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1 Introduction

It is widely believed that concern for their children and grandchildren, as well as members of gen-
erations even further removed, motivates migrants to bear the financial, social and psychological
costs of leaving home. However, there has been little work to quantify the influence of such in-
tergenerational altruism on the propensity to migrate. In this paper, I estimate an intergenerational
model of the migration decision during the African American Great Migration, a period spanning
1915-1970 during which millions of blacks left their birthplaces in the Southern US in favor of
cities in the North (see Tolnay, 2003 for a comprehensive review). My preferred estimates suggest
that intergenerational altruism explains between 20 and 40% of the migration observed during this
period, depending on the generation.

The Great Migration is an ideal environment in which to study the relationship between altru-
ism and migration. It was both large and long lasting, with an estimated four million Southern-
born blacks living in the Northern US by 1980 (Tolnay, 2003). While the North offered the hope
of greater opportunity, both economic and other (Tolnay, 2003; Collins and Wanamaker, 2014),
Northward migration was surely a difficult and expensive undertaking. This raises the possibil-
ity that the welfare of future generations figured heavily in the balance of costs and benefits that
Southern blacks considered when deciding whether to migrate. Finally, in the context of the Great
Migration, the role of intergenerational altruism is not an abstraction. We know from first-hand
accounts that some migrants were overtly motivated by the promise of better opportunities for their
children. For example, as Ella Lee, who migrated from Louisiana to Philadelphia in 1929, explains
(Smucker and Hardy, 2018):1

I was led to believe that my children could get somewhat a better education here than
they could there and I hoped for them to have a better education than myself.

Beulah Collins, who around 1918 migrated from Maryland to Delaware before eventually moving
to Philadelphia, had a similar motivation for migrating (Smucker and Hardy, 2018):2

My boy was young . . . and I saw people had better chance for education up here than
what we had down there, and I wanted my boy to have an education.

The remaining question, and the one answered here, is the relative importance of intergener-
ational altruism—to what extent did altruism make migration more likely or, equivalently, what
fraction of observed migrations would not have taken place absent altruism towards future gener-
ations?

1See minute 2:00 of the interview and transcript available at minute 2:00 of the interview available at
https://goinnorth.org/ella-lee-interview.

2See minute 6:00 of the interview and transcript available at https://goinnorth.org/beulah-collins-interview-1983.
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Many studies have examined intergenerational dimensions of migration. In an early contribu-
tion, Chiswick (1977) finds that second-generation immigrants fare better in the labor market than
their parents and children. Borjas (1993) develops and tests a model of dynastic selection into
migration, finding evidence of negative selection among second-generation immigrations whose
parents hail from countries with high income inequality. Deutsch, Epstein and Lecker (2006) ar-
gue that the intergenerational earnings patterns first identified by Chiswick can be explained by
reciprocal parent-child altruism and show that, consistent with their theoretical model, the differ-
ences in earnings across successive generations of immigrants to Israel cannot be explained by
differences in observable characteristics. Caponi (2011) develops an intergenerational structural
model of the migration decision, finding that altruism helps explain why second-generation immi-
grants accumulate more human capital than their first- and third-generation counterparts.

There is also a small literature on whether altruism motivates migration. Tcha (1995, 1996)
develops and tests models with reciprocal altruism, finding that they improve the ability to explain
rural-urban migrant flows in Korea and the US. Berman and Rzakhanov (2000) test their hypoth-
esis that immigrants are self-selected on intergenerational altruism using data on the fertility of
Eastern European immigrants after a policy change that dramatically increased access to Israel.
The relationship between altruism and migration has also been investigated in the context of re-
mittances (see, e.g., Lucas and Stark, 1985; Shen, Docquier and Rapoport, 2009). Papers in this
strand of the literature present models in which some agents are willing to migrate in order to remit
portions of their earnings back to family members in the source country.

This paper also adds to a large literature on the causes and consequences of the African Amer-
ican Great Migration itself. Early work (see, e.g. Smith and Welch, 1989) showed that the Great
Migration played an important role in black-white wage convergence during the early 20th century.
Furthermore, recent work by Collins and Wanamaker (2014) suggests that unobserved skill differ-
ences between migrants and nonmigrants do not explain the observed wage premiums for black
migrants, putting to rest a long-standing question of whether Southern blacks truly faced economic
incentives to migrate (especially in the face of research by Boustan 2009 and Gardner 2016 that
inflows of black immigrants from the South put downward pressure on the wages of blacks already
living in the North). There has also been considerable interest in the timing of the Great Migration.
Carrington et al. (1996) and Chay and Munshi (2015) argue that social connections to existing
immigrants explain the sudden start of Northward migration, while Collins (1997), emphasizing
economic incentives, argues that hiring practices in the North that were unfavorable to blacks helps
explain why the Great Migration did not begin earlier.

The broader migration literature suggests that migration is an important source of intergenera-
tional dynamics in economic outcomes, and one that may be motivated in part by altruism towards
future generations. However, it tells us little about how much intergenerational altruism affects mi-
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grant flows.3 Similarly, while we know that the economic gains to the Great Migrants themselves
were large, we do not the extent to which their decisions to migrate were driven by the hope that
future generations would also be able to reap those gains. To provide insight into these questions, I
use intergenerational panel data on three generations of black American families to estimate a sim-
plified Barro-Becker (1989, c.f. Becker and Tomes, 1986; Becker and Barro, 1988) model in which
parents view the residential location decision in part as an investment in future generations. The
estimated parameters of the model allow me to compute the counterfactual probabilities of North-
ward migration among Southern-born blacks that would arise if the migration decision were made
only on the basis of current-generation utility—that is, if parents neglected future generations’ wel-
fare when making residential location choices. In turn, comparing observed with counterfactually
myopic migration probabilities allows me to estimate the effect of intergenerational altruism on
the propensity to migrate.

Estimates of my simplest specification imply that intergenerational altruism increased the prob-
ability of migrating North from 10% to 13% for members of the first Southern-born generation
of my sample, and from 12% to 13% for members of the second. These estimates imply that
most Southerners would not have migrated regardless of their altruism towards future generations.
Furthermore, descriptive regressions show that observable characteristics have limited ability to
explain the migrations that did occur. Accordingly, I also estimate models that allow location
preferences to depend on unobserved state variables. These models imply that most Northward
migrations were undertaken by members of families with strong unobserved preferences for the
North, among whom altruism is much more influential. I find that intergenerational altruism in-
creased the probability of migrating by an average of about 16 percentage points for members of
this subpopulation (from 22% to 38% among for the first generation and from 50% to 66% for the
second), implying that altruism explains between 24 and 42% of the observed migrations, depend-
ing on the generation. Though in theory intergenerational altruism can encourage some parents to
move while discouraging others, I show that the effect of altruism on the probability of migrating
is primarily positive.

2 Theoretical motivation

The conceptual approach that this paper uses to identify the influence of intergenerational altruism
on the propensity to migrate proceeds in two steps. First, I estimate a dynamic model of residential
location choice in which Southern-born individuals decide whether to remain in the South or mi-

3One explanation for the paucity of evidence on the magnitude of this effect is that, because intergenerational altru-
ism is not directly observable, inferring its effects requires both a behavioral model of the intergenerational migration
decision and data sufficiently rich to permit identification of the model.
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grate to the North, taking the effect of their decision on the welfare and location decisions of future
generations into account. Second, I use the estimated parameters of the model to ask how each
generation’s location decisions would have differed if they myopically ignored future generations’
welfare when making their own residential location decisions.

A simple model helps motivate the idea behind this approach, clarify key concepts, and estab-
lish notation. The focus here is on the underlying idea; I detail my specific empirical implemen-
tation below. Let g ∈ {1,2, . . .} index generations of a dynasty or family and l ∈ {s,n} denote the
choice of South or North. Suppose that generation g of the dynasty is born in location bg ∈ {s,n}
and endowed with observed characteristics xg and idiosyncratic (that is, uncorrelated across gen-
erations) and additively separable preferences εlg over locations. Beginning with generation g, the
decision problem facing the dynasty is to choose a sequence (lg, lg+1, . . .) of residential locations
to solve

max
lg,lg+1,...

󰀫
Eg

∞

∑
h=g

λ h−g[ulh(xh,bh)+ εlh]

󰀬
, (1)

where ulg is the deterministic part of the flow utility accruing to generation g in location l, λ ∈ (0,1)
is the intergenerational discount factor or rate of intergenerational altruism, the expectation is taken
with respect to information known to generation g, and I assume for simplicity that each generation
has one child (an assumption which I relax in estimation). For reasons discussed below, this model
abstracts away from decisions that individual generations of a dynasty make over the course of
their lives, so that ulg represents the lifetime utility accruing to generation g from living in location
l.

The somewhat unwieldy problem of simultaneously choosing the optimal locations (lg, lg+1, . . .)

for each generation becomes easier to analyze when it is transformed into a sequence of generation-
specific location choices, made under the assumption that future generations choose their locations
optimally. To this end, let (l∗g , l

∗
g+1, . . .) solve (1), and denote the maximized solution to this prob-

lem by the value function

V (xg,bg) = Eg

󰀫
∞

∑
h=g

∑
l∈{s,n}

λ h−g1(l∗h = l)[ulh(xh,bh)+ εlh]

󰀬
, (2)

where 1(·) is the indicator function. Finally, assume that the state variables xg evolve according to
a first-order Markov process and let the conditional valuation function

vlg(xg,bg) = ulg(xg,bg)+λE[V (xg+1,bg+1 = lg)|xg,bg] (3)

represent the total utility accruing to generation g from choosing location l, net of the idiosyncratic
preference component εlg, under the assumption that after g chooses l all future generations choose
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their locations optimally. Then the decision facing generation g can be expressed simply as

max
l∈{s,n}

[vlg(xg,bg)+ εlg] (4)

and the value function can be obtained recursively through

E[V (xg,bg)] = E
󰀝

max
l∈{s,n}

[vlg(xg,bg)+ εlg]

󰀞
. (5)

Within this framework, a natural measure of the influence of intergenerational altruism on mi-
gration is the difference between the migration probabilities of altruistic agents and the implied
migration probabilities that would obtain if those same agents myopically ignored future genera-
tions’ welfare when making their own residential location decisions. This average difference can
be expressed as

∆(xg,bg = s) = E
󰀋

1[vng(xg,bg = s)+ εng > vsg(xg,bg = s)+ εsg]

−1[ung(xg,bg = s)+ εng > usg(xg,bg = s)+ εsg]
󰀌
. (6)

The effect of intergenerational altruism on migration, thus measured, operates through the de-
pendence of the conditional valuation functions on birth location. If the utility of migrating to a
location differs from the utility of residing there [i.e., if ulg(xg,bg = l) ∕= ulg(xg,bg = l′)], perhaps
because moving is costly (or equivalently, because location preferences depend on birthplace),
parents may migrate to their own detriment to spare future generations the cost of doing so. Al-
ternatively, parents may avoid migrating, again to their own detriment, to spare future generations
who may not share their location preferences a burdensome choice between remaining in a location
for which they are poorly suited or migrating back.

3 Data

Because some of the modeling choices that I make are motivated by data availability, it is use-
ful to begin with a description of the available data and their advantages and disadvantages. My
implementation draws on data from the Three-Generation National Survey of Black American
Families (Jackson and Tucker, 1997), a nationally-representative survey of black American fami-
lies conducted between 1978 and 1981. These data consist of cross-sectional responses to the same
survey questions from members of three different generations (one grandparent, one parent, and
one child) of a total of 510 families. The primary advantage of this dataset is its intergenerational
structure, which allows me to follow these families through almost the entire Great Migration

5



period (as I discuss below, the intergenerational panel structure is also useful for identifying mod-
els with unobserved heterogeneity; see Kasahara and Shimotsu, 2009 and Hu and Shum, 2012).
The data also contain important demographic variables, including state of birth, state of residence
when surveyed, age, gender, educational attainment, and fertility.4 However, their retrospective
cross-sectional nature means that the data are not informative about the timing of variables such
as migration, education, or fertility, precluding me from embedding a dynamic life-cycle model
within the broader dynastic framework. In addition, because the survey focuses on sociological
questions, data on earnings and employment are limited and often missing.

At the time the surveys were administered, some younger third-generation respondents may
have had incomplete histories of education, fertility, and migration. The modest sample size
presents a tradeoff between standardizing on ages to ensure that third-generation respondents have
complete demographic histories and retaining enough data to permit meaningful inference. Any
right-censoring likely understates the probability of migrating among third-generation respondents,
and hence the relationship between migration and their observed characteristics. Keeping the likely
direction of any resulting bias in mind, I err on the side of inclusion, omitting only third-generation
respondents who were younger than 18 when surveyed.

After performing these sample selections, I am left with 1,099 observations from members of
443 families (or 916 observations from the 370 families for whom all members meet the sample
requirements). Table 1 provides sample characteristics for these observations. The median respon-
dent from the first generation was born in 1910 and 70 years old when the survey was administered.
The median second-generation respondent was born in 1933 and 47 years old at the time of the
survey. The median third-generation respondent was born in 1954 and was 24.5 when surveyed.
Members of the first and second generations are substantially more likely to be female, almost
certainly a consequence of higher mortality among men. I return to this point, which suggests that
the sample distribution of gender does not accurately reflect the population distribution earlier in
life, in Section 4.4.

The summary statistics in Table 1 also provide a sense of the likelihood of Northward migra-
tion. Averaging across generations, 86% of individuals choose to remain in the South. Members
of the second generation are about 7% more likely to migrate than the sample average, although
the similarity between the migration behavior of first- and third-generation respondents may par-

4I code respondents’ current and birth locations as Southern according to the Census Bureau’s definition of the
Southern region. According to this definition, Alabama, Arkansas, Delaware, Florida, Georgia, Kentucky, Louisiana,
Maryland, Mississippi, North Carolina, Oklahoma, South Carolina, Tennessee, Texas, Virginia and West Virginia
are Southern states. I code all other locations within the US as belonging to the North. I then classify Southern-born
respondents as migrants if they lived in the North at the time of the survey. Because the data do not contain information
on the timing of migration, it is unavoidably possible under this scheme that the actual migration decision was made
by respondents’ parents.
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tially owe to the younger ages at which the latter were interviewed.5 Unsurprisingly, the table
also shows that successive generations obtained more education, with median years of completed
schooling increasing from 7 to 11 to 12 across the three generations. Similarly, the median number
of children declines from 6 to 4 to 1, though right-censoring among the third generation probably
impacts the observed rates of change in education and fertility.

To provide preliminary evidence on how key covariates are related to location preferences,
I present in Table 2 a series of linear models of the probability that a Southern-born individual
migrates North. For simplicity, these models use binary measures of education (an indicator for
having above the generation-specific median years of schooling) and fertility (an indicator for hav-
ing greater than the median number of children); using full sets of education and fertility indicators
produces similar results. In the first specification, which pools observations from all three genera-
tions, education is the only statistically significant predictor of migration. The covariates included
in this regression only explain about 1% of the variation in migration. The second specification
interacts the regressors with time, revealing some intergenerational heterogeneity in how they re-
late to migration. These generation-specific regressors still only explain about 3% of the variation
in migration. For the third specification, which includes all interactions between time, gender,
education, and fertility, the R2 only increases to .04. The low predictive power of human capital
and fertility—arguably two of the most important choices made over the life cycle—shows that
the migration decision is highly idiosyncratic and made in large part on the basis of factors not
observed in the data.

4 Specification, identification, and estimation

To provide robust evidence on the effect of intergenerational altruism on Northward migration, I
estimate a series of models of the decision to remain in the South or migrate North during the
Great Migration period. While the models that I estimate differ in their implementation details, the
common structure that they follow is motivated by empirical aspects of the Great Migration and
the conditions necessary to identify the components of the models.

4.1 The intergenerational environment

After omitting observations with missing values for the key covariates, there are only 11 North-
South migrations, making it virtually impossible to model the location decision problem for those
born in the North. Instead, I model the decision of Southern-born agents to remain in the South or

5These modest migration rates are not at odds with the notion that Northward migration was widespread. Although
a relatively small fraction of any given generation migrated North, overall about 35% of families eventually left the
South; this figure is roughly comparable to outmigration rates documented elsewhere (see, for example, Tolnay, 2003).
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migrate North under the assumption that the North is absorbing—after a Northward migration, all
future generations remain in the North, effectively terminating the dynamic decision problem. For
this reason, I also omit respondents who were born in the North.6

As Tolnay (2003) notes, the Great Migration was effectively over by the mid 1970s, rendering
the dynamic residential location decision problem faced by Southerners during this period nonsta-
tionary. To model this nonstationarity, I assume that forces such as the Civil Rights Movement
and the interregional diffusion of labor, capital, and technology brought the Northern and Southern
labor markets into a steady-state equilibrium, leaving agents indifferent between living in either
location. In this case, after the 1970s (which corresponds roughly to the fourth generation in my
dataset), Southern- and Northern-born agents would have faced the same expected lifetime utility
after accounting for moving costs, eliminating the dynamic aspect of the location choice problem.7

To interpret intergenerational altruism in a dynastic model, I assume that children’s endow-
ments are not fully realized until they have matured to adulthood, at which point parents receive
utility from the welfare of their children. Accordingly, I set the intergenerational discount factor
λ to .9525 ≈ .28. This value is in line with those used in other studies. Caponi (2011), study-
ing Mexican immigration between 1994 and 2008, assumes a value of .961530 ≈ .31. Glover and
Heathcote (2011) use wealth data during the Great Recession period to calibrate a parameter of .31.
In an empirical model of educational investment in children, Heckman and Raut (2016) estimate a
parameter of .44. Though, to avoid overstating the influence of altruism on migration, I use a value
on the low end of those in other studies, I show in Section 5 that my estimates are (at least locally)
insensitive to the assumed rate of intergenerational altruism.8

In the theoretical framework outlined above, I make the simplifying assumption that each gen-
eration has exactly one child. This is obviously unrealistic, and fertility may alter the incentives
to migrate both by changing the cost of migrating and by increasing the number of potential fu-

6This is not a strong assumption. The lack of return migration necessarily means that residents of the North either
have preferences for living there, or face costs of Southward migration, that approach infinity. Treating the North as
absorbing simply obviates the need to estimate these extreme parameters.

7Although assumption is clearly stylized, it is also consistent with the observation that widespread Northward
migration had come to an end by the mid 1970s. This assumption does not require that there were no regional
differences in expected lifetime utility. For example, it allows for the possibility that the North continued to offer
greater economic opportunities that were offset by strong family and community ties to the South. It also allows for
the possibility that there were realized North-South differences in utility, despite agents’ expectations that utility would
equilibrate between the two regions.

8Using a calibrated discount factor is standard practice (see Magnac and Thesmar, 2002; Arcidiacono and Miller,
2017). Because the steady-state assumption is equivalent to a finite time horizon, the discount factor can technically be
identified under the assumption that the flow utility functions are stable across time, though identification in this case
is achieved only tentatively through the nonlinear manner in which the discount factor enters the likelihood function.
In contrast, models such as that in Heckman and Raut (2016) recover altruistic preferences directly when parents
make investments that can only benefit them through their children, making them much better suited to estimate the
altruism parameter. Hence, the results in this paper can be interpreted as answering the question, given a rate of
intergenerational altruism consistent with prior research, what is the implied effect of altruism on migration?
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ture beneficiaries of each generation’s location decision. At the same time, while the descriptive
statistics in Table 1 show a clear decline in mean fertility over time, it is unlikely that members
of earlier generations derived more utility from the welfare of their children, grandchildren, etc.
To capture the changing tradeoff between the quantity and quality of children simply, I define
a fertility indicator fg for whether the number of children kg born to generation g is above the
generation-specific median k̃g. I then calculate the ratio µg = E(kg|k > k̃g)/E(kg|k ≤ kg) of chil-
dren between those above and below the median and inflate the intergenerational discount factor
for relatively fertile members of each generation by µg (that is, I discount the future by an effective
rate of [(1− fg)+ fgµg]λ ).

4.2 Flow utility functions

As Magnac and Thesmar (2002) note, while dynamic discrete choice models are generically under-
identified, given a discount factor and a distribution governing the idiosyncratic preference terms,
the differences in the flow utility functions are identified under relatively weak conditions. Accord-
ingly, I assume that the εlg are iid draws from a Type I Extreme Value distribution and normalize
the deterministic component of the utility of the South to zero, so that the total utility of living in
the South is usg(xg,bg)+ εsg = εsg for all g.9 I then parameterize the flow utility of living in the
North using variations on the primary specification

ung(xg,bg)+ εng = x′gβ − c ·1(bg = s)+ εng, (7)

where xg is a vector of observable characteristics, β is a vector of parameters, and c is the cost of
migrating from the South to the North.10

As I note above, because the data do not contain information on the timing of the migration,
education, and fertility decisions, it is not possible to model these decisions both within and across
generations. Accordingly, the flow utility functions ulg(xg,bg) represent the lifetime utility accru-
ing to a member of generation g from living in location l. To capture the relationship between
migration and other important life-cycle decisions such as human capital accumulation and fer-
tility, I include in xg indicators eg and fg for having above the generation-specific mean years of
education and number of children (as I discuss below, I discretize these measures in order to esti-
mate with greater precision how they evolve from parent to child).11 To allow for the possibility

9The use of the Type I Extreme Value distribution is common because it generates analytical expressions for the
conditional valuation functions; in the static case, it is equivalent to using a logit model.

10In principle it is possible to allow the cost of migration to depend on the covariates. In practice, the lack of power
of the covariates to explain observed migrations means that these covariate-specific costs are not well identified.

11Although they are likely choice variables, I treat education and fertility as exogenously endowed in order to focus
on the migration decision. Note however that jointly choosing education, fertility and location is equivalent to choosing
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that the likelihood of Northward migration differs by gender (for example because men face a
higher regional wage difference or have greater bargaining power over location choices), I also
include an indicator mg for being male. In addition, my primary specification includes a linear
intergenerational time trend that allows the attractiveness of the North to change over time. The
coefficients on these variables should be viewed as “reduced-form structural” parameters that re-
flect geographic differences in real wages as well as regional amenities and other non-pecuniary
preferences.

In any model of migration, disentangling moving costs from pure location preferences requires
some sort of normalization. This is particularly true when migration terminates the dynamic de-
cision problem, since in this case moving costs cannot be identified by comparing the location
choices of otherwise-similar individuals born in different locations. In my model, the cost of mov-
ing is identified by variation in the behavior of otherwise-similar members of different generations
under the assumption that the parameters of the current utility functions are stable over time (that
is, β and c are not indexed by g).12 Although this assumption is restrictive, the finite time hori-
zon of the model and the inclusion of an intergenerational time trend (and in some specifications,
an interaction between time and the migration cost) allows location preferences to vary across
generations.

4.3 Conditional valuation functions

Under the assumption that the North is an absorbing state, all Northern-born residents remain in
the North with probability one, receiving expected flow utility of

E[ung(xg,bg = n)+ εng|xg,bg = n] = ung(xg,bg = n)+ γ, (8)

where γ ≈ .5772 is Euler’s constant. One consequence of this is that it suffices to consider only
the location decisions of Southern-born individuals when estimating the parameters of the model.
Another consequence is that the conditional valuation function associated with migrating North

education and fertility with the understanding that the optimal location will depend on these choices.
12To see this formally, consider a simplified model without covariates in which ung(bg) = β0 − c1(bg = s) and

usg = 0. Since the dynamic decision problem ends after the third generation, the North-South difference in conditional
valuation functions for Southern-born members of the third generation is vn3(s)− vs3(s) = β0 − c. Since the North
is an absorbing state, it follows from properties of the Type I Extreme Value distribution (see, e.g., Rust, 1987)
that for the second generation this difference is vn2(s)− vs2(s) = un2(s)+λE[V3(n)−V2(s)] = β0 − c+λ{β0 + γ −
log[1+ exp(β0 − c)]− γ}, where γ ≈ .5772 is Euler’s constant. Since β0 appears in the vl2 independently of the
β0 − c term (and since the probability that generation g migrates is the same as the probability that vng > vsg) the
latter can be identified from maximum likelihood on the third generation and the former from maximum likelihood
on the second. Note that, by this logic, λ is technically identified from maximum likelihood on v1n(s)− v1s(s) =
β0 − c+(λ +λ 2)(β0 + γ)−λ{log[exp(vn2(s))+ exp(vs2(s))]}, though only through the nonlinear way that it enters
into this function.
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for any Southern-born generation is simply

vng(xg,bg = s) = ung(xg,bg = s)

+E

󰀫
2

∑
h=g

[(1− fh)+ fhµh]λ h+1−g[un,h+1(xh+1,bh+1 = n)+ γ]
󰀏󰀏xg,bg = s

󰀬
. (9)

Furthermore, under the assumption that the North and South reached a steady-state equilibrium
by the fourth generation, the decision problem facing members of the third generation is static, so
that

vl3(x3,b3) = ul3(x3,b3) (10)

for all x3, b3, and l ∈ {s,n}. Combining these observations, for Southern-born members of gener-
ations g < 3 we also have that

vsg(xg,bg = s) = usg(xg,bg = s)+ [(1− fg)+ fgµg]λE
󰀗

max
l∈{s,n}

vl,g+1(xg+1,bg+1 = s)|xg,bg = s
󰀘

= usg(xg,bg = s)

+ [(1− fg)+ fgµg]λE

󰀥
log

󰀣

∑
l∈{s,n}

exp[vl,g+1(xg+1,bg+1 = s)]

󰀤
+ γ

󰀏󰀏󰀏󰀏xg,bg = s

󰀦
,

where the second equality follows from the assumption that the εlg are draws from a Type I Extreme
Value distribution (Rust, 1987).

4.4 State transitions

Representing the conditional valuation functions, which involve expectations of future value terms,
requires knowledge of the transitions fg+1|g(xg+1|xg) between the observed state variables. Esti-
mating these transitions poses two challenges. First, the samples for each generation are somewhat
small, making it difficult to estimate transitions between a large number of state variables with
any precision. To maximize the sizes of the samples available to estimate the transitions, I use
discretized measures of education and fertility and pool Northern- and Southern-born individu-
als. Second, the overrepresentation of women in the samples of older generations means that the
observed transitions do not reflect the actual transitions between gender, fertility, and education
states. To address this problem, I first specify the probability that generation g+ 1 belongs to
fertility-education state x̃g+1 ∈ {1, . . . ,4} conditional on an indicator mg+1 for whether generation
g+ 1 is male and indicators fg and eg for generation g’s relative fertility and education using the
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generation-specific multinomial logit structure

P(x̃g+1 = k|mg+1, fg,kg) =
exp(ρk0g +ρk1gmg+1 +ρk2g fg +ρk3geg)

∑4
j=1 exp(ρ j0g +ρ j1gmg+1 +ρ j2g fg +ρ j3geg)

, (11)

for g ∈ 1,2.13 I then assume that male and female children are equally likely and compute the
transitions between each of the eight gender, fertility, and education states xg+1 ∈ {1, . . . ,8} as

fg+1|g(xg+1|xg) = fg+1|g(x̃g+1,mg+1|xg) = .5P(x̃g+1|mg+1, fg,kg). (12)

4.5 Estimation

Let θ = (β ,ρ) denote the parameters of the model (that is, the parameters of the flow-utility and
state-transition functions, respectively). Given the assumptions that the North is an absorbing state
and that the εlg are iid, the likelihood of observing a family’s sequence of location decisions and
observable characteristics, conditional on the observable characteristics of the first Southern-born
generation, is

ℓ
󰀃
l1,{xg, lg}3

g=2|x1,b1 = s;θ
󰀄
= P(l1|x1,b1 = s;θ) f2|1(x2|x1;ρ)

×P(l2|x2,b2 = s;θ) f3|2(x3|x2;ρ)P(l3|x3,b3 = s;θ),

which upon taking logs becomes

log
󰀅
ℓ
󰀃
l1,{xg, lg}3

g=2|x1,b1 = s;θ
󰀄󰀆

=
3

∑
g=1

log[P(lg|xg,bg = s;θ)]

+
2

∑
g=1

log[ fg+1|g(xg+1|xg;ρ)]. (13)

The additive separability of the fg+1|g terms in (13) implies that ρ can be estimated in a first
step via the multinomial logit model defined in (11). The estimated transition functions, presented
in Appendix Tables 7 and 8, agree with common sense. For example, male children born to first-
generation parents are most likely to share their parents’ (relative) education and fertility, with the

13I include the gender of generation g+ 1 in order to allow for the possibility that transitions from parent to child
differ for male and female children. Ideally, the transition structure would allow both the mother’s and father’s state
variables to influence those of the child. Unfortunately, this is not possible with my data, which only report education
and fertility for either the mother or the father. To test the sensitivity of my results to this modeling choice, I have also
estimated versions of the models presented below that either completely omit gender (and hence implicitly average
over males and females) or allow for the state transitions to depend on the gender of the parent as well as the child.
These extensions do not alter the substantive conclusions of the paper.
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exception of those born to high-education, high-fertility parents, among whom there is more het-
erogeneity.14 The apparently lower state persistence between generations two and three is likely a
consequence of right-censored education and fertility histories for members of the third generation
(as evidenced by the relatively high likelihood of transitioning to a low-fertility, low-education
state for this generation).

Substituting the parameterization (7) of the flow utility functions into the expressions for the
vlg derived in Section 4.3 and using the assumption that the εlg are Type I Extreme Value gives

P(lg|xg,bg = s;θ) =
1(lg = s)+1(lg = n)exp[vng(xg,bg = s;θ)− vsg(xg,bg = s;θ)]

1+ exp[vng(xg,bg = s;θ)− vsg(xg,bg = s;θ)]
. (14)

Thus, the remaining parameters β of the model can be obtained in a second stage by maximizing
the sample analog of

E

󰀣
3

∑
g=1

log[P(lg|xg,bg = s;β , ρ̂)]

󰀤
(15)

with respect to β .15

5 Estimates

Table 3 summarizes estimates of the primary specification of the model, in which the flow utility
function is given by (7) with xg = (1,mg, fg,eg,g) containing a constant, indicators for being male
and having above-median fertility and education, and a linear intergenerational time trend. The
estimated flow utility function parameters are presented in the rightmost panel of the table. The
estimates imply that the cost of migrating is the single most important determinant of the migration
decision, exceeding the magnitudes of the remaining parameters of the model by at least a factor
of four.16 This large estimated moving cost is consistent with the descriptive evidence presented
in Table 2 that observed characteristics have low power to explain observed location choices. It
is also consistent with evidence from empirical models of contemporary migration behavior (see,
for example, Kennan and Walker, 2011; Bishop, 2012), which find that high moving costs must be

14By design, the estimated transitions to state space elements for generation g+ 1 do not depend on the gender of
the parent observed in generation g.

15Because maximizing the expected sum is equivalent to maximizing the expected summand, this is the dynamic
analog of a standard logistic regression model, treating the future value terms as observed.

16In general the coefficients on variables in a discrete choice model are only directly informative about the corre-
sponding partial effects (and not the contributions of the variables themselves to the decision). Since all of the variables
in my model change in increments of one (the observed covariates are all binary, the moving cost can be viewed as the
coefficient on being Southern-born, and time varies from one to three), the relative magnitudes of the coefficients also
identify the relative contributions of the corresponding variables to the migration decision.
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invoked to explain why migrations are relatively uncommon.17

Though their explanatory power is limited, the coefficients on the observables included in the
flow utility functions agree both with intuition and the descriptive regressions in Table 2. The es-
timated coefficient on male is small and statistically insignificant. Fertility may affect migration
directly through location preferences or indirectly through the number of future generations af-
fected by the location decision. The estimated coefficient on fertility suggests that this direct effect
is modestly negative.18 The positive coefficient on education is consistent with the idea that the
return to skill, particularly for blacks, was higher in the North (it is also consistent with prior evi-
dence that more educated Southerners were more likely to move North; see, for example, Tolnay,
2003). The positive coefficient on g (time) reflects increasing rates of migration across the genera-
tions, after accounting for the changing distributions of observable characteristics. Though most of
observed state variables are individually insignificant, a Wald test of their joint significance easily
rejects the null (as does a test of the joint significance of all of the flow utility function parameters).

The left panel of the Table 3 summarizes the predicted migration probabilities of altruistic
individuals who take future generations’ welfare into account when making their location deci-
sions, the predicted probabilities that those same individuals would migrate if they only took their
own utility into account when making their migration decisions, and the differences ∆(xg,bg = s),
defined in (6), between these two.19 The altruistic probabilities, presented under the label “dy-
namic,” approximate the observed probabilities reasonably well, given the parsimonious model.20

Both these and the myopic probabilities, labelled “static,” vary as expected across observed strata.
I interpret the differences between the migration probabilities of altruistic and myopic indi-

viduals as the contribution of intergenerational altruism to the decision to migrate.21 As the table

17Rates of northward migration among blacks were significantly larger during the Great Migration than rates of
interstate migration in the contemporary US, despite the fact that the migration cost is estimated to be large in both
periods. As an anonymous reviewer has noted, since migration is associated with income gains in both periods (c.f.
Kennan and Walker, 2011; Collins and Wanamaker, 2014), it is unclear whether differences in income gains from
migration between these two periods can explain why migration rates were so much larger during the Great Migration.
A natural hypothesis is that blacks were also attracted to non-pecuniary amenities such as reduced discrimination in
the Great Migration North. However, disentangling these potential motives is a complex empirical problem; since my
model does not distinguish between the pecuniary and non-pecuniary components of location preferences, it cannot
provide any new evidence on this hypothesis.

18This may suggest that larger families prefer the South, that fertility and preferences for the South are positively
correlated with an unobserved factor, or since fertility and location decisions may be made jointly, that living in the
North discourages fertility.

19I compute the dynamic probabilities as exp[vgn(xg,bg = s; θ̂)− vgs(xg,bg = s; θ̂)] · {1+ exp[vgn(xg,bg = s; θ̂)−
vgs(xg,bg = s; θ̂)]}−1 and the static probabilities as exp[ugn(xg;bg = s; θ̂)− ugs(xg,bg = s; θ̂)] · {1+ exp[ugn(xg,bg =

s; θ̂)−ugs(xg,bg = s; θ̂)]}−1.
20The predicted rates for the third generation are considerably higher than the observed rates. However, since some

of the migration histories for this generation are likely right censored, this can be viewed as a benefit of using stable
utility parameters and allowing for a time trend.

21The notional question answered by this difference is the extent to which altruistic parents are more likely to
migrate than myopic ones on average across the distribution of observed covariates (which are correlated with the ex-
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shows, the absolute effects of altruism on the probability of migration are modest; on average,
altruism increases the probability of migration by about 2.7 percentage points for Southern-born
members of the first generation and about one point for Southern-born members of the second (the
effect is zero for the third generation by the time-horizon assumption). In relative terms, altruism
explains about 23% (=.03/.13) of the migration behavior of the first generation and about 8% of
that behavior for the second (though it should be noted that neither of these average differences
are statistically significant). The effects of altruism vary as expected with education. More edu-
cated individuals, whose descendants are likely to be relatively well educated and therefore have
stronger preferences for the North, are more likely to migrate in order to improve the welfare of
future generations. Although the estimated direct effect of fertility on migration is negative, the
effect of intergenerational altruism on migration varies positively with fertility, suggesting that the
indirect effect described above dominates.

5.1 Unobserved heterogeneity

Both the descriptive regressions from Table 2 and the estimated utility parameters from Table 3
show that, though they are relevant, the observed state variables have limited ability to explain the
migration decision. This naturally raises the question of how that decision depends on unobserved
factors. Unobserved heterogeneity may mask important relationships between intergenerational
altruism and migration behavior among subpopulations with unobserved preferences that make
them more likely to migrate. For example, suppose that a small fraction of families share unob-
served (and intergenerationally correlated) tastes for Northern amenities or have unobserved skills
that make them more productive in the North, while the typical family, who does not have these
characteristics, is better suited to the South and hence unlikely to migrate regardless of their al-
truism towards future generations. In this case, a model that ignored unobserved heterogeneity
would conclude that the effect of altruism on migration is negligible, even though the most likely
migrants—those with unobserved tastes for the North—have strong altruistic incentives to migrate.
Similarly, omitted state variables that are correlated with those included in the model may lead to
inconsistent utility parameter estimates that ultimately misstate the relationship between altruism
and migration.

pected benefits to future generations of living in the North) and the idiosyncratic errors. To a first-order approximation,
this difference can also be interpreted as an average effect across families of varying intergenerational altruism (as long
as the assumed altruism parameter is interpreted as the population average parameter). In principle, such an average
could be estimated directly by allowing for unobserved heterogeneity in both altruism and location preferences, al-
though for reasons described above the structure of my data is poorly suited for this kind of identification. Also note
that any motive that agents have to benefit future generations who are not their direct descendants will be absorbed
by the idiosyncratic preference components, as long as they are not correlated between different generations of the
same family (the models with unobserved heterogeneity discussed below allow for the possibility that such motives
are correlated across generations).
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Empirical dynamic discrete choice models typically model unobserved heterogeneity using a
finite-mixture approach in which each panel unit is assumed to belong to one of a finite set of
unobserved classes that represent permanent unobserved state variables (or a discrete approxima-
tion to such variables; see Kasahara and Shimotsu, 2009, Arcidiacono and Miller, 2010, and Hu
and Shum, 2012 for discussions of this approach in the dynamic discrete choice context). One
drawback to this approach is that the process through which it recovers unobserved-class-specific
parameters from variation in observed variables can be opaque (see, for example, the identification
procedures discussed in Kasahara and Shimotsu, 2009 and Hu and Shum, 2012).22 To provide
transparent evidence on the relationship between intergenerational altruism and migration in the
presence of unobserved heterogeneity, I use a limited-sample approximation that obviates the need
for formal finite-mixture methods to recover parameters and migration probabilities for each un-
observed class. The idea behind this approach is that, since migration is relatively rare, families
who ever leave South reveal substantial information about the unobserved state variables that may
have influenced their migration decisions.

To see how this approach works, consider the simplest finite-mixture structure, in which each
family belongs to one of two unobserved classes.23 Because the generation-specific migration
probabilities are small and do not vary much with observed state variables, if there is meaningful
unobserved heterogeneity under this assumption, it must be the case that members of one class
almost never migrate (call this class “type 2,” or “stayers”) while members of the other migrate
with modest probability (call this class “type 1,” or “movers”).24 Since stayers never leave the
South, families that ever migrate must therefore be movers with probability one. Thus, movers’
preferences and migration probabilities are approximately identified from the location choices of
families that eventually leave the South.25 While the estimates resulting from this limited-sample
approximation are very similar to those from a formal finite-mixture model, it is much easier to see
how the approximation method uses variation in observables to identify location preferences in the
presence of unobserved heterogeneity (in addition, Gardner, 2017 uses Monte-Carlo simulations to
show in a treatment effects context that the approximation works well even when the unobserved

22Nonparametric identification of the model that I estimate below follows from remark 3 of Kasahara and Shimotsu
(2009). A model where preferences depended on further lags of the location decision, introducing state dependence,
would not be identified through their construction without observations on further generations. However, because the
very existence of the black population in the Southern US was a consequence of slavery, the inclusion of a generational
time trend in the model helps to account for state dependence and duration effects.

23The assumption of binary heterogeneity is particularly appropriate for small samples such as mine, but can also
be viewed as an approximation of a higher-dimensional unobserved state variable.

24To see this, suppose that a fraction π of the population migrate with probability p1 and a fraction (1−π) migrate
with probability p2 < p1, so that the observed probability is p = π p1 +(1−π)p2. Unless p1 ≈ p2 ≈ p (in which case
the unobserved heterogeneity is irrelevant), p small implies that p2 ≈ 0 and p1 ≈ p/π > p.

25Though some “movers” will remain in the South by chance, they will be missing at random from the limited
estimation sample without affecting the consistency of the parameter estimates. Although “stayers”’ preferences are
not identified under this approximation, they are also uninteresting, since members of that group never migrate.
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heterogeneity is not binary).
Table 4 presents the preference parameters and migration probabilities obtained by estimating

the model among the subsample of families that ever leave the South (in the interest of precision,
I use the full sample to estimate the state transitions, which is equivalent to assuming that the
observed state variables transition independently of the unobserved classes). These estimates are
for members of the mover class; stayers remain in the South with probability one. The estimated
coefficients on fertility and education increase in absolute value relative to the full-sample esti-
mates presented above in Table 3, showing the increased influence of these variables for movers
(although it is not possible to identify the precise reasons why stayers’ preferences differ from
movers’). In addition, the coefficient on the intergenerational time trend increases substantially,
consistent with dynamic selection bias arising because the families that remain long in the South
are those with stronger preferences for living there (and hence a lower likelihood of migrating
away), understating the changing attractiveness of the North over time. Finally, and as expected,
the estimated constant term (which represents pure preferences for the North) is larger, and the
estimated moving cost smaller, for movers.

The estimated dynamic and static migration probabilities, and the differences between them,
are substantially higher for movers than those obtained using the full sample. This is unsurprising
since all observed migrations are undertaken by members of this subpopulation, who account for
roughly 35% of the sample. However, the larger estimated effects of intergenerational altruism
for movers have an important behavioral interpretation. The rarity of observed migrations means
that most Southern-born individuals are not potential migrants. Since they would remain in the
South regardless of their concern for future generations, intergenerational altruism has no impact
on their migration behavior. Among truly potential migrants, intergenerational altruism is much
more influential. As the estimates in Table 4 show, altruism increases the probability of migration
by about 16 percentage points for first- and second-generation movers, on average (both average
effects are significant at the 10% level or lower).26 The corresponding population averages, from
Table 3, are three and one percentage points, respectively. In relative terms, these estimates imply
that 42% of first generation migrants, and 24% of second generation ones, would not have moved
North absent intergenerational altruism.

The estimates in Tables 3 and 4 provide different perspectives on the relationship between
altruism and migration. The estimated population-average effects of altruism in Table 3 show how
intergenerational altruism affects the total flow of migrants from the South to the North, while the
larger estimated effects for movers presented in Table 4 show the influence of intergenerational

26These mover-specific altruism effects imply population-average effects of about .16× .35= .056, which the model
without unobserved heterogeneity approximates reasonably well for first-generation Southerners, but understates for
the second generation.
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altruism on the migration decisions of migrants themselves. The former effect might be of interest
to an analyst trying to predict how migrant flows will respond to a policy that benefits migrants’
children, while the latter might be of interest to a behavioralist trying to understand how migration
decisions are made.

5.2 Alternative specifications

In this section, I estimate a number of variations on the primary specifications presented above
in order to assess the robustness of my estimates to different modeling assumptions. As I note in
Section 4.1, the value of λ = .9525 ≈ .28 for the intergenerational discount factor that I use is on the
low end of those assumed, estimated, or calibrated in other studies with intergenerational models.
To determine the sensitivity of the estimated effects of intergenerational altruism to the assumed
intergenerational discount factor, I use the full sample to reestimate my primary specification using
a substantially larger value of λ = .4 (this is near the value estimated in Heckman and Raut, 2016,
the highest in my literature review). The results are presented in Appendix Table 9. The majority
of the coefficient estimates are comparable to the original full-sample results reported in Table 3,
with the exception of the constant term and estimated moving cost, both of which are appreciably
lower on the real line when the altruism parameter is larger. The estimated effects of altruism,
however, are quite similar, though slightly smaller.27 The results presented in Appendix Table 10,
which repeats this exercise using the limited-sample approximation for unobserved heterogeneity,
are much the same, with estimated effects of intergenerational altruism that are comparable to,
though slightly smaller than, those reported in Table 4. Together, the estimates in Tables 9 and 10
suggest that my estimates are insensitive to the assumed rate of intergenerational altruism, at least
within a sensible range of values comparable to those used in other studies.

The purpose of the limited-sample approximation developed above is to allow for unobserved
heterogeneity in a way that makes it as clear as possible how preferences over unobserved state
variables are identified from variation in observed variables. To show that this approach is well
founded, I also estimate an analogous formal finite-mixture model in which every member of each
family belongs to an unobserved type τ ∈ {1,2}, the proportion of families that belong to type 1 is
π , and the flow utility functions for living in the North have unobserved-type-specific fixed effects,
so that

ung(xg,τ,bg) = β0τ + x′gβ − c ·1(bg = s), (16)

27Though it seems counterintuitive that increasing the discount factor decreases the estimated effects of altruism,
this is consistent with the changes in the estimated moving cost. The higher the discount factor, the lower the migration
cost that parents are willing to migrate to spare future generations, which in a nonlinear model can imply a smaller
impact of altruism on migration.
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for τ ∈ {1,2}, where xg = (mg, fg,eg) no longer includes a constant.28

The estimated preference parameters and migration probabilities for this model are presented
in Appendix Table 11. The estimated parameters are very similar to those for the limited-sample
approximation results in Table 4 (many of the standard errors are smaller, which is likely a con-
sequence of the approximation method’s inefficient use of only a fraction of the sample). The
constant term for type 2 families is highly negative, implying that members of this type almost
never leave the South (this is consistent with the intuition behind the limited-sample approxima-
tion). Furthermore, the estimated proportion π̂ of the population that belongs to type 1 is about .35,
which corresponds closely to the fraction of families, utilized in the limited-sample approximation,
that ever leave the South. Finally, the estimated migration probabilities and effects of intergenera-
tional altruism are very similar to those obtained under the approximation method (the migration
probabilities in the table are for type 1 families; for type 2 families, both the dynamic and static
migration probabilities are numerically zero).

Although the models estimated so far assume that the cost of migrating is stationary while al-
lowing the relative utility of living in the North to change over time, it is possible that changes in
the cost of migrating, rather than the relative attractiveness of the North, best explain increasing
migration rates over time. To examine this possibility, I also estimate the model under the assump-
tion that pure location preferences are stationary, but the cost of migrating is a linear function of
time, so that

ung(xg,bg) = x′gβ − (c0 + c1g) ·1(bg = s), (17)

where xg = (1,mg, fg,eg) no longer includes an intergenerational time trend.29 To focus on movers,
among whom the relationship between altruism and migration is more interesting, I only estimate
this specification among the subsample of families who ever migrate.

As Table 5 shows, the coefficients on the observed state variables are comparable to those for
the model with a constant moving cost presented in Table 4. As expected, the estimated moving
cost starts higher than in the constant-cost model, but declines steeply to account for increasing
rates of migration across the generations.30 For members of the first generation, the estimated

28To estimate the model, I assume as before that the fg+1|g are independent of τ , and maximize the sample analog
of

E
󰀗

log
󰀕

π
3

∏
g=1

P(lg|xg,bg = s;β01,β , ρ̂)+(1−π)
3

∏
g=1

P(lg|xg,bg = s;β02,β , ρ̂)
󰀖󰀘

,

where β01 and β02 are the type-specific constants, β are the remaining utility function parameters (excluding a con-
stant), and ρ̂ are the transition function parameters. Although in principle all of the parameters could be indexed by
τ , the limited power of observables to explain migration makes these type-specific parameters difficult to identify,
particularly for the group with lower migration probabilities.

29It is of course possible to include time trends in pure location preferences as well as the cost of migrating. How-
ever, since the time trends are identified purely by functional form assumptions, the resulting estimates are too impre-
cise to be of much use.

30The literature on the timing of the Great Migration (Carrington et al., 1996; Collins, 1997; Chay and Munshi,
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effects of intergenerational altruism on the probability of migrating are similar to those for the
constant-cost model. For members of the second generation, the effects are much smaller, since
declining migration costs reduce the benefit that second generation Southerners can bestow upon
their children by migrating. Although both the cost- and time-trend specifications suggest that
intergenerational altruism figures heavily into the migration decision calculus (at least for members
of the first generation), a Vuong test implies that the original time-trend specification provides a
better fit.31

5.3 Decomposing the effects of altruism on migration

As I note in Section 2, intergenerational altruism can influence the migration decision through two
distinct channels. Most obviously, parents may be willing to invest in their children by migrating to
the detriment of their own flow utility in order to spare future generations the cost of migrating. On
the other hand, parents with idiosyncratic preferences for the North might avoid migrating in order
to benefit future generations who are unlikely to share those preferences. This second channel is
potentially important in a model where the North is an absorbing state (or more generally one in
which the cost of return migration is high), since Northern-born children who are poorly suited for
the North have no choice but to remain there.

To decompose the estimated effects of altruism into components arising through these chan-
nels, I use the estimated parameters of my primary specification (both with and without unobserved
heterogeneity) to estimate the static and dynamic migration probabilities that would obtain if each
generation made its location decision with the understanding that, while the North would remain an
absorbing state, all future Southern-born generations could migrate North at no cost. These condi-
tions eliminate any incentive to migrate in order to benefit future generations, while preserving the
incentive to remain in the South in case future generations are poorly suited for the North. Conse-
quently, the differences between dynamic and static migration probabilities under these conditions
isolate the contribution of the second channel to the total effect of intergenerational altruism on the
migration decision.

The top panel of Table 6 shows the dynamic and static migration probabilities, and the dif-

2015, e.g.) asks why Northward migration did not begin earlier, given the apparently large potential gains accruing to
migrants. Consistent with the essential stylized fact of this literature, both the estimated time-trend and moving-cost
models reflect increasing rates of migration over time. The former attributes this trend to increases in the utility of
living in the North over time while the latter attributes it to decreases in the cost of migration. Unfortunately, because
both the time-trend and moving-cost parameters are identified from intergenerational differences in migration rates,
neither estimated model provides any insight into why migrating North became more attractive, or less costly, over
time.

31Following the procedure in Wooldridge (2010, Ch. 13), I implement this test by regressing the differences in
maximized likelihoods ℓi(θ̂ c)− ℓi(θ̂ t) between the cost- and time-trend models for each family i on a constant to test
their difference from zero. The estimated coefficient of -.015 is significant with a p-value of .016.
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ferences between them, implied by the estimated parameters of the primary specification (Table 3,
estimated using the full sample) when future generations can migrate at no cost. Under these condi-
tions, altruism decreases the probability of migrating by about two percentage points for members
of the first and second generations, on average. Comparing these effects to their counterparts un-
der costly migration in Table 3 implies that, for the average Southerner, the altruistic incentive to
migrate outweighs the altruistic incentive not to, but only marginally. Taking this into account, the
estimated population-average total effects of altruism presented previously understate the degree to
which the decisions of migrants themselves were motivated by altruism. Emphasizing this point,
the bottom panel of the table uses the estimated parameters of the limited-sample approximation
(Table 4) to perform the same analysis for the subsample of movers. For this group, the incentives
to remain in the South are much smaller, implying that altruism overwhelmingly affects migration
through the first channel. What drives this result is not that movers prefer the North, but that they
know their descendants are likely to as well, attenuating the incentive to remain in the South to
hedge against the possibility that future generations will be poorly suited for the North.

6 Conclusion

Writing in 1962, Sjaastad argued that migration can be viewed as an investment worth making
only if the benefits exceed the costs. A quarter-century later, Becker and Barro (1989) argued that
parenthood can be viewed through much the same lens. In this paper, I combine these insights in a
dynastic model of the migration decision.

My empirical model suggests that intergenerational altruism figures prominently in that deci-
sion, explaining a substantial fraction of the Northward flow of Southern-born blacks during the
African American Great Migration. It also suggests that, owing to large moving costs and strong
location preferences, most families would have remained in the South regardless of their concern
for future generations’ welfare. Among the remainder of the population, altruism increased the
probability of migrating by about 16 percentage points. Furthermore, the influence of altruism on
migration operates almost exclusively by encouraging parents to migrate at their own detriment in
order to improve the wellbeing of future generations—few would-be migrants were discouraged
from migrating by the possibility that future generations would be poorly suited to the North.

Just as the confluence of factors of which the Great Migration was a product no longer prevail,
altruism may affect contemporary foreign immigrants or internal migrants differently than it did
Southern-born blacks in the first half of the 20th century. However, another appeal to Sjaastad’s
(1962) logic suggests that the decision faced by the Great Migrants may not be that different than
the one faced today by, say, a potential immigrant from Mexico to the US—a costly and difficult
long-distance move offering a commensurate, though uncertain, benefit. While my estimates of
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the effects of intergenerational altruism on the propensity to migrate are unlikely to apply to mod-
ern economies without modification, they may still inform contemporary behavioral and policy
analysis.
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Table 1: Descriptive statistics

Generation N Mean Median SD Min Max

Age 1 443 70.48 70 9.05 49 96
2 400 46.55 47 8.18 28 75
3 256 25.49 24.5 5.80 18 53

All 1099 51.29 51 19.42 18 96
Birth year 1 443 1909.40 1910 9.04 1883 1931

2 400 1933.18 1933 8.08 1906 1951
3 256 1954.19 1955 5.80 1927 1963

All 1099 1928.49 1929 19.33 1883 1963
Male 1 443 0.28 0 0.45 0 1

2 400 0.29 0 0.45 0 1
3 256 0.43 0 0.50 0 1

All 1099 0.32 0 0.47 0 1
South 1 443 0.89 1 0.32 0 1

2 400 0.82 1 0.38 0 1
3 256 0.88 1 0.32 0 1

All 1099 0.86 1 0.35 0 1
Grades 1 443 6.81 7 3.36 0 17

2 400 10.46 11 3.18 0 17
3 256 12.54 12 2.15 5 17

All 1099 9.47 10 3.83 0 17
Kids 1 443 6.33 6 3.97 0 23

2 400 4.77 4 3.02 0 18
3 256 1.11 1 1.36 0 7

All 1099 4.55 4 3.76 0 23

Notes—Samples include all Southern-born individuals aged 18 or older. The “South” is defined
by the Census Bureau as Alabama, Arkansas, Delaware, Florida, Georgia, Kentucky, Louisiana,
Maryland, Mississippi, North Carolina, Oklahoma, South Carolina, Tennessee, Texas, Virginia and
West Virginia. Southern-born individuals are categorized as having migrated to the North if they
did not live in a Southern state at the time of the survey.
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Table 2: Migration probabilities

Model 1 Model 2 Model 3

Intercept 0.13∗∗∗ 0.13∗∗∗ 0.12∗∗∗

(0.02) (0.02) (0.02)
Male 0.00 0.03 −0.00

(0.02) (0.04) (0.06)
Fert. −0.04 −0.12∗∗∗ −0.09∗

(0.02) (0.03) (0.04)
Ed. 0.07∗∗ 0.10∗∗ 0.09∗

(0.02) (0.03) (0.04)
Male*Gen. 2 −0.03 0.10

(0.05) (0.09)
Fert.*Gen. 2 0.13∗∗ 0.14∗∗

(0.04) (0.05)
Ed*Gen. 2 −0.02 −0.00

(0.05) (0.05)
Male*Gen. 3 −0.04 −0.01

(0.05) (0.07)
Fert.*Gen. 3 0.11∗ 0.12∗

(0.05) (0.06)
Ed*Gen. 3 −0.10∗ −0.11

(0.05) (0.06)
Male*Fert. 0.01

(0.09)
Male*Ed. 0.16

(0.10)
Male*Fert.*Ed −0.19

(0.15)
Male*Fert.*Gen. 2 −0.20

(0.13)
Male*Ed.*Gen. 2 −0.24

(0.14)
Male*Fert.*Ed*Gen. 2 0.31

(0.21)
Male*Fert.*Gen. 3 −0.08

(0.14)
Male*Ed.*Gen. 3 −0.06

(0.14)
Male*Fert.*Ed*Gen. 3 0.17

(0.22)
R2 0.01 0.03 0.04
Num. obs. 916 916 916

Notes—Dependent variable is an indicator for migrating North. Coefficients estimated by OLS.
Standard errors in parentheses. Education and Fertility are indicators for having above the
generation-specific median number of children and, respectively, years of education. ∗∗∗p < 0.001,
∗∗p < 0.01, ∗p < 0.05.
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Table 6: Migration probabilities with costless future migration

Primary specification

Dynamic Static Difference

Gen. 1 Gen. 2 Gen. 3 Gen. 1 Gen. 2 Gen. 3 Gen. 1 Gen. 2 Gen. 3

All 0.082 0.100 0.159 0.102 0.123 0.159 -0.020 -0.024 0.000
(0.023) (0.014) (0.021) (0.039) (0.029) (0.021) (0.018) (0.018) (0.000)

Fem., Low fert., Low ed. 0.083 0.104 0.148 0.096 0.120 0.148 -0.012 -0.015 0.000
(0.024) (0.018) (0.028) (0.032) (0.024) (0.028) (0.010) (0.009) (0.000)

Fem., Low fert., High ed. 0.135 0.165 0.226 0.151 0.185 0.226 -0.016 -0.020 0.000
(0.036) (0.025) (0.033) (0.047) (0.032) (0.033) (0.012) (0.013) (0.000)

Fem., High fert., Low ed. 0.040 0.054 0.102 0.065 0.081 0.102 -0.025 -0.028 0.000
(0.016) (0.016) (0.034) (0.040) (0.036) (0.034) (0.026) (0.022) (0.000)

Fem., High fert., High ed. 0.069 0.091 0.160 0.104 0.129 0.160 -0.035 -0.038 0.000
(0.028) (0.024) (0.049) (0.061) (0.053) (0.049) (0.035) (0.033) (0.000)

Male, Low fert., Low ed. 0.082 0.103 0.146 0.094 0.118 0.146 -0.012 -0.015 0.000
(0.025) (0.020) (0.029) (0.033) (0.025) (0.029) (0.009) (0.009) (0.000)

Male, Low fert., High ed. 0.132 0.163 0.222 0.148 0.182 0.222 -0.016 -0.020 0.000
(0.039) (0.029) (0.037) (0.049) (0.036) (0.037) (0.012) (0.013) (0.000)

Male, High fert., Low ed. 0.039 0.053 0.100 0.063 0.080 0.100 -0.024 -0.027 0.000
(0.016) (0.016) (0.032) (0.040) (0.035) (0.032) (0.025) (0.022) (0.000)

Male, High fert., High ed. 0.068 0.089 0.157 0.102 0.127 0.157 -0.034 -0.038 0.000
(0.029) (0.024) (0.048) (0.061) (0.053) (0.048) (0.034) (0.033) (0.000)

Unobserved heterogeneity

Dynamic Static Difference

Gen. 1 Gen. 2 Gen. 3 Gen. 1 Gen. 2 Gen. 3 Gen. 1 Gen. 2 Gen. 3

All 0.212 0.491 0.808 0.221 0.497 0.808 -0.009 -0.006 0.000
(0.086) (0.087) (0.055) (0.099) (0.094) (0.055) (0.016) (0.010) (0.000)

Fem., Low fert., Low ed. 0.228 0.550 0.835 0.234 0.554 0.835 -0.006 -0.004 0.000
(0.081) (0.076) (0.060) (0.088) (0.077) (0.060) (0.010) (0.007) (0.000)

Fem., Low fert., High ed. 0.354 0.694 0.903 0.360 0.696 0.903 -0.007 -0.002 0.000
(0.097) (0.065) (0.040) (0.103) (0.066) (0.040) (0.008) (0.006) (0.000)

Fem., High fert., Low ed. 0.098 0.324 0.670 0.109 0.333 0.670 -0.011 -0.010 0.000
(0.090) (0.137) (0.118) (0.116) (0.149) (0.118) (0.028) (0.016) (0.000)

Fem., High fert., High ed. 0.170 0.472 0.790 0.185 0.480 0.790 -0.015 -0.008 0.000
(0.132) (0.157) (0.099) (0.152) (0.166) (0.099) (0.023) (0.012) (0.000)

Male, Low fert., Low ed. 0.215 0.532 0.824 0.221 0.535 0.824 -0.006 -0.004 0.000
(0.091) (0.097) (0.071) (0.097) (0.098) (0.071) (0.009) (0.007) (0.000)

Male, Low fert., High ed. 0.337 0.678 0.896 0.343 0.680 0.896 -0.006 -0.002 0.000
(0.111) (0.087) (0.047) (0.116) (0.088) (0.047) (0.008) (0.006) (0.000)

Male, High fert., Low ed. 0.092 0.308 0.654 0.102 0.317 0.654 -0.011 -0.009 0.000
(0.091) (0.142) (0.128) (0.116) (0.154) (0.128) (0.028) (0.017) (0.000)

Male, High fert., High ed. 0.160 0.453 0.777 0.174 0.461 0.777 -0.014 -0.008 0.000
(0.132) (0.164) (0.110) (0.153) (0.173) (0.110) (0.023) (0.013) (0.000)

Notes—Dynamic migration probabilities calculated using conditional valuation functions in which
moving is costly for the current generation but costless for all future generations; static migra-
tion probabilities calculated as above. Standard errors in parentheses based on 500 nonparametric
bootstrap replications. Low/high fert. and ed. denote having above the generation-specific me-
dian number of children and years of schooling, respectively. All denotes an average across the
observable covariate distribution.
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A Transition functions

Table 7: Transitions between generations 1 and 2

Generation 2

FLL FLH FHL FHH MLL MLH MHL MHH

Generation 1 FLL 0.124 0.148 0.165 0.063 0.158 0.138 0.139 0.065
(0.021) (0.021) (0.022) (0.016) (0.025) (0.028) (0.026) (0.018)

FLH 0.078 0.214 0.077 0.131 0.099 0.201 0.065 0.135
(0.016) (0.025) (0.015) (0.021) (0.026) (0.033) (0.016) (0.029)

FHL 0.132 0.069 0.260 0.039 0.172 0.065 0.223 0.040
(0.024) (0.015) (0.026) (0.010) (0.031) (0.018) (0.033) (0.014)

FHH 0.108 0.130 0.159 0.104 0.137 0.121 0.134 0.107
(0.020) (0.025) (0.027) (0.025) (0.034) (0.027) (0.029) (0.032)

MLL 0.124 0.148 0.165 0.063 0.158 0.138 0.139 0.065
(0.021) (0.021) (0.022) (0.016) (0.025) (0.028) (0.026) (0.018)

MLH 0.078 0.214 0.077 0.131 0.099 0.201 0.065 0.135
(0.016) (0.025) (0.015) (0.021) (0.026) (0.033) (0.016) (0.029)

MHL 0.132 0.069 0.260 0.039 0.172 0.065 0.223 0.040
(0.024) (0.015) (0.026) (0.010) (0.031) (0.018) (0.033) (0.014)

MHH 0.108 0.130 0.159 0.104 0.137 0.121 0.134 0.107
(0.020) (0.025) (0.027) (0.025) (0.034) (0.027) (0.029) (0.032)

Notes—Row and column labels represent (gender, fertility, education) triples (FLL, e.g., denotes
a female with fewer than the generation-specific median number of children and less than the
generation-specific median years of schooling). Because the transitions used in the primary mod-
els do not depend on the gender of the parent, the four bottom rows of the table are copies of the
four top rows. Estimation sample includes both Southern- and Northern-born individuals. Tran-
sition probabilities estimated using a multinomial logit model that allows the intergenerational
transition between education and fertility states to depend on the gender of the child in addition to
the parent’s education and fertility, then assumes that male and female children are equally prob-
able (see main text for details). Standard errors in parentheses are based on 500 nonparametric
bootstrap replications.
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Table 8: Transitions between generations 2 and 3

Generation 3

FLL FLH FHL FHH MLL MLH MHL MHH

Generation 2 FLL 0.135 0.143 0.160 0.063 0.241 0.117 0.083 0.059
(0.023) (0.025) (0.029) (0.019) (0.027) (0.023) (0.019) (0.018)

FLH 0.189 0.225 0.049 0.037 0.291 0.158 0.021 0.030
(0.022) (0.024) (0.013) (0.011) (0.030) (0.029) (0.008) (0.014)

FHL 0.136 0.096 0.219 0.049 0.254 0.081 0.117 0.047
(0.021) (0.019) (0.027) (0.016) (0.026) (0.018) (0.025) (0.015)

FHH 0.219 0.172 0.076 0.033 0.325 0.117 0.033 0.026
(0.027) (0.024) (0.019) (0.012) (0.031) (0.025) (0.013) (0.014)

MLL 0.135 0.143 0.160 0.063 0.241 0.117 0.083 0.059
(0.023) (0.025) (0.029) (0.019) (0.027) (0.023) (0.019) (0.018)

MLH 0.189 0.225 0.049 0.037 0.291 0.158 0.021 0.030
(0.022) (0.024) (0.013) (0.011) (0.030) (0.029) (0.008) (0.014)

MHL 0.136 0.096 0.219 0.049 0.254 0.081 0.117 0.047
(0.021) (0.019) (0.027) (0.016) (0.026) (0.018) (0.025) (0.015)

MHH 0.219 0.172 0.076 0.033 0.325 0.117 0.033 0.026
(0.027) (0.024) (0.019) (0.012) (0.031) (0.025) (0.013) (0.014)

Notes—Row and column labels represent (gender, fertility, education) triples (FLL, e.g., denotes
a female with fewer than the generation-specific median number of children and less than the
generation-specific median years of schooling). Because the transitions used in the primary mod-
els do not depend on the gender of the parent, the four bottom rows of the table are copies of the
four top rows. Estimation sample includes both Southern- and Northern-born individuals. Tran-
sition probabilities estimated using a multinomial logit model that allows the intergenerational
transition between education and fertility states to depend on the gender of the child in addition to
the parent’s education and fertility, then assumes that male and female children are equally prob-
able (see main text for details). Standard errors in parentheses are based on 500 nonparametric
bootstrap replications.
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B Alternative specifications
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