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Abstract  

Although nowadays most financial services can be done online, physical bank branches still 

play an important role in community development and financial inclusion for some specifics 

agents – among them the rural population. This study examines the effects of de-branching 

on the rural population in the southern region of Brazil, considering the call for further 

research by the Board of Governors of the Federal Reserve System to quantify the precise 

impact of branch closures. This work encompass data from various sources spanning from 

January 2002 to December 2020 at the Brazilian municipality level. Using spatial data 

regarding the geolocation of physical branches and land coverage, a definition of rural branch 

(separating it from urban branches) is proposed. Furthermore, a combination of cross 

sectional and time series panel models were employed to assess the impact of those different 

definitions of branches in the level of credit granted. The preliminary findings indicate that 

while the number of urban branches does not significantly affect the level of credit, rural 

branches have a notable impact. This result is relevant as it corroborates the theory that de-

branching might be harmful to the rural population. The findings suggest that the closure of 

rural bank branches may hinder access to credit and other financial services, exacerbating 

financial inequalities and widening the wealth gap. These areas, referred to as "banking 

deserts," often prompt individuals to turn to non-traditional and high-fee lending options, 

such as payday loans and check-cashing services. Consequently, addressing the challenges 

faced by rural communities due to de-branching is crucial for promoting financial inclusion 

and mitigating disparities in accessing financial services. 
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1. Introduction 

Technological advances and the digitization of banking services have caused a sharp 

decrease in the number of physical branches of Financial Institutions (FI) in the last years 

(HCUK, 2022; FIDC, 2022). While most financial services can now be performed online, 

physical bank branches continue to play a significant role in promoting community 

development and financial inclusion for certain individuals or groups. The most affected are 

the Small and Medium-sized Enterprises (SMEs), elderly, low-income and low-education 

individuals, and the rural population (BGFRS, 2019).   

The number of physical branches is decreasing all around the world (17% between 

2017 and 2021 in the United States of America (FIDC, 2022), 40% between 2012 and 2022 

in the United Kingdom (HCUK, 2022), 16% between 2018 and 2022 in Brazil (BACEN, 

2022), etc.). A study in the USA showed that one third of this "de-branching" occurred in 

regions with a low- to moderate-income and/or a majority-minority neighborhood where 

access to branches is crucial to ending inequities in access to financial services (NCRC, 

2022).   

There are in the recent literature many studies trying to analyse these effects. Most of 

them focused on the determinants of the spatial location of branches (Okeahalam, 2009; 

Acedanski & Karkowska, 2022; Wang & Guan, 2017; Qi et al., 2019), while others focused 

on the impacts in specific agents as SMEs (Rafaj & Siranova, 2022; Flogel & Gartner, 2018; 

Zhao & Jones-Evans, 2017; Hasan et al., 2017) or rural population (Ansong et al., 2015; 

BGFRS, 2019).   

According to CNBC (2023) when communities lack access to traditional financial 

institutions within a 10-mile radius, they are more likely to resort to non-traditional and high-

fee lending options such as payday loans and check-cashing services. This exacerbates 

financial inequities and widens the wealth gap. These regions are referred to as “banking 

deserts”.   

Individuals living in areas that are considered "banking deserts" typically report facing 

higher costs and decreased convenience while accessing financial services, suggesting that it 

appears to involve a community-level effect that goes beyond the effects on particular 

individuals (BGFRS, 2019). In Brazil, which is a large continental country, there are 

numerous areas, particularly in rural regions, that can be considered "banking deserts" where 

this issue is likely to occur.   

Indeed, the Board of Governors of the Federal Reserve System (BGFRS, 2019) 

published a comprehensive report in November 2019 on the state of bank branch access in 

rural communities. This report highlights the significant impact on the availability of credit 

and other financial services in areas where bank branches have closed down. The BGFRS 

recommends further research to quantify the precise impact of these closures.   
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Based on the theory that suggests a significant impact on the availability of credit and 

other financial services in rural communities where bank branches have closed down, and 

taking into consideration the BGFRS' call for further research on this issue, this term-paper 

aims to analyze the effects of de-branching on the rural population in the southern region of 

Brazil. To achieve this goal, spatial data was utilized to propose a definition of a "rural 

branch" and distinguish it from urban branches.   

Subsequently, by combining data from different sources covering the period from 

January 2002 to December 2020 at the municipal level, econometric models were used to 

analyze the impact of rural and urban branches on the level of credit granted. The results 

indicate that while the number of urban branches does not appear to have significant effects 

on the level of credit, rural branches do. This preliminary finding is noteworthy as it supports 

the theory that de-branching could have detrimental effects on the rural population.   

The paper is structured into four main sections. The introduction sets the stage for the 

study, while the second section covers the methodology and data. In this section, it is 

discussed the different data sources, described the data and graphs, presented the definition of 

rural branch, and proposed the econometric models to be used. Moving on to section three, 

the results of the analysis are presented. Finally, section four concludes the study and outlines 

future steps. 

2. Methodology and data 

This section focuses on presenting the data set and its sources, describing the data, 

presenting graphs and descriptive statistics, and outlining the baseline models and 

hypotheses. Specifically, it begins by discussing the sources of the data and the data set itself. 

Next, it will describe the key variables in the data set and present graphs and descriptive 

statistics to provide a better understanding of the data. Finally, it presents the baseline models 

and hypotheses that will be tested in the subsequent sections of the study.   

For this work, it was used mostly the software R version 4.2.2 with R-Studio 

2022.12.0 and QGIS version Desktop 3.22.14.   

2.1 Data 

The data set contain variables from "Rio Grande do Sul", a state in the southern area of 

Brazil with 497 municipalities and over 11 million inhabitants. For this work, it is used data 

in the level of municipality/county from six different sources:   

- GADM: Database of Global Administrative Areas 

- BACEN: Brazilian Central Bank 

- IBGE: Brazilian Institute of Geography and Statistic 
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- DEE: Department of Economics and Statistics of Rio Grande do Sul 

- ESRI LAND: Environmental Systems Research Institute 

- Warwar, L. (2020)   

Since the availability of data varies across different sources, it was decided to use the 

longest possible period that coincides for all sources. As a result, all data used in the analysis 

corresponds to a monthly period between January 2002 and December 2020, resulting in a 

total of 228 observations for each municipality.   

The variables for the municipalities were in different formats in each source, requiring 

standardization to ensure consistency across all sources. To achieve this, all variables were 

renamed as "COUNTY," and the data was converted to ASCII format and capitalized. 

Despite having to download data month by month and the files changing layouts during the 

period for many of the sources, the process was automated using loops, and the data was 

aggregated into a final clean data set for use in the models. The code for this process can be 

checked in the Appendix (Part I – R code for data set).   

In the following sections, it will be provided a brief description of the data obtained 

from each source and the steps taken to preprocess and clean it for using in the analysis.   

2.1.1 GADM 

From the GADM webpage ("https://gadm.org/download_country.html") it was chosen 

the shapefile from "Brazil", using the general shape of Brazil (level 0) and the states (level 1).  

2.1.2 BACEN 

From the Brazilian Central Bank website 

("https://www4.bcb.gov.br/fis/cosif/estban.asp?frame=1") it was taken the "Monthly Banking 

Statistics by Municipality" for the periods between January 2002 until December 2020, in a 

total of 228 files.   

These data sets provide information on various indicators of financial activity, such as 

the number of branches, credit granted, and loans per financial institution per county. Since 

the focus of this study is on the total number of branches and credit granted at the city level, 

the data was aggregated on CREDIT and number of BRANCHES and used the monthly sum 

for each county. 

2.1.3 IBGE 

From the IBGE - Brazilian Institute of Geography and Statistics – website, it was used 

the "Statistics of the Central Register of Firms" 

("https://www.ibge.gov.br/estatisticas/economicas/comercio/9016-estatisticas-do-cadastro-

central-de-empresas.html?=&t=downloads") and the population per city 
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("https://www.ibge.gov.br/estatisticas/sociais/populacao/9103-estimativas-de-

populacao.html?=&t=resultados").   

In this case, it was necessary to perform some treatments in this data. For the first 

group, the name of the city was written together with the acronym to the state (e.g., "Porto 

Alegre – RS"). Therefore, for merging it correctly, it was necessary to remove the 5 last 

characters. While working with the second data set, the problem was that certain variables 

had observations marked with parentheses at the end of the number. To address this issue, a 

data cleaning was performed whenever it occurred and the values were converted into a 

numeric format. Finally, it is worth noting that the data for both cases are only available on 

an annual basis. 

 

 

2.1.4 DEE 

From the Department of Economics and Statistics of Rio Grande do Sul website 

("https://dee.rs.gov.br/pib-municipal"), the data for yearly GDP for each municipality was 

used. 

2.1.5 ESRI LAND 

From Esri website 

(https://www.arcgis.com/apps/instant/media/index.html?appid=fc92d38533d440078f17678eb

c20e8e2) it is possible to collect highly accurate spatial data related to global land coverage. 

This data offers a resolution of 10 meters or 0.00008983152098239751 degrees, providing 

detailed information on land coverage all around the world.   

From this website, it was downloaded four ".tif" files that correspond the territory of 

Rio Grande do Sul (21H, 21J, 22H, and 22J). Esri's land cover data includes 11 distinct 

classes, although for the purposes of this study, this number was narrowed down to only 7 

relevant classes specific to the study's territory. These classes are:   

- Water 

- Trees 

- Flooded vegetation 

- Crops 

- Built area 

- Rangeland 

- Bare ground   
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2.1.6 Warwar, L. (2020) 

Warwar (2020) collected geolocation data from all physical branches in Brazil in 

September 2020. This data is available in his repository 

("https://github.com/lucaswarwar/agencias/").  

2.2 Descriptive Statistics 

After merging all data by “COUNTY”, in this section it is described the variables and 

graphs created. The final data set includes 75,854 observations for all variables, covering all 

municipalities with at least one bank branch between January 2002 and December 2020. 

Table 1 presents the descriptive statistics of these variables. 

Table 1: Descriptive Statistics  

Variable Mean SD Median Min Max Range Skew Kurtosis SE 

BRANCHES 4.70  19.18  2.00  1.00  382.00  381.00  16.20  281.76  0.07 

CREDIT 276.13  2635.61  40.90  0.00  90187.41  90187.41  23.31  590.84  9.57 

FIRMS 1393.22  5507.61  354.00  27.00  121876 121849 14.40  242.23  20.00 

POP 31318.41  93643.54  9513.00  1612.00  1488252 1486640 11.11  156.45  340.01 

GDP 807.29  3352.93  184.39  11.56  82320.60  82309.04  15.21  293.79  12.17 

Source: author. 

The values of CREDIT and GDP represent the current amount in billions of Brazilian 

reais. The minimum number of BRANCHES is one, with an average of 4.7 throughout the 

period and a median of 2.     

Regarding the population, the data present mean and median of approximately 30 

thousand and 10 thousand people, respectively, suggesting that many cities are small towns, 

which is typical of rural areas. The maximum values for all variables (BRANCHES, 

CREDIT, FIRMS, POP, and GDP) correspond to Porto Alegre, the capital of Rio Grande do 

Sul.   

Nevertheless, the most notable result to highlight from the descriptive statistics is the 

fact that all variables exhibit high values for skewness (all above 10) indicating that the series 

are heavily skewed.  

2.3 QGIS and the Definition of Rural Branch 

The software QGIS was used to aggregate and analyze the spatial data collected. First 

of all, it was opened in QGIS the shapefile of Brazil in the state and county level 

("gadm41_BRA_1.shp" and "gadm41_BRA_2.shp"). The focus is on the southern area of 

Brazil, more specifically on the state of Rio Grande do Sul. Together with the shapefile, it 

was used the geolocation of the physical branches at the state and the land cover files. The 

result is in Figure 1. 
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Figure 1: Map of Rio Grande do Sul in Brazil 

 
Source: author using QGIS. 

In this figure is possible to notice that there is a concentration of branches in the east 

part of the state. In this region there is the metropolitan area of Porto Alegre, the capital of the 

state. Another important thing to notice is related to the land cover. The north region is 

predominantly covered by crops, while the south is a mix between crops, rangeland, and 

trees.  

Naturally there are also many built areas on the graph corresponding to the 497 

municipalities and their urban regions. However, in Figure 1 is not possible to see them due 

to the scale.  This point is extremely relevant because all physical branches are located 

precisely in these built areas and therefore defining what is a rural branch is not that 

straightforward. 

Using the layers of cover land and the geolocation of the physical branches, this work 

proposes a definition for what it was called "rural branches". The idea was to create a 

methodology to assess the local market for each physical branch and based on that classify 

the branches in rural or urban branches.   

For this, first it was computed an area around the branches. By utilizing the "Buffer" 

tool in QGIS and visually examining various options on the map, it was arbitrarily decided to 

use a distance of 0.03 degrees. It is considered that inside this area is the local market for 

each branch. With this information and combining the land cover layers, it is possible to 

assess the description of the land cover inside each local market of each branch. Then, next 
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step was to compute the percentage that each class of land represent in the buffers of each 

branch, which was done by using two functions in QGIS.   

First, the function "Raster layer unique values report" was used to count the number of 

pixels that each class of land represent in the total area. After that, it was used the function 

"Zonal histogram" to summarize the amount of each class that lies inside each local market of 

each branch. With this information, it is possible to tell that, for example, the local market of 

branch "x" is composed by 70% built area, 20% crops, and 10% trees.   

In this work, it was considered that two types of land cover would represent a "rural 

region": crops and rangeland. Therefore, it was defined that a rural branch would be a branch 

whose local market consist on, at least, 50% of one of this type of land.   

Therefore, with this information, it was possible to separate the branches into rural and 

urban branches. In Figure 2 it is possible to see a zoom in a random sample from the middle 

of the state. In this figure it is possible to see the buffer with the black circle around each 

branch representing the local market and the land cover that lies inside each of them. 

 

Figure 2: Buffer around Branches 

 
Source: author using QGIS. 

In Figure 2 it is possible to see the differences in the local markets of each branch. In 

the left the areas around the branches are mostly urban, while the one in the center is mostly 

surrounded by crops and the one in the right is mixed between trees, urban, crops and 

rangeland.   

Following this methodology, in the period of September 2020, it was found that 

19.58% of the total number of branches are considered as rural branches.   

Details about the code used both in QGIS and R can be seen in the Appendix (Part II – 

QGIS and R code for defining “Rural Branches”). 
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2.4 Models 

Ideally, the baseline model for this work would have the following definition: 

𝐶𝑟𝑒𝑑𝑖𝑡𝑐𝑡 = 𝛽0 + 𝛽1𝑅𝑢𝑟𝑎𝑙_𝐵𝑟𝑎𝑛𝑐ℎ𝑐𝑡 + 𝛽2𝑈𝑟𝑏𝑎𝑛_𝐵𝑟𝑎𝑛𝑐ℎ𝑐𝑡 + Γ′𝑋𝑐𝑡 + (𝜂𝑐 + 𝜂𝑡 + 𝜐𝑐𝑡)  (1) 

where the subscripts c and t correspond to each county and period, CREDIT is the total credit 

granted by the branches in that city (in billions of Brazilian reais), RuralBranch and 

UrbanBranch correspond to the total number of each of these branches, X is the set of control 

variables, η are the fixed effects and ν the error term.     

The set of controls X contains FIRMS that represents the total number of firms, POP 

that is the total population of that county over time, and GDP with the GDP in billions of 

Brazilian reais per each county over time.   

To deal with the possible endogeneity problem, at this point it is simply assumed 

conditional independence in the sense that the error term is uncorrelated with the explanatory 

variables conditional on the controls included.   

However, in the Appendix (Part IV – Robustness checks) some alternatives are tested 

for the possible endogeneity issue. First, the models were estimated again using bootstrapped 

standard errors. Bootstrap cluster errors can help mitigate endogeneity effects by adjusting 

the standard errors to account for the correlation among the observations within clusters. This 

can help reduce the bias and inconsistency of the coefficient estimates.   

As another alternative, following the suggestions on Rafaj and Siranova (2022) and 

Hasan et al. (2017), the models were estimated lagging the control variables. Lagging a 

variable can be a useful approach to deal with endogeneity in some cases, particularly when 

there is a possibility of reverse causality between the dependent variable and one or more 

explanatory variables. In this case, lagging the explanatory variable can help to break the 

potential causal loop between the dependent variable and the explanatory variable, which can 

reduce the degree of endogeneity.   

Other alternatives are briefly discussed in the final section (Conclusion and Future 

Research).   

Finally, the hypothesis in this ideal baseline model would be that 𝛽1 is significant and 

𝛽1 >  𝑚𝑖𝑛(𝛽2, 0). In another words, it is expected that the number of rural branches has a 

positive and significant impact on the level of credit granted. Additionally, this effect is 

expected to be greater than the possible effect or urban branches (which could be even not 

significant and/or negative).   

However, the major obstacle for this estimation is the fact that the geolocation data of 

physical branches is only available for a single point in time (September 2020) which 
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difficult the estimation of this ideal model. To address this limitation, two feasible options 

based on the available data are explored.   

2.4.1 Panel Models 

 To begin with, a Panel Model based on Equation (1) is implemented. However, since it 

is not possible to distinguish between rural and urban branches in periods other than 

September 2020, this model solely utilizes the combined number of branches as follows:  

𝐶𝑟𝑒𝑑𝑖𝑡𝑐𝑡 = 𝛽0 + 𝛽1𝐵𝑟𝑎𝑛𝑐ℎ𝑒𝑠𝑐𝑡 + Γ′𝑋𝑐𝑡 + (𝜂𝑐 + 𝜂𝑡 + 𝜐𝑐𝑡)     (2) 

where Branches represents the total number of branches, including both rural and urban 

branches. The other variables remain the same as in Equation (1).   

The hypothesis for this Panel Model is that 𝛽1 will be statistically significant, as the 

total number of branches is likely to be a crucial factor in explaining the credit granted. 

Nevertheless, there is no specific hypothesis for the sign of  𝛽1 at this point once the 

coefficient combines both rural and urban branches.     

2.4.2 Cross-sectional Models 

 An alternative approach is to implement a cross-sectional analysis that focuses on the 

specific period of September 2020, allowing to differentiate between rural and urban 

branches, as follows: 

𝐶𝑟𝑒𝑑𝑖𝑡𝑐 = 𝛽0 + 𝛽1𝑅𝑢𝑟𝑎𝑙_𝐵𝑟𝑎𝑛𝑐ℎ𝑐 + 𝛽2𝑈𝑟𝑏𝑎𝑛_𝐵𝑟𝑎𝑛𝑐ℎ + Γ′𝑋𝑐 + 𝜐𝑐            (3) 

where the variables are the same as Equation (1) except for the time dimension since the only 

geolocation data available is for September 2020. Therefore, all data in this equation 

correspond to this particular period. 

The hypothesis in this case is again that 𝛽1 is significant and 𝛽1 >  𝑚𝑖𝑛(𝛽2, 0), i.e., an 

increase in the number of rural branches would have a significant and positive impact on the 

amount of credit granted. Furthermore, this impact is expected to surpass any potential 

impact of urban branches, which could either be not significant or negative.   

3. Results 

In this section the preliminary results are presented.  

Considering the skewness of the variables as seen in section 2.2.1 all variables enter 

regressions in logarithmic form, wherever applicable. This section begins by presenting the 

results for the Panel Data models and continue in the sequence with the results for the Cross-

sectional models.   

The code with the regressions can be seen in Appendix (Part III – R code for 

regressions).   
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3.1 Panel Models 

Following equation (2), four different specifications for the Panel Models are 

considered:     

- Random Effects with individual effect 

- Random Effects with two ways effect 

- Fixed Effects with individual effect 

- Fixed Effects with two ways effect   

The results can be seen in Table 2.   

 

Table 2: Estimations Panel Models  

 Dependent Variable: log(CREDIT) 

RANDOM EFFECT FIXED EFFECT 

individual two ways individual two ways 

(1) (2) (3) (4) 

log(BRANCHES) 0.878∗∗∗  

(0.009)  

0.703∗∗∗  

(0.024)  

0.889∗∗∗  

(0.009)  

0.666∗∗∗ 

(0.008) 

log(FIRMS) −0.566∗∗∗  

(0.010)  

−0.012  

(0.030)  

−0.549∗∗∗  

(0.010)  

0.089∗∗∗ 

(0.010) 

log(POP) 0.488∗∗∗  

(0.022)  

0.396∗∗∗  

(0.060)  

0.761∗∗∗  

(0.027)  

0.311∗∗∗ 

(0.022) 

log(GDP) 1.208∗∗∗  

(0.003)  

0.404∗∗∗  

(0.022)  

1.207∗∗∗  

(0.003)  

0.131∗∗∗ 

(0.008) 

constant −4.949∗∗∗  

(0.190)  

−3.050∗∗∗ 

(0.516) 

  

Observations 75,824 

R squared 0.781 0.723 0.782 0.095 

Adjusted R^2 0.781 0.723 0.781 0.088 

F statistic 270,355.8*** 1,459.147*** 67,817.27*** 1,982.374*** 

Note: 

*p<0.1; **p<0.05; ***p<0.01  

Source: author. 

Hausman test to compare Random and Fixed Effects models returned p-values close to 

zero, indicating that the null hypothesis of unique errors being uncorrelated with the 

regressors should be rejected, and that Fixed Effects models are preferred.   

Nevertheless, it is worth emphasizing that the coefficients for "BRANCHES" are 

significant in all four specifications, which is the most important finding for this model and 

confirms the initial hypothesis. In addition, all results for "BRANCHES" return positive 
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values indicating that the number of branches, in general, have a positive effect on the level 

of credit granted.   

Furthermore, this result is consistent in all robustness check performed. The 

coefficients for BRANCHES are still highly significant using both the bootstrap cluster errors 

and the lagged controls variables in all specifications (see Appendix Part IV – Robustness 

checks and Table 8).   

Regarding the control variables, the results are, in general, as expected once all returned 

positive coefficients with the exception of FIRMS in the models 1, 2, and 3.   

Finally, it is important to note that the coefficient 𝛽1 encompasses both rural and urban 

branches. In order to obtain more specific results on rural branches, the following cross-

sectional models are conducted, which outcomes are presented in the next section.   

 

3.2 Cross-sectional Models 

Using OLS estimators to run equation (3) in September 2020, the results are in Table 3:     

Table 3: Estimations Cross-sectional Models (Sep 2020)  

 Dependent Variable: 

log(CREDIT) 

(1) (2) 

RURAL_BRANCHES 0.383∗∗∗ 

(0.043) 

0.169∗∗ 

(0.077) 

URBAN_BRANCHES 0.0003 

(0.003) 

−0.185∗∗∗ 

(0.029) 

log(FIRMS) 0.611∗∗∗ 

(0.112) 
 

log(POP) 0.227∗ 

(0.126) 
 

log(GDP) 

 

0.558*** 

(0.109) 
 

FIRMS 

 
 

0.0003** 

(0.0001) 

POP 

 
 

0.00002*** 

(0.00000) 

GDP 

 
 

0.0001 

(0.0001) 

constant −5.317∗∗∗ 

(0.558) 

3.513*** 

(0.112) 

Observations 347 

R squared 0.820 0.392 

Adjusted R^2 0.817 0.383 
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Residual SE (df = 341) 0.793 1.457 

F statistic (df = 5; 341) 310.196*** 43.963*** 

Note: 

*p<0.1; **p<0.05; ***p<0.01 

Source: author. 

First of all, it is important to notice that the variables rural and urban branch could not 

be transformed into their logarithmic form due to the presence of zero values, rendering the 

logarithm undefined in the real number system in several cases.   

To tackle this issue, two distinct specifications were implemented. In the first one, all 

applicable variables were transformed into a logarithmic form, including the dependent 

variable "CREDIT" and all of the control variables. In the second specification, it was solely 

taken the logarithm of the "CREDIT" variable.   

Table 3 presents evidence that the positive impact of the number of branches on credit 

granted, as observed previously, is actually driven only by the rural branches. This is 

supported by the significant and positive results found for rural branches in both models, 

while the results for urban branches are not statistically significant in the first model and 

negative in the second model.   

This is the primary outcome of this study, as it supports both hypothesis made in this 

work and the existing literature that suggests that de-branching can have a substantial impact 

on the rural population. These findings are meaningful as they validate the notion that de-

branching may lead to adverse consequences for rural communities. 

4. Conclusion and Future Research  

This paper examines the relationship between Financial and Economic Development by 

analyzing the consequences of de-branching on the rural population in the southern region of 

Brazil. The study is grounded on the theory that the closure of bank branches in rural 

communities has an important impact on the accessibility of credit and other financial 

services. Moreover, this analysis was conducted in response to the BGFRS' (2019) request for 

additional research on this topic.   

Through the utilization of Panel Data and Cross-sectional econometric models, it was 

found that the quantity of urban branches has no significant impact (or even negative) on the 

quantity of credit granted. In contrast, rural branches possess a noteworthy effect on the credit 

granted. These preliminary results are supported by the range of robustness checks that were 

conducted and are significant as they validate the theory that de-branching can have negative 

consequences for the rural population, in line with the results found by Ansong et al. (2015).    

In addition to the preliminary findings outlined, this work is currently being working on 

for some future endeavors. One of the primary objectives is to broaden the definition of rural 
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and urban branches to incorporate them into the time series analysis. Additionally, another 

possible avenue of analysis is to conduct similar research in other regions of Brazil or even 

across the entire country.   

To further validate the results obtained in this study, it would be useful to incorporate 

exogenous variation that could potentially impact the accessibility of bank branches. An 

effective way to achieve this is to gather information on unannounced strikes that used to 

occur in the banking industry in Brazil. Such strikes could impact the accessibility of bank 

branches and provide insightful comparisons, such as situations where some branches in the 

same county or region close while other not.  

Finally, another potential idea would be to utilize access to 4G networks as an indicator 

of mobile banking usage. This channel enables individuals to access banking services without 

having to physically visit a bank branch. 

Acknowledgment 

This paper is an output of the course “Spatial Economics” from the Universitat 

Autònoma de Barcelona, which I attended as a member of the Models and Methods of 

Quantitative Economics (QEM) program with finance from the Erasmus Mundus 

Scholarship. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

106 

 

References 

Acedanski, J., Karkowska, R. (2022). Instability spillovers in the banking sector: A spatial 

econometrics approach. The North American Journal of Economics and Finance, 61, 

101694.   

Ansong, D., Chowa, G., & Adjabeng, B. K. (2015). Spatial analysis of the distribution and 

determinants of bank branch presence in Ghana. International Journal of Bank Marketing, 

33(3), 201-222.   

BACEN - Central Bank of Brazil. (2022). Monthly Banking Statistics by Municipality. 

[Online]. Available: https://www4.bcb.gov.br/fis/cosif/estban.asp?frame=1 

BACEN - Central Bank of Brazil. (2022). Relatorio de Estabilidade Financeira. [Online]. 

Available: https://www.bcb.gov.br/content/publicacoes/ref/202210/RELESTAB202210-

refPub.pdf 

 BGFRS - Board of Governors of the Federal Reserve System. (2019). Perspectives from 

Main Street: Bank Branch Access in Rural Communities. [Online]. Available: 

https://www.federalreserve.gov/publications/november-2019-bank-branch-access-in-rural-

communities.htm 

CNBC - Consumer News and Business Channel. (2023). If your local bank branch has closed 

for good, you’re not alone — here’s what you can do. [Online]. Available: 

https://www.cnbc.com/select/bank-closures-hurt-consumers-what-you-need-to-know/ 

Crocco, M., Santos, F., Amaral, P. V. (2010). The spatial structure of financial development 

in Brazil. Spatial Economic Analysis, 5(2), 181-203.   

DEE - Department of Economics and Statistics of Rio Grande do Sul. (2023). Municipal 

GDP. [Online]. Available: https://dee.rs.gov.br/pib-municipal 

ESRI LAND - Environmental Systems Research Institute. (2023). Sentinel-2 10m Land 

Use/Land Cover Timeseries Downloader. [Online].  Available: 

https://www.arcgis.com/apps/instant/media/index.html?appid=fc92d38533d440078f17678e

bc20e8e2 

FIDC - Federal Deposit Insurance Corporation. (2022). FIDC Quarterly. [Online]. Volume 

16, Number 4.   

Flogel, F., Gartner, S. (2018). The Banking Systems of Germany, the UK and Spain from a 

Spatial Perspective: The German Case.   

GADM - Database of Global Administrative Areas. (2023). Download GADM data (version 

4.1). [Online]. Available: https://gadm.org/download_country.html 

https://www4.bcb.gov.br/fis/cosif/estban.asp?frame=1
https://www.bcb.gov.br/content/publicacoes/ref/202210/RELESTAB202210-refPub.pdf
https://www.bcb.gov.br/content/publicacoes/ref/202210/RELESTAB202210-refPub.pdf
https://www.federalreserve.gov/publications/november-2019-bank-branch-access-in-rural-communities.htm
https://www.federalreserve.gov/publications/november-2019-bank-branch-access-in-rural-communities.htm
https://www.cnbc.com/select/bank-closures-hurt-consumers-what-you-need-to-know/
https://dee.rs.gov.br/pib-municipal
https://www.arcgis.com/apps/instant/media/index.html?appid=fc92d38533d440078f17678ebc20e8e2
https://www.arcgis.com/apps/instant/media/index.html?appid=fc92d38533d440078f17678ebc20e8e2
https://gadm.org/download_country.html


 

107 

 

Hasan, I., Jackowicz, K., Kowalewski, O., & Kozłowski, Ł. (2017). Do local banking market 

structures matter for sme financing and performance? New evidence from an emerging 

economy. Journal of Banking and Finance, 79(June), 142–158.   

House of Commons UK. (2022). Statistics on access to cash, bank branches and ATMs. 

House of Commons Library Number CBP08570. [Online]. Available: 

https://commonslibrary.parliament.uk 

IBGE - Brazilian Institute of Geography and Statistic. (2023a). Population Estimation. 

[Online]. Available: https://www.ibge.gov.br/estatisticas/sociais/populacao/9103-

estimativas-de-populacao.html?=&t=resultados 

IBGE - Brazilian Institute of Geography and Statistic. (2023b). Statistics of the Central 

Register of Firms. [Online]. Available: 

https://www.ibge.gov.br/estatisticas/economicas/comercio/9016-estatisticas-do-cadastro-

central-de-empresas.html?=&t=downloads 

NCRC - National Community Reinvestment Coalition. (2022). The Great Consolidation of 

Banks and Acceleration of Branch Closures Across America. [Online]. Available: 

https://www.fdic.gov/analysis/quarterly-banking-profile/fdic-quarterly/2022-vol16-4/fdic-

v16n4-3q2022.pdf 

Okeahalam, C. (2009). Bank branch location: A count analysis. Spatial economic analysis, 

4(3), 275-300.   

Qi, S., De Haas, R., Ongena, S., & Straetmans, S. (2019). Move a little closer? Information 

sharing and the spatial clustering of bank branches. Swiss Finance Institute Research 

Paper, (17-74).   

Rafaj, O., Siranova, M. (2022). De-branching, too-much-branching, and cost of debt of SMEs 

in Slovakia. European Financial Management.   

Wang, X., & Guan, J. (2017). Financial inclusion: measurement, spatial effects and 

influencing factors. Applied Economics, 49(18), 1751-1762.   

Warwar, L. (2020). Geolocalização das agências bancárias no Brasil. Repositório do GitHub - 

https://github.com/lucaswarwar/agencias/   

Zhao, T., Jones-Evans, D. (2017). SMEs, banks and the spatial differentiation of access to 

finance. Journal of Economic Geography, 17(4), 791-824.  

 

 

 

 

https://commonslibrary.parliament.uk/
https://www.ibge.gov.br/estatisticas/sociais/populacao/9103-estimativas-de-populacao.html?=&t=resultados
https://www.ibge.gov.br/estatisticas/sociais/populacao/9103-estimativas-de-populacao.html?=&t=resultados
https://www.ibge.gov.br/estatisticas/economicas/comercio/9016-estatisticas-do-cadastro-central-de-empresas.html?=&t=downloads
https://www.ibge.gov.br/estatisticas/economicas/comercio/9016-estatisticas-do-cadastro-central-de-empresas.html?=&t=downloads
https://www.fdic.gov/analysis/quarterly-banking-profile/fdic-quarterly/2022-vol16-4/fdic-v16n4-3q2022.pdf
https://www.fdic.gov/analysis/quarterly-banking-profile/fdic-quarterly/2022-vol16-4/fdic-v16n4-3q2022.pdf


 

108 

 

APPENDIX 

A.1 Part I – R code for data set 

# DATA SET 

# Description: loop to collect time series data and merge 

# Data: BRANCHES, FIRMS, POP, and GPD from 2002/01 to 2020/12 (228 months)  

# Author: Wagner E. Schuster (2023/03) 

 

# cleaning  

rm(list=ls());gc() 

# setting work directory 

setwd("~/QEM/BARCELONA/Spatial/Paper/Data") 

 

## Branches (from BACEN) 

# create shape 

BRANCHES_TOT <- as.data.frame(matrix(ncol=5)) 

names(BRANCHES_TOT) <- c("DATE","COUNTY", "BRANCHES", "CREDIT", "YEAR") 

BRANCHES_TOT <- BRANCHES_TOT[-1,] 

# loop 

for (y in 2002:2020){ 

  for (m in sprintf("%02d", 1:12)){ 

    # read .csv from Central Bank 

    BRANCHES <- read.csv2(paste0("Bacen/",y,m,"_ESTBAN.CSV"), skip = 2) 

    # take just RS 

    BRANCHES <- BRANCHES[BRANCHES$UF=="RS",] 

    # aggregate 

    BRANCHES_AGG <- as.data.frame(aggregate(list(BRANCHES$AGEN_ESPERADAS 

                  ,BRANCHES$VERBETE_160_OPERACOES_DE_CREDITO) 

                  ,by=list(BRANCHES$X.DATA_BASE,BRANCHES$MUNICIPIO), FUN=sum)) 

    BRANCHES_AGG$YEAR <- y 

    names(BRANCHES_AGG) <- c("DATE","COUNTY", "BRANCHES", "CREDIT", "YEAR") 

    # add 

    BRANCHES_TOT <- rbind(BRANCHES_TOT,BRANCHES_AGG) 

  } 

} 

# remove NA 

BRANCHES_TOT <- BRANCHES_TOT[complete.cases(BRANCHES_TOT),] 

# transform billion 

BRANCHES_TOT$CREDIT <- BRANCHES_TOT$CREDIT / 1000000 

# remove non necessary bases 

rm(BRANCHES, BRANCHES_AGG) 

 

## Firms (from IBGE) - 3 different formats 

# 2002 - 2007 

# 2008 - 2013 

# 2014 - 2020 
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# create shape 

FIRMS_TOT <- as.data.frame(matrix(ncol=3)) 

names(FIRMS_TOT) <- c("YEAR","COUNTY", "FIRMS") 

FIRMS_TOT <- FIRMS_TOT[-1,] 

# read .xlsx from IBGE 

library(readxl) 

# loop (2002 - 2007) 

for (y in 2002:2007){ 

  FIRMS <- read_xls(paste0("IBGE/Tabela 13_",y,".xls"), skip = 4) 

  # take just RS 

  FIRMS <- FIRMS[(which(FIRMS[,1]=="Rio Grande do Sul")+1): 

                   (which(FIRMS[,1]=="Mato Grosso do Sul")-1),] 

  # upper case and no accents 

  FIRMS$COUNTY <- toupper(iconv(FIRMS$...1, to='ASCII//TRANSLIT')) 

  # selecting data 

  FIRMS$YEAR <- y 

  FIRMS <- FIRMS[,c(7,6,2)] 

  names(FIRMS) <- c("YEAR","COUNTY", "FIRMS") 

  # add 

  FIRMS_TOT <- rbind(FIRMS_TOT,FIRMS) 

} 

# loop (2008 - 2013) 

for (y in 2008:2013){ 

  FIRMS <- read_xls(paste0("IBGE/Tabela 13_",y,".xls"), skip = 4) 

  # take just RS 

  FIRMS <- FIRMS[(which(FIRMS$...1=="Rio Grande do Sul")+1): 

                   (which(FIRMS$...1=="Mato Grosso do Sul")-1),] 

  # upper case and no accents 

  FIRMS$COUNTY <- toupper(iconv(FIRMS$...1, to='ASCII//TRANSLIT')) 

  # selecting data 

  FIRMS$YEAR <- y 

  FIRMS <- FIRMS[,c(9,8,7)] 

  names(FIRMS) <- c("YEAR","COUNTY", "FIRMS") 

  # add 

  FIRMS_TOT <- rbind(FIRMS_TOT,FIRMS) 

} 

# loop (2014 - 2020) 

for (y in 2014:2020){ 

  FIRMS <- read_xls(paste0("IBGE/Tabela 13_",y,".xls"), skip = 4) 

  # take just RS 

  FIRMS <- FIRMS[FIRMS$...1=="Rio Grande do Sul",] 

  # remove acronym for state 

  FIRMS$COUNTY <- substr(FIRMS$...2,1,nchar(FIRMS$...2)-5) 

  # upper case and no accents 

  FIRMS$COUNTY <- toupper(iconv(FIRMS$COUNTY, to='ASCII//TRANSLIT')) 

  # selecting data 

  FIRMS$YEAR <- y 
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  FIRMS <- FIRMS[2:(length(FIRMS$Total)-1),c(12,11,10)] 

  names(FIRMS) <- c("YEAR","COUNTY", "FIRMS") 

  # add 

  FIRMS_TOT <- rbind(FIRMS_TOT,FIRMS) 

} 

# remove NA 

FIRMS_TOT <- FIRMS_TOT[complete.cases(FIRMS_TOT),] 

# remove non necessary bases 

rm(FIRMS) 

 

## Population (from IBGE) - 2 different format 

# 2002 - 2010 

# 2011 - 2020 

# create shape 

POP_TOT <- as.data.frame(matrix(ncol=3)) 

names(POP_TOT) <- c("YEAR","COUNTY", "POP") 

POP_TOT <- POP_TOT[-1,] 

# loop (2002 - 2010) 

for (y in 2002:2010){ 

  POP <- read_xls(paste0("IBGE/POP_",y,".xls"), skip=4) 

  # take just RS 

  POP <- POP[POP[,1]=="RS",] 

  # upper case and no accents 

  POP$COUNTY <- toupper(iconv(POP$...4, to='ASCII//TRANSLIT')) 

  # add year 

  POP$YEAR <- y 

  # taking just variables I will use 

  POP <- POP[,c(7,6,5)] 

  names(POP) <- c("YEAR","COUNTY", "POP") 

  # cleaning the data  

  POP$par <- unlist(gregexpr(pattern = "\\(", POP$POP)) 

  POP$POP <- ifelse(POP$par != -1,  

                    substr(POP$POP,1,POP$par-1) 

                    ,POP$POP) 

  POP$POP <- as.numeric(gsub(",", ".", gsub("\\.", "", POP$POP))) 

  POP$par <- NULL 

  # add 

  POP_TOT <- rbind(POP_TOT,POP) 

} 

# loop (2011 - 2020) 

for (y in 2011:2020){ 

  POP <- read_xls(paste0("IBGE/POP_",y,".xls"), sheet = 2, skip=1) 

  # take just RS 

  POP <- POP[POP[,1]=="RS",] 

  # upper case and no accents 

  POP$COUNTY <- toupper(iconv(POP$`NOME DO MUNICÍPIO`, to='ASCII//TRANSLIT')) 

  # add year 
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  POP$YEAR <- y 

  # taking just variables I will use 

  POP <- POP[,c(7,6,5)] 

  names(POP) <- c("YEAR","COUNTY", "POP") 

  # cleaning the data 

  POP$par <- unlist(gregexpr(pattern = "\\(", POP$POP)) 

  POP$POP <- ifelse(POP$par != -1,  

                    substr(POP$POP,1,POP$par-1) 

                    ,POP$POP) 

  POP$POP <- as.numeric(gsub(",", ".", gsub("\\.", "", POP$POP))) 

  POP$par <- NULL 

  # add 

  POP_TOT <- rbind(POP_TOT,POP) 

} 

# remove NA 

POP_TOT <- POP_TOT[complete.cases(POP_TOT),] 

# remove non necessary bases 

rm(POP) 

 

## GDP (from DEE) - all data in a single file 

# read file 

GDP_TOT <- read_xlsx("DEE/pib-rs-serie-historica-2.xlsx") 

# upper case and ASCII 

GDP_TOT$COUNTY <- toupper(iconv(GDP_TOT$`Nome do Município`, to='ASCII//TRANSLIT')) 

# take just necessary 

GDP_TOT <- GDP_TOT[,c(1,38,10)]   

# rename 

names(GDP_TOT) <- c("YEAR","COUNTY", "GDP") 

# transform billion 

GDP_TOT$GDP <- GDP_TOT$GDP / 1000000 

 

## merge all data 

# Branches and Firms 

FINAL <- merge(BRANCHES_TOT, FIRMS_TOT, by=c("YEAR", "COUNTY")) 

# add Population 

FINAL <- merge(FINAL, POP_TOT, by=c("YEAR", "COUNTY")) 

# add GDP 

FINAL <- merge(FINAL, GDP_TOT, by=c("YEAR", "COUNTY")) 

 

## write final data 

write.csv2(FINAL, "FINAL.csv")   

A.2 Part II – QGIS and R code for defining “Rural Branches” 

## QGIS 

# Buffer around each branch 

Algorithm 'Buffer' starting… 

Input parameters: 
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{ 'DISSOLVE' : False, 'DISTANCE' : 0.03, 'END_CAP_STYLE' : 0, 'INPUT' :  

'delimitedtext://file:///C:/Users/User/Documents/QEM/BARCELONA/Spatial/Paper/Data/branches/ 

agencias_set20_ok.csv?type=csv&maxFields=10000&detectTypes=yes&xField=lon&yField=lat&crs= 

EPSG:4326&spatialIndex=no&subsetIndex=no&watchFile=no', 

'JOIN_STYLE' : 0, 'MITER_LIMIT' : 2, 'OUTPUT' : 'TEMPORARY_OUTPUT', 'SEGMENTS' : 5 } 

 

# Count the size (pixels) in the whole raster 

Algorithm 'Raster layer unique values report' starting… 

Input parameters: 

{ 'BAND' : 1, 'INPUT' : 'C:/Users/User/Documents/QEM/BARCELONA/Spatial/Paper/Data/esriland/ 

  22J_20200101-20210101.tif', 

'OUTPUT_HTML_FILE' : 'TEMPORARY_OUTPUT', 'OUTPUT_TABLE' : 'TEMPORARY_OUTPUT' } 

 

# Histogram of area inside each buffer 

Algorithm 'Zonal histogram' starting… 

Input parameters: 

{ 'COLUMN_PREFIX' : 'HISTO_', 'INPUT_RASTER' :  

'C:/Users/User/Documents/QEM/BARCELONA/Spatial/Paper/Data/esriland/22J_20200101-20210101.tif', 

'INPUT_VECTOR' : 'memory://MultiPolygon?crs=EPSG:4326&field=id_agencia:long(0,0)&field= 

municipio:string(0,0)&field=cod_ibge:integer(0,0)&field=uf:string(0,0)&field=cnpj_agencia: 

string(0,0)&field=nome_agencia:string(0,0)&field=banco:string(0,0)&field=segmento: 

string(0,0)&field=cod_compensacao_agencia:integer(0,0)&field=endereco:string(0,0)&field= 

bairro:string(0,0)&field=cep:string(0,0)&field=ddd:integer(0,0)&field=telefone:double(0,0)& 

fiEld=fonte_agencias:string(0,0)&field=fonte_geocode:string(0,0)&field=lon:double(0,0)&field= 

lat:double(0,0)&uid={2f8ee310-8d3a-4a7c-ad45-910eacf3e17a}',  

  'OUTPUT' : 'TEMPORARY_OUTPUT', 'RASTER_BAND' : 1 } 

 

## R 

# read the 3 tables (one from each raster) 

BASE <- read.csv("branches_buffer_area.csv") 

BASE2 <- read.csv("branches_buffer_area2.csv") 

BASE3 <- read.csv("branches_buffer_area3.csv") 

# pile (diff columns...) 

library(plyr) 

BASE_TOT <- rbind.fill(BASE, BASE2, BASE3) 

rm(BASE,BASE2,BASE3) 

# take just RS 

BASE_TOT <- BASE_TOT[BASE_TOT$uf=="RS",] 

# TOT_COUNT area in each buffer 

BASE_TOT$HISTO_TOT <- rowSums(BASE_TOT[,20:28], na.rm = TRUE) 

# will repeat the cities... take just city where TOT_COUNT > 0 

BASE_TOT <- BASE_TOT[BASE_TOT$HISTO_TOT>0,] 

# compute percentage rural (crops + rangeland) for each branch 

BASE_TOT$RURAL_AREA <- (BASE_TOT$HISTO_5 + BASE_TOT$HISTO_11) / 

BASE_TOT$HISTO_TOT 

# check if crops + rangeland are more than half of total area 

BASE_TOT$RURAL_FLAG <- ifelse(BASE_TOT$RURAL_AREA>0.5,1,0) 
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# upper case and county 

BASE_TOT$COUNTY <- toupper(iconv(BASE_TOT$municipio, to='ASCII//TRANSLIT')) 

# aggregate 

BASE_TOT_AGG <- as.data.frame(aggregate(list(BASE_TOT$RURAL_FLAG) 

                                        ,by=list(BASE_TOT$COUNTY), FUN=sum)) 

names(BASE_TOT_AGG) <- c("COUNTY", "RURAL_BRANCHES") 

# save rural branches 

write.csv2(BASE_TOT_AGG, "rural_branches_agg.csv") 

A.3 Part III – R code for regressions 

# Regressions 

# Description: run regressions on the data  

# Author: Wagner E. Schuster (2023/03) 

 

# cleaning  

rm(list=ls());gc() 

# setting work directory 

setwd("~/QEM/BARCELONA/Spatial/Paper/Data") 

# load plm 

library(plm) 

 

## 1st: Panel Data Models 

# load data 

FINAL <- read.csv2("FINAL.csv") 

# taking out zero for credit 

FINAL <- FINAL[FINAL$CREDIT>0,] 

## Random Effect Models 

# Individual effect 

model_RE1 <-plm(log(CREDIT) ~ log(BRANCHES) + log(FIRMS) + log(POP) + log(GDP)  

               ,data=FINAL   

               ,index=c("COUNTY",  "DATE") 

               ,model="random") 

# two ways effect 

model_RE2 <-plm(log(CREDIT) ~ log(BRANCHES) + log(FIRMS) + log(POP) + log(GDP)  

               ,data=FINAL   

               ,index=c("COUNTY",  "DATE") 

               ,model="random" 

               ,effect = "twoways")  

## Fixed Effect Models 

# individual effects 

model_FE1 <-plm(log(CREDIT) ~ log(BRANCHES) + log(FIRMS) + log(POP) + log(GDP)  

                ,data=FINAL   

                ,index=c("COUNTY",  "DATE") 

                ,model="within") 

# two ways effect 

model_FE2 <-plm(log(CREDIT) ~ log(BRANCHES) + log(FIRMS) + log(POP) + log(GDP)  

                ,data=FINAL   
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                ,index=c("COUNTY",  "DATE") 

                ,model="within" 

                ,effect = "twoways")  

# Hausman Test 

hausman_test1 <- phtest(model_FE1, model_RE2) 

hausman_test1 

hausman_test2 <- phtest(model_FE2, model_RE2) 

hausman_test2 

 

## 2nd: OLS ModelS (September 2020) 

# BASE sep 2020 

FINAL2020 <- FINAL[FINAL$DATE=="202009",] 

# load rural branches data 

RURAL <- read.csv2("rural_branches_agg.csv") 

RURAL <- RURAL[,-1] 

# merge 

FINAL2020 <- merge(FINAL2020, RURAL, by= "COUNTY") 

# create urban branches 

FINAL2020$URBAN_BRANCHES <- FINAL2020$BRANCHES - FINAL2020$RURAL_BRANCHES 

# regressionS OLS 

model_OLS1 <- lm(log(CREDIT) ~ RURAL_BRANCHES + URBAN_BRANCHES + log(FIRMS) + 

log(POP) + log(GDP) 

                 ,data = FINAL2020) 

model_OLS2 <- lm(log(CREDIT) ~ RURAL_BRANCHES + URBAN_BRANCHES + FIRMS + POP + GDP 

                 ,data = FINAL2020) 

A.4 Part IV – Robustness checks 

# Robustness checks 

# Description: run alternative regressions on the data (bootstrap errors and lagged exploratory variables) 

# Author: Wagner E. Schuster (2023/03) 

 

## 1st: bootstrap errors 

# using the panel models 

# bootstrap cluster errors (1000 repetitions and county cluster) using package clusterSEs 

# WARNING: LONG TIME TO PROCESS (over 15 hours!) 

library(clusterSEs) 

# model RE1 

cluster.bs.plm(mod=model_RE1, dat=FINAL[,-(1:2)], cluster="group", ci.level = 0.95,  

               boot.reps = 1000, cluster.se = TRUE, report = TRUE, prog.bar = FALSE) 

Table 4: Results Robustness Checks (mode RE1) 

 Cluster Bootstrap p-values 

variable name cluster bootstrap p-value 

Constant 0 

log(BRANCHES) 0 

log(FIRMS) 0 
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log(POP) 0.001 

log(GDP) 0 

Confidence Intervals (derived from bootstrapped t-statistics): 

variable name CI lower CI higher 

constant -7.32909366629382  -2.56859446336687 

log(BRANCHES) 0.668111860178648  1.08864558191441 

log(FIRMS) -0.691592910952026  -0.440062456121433 

log(POP) 0.201134816196388  0.774886131244035 

log(GDP) 1.14727980108605  1.26884879640965 

Source: author. 

# model RE2 

cluster.bs.plm(mod=model_RE2, dat=FINAL[,-(1:2)], cluster="group", ci.level = 0.95,  

               boot.reps = 1000, cluster.se = TRUE, report = TRUE, prog.bar = FALSE) 

Table 5: Results Robustness Checks (mode RE2) 

 Cluster Bootstrap p-values 

variable name cluster bootstrap p-value 

Constant 0.013 

log(BRANCHES) 0 

log(FIRMS) 0.888 

log(POP) 0.0070000000001 

log(GDP) 0 

Confidence Intervals (derived from bootstrapped t-statistics): 

variable name CI lower CI higher 

constant -5.43523144636079  -0.66572880476177 

log(BRANCHES) 0.498067339466208  0.90773154401438 

log(FIRMS) -0.162779100200659  0.139561299384616 

log(POP) 0.101965002268354  0.690819724764916 

log(GDP) 0.235483854710167  0.571831190984197 

Source: author. 

# model FE1 

cluster.bs.plm(mod=model_FE1, dat=FINAL[,-(1:2)], cluster="group", ci.level = 0.95,  

               boot.reps = 1000, cluster.se = TRUE, report = TRUE, prog.bar = FALSE) 

Table 6: Results Robustness Checks (mode FE1) 

 Cluster Bootstrap p-values 

variable name cluster bootstrap p-value 

log(BRANCHES) 0 

log(FIRMS) 0 

log(POP) 0 

log(GDP) 0 

Confidence Intervals (derived from bootstrapped t-statistics): 

variable name CI lower CI higher 

log(BRANCHES) 0.671487495319072  1.1055306713381 

log(FIRMS) -0.677684823416762  -0.421154876017399 
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log(POP) 0.356907844943397  1.16459139679247 

log(GDP) 1.14770306017415  1.26649804846045 

Source: author. 

# model FE2 

cluster.bs.plm(mod=model_FE2, dat=FINAL[,-(1:2)], cluster="group", ci.level = 0.95,  

               boot.reps = 1000, cluster.se = TRUE, report = TRUE, prog.bar = FALSE) 

Table 7: Results Robustness Checks (mode FE2) 

 Cluster Bootstrap p-values 

variable name cluster bootstrap p-value 

log(BRANCHES) 0 

log(FIRMS) 0.239 

log(POP) 0.114 

log(GDP) 0.029 

Confidence Intervals (derived from bootstrapped t-statistics): 

variable name CI lower CI higher 

log(BRANCHES) 0.459280298913625  0.871841350424146 

log(FIRMS) -0.0628129076267658  0.241005312933453 

log(POP) -0.0912120902487408  0.714014699260138 

log(GDP) 0.012437395835586  0.250075214527696 

Source: author. 

## 2nd: lagged exploratory variables 

# run again the models 

## Random Effect Models 

# Individual effect 

model_lag_RE1 <-plm(log(CREDIT) ~ log(BRANCHES)  

                + shift(log(FIRMS)) + shift(log(POP)) + shift(log(GDP))  

                ,data=FINAL   

                ,index=c("COUNTY",  "DATE") 

                ,model="random") 

# two ways effect 

model_lag_RE2 <-plm(log(CREDIT) ~ log(BRANCHES)  

                + shift(log(FIRMS)) + shift(log(POP)) + shift(log(GDP)) 

                ,data=FINAL   

                ,index=c("COUNTY",  "DATE") 

                ,model="random" 

                ,effect = "twoways")  

## Fixed Effect Models 

# individual effects 

model_lag_FE1 <-plm(log(CREDIT) ~ log(BRANCHES)  

                + shift(log(FIRMS)) + shift(log(POP)) + shift(log(GDP)) 

                ,data=FINAL   

                ,index=c("COUNTY",  "DATE") 

                ,model="within") 

# two ways effect 

model_lag_FE2 <-plm(log(CREDIT) ~ log(BRANCHES)  



 

117 

 

                + shift(log(FIRMS)) + shift(log(POP)) + shift(log(GDP)) 

                ,data=FINAL   

                ,index=c("COUNTY",  "DATE") 

                ,model="within" 

                ,effect = "twoways")  

# table 

stargazer(model_lag_RE1,model_lag_RE2,model_lag_FE1,model_lag_FE2 

          ,title="Appendix: Estimations Panel Models with lagged controls" 

          ,header=FALSE 

          ,type='latex' 

          ,column.labels=c("\\shortstack{RANDOM EFFECT \\\\ individual}" 

                           ,"\\shortstack{RANDOM EFFECT \\\\ two ways}" 

                           ,"\\shortstack{FIXED EFFECT \\\\ individual}" 

                           ,"\\shortstack{FIXED EFFECT \\\\ two ways}") 

          ,df=F 

          ,no.space = T) 

Table 8: Estimations Panel Models with lagged controls  

 Dependent Variable: log(CREDIT) 

RANDOM EFFECT FIXED EFFECT 

individual two ways individual two ways 

(1) (2) (3) (4) 

log(BRANCHES) 1.055∗∗∗ 

(0.010)  

0.740∗∗∗ 

(0.024)   

1.022∗∗∗  

(0.010)  

0.677∗∗∗ 

(0.008) 

shift(log(FIRMS)) −0.617∗∗∗ 

(0.011)  

0.028 

(0.029)   

−0.631∗∗∗ 

(0.011)   

0.079∗∗∗ 

(0.010) 

shift(log(POP)) −0.316∗∗∗ 

(0.017)  

−0.172∗∗∗  

(0.043)  

−0.370∗∗∗ 

(0.018)  

−0.180∗∗∗ 

(0.014) 

shift(log(GDP)) 1.146∗∗∗ 

(0.004)  

0.122∗∗∗  

(0.021)  

1.149∗∗∗ 

(0.004)  

−0.019∗∗ 

(0.007) 

constant 3.055∗∗∗ 

(0.126)  

3.484∗∗∗ 

(0.308) 

  

Observations 75,823 

R squared 0.729 0.745 0.730 0.089 

Adjusted R^2 0.729 0.745 0.729 0.082 

F statistic 204,445.4*** 980.78*** 51,036.88*** 1,842.225*** 

Note: 

*p<0.1; **p<0.05; ***p<0.01  

Source: author. 

 


