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Abstract
This paper tests three hypotheses by exploring a sizeable spatial dataset for 5564 Brazilian cities between 1991 and 2010—a positive correlation between city size and productivity in city-level data.
Second, the random growth assumption asserts that the city growth is independent of the number of
residents. Lastly, the poverty-growth elasticity can now be consistently estimated, accounting for endogeneity and spatial interactions. We employ valid instruments in all models. The point estimates
suggest that a 1% point increase in the per capita income is associated with a decrease in 4.4% in
poverty rates. Data rejects Gibrat’s law for Brazilian cities. The bias-corrected accelerated bootstrap
percentile interval supports our point estimates.
Keywords: Growth; cities; poverty; productivity; agglomeration.
JEL classification: O40; R11; R23.
Este estudo testa três hipóteses da literatura de crescimento em cidades empregando um banco de
dados com 5564 cidades brasileiras observado nos anos 1991 e 2010. Correlação positiva entre
aglomeração e produtividade. Ausência de correlação entre tamanho inicial e crescimento populacional. Elasticidade da pobreza em relação ao crescimento econômico. A estimativa por ponto sugere
que para 1% de aumento na renda per capita a pobreza diminui 4,4%. O crescimento da população
depende positivamente do tamanho da própria cidade e negativamente do tamanho das cidades relacionadas. A produtividade em uma cidade depende positivamente da sua própria aglomeração e negativamente do grau de aglomeração das cidades relacionadas. Intervalos de confiança de bootstrap
obtidos com variáveis instrumentais corroboram as estimativas pontuais.
Keywords: Crescimento; cidades; pobreza; produtividade; aglomeração.
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1. Introduction
The world economy has made 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 percent in 1991 to 23.20 percent in 2010, faster than countries
with similar per capita income levels.2
Nevertheless, social progress on a sustainable basis depends crucially on how productivity will
be recovered and maintained in Brazil next years or decades. The slowdown in productivity growth
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observed in Brazil and other developing countries have occurred many years before the COVID-19
pandemic (World Bank, 2020a; World Bank, 2020b; Bacha and Bonelli, 2016). In the long run, the
output per worker is the primary source of per capita income growth. 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, 2020a; World Bank, 2018; ILO, 2003).3
Poverty reduction strategies bear on the speed by which economic growth reduces poverty. Thus,
it is essential to measure 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% 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 data when choosing appropriate methods 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 et al.,
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 posses three essential characteristics. First, the data for all variables
used in the analysis comes 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 and Rey,
1991; Baltagi et al., 2012).
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 U.S. cities (Chauvin et al.,
2017). However, this pattern of economic growth is still less documented using all Brazilian cities’
data.
Further, the random growth hypothesis asserts that the city growth is independent of the number
of residents (Eeckhout, 2004; Portnov et al., 2012). Lastly, the poverty-growth elasticity, initially suggested by Ravallion and Chen (1997) and Chambers and Dhongde (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
et al. (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
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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 increases with 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 New York are good examples of extreme forms of economic
agglomerations within nations (Fujita and Thisse, 2009).
Being a country of migrants (Fiess and 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 and
Verner, 2003). Summing up, empirically, the above theories can be formally tested via the following
hypotheses, i.e.,
H01 : the response of poverty to economic growth is not important for cities.
H02 : the city growth is independent of the number of residents.
H03 : 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 them with related
works and, Section four provides brief conclusions.
2. Econometric methodology
2.1. Econometric models
According to Ravallion and Chen (1997), and Chambers and Dhongde (2011), the relationship
between poverty, economic growth, and inequality, in its basic form, can be examined using the model
given by
pi = α + β gi + φ ln Gi + ui ,
(1)
i = 1, . . . , 5564; where pi denote the poverty rate for city i, β is the poverty elasticity measure, gi denote
the rate of economic growth for city i, ln Gi 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 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
Least Squares 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
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the inequality level and economic growth in neighboring cities, lnW Gi and W gi . Our approach is
similar to Baltagi et al. (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.
Further, we employ Staiger and Stock (1997)’s 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, then wi j > 0. Otherwise, wi j = 0, and the diagonal elements of W are set to zero as
a normalization standard. Because row-sums to unity, W gi contains a linear combination of income
growth from related cities. W gi captures the spatial dependence in gi , and the variable lnW Gi captures
the spatial dependence in the inequality index in neighboring cities.
According to Chauvin et al. (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 and 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 = γ + π ln Si + µi ,

(2)

i = 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
and Thisse, 2009) reads
ni = γ + π ln Si + λ lnW Si + ei ,

(3)

where the main parameters of interest are π and λ , the variable lnW Si 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 = α + π ln deni + εi ,

(4)

i = 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 Least
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Squares (LS) parameter estimates. In this case, using an IV estimator, we may test the agglomeration
effects employing the model given by
yi = α + ω ln deni + κ lnW deni + vi ,

(5)

where the main parameters of interest are ω and κ, the variable lnW deni 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 and Thisse, 2009). We follow Glaeser et al. (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 avalaible 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 A all summary statistics and the description of the variables (see Table 4)
and the results of statistical tests for spatial autocorrelation (see Table 5) based on the global Moran’s
statistic (Bivand et al., 2009; Anselin and 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 Table 4 show that 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 and Fischer, 2008; Glaeser et al., 1995).
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Figure 1: Incidence of poverty in all cites of Brazil, 1991 and 2010.

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 CribariNeto (2004). The data reject the assumption of the absence of spatial autocorrelation in poverty rates
(see Table 5), and the Wu-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. The LS-biased estimates likely reflect neglected endogeneity and uncontrolled
spatial autocorrelation. The consistent IV parameter estimates suggest that when the per capita income
of a typical Brazilian city rise 1% point, the poverty rate declines 4.4%, on average. 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 biascorrected, accelerated bootstrap percentile interval (BCa ) because it conveniently combines precise
point estimates and hypothesis testing in a single inferential statement (DiCiccio and Efron, 1996).
Annegues et al. (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, when we 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.

6

Table 1: Poverty response to growth and inequality estimates (1991-2010) - Eq. 1

Dependent: Poverty2010
Constant
lnRDPC1991
g
ln G1991
Weak instruments statistic
Wu-Hausman statistic
Sargan statistic (p-value)
Number of observations
F-statistic

LS

IV

218.374***
(98.186)
-32.779***
(-98.394)
-11.977***
(-34.218)
9.661***
(13.439)
—
—
—
5564
12520***

186.775***
(20.416)
-28.257***
(-21.152)
-4.367**
(-1.965)
13.163***
(8.462)
48.070***
46.239***
0.601
5564
6997***

Boot (BCa ) 95% CI
[173.780; 196.256]
—
[-29.638; -26.423]
—
[-6.607; -1.354]
—
[11.361; 15.448]
—
—
—
—
—
—

Notes: Notes: (***) 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 (lnW G1991), and the per capita income growth in neighboring
cities over the same period, W g1091. 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. We use robust
standard errors based on heteroskedasticity and autocorrelation consistent estimator of Cribari-Neto (2004) that present
better performance, especially in the presence of influential observations. We calculate the 95% bootstrap confidence
interval based on 10000 resamples using the IV estimator and the same set of valid instruments employed for point
estimates.

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 5), 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.
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Table 2: Gibrat’s law for population growth estimates (1991-2010) - Eq. 2.

Dependent: ni (population growth)
Constant
lnPOP1991
W lnPOP1991
Weak instruments statistic
Wu-Hausman statistic
Sargan statistic (p-value)
Number of observations
F-statistic

LS

IV

0.698***
(1.959)
-0.045
(-1.235)
—
—
—
—
—
5564
6.712***

5.500***
(3.171)
0.316***
(8.894)
-3.673***
(-4.265 )
681.394***
98.980***
0.285
5564
28.990***

Boot (BCa ) 95% CI
[3.017; 10.403]
—
[0.258; 0.401]
—
[-6.060; -2.432]
—
—
—
—
—
—

Notes: Notes: (***) 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 (ln RDPC91) in 1991, the
natural logarithm of population-level in neighboring cities in 1991 (lnW POP91), and the IDHM level in neighboring
cities in 1991 (W IDHM91). 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. We use robust
standard errors based on heteroskedasticity and autocorrelation consistent estimator of Cribari-Neto (2004) that present
better performance, especially in the presence of influential observations. We calculate the 95% bootstrap confidence
interval based on 10000 resamples using the IV estimator and the same set of valid instruments employed for point
estimates.

The response of city growth to initial size in the LS estimator is biased, inconsistent, and outside the bootstrap confidence interval. Like poverty elasticity, the LS-biased estimates likely reflect
neglected endogeneity and uncontrolled spatial autocorrelation. This apparent confirmation of the
Gibrat law is not robust to more accuracy and data scrutiny. The IV parameter estimates displayed in
Table 2 indicate that city growth suffers significant positive influence from own size and negative and
significant influence from neighboring cities. Data rejects Gibrat’s law for Brazilian cities. It shows
that some cities tend growth at the expense of others in Brazil. These findings suggest that conclusions
based on the assumption of independence across cities and exogenous city size are unreliable and must
be viewed cautiously.
Regarding Gibrat’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.
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.4
4 Some

authors argue that when city size distribution fits a lognormal distribution, it proves Gibrat’s law for cities (see
Giesen et al., 2010). This conclusion does not follow because lognormal distribution can be generated by a convergence
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Soo (2014) also conduct 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
et al., 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 and 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) have reached similar conclusions for US cities.
Agglomeration economies can give rise to strong positive or negative externalities (Fujita and
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. 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 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 5), 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 and 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 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: 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.
Interestingly, like the pattern in population growth, the way 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 that when a market potential expands in surrounding
places, it attracts people and firms from neighboring locations.
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.”
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Table 3: Agglomeration effects estimates (2010-1991) - Eq. 4.

Dependent: lnRDPC2010
Constant
lnDen1991
W lnDen1991
Weak instruments statistic
Wu-Hausman statistic
Number of observations
F-statistic

LS

IV

5.911***
(191.377)
0.056***
(6.983)
—
—
—
—
5564
208.900***

6.289***
(63.942)
1.271***
(15.227)
-1.322***
(-14.089)
370.700***
19489.200***
5564
179.100***

Boot (BCa ) 95% CI
[6.124; 6.463]
—
[1.147; 1.433]
—
[-1.501; -1.181]
—
—
—
—
—

Notes: Notes: (***) 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 (ln RDPC91) 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. We use robust standard errors based on heteroskedasticity and autocorrelation consistent estimator of CribariNeto (2004) that present better performance, especially in the presence of influential observations. We calculate the 95%
bootstrap confidence interval based on 10000 resamples using the IV estimator and the same set of valid instruments employed for point estimates.

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 citylevel 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% bootstrap confidence interval based on the
IV estimator to measure the uncertainty about the point parameter estimates for robustness.
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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 they work as a centripetal force for skilled labor and R&D
firms, for instance.
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Appendix A: 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).
Poverty2010: 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) in 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.
deni : is the ratio of the number of inhabitants to km2 .
lnRDPC2010: 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.
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IDHM: is the human development index in a given city.
Table 4: Summary statistics.

Variable

Statistic

Poverty rate (%)

1991

Mean
SD
Mean
SD
Mean
SD
Mean
SD
Mean
SD
Mean
SD
Mean
SD

City size (population)
Per capita income level (R$/population)
Gini index
Density (population/km2 )
Population growth (1991-2010) (%)
Per capita income growth (1991-2010) (%)

56.7
23.6
26025
164650.2
234.9
143.6
0.53
0.07
101.2
703.9
—
—
—
—

2010
23.2
17.9
34050.9
201594.8
493.7
243.3
0.49
0.07
131.8
880.8
27.9
141
131.5
69.5

Table 5: Results for Moran test statistic.

Null hypothesis

Statistic

Absence of spatial autocorrelation

0.1204***
[0.0000]
0.0138***
[0.0000]
0.5687***
[0.0000]

Absence of spatial autocorrelation
Absence of spatial autocorrelation

Notes: (***) significant at the 1% level. The p-values are into square brackets.
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Model
Eq. 1
Eq. 2
Eq. 4

