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ABSTRACT ARTICLE HISTORY
Motivated by debates about California’s net migration loss, we Received 26 May 2023
employ valued exponential-family random graph models to ana- Revised 12 August 2023
lyze the inter-county migration flow network in the United States. Accepted 13 August 2023

We introduce a protocol that visualizes the complex effects of KEYWORDS

potential underlying mechanisms and perform in silico knockout Exponential-family random
experiments to quantify their contribution to the California Exodus. graph model (ERGM);

We find that racial dynamics contribute to the California Exodus, migration; population
urbanization ameliorates it, and political climate and housing costs redistribution; simulation;
have little impact. Moreover, the severity of the California Exodus ~ Valued networks
depends on how one measures it, and California is not the state

with the most substantial population loss. This paper demonstrates

how generative statistical models can provide mechanistic insights

beyond simple hypothesis-testing.

1. Introduction

The “California Exodus” - a putative phenomenon in which large numbers of
individuals are allegedly leaving California and migrating to other U.S. states - has
become an increasingly common topic in public discourse surrounding migration
and policy in the United States (e.g. Bahnsen, 2021; Beam, 2020; Dorsey, 2021;
Hiltzik, 2020; Song, 2021). Popularized within conservative media circles
(Bahnsen, 2021; Dorsey, 2021), the notion of a “California Exodus” serves as a
focal point for a political narrative in which the state of California exemplifies the
failure of the ruling Democratic Party governance, and its associated social and
policy regimes. Despite this politicized narrative, the net loss of California's
population via domestic migration is a long-term phenomenon, well-documented
in demographic data: contrary to popular impression, California’s net migration
rate has been negative since 1989 (Hiltzik, 2020). The migration pattern of
America’s most populous state illuminates important trends of population redis-
tribution in the United States and could potentially shift the country’s economic
and political landscape. Historically, internal migration has played a key role in

CONTACT Carter T. Butts @ buttsc@uci.edu @ Departments of Sociology, and Statistics, University of California,
Irvine, CA, USA

© 2023 The Author(s). Published with license by Taylor & Francis Group, LLC.

This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/
licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly
cited. The terms on which this article has been published allow the posting of the Accepted Manuscript in a repository by the author(s)
or with their consent.


http://orcid.org/0000-0001-5614-786X
http://orcid.org/0000-0002-7911-9834
http://www.tandfonline.com
https://crossmark.crossref.org/dialog/?doi=10.1080/0022250X.2023.2284431&domain=pdf&date_stamp=2024-05-10

312 (&) P.HUANG AND C.T.BUTTS

shaping the spatial distribution of population, with the most well-known and
general example being urbanization (Ravenstein, 1885). In the U.S., internal
migration has also played a critical role in its demographic change, including the
great migration of African Americans from the South to the North (Tolnay, 2003),
the westward shift of population toward the Pacific coast (Plane, 1999), and the ex-
urbanization process (Plane et al., 2005).

Yet, compared to its intense treatment in popular discourse, the California
Exodus as a real and persistent (if less dramatic) phenomenon receives scant
attention in scientific research (c.f. Henrie & Plane, 2008). Arguably, this may
be in part due to the difficulty of modeling the complexity of internal migra-
tion systems, which requires incorporating a wide range of factors influencing
migration. Moreover, as migration systems theory contends (Bakewell, 2014;
de Haas, 2010; Mabogunje, 1970), the migration system has endogenous
teedback mechanisms, where migration flows are interdependent with each
other. This further complicates the mathematical models of migration flows —
and their calibration to empirical data - requiring them to account for the
autocorrelation structure of the system.

In this paper, we use recently developed generative network models of the
internal migration system in the U.S. to help unravel the mechanisms sustaining
the California Exodus, with an eye to identifying factors that may or may not
contribute to this feature of the current U.S. migration system. We model the U.S.
internal migration system as a network comprising counties (nodes/vertices) and
migration flows between each directed pair of counties (edges). Compared to the
conventional approach that considers places as analytical units, the relational
approach takes migration flows between places as units of analysis, which allows
us to capture how the characteristics of origin and destination jointly influence
their migration flows, such as the difference in political climates and costs of living.
The systemic view also considers the endogenous feedback mechanism of the
migration system (de Haas, 2010), reflected by the interdependence among
migration flows, which gives the system its own momentum, strengthening or
ameliorating the exogenous effects from the economic or political landscapes. This
is achieved by specifying the network dependence structure, which accounts for
the autocorrelation pattern among migration flows. The network models can thus
reveal how demographic, economic, political, and geographical characteristics,
together with the endogenous feedback mechanisms, shape the direction and
magnitude of internal migration flows in the United States.

While computational and statistical constraints have traditionally limited
network models of migration to dichotomous or coarsened representations of
migration flows, we use recent innovations in valued exponential-family ran-
dom graph modeling (valued ERGMs or VERGMs) to estimate a fully quanti-
tative model of interdependent U.S. migration flows at the county level.
Motivated by the popular discourse surrounding the California Exodus and
existing theoretical and empirical research regarding U.S. internal migration,



THE JOURNAL OF MATHEMATICAL SOCIOLOGY e 313

we focus on four potential social forces that contribute to population redis-
tribution. They include costs of living, political environments, levels of urba-
nization, and racial demographics.

This relational view offers new opportunities for insight, but also poses
challenges. For instance, interpretation of the nodal or dyadic attributes’
impacts on migration (i.e., covariate effects) can be complex, as such relation-
ships are subject to both the origin’s and the destination’s attribute values, and
they can take various functional forms. Furthermore, the superposition of
forms from multiple effects can make the model difficult to interpret. Such
complexities reflect the inherent challenges of capturing an interactive system
in quantitative detail, and are thus not unique to migration systems, but are
particularly acute when considering networks with valued edges. We here
propose a visualization protocol that showcases how multiple mechanisms
involving origin and destination attributes combine to influence the expected
number of migrants between origin and destination regions. We utilize this
approach to display how the political, racial, rurality, and housing covariates
influence the predicted migration flow intensity across different scenarios,
offering a quantitative exploration of the impact of dyadic factors on
migration.

Another advantage of the VERGM approach is that it is a generative model,
which can be used to probe the effects of inferred or hypothetical mechanisms
beyond the dyadic level. Here, we use our empirically calibrated migration
model to perform in-silico knockout experiments to investigate how various
social, economic, and demographic mechanisms contribute to the observed
patterns of population redistribution - including, specifically, maintenance of
the California Exodus. These knockout experiments simulate migration flow
networks under counterfactual scenarios where certain social effects are inop-
erative (Huang & Butts, forthcoming). Comparing the extent of California’s
relative net migration loss in the knockout scenarios with that in the observed
scenario offers quantitative insights about the impacts of social effects on the
pattern of population redistribution.

The remainder of the paper proceeds as follows: We begin in Section 2 with
a brief review of different approaches to modeling migration systems, and the
extant empirical research that motivates our hypotheses regarding population
redistribution in the U.S.. Section 3 describes the data and variables we use, the
model setup (including the functional form specification, derivation of the
visualization protocol), and the knockout experiment procedure. In Section 4,
we first offer an overview of the population redistribution pattern in the
United States, and the pattern of net migration exchange between U.S. states.
We then report our findings regarding the drivers of migration patterns from
the ERGM analysis and show how contributing effects can be visualized. The
section concludes with results from knockout experiments. The last section
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summarizes our empirical findings, our contributions to the mathematical
modeling of complex social systems, and some directions for future work.

2. Background
2.1. Modeling migration systems

Migration flows among geographical areas form a complex system, a perspec-
tive that has received extensive theoretical discussion in migration studies, in
the school of Migration Systems Theory (MST, Bakewell et al., 2016; DeWaard
& Ha, 2019; Fawcett, 1989; Kritz et al., 1992; Mabogunje, 1970). MST intro-
duces two insights regarding migration. First, a migration system consists of
flows of people, goods, information, cultures, and other institutions that
interact with each other (Bakewell, 2014). This suggests that understanding
migration processes demands a comprehensive survey of various factors and
mechanisms, incorporating economic, political, geographical, and demo-
graphic analyses. Second, MST emphasizes the interdependent feature of
migration systems, reflected in their conceptualization of “internal dynamics”
(de Haas, 2010) or “feedback mechanisms” (Bakewell, 2014). The central idea
is that there exist endogenous processes, where changes in one part of the
system can diffuse and alter other parts, creating a systemic momentum. This
means that migration flows are correlated with each other. For instance, the
migration flow from Seattle to Chicago is associated with the reverse flow from
Chicago to Seattle, partly because migrants can carry social connections and
useful information from their origin to their destination, motivating and
facilitating migration in the reverse direction. Such interdependence among
migration flows requires mathematical models of migration to account for the
autocorrelation among their observations, and ideally, to also formally and
explicitly describe the structure of the dependence.

Researchers have developed various methods to model migration across
disciplines including econometrics, geography, statistics, and sociology. A
convenient and widely used approach is to treat migration as a feature of
areal units, analyzing how the characteristics of a place are associated with
marginal migration rates in and out of it (e.g., Partridge et al., 2012; Treyz et
al., 1993). This approach has offered many useful insights and serves as a
powerful framework for building predictive models of demographic change
(Azose & Raftery, 2015, 2018). Methodologically, techniques to account for the
autocorrelation in this data structure (areal/lattice data) have been well devel-
oped in spatial statistics (Banerjee et al., 2014). However, migration is by
nature a relational process between two places: origin and destination. The
above approach by construction marginalizes migration either from an origin
perspective or from a destination perspective (or condenses both), obscuring
how origin and destinations jointly and interactively shape the migration flows
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between them; such interactions are known to be of considerable importance,
as articulated in the classical “push-pull” factor model (Lee, 1966) of migra-
tion. From a network analytic perspective, such models are equivalent to
modeling the migration network purely in terms of expected outdegree and
indegree effects (sometimes called expansiveness and popularity in the ERGM
literature (Holland & Leinhardt, 1981)). Although simple, such models are
very constraining — they are essentially similar to a single-dimensional singular
value decomposition (SVD) approximation of the adjacency matrix — and are
limited in their ability to represent complex structure.

A second model family is the so-called “gravity model” (widely used in
spatial econometrics), whose unit of analysis is no longer a geographical area
but flows within an ordered pair of geographical areas (i.e., an edge variable).
The original idea of this model family is that the extent of migration flow from
origin i to destination j (M;) is positively associated with population sizes in
origin and destination (P;, P;) and negatively associated with the distance
between (Djj), with the decay usually posited to follow a power law (Zipf,
1946), thus superficially resembling gravitational attraction." Formally, this
family is written as

P?‘-Pf

1

Va Y
D),

where C, a, 3, y are positive parameters. Although nonlinear on its original
scale, the power law model is intrinsically linear, as shown via the log space
representation

log My = p + alog(P;) + Blog(P)) — ylog(Dy) + &,

where y = log C and log error ¢; are unknowns. Factors other than distance
and population size may be incorporated by choosing a suitable regression
form for y. This linear form has facilitated further elaboration, e.g. using a
generalized linear model (GLM) structure to capture discrete outcomes (e.g.,
Biagi et al., 2011). Although the gravity model does not provide a means of
specifying dependence among flows, some extensions in this direction have
been proposed (see reviews by Patuelli, 2016; Poot et al., 2016).

Gravity models have always been in close relationship with network models,
with abundant shared knowledge and mutual development. Fundamentally,
gravity models constitute a particular class of network regression models
(albeit not necessarily OLS network regression, e.g. Krackhardt (1988)), a
very flexible and successful family. Substantively, the functional form of the
gravity model arises naturally as a model for tie (or interaction) volumes

"This formulation is also used to describe other types of spatial interactions such as international trade; see e.g. the
review of Anderson (2011).
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between regions under power-law spatial interaction functions, a widely
observed functional form for interaction probabilities at the individual level
(Butts & Acton, 2011); this, along with the strongly predictive power of
distance itself for social networks (Butts, 2003), has been argued to provide a
mechanistic explanation for why aggregate interactions are often well-
approximated by gravity models (Almquist & Butts, 2015). The identification
of gravity models with network regression also points to their limitations:
while very flexible in specifying relationships between covariates and tie
values, network regression models do not specify dependence among edge
variables. While workarounds such as quadratic assignment procedure (QAP)
tests (Dekker et al., 2007; Krackhardt, 1988) can provide statistical answers
that are robust to dependence effects, parameterization and/or generation of
networks with dependence require other approaches.

The specification of models for networks with complex dependence among
edge variables is a major concern of work on exponential-family random
graph models, which we discuss in detail in Section 3.2. ERGMs provide a
rich language for specifying interdependencies among edges, as well as an
associated statistical theory and methodology for inferring such dependencies
from observed network data. Importantly, ERGMs are generative - i.e., they
provide a full probability model for the target network, and thus can be used
for hypothetical realizations of the inferred data generating process. This
makes them especially well-suited for mechanistic investigation using
approaches such as in silico “knockout” experiments and other computational
techniques. The increasing availability of scalable and valued-data ERGMs
opens the door to modeling migration systems in a substantively-richer and
more statistically rigorous way.

As noted, one advantage that ERGMs have is the ability to explicitly and
formally describe the interdependence of edges within networks. In connec-
tion with MST, researchers have utilized this feature to formalize and test the
patterns and mechanisms of the endogenous feedback processes in migration
systems (Huang & Butts, forthcoming; Leal, 2021; Windzio et al., 2019).
Specifying the dependence structure can also improve statistical inference.
The autocorrelation among migration flows can not only introduce associa-
tions in residuals but may as well impose a more general autoregressive
structure. In this case, methods that focus on correcting for correlation in
the residuals (e.g., QAP) could be insufficient, running the risk of failing to
account for the impact of endogenous factors on covariate effects.

Likewise, the generative aspects of ERGMs are particularly relevant in the
context of studying migration systems. The ability to simulate from empiri-
cally calibrated or a priori models allows researchers to extrapolate models
across spatial and temporal contexts and even investigate counterfactual
scenarios. Although there is work in this direction (including applications to
the study of migration systems (Huang & Butts, forthcoming)), it is arguably
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an under-appreciated property of this model family, which has been mostly
employed as a tool for hypothesis testing. This paper aims to exploit the
generative capacity of ERGMs to quantify the contribution of various drivers
of population redistribution to the California Exodus.

Despite these advantages, using ERGMs to study migration systems poses a
number of challenges. First, it can be computationally intensive to fit (and
sometimes to simulate draws from) such models, since closed-form (or even
directly computable) expressions for the likelihood are not attainable except in
special circumstances. Moreover, generative models for valued/weighted net-
works are less developed than binary networks, in terms of formal specifica-
tions of dependence structures, theoretical justifications of those
specifications, and efficient computational tools; this means that researchers
sometimes have to dichotomize migration flows, losing critical information
about the scale of migration. While it is not the focus of the paper to advance
generative models for valued/weighted networks, we employ recent advances
in this area to offer a quantitative understanding of the population redistribu-
tion pattern within the United States.

Moving beyond ERGMs per se, a general challenge in modeling relational
data such as migration system data is understanding the combined effects of
multiple influences, since prediction of a specific migration flow usually
involves attributes from different sources (e.g., origin and destination) that
can be combined in different ways. The usual approach of interpreting coeffi-
cients separately under the ceteris paribus (all other things being equal) con-
dition is often unhelpful here, as these covariates are intrinsically inter-related.
For example, often it is substantively natural to include covariate factors (e.g.,
housing costs) of origin, destination, and their absolute difference, where the
last term can no longer be interpreted only as a dissimilarity measure since the
statistic is fixed once we hold constant the origin and destination covariates.
This paper tackles this problem by introducing a visualization protocol that
helps interpret the multiplex of inter-correlated functional forms that is
common in relational data analysis.

2.2. Drivers of population redistribution

This section examines possible drivers of population redistribution, with an
empirical focus on the case of California Exodus. The first potential driver is
the cost of living, suggested by the allegation that people migrate out of
California because it is too expensive to live in (e.g., Bahnsen, 2021; Beam,
2020). This is in correspondence to the neoclassical economic theory of
migration that migration happens when the move brings net profit, and
lower living costs in destination can be a substantial source of net profit.
This motivates our hypothesis:
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H1: The migration rate from origins with high costs of living to destinations
with low costs of living is higher than the reverse.

Following the popular narrative that the California Exodus is a political out-
come (Bahnsen, 2021), we hypothesize that the political environment could
also serve as a driver of population redistribution. Public choice theory and the
consumer-voter model consider migration as a means of realizing people’s
policy preferences (Dye, 1990; Tiebout, 1956). Empirical research on U.S.
internal migration has also repeatedly observed Americans “voting with
their feet” (Huang & Butts, forthcoming; Liu et al., 2019; Preuhs, 1999; Tam
Cho et al, 2013). The allegation that Californians leaving their liberal state
behind are “leftugees” fleeing Democratic governance (Dorsey, 2021) moti-
vates our second hypothesis:

H2: The migration rate from liberal-leaning origins (i.e. those with a higher
share of supporters for the Democratic Party) toward conservative-leaning
destinations is higher than the reverse.

Since population redistribution goes hand-in-hand with urbanization (Lichter
& Brown, 2011; Ravenstein, 1885), it is possible that California Exodus is a
reflection of the ex-urbanization process. Henrie and Plane (2008) and Plane
et al. (2005) documented the shift of U.S. population from urban areas to rural
areas in the 1990s. If this is still happening in 2010s, that might be an under-
lying mechanism behind California’s net migrant loss. We therefore hypothe-
size that:

H3: The migration rate from urban origins to rural destinations is higher
than the reverse.

Last but not least, racial dynamics play a critical role in American lives,
including migration decisions (Crowder et al., 2006, 2012). According to the
literature, “White flight” is a frequently observed phenomenon (Boustan et al.,
2023; Frey, 1979; Woldoff, 2011), where members of the non-Hispanic White
population migrate out of racially diverse places and settle in White-dominant
areas. While White flight is associated with the ex-urbanization process,
previous literature has identified racial factors to be a unique and non-negli-
gible contributor to this movement (Frey, 1979; Kruse, 2013). Considering
California’s diverse racial demographics, White flight could hypothetically
contribute to the exodus, and we thus hypothesize that:
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H4: The migration rate from origins with low non-Hispanic White concentra-
tion to destinations with high non-Hispanic White concentration is higher than
the reverse.

These hypotheses embody a combination of conventional wisdom and notions
motivated by migration patterns seen elsewhere. But are any of them true -
and, more importantly, can they account for the California Exodus? For this,
we turn to our empirical analysis.

3. Materials and methods
3.1. Data

We model the inter-county migration flow network among all 3,142 U.S.
counties. The outcome of interest is the average number of migrants moving
between each directed pair of counties each year during 2011-2015, which is
calculated and released by the American Community Survey (ACS) adminis-
tered by the U.S. Census Bureau.

Key covariates capture the characteristics of origin and destination in their
costs of living, political climates, level of urbanization, and racial composi-
tions. The cost-of-living is measured by the median housing costs in 2006-
2010 ACS; the political climate is represented by the percentage of voters that
voted for the Democratic candidate (Obama) in the 2008 presidential election,
as that was the latest national-level election before the study period. The level
of urbanization is indicated by the proportion of rural population of a county,
estimated by the 2010 Decennial Census. Lastly, the feature of a county’s racial
composition is described by its Non-Hispanic White population in the 2010
Census, as this is the most populous racial-ethnic category in the U.S.

The model also considers other covariates that can potentially influence the
magnitude of migration flows. The demographic covariates include the log popu-
lation size, log population density (in thousand people per square kilometer), and
age structure (potential support ratio, PSR: ratio of population that are 15-64 years
old over population that are 65+ years old), all using 2010 Census Data. It also
includes the log of (internaitonal) immigrant inflows for each county during 2011-
2015 using ACS data. The economic covariates include the percentage of renters
(in contrast to homeowners) using the 2010 Census, unemployment rates, and the
percentage of the population with higher education attainment, both using 2006
2010 ACS. Geographic covariates include the log distance between the origin and
destination counties (in kilometers), a dummy variable indicating whether they
belong to the same state, and fixed effects for the four major U.S. regions
(Northeast, South, Middle West, and West). We also include the log migration
flow in the previous time period (2006-2010) of the focal migration flow, and the
network dependence terms specified in the following section.
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3.2. Valued ERGMs

We first model the migration patterns using valued exponential-family ran-
dom graph models (valued ERGMs, or VERGMs) (Krivitsky, 2012). The
ERGM is a parameteric generative model that imposes an exponential family
distribution to describe the network structure of interest:

h(y) exp(6'g(y, X))
> yeyh(y) exp(6'(, X))

where Y is the random variable of the network with realization y. g(-) is a
vector of sufficient statistics with corresponding parameters 6. The sufficient
statistics can be flexibly specified to incorporate both structural covariate
effects (e.g., housing price differences) and endogenous dependence terms
that capture autocorrelations among migration flows. In this paper, we include
two dependence terms, mutuality and waypoint flow, to account for the
endogenous mechanisms that contribute to the symmetry at the dyad-pair
level and the node level, beyond the specified covariate effects. Mutuality
captures the scale of reciprocated flow within dyad pairs (i — j,j — i) by
calculating the summation of the minimum edge value across all dyad pairs:

gn(y) = Z min()’ija)’ji)- (2)

(ij)eY

Pr(Y =y|60,X) = (1)

The larger the reciprocated flow within a dyad pair, the larger the statistic. For
example, if there are six migrant exchanges between counties i, j, a distribution
of {3,3} will have the largest reciprocated flow and the corresponding statistic
(3) and a distribution {0,6} will have the smallest (0). Therefore, a positive
coefficient will indicate an endogenous pattern of dyad-level reciprocity, and
vice versa. The waypoint flow takes a similar formula, but captures the volu-
metric flow through each node by examining its total inflows and outflows:

g=> min{ > i, > yu} (3)

iV jeV j#i keV k#i

The larger the volumetric flow moving in and out of a node, the larger the
statistic. A positive coefficient will indicate an endogenous pattern of node-
level symmetry, and vice versa.

h(y) is a reference measure that determines the probability distribution of
the networks when 6 — 0. As a VERGM, since our outcome of interest is the
count of migrants between two counties, we specify the shape function as a
Poissonian reference measure:

= I o) (4)

(ij)eY
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This amounts to the assumption that migration events are indistinguishable
within edges. The denominator of Eq. 1 is the normalizing factor that is
defined on ), the set of all possible network configurations based on the
same vertex set. This intractable function is the source of computational
complexity for ERGMs, as it is a function of both the parameter to be
estimated and the set of possible network structures. This is especially the
case for VERGMs, since each dyad can now take not only two values for
binary networks but all natural numbers. More than 3,000 nodes also
increase the computational load of our model. To grapple with this chal-
lenge, we employ a parallelizable Maximum Pseudo-Likelihood Estimation
procedure for VERGMs (Huang & Butts, 2024), which is efficient and
shows good estimation quality for high-edge-variance networks such as
ours.

3.3. Functional form specification

There are many possible functional forms for network models even just consider-
ing linear formats, since the edge-based models jointly account for the covariates
of origin and destination. We thus formulate our key covariate effects based on
our theoretical assumptions of their mechanisms that influence migration.

For the cost of living, we include the housing costs of origin and the
difference between destination and origin (destination minus origin).
Drawing on the aspiration-ability model of migration (Carling, 2002;
Carling & Schewel, 2018), we posit that origin housing costs influence people’s
financial well-being, which translates into their ability to migrate; the differ-
ence in housing costs influences the utility gain of migrating, altering their
aspiration of the migration.

In terms of political, rurality, and racial covariates, we include a dissimilarity
measure, implemented as the absolute difference between origin and destination
in the corresponding covariate. This follows the operationalization of the pre-
vious literature (Huang & Butts, forthcoming), which reveals a segmental effect
in which less migration happens between counties with larger differences in
political climates, levels of urbanization, and racial compositions. Since our
interest is population redistribution generated from asymmetric migration, we
further include two directional effects. The first is the covariate level of the
origin, and the second is a sign function (+1 when destination has a higher
covariate level than origin, —1 when the reverse, and 0 when equal).

3.4. Visualizing functional forms

The composite functional forms of each covariate effect pose the question of
how to unpack and interpret their joint effects. We develop a visualization
protocol that tackles this problem. For each functional form, the protocol
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calculates the expected edge value under each possible combination of the
covariate value of the origin and destination. To make it more comparable
across functional forms, we then normalize it by calculating the ratio of this
expected value over the expected value that would be obtained if both origin
and destination took the average observed value of the covariate.” We describe
this formula as follows.

In the absence of dependence terms, a Poissonian VERGM is identical to a
network regression model with an independent Poisson distribution on each
edge (Krivitsky, 2012), where there expected value of the i, j edge is:

E(Yy) = exp(6"4) g (7, X)) (5)

where A denotes the change in the sufficient statistics when the focal edge’s
value goes from 0 to 1. If we only focus on one covariate fi(X;) (whose
sufficient statistic in ERGM will be fi(Xj;) - y;), then we have:

B(Yy) oc exp(6k - fi(Xy)) (6)

so we can express the conditional expected value as a function of origin’s and
destination’s covariate level by calculating the exponentiated product of the
functional form and the corresponding coefficient in Eq. 6. We further add a
normalizer to center the expected value and make it more comparable across
different functional forms. The normalizer is the expected edge value when the
covariate of the origin and destination is set to the average value (described in
the previous footnote) across the vertex set (Xp):

E(Yy) o< exp(6k - [fe(Xyj) — fu(X0)]) 7)

The formula is in essence the ratio between the expected value of a focal edge
under a specific origin-destination covariate vector over the expected value
where the origin and destination has the covariate value equal to the average
value.

When we need to calculate the ratio for composite expected value, we can
simply take the product of their ratios for each form. In the Results section, we
will display the functional form of both separate effects (e.g., origin housing
costs) and composite effects (e.g., origin housing costs plus difference in
housing costs).

Note that this is not exactly the same as the conditional expectation ratio in
our specified model, since the model contains dependence terms that distort
the edge distribution away from a regular Poisson distribution. A rigorous
calculation of the exact expectation ratio is, however, computationally prohi-
bitive, as it requires numerical integration of all possible edge values times

2For political, racial and rurality covariates, we use the population-weighted national mean, treating every county as
if it had the same share of Democratic voters, non-Hispanic Whites and rural population as the national percentage.
For housing prices, we use the national median, as the functional form takes the logarithm of the prices.
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their probability function for every realization of the covariate vector.
Nevertheless, the knockout experiment in the following subsection takes the
dependence into control, offering a closer look at the functioning of the
VERGM with dependence terms.

3.5. Knockout experiments via network simulation

The visualization of functional forms offers structurally “local” insights about
how each social force influences migration patterns. Building upon that, we
want to quantify how these social forces contribute to the social phenomenon
of interest on a global scale, specifically population redistribution and the
California Exodus. We achieve this by leveraging the generative feature of
ERGMs to perform in silico knockout experiments via network simulation. A
knockout experiment as employed in a social science context is a model-based
thought experiment that examines counterfactual scenarios where certain
posited social forces are inoperative, while all other forces are left at their
observed levels (Huang & Butts, forthcoming). The change in outcomes of
interest relative to the behavior of the full model is used to probe the impact of
the knock-out mechanism. Here, we implement knockout of mixing effects by
simulating migration flows with all counties having their covariates of interest
fixed at an identical value average that is specified in the previous footnote
(removing differential mixing). Simulating flows obtained under these condi-
tions, we compare California’s ranking in net migration loss across all states
under the knockout scenarios with the observed models. This allows us to
probe the connection between the mechanisms captured by the model and our
social phenomenon of interest. For example, if under the hypothetical condi-
tion where every U.S. county has the same housing cost, California’s relative
net migration loss is not as severe as the observed situation, it would suggest
that housing-cost effects on migration could be a contributor to the California
Exodus; by turns, if eliminating housing disparities has no impact on asym-
metric migration, we can rule it out as a driver of migration loss.

To assist the interpretation of the quantitative results from knockout
experiments, we include positive and negative controls in simulation, along-
side knockouts of our key covariates of interest: political, racial, rurality, and
housing attributes. Originating in the experimental sciences, positive and
negative controls are experimental conditions that researchers expect to pro-
duce positive and null results, respectively; the controls validate the experi-
mental procedures, serving as the benchmark for other regular experimental
settings. In an in silico setting, controls remain important to verify that the
model is sensitive to manipulations that should have an impact on the out-
come of interest (and, in turn, that it is not overly sensitive to manipulations
that should not have an impact). Here, we knock out distance effects as a
negative control, treating all dyads as having a common log distance set at the
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national mean. We expect the knockout of non-directional distance effects to
not alter the rankings of net migration loss across the country, and the
difference between this case and the full model can be considered as a
combination of numerical noise and some second-order impacts (since we
include complex network dependence terms). The removal of population
effects by equally distributing population across all counties serves as a positive
control case, as we expect the removal of population effect to have a large
impact on the population redistribution pattern. The purpose of these two
controls is not a substantive interpretation of the fundamental distance and
population effects, as the counterfactual scenario is arguably radical and
unrealistic, but rather, to provide insights into the question of “how small is
small” and “how big is big” in terms of altering migration ranking.

4. Results
4.1. General patterns of population redistribution

To offer a broad view of population change in the study period, Table 1 shows
the annual population changes from different demographic processes and
their crude rates (normalized by the total population size).” Compared to
natural change and international migration, inter-county migration in the U.
S. is a more substantial demographic process with a larger share of the

Table 1. Annual population change in the United States, 2011-2015.

Count Crude Rate (%)
Population 308,739,316
Natural Change
Births 3,961,037 1.28
Deaths 2,598,956 0.84
Natural Increase 1,362,081 0.44
International Migration
Immigration 1,841,695 0.60
Inter-county Migration
Total migrants 17,176,675 5.56
Node-level asymmetry 1,523,550 0.49
Dyad-level asymmetry 3,844,434 1.25

3The population size comes from 2010 Census, the natural change data comes from U.S. Center for Disease Control
and Prevention (annual average during 2011-2015), and the international and internal migration comes from ACS
2011-2015. The natural increase is the number of births minus the number of deaths. The dyad-level asymmetry is
the sum of absolute difference

Yi—Yi

across all dyad pairs divided by two: A = % and the node-level asymmetry
is the sum of absolute difference across all nodes in their inflows and outflows divided by two:

=[S
A== =]
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Figure 1. Net migrant count, net migration rate, and migration imbalance index by state.

population involved. When it comes to population change, the asymmetric
internal migration is similar to the scale of immigration and natural increase,
all of which have a modest share of population, which is around 0.5% to 1%.
This confirms that as a developed country, the U.S. has a relatively modest
population change in the 2010s (Rees et al., 2017).

Figure 1 examines the phenomenon of the California Exodus by comparing
the net migrant loss of California (shaded in blue) across three metrics against
other U.S. states and the District of Columbia (DC). The left panel displays the
net migrant count, which is the total in-migrants minus the total out-migrants.
It shows that California has a large net migrant loss, only second to New York
among the 51 states and DC.

Yet, considering the fact that California is the most populous state (roughly
25% more than the second populous state, Texas, in 2010), the middle panel
calculates the net migration rate, which is the net migrant count divided by the
state’s population. The normalized metric observes California to have a less
extreme net migration loss. While it still ranks at the lower end of the list, it is
not very different from the majority of the U.S. states, which are within the range
of —1% to 1%. In other words, the large net outflows of migrants from California
can be partly explained by its largest population size.

Although the middle panel may suggest that there is nothing to be explained -
the California Exodus is simply a size effect — examining the relative asymmetry of
migration to and from California gives a richer picture. The right panel calculates
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Figure 2. Quantiles of attributes for California counties (boxes) and the state as a whole (blue dots)
relative to all U.S. counties. The horizontal line is the 0.5 reference line.

the migration imbalance index (MII) of each state, which is the net migrant count
divided by the sum of in-migrants and out-migrants.* The measurement indicates
the proportion of related migrant flows that are inflows of a focal place, capturing
the level of imbalance between inflows and outflows of migrants. The right panel
reveals that migration imbalance generally has larger variation across states than
the net migration rate, as the former focuses on a smaller population, i.e. the
migrant population. California has a relatively lower ranking in migration imbal-
ance than net migration rate, and its value is farther away from other U.S. states,
suggesting a noticeable imbalance in its in/out-migration flows.

In summary, Figure 1 reveals that California is indeed experiencing net
migration loss, although the severity relative to other parts of the country
varies by the metric we read. Moreover, despite the popularity of the California
Exodus narrative, California is not the place with the most net migration loss:
the state of New York has stronger net loss than California across all metrics,
and the net migration rate and migration imbalance of Alaska is substantially
lower than the rest of the states. These other cases pose important empirical
questions that future research should consider.

Lastly, as we consider the possible contributor of California’s outstanding
net migration loss, we examine California’s attributes in Figure 2. The boxplots
show quantiles of California counties in those attributes across all U.S. coun-
ties, and the blue dots indicate the quantiles of California across the 51 states

“MIl coincides with the migration efficiency/effectiveness index in some migration literature (Bell et al., 2002; Shryock
et al,, 1973). It is also directly related to the external-internal (E-I) Index in social network analysis (Krackhardt &
Stern, 1988), although the latter focus on external flows, so Mll is equal to one minus the E-l index.
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Table 2. Valued ERGM for inter-county migration flows, 2011-2015.

Estimate Std Err
Political Covariates
Dissimilarity P(Democrat) —.257%%* .007
Origin P(Democrat) .024** .009
To higher P(Democrat) —.008*** .001
Racial Covariates
Dissimilarity P(NH-White) —172%%* .006
Origin P(NH-White) —.044%** .007
To higher P(NH-White) 017%** .001
Rurality Covariates
Dissimilarity P(rural) —457%%% .004
Origin P(rural) .330%** .006
To higher P(rural) .018%** .001
Housing Covariates
Origin log(costs) —.283%** .005
Difference log(costs) —.148%** .004
Control Covariates (included)

Note: **p <0.01; ***p <0.001 (two-tailed tests).

and DC. Compared to other parts of the country, California is indeed a place
with stronger left-leaning political environments, expensive housing, larger
racial and ethnic minority population share, and higher levels of urbanization.
These dimensions are characteristics where California stands out and there-
fore has the potential to explain its migration patterns.

4.2. Functional forms of migration driving forces

4.2.1. Estimated effects

To explain the underlying patterns of intercounty migration, we estimate a
VERGM for the migration flow network, with the results of the key covariates
of interest listed in Table 2. The model suggests that, on average, less migration
happens between counties with larger differences in their political climates,
rurality, and racial compositions, as reflected by the percentage of the non-
Hispanic White population. In terms of directional effects, the model predicts
larger migration flows from counties with higher Democratic Party voter share,
and toward counties where the Democratic Party voter share is lower. The
directionality of the political effects is largely in correspondence to the “leftugee”
Hypothesis 2 that population are generally leaving from Democratic-party-leaning
areas toward Republican-party-leaning areas. The racial effects also run in the
direction predicted by the “White flight” Hypothesis 4. Holding other factors
constant, counties with smaller proportions of non-Hispanic White population
send out more migrants, and larger migration flows exist along the way that lead
to a county with a higher share of non-Hispanic White population.
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When it comes to rurality, the model is consistent with the ex-urbanization
Hypothesis 3 that migration flows are larger when they are moving toward
counties with a higher share of rural population than the origin. Yet, the model
also shows that counties with higher rurality on average send more migrants
out than those with lower rurality. In other words, more migration flows are
moving toward more rural regions, but more of them come from a rural
county. The housing effects also offer mixed evidence in light of the neoclas-
sical-economic Hypothesis 1. Although migration flows are larger where
moving brings greater declines in housing costs from origin to destination,
counties with lower housing costs also observe larger out-migration flows.
This means that migration typically happens from places with inexpensive
housing to places with even less expensive housing.

The model also controls for a series of other covariate effects and endogen-
ous dependence structure, reported in Table A1 in the Appendix. The positive
mutuality and the negative waypoint flow patterns suggest that, holding other
covariate effects constant, the observed migration flow network is more
reciprocal at the dyad-pair level and less symmetric at the node level than a
random network configuration. This implies the existence of endogenous
network patterns discussed in prior literature (Huang & Butts, forthcoming;
Leal, 2021). For example, the practice of return migration could promote
dyad-level reciprocity, and the signaling effects of county attractiveness can
lead to endogenous node-level asymmetry (large migration inflows signaling
the popularity of the focal county, retaining potential migrants from leaving,
resulting in an imbalanced in & out-flow of the county).

4.2.2. Visualizing functional forms

For a typical research paper using parametric models, the results section
usually stops at the previous subsection, after summarizing whether the
directionality of the key effects confirms or refutes the hypothesis. While it
is informative to use parametric models as tools for hypothesis testing by
evaluating their qualitative behavior, there are more insights one could gain
from further examination of the models.

First of all, besides the signs of the coefficients and their corresponding
p-values, their magnitudes also carry critical information about the scale of the
effects of interest. Taking the political covariates in Table 2 as an example, the
coefficient of origin effects and binary directional effects look an order of
magnitude smaller than that of the dissimilarity effect. However, it is difficult
to directly interpret the parameter magnitudes, which are subject to the scaling
of the covariate distribution.

The second question is about how to interpret holistically the effects of
interest, as the different effects (origin, difference, and dissimilarity) are
interdependent, and holding other factors constant to interpret each single
functional form can be unrealistic. This could be a critical question as
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Figure 3. Function forms for political, racial, rural, and housing effects.

sometimes different effects offer mixed evidence about substantive hypoth-
eses, such as the rurality and the housing effects in our model. It is of
substantive interest to understand how these different effects jointly shape
the migration pattern.

To quantify the magnitude of the modeled effects and to more concretely
understand the separate and joint roles of the functional forms, we visualize
the (normalized) predicted migration flow size as a function of origin’s and
destination’s covariate values, displayed in Figure 3. Each row presents one
chunk of covariate effects, and each column presents a type of functional form,
where the higher value in the heatmap indicates that the model predicts the
migration flow to be higher under these origin-destination covariate values.

The first row of Figure 3 shows that the directional functional forms
(sending and directionality effects) of political effects produce very little
alternation of the expected migration flow, compared to the undirectional
functional forms (dissimilarity effects). The middle two panels show a tiny
gradient in their coloring, and the total effects largely resemble the dissim-
ilarity effect, suggesting that the sending and directionality effects make little
contribution to the overall effect of the political climate. Similarly, in the
second row, directional effects of racial covariates also appear negligible, and
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the undirectional dissimilarity effect dominates the total effect of racial com-
position. These visualizations tell us that while the directional effects of
political and racial covariates run in the direction that corresponds to the
hypotheses, their effect sizes are small compared to the nondirectional dis-
similarity effects.

In the third row of Figure 3, although the directionality effect of rurality still
resembles those of the previous political and racial covariates, bringing small
variation in the expected migration scale, the rural sending effect is strong, and
alters the rural total effect to be asymmetric. The bottom row shows that while
the sending and difference effects predict substantial variation of expected
value across different housing values, their combination offsets each other in
the bottom right panel; the gradient of the total effect largely evolves along the
y = x line, meaning that swapping the housing costs of origin and destination
does not lead to major change in the expected migrant counts. This means that
the total housing effect is largely symmetric.

4.2.3. Visualizing functional forms: the San Francisco County Case

To further aid our interpretation of the total effects, Figure 4 examines the case
of San Francisco (SF) county, California, and evaluates its expected migration
flows toward and from other counties based on their corresponding covariate
values. The first column is a replication of the last column in the previous
figure, but adds reference lines that indicate the covariate level of SF county.
The middle column extracts from these two reference lines and plots the
expected number of immigrants to (brown solid lines) and emigrants from
(gray dotted lines) SF county as a function of the origin/destination county’s
covariate level. The upper right panel of each row summarizes the middle
column by obtaining the difference between the immigrant ratio and the
emigrant ratio, where a positive ratio difference (shaded in solid brown
lines) suggests an expected net migration gain for SF county, while a negative
ratio difference (shaded in dotted gray lines) suggests an expected net migra-
tion loss for SF county. The bottom right panel of each row plots the histogram
of U.S. population about the covariate level of their residing counties. The
juxtaposition of the last two plots reflects whether the country’s population
gravitate toward counties that SF county has net migration gain from (shaded
in brown), or counties that SF county has net migration loss toward (shaded in
gray), offering a first-order approximation to whether the social effects pro-
mote or suppress population loss for a county like San Francisco.

Focusing on the right column of Figure 4, we observe that SF county receives net
migration gains from counties with a larger Democratic-party voter share, which
comprises a small share of U.S. population. In turn, it loses migrants to counties
with a smaller Democratic-party voter share, which comprises a larger share of U.S.
population. Similarly, in the second row, SF county receives net migration gains
from counties with less non-Hispanic White population share, which comprise a
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Figure 4. Function forms for migration effects involving San Francisco county. (left) dyadic effects,
with vertical and horizontal lines showing SF attributes. (center) net immigration (solid lines) and
emigration (dotted lines) effects for SF, given origin/destination county attributes; vertical line
shows SF position. (right) areas between curves (net immigration) from the center plot by origin/
destination county attributes; histograms show population-weighted distributions of U.S. counties,
with brown columns indicating population in net SF-immigration counties.

small share of U.S. population. The functional form of rurality for SF county is a bit
more complicated, as the county takes the extreme value of 0% rural population.
The county is expected to have no net migration exchange with other counties that
have 0% rural population, which consist 7% of the total U.S. population. SF county
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is expected to lose population to counties with rural population larger than zero but
smaller than 13%, which includes about 51% of the total U.S. population. In other
words, on average, there are slightly more persons residing in counties that SF
county has net migration loss toward. However, once the county deviates from the
extreme case of the fully urbanized population, the trend reverses, with more of the
U.S. population residing in places from which the focal county has net migration
gain. Finally, the bottom-right panel shows that the majority of the U.S. population
resides in counties with cheaper housing than SF county, areas to which SF would
be expected (ceteris paribus) to lose population. Overall, for the SF county case,
across all covariates, the model predicts an overall net migration loss from the SF
county; this is not because all factors unilaterally favor emigration from SF, but
rather because in each case SF’s attributes favor immigration from a relatively small
number of counties (with relatively low total population) relative to those to which
they favor emigration.

4.3. Knockout experiments for the California Exodus

The visualization of covariate effects offers us some quantitative insights about
how different social forces operate across different origin/destination pairs.
However, our examination of the SF case underscores the intuition that the
way in which such forces play out depends upon the global distribution of
population (and covariates), which is challenging to infer from direct inspection.
For instance, the high level of urbanization in SF county makes it an interesting
but special case, and it becomes difficult to visualize every possible rurality level
that California counties take and integrate them to offer a holistic evaluation of
the rurality effect on the California Exodus. Building on these exploratory
insights, this section aims to explicitly examine the connection between migra-
tion patterns incorporated into the model with specific social outcomes of
interest, such as the California Exodus.

We achieve this by performing in silico knockout experiments, with results
displayed in Table 3. The first column suggests that California’s ranking in net
migrant count stays constant throughout all the knockout scenarios except the
positive control that knocks out population, contributing to a 1.25 position
improvement in its ranking (smaller ranking means less net migrant loss).
Notice that only knocking out population effects in the positive control alters
California’s average ranking in net migrant count, and that in the second
column, the net migration rates under normalized state population lead to
fluctuations of California’s average rankings under all knockout scenarios.
This suggests that California’s status as the largest U.S. state is a major explana-
tion for its substantial net emigration in absolute terms.

In the second column of Table 3, the removal of political and housing effects
improves California’s ranking in net migration rate at a scale smaller than or
roughly equal to the negative control of removing distance effects. Although
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Table 3. California’s average simulated ranking with and without knockouts, by metric.

Net Migrant Count Net Migration Rate Migration Imbalance

Ranking Change Ranking Change Ranking Change
Full Model 50.00 42.08 45.55
Remove Distance Effect 50.00 0.00 41.92 -0.16 45.35 -0.20
Remove Population Effects 48.75 -1.25 28.30 -13.78 46.63 +1.08
Remove Political Effects 50.00 0.00 42.00 —-0.08 45.16 -0.39
Remove Housing Effects 50.00 0.00 41.92 -0.16 44.95 -0.60
Remove Racial Effects 50.00 0.00 39.36 -2.72 42.49 —-3.06
Remove Rurality Effects 50.00 0.00 43.00 +0.92 47.49 +1.94

political and housing effects seem to operate in a direction that contributes to
California’s exodus as hypothesized, their influence on net migration rate is
substantively negligible. Knocking out racial effects and rural effects improves
and worsens California’s relative net migration rate, respectively, indicating
that racial effects contribute to California's exodus (from a migration rate
angle), while rural effects buffer California from even larger population loss.
These two changes are larger in their scale than the negative control of distance
effects, but not comparable to the positive control of population effects,
suggesting their impacts to be moderate.

The last column in Table 3 shows California’s ranking of migration imbal-
ance. As with the case of net migration rate, removing political, housing, and
racial effects reduces California’s relative migration imbalance, while remov-
ing rurality effects worsens it. Quantitatively speaking, the impact of knock-
outs of political and housing effects is again similar to that of the negative
control of distance effect, while the removal of racial and rural effects bring a
ranking change even larger than that from the positive control case of popula-
tion effects. The small alteration from the positive case is understandable, as
the origin and destination effects of population are not hugely different in our
model (as well as in many other gravity models, Boyle et al. (2014)); while
changing the total size of migrant population (symmetrically) can alter state
rankings of net migration rate given a constant total population denominator,
for migration imbalance that solely focuses on the migrant population, this is
no longer the case. The fact that none of the knockouts alters California’s
relative migration imbalance in a sizable way suggests that California’s migra-
tion imbalance does not result from a single social effect.

5. Discussion

Leveraging a large-scale valued network model, this paper studies population
redistribution patterns in the United States, and in particular the heatedly
discussed case of the “California Exodus.” Our analyses show that California
indeed experienced net migration loss in the 2010s, although its scale varies
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depending on the metrics one examines; the exodus is substantial in absolute
terms but relatively small in its crude rate (count per capita), while still being
fairly considerable in its imbalance between in-migration and out-migration
flows. Valued ERGM analysis reveals the direction of the political, rural, racial,
and housing effects on population redistribution, which largely work in
directions that would contribute to net migration loss for highly populous
counties like San Francisco. Knockout experiments further show that racial
effects contribute to the California Exodus, rurality effects work against the
California Exodus, and while political and housing effects contribute to the
California Exodus, their effects are largely negligible. The scale of these effects
on the California Exodus varies by the migration metric used, but none of the
knockout scenarios (except a positive control case for population distribution)
alters California’s ranking in net migration loss in a substantial way. This
suggests that the California Exodus is not governed by a single social effect but
is a joint outcome of complex systemic patterns.

Methodologically, this paper offers a roadmap that aids the interpretation of
composite functional forms in parametric relational models via visualization.
It also demonstrates the insights generative models such as ERGMs could offer
by designing simulation experiments for relevant counterfactual questions. In
our view, this provides a reminder that network models are not merely
statistical hypothesis-testing tools but flexible and powerful generative devices
that can reveal emergent effects of multiple mechanisms on outcomes of
interest in complex social systems.

In closing, we note that while statistical network models have seen great
advances over the past 20 years, important challenges remain. Among these
are the problem of accounting for measurement error (a persistent chal-
lenge for the field since the famous call-to-arms of Bernard et al. (1984)).
As with the vast majority of work in both social network analysis and
demography, this paper considers the data as a fixed input without
accounting for measurement error. However, even Census data is imper-
fectly measured, a concern that becomes greater when considering the
O(3000%) migration rates that must be estimated to measure the U.S.
county-level migration system. Assessing the nature and consequences of
measurement error in migration networks remains an open problem, as
does the estimation of count-valued ERGMs in the presence of measure-
ment error. These would seem to be important directions for further work.

Likewise, in defining a network, one’s choice of nodes and edges imposes a
certain level of granularity on one’s representation, which in turn impacts
what effects it can distinguish (Butts, 2009). Here, we examine the network of
migration flows among U.S. counties, which could itself be seen as an aggrega-
tion of an ensemble of migrant flow networks for smaller subsets of the U.S.
population. Although we can hypothesize how these subflows contribute to
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the aggregate flow network, we are limited in our ability to disaggregate them
here. For example, we do not have information about whether and to what
extent the larger migration flow from low-White-concentration counties to
higher-White-concentration counties is driven by movement of the non-
Hispanic White population, versus members of minority populations follow-
ing on the heels of earlier migration by non-Hispanic Whites (an effect seen in
some past research, e.g., Woldoff (2011)). Distinguishing the migration pat-
terns of different population groups within a joint model imposes significant
challenges both from a data availability/accuracy and computational stand-
point but could provide further insights if feasible.

Last but not least, we note that there exist other states whose population
redistribution patterns are stronger than California, such as New York State
and Alaska, despite receiving less public attention. The impacts of the COVID-
19 pandemic on internal migration, over both the short term and the long
term (e.g., potential enhancement of ex-urban migration), are also critical
research topics. We encourage future research to examine these cases to
offer a more comprehensive understanding regarding the evolution of the U.
S. migration system and its implications for American society.
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Appendix

Table A1. Valued ERGM for inter-county migration flows, 2011-2015 (full model).

Estimate Std Err
Key Covariates in Table 2 (included)
Dependence Structures
Mutuality 047%** .002
Waypoint flow —.013%** .001
Log(past migrant flow) .300%** <.001
Demographic Covariates
Destination log(population size) 353%** .002
Origin log(population size) 374%%* .002
Destination log(population density) —.081%** .001
Origin log(population density) —.055%** .001
Destination PSR 017*%* .001
Origin PSR 017*%* .001
Destination log(immigrant inflow) 057%** .001
Origin log(immigrant inflow) 043*** .001
Economic Covariates
Destination P(higher education) .386%** .012
Origin P(higher education) 314%%* 013
Destination P(renter) A04%** 012
Origin P(renter) A2FE 012
Difference P(unemployment) —1.220%** .041
Origin P(unemployment) —2.948%** .052
Geographical Covariates
Log(distance) —.569%** .001
Same state .500%** .002
Northeast (reference group)
Destination South 257**%* .003
Origin South 053*** .003
Destination West .384*** .004
Origin West 225%** .004
Dstimation Midwest 202%** .003
Origin Midwest .096%** .003
Baseline
sum —1.4271%** .042
nonzero —13.965*** .028

Note: **p < 0.01; ***p <0.001 (two-tailed tests).
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