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Abstract
This paper studies the evolution of economic and social disparities across South 
America. By exploiting a novel multi-country subnational dataset, we evaluate the 
evolution of gross national income per capita (GNI) and the human development 
index (HDI) across 151 subnational regions over the 1990–2018 period. In particu-
lar, regional dynamics are evaluated through the lens of two spatial convergence 
models. The first model deals with the role of spatial dependence. Results indicate 
that for both GNI and HDI, there is an overall process of regional convergence. Fur-
thermore, spatial dependence plays a significant role in this process. A spatial error 
specification suggests that spatial dependence accelerates the speed of convergence 
in some decades, but decelerates it in others. The second model deals with the role 
of spatial heterogeneity. Results indicate that for both GNI and HDI, the speed of 
convergence is largely heterogeneous across space and time. Moreover, economic 
and social disparities are characterized by multi-country spatial clusters that show 
both converging and diverging trends. Taken together, these results emphasize the 
importance of accounting for spatial dependence and heterogeneity when evaluating 
the dynamics of economic and social inequality in South America.
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Introduction

South America is a geographically compact portion of the American continent 
that is characterized by high economic and social inequality. At the national 
level, the dynamics of inequality in economic and social well-being have been 
largely documented and comparatively evaluated (Barrios et  al. 2019; Dobson 
and Ramlogan 2002; Galvao and Reis Gomes 2007). Therefore, given the devel-
opment gaps across countries in South America, studying inequality per se is of 
utmost importance. Moreover, in a continent that is aiming to integrate, the study 
of regional convergence is also important to systematically monitor   the degree 
of socio-economic integration. Relatively free movement of labor, similar institu-
tions and common historical legacies are among the shared characteristics of the 
regions of South America. For these reasons, regional convergence is to a certain 
extent expected. Nevertheless,  regional convergence is rarely a smooth process, 
and caveats and heterogeneous processes need to be thoroughly documented and 
explained.

In order to unveil whether regional convergence in well-being is taking place 
across South American subnational regions, this paper exploits a novel dataset 
to evaluate the dynamics of economic and social well-being across the first-level 
subnational regions of South America. The paper’s main contribution highlights 
the role of the spatial dimension on the regional dynamics of well-being. Spe-
cifically, the paper evaluates the role of spatial dependence as well as spatial het-
erogeneity in accelerating the process of regional convergence in gross national 
income per capita (GNI) and the human development index (HDI).

Well-being is measured based on the human development index as proposed 
by the United Nations. Specifically, this paper uses a subnational version of the 
human development index and one of its components: gross national income per 
capita. This new dataset allows us to consistently evaluate social and economic 
inequalities across 151 subnational regions of South America over the 1990–2018 
period. Compared to previous studies, this dataset provides a richer setting for 
evaluating the relationship between well-being and spatial effects in South Amer-
ica (Martín-Mayoral and Zúñiga 2013; Barrios et  al. 2019; Galvao and Reis 
Gomes 2007; Dobson and Ramlogan 2002). Previous studies that focus on sub-
national-level data for a single country usually fail to thoroughly identify statisti-
cally significant and robust spatial effects, in part because of the reduced number 
of subnational units in a single country (Royuela and Garcia 2015; Magalhães 
et  al. 2005; Resende 2013). In this paper, we use one of the largest and latest 
regional datasets available to overcome these limitations (Smits and Permanyer 
2019).

Furthermore, this paper also speaks to the literature that deals with testing 
regional  convergence across multiple contries. This literature on multi-country 
convergence has been recently expanding (Lessmann and Seidel 2017; Mendez 
and Santos-Marquez 2020; Ayouba et al. 2020) in line with the discussion by Rey 
and Janikas (2005). These authors indicate that despite the large body of stud-
ies on inequality and convergence for single countries, very few studies compare 
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rates of regional convergences across multiple countries. Furthermore, Rey and 
Janikas (2005) point out that studying the role of space in the dynamics of differ-
ent continental systems is a promising research question for future studies.

In terms of analytical methods, this paper uses a spatial convergence model to study 
the dynamics of regional inequality and spatial effects. Specifically, convergence is usu-
ally defined as a process in which initially poor regions tend to grow faster than initially 
rich regions. In regards to a regression model, this process implies that the initial level 
of a variable shows an inverse relationship with its subsequent growth rate. The role of 
spatial dependence in the convergence process is evaluated using spatial error and the 
spatial lag models (Akçagün 2017; Arbia 2006; Rey and Montouri 1999). In addition, 
the role of spatial heterogeneity is evaluated using a geographically weighted regres-
sion framework (Brunsdon et al. 1996; Eckey et al. 2007; Öcal and Yildirim 2010).

Overall, our results indicate that for both GNI and HDI, there is an ongoing pro-
cess of regional convergence; moreover, spatial effects play an important role in this 
process. The first set of results points to the role of spatial dependence on the speed 
of regional convergence. A spatial error specification indicates that spatial depend-
ence accelerates the speed of convergence in some decades, but decelerates it in 
others. The second set of results points to the role of spatial heterogeneity in the 
convergence process. For both GNI and HDI, the speed of convergence is largely 
heterogeneous across space. Specifically, economic and social disparities are charac-
terized by multi-country spatial clusters that show strongly localized converging and 
diverging trends.

The results of this paper contribute to the literature of spatial dependence and 
regional convergence in South America in three fronts. First, we use a novel dataset 
of well-being and income to test the degree of regional convergence. Secondly, to 
the best of our knowledge, this is the first study to analyze convergence patterns 
across multiple countries in South America. Lastly, by dividing the sample in differ-
ent sub-periods, this paper shows that the convergence process has not been smooth 
and the speed of convergence has significantly varied over time.

The rest of the paper is organized as follows. Section  2 provides an overview 
of the related literature. In Sect. 3, the well-being and income data are described, 
and the methods of regional convergence, spatial dependence and spatial heteroge-
neity are briefly explained. Section 4 presents the results of the spatial analysis of 
regional convergence. Lastly, Sect. 5 offers some concluding remarks.

Related Literature

There are several convergence frameworks in the literature. The most common 
methodology is known as beta convergence (Barro and Sala-i Martin 1992a). In 
terms of output, beta convergence occurs when economies with initially low levels 
of output tend to grow faster than rich economies. This type of convergence was 
originally tested using cross-country and cross-regional regressions (Barro 1991; 
Barro and Sala-i Martin 1992a). Ever since, the literature has largely expanded, and 
convergence has been tested across a variety of observational units. For instance, 
firms (Val et  al. 2009; Matos and Faustino 2012), households (Wan 2005; Zhang 
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et al. 2020), subnational regions (Lessmann and Seidel 2017; Mendez and Santos-
Marquez 2020), industries (Domínguez and Mendez 2019; Rodrik 2013), etc. and 
for a large number socio-economic variables.

In the following subsections, we have divided the literature review according to 
the topic and geographical scale (national and sub-national). In this literature review, 
the term “human development” is hereafter understood in terms of well-being.

Human Development Convergence

One of the first systematic studies of beta and sigma convergence for the human 
development index is Konya and Guisan (2008). In that paper, the authors test beta 
convergence of the HDI across 101 countries between 1975 and 2004. They report 
that countries tend to halve the gap with respect to their long-run equilibrium in 
about 88 years, which is significantly higher than the average 40 years found for 
regional income convergence in several studies (Barro and Sala-I-Martin 2004; 
Barro and Sala-i Martin 1992b). The authors also find that the cross-sectional dis-
parities, decreased over the same time period.

Other earlier studies include Mazumdar (2002), who finds divergence using lin-
ear and nonlinear beta regression models over the period 1960–1995. However, 
Konya and Guisan (2008) express their concern about the quality of the data used by 
Mazumdar as most HDI data have been collected from 1975. Sutcliffe (2004) finds 
strong patterns of beta convergence for the 1975–2001 period. Moreover, the author 
argues that beta convergence is almost certain as the index is bounded by definition. 
Lastly, Noorbakhsh (2007) also studies convergence in HDI for the years 1975 to 
2002. However, the author excludes the most developed nations and focuses on the 
convergence among a sub-sample of of 93 medium and low human development 
countries.

Recent studies have also incorporated alternative convergence frameworks. For 
example, Jordá and Sarabia (2014) uses a nonparametric kernel density approach 
to conclude that the HDI distribution has largely shifted to the right from 1980 to 
2012. Moreover, the authors find strong signs of a bimodal HDI distribution at the 
end of the period, which suggests the formation of convergence clubs. In addition, 
the authors also test sigma convergence using three different measurements, the 
Gini, Theil and Attkinson indicators and find that overall HDI disparities have been 
decreasing over time. In a later article, the same authors Jordá and Sarabia (2015) 
analyze beta convergence using the traditional linear model and a semi-parametric 
approach. Based on the linear model, the authors find weak beta convergence in the 
global index. However, they indicate that the income and education components 
exhibit nonlinear trends.

The human development index is just one of a group of indicators that attempt to 
summarize developmental outcomes beyond purely economic variables. In the con-
vergence literature, other indicators have also been analyzed. For example, Peiró-
Palomino (2019) aggregates variables from a regional OECD dataset into a new 
well-being indicator. Using a distribution dynamics framework, Peiró-Palomino 
(2019) reports strong signs of polarization in the cross-sectional distribution.
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National Human Development Convergence in South America

In terms of well-being convergence in South America or Latin America, the litera-
ture is scarce. Martín-Mayoral and Zúñiga (2013) study the convergence of the HDI 
index and its components over the 1970–2010 period in Latin American countries. 
The authors report strong signs of sigma convergence of the HDI until the early 
2000s. Among the HDI components, the life expectancy index shows the small-
est disparities across all countries and regional geographic groups. In contrast, the 
income component presents signs of beta convergence but not sigma convergence 
from the early 2000s.

Subnational Human Development Convergence in South America

At the subnational level, to the best of our knowledge, there are no studies about 
regional convergence in well-being covering multiple countries of South America1. 
Nevertheless, there are some papers that test convergence within individual coun-
tries. One these studies, Hernández and Nieto (2013) test the convergence of the 
HDI components across Colombian departments in the years 1990–2010. The 
authors report income divergence at the end of the period and convergence for the 
health and education components. In a study of Bolivia’s development, Urquiola 
et al. (2000) report weak signs of HDI divergence at the departmental level between 
1976 and 1992. Nevertheless, the authors find that a visual inspection of growth 
rates and initial values suggests beta convergence over the same period. Mendez 
(2018), in a more recent study about Bolivia, analyzed the convergence patterns of 
the HDI across municipalities over the 1992–2013 period. Beta and sigma conver-
gence were reported for the entire period, though HDI disparities were reduced over 
the 2001–2013 sub-period at a faster speed. The author also uses nonparametric ker-
nel density estimates and finds three convergence clubs for the period 1992–2001 
and two convergence clubs in the later period 2001–2013.

In terms of income convergence, the body of literature for within-country conver-
gence is considerably larger. Some of the studies for selected countries are presented 
as follows. For the case of Colombia, Royuela and Garcia (2015) report a significant 
convergence for income per capita for 24 states from 1975 to 2000 using cross-sec-
tional and panel data models. Garrido et al. (2002) report weak and non-significant 
beta convergence across Argentinean provinces from 1970 to 1995. For the Brazil-
ian states, Magalhães et al. (2005) report a slow and significant convergence speed 
of 0,8% between 1970 and 1995 for per capita income. Duncan and Fuentes (2006) 
report absolute beta convergence of income per capita in Chilean regions from 1987 

1 Although, in this paper, we focus on the study of the convergence process in South America, there is a 
related stream of literature that analyses trends in well-being indicators using spatial econometric meth-
ods. Such studies consider different aspects of well-being such as educational outcomes (Delboy 2019; 
Cepeda-Cuervo and Núñez-Antón 2013; Fujita et al. 2021; Elias and Rey 2011), poverty (Agudelo Tor-
res et al. 2015; Ponce et al. 2020; Álvarez-Gamboa et al. 2021) crime (Ingram and Marchesini da Costa 
2019; Santos-Marquez et al. 2021) environmental degradation (de Barros and Stege 2019; Ferrer Velasco 
et al. 2020) to name but a few.
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to 2000. The authors use cross sectional and pooled panel data, being the conver-
gence statistically significant in the latter model only. A more detailed review of 
studies of income convergence in some of these and other South American countries 
is presented in González (2004).

Data and Methods

Data: The Subnational Human Development Index

A new regional dataset on the human development index has been assembled by 
Smits and Permanyer (2019). The dataset is an extension of the country level HDI 
to the first-level administrative divisions across various countries of the world. Simi-
larly to the country level index, the subnational HDI is constructed from data of the 
following three dimensions: education, health and income. For instance, the income 
component is measured as Gross National Income per capita in thousands of US 
Dollars (2011 PPP). More details regarding the construction of the database, and the 
handling of missing data and interpolations can be found in Smits and Permanyer 
(2019).2

In this paper, we use data for 151 subnational regions of South America over the 
1990–2018 period. Specifically, two variables were considered: the human develop-
ment index (HDI) and the per-capita gross national income (GNI). We use the 4.0 
version of the database that was released in March 2020. Moreover, the shapefile 
of the world provided in the aforementioned website was utilized. From this shape-
file, 151 contiguous regions were selected. In order to conduct the spatial regression 
analyses with a contiguity weight matrix, islands were removed.

In the first four columns of Table  1, descriptive statistics of Gross National 
Income per capita for 1990, 2000, 2010 and 2018 are shown. There is a clear 
upward trend in income for the first three years as both the mean and median stead-
ily increase. However, the median slightly falls in 2018. In terms of dispersion, the 
interquartile range and the standard deviation do not provide a conclusive trend. 
While the standards deviation steadily increases over time, the IQR increases in the 
first three periods and then declines in 2018. Therefore, based on the dispersion of 
the data, it is not possible to conclude that there are signs of sigma convergence (that 
is, a systematic reduction in the cross-sectional dispersion over time).

These results contrast with the findings in the paper by Lessmann and Seidel (2017). 
The authors report strong signs of a sigma convergence process within all countries in 
South America except Suriname in the 1992–2012 period. Nevertheless, it appears that 
within country convergence is not sufficient for global convergence when considering a 
pool of all sub-national regions in South America.

In terms of the subnational human development index, summary statistics for 
selected years are shown in columns 5–8 of Table  1. HDI appears to be improving 
over time, as the mean and the median have continuously increased. Though there is 

2 All data are accessible from the website of the Global Data Lab https:// globa ldata lab. org/

https://globaldatalab.org/
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fluctuation in the interim years between 1990 and 2018, the cross-sectional dispersion 
as measured by the IQR and the standard deviation were greater in 1990 than in 2018. 
Nevertheless, the standard deviation has barely changed over the 28-year period. Simi-
lar to GNI, it appears that HDI is not converging in terms of sigma convergence.

Classical Convergence Framework

According to the seminal works of Barro (1991) and Barro and Sala-i-Martin (1991, 
1992a), the convergence hypothesis can be tested using the following regression model:

where i is the index for each region, 0 and T  represent the initial and final times, y is 
the variable under study. Also, g(y)i,0−T represents the growth rate of y for region i 
over the time period (0 − T) , � is the speed of regional convergence, � is a constant 
term and �i,0T is the error term.

For estimation purposes, Eq. 1 is re-expressed as

where the speed of convergence � can still be recovered from the estimated coef-
ficient � . In this setting, cross-sectional data and the ordinary least squares (OLS) 
method are used to estimate the � coefficient. Besides the speed of convergence ( � ), 
a second parameter known in the convergence literature as the “half-life” can be 
computed as

(1)g(y)i,0−T = � −
[1 − e−�T ]

T
⋅ log(yi0) + �i,

(2)g(y)i,0−T = � + � ⋅ log(yi0) + �i,

Table 1  Descriptive statistics for selected years: Human development index  (HDI) and gross national 
income per capita (GNI)

SD represents the standard deviation. Q1 and Q3 stand for the first and third quartiles of the distribution 
and IQR is the interquartile range. MAD refers to the median absolute deviation

Year GNI HDI

1990 2000 2010 2018 1990 2000 2010 2018

Mean 8.10 9.43 12.01 12.11 0.61 0.67 0.72 0.74
SD 3.98 4.40 4.99 5.12 0.07 0.06 0.06 0.06
Min 0.53 0.97 1.74 1.65 0.41 0.48 0.51 0.52
Q1 5.31 5.45 7.94 8.41 0.56 0.62 0.68 0.71
Median 7.93 9.54 11.96 11.33 0.62 0.66 0.72 0.74
Q3 10.67 12.99 15.74 15.56 0.66 0.70 0.74 0.78
Max 20.71 20.76 24.06 26.01 0.75 0.82 0.86 0.87
MAD 3.97 5.38 5.70 5.26 0.07 0.06 0.05 0.05
IQR 5.36 7.53 7.80 7.15 0.09 0.08 0.06 0.07
Skew 0.35 0.15 0.01 0.46 −0.41 −0.12 −0.46 −0.50
Kurtosis −0.11 −0.99 −0.86 −0.36 −0.02 0.19 1.05 1.24
Observations 151 151 151 151 151 151 151 151
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This parameter (usually measured in years) represents the time that it would take for 
an economy to reduce by 50% the income gap between its initial state and its long-
run equilibrium.

In addition, a second test of convergence is the so-called � − convergence . 
According to this test, convergence is reported if the cross-sectional dispersion 
systematically decreases over time. There are several statistical measures of dis-
persion that may be used to study � − convergence , being the standard devia-
tion one of the most commonly used in the convergence literature. In this paper, 
we focuses our analysis on beta convergence. However, sigma convergence is 
implicitly evaluated in Table 1 as one can identify how the different indicators 
of dispersion, such the standard deviation or the coefficient of variation, change 
over time.

Although the econometric specification of Equation 2 is consistent with that 
used in Barro (1991) and Barro and Sala-i Martin (1991, 1992a), there are at 
least two caveats to consider. First, the specification may suffer from unob-
served heterogeneity. To handle this issue, Islam (1995) suggests using panel 
data methods. However, Barro (2015) shows that when the time dimension is 
relative short (as in our case, t < 50 ), standard panel data methods tend to over-
estimate the speed of convergence. Since a comprehensive analysis using panel 
data methods is beyond the scope of this paper, we opt to use cross-sectional 
methods.

Second, the specification may suffer from endogeneity due omitted variable 
bias. Add indicated by Barro and Sala-i Martin (1991), endogeneity a more 
acute problem when Equation  2 is estimated using cross-country data. Within 
countries, however, smaller institutional and technological differences tend to 
reduce the need to control for additional variables. Nevertheless, we acknowl-
edge that endogeneity is still a concern in our study due to its multi-country cov-
erage. Although one would like add further controls variables to reduce endoge-
neity concerns, finding a systematic multi-country set of control variables at the 
subnational level is out of the scope of our current research. Even in this limited 
scope, our analyses and results are still informative as they may serve as a first 
benchmark for future studies that use more control variables.

Measuring Spatial Dependence

Global spatial dependence refers to the existence of an overall pattern of spatial 
clustering of the data. There are several statistics to measure the spatial dependence 
of data, being the Moran’s I statistic one of the most widely used. In the context of 
subnational regions, the Moran’s I measures the correlation of the level of the vari-
able at one location with the levels at nearby locations (Anselin 1995; Anselin et al. 
2007). For any time period t, the global Moran’s I statistic is defined as

(3)half ⋅ life =
log2

�
.
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In the context of this study N is the number of subnational regions, wij is the ele-
ment of the spatial weights matrix (W), Xi and Xj are the values of income or well-
being (HDI) of regions i and j, respectively, and X̄ is the mean. When the Moran’s 
I is statistically different from zero, then the null hypothesis of spatial randomness 
can be rejected. Intuitively similar to a standard correlation coefficient, the numeri-
cal value of the Moran’s I statistic lies between plus one and minus one. When its 
value is close to one, it indicates positive spatial autocorrelation. That is, evidence 
of an overall clustering pattern of similar values. On the other hand, when its value 
is close to minus one, it indicates negative spatial autocorrelation. That is, evidence 
of spatial dissimilarity, which at its limit it could be similar to a chessboard-like pat-
tern where low values are surrounded by high values and vice versa.

Spatial Dependence Models

The coefficients of the standard beta regression in model (1) are computed using an 
ordinary least squares (OLS) framework. Such framework requires cross-sectional 
independence among observations (regions). Nevertheless, if the data present pat-
terns of spatial clustering, the assumption of cross-sectional independence is usu-
ally violated. In order to overcome this problem, several spatial econometric models 
have been used in the literature to account for spatial dependence.

For cross-sectional data, many plausible spatial models can be used. Some of 
these models include: the spatial lag model (SLM), the spatial error model (SEM), 
the spatial cross-regressive model (SLX), the spatial Durbin model (SDM), among 
others. In this paper, the approach suggested by Anselin (2013) and Anselin and Rey 
(2014), is used to select the most appropriate model between SLM and SEM.

Accordingly, the spatial model specification depends on the significance of the 
Lagrange Multiplier (LM) test. This approach can be summarized as follows. First, 
the LM test is performed on both the spatial error (SEM) and spatial lag model 
(SLM). If neither of them is significant the best specification is the standard OLS 
model. If one of them is significant the associated spatial model should be used. In 
contrast, if both are significant, a different test known as the robust Lagrange Multi-
plier test is performed. The significance of the robust LM test indicates which model 
should be used.

The two most basic spatial models are described in Eqs. 5 and 6. The spatial lag 
model (SLM) is

and the spatial error model (SEM) is

(4)It =
N

∑n

i=1

∑n

j=1
wij

�∑n

i=1

∑n

j=1
wij

�

Xi − X̄
��

Xj − X̄
�

∑n

i=1

�

Xi − X̄
�2

�

,

(5)g(y)i,0−T = � + � ⋅ log(yi0) + �W ⋅ g(y)i,0−T + �i;

(6)g(y)i,0−T = � + � ⋅ log(yi0) + �W�i + ui,
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where g(y)i,0−T represents the growth rate of the variable y for region i over the time 
period 0 to T, W represents the spatial connectivity structure among regions and is 
constructed using a queen contiguity criterion, � is the intercept, � , � and � are the 
coefficients of the spatial regressions, and �i and ui are error terms.

Spatial Heterogeneity Model

The statistical relationship between two or more variables often differs across space. 
This phenomenon is known as spatial non-stationarity and implies that locally dif-
ferent parameters should be estimated. For this purpose, the geographically weighted 
regression (GWR) approach of Brunsdon et al. (1996, 1998, 1999) has been proved 
useful in the regional development and convergence literatures (Eckey et al. 2007; 
Ingram and Marchesini da Costa 2019; Öcal and Yildirim 2010). In the following 
paragraphs, we present a brief sketch of the GWR framework. For a more extensive 
presentation and discussion, see Brunsdon et al. (1996).

Consider the following beta convergence model that is estimated using ordinary 
least squares (OLS):

In this model, i represents the regional units in a geographical space and � and � 
represent the regression coefficients for the intercept and slope, respectively. Equa-
tion 7 is a global model in the sense that the regression coefficients are homogene-
ous across all units of the geographical space. In a GWR framework, the coefficients 
of the global model are replaced by local parameters that indicate the potential exist-
ence of spatial heterogeneity. Specifically, Eq. 7 is re-expresed as

where the main difference is the variation of the regression coefficients across space 
based on the latitude and longitude of each geographical unit. Note that Eq.  8 is 
a generalized version of Eq. 7. If the regression coefficients of Eq. 8 do not vary 
across space, the GWR model becomes the OLS model. That is,

when the regression model is stationary across space. The GWR framework uses 
a nonparametric approach to estimate locally weighted regression coefficients. A 
weighting kernel function based on geographical distances is used to estimate these 
local coefficients. After calibrating an optimal kernel bandwidth, observations closer 
to an estimation point (focal region) have a greater influence on the estimation.

(7)g(y)i,0−T = � + � ⋅ log(yi0) + �i.

(8)g(y)i,0−T = �(lati,longi) + �(lati,longi) ⋅ log(yi0) + �i,

�(lati,longi) → �

�(lati,longi) → �,
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Results

Convergence and Spatial Dependence

Table 2 shows per-capita GNI beta convergence estimates for the three sub-periods: 
1990–2000, 2000–2010 and 2010–2018. The first, fourth and seventh columns con-
tain regression coefficients for the classical convergence, which was  presented in   
Eq.  1. The intercept � and the coefficient of the initial income per capita YT0 are 
highly significant for the three sub-periods. Moreover, the negative sign of the coef-
ficient of YT0 indicates that there are signs of beta convergence in income at the first 
subnational level in South America for all periods.

The speed of convergence and the half-live vary over time as it can be seen 
in Table  2. The speed of convergence is about 2.8% from 1990 to 2000, then it 
decreases to 2.3% from 2000 to 2010, and finally it grows to 3.4% in the last 8-year 
period. Accordingly, the half-life is also dramatically reduced in the last sub-period. 
Even though convergence in GNI was faster in the last sub-period (2010–2018), 
there was little improvement in the estimates (see the mean and median in Table 1). 
This suggests that the convergence process in the last period was driven by overall 
income stagnation.

The dynamics of income per capita in South America are characterized by a 
faster convergence speed when comparing them to a study that analyses beta con-
vergence for subnational regions in other countries. In the case of ASEAN, Mendez 
and Santos-Marquez (2020) find that over the 1998–2012 period, the convergence 
speed was only 1,7%, with an associated half-life of 41.8 years. However, the slower 
convergence process in ASEAN may be partly due to a rapid and continuous growth 
trend in output, which is not the case for South America in the last sub-period. In 
addition, in the first two sub-periods of our sample, the half-lives are much lower 
than to the standard 35 years reported for states of the United States and prefectures 
of Japan (Barro and Sala-i Martin (1991, 1992a)). Thus, it can be concluded that 
for the South American regions, the catch-up process was relatively faster than the 
reported for the subnational regions of the United States or Japan.

Moreover, beyond the case of high-income countries, studies that consider multi-
country sub-national regions such as Gennaioli et al. (2014), show that a 2% con-
vergence speed is the norm in various regional studies, a speed to which the authors 
refer as Barro’s “iron law”. The findings of this paper suggest that the convergence 
process in GNI per capita in South America is relatively high when focusing in peri-
ods of sustained growth (1990–2010). Also, this swift convergence process is to a 
certain extent robust to the inclusion of spatial effects, which is shown in detail in 
the following section.

Similarly, the HDI beta convergence estimates are presented in Table 3. The 
first, fourth, and seventh columns show the regression results for the classical 
convergence model (Equation 1) for the 10-year and 8-year time frames, respec-
tively. The intercepts � and the coefficients of the initial HDI YT0 are all highly 
significant at  p < 0.01 . Also, the regression coefficients of YT0 have the expected 
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Table 2  GNI per capita beta convergence estimates

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Dependent variable

GNI per capita 2000 GNI per capita 2010

No spatial 
effects

 Spatial error Spatial lag No spatial 
effects

 Spatial error Spatial lag

� 1.69∗∗∗ 1.66∗∗∗ 0.56∗∗∗ 1.77∗∗∗ 1.84∗∗∗ 0.83∗∗∗
(0.06) (0.08) (0.09) (0.07) (0.08) (0.13)

Y
T0 −0.24∗∗∗ −0.21∗∗∗ −0.13∗∗∗ −0.21∗∗∗ −0.25∗∗∗ −0.14∗∗∗

(0.03) (0.03) (0.02) (0.03) (0.03) (0.03)
Speed of con-

vergence
0.028 0.024 0.014 0.023 0.029 0.015

Half life 24.99 28.77 50.66 29.65 23.9 45
� 0.819∗∗∗ 0.724∗∗∗
� 0.745∗∗∗ 0.598∗∗∗
Adjusted R2 0.29 0.692 0.656 0.234 0.527 0.459
Akaike Inf. 

Crit.
8.6 −114.7 −97.9 −32.9 −102.6 −82.4

LM test SEM 145.52∗∗∗ 83.95∗∗∗
LM test SAR 122.34∗∗∗ 63.74∗∗∗
Robust LM test 

SEM
23.37∗∗∗ 21.75∗∗∗

Robust LM test 
SAR

0.18 1.54

Observations 151 151 151 151 151 151

Dependent variable

GNI per capita 2018

No spatial effects  Spatial error Spatial lag

� 1.62∗∗∗ 1.46∗∗∗ 0.48∗∗∗
(0.09) (0.11) (0.10)

Y
T0 −0.24∗∗∗ −0.16∗∗∗ −0.10∗∗∗

(0.04) (0.04) (0.03)
Speed of convergence 0.034 0.021 0.013
Half life 20.64 32.62 52.89
� 0.803∗∗∗
� 0.774∗∗∗
Adjusted R2 0.192 0.632 0.628
Akaike Inf. Crit. 7.7 −108.1 −106.3
LM test SEM 139.57∗∗∗
LM test SAR 134.29∗∗∗
Robust LM test SEM 7.08∗∗∗
Robust LM test SAR 1.8
Observations 151 151 151
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negative sign. Therefore, it is possible to conclude that on average, subnational 
regions in South America are converging in all time periods.

The half-lives and convergence speeds associated to each sub-period show a 
high degree of heterogeneity. Though the speeds of convergence in the first two 
sub-periods are about 2.4%, the speed of convergence plummets to about 1.3% 
in the last period (2010–2018). Thus, the half-life value for the first two periods 
is about 28 years and 52 years in the later period. In addition, the R2 shows a 
decreasing trend over time. Initially, about 38% of the variation in HDI growth 
rates could be explained by the HDI in 1990. This figure declines in the second 
and third periods to 23% and 5%, respectively.

Taken together, these results shown contrasting patterns between the conver-
gence trends of GNI per capita and HDI. While the convergence speed of GNI per 
capita rises in the last period, the convergence speed of HDI dramatically drops.

Using the classical convergence model (Eq. 1) requires that the residuals of the 
OLS regression are spatially independent. In terms of spatial effects, a common 
test for spatial dependence is the global Moran’s I test. The results of this test for 
each of the six OLS regressions are shown in Table 4. In order to test the robust-
ness of the Moran’s I, six different spatial weight matrices where used. With the 
queen contiguity criterion, two subnational regions are considered neighbours if 
they share at least a single boundary point. In contrast, to meet the rook con-
tiguity condition more than one shared boundary point is required. Also, three 
k-nearest neighbours criteria where used, with k equal to 4, 6 and 8. Lastly, a 
distance band of 771 km was utilized to construct the spatial weight matrix. The 
distance of 771 km was chosen because this is the distance for which all subna-
tional regions have at least 1 neighbour. Overall, the Moran’s I of the regression 
residuals is significant for all weight matrices.  

Regarding GNI per capita, the residuals are highly correlated across space for 
all the three sub-periods. Moreover, the test shows that the global Moran’s I of 
the regression residuals reached its highest value (0.65) in the 1990–2000 sub-
period. Likewise, the residuals of the HDI regressions are also highly correlated 
across space. The maximum value of this spatial dependence test is reported in 
the last period. The fact that the spatial dependence test is highly significant for 
all regressions indicates that the simple non-spatial convergence equation repre-
sents a misspecified model. These results suggest that spatial models are more 
appropriate convergence models for analysing income and HDI disparities in 
South American regions.

Two spatial models, the spatial error model and the spatial lag model, are used 
to test convergence for both GNI and HDI and for each of the three sub-periods. 
Starting with GNI, the regression coefficients for both spatial models are reported 
in Table 2. For the first sub-period (1990–2000), all coefficients are highly sig-
nificant, including � and � . In order to choose the best fitting model, the approach 
suggested by Anselin and Rey (2014) is followed. Although both Lagrange mul-
tipliers tests for the SEM and SAR models are statistically significant, the Robust 
Lagrange multipliers test is significant only for the former model. Similar results 
are found for GNI in the sub-periods 2000–2010 and 2010–2018. Therefore, the 
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SEM is the best fitting model to account for the variation of the growth rates and 
spatial dependence.

The speed of convergence and half-lives are also reported for the SEM model. 
For all sub-periods, the speeds of convergence of the SEMs are  between 2% and 
3%. This implies that half-life had values between 24 and 33 years. These results 
reinforce the previous findings in the literature that have reported a 2% speed of con-
vergence as a benchmark in regional income convergence (Barro and Sala-i Martin 
1992a).

The SEM and SAR estimates for HDI are reported in Table 3. The coefficients for 
all periods and for the two spatial models are highly significant with p-values below 
0.01. Overall, the first two sub-periods present similar patterns. In both sub-periods, 
the SEM was found to be the best fitting model, according to the Robust Lagrangian 
multipliers test. Additionally, the speed of convergence is about 2.7% in both peri-
ods and the half-lives also have similar magnitudes.

In contrast, in the last sub-period (2010–2018), the Lagrangian multiplier test 
results are inconclusive. The test results for the SEM and SAR models are sig-
nificant, with values of 136.01 and 133.77, respectively. Nonetheless, the robust 
Lagrangian multiplier test is not significant for either model. These results sug-
gest that more complex spatial models such as the spatial Durbin model, the spatial 
Durbin error model, among others, may be better suited to account for the spatial 
dependence in the last period. This extension of the paper is left for further research.

The convergence speeds of the SEM and SAR models in the last period are sig-
nificantly smaller than those reported for the classical model. For the SEM model, 
the speed is about 0.8% and the half-life is about 86 years. For the SAR model, the 
speed is much smaller at about 0.5% and the half-life is about 126 years. Although 
there is not a conclusive answer over the best fitting model, the weaker speeds 
reported in the spatial models indicate that spatial effects may be responsible for a 
slower convergence process in HDI from 2010 to 2018.

Overall, our spatial specifications suggest that accounting for spatial dependence 
accelerates the speed of convergence in some decades, but decelerates it in others. 
When comparing the SEM and SAR specifications, the former is found to be the 

Table 4  Moran’s I test of the regression residuals

***Means that value of Moran’s I test is statistically significant at 1 percent level

Regression Spatial weights

Queen Rook K = 4 K = 6 K = 8 Distance 
band = 771 
km

GNIpc 1990–2000 0.65∗∗∗ 0.65∗∗∗ 0.67∗∗∗ 0.62∗∗∗ 0.58∗∗∗ 0.48∗∗∗

GNIpc 2000–2010 0.5∗∗∗ 0.5∗∗∗ 0.48∗∗∗ 0.47∗∗∗ 0.46∗∗∗ 0.45∗∗∗

GNIpc 2010–2018 0.64∗∗∗ 0.64∗∗∗ 0.63∗∗∗ 0.6∗∗∗ 0.59∗∗∗ 0.38∗∗∗

HDI 1990–2000 0.45∗∗∗ 0.45∗∗∗ 0.41∗∗∗ 0.4∗∗∗ 0.38∗∗∗ 0.3∗∗∗

HDI 2000–2010 0.38∗∗∗ 0.39∗∗∗ 0.39∗∗∗ 0.38∗∗∗ 0.34∗∗∗ 0.22∗∗∗

HDI 2010–2018 0.63∗∗∗ 0.63∗∗∗ 0.65∗∗∗ 0.61∗∗∗ 0.62∗∗∗ 0.42∗∗∗
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best fitting model. This result is consistent with the seminal work of Rey and Mon-
touri (1999), which finds that the SEM model provides a better characterization of 
the regional income convergence in the US. A limitation of the SEM model, how-
ever, is that—by construction—the specific magnitude of spillovers is not measur-
able (Le-Gallo 2019).

Convergence and Spatial Heterogeneity

Convergence results based on the spatial heterogeneity model are presented in 
Table 5 and 6 for GNI and HDI, respectively. Each table first presents the results of 
a global convergence estimate, which is based on the ordinary least squares (OLS) 
method. The second part of the table presents the results of local convergence esti-
mates, which are based on the geographically weighted (GWR) regression method 
described in Sect. 3.4.

Table  5 presents the convergence coefficient estimates of GNI for each sub-
period of the study. Although a process of regional convergence occurs over the 
entire 1990–2018 period, the speed with which this process happens varies over 
time. For instance, the global estimate of the convergence coefficient indicates the 
speed of regional convergence was highest during the 1990–2000 sub-period. It then 
decreased (in absolute value) to 0.208 in the next decade and increased to 0.236 in 
the 2010–2018 sub-period. The local estimates of the convergence coefficient also 
show variation over time, but with a different pattern. As indicated by the mean and 
median of the estimates, the convergence speed is monotonically increasing over 
time.

One of the most appealing features of the GWR framework is the visualization 
of the estimated parameters across space. Figures  1, 2 and 3 present the spatial 

Table 5  Convergence 
coefficients for GNI per capita

***Means that the coefficient is statistically significant at 1 percent 
level. An evaluation of statistical significance for the GWR estimates 
is presented in Figs. 1, 2 and 3

Sub-period

1990–2000 2000–2010 2010–2018

OLS Global Estimate
Estimate −0.242∗∗∗ −0.208∗∗∗ −0.236∗∗∗
R-squared 0.295 0.239 0.198
AIC 6.5 −34.9 5.7
GWR Local Estimates
Mean −0.123 −0.245 −0.316
Stand. Dev. 0.174 0.183 0.218
Min −0.386 −0.793 −0.914
Median −0.153 −0.204 −0.273
Max 0.175 0.034 −0.006
R-squared 0.753 0.692 0.682
AIC −125 −145 −108
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variation of the convergence speed of GNI. To facilitate the interpretation of the 
convergence speed, the half-life indicator is used in all figures. This indicator is 
measured in years and represents the time that a region needs to halve the distance 
between its current state and its long-run equilibrium. Each figure contains two 
maps. The map on left shows the spatial distribution of the half-life indicator, which 
was derived from the estimated local convergence coefficients. The map on the right 
shows the spatial distribution of the p-value of each coefficient. 

The central message of Figs. 1, 2 and 3 is that the economic convergence pro-
cess of South America is characterized by multi-country spatial clusters. For 
instance, during the 1990–2000 sub-period, Fig. 1 shows that the regions expe-
riencing a diverging process (less than 0 in terms of half-lives) are located along 
the bottom center of South America. Specifically, those regions belong to the 
southern part of Brazil and Peru, the entire country of Uruguay and Paraguay, 

Fig. 1  GNI per capita 1990–2000

Fig. 2  GNI per capita 2000–2010
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the northern part of Argentina and Chile, and most regions of Bolivia.3 During 
the 2010–2018 sub-period, Fig. 3 shows a clear cluster of regions sharing simi-
lar convergence speeds (half-lives from 10 to 25 years). The regions belonging 
to this cluster are from multiple countries including Venezuela, Brazil, Bolivia, 
Colombia Paraguay, Uruguay, Argentina, and Chile.

Table  6 presents the convergence coefficient estimates of HDI for each sub-
period of the study. Although a process of regional convergence occurs over the 

Fig. 3  GNI per capita 2010–2018

Table 6  Convergence 
coefficients for HDI

***Means that the coefficient is statistically significant at 1 percent 
level. An evaluation of statistical significance for the GWR estimates 
is presented in Figs. 4, 5 and 6

Sub-period

1990–2000 2000–2010 2010–2018

OLS Global estimate
Estimate −0.223∗∗∗ −0.216∗∗∗ −0.101∗∗∗
R-squared 0.38 0.238 0.055
AIC −605 −566 −580
GWR Local Estimates
Mean −0.256 −0.293 −0.184
Stand. Dev. 0.123 0.257 0.136
Min −0.562 −0.939 −0.537
Median −0.259 −0.191 −0.169
Max −0.051 0.031 0.057
R-squared 0.702 0.629 0.624
AIC −690 −648 −693

3 Nevertheless, as indicated by the p-value map associated with Fig. 1, many of the regions belonging to 
this cluster show no significant values.
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entire 1990–2018 period, the speed of convergence has been decreasing over 
time. For instance, the global estimate of the convergence coefficient indicates 
the speed of regional convergence (in absolute values) was highest during the 
1990–2000 sub-period. During the 2010–2018 period, the absolute value of the 
convergence coefficient was less than half of that in the 1990–2000 sub-period. 
To a large extend, the GWR local estimates confirm this slowdown in the conver-
gence coefficient. In the 1990–2000 sub-period, the absolute value of the median 
convergence coefficient was 0.259. By the 2010–2018 sub-period, however, this 
value has reduced to 0.169.

Figures 4, 5 and 6 show the spatial variation of the convergence speed (measured 
in years) of HDI. Similar to the spatial distribution of GNI, the convergence speed 
shows marked spatial clusters that are composed by subnational regions from mul-
tiple countries. For instance, in the 1990–2000 sub-period (Fig. 4), regions in the 
north of South America were converging at a faster speed than those in the south. 

Fig. 4  HDI 1990–2000

Fig. 5  HDI 2000–2010
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During the 2000–2010 sub-period, a fast convergence cluster has appeared in the 
northeast of the South America. This cluster is composed by the northern regions 
of Peru, all the regions of Ecuador, and some regions of Colombia. In this cluster, 
regions are expected to halve their HDI gaps in less than 10 years. Interestingly, in 
the 2010–2018 sub-period, that cluster has suffered a large slowdown in its speed 
of convergence. Regional HDI gaps are now expected to be reduced by half after 
50 years or more. This result, however, needs to be interpreted with caution as the 
p-value map of Fig. 6 indicates that the convergence coefficients of these regions are 
not statistically significant.  

Concluding Remarks

Many studies have analyzed convergence of social and economic indicators across 
countries. Fewer studies, however, have evaluated convergence across the subna-
tional regions of multiple countries. By using a novel multi-country subnational 
dataset on the human development index (HDI), we evaluate the evolution of eco-
nomic and social disparities across 151 subnational regions of South America over 
the 1990–2018 period.

Our main results are as follows. First, for both gross national income per cap-
ita (GNI) and human development index (HDI), spatially adjusted specifications 
should be used as the residuals of standard OLS regressions show strong and sig-
nificant spatial dependence patterns. Second, there is an overall process of regional 
convergence for both GNI and HDI. Third, a spatial error specification suggests 
that spatial dependence accelerates the speed of convergence in some decades, but 
decelerates it in others. Forth, results from the geographically weighted regression 
framework indicate that the speed of convergence is largely heterogeneous across 
space. Fifth, the evolution of economic and social disparities are characterized by 
multi-country spatial clusters that show localized converging and diverging pat-
terns. Taken together, these results emphasize the importance of accounting for 

Fig. 6  HDI 2010–2018
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spatial dependence and heterogeneity when evaluating the dynamics of economic 
and social inequality in South America.

In this study, the convergence patterns of a subnational version of GNI and HDI 
are analyzed. Nevertheless, the dataset assembled by Smits and Permanyer (2019) 
also includes information on the other two components of HDI: educational and 
health indexes. The analysis of the convergence of these indicators is a possible 
extension that is left for further research.

The results presented in this paper also indicate possible avenues for further 
research in terms of methodological approaches. Firstly, other spatial economet-
ric specifications may be used to study spatial dependence. Although the seminal 
contribution of Rey and Montouri (1999) suggests that the spatial error (SEM) 
specification is the most adequate to model the convergence process, more recent 
convergence studies argue in favor a spatial Durbin (SDM) specification (Fischer 
2011, 2016). In addition, this paper did not present an exploratory spatial data analy-
sis; thus, the study of hot and cold spots by computing local indicators of spatial 
association is also left for future studies. Lastly, to explicitly account for the spatial 
dimension of the growth process, one could also apply the spatial filter approach of 
Getis and Griffith (2002) and Getis and Ord (2010). Evaluating the role of spacial 
dependence through spatial filters may prove useful to delve deeper into the nature 
of the spatial convergence process (Fischer and Stumpner 2008; Santos-Marquez 
et al. 2021).
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