature of the stratified cross-sectional sampling scheme used for the monthly CPS.16  For 

my implementation, the base and continuation categories are defined to match the 

duration intervals used for the earlier calculation of expected completed duration, which 

                                                 
15 The estimation failed to converge when α was included as a parameter. 
16 This assumption holds only for observed features of the population, such as age, education, etc.  
The GH framework abstracts from unobserved heterogeneity, which cannot be accounted for 
using synthetic cohorts (unlike a true panel with repeat observations on unemployment spells). 
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in turn are designed to produce reliable estimates by generating cohort sizes that are 

sufficiently large within each interval (see Appendix A).17 

 

5.  Regression Analysis 

5.1  Model specification and caveats 

 For the estimation results discussed in the next sub-section, I include the full set 

of individual covariates listed earlier (in Table 1), plus an interaction between sex and 

marital status.  The key variables for the house lock test include an indicator for whether 

the individual lives in an owner-occupied or renter household and measures of MSA 

home prices.   Because movements in home prices will reflect local economic conditions 

more generally, I also include alternative indicators of local labor market conditions as 

control variables, measured at a monthly frequency for each MSA.18 

The essence of the house lock test is to examine whether homeowners in MSAs 

that saw large price declines experience longer durations of unemployment than do 

renters and homeowners in MSAs that saw more limited declines, hence the focus will be 

on interaction effects between home ownership and price declines.  It should be noted 

that the monthly CPS surveys do not track individuals who move, and as such the 

analyses do not directly account for mobility.  This does not undermine the test for house 

lock in regard to unemployment durations, because the test relies specifically on 

homeowners’ immobility:  if they are affected by house lock, they will remain in the 

                                                 
17The primary practical difficulty in implementing this estimator is the need for identification of 
observations across the dual dimensions of synthetic cohorts and calendar time, for proper 
matching of time-varying factors such as local labor market conditions.   
18 Month dummies were also included.  Because the sample covers a short timeframe and is 
unbalanced across months (i.e., the second half of 2010 is not in the data), I performed separate 
runs with the month dummies excluded and confirmed that the results for other variables are 
nearly identical. 
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same labor market and face extended unemployment durations.  Moreover, if the house 

lock hypothesis is correct, renters are more likely than owners to move and become 

employed, reducing their sample share at long durations in the areas from which they 

moved (and not affecting measured duration in their destination MSAs).19    

Despite the ability of the test to identify house lock if it exists, the lack of 

mobility data precludes careful analysis of the underlying adjustment mechanisms.  As 

such, future versions of this paper will incorporate data on annual mobility and labor 

market experiences from the March CPS files (currently available through 2010).  These 

analyses also ignore direct job-to-job transitions and thus may be missing a reduction in 

such transitions for house-locked individuals, which could contribute to elevated 

unemployment rates.  It is likely that this effect is second-order relative to extended 

search by house-locked individuals. 

5.2  Results  

 Table 2 lists ML estimation results.  The six columns are distinguished by the 

control for local labor market conditions (none, local unemployment, local employment 

growth) and local housing prices (dummy for MSAs with a price decline that exceeded 

the national decline, direct measure of the change in housing prices from peak to trough).  

Those key variables are at the top of the table and will be discussed momentarily.   

 Turning first to the control variables, their coefficients are very consistent across 

the columns and will be discussed as a group.  The equations appear to be well-specified 

and produce expected results.  The coefficients indicate the variables’ effect on 

                                                 
19 The inability to track movers in these data is only a problem for the house lock test if the 
following scenario is occurring with relatively high frequency:  renters move, purchase a home, 
become unemployed homeowners in their new location, and then find jobs more quickly than do 
renters in that location.  This is plausible but unlikely to be occurring at a significant rate. 



 19

continuation in that state of unemployment, hence a positive coefficient indicates that an 

increase in the variable’s value increase unemployment duration.  Individuals living in 

MSAs with high unemployment rates (sixth row, columns 3 and 4) or slow employment 

growth (seventh row, columns 5 and 6) experience significantly longer unemployment 

durations.  Focusing on coefficients on individual covariates that are statistically 

significant at conventional levels, younger individuals experience shorter unemployment 

spells, and members of selected racial and ethnic minorities experience longer spells.  

Married individuals experience shorter spells, although combining this coefficient with 

the interaction between sex and marital status indicates that this effect is essentially zero 

for women.  Comparison of the coefficients across the duration categories listed at the 

end indicates duration dependence.  The coefficients become larger positive between the 

first and second categories, indicating increasing duration dependence at short durations, 

but they become more negative in subsequent categories, indicating declining duration 

dependence at very long durations.20 

Shifting back to the top of the table, the key coefficients provide no statistical 

evidence in favor of the house-lock hypothesis.  The effects of local housing prices on 

unemployment durations are as expected.  Individuals living in MSAs that saw especially 

large price drops (the MSA decline dummy in the second row) experience significantly 

longer unemployment durations.  Similarly, the direct measure of house price changes 

(fourth row) indicates that individuals in MSAs in which house prices grew relatively 

rapidly (or declined less rapidly) experienced shorter unemployment durations.  These 

effects of local housing market conditions hold up even when direct measures of local 

                                                 
20 Underlying the duration dependence are transition rates out of the labor force in addition to 
transition rates into employment; as such, these findings are not directly comparable to past work 
that focuses on employment transitions only. 
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labor market conditions are incorporated in columns 3-6.21  By contrast, the indicators for 

homeownership and its interaction with the price variables indicate very small, 

statistically insignificant effects.  The interaction terms (Owner*HPI group and 

Owner*%Δ HPI) reflect the direct test for house lock, and their zero coefficients indicate 

no evidence in favor of the hypothesis. 

 

6.  Conclusions 

 I examined the evidence in favour of house-lock effects on unemployment:  i.e., 

the extent to which declining house prices in some geographic areas during the recent 

housing bust and recession reduced homeowners’ geographic mobility and raised their 

time spent unemployed.  Descriptive examination of geographic mobility rates and 

unemployment patterns among owners and renters suggested that the impact of house 

lock is limited to about 0.2 to 0.3 percentage points in the unemployment rate.  Formal 

econometric analyses of unemployment durations that compared homeowners and renters 

across MSAs distinguished by the extent of home price declines provided no evidence in 

favor of the house lock hypothesis.   

The finding of no house lock is perhaps unsurprising, given the persistently 

elevated unemployment rates that are evident in virtually all areas of the country (with 

the primary exceptions of some small states with limited labor markets). Put simply, job 

seekers have nowhere to go, whether they are owners or renters.  Moreover, past research 

on home prices and geographic mobility (e.g., Chan 2001; Englehardt 2003; Ferreira, 

Gyourko, and Tracy 2010) focused on earlier periods when foreclosure rates were well 

                                                 
21 The MSA unemployment rate in columns 3-4 is endogenous with respect to unemployment 
durations, but the results are nearly identical when this variable is replaced with local 
employment growth (columns 5-6) and when both are excluded (columns 1-2). 
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below their current levels.  By contrast, over the past few years, the mobility-enhancing 

impact of foreclosures probably provided a significant offset to the mobility-reducing 

impact of financial constraints arising from being underwater, implying that the induced 

net decline in mobility is not large. 

Although I found no evidence for house lock effects on unemployment, the 

analyses were preliminary and require extension and refinement.  Most notably, it is 

important to directly account for mobility and unemployment experiences using March 

CPS data; the March 2010 file is available and includes data for the full calendar year 

2009.  Other planned extensions include accounting for transitions into unemployment, 

which may be elevated for homeowners in poor housing markets, and incorporating 

additional measures of local housing market conditions, such as foreclosure rates. 
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Appendix A:  Data Adjustments and Calculation of Expected Completed Duration 

 This appendix describes adjustments for digit preference (a form of reporting 

error) and the construction of the expected completed unemployment duration series 

using the CPS interrupted duration measure. 

 

Digit preference 

 To account for “digit preference” in the CPS unemployment duration data—the 

tendency for respondents to report durations as multiples of one month or half-years (i.e., 

multiples of 4 or 26)—I follow previous analysts by allocating a fixed share of bunched 

(heaped) observations to the next monthly interval.  Due to greater heaping observed 

following the 1994 survey redesign, I expanded the set of recoded durations relative to 

those chosen by analysts who used pre-redesign data.  In particular, I allocated 50 percent 

of respondents reporting the following durations of unemployment to the next weekly 

value:  4, 8, 12, 16, 20, 26, 30, 39, 43, 52, 56, and 78 weeks.  I also reset 50 percent of the 

responses of 99 weeks to 100 weeks (after imposition of the top code adjustment 

described in the next paragraph).  Sider (1985) and Baker (1992b) report that the 

estimated level of expected completed duration is sensitive to the allocation rule but 

cyclical variation is not. 

 
Calculation of Expected Completed Duration 
 
 The CPS survey collects information on the length of existing unemployment 

spells up to the date of the survey.  The average duration measure formed from these data 

(and published by the BLS) will not in general correspond to the expected duration of a 

completed spell for a new entrant to unemployment, particularly under changing labor 
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market conditions such as rising unemployment (i.e., “nonsteady state” conditions).  The 

general nonsteady-state approach to estimating expected completed duration using 

grouped duration data is a “synthetic cohort” approach (see e.g. Sider 1985, Baker 

1992a).1  This approach relies on the estimation of monthly continuation rates—i.e., the 

probabilities that an unemployment spell will continue from one month to the next.  

These rates in general will vary over the length of a spell due to individual heterogeneity 

or underlying duration dependence, and they also will vary from month to month as 

economic conditions change. 

 My application of the synthetic cohort approach to obtain nonparametric estimates 

of expected completed duration from grouped duration data follows M. Baker (1992a); 

see G. Baker and Trivedi (1985) for a more general overview.  We begin with 

continuation probabilities, defined as the conditional probability that individuals whose 

unemployment spell has lasted (j-1) months at time (t-1) will remain unemployed into the 

next period: 

 ( , )
( )

( 1, 1)j

n j t
f t

n j t


 
 (A1) 

 

where n(.) represents the sampled number of individuals unemployed for a given number 

of months at the time of a particular monthly survey.  In a rotating sample survey such as 

the CPS, the sample used to calculate the numerator and denominator differs, but under 

the assumption that each monthly sample represents the target U.S. population (as the 

                                                 
1 This is a “synthetic cohort” approach in that with a rotating monthly sample such as the CPS, 
the estimate of unemployment continuation probabilities is formed by comparing different groups 
over time, rather than by following the same individuals through time. 
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CPS is constructed), this expression provides an estimate of the continuation probability 

for a fixed representative cohort. 

 The product of the continuation probabilities represents the empirical survivor 

function, or the proportion of individuals entering unemployment at time (t-j) who remain 

unemployed at time t: 

 

 0 1 2 3( ) ( ) ( ) ( ) ( )... ( )j jG t f t f t f t f t f t  (A2) 

 

In this expression, f0(t) is the continuation probability for the entering cohort, which is 

defined identically as one.  Assuming that the duration intervals are not all identical (e.g., 

not all one month), the expected completed duration in a particular month t, D(t), is 

estimated as: 

 

 1
1

( ) 1 ( ) * ( )
j

m

j j j
j

D t G T T T 


    (A3) 

 

where the T’s represent duration intervals (measured in units of the monthly sampling 

window) and Tm is the maximum duration measured or used. 

 Empirical implementation requires setting the width and number of duration 

intervals used for estimation.  I follow Baker (1992a) in using 6 unequally spaced 

duration intervals and corresponding continuation probabilities; the intervals are designed 

to produce reliable estimates by generating cohort sizes that are sufficiently large within 

each interval: 
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 f1(t):  5-8 weeks in month t to <5 weeks in (t-1) 
 f2(t):  9-12 weeks in month t to 5-8 weeks in (t-1) 
 f3(t):  13-16 weeks in month t to 9-12 weeks in (t-1) 
 f4(t):  27-39 weeks in month t to 13-26 weeks in (t-3) 
 f5(t):  53-78 weeks in month t to 27-52 weeks in (t-6) 
 f6(t):  100+ weeks in month t to 53-99 weeks in (t-12) 
 
 

Note the variation in duration intervals for f4(t)-f6(t), which must be incorporated into the 

duration estimate based on equation (3).  Then the expected completed duration is formed 

as: 

 

 1 2 1 3 2 1 4 3 2 1 5 4 3 2 1 6 5 4 3 2 1( ) 1 3 6 12D t f f f f f f f f f f f f f f f f f f f f f        (A4) 

 

where the time identifier (t) has been suppressed on the right-hand side of (4) for 

simplicity.  D(t) is defined as the expected duration of unemployment (in months) for a 

cohort that enters unemployment at t and faces current economic conditions throughout 

the unemployment spells of cohort members.  For the charts displayed in this paper, I 

estimated expected completed duration for the full sample and for various groups (by sex 

and reason for unemployment); estimation by group proceeds by first restricting the 

unemployment sample to the specified group, than estimating expected completed 

duration as described above.2 

                                                 
2 Following past practice (e.g., Sider 1985), I multiplied estimates of expected duration in months 
by 4.3 to obtain expected duration in weeks for the charts.  
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 Note:  Gray area denotes the most recent NBER recession period. 
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Variable Homeowners Renters

Age (years) 38.0 33.1

Education
  <High School 0.197 0.279
  High School 0.350 0.364
  Some College 0.275 0.258
  College Grad 0.133 0.075
  >College 0.046 0.023

Race
White 0.659 0.446
Black 0.133 0.263
Hispanic 0.147 0.221
Asian 0.032 0.028
Other 0.029 0.042

Married 0.447 0.328
Female 0.403 0.438
Vet 0.027 0.021

Sample Size 41652 31209
Sample share 0.566 0.434

(shares)

Table 1: Population Characteristics, by Homeowner Status 

(mean values; from CPS micro data, Jan. 2008 - June 2010)
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(1) (2) (3) (4) (5) (6)

VARIABLES HPI groups HPI change HPI groups HPI change HPI groups HPI change
Home owner 0.0293 0.0243 0.0295 0.0261 0.0270 0.0232

(0.0309) (0.0299) (0.0309) (0.0299) (0.0309) (0.0299)
MSA HPI decline>U.S. (dummy) 0.223** 0.232** 0.200**

(0.0340) (0.0341) (0.0342)
Owner*HPI group -0.0171 -0.0153 -0.0167

(0.0445) (0.0446) (0.0445)
%ΔHPI (peak to trough) -0.00718** -0.00755** -0.00644**

(0.00100) (0.00101) (0.00101)
Owner*%ΔHPI -8.64e-05 -3.42e-05 2.30e-06

(0.00134) (0.00134) (0.00133)
MSA unemployment rate 0.0814** 0.0822**

(0.00645) (0.00647)
MSA emp growth (12-month %) -2.832** -2.533**

(0.451) (0.455)
Age 16-19 -0.443** -0.443** -0.439** -0.439** -0.439** -0.439**

(0.0450) (0.0451) (0.0452) (0.0453) (0.0450) (0.0451)
Age 20-24 -0.319** -0.324** -0.320** -0.324** -0.321** -0.325**

(0.0406) (0.0407) (0.0408) (0.0409) (0.0407) (0.0408)
Age 25-34 -0.186** -0.183** -0.194** -0.190** -0.190** -0.186**

(0.0360) (0.0361) (0.0361) (0.0362) (0.0361) (0.0362)
Age 35-44 -0.132** -0.129** -0.132** -0.129** -0.134** -0.131**

(0.0367) (0.0368) (0.0368) (0.0369) (0.0367) (0.0368)
Age 55-64 0.00828 0.00784 0.00612 0.00623 0.00952 0.00913

(0.0437) (0.0438) (0.0438) (0.0439) (0.0438) (0.0439)
Age 65+ 0.0458 0.0284 0.0586 0.0412 0.0456 0.0308

(0.0749) (0.0751) (0.0752) (0.0753) (0.0748) (0.0751)
(continued)

Table 2:  Unemployment Duration (ML estimates, data for Jan. 2008 - June 2010)

No cyclical control Control for local unemp rate Control for local emp growth
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Table 2 (continued)

(1) (2) (3) (4) (5) (6)

VARIABLES HPI groups HPI change HPI groups HPI change HPI groups HPI change
Education:  HS degree 0.0215 0.0216 0.0108 0.0106 0.0194 0.0199

(0.0312) (0.0313) (0.0313) (0.0314) (0.0312) (0.0313)
  Some college -0.0630 -0.0625 -0.0759* -0.0755* -0.0633 -0.0626

(0.0337) (0.0337) (0.0338) (0.0339) (0.0337) (0.0338)
  College degree -0.0777 -0.0671 -0.0946* -0.0835 -0.0756 -0.0659

(0.0429) (0.0430) (0.0431) (0.0432) (0.0430) (0.0431)
  Graduate degree -0.0758 -0.0608 -0.0775 -0.0616 -0.0679 -0.0549

(0.0636) (0.0637) (0.0639) (0.0640) (0.0637) (0.0638)
Race/ethnic:  Black 0.183** 0.196** 0.198** 0.213** 0.183** 0.194**

(0.0316) (0.0318) (0.0318) (0.0319) (0.0316) (0.0317)
  Hispanic -0.0918** -0.113** -0.0965** -0.119** -0.0696* -0.0897**

(0.0313) (0.0317) (0.0313) (0.0317) (0.0314) (0.0319)
  Asian 0.104 0.100 0.0986 0.0942 0.118 0.113

(0.0654) (0.0656) (0.0655) (0.0658) (0.0656) (0.0657)
  Other 0.0378 0.0306 0.0572 0.0502 0.0531 0.0448

(0.0611) (0.0611) (0.0618) (0.0618) (0.0613) (0.0613)
Military veteran 0.170* 0.170* 0.0779 0.0769 0.177* 0.176*

(0.0744) (0.0745) (0.0755) (0.0755) (0.0747) (0.0747)
Married -0.148** -0.149** -0.153** -0.154** -0.151** -0.152**

(0.0323) (0.0324) (0.0324) (0.0325) (0.0323) (0.0324)
Female -0.0347 -0.0336 -0.0319 -0.0310 -0.0324 -0.0317

(0.0290) (0.0290) (0.0291) (0.0291) (0.0290) (0.0290)
Female*married 0.138** 0.133** 0.145** 0.140** 0.141** 0.136**

(0.0455) (0.0455) (0.0456) (0.0457) (0.0455) (0.0456)

(continued)

No cyclical control Control for local unemp rate Control for local emp growth
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Table 2 (continued) 

(1) (2) (3) (4) (5) (6) 

No cyclical control Control for local unemp rate 
Control for local emp 

growth 

VARIABLES HPI groups HPI change HPI groups HPI change HPI groups 
HPI 

change 
Duration months 1-2 -0.257** -0.252** -0.870** -0.872** -0.301** -0.291** 

(0.0610) (0.0609) (0.0774) (0.0774) (0.0614) (0.0613) 
Duration months 2-3 0.0610 0.0609 -0.561** -0.568** 0.0120 0.0180 

(0.0632) (0.0632) (0.0794) (0.0795) (0.0637) (0.0636) 
Duration months 3-4 -0.0907 -0.0881 -0.725** -0.730** -0.145* -0.135* 

(0.0653) (0.0652) (0.0818) (0.0819) (0.0658) (0.0657) 
Duration quarters 2-3 -0.771** -0.773** -1.432** -1.443** -0.832** -0.827** 

(0.0593) (0.0592) (0.0790) (0.0791) (0.0602) (0.0600) 
Duration quarters 3/4-5/6 -0.852** -0.856** -1.537** -1.550** -0.913** -0.910** 

(0.0597) (0.0596) (0.0805) (0.0807) (0.0605) (0.0604) 
Duration years 2-3+ -0.930** -0.934** -1.616** -1.629** -0.989** -0.985** 

(0.0636) (0.0634) (0.0837) (0.0838) (0.0643) (0.0641) 

              
Observations 72861 72861 72861 72861 72861 72861 

. . . . . . 
** p<0.01, * p<0.05 

Note:  Includes month dummies (coefficients not shown).  HPI refers to the FHFA price series, measured for the U.S. and 235 
MSAs; HPI variables refer to MSA price changes from the national peak to the most recent quarter of data (2007Q1 to 2010Q2).  
Omitted categories are age 45-54, education<(high school degree), white.  Robust standard errors in parentheses 

 


