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Abstract

Purpose – This paper aims to test three hypotheses in city growth literature documenting the poverty
reduction observed in Brazil and exploring a rich spatial dataset for 5,564 Brazilian cities observed between
1991 and 2010. The large sample and the author’s improved econometric methods allows one to better
understand andmeasure how important income growth is for poverty reduction, the patterns of agglomeration
and population growth in all Brazilian cities.
Design/methodology/approach –The author identifies literature gaps and use a sizeable spatial dataset for
5,564 Brazilian cities observed in 1991, 2000 and 2010 applying instrumental variables methods. The bias-
corrected accelerated bootstrap percentile interval supports the author’s point estimates.
Findings –Thismanuscript finds that Brazilian data for cities does not support Gibrat’s law, raising the scope
for urban planning and associated policies. Second, economic growth on a sustainable basis is still a vital source
of poverty reduction (The author estimates the poverty elasticity at four percentage points). Lastly,
agglomeration effects positively affect the city’s productivity, while negative externalities underlie the city’s
development patterns.
Originality/value –Data for cities in Brazil possess unique characteristics such as spatial autocorrelation and
endogeneity. Applying propermethods to findmore reliable answers to the above three questions is a desirable
procedure that must be encouraged. As the author points out in the manuscript, dealing with endogenous
regressors in regional economics is still a developingmatter that regional scientists couldmore generally apply
to many regional issues.
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1. Introduction
Theworld economy hasmade an impressive achievement in the past few decades. In 2015, only
one-tenth of the world’s population lived in extreme poverty, while more than a third of people
lived in extreme poverty in 1990. Following world trends, Brazil has made immense social
progress by reducing the poverty rate from 56.70% in 1991 to 23.20% in 2010, faster than
countries with similar per capita income levels [1]. Compared to Brazil’s past, we observe
massive changes. The poverty reduction in Brazil between 1985 and 2004 was perfunctory. In
those two decades, the poverty rate fell a mere four percentage points from 33% to 29% of the
population (Ferreira, Leite, &Ravallion, 2007). The low growth rate in per capita gross domestic
product (GDP) and the low elasticity of poverty can explain the low performance in poverty
reduction (Ferreira et al., 2007). Thus, even if the economy operates in a regime of low per capita
income growth, it can alleviate poverty considerably if the elasticity is sufficiently high.

Poverty and
population
growth in

Brazil

249

JEL Classification — O40, R11, R23
© Andr�e M. Marques. Published in EconomiA. Published by Emerald Publishing Limited. This

article is published under the Creative Commons Attribution (CC BY 4.0) licence. Anyone may
reproduce, distribute, translate and create derivative works of this article (for both commercial and non-
commercial purposes), subject to full attribution to the original publication and authors. The full terms of
this licence may be seen at http://creativecommons.org/licences/by/4.0/legalcode

All remaining errors in this paper are the author’s responsibility. The author thanks for helpful and
constructive comments by an anonymous journal referee that substantially improved the paper.

Disclosure statement: No conflict of interest was reported by the author.

The current issue and full text archive of this journal is available on Emerald Insight at:

https://www.emerald.com/insight/1517-7580.htm

Received 13 November 2022
Revised 4 April 2023

Accepted 24 July 2023

EconomiA
Vol. 24 No. 2, 2023

pp. 249-263
Emerald Publishing Limited

e-ISSN: 2358-2820
p-ISSN: 1517-7580

DOI 10.1108/ECON-11-2022-0163

http://creativecommons.org/licences/by/4.0/legalcode
https://doi.org/10.1108/ECON-11-2022-0163


Nevertheless, social progress on a sustainable basis crucially depends on the proper policy
measures and institutions (the size and the quality of government, for example) for recovery
productivity growth in Brazil next years or decades. The slowdown in productivity growth
observed in Brazil and other developing countries have occurred many years before the
COVID-19 pandemic (World Bank, 2020, World Bank, 2020; Bacha & Bonelli, 2016).

Brazilian data show that labor productivity has stagnated in the last four decades of
economic policy, preventing the Brazilian per capita income from getting closer to developed
countries. In a recent contribution, Costa and Marcolino (2021) present empirical findings
showing that output per worker in Brazil has grown at a rate of 4.04% over the period 1950–
1980 and only 0.16% in 1980–2010. In the long run, the output per worker is the primary
source of per capita income growth (Krugman, 1997). In turn, as this study documents, per
capita income growth is still an important driver of poverty reduction in many circumstances
and places (Krugman, 1997; World Bank, 2018, World Bank, 2020; ILO, 2003) [2].

Poverty reduction strategies bear on the speed by which economic growth reduces
poverty. Thus, it is essential tomeasure the actual contribution of growth to alleviate poverty.
Ravallion and Chen (1997) used a sample of developing countries. They estimated that the
growth elasticity of poverty was around 3: 1 percentage point increase in income reduces the
proportion of people living below the poverty line by 3%. Latter, World Bank (2000) has
found a new estimate for countries, and the number is even lower: 2%. Specifically,
Bourguignon (2003) reports that elasticity is around 2 for Brazil.

Most studies in this field use countries as the unit of analysis and do not seek to measure
the actual contribution of growth in more disaggregated units. Moreover, these studies pay
little attention to the characteristics of datawhen choosing appropriatemethods for inference.
Studying cities complement study in countries because cities are fully open economies that
enjoy immense mobility of workers, firms and goods. National barriers often bar factor and
goods mobility between countries and are less impeditive within cities. Besides, cities are
more specialized than states and countries (Glaeser, Scheinkman, & Shleifer, 1995).

This paper aims to test three hypotheses in city growth literature documenting the
poverty reduction observed in Brazil and exploring a rich spatial dataset for 5564 Brazilian
cities observed between 1991 and 2010. The large sample and our improved econometric
methods allows one to better understand and measure how important income growth is for
poverty reduction, the patterns of agglomeration and population growth in all Brazilian cities.

The data set for cities used possess three essential characteristics. First, the data for all
variables used in the analysis come from a single source, providing homogeneity. Second,
these data are subject to endogeneity issues caused by simultaneity between the dependent
and explanatory variables. Lastly, spatial autocorrelation is inherent in these data, in which
poverty incidence, population and income growth tend to occur in clusters. By ignoring
spatial dependency and endogeneity of regressors could lead to inefficient and biased
estimates, invalid inferences and wrong conclusions (Anselin & Rey, 1991; Baltagi, Blien, &
Wolf, 2012). Regional studies have only recently begun applying improved methods to
correctly identify endogenous regressors’ causal effects (Baum-Snow & Ferreira, 2015). This
paper gives a small contribution to this line of research regarding the prior published studies
focused on Gibrat’s law (Resende, 2004; Eeckhout, 2004; Rose, 2006; Soo, 2014; Chauvin,
Glaeser, Ma, & Tobio, 2017) and agglomeration effects (Chen & Partridge, 2013; Chauvin
et al., 2017).

Based on our improved statistical methods and the extensive sample data for all Brazilian
cities, we test three widely known hypotheses on city growth literature. A positive correlation
is evident between city size and productivity in cities of developed countries, as US cities
(Chauvin et al., 2017). However, this pattern of economic growth is still less documented using
all Brazilian cities’ data.
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Further, the random growth hypothesis asserts that the city growth is independent of the
number of residents (Eeckhout, 2004; Portnov, Reiser, & Schwartz, 2012). Lastly, the poverty–
growth elasticity, initially suggested by Ravallion and Chen (1997) and Chambers and
Dhondge (2011), can now be consistently estimated, accounting for endogeneity using a valid
set of instruments derived from spatial interactions.

When population growth in a typical city is unrelated to the initial size, according to
Portnov, Reiser, and Schwartz (2012), urban development policies aimed to enhance or restrict
the size of the population in overpopulated cities are unfeasible objectives. Besides, when
statistically significant, agglomeration economies can reduce the efficacy of policies designed
to restrict population growth in overpopulated areas, even with negative externalities and
congestion (Chauvin et al., 2017).

The essential idea behind the agglomeration economies is that productivity increaseswith
geographic proximity of economic activity, in which real wages are higher in larger and
denser cities. For instance, Fujita and Thisse (2003) stress that the mobility of skilled workers
and the R&D sector located in few core places in these economies appear to be a solid
centripetal force and can generate strong externalities from core to peripheral regions based
on additional growth boosted by the agglomeration effects. Chen and Partridge (2013) explain
that cities’ population density can influence firm productivity and wages because of
improved labor market matching.

Further, LeSage and Fischer (2008) argue that higher population density represents urban
agglomerations that contain massive human capital stocks as a repository of knowledge and
could provide a boost to innovation and adoption of technological progress and economic
growth. For instance, the metropolitan regions of Tokyo and NewYork are good examples of
extreme forms of economic agglomerations within nations (Fujita & Thisse, 2009).

Being a country of migrants (Fiess & Verner, 2003), Brazil enjoys reasonable mobility of
factors across different places and regions. This national characteristic contributes to
reducing spatial inequality by improving economic opportunities for skilled and unskilled
labor across locations (Fiess & Verner, 2003). While the goal of the present paper is empirical,
a considerable body of general equilibrium models examines the relationship between
exogenous changes in transport costs for goods and people (commuting costs) across places
and its effects on population and income distribution across locations (Redding & Turner,
2015). Theoretically, improvements in transportation infrastructure, such as reducing
commuting time across places, have uneven effects onwages, land prices and the size of cities
(i.e. population). Workers’ mobility across locations matters to ensure they have the same
effect on welfare across populated locations (Redding & Turner, 2015). Summing up,
empirically, the above theories can be formally tested via the following hypotheses, i.e.

H1. The response of poverty to economic growth is unimportant for cities.

H2. The city growth is independent of the number of residents.

H3. Absence of correlation between population density and productivity.

The layout of the paper is the following. Section two presents the econometric models and
describes data. Section three presents and discusses the main findings, comparing themwith
related works, and Section four provides brief conclusions.

2. Econometric methodology
2.1 Econometric models
According to Ravallion and Chen (1997), and Chambers and Dhondge (2011), the relationship
between poverty, economic growth and inequality, in its basic form, can be examined using
the model given by
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pi ¼ αþ βgi þ f lnGi þ ui; (1)

i5 1, . . ., 5564; where pi denote the poverty rate for city i, β is the poverty elasticitymeasure, gi
denote the rate of economic growth for city i, lnGi is the natural logarithm of Gini index for
city i. Figueiredo and Laurini (2016) observe that there are two main difficulties in estimating
poverty elasticity using the parametric approach we adopt here. First, as is common in a non-
experimental environment, there is a likely simultaneity between poverty and income
growth, leading to inconsistent estimates in least squares (LS) regression. Second, the degree
of inequality can indirectly affect economic growth. The above specification does not account
for this indirect effect.

We employ the instrumental variable (IV) estimator in a way that can solve both
limitations of LS regression models simultaneously. We apply the Wu–Hausman test for
endogeneity of economic growth, and we use as instruments for the endogenous economic
growth in the city i the inequality level and economic growth in neighboring cities, lnWGi and
Wgi. Our approach is similar to Baltagi, Blien and Wolf (2012) that use spatially lagged
unemployment in a wage equation seeking to capture the labor market situation in
neighboring regions. Following Baltagi et al. (2012), we employ the spatial lagged income
growth and the spatial lagged inequality as valid instruments in the IV estimator. As a piece
of complementary evidence, we adopt the limited information maximum likelihood (LIML)
estimation method because we have a large sample of data. The LIML method delivers
consistent estimates in the presence of endogenous regressors (Koutsoyiannis, 2013).

Further, we employ Staiger and Stock’s (1997) approach in detecting weak instruments in
the usual IV estimator. They consider instruments being relevant only when F-statistic is
greater than 10. Lastly, we verify whether our instruments are valid using the Sargan test
statistic for overidentification. The Wu–Hausman is a test for detecting endogeneity. When
we observe a significant statistic value, it suggests that least squares regression method is
inconsistent, and the IV estimator is consistent and shall be preferred.

The W matrix is an n by n non-stochastic inverse great circle distance, non-negative
spatial weight matrix whose elements specify the strength of spatial dependence among the
cities. If the city i is related to city j, thenwij> 0. Otherwise,wij5 0, and the diagonal elements
ofW are set to zero as a normalization standard. Because row-sums to unity,Wgi contains a
linear combination of income growth from related cities.Wgi captures the spatial dependence
in gi, and the variable lnWGi captures the spatial dependence in the inequality index in
neighboring cities.

According to Chauvin, Glaeser, Ma, and Tobio (2017), Eeckhout (2004), and Rose (2006),
one can test Gibrat’s law by regressing the city population growth on the initial level of the
city size. The drawback of these works is that all they assume that cities are “float islands”
in space (Fujita & Thisse, 2009), without testing this assumption. Further, all these works
assume that the size of a city is exogenous concerning the population growth. Since we are
studying a small fragment of an economy, this is also an unwarranted assumption. We
include a control for spatial autocorrelation in addition to testing for endogenous
population size. To study Gibrat’s law, following Eeckhout (2004), in its basic form, the
model is given by

ni ¼ γ þ π lnSi þ μi; (2)

i 5 1, . . ., 5564; where ni denote the rate of population growth for city i, ln Si is the natural
logarithm of population size of a city i, π is the size elasticity, supposed to be zero if the
Gibrat’s law holds. However, the city growth rates in an environment where cities are not
“float islands” in space (Fujita & Thisse, 2009) reads
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ni ¼ θ þ δ lnSi þ λ lnWSi þ ei; (3)

where the main parameters of interest are δ and λ, the variable lnWSi captures the spatial
dependence in ln Si expressing the influence of size in neighboring places on city i, since labor
mobility between nearby cities may provide better access to job opportunities, lower prices of
housing, etc.

Assuming exogenous population density and independence across cities, we begin testing
for agglomeration economies in all Brazilian cities data using the model specification
suggested by Chauvin et al. (2017), given by

yi ¼ τ þ χ ln deni þ εi; (4)

i5 1, . . ., 5564; where yi denote the natural logarithm of per capita income for city i, ln deni is
the natural logarithm of population density of a city i. If spatial autocorrelation is present in
data and simultaneity exists between population density and real income level, it implies
inconsistent LS parameter estimates. In this case, using an IV estimator, we may test the
agglomeration effects employing the model given by

yi ¼ ηþ ω ln deni þ κ lnWdeni þ vi; (5)

where the main parameters of interest are ω and κ, the variable lnWdeni captures the spatial
dependence in ln deni, that gives a measure of market dimension and economic opportunities
in neighboring places. The population density can be seen as expressing a market potential
for firms and workers (Fujita & Thisse, 2009). We follow Glaeser, Scheinkman, and Shleifer
(1995) in using income growth to capture changes in productivity growth, even
acknowledging that it also partially captures some changes in quality of life in cities.

2.2 Data description
The data used in this study come from two sources. First, the economic and social attributes
of cities are freely available in the Atlas do Desenvolvimento Humano home page at http://
www.atlasbrasil.org.br/acervo/biblioteca. The second data source is the Instituto de Pesquisa
Econômica Aplicada that provides the shapefile for all Brazilian cities. The shapefile conveys
all geographical information to generate choropleth maps of economic and social attributes
and create the W matrix and spatial instruments used in the analysis. These geographical
information are freely available at https://www.ipea.gov.br/ipeageo/malhas.html from
Instituto de Pesquisa Econômica Aplicada. Thus, we have cross-sectional spatial data for
5564 Brazilian cities observed in 1991 and 2010 that vary within the cities and space.

Despite short-run crises and business cycle fluctuations, Brazil has been doing well in
social progress when considering decades or more. Figure 1 exhibit a choropleth map, in
which areas are shaded in proportion to the poverty rate, showing a decrease in poverty
incidence after three decades of economic growth and distributional policies aiming to reduce
poverty and inequality.

The noteworthy feature is that poverty is not random in space and tends to occur in
clusters, as for the population growth and per capita income growth (not shown because
space constraints). For brevity, we put in Appendix all summary statistics and the
description of the variables (see Table A1) and the results of statistical tests for spatial
autocorrelation (see Table A2) based on the globalMoran’s statistic (Bivand, M€uller, & Reder,
2009; Anselin & Rey, 1991).

Figure 1 supports the conclusion about a substantial decline in poverty rates in all regions,
mainly North and Northeast. The blue color spreads over from the Southeast to the North and
Northeast, and the yellow areas decreased sharply. Summary statistics in TableA1 show that
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Brazilian cities have grown around 30.1% in size, and the agglomeration index has increased
by 30.2%, as shown by the greater population density. The poverty rate has decreased from
56.7% to 23.2%, showing signs of convergence across cities.

Following LeSage and Fischer (2008), we employ all the explanatory variables at the
beginning of the sample period to minimize the simultaneity issues. As done in most
growth regression literature, we also include the initial income level when estimating
poverty elasticity to economic growth (LeSage & Fischer, 2008; Glaeser et al., 1995). Even
proceeding this way, the simulation study of Reed (2015) shows that this standard practice
in lagging explanatory variables to avoid simultaneity in regression models does not
prevent neglected endogeneity and implied inconsistent estimates. In this context, the
Wu–Hausman test statistic is essential in testing the exogeneity assumption of a potential
regressor.

3. Results and discussion
Table 1 displays the results for poverty elasticity under the two assumptions: exogenous
economic growth and absence of spatial autocorrelation (LS estimates), beyond the tests for
endogenous economic growth (Wu–Hausman statistic) and the estimates accounting
simultaneously for all features present in data using IV estimator with the robust variance-
covariance matrix estimator of Cribari-Neto (2004). The data reject the assumption of the
absence of spatial autocorrelation in poverty rates (see Table A2), and theWu–Hausman test
statistic also rejects exogenous economic growth assumption at 1% level. Sargan test
statistics show that instruments are valid and, according to Staiger and Stock (1997) criterion,
the chosen instruments are relevant. The chosen instruments are relevant because the F-
statistic is higher than 10. The Sargan p-value is higher than the 0.05 or even 0.10 significance
level showing that the instruments are valid.

The poverty elasticity based on the LS estimator is biased, inconsistent and outside the

bootstrap confidence interval ðbβLS ¼ −11:98Þ. The LS-biased estimates likely reflect
neglected endogeneity and uncontrolled spatial autocorrelation. Conversely, the consistent
IV parameter estimates suggest thatwhen the per capita income of a typical Brazilian city rise
1% point, the poverty rate declines 4.4%, on average. The LIML estimate supports the
standard IV findings providing roughly the significant similar parameter estimate

ð dβLIML ¼ −4:35Þ. This result is in line with other works in the literature (see discussion
below). The 95% bootstrap confidence interval based on the IV estimator and the set of valid
instruments measures the uncertainty about the point parameter estimates and works as
sensitivity analysis when it excludes zero. We employ the bias-corrected, accelerated
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Incidence of poverty in
all cities of Brazil,
1991–2010
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bootstrap percentile interval (BCa) because it conveniently combines precise point estimates
and hypothesis testing in a single inferential statement (DiCiccio & Efron, 1996).

Annegues, Souza, Figueiredo, and Lima (2015) use data for Brazilian cities observed in the
years 1991 and 2000 and have found that elasticity of poverty to growth is around 3%.
Nonetheless, their estimates ignore endogeneity (simultaneity between growth and poverty),
spatial autocorrelation and the indirect effect of inequality on growth. Bourguignon (2003)
employs data on growth and poverty rates of 114 countries applying the LS estimator to show
that poverty elasticity ranges from �2% to �6.3%, in an improved model. In the improved
model, he interacts growth with the initial poverty rate and the initial Gini coefficient. Thus,
our poverty elasticity estimate is in full accordance with the range of values found in other
studies that apply parametric methods. However, whenwe consider the characteristics of city
data and the suitable methods we adopt, our estimates can generate more reliable and sound
conclusions than previous parametric studies.

Ferreira, Leite, and Ravallion (2007) conducted a comprehensive study seeking to reveal
what factors help to explain Brazil’s growth elasticity of poverty changes using data for
1985–2004. One of the study’smain findings is that growth elasticity in the service sector was
substantially more poverty reducing than growth in agriculture or industry, accounting for
the change in policy regime around 1994. Further, the demise of hyperinflation (price
stabilization), opening to international trade, social security and social assistance transfers
significantly contribute to reducing poverty.

While Brazilian data show that the output per worker grew by 0.16% from 1980 to 2010,
the observed decline in poverty is noticeable in city data: from 56.70% in 1991 to 23.20% in
2010. This considerable decline in the poverty rate can be explained almost exclusively by the
magnitude of the poverty elasticity estimated at city-level data because we observe a

Dependent: pi, 2010 LS LIML IV Boot (BCa) 95% CI

Constant 218.37*** 186.68*** 186.78*** [173.78; 196.26]
(98.19) (31.92) (20.42) –

lnRDPC1991 �32.78*** �28.24*** �28.26*** [�29.64; �26.42]
(�98.39) (�33.65) (�21.15) –

G �11.98*** �4.35*** �4.37** [�6.61; �1.35]
(�34.22) (�3.15) (�1.97) –

lnG1991 9.66*** 13.17*** 13.16*** [11.36; 15.45]
(13.44) (13.10) (8.46) –

Weak instruments – 48.07*** 48.07*** –
Wu-Hausman – – 46.24*** –
Sargan statistic (p value) – 0.60 0.60 –
N 5,564 5,564 5,564 –
F-statistic 12,520*** – 6,997*** –

Note(s): (***) and (**) denote statistical significance at the 1% and 5% levels, respectively; z-statistics are in
parentheses. We use as valid instruments for the endogenous per capita income growth from 1991 to 2010 (gi)
the natural logarithm of Gini index in neighboring cities in 1991 (lnWG1991), and the per capita income growth
in neighboring cities over the same period, Wg1091. The Sargan test statistic has null the validity of
instruments. The Wu-Hausman statistic tests the absence of correlation between the covariate and the error
term (exogeneity). The weak instruments statistic tests the null of the absence of correlation between the
instruments and the endogenous variable. In the LS and standard IVmethods, we use robust standard errors of
Cribari-Neto (2004) that present better performance, especially in the presence of influential observations. We
calculate the 95%bootstrap confidence interval based on 10,000 resamples using the IV estimator and the same
set of valid instruments employed for point estimates. The values in italics refer to the essential empirical
findings
Source(s): Author’s elaboration from data

Table 1.
Poverty response

to growth and
inequality estimates
(1991–2010) – Eq. (1)
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stagnation of output per worker since 1980 (Costa & Marcolino, 2021). Further, as the main
driver for poverty reduction (Ferreira et al., 2007), the service sector has increased its labor
share in output in the last decades. According to Costa and Marcolino (2021), by 2010, the
labor share in agriculture has decreased to 17%, while the service sector had increased its
labor share to 62.5%. The labor share in manufacturing was 20.5% in 2010. Among other
factors, the persistent increase in the share of labor in services helps to explain themagnitude
of the poverty elasticity in Brazil (Ferreira et al., 2007).

Table 2 shows the results for Gibrat’s law for cities under the two basic assumptions found
in the literature using LS estimator: exogenous city size and absence of spatial
autocorrelation. It also displays the test results for endogenous city size and the estimates
accounting simultaneously for all data characteristics using the IV estimator. The data reject
the assumption of absence of spatial interactions across population growth in Brazil’s cities
(see Table A2), and the Wu–Hausman test statistic also rejects exogenous city size
assumption at 1% level. Sargan test statistics show that instruments are valid because the p-
value is higher than 0.05 or even 0.10 significance level and, according to Staiger and Stock
(1997) criterion, the chosen instruments are relevant because the F-statistic is higher than 10.

The response of city growth to initial size in the LS estimator is biased, inconsistent and
outside the bootstrap confidence interval ðbπLS ¼ −0:05Þ. Like poverty elasticity, the LS-
biased estimates likely reflect neglected endogeneity and uncontrolled spatial
autocorrelation. More accurate and improved methods using large city samples reject the
apparent confirmation of the Gibrat law found in Chauvin et al. (2017) and Soo (2014). The IV
parameter estimates displayed in Table 2 indicate that city growth suffers significant

positive influence from own size ðbδIV ¼ 0:32Þ and negative and significant influence from

neighboring cities ðbλIV ¼ −3:67Þ. Data reject Gibrat’s law for Brazilian cities. The LIML
estimation results support the standard IV findings providing roughly similar parameter
estimates. It shows that some cities tend growth at the expense of others in Brazil. These

Dependent: ni (population growth) LS LIML IV Boot (BCa) 95% CI

Constant 0.70*** 5.50*** 5.50*** [3.02; 10.40]
(1.96) (3.44) (3.17) –

lnPOP1991 �0.05 0.32*** 0.32*** [0.26; 0.40]
(�1.24) (7.53) (8.89) –

WlnPOP1991 – �3.68*** �3.67*** [�6.06; �2.43]
– (�4.65) (�4.26) –

Weak instruments – 681.39 681.39*** –
Wu–Hausman – – 98.98*** –
Sargan statistic (p-value) – 0.28 0.29 –
N 5,564 5,564 –
F-statistic 6.71*** – 28.99*** –

Note(s): (***) significant at the 1% level; z-statistics are in parentheses. We use as valid instruments for the
endogenous size of population-level in city i the natural logarithm of per capita income level (lnRDPC91) in 1991,
the natural logarithm of population-level in neighboring cities in 1991 (lnWPOP91), and the IDHM level in
neighboring cities in 1991 (WIDHM91). The Sargan test statistic has null the validity of instruments. The Wu-
Hausman statistic tests the null of the absence of correlation between the covariate and the error term
(exogeneity). The weak instruments statistic tests the null of the absence of correlation between the instruments
and the endogenous variable. In the LS and standard IV methods, we use robust standard errors of Cribari-Neto
(2004) that present better performance, especially in the presence of influential observations. We calculate the
95% bootstrap confidence interval based on 10,000 resamples using the IV estimator and the same set of valid
instruments employed for point estimates. The values in italics refer to the essential empirical findings
Source(s): Author’s elaboration from data

Table 2.
Gibrat’s law for
population
growth estimates
(1991–2010) – Eq. (2)
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findings suggest that conclusions based on the assumption of independence across cities and
exogenous city size are unreliable and must be viewed cautiously.

RegardingGibrat’s law, Chauvin et al. (2017) aggregated 5564 Brazilian cities data into 144
microregions and employ the LS estimator to regress population growth on the initial level of
the city population. Based on the untested assumptions of exogenous city size and the
absence of spatial interactions across places, they conclude that city size has no significant
effect on population growth in Brazil. However, data do not support both assumptions. In a
closer and related study, Gr€udtner and Marques (2020) apply a spatial Durbin model to
analyze the relationship between the growth and size of 1,188 cities in the South Region of
Brazil between 2000 and 2010. They find that the growth rate of cities is systematically
dependent on the number of residents. Data for cities reject the independence assumption
between growth and size at the 5% level. Further, after misspecification tests, the authors
conclude that a poor model specification (i.e. assuming independence and absence of
spillovers) will likely result in false confirmation of Gibrat’s law.

Soo (2014) studied Gibrat’s law using state-level data of Brazil. He concludes that
lognormal distribution fits very well to Brazilian data and interprets it as evidence of Gibrat’s
law. The problem of this interpretation is that fitting a lognormal distribution is consistent
with convergence in population growth, in which a negative and significant relationship
between growth and size can generate this pattern (Kalecki, 1945; Portnov et al., 2012), that
invalidates Gibrat’s law [3].

Soo (2014) also conducts a hypothesis testing procedure to verify whether the lagged
population is the best predictor of the current population in Brazil based on a panel data
model that accounts for endogeneity but not for spatial dependence, a feature present in state-
level data in Brazil (Montenegro, Lopes, Ribeiro, Cruz, & Almeida, 2014). He assumes that
Brazilian states do not interact spatially, being isolated entities in space. Neglected spatial
dependence in panel models may lead to biased estimates, invalid inference and wrong
conclusions (Baltagi & Pesaran, 2007). In this regard, our findings follow closer Portnov et al.
(2012) conclusions since we also have found that the so-called Gibrat’s law for cities can be
considered a statistical artifact caused by the misspecified regression models. Black and
Henderson (2003, pp. 351–354) have reached similar conclusions for US cities for 1900–1990
period and Gr€udtner and Marques (2020) for city data of the South Region of Brazil.

Resende (2004) employs panel unit root tests proposed by Levin and Lin (1992, 1993) and
Im, Pesaran, and Shin (2003) to verify whether a unit root is present in a panel of city size for
Brazil over 1980–2000. He concludes that the city data panel has a unit root, confirming
Gibrat’s law for Brazilian cities. There are two main problems with the methods that he
employs. First, according to Baltagi, Bresson, and Pirotte (2007), the major criticism of both
Levin and Lin (1992, 1993) and Im et al. (2003) proposed tests is that they require cross-
sectional independence. In Fujita and Thisse’s words, these tests require that cities be
“floating islands” in space to be valid. As can be seen from Table A2, Brazilian city-level data
strongly reject this assumption at the 1% level for city growth. As one could expect from
regional data, the growth of one city is significantly related to the growth of neighboring
cities. Lastly, the simulation study of Baltagi et al. (2007) shows that there can be considerable
size distortions in these tests in the presence of spatial autocorrelation. Employing such
methods for spatial datasets may lead to unreliable and likely misleading conclusions.

Agglomeration economies can give rise to strong positive or negative externalities (Fujita
& Thisse, 2009; Chauvin et al., 2017). Hence, the employed model to measure it must
simultaneously capture both direct and spillover effects. By omitting one of them, the
estimates may suffer from omitted relevant variable problems (Baltagi et al., 2012). Chauvin
et al. (2017) employs the LS estimator by regressing natural logarithm of income to natural
logarithm of population density for microregions of Brazil observed in 2010. The restricted
model they employ does not allow spatial spillovers to measure externalities sign and
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significance. They report an estimate of 0.026, statistically significant. Exogenous density
and the absence of spatial interactions across places are the assumptions of this estimate.

Table 3 shows the results for agglomeration effects under the two basic assumptions
typically found in literature (LS): exogenous population density and absence of spatial
autocorrelation. It also shows the test results for endogenous population density and the
estimates accounting simultaneously for all data characteristics (IV). We conclude that the
data reject the assumption of absence of spatial autocorrelation in productivity growth (see
Table A2), and the Wu–Hausman test statistic also rejects exogenous density assumption at
1% level. The weak instruments test indicates the chosen instrument is relevant (Staiger &
Stock, 1997).

Based on the IV parameters estimate exhibited in Table 3, our primary statistical findings
suggest that productivity growth is subject to significant positive effects ðbωIV ¼ 1:27Þ from
the agglomeration pattern in Brazilian cities caused by higher density in their own city.
Further, as we can expect from theory, the spillover effect is negative and statistically
significant ðbκIV ¼ −1:32Þ: it means that some cities grow at the expense of others. We can
speculate that skilled workers and R&D firms, enjoying higher mobility, could be one driver
for this city development pattern. Further, we use the F-statistic to test whether the impact of
agglomeration is equal to one on the own city’s productivity a decade later based on the IV
method. The test delivered the F-statistic 16.203 with p-value equal to 0.0000. Thus, we may
infer that in the Brazilian case, the agglomeration effect is more than proportional, i.e. higher
than unity.

Interestingly, like the pattern in population growth, theway agglomeration effects operate
also indicates that some cities tend growth at the expense of others in Brazil. When compared
to Chauvin et al. (2017) estimate, based on exogenous density and independence assumption
across places, we observe a substantial underestimation of positive agglomerations effects in
Brazil in their findings. The likely reason for that is that data reject the assumptions they
employ in estimating such effects. In summary, for a change in density in a neighboring city,
the productivity response in a typical city is negative and significant. This finding suggests

Dependent: lnypc2010 LS LIML IV Boot (BCa) 95% CI

Constant 5.91*** 6.29*** 6.29*** [6.12; 6.46]
(191.38) (75.76) (63.94) –

lnDen1991 0.06*** 1.27*** 1.27*** [1.15; 1.43]
(6.98) (18.86) (15.23) –

WlnDen1991 – �1.32*** �1.32*** [�1.50; �1.18]
– (�17.29) (�14.09) –

Weak instruments – 370.67*** 370.70*** –
Wu–Hausman – – 19489.20*** –
N 5,564 5,564 5,564 –
F-statistic 208.90*** – 179.10*** –

Note(s): (***) significant at the 1% level; z-statistics are in parentheses. We use as valid instrument for the
endogenous population density in 1991 the natural logarithm of per capita income level (lnRDPC91) in the same
year. The Wu-Hausman statistic tests the null of the absence of correlation between the covariate and the error
term (exogeneity). The weak instruments statistic tests the null of the absence of correlation between the
instruments and the endogenous variable. In the LS and standard IV methods, we use robust standard errors of
Cribari-Neto (2004) that present better performance, especially in the presence of influential observations. We
calculate the 95% bootstrap confidence interval based on 10,000 resamples using the IV estimator and the same
set of valid instruments employed for point estimates. The values in italics refer to the essential empirical findings
Source(s): Author’s elaboration from data

Table 3.
Agglomeration
effects estimates
(2010–1991) – Eq. (4)
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that when amarket potential expands in surrounding places, it attracts people and firms from
neighboring locations.

We found that density, our agglomeration measure, significantly raises the productivity
in a given city and decreases productivity in neighboring locations. Following the
interpretation of LeSage and Fischer (2008, p. 295) as the average total impact on an
observation, an autonomous decrease in the density of a set of neighbors raises the
productivity in a typical city in Brazil significantly. According to Redding and Turner (2015),
the cost of transporting people is a significant source of changes in density. Lowering
commuting costs induces people to leave over-populated areas, likely reducing adverse
agglomeration effects in a set of neighbors and boosting output per worker in a typical city.
As the output per worker is the primary determinant of the per capita income in the long run
(Krugman, 1997), the data suggest likely a new indirect source of alleviating poverty.

Regarding the movement of people within and between cities in Brazil, city’s data for
1995–2008 (Carvalho & Pereira, 2009, p. 88) show an undesirable trend in which household
per capita income lags behind the public transport fare (bus and subway) in urban places,
harming the job opportunities and welfare distribution across cities [4]. From the above-
reported empirical evidence and considering some theoretical predictions from the general
equilibrium model deployed for urban development (Redding & Turner, 2015), we conclude
that a reasonable way to boost job opportunities and contribute to alleviating poverty in cities
would be to invert this unfortunate trend observed in public transport fare. Lowering
commuting costs increases real income, worker mobility across urban locations and labor
supply in each city (Redding & Turner, 2015). Further, there is evidence that adverse
agglomeration effects (e.g. congestion costs) are sensitive to changes in commuting costs.
Specifically, reducing commuting costs may induce the population to migrate from the
central, heavily populated areas to lower-density neighboring areas (Redding &
Turner, 2015).

In general, these findings shed some light on the other studies that ignore simultaneity
bias and patterns of spatial dependence across cities and regions. Brazilian city-level data
reject the assumptions of exogenous poverty rates, exogenous population growth and
exogenous population density regarding productivity at a 1% level. The studies that ignore
both characteristics of data deserve to be reviewed and read with caution.

When we account simultaneously for spatial autocorrelation, endogeneity caused by
simultaneity between dependent and explanatory variables, and heteroskedasticity of
unknown form, Brazilian city-level data reject all three hypotheses of our study significantly.
Hence, we can extract three lessons from our study.

First, productivity and income growth, even accounting for the indirect effect of inequality
on economic growth, remain an essential source of poverty reduction in sustainable basis for
Brazil. Second, data show that the random growth hypothesis is not suited to describe
population growth in Brazil city-level data. Hence, it does not follow that population growth is
difficult to predict or anticipate for urban planning in Brazilian cities overall.

Lastly, agglomeration effects play a statistically and positive role in own city productivity,
but negative externalities are underlying the city development patterns.We can interpret this
finding by saying that most Brazilian cities are growing at the expense of the others when
they work as a centripetal force for skilled labor and R&D firms, for instance.

4. Conclusions
This paper explored spatial cross-section data of 5564 cities of Brazil to test three widely
known hypotheses on city growth literature. We employed tests for endogeneity, spatial
autocorrelation, and our inference method utilizes a variance-covariance matrix robust to
autocorrelation and heteroskedasticity of unknown form. In addition, we have used the 95%
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bootstrap confidence interval based on the IV estimator to measure the uncertainty about the
point parameter estimates for robustness.

Brazilian city-level data reject all three hypotheses of our study significantly. Hence, we
can extract three lessons from our study when we account for all essential data
characteristics. First, economic growth remains an essential source of poverty reduction in
sustainable basis for Brazil, accounting for the indirect effect of inequality on growth. Second,
data show that the random growth hypothesis, also called Gibrat’s law, is not suited to
describe population growth in Brazil city-level data.

Lastly, agglomeration effects play a significant and positive role in own city productivity,
while negative externalities are underlying the city development patterns. Thus, most
Brazilian cities are growing at the expense of the others when theywork as a centripetal force
for skilled labor and R&D firms, for instance .

Notes

1. See Gupta&Gupta (2020) for a comparison of Brazil to China, India, Indonesia,Mexico, andVietnam.

2. (IMF, 2021) summarizes and discusses much of the recently published works on productivity
growth.

3. Some authors argue that when city size distribution fits a lognormal distribution, it proves Gibrat’s
law for cities (see Giesen, Zimmermann, & Suedekum, 2010). This conclusion does not follow because
lognormal distribution can be generated by a convergence pattern in cities, in which there exists a
statistically significant inverse correlation between growth and city size (Kalecki, 1945; Portnov
et al., 2012). Hence, fitting a lognormal distribution to city size does not provide empirical evidence of
Gibrat’s law. As observed by Portnov et al. (2012), “Lognormality can, however, hold even where
proportionate growth does not. Thus log-normality does not provide sufficient evidence for
Gibrat’s law.”

4. The data for 1995–2008 show that even the inflation rate lags behind the public transport fare (bus
and subway) in Brazilian metropolitan cities (Carvalho & Pereira, 2009, p. 86).
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Appendix
Summary statistics and Moran statistic results
The economic and social attributes of cities were collected in the Atlas do Desenvolvimento Humano
home page at http://www.atlasbrasil.org.br/acervo/biblioteca. We used the following variables:

pi is the headcount poverty rate, defined as the proportion of households whose real per capita
income is equal or less than R$ 140.00 monthly (based on consumer price index at August 2010).

yi is the natural logarithm of real per capita income of a given city.

Gi: Gini index, it expresses the inequality degree across individuals based on the real per capita
income.

gi is the rate of economic growth, calculated as (Yi,2010 � Yi,1991)/Yi,1991, where Y is the per capita
income level.

ni is the rate of population growth, calculated as (POPi, 2010-POPi, 1991)/POPi, 1991.

Si is the number of inhabitants of a given city.
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deni is the ratio of the number of inhabitants to km2.

lnypc2010 is the natural logarithm of real per capita income in 2010.

lnDen1991 is the natural logarithm of population density in 1991.

lnPOP1991 is the natural logarithm of the population in 1991.

IDHM is the human development index in a given city.
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Variable Statistic 1991 2010

Poverty rate (%) Mean 56.7 23.2
SD 23.6 17.9

City size (population) Mean 26025 34050.9
SD 164650.2 201594.8

Per capita income level (R$/population) Mean 234.9 493.7
SD 143.6 243.3

Gini index Mean 0.53 0.49
SD 0.07 0.07

Density (population/km2) Mean 101.2 131.8
SD 703.9 880.8

Population growth (1991–2010) (%) Mean – 27.9
SD – 141

Per capita income growth (1991–2010) (%) Mean – 131.5
SD – 69.5

Source(s): Author’s elaboration from data

Null hypothesis Statistic Model

Absence of spatial autocorrelation 0.1204*** Eq. (1)
[0.0000]

Absence of spatial autocorrelation 0.0138*** Eq. (2)
[0.0000]

Absence of spatial autocorrelation 0.5687*** Eq. (4)
[0.0000]

Note(s): (***) significant at the 1% level. The p values are into square brackets
Source(s): Author’s elaboration from data

Table A1.
Summary statistics

Table A2.
Results for Moran test
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