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Abstract

Diante da perda de dinamismo da produtividade brasileira após a crise de 2008, o artigo avalia
como a produtividade regional por trabalhador reagiu a mudanças na composição estrutural, fa-
tores específicos de competitividade regional e mudanças alocativas, enquanto uma combinação
dos termos anteriores. Para isso, três componentes de shift-share (mix de indústria, regional e
alocativo) foram introduzidos em diferentes especificações espaciais de SUR (Seemingly Unre-
lated Regressions). Os principais resultados mostraram que as mudanças tecnológicas formadas
pelo mix industrial não foram significativas o suficiente para alavancar a produtividade diferen-
cial, abrindo espaço para a inserção de um padrão de crescimento sustentado pela competitividade
regional e intensivo em recursos naturais.
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Abstract

Faced with the loss of dynamism in Brazilian productivity after the 2008 crisis, we eval-
uated how regional productivity per worker has reacted to changes in structural composition,
specific factors of regional competitiveness, and allocative changes, as a combination of the pre-
vious terms. For this, three shift-share components (industry-mix, regional and allocative) were
introduced in different spatial SUR (Seemingly Unrelated Regressions) specifications. The main
results showed that technological changes formed by industry-mix were not significant enough to
leverage differential productivity, opening space for the insertion of a growth pattern sustained by
regional competitiveness, and intensive in natural resources.
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1 Introduction

There is a pattern of growth in which structural changes guided by technological accumulation
and diffusion configure sources of uneven growth. Recent history has shown that the modernization
of telecommunications and financial trade opening have contributed to productivity gains in emerg-
ing economies such as China, India, Mexico and Brazil. These countries went through a process of
productive restructuring aimed at greater international insertion. According to the contemporary view
of geography and trade, the motivation for the productive fragmentation and specialization of inter-
mediate goods, emerged with the tendency of proximity to large markets and locational advantages
formed by density in the labor market. Then, the differential cost of labor would be at the heart of the
productive regionalization based on the international division of labor (Krugman, 1991; Grossman
and Helpman, 1991; Krugman and Venables, 1995).

Brazil actively participated in this process from the 1990s onwards. The productive structure
benefited from foreign direct investment (FDI) from transnational firms, which began to migrate to
urban areas within the most industrialized region of the country: the development polygon industrial
(Diniz, 1993; Diniz and Crocco, 1996). It was believed that the preferential location would reduce
transport costs, strengthening intersectoral connections, not only within the limits of the national
territory, but also reaching MERCOSUR (Southern Common Market). In this context, the much-
desired structural change would be achieved through intersectoral technology transfers, driven by the
research and development (R&D) sector implemented by transnational firms.

In the macroeconomic field, institutional reforms, economic stability and exchange rate inter-
vention were important to re-establish minimum conditions favorable to growth. The new situation
benefited a wide range of industrial activities, which grew in a balanced way until the end of the
1990s (Carvalho and Feijó, 2000). In the 2000s, the adoption of an expansionary fiscal policy, com-
bined with accessibility to the commodity market, contributed to a new cycle of redistributive growth.
However, in addition to obstacles to expanding the domestic market, the 2008 crisis revealed a highly
heterogeneous industrial structure that was not very competitive on the international stage. Signs of
change became evident with the trend towards re-primarization of the export agenda and with the low
levels of productivity in the most dynamic sectors of the manufacturing industry (Bonelli, 2014; De
Negri and Cavalcante, 2014; Squeff and De Negri, 2014; Souza, 2015).

Thus, this article focuses on the problem of regional disparities in a scenario of productive
stagnation for the period 2007 to 2018. More specifically, it evaluates how regional productivity per
worker has reacted to changes in structural composition, to specific factors of regional competitive-
ness and allocative changes, as a combination of the previous terms. Following the proposal by Este-
ban (2000) and Le Gallo and Kamarianakis (2011), who examined the causes of persistent regional
disparity in the European Union, these factors (industry-mix, regional competitiveness and allocative
component) result from the multisectoral shift-share decomposition applied to labor productivity.

The shift-share analysis combined with spatial econometric models, configures a method still
little explored which allows advancing in the relationship between regional disparity versus produc-
tive concentration in Brazil. This decomposition is carried out, isolating the technological spillovers
of the most industrialized regions, from the differential productivity associated with the competitive-
ness of specific factors. In Brazil, recent studies have explored the regional impacts of productivity
per worker, adopting a purely deterministic shift-share method (Galeano and Feijó, 2013; Galeano
and Wanderley, 2013; Squeff and De Negri, 2014). The present study, however, makes this hy-
pothesis more flexible by considering that regional disparities are subject to stochastic shocks, non-
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parametrically tracked along the space-time relationship.

More precisely, from panel data samples, the first models with the constraints of regional
productivity are specified assuming that the unobservable effects are strictly conditioned to the in-
tertemporal dynamics, controlled by the variance-covariance matrix of the SUR model (Seemingly
Unrelated Regressions). Furthermore, given that the cross-sections configure contiguous regions, sub-
ject to the influence of spatial autocorrelation, spatial SUR models estimated by maximum likelihood
are evaluated, in terms of consistency and efficiency, using the single approach developed by Anselin
(1988).

In addition to this introduction, the article is organized as follows. Section 2 presents the
methodological strategy subdivided into the shift-share decomposition applied to regional labor pro-
ductivity and the specification of conventional SUR models and with control for spatial effects (SUR-
SLM and SUR-SEM). Section 3 presents an exploratory analysis of regional disparities. Section 4
shows the results of the empirical model, with emphasis on the specification tests of spatial models.
Finally, section 5 presents the conclusions of the present study.

2 Methodological strategy

2.1 Shift-share decomposition of regional productivity

The approach adopted in this study is an extension of the multisectoral shift-share decom-
position applied to regional labor productivity. Shift-share is a method frequently used in regional
analysis. It was developed to describe growth in terms of the regional productive structure. The litera-
ture demonstrates that the first version was developed by Dunn Jr (1960). Since then, other approaches
have emerged, most of which have been modified or improved because of the criticism received. Such
criticisms, in a way, contributed to the construction of a vast literature specialized in the analysis of
regional growth.

Based on differential employment growth in regions of the United States, Dunn proposed
isolating the proportion of growth explained by specific factors from what he called the structural
change effect. The latter would be important, as technology-intensive sectors began to show high
growth rates. In this context, structural change would be more related to the increasing participation
of dynamic sectors in the regional productive composition, while specific factors would be external
elements to the productive transformation, such as endowment of natural resources, differential in
transport costs, tax incentives, among other factors (Simões, 2005).

One question of concern was how to isolate two effects that are naturally correlated. As a re-
sult, Stilwell (1969) improved the weighting base of the classical model, increasing the accuracy of the
structural component. By incorporating a homothetic variable, Esteban-Marquillas (1972), in addition
to smoothing the influence of the structural component on the regional one (differential), introduced
an allocation effect, which captures the influence of specialized regions. Aiming to demonstrate that
growth is endogenous, Arcelus (1984) proposed a regional interpretation for the industrial mix. Barff
and Knight III (1988) proposed a dynamic analysis, with rates varying continuously over time. Their
purpose was to overcome the problem of simplified two-period comparative analysis.

In the present study, we used the approach of Esteban (2000), perfected by Le Gallo and
Kamarianakis (2011). This technique makes it possible to assess how regional productivity has been
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affected by structural changes, specific allocation of factors and intersectoral employment allocation.
Thus, to decompose the partial effect, the first identities establish that

e j
i =

E j
i

∑ j E j
i

, with ∑
j

e j
i = 1,∀i. (1)

e j =
∑i E j

i

∑i ∑ j E j
i

, with ∑
i

e j = 1,∀ j. (2)

Given that E j
i is employment in industry j in region i, the equation (1) represents the share of

regional occupations, and (2) is the share of aggregate industrial employment at the national level.

Based on these definitions, it is possible to quantify the respective productivity per worker at
regional and national levels.

pi = ∑
j

e j
i · p

j
i (3)

p = ∑
j

e j · p j (4)

Where, p j
i is the productivity of the regional industry and p j is the productivity of the national

industry. Both productivity levels are observed in the form of rates (logarithms).

Note that equations (3) and (4) are weighted averages. The weighting structure serves to in-
strumentalize the problem of structural heterogeneity, as it corrects the performance of high-productivity,
labor-saving sectors.

Thus, the regional productivity differential is obtained by

(pi− p) (5)

2.1.1 Structural component or industry-mix

The first component of the shift-share model is the structural or industry-mix. Its decomposi-
tion is obtained assuming the non-existence of regional differences between productivity levels, such
that p j

i approaches p j. In this case, a productivity differential can be written by

Si = ∑
j
(e j

i − e j) · p j (6)

The industry-mix component establishes that: if Si > 0, then the region i is specialized in high-
productivity sectors; but if Si < 0, then i is a non-specialized region and composed of low-productivity
sectors. If Si is maximum, then the productive structure i includes a set of high productivity sectors.

It is possible to demonstrate that (6) is equivalent to the national average plus the structural
component.

∑
j

e j
i · p

j = p+Si (7)
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2.1.2 Regional competitiveness or differential productivity component

Based on the share of occupations, this component is identified assuming that there is no
systematic difference in the size of the industries, such that e j

i approaches e j. In this case, the regional
differential is determined by factors unrelated to the size of the industry.

Ri = ∑
j

e j · (p j
i − p j). (8)

If Ri > 0, then the productivity per worker in i, exceeds the national average; otherwise, Ri < 0,
the productivity level is lower than the national average.

As before, the regional component can be rewritten as follows

∑
j

e j · p j
i = p+Ri. (9)

This shows that productivity in i is equal to the sum of national productivity plus the differen-
tial productivity component.

2.1.3 Allocative component

This component results from the combination of the previous terms and is a measure of co-
variance between the structural and regional components.

Ai = ∑
j
(e j

i − e j) · (p j
i − p j). (10)

If Ai > 0, then i is specialized in sectors whose productivity per worker is higher than the na-
tional average; otherwise, Ai < 0, then i is unskilled and exhibits a relatively low level of productivity
compared to the national average. As before, if Ai is maximum, then i is specialized in a sector with
high productivity.

Based on these terms, the productivity differential is defined in three components of variance.

yi = pi− p = Si +Ri +Ai. (11)

According to Esteban (2000) and Le Gallo and Kamarianakis (2011), one way of measuring
the importance of each shift-share component in explaining regional disparities would be to estimate
the relative variance of the terms in (11). However, through a simple variance decomposition exercise,
it is possible to demonstrate the non-interdependence between the terms.

Then, to isolate this effect, an alternative would be to regress each shift-share component
about the regional productivity differential.

yi = α
S +β

SSi + ε
S
i , i = 1, ...,N. (12)

yi = α
R +β

RRi + ε
R
i , i = 1, ...,N. (13)

yi = α
A +β

AAi + ε
A
i , i = 1, ...,N. (14)

5



The parameters α{S,R,A} and β {S,R,A} identify the respective impacts of the industry-mix com-
ponent, regional competitiveness or allocative component, on the regional productivity differential
per worker. In each regression, ε{S,R,A} are independent random errors.

Decomposing productivity into 17 sectors spread over 150 NUTS II regions, Esteban (2000)
was a pioneer in estimating regressions (12)-(14). The objective was to analyze whether the shift-
share components configure important conditions for the convergence of productivity per worker in
the European Union (EU). Subsequently, with data stacked in a panel composed of 197 regions in
the EU, from 1977 to 1999, Ezcurra et al. (2005) proposed a geographical and temporal extension of
Esteban’s cross-sectional approach.

According to Le Gallo and Kamarianakis (2011), a critical point of the approach of these au-
thors is the hypothesis attributed to the distribution of errors, in which the non-parametric instrumen-
tation is directed to control only serial autocorrelation. Evidently, this is an important issue because it
directly interferes with the intertemporal dynamics of the model. However, when the cross-sectional
dimension of the panel data sample is composed of contiguous regions, spatial autocorrelation is a
frequent problem, which must be controlled, under the risk of obtaining inconsistent and inefficient
estimates (Anselin et al., 2008; Elhorst, 2014).

Because of this, Le Gallo and Kamarianakis (2011) estimated the regressions (12)-(14), from
a non-parametric variance-covariance matrix, associated with the SUR model. Additionally, they im-
posed a weighting structure to control for spatial autocorrelation effects. As shown below, such a
structure was idealized in the form of a spatial lag vector (SUR-SLM) or spatial error (SUR-SEM).

2.2 SUR spatial model

In the present study, the empirical model was structured similarly to that of Le Gallo and
Kamarianakis (2011), but it was extended to receive two conditional variables.

yt = α
S
t +β

S
t St +Xtπ

S
t + ε

S
t , t = 1, ...,T. (15)

yt = α
R
t +β

R
t Rt +Xtπ

R
t + ε

R
t , t = 1, ...,T. (16)

yt = α
A
t +β

A
t At +Xtπ

A
t + ε

A
t , t = 1, ...,T. (17)

At each t = 1, ...,T , yt is a stacked vector N × 1 with the regional productivity differential
computed in logarithms, Xt is a matrix N×2 with conditional variables and each regressor St ,Rt ,At is
an independent vextor. As before, the superscript in the parameters αt ,βt ,π

′
t and errors εt , identifies

the nature of the shift-share effect on the productivity differential.

Two conditional variables are introduced to increase control over the market size effect. Pop-
ulation density is introduced primarily for the purpose of controlling the productivity differential
arising from economies of urbanization. Likewise, a Gini coefficient calculated from the volume of
employment per industrial firm is introduced in order to control for the effects of geographic industrial
concentration (Combes et al., 2008, p. 255-275).

The regressions (15)-(17) correspond to a non-spatial SUR, also called spatially independent
(SUR-SIM). In this model, the parameters (intercept and angular coefficients) are homogeneous in
space and may vary in time. Mur et al. (2010) proposed a generalized version, in which the effects
of spatial autocorrelation are controlled by both the dependent variable and the model errors. In these
authors’ approach, each regression has the following structure.

yt = λtW1yt +Ztδt +ut ⇒ Atyt = Ztβt +ut (18)
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ut = ρtW2ut + εt ⇒ Btut = εt

At = IN−λtW1 Bt = IN−ρtW2

Where, yt , ut and εt are vectors N× 1, Zt is a matrix with exogenous regressors N× 3, δt =
(αt ,βt ,πt1,πt2) is a vector of parameters, IN is an identity matrix N ×N, W1 and W2 are spatial
weighting matrices N×N, λt and ρt are spatial autoregressive coefficients.

Mur et al. (2010) call (18) SUR-SARAR, as the autocorrelation is controlled by both spatial
lag vector and spatial error. Due to the complexity of the structure, it starts by imposing a strong
constraint, which is to consider the absence of spatial autocorrelation of any nature (H0 : λt = ρt =
0,∀t). In this case, the SUR-SIM is specified by

yt = Ztδt + εt (19)
εt ∼ N (0,Ω)

In the diagonal block matrix Ω = Σ⊗ IN , Σ is a matrix T × T , such that the covariances
E[εit · εis] = σts accommodates the effects of serial autocorrelation, for all t,s = {1,2, ...,T}.

A second hypothesis is to assume that the autocorrelation is strictly conditioned to the dis-
tribution of the dependent variable (H0 : ρt = 0,∀t). Then, a spatial lag model can be represented
by

yt = λtW1yt +Ztδt + εt ⇒ Atyt = Ztβt + εt (20)
εt ∼ N (0,Ω)

The SUR-SLM is a particular case of the SUR-SARAR model. Its variance-covariance matrix,
ΩSLM = A−1(Σ⊗ IN)(A′)−1, shows that the spatial autocorrelation is imbricated with the dynamics
of the model. Note that in addition to the local impact determined by a change in any explanatory
variable of the model, there is a neighborhood effect associated with the spatial autoregressive process
contained in At .

A third hypothesis is to assume that spatial autocorrelation is restricted to errors (H0 : λt =
0,∀t)

yt = Ztδt +ut (21)
ut = ρtW2ut + εt ⇒ Btut = εt , εt ∼N (0,Ω)

SUR-SEM is also a particular case of the SUR-SARAR model. Anselin (1988) was a pioneer
in proposing tests to identify the incidence of spatial autoregression in the errors of the conventional
SUR model. The author demonstrated that, given a variance-covariance matrix, ΩSEM = B−1(Σ⊗
IN)(B′)−1, the parameters δt ,ρt and σts can be estimated consistently by maximum likelihood.

To compare the specifications, we used one-way tests based on the Lagrange Multiplier. We
start by testing the null hypothesis of no spatial effects in the SUR-SIM model, versus the alternative
hypothesis of spatial lag autocorrelation (SUR-SLM) or spatial error (SUR-SEM). If the null hypoth-
esis is rejected in both cases, we resort to robust versions of the Lagrange Multiplier tests (Anselin,
1988; Mur et al., 2010; López et al., 2014).
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2.3 Data

In the calculation of the fundamental equations of the shift-share method, data on the value
of industrial transformation (VTI) and employed population (PO) were used, both provided by PIA-
Empresa. It is the most comprehensive survey on the structural aspects of Brazilian industry. Through
it, data are observed at the level of industrial activities according to 2 digits of the CNAE 2.0 (Na-
tional Classification of Economic Activities), with spatial units covering the 137 Brazilian mesore-
gions. This level of decomposition allowed the generation of weighting matrices (1)-(2), and also the
productivity levels (3)-(4), along from 2007 to 2018.

In order to propose a consistent analysis of the temporal evolution of regional productivity,
price indices provided by the IPP/IBGE survey were used to correct the prices charged by 29 activities
in the extractive and manufacturing industry that make up the survey. Thus, regional and national
productivity levels should be interpreted as constant values in December 2018.

Based on the results of the Population Projections survey and area information (Km²), both
provided by the IBGE, we calculated the population density per mesoregion (first control variable).
This is an aggregated result of the population growth of Brazilian municipalities, estimated through
population parameters revealed by the latest IBGE Demographic Censuses.

In turn, data on the employment stock of industrial firms, used in the calculation of the loca-
tional Gini coefficient (second control variable), were extracted from RAIS Estabecimento (Relação
Anual de Informações Sociais). RAIS microdata provide the most comprehensive statistics on wage
and employment formation in Brazil.

We used IBGE geospatial metadata files, with the purpose of identifying the location of pro-
ductivity differentials, thus qualifying the presentation of the results produced. These files are also
important for designating the geographic limits of the mesoregions, as well as for the construction of
the queen spatial weighting matrix, based on first-order contiguity.

3 EASD and regional disparity

For exploratory analysis of regional disparities, we resorted to some statistical techniques,
maps and graphs usually used in EASD (Exploratory Analysis of Spatial Data). Using the global
Moran I statistic and a first-order queen matrix representative of the spatial weighting structure, we be-
gin by examining how spatial autocorrelation has influenced regional productivity per worker among
the 137 surveyed mesoregions.

Table 1 displays Moran’s I coefficients estimated in the cross-section of the panel data sample.
The underlying null hypothesis is absence of spatial autocorrelation. In terms of differential produc-
tivity, the results show that this hypothesis cannot be rejected, at a significance level of 10%, in 2009,
2010, 2016, 2017 and 2018. This result can be decomposed into two periods of intense structural
instability: 2009 and 2010 corresponds to the recursive effect of the 2008 financial crisis; the others
are the effects of the political and economic crisis that began in 2015.

Furthermore, throughout the entire period surveyed (2007 to 2018), Moran’s I coefficients as-
sociated with the industry-mix and allocative components are not significant at 10% error probability.
Therefore, the first evidence shows that specific endowments identified by the regional component,
configure the main causes of productivity differentials per worker.
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Table 1: Global Moran’s I statistic applied to the shift-share model productivity.
Year Differential productivity Industry-mix Regional Allocative

Coef. SD Prob. Coef. SD Prob. Coef. SD Prob. Coef. SD Prob.
(1) (2) (3) (1) (2) (3) (1) (2) (3) (1) (2) (3)

2007 0.188 0.059 0.001 -0.033 0.058 0.670 0.102 0.047 0.010 0.011 0.059 0.379
2008 0.132 0.057 0.008 -0.019 0.055 0.581 0.081 0.042 0.017 -0.006 0.058 0.487
2009 0.061 0.059 0.122 -0.032 0.058 0.667 0.004 0.050 0.412 -0.011 0.059 0.521
2010 0.031 0.058 0.254 -0.008 0.057 0.502 0.103 0.055 0.023 0.019 0.059 0.328
2011 0.207 0.059 0.000 -0.022 0.057 0.601 0.113 0.056 0.016 -0.030 0.059 0.649
2012 0.168 0.060 0.002 -0.045 0.058 0.744 0.042 0.057 0.195 -0.054 0.060 0.783
2013 0.295 0.060 0.000 -0.058 0.057 0.812 0.026 0.051 0.253 -0.054 0.059 0.788
2014 0.125 0.060 0.014 -0.032 0.056 0.667 0.056 0.043 0.070 -0.032 0.058 0.663
2015 0.181 0.060 0.001 -0.036 0.057 0.690 0.048 0.038 0.075 -0.031 0.056 0.664
2016 0.031 0.056 0.243 0.013 0.054 0.352 0.050 0.037 0.058 -0.005 0.057 0.486
2017 -0.029 0.052 0.664 0.023 0.054 0.286 0.035 0.040 0.143 0.018 0.057 0.326
2018 -0.023 0.053 0.618 0.017 0.055 0.327 0.021 0.028 0.157 0.009 0.057 0.385

Notes: (1) Moran’s Coefficient I, (2) standard deviation, (3) probability H0 : no spatial autocorrelation.
Source: research result and prepared by the author.

A limitation of the global Moran I statistic is its generality, which compromises the iden-
tification of local spatial regimes. Therefore, Anselin (1995) developed the LISA (Local Indicator
of Spatial Association) coefficients, which, in addition to keeping a proportionality with the global
statistics, identify spatial clusters according to four regimes. High-High clusters are formations where
neighboring localities share a similar level of productivity and above the national average. In contrast,
regions that share a low level of productivity are classified as Low-Low. It is possible to identify some
spatial dissimilarity. That is, a location with a low level of productivity neighboring with others with
a high productive performance (Low-High), or vice versa (High-Low).

In specific cross-sections, the LISA coefficients were estimated and plotted on maps displayed
in Figure 1. Due to the strong concentration of production, many locations (mesoregions) were con-
sidered non-significant at 10% error probability. Table 2 displays the absolute frequency according
to spatial regimes and values in parentheses represent locations with a significant LISA coefficient
at 10%. Table 3, in turn, shows the shift-share decomposition of regional productivity per worker in
2007 and 2018. In its construction, the most productive mesoregions in the national territory were
considered, which accounted for 85.3% and 75, 3% of VTI and PO, in 2007, respectively.

Table 2: Regional frequency according to local spatial regimes.
Cross-sections High-High High-Low Low-High Low-Low

2007 22 (17) 20 (4) 25 (7) 70 (23)
2011 18 (16) 20 (6) 22 (8) 77 (18)
2015 15 (13) 19 (6) 25 (7) 78 (13)
2018 10 (3) 21 (4) 32 (6) 74 (0)

Note: in parentheses are the significant mesoregions at 10%.
Source: research result and prepared by the author.

The industries with high performance are occupying preferential space in peripheral regions.
The productive structure in the North, for example, stands out for its strong spatial heterogeneity. It
is an excessively fragmented area where clusters specializing in capital and consumer durables are

9



concentrated, as well as industries that are intensive in natural resources. In the first case, productivity
at the Polo Industrial de Manaus (PIM), installed in Centro Amazonense, is supported by intersectoral
connections involving the manufacture of electronics, machinery and equipment, computer compo-
nents, communication and motor vehicles. The LISA statistic indicates a high probability of spatial
spillovers reaching the Northwest (Figure 1). In the second case, the abundance of mineral resources
is increasing the productivity of the mining-metallurgical sector, which is heavily concentrated in
Southeast Pará. In this way, spatial spillovers can reach the Área Metropolitana de Belém.

Figure 1: Local Moran I statistic applied to differential productivity.
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Source: research result and prepared by the author.

Although greater density is found in the main metropolitan areas (Fortaleza, Natal, Recife
and Salvador), the productive structure in the Northeast is less concentrated than in the North of
the country. Spatial integrality is driven by the Low-Low regimes, more specifically, by traditional
labor-intensive sectors (Food, Beverages, Textiles, Clothing and Leather Products). Although they
are limited in terms of adding value to the manufacturing product, such activities are important for
the dynamism of the local labor market. One result draws attention in the Northeast: the High-Alto
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regimes are more frequent in the southern coastal direction of the region. Although there is an effort
to promote diversification in the Camaçari complex, in Bahia, the petrochemical industry still guides
the dynamism in that region (Figure 1).

Table 3: Shift-share decomposition of regional productivity (2007-2018).
Cod. Mesoregion Regime (1) D.Productivity Industry-mix (2) Regional (2) Allocative (2) g

2007 2018 2007 2018 2007 2018 2007 2018 2007 2018 (3)
1303 Centro Amazonense (AM) HL HL 0.741 0.653 -0.210 -0.066 -0.672 -0.619 1.135 0.890 0.031
1503 Metropolitana de Belém (PA) LL NS -0.261 -0.248 -0.086 0.331 -0.529 -1.171 -0.350 -0.310 0.010
1506 Sudeste Paraense (PA) HL HL 0.021 0.966 0.395 -0.223 -1.158 -1.619 0.338 2.247 0.098
2303 Metropolitana de Fortaleza (CE) LL NS -0.807 -0.624 -0.174 -0.111 -0.965 -1.106 0.225 0.569 0.005
2605 Metropolitana de Recife (PE) LL NS -0.392 -0.094 -0.117 -0.087 -1.049 -0.857 0.602 0.669 0.009
2905 Metropolitana de Salvador (BA) HL NS 0.481 0.330 -0.329 -0.261 0.775 1.192 -0.443 -1.036 -0.026
3105 Triângulo Mineiro (MG) HH NS 0.046 0.173 -0.450 -0.324 -1.034 -1.390 1.242 1.698 -0.007
3107 Metropolitana Belo Horizonte (MG) HH NS 0.289 0.282 -0.060 -0.101 -0.343 -0.453 0.435 0.620 0.026
3108 Vale do Rio Doce (MG) HH NS 0.055 0.009 0.249 0.269 -0.992 -1.088 0.443 0.450 -0.003
3110 Sul/Sudoeste de Minas (MG) LH NS -0.319 -0.455 0.049 0.053 -0.965 -1.380 0.022 0.246 -0.020
3203 Central Espírito-santense (ES) HH HH 0.081 0.079 0.008 -0.010 -1.129 -0.851 0.717 0.471 0.030
3302 Norte Fluminense (RJ) HL HL 0.856 1.049 -0.367 -0.299 -0.937 -1.306 1.852 2.382 0.081
3305 Sul Fluminense (RJ) HH HH 0.610 0.418 -0.257 -0.177 -0.580 -0.577 1.144 0.990 -0.026
3306 Metropolitana Rio de Janeiro (RJ) HH NS 0.148 0.321 -0.178 -0.172 -0.273 -0.191 0.085 0.144 0.036
3501 São José do Rio Preto (SP) HL NS 0.065 -0.100 0.281 0.327 -1.095 -1.300 0.397 0.370 -0.035
3502 Ribeirão Preto (SP) HH NS -0.012 -0.046 0.238 0.277 -0.787 -0.946 0.187 0.301 -0.011
3503 Araçatuba (SP) HH NS -0.184 -0.066 0.058 -0.004 -0.760 -0.759 0.326 0.565 -0.013
3504 Bauru (SP) HH NS -0.060 -0.102 -0.027 -0.098 -0.402 -0.443 -0.071 0.109 -0.015
3505 Araraquara (SP) LH NS -0.086 -0.232 0.083 -0.073 0.199 -0.160 -0.845 -0.434 -0.009
3506 Piracicaba (SP) LH NS 0.030 0.054 0.003 -0.014 -0.507 -0.567 0.428 0.611 0.008
3507 Campinas (SP) HL NS 0.182 0.092 0.021 0.022 -0.480 -1.394 0.270 1.065 0.005
3508 Presidente Prudente (SP) HL NS 0.249 0.044 -0.260 -0.131 -0.592 -0.734 0.881 0.731 -0.006
3512 Macro Metropolitana Paulista (SP) LL NS 0.149 0.130 0.140 0.197 -1.145 -0.665 0.865 0.408 0.011
3513 Vale do Paraíba Paulista (SP) HL NS 0.505 0.379 0.097 0.096 -0.110 -0.420 0.359 0.635 0.024
3515 Metropolitana São Paulo (SP) HL NS 0.335 0.168 0.096 0.065 0.134 -0.089 -0.251 -0.184 0.001
4101 Noroeste Paranaense (PR) HH NS -0.368 -0.266 0.857 1.022 -0.909 -0.958 -1.020 -1.233 -0.029
4103 Norte Central Paranaense (PR) LL NS -0.391 -0.314 -0.191 -0.194 -0.460 -0.414 0.085 0.110 -0.019
4110 Metropolitana de Curitiba (PR) HL NS 0.223 0.190 -0.041 0.043 -0.955 -1.217 0.911 1.092 0.004
4202 Norte Catarinense (SC) LL NS -0.184 -0.226 -0.298 -0.366 -0.848 -0.892 0.627 0.653 0.006
4204 Vale do Itajaí (SC) LL NS -0.422 -0.399 -0.112 -0.179 -0.888 -0.929 0.062 0.169 -0.001
4205 Grande Florianópolis (SC) LL NS -0.488 -0.406 -0.097 -0.076 -1.128 -1.270 0.255 0.437 0.019
4302 Nordeste Rio-grandense (RS) LL NS -0.061 -0.024 -0.095 -0.013 -0.491 -0.476 0.085 0.134 0.011
4305 Metropolitana Porto Alegre (RS) LL NS -0.267 -0.142 -0.499 -0.356 0.091 0.138 -0.229 -0.323 0.014
5101 Norte Mato (MT) LH NS -0.302 -0.079 -0.756 -0.473 -1.053 -1.346 1.249 1.524 -0.007
5103 Sudoeste Mato-grandense (MT) HH NS -0.144 0.287 1.375 1.535 -1.121 -1.439 -1.102 -0.712 -0.002
5104 Centro Sul Mato (MT) LH NS -0.185 -0.010 0.289 0.352 -1.494 -1.951 0.444 0.963 -0.008
5202 Norte Goiano (GO) HH NS 0.498 -0.405 -0.127 0.126 -1.316 -1.211 1.467 0.229 -0.064
5203 Centro Goiano (GO) LH NS -0.445 -0.303 -0.068 -0.055 -1.210 -1.070 0.450 0.491 0.000
5205 Sul Goiano (GO) HL NS 0.106 0.186 -0.343 -0.270 -1.151 -0.710 1.428 0.985 -0.008

Notes. (1) Local spatial autocorrelation regime: High-High (HH), High-Low (HL), Low-High (LH), Low-Low (LL) and Not significant (NS). (2)
Shift-share components computed in logarithms and differential productivity are computed in logarithms. (3) is the geometric rate of real productivity
growth per worker/year.
Source: research result and prepared by the author.

In the Southeast, industrial activities are still concentrated around the metropolitan areas of
São Paulo, Campinas, Rio de Janeiro and Belo Horizonte. Although they accounted for 33.9% of the
total VTI and 26.3% of the PO in 2007, a significant differential growth is only observed in Área
Metropolitana de Belo Horizonte (Table 3). One consequence of the loss of dynamism of urbanizing
economies is the rise of specialized structures. In the Southeast, this process occurs in two directions.
On the one hand, the competitiveness of agriculture is strengthening the manufacturing location in
the interior of Minas Gerais and São Paulo. In another sense, comparative advantages related to the
extraction of oil and natural gas are attracting investment and reinforcing productivity in preferential
areas of the Brazilian coast, mainly in Rio de Janeiro and Espirito Santo. As shown in Figure 1, such
investments are not restricted to the Southeast and can reach coastal areas in the Northeast of Brazil.

Regional integration is a relevant aspect that distinguishes productivity in the South from the
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rest of the country. In general, geographic dispersion occurred while maintaining a certain relative ho-
mogeneity in productivity levels. As a result, the non-significance of the LISAs does not corroborate
the existence of a process of generalized deterioration of the agglomeration economies in the south
of the country (Figure 1). It is noteworthy that the decline was not more accentuated because changes
in the most dynamic links of industrial activity, concentrated in the metropolitan areas of Curitiba,
Florianópolis and Porto Alegre, ensured the sustainability of growth (Table 3).

Structural instability is the main feature of productive performance in the Midwest. This is
because productivity is excessively dependent on homogeneous production based on economies of
scale. Evidences are observed in food production, where cost savings are formed by proximity to
agriculture, the most important economic activity in the region. Structural instability and its spatial
effects are captured by the LISAs indices in Figure 1, showing that productivity expands rapidly in
times of high agricultural commodity prices; similarly, it declines with the deceleration of prices.

In short, the preliminary results based on spatial statistics (global and local Moran’s I), re-
vealed a pattern of structural instability that flourishes in recessive cycles and this conjuncture has
affected the productive performance in the most industrialized regions, located in the industrial de-
velopment polygon. The least affected structures are installed in the PIM, the Carajá mining and
metallurgical hub in Southeast Pará and in the oil and natural gas extraction hub that comprises areas
of Espirito Santo, Rio de Janeiro and the coast of São Paulo. In the three areas, specific factors were
decisive for the maintenance of productivity gains between 2007 and 2018.

4 Results of the SUR empirical model

Using the SUR method, with and without control for spatial effects, we continue to assess
the causes of the weak dynamism of Brazilian productivity and its regional impacts. To quantify the
effects of each shift-share component, Le Gallo and Kamarianakis (2011) started by comparing the
SUR fit with the pooled OLS model. But, due to the interdependence of the space-time relationship,
we start by examining the fit of the regressions (15)-(17), under the hypothesis of the SUR-SIM
model. The nonlinearity of such model, estimated by Maximum Likelihood, is represented in Figure
2. The first two lines of Table 4 display a statistical summary, the others show results of unidirectional
tests based on the Lagrange Multiplier.

Table 4: Teste LM para especificação de modelo SUR espacial.
Tests statistics Industry-mix Regional Allocative

Statistic p-value Statistic p-value Statistic p-value
R2 pooled (SUR-SIM) 0.0365 – 0.1530 – 0.0598 –
Bresch-Pagan (SUR-SIM) 5595 0.0000 5333 0.0000 5742 0.0000
LM-SUR-SLM 26.936 0.0078 35.519 0.0004 26.236 0.0099
LM-SUR-SEM 22.623 0.0311 24.661 0.0165 22.257 0.0347
LM*-SUR-SLM 24.857 0.0155 29.87 0.0038 23.919 0.0209
LM*-SUR-SEM 20.544 0.0574 18.228 0.1091 19.941 0.0682

Source: research result and prepared by the author.

The coefficient of determination R2 is obtained between cross-sections (G = 12) of the panel
data sample. It shows that the regression (16) controlled by the regional shift-share component gives
the best fit. Furthermore, the significance of the Bresch-Pagan statistic, extracted from the variance-
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covariance matrix, shows a pattern of spatial heterogeneity that interferes with the instability of the
parameters of the SUR-SIM model (Table 4).

Figure 2: Shift-share decomposition effect of regional disparity per worker (2007-2018)
Maximum Likelihood Estimator SUR-SIM
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Note: Estimated coefficient with 95% confidence interval.
Source: research result and prepared by the author.

The Lagrange Multiplier test is used to assess whether the inclusion of a spatial parame-
ter increases the predictive power of the non-parametric SUR model. It compares the transformed
variance-covariance matrix of a spatially unconstrained model with that of a non-spatial constrained
model. The results show that this difference is statistically significant at a 5% error probability, evi-
dencing that both SUR-SLM and SUR-SEM offer a better fit than SUR-SIM.
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An important property in unidirectional LM test is the weak power of rejecting of the null
hypothesis when it is not true (Anselin et al., 1996). Then, in order to increase the power of the test,
robust versions were introduced, aiming at the correct identification of the spatial autocorrelation.
Among the results achieved, one stands out: the LM*-SUR-SLM test is more powerful than the LM*-
SUR-SEM test (Table 4). It is important to note that this result does not rule out the predictive power
of the SUR-SEM model, it only indicates that the SUR-SLM offers a better fit. This argument is
reinforced by the fit in Figures 3 and 4, more specifically, by the absence of systematic difference
between the spatial autoregressive coefficients.

Figure 3 shows the temporal evolution of each shift-share component under the SUR-SLM
hypothesis. Note that all parameters of the regional component differ from the others. Evidence is
given by the slope β , estimated positive and statistically different from zero, between 2007 and 2018.
In contrast, a similar result cannot be attributed to the industry-mix component, whose 95% confi-
dence interval involves zero, over the analyzed period. As a result, the parameter associated with the
allocative component is also significant, but with an absolute value lower than the estimated β for the
regional component.

The lack of significance of the β industry-mix coefficient shows that technological changes
resulting from the dynamics of dense and urbanized regions, which are part of the Brazilian industrial
development polygon, did not significantly contribute to productive growth in the national territory.
In line with the EASD preliminary diagnosis – the loss of dynamism implies the rise of special-
ized structures – the results of the spatial models show a regressive and strongly localized change,
where differential productivity is supported by specific factors of regional competitiveness. Notably,
this growth pattern has been losing steam, as the global effect elasticity of the regional component
estimated at 0.198 in 2007, reduced to 0.085 in 2018 (Figure 3).

As previously demonstrated, these factors are associated with: (1) the policy of compensatory
tax incentives for the opportunity cost for companies specialized in the production of capital and
durable goods located in the Polo Industrial de Manaus (PIM); (2) the abundance of mineral resources
in the North of the country, which significantly increased productivity gains for firms specializing in
the extraction of mineral commodities, heavily concentrated in the Carajá mining-metallurgical hub
in Southeast Pará; (3) comparative advantages provided by agriculture that raised the productivity
of manufacturing firms (mainly in the food sector) in the Midwest; and (4) investments aimed at
expanding oil and gas extraction capacity along the Brazilian coast, strengthening industrial areas in
Bahia, Espirito Santo, Rio de Janeiro and São Paulo.

One consequence attributed to the regional growth pattern, which corroborates the regressive
dispersion thesis, is the maintenance of a strong framework of structural instability, represented by
the model parameters, more precisely, by the spatial autoregressive coefficients. As in the diagnosis
of the global Moran I statistic, such coefficients are not significant at a 5% error probability, only at
critical moments, such as the financial crisis in 2009-2010 and the political and economic crisis that
began in 2015. Figure 3 and 4 also show that the peak of spatial interdependence occurred in 2013,
with λ̂ = 0.201 and ρ̂ = 0.222. Based on this last result, it is estimated that a 1% shock in a given
region would contribute approximately 0.22% to the productivity gains of neighboring economies.
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Figure 3: Shift-share decomposition effect of regional disparity per worker (2007-2018)
Maximum Likelihood Estimator SUR-SLM
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Source: research result and prepared by the author.
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Figure 4: Shift-share decomposition effect of regional disparity per worker (2007-2018)
Maximum Likelihood Estimator SUR-SEM
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Source: research result and prepared by the author.
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5 Conclusions

Based on a method that combines the shift-share decomposition with spatial econometric
models, the present study evaluated how the regional productivity differential per worker has reacted
to changes in structural composition, to specific factors of regional competitiveness and allocative
factors, as a combination of the terms previous. The regional analysis was developed in a context of
productive stagnation of the Brazilian economy, worsened in the post-financial crisis (2007 to 2018).

The preliminary results of the EASD (Exploratory Analysis of Spatial Data) revealed that
technological changes captured by the industry-mix component were not significant enough to lever-
age differential productivity, opening space for the insertion of a pattern of growth sustained by the
competitiveness of industries intensive in natural resources. The correlation between specific local
factors and persistent regional disparity is supported by the econometric tests of the SUR models,
with and without control for spatial effects. In any specification, we observed that the slope β , as-
sociated with the regional component, was estimated positive and statistically different from zero,
between 2007 and 2018. The same result, however, cannot be attributed to the industry-mix compo-
nent, where the 95% confidence interval of the coefficient β involved zero throughout the analyzed
period.

The methodology adopted made it possible to identify the main local advantages responsi-
ble for leveraging productivity in specific areas. The fiscal incentive compensatory policy has been
important for the performance of firms specialized in the production of capital and durable goods in
the Polo Industrial de Manaus (PIM). The abundance of mineral resources has boosted the produc-
tion of commodities in the North of Brazil, mainly in the mining-metallurgical pole of Carajás in
Pará. Comparative advantages provided by agriculture have boosted the productivity of manufactur-
ing firms (mainly in the food sector) in the Midwest of the country. Investments in expanding oil and
gas extraction capacity along the Brazilian coast have strengthened industrial areas in Bahia, Espirito
Santo, Rio de Janeiro and São Paulo.

Still on the methodology, the Lagrange Multiplier tests indicated that the SUR-SLM model
presents a better fit compared to the SUR-SEM. However, the parametric estimates obtained by Max-
imum Likelihood do not confirm this hypothesis, as there are no systematic differences between the
parameters of the spatial models. One issue is evident, both SUR-SLM and SUR-SEM offer a better fit
than the non-spatial SUR-SIM model, attesting that spatial effects interfere with regional productivity
in a global context.
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