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Chasing opportunity: spillovers and drivers of US state population growth
Sebastian Kripfganz ©2 and Vasilis Sarafidis ©®
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ABSTRACT ARTICLE HISTORY
We examine the drivers and spatial diffusion of US state population growth using a Received 20 October 2025
dynamic spatial panel model over the period 1965-2017. Methodologically, the spatial Accepted 25 January 2026
network is recovered from the data rather than imposed a priori, and estimation
framework permits heterogeneous slopes and interactive fixed effects. Population Populati b

h displays heterogeneous conditional convergence: around three-quarters of opu'ation growii; |
i (P& L=l . 9 C T qt economic drivers; spillovers
states converge, while a small high-growth group diverges mildly. Core drivers such and network dependence;

KEYWORDS

as amenities, labour income and migration frictions are robust across network mean group instrumental
specifications, whereas productivity effects arise only under data-inferred networks. variables estimation
Spatial spillovers are economically meaningful, accounting for roughly one-third of

total effects and extending beyond contiguous neighbours. JEL

(31; G33; )11; R23

1. Introduction

Migration is the oldest action against poverty. (Amartya Sen)

Population dynamics lie at the heart of regional development and long-term economic planning. Under-
standing what drives population growth and how it diffuses across space is essential for designing effective
infrastructure policies, housing strategies and public service provision. Rapid population growth can create
pressures on roads, schools, utilities and healthcare systems, while stagnation or decline can lead to
underutilised infrastructure and economic contraction. Moreover, spatial shifts in population have direct
implications for environmental sustainability, land use and food security, particularly as population press-
ures interact with limited natural resources. In the United States, large and persistent differences in popu-
lation growth across states have long reflected variation in economic opportunities, quality of life and
migration patterns. Uncovering the drivers of these differences and the extent to which growth in one
region spills over to others is therefore central to understanding the evolving spatial structure of the US
economy.

Classic surveys in the population literature, such as Greenwood (1997), document that migration has his-
torically served as an equilibrating mechanism, reallocating people toward locations offering higher
expected returns net of moving costs. Urban studies have subsequently emphasised the role of consumption
amenities and quality of life in shaping residential location decisions (Albouy et al., 2016; Glaeser et al.,
2001; Roback, 1982). For the United States, empirical work documents climate and amenity pull factors
and the rise of Sunbelt destinations (Glaeser & Tobio, 2008; Rappaport, 2007), alongside job opportunities
and changing urban fortunes (Diamond, 2016; Glaeser & Shapiro, 2003). Complementary evidence points
to the role of job mobility and labour market adjustments in shaping the magnitude and intensity of internal
migration patterns within the US (Molloy et al., 2011, 2017).

Building on the preceding evidence, it is clear that the evolution of regional populations reflects spatial
diffusion processes, whereby demographic and economic shocks in one area propagate through networks of
migration, trade and market integration. Spatial econometric approaches provide a coherent empirical
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framework for analysing such interdependencies, linking outcomes in one region to conditions and
dynamics in others (Elhorst, 2014). Against this backdrop, recent advances in econometrics have sought
to broaden spatial frameworks along three important dimensions.

The first concerns heterogeneity in slope parameters and marginal effects across spatial entities. As noted
by LeSage and Chih (2016, p. 4):

space-time panel data samples covering longer time spans allow us to produce parameter estimates for all N
spatial units, an exciting point of departure for future work. Allowing for heterogeneous coefficients for each
spatial unit holds a natural appeal when contrasted with conventional static spatial panel models.

Recent econometric work by Aquaro et al. (2021) and Chen et al. (2022) shows that slope heterogeneity is
empirically and inferentially important in panel data analysis of spatial interactions, even after controlling
for non-local, pervasive cross-sectional dependence driven by latent common factors.

The second dimension concerns the specification of the spatial weighting matrix, W. Two considerations
motivate moving beyond setting it a priori on the basis of pure geographical contiguity schemes: first, such
schemes may, by themselves, fail to capture interaction patterns shaped by trade, migration or infrastruc-
ture. Second, even where geographical contiguity is empirically relevant, the functional form relating dis-
tance to interaction strength is not always known; shared-border indicators, inverse-distance kernels and
threshold rules remain, at best, approximations (Elhorst et al., 2024; Tan et al., 2025). Accordingly, estimat-
ing W from the data aligns the network with observed interactions, accommodates non-geographical chan-
nels and mitigates potential misspecification.

A third methodological development recognises that, beyond spatial interactions, regional entities (and
spatial units more generally) are subject to pervasive cross-sectional dependence arising from economy-
wide or sector-specific shocks (Sarafidis & Wansbeek, 2012, 2021). To accommodate these influences, a
dominant strategy is the latent common-factor (‘interactive fixed effects’) approach, which captures co-
movements beyond what spatial proximity alone can explain (Baltagi & Shu, 2025; Pesaran & Tosetti,
2011; Sarafidis, 2007; Yang, 2021). For instance, demographic, institutional, macroeconomic or technologi-
cal shocks can affect all regions on a wide scale, albeit with heterogeneous intensities.

A growing body of research on regional population growth supports all three dimensions of methodo-
logical development. For example, Reia et al. (2022) report substantial spatial heterogeneity in population
dynamics within and across metropolitan areas, while county- and state-level analyses reveal that amenity-
driven and network-mediated migration flows often extend well beyond geographical contiguity (Chi &
Marcouiller, 2013; Partridge et al., 2008). Motivated by this evidence, the present paper develops a spatial
panel data model of population growth across 49 US states over a 52-year period, integrating several features
essential to capturing the complex and interdependent nature of regional population dynamics.

First, we allow for endogenous spatial spillovers in population growth, recognising that migration and
economic linkages need not conform to geographical borders. Accordingly, we go beyond purely geogra-
phy-based weighting schemes and estimate the spatial connectivity matrix directly from the data. This
step is important because population mobility may reflect economic and social networks rather than
mere physical adjacency among states.

Second, we permit heterogeneous, state-specific coefficients on the economic drivers of population
growth; namely, total factor productivity (TFP), amenities, labour income and migration costs. This is
motivated by structural differences across states in industrial composition, demographic profiles, labour
market flexibility and housing supply elasticity (Blanchard et al., 1992; Glaeser & Gyourko, 2005; Hsieh
& Moretti, 2019; Saiz, 2010).

Third, we incorporate interactive fixed effects to capture nationwide demographic and institutional
shocks, such as changes in fertility and ageing patterns, shifts in federal immigration policy, or national
housing and credit cycles, which influence population growth across all states but with heterogeneous
intensities.

To jointly accommodate (1) an endogenously estimated spatial connectivity matrix, (2) state-specific
slope heterogeneity and (3) time-varying common shocks with heterogeneous loadings, we combine the
boosting one-link-at-a-time with multiple testing (BOLMT) approach of Juodis et al. (2025) with the spatial
mean group instrumental variables (MGIV) approach of Chen et al. (2025). This integrated framework
yields consistent estimation and inference in dynamic spatial panels with endogenous regressors and latent
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common factors. Stata implementations are available in Kripfganz and Sarafidis (2021, 2025). To our
knowledge, this is the first empirical framework in the spatial econometrics literature that jointly integrates
all three elements within a single setting.

Our empirical results show that US state population growth is characterised by broad, yet hetero-
geneous, conditional convergence: three-quarters of states show convergence, whereas a handful of
high-growth states display mild divergence. Coefficients on the core economic drivers (amenities, labour
income and migration frictions) are stable across alternative network specifications. By contrast, the effect
of TFP is significant only when the spatial network is estimated from the data and not under a priori net-
works. Allowing for slope heterogeneity (MGIV) materially amplifies effect sizes relative to pooled esti-
mators, indicating that homogeneous estimators understate responsiveness to fundamentals (amenities,
labour income and migration frictions). Spatial spillovers are economically meaningful and indirect
effects account for about one-third of total marginal impacts. The estimated interaction network is sparse
(=0.66% density) but nationwide in scope, and displays pronounced regional homophily, with same-div-
ision links occurring more than twice as often as under random assignment. Finally, latent common fac-
tors account for at least 60% of the residual variance, even after controlling for state-specific and common
time effects, highlighting the importance of modelling both network dependence and pervasive cross-sec-
tional co-movement.

1.1. Algorithmic extensions introduced in this study

As a further contribution of this paper, we extend spxtivdfreg along two dimensions. First, we allow the
spatial weighting matrix to vary over time, that is, W becomes W, so that network linkages can evolve.
Second, we add post-estimation routines for spill-in and spill-out effects, complementing the standard
direct/indirect decomposition (Amendolagine et al., 2024; Krause & Kripfganz, 2025; LeSage & Chih,
2016; LeSage & Pace, 2019). Both extensions retain full backward compatibility with existing syntax. Further
implementation details are provided in Kripfganz and Sarafidis (2025).

2. Model specification and motivation

Our empirical analysis uses the annual panel compiled by Kleinman et al. (2023), covering the 49 contig-
uous US states plus the District of Columbia from 1965 to 2017, with population levels and bilateral trade
and migration flows.

2.1. Dynamic spatial panel data model with common factors

We study the following model:

N k
Ayi¢ = 6y + Z wijAyj i+ Z ByjXtie + Uiz (D)
-1

Jj =1

where i=1,..., N(=49) and t=1, ..., T(= 52). The outcome A,,;,=In(Pop;,) - In(Pop;,_,) is population
growth; y;,_; =In(Pop;,_,) represents the log-level of population at the beginning of the current growth
spell, capturing the state’s starting point in its growth trajectory; and X;w; Ay;, is the network-weighted
average growth of states connected to in the spatial weighting matrix.

The covariates are (1) x; ;, = TFP; : total factor productivity inferred by Kleinman et al. (2023) by invert-
ing their dynamic spatial general equilibrium (DSGE) model;' (2) x,;, = Amenities; : model-implied state
amenities from observed trade and migration flows (Kleinman et al., 2023); (3) x5, = In(Income; ,): labour
income (nominal compensation of employees, millions of US$) per million people, obtained from the US
Bureau of Economic Analysis; and (4) x4, = In(MigCost; ;): inbound migration frictions obtained from the
Kleinman et al. (2023) DSGE model, computed as an inbound-migration - weighted measure and assuming
that frictions are symmetric.
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The error term is assumed to obey:
Uit = A:f + ‘P;gt =+ Eits (2)

with latent common factors f;, g, and heterogeneous loadings A;, ¢;. We include these interactive fixed effect
components to capture nationwide demographic and institutional shocks, such as changes in fertility and
ageing patterns, shifts in federal immigration policy, and national housing and credit cycles, which affect all
states but with heterogeneous intensities. The strength of each state’s response depends on structural fea-
tures such as labour-market flexibility and housing-supply elasticity, which are hard to observe consistently
across states; accordingly, we treat factors and factor loadings as latent and estimate them from the model.”

There are three primary sources of endogeneity in equation (1). First, the spatial lag term 27:1 wij Ay is
endogenous by construction: states’ growth rates are jointly determined within the spatial network, so each
unit’s outcome depends on its neighbours” outcomes, which in turn depend on the unit’s own outcome (a
simultaneity/reflection problem; Elhorst, 2021). Second, the lagged dependent variable y;, ; is endogenous
in the presence of state-specific effects, generating the well-known dynamic panel (Nickell-type) bias even
under strictly exogenous regressors (Nickell, 1981; Phillips & Sul, 2007). Third, covariates may be correlated
with the latent common factors in equation (2), so failing to control for (or instrument against) these factors
induces omitted-variable bias.

The individual-specific structural coefficients play distinct roles. The coefficient §; governs transitional
dynamics and conditional convergence: population converges if §;<0 for all i, and diverges if §;> 0.
When §; =0, growth rates fluctuate around long-run paths that remain distinct across states. The vector
B encapsulates the immediate effects/impacts of a state’s own covariates before any feedback effects propa-
gating through the states’ network. y; measures the strength of contemporaneous spillovers transmitted
through neighbours” growth (Arbia et al., 2010, 2021; Jing et al., 2018; Kelejian & Piras, 2017).°

2.2, Spatial weighting matrices

The spatial weights w; ; capture the strength of the directional linkages from state j to state i. We construct a
range of spatial weighting matrices W with elements w;; in the ith row and jth column. These include a
conventional binary contiguity matrix Wy, in which two states are treated as neighbours if they share a com-
mon border, as well as two inverse-distance matrices W, and W3. The latter are derived from the great circle
distance between the capital cities of states i and j, denoted by d,;, which is computed using the Haversine
formula based on their geographical coordinates. In this case, the spatial weights for both W, and W3 are
defined as:

= { 1/d;j, if dij < c miles 5

0, otherwise

where ¢ denotes the cth percentile of the empirical distribution of d;; across all state pairs (i,j). This formu-
lation imposes a hard distance threshold, restricting interactions to geographically proximate neighbours,
with the intensity of interaction decaying inversely with distance. Specifically, W, employs ¢ equal to the
10th percentile of the distance distribution, whereas W uses the 5th percentile, corresponding to network
densities of approximately 10% and 5%, respectively.

Because geographical weights may not sufficiently capture the economic links between states (e.g., Bavaud,
1998; Corrado & Fingleton, 2012; Krause & Kripfganz, 2025), we also construct a spatial weighting matrix W,
from bilateral trade flows with weights w;;=1/d;;, where d;; represents the average value of trade inflows
from state j to state i over all years observed in the panel. This approach follows Ertur and Koch (2011)
and Ho et al. (2013), among others. Given that trade volumes can fluctuate substantially over time, a further
specification uses a time-varying matrix W based on w; ;= 1/d, ;, where d, ;, denotes trade inflows in period
t. The resulting network densities for W, and W are approximately 51% and 52% (averaged over t), respect-
ively.* The origin—destination trade flow data for these matrices are taken from Kleinman et al. (2023).

As is standard in spatial econometrics, all matrices W1, ..., W5 are constructed with zero diagonals (w;;
= 0) and are row-standardised so that the weights from all other states to state i sum to 1: Z;w; ;= 1 for each i.
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In addition to considering several a priori specifications for W (e.g., geographical contiguity or trade-
inflow weights), we go beyond this practice by estimating the network structure directly from the data.
Specifically, we employ the BOLMT approach of Juodis et al. (2025) to recover an endogenous spatial
weighting matrix w.

To facilitate exposition, consider the following static panel model with a spatial lag:

N
Yir = ¥ Z wijyie + X B + &ir. 4)

=1
. N
where w;; = 0 For later use, write u;, = 2]’:1 iy and ;= (U1 Pips - thir) -

The BOLMT procedure constructs \ by running, for each unit i an instrumental variables (IV)
regression of y;, on x;, and y;,, j=1,2, ...,i—1,i+1, ..., N taken one at a time and instrumented by
Xjp

Let t;; denote the t-ratio in that i-specific IV regression corresponding to the coefficient of y; .. With P, =
Z(Z'Z)"'Z and M, = I — P, define Vi= it Vi - ,y,-,T)/,jlj = ijyj, Xj = (X1, Xj2, ---» xj,T)/, and 6; as
the standard error of the IV regression for unit i. Then:

T=2§ My y;
ti’j _ YJ X:Yz % (5)

&1,/ T1%F My, %,

where ¢; = (e1,5¢7)". The statistic ¢; is the workhorse for selecting links into row i of W. Intuitively, if unit j
truly influences i (i.e., w;; # 0), the IV regression of y;, on y;, (controlling for x;,) will tend to yield a large
|ti;|. The BOLMT algorithm proceeds in a stepwise, multiple-testing fashion. For a fixed i, compute all {t; ;,
tizs e tiim1> Liig1s -+ > LN} With j# i and rank them by absolute magnitude. Select the unit j% associated
with the largest |£;; | if and only if it exceeds a data-driven threshold that controls the false positive rate.
Upon selection, augment the regressor set for equation i to include y jx ; (with appropriate instrumentation),
recompute the IV t-statistics for the remaining candidates conditional on the expanded regressor set, and
iterate. The procedure stops for row i when no remaining |#;;| exceeds the threshold. Repeating this cycle
acrossall i=1, ..., Nyields a fully specified network. Again, once W is obtained, all weights are row-stan-
dardised, such that the elements in each row sum to one. One then proceeds to MGIV estimation of the
unit-specific coefficients, as discussed in the next section.’

A formal treatment is provided by Juodis et al. (2025), who establish selection consistency: as N, T — oo,
the procedure recovers the true network almost surely. They further show that the MGIV estimator is con-
sistent and asymptotically normal, with an asymptotic variance identical to that obtained under known W.

In our application, the BOLMT procedure yields a sparse yet connected network: the estimated density is
approximately 0.66% of the N(N — 1) potential directed links.

Table 1. Summary of spatial weighting matrices.

Label Definition of w;; Notes Characteristics
w Data-driven estimation. Estimated using the method of Juodis et al. (2025). Represents  Density = 0.66%; average links
the inferred network of interactions among states per state = 3.08
w, wij = { g) ifj sharesﬂ? border with i Spatial contiguity matrix Symmetric; density = 9.27%;
otherwise average links per state =
T . 445
w, wij = dT, if dij < c miles, d;; is the great circle distance from the Haversine formula Density = 10; average links per
0 otherwise between the capital cities in states ij. The threshold, ¢, is set state = 4.86
1 equal to the 10th percentile of the distribution of dj;
— i < i
W, wij =1 dy if dij = c miles, dj; is as above. The threshold c is set equal to the 5th Density = 5%; average links
0 otherwise percentile of the distribution of dj; per state = 2.61
w, W;j=d; d;;is the average trade inflows from j to i. w; 70 for i #0 for i j  Density = 50.89%; average
links per state =23.41
Ws Wije=dije d;; is the average trade inflows from j to i. w;;#0 for i #0 for  Density = 52.32%; average
i#j links per state = 24.44

Note: All weighting matrices are row-normalised so that each row sums to 1. For W, and W, the cut-off used to calculate summary statistics is set
at wij > 0.01.
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Summary information for all spatial weighting matrices is reported in Table 1.

3. Estimation methodology

Following the methodology of Pesaran (2006), Cui et al. (2022) and others, we permit the model covariates
to be correlated with the common factor component. Therefore, we complement equation (1) by assuming:

xie = Uifs + vig, (6)

where X; ;= (X1 ;4 ... » Xkis) > I'; represents an r, X k matrix of factor loadings and v; is a purely idiosyncratic

error that is independent from ¢;, in equation (2). Importantly, for the sake of generality, we allow some of

the latent factors governing y; ; and x; ; to differ. This distinction justifies the inclusion of the additional term

¢'igt in model (1).” Moreover, the loadings T; are permitted to exhibit correlation with both A; and ¢i,

further accommodating potential interdependencies that may arise in the components of the model.
Stacking equations (1) and (6) over ¢ yields:

N
Ay, =8y, + ¥ Y widy, + XiB; + FA; + G, + &, -
=1

X,‘:FF,'+V,', i=1,...,N,

where Ay; = (Ayiys ..., Ayir)s Vi—1 = (Vios -5 Yir—1)'s AYj = (A}’j,la e A}’j,T)/a Xi=Xip %), F=(f, ...,
fT)/, G= (gh ey gT)/, &= (81‘,1, ey 8,‘,]“)/ and Vi = (Vi,l’ ey V,"T)/.S

Define 6; = (;, s, B;),and C; = (y;_,, 2?]:1 Wij ij, X;). Then the stacked model in equation (7) can
be reformulated as:

Yi = Cl-0,- + u;. (8)

where u; = F\; + G¢,; + ¢;.
We use an IV method to estimate 0;. The individual-specific IV estimator of 6; is given by

0, = (AB'A)'AB e, )
where:
A =T'2C, B, =T'2Z, &=T"'Zy, (10)

Z; =(MpX;, MgM;_ X1, MgM; X, o,

3 Y Y (11)
M; Z w;;i X;, MpMg_, Z w;;i X1, MgMg_, Z Wi,ij,z) ,
=1 j=1 =1

with Mg = Iy — fLT(IA:/,TfLT)_lf‘/,T for 1=0, 1, 2.° F_.. is obtained as +/T times the eigenvectors cor-
responding to the largest eigenvalues of the r, largest eigenvalues of the TxT matrices
(NT)' 3, XX

Loosely speaking MyM;_, X; 1 and MzM;_, X; _, instrument y,,_; in equation (7), MgX; instruments
X, and the remaining terms instrument the spatial lag. Since k = 4, this specification yields a total of 24
instruments.

Assuming that the cross-sectionally heterogeneous coeflicients ; follow the random-coeflicient model, it
is known that the dynamic pooled estimator of the population mean 8 =E (8;) will be inconsistent (Pesaran
& Smith, 1995; Robertson & Symons, 1992)."* In the present case, the same holds true even in the absence of
temporal dynamics in model (7) because the spatial lag variable, 27:1 wijAy;, is endogenous by construc-
tion. For this reason, we employ the MGIV approach developed by, which combines the individual-specific
IV estimates Chen et al. (2025), and averages them to obtain consistent estimates of population-level aver-
age effects.
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Specifically, once all bi, 1 <i < N, are obtained, the MGIV estimator of 8 is computed as:
. 1N .
Ovcry = NZ 0; (12)
i=1

Proposition 3.1 establishes the asymptotic properties of OG-

Proposition 3.1:  Under certain regularity conditions listed in Chen et al. (2025), as N, T — oo with N/T° — 0, the
MGIYV estimator, Oygyy, is consistent for the population mean 0. If, it further holds that N/T®” — 0, then the MGIV
estimator has the following asymptotic distribution:

Ny — 0)> N@©, ), asN, T — o,

where Xy denotes the variance-covariance matrix of Ovicrv. Furthermore:
. R ,

g = —— 6, — 0 6, — 0
0= N_1 ;:1 (0; — OrGrv)(0; — OnGrv)

is a consistent estimator of Xy.

In regression models with spatial lags, the coefficients f3;;, I=1, ..., k, and their MG analogues only
measure the immediate impact of the respective covariates, prior to any accumulation of feedback effects
across states. Provided that § =0, the reduced-form marginal effects are heterogeneous across states even
when they are evaluated at the population mean 0 of the heterogeneous coeflicients 8;. Stacking all variables
over i for a given time period ¢ yields:

AY(t) = 53’(#1) + (pWAY(t) + XpB + up- (13)

Where Ay(t) = (Ayl,h R ] A}’N,t)/, Y(t—l) = (yl,tfl) D) )’N,tfl)/ and Uy = (ul,t) O] uN,t)/'

Under standard regularity conditions on the invertibility of matrix S(y) =Ixy — yW, which requires
|y| <1 in the case of a row-standardised spatial weighting matrix, the reduced-form representation of the
model is:

Ay, = STH(By_y) + X B + up). (14)

Therefore, the marginal effects of the Ith regressor are governed by 8,8 ~'(y), and not just f3;. In the spatial
econometrics literature, the main diagonal elements of this matrix are referred to as direct (or own) effects,
while the off-diagonal elements constitute indirect (or spillover) effects. It is common practice to report
averages of those state-specific direct or indirect effects. The sum of the two then yields average total
effects. However, especially when there are strong indirect effects as a consequence of a significant spatial
lag coeflicient y, these average effects can mask substantial heterogeneity of the marginal effects across
states. First, depending on the network linkages, population growth in different states may respond with
varying degrees to changes in the covariates, even if the same change occurs uniformly across all states.
Second, the responsiveness of a state’s population growth varies depending on the location where a change
of the covariates occurs, if the latter is not uniform.

Following Krause and Kripfganz (2025), we also compute individual responses of population growth in
state i to a change of a covariate in state j by selecting the respective element in the ith row and jth column of
the spatial multiplier matrix, S ~'(y), multiplied by B, Averages can be formed over selected rows (or col-
umns) of S_l(\p) to compute the impact on (or from) specific groups, and the heterogeneity of individual
responses can be highlighted graphically. For example, it can be of interest to analyse the spatial distribution
of states’ responses to a ‘shock’” occurring in the Midwest region of the US, rather than an equal shock orig-
inating everywhere simultaneously.
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4, Results

We employ several estimators that differ in their maintained assumptions regarding slope homogeneity and
the specification of the spatial weighting matrix. In all cases, we apply a two-way within transformation
(deviations from unit and time means) to eliminate state fixed effects and common time effects. Conse-
quently, the error term in equation (2) retains factors and factor loadings measured relative to their means.

The analysis has been conducted in Stata using spxtivdfreg (Kripfganz & Sarafidis, 2025), which is an
extension of xtivdfreg (Kripfganz & Sarafidis, 2021) to spatial settings. The command implements the IV
framework of Cui et al. (2023) and Chen et al. (2025) for spatial dynamic panel models with interactive
effects and, where appropriate, heterogeneous slope coefficients. More generally, the command is designed
to accommodate a broad class of spatial-dynamic specifications by allowing for additional temporal lags,
spatial lags, alternative instrument constructions, and includes built-in routines for direct, indirect and
total spatial impacts. See Kripfganz and Sarafidis (2025) for further details.

4.1. Homogeneous versus heterogeneous models

Tables 2 and 3 report estimation results based on the homogeneous spatial 2SIV estimator of Cui et al.
(2023) and the heterogeneous spatial MGIV estimator of Chen et al. (2025), respectively. Both approaches
employ the instrument set Z; and alternative spatial weighting matrices W and W, ..., Ws. In the homo-
geneous specification, it is assumed that §; =6, y; =y and ;= .

The pooled (homogeneous) estimates in Table 2 are remarkably stable across weighting schemes in terms
of sign, magnitude and statistical significance, suggesting that the findings are robust across the network
specifications evaluated in this study. The only departure concerns the coefficient on TFP, for which stat-
istical significance depends on the selected weighting scheme. Moreover, differences in the spatial-lag coeffi-
cient across network specifications are natural, since the coefficient captures spillovers relative to the
particular network employed, and hence depends on its scaling. As a result, cross-scheme comparisons
of these coefficients are not meaningful. Comparability is instead achieved through the model-implied
effects (direct, indirect and total), which we report in the next section; these effects aggregate the propa-
gation mechanism under the relevant network structure and provide a common basis for interpretation.

The dimensionality of the factor structure in the first-stage IV residuals and the covariates, denoted by r,
and r,, respectively, is determined from the data using the eigenvalue method of Ahn and Horenstein
(2013). In all cases, two factors are selected for the covariates (r, = 2) and one for the first-stage IV residuals

Table 2. Homogeneous instrumental variables estimation results (2SIV).

251V
w W1 W2 w3 w4 W5
Yie_1 (lagged population) —0.016%** —0.022%** —0.014%** —0.019%* —0.025%** —0.025%**
(0.006) (0.005) (0.004) (0.005) (0.005) (0.005)
X15¢ (TFP) 0.000 0.002 0.002%* 0.003** 0.002%* 0.001
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Xa¢ (amenities) 0.005%** 0.006%** 0.006*** 0.006%** 0.007%** 0.006***
(0.000) (0.001) (0.000) (0.000) (0.000) (0.000)
X3¢ (labour income) 0.038%** 0.030%** 0.033#x* 0.037% 0.032%%* 0.033%**
(0.004) (0.004) (0.005) (0.005) (0.003) (0.004)
Xa¢ (Migration cost) —0.002%** —0.002%** —0.002%** —0.002%** —0.002%** —0.002%**
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
3%, wyAy;e (spatial lag) 0.335%** 0.083% 0.169%** 0.135% 0.230* 0.538%**
(0.038) (0.013) (0.037) (0.034) (0.125) (0.141)
N 49 49 49 49 49 49
X 36.504 35.064 33.895 33.261 34.584 34,678
pJ 0.006 0.009 0013 0.016 0.011 0.010
Iy 2 2 2 2 2 2
1, 1 1 1 1 1 1
o 0614 0.702 0.745 0.744 0.739 0.700

Note: Standard errors are shown in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01. W denotes the data-driven estimated spatial network matrix
obtained using the BOLMT approach of Juodis et al. (2025). W, denotes the contiguity matrix; W, and W3 denote inverse-distance matrices
with 10th and 5th percentile cutoffs, respectively; W, and Ws denote trade-based weighting matrices, with W, time-averaged and Ws time-
varying.
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Table 3. Heterogeneous instrumental variables estimation results (mean group).

MGIV
w W1 W2 w3 w4 W5
Yie—1 (lagged population) —0.051%** —0.043%** —0.043%** —0.045%** —0.047%%* —0.051%**
(0.015) 0.012) (0.012) (0.013) (0.013) (0.014)
X1¢ (TFP) 0.005%* 0.001 0.002 0.002 0.005 0.003
(0.003) (0.003) (0.003) (0.003) (0.003) (0.004)
X2, (amenities) 0.007%** 0.005%** 0.005%** 0.006%** 0.006*** 0.006***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
X3¢ (labour income) 0.050%** 0.047%%* 0.047%* 0.048%** 0.049%* 0.050%**
(0.012) (0.010) 0.011) 0.011) (0.011) (0.010)
Xa; (migration cost) —0.004*** —0.002%** —0.002%** —0.002%** —0.003*** —0.003***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
3" | wijAy; (spatial lag) 03574 0.114%% 0.509%** 0.440%** 0.733% 0.602**
(0.055) (0.014) (0.063) (0.042) 0212) (0.295)
N 49 49 49 49 49 49
r, 2 2 2 2 2 2

Note: Standard errors are shown in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01. W denotes the data-driven estimated spatial network matrix
obtained using the BOLMT approach of Juodis et al. (2025). W, denotes the contiguity matrix; W, and W5 denote inverse-distance matrices
with 10th and 5th percentile cutoffs, respectively; W, and Ws denote trade-based weighting matrices, with W, time-averaged and Ws time-
varying.

(r,=1). The estimated value of p, which measures the proportion of the variance of the total regression
error attributable to the common factor component, exceeds 0.60 (60%) in every specification. This
finding suggests that even after controlling for both state-specific and common time effects, a substantial
share of residual dependence remains, implying that the traditional two-way fixed-effects structure is
insufficient to capture the full extent of cross-sectional dependence in the data.

Although the coefficient estimates are stable across specifications, the J-test rejects the null hypothesis of
valid overidentifying restrictions in every case. This outcome is consistent with slope parameter heterogen-
eity across states, implying that the homogeneity assumption underlying the pooled estimator is too
restrictive.

Table 3 presents results from the heterogeneous MGIV estimator, which explicitly allows for variation in
slope parameters. Several noteworthy differences emerge when comparing these results with those from the
homogeneous model. First, the coefficient on lagged population (y;, ;) is notably larger (nearly three times
as large in magnitude), implying that homogeneous estimators tend to underestimate the average strength
of population convergence dynamics.

Second, the TFP coeflicient is statistically significant only when the data-driven spatial weighting matrix
W is used; it is insignificant under all alternative matrices. A similar pattern emerges for magnitudes of
other coefficients: estimates are generally larger under MGIV than under 2SIV, and larger with W than
with the a priori W’s, while statistical significance is otherwise broadly unchanged across specifications.
All estimators in Table 3 are strictly more general than the pooled 2SIV estimators in Table 2. Within
this set, the W column, corresponding to MGIV with the network estimated from the data, offers the great-
est flexibility relative to a priori W’s and is thus preferred empirically.

Figure 1 reports a heatmap of the estimated coefficients &; across US states. These coefficients measure
the sensitivity of population growth to the lagged log level of population and thus govern transitional
dynamics. By construction, J; <0 implies conditional convergence: states with larger initial populations
grow more slowly. On the other hand, §i <0 indicates divergence, with more populous states expanding
faster.

Figure 1 reveals non-negligible heterogeneity in both the sign and magnitude of §;. Most states (73.5%)
display negative coeflicients (shades of red), signalling that population growth in the United States over the
sample period was broadly mean-reverting. However, the degree of convergence varies sharply across space.
States such as Arkansas, Oklahoma, Vermont, Montana, New Hampshire and Louisiana exhibit strongly
negative coefficients (dark red), suggesting pronounced transitional dynamics and a high speed of adjust-
ment toward steady-state population levels. By contrast, much of the Midwest and Southeast is coloured
pale red, indicating only modest convergence. A second, smaller cluster of states, including California,
Nevada, Minnesota and North Carolina, shows slightly positive coefficients (light blue), implying localised
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Figure 1. Heat map of estimated coefficients of lagged log-population. Source: Authors’ computations.

divergence. These states are characterised by persistently high in-migration, dynamic labour markets, and
strong productivity or amenity advantages, which can sustain cumulative population growth over time
(Edwards & Grobar, 2000).

To shed light on the economic mechanisms potentially underlying this heterogeneity, we contrast trade
exposure between converging and diverging states. States with positive values of 8, indicating divergence,
display substantially higher average trade volumes than states with negative &;, which are characterised by
convergence. The difference in means is economically large and statistically meaningful (p=0.044),
suggesting that stronger trade exposure is associated with divergent population dynamics rather than
mean reversion. This association is consistent with the idea that stronger trade linkages support continued
economic activity and population growth, leading to divergent population dynamics rather than conver-
gence. By contrast, states with weaker trade exposure tend to exhibit slower growth in larger populations
and more pronounced convergence dynamics.""

4.2. Marginal effects

Table 4 reports the estimated average marginal effects of the determinants of state population growth under
the homogeneous specification, based on the spatial 2SIV framework of Cui et al. (2023). Three types of
effects are shown: direct, indirect (spatial spillovers), and total. Overall, the estimated coefficients are highly
stable across specifications in both sign and magnitude, indicating that the results are robust to the choice of
spatial weighting matrix.

For the endogenously estimated matrix W, all key covariates exhibit statistically significant direct effects,
with expected signs. TFP, amenities and labour income are all positively associated with population growth,
while migration costs exert a negative effect. The relative magnitude of the direct/indirect effects indicate
that roughly 35.3% of the total effects on population growth operates through spatial spillovers. This reflects
a substantial spatial diffusion component in the model.'* The total effects, computed as the sum of direct
and indirect components, are uniformly positive and statistically significant for amenities, and labour
income across all weighting matrices, while migration costs remain consistently negative.
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Table 4. Average marginal effects for state population growth (2SIV).

w w1 w2 w3 w4 w5
Direct effects
Lagged population —0.016*** —0.023%** —0.014%** —0.019%** —0.025%** —0.026
(0.005) (0.005) (0.004) (0.005) (0.005) -
TFP 0.000 0.002 0.002** 0.003** 0.002** 0.001
(0.001) (0.001) (0.001) (0.001) (0.001) -
Amenities 0.005%*** 0.006*** 0.006*** 0.006*** 0.007*** 0.006
(0.000) (0.000) (0.000) (0.000) (0.000) -
Labour income 0.038*** 0.032*** 0.033*** 0.032%** 0.032%** 0.033
(0.004) (0.004) (0.005) (0.005) (0.003) -
Migration cost —0.002%** —0.002%** —0.002%*** —0.002%*** —0.002%*** —0.002
(0.000) (0.000) (0.000) (0.000) (0.000) -
Indirect effects
Lagged population —0.008*** —0.014%** —0.003*** —0.003*** —0.008 —-0.029
(0.002) (0.004) (0.001) (0.001) (0.005) -
TFP 0.000 0.001 0.000 0.000 0.000 0.001
(0.001) (0.001) (0.000) (0.000) (0.000) -
Amenities 0.003*** 0.004%*** 0.007%*** 0.007%*** 0.002 0.007
(0.000) (0.001) (0.000) (0.000) (0.001) -
Labour income 0.019%*** 0.018*** 0.006*** 0.005%*** 0.010 0.038
(0.005) (0.005) (0.002) (0.001) (0.007) -
Migration cost —0.007%*** —0.007%*** —0.000%*** —0.000%*** —0.001 —0.002
(0.000) (0.000) (0.000) (0.000) (0.000) -
Total effects
Lagged population —0.024%** —0.037%** —0.017%** —0.022%** —0.033%** —0.055
(0.008) (0.007) (0.005) (0.005) (0.006) -
TFP 0.000 0.003 0.003** 0.003** 0.002** 0.002
(0.002) (0.002) (0.001) (0.001) (0.001) -
Amenities 0.008*** 0.010%** 0.007%*** 0.007*** 0.009*** 0.013
(0.001) (0.001) (0.001) (0.001) (0.001) -
Labour income 0.057%*** 0.050*** 0.039*** 0.036*** 0.042%*** 0.071
(0.008) (0.008) (0.006) (0.005) (0.008) -
Migration cost —0.002%** —0.003%*** —0.003*** —0.003%*** —0.003%*** —0.004
(0.000) (0.000) (0.000) (0.000) (0.001) -
N 49 49 49 49 49 49

Note: Standard errors are shown in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01. Standard errors for time-varying marginal effects are not com-
puted. W denotes the data-driven spatial network estimated using the approach of Juodis et al. (2025). W, is the contiguity matrix; W, and W3
are inverse-distance matrices (10th and 5th percentile cutoffs); W, and W5 are trade-based matrices (time-averaged and time-varying).

Table 5 presents the corresponding average marginal effects from the heterogeneous specification, esti-
mated using the spatial MGIV estimator of Chen et al. (2025). The direct effects of labour income and ame-
nities remain strongly significant across all spatial weighting matrices, while migration costs continue to
exhibit a robust negative impact. By contrast, TFP is statistically significant only when the weighting matrix
is estimated from the data, W, and becomes insignificant under all alternative matrices, highlighting the
empirical relevance of endogenously determining the spatial structure. Relative to the homogeneous
(pooled 2SIV) specification, the share of total marginal effects attributable to direct effects is very similar,
at approximately 65.6%. Nonetheless, the estimated direct (and total) effects under MGIV are generally lar-
ger in magnitude, suggesting that pooled estimators understate the true responsiveness of population
growth to its determinants when slope heterogeneity is ignored. As emphasised by Breitung and Salish
(2021), when slope coeflicients vary systematically with regressors, estimators that impose common slopes
recover pseudo parameters that need not coincide with population-average responses. By contrast, MGIV
constructs average marginal effects from state-specific responses, yielding both larger magnitudes and an
economically meaningful population-level interpretation. On balance, the larger estimated effects under
MGIV indicate that accounting for slope heterogeneity yields a more flexible and empirically credible rep-
resentation of population growth dynamics.

Figure 2 illustrates indirect (spillover) effects in population growth originating from states in the Mid-
west, obtained using the MGIV estimator with W. The darker shading indicates that states are subject to
stronger spillovers due to growth originating in the Midwest. In contrast, lighter shades indicate weaker
effects.
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Table 5. Average marginal effects for state population growth (MGIV).

w w1 w2 w3 w4 w5
Direct effects
Lagged population —0.0571%** —0.046*** —0.048*** —0.050%** —0.050%** —0.052
(0.015) (0.013) (0.013) (0.014) (0.014) -
TFP 0.005** 0.001 0.003 0.003 0.005 0.004
(0.003) (0.003) (0.003) (0.003) (0.004) -
Amenities 0.007%*** 0.006*** 0.006*** 0.006*** 0.006*** 0.006
(0.001) (0.001) (0.001) (0.001) (0.001) -
Labour income 0.057%*** 0.051*** 0.052*** 0.053%*** 0.052%*** 0.051
(0.012) (0.011) (0.012) (0.013) (0.011) -
Migration cost —0.004*** —0.002%** —0.003%*** —0.002%*** —0.003%*** —0.003
(0.001) (0.001) (0.001) (0.001) (0.001) -
Indirect effects
Lagged population —0.028** —0.049*** —0.039*** —0.030%** -0.127 —-0.075
(0.011) (0.018) (0.013) (0.009) (0.135) -
TFP 0.003** 0.001 0.002 0.002 0.014 0.005
(0.001) (0.003) (0.003) (0.002) (0.016) -
Amenities 0.004*** 0.006*** 0.005%*** 0.004*** 0.016 0.008
(0.001) (0.002) (0.002) (0.001) (0.017) -
Labour income 0.028*** 0.054** 0.043%** 0.032*** 0.131 0.074
(0.010) (0.022) (0.014) (0.009) (0.137) -
Migration cost —0.002%*** —0.002%*** —0.002%*** —0.007%*** —0.008 —0.004
(0.000) (0.001) (0.001) (0.000) (0.008) -
Total effects
Lagged population —0.079%** —0.095%** —0.087*** —0.080%** -0.176 —0.128
(0.025) (0.028) (0.025) (0.023) (0.140) -
TFP 0.008** 0.003 0.005 0.004 0.019 0.009
(0.004) (0.007) (0.006) (0.005) (0.018) -
Amenities 0.077%*** 0.0171*** 0.07171*** 0.010*** 0.022 0.014
(0.003) (0.003) (0.003) (0.002) (0.017) -
Labour income 0.078*** 0.105*** 0.095*** 0.085%*** 0.183 0.126
(0.020) (0.031) (0.025) (0.021) (0.140) -
Migration cost —0.005%** —0.005%** —0.005*** —0.004*** —0.010 —0.007
(0.001) (0.001) (0.001) (0.001) (0.008) -
N 49 49 49 49 49 49

Note: Standard errors are shown in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01. Standard errors for time-varying marginal effects are not com-
puted. W denotes the data-driven spatial network estimated using the approach of Juodis et al. (2025). W, is the contiguity matrix; W, and W3
are inverse-distance matrices (10th and 5th percentile cutoffs); W, and W5 are trade-based matrices (time-averaged and time-varying).

(.007774,.0260796]
(.0043241,.007774]
(.0013317,.0043241]
[.0002777,.0013317]

.

Figure 2. Population spillovers originating from states in the Midwest region. Source: Authors’ computations.
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The results reveal a clear pattern of spatial diffusion in which the Midwest exerts non-negligible influ-
ences beyond its own borders. The strongest spillovers arise in neighbouring states (particularly in the
South Atlantic, East South Central and West North Central divisions) in a manner consistent with both
geographical proximity and economic linkages."> However, diffusion does not uniformly follow a simple
distance-decay pattern: several non-adjacent states, such as Washington and Oregon, also register relatively
strong indirect effects. Pronounced spillovers are likewise observed in Utah and Arizona, both of which are
economically dynamic and deeply integrated into national production and logistics networks. These states
have experienced sustained industrial expansion and population inflows partly linked to relocations and
trade flows originating in the Midwest.

Collectively, these findings indicate that population dynamics propagate through broader economic and
migration networks that extend beyond immediate contiguity. This evidence reinforces the use of an
endogenously estimated spatial weighting matrix, W, which allows economically meaningful, non-local
connections to emerge from the data rather than being imposed a priori via contiguity- or distance-
based rules.

4.3. Network mapping

A central innovation of this paper is the use of a data-driven approach to estimate the spatial weighting
matrix that captures inter-state interactions. Rather than relying exclusively on geographical proximity,
our method uncovers underlying network connections through which population growth propagates.

Figure 3 shows the estimated spatial weighting matrix W recovered using the BOLMT procedure. Each
node represents a US state, and a directed edge from state j to state i is drawn whenever the corresponding
element #;; is non-zero, indicating a statistically selected influence of state j on state i’s population growth.
Node colour and size encode in-degree, that is, the number of other states exerting a statistically significant
influence on a given state’s population growth.

Although the estimated network is sparse overall (link density 0.66%), it displays pronounced heterogen-
eity in connectivity. Importantly, the presence of long-distance connections indicates that population spil-
lovers are not confined to geographical proximity.

1 1.5 2 25 3 35 4 4.5 5 5.5 6
In-degree (number of incoming links)

Figure 3. US states population growth network. Source: Authors’ computations.
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States with larger, warmer coloured nodes (prominently in the Northeast, such as Massachusetts, New
York and Maine, and in parts of the Pacific Northwest such as Oregon and Washington), exhibit relatively
high in-degree values, consistent with population dynamics shaped by multiple external influences and
dense inter-state integration. By contrast, smaller, cooler coloured nodes (e.g., in parts of the Midwest,
such as Nebraska and North Dakota), display lower in-degree, indicating that their growth patterns are
less dependent on spillovers from surrounding states and more self-contained.

Complementing this in-degree perspective, the distribution of out-degree centrality (the number of
directed links a state sends to others) shows limited dispersion rather than heavy-tailed behaviour. In par-
ticular, there is no clear evidence of hubs or dominant states that broadcast disproportionate influence
across the network. Instead, the structure is sparse and decentralised, with influence more evenly distributed
and spillovers propagating through indirect and cumulative linkages rather than being driven by a small set
of key states.

4.4. Network formation and homophily sources

The spatial weighting matrix W summarises the estimated pattern of connectivity across states, but it does
not directly inform on the forces shaping these connections. To shed light on potential mechanisms under-
lying the formation of inter-state links, the analysis proceeds in two steps. We first assess regional homo-
phily by examining whether links are disproportionately concentrated within the same US Census divisions.
We then examine whether the intensity of bilateral trade and migration inflows from state to state is associ-
ated with a higher likelihood that the two states are linked in the estimated network.

4.4.1. Regional homophily
To assess the extent to which geographical contiguity influences the formation of links, we adopt the follow-
ing empirical setup. Let s; € {1, ..., 9} index state i’s US Census Bureau division."*

We first construct a binary indicator matrix capturing whether any two states belong to the same div-
ision:

_J1 ifsi=sjandi # j,
Sij = { 0 otherwise (15)
The total number of same-division links observed in the estimated network is then computed as:
Lsame = Z 12’i,j * Sij> (16)

i#j
where #;; denotes the(i,j)th entry of w.

To assess whether the observed concentration of links within divisions exceeds chance, we conduct a per-
mutation test following Hanneman and Riddle (2005) and Fond and Neville (2010). Under the null of no
division-based clustering, division labels are unrelated to the network structure. We therefore permute the
division labels while preserving division sizes (i.e., we randomly reassign the labels {s;}Y | among states):
(b)}N

 For each permutation b=1, ..., B, draw a random permutation of the labels to obtain {s; "}, ;.

e Using {55")}, recompute the same-division indicator matrix 55»3») = l{sgb) = ](-b) . 1 #j)
e Compute the permuted within-division link weight:

b _ E : i s®
Lsame W’Jsi,j
i#j

e Estimate the one-sided p-value (greater mass on within-division links than by chance) as:

KLY > Lame)

same

M=

b=1

P = B
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We set B=10,000. A small p-value indicates that the observed weight on same-division links is significantly
larger than would be expected under random assignment, providing evidence of homophily.

The observed number of same-division links is Lg,me = 37, and the permutation test yields p < 0.001, pro-
viding statistically significant evidence of homophily at the 5% level. Given the network’s high sparsity (link
density 0.66%), even moderate within-division clustering is unlikely to arise by chance. These findings indi-
cate that geographical proximity contributes meaningfully to network formation.

To quantify not only the presence but also the magnitude of homophily, we compute the proportion of
links that occur between states in the same region:

T Lsame ~ ~
h= L— 5 Lame = E WijSijs Liota = E Wij. (17)
total i#j i#j

Thus, / is the share of total link weight assigned to same-division pairs. The expected proportion under the
null hypothesis is given by:

. 1 ®
E hnull =5 —mE, (18)
[ ] B ; Liotal
We report two complementary measures:
h 0.245
Relative Homophily Index = — = = 2.259, (19)
|:E[hnull ] 0.1085
Homophily Excess (in p.p.) = h— [E[fznun] =0.137. (20)

The relative homophily index of indicates that links between same-division states occur about 2.26 times as
often (i.e., approximately 126% more frequently) as would be expected under random assignment. The
homophily excess expresses this in absolute terms: 13.7 percentage points more of the observed link weight
is within-division than under the null. Together, these measures provide a clear and interpretable assess-
ment of homophily in the network, capturing both its direction (positive homophily) and magnitude (rela-
tive and absolute strength).

4.4.2. Homophily in bilateral trade and migration inflows

We next examine whether inter-state link formation is systematically related to bilateral trade and migration
inflows. Since these variables are continuous rather than categorical, a different empirical strategy is
required. Let d,;j, and d,;;, denote the logged values of migration and trade inflows from j state to
state i at time t, respectively, and define the corresponding time averages as:

T

5 1

djj = ?Z deijs £=1,2.
=1

For each variable #, we collect these averages into the N x N matrix Py = [dy; J]zzl'
To relate these bilateral measures to the estimated network, we vectorise the off-diagonal elements of
both the estimated network matrix and P,. Specifically, let:

W = vecor(W), p, = vecor(Py),

where W is obtained from W by replacing non-zero entries with ones, and vec,g (.)stacks all i # j elements
of a matrix into a column vector. Indexing the resulting oft-diagonal pairs m =1, ..., M, with M = N(N — 1),
let #,, by, with, let denote the mth element of W and p,, the corresponding element of p,.

We model link formation using the logistic regression:

Pr(iy = 1|p,,) 2
1 Cm = > 21
Og(l—Pr(wm:upm)) a+;m‘w’ @D

where P,, =(pimprm) collects the bilateral migration and trade measures, and is 7 (m, m,) the



16 e S. KRIPFGANZ AND V. SARAFIDIS

corresponding coeflicient vector. The parameters a and 7 are estimated using a bias-corrected logistic esti-
mator."” Bias correction is important in this setting because the estimated network is sparse, with a density
of approximately 0.66%, implying that conventional maximum likelihood estimates would otherwise be
subject to non-negligible small-sample bias.

Among the regressors considered, only logged bilateral migration inflows from state to state j to state i
are statistically significant at the 1% level. The estimated coefficient is 7, = 0.141 (p = 0.009), corresponding
to an odds ratio of exp(0.141) ~ 1.15. This implies that a one-unit increase in logged bilateral migration
inflows from state to state is associated with approximately a 15% increase in the odds that a directed
link from j to i is selected. In other words, stronger bilateral migration flows are associated with a substan-
tially higher likelihood that the two states are linked in the estimated network. This pattern suggests that the
data-driven construction of the network recovers economically meaningful inter-state connections, rather
than spurious correlations.

5. Conclusions

Our analysis brings together endogenous network recovery, heterogeneous slopes, and interactive fixed
effects within a single estimation framework to study the drivers and diffusion of US state population
growth. Empirically, we find broad yet uneven conditional convergence, stable effects of amenities, labour
income, and migration frictions across alternative network specifications, and a productivity effect that
becomes identifiable only when the spatial network is estimated from the data. Spatial spillovers are econ-
omically meaningful: indirect effects account for roughly one-third of total marginal impacts, and diffusion
often extends beyond contiguous neighbours. The inferred network is sparse, with localised clusters of
higher connectivity and clear regional homophily. The common factor error structure accounts for a for
at least 60% of the residual variance. These features together highlight the value of modelling both network
linkages and pervasive cross-sectional dependence.

The new spill-in/spill-out diagnostics open the door to targeted policy evaluation. For instance, mapping
which regions transmit or absorb growth most strongly can inform where interventions are likely to pro-
pagate, and where complementary measures (housing supply, infrastructure, workforce mobility) are
needed to translate local gains into broader regional outcomes.

Notes

1. Kleinman et al. (2023) assume Cobb-Douglas with labour and capital; see their online supplement for the con-
struction of productivity and other model-implied objects.

2. We distinguish between £, and g, solely for generality, allowing some latent factors governing y;, and x; = (x1;

..» Xy,;,) to differ. This distinction is explained in Section 3, under equation (6). Additional state and time fixed
effects can be treated either explicitly or absorbed by the factor structure; Section 4 documents that the former
approach is used in the present paper.

3. Our main results extend naturally to models with ‘contextual effects’ (Manski, 1993), also known as the spatial
Durbin model (Elhorst, 2014). In the supplemental data online, we estimate specifications that allow for such
effects, but find no evidence of statistically significant contextual spillovers.

4. While W varies over time, we suppress the f subscript for notational convenience. This also applies to the spatial
weights w;; in subsequent notation.

5. While the BOLMT procedure is described here in generic terms, the specific instrument sets used in the pairwise
IV regressions are detailed in Section 3 (see equation 11). These instruments coincide with those employed for
estimation of the structural slope parameters, thereby maintaining a unified identification strategy across net-
work recovery and model estimation.

6. When a spatial unit is found to have no neighbours, this individual equation is excluded from estimation of the
spatial lag parameter y.

7. Alternatively, one may assume that the additional term ¢/g, enters the process for x;, rather than u; ;. This case is
conceptually simpler, since all factors directly affectlng y would then be spanned by x; .

8. When spatial weights are time-varying, let {W,}L| denote the sequence of N x N spatial weighting matrices, and
define w;; = (w1, ... . Wij, 1) as the T x 1 vector collecting the (i,j)th element of W, over time. The spatial lag of
Ay; is then given by 37 i—1 Wij © Ay, where © denotes the Hadamard (element-wise) product. An analogous con-
struction applies to spatlal lags of X; used as instruments in equation (11). No further modification of the



SPATIAL ECONOMIC ANALYSIS (&) 17

estimation procedure is required. To avoid unnecessary notational complexity, we present the exposition under
time-invariant spatial weights.
9. We use the convention that F_,=F.

10. Within the spatial panel data literature, slope parameter heterogeneity is formally motivated and treated under a
random coefficients model by Chen et al. (2022). While their framework is static and thus not directly applicable
to the dynamic setting considered here, the same considerations regarding the inconsistency of pooled estimators
and the interpretation of average effects under heterogeneity remain relevant.

11. Interestingly, the same pattern does not emerge when states are grouped by average in-migration flows, amenity
measures or total factor productivity. In these cases, differences between converging and diverging states are not
statistically distinguishable, suggesting that divergence in population dynamics is not simply driven by higher
inflows, amenities, or productivity levels, but is more closely associated with differences in trade exposure.

12. In this model, the ratio of indirect to total effects is, by construction, identical across all covariates. The slight
differences observed here arise solely from rounding of the reported coefficients.

13. For example, labour mobility, trade in goods and services, and commuting flows between the industrial Midwest
and adjoining regions.

14. Codes: 1 =East South Central; 2 = Mountain; 3 = West South Central; 4 = Pacific; 5= New England; 6 = South
Atlantic (includes D.C.); 7 = East North Central; 8 = West North Central; and 9 = Middle Atlantic.

15. This estimator is implemented via the user-written relogit command in Stata, which applies the rare-events logis-
tic correction of King (2001).
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