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Abstract

We analyse spatial dependence and spillover effects in economic income across
subnational regions using a panel dataset (1960-2017) of regional GDP per capita
for 1,305 regions across 77 countries worldwide. The data and setting allow us to
evaluate the strength of spatial dependence both stepwise and in equilibrium across
different types of neighbouring regions by employing a spatial autoregressive model.
Our findings reveal strong positive spillovers between intra-national neighbours, with
considerably smaller spillovers between international neighbours. Importantly, we
demonstrate that spatial dependence intensifies when international neighbours are
part of a common trade agreement, highlighting the border-reducing impact of eco-
nomic integration. Consequently, depending on the type of border, income growth
in neighbouring regions is positively affecting a region’s own growth. These results
emphasize the significance of spatial dependence in understanding regional dispar-
ities, assessing the effectiveness of trade agreements, and considering how policy
decisions in one country or region can influence economic outcomes in neighbouring
international regions.
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1 Introduction

"Everything is related to everything else,
but near things are more related than distant things"

- Waldo Tobler (1970, p. 236)

Within-country differences between subnational regions are widely studied, with in-
stitutions, culture and human capital being fundamental determinants, among others
(Gennaioli et al. 2013; Gennaioli et al. 2014; Mitton 2016; Grefer 2021; Meierrieks and
Stadelmann 2024). Furthermore, geography and absolute location have been identified as
key factors influencing economic development (Gallup et al. 1999; Jetter et al. 2019). In
particular, international border regions often face economic disadvantages due to the pres-
ence of "border effects" and their remoteness from a country’s geographical core (Krugman
1991; McCallum 1995; Van Gorp 2009; Adam et al. 2023). While these factors explain
some of the observed subnational differences in economic development, they tend to over-
look the spatial dependence and connectivity of regions. The success of neighbouring
regions is also a relevant factor, as economic growth and shocks may spill over (Ades
and Chua 1997; Easterly and Levine 1998; Carrington 2003; De Groot 2010; Roberts and
Deichmann 2011; Benos et al. 2015; Amidi and Majidi 2020). In other words, if one region
experiences favorable economic growth, all its neighbours are likely to benefit. Similarly,
negative economic shocks are likely to have detrimental effects on neighbouring regions.

The primary determinant of spatial dependence is geographical distance (Tobler 1970).
Consequently, regions situated in closer proximity exhibit a higher degree of spatial de-
pendence than regions situated at a greater distance from one another. In addition, the
type of border separating regions is also a contributing factor to spatial dependence. Two
neighbouring regions that are located within the same country tend to be more integrated,
as the subnational borders are not particularly salient, and economic flows are prone to
a substantial "home bias" (McCallum 1995; Nitsch 2000). In contrast, international bor-
ders are usually more "thick" and effective in impeding economic spillovers, unless liberal
reforms in the form of international trade agreements or cross-border collaborations have

been established.



The objective of this study is to examine the extent of spatial dependence and spillover
effects across subnational regions at varying levels. We differentiate between intra-national
and international neighbours, postulating that spatial dependence should be more pro-
nounced between intra-national neighbours than international neighbours. Moreover, we
are interested, how specific reforms — specifically regional trade agreements (RTAs) —
affect the spatial dependence between international neighbours. We expect that the in-
ternational spatial dependence and spillover effects are larger between regions that are
part of a common trade agreement. Opening up to international trade facilitates the
transfer of spillovers across international borders.

We use a comprehensive subnational panel dataset from 1960 to 2017 (Adam et
al. 2023). The dataset includes 1,305 subnational regions, located in 77 countries world-
wide. Our empirical strategy employs a spatial econometric approach, specifying a spatial
autoregressive model (SAR model). The model explicitly defines regional GDP per capita
as a function of neighbouring regions’ GDP per capita, along with other regional and
country-level characteristics through the inclusion of fixed effects. The first contribution
of this study is that we distinguish between different levels of neighbourhoods - intra-
national neighbours, international neighbours and international neighbours that further
belong to the same RTA (RTA-international neighbours). Based on this differentiation,
we construct spatial weighting matrices for regions sharing a contiguous border. As a
second contribution, we exploit two specifications of the SAR model: First, we consider
the standard SAR model that includes one spatial lag, that is, either the national, inter-
national or RTA-international spatial lag. Second, we follow the recent advances in the
spatial econometrics literature (Lacombe 2004; Naveed and Ahmad 2016) and exploit an
extended version of the SAR model that simultaneously includes multiple spatial lags to
account for more complex forms of spatial dependence. Finally, we present further het-
erogeneity tests and account for different RTA types, continental differences, second-order
neighbours, and language similarity.

Our results show that there are substantial differences in spatial dependence between
subnational neighbours at the three levels of investigation. We provide empirical ev-
idence on robust positive spatial dependence and spillover effects across intra-national
neighbours. In contrast, spatial dependence and spillover effects are much smaller for in-

ternational neighbours, suggesting that international borders impede economic exchange.



We also document a small leveraging effect of RTA membership on international spatial
dependence. However, when accounting for country-time fixed effects, the spatial de-
pendence between RTA-international neighbours approaches zero. As such, our results
carry broader policy implications and underscore the relevance of spatial dependence in
mitigating regional inequalities: Regional economic development does not only depend
on local characteristics, but the development of neighbours matters too. Depending on
the type of border, a region may experience beneficial or detrimental economic spillovers.
This may, in particular, have implications for disadvantaged and remotely located regions
such as border regions.

The remainder of this paper proceeds as follows. Section 2 reviews the related lit-
erature. Section 3 describes the data, while Section 4 outlines the estimation strategy.
Results and heterogeneity tests are presented in Section 5. Finally, Section 6 offers con-

cluding remarks.

2 Literature Review

We relate to three strands of literature: (i) the literature on regional development and
borders, (ii) the literature on spillover effects, and (iii) the literature on the effectiveness
of trade agreements and economic integration.

The spatial distribution of economic activity and its determinants have received exten-
sive attention in the literature (Proost and Thisse 2019). There is nowadays widespread
consensus that both absolute and relative location influence which regions experience
economic development (Losch 1938; Gallup et al. 1999). In his seminal contribution,
Krugman (1991) illustrates how centripetal and centrifugal forces drive regional inequal-
ity. Concentration and agglomeration forces create an economic core and periphery that
eventually explain spatial polarization within countries. In addition, distance and rel-
ative location between regions have been highlighted to be relevant factors for regional
development, as they substantially determine a region’s access to international markets
and possibilities to engage in international trade. Two notable examples include land-
locked regions and border regions, which often face challenges due to their remoteness
from the economic cores. Jetter et al. (2019) provide empirical evidence for a negative

link between the distance to the coast and subnational economic development, while ac-



counting for unobservables with country-time fixed effects. In addition, Van Gorp (2009)
and Adam et al. (2023) show that border regions are substantially poorer than interior
regions. Using satellite nightlights data, Pinkovskiy (2017) and Briilhart et al. (2019)
further find that there is a substantial "border shadow", suggesting that border regions
are substantially darker due to their proximity to international borders. In both cases
— of landlocked countries and border regions — international borders are, among others,
crucial factors in explaining the "economic backwardness" of the respective regions (Geen-
huizen and Rietveld 2002; Lavallée and Vicard 2013). The literature highlights two main
channels how international borders impact economic development. First, the history and
nature of borders significantly shapes development patterns. As Krugman et al. (1995,
340) point out, "where one draws the lines" is relevant. This view is supported by Alesina
et al. (2011) and Michalopoulos and Papaioannou (2016) who find that artificial borders
negatively impact regional economic development by increasing the likelihood of conflict,
among other factors. Second, there is a widespread consensus that borders impact eco-
nomic development by imposing barriers to economic exchange. International borders
particularly disrupt the natural flow of activities by raising the marginal costs of inter-
action (Hansen 1977). Thereby, borders restrict labour market integration (Niebuhr and
Stiller 2004), reduce market size effects (Spolaore and Wacziarg 2005), and impede wage
convergence (Naz et al. 2017). This is consistent with the large number of studies on
"border effects". One of the most influential accounts of border effects comes from Mc-
Callum (1995). Analysing the effects of the Canadian-US border, McCallum (1995) finds
that trade between Canadian provinces was 22 times greater than trade between any pair
of Canada-US provinces. Similar evidence is found for OECD countries (Wei 1996), EU
countries (Chen 2004), and the German-French border (Helble 2007). Collectively, these
studies demonstrate that borders are relevant in shaping the spatial distribution of eco-
nomic activity.

In addition to locational factors, we relate to the literature on spillover effects and
spatial dependence between regions. Related studies focus on the idea that economic
outcomes of one region affect economic outcomes of neighbouring regions (Carrington
2003). The fact that regions are not independent from each other is evidently supported
by the considerably increasing economic integration worldwide (Ortiz-Ospina et al. 2018).

Literature highlights that different types of shocks spill over to adjacent regions, thereby



affecting their economic trajectories: A wide strand of literature focuses on the negative
spillover effects, when a region’s neighbour is involved in conflict and war (Ades and Chua
1997; Murdoch and Sandler 2004; De Groot 2010; Qureshi 2013; Carmignani and Kler
2018). Others have found spillover effects resulting from physical capital and resources
(Ciccone 1996; Behar and Collier 2008; Ishak and Méon 2023), institutions (Ahmad and
Hall 2017), tax policy (Merlo et al. 2023), or well-being (Ziogas et al. 2020). Most related
to our study, spillover effects from economic growth and development are analysed in a
broader context (Easterly and Levine 1998; Conley and Ligon 2002; Van Gorp 2009; Benos
et al. 2015). Likewise, some studies use spatial econometric approaches to analyse the
presence and strength of spatial dependence and spillovers. Moreno and Trehan (1997)
use a spatial autoregressive model and show that there are substantial growth spillovers
between countries located in close proximity to each other. Lopez-Bazo et al. (1998) show
that a 10% increase in economic growth in neighbouring countries causes a 6% increase in
growth of the respective economy, thereby providing strong evidence for the presence of
spatial spillovers in the EU. Similarly, Le Gallo and Ertur (2003) provide evidence for the
presence of spatial autocorrelation between European regions from 1980 to 1995, while
LeSage and Fischer (2008) show that regional income levels depend on the characteristics
of neighbouring regions and the strength of spatial dependence.

Finally, we relate to the literature on the spatial implications of trade agreements and
economic integration. Trade agreements and regional integration are some of the proposed
policies to decrease regional disparities between regions (Eberhard-Ruiz and Moradi 2019;
Adam et al. 2023). Trade agreements increase market potential (Redding and Sturm 2008)
and decrease the distance to foreign markets (Rauch 1991) — some of the consequences
resulting from the presence of international borders. Most related to our study, Adam
et al. (2023) use a panel for 1350 regions and employs a shift-share method to quantify the
differential effect of trade agreements on GDP per capita in border regions. The exposure
to trade agreement is captured by different measures related to the contiguous border
between regions. Overall, Adam et al. (2023) find a positive differential effect of trade
agreements on regional development that roughly compensates for the initial economic
disadvantage of border regions. Similar evidence is found by Roberts and Deichmann
(2011) and Bonadio et al. (2023). In addition, trade agreements and economic integration

are instruments to fueling regional convergence (Carrington 2003; Abreu et al. 2005; Te



Velde 2011; Viegas et al. 2024).

The economic trade literature mostly includes distance as a spatial element into the
empirical analysis. The gravity model expresses bilateral trade flows as a function of
geographic distance and economic size of two countries. However, spatial dependence
and spillover effects in the context of trade agreements have been less studied so far
using spatial econometric approaches. Roberts and Deichmann (2011) explicitly estimate
spillover effects by exploiting a spatial weighting matrix that identifies neighbourhoods
between countries that both are members of the same trade agreements. They show that
there are strong growth spillovers between trading partners from OECD countries, while
spillovers are absent in the case of countries in Sub-Saharan Africa. Similarly, Amidi
and Majidi (2020) find that there are substantial spillover effects between neighbouring
trading partners.

Our contribution to this literature is as follows: In contrast to most cross-country
studies, we use subnational data to analyse spatial dependence and spillover effects. Tech-
nically, this allows us to account for country, region and country-time fixed effects. More-
over, we explore spatial dependence and spillover effects jointly at three different levels,
i.e., the national, international, and RTA-international level. This approach allows us
to compare distinct types of spillovers and analyse more complex forms of spatial de-
pendence. By using spatial econometrics techniques, we further exploit an alternative
approach in evaluating the effectiveness and leveraging effect of RTAs on regional eco-
nomic growth. A higher degree of spatial dependence after the formation of a RTA can
be considered as an example, in which trade agreements and cross-border cooperation are

effectively reducing the importance of international borders.

3 Data

We use the subnational panel dataset by Adam et al. (2023). The dataset combines data
on GDP per capita from Gennaioli et al. (2014) and the Annual Regional Database of the
European Commission’s Directorate General for Regional and Urban Policy (ARDECO)
and covers a total of 1350 regions located in 86 countries from 1950 to 2017. The data
from Gennaioli et al. (2014) is available in five year steps, while the ARDECO provides
yearly data on GDP per capita starting in 1980.



We make several adjustments to the dataset: First, we restrict the dataset from Adam
et al. (2023) to the period from 1960 to 2017, as observations before 1960 have incom-
plete neighbourhood relations due to many missing values. In addition, we compute
five-year averages for the variables, such that our final sample spans 12 time periods.
We also exclude islands and observations with only country-level GDP per capita. As
we are interested in the spatial relations between regions, we compile a contiguous poly-
gon shapefile of the regions included in Adam et al. (2023). Most importantly, regional
boundaries should be as stable as possible over time and contain no gaps or slivers, in
order to accurately identify contiguous neighbours (see Section 4.2).! Our final sample
compromises 7439 observations from 1305 unique subnational regions, located across 77
countries. Figure 1 shows the global coverage of the final sample and distinguishes be-
tween interior regions and border regions. Only Africa is underrepresented in our dataset.

We use regional GDP per capita as a measure for regional economic development.? In
addition, we exploit several control variables from the dataset by Adam et al. (2023). We
include the region’s landarea, the absolute latitude of the region’s geographical centroid,
regional population density, a measure for the level of democracy (i.e., polity2) and a
measure of trade openness (i.e., country-level trade in % of GDP). Furthermore, we include
two binary variables on whether the capital city is located in the respective region and
whether the region is located at the coast.?

Similar to Adam et al. (2023) we also include data on regional trade agreements (RTAs)
from Mario Larch’s Regional Trade Agreements Database (Egger and Larch 2008). The
database documents all pairwise country combinations of multilateral and bilateral re-
gional trade agreements from 1950 to 2023. The definition of a regional trade agreement

follows the general definition of the WTO and compromises different types of trade agree-

'For certain countries, where observations from Gennaioli et al. (2014) and ARDECO are available
(e.g., France, Italy, Germany), we use the ARDECO boundaries. Furthermore, some European countries
such as Switzerland, Bosnia and Herzegovina, and Turkey are not included in the ARDECO dataset. In
this case, the boundaries are taken from the Gennaioli et al. (2014) dataset. As the country borders from
Gennaioli et al. (2014) for interior regions (e.g., Switzerland) do not perfectly match with the boundaries
from ARDECO, we manually adjust boundaries in QGIS, such that there are no gaps or slivers between
polygons. This approach is also applied to regions along the EU’s external borders, such as Finland and
the Baltic countries.

2GDP data from Gennaioli et al. (2014) originates from different sources including national statistics
offices, government agencies, Human Development Reports and the the Organisation for Economic Co-
operation and Development (OECD) statistics. The GDP per capita data from ARDECO most likely
uses a mixture of directly reported regional GDP and GDP calculated as a share of national GDP (see
information in Adam, Larch and Stadelmann (2023) and their Online Appendix).

3We provide summary statistics on the dependent variable and control variables in the Appendix.



Figure 1: Subnational Regions Worldwide

Interior Regions B Border Regions

Notes: Own illustration. Subnational data comes from Adam et al. (2023).

ments and combinations thereof. In this study, we distinguish between Partial Scope
Agreements (PSA), Free Trade Agreements (FTA), Customs Unions (CU), and Economic
Integration Agreements (EIA). We will later use this differentiation to test for potential

heterogeneities.

4 Empirical Strategy

4.1 The Spatial Autoregressive Model

We exploit a spatial econometric approach and the spatial autoregressive model (SAR
model). The SAR model includes a spatial lag into the linear model to account for spatial
dependence between regions. The idea is that not only a region’s own characteristics

determine economic development, but also the characteristics of neighbouring regions.
The SAR model is defined as follows:
In(GDPpcyi) = pgWy x In(GDPpcry) + XS + 0 + €44 for ¢ = {nat,int,rta} (1)

where In(GDPpc,;) is the natural logarithm of GDP per capita in region r in time

period t. We include different spatial lags ¢ into the model to distinguish between na-



tional, international and international-RTA spatial dependence. The spatial lag W, x
In(GDPpc,) is the dependent variable of GDP per capita multiplied by the respective
spatial matrix that identifies neighbours between any region-pair (i) in the sample. For
row-normalized spatial matrices, the spatial lags can be interpreted as average GDP per
capita of region i7’s neighbours. Moreover, we include regional control variables, X,;, and
different combinations of fixed effects, ¥). More specifically, we include different combi-
nations of country, time, region and country-time fixed effects. The parameters to be
estimated are p, and 3, however we are primarily interested in the coefficients of the
spatial autoregressive parameters, p,, that determine the strength of spatial dependence

and spillovers.

4.2 Spatial Weighting Matrices

To differentiate between different types of spatial neighbours, we construct three distinct
spatial weighting or connectivity matrices, Wy, Wines, and Wi,y Each matrix is
constructed by identifying neighbours that share a contiguous border (i.e., polygon rook

contiguity). These matrices are then populated with the following weights:

1 if ¢ and j are intra-national neighbours in period ¢

g
(wi,j)nat,t - (2)
0 otherwise

1 if ¢ and j are international neighbours in period ¢

g p
(Wi j)intt = (3)
0 otherwise

1 if 7 and j are RTA-international neighbours in period ¢
(wi,j)rta,t = (4)
0 otherwise

The first spatial weighting matrix, W+, specifies intra-national neighbours between

regions for a given time period ¢. This matrix includes only those regions located within



the same country. As units of observations are not connected to themselves, the matrix
has zero elements on the diagonal.

The second weighting matrix, W;,;, specifies neighbours at the international level.
In this matrix, weights are assigned such that only border regions have international
neighbors, while interior regions within each country are assigned weights of zero.

The third spatial weighting matrix, W,,:, extends W;,;,; to analyse whether trade
agreements amplify spatial dependence between regions in different countries. As such,
this matrix defines space based on another attribute besides geography: RTA membership
(Beck et al. 2006). In fact, W, includes only a subset of the international neighbours
from W, , that belong to the same trade agreement in time period ¢.

All matrices have a dimension (N x N), equal to the number of observations in time
period t. To facilitate interpretation, all our weighting matrices are row-normalized,
such that each row, w;, sums to unity. Thus, the spatial lags (W,ate X In(GDPpc,.),
Wint+ X In(GDPpe,t), and Wiy X In(GDPpe,+)), can be interpreted as the average GDP
per capita of region i’s neighbouring regions in time period ¢.

Typically, spatial weighting matrices based on geographical proximity are time-invariant.
However, since our dataset is an unbalanced panel,* each weighting matrix is time-variant
for each period ¢t and has a unique dimension. In contrast to standard panel data — but
common for spatial panel data — we stack the data first by time period and then by region.
Following the approach by Egger et al. (2005), the spatial weighting matrices for the full

panel, Wiat, Wine, and W, are constructed as block-diagonal matrices:

Wnat = [t & Wnat,t (5)
Wing = It @ Wins 4 (6)
Wrm - It X Wrta,t (7)

where ® is the Kronecker product of a vector of ones, I;, and the spatial weighting
matrices for each time period t.

One potential concern is that the spatial weighting matrix for RTA-international

4Qur data structure implies that we end up with a panel dataset with incomplete data. Especially, for
the early years only a limited number of regions is available. An unbalanced panel may have implications
for the asymptotic properties of estimators (Elhorst and Elhorst 2014), however, Pfaffermayr (2009)shows
that Maximum Likelihood Estimation still performs well.

10



neighbours is endogenous. Regional trade agreements are especially likely to form be-
tween countries that are both economically successful, thus, raising the concern that
certain neighbouring pairs are selectively entering trade agreements. In such cases, our
estimates could be upwardly biased. However, we consider this issue to have a minimal
impact: Firstly, trade agreements are typically formed between countries rather than at
the subnational level. Secondly, as our analysis is based on subnational units, we are able
to include country-time fixed effects that account for national policies, including the for-
mation of RTAs. The inclusion of country-time fixed effects should substantially reduce

potential bias stemming from selection effects.

4.3 Hypotheses

We are primarily interested in the estimates of the spatial autoregressive parameters, p,,
which indicate the strength of spatial dependence between regions. A spatial autore-
gressive parameter with a value of p > 0 suggests positive spatial dependence, while a
parameter with a value of p < 0 implies negative spatial dependence. When p = 0, it
signifies the absence of spatial dependence, corresponding to a linear model without any
spatial lag. Figure 2 illustrates these three cases of spatial dependence. Panel (a) shows
negative spatial dependence, where regions are typically surrounded by neighbours with
contrasting characteristics (checkerboard pattern). This implies that economic growth in
one region would occur at the expense of its neighbours. In panel (b), there is no spa-
tial dependence, that is, all regions are randomly distributed in space with no clustering.
Finally, in panel (c) regions are surrounded by other regions with similar characteristics,
indicating positive spatial dependence. In this case, economic growth in one region posi-
tively influences the economic growth of neighbouring regions.

We propose three hypotheses regarding the size and direction of the different spatial au-
toregressive parameters, p,. First, we hypothesize that positive spatial dependence exists
between regions within the same country (i.e., pye: > 0). Regions within the same country
are typically more integrated, as intra-national borders are not particularly salient. Sec-
ond, we expect positive spatial dependence between international neighbouring regions
(i.e., pit > 0). However, if international borders impose restrictions on economic ex-
change, we anticipate that spatial dependence across international borders will be smaller

than within-country spatial dependence (ppa; > pint > 0). Finally, our third hypothesis

11



Figure 2: Examples for Spatial Dependence

() (b) ()

Notes: Own illustration, based on an illustration by Moraga (2023). Illustrative examples for different
levels of spatial dependence. (a) Negative spatial dependence p < 0, (b) no spatial dependence p = 0, (c)
positive spatial dependence p > 0.

considers the case where countries enter into regional trade agreements (RTAs). Eco-
nomic integration facilitates economic exchange and should intensify international spatial
dependence. Therefore, we expect positive spatial dependence between regions that are
pat of the same RTA (i.e., pye > 0). If trade agreements exert a leveraging effect on

spatial dependence between subnational regions, we would expect priq > pint-

4.4 Feedback Mechanisms & Steady State Equilibrium

The SAR model expresses GDP per capita as a function of the GDP per capita of all
neighbouring regions and other characteristics X. As a result, the spatial lag is endoge-
nous, indicating the presence of simultaneity and feedback mechanisms between regions.
Estimating the SAR model requires rewriting Equation (1) into its reduced form. The

data-generating process can then be expressed as (LeSage 2008):

In(GDPpc,t) = (I, — p,W,) H(XB +¢) for ¢ = {nat, int,rta} (8)

Equation (8) shows that a region i’s GDP per capita does not depend on the values
of GDP per capita of its neighbouring regions. Instead, GDP per capita depends on
all factors X of the respective region i (I, multiplied by X) and all values X of the
neighbouring regions as identified by the spatial weighting matrix W, and scaled by the
spatial autoregressive parameter p,. The inverse (I,,—p,W,)~! (i.e., the spatial multiplier)

further implies that this feedback mechanism translates into the entire system and higher

12



order neighbours (i.e., the neighbours of the neighbours). This can be shown by rewriting

the inverse as an infinite series (Debreu and Herstein 1953; LeSage 2008):

(In = pgWo) ™" = I + pgWy + p2W2 + pdW7 + ... for ¢ = {nat,int,rta}  (9)

Equation (9) includes the first-order neighbours as identified by the spatial matrix
W, and higher-order neighbours identified by higher powers of the spatial matrix, i.e.,
qu, Wj . Thus, any change in X in one region impacts the entire system. As the spatial
autoregressive parameter p, is discounted for higher-order neighbours, this effect dimin-
ishes with increasing distance, reflecting a decay in influence for higher-order neighbours
(Elhorst et al. 2024). Given the assumption that spatial effects decrease for higher-order
neighbours, it follows that the spatial autoregressive parameter should be constrained
within the bounds of —1 < p, < 1.7

Our sample represents a static picture of the world, that is, a steady state equilibrium
for specific points in time t. Or in other words, the sample reflects the outcome of the
spatial feedback process modeled in Equation (8). Nevertheless, spatial feedback effects -
resulting from changes in X in region ¢ - should be interpreted as the movement toward

a new steady state equilibrium for the entire system (LeSage 2008).

4.5 Maximum Likelihood Estimation

The simultaneous process of interdependence between subnational regions implies that
Ordinary Least Squares (OLS) Estimation cannot be applied. Various alternative estima-
tion techniques have been proposed, such as Gerneralized Methods of Moments Estima-
tion (Kelejian and Prucha 1999), Instrumental Variables Estimation (Kelejian and Prucha
1998), and Maximum Likelihood Estimation (MLE) (Ord 1975). In this study, we follow
the approach by Ord (1975), Lacombe (2004), and Naveed and Ahmad (2016) and utilize
a Maximum Likelihood Estimation. One advantage of MLE is that it is transferable to
higher-order SAR models including multiple spatial lags (as will be described in Section
4.7).

5The choice of boundaries for the autoregressive parameter is discussed in the literature: The standard
boundaries for the spatial autoregressive parameter p, are the minimum and maximum eigenvalues of
the spatial weighting matrices (LeSage and Pace 2009). As our matrices are symmetrical row-stochastic
matrices, the minimum and maximum eigenvalues correspond to -1 and 1.

13



The log-likelihood function for the SAR model takes the following form (Anselin 2003):

L(p, B,02) = —gznm) - gm((ﬂ) +In|I — p,W| — %[g]'[g] for ¢ = {nat, int, rta}
(10)

with e = (In(GDPpc) — p,W,in(GDPpc) — BX). Estimates for the spatial autorgres-
sive parameter, p,, and 3 are then obtained as follows: First, 8 and o2 are estimated by
decomposing the maximum likelihood estimator, B . Next, the estimates for B and o2 are
substituted into the log-likelihood function given in Equation (10), establishing a concen-
trated log-likelihood-function that depends solely on the spatial autoregressive parameter,
pq- Due to non-linearity of the log-likelihood function, the estimate for p, is then obtained
by numerical optimization. We provide a formal derivation of the maximum likelihood

estimation in the Appendix.

4.6 Interpretation of Effects

The spatial autoregressive parameter indicates the strength of spatial dependence between
neighbouring regions. However, we are further interested in spillover effects, that is, how
much economic growth in one region influences the economic growth in its neighbouring
regions, and vice versa. As observations are not independent from each other, we cannot

derive effect sizes from partial derivatives % (i.e., since spatial dependence implies that

Oyi.

52 # 0). Instead, we compute average direct, indirect and total effects (LeSage 2008).

Typically, the computed effect sizes are multiplied by the coefficient of the respective
explanatory variable X. In the general case, the effect sizes can be interpreted as the
multiplying factors for any change in a region 4, if spatial dependence is taken into account.

In our case, the direct effect quantifies how much a one percent increase in GDP per
capita in region i is amplified by spatial feedback effects coming from its neighbours. A
change in GDP per capita in region ¢ will have an effect on GDP per capita in neighbouring
regions (and their neighbours by decaying effect size), which then again feeds back to
region 7. The direct effect takes this feedback process into account. The indirect effect is
the spillover effect of a change in GDP per capita of region ¢ on all its neighbours. Or in
other words, a one percent change in GDP per capita results on average in a GDP per

capita change in neighbouring regions of the size of the indirect effect (in %). Finally,
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the total effect is the combined direct and indirect effect. It can be interpreted as the
cumulative influence of a change in region i’s GDP per capita on the entire system.

Average effect sizes are derived from the spatial multiplier S(W,) = (I,, — p,W,) ™"

Mdirect = n_ltr(sa/vq))
Mot = 0~ ' S(W,)i, withi= (111 .. 1) (11)

Mindirect = Mtotal - Mdirect

The average direct effect is the average of all diagonal elements s;;, while the average

indirect effect is given by the average of all non-diagonal elements s;;.

4.7 The Extended SAR Model

The standard SAR model identifies spatial dependence for only one type of spatial neigh-
bours - intra-national, international or RTA-international neighbours. More realistically,
spatial dependence is not experienced for one type of neighbourhood in isolation. Instead,
regions are spatially dependent at the intra-national, international and RTA-interntaional
level simultaneously. Consider a border region i surrounded by intra-national and inter-
national neighbours (the international neighbours may further be divided into members
and non-members of the same RTA as region 7). Region i will experience spatial influence
of both its national and international neighbours simultaneously. This further implies
that intra-national spatial dependence (i.e., given by p,.:) depends on the international
spatial dependence (i.e., given by p;,;) between regions, and vice versa. Hence, the spatial
autoregressive parameters p, for different types of neighbourhoods are not independent
from each other. One solution to account for this kind of simultaneity is to include multi-
ple spatial lags simultaneously into the SAR model (Lacombe 2004; Naveed and Ahmad
2016). The extended SAR model is then given by:

In(GDPpc,t) = Z Pq Z W, x In(GDPpc,i) + XS+ 0 + €4 for ¢ = {nat,int,rta}
q=1 q=1

(12)
We follow the approach by Lacombe (2004) who implements a SAR model with max-
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imum likelihood estimation for two spatial weighting matrices. Lacombe (2004) distin-
guishes between within-state and between-state spillovers, and is thereby closely related
to our setting.® The main advantage of MLE is that the estimation of the one-lag SAR
model directly can be transferred to the case of multiple spatial lags.” While this ap-
proach accounts for more complex spatial relationships between subnational regions, it
does not come without a cost (Lesage and Pace 2011). In particular, the choice of
the parameter space for multiple p, is discussed, since the typical choice of the mini-
mum and maximum eigenvalues may not be transferred to the higher-order SAR models
(Lesage and Pace 2011; Elhorst et al. 2012). Furthermore, effect sizes as described in
Section 4.6 are not separable for different types of neighbourhoods (Lesage and Pace
2011). For an extended version of the SAR model, the spatial multiplier is given by
S (Whats Wines Weta) = (In — pratWaat — pintWint — PrtaWita) . The diagonal and off-
diagonal elements of S(Wius, Wing, Wite) include combinations of Wiy, Wine, and Wi,
implying that direct and indirect effects are not separable for the different types of neigh-
bourhoods specified. As a consequence, we will estimate effect sizes for the extended
model in two ways: First, we will estimate the combined effect size by the average di-
agonal and off-diagonal elements of S(W,at, Wint, Wita). In this case, we are not able to
distinguish between the different types of neighbourhoods. Second, we will take the spa-
tial multipliers S(W,) = (I, — p,W,) for each W, and p, from the extended SAR model,

and calculate separate effects.

5 Results

5.1 Linkages & Presence of Spatial Autocorrelation

In this section, we present summary statistics on spatial linkages and autocorrelation
within our full sample. Table 1 displays the count of non-zero links between different
types of neighbourhoods across 12 time periods. Linkages are identified using polygon-

rook contiguity and the constructed spatial weighting matrices, as described in Section 4.2.

6We thank Donald Lacombe for providing the MATLAB codes for his Maximum Likelihood Estimation
for two spatial weighting matrices. We translated the codes to R and extended the code for an extended
model with three spatial weighting matrices.

"Other approaches are to use convex combinations of spatial weighting matrices (Pace and LeSage
2002; Debarsy and Lesage 2021), to implement a trigonometric approach (Elhorst et al. 2012), or to
include a further interaction between spatial weighting matrices (Elhorst et al. 2012).
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Table 1: Number of Regions and Linkages

Number of Linkages

Year Regions Total National Internat. RTA
1960-64 184 742 712 30 0
1965-69 110 402 400 2 0
1970-74 338 1380 1226 154 68
1975-79 414 1688 1574 114 0
1980-84 709 2910 2618 292 86
1985-89 585 2326 2186 140 78
1990-94 871 3550 3218 332 196
1995-99 1064 4518 3936 582 426
2000-04 1044 4524 3916 608 494
2005-09 1059 4480 3856 624 550
2010-14 843 3486 3056 430 334
2015-17 218 762 608 154 154
Total 7439 30768 27306 3462 2386

Notes: Own calculations based on the spatial weighting matrices Wyat ¢+, Winet, and Wig ¢.

Over time, both the number of observations and established trade agreements increase
notably.

To further motivate our analysis, we examine whether spatial dependence is present
in our full sample. Overall spatial dependence is measured by the global spatial autocor-

relation measure Moran’s I, which is defined as (Floch and Le Saout 2018):

N BN w9y —0)
Zﬁ\; Zjvﬂ Wi Zij\il(yi —¥)?

I (13)

The numerator of the second fraction defines the covariance of y, while the denominator
defines the total variance. The cross product ((y; —y)(y; — y)) indicates that Moran’s I is
positive, when both region i and region 7 have values of GDP per capita that are above
or below the mean. A positive Moran’s I value indicates positive global autocorrelation.
In contrast, if one region has larger values than the sample mean and another region has
smaller values than the sample mean Moran’s I takes negative values, indicating negative

global autocorrelation.
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Figure 3: Moran’s I Plots on GDP per Capita over Time
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We provide Moran’s I plots for a selection of time periods in Figure 3. We plot GDP
per capita on the horizontal axis, and the spatial lag of GDP per capita (i.e., the average
GDP per capita of neighbours) on the vertical axis. Then, the means of GDP per capita
and the spatial lag divide the plot into four quadrants (LeSage 2008). The upper right
quadrant depicts all observations that have a GDP per capita above the mean, with
neighbours on average also having a GDP per capita above the mean. Similarly, the lower
left quadrant shows all observations with a GDP per capita below the mean, and whose
neighbours on average also have a GDP per capita below the mean. Conversely, the upper
left and lower right quadrant represent all observations with a GDP per capita below or
above the mean, but with neighbours that are on average either relatively rich or poor,
respectively. The slope of the fitted line through the scatter plot equals the Moran’s I
statistic in Equation (13). Given the concentration of observations in the upper right
and lower left quadrant, there is considerable positive spatial autocorrelation in our full
sample: GDP per capita in region ¢ is positively correlated with the spatially lagged
GDP per capita (i.e., average GDP per capita of all neighbours). The presence of spatial

autocorrelation in the full dataset further motivates the subsequent analysis.

5.2 Main Results
5.2.1 The Standard SAR Model

Table 2 presents the main results for the SAR model in Equation (1). We estimate the
SAR model separately for intra-national (Columns 1 to 3), international (Columns 4 to
6) and RTA-international (Columns 7 to 9) neighbours.® Additionally, we estimate three
different specifications to account for different combinations of fixed effects. First, we
include country and time-fixed effects in Column (1), (4) and (7) to control for unobserved
factors at the country level (e.g., national institutions) and over time (e.g., common global
shocks such as the financial crisis). Second, we include both time and region fixed effects
in Columns (2), (5) and (8), capturing within-region changes in GDP per capita over
time. Finally, we include both region and country-time fixed effects in Columns (3), (6)
and (9). This is the most restrictive specification, as country-time fixed effects control
for all time-specific shocks at the country level, including changes in national policy or

trade regulations. In addition, region fixed effects account for time-invariant unobserved

8The main results in Table 2 are estimated with the lagsarlm function in R.
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factors at the subnational level (e.g., geography).” In all specifications we include regional
control variables.

The results indicate that there are substantial differences in spatial dependence across
the three levels of investigation. At the intra-national level, the spatial autoregressive
parameter p,, is positive and highly statistically significant (Column 1). The magnitude
of ppas is slightly increased when we substitute with time and region fixed effects in Column
(2). However, once we include region and country-time fixed effects in column (3), we
obtain a much smaller — but still positive and statistically significant — estimate of p,q.

At the international level, the spatial autoregressive parameter p;,; is also positive and
mostly statistically significant (Columns 4 and 5). The size of p;,; indicates that spatial
dependence is much weaker across international neighbours than across intra-national
neighbours. This aligns with our expectation that spatial dependence is weaker in the
presence of international borders. When accounting for both region and country-time
fixed effects (Column 6), p;,; is even close to zero and no longer statistically significant.

Our expectation is that economic integration — in the form of various types of regional
trade agreements (RTAs) — amplifies international spatial dependence between regions.
Consequently, spatial dependence should be stronger across international neighbours that
also belong to the same RTA. The estimates for p,¢ in Columns (7) to (8) support this
expectation. The estimates are positive, statistically significant, and larger than those in
Columns (4) and (5). The estimate in Column (9), however, stands out: while statistically
significant at the 5% level, it is slightly negative.

Next, we turn to the interpretation of effect sizes as explained in Section 4.6. We
report the direct, indirect, and total effects for all specifications. Standard errors are
calculated using the covariance matrix of the estimated parameters to draw a large number
of simulated parameters from the multivariate normal distribution (LeSage and Pace 2009,
39). First, consider the effect sizes reported in Column (3): a direct effect of 1.002 indicates
that a 1% increase of GDP per capita in region 7 is amplified by spatial feedback processes
from its national neighbours by 0.2%. Spatial dependence between national neighbours
further implies that a 1% increase in GDP per capita results in an average increase in
GDP per capita of 0.082% in region i’s intra-national neighbouring regions. This is the

indirect effect or spillover effect. The total effect of 1.084, which combines the direct

9For reasons of completeness, additional results for other specifications with other combinations of
fixed effects are reported in the Appendix.

20



Table 2: Main Results - SAR Model with Separate Spatial Lags

Dependent Variable: log (Regional GDP per capita)

Intra-National International RTA-International
(1) 2) () (4) (5) (6) (7) (8) 9)
Prat 0.530%%*F  0.621%**  (.081***
(0.010) (0.009) (0.013)
Pint 0.051%*¥*  0.029** -0.001
(0.020) (0.018) (0.012)
Drta 0.104%F*  0.106***  -0.036**
(0.029) (0.025) (0.016)
Direct Effect L110%*% - 1.172%F%  1.002%F*  1.000%**  1.000***  1.000***  1.000***  1.000***  1.000***
(0.005) (0.007) (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Indirect Effect 0.965%**  1.392%FF  (,082%**  0.005%* 0.003 0.000 0.018%*¥*  0.018%**  -0.006%*
(0.036) (0.051) (0.015) (0.002) (0.002) (0.001) (0.005) (0.005) (0.003)
Total Effect 2.075%%F 2. 564%FF  1.084%*F  1.005%F*  1.003*F*  1.000%*F  1.018%**  1.018*** = (.994%**
(0.041) (0.058) (0.016) (0.002) (0.002) (0.001) (0.005) (0.005) (0.003)
Controls included v v v v v v v v v
Country FE v v v
Time FE v v v v v v
Region FE v v v v v v
Country-Time FE v v v
No. of Observations 7439 7439 7439 7439 7439 7439 7439 7439 7439
No. of Regions 1305 1305 1305 1305 1305 1305 1305 1305 1305
No. of Countries 7 77 7 7 7 7 7 7 7
No. of Links 27306 27306 27306 3462 3462 3462 2386 2386 2386

Notes: Spatial autoregressive model, estimated by maximum likelihood estimation. The following controls are included:
(1) Specification with country and time fixed effects: capital [0/1], land area (in 1000 km?2), coast [0/1], latitude (abs.), and
regional population density. (2) Specification with time and region fixed effects: Trade Openness, polity 2, and regional
population density. (3) Specification with region and country-time fixed effects: Trade Openness, polity 2, and regional
population density. The direct effect is the average of all diagonal elements of the matrix (I, — pgWq) ™!, the indirect effect
is the average of all non-diagonal elements of the matrix (I, — pgWy) ™!, and the total effect is the combined direct and
indirect effect. Standard errors are reported in parentheses. *** ** * indicate significance at the 1%, 5%, and 10% level,
respectively.
and indirect effect, indicates that a 1% increase in region i's GDP per capita results,
on average, in a cumulative change of GDP per capita of 0.084% in the entire system.
Overall, the effect sizes suggest a moderate presence of spatial dependence and spillover
effects between intra-national neighbours. In contrast, effect sizes between international
neighbours are negligible. This can be explained by the zero estimate of the spatial
autoregressive parameter p;,,. Finally, the effect sizes for the RTA-international case
indicate that spillovers from region i to its international neighbours are 0.018% (Columns
7 and 8), which is smaller than for the intra-national neighbours but larger than for
international neighbours.

One question arises as to why the sign of p,4, changes from Column (8) to Column (9).

We provide two potential explanations for this observation: First, the inclusion of both

country-time and region fixed effects is motivated from the fact that we best possibly can
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control for selection bias, namely that RTAs are more likely to be formed between countries
with initially strong spatial dependence. This strong restriction could imply that we are
left with variation that may rather explain regional competition between international
neighbours in the case of trade liberalization. In this case, one region might experience
economic growth on the expense of its immediate international-RTA neighbours. We also
report results for other fixed effects specifications (i.e., only country-time fixed effects or
region fixed effects) in the Appendix. The results show that the change in sign is primarily
explained by the inclusion of country-time fixed effects. A second explanation relates to
heterogeneities between continents and RTA types. As we will show in Sections 5.3.1 and
5.3.3, the negative sign is mainly observed among European countries and specific RTA

types, such as Customs Unions.

5.2.2 Extended SAR Model

Spatial dependence is not independently occurring between intra-national, international
and RTA-international neighbours. To account for this simultaneity and more complex
forms of spatial dependence, we now estimate the extended version of the SAR model,
as outlined in Section 4.7. In Columns (1) to (9) of Table 3, we first estimate different
combinations of a two-lag SAR model, following the approaches by Lacombe (2004) and
Naveed and Ahmad (2016). Then, in Columns (10) to (12), we estimate a three-lag SAR
model, accounting for intra-national, international and RTA spatial dependence simulta-
neously. Unlike the previous estimations, the extended versions of the SAR model are
estimated using self-computed functions in R.1° To validate that our maximum likelihood
estimation works correctly, we also re-estimate the main results in Table 2 using a self-
computed function, mirroring the structure of the extended SAR model. The results of
this estimation are reported in the Appendix. The estimates of the spatial autoregressive
parameters are about the same size as in Table 2, providing confidence in the accuracy of
our estimation procedure.

First, we estimate the two-lag SAR model which jointly includes the intra-national and
international spatial weighting matrix in Columns (1) to (3). The spatial autoregressive
parameter p,q is approximately the same size as in the one-lag SAR model. In contrast,

the spatial autoregressive parameter p;,,; is larger in Columns (1) and (2) than in the one-

1OR-functions are included in the Replication files.
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lag SAR model. This suggests that the one-lag SAR model may overestimate national
spatial dependence and underestimate international spatial dependence, as more complex
forms of dependence are not accounted for. A region that is surrounded by multiple
national and international neighbours may also experience international spillovers through
its national neighbours that are border regions themselves, or vice versa.

In Columns (4) to (6), we estimate a two-lag SAR model that jointly includes an
intra-national and RTA-international lag. The estimates of the spatial autoregressive
parameter p,q are comparable to those found in Columns (1) to (3). The estimates for
Pria are positive and notably larger than in the one-lag SAR model in Table 2. However,
when we account for region and country-time fixed effects simultaneously, the estimate is
effectively reduced to zero.

In Columns (7) to (9), we estimate a two-lag SAR model for the international and RTA-
international spatial weighting matrices. Overall, p,, is slightly larger than p;,;, however,
all estimates for the spatial autoregressive parameters remain statistically insignificant.

Finally, we estimate the three-lag SAR model in Columns (10) to (12). We simulta-
neously include the intra-national, international, and RTA-international spatial lag. The
estimates for p,, remain stable compared to the previous specifications. However, for
the estimates of p;,; and py,, a different picture emerges: In Columns (10) and (11),
the estimates for p;,; are negative and statistically significant, while the estimates for
Pria are positive, highly significant, and quantitatively large. In this case, we interpret
that regional trade agreements have a strong leveraging effect on international spatial
dependence. However, once we include region and country-time fixed effects in Column
(12), spatial dependence across international and RTA neighbours is effectively reduced
to zero. Only national spatial dependence remains stable and statistically significant at
a level of roughly 0.08. We provide estimates for the direct, indirect, and total effects of
the extended model in the Appendix.

The results of the extended spatial lag model provide suggestive evidence for the
presence of more complex forms of spatial dependence that may not be fully captured in
the one-lag SAR models. In particular, it appears relevant to jointly account for both
intra-national and international neighbourhoods: It is plausible to assume that in the
absence of the national spatial lag (Columns 7 and 8), international spillovers are smaller

and not significant, as we are not accounting for international spillovers operating through
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other intra-national neighbours that are border regions themselves. Interestingly, the
spatial autoregressive parameters also seem to exhibit an additive nature in the three-lag
SAR model: The addition of p;,; and p,s, roughly equals the parameter size of p;,; or p,q
in the two-lag SAR models in Columns (1) to (3) and Columns (4) to (6).

Given that W, is a subset of W;,;, one potential concern is the presence of high
collinearity between our weighting matrices W;,,; and W,,, and the corresponding spatial
lags. We test for the correlation between the spatial lags across our three main levels of
investigation in the Appendix. Even though the correlation between the international and
RTA-international spatial lag is only of moderate size (0.349), we re-estimate the results
in Table 3 by defining an alternative international spatial weighting matrix. Previously,
the international matrix included all neighbourhoods between regions that are located in
different countries and share a contiguous border. In doing so, the international spatial
matrix included international neighbours where no trade agreement exists as well as in-
ternational neighbours that are part of the same RTA. In the Appendix we substitute
the international matrix to include only international neighbours who are not part of an

RTA. The results are qualitatively the same.
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5.3 Further Tests and Heterogeneity

We provide a number of additional heterogeneity tests in the subsequent sections. We
analyse (i) spillovers for different types of regional trade agreements, (ii) higher-order
neighbour relations between regions, (iii) differences between European regions and non-
European regions, and (iv) how international and RTA spillovers differ when we further

account for distinct European language branches.

5.3.1 Differences across RTA types

Previously we have primarily focused on the broad category of regional trade agreements
(RTAs) based on the classification by Egger and Larch (2008) and the WTO. However,
our dataset allows us to further distinguish between different types of RTAs: Partial Scope
Agreements (PSA), Free Trade Agreements (FTA), Customs Union (CU) and Economic
Integration Agreements (EIA).!'! Adam et al. (2023) find that deeper economic integration
in form of Economic Integration Agreements (EIA) benefit border regions the most, while
PSAs, which only cover the exchange of certain goods, are the least beneficial. In this
section, we investigate whether a similar pattern emerges for spatial dependence across
different types of RTAs.

To differentiate between different RTA-types we construct four additional spatial
weighting matrices for each RTA type, following the same approach as described in Sec-
tion 4.2. We expect greater spatial dependence between regions with higher levels of
economic integration, that is, the spatial autoregressive parameter p,;, should be positive
and increase with the level of economic integration.

Figure 4 presents the estimates for the corresponding spatial autoregressive parame-
ters. Overall, the estimates suggest that spatial dependence is strongest for Free Trade
Agreements and Customs Unions (upper and middle panels). However, contrary to our
expectations, the parameter for Economic Integration Agreements is either close to zero
or negative. The bottom panel, which accounts for region and country-time fixed effects,
shows slightly negative estimates for all RTA types; however, it is largest and statisti-

cally significant for Customs Unions. We provide two explanations for this mixed picture:

HPartical Scope Agreements only cover trade in certain products, Free Trade Agreements cover good
trade among member countries, Customs Unions cover goods trade and a common external policy towards
non-members, and Economic Integration Agreements cover trade in services (Egger and Larch 2008; Adam
et al. 2023).

26



Firstly, RTA types are somewhat related to different continents in our dataset. For ex-
ample, Economic Integration Agreements are mostly represented by the EU countries.
Therefore, RTA types may also capture continental characteristics and differences that
we do not explicitly account for. Secondly, we are only considering the one-lag SAR model,
as in Section 5.2.1. We have seen in Section 5.2.2 that the extended SAR model may lead
to different conclusions. Hence, for a more conclusive picture, it would be necessary to

also consider the extended SAR model for different RTA types.!?

5.3.2 Second-Order Neighbours

Distance plays a crucial role in determining spillover effects: The larger the distance
between two regions, the lower the expected spatial dependence and effect sizes (Tobler
1970; Elhorst et al. 2024). To account for these distance effects, we examine second-
order neighbourhoods between regions (i.e., the neighbours of neighbours). If spatial
dependence is strongest between contiguous regions, a border region should internationally
benefit (or lose) the most from another border region rather than from a more distant
interior region in the neighbouring country.

To test for spatial dependence between second-order neighbours, we construct new
spatial weighting matrices that only consider second-order neighbours. This means that
first-order neighbours are completely excluded from this matrix. We report the results
for second-order neighbours in Table 4. Comparing these results to the main findings for
first-order neighbours in Table 2, intra-national spatial dependence appears to be overall
slightly smaller among second-order neighbours, suggesting a distance-decaying effect size.
Interestingly, however, spatial dependence between second-order international neighbours
is marginally stronger than for first-order international neighbours. The estimates for
Pria are both qualitatively and quantitavively similar between first- and second-order
neighbours.

Overall, the findings presented in Table 4 suggest that spatial dependence persist be-
tween second-order neighbours and, in some cases, could even be stronger than between
first-order neighbours. However, in this context, we cannot derive precise conclusions
regarding the underlying factors that may explain this effect. One potential explanation

comes from the literature investigating spatial agglomerations and concentration of eco-

12As the aim was to first ensure the basic functioning of the extended SAR model, additional tests
(e.g., testing for different RTA types) have not been exploited so far, but are planned for the future.
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Figure 4: Rho Estimates for Different RTA-Types
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Notes: Estimates for the spatial autoregressive parameter p. Top: Inclusion of country and time fixed
effects. Middle: Inclusion of time and region fixed effects. Bottom: Inclusion of region and country-time
fixed effects. 90% confidence intervals.
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Table 4: Spatial Dependence and Spillovers among Second-Order Neighbours

Dependent Variable: log (Regional GDP per capita)

Intra-National International RTA-International
(1) 2) (3) (4) (5) (6) (7 (3) (9)
Prat (second order) 0.408***  (0.627%F*  _0.027*
(0.013) (0.010) (0.015)
pint (second order) 0.070*%%*%  0.088***  (.038***
(0.019)  (0.016)  (0.011)
Pria (second order) 0.088***  ().179%+* -0.020
(0.025) (0.020) (0.015)
Direct Effect 1.040%*F*  1.122%%F  1.000%**  1.000%**  1.000%**  1.000%**  1.000***  1.000%**  1.000%**
(0.003)  (0.006)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)
Indirect Effect 0.589%**  1.409%** -0.025* 0.013*%*  0.017%%*%  0.007***  0.028***  (0.062***  -0.006%**
(0.031) (0.059) (0.013) (0.004) (0.003) (0.002) (0.008) (0.004) (0.002)
Total Effect 1.629%*%  2.531%FF  0.976%**  1.014%F*  1.017*%F  1.007%F*  1.028%*F  1.063***  (.994***
(0.034)  (0.065)  (0.013)  (0.004)  (0.003)  (0.002)  (0.009)  (0.008)  (0.004)
Controls included v v v v v v v v v
Country FE v v v
Time FE v v v v v v
Region FE v v v v v v
Country-Time FE v v v
No. of Observations 7439 7439 7439 7439 7439 7439 7439 7439 7439
No. of Regions 1305 1305 1305 1305 1305 1305 1305 1305 1305
No. of Countries 7 7 7 7 7 7 7 7 7
No. of second-order links 41186 41186 41186 13394 13394 13394 8882 8882 8882

Notes: Spatial autoregressive model, estimated by maximum likelihood estimation. Only second-order neighbours are
considered. The following controls are included: (1) Specification with country and time fixed effects: capital [0/1], land
area (in 1000 km?), coast [0/1], latitude (abs.), and regional population density. (2) Specification with time and region fixed
effects: Trade Openness, polity 2, and regional population density. (3) Specification with region and country-time fixed
effects: Trade Openness, polity 2, and regional population density. The direct effect is the average of all diagonal elements
of the matrix (I, — pqWq) ™1, the indirect effect is the average of all non-diagonal elements of the matrix (I, — pgWq) ™1,
and the total effect is the combined direct and indirect effect. Standard errors are reported in parentheses. *** ** *
indicate significance at the 1%, 5%, and 10% level, respectively.

nomic activity (Briilhart 2011). Spatial dependence could be particularly strong between
urban centers located on either side of the border that are not necessarily close to inter-
national borders. Perhaps, international spillover effects may transcend border regions

(Sohn et al. 2022; Wild 2024).

5.3.3 European & Non-European Regions

Previous research has shown that spatial dependence may vary across different global re-
gions. For example, Roberts and Deichmann (2011) find strong growth spillovers between
trading partners from OECD countries, whereas spillovers are absent in Sub-Saharan
Africa. In light of these findings, we suspect that there could be similar heterogeneities
within our sample.

To explore this possibility, we divide the full sample into a European and non-European

subsample. The spatial weighting matrices are modified accordingly. Our findings, pre-
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sented in Table 5, indicate that intra-national spatial dependence is slightly smaller be-
tween European regions than between non-European regions. However, for both subsam-
ples, intra-national spatial dependence remains economically and statistically significant
for different combinations of fixed effects. Furthermore, spatial dependence is positive
and significant between international neighbours within Europe, whereas it is reduced to
zero between non-European regions. Finally, spatial dependence is slightly stronger be-
tween international RTA members in non-European countries. However, when accounting
for region and country-time fixed effects, the spatial autoregressive parameter becomes
negligible and statistically insignificant. The results suggest that there is no substantial
difference in spatial dependence and spillover effects between European and non-European
regions. Nevertheless, the results support the observation that the negative coefficient for

pria in Table 2, Column (9), may primarily be driven by European regions.

5.3.4 Combined Effect of Common Language & RTAs

A large body of literature emphasizes the importance of common cultural traits and lan-
guage in explaining trade volumes and patterns between countries (Melitz 2008; Tadesse
and White 2010; De Groot 2011; Lameli et al. 2015; Mantegazzi et al. 2020; Bakry and
Growe 2024). From a theoretical perspective, economic exchange should be facilitated
when two regions share high levels of cultural and linguistic similarity, as this similarity
may reduce transaction costs in communication. In addition, cultural and linguistic sim-
ilarity may correlate with other shared attributes, such as ethnicity and religion (Melitz
and Toubal 2014). Based on these insights, we hypothesize that spatial dependence and
spillover effects are stronger for international neighbours who also share a common or
similar language.

To test for language similarity, we focus on the European subsample, as described
in the previous section, and divide Europe into eight distinct language branches.!'®> We
differentiate between the Albanic, Baltic, Celitic, Germanic, Hellenic, Roman, Slavic, and
Uralic branches. We provide a map of the language branches in the Appendix. We then
adjust the international weighting matrix, W,;, defining neighbours as regions that share a
contiguous international border and also belong to the same language branch (Wianguage)-

In addition, we modify the RTA-international matrix, W,,,, and define neighbours as

BFurther analyses may aim to identify a coherent language classification for the global sample.
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regions that share a contiguous international border while also belonging to the same
RTA and language branch (Wanguagerta)-

Our findings indicate that sharing a common language branch does not enhance spa-
tial dependence between international neighbors. As shown in Columns (4) to (6) of
Table 6, the spatial autoregressive parameter is statistically insignificant and close to
zero, suggesting minimal impact from linguistic similarity alone. Furthermore, sharing
both a common language branch and RTA membership does not increase spatial depen-
dence between international neighbours either: In most specifications, the effect sizes are
small and statistically insignificant (Columns 7 to 9). In summary, our results provide
no evidence of a leveraging effect of common language branches on spatial dependence

between regions within Europe, contrary to existing findings in the literature.
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Table 6: Spatial Dependence Across Common Language Branches and RTAs

Dependent Variable: log (Regional GDP per capita)

RTA-International Language Language & RTA
(1) 2) () (4) (5) (6) (7) (8) (9)
Drta 0.116** 0.063* -0.039
(0.046) (0.037) (0.026)
Planguage 0.085 0.012 -0.015
(0.053) (0.043) (0.029)
Planguagerta 0.100%* 0.025 -0.016
(0.056) (0.044) (0.031)
Direct Effect 1.000%**  1.000%**  1.000***  1.000***  1.000***  1.000***  1.000***  1.000***  1.000***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Indirect Effect 0.028** 0.015* -0.009 0.013 0.002 -0.002 0.014 0.003 -0.002
(0.012) (0.009) (0.006) (0.008) (0.006) (0.004) (0.008) (0.006) (0.004)
Total Effect 1.028%*%  1.015%F*  0.991%F*  1.013***  1.002%**  0.998***  1.014**¥*  1.003***  (.998***
(0.012) (0.009) (0.006) (0.008) (0.004) (0.004) (0.008) (0.006) (0.004)
Controls included v v v v v v v v v
Country FE v v v
Time FE v v v v v v
Region FE v v v v v v
Country-Time FE v v v
No. of Observations 1965 1965 1965 1965 1965 1965 1965 1965 1965
No. of Regions 333 333 333 333 333 333 333 333 333
No. of Countries 29 29 29 29 29 29 29 29 29
No. of Links 862 862 862 480 480 480 432 432 432

Notes: Spatial autoregressive model, estimated by maximum likelihood estimation. Only the European subsample is
considered. The following controls are included: (1) Specification with country and time fixed effects: capital [0/1], land
area (in 1000 km?), coast [0/1], latitude (abs.), and regional population density. (2) Specification with time and region fixed
effects: Trade Openness, polity 2, and regional population density. (3) Specification with region and country-time fixed
effects: Trade Openness, polity 2, and regional population density. The direct effect is the average of all diagonal elements
of the matrix (I, — pgWq) ™!, the indirect effect is the average of all non-diagonal elements of the matrix (I, — pgWy) ™1,
and the total effect is the combined direct and indirect effect. Standard errors are reported in parentheses. *** ** *
indicate significance at the 1%, 5%, and 10% level, respectively.

6 Conclusion

We examine spatial dependence and spillover effects among subnational regions at mul-
tiple levels. By utilizing a comprehensive subnational panel dataset on GDP per capita
(1960 - 2017), and applying spatial econometric methods, we present new evidence that
subnational regions are not spatially independent. Economic development in neighbouring
regions significantly influences local economic performance, as positive or negative shocks
may spill over. However, the type of border separating neighbouring regions strongly
affects the degree of spatial dependence. Our findings reveal robust spillover effects be-
tween regions within the same country, while spatial dependence is substantially reduced

— or even absent — in the presence of an international border. We also examine whether
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regional trade agreements (RTAs) amplify spatial dependence. Our results offer some
suggestive evidence that spatial dependence and spillovers tend to increase if two inter-
national neighbours belong to the same RTA. However, once we account for country-time
fixed effects, spatial dependence between international-RTA neighbours is negligible.

We contribute to the spatial econometrics literature on economic spillover effects by
adopting a subnational perspective across three levels. Whereas most studies focus on a
single level in isolation, our approach distinguishes between the intra-national, interna-
tional, and RTA-international levels, allowing a direct comparison of spillover strengths
across these categories. At the same time, it allows us to evaluate the presence and effec-
tiveness of international borders and trade agreements. By employing extensions of the
SAR model to include multiple spatial lags, we are able to jointly analyse these three levels
to account for more complex forms of spatial dependence. Including multiple spatial lags
simultaneously provides nuanced estimates, suggesting that the traditional one-lag SAR
model may either overestimate or underestimates spatial dependence, as further linkages
between regions are not accounted for. Nonetheless, the extended model confirms the
previous findings and offers suggestive evidence of a modest leveraging effect of RTAs on
spatial dependence.

Our results carry broader policy implications and underscore the relevance of spatial
dependence in adressing regional inequalities. In particular, spillover effects may hold
implications for disadvantaged and remotely located areas, such as border regions. As
such, our results support the view that these regions could potentially benefit from eco-
nomically successful national or RTA neighbours. However, further research is needed to
determine whether increased spatial dependence leads to a "catch up" of disadvantaged
regions. The existing literature on the spatial effects of trade openness (see Briilhart
(2011) for an overview) and agglomeration effects (Wild 2024) could serve as a promising
starting point for investigating these dynamics. Moreover, to draw conclusions about re-
gional inequality, it would be necessary to examine convergence rates across subnational
regions.

Nonetheless, positive spatial dependence between regions may also imply that negative
economic shocks can spill over to neighbouring regions. By quantifying spatial dependence
among subnational regions, we can gain insights into the potential asymmetry of economic

shocks and their cross-regional impacts.
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To gain further insights into spillover effects, the leveraging impact of trade agree-
ments, and their implications for regional development, additional tests could be con-
ducted. Additional measures for neighbourhood, such as shared border length or the ge-
ographical distance between centroids of contiguous neighbours, could be used as weights
in the spatial weighting matrices. An interesting area for future research would also be
to investigate which specific factors enhance and restrict the spatial dependence among
members of the same RTA. In this study we considered two factors - the degree of regional
integration and language similarity. Studies such as De Groot et al. (2004) and Pinkovskiy
(2017) highlight the importance of institutional similarity for regional convergence and
trade flows. Future research could explore the role of institutional similarity in shaping
spatial dependence and spillover effects among RTA members.

Finally, our approach — to jointly analyse and differentiate between various types of
spatial dependence — could be applied to other research questions of interest. In this
study, we specifically focused on the effects of regional trade agreements. However, the
same framework could be used to investigate the impacts of other policy changes, such as
the formation of monetary unions, the adoption of a common currency, or the imposition

of international sanctions between countries.
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A Maximum Likelihood Estimation

This section derives the log-likelihood function of the SAR model:

y=pW xy+XpB+e (A1)

Note that we for simplicity do not include fixed effects 9} into the regression equation.
These can be thought of being part of the vector of control variables X. Also, we will
in the following derive the log-likelihood function of the standard SAR model that only
includes one spatial lag. The log-likelihood function for the extended SAR model including
multiple spatial lags follows analogously.

First, we rewrite Equation (A1) into its reduced form:

(Ln —pW)y=XB+e

(A2)
y= (L — pW) (X +e)

Following Ord (1975) and Lacombe (2004), we assume that the error terms follow
a standard normal distribution given as e ~ N(0, o?I). For each region i we write the

following individual density function expressed in terms of the error term, e:

1 1,

f(gia 07 02) =

2
|N| 1 A
2 4
3 exp (_W€Z> ( )

Until now, we have expressed the likelihood function in terms of the errors and based

4

W



on the normal distribution of the error terms. As the error term is not observable and we
are interested in y, we express the likelihood function in terms of y. For that, we rewrite

Equation (A1) in terms of the error term:

e=(l—pW)y—pX (A5)

We substitute the error € into the likelihood function, given in Equation (A4). Fur-

thermore, we include the Jacobian of the transformation, which is given by:

Oe
J=|a—y|=|fn—pW| (A6)

In the standard regression model without any spatial lags, the Jacobian is equal to

e

o is equal to one for any ¢ = 5 and equal

the identity matrix, as the partial derivative
to zero for any ¢ # j. Hence, the Jacobian drops in the likelihood-function for the
standard regression model. However, in the case of spatial dependence, the errors are not
independent from each other. Hence, we need to correct by the Jacobian |1, — pIV|. The

likelihood function is then given as:

1

flp, 8,0y, X) = (W

) 1, — o]

exp (—T;[y — pWy — BX]'ly — pWy — BX]) (A7)

Next, we write the log-likelihood-function:

L(p,B,0%) =Inf(p,B,0°|y, X)

L(p.8.0%) = ~5In(2m) = Tin(0?) + InlL, — pIV/

- %[y —pWy — BX]ly — pWy — BX] (A8)

If p — 0, the log-likelihood-function of the SAR model corresponds to the linear OLS
model. Having defined the log-likelihood function, we can now write down the objective

function 9Q:
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Q<p76702> = Nﬁl‘c(paﬁaoz) <A9)

The maximum likelihood estimator is then found by maximizing the log-likelihood

function. The corresponding first order conditions are:

8£(p17 Ba 02>

1 !
N X =0 (A10)

Reformulation gives us the maximum likelihood estimator for 5:
Bur = (X'X)7'X'(I, — pW)y (Al1)

In contrast to the standard case, the ML estimator for the spatial lag model further
includes the term (I, — pWW). Hence, the estimates of the [-coefficients are dependent
on the value of p. By multiplying out all terms in Equation (A11), the estimator can be

decomposed into two parts.

Bo BL (A12>

The first term, ,@O is the estimator of a regression of y on X, corresponding to the
linear model without any spatial lag. The second term is the estimator of a separate
regression of the spatial lag (Wy) on X.

The idea is that we derive the estimator of Bo, by regressing y only on our vector of
controls X. Furthermore, we obtain estimates for B 1, by regressing the respective spatial
lag on X. In that way, we obtain the estimate BM 1, that is dependent on p.

In a similar way, we estimate o2, the error variance. We first write the vector of
) )
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residuals €y,

EML = y— pWy — XBML
=y—pWy — X (B, — pBr)
=y — XB—p(Wy— Xf1)

o ér,

(A13)

=& — PEL

Similar to the maximum likelihood estimator of (3, the residuals can be decomposed
into two parts, where the first part is the residuals for the linear regression model, and
the second part is the residuals for the spatial lag model. Again, the residuals of the total

model are dependent on p. Then, we can estimate &

1
i (A14)
N

Having obtained both estimates for B and 62, these can be substituted into the log-
likelihood function, given in Equation (A8). We obtain a concentrated log-likelihood-

function that is only dependent on p:

N 1
'Cc(p) =C - 5[71 N(éo - péL)/(éo - péL) + l?’LlIn - pW| (A15)

Due to non-linearity, values for p are found by numerical optimization.
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B Descriptives

Table A1l: Summary Statistics of Subnational Variables

Variable Obs. Mean SD Min. Max.
GDP per capita 7439 1274193 13033.19 188.97 184316.34
Polity 2 7439 5.43 6.05 -9.00 10.00
Trade Openness 7439 0.55 0.35 0.05 2.20
Regional Population Density 7439 3.38 13.24 0.00 232.82
Landarea (1000 km?) 7439 94.63 292.66 0.01 3920.30
Latitude (abs.) 7439 32.16 16.88 0.02 69.72
Coast (0/1) 7439 0.47 0.50 0.00 1.00
Capital (0/1) 7439 0.06 0.24 0.00 1.00

Notes: Data from Adam et al. (2023).

Table A2: Correlation Matrix - Spatial Lags

Intra-National International RTA-International
Lag Lag Lag
Intra-National Lag 1.000 -0.029 0.049
International Lag 1.000 0.349
RTA-International Lag 1.000

Notes: Spatial lags are the product of the respective spatial weighting matrix and GDP per capita.
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Figure A1l: Language Branches in Europe
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C Additional Tests

Table A3: Robustness Tests - Additional Fixed Effects

Dependent Variable: log (Regional GDP per capita)

Intra-National International RTA-International
(1) 2 ®3) (4) (5) (6) (7 (8) 9)
Prat 0.106*%**  0.695%**  (.021***
(0.004) (0.007) (0.003)
Dint -0.004 0.148** 0.002
(0.003) (0.019) (0.002)
Prta 0.006%**  0.254%** -0.001
(0.003) (0.027) (0.002)
Direct Effect 1.003**%  1.248%**  1.000%%*  1.000%**  1.000***  1.000***  1.000%¥**  1.000%**  1.000***
(0.000) (0.009) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Indirect Effect 0.110%%F  1.933***  0.020%**  0.000**  0.015%** 0.000 0.001%*F*  0.047*** 0.000
(0.005) (0.064) (0.003) (0.000) (0.000) (0.000) (0.000) (0.006) (0.000)
Total Effect 1113%F 3 8T***  1.0200%F  1.000%**  1.015%**  1.000%**  1.001%**  1.047%%*  1.000***
(0.005) (0.072) (0.003) (0.000) (0.003) (0.000) (0.000) (0.003) (0.000)
Controls included Yes Yes Yes Yes Yes Yes Yes Yes Yes
Region FE No Yes No No Yes No No Yes No
Country-Time FE No No Yes No No Yes No No Yes
No. of Observations 7439 7439 7439 7439 7439 7439 7439 7439 7439
No. of Regions 1305 1305 1305 1305 1305 1305 1305 1305 1305
No. of Countries 7 77 7 7 7 7 7 7 s
No. of Links 27306 27306 27306 3462 3462 3462 2386 2386 2386

Notes: Spatial autoregressive model, estimated by maximum likelihood estimation. The following controls are included:
(1) Specification with no time fixed effects: capital [0/1], land area (in 1000 km?), coast [0/1], latitude (abs.), and regional
population density. (2) Specification with region fixed effects: Trade Openness, polity 2, and regional population density.
(3) Specification with country-time fixed effects: Trade Openness, polity 2, and regional population density. The direct
effect is the average of all diagonal elements of the matrix (I, —pqgW4) ™1, the indirect effect is the average of all non-diagonal
elements of the matrix (In — pgWyq) ™!, and the total effect is the combined direct and indirect effect. Standard errors are
reported in parentheses. *** ** * indicate significance at the 1%, 5%, and 10% level, respectively.
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Table A4: Robustness Tests - Estimation by Self-Computed R-Function

Dependent Variable: log (Regional GDP per capita)

Intra-National International RTA-International
(1) 2) ®3) (4) (5) (6) (7 (8) 9)
Prat 0.533%F**  0.622%FF  (.082%**
(0.010) (0.008) (0.014)
Pint 0.120%** 0.067 -0.050
(0.047) (0.041) (0.032)
Pria 0.119%%*  0.120%**  -0.035*
(0.030) (0.025) (0.018)
Direct Effect 1110%%F  1.172%*¥%  1.002%%F  1.000%**  1.000%**  1.000***  1.000%¥**  1.000%**  1.000***
(0.005) (0.007) (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Indirect Effect 0.965%%F  1.392%**  0.082***  (.005** 0.003 0.000 0.018**F  0.018***  -0.006**
(0.036) (0.051) (0.015) (0.002) (0.002) (0.001) (0.005) (0.005) (0.003)
Total Effect 2.075%FF  2.564% KK 1.084%¥*  1.005%FF  1.003%**  1.000%*¥*  1.018%FF  1.018%¥*  (.994%**
(0.041) (0.058) (0.016) (0.002) (0.002) (0.001) (0.005) (0.005) (0.003)
Controls included Yes Yes Yes Yes Yes Yes Yes Yes Yes
Country FE Yes No No Yes No No Yes No No
Time FE Yes Yes No Yes Yes No Yes Yes No
Region FE No Yes Yes No Yes Yes No Yes Yes
Country-Time FE No No Yes No No Yes No No Yes
No. of Observations 7439 7439 7439 7439 7439 7439 7439 7439 7439
No. of Regions 1305 1305 1305 1305 1305 1305 1305 1305 1305
No. of Countries T 7 i T T T 7 r T
No. of Links 27306 27306 27306 3462 3462 3462 2386 2386 2386

Notes: Spatial autoregressive model, estimated by maximum likelihood estimation by self-computed R-function. The
R-function is provided in the replication package. The following controls are included. (1) Specification with country and
time fixed effects: capital [0/1], land area (in 1000 km?), coast [0/1], latitude (abs.), and regional population density. (2)
Specification with time and region fixed effects: Trade Openness, polity 2, and regional population density. (3) Specification
with region and country-time fixed effects: Trade Openness, polity 2, and regional population density. The direct effect
is the average of all diagonal elements of the matrix (I, — pgWgq) ™1, the indirect effect is the average of all non-diagonal
elements of the matrix (In — pgWyq) ™!, and the total effect is the combined direct and indirect effect. Standard errors are
reported in parentheses. *** ** * indicate significance at the 1%, 5%, and 10% level, respectively.
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