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Abstract
The paper develops a tractable econometric model of optimal migration, focusing on expected income
as the main eco nom ic influence on migration. The model im proves on previou s wo rk in tw o resp ects: it
covers optimal sequences of location decisions (rather than a single once-for-all choice), and it allows for
many alternative lo cation choices. The m odel is estimated using panel data from the NLSY on white
males w ith a high school education. Our main conclusion is that interstate m igration decisions are
influenced to a substantial extent by income prospects. The results suggest that the link between income
and migration decisions is driven both by geographic differences in m ean wages and by a tendency to
move in search of a better locatio nal m atch when the inco me realization in the current location is
unfavorable.

1
Department of Economics, University of Wisconsin, 1180 Observatory Drive, Madison, WI 53706;
jkennan@ssc.wisc.edu and walker@ssc.wisc.edu. The National Science Foundation and the NICHD provided
research support. We thank Taisuke O tsu for outstanding research assistance. We are grateful to Kate An tonovics,
Peter A rcidiacono, Phil H aile, Igal H endel, M ike K eane , Dere k Neal, Joh n Pencav el, Karl Scho lz, M arcelo
Veracierto, Ken Wolpin, Jim Ziliak, and seminar and conference participants at the Chicago Federal Reserve Bank,
Carnegie-Mellon, Duke, Iowa, IZA, Ohio State, Penn State, Rochester, SITE, the Upjohn Institute, Virginia,
W isconsin, and Yale for helpful commen ts.

1 Introduction
There is an extensive literature on migration.2 Most of this work describes patterns in the data: for
exam ple, you nger an d more edu cated people are m ore likely to move; repeat and especially return
migration accounts for a large part of the observed migration flows. Although informal theories
explaining these patterns are plentiful, fully specified behavioral m odels of migration decisions are
relatively scarce, and these models generally consider each migration event in isolation, without
attempting to explain w hy m ost migration decisions are subsequ ently reversed through onw ard or return
migration.
This paper develops a model of optimal sequences of migration decisions, focusing on expected
incom e as the main econ omic influence on m igration. W e emp hasize that migration decisions are
reversible, and that many alternative locations must be considered. The model is estimated using panel
data from the N ational Longitu dinal Survey of Youth on w hite m ales w ith a high school education.
Structural dynamic models of migration over many locations have not been estimated before,
presumably because the required computations have not been feasible.3 A structural representation of the
decision process is of interest for the usual reasons: we are ultimately interested in quantifying responses
to income shocks or policy interventions not seen in the data, such as local labor demand shocks, or
changes in welfare benefits. Our basic empirical question is the extent to which people move for the
purpose of improving their income prospects. Work by Keane and Wolpin (1997) and by Neal (1999)
indicates that individuals make surprisingly sophisticated calculations regarding schooling and
occupational choices. Given the magnitude of geographical wage differentials, and given the findings of
Topel (1986) and Blanchard and Katz (1992) regarding the responsiveness of migration flows to local
labor market cond itions, one might expect to find that incom e differentials play an im portant role in
migration decisions.
We model individual decisions to migrate as a job search problem. A w orker can draw a wage only
by visiting a location, thereby incurring a moving cost. Locations are distinguished by know n differences
in wage distribution s, amenity values and alternative inco me sources. A worker starts the life-cycle in
som e home locatio n and must determ ine the optimal sequence of m oves befo re settling down.
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See Greenw ood [1997] and Lu cas [1997] for surveys.
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Holt (1996) estimated a dynamic discrete choice model of migration, but his framework modeled the
mov e/stay d ecision and n ot the loc ation-specific flows. Similarly, Tunali (2000) gives a detailed econome tric
analysis of the move/stay decision using microdata for Turkey, but his model does not distinguish between
alternative destinations.
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The decision problem is too complicated to be solved analytically, so we use a discrete approximation
that can be solved numerically, following Rust (1994). The model is sparsely parameterized. In addition
to expected income, migration decisions are influenced by moving costs, including a fixed cost, a reduced
cost of moving to a previous location , and a cost that is proportional to distance, and by differences in
location size, measured by the population in origin and destination locatio ns. W e also allow for a bias in
favor of the home location.
Our main substantive conclusion is that interstate migration decisions are indeed influenced to a
substantial exten t by income prospects. On the other hand we find no evidence of a response to
geographic differences in wage distributions. Instead, the results suggest that the link between income
and migration decisions is driven by a tendency to move in search of a better locational match when the
income realization in the current location is unfavorable.
More generally, the pap er demonstrates that a fully specified econometric model of optimal dynam ic
migration decisions is feasible, and that it is capable of matching the main features of the data, including
repeat and return migration. Althoug h this paper focuses on the relationship between incom e prospects
and migration decisions at the start of the life cycle, suitably modified versions of the model can
potentially be app lied to a rang e of issues, such as the m igration effects of interstate differences in welfare
benefits, the effects of joint career concerns on household migration decisions, and the effects on
retirement migration of interstate differences in tax laws. 4

2 Migration Dynamics
The need for a dynam ic analysis of migration is illustrated in T able 1, which sum marizes interstate
migration histories of young people in the NLSY. Two features of the data are noteworthy. First, a large
fraction of the flow of migrants involves people who have already moved at least once. Second, a large
fraction of these repeat moves involves people returning to their original location. Simple models of
isolated m ove-stay decisions cannot address these features of the data. In particular, a m odel of return
migration is incomplete unless it includes the decision to leave the initial location as well as the decision
to return. M oreover, unless the m odel allow s for m any alternative lo cation s, it cann ot give a complete
analysis of return m igration. Fo r exam ple, a repeat move in a two -location m odel is necessarily a return
move, and this misses the point that people frequently decide to return to a location that they had
previously decided to leave, even though many alternative locations are available.
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See for exa mple K ennan and W alker (2001) and W oo (2002).
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No. of people
Movers
Movers (%)
Moves Per Mover

Table 1: Interstate Migration Flows
NLSY , 1979-92
Less than High School High School Some College College
1768
3534
1517
1435
423
771
376
469
23.9%
21.8%
24.8% 32.7%
2.0
1.8
1.7
1.6

Repeat moves
(% of all moves)

50.6

45.9

41.3

35.7

Return Migration
( % of all moves)
Return - Home
Return - Else

24.0
12.4

24.1
7.2

17.5
5.9

13.4
3.3

Movers who return home (%)
Return-Home: % of Repeat

48.7
47.5

44.5
52.5

29.8
42.4

20.9
37.5

3 An Optimal Search Model of Migration
We m odel migration as an optimal search process. The basic assumption is that wages are local
prices of individual skill bundles. We assume that individuals know the wage in their current location,
but in order to determine the wage in another location, it is necessary to move there, at some cost. This
assumption reflects the idea that the wage summarizes the full value of a job, taking account of working
conditions, residential conditions, local amenities and so forth. Although information on some of these
things can of course be collected from a distance, we view the whole package as an experience good.
The model aims to describe the m igration decisions of youn g workers in a stationary environm ent.
The wage offer in each location may be interpreted as the best offer available in that location. Although
there may be transient fluctuations in wages, the only chance of getting a permanent wage gain is to move
to a new locatio n. One interpretation is that w age differentials across locations equalize amenity
differences, but a stationary equilibrium with heterogeneous worker preferences and skills still requires
migration to redistribute workers from w here they happen to be born to their equilibrium locatio n.
Alternatively, it may be that wage differentials are slow to adjust to location-specific shocks, because
gradual adjustment is less costly for workers and employers.5 In that case, our model can be viewed as an
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Blanchard and Katz (1992, p.2), using average hourly earnings of production workers in manufacturing, by
State, from the BLS establishm ent survey, describe a pattern of “strong but qu ite gradual convergence of state
relative wages over the last 40 years.” For example, using a univariate AR(4) model with annual data, they find that
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approximation in which workers take current wage levels as a rough estimate of the wages they will face
for the foreseeable future. In any case, the model is intended to describe the partial equilibrium response
of labor supply to w age differences across locations; from the worker’s point of view the source of these
differences is immaterial, provid ed that the differences are permanent. A complete equilibriu m analysis
would of course be much more difficult, but our model can be viewed as a building-block toward such an
analysis.
Suppose there are J locations, and individual i’s income y ij in location j is a random variable with a
known distribution. Migration decisions are made so as to maximize the expected discounted value of
lifetime utility. In general, the level of assets is an important state variable for this problem, but we focus
on a special case in which assets do not affect migration decisions: we assume that the marginal utility of
income is constant, and that individu als can borrow and lend without restriction at a given interest rate.
Then expected utility maximization reduces to maximization of expected lifetime income, net of moving
costs, with the understand ing that the value of am enities is included in income, and that both amenity
values and movin g costs are m easured in consum ption units. This is a natural benchmark m odel,
although of cou rse it imposes strong assumptions.
There is little hope of solving this ex pected incom e max imization problem analytically. In particular,
the Gittins index solution of the multiarmed bandit problem cannot be applied because there is a cost of
moving.6 But by using a discrete approximation of the wage distribution in each location, we can
compute the value function and the optimal decision rule by standard dynam ic programm ing methods,
following Rust (1994 ).

3.1 The Value Function
Let x be the state vector (which includes current location and age). The utility flow for someone who
chooses location j is specified as u(x,j) + .j, where .j is a preference shock that is assumed to be iid across
locations and across periods and independent of the state vector. Let p(x N | x,j) be the transition
probability from state x to state xN, if location j is chosen . The decision problem can be written in
recursive form as

the half-life of a unit shock to the relative wage is more than 10 years. Similar findings were reported by Barro and
Sala-i-M artin (1991) an d by Topel (198 6).
6

See Banks an d Sundaram (1994 ) for an analysis of the Gittins index in the presence of moving costs.
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where

and

and where E . denotes the expectation with respect to the preference shocks. We assume that the
preference shocks are drawn from the Type I extreme valu e distribution . In this case, using arguments
due to McFadden (1973) and Rust (1987), we have

Let D(j,x) be the probability of choosing location j, when the state is x. Then
(3)

We com pute V by value function iteration. Since we treat age as a state variable, it is convenient to
use V / 0 as the initial estimate, so that each iteration yields the value function for a person who is a year
younger than the person whose value function was obtained in the previous iteration.

4 Empirical Implementation
A serious limitation of the discrete dynam ic program ming method is that the number of states is
typically large, even if the decision pro blem is relatively sim ple. O ur model, with J locations and n points
of support for the wage distribution, has J(n+1)J states, for each person, at each age. Ideally, locations
would be defined as local labor markets. The sm allest geographical unit identified in the NL SY is a
county, but we obviously cannot let J be the number of counties, since there are over 3,100 counties in the
U.S. Indeed, even if J is the number of States, the model is numerically infeasible, but by restricting the
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information availab le to each individ ual an approximate version of the model can be estimated; this is
explained below.

4.1 A Limited History Approximation
Wh en the number of locations is moderately large, the model becomes infeasible.7 To deal with this
problem it seems natural in our context to use an approximation that takes advantage of the timing of
migration decisions. We have assumed that information on the value of human capital in alternative
locations is perm anent, and so if a location has been visited previously, the w age in that location is
known, no m atter how m uch time has passed. This means that the number of possible states increases
geometrically with the number of locations. In practice, however, the number of people seen in many
distinct locations is small. Thus by restricting the information set to include only wages seen in recent
locations, it is possible to drastically shrink the state space while retaining most of the information
actually seen in the data. Specifically, we suppose that the number of wage observations cannot exceed
M, with M < J, so that it is not possible to be fully informed about wages at all locations. Then if the wage
distribution in each of J locations has n points of support, the number of states is (Jn)M , since this is the
number of possible M-period histories describing the locations visited most recently, and the wages found
there. For example, if J is 51 and n is 3 and M is 2, the number of states is 23,409, which is manageable.
This approximation reduces the number of states in the most obvious way: we simply delete most of
them.8 Someone who has “too m uch” wage information in the big state space is reassigned to a lessinformed state. Individuals make the same calculations as before when deciding what to do next, and the
econom etrician uses the same procedure to recover the parameters go verning the individu al's decisions.
There is just a sho rter list of states, so people w ith different histories may be in different states in the big
model, but they are considered to be in the same state in the reduced model. In particular, people who
have the same recent history are in the same state, even if their previous histories were different (and
people w ho have different wage information now may have the same information fo llowing a move).
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And it will remain so: for example, if a location is a State, and the wage distribution has 3 support points, then
the number of dynamic programming states is 258,600,722,446,558,797,905,327,453,896,704.
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Note that it is not enough to kee p track of the best wage found so far: the preference sho cks ma y favor a
location that has previously been discarded, and it is necessary to know the wage at that location in order to decide
whe ther to go back there (even if it is know n that there is a higher w age at another location).
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4.2 State V ariables and Flow Payoffs
Let R = (R0 ,R1 ,...RM-1 ) be an M-vector containing the sequence of recent locations (beginning with the
current location), and let T be the correspond ing sequence con taining recent w age information. T he state
vector x consists of R, T and age.
The flow payoff for someone whose “hom e” location is h is specified as.

Here T0 indexes the support points of the wage distribution, and y(R0 ,T0 ) is the relevant point in the
current location. Wage income is augm ented by the nonpecuniary variables Y k ( R0 ), representing am enity
values. The parameter 6 is a premium that allows each individual to have a preference for their native
location (PA is used as an indicator m eaning that A is true).
The cost of moving from R0 to j is represented by )(x,j). This is specified as

The first two terms in parentheses specify the moving cost as an affine function of the distance D( R0 ,j)
from R0 to j. We allow for uno bserved heterogen eity in the fixed cost of moving: there are several types,
indexed by J, with differin g values of the fixed co st (0 . In particular, we allow the possibility that there is
a “stay er” type, m eaning that there are people who regard the cost of m ovin g as prohibitive, in all states.
The nex t term allow s for the possibility that it is cheaper to m ove to a previous location , relative to
moving to a new location. The cost of moving is also allowed to depend on age, a. The last term allows
for the possibility that it is cheaper to move to a large location, as measured by population size n j. It has
long been recognized that location size matters in migration models (see e.g. Schultz [1982 ]). California
and W yoming cannot reasonably be regarded as just two alternative places, to be treated symmetrically as
origin and destination locations. To take one example, a person who moves to be close to a friend or
relative is more likely to have friends or relatives in C alifornia than in W yoming. One w ay to model this
in our framework is to allow for more than one draw from the distribution of preference shocks in each
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location.9 Alternatively, location size may affect moving costs – for example, friends or relatives might
help reduce the cost of the mo ve. In practice, both versions give similar results.
The transition probabilities are as follows

This covers several cases. First, if no migration occurs this period, then R and T are un changed. Next,
following a m ove to a previous location , (RN,TN) is obtained from (R,T) by interchanging the current and
previous locations. Finally, following a move to a new location, the current location becomes the
previous locatio n, and the locatio n match com pon ent is drawn random ly from a distribution with n points
of support. In all cases, age is incremented by one period.

4.3 Data
Our primary data source is the NLSY79; we also use data from the 1990 Census. In order to obtain a
relatively homogeneous sample, we consider only white high-school graduates with no college education,
using only the years after schooling is completed.10 The sample includes only people who had com pleted
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Suppose that the number of draws per location is an affine function of the number of people already in that
location, and that migration decisions are controlled by the maximal draw for each location. This leads to the
following modification of the logit function describing choice probabilities:

Here n j is the population in location j, and R can be interpreted as the number of additional draws per person.
10

Attrition in panel data is an obvious problem for migration studies, and one reason for using NLSY data is that
it minim izes this problem. R eaga n and Olsen (2000, p. 339) rep ort that “A ttrition rates in the N LSY 79 are relatively
low ...The p rimary reason for attrition are death and refusal to continue participa ting in the project, not the inability
to locate respondents at home or abroad.” Ham, Li and Reagan (2001), use NLSY data to compare wages following
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high school by age 20, and who did not attend colleg e. W e exclude those who ever served in the military.
We follow each person from age 20 to the 1992 interview, or to the first missing interview. The final
sample includes 665 people, and 5767 person -years.

4.4 W ages
The wage of individual i in location j at age a is specified as

where X i $ represents the effect of observed individu al characteristics, :j is the m ean wage in locatio n j, L
is a permanent location match effect, N(a) describes the age-earnings profile, 0 is an individual effect that
is fixed across locations, and g is a transient effect. W e assume that 0, L and g are independent, and
identically d istributed (across individuals and locations).
The incentive to migrate, for individual i, is governed by the difference between the quality of the
match in the current location, measured by :j + Lij , and the prospect of obtaining a better match in another
location, say k, which is measured by :k + Lik (since the other components are added to the wage in the
same way no matter w hat decisions are made). The individ ual know s the realization of the match quality
in the current location, and in the previous location (if there is one), but the prospects in other locations
are random. Migration decisions are made by comparing the expected continuation value of staying,
given the current match quality, with the expected continuation values associated with moving .
It is straightforward to estimate age effects and mean wages by State; since migrants are of course
older following a move than they were before, it is particularly important to adjust wages for age, so as
not to attribute to migration the earnings growth due to age. It is more difficult to separate the location
match component from the other w age components. One problem is that even if the mean of Lij across
individuals is zero in all locations, the realizations of L foun d in m easured w ages reflect selection effects
due to migration decisions. Allowing for selection effects would be difficult, and migration rates are low
enough to suggest that the required effort might not be worthwhile. Another problem is that we cannot
separate L and g using Censu s data, and there are no t enough observations in the NL SY to get reliable
estimates of wage distributions for each State.

migration with (counterfactual) estimates of what the wage would have been if migration had not occurred, but they
do not analyze the m igration decision itself.
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Using 19 90 Cen sus data, we estimate State mean w ages ( :j) and the age-earnings profile (N) by
regressing annual earnings on a full set of State and age du mm y variables. 11 This yields a set of predicted
wages, for each location and age. Using the NLSY data, we regress deviations from this prediction on
AFQ T scores. 12 Taking the residuals from this regression (and ignoring sampling error), we have a set of
indiv idual wage histories, with observable effects removed:

where a it is i’s age at date t, and jit is the location at date t.
The nex t step is to extract estimates of the match comp onents from these w age histories. This is a
simple signal extraction problem. W e first generate estimates of the variances of the three compo nents,
and then compute the distribution of the location match effects, conditional on the observed wage
histories.

Estimation of the Variances
For each individual history (y i), we classify the elements of the cross-products matrix y iy i' , as follows:
(1) diago nal elements, (2) off-diagonal elemen ts that refer to covariances in the same location and (3) offdiagonal elements that refer to covariances in different locations. Let A 1 , A 2 and A 3 denote the sam ple
averages of these cross-products (where the average is taken over the entire unbalanced panel). Then

Solving these three equations for the three variances yields the follow ing results (in 2004 dollars):

11

[explain details of Census wag e measurements]

12

[more details. explain afqt, mention importance in previous wage function estimates; linear age effect
included, just in case there is a difference between Census and N LSY age profiles (there isn’t)].
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These m agnitudes are in line w ith previou s research indicating that the transient earnings com pon ent is
responsible for about one-third of the variance of earnings.13

The Signal-Extraction Problem
Consider an individual who is seen in location s 1,2,...m i , and let T ij denote the number of periods in
location j. If y ij is the average wage residual in location j, then the estimated fixed effect is given by the
following signal-extraction formu la (which is derived in Appendix A):

where V ij is the (estimated) variance of the average wage in location j:

and where "i is given by

Given the wage history, the con ditional distribution of the match co mponent in location j is normal, with
the following mean and variance:

13

See G ottschalk and Mo ffitt (1994) an d Katz and A utor (1999).
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where

Discrete A pproxim ation of the Distribution of Location M atch Effects
We app roximate the decision pro blem by using a discrete distribution with n suppo rt poin ts to
represent the distribution of the location match component, and com puting continuation values at these
support points. This approximation works at two levels. First, we need to approximate the distribution
from which the match components are drawn, in each location. Second, in order to compute the
likelihood for individual i in location j, we need to approximate the conditional distribu tion of Lij, given
the w age history.
The optimal approximation for both of these problems is given in Kennan (2004). The solution is as
follows. The wage prospects associated with a move to State k are represented by an n-point distribution
, 1 # r # n, where :̂j is the estimated State effect,

with equally w eighted support points
and L̂(q r) is the q r quantile of the distribution of L, with

for 1 # r # n. For example, with n = 3, the distribution of :j + Lij in each State is approximated by a
distribution that puts mass a on :j (which is the median of the distribution of :j + Lij ), with mass a on

:j ± FLM-1(1/6), where M is the standard normal distribution function.
Let F ij be the conditional distribution function of :j + Lij , given the wage history for individual i. The
best approximation F̂ ij for this distribution, using the fixed support points {aj(r)} nr =1, is given by
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for 1 # r # n-1, with F̂ ij (a j(n)) = 1. Thus the same support points are the same for all individuals, but the
weights on these points depend on the observed w age histories.

4.5 The Likelihood Function
The signal extraction procedure assigns probabilities to each suppo rt poin t of the wage distribution in
each location j that is visited by individual i. These probabilities are used to construct the likelihood of
the observed history for indiv idual i, which is a mixture over heterogeneous types. Let L iJ be the
likelihood of the history for an individual i, of type J, and let p J be the probability of type J. Then the
loglikelihood is

Let 2J be the parameter vector, for someone of type J. The components of the value function can be
written more explicitly as

Then the choice probabilities are

13

The likelihood of an individual history, for a person of type J, is

Here s is the profile of w age draw s for individ ual i, and q(i,s) is the probability associated with this
profile. In the case of som eone who never moves, the sum has n terms (where n is the number of support
points of the wage distribution). More generally, in the case of someone who visits m locations, the sum
has n m terms.

4.6 Comp utation
Since the parameters are embedded in the value function, computation of the gradient and hessian of
the loglikelihood function is not a simple matter (although in principle these derivatives can be computed
in a straightforw ard w ay using the same iterative procedure that com putes the value function itself). W e
maximize the likelihood using an “amoeba” algorithm that implements the downhill simplex method of
Nelder and Mead. This method does not use derivatives, and it seems appropriate for problems such as
this in which there is no reason to expect that the loglikelihood function is concave. The method works
well for our model; in particular, it is robust to large changes in the starting values of the parameters. On
the other hand, the method is slow, and in practice Newton’s method wo rks equally well (given
reasonable starting values), and much more quickly.14

5 Empirical Results
We condition on the estimated earnings distributions for each State and maximize the partial
likelihood to obtain estimates of the beh avioral parameters. W e set $ =.95, T = 40, and M = 2. We show
below that our m ain results are not very sensitive to these parameter settings.
Our basic results are shown in Table 2. We find that differences in expected income are a significant
determinant of migration decisions for this population. There are 5,767 person-years in the data, with 213
interstate moves. This is an annu al migration rate of 3.69% , and the first colum n in T able 2 matches this

14

Given reasona ble starting valu es (suc h as a fixed cost of m oving that ma tches the average migration rate, w ith
all other parameters set to zero), the maximal likelihood is typically reached within 60 hours, on a Pentium 4
machine. An example of our (FORTRA N90) computer program can be found at
www .ssc.wisc.edu/~jkennan/research/mbr21.f90 .
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rate by setting the probability of moving to each of J-1 locations to a constant value, namely

, with

J = 51.15 The nex t columns show that population size, distance, home and previous locatio ns and age all
have highly significant effects on migration. Local climate (represented by the annual number of heating
and cooling degree-days) is also significant. 16 Unobserved heterogeneity in moving costs is introduced by
allowing for two types, with one type treated as a pure stayer type (representing people with prohibitive
moving costs); little is gained by introducing additional types, or by replacing the stayer type with a type
with a high m oving cost. The last column show s the effect of income, controlling for these other effects,
using wag es adjusted for cost of living differences across States.17 These estimates are interpreted in the
following subsections.
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In other words the estimate of (0 solves the equation

; the solution is

(0 = log(277700) - log(39 7).
16

The number of States that are adjacent to an ocean is 23. We considered this as an additional amenity variable,
and also estimated mod els including a nnual rainfall, but found tha t these h ad virtually no effect.
17

The validity of the estimates is checked in Appendix B: the estimated coefficients were used to generate a
simulated data set, and the maximum likelihood procedure successfully recovered these coefficients from the
simulated data.
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Table 2: Interstate Migration of Youn g W hite Men (high school)
Disutility of Moving ((0 )

7.173

3.480

4.450

4.091

0.070

0.532

0.624

0.628

Distance ((1 )

0.619

0.574

0.597

(1000 m iles, State pop centroids)

0.106

0.112

0.113

Home Premium ( 6)

0.289

0.282

0.382

0.023

0.021

0.032

2.963

4.455

3.902

0.231

0.316

0.324

Population ((3 )

0.809

0.730

0.726

(10 million people)

0.135

0.133

0.138

Age

0.093

0.109

0.091

0.021

0.024

0.024

0.485

0

0.436

Previous Location ((2 )

Stay er Pro bability

0.057
Cooling degree-days

Heating degree-days

“Real” Income (")

0.061

0.114

0.100

0.149

0.022

0.019

0.024

0.021

0.018

0.029

0.009

0.007

0.010

-------

0.466

0.573

0.059

0.077

-1317.28

-1299.34

($10,000)
Loglikelihood

-1744.88

P2 (1) (Income)

-1321.31

51

Moving Cost (age 20, $2004)

43.948
-------

Observations

$269,159

5,767

Moves

213

Notes:
Estimated asym ptotic standard errors are given in italics below the coefficients.
The wage distribution s have 3 points of suppo rt.
Population is measured in units of 10 million people.

16

$195,214

5.1 Moving Costs and Preference Shocks
Since utility is linear in income, the estimated m ovin g cost can be converted to a dollar equivalent.
For a 20–year-old in the homogeneous model the cost is about $270,000, in 2004 dollars. The
interpretation is that the compensation needed to just offset the cost of a move is large: other things
equal, a lump-sum of $27 0,000 would be needed to fully compensate someone for all of the costs of a
move (including the psychic costs). 18 Of course full compensation means indifference across all
locations, implying a m igration rate of alm ost 100% if the number of alternative lo cation s is large.
Consider instead the effect of a $10,000 m igration subsidy, payable for every move, w ith no obligation to
stay in the new location for more than one period. This can be analyzed by simulating the model with a
reduction in (0 such that (0 /" falls by $10,000, and with the other param eters held fixed. W e estim ate
that such a subsidy would lead to a substantial increase in the interstate migration rate: from 3.7% to
about 5%.
It may seem that the large moving cost is an artifact of the specification of the model. For example,
in the absence of any moving cost, allowing preference shocks to be drawn randomly over J locations
implies a migration probability of (J-1)/J, so that with J = 51, nearly everybody moves every period. But
this just means that the moving cost must be large in relation to the preference shocks, with no
implication for the magnitude of the cost in relation to income. The first column of Table 2 shows how
large the fixed cost of moving has to be in relation to the preference shocks, in order to reduce the
migration rate from 50/51 to the observed rate of 3.7% , when all other influences on migration are
suppressed. The last column shows that the estimated moving cost is large in relation to the income
coefficient, even after allowing for the effects of population and distance and the home premium and
previous location.
To understand why the estimated moving cost is so big in relation to income, it is helpful to consider
an example in which income differentials and moving costs are the only influences on migration
decisions. Suppo se that income in each location is either high or low , and let )y be the difference
betw een the high and low incom e levels. Suppo se also that the realization of income in each location is
known. Then, using equation (?), the odds of moving are given by
(13)

(14)
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This refers to the cost of moving to a new location, ignoring the effect of population and distance. In the case
of a return move, the estimated moving cost is $88,260. The estimated cost of moving 1,000 miles to a State with a
population of 3 million is $283,447.
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where 8L is the probability of staying in one of J L low-income locations (and sim ilarly for 8H and JH ), and
where )V is the difference in expected continuation values between the low-income and high-income
locations. This difference is determined by the equation

(15)

For example, if $ = 0, then )V = ")y, wh ile if moving costs are prohibitive (exp(- (0 ) . 0), then

)V = ")y/(1-$).
These equations uniquely identify " and (0 (these parameters are in fact over-identified, because there
is also inform ation in the probabilities of moving to the same incom e level). 19 If (0 < $)V, then the odds
of moving from a low-income location are greater than J H to 1, and this is contrary to what is seen in the
data (for any plausible value of J H ). By making (0 a little bigger than $)V, and letting both of these be
large in relation to the preference shocks, the probability of moving from the low-income location can be
made sm all. But then the probability of movin g from the high-incom e location is almost zero, which is
not true in the data. In other words, if the probability of moving from a high-income location is not
negligible, then the preference shocks cannot be negligible, since a preference shock is the only reason for
making such a move.
The net cost of moving from a low-incom e location to a high-income location is (0 - $)V, while the
net cost of the reverse move is (0 + $)V. The cost difference is 2$)V, and equations (13) and (14) show
that $)V determines the difference between the migration probabilities from low-income and highincome locations. Thus $)V is identified by the difference between 8L and 8H ; this difference is sm all in
the data, so $)V m ust be sm all. The m agnitud e of (0 is then determined by the level of 8L and 8H , and
since these are close to 1 in the data, the implicatio n is that (0 is large, and that (0 is much larger than

$)V. Since $)V is roughly the present value of the difference in income levels, the upshot is that the
moving cost m ust be large in relation to income.
This argument can be illustrated by the following examples. Suppose J L = JH = 25 and )y = $3,000,
with $ = .9. If 8L = .95 and 8H = .97, then (0 = 7.14, and )V = .58, an d the implied m ovin g cost is

(0/" = $271,830. On the other hand if 8L = .5 and 8H = .99, then (0 = 7.78, )V = 5.06, and the implied
moving cost is only $19,636. We conclude that our moving cost estimate is large mainly because the
empirical relationship between current income and migration probabilities is weak. For example, the
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It is assum ed that 8L, 8H, J L, J H, )y and $ are given. Dividing (13) by (14) and rearranging terms yields a
quadratic equation in e$)V that has one positive root and one negative root. Since e$)V must be positive, this gives a
unique so lution for )V. Equation (13) then gives a unique solution for (0, and inserting these solutions into equation
(15) gives a unique solution for ".
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migration rate is about 6% for tho se in the low est wage category in our data, and about 3.3% for tho se in
the highest wage category.
There are of course potentially important influences on migration decisions that are not included in
our model, and one interpretation of the results is that, on average, the omitted variables strongly favor
staying in the current location. If this is so, a more complete model might yield a smaller estimate of the
moving cost. For example, there may be some components of wages that are known to the individual, but
not included in the model. If the wage distribution is mis-specified in this way, some of the apparent
gains available to a person with a low wage realization in the current location are illusory, and this tends
to bias the estimate of " toward zero.

5.2 Offered and Accepted W ages
The wage distribution seen in the data is the distribution of accepted wages, but we treat it as if it
were the distribution of offered wages. Our view is that this is likely to be a good approximation. The
migration rate is low. Many moves are not motivated by wages. So selection effects are not likely to be
big.
Using simulated data, we compared the distribution of wage offers with the distribution of accepted
wages, and found that selection effects are indeed small. There is some bias in the estimated age
coefficients in the wage equation, but it is not important. The wage distribution shifts slightly toward the
upper tail as the migration process plays out, but the low wage bin still has 29% of the observations after
15 years (instead of 33% ).

5.3 Go odness of Fit
In order to keep the state space man ageable, our model severely restricts the set of variables that are
allowed to affect migration decisions. Examples of omitted observable variables include duration in the
current location, and the number of moves made previously. In addition, there are of course unobserved
characteristics that might make som e peo ple m ore likely to move than others. T hus it is important to
check how w ell the model fits the data. In particular, since the model pays little attention to individual
histories, one might expect that it would have trouble fitting panel data.
One simple test of goodness of fit can be made by comparing the number of moves per person in the
data with the number predicted by the model. As a benchmark, we consider a binomial distribution with a
migration probability of 4.1% (the number of moves per person-year in the data). Table 3 shows the
predictions from this model: about 72% of the people never move, and of those who do move, about 16%
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move more than once.20 The NLSY data are quite different: more than 80% never move, and about 44%
of movers move more than once. A natural interpretation of this is mover-stayer heterogeneity: some
people are more likely to move than others, and these people account for more than their share of the
observed moves. We simulated the corresponding statistics for the model by starting 100 replicas of the
NL SY individu als in the observed initial locations, and using the mo del (with the estimated param eters
shown in Table 2) to generate a history for each replica, covering the number of periods observed for this
individual. In the case of the homogeneous model, using the parameter values in the penultimate column
in Table 2, the results match the data very well: although the proportion of p eople who never move is
slightly below the observed proportion, the proportion of movers who move more than once matches the
data very well. In this respect, the observables in the model do a good job of accounting for the
heterogeneous migration probabilities in the data. Oddly, allowing for unobserved heterogeneity (using
the parameter values in the last column of Table 2) leads to a substantial deterioration in the ability of the
model to fit this statistic.

Table 3: Go odness of Fit
Mo ves

Binomial

NLSY

Homogeneous

Two-Type

Mo del

Mo del

None

482.8

72.6%

544

81.80%

52,948

79.62%

54,546

82.00%

One

154.4

23.2%

57

8.57%

6,907

10.39%

4,853

7.30%

More

27.80

4.2%

64

9.62%

6645

9.99%

7121

10.71%

Proportion o f mov ers w ith

15.26%

52.89%

49.03%

59.47%

665

665

66500

66520

more than one move
Total observations

Return Migration
Table 4 summarizes the extent to which the model can reproduce the return migration patterns in the
data (the statistics in the Model column s refer to the simulated data sets used in Table 3).
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Since we have unbalanced panel data, the binomial probabilities are weighted by the distribution of years per
person.
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Table 4: Return M igration Statistics
NLSY

Homogeneous

Two-Type

Mo del

Model

Proportion of Movers who
Return home
Return elsewhere
Move on

33.8%
5.6%
60.6%

32.7%
6.8%
60.5%

33.8%
6.9%
59.3%

Proportion who ever
Leave Home
Move from not-home
Return from not-home

15.3%
41.7%
23.6%

15.7%
59.2%
30.8%

15.0%
42.5%
28.3%

The model attaches a premium to the hom e location, and this helps explain w hy people return hom e.
For example, in a model with no home premium, one would expect that the migration flow to any
particular location would be roughly :/(J-1), where : is the average migration rate. Given : = .0410 and
J = 51, this obviously does not match the observed return rate of 34%. The hom e premium also reduces
the chance of initially leaving home, although this effect is offset by the substantial discount on the cost
of returning to a previous location (including the hom e location): leaving home is less costly if a return
move is relatively cheap.
The simulated return migration rates data match the data reasonably well. The main discrepancy is
that the homogeneou s model substantially over-predicts the proportion who ever mo ve from an initial
location that is not their home location. That is, the model has trouble explaining w hy people seem so
attached to an initial location that is not their “home”. One potential explanation for this is that our
assignment of home locations (the State of residence at age 14) is too crude (in some cases the location at
age 20 may be more like a home location than the location at age 14). More generally, people are no
dou bt more likely to put down roo ts the longer they stay in a location, and our model does not captu re this
kind of duration dependence. Although the two-type model does a much better job of fitting this aspect
of the data, this improvement seems to distort the statistics on the number of moves per person, as was
seen in Table 3.

5.4 W hy are Youn ger People Mo re Likely to Move?
It is well known that the propensity to migrate falls with age (at least after age 25 or so). Table 5
replicates this finding fo r our sample of high -school m en. A standard human capital ex planation for this
age effect is that migration is an investment: if a higher income stream is available elsewhere, then the
sooner a move is m ade, the sooner the incom e gain is realized. M oreover, since the worklife is finite, a
21

move that is worthwhile for a young er worker might not be worthw hile for an older w orker, since there is
less time for the higher income stream to offset the mov ing cost (Sjaastad [1962]). In other words,
migrants are more likely to be young for the same reason that students are more likely to be young.
There are two effects here, and both are included in our model. Consider two locations paying
different wages, and suppose that workers are randomly assigned across these locations at birth. Then,
even if the horizon is infinite, the model predicts that the probability of moving from the low-wage to the
high-w age location is higher than the probability of a m ove in the other direction, so that eventually there
will be more w orkers in the high-wag e location. This implies that the (unconditional) migration rate must
be higher when workers are young.21 The human capital explanation also says that migration rates
decline with age because the horizon gets closer as workers get older. This is surely an important reason
for the difference in migration propensities between young adult workers and those within sight of
retirement. But the workers in our sample are all in their twenties or early thirties, and the prospect of
retirement seems unimportant for such workers. This suggests that the first part of the human capital
explanation m ust be the dominant force explaining why migration rates for 30-year-olds are substantially
lower than for 25-y ear-olds.
The results in Table 2 indicate that the human capital m odel does not fully explain the relationship
between age and migration. The model allows for the possibility that age has a direct effect on the cost of
migration, and this effect is indeed found in the data.22
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One way to see this is to consider the extrem e case in w hich there are no pre ferenc e shocks. In this case all
workers born in the low-wage location will move to the high-wage location at the first opportunity (if the wage
difference is big enough to offset the moving cost), and the migration rate will be zero from then on.
22

Marriage is of course a potentially important factor, but in order to deal with this we would have to double or
triple the size of the state space (de pending on whether w e distinguished betwee n divorced and single people).
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Table 5
Annual Interstate Migration Rates by Age and Current Location
Not At Home a

All

At Home

Age

N

Migration Rate

N

Migration Rate

N

Migration Rate

20

677

4.73%

74

21.62%

603

2.65%

21

637

4.87%

74

14.86%

563

3.55%

22

609

5.09%

81

19.75%

528

2.84%

23

569

3.51%

83

13.25%

486

1.85%

24

587

4.09%

83

15.66%

504

2.18%

25

533

4.69%

79

12.66%

454

3.30%

26

512

4.49%

80

17.50%

432

2.08%

27

465

1.94%

73

9.59%

392

0.51%

28

381

1.57%

57

5.26%

324

0.93%

29

307

1.63%

51

3.92%

256

1.17%

30

242

1.65%

38

7.89%

204

0.49%

31

149

2.01%

21

9.52%

128

0.78%

32

81

0.00%

12

0.00%

69

0.00%

33

18

0.00%

1

0.00%

17

0.00%

All

5,767

3.69%

807

13.38%

4,960

2.12%

a

At Home means living now in the State of residence at age 14.

5.5 Decomposing the Effects of Income on Migration Decisions
In ou r model, differences in wage distributions across States are due entirely to d ifferences in State
means. This raises the question of whether the estimated coefficients would be similar if wage dispersion
within States is ignored, and migration decisions are modeled as responses to differences in mean wages
across locations. At the other extreme, the w age distribution can be specified at the national level, with
no variation across States; in this case migration is motivated only by the prospect of getting a better draw
from the same wage distribution (g iven our assum ption that location match effects are permanent).
Results for these alternative specifications are shown in Table 6. The estim ated income coefficient is
significant even in the absence of within-State dispersion, and it is also significant even when all States
share the same wage distribution.
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Table 6: Alternative Income Specifications
Census

State Means

National

4.091

3.513

4.303

0.628

0.533

0.657

Distance

0.597

0.587

0.632

(1000 m iles)

0.113

0.107

0.114

Home Premium

0.382

0.294

0.384

0.032

0.024

0.032

Previous Location

3.902

3.049

4.232

(moving cost)

0.324

0.232

0.396

Population

0.726

0.764

0.785

0.138

0.135

0.138

0.091

0.093

0.095

0.024

0.021

0.024

0.436

0.478

0.411

0.061

0.057

0.069

0.149

0.136

0.108

0.024

0.024

0.023

0.029

0.027

0.017

0.010

0.009

0.010

Real Income

0.573

0.480

0.683

(ACCRA)

0.077

0.105

0.089

-1299.34

-1313.465

-1303.864

Disutility of Moving

Age

Stay er Pro bability

Cooling degree-days

Heating degree-days

Loglikelihood
N (person-years)

5,767

Moves

213

Notes:
The “State M eans” column assumes that there is no w age dispersion within States.
The “N ational” column assum es that wage distributions are identical in all States.
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5.6 Sen sitivity Analysis
Our empirical results are inevitably based on some more or less arb itrary model specification choices.
Table 7 explores the robustness of the results with respect to some of these choices. The general
conclusion is that the param eter estimates are robu st. In particular, the incom e coefficient estimate
remains positive and significant in all of our alternative specifications.
The results presented so far are based on w ages that are adjusted for cost of living differences across
locations. If these cost of living differences merely capitalize the value of amenity differences, then
unadjusted w ages should be used to measure the incentive to migrate. Results for this specification are
given in the fourth colum n of Table 7: the estimate of " is reduced by about 20%, with little effect on the
other coefficients, and the likelihood is lower. Thus in practice the theoretical ambiguity as to whether
wages sho uld be adjusted for cost of living differences does not have much effect on the empirical results:
either way, income significantly affects migration decisions.
The other alternative specifications in Table 7 are concerned with sensitivity of the estimates to the
discount factor ( $). Reducing $ to .90 has a noticeable effect on the utility flow parameters (i.e. the home
premium and the income coefficient), with hardly any effect on the moving cost parameters. Although a
5% annual real interest rate is arguably more plausible than a 10% rate, the likelihood is slightly higher
when $ is set at .90.
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Table 7: Alternative Specifications
Baseline

No Cola

$ = .9

$ = .975

4.091

3.716

3.826

4.177

0.628

0.583

0.632

0.624

Distance

0.597

0.653

0.650

0.5739

(1000 m iles)

0.113

0.111

0.119

0.110

Home Premium

0.382

0.369

0.527

0.306

0.032

0.032

0.039

0.030

Previous Location

3.902

0.697

0.757

0.660

(moving cost)

0.324

0.136

0.143

0.137

Population

0.726

0.089

0.099

0.087

0.138

0.022

0.025

0.023

0.091

0.162

0.205

0.124

0.024

0.023

0.035

0.020

0.436

3.402

3.797

3.958

0.061

0.285

0.313

0.314

0.149

0.030

0.038

0.022

0.024

0.008

0.014

0.008

0.029

0.473

0.400

0.500

0.010

0.054

0.065

0.057

Real Income

0.573

0.378

0.805

0.431

(ACCRA)

0.077

0.064

0.113

0.061

-1299.34

-1308.15

-1298.99

-1301.44

Disutility of Moving

Age

Stay er Pro bability

Cooling degree-days

Heating degree-days

Loglikelihood
N (person-years)

5,767

Moves

213

Notes:
The estim ates in columns 2-4 are no t quite final.
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6 Spatial Labor Supply Elasticities
We use the estimated model to analyze short-run responses to local labor demand shocks, modeled as
shifts in mean w ages, for selected States. W e are interested in the magnitudes of the migration flow s in
response to local wage changes, and in the timing of these responses.
We take a set of 10,000 people, with 100 replicas of each person, distributed over States as in the
Census data, We assume that each person is initially in the home State, at age 20, and simulate 15-year
histories. We consider responses to 10% increases and decreases in wages, in selected States. First, we
simu late baseline migration decisions using the actual Cen sus w age distribution s described previou sly.
Then we increase or decrease the mean wage in a single State by 10%, and compare the migration
decisions induced by these wages with the baseline.
Figure XX shows the results for California, Florida
and New York, using a model with no climate variables
included. The supply elasticities are large: between 0.6
and 1.1. Somewhat surprisingly, they are not
symm etric, and there are noticeable differences across
States. The adju stment is gradual, but it is largely
completed in 10 years.

Figure Y Y sh ows the effects of introducing climate
variables. This does not make much difference for
California or New York, but the results for Florida
change dramatically, especially for the case of a wage
increase. The reason for this is not clear. One
possibility is that high wages in Florida, in combination
with a highly desirable climate, have the effect of
making Florida the destination of choice for people
who draw a large adverse shock in their current
location. It m ay be that at the w age levels observed in the data, Florid a is close to this level, and is
attracting more than its sh are of migrants; a 10% wage increase then makes F lorida really stand out, w hile
a 10% decrease m eans that Florida sinks back into line w ith other destinations.

27

7 Conclusion
We have developed a tractable econometric model of optimal migration in response to income
differentials across locations. The model improves on previous work in two respects: it covers optimal
sequences of location decisions (rather than a single once-for-all choice), and it allows for many
alternative location choices. Migration decisions are made so as to maximize the expected present value
of lifetim e inco me, but these decisions are modified by the influence of unobserved locatio n-specific
preference shocks. B ecause the num ber of locations is too large to allow the complete dy nam ic
programming problem to be modeled, we adopt an approximation that truncates the amount of
information available to the decision-m aker. The practical effect of this is that the decisions of a
relatively small set of people who have made an unusually large num ber of moves are modeled less
accurately than they would be in the (computationally infeasible) complete m odel.
Our empirical results show a significant effect of expected income differences on interstate migration,
for white male high school graduates in the NLSY . Our results can be interpreted in terms of optimal
search for the best geographic match. In particular, we find that the relationship between income and
migration is largely driven by a negative effect of income in the current location on the probability of outmigration: workers who get a good draw in their current location tend to stay, while those who get a bad
draw tend to leave.
The main limitations of our model are those imposed by the discrete dynamic programming structure:
given the large num ber of alternative location choices, the number of dynamic programming states must
be severely restricted for computational reasons. Goodness of fit tests indicate that the model
nevertheless fits the data reasonably well. It would be very useful to extend the model to include marital
status as a state variable, and this is probably feasible. From an econo mic point of view, the most
important limitation of the model is that it imposes restrictions on the wage process implying that
indiv idual fixed effects and movem ents along the age-earn ings profile do not affect m igration decisions.
A less restrictive specification of the wage process would be highly desirable.
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Appendix A: Signal Extraction
Lemma A1
Suppose {y j} mj =1 is a set of random variables, w ith

where 0 and {u j} are independent and norm ally distributed, with zero mean, and variances F02 and V j.
Then the conditional distribution of 0, given {y j}, is normal, with mean 0̂ and variance ", where

and

Proof
We will show that E(0- 0̂)y j = 0, for each j. Since the compon ents are normally distributed, this
implies that 0- 0̂ and y j are independent, so E(0- 0̂) | y j = E(0- 0̂) = 0.
First, E 0y j = F02. Consider the correlation E 0̂y j for an arbitrary choice of j, say j = 1:

The definition of " implies that

Thus
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So E(0- 0̂)y j = 0, for each i. This prov es that 0̂ is the co nditional m ean. To determ ine the variance, write

Then

Lemma A2
Suppose {y j} mj =1 is a set of random variables, w ith

where 0, { Lj} and {gj} are independent and norm ally distributed, with zero mean, and variances F02, F2L and
Jj, repectively. Then the expectation of Lj, conditional on {yk}, is given by

where V j = F2L + Jj.
Proof
We will show that E(Lj- L̂j) y k = 0, for all j and k. First, E Lj y k = 0 for k

Using the argument of the previous lemma, with uj = Lj + gj , we have
k

j, and E L̂j y j = F2L.
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j, and E Lj y j = F2L. Nex t,

. Thus E L̂j y k = 0 for

