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As the Great Recession (from late 2007 to mid- 

2009) was concluding and the sluggish recovery 

was beginning, many researchers and federal 

officials bemoaned the lack of internal migra-

tion for jobs (Fletcher 2010; Moretti 2012). Labor 

migration during a downturn is an important 

mechanism for local labor markets to cope with 

employment declines and regional differences 

Why Did People Move  
During the Great Recession? 
The Role of Economics in 
Migration Decisions
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Labor migration offers an important mechanism to reallocate workers when there are regional differences in 

employment conditions. Whereas conventional wisdom suggests migration rates should increase during re-

cessions as workers move out of areas that are hit hardest, initial evidence suggested that overall migration 

rates declined during the Great Recession, despite large regional differences in unemployment and growth 

rates. In this paper we use data from the American Community Survey to analyze internal migration trends 

before and during the economic downturn. First, we find only a modest decline in the odds of adults leaving 

distressed labor market areas during the Great Recession, which may result in part from challenges related 

to the housing price crash. Second, we estimate conditional logit models of destination choice for individuals 

who migrate across labor market areas; we find a substantial effect of economic factors such as labor de-

mand, unemployment, and housing values. We also estimate latent class conditional logit models that test 

whether there is heterogeneity in preferences for destination characteristics among migrants. Over all, the 

latent class models suggest that roughly equal percentages of migrants were motivated by economic factors 

before and during the Great Recession. We conclude that fears of dramatic declines in labor migration seem 

to be unsubstantiated.
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in economic vitality (Blanchard and Katz 1992; 

Gallin 2004). Moreover, the extent to which in-

dividuals are willing to relocate for employment 

during an economic downturn has important 

implications for two common policy response 

strategies: income replacement programs such 

as unemployment insurance (Rothstein 2011) 

and employment- incentivizing programs such 

as public service employment (Ellwood and 

Welty 2000; Wiseman 1976) and hiring or worker 

credits (Neumark 2011). Specifically, the relative 

investment in each strategy, as well as the mix 

of funding allocated to specific programs, 

should depend on the manner in which indi-

viduals respond to employment shocks.

The widespread concern about declining mi-

gration arose as data from the Current Popula-

tion Survey (CPS) revealed a substantial drop 

in interstate migration starting in 2006 and 

holding throughout the recession (Frey 2009). 

This drop would accord with previous research 

on recessionary migration that finds a limited 

response to poor economic conditions (Gordon 

1985; Greenwood 1997; Pissarides and McMas-

ter 1990). Since the Great Depression, seven of 

the nine recessions have seen declines in mi-

gration, and migration since 1948 has been 

strongly pro- cyclical (Saks and Wozniak 2011). 

During the Great Recession, declining equity 

in owners’ homes had an especially strong im-

pact by locking homeowners into their local 

areas and potentially preventing interregional 

migration (Karahan and Rhee 2012; Modestino 

and Dennett 2012). Recent analyses, however, 

question the accuracy of fears that migration 

declined in response to the downturn. The large 

drop in migration occurred between May 2006 

and May 2007, before the Great Recession (Saks 

and Wozniak 2011). Further, in the context of a 

steady decline in migration since the 1980s 

(Molloy et al. 2014), the drop during the Great 

Recession is unremarkable and consistent with 

long- term trends (Kaplan and Schulhofer- Wohl 

2011). Thus, it remains important to assess 

whether or not economic migration declined 

during the Great Recession.

A central challenge for empirical analyses 

of migration is the heterogeneity in preferences 

of migrants. On the one hand, the increased 

migration that federal officials expected in re-

sponse to the recession evokes a labor migra-

tion model. Classic labor economic theory pos-

its that job availability should be a salient 

factor, with differences in regional economic 

conditions as drivers of migration (Hicks 1932, 

as cited in Greenwood 1975). A large body of re-

search highlights the general salience of eco-

nomic factors for migration (Davies, Greenwood, 

and Li 2002; Fishback, Horrace, and Kantor 2006; 

Greenwood 1997; Hornbeck 2012; Kennan and 

Walker 2011; Mare and Choy 2001; Milne 1993; 

Treyz et al. 1993). On the other hand, some mi-

grants certainly move for non- economic rea-

sons. In fact, Mark D. Partridge and colleagues 

(2012) find that although across- county migra-

tion for better geographic amenities remained 

roughly constant from 1990 to 2007, migrants 

were less responsive to differences in labor de-

mand from 2000 to 2007 than they were from 

1990 to 2000.

Extant analyses adopt a choice framework 

for migration decisions that constrain prefer-

ences to be constant across individuals, which 

might be problematic if there is heterogeneity 

in the basic types of movers and their prefer-

ences for destination locations. In this paper, 

we estimate choice models that allow for vari-

ation in preferences; specifically, we analyze 

migrants’ destination preferences using latent 

class conditional logit (LCCL) models, which 

allow coefficient estimates to vary across class 

categories. Not only does this better align our 

empirical estimation with current theories of 

migration, but it also allows us to classify in-

dividuals as migrating for economic or other 

reasons based on an interpretation of the set 

of coefficients for each latent class and the rel-

ative probabilities of class membership. 

We use the large scale of the American Com-

munity Survey (ACS) to investigate the deter-

minants of migration decisions before (2005 to 

2007) and during (2008 to 2011) the economic 

downturn associated with the Great Recession. 

The ACS allows us to analyze migration with 

greater geographic precision, at the labor mar-

ket level, than previous nationally representa-

tive analyses, which examine interstate migra-

tion. This is important, as we later demonstrate, 

because the types of individuals likely to mi-

grate and the destination characteristics at-

tracting migrants vary between state and sub-

state models. We estimate logit and multinomial 



10 2  t h e  u. s .  l a b o r  m a r K e t  d u r i n g  a n d  a f t e r  t h e  g r e a t  r e c e s s i o n

r s f :  t h e  r u s s e l l  s a g e  f o u n d a t i o n  j o u r n a l  o f  t h e  s o c i a l  s c i e n c e s

logit models of the decision to remain in one’s 

labor market or migrate to a new area. These 

models describe the composition of migrants, 

whether the types of individuals likely to mi-

grate changed during the recession, and the 

push factors associated with the decision to 

leave a labor market. Next, we analyze migrants’ 

destination preferences using latent class con-

ditional logit models. These models make a 

methodological contribution to the study of 

migration by relaxing the traditional indepen-

dence of irrelevant alternatives (IIA) assump-

tion and exploring heterogeneity in destination 

pref e rences among migrants. We discuss 

changes in the composition and preferences 

of migrants during the Great Recession and 

conclude by considering whether or not eco-

nomic migration truly declined.

Previous liTer aTure

Everett Lee (1966) argues that both origin 

push and destination pull factors affect mi-

gration decisions, although individuals re-

spond to these factors differently. Moreover, 

as obstacles to out- migration increase—such 

as housing lock during the Great Recession 

(Modestino and Dennett 2012)—pull factors 

become increasingly important. The push- 

pull theory predicts that out- migrating indi-

viduals will be relatively advantaged com-

pared to their non- migrating peers at their 

origin location, which serves to push them 

toward migration. Conversely, migrants are 

rela t ively disadvantaged when compared 

with individuals at their destination location, 

and the advantages of the destination pull 

them to migrate. Thus, individuals migrate 

to achieve improved conditions. Although 

originally applied internationally, this per-

spective offers a useful lens for examination 

of American internal migration during the 

Great Recession. Specifically, when an indi-

vidual’s community experiences a negative 

economic shock, he or she becomes more 

likely to migrate and will be attracted to des-

tinations with strong economic conditions.

Economic Conditions and Migration

Previous research generally notes a strong link 

between economic conditions and migration 

flows, although this relationship may weaken 

during recessions as workers become less will-

ing or able to migrate (Greenwood 1997; Gordon 

1985; Pissarides and McMaster 1990). A com-

mon measure of economic conditions is un-

employment. Empirical findings are not always 

consistent, but most show that personal un-

employment and regional unemployment are 

associated positively with out- migration, and 

relative regional advantages in economic con-

ditions are associated within in- migration. De-

partures from this trend are more common in 

research based on aggregate- level data rather 

than individual- level studies (Greenwood 1997; 

Herzog et al. 1993; Mare and Choy 2001). Paul 

S. Davies, Michael J. Greenwood, and Haizhenz 

Li (2002) find that the relationship between un-

employment and interstate migration is stron-

ger during years with a high mean unemploy-

ment that has a large variance; higher levels of 

unemployment may raise the salience of eco-

nomic concerns for migration decisions, and 

larger variance may provide better information 

to migrants. 

Other measures of economic conditions also 

suggest that migrants are more likely to relo-

cate to economically advantaged locations, 

whether measured by changes in gross domes-

tic product (Milne 1993) or government spend-

ing on public works and relief jobs during the 

Great Depression (Fishback, Horrace, and Kan-

tor 2006). Although regional differentials in 

wages and wage growth are correlated with mi-

gration (Barro and Sala- I- Martin 1992; Kennan 

and Walker 2011; Pissarides and McMaster 1990; 

Treyz et al. 1993), labor migration is three times 

as responsive to unemployment as it is to wages 

(Beaudry, Green, and Sand 2014; Blanchard and 

Katz 1992). In sum, previous research using 

various measures of economic conditions gen-

erally finds a positive relationship between ec-

ono m ically advantaged locations and in- 

migration, and both the most common measure 

of economic conditions and the measure with 

one of the strongest relationships to migration 

is the unemployment rate. 

Recent research, however, suggests that this 

pattern may have changed—or at least become 

more nuanced. Mark D. Partridge and col-

leagues (2012) find that although positive labor 

demand shocks were associated with greater 

in- migration to a county from 1990 to 2000, this 
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pattern had disappeared and perhaps even 

turned slightly negative from 2000 to 2007. The 

authors argue that local labor supply absorbed 

a greater degree of labor shocks in the recent 

period, a pattern that would resemble European 

lab o r market dynamics. Moreover, long- 

distance migrations have been declining for 

several decades (Molloy, Smith, and Wozniak 

2011), and recent evidence suggests that rele-

vant job offers have made such transitions less 

desirable, perhaps due to fewer job openings 

with high wage premiums (Molloy, Smith, and 

Wozniak 2014). In fact, those who migrated 

from a distressed origin to a more advantaged 

destination during the Great Recession fared 

no better on economic outcomes than those 

who stayed behind (Yagan 2014).

If there was little to no benefit to migrating 

to an economically  advantaged destination, this 

would explain why fewer people might be will-

ing to undertake such a move. Still, it would 

not explain any increase in migration to eco-

nomically distressed areas. Atif Mian and Amir 

Sufi (2014) observe that the counties hit hard-

est during the Great Recession did not experi-

ence net out- migration and actually saw their 

populations rise. If this increase results from 

growing preferences for distressed locations 

among migrants, this would indicate move-

ment away from a labor model of migration. 

Actually, the increase likely resulted from the 

diminished influence of origin economic con-

ditions on out- migration decisions; that is, 

fewer people moved away from economically 

depressed areas. In- migration to areas hit hard-

est by the crash did not rise during the reces-

sion (Mian and Sufi 2014; Monras 2015). Thus, 

among migrants, a labor migration model may 

have persisted.

Over all, the evidence, particularly the recent 

evidence, on the relationship between eco-

nomic conditions and migration decisions is 

mixed. Generally, unemployment is positively 

related to out- migration and negatively related 

to in- migration, which is consistent with a 

push- pull model of migration. Still, the direc-

tion and magnitude of these relationships in 

the context of the Great Recession are unclear. 

With the potential for increased obstacles to 

migration during a recession, we argue that 

destination- specific economic characteristics 

might be especially important. Thus, we hy-

pothesize:

H1: Better- destination economic (pull) con-

ditions attract more migrants. Theory sug-

gests the relationship will strengthen dur-

ing  the recession as individuals make 

economically efficient moves informed by 

greater variance in economic conditions.

H2: Worse- origin economic (push) condi-

tions encourage migration.

Housing and Migration

Although a location’s housing stock is gener-

ally thought of as an amenity (Ritchey 1976), 

with affordable housing attracting internal mi-

grants to destinations (Sasser 2010), the hous-

ing market played a prominent role in the Great 

Recession. Two unique economic features of 

the recent recession were the pronounced role 

of the housing market collapse in the onset of 

the recession and the persistence of high and 

prolonged unemployment. Some research pos-

its a link between these phenomena, indicating 

that housing values and the housing market 

may have functioned as an economic factor dur-

ing the Great Recession. Homeowners experi-

enced much sharper declines in their migration 

rates than renters from 2005 to 2010; in fact, 

renter migration during the period is statisti-

cally indistinguishable from its long- term trend 

(Kothari, Saporta- Eksten, and Yu 2012). 

Some research proposes negative equity and 

housing lock as an explanation for this pattern 

of migration (Karahan and Rhee 2012; Modes-

tino and Dennett 2012). When living in states 

with greater shares of underwater nonprime 

mortgages (Modestino and Dennett 2012) or 

metropolitan areas with declining home prices 

(Karahan and Rhee 2012), individuals are less 

likely to out- migrate. At the individual level, 

findings are mixed. Using the American Hous-

ing Survey, Fernando Ferreira, Joseph Gyourko, 

and Joseph Tracy (2012) find that underwater 

homeowners are one- third as likely to migrate 

as similar homeowners who are not underwa-

ter on their mortgage. On the other hand, stud-

ies using credit report data and the Panel Study 

of Income Dynamics find a positive relationship 

between negative equity and migration (Coul-
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son and Grieco 2013; Demyanyk et al. 2014). Ul-

timately, extant research identifies at most a 

modest role for housing lock in inhibiting 

moves that would reduce the unemployment 

rate (see Modestino and Dennett 2012). Neigh-

borhood or community lock, wherein falling 

housing values of a labor market area keep in-

dividuals from moving (even if they are not un-

derwater), is a possibility, but the extent of its 

impact remains in question.

Unfortunately for all individuals who live 

in areas with declining housing values, the 

declines are strongly correlated with reduc-

tions in nontradable employment in a poten-

tially causal manner (Mian and Sufi 2014). 

Along with fewer jobs, the housing bust ac-

counts for half a point’s worth of the rise in 

unemployment during the Great Recession 

(Karahan and Rhee 2012). Adam Herkenhoff 

and Lee E. Ohanian (2011) further argue that 

half of a point of the persistently high unem-

ployment rate is due to mortgage modifica-

tion programs and their reduction of eco-

nomic incentives for migration.

The relationship between housing condi-

tions and migration may be best detected when 

housing is operationalized at the labor market 

level rather than the household level. Alicia 

Sasser (2010) finds that incomes and labor mar-

ket conditions had larger impacts than the 

housing market on interstate migration over 

the past three decades; from 1997 to 2006, how-

ever, housing affordability had an impact com-

parable to that of labor market conditions, in-

dicating growing salience of housing at the 

labor market level for out- migration decisions.

Given the importance of the housing sector 

for the economic health of labor market areas 

(LMAs) immediately before and during the re-

ce ssion (Charles, Hurst, and Notowidigdo 

2012), we argue that strong housing markets 

discourage out- migration and encourage in- 

migration. In the lead- up to the Great Reces-

sion, LMAs with booming housing prices ex-

hibited greater economic vitality. Areas that 

aggressively built new homes during the hous-

ing bubble were left with an oversupply of hous-

ing stock following the economic collapse, how-

ever, and these same boom LMAs became bust 

LMAs. The excess supply depressed demand 

for building new homes, and both home prices 

and housing- related employment crashed. 

Thus, we hypothesize:

H3: Growth in housing prices retains and 

attracted residents prior to the Great Reces-

sion, but during the downturn, previously 

booming housing markets busted and be-

ca me a push factor encouraging out- 

migration and discouraging in- migration.

Socioeconomic Differences in Migration

There is very limited evidence on group- level 

di fferences in population adjustment to 

changes in economic conditions (Bound and 

Holzer 2000). Racial minorities are less respon-

sive to economic differences across metropol-

itan areas (Martin 2001), but at least part of this 

relationship is explained by the lower respon-

siveness of less- educated or lower- skilled indi-

viduals (Bound and Holzer 2000) to changes in 

the labor market. Individuals with greater edu-

cational attainment and greater skills are more 

responsive to economic shocks and regional 

disparities (Notowidigdo 2011; Wozniak 2010; 

Yankow 2003). Thus, we hypothesize:

H4 : Adults with college degrees will be 

more responsive economic conditions, par-

ticularly during a recession.

daTa

In this paper we use ACS data from 2005 to 2011 

to model migration before and during the Great 

Recession. The ACS is conducted by the Census 

Bureau and is an annual national random sam-

ple of 1 percent of the American population. 

The survey gathers data on a range of demo-

graphic and economic topics and provides an-

nual, representative estimates of populations 

at the Public Use Microdata Area (PUMA) level. 

PUMAs are groups of census tracts and coun-

ties that contain between 100,000 and 200,000 

individuals. Although the Census Bureau has 

been fielding the ACS every year since 2000, it 

was expanded to become a full 1 percent na-

tional sample starting in 2005, which was the 

same year that it began reporting migration 

information and PUMA data on the current 

residence and, for movers, their PUMA of resi-

dence from the prior year. To analyze migration 

at the labor market area—a unit of analysis bet-
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1. The crosswalk is available at Missouri Census Data Center, http://mcdc2 .missouri .edu /websas /geocorr2k .html 

(accessed August 6, 2016).

ter suited to capturing meaningful economic 

differences—we transform PUMAs to LMAs 

when possible. Specifically, we transform PU-

MAs to metropolitan statistical areas (2000 def-

inition) using a crosswalk available from the 

Missouri Census Data Center;1 for rural PUMAs 

that do not correspond to a metropolitan labor 

market, we define the labor market as the mi-

gration PUMA (see migpuma1 at Ruggles et al. 

2010). The ACS is uniquely suited to analyze 

migration during a period of rapid economic 

change because it measures annual migration 

flows and a rich set of economic covariates (for 

example, employment, industry of occupation, 

and housing value). Moreover, because the ma-

jority of migration occurs within a state, ana-

lyzing flows within and across LMAs permits 

measurement of migration dynamics with 

much more precision than do interstate mod-

els.

In addition to the 2005- to- 2011 ACS micro-

data samples, we also use the 5 percent Census 

2000 sample from the Integrated Public Use 

Microdata Series (IPUMS) database developed 

by Steven Ruggles et al. (2010). The Census 2000 

sample provides controls for base level flows 

between LMAs. For analyses, we restrict our 

sample to repeated cross- sections of adults ages 

twenty- five to sixty- four who did not report liv-

ing abroad during the past twelve months. We 

weight all analyses using the relevant person 

or household weight. We similarly weight and 

restrict the tabulations of LMA characteristics, 

but we calculate these on the sample of all in-

dividuals residing in an LMA, regardless of age.

Migration

In our analysis, our main dependent variable 

is a categorical variable measuring whether or 

not an individual has moved across (LMAs) in 

the past year (either across or within states), 

although we also run a parallel analysis for 

cross- state mobility to make our results com-

patible with previous research. We further sub-

classify cross- LMA mobility by the distance of 

the move (less than one hundred miles, one 

hundred to three hundred miles, three hundred 

to one thousand miles, and more than one 

thousand miles). We do not consider within- 

LMA moves as migration because such movers’ 

economic prospects are unlikely to change ap-

preciably. Table 1 shows how moves are distrib-

uted over our study period. Specifically, we find 

an appreciable drop in migration throughout 

most of the study period followed by a small 

recovery beginning in 2010–2011. The steepest 

declines for moves of all types correspond 

tightly with the official timing of the Great Re-

cession (2008 to 2009) and the more protracted 

rise in unemployment (2008 to 2011). Long- 

Table 1. Migration and Unemployment Rates, by Year, for Migration Decision Models

2005–2006 2006–2007 2007–2008 2008–2009 2009–2010 2010–2011

Unemployment rate 4.90 4.90 5.00 8.27 9.15 8.53

Migrants

New labor market 

area

4.20% 3.93% 3.82% 3.57% 3.49% 3.64%

New state 2.57% 2.42% 2.31% 2.17% 2.12% 2.21%

Distance

0–100 miles 1.2% 1.13% 1.12% 1.05% 1.04% 1.07%

100–300 miles 1.08% 1.01% 0.98% 0.9% 0.89% 0.94%

300–1,000 miles 1.21% 1.12% 1.07% 1.02% 0.96% 1.00%

1,000+ miles 0.7% 0.67% 0.64% 0.59% 0.59% 0.62%

Source: Authors’ tabulations.
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2. We operationalize industry of employment using three- digit industry codes, which offers substantial precision 

in measuring changes in industry demand.

3. In addition, because the ACS does not provide representative data at the LMA level for 2004, we estimate 

2004 LMA industry composition using the 2005 industry mix for each LMA. The 2004 ACS does provide nation-

ally representative estimates of employment by industry, and we use the change from 2004 to 2005 to calculate 

2005 manufacturing labor demand changes by LMA.

distance moves—especially those of three hun-

dred to one thousand miles—experienced the 

greatest relative declines over time. Although 

our definition of the recession window (2008 

to 2011) is longer than the official federal defi-

nition, the protracted effects of the downturn 

on unemployment lasted long past the end of 

the decline in gross domestic product (GDP) 

that officially defines a recession. Moreover, it 

is precisely these types of high- unemployment 

conditions under which a standard model 

would predict labor migration as a response.

Unemployment Rate

As a general measure of the economic vitality 

of an area, we calculate the unemployment rate 

as the percentage of individuals in the labor 

force who are not employed. In our models of 

destination choice, unemployment is likely to 

be partly endogenous to migration decisions. 

Thus, despite the unemployment rate provid-

ing a general measure of an area’s economy, it 

is limited by both the potential endogeneity 

and its inability to isolate sector- specific shocks 

that may have been especially important dur-

ing the Great Recession. As a result, we calcu-

late two instrumental variables for sector- 

specific economic changes.

Labor Demand Shocks

A key challenge in estimating the effect of labor 

demand on migration is that observed changes 

in employment are endogenous to labor supply 

changes such as in- migration. In this paper we 

use an instrumental variable approach to esti-

mate changes in labor demand for tradable 

goods using the Timothy Bartik (1991, 2013) 

shift- share approach. The idea is that in indus-

tries that produce tradable goods, local employ-

ment responds to national- level changes in the 

d emand for those goods. In other words, 

whereas changes in labor demand at a factory 

that produces refrigerators reflect aggregate 

national changes in the demand for refrigera-

tors, changes in labor demand in nontradable 

industries such as construction, hotels, or res-

taurants are a function of local demand for 

those products because they are not tradable 

across geographic areas. Consequently, an in-

strumental variable for labor demand shocks 

in tradable goods that is not correlated with 

local labor supply changes can be constructed 

by using employment trends in specific indus-

trial employment at the national level. Our in-

strument uses the lagged local manufacturing 

employment mix combined with the weighted 

national- level changes in industry- specific em-

ployment over the past year. By removing the 

portion of labor demand endogenous to local 

factors, the instrument captures labor demand 

shocks resulting from macroeconomic forces. 

We calculate manufacturing labor demand as

 L̂ e
e e

e

e e

e
it ijt

ijt ijt

ijt

t t

t
j

N
=

− − −





−

−

−

−

−
=∑ 1

1

1

1

1

ɶ ɶ

ɶ1
 (1)

where eijt- 1 is the share of an LMAs’ (i) jobs that 

are in industry2 j in time period t–1, ẽijt is na-

tional employment in industry j excluding the 

LMA, and et is the national employment. Re-

moving each LMA’s employment from the na-

tional employment components of that LMA’s 

instrument avoids correlation between the in-

strument and the error term.3 The use of this 

shift- share instrument based on local industry 

mix and national employment changes is wide-

spread in the literature (Blanchard and Katz 

1992; Wozniak 2010; Notowidigdo 2011; Charles, 

Hurst, and Notowidigdo 2012).

It is important to note that, by construction, 

this measure is intended to capture changes in 

labor demand in the manufacturing sector. At 

the same time, an increase in local employment 

in this sector should have spillover effects on 

local employment in the nontradable sector, 

as the demand for housing and services in-

creases to fulfill the needs of new manufactur-

ing employees. Enrico Moretti (2010) uses the 
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4. In other words, low levels of land availability reflect specific factors that make an urban area attractive for 

migrants. Otherwise, there would be no reason to live in an area with higher housing prices.

5. To generate a land availability index for 2000, we adjust the 2006 data from Chi and Ho (2013) by subtracting 

the estimated amount of land used in new construction in each county between 2000 and 2006. We calculate 

the land use of new construction by first estimating the average lot size of new construction in the 2011 Amer-

ican Housing Survey as a function of county- level land availability using a regression model. Then, we predict 

the average lot size of new construction for each county using the 2006 land availability levels, and multiply this 

by the number of new homes constructed in the county between 2000 and 2006. Data on residential construc-

t ion at the county level is available from the Census state and county data base: https://www .census .gov 

/support /USACdataInfo .html (accessed October 10, 2016).

Bartik measure of labor demand changes in 

manufacturing to estimate these spillover ef-

fects and finds that for each new job in manu-

facturing, approximately 1.6 additional jobs are 

created in the nontradable sector. Nonetheless, 

although this instrumental variable approach 

will arguably capture exogenous changes in la-

bor demand for manufacturing industries, a 

key aspect of the regional variation in the Great 

Recession’s impact was the depth of the bust 

in construction, which is what we turn to next.

Housing Prices

On a theoretical level, variation in housing 

prices across metropolitan statistical areas rep-

resents a major source of cost- of- living differ-

ences and should be included in any model of 

interregional migration. Moreover, since the 

collapse of the U.S. housing market catalyzed 

the Great Recession, LMA housing prices are 

likely to provide a key indicator of an LMA’s 

economic health, construction sector vitality, 

and thus its attractiveness to potential movers 

and stayers. Just like the problem described 

earlier with respect to changes in employment 

levels, however, observed changes in housing 

prices reflect not only the increased cost of 

housing per se but also the inflows of migrants 

who are drawn to particular metropolitan areas 

because of sustained high levels of labor de-

mand or desirable amenities. In other words, 

variables measuring changes in housing prices 

will be endogenous to migratory flows and in-

cluding them as explanatory variables in indi-

vidual level models of migration may result in 

a situation of reverse causality. 

To circumvent this endogeneity problem, 

we again employ an instrumental variable ap-

p roach. F ollowing Albert Saiz (2010) and 

Charles, Hurst, and Notowidigdo (2012), we use 

the lagged share of land available for develop-

ment within an LMA as a proxy for the sensi-

tivity of housing prices to changes in housing 

demand. Housing prices tend to be higher in 

LMAs with limited land available for develop-

ment for two reasons. First, areas with low land 

availability tend to be more productive, pay 

higher wages, and have greater amenities, 

which is what draws people to live in the area, 

raises housing prices, and reduces the level of 

land availability.4 Second, the geographic and 

topographical features of the land—a sizable 

share of developable land already built up, large 

internal water bodies, undevelopable wetlands, 

and excessively sloped areas—reduce the price 

elasticit y of housing supply. This GIS and 

satellite- based measure of exogenous land 

availability relies solely on preexisting charac-

teristics of local housing markets, making it 

an ideal choice of instrumental variable for 

housing prices. See Saiz (2010) for an in-depth 

explanation of the construction of this variable 

and the motivation for using it as a measure 

of the price elasticity of housing supply.

In a study of employment trends in the run-

 up to the Great Recession, Charles, Hurst, and 

Notowidigdo (2012) find that a lagged measure 

of land availability strongly predicts changes 

in MSA- level housing prices and construction 

employment. We use data on land availability 

at the county level for 2006 from Guangqing 

Chi and Hung Chak Ho (2013), which we ag-

gregate up to the LMA level to match the geo-

graphic data used in our paper. Chi and Ho use 

satellite data from the 2006 National Land 

Cover Database to calculate the percentage of 

land available for development by excluding 

area that is already built up or consists of sur-

face water, wetlands, public land, or has a slope 

greater than 20 percent.5 Table 2 shows the re-
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6. These data are available for download at Population Research Institute, “Land Developability, www .land 

developability .org (accessed August 6, 2016).

sults from a preliminary regression of the 

change in housing prices in LMAs on this land 

availability index.6 For the years 2005 to 2007, 

the dependent variable is the ratio of the cur-

rent average housing value in the LMA to the 

value in 2000. For 2008 to 2011 the dependent 

variable is the ratio of the current value to the 

value in 2007. During the housing boom years 

from 2005 to 2007, land availability is negative 

correlated with housing price changes; LMAs 

that had preexisting constraints on the amount 

of land available for development such as San 

Francisco or New York had the largest increases 

in prices. During the housing bust from 2008 

to 2011 the situation was reversed, and land 

availability in 2000 is positively correlated with 

housing price changes.

models of The decision To miGr aTe

We begin by modeling the decision to migrate. 

For comparability to previous state- level anal-

yses, we first estimate a logit of the decision to 

migrate to a new state based on individual de-

mographics and origin contextual variables. For 

this state- level model, we tabulate our origin 

contextual variables at the state level as op-

posed to the LMA level. Next, we leverage the 

geographic precision of the ACS data to esti-

mate a logit of the decision to migrate to a new 

LMA based on individual demographics and 

origin LMA contextual variables. Finally, to an-

alyze potential differences in migration corre-

lates by distance, we estimate a multinomial 

logit of the decision to remain in one’s origin 

LMA, migrate to an LMA within one hundred 

miles, migrate to an LMA between one hundred 

and three hundred miles away, migrate three 

hundred to one thousand miles, and migrate 

over one thousand miles.

Because the ACS surveys respondents at only 

one point, we rely on a question asking resi-

dence one year prior to survey date to establish 

origin location in the year prior to the ACS wave 

and destination location (potentially the same 

as the origin location) during the ACS wave year. 

These models pool all years of data, and to as-

sess whether or not the origin and individual 

characteristics of migrants changed during the 

recession, we interact a recession dummy vari-

able (survey years 2008 to 2011) with all inde-

pendent variables. Thus, the logits and multi-

nomial logit shed light on H2 and H3. Further, 

to explore socioeconomic variation in reces-

sionary migration decisions that we predict in 

H4, we estimate separate models for adults with 

and without a bachelor’s degree.

Adults do not make these migration deci-

sions in a vacuum based only on their origin 

locations. The characteristics of potential des-

tinations also play a role. Theoretically, all 

Table 2. Relationship Between the 2000 Land Availability Index and the Change in Housing Values

Variables

(1) 2005 

ch_valueh

(2) 2006 

ch_valueh

(3) 2007 

ch_valueh

(4) 2008 

ch_valueh

(5) 2009 

ch_valueh

(6) 2010 

ch_valueh

(7) 2011 

ch_valueh

Land availability 

index

–0.543*** –0.777*** –0.816*** 0.0579*** 0.134*** 0.209*** 0.242***

(0.0497) (0.0591) (0.0533) (0.0160) (0.0187) (0.0210) (0.0231)

Constant 1.773*** 2.052*** 2.156*** 0.950*** 0.879*** 0.832*** 0.798***

(0.0353) (0.0420) (0.0379) (0.0114) (0.0133) (0.0149) (0.0164)

Observations 666 666 666 666 666 666 666

R2 0.152 0.206 0.261 0.019 0.072 0.130 0.142

Source: Authors’ calculations.

Notes: For 2005–2007, the change in value is the ratio of the average housing value in the labor market area 

to the value in 2000. For 2008–2011 it is the ratio of the current value to the value in 2007. Coefficients are 

log odds. Standard errors in parentheses.

*p < .05; **p < .01; ***p < .001
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adults have the same choice set of potential 

migration destinations; in our models, these 

choices are all LMAs (or states) in the conti-

nental United States. Nevertheless, for many 

individuals, it is easier to move to a nearby LMA 

than to one across the country. Thus, we test 

the sensitivity of our migration decision mod-

els to the inclusion of distance- weighted spatial 

lags that capture the economic characteristics 

of potential destinations. We take the natural 

log of distance (in miles) between the centroids 

of an LMA (or state) and all other areas (or 

states). We then use the log distances to create 

inverse distance weights, which we row normal-

ize to sum to 1 for each LMA or state. The spa-

tial lags of economic variables are the weighted 

means of those variables for all other LMAs or 

states.

choice models of  

desTinaTion locaTions

We estimate conditional logit and latent class 

conditional logit models of destination choice 

for individuals who migrate. Both models are 

motivated by a discrete choice framework with 

utility maximization, and the difference be-

tween the two models revolves around whether 

or not we allow for individual heterogeneity in 

the preferences for locational characteristics. 

In equation 2 we represent the utility of choos-

ing to migrate to destination j as a function of 

observed characteristics, fixed and random 

preferences for those characteristics, and a ran-

dom error term:

 U Z Xij j ij j ij ij= + + +( ) ( )γ β ν ε, (2) 

where Uij is the utility of destination option j 

for individual i, εij is the iid- distributed random 

error term, and Zij and Xij are sets of destination- 

specific variables (or individual- specific vari-

ables interacted with destination variables). 

The Zij and Xij terms differ in terms of whether 

their coefficients are fixed or allowed to vary 

across individuals. The coefficient on Zij, γij, is 

assumed to be constant across all individuals, 

while the coefficient on Xij, has a fixed compo-

nent (βij) and a random component (νj) that 

varies across individuals. 

In the conditional logit model, we assume 

that individuals have identical preferences for 

these characteristics. In terms of equation 2, 

this means that all of the explanatory variables 

are of type Z rather than X, and the choice 

framework reduces to equation 3:

 U Zij j ij ij= +( )γ ε  (3) 

The assumption of fixed preferences in equa-

tion 3 is another way of saying that the condi-

tional logit model, like the multinomial logit 

model, makes the independence of irrelevant  

alternatives (IIA) assumption, which is that the 

error term εij is not correlated across choice 

categories for the same person (Train 2003, 144). 

IIA assumes that one’s relative preference be-

tween two alternatives is independent of what 

other alternatives are available. This assump-

tion is problematic in a migration context, 

wherein specific destinations are often compa-

rable to one another. IIA would require, for ex-

ample, that an aspiring gambler mulling a 

move from rural Kentucky to Reno would have 

the same relative preference for Reno regard-

less of whether other gambling hubs like Las 

Vegas or Atlantic city were included among the 

choices.

One of the advantages of the IIA assumption 

in the conditional logit model is that it allows 

for the sampling of alternative choices, because 

the pairwise choice probability is assumed to 

be unaffected by the inclusion or exclusion of 

alternative choices (McFadden 1978; Bruch and 

Mare 2012). For each individual, the researcher 

can keep the choice that was actually chosen 

along with a random sample of the alternative 

choices that were not selected. For models with 

large numbers of choices, this greatly increases 

the computational efficiency (Nerella and Bhat 

2004). 

In the context of our analysis of economic 

pull factors and migration, an illustration of 

how the IIA assumption might be violated in 

migration models is provided by the following 

example. Imagine that there are two different 

types of movers: “economic” movers who have 

strong preferences for regions with high levels 

of economic growth, and “amenity” movers, 

who are not motivated by economic consider-

ations. As a result of heterogeneity in mover 

t ype, forcing the coefficient on destination 

growth rates to be the same for these two groups 
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(as in equation 3) means that the effect of mover 

type on the preference for economic growth en-

ters the model as unobserved heterogeneity in 

the error term, which will be correlated across 

high-  and low- growth- rate destinations. In other 

words, economic movers will have positive er-

ror terms—that is, E(εij > 0)—for high- growth 

destinations because the coefficient on the vari-

able measuring destination growth rates is con-

strained to be the same for both mover types 

and only partially reflects economic movers’ 

preferences for economic growth.

The upshot of this discussion of heterogene-

ity in preferences for locational characteristics 

for migration models is that the arbitrary divi-

sion of cartographic space into a set of mutually 

exclusive destination choices (such as states or 

LMAs) may affect the results of the analysis. 

This is the familiar “red bus, blue bus” problem 

familiar to discussions of violations of the IIA 

assumption where a division of the bus category 

into two choices based on color creates a prob-

lem with correlated error terms across choices 

(McFadden 1974). In terms of our migration ex-

ample with a conditional logit and heterogene-

ity in mover types, the estimated effect of eco-

n omic growth rates will depend on the 

distribution of growth rates across the destina-

tions. If a change in growth rates over time al-

ters the relative number of high-  and low- growth 

destinations, then this will affect the estimated 

coefficient on growth rates just as in the ex-

ample of dividing the “bus” category into ad-

ditional categories based on a potentially irrel-

evant characteristic such as color.

The IIA assumption can be relaxed by allow-

ing variation in preferences across individuals 

as depicted in equation 2, where the coefficients 

on the X variables are assumed to have fixed and 

random components. The mixed logit model 

(Hensher and Greene 2003) is an alternative to 

the conditional logit model that allows the coef-

ficients to vary across individuals according to 

some specific parametric distribution. The prob-

lem with the mixed logit model for migration, 

however, is that it does not allow for the sam-

pling of alternative choices (Domanski 2009), 

which makes it computationally prohibitive to 

estimate in models with large choice sets.

In this paper we estimate latent class con-

ditional logit models, which are an extension 

of the basic mixed logit model that allow the 

coefficients to vary across a finite set of discrete 

categories (Train 2008). Because the coefficients 

are constrained to be the same within the la-

tent categories, they allow for the sampling of 

alternatives while still providing the benefit of 

relaxing the IIA assumption across the latent 

classes (Domanski 2009). The LCCL model is 

estimated in an iterative process where class 

membership probabilities are calculated indi-

cating the likelihood of each individual belong-

ing to a particular latent class based on the 

coefficients estimates for each class, and then 

the coefficients are updated by running sepa-

rate conditional logit models for each latent 

class using the class membership probabilities 

as weights (Train 2008). The process continues 

back and forth between calculating the mem-

bership weights and estimating the coefficients 

until the combined likelihood of the condi-

tional logit models for each class are maxi-

mized. Appendix A provides more details on 

the estimation procedures. For the purposes 

of our discussion here the key benefits of the 

LCCL models is that they allow for variation in 

the coefficients of destination characteristics 

across latent classes, and that membership in 

the latent classes is not determined a priori but 

by the estimation procedure itself. 

For all CL and LCCL models we include sev-

eral control variables in addition to our focal 

economic variables. First, we include destina-

tion population and the distance between ori-

gin and destination as controls for a basic grav-

ity model of migration. Distance also proxies 

for psychic and informational costs in migra-

tion decisions (Greenwood 1975). In addition, 

we control for baseline flows between LMAs (or 

states) using Census 2000 by calculating the 

percentage of migrants in each origin LMA who 

move to every other LMA. Although these base 

flows are not origin- destination- pair fixed ef-

fects, which are computationally infeasible in 

most of our preferred models, their logic is 

similar. Census 2000 flows are a proxy for cer-

tain time- invariant characteristics for which 

migrants have a consistent preference over 

time. One such characteristic could be cultural 

ties that encourage migration between two spe-

cific LMAs. In the LCCL models, we constrain 

the coefficients of our control variables to be 
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constant across latent classes to ensure that 

our latent classes capture variation in prefer-

ences on economic variables. This tests the spe-

cific improvement in explanatory power of our 

LCCL models over the CL models for the focal 

variables. Finally, we test the sensitivity of our 

LMA- level models to state fixed effects. State 

effects provide greater control for unobserved, 

persistent flows to certain destinations that are 

not attributable to economic shocks.

resulTs and discussion

Table 3 presents the results from our logit mod-

els of the decision to migrate. We begin with a 

state- level logit for comparability to previous 

research. Model 1 estimates an adult’s odds of 

moving to a new state based on origin- state 

manufacturing labor demand and unemploy-

ment, as well as a host of controls. Surprisingly, 

adults in states with positive manufacturing 

shocks were more likely to out- migrate prior to 

the recession, but they were significantly less 

likely to out- migrate during the recession. In 

contrast, state- level unemployment is margin-

ally related to reduced odds of out- migration 

during the recession, suggesting mixed impacts 

of origin economic conditions for migration 

decisions during the recession. Model 2 adds 

the land availability instrument for the hous-

ing market, and the recessionary changes in 

the relationships of manufacturing labor de-

mand and unemployment with out- migration 

disappear. Individuals residing in areas with 

greater land available for development—loca-

tions that did not experience a housing boom 

prior to the recession—were less likely to out- 

migrate prior to the crash, but they were more 

likely to out- migrate following the crash. This 

could provide evidence that housing lock in-

hibited migration, or it could indicate that 

adults in states with stronger economies have 

the resources necessary to move across states.

Model 3 adds controls for distance- weighted 

characteristics of potential destinations, which 

play an important role in migration decisions 

and mask the impact of some origin character-

istics. The housing market relationship with 

migration observed in Model 2 persists, but 

new patterns for unemployment and manufac-

turing shocks emerge. Adults living in states 

with stronger economies, as measured by un-

employment and manufacturing labor de-

mand, were more likely to out- migrate prior to 

the recession, but these patterns attenuated 

substantially or even reversed during the Great 

Recession. This suggests that our second hy-

pothesis, that worse origin economic condi-

tions encourage migration, is realized in the 

context of the recession. That we continue to 

observe greater out- migration from states with 

stronger housing markets suggests that, in con-

trast to H3, negative equity might actually be 

inhibiting migration during the crash and driv-

ing the observed relationship.

Next, we use the geographic detail of the 

ACS to estimate comparable logits at the LMA 

level. Results reveal important differences in 

the role of origin push factors for the decision 

to migrate between state-  and LMA- level mod-

els. Unlike the significant relationship between 

origin- state manufacturing labor demand and 

migration to a new state, the association of or-

igin manufacturing shocks with migration to 

a new LMA is explained entirely by the eco-

nomic characteristics of potential destinations. 

Moreover, the negative association between un-

employment and out- migration before the re-

cession decreases substantially in magnitude 

in the LMA- level model, and origin unemploy-

ment further discourages out- migration to a 

new LMA during the recession. The only con-

sistent finding between the state-  and LMA- level 

models is the direction and magnitude of the 

relationship between housing market vitality 

and out- migration. In sum, whereas the state 

models provided qualified support for H2 in 

the context of the recession, the LMA models 

provide no support for origin economic condi-

tions directly affecting out- migration decisions 

before or during the recession.

Why might we observe these differences be-

tween the state and LMA models? A potential 

explanation is that state moves are a different 

type of migration than within- state, across- LMA 

moves. State moves are generally greater in dis-

tance and may require more resources, which 

could affect the role of origin push factors. Ta-

ble 4 presents our multinomial logits of migra-

tion distance, which reveal systematic variation 

in the determinants of migration decisions by 

the distance of moves. Findings from model 1 

(without potential destination spatial lags) and 
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model 2 (including destination lags) are broadly 

consistent, so we will discuss the results from 

model 2. Consistent with H2, weak origin eco-

nomic conditions are positively related to like-

lihood of short- distance migration. High un-

employment, declining manufacturing labor 

demand, and non- booming housing markets 

prior to the recession all are associated with 

increased odds of migrating to a new LMA that 

is less than one hundred miles away. None of 

these associations changed during the Great 

Recession. Medium-  and long- distance moves, 

however, are negatively related to origin LMA 

economic vitality. Since short- distance moves 

Table 3. Logit Models of the Decision to Migrate

Panel 1: State-Level Models Panel 2: LMA-Level Modelsa

Model 1:  

All Adults

Model 2:  

All Adults

Model 3: All 

Adults with 

Spatial Lags

Model 1:  

All Adults

Model 2:  

All Adults

Model 3: All 

Adults with 

Spatial Lags

Origin characteristics

Labor demand 1.779*** 2.442*** 4.554*** 0.415*** 0.418*** –0.076

(0.388) (0.419) (0.643) (0.121) (0.121) (0.134)

R*labor demand –3.079** –0.666 –6.709*** –0.324† –0.542** 0.108

(0.962) (1.147) (1.393) (0.182) (0.185) (0.194)

Unemployment 0.387 –0.709 –4.78*** –0.101 –0.206 –0.643*

(0.61) (0.631) (0.899) (0.27) (0.276) (0.282)

R*unemployment –1.052† 0.111 3.029** –1.112*** –1.01*** –0.692*

(0.635) (0.657) (0.961) (0.291) (0.296) (0.322)

Land availability –0.363*** –0.268*** –0.146*** –0.229***

(0.054) (0.057) (0.024) (0.028)

R*land availability 0.402*** 0.301*** 0.238*** 0.283***

(0.067) (0.07) (0.03) (0.035)

Potential destination spatial lags

Labor demand 112.705*** –12.243***

(22.767) (2.512)

R*labor demand –71.593** 4.429†

(23.344) (2.623)

Unemployment –85.346*** 106.17***

(19.621) (18.633)

R*unemployment 84.406*** –104.022***

(19.627) (18.635)

Land availability 8.253*** 5.907***

(2.353) (1.187)

R*land availability –2.475 –3.656*

(2.92) (1.465)

N 9,543,506 9,479,425 9,479,425 9,538,260 9,474,179 9,466,831

Source: Authors’ calculations.

Notes: Base outcome is staying in the same state (models 1 and 2) or LMA (models 3 and 4). Coefficients 

are log odds. Standard errors in parentheses. All models include controls for the recession (dummy), 

individual race or ethnicity, gender, age, education, marital status, and disability status, as well as previ-

ous year’s LMA’s population size, racial composition, nativity composition, educational composition, and 

age composition.
a LMA = labor market area.

†p < .1; *p < .05; **p < .01; ***p < .001
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account for less than a third of all moves, the 

extent to which weak origin economic condi-

tions spur migration (H2) is quite modest. 

Appendices B through D present the results 

of our re- estimation of the migration decision 

models from tables 3 to 4, stratified by college- 

degree status. There is some evidence that 

adults without college degrees may be less 

likely than college graduates to move from or-

igin LMAs with high unemployment rates, 

which aligns with our hypothesis that college 

graduates would be more responsive to eco-

nomic conditions (H4). This difference arises 

because college graduates are more likely to 

make short- distance moves in response to high 

origin unemployment, and adults without col-

lege degrees are less willing to make medium- 

distance moves under such conditions. Gener-

ally, however, we observe few systematic 

differences in response to origin economic con-

ditions by education level.

Turning to the destination choices and the 

pull characteristics that attract migrants, we 

begin by estimating several CL models of des-

tination selection—the traditional approach to 

analyzing migration choices. In these models, 

we estimate separate effects of destination char-

acteristics before and during the recession, 

which allows for a direct test of whether or not 

they are statistically different than 0 (and which 

is mathematically equivalent to estimating a 

model with main effects for destination char-

acteristics combined with interaction terms for 

the recession). We do not include a recession 

dummy variable because it is a constant char-

acteristic of individuals and drops out of the 

model unless interacted with destination- 

specific variables. Table 5 presents the results 

of the CL models.

Panel 1 presents the results of a state- level 

analysis of migrants’ destination choices. Before 

the Great Recession, migrants generally pre-

ferred to move to economically strong destina-

tions. Migrants tended to select states with lower 

unemployment rates that had housing markets 

likely to be booming, both of which are indica-

tive of a preference for strong economies (H1). 

Still, migrants were less likely to select states 

with increasing manufacturing labor demand, 

which could indicate mixed preferences or a de-

clining importance of manufacturing as a po-

tential source of employment for movers. Al-

though they may have attenuated slightly, these 

preferences did not change dramatically during 

the Great Recession, which is consistent with 

H1. In addition, there are few systematic differ-

ences between college graduates and adults 

without a college degree. If anything, the former 

were more sensitive to variations in the unem-

ployment rate, particularly during the down-

turn, which is consistent with H4 and our find-

ings from the origin push models.

Panel 2 presents the results of our LMA- level 

analysis of destination selection. Model 1 pres-

ents the results without state fixed effects, and 

most findings are consistent with the state- level 

models—with the exception of a change in the 

direction of the relationship between destina-

tion labor demand and in- migration. Leveraging 

the greater geographic detail available in the 

ACS, we find that migrants prefer destinations 

with increasing manufacturing labor demand 

both before and during the recession. This sug-

gests that state- level models may not have the 

geographic precision necessary to properly es-

timate destination selection. For all three eco-

nomic variables, migrants prefer destinations 

with stable, growing economies prior to the re-

cession, and only our measure of land availabil-

ity, which identifies booming housing markets 

that busted during the crash, runs counter to 

this story during the recession. In general, then, 

economic characteristics of an LMA play a crit-

ical role in destination selection (H1).

Model 2 adds state fixed effects to model 1 

to help control for unobserved persistent flows 

to destinations that are not attributable to our 

economic variables. The magnitudes of the un-

employment and manufacturing demand pa-

rameters are substantively unchanged, but the 

importance of the land availability instrument 

declines by roughly half during both the pre- 

recession and recession time periods. This sug-

gests that a meaningful portion of the persis-

tent flows to LMAs with housing booms prior 

to the recession that subsequently busted are 

actually due to non- economic factors. These 

results provide even stronger evidence for a pat-

tern of economic migration that persisted dur-

ing the Great Recession (H1), at least the pat-

tern of destination selection. Finally, we again 

find little variation in destination preferences 
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7. We accomplish this as a pooled model that includes all observations (2005 to 2011) by restricting the latent 

class weights for adults migrating prior to the recession to be zero for the two recessionary latent classes, and 

vice versa. Our rationale for including two latent classes for each period is to attempt to isolate migrants moti-

vated by economic considerations from those motivated by other considerations.

8. The results presented in model 5 are those of the best- fitting model based on twenty replications. The log 

likelihood, coefficients, and weights of the latent classes do not differ substantially across the other models 

(results available upon request).

by college degree status except for the moder-

ately stronger responsiveness of college gradu-

ates to the unemployment rate of potential des-

tinations (models 3 and 4).

Although the LMA- level CL model offers an 

improvement on the state- level CL, we want to 

test whether the assumption of fixed prefer-

ences for economic pull factors may be mask-

ing heterogeneity in mover types. As described 

in the methods section, if there are two types 

of movers—“economic” movers, who are 

strongly affected by economic conditions, and 

“amenity” movers, who are not—then this 

would violate the IIA assumption and poten-

tially affect the parameter estimates. Thus, we 

estimate an LCCL model of LMA destination 

choice with state fixed effects that relaxes the 

IIA assumption by allowing destination prefer-

ences to vary across latent classes. We include 

four latent classes in the model—two classes 

for adults migrating prior to the recession and 

two classes for adults migrating during the re-

cession.7 In addition to comparing parameter 

estimates across the latent classes, we can ex-

amine the share of adults in each latent class 

to assess the change in the distribution of mi-

grants between the periods, conditional on the 

estimated latent classes. Table 6 presents the 

results of our LCCL model.8 These models offer 

a substantial improvement in explanatory 

Table 6. Latent Class Conditional Logits of Labor Market Area Destination Choice with Sampled 

Destinations

Pre-recession (2005–2007) Recession Years (2008–2011)

Latent  

Class 1

Latent  

Class 2

Latent  

Class 3

Latent  

Class 4

Census 2000 flows [constrained] 20.082***

(0.181)

ln(population) [constrained] 0.853***

(0.002)

ln(distance) [constrained] –1.310***

(0.003)

Labor demand 0.454*** 1.147*** –0.058 1.878***

(0.018) (0.022) (0.052) (0.048)

Unemployment rate –0.698** –6.563*** –0.691*** –4.084***

(0.065) (0.088) (0.036) (0.029)

Land availability 2.138*** –2.831*** –2.652*** 2.021***

(0.001) (0.001) (0.000) (0.000)

Latent class weight 0.2348 0.2072 0.2576 0.3004

Percentage of migrants by period 53.13 46.87 46.16 53.84

Source: Authors’ calculations.

Notes: Coefficients are log odds. Standard errors in parentheses. N = 4,150,650. Log likelihood = 

–394,431. Models include state fixed effects. Census 2000 flows, log population, and log distance are 

constrained to be constant across latent classes.

†p < .1; *p < .05; **p < .01; ***p < .001
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power over the traditional CL as evidenced by 

comparing the log likelihood of model 2 in 

panel 2 of table 5 (–419,870) with the log likeli-

hood of our LCCL model in table 6 (–394,431).

Examining the pre- recession period (2005 

to 2007), adults in latent class 2 (LC2) are clearly 

more motivated by economic considerations 

than adults in LC1. Adults in LC2 are signifi-

cantly more likely to choose destinations with 

increasing manufacturing labor demand and 

low levels of unemployment. In addition, these 

adults chose LMAs with less land available for 

development, which proxies for areas experi-

encing a housing boom and strong housing 

sector prior to the recession. By comparison, 

adults in LC1 are at most marginal economic 

migrants, given their modest preferences for 

lower unemployment and higher manufactur-

ing demand. Moreover, LC1 adults were more 

likely to choose destinations with comparatively 

weak housing sectors.

Turning to migrants during the economic 

downturn (2008 to 2011), we again observe a 

clear distinction between migrants motivated 

by economic considerations (LC4) and those 

motivated by other considerations (LC3). The 

same differences for unemployment and man-

ufacturing labor demand observed prior to the 

recession persist during the recession. If any-

thing, the intraperiod difference in preferences 

by LC for manufacturing demand widens dur-

ing the recession, but the difference in labor 

demand preferences shrinks during the reces-

sion. Although the coefficient on land avail-

ability switches signs for economic migrants 

between the periods, this is entirely consistent 

with our expected pattern of economic migra-

tion. Economic migrants were more likely to 

select LMAs with booming housing markets 

prior to the recession. Once the crash hit and 

such areas busted, however, economic migrants 

were more likely to select LMAs that never 

boomed and thus experienced less of a bust.

Examining the shares of adults in each of 

the latent classes—the latent class weight—al-

lows us to draw inferences regarding the extent 

to which motivations for migration changed 

during the economic downturn. Prior to the 

Great Recession, roughly 47 percent of migrants 

were motivated by economic considerations in 

selecting their destination LMA, whereas dur-

ing the downturn, 54 percent of migrants ex-

hibited economic preferences in destination 

selection. This seven- percentage- point increase 

suggests that, if anything, the share of migrants 

motivated by economic factors in selecting des-

tinations increased during the Great Recession, 

which is confirmatory of H1.

conclusion

The past few decades have seen declines in mi-

gration as well as a drop in salience of economic 

characteristics for migration decisions. These 

declines, coupled with the typical reductions 

associated with recent recessions (Saks and 

Wozniak 2011), led to strong concern among 

policymakers about the lack of migration for 

jobs during the Great Recession (Fletcher 2010; 

Moretti 2012). A recessionary drop would negate 

an important mechanism through which labor 

markets cope with employment shocks and dif-

ferentials in economic vitality (Blanchard and 

Katz 1992; Gallin 2004). Hopes were buoyed 

somewhat by research suggesting that migra-

tion during the Great Recession did not decline 

at a faster rate than recent trends (Kaplan and 

Schulhofer- Wohl 2011), but research has yet to 

disentangle the changes in labor migration dur-

ing the recession from non- economic migra-

tion. Heterogeneity in preferences among mi-

grants poses a severe challenge for traditional 

empirical models of migration.

We provide new evidence on the extent to 

which economic migration did or did not de-

cline during the Great Recession. Using the 

geographic detail and large scale of the Amer-

ican Community Survey, we analyze the push 

and pull factors (Lee 1966) at play in the migra-

tion process before (2005 to 2007) and during 

(2008 to 2011) the economic downturn. Specifi-

cally, we estimate logit and multinomial logit 

models of the decision to migrate, as well as 

CL and LCCL models of destination preferences 

among migrants. These models make several 

methodological contributions to the migration 

literature. First, estimating many of our models 

at both the state and LMA level reveals signifi-

cant differences in the economics- migration 

relationship by level of analysis, demonstrating 

the importance of the precision available with 

the ACS. Second, incorporating state fixed ef-

fects into our LMA- level destination selection 
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models highlights the importance of control-

ling for unobserved, persistent flows. Third, the 

heterogeneity in preferences allowed by our 

LCCL models relaxes the IIA assumption of tra-

ditional CL models, and perhaps more impor-

tantly it allows us to classify migrants as mo-

tivated by economic or non- economic 

destination characteristics.

Exploring migration push factors, we find 

that adults living in LMAs with weaker origin 

economic conditions are less likely to out- 

migrate. Adults in economically weak LMAs are 

more likely to make short- distance moves (as 

opposed to not migrating to a new LMA), but 

they are less likely to make medium-  and long- 

distance moves. The latter types of moves ac-

count for over two- thirds of all moves, so weak 

economic origin conditions do not generally 

seem to push adults to migrate (contrary to 

H2). Some of this effect may be the result of 

housing lock as adults in labor market areas 

whose housing markets experienced larger 

crashes during the recession were less likely to 

out- migrate, particularly for a medium-  or 

longer- distance move (contrary to H3). We find 

few systematic differences by college degree 

status, but college graduates seem to respond 

to origin unemployment with slightly more out- 

migration (H4). Over all, our results highlight 

modest differences with previous research find-

ing increased out- migration from areas with 

high unemployment (Greenwood 1997; Pissa-

rides and McMaster 1990), but these differences 

may result from our analysis at the LMA- level. 

Our state- level estimates provide greater sup-

port for a labor migration model during the 

recession.

Turning to destination pull factors, the CL 

model demonstrates that migrants are gener-

ally responsive to the economic vitality of po-

tential destinations (H1), and this responsive-

ness was substantively unchanged during the 

economic downturn. Adults are more likely to 

choose LMAs with broadly strong economies 

as measured by unemployment and manufac-

turing labor demand, but they persist in their 

likelihood of migrating to LMAs with previously 

booming housing markets that have busted 

during the crash (contrary to H3). The positive 

relationship between labor demand and desti-

nation selection that we find suggests a rever-

sal of the decline in importance of potential 

destination economies over the past two de-

cades found by Mark D. Partridge and col-

leagues (2012). College graduates may be more 

responsive to differences in unemployment be-

tween potential destinations, but again we find 

only modest evidence of variation in migration 

decisions by education level (H4). 

Our LCCL models, however, reveal substan-

tial heterogeneity in migration preferences 

among adults, and the models offer an improve-

ment upon traditional CL estimation for two 

reasons. First, the models relax the traditional 

IIA assumption, and second, the models sub-

stantially improve our explanatory power for 

destination selection. On the basis of the re-

sults of our LCCL models, we are able to con-

clude that the number of economic migrants 

remained stable or even increased during the 

economic downturn. Roughly 47 percent of 

adult migrants were economic movers before 

the recession, and nearly 54 percent of adult 

migrants were economic movers during the 

downturn. This aligns with our expected in-

crease in labor migration during the recession 

(H1).

Ultimately, although adults are generally less 

likely to out- migrate from an economically dis-

tressed LMA, their odds of leaving such labor 

markets did not decline dramatically during 

the Great Recession. In addition, more mi-

grants were motivated by economic consider-

ations during the recession than prior to it. Our 

findings offer suggestive evidence that policy-

makers’ fears during the downturn may not 

have been warranted. Nevertheless, we did not 

observe dramatic, large- scale changes in migra-

tion behavior that would indicate a widespread 

shift toward labor migration. Instead, the 

United States experienced—perhaps even con-

tinues to experience—a protracted adjustment 

to employment equilibrium between labor mar-

kets. In a previous downturn in Great Britain, 

Christopher A. Pissarides and Ian McMaster 

(1990) found that it can take over twenty years 

to achieve equilibrium. Thus, during future 

large- scale recessions, policymakers may con-

sider legislation that incentivizes and supports 

labor migration of the workforce.
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aPPendix a

Estimation of the Latent Class  

Conditional Logit Models

As described earlier, the latent class conditional 

logit (LCCL) model presents a viable alternative 

to the mixed logit model. Incorporating corre-

lation in migration preferences between some 

individuals, the LCCL uses discrete latent 

classes of individuals to allow for variation in 

the coefficients (βi) across individuals and 

yields the following modification to basic equa-

tion for the conditional logit model:

 P j
x

x
ic

c ij

k c ij

( )
exp( )

exp( )
=

β

βΣ
, (4)

where c represents a number of latent classes. 

In equation 4, whereas parameter estimates 

can vary across latent classes, they are forced 

to be constant within latent class. Equation 4 

does circumvent the IIA assumption of con-

stant preferences across individuals, but it 

accomplishes this in a much more computa-

tionally feasible way than the mixed logit. A 

LCCL model also allows the sampling of 

choices, which adds to the computational 

feasibility. Along with these advantages, the 

LCCL model preserves the multilevel struc-

ture of random effects and random coeffi-

cients from the mixed logit model by allow-

ing intercepts and parameter estimates to 

vary across the latent classes. 

The LCCL model is estimated using the 

expectation- maximization (EM) algorithm, and 

the probability of individual membership in 

the various latent classes is estimated through 

an iterative process as part of the model. The 

probability of a worker (i) choosing destination 

j is 

 P j s P ji k c ic( ) [ ( )]= Σ * , (5)

where Sc is the share of individuals in latent 

class c. The probability of individual i being in 

latent class c is

 h
s P k

P k
ic

c ic

i

=
( )

( )
, (6)

where k is the destination that is chosen.

The application of the LCCL technique to 

the migration literature is novel but demon-

strates promise. A recent paper (Liao, Farber, 

and Ewing 2014) uses LCCL to analyze commu-

nity preferences within a few counties of Utah. 

Still, there is yet to be a large- scale application 

of this method to analyze migration. We offer 

such an application by estimating LCCL mod-

els of migration for individuals migrating to a 

new LMA from 2005- 2011 in the ACS.
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