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Abstract

This paper examines the impact of market access on regional inequality, using the relo-

cation of Brazil’s capital to Braśılia as a natural experiment. The capital’s relocation was

followed by a substantial expansion of infrastructure, particularly highways, which reduced

trade costs and enhanced market access throughout all the regions in the country. This study

measures the effects of the increased market access across all Brazilian states, with particular

attention to differences between rural and industrial regions. Market access and inequality

indices are constructed using official data sources. The findings indicate that increases in mar-

ket access are associated with an increase in regional inequality in industrial regions, while

the effect is significantly attenuated in rural areas.
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1 INTRODUCTION

1 Introduction

The use of infrastructure construction as a tool for regional development has been a long-

standing argument among economists throughout history. This thesis does not dispute the

role of infrastructure on growth but seeks to examine more deeply how such investments affect

different municipalities where the infrastructure is implemented. The primary objective is to

determine whether the reduction of trade costs through highway construction decreases or

increases inequality across regions within a state.

To address this question, the thesis takes advantage of the relocation of Brazil’s capital

city to Braśılia in 1960 as a natural experiment. This event serves as an ideal setting to

analyse how regions that previously had limited access to goods from other areas experienced

significant changes following the major expansion of infrastructure and the adoption of a

radial transportation network that was carried out from the 1960’s onwards. The natural

experiment framework facilitates the identification of causal effects, resembling a difference-

in-differences estimation, where changes in market access across states capture the true impact

of infrastructure construction.

The concept of market access has gained prominence in recent years, particularly following

the influential work of Donaldson and Hornbeck (2016), who developed the variable as a

means to measure the effect of infrastructure and other economic factors on trade costs and

within-country trade. Other authors, such as Morten and Oliveira (2024) and Astorga-Rojas

(2024), have further explored this concept in the context of Brazil and have significantly

caused influence in the framework of this study. However, the aim of this project differs

from previous research by focusing and contributing to previous literature specifically on the

relationship between market access and regional inequality.

To ensure the robustness of the results, various inequality indices are employed, all con-

structed using census data from official sources. The market access variable is developed

based on the trade costs obtained from the lowest travel time routes between state capitals,

as it is done in Morten and Oliveira (2024). The analysis proceeds by estimating a range
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2 CONCEPTUAL FRAMEWORK

of models: starting with baseline specifications, then adding control variables, instrumenting

market access, and finally introducing an interaction term to distinguish between rural and

industrial regions in Brazil, in order to assess whether the effects differ across these areas.

The study is organized as follows. Section 2 reviews the relevant literature and discusses

the various approaches that have been taken to address similar cases. Section 3 describes the

data sources and details the construction of the primary variables used to measure market ac-

cess and the inequality indices. Section 4 outlines the methodology employed for constructing

the main variables and presents the different regression models estimated. Section 5 develops

and discusses the results of the models and provides key insights. Finally, Section 6 concludes

the thesis.

2 Conceptual Framework

The main goal of the following theoretical subsection will be to explore the previous literature

on market access and income inequality between regions and to look at both the results and

the approximations that different authors have achieved to look for causalities and similarities

of the variables with other factors.

2.1 Literature Review

Previous literature related to this paper can be divided into two distinct parts, each reflecting

different scopes of what this article aims to conclude. First, those that study market access as

a variable at different levels, starting at a municipal level with only inter-country trade and

ending at national level studies that also consider external trade.

The market access analysed in this paper is constructed at the state level, offering a

different perspective from Donaldson and Hornbeck (2016), who compute market access at

the county level in the United States, a methodology similar to that of Astorga-Rojas (2024),

who applies it at the MCA (Minimum Comparable Area) level in Brazil. By working at a more

disaggregated level, the number of observations increases and the resulting estimates may be

more consistent, as bilateral trade costs are captured more comprehensively, incorporating

richer information on the costs of trade across all MCAs. However, their approaches differ in
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2.1 Literature Review 2 CONCEPTUAL FRAMEWORK

important ways: Donaldson and Hornbeck focus on the impact of market access on agricultural

land values and population distribution, computing market access weighted by population,

whereas Astorga-Rojas examines how market access contributes to agricultural productivity

and the adoption of key technologies, constructing the variable using the GDP share of each

geospatial unit.

This thesis adopts both definitions of market access established in both studies to ob-

tain robust results while working at a state level (constructing one variable with population

and another with the share of GDP). Both papers find that market access positively affects

agricultural productivity and land value. To strengthen their analyses, both apply different

instrumental variable strategies, but reach different conclusions after instrumenting market

access. Astorga-Rojas (2024) instruments market access to emphasize the natural experiment

at the core of his analysis, constructing a market access variable that assumes no roads ex-

isted prior to the infrastructure built around Braśılia. The strength and statistical relevance

of the instrument increases over time, resulting in a higher estimated elasticity of the out-

come variable with respect to market access. In contrast, Donaldson and Hornbeck (2016)

instrument market access using waterways to create a water-based market access measure.

While this approach appears reasonable, the considerably bigger magnitudes they obtain may

indicate a possible violation of the IV identification assumptions. The assumption made in

their paper is that counties farther from natural waterways may have experienced greater

increases in agricultural land value due to factors unrelated to market access. Although the

IV estimates do not reject a strong effect of market access on agricultural land value, a greater

emphasis is placed on empirical strategies that control for local shocks to land values. In this

paper, a similar approach to the one shown by Donaldson and Hornbeck is achieved using the

kilometers of railways for each state across time as an instrument.

On the causality of market access and infrastructure construction on growth and income,

Donaldson (2018) examines the effects of railroad construction in India and makes significant

contributions to the field. His study demonstrates that the expansion of the railroad network

led to a reduction in trading costs, a decrease in inter-regional price gaps, and an increase

3
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in trade volumes. When the railroad network reached the average district, real agricultural

income in that district rose by approximately 16%. This evidence shows that railroads con-

tributed to increased real income, a factor relevant to the results of this work. For further

details, see also Donaldson and Burgess (2012).

A similar approach is seen in Morten and Oliveira (2024), from which this paper draws

significant inspiration, especially in the computation of trade costs. Morten and Oliveira

compute travel costs through an estimation of the time it takes to travel from one place to

another via the lowest freight route. This mechanism is used in this paper, not considering,

as in de Sousa et al. (2012), any border-related costs between states. Sousa et al., in their

study, compute trade costs slightly differently by considering border state costs and construct

their bilateral trade cost through: τij ≡ dδij(1 + brcij)uij where brcij are the border-related

costs and uij the unobserved determinants. The different methods of computing trade costs

and market access are important considerations when comparing papers in this field of study,

as there is no objective or determined way to compute certain predictors, which may cause

slight differences when comparing the results obtained by different methodologies.

The second strand of literature central to this thesis concerns the use of inequality indices

to measure disparities across regions. While most of the inequality measures employed in this

thesis are consistent with those used by Magalhães and Alves (2022), there is a much broader

literature underpinning these indices. In their study, Magalhaes and Alves compute inequality

indices both at the national level across all MCAs and at the macro-regional level. Their find-

ings reveal a marked increase in regional inequality at both the national and macro-regional

scales during the 1960’s, with all indices peaking in the early 1970’s, a period characterized

by unsustainable regional disparities. This was followed by a significant decline in inequal-

ity throughout the 1980’s. Although the present study focuses on regional inequality at the

state level, similar patterns can be observed, reflecting the broader trends documented in the

literature.

The implementation of regional development policies, such as the creation of the Super-

intendency for the Development of the Northeast in 1959 and the Superintendency for the
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Development of the Amazon in 1966—whose effects are examined in greater depth by Acker

(2021)—played a crucial role in this process. Alongside these targeted policies, broader federal

initiatives, the expansion of national transportation and telecommunications infrastructure,

the development of capital markets, and the relocation of the federal capital to Braśılia all

contributed to the emergence of new economic activities across the country. Collectively, these

developments fostered regional convergence and a reduction in inequality indices during the

1980’s—a trend observed not only at the national and macro-regional levels, as documented

by Magalhães and Alves (2022), but also at the state level, as demonstrated in this paper.

Other authors, such as Azzoni (2001), have also examined regional inequality patterns

in Brazil. In his analysis spanning 1940–2000, Azzoni investigates the relationship between

regional disparities and economic growth using two key metrics: the Theil index and Coef-

ficient of variation to measure per capita income dispersion. Rather than focusing only on

national-level data, he aggregates Brazil into five macro-regions (North, Northeast, Southeast,

South, and Center-West) while also maintaining the state-level analysis. The study distin-

guishes between conditional and absolute convergence, revealing that periods of rapid GDP

per capita growth correlate strongly with rising regional inequality. Crucially, Azzoni demon-

strates that the rate of inequality change depends on national income growth speed, faster

economic expansion accelerates either regional divergence. His findings suggest evidence of

regional convergence dynamics, though, these are modulated by national growth patterns.

His study shows to be very useful for a comparison with the state inequality levels achieved.

3 Data

Historical data available from IPEA (Instituto de Pesquisa Econômica Aplicada) and IBGE

(Instituto Brasileiro de Geografia e Estat́ıstica) on population per municipality and GDP per

municipality is used to compute GDP per capita and all the inequality indices. The raw GDP

data is available for the years 1939, 1950, 1960, 1970, 1975, 1980, 1985, and 1996, while the

population data is available for 1940, 1950, 1960, 1970, 1976, 1980, 1985, and 1992. These

data points are interpolated to obtain continuous observations, allowing for a proper analysis.
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All the GDP data is in 2010 Brazilian reals (Reais) to facilitate the comparison and analysis

of the data.

As Brazil experienced a major increase in the number of municipalities during its 20th

century development, the unit of analysis for the computation of the inequality indices are

the minimum comparable areas (MCAs). The MCAs used are those developed in Ehrl (2017).

Minimum comparable areas are geospatial units that are time-consistent, created to enable

comparison between any arbitrary sub-period between two census years. They were first

introduced in Reis (2011). These geospatial units can be analysed as municipalities with

constant borders throughout the studied period.

An issue encountered while processing the GDP per capita data was the mismatch of in-

formation between the population and GDP data per municipality. Since there is no existing

database on GDP per capita per municipality or for the MCAs, there are some minor mu-

nicipalities in all the years analysed that do not have a match-either from the population per

municipality database with the GDP one, or vice versa. This can be due to various factors,

such as the merger of a municipality with another, a name change without official record, the

dissolution of a municipality, or the nonexistence of data for that period. These mismatches

account for less than 1% of the total database and have been excluded to ensure a more

accurate and correct analysis.

Some typographical errors in the GDP data for some municipalities were also encountered

in the official data from IPEA and IBGE. To solve these issues, the data used on the GDP

per capita is filtered using the percentiles from 0 until the 99.75 percentile, as they resulted

in significant bias in the obtained results. The errors included extremely large and incorrect

GDP numbers for specific years in the dataset that translated into the MCAs and consequently

into the inequality indices and the results.

All the digitalized highway data in the format of shapefiles and the bilateral travel time

and distances across municipalities are obtained from the database of Morten and Oliveira

(2024) and can be seen in Figure 2 in the Appendix. The source for the shapefiles developed
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in the paper from 1960 onwards is from the Ministério dos Transportes, and for the highway’s

information from 1940 and 1950 it was manually created from the 1960’s map deleting the

roads constructed in 1940 and 1960 for the former and 1950 and 1960 for the first. To achieve

this the data from Brazilian National Transport plans (Ministerio dos Transportes, 1974) and

Rodrigues (2008) were used.

The trade costs for the construction of the market access variable are computed with the

bilateral traveling cost in the same way as suggested in Astorga-Rojas (2024) where:

τijt = ec(i,j)t (1)

The exponential form of Equation 1 has the interpretation that the instantaneous trade cost

are of iceberg form, a usual assumption in many different models of trade. The bilateral lowest

travel travel time between the states will be used as c(i, j)t. The travel time reference for each

state is the one of its capital with the others, this is done with the goal of simplifying and

facilitating the computation process and obtaining more significant results. Thus, generating

a 26 ∗ 26 matrix with each state having 25 different values of trade costs.

The results are then normalized as shown in Arkolakis and Allen (2014), to facilitate its

interpretation and the one of the market access variable. The trade costs of the diagonal of

the matrix were all established with a value of 1, making the assumption that there is no cost

to trade between a state and itself.

The data for the control variables and the instrument were also obtained from IPEA and

IBGE. The Agricultural GDP data contained certain typographical errors, which were cor-

rected by the author. The control variables were constructed using the same data employed to

compute GDP per capita, aggregating values across all MCAs within each state. Specifically,

the denominator was calculated by summing the relevant variables for all MCAs that comprise

a state, while the numerator was sourced from official state-level data. This approach was

used to construct both control variables.
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4 Methodology

4.1 Inequality Indices

As stated by Magalhães and Alves (2022) regional inequalities can be measured by a wide

variety of indices. In this thesis, the four nonparametric inequality indices shown in their

paper are considered to add more robustness to the analysis and three will be used for the

results to check if they are consistent to scale changes. The regional inequality indices will

be formed with the MCAs and computed at a state level with the per capita GDP obtained.

There are two states that will not be considered for the computation of the inequality indices

as they are formed by only one MCA which makes the computation of the inequality indices

not possible, the states that are not considered and will not take part in the results are

Rondonia (RO) and Roaraima (RR).

4.1.1 Gini Coefficient Across Municipalities

G =

(
1

2µ

)
1

n(n− 1)

n∑
i

n∑
j

|yi − yj | (2)

The Gini coefficient across regions computed by Kakwani (1980) is considered one of

the most popular and used indices to measure inequality. It offers a comprehensive view of

inequality by considering the entire distribution of a population. This complete information

measure allows for direct comparisons between populations, irrespective of their size. As a

consequence, in this study, we can directly compare the results obtained from the data at

different scales.

Equation 2 is formed by yi and yj which are the GDP per capita of regions i and j, n is

the number of MCAs that form a state and µ is the arithmetic mean of the per capita GDP

of the regions that form a state. The Gini coefficient goes from 0 (perfect equality between

all the MCAs in a state) or 1 (perfect inequality across all MCA in a state) or what it is the

same, all the GDP is concentrated in one MCA. Thus, the Gini coefficient can be viewed as

the arithmetic mean of the difference of the per capita GDP between all the MCAs that make

8



4.1 Inequality Indices 4 METHODOLOGY

up a state divided by the largest possible value of this average (2µ) as it is shown in Shankar

and Shah (2003).

4.1.2 Theil Index

T =
∑
i

xi log

(
xi
qi

)
(3)

Theil index is, as shown in Siddique and Khan (2021), one of the most extensively used

approaches for analysing regional inequality. Its interpretation differs from the Gini coefficient

as the values are not comparable between different units or nations, so the index limits will

be specific of this individual analysis.

In Equation 3, the same approach as in Theil (1967) is followed, where x is the share of

GDP of the MCA and qi is the population of the MCA. If the income distribution across the

geospatial units studied is perfectly equally distributed, the Theil index is equal to 0, which

means that there is equality between the GDP of all the MCAs that form a state, or, in other

words, regional GDP mirrors its population size.

4.1.3 Coefficient of Variation

CV =

√
1

T−1

∑
i(yi − µ)2

µ
(4)

The Coefficient of variation (CV) is also a widely used measure of regional inequality, as it

quantifies the dispersion of values around the mean as shown in Equation 4. Specifically, the

CV of regional per capita GDP (y) is calculated as the ratio of its standard deviation to its

arithmetic mean (µ).

A CV value of 0 indicates perfect equality, meaning all regions have identical per capita

GDP. As the CV increases, it reflects greater inequality across the regions, with values further

from zero indicating a wider spread of per capita GDP among the MCAs that make up the

distribution. Thus, a higher CV means more pronounced disparities in regional economic

performance, as demonstrated in Allison (2016).

9
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4.1.4 Standard Deviation of per capita GDP

σ =

√
1

T − 1

∑
i

(yi − µ)2 (5)

Where T is the number of MCAs that form a state, yi is the per capita GDP of region

i, and µ is the arithmetic average of regional per capita GDP. This index is computed by

first converting the data to a logarithmic scale. This helps to reveal potential proportional

variations that wouldn’t be as clear on a natural scale. Consequently, this transformation

effectively shows information on variations from both the tails and the middle of the distribu-

tions. This transformation is discussed in Sala-i-Martin and Barro (1991). A lower standard

deviation indicates a more egalitarian distribution of wealth.

To see the results of the computations all the inequality indices in the 24 studied states

across different time periods see Table 11 in the Appendix. See also Figure 7, Figure 8, Figure

9 and Figure 10 to see the evolution of each index across the years studied.

4.2 Market Access

The market access variable is computed in two different ways to add robustness to the results

and it is interpolated to facilitate a uniform yearly study. Firstly, the empirical approach

from Donaldson and Hornbeck (2016) where:

MAi ≈
∑
d

τ−θ
id Nd (6)

With τ being the trade costs between state o and another state, d being the different number

of states and Nd, the population of the state d and θ being the trade elasticity, which measures

how sensitive the exports are to an increase in the trade cost.

The second approach is the one suggested by Astorga-Rojas (2024) used for the specific

scenario of Brazil, where:

MAit =
∑
j ̸=i

τ−θ
ijt shareGDPjt (7)

10
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In which, instead of using the population of the state, the share of Brazil’s GDP in that state

is used. The trade elasticity values used to compute the market access variable in the two

different approaches differ depending on the method and paper selected. We can take as a

reference those obtained by Astorga-Rojas (2024) and Morten and Oliveira (2024), which each

can be examined with the different methods used in Table 1.

Table 1: Trade elasticity estimates

Study Method Elasticity (θ)

Astorga-Rojas 2SLS 3.39
Astorga-Rojas OLS 2.80
Morten and Oliveira OLS 2.96
Morten and Oliveira IV 3.26

Source: Author’s own elaboration.

Figure 3 and Figure 4 in the Appendix show the growth and evolution of the market access

variable using the Morten and Oliveira IV trade elasticity and Equation 6 and Equation 7.

It can be seen that states farther from the coast and in the interior have experienced more

significant growth in market access since the 1940’s, as their initial conditions were much

worse than those of the more populated areas in the eastern part of the country as it can be

noted by looking at Figure 2.

This same pattern can also be seen in Figure 5 and Figure 6, where market access is

computed using Equation 6 and with the same estimated θ coefficient. The growth values for

market access in this computation are slightly higher than those obtained when using GDP,

possibly due to migration trends.

4.3 Empirical Estimations

With market access and the inequality indices constructed different econometric regression

are constructed in order to obtain more robust and precise results:

ln(yit) = αi + γt + βln(MAit) + ϵit (8)

11
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Equation 8 shows the simplest regression with only one regressor. It consists in a difference-

in-differences panel data estimation where MAit by itself is used as the tool to measure the

treatment effect of the natural experiment, αi and γt act as the fixed effects and the time

fixed effects respectively and β as the elasticity that measures the effect of the increase of

market access on the inequality indices yit.

4.3.1 Differences Across Regions

The addition of an interaction term to the model to examine differentiated results across

regions states can also be considered a factor of interest. The creation of a dummy variable

to distinguish southern states from the interior and north of Brazil is significant to the devel-

opment of regions as coastal and southern states are more industry and urban-led, while the

interior of Brazil is economically driven by agriculture and rural factors as per IBGE data.

The division of the states has been done according to the macro-regions division where the

North, Center-West and North-East macro-regions states are considered the treated variable

in the dummy created.

ln(yit) = αi + γt + βln(MAit) + δln(MAit)(DummyState = 1) + ϵit (9)

Equation 9 incorporates the interaction term to assess the heterogeneous effects of mar-

ket access on inequality across coastal and interior Brazilian states within the difference-in-

differences regression shown in Equation 8. This approach treats coastal and southern states

as a ”control group”, which are more industrially led, while interior states serve as ”treat-

ment group” characterized by rural-driven economies. The coefficient β represents the baseline

elasticity of MA’s impact on inequality for coastal states. The interaction term coefficient δ

quantifies the differential effect of MA in interior states modifying the total market access

elasticity to β + δ.

12
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4.3.2 Addition of Control Variables

To avoid issues of omitted variable bias and to obtain better results, equation 10 is constructed,

including two control variables. The first one being the share of GDP of each state dedicated

to agriculture to control for statal changes in the means of the economy. As shown in Azzoni

(2001), economic expansion leads to regional divergence and those states that depend mostly

on agricultural GDP are the ones where that expansion is less noticeable as shown in Arias

(2016). The other control variable is the ratio of urban population on each state to control for

any migration shock or change in the population shape that may have caused a big variation

on the structure of the state population and as a consequence on the regression. The final

regression takes the following form:

ln(yit) = αi + γt + βln(MAit) + δln(MAit)(DummyState = 1) + ψASit + λURit + ϵit (10)

With ASsit being the share that agriculture has in the total GDP of the state across time

and URit being the ratio between urban and total population of each state across time.

4.3.3 Instrumented Market Access

Equation 8 cannot be fully interpreted as the causal effect of market access on regional in-

equality, as there may be unobservable endogenous factors that could bias the results. For

example, the presence of railways as an alternative to highways for transporting goods could

facilitate trade and reduce trade costs, independently affecting both market access and in-

equality. To address this potential endogeneity, I use the kilometers of railroads in each

state across time as an instrument to construct an instrumented version of the market access

variable constructing Equation 11.

ln(yit) = αi + γt + βln(MA IVit) + ϵit (11)

Railroad kilometers can be considered a plausible instrument because they influence inequality

indices through their impact on market access and can reasonably be considered exogenous.

Employing this instrumental variable approach could add robustness and improve results.
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5 Results

All the results presented are computed using market access as defined by Equation 7, which

follows the approach suggested by Astorga-Rojas (2024) for the specific context of Brazil.

Results using Equation 6 for the computation of market access are also provided in the

Appendix. Since the latter measure is more sensitive to migration and population shocks,

the interpretation and main computations in this analysis rely on the market access measure

based on the share of GDP. While the coefficients obtained across all regressions do not differ

substantially, there are some minor variations in the significance of certain estimates that may

cause that the final interpretation differ across different computations.

The trade elasticity θ used for the computation of market access and in the subsequent

estimation of the various models is taken from Morten and Oliveira (2024). In their study, θ =

3.26, an estimate obtained using instrumental variables and based on the natural experiment

of the construction of Braśılia, as detailed in their paper.

5.1 Baseline Average Effect of MA

Table 2: OLS Estimates with One Regressor

Dependent variable:

log Gini log Coefficient of Variation log Theil

(1) (2) (3)

log Market Access 0.006 0.028∗∗∗ −0.053∗∗∗

(0.008) (0.010) (0.019)

Observations 1,224 1,224 1,224
R2 0.001 0.007 0.007
Adjusted R2 −0.064 −0.057 −0.057
F Statistic (df = 1; 1149) 0.598 8.113∗∗∗ 7.858∗∗∗

Note: All estimates are controlling for state fixed-effects and state-time fixed effects.
∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Source: Author’s own elaboration.
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Table 2 shows the correlation between the logarithm of market access and the different

inequality indices at a baseline level, without any additional predictors. The results indicate

different effects depending on the inequality indices used. The log Gini coefficient presents a

highly non-significant estimate, whereas the log Coefficient of variation and log Theil index

display significant but contrasting impacts. For the Coefficient of variation, there is a positive

effect: a 10% increase in market access translates into a 0.28% increase in the Coefficient

of variation, indicating greater inequality and a more unequal distribution of income across

states. In contrast, for the Theil index, a 10% increase in market access is associated with a

0.53% reduction in the index, suggesting a decrease in inequality across the regions within a

state.

The common factor among the three dependent variables and models analyzed is that

both the R2 and Adjusted R2 values are close to zero. This indicates that the model, which

includes only the logarithm of market access as an explanatory variable together with fixed

and time effects, does not explain the variance in the dependent variable. This lack of ex-

planatory power may be due to omitted variables that are relevant for income inequality but

are not controlled for in this specification. Additionally, the statistical significance observed

should be interpreted with caution before examining the behaviour of the residuals as their

distribution may be causing a bias in the significance and interpretation of the estimates.

To address this, the residual vs fitted values plots (see Figure 11a and Figure 11b in the

Appendix) are examined. From these, it is evident that the Theil index exhibits a high de-

gree of heteroskedasticity and non-random patterns, which introduce bias into the estimates

and consequently affect their interpretation. To address this issue, the inclusion of additional

control variables could be beneficial.

On the other hand, Figure 11b shows a more randomly distributed pattern of residuals,

making the estimate for the Coefficient of variation more reliable and interpretable. Never-

theless, the absence of interactions or instrumental variables in this model may still influence

the estimated effects and its interpretation. From this, and only as an introductory intuition

about the effect of market access on income inequality, we could suggest that market access
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increases inequality across regions, as it may contribute to the concentration of production

factors and income on average on all states as, at this point, the only coefficient that can be

used to interpret this baseline effect is the Coefficient of variation, since it is the only estimate

that shows both statistical significance and a proper residual distribution. When market ac-

cess is computed using population as the weighting factor, the statistical significance of the

results changes slightly; however, the estimated values remain very similar. As a result, the

overall interpretation of the findings does not change. For detailed estimates, see Table 8 in

the Appendix.

For a more robust analysis of the baseline model, the addition of control variables should

be considered to determine whether there is any improvement or change in the estimates

obtained. Table 7 in the Appendix presents these updated estimates. The control variables

added are those described in Section 4.3.2, namely the share of urban population in the state

and the share of agricultural GDP in the total GDP of the state. Both control variables

show strong significance across the three inequality indices used as dependent variables, and a

substantial improvement in the R2 and Adjusted R2 is observed, with values increasing from

nearly zero to 0.197 and 0.180, respectively, for the adjusted measure. The log Gini coefficient

remains statistically insignificant, as seen in Table 2, and the contrast between the estimates

for the Coefficient of variation and the log Theil index persists.

To assess whether the significance and estimates remain unbiased, the residuals versus

fitted values plots are checked again for both significant coefficients (see Figure 11c and Figure

11d in the Appendix). The results are very similar to those from the baseline model, with

noticeable heteroskedasticity in the Theil index plot, which may create bias in the p-value and

thus affect the final interpretation. In contrast, the residuals for the Coefficient of variation

remain randomly distributed.

5.1.1 First Stage

To study the causality between market access and income inequality at a baseline level

in greater depth, I propose the use of an instrumental variable, as explained in Section
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4.3.3, where market access is instrumented with the kilometers of railroad in each state

over time, leading to Equation 11. The instrument proves to be both strong and signifi-

cant (p− value < 0.01), as reflected in the first-stage regression results shown in Table 3.

Table 3: First Stage: Dependent Variable log Market Access

Dependent Variable: log Market Access

Variable
Railway km 0.0007∗∗∗

(0.0002)

Fixed-effects
state Yes
year Yes

Fit statistics
Observations 1,224
R2 0.94201
Within R2 0.14543

Clustered (state) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Source: Author’s own elaboration.

The estimate obtained is small but highly significant, indicating that for every one-unit

increase in the kilometers of railway per state, there is an estimated increase in log market

access of 0.0007. Although this effect may appear modest, the Within R2—which measures the

explanatory power of railway kilometers on log market access after accounting for state and

time fixed effects—shows that 14.5% of the variation in log market access can be attributed to

the kilometers of railway. This finding further supports the relevance of railway kilometers as

an instrument. This result is consistent with expectations, as railways serve as an alternative

to highways in within-country trade and are an important factor influencing market access.

5.1.2 2SLS Results

The estimates from the second stage are presented in Table 4. Notable changes in signifi-

cance are observed: when market access is instrumented, the logarithm of the Gini coefficient
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becomes significant, while the Coefficient of variation loses its significance. The sign of the

coefficient turns negative for all inequality indices when railroad kilometers are used as an

instrument. Both the R2 and Adjusted R2 remain close to zero, with estimates very similar

to those obtained from the baseline specification in Equation 8, as shown in Table 2.

Table 4: Estimates with Instrumented Market Access

Dependent variable:

log Gini log Coefficient of Variation log Theil

(1) (2) (3)

log Market Access with IV −0.085∗∗∗ −0.042 −0.154∗∗∗

(0.022) (0.026) (0.050)

Observations 1,224 1,224 1,224
R2 0.001 0.007 0.007
Adjusted R2 −0.064 −0.057 −0.057
F Statistic 14.574∗∗∗ 2.597 9.350∗∗∗

Note: All estimates are controlling for state fixed-effects and state-time fixed effects.
∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Source: Author’s own elaboration.

The coefficients obtained indicate that a 10% increase in market access leads to a 0.85%

decrease in the Gini coefficient and a 1.54% decrease in the Theil index. These results suggest

that, when using instrumented market access, an increase in market access—or, equivalently,

a reduction in trade costs—reduces regional inequality. This finding contrasts with the initial

intuition that greater market access would lead to a concentration of production factors and

income. The substantial change in the estimated effects, observed only when considering the

impact of railroads on market access, raises questions and potential concerns, as the direction

of the relationship has shifted considerably compared to the baseline regression. One possible

explanation is that the greater presence of railroads in more industrialized states may be

influencing the coefficients.

To assess the robustness of these results, I examined the residuals versus fitted values plots
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(see Figures 11f and 11e in the Appendix). These plots reveal noticeable heteroskedasticity

and non-linear patterns, which may introduce bias into the significance of the covariates and

limits the interpretation of those coefficients and its significance, doubting the effect of the

instrument as it also happens in Donaldson and Hornbeck (2016).

5.2 Effect of Market Access on Different Regions

To tackle the differing results obtained in the instrumental variable analysis in Table 4 and

the baseline one, I explore the possibility that market access has varying effects depending on

the type of state, constructing a dummy variable as described in Section 4.1.1. This variable

distinguishes the more rural macro-regions in Brazil (North, Center-West, and North-East)

from the more industrialized ones (South and South-East). Table 5 presents the estimates and

results from including the interaction term of this dummy variable in the baseline regression,

thereby constructing Equation 9.

Table 5: OLS Estimates with Region Dummy

Dependent variable:

log Gini log Coefficient of Variation log Theil

(1) (2) (3)

log Market Access 0.026∗∗ 0.054∗∗∗ −0.004
(0.013) (0.016) (0.030)

log Market Access × DummyState −0.018∗ −0.024∗∗ −0.045∗∗

(0.009) (0.011) (0.022)

Observations 1,224 1,224 1,224
R2 0.004 0.011 0.010
Adjusted R2 −0.061 −0.054 −0.054
F Statistic (df = 2; 1148) 2.201 6.432∗∗∗ 6.091∗∗∗

Note: All estimates are controlling for state fixed-effects and state-time fixed effects.
∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Source: Author’s own elaboration.
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The results confirm the possibility of heterogeneous effects depending on the Brazilian

macro-region. The coefficients change substantially compared to both the IV regression and

the baseline model. Log market access now shows strong significance with the log of the Gini

coefficient as the dependent variable, as well as with the log of the Coefficient of variation.

Additionally, the interaction between log market access and the newly created regional dummy

is significant for all three inequality indices studied. Log market access exhibits a positive

effect at the baseline level in the industrial regions: a 10% increase in market access leads to

a 0.26% increase in the Gini coefficient and a 0.54% increase in the Coefficient of variation.

In contrast, in the rural and less developed macro-regions, the effect of market access—when

accounting for the interaction—is more than halved, with an effect of 0.026 − 0.018 = 0.008

on the Gini coefficient and 0.054− 0.024 = 0.03 on the Coefficient of variation. Very similar

results are obtained when market access is computed using population as the weighting factor,

which adds further robustness to the analysis and the estimates. For a more detailed view,

see Table 9 in the Appendix.

These findings suggest a significant differentiated effect depending on the region where the

increase in market access or reduction in trade costs occurs. In industrial and more urban

areas, there is a clear and significant increase in regional inequality, possibly due to the income

concentration that improved infrastructure, such as road construction, can cause. However,

this effect is substantially reduced in more rural and agriculturally driven regions, likely due

to already high trade costs stemming from poor infrastructure. Improving infrastructure in

these regions may have more diffuse effects, potentially benefiting a broader set of areas rather

than just the region where the infrastructure is directly implemented.

As in previous sections, I examine the residual vs. fitted values plots (Figures 12b and

12a) to assess potential heteroskedasticity or non-linear patterns that could bias the results.

The plots reveal randomly distributed residuals centered around zero for the two significant

dependent variables. This indicates homoskedasticity and the absence of non-linear relation-

ships, suggesting that there is no systematic bias affecting the significance of the estimates.

Consequently, we can interpret the estimates with reasonable confidence.
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The R2 and Adjusted R2 values show results very similar to those from the baseline

regression in Equation 8 (Table 2) and the instrumented market access model in Equation 11

(Table 4). In all cases, both metrics remain near zero across the inequality indices analyzed.

This indicates that the model—whether using only market access, the instrumented version or

including the regional dummy interaction—does not explain the variance in inequality indices

on its own possibly to omitted-variable-bias.

This limitation is addressed in Section 5.1 and it is solved partially through the inclusion

of control variables, as demonstrated in previously in Table 7 and with the Dummy differen-

tiating states in Table 6.

Table 6: OLS Estimates with Region Dummy and Control Variables

Dependent variable:

log Gini log Coefficient of Variation log Theil

(1) (2) (3)

log Market Access 0.040∗∗∗ 0.070∗∗∗ 0.032
(0.011) (0.014) (0.027)

Urban Ratio 0.217∗∗∗ 0.237∗∗∗ 0.587∗∗∗

(0.057) (0.070) (0.135)

Agricultural Share −1.359∗∗∗ −1.583∗∗∗ −3.059∗∗∗

(0.072) (0.088) (0.171)

log Market Access × DummyState −0.035∗∗∗ −0.045∗∗∗ −0.084∗∗∗

(0.008) (0.010) (0.019)

Observations 1,224 1,224 1,224
R2 0.260 0.245 0.249
Adjusted R2 0.210 0.194 0.198
F Statistic (df = 4; 1146) 100.675∗∗∗ 92.837∗∗∗ 94.938∗∗∗

Note: All estimates are controlling for state fixed-effects and state-time fixed effects.
∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Source: Author’s own elaboration.
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The results obtained confirm this to be the best model so far, while maintaining the

intuition established with the baseline model plus the interaction term. The differentiated

effects across regions persist: the baseline estimate indicates that log market access increases

inequality, whereas the effect is reduced by more than half when specifically analysing rural

regions. This adds further robustness to the intuition previously developed. Significance

remains strong for all predictors, except for log market access in the Theil index, which

mirrors the findings from the model with only the interaction term.

The addition of the control variables: urban ratio and agricultural share, as previously

shown in Table 7 for the model without the interaction, yields very similar results here. The

explanatory power of the model is greatly improved, with the Adjusted R2 and R2 increasing

to around 0.25 and 0.2, respectively. This represents a substantial improvement over the

previous best model, which did not include the interaction term and lacked the differentiation

across the macro-regions. With market access computed using population as the weighting

factor, the results exhibit a very similar pattern, which adds further robustness to the analysis.

For detailed estimates, see Table 10 in the Appendix.

The analysis of the residual versus fitted values plots is also conducted to assess the

consistency of the estimates. Examining Figures 12c and 12d, it can be observed that, similar

to the baseline model with interactions, the residuals are randomly distributed around zero.

This suggests that the significance of the coefficients obtained is meaningful and that there

is a degree of homoskedasticity in the residuals distribution, which supports the underlying

assumption of the model and gives certainty on the final interpretation of the model.

To better examine the relationship between the two significant dependent variables and

log market access, I constructed plots to visualize the local polynomial relationship between

changes in these variables. The two panels shown in Figure 1 illustrate this relationship.

These plots are designed to display the conditional association between changes in market

access and changes in economic outcomes, such as inequality, after removing the effects of

confounding factors like fixed effects or geographic controls. Specifically, the figure presents the

local polynomial relationship between residual changes in the log of the significant inequality
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indices and residual changes in log market access, with the shaded region representing the

95% confidence interval.

To construct these plots, both the dependent and independent variables are first “resid-

ualized”—that is, each variable is regressed on controls such as state fixed effects and time

effects. The resulting residuals capture the variation in each variable not explained by these

controls. A local polynomial (nonparametric) regression curve is then fitted to these points,

allowing for a flexible and potentially non-linear depiction of the relationship.

Figure 1: Local Polynomial Relationships between Inequality Measures and Market Access

(a) Local Polynomial Relationship between
Changes in Log Gini Coefficient and Log Market
Access

(b) Local Polynomial Relationship between
Changes in Log Coefficient of Variation and Log
Market Access

Source: Author’s own elaboration.

Panel (a) of Figure 1 presents the local polynomial relationship between residual changes

in the log Gini coefficient and residual changes in log market access. The estimated curve

reveals a non-linear association: at lower levels of improvement in market access, the Gini

coefficient tends to decline, suggesting that modest improvements in market access may have

contributed to reducing inequality. However, beyond a certain threshold, further increases

in market access are linked to rising inequality. This pattern suggests that while the initial

expansion of highways may have provided broadly shared benefits, the subsequent, more
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substantial gains likely accrued disproportionately to wealthier regions, thereby increasing

inequality. This finding aligns with the earlier analysis including the dummy variable for

more rural regions.

A similar dynamic is observed in Panel (b), which explores the relationship between market

access and the Coefficient of variation—another indicator of inequality that captures the

relative dispersion of income or wealth. Here as well, inequality initially decreases as market

access improves, but then rises again at higher levels of access. The consistency of these

results across both inequality measures reinforces the interpretation that the distributional

effects of improved market access were not uniform across the population and regions.

6 Conclusion

This thesis develops several models to estimate the effects of market access on regional in-

equalities, employing different inequality indices to enhance the robustness of the analysis.

The empirical strategy centers on the natural experiment created by the relocation of Brazil’s

capital, using this event as a basis for identifying causal effects. The baseline estimates

indicate that increases in market access are associated with higher regional inequality, sug-

gesting a concentration of income or productive factors in regions that receive infrastructure

investments—particularly highways aimed at reducing trade costs. The interpretable and

statistically significant results show that a 10% increase in market access leads to a 0.28%

increase in the Coefficient of variation, indicating a modest rise in inequality as market access

expands.

The analysis further investigates whether the effect of market access varies across different

macro-regions, specifically contrasting more rural, less developed areas, where wealth tends

to be more evenly distributed and infrastructure is less prevalent, with more industrialized

regions. The results reveal important heterogeneity: the increase in inequality associated with

greater market access is substantially reduced—by more than half—when focusing on rural

regions. This suggests that infrastructure investments in these areas tend to generate a much

smaller increase in income inequality compared to the average effect.
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6 CONCLUSION

These findings are consistent with the patterns observed in the graphical analysis of in-

equality and market access evolution. The relationship between market access and regional

income inequality is not linear. In regions characterized by lower initial inequality and a

predominantly rural economy, the growth in inequality resulting from increased market ac-

cess is less pronounced. However, as these regions develop and undergo economic and social

transformation, the impact of market access on inequality intensifies.

It is important to acknowledge certain limitations of this thesis. Some influential factors

in the measurement of trade costs—such as border effects between states or the potential for

waterway trade—are not considered in order to simplify the model. Additionally, some data

had to be interpolated to ensure a uniform analysis, which may introduce bias if infrastructure

or inequality shocks are given in certain periods, as these may not be fully captured in the

interpolated data.

Overall, this thesis contributes to the literature by providing evidence on the effect of

market access on regional inequality, and it strengthens the validity of its findings by employing

multiple measures of both market access and inequality.
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Appendix A: Additional Figures

Figure 2: Highways Evolution Across the Years.

Source: Author’s own elaboration.
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Figure 3: Yearly GDP Market Access Growth Rate per State: 1940-1990

Source: Author’s own elaboration.

Figure 4: Market Access Evolution per State: 1940-1990

Source: Author’s own elaboration.
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Figure 5: Market Access Evolution per State computed with Population: 1940-1990

Source: Author’s own elaboration.

Figure 6: Market Access Evolution per State computed with Population: 1940-1990

Source: Author’s own elaboration.
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Figure 7: Gini Evolution by State: 1940-1990

Source: Author’s own elaboration.

Figure 8: Theil Evolution by State: 1940-1990

Source: Author’s own elaboration.
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Figure 9: Coefficient of Variation Evolution by State: 1940-1990

Source: Author’s own elaboration.

Figure 10: Standard Deviation of per capita GDP Evolution by State: 1940-1990

Source: Author’s own elaboration.
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Figure 11: Matrix of Residual vs Fitted Values Plots without interaction for different models

(a) Residual vs Fitted Values for Theil Index
(b) Residual vs Fitted Values for Coefficient
of Variation

(c) Residual vs Fitted Values for Coefficient of
Variation with Controls

(d) Residual vs Fitted Values for Theil Index
with Controls

(e) Residual vs Fitted Values for Gini with
Instrumented Market Access

(f) Residual vs Fitted Values for Theil with
Instrumented Market Access

Source: Author’s own elaboration.
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Figure 12: Residual vs Fitted Values Plots for Interaction Models

(a) Residual vs Fitted for Gini with Interaction
(b) Residual vs Fitted for the Coefficient of Vari-
ation with Interaction

(c) Residual vs Fitted for Gini with Interaction
and CVs

(d) Residual vs Fitted for the Coefficient of Vari-
ation with Interaction and CVs

Source: Author’s own elaboration.
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Appendix B: Additional Tables

Table 7: OLS Estimates with Control Variables

Dependent variable:

log Gini log Coefficient of Variation log Theil

(1) (2) (3)

log Market Access 0.002 0.022∗∗ −0.059∗∗∗

(0.007) (0.009) (0.017)

Urban Ratio 0.221∗∗∗ 0.241∗∗∗ 0.596∗∗∗

(0.057) (0.070) (0.136)

Agricultural Share −1.322∗∗∗ −1.536∗∗∗ −2.971∗∗∗

(0.072) (0.088) (0.171)

Observations 1,224 1,224 1,224
R2 0.247 0.231 0.236
Adjusted R2 0.197 0.180 0.185
F Statistic (df = 3; 1147) 125.611∗∗∗ 114.902∗∗∗ 118.096∗∗∗

Note: All estimates are controlling for state fixed-effects and state-time fixed effects.
∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Source: Author’s own elaboration.
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Table 8: OLS Estimates of Inequality Measures on Market Access (pop)

Dependent variable:

log Gini log Coefficient of Variation log Theil

(1) (2) (3)

log Market Access (pop) 0.029∗∗∗ 0.050∗∗∗ −0.091∗∗∗

(0.010) (0.012) (0.023)

Observations 1,224 1,224 1,224
R2 0.008 0.015 0.013
Adjusted R2 −0.056 −0.049 −0.050
F Statistic (df = 1; 1149) 8.704∗∗∗ 17.425∗∗∗ 15.476∗∗∗

Note: All estimates are controlling for state fixed-effects and state-time fixed effects.
∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Source: Author’s own elaboration.

Table 9: Interaction Effect of Market Access (pop) and Treatment on Inequality Measures

Dependent variable:

log Gini log Coefficient of Variation log Theil

(1) (2) (3)

log Market Access (pop) 0.070∗∗∗ 0.090∗∗∗ −0.029
(0.013) (0.016) (0.031)

log Market Access (pop)× DummyState −0.034∗∗∗ −0.033∗∗∗ −0.051∗∗∗

(0.007) (0.009) (0.017)

Observations 1,224 1,224 1,224
R2 0.027 0.027 0.021
Adjusted R2 −0.037 −0.036 −0.043
F Statistic (df = 2; 1148) 15.721∗∗∗ 16.135∗∗∗ 12.332∗∗∗

Note: All models include state and state-time fixed effects.
∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Source: Author’s own elaboration.
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Table 10: Interaction of Market Access (pop) and Treatment with Controls

Dependent variable:

log Gini log Coefficient of Variation log Theil

(1) (2) (3)

log Market Access 0.054∗∗∗ 0.071∗∗∗ −0.067∗∗

(0.011) (0.014) (0.027)

Urban Ratio 0.191∗∗∗ 0.187∗∗∗ 0.500∗∗∗

(0.055) (0.069) (0.131)

Agricultural Share −1.356∗∗∗ −1.568∗∗∗ −3.216∗∗∗

(0.072) (0.089) (0.169)

log Market Access (pop)× DummyState −0.041∗∗∗ −0.042∗∗∗ −0.068∗∗∗

(0.006) (0.008) (0.015)

Observations 1,224 1,224 1,224
R2 0.275 0.249 0.274
Adjusted R2 0.227 0.199 0.226
F Statistic (df = 4; 1146) 108.911∗∗∗ 94.992∗∗∗ 108.303∗∗∗

Note: All models include state and state-time fixed effects.
∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Source: Author’s own elaboration.
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