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Abstract: Rural credit policies have a strong impact on food production and food security. The
attribution of credit policies to agricultural production is one of the main problems preventing the
guarantee of agricultural expansion. In this work, we conduct family typology analysis applied to a
set of research data to characterize different regions. Through genetic programming, a model was
developed using user-defined terms to identify the importance and priority of each criterion used
for each region. Access to credit results in economic growth and provides greater income for family
farmers, as observed by the results obtained in the model for the Sul region. The Nordeste region
indicates that the cost criterion is relevant, and according to previous studies, the Nordeste region has
the highest number of family farming households and is also the region with the lowest economic
growth. An important aspect discovered by this research is that the allocation of rural credit is not
ideal. Another important aspect of the research is the challenge of capturing the degree of diversity
across different regions, and the typology is limited in its ability to accurately represent all variations.
Therefore, it was possible to characterize how credit is distributed across the country and the main
factors that can influence access to credit.

Keywords: rural credit; criteria analysis; family farming; genetic programming; machine learning

1. Introduction

Food insecurity is a global challenge, and the Central Rural Work Conference in 2021
pointed out that in order to ensure food security, attention should be paid to adjusting rural
credit [1]. The allocation of credit to agricultural production is one of the main problems
in ensuring agricultural expansion, since the credit is financed with lower interest rates
than those adopted in the market [2]. Rural credit consists of loans provided by financial
institutions to producers and rural cooperatives [3]. According to data from the Central
Bank of Brazil [4], in 1999, the rural credit/agricultural GDP ratio was approximately 24%,
and in 2018, it reached approximately 61%. The increase in rural credit and its importance
to Brazilian agricultural policy become even more relevant when we consider studies that
show the impact of positive rural credit on agricultural variables such as production value,
agricultural products, agribusiness products, and total factor productivity [5,6].

Many studies from different parts of the world have shown significant economic
and social elevation for the beneficiaries of rural credit programs [7]. In addition, many
specialists believe that large farmers linked to global companies are key actors, based on
both the size of their production and the potential for agricultural intensification. However,
for other specialists, diversified systems of family agriculture allow for greater potential
for development. Other experts analyze the impact of public policies on the well-being
and economic improvement of rural areas around the world, concluding that rural credit
policies represent an essential factor in the development of agriculture [8,9]. Although
some studies have addressed rural credit, no study has sought to understand how rural
credit is allocated to farmers, and no specific technique or methodology has been used to
properly assess rural credit for the actors involved.
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The difficulty in finding studies related to the conception of rural credit is due to the
complexity of the rural credit system. For example, the government of Brazil has a complex
set of funding sources and rural credit programs and offers a range of credit lines targeted
at producers with different income levels and property sizes. However, flaws in the current
design lead to substantially reduced access and distribution of rural credit. This diminishes
the benefits of the policy and threatens the country’s ability to balance its agricultural
productivity with environmental preservation [3].

During the 2017 agricultural year, the Brazilian rural credit system offered 18 sources
of financing. Important differences existed among these funding sources in terms of
beneficiary qualification criteria and funding conditions. This generated a complex system
and made it difficult for creditors and debtors to define the best credit option in each case.
The complex set of rules for the different credit lines was not only excessively complicated
for the agents operating the system but also generated distortions in the allocation of
resources [10].

It is argued that the current structure favors the three public banks: (1) Banco do Brasil,
the main creditor in the sul, sudeste, and centro-oeste revisions; (2) Banco do Nordeste,
the main creditor in the nordeste region; and (3) Banco da Amazônia, the main creditor in
the norte region. Considering the BRL 218 billion made available during the 2017–2018
harvest, which represents approximately 7% of the balance of credit operations in the entire
financial system, rural credit is restricted to a small portion of rural establishments in Brazil.
According to the Brazilian Institute of Geography and Statistics (IBGE) [11] only 15.5%
of rural establishments had access to the rural credit system. Among those who did not
obtain it, 42.8% stated reasons that did not prevent them from taking out rural credit. Such
values correspond to the existing paradigm at specialized rural credit institutions [12] and,
consequently, to the hypothesis of rural credit rationing in the country [13,14]. Banco do
Brasil, the public bank, provided 47% of all loans in the 2017 fiscal year. Itaú and Bradesco,
two of the most important private banks in Brazil, together with Banco do Brasil, provided
about 60% of all loans in the same period. Credit cooperatives were responsible for another
15% of rural credit in 2017 [10].

In this respect, guaranteeing access to rural credit for all farmers, and not just for
a minority, is considered a vital requirement for sustainable economic growth and for
improving the quality of life in less developed countries. In order to understand the rural
credit allocation process, we used family typology analysis applied to a research dataset
to characterize different regions. Previous studies used several approaches to determine
rural credit but did not take into account the complexity of heterogeneous family farming
systems. There is no work in the literature that characterizes how rural credit, an important
public policy that has been adopted by several countries, is conceived. Therefore, it was
necessary to investigate and characterize the allocation of rural credit to different Brazilian
regions using an artificial intelligence technique. The technique used in this study was
designed using user-defined terms to identify the importance and priority of each criterion
used for each region. Thus, farmers who are interested in accessing rural credit may have a
better decision-making capacity in relation to the most important criteria in a given region.

This paper is organized as follows: Section 2 presents the bibliographic review, and
Section 3 describes the genetic programing. In Section 4, we discuss the method, and in
Section 5, we discuss the results. Finally, we provide the conclusion in Section 6.

2. Bibliographic Review

The period of 1995 to 2022 was selected for this systematic review, because the National
Program to Strengthen Family Farming (PRONAF) was created in 1995. PRONAF was
introduced to support family farmers because there was an increase in farmer indebtedness
and non-payment [15].

For the systematic review, first, the criteria for inclusion were defined, followed by
the systematic implementation of defined search strings across the Web of Science, Scopus,
and SciELO databases. To achieve quality and ensure relevance to the topic, only articles
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that were published in respected international peer-reviewed journals were shortlisted.
All other publications, including conference articles, post-graduation theses, and editorial
notes, were excluded from this review. This approach allowed for a description of the
techniques, methodologies, applied tools, and possible trends in the bibliography, as well
as the gaps in research on rural credit. Peer-reviewed articles were included in the analysis
based on the criteria listed in Table 1.

Table 1. Inclusion criteria for the systematic review.

Category Inclusion Details

Language Non-English studies have been excluded
Publication date Any studies prior to 1995 have been excluded
Peer-reviewed Only peer-reviewed articles have been included

Geography Only studies related to rural credit around the world
Primary data Only the studies presenting primary data

Subjects Only those studies that relate to family farming

Treatment The studies must be related to rural credit, or to one of its practices or
pseudonyms, as a financing policy

Rural credit aspect Studies must be related to one or more aspects of Rural Credit:
• Criteria (quantity) •Methodology • Tools • Distribution

The next step was to define the keywords (search strings) to be used in the first filter to
select the articles. The words defined in advance were “rural credit” and “family farming”,
“rural credit distribution”, “rural credit measurement”, and “indicators of rural credit”
as terms on one axis of the theoretical background. The keywords connected to rural
credit and family farming were combined to form the other axis of the research. Then, the
keywords were constructed, as shown in Table 2.

Table 2. Keywords.

Keywords TOPIC—Search Strings in the Title and Summary of the Articles

P1 Topic = (“Rural Credit”) AND Topic = (“Family Farming”)
P2 Topic = (“Rural credit distribution”) AND Topic = (“Family Farming”)
P3 Topic = (“Rural credit measurement”) AND Topic = (“Family Farming”)
P4 Topic = (“Indicators for rural credit”) AND Topic = (“Family Farming”)
P5 Topic = (“Model used in rural credit”) AND Topic = (“Family Farming”)
P6 Topic = (“Distribution of public resources in agriculture”) AND Topic P1
P7 Topic = (“Agriculture performance”) AND Topic P1
P8 Topic = (“Tools used in agriculture”) AND Topic P1
P9 Topic = (“Criteria for public resources”) AND Topic P1

P10 Topic = (“Methodology used in sustainable agriculture”) AND Topic P1

Then, the articles that were considered to be aligned with the theme of this research
were analyzed using the Journal Citation Reports (JCR) of their respective publishers. The
objective was to verify whether they possessed a JCR impact factor (IF) score different from
zero. As a quality standard, only journals with a JCR IF greater than zero were included in
this research.

Selection of the Theoretical Framework

Using the inclusion criteria for the systematic review and the defined keywords, the
search of the database yielded 2699 results. The summaries of those 2699 articles were then
analyzed to check whether their themes were aligned with the research. After this initial
analysis, 2597 references were excluded for not being aligned with this research or for being
duplicates. Then, the 102 remaining articles were analyzed using the JCR criterion. It was
observed that 49 did not meet the requirements, meaning that the JCR indicator was zero.
Hence, the remaining 53 articles were aligned with regard to the title and abstract and met
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the JCR requirement established by the researcher. Those articles were then read in full in
order to evaluate whether they would contribute valuable information to this study. In this
process, three articles were excluded, resulting in 50 articles, as shown in Figure 1.
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Figure 1. Flowchart illustrating the systematic review process.

Figure 2 shows the systematic process for the visualization of techniques and criteria
from the identification of 50 papers deemed eligible for full analysis. For this research, we
divided the articles into five techniques that were used in their respective work: statistical,
computational, multicriteria, exploratory review, and other. The aim was to find a technique
that could apply to the work, considering its limitations.

A total of 72% of articles reported a quantitative approach, among which 16% used
statistical techniques to solve the problems [16–23]. Computational techniques were used
in 28% [8,24–37]; multicriteria techniques were used in 22% [38–48]; literature review, a
qualitative approach, was used in 28% [49–62]; and other types were used in 6% [63–65],
Table 3.
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Table 3. Percentage of technical approaches.

Total Percentage of Techniques Adopted in the Literature

Statistical techniques 16%

Computational techniques 28%

Multicriteria techniques 22%

Literature review 28%

Other types 6%

3. Genetic Programming

Genetic programming has attracted attention for solving credit problems, both aca-
demically and empirically, and is mainly implemented for problems with less information.
For genetic programming, it fits as a machine learning method, but unlike with other
learning methods, the answer is already a readable and interpretable model in the form of
a program. When we are able to define the language in which the program will be written,
the obtained program will be explicitly interpretable and will not require an additional step
to understand the decision-making process. For example, in [62], the authors performed an
analysis of credit scoring models for public banks using two evaluation criteria: the average
correct classification (ACC) rate and estimated misclassification cost (EMC). The results
revealed that GP had a higher ACC and lower EMC compared to other techniques [62].
Another example supports the recommendation to use the “genetic programming in two
stages” (2SGP) technique to deal with credit scoring problems, incorporating IF–THEN
rules and more complex discriminating functions. Based on the numeric results, the conclu-
sion is that 2SGP can offer better precision than other models, and this improvement can
result in significant savings [63].

Other studies related to credit supply describe a relationship to economic growth. For
example, in [66], the authors used the coherence test to answer the following question:
(i) does the offer of bank credit lead to economic growth? Another study [67] examined
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the causal link of sectoral economic credit growth in Australia using a coherence test. The
results for both studies determined according to dynamic time and frequency analysis
reveal that economic growth generates credit for the agricultural sector in the long term.

4. Method

A structured questionnaire-based survey was conducted using the IBGE data collection
platform to collect pooled information from 264,359 agricultural households. Through
multivariate analysis, a typology of family farming types was developed based on fourteen
area ranges, totaling seventy groups of agricultural households. Subsequently, discussions
of these seventy groups were conducted using criteria developed through the survey. The
purpose of the discussions was to validate the typology of family farming and to explore
and characterize the rural credit granted to agricultural households. In addition, the genetic
programming technique was introduced through the Bitbucket website (https://bitbuc
ket.org/ciml (accessed on 1 June 2022)), which is public and allows for free collaboration.
The implementation is in C++, and all tests were performed on the Debian/Ubuntu Linux
operating system to obtain conclusions that could help in decision making.

4.1. Study Area

For this research, the study area was divided into five regions: Norte, Nordeste,
Sudeste, Sul, and Centro-Oeste (Figure 3).
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4.2. Survey

The dataset covers the period from June 2007 to July 2017 [10]. To evaluate the criteria,
first, a document is used, which is the gateway to public policies [11,68]. Considering the
legal and regulatory framework in force on 30 September 2017, the information available in
the 2017 Agricultural Census, the definitions used in the 2006 Agricultural Census, and the
opinions of the technical management of the Agricultural Census (GTA) of IBGE, several
algorithms were proposed [69]. When their credit applications were processed, all farmers
were evaluated according to the following criteria:

https://bitbucket.org/ciml
https://bitbucket.org/ciml
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• The total gross income of the agricultural household does not exceed BRL 500,000.
• The area of the property does not exceed four fiscal modules, a unit of measurement

in hectares, whose value for each municipality is determined by the National Institute
of Colonization and Agrarian Reform (INCRA).

• Farmers predominantly use their own family’s labor for the activities of the establish-
ment or enterprise.

• Farmers have a PRONAF Aptitude Declaration (DAP).

In addition to these classification criteria, the proposed model was generated by four
independent criteria—production cost, annual gross income, return to crop productivity,
and size of the area to be produced—and a dependent criterion: number of establishments
that received rural credit (Table 4).

Table 4. List of variables of the model.

Variables Code Description

x1 Territorial Region Norte, Nordeste, Sudeste, Sul, Centro-Oeste
x2 Typology Family farming
x3 Area range Fourteen groups of categorized areas

x4 Productivity Production value of agricultural establishments (per thousand
Reais (BRL))

x5 Cost Value of expenses incurred by agricultural establishments
(per thousand Reais (BRL))

x6 Income Value of income or income obtained by agricultural establishments
(per thousand Reais (BRL))

Y Approved quantity Quantity of establishments that received rural credit

With this set of criteria, genetic programming was used to characterize rural credit.
For this work, two scenarios were developed in an attempt to find a function that would
explain it analytically:

• Scenario 01, using the dataset separately for each region.
• Scenario 02, a generalist function using the entire dataset without separating by region.

Some authors use absolute error for fitness functions [64,70], while others use linear
combinations of the mean square error and mean classification error [71]. In this paper,
we preferred the latter approach. The fitness function, F, for evolution was calculated
as follows:

F(ep) =
n

∑
i=1

|ai − ei|
n

where F is the fitness function, ep is the evolved program, ai is the actual observation, ei is
the expected (predicted) observation, and n is the sample size.

4.3. Typology Construction

The typological approach has previously been used in studies to characterize farming
families [72,73]. The advantage of organization and the use of aggregated data is that the
data are more stable, and this approach is widely used to build typologies of farmers [74,75].
Therefore, the aggregated data for this research were organized and used for different
categories of agricultural areas corresponding to each region (Table 5).
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Table 5. Sample size determination.

Norte Nordeste Sudeste Sul Centro-Oeste

Total population of farmers 10,764 73,612 56,229 112,830 10,924
Sample size (0–0.1 ha) 38 406 89 38 4

Sample size (0.2–0.5 ha) 49 364 72 27 1
Sample size (0.5–1 ha) 68 1455 197 63 1
Sample size (1–2 ha) 144 4069 384 200 7
Sample size (2–3 ha) 148 8641 1622 585 34
Sample size (3–4 ha) 142 6501 2584 1296 65
Sample size (4–5 ha) 148 5506 2837 1993 59
Sample size (5–10 ha) 486 3915 3136 2809 253

Sample size (10–20 ha) 1023 11,837 9951 17,758 964
Sample size (20–50 ha) 3204 11,460 13,060 32,152 1844

Sample size (50–100 ha) 2621 12,536 14,788 42,114 3110
Sample size (100–200 ha) 2072 4783 5994 13,464 2777
Sample size (200–500 ha) 615 1811 1403 326 1378

Sample size (500–1000 ha) 6 328 112 5 427

4.4. Typology Validation

Evaluating aggregate data involves analyzing and interpreting data that have been
combined. The steps used in the research to evaluate the aggregated data, according to [76],
are as follows:

• Understand the purpose and context of the data. For this research, we did not want
to use the machine learning technique for prediction but rather to characterize ru-
ral credit.

• Check the data quality. We used a reliable Brazilian census [11], which is prepared by a
trustworthy technical team that carries out mapping in different areas. The aggregated
data were certified as complete by eliminating missing data.

• Compare the data. The literature was compared with data obtained from the census to
identify similarities and differences.

• Draw a conclusion. Based on the analysis, conclusions and recommendations were
made. It is important to be cautious when interpreting data and consider the limitations.

Therefore, evaluating aggregated data requires a systematic approach that involves
understanding the purpose and context of the data, checking the data quality, analyzing
the data, comparing the data, drawing conclusions, and communicating the results. For
this research, the use of aggregate data was justified by the objective of the work, which
was to characterize farmers from different regions regarding their willingness to receive
rural credit. The interest of the research was to group agricultural households according to
total area and not to infer the information of each farmer.

5. Results
5.1. First Scenario

Following the methods described above, five regions were characterized using the
equations generated by the genetic programming technique based on symbolic regression.
The five regions presented the output of the model (evolved program). The characterization
of regions was carried out according to the variables used in the model (Table 6).

To verify the robustness in terms of whether the characterization generated by the
model resembled reality, the model was validated through discussion based on the litera-
ture [77]. Equations for each region were developed. From these equations, we identified
the variables that allowed for a qualitative comparison (no, low, moderate, or high influ-
ence) for the approved number of agricultural establishments in relation to rural credit
among regions (Table 7).
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Table 6. Characterization of regions based on their variables.

Characterization of Regions
Based on Their Variables Territorial Region Evolved Program

x3 = area
x6 = income Norte 3.21507

x3 = area
x5 = cost Nordeste 44.57690

x3 = area
x4 = productivity

x6 = income
Sudeste 52.21970

x5 = cost
x6 = income Sul 29.76710

x3 = area
x4 = productivity

x5 = cost
Centro-Oeste 0.92433

Table 7. Characterization of the type of region identified.

Territorial Region Equation Area Productivity Cost Income

Norte ep = 3x3
5x3 x6 Moderate influence No influence No influence High influence

Nordeste ep = (x5)

(81+(x3−4))+
(

1
x3

+2
)(x3−5)

Moderate influence No influence High influence No influence

Sudeste ep =

{
3x3
1027 x3 ≤ 10

x2
6

5x4
> 10

High influence No influence High influence High influence

Sul ep = x6−x5
93 No influence No influence Low influence High influence

Centro-Oeste ep =

{ x4
x5

x3 > 5
x4x3 ≤ 5

High influence High influence Low influence No influence

Norte: According to the GP model, the higher the income of farming families, the greater the chance their farms
will obtain approved rural credit. Nordeste: According to the GP model, the higher the production cost for
farming families, the greater the chance their farms will obtain approved rural credit. This implies that the
Nordeste region has high production costs and needs access to rural credit to produce. This reflects reality, as
this region has low agricultural production compared to other regions [77]. Sudeste: The GP model allows for
inequality, with the characterization of rural credit being represented by the variables area, productivity, and
income. According to the model, for farms with an area greater than 10 hectares, income positively influences the
allocation of rural credit. When the area is less than or equal to 10 hectares, the function is totally dependent on the
area. Sul: According to the GP model, the greater the difference between income and cost for agricultural families,
the greater the chance their farms will obtain approved rural credit. Centro-Oeste: The GP model allowed for an
inequality, with the characterization of rural credit being represented by the variables area, productivity, and cost.
According to the model, for establishments with an area greater than 5 hectares, the ratio of productivity and
area has a positive influence on the allocation of rural credit. The cost for this area range has a negative influence.
When the area is less than or equal to 5 hectares, the function is represented by the variables area and productivity,
and the greater this ratio, the greater the chances that establishments will have approved credit.

5.2. Second Scenario

The GP model allowed for an inequality, with the characterization of rural credit being
represented by the variables area, productivity, cost, and income. According to the model,
for establishments with an area equal to or greater than 20 hectares, the productivity and
area ratio positively influences the allocation of rural credit. Cost and income for this area
range have a negative influence. When the area is in the range of 10 to 20 hectares, the
function is represented by the variables area, productivity, and income, and the greater
the positive relationship between the area and productivity, the greater the chances the
establishments will obtain approved rural credit. When the area is less than or equal to
10 hectares, cost has a positive influence (Table 8).
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Table 8. Characterization of Brazil.

Territory Equation Total Area Groups Evolved Program Variables

Brazil

ep =
64(x5−x5

3−3130)
9409

x3 ≤ 10

646.33000

x3 = area
x5 = cost

ep = 2x3+x4−x6
85 10 < x3 < 20

x3 = area
x4 = productivity

x6 = income

ep = (x3)
3+(x3×x4)−x6

(x5)
2

x3 ≥ 20

x3 = area
x4 = productivity

x5 = cost
x6 = income

Different regions have different degrees of need when making decisions based on
the analyzed variables. Therefore, according to the characterization of the territory in
relation to the allocation of rural credit, this research demonstrates that using a single rule
to describe Brazil would not be ideal.

5.3. Discussion of the Findings

The advent of models generated via machine learning has impacted the world in
different ways, with a presence in practically all areas of knowledge [78]. In some areas,
models are applied directly, while in others, they function as a decision-making tool.
However, in order to make a decision, it is desirable to understand how it was taken, which
is where several learning models fail. A current example is the use of deep learning to
generate artificial neural networks: although they are highly accurate, there is a trade-off
between accuracy and complexity, making it difficult to extract information about how
they work.

The need to explain these models leads to them being restricted or to the use of
auxiliary tools capable of generating a more familiar representation of the model. Local In-
terpretable Model-Agnostic Explanations (LIME) is a tool that can identify an interpretable
model that is locally true to the original [78]. Developed by researchers at the University of
Washington to achieve greater transparency in terms of what happens inside the model,
LIME has become very popular in the community for explaining AI models. When it
comes to developing a highly accurate model, explainability is more difficult to achieve
due to increasing complexity. For problems with higher dimensions, the lack of explain-
ability is even more evident. Interpretability is an advantage for symbolic regression, as
developed by the GP model; in this research, productivity is seen as contributing to the
description of “approved rural credit”, while the high cost of production is evidenced as
“without approval”.

For example, studies indicate [66,67] that access to credit provides economic growth,
improving agricultural productivity and providing higher incomes for family farmers,
as observed by the result of the model for the Sul region. As another example, for the
Nordeste region, the cost criterion is relevant, and according to studies [62,77], the Nordeste
region has the highest number of family farm households and is also the region with the
lowest economic growth. Therefore, it lacks technological development, allowing for higher
production costs. Therefore, the decision-making process can be based on a non-black-box
model with a clear understanding of how the decision was made (Figure 4).
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6. Conclusions

The improvement of state-sponsored agricultural policies plays a decisive role in
maintaining the distribution of rural credit. Groups of family farmers seek to introduce
credit instruments to help them become more competitive on the agricultural market.
However, the budget constraints of rural credit make it difficult to purchase items such as
agricultural inputs. An important aspect discovered by this research is that the allocation
of rural credit is not ideal. Another important aspect of this research is the challenge of
capturing the degree of diversity in different regions, and the typology is limited in its
ability to accurately represent all variations. Given the large territorial extent of Brazil and
its characteristic heterogeneity in terms of demographic, economic, and cultural diversity,
it is a challenge to develop a rural credit model to be applied universally. However, it is
possible to characterize how credit is distributed across the country and the main factors that
can influence access to credit; therefore, this is strong and innovative research, since public
policies for rural credit are worldwide, and many countries that are in the same condition
as Brazil have this problem. Therefore, using the machine learning technique could provide
a better understanding of the regions according to the needs of agricultural households. In
addition, GP models can help in implementing policies for smallholder support services.
The technique used in this study was designed to generate a symbolic response using
user-defined terms and identify the importance and priority of each criterion used for each
region. Thus, those who are interested in rural credit may have better decision-making
ability in relation to the most important criteria in a given territorial group and region.

Author Contributions: Conceptualization, A.V.A. and C.M.; Methodology, A.V.A. and S.S.; Val-
idation, A.V.A., C.M. and S.S.; Formal analysis, C.M.; Investigation, A.V.A.; Resources, A.V.A.;
Writing–original draft, A.V.A.; Writing–review & editing, A.V.A.; Supervision, C.M. and S.S. All
authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

Data Availability Statement: https://sidra.ibge.gov.br/pesquisa/censo-agropecuario/censo-agro
pecuario-2017/resultados-definitivos (accessed on 31 March 2023).

Acknowledgments: Coordenação de Aperfeiçoamento de Pessoal de Nível Superior (CAPES) and CNPq.

https://sidra.ibge.gov.br/pesquisa/censo-agropecuario/censo-agropecuario-2017/resultados-definitivos
https://sidra.ibge.gov.br/pesquisa/censo-agropecuario/censo-agropecuario-2017/resultados-definitivos


Agriculture 2023, 13, 935 12 of 14

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Zhang, J.; Li, X.; Xie, S.; Xia, X. Research on the Influence Mechanism of Land Tenure Security on Farmers’ Cultivated Land

Non-Grain Behavior. Agriculture 2022, 12, 1645. [CrossRef]
2. Ernst, J.A. Políticas de Crédito Rural e as Particularidades do Pronaf: Impactos Sofridos Mediante as Transformações Econômicas

Recentes no Brasil. Bachelor’s Thesis, Universidade Federal de Santa Maria, Santa Maria, Brazil, 2018.
3. Bojanic, H.A. The rapid agricultural development of Brazil in the last 20 years. EuroChoices 2017, 16, 5–10. [CrossRef]
4. BACEN. Banco Central do Brasil 2019. Anuário Estatístico de Crédito Rural. Available online: https://www.bcb.gov.br/?RELR

URAL (accessed on 17 November 2022).
5. Akram, W.; Hussain, Z.; Sabir, H.M.; Ijaz, H. Impact of agricultural credit on growth and poverty in Pakistan (time series analysis

through error correction model). Eur. J. Sci. Res. 2008, 23, 243–251.
6. Gasques, J.G.; Bacchi, M.R.P.; Bastos, E.T. Impactos do crédito rural sobre variáveis do agronegócio. Rev. Polít. Agríc. 2017, 26,

132–140.
7. Khan, T.A.; Khan, F.A.; Violinda, Q.; Aasir, I.; Jian, S. Microfinance facility for rural women entrepreneurs in Pakistan: An

empirical analysis. Agriculture 2020, 10, 54. [CrossRef]
8. López, R. Under-investing in public goods: Evidence, causes, and consequences for agricultural development, equity, and the

environment. Agric. Econ. 2005, 32, 211–224. [CrossRef]
9. Lopes, D.; Lowery, S.; Peroba, T.L.C. Crédito rural no Brasil: Desafios e oportunidades para a promoção da agropecuária

sustentável. Rev. BNDES 2016, 155–196.
10. Assunção, J.; Souza, P.; Figueiredo, B. Distribution Channels for Rural Credit: Design of Financial Services Increase Farmer’s Uncertainty.

Policy Brief ; Climate Policy Initiative/Núcleo de Avaliação de Políticas Climáticas (PUC-Rio): Rio de Janeiro, Brazil, 2018.
11. Instituto Brasileiro de Geografia e Estatística (IBGE). Censo Agropecuário 2017. [Rio de Janeiro, 2018]. Available online:

https://sidra.ibge.gov.br/pesquisa/censo-agropecuario/censo-agropecuario-2017 (accessed on 19 May 2021).
12. Von Pischke, J.; Heffernan, P.; Adams, D. The Political Economy of Specialized Farm Credit Institutions in Low-Income Countries; The

World Bank: Washington, DC, USA, 1981.
13. Assunção, J.; Chein, F. Condições de crédito no Brasil rural. Rev. Econ. Sociol. Rural 2007, 45, 367–407. [CrossRef]
14. Zou, F.; Li, T. The Impact of Agricultural Ecological Capital Investment on the Development of Green Circular Economy.

Agriculture 2022, 12, 461. [CrossRef]
15. Botton Barcellos, S. The land credit and the line our first land in debate in Brazil. Novos Cad. NAEA 2016, 19, 71–92.
16. de Souza Filho, H.M.; Carrer, M.J.; Saes, M.S.M.; de Vasconcelos Gomes, L.A.; Nicolella, A.C. Performance heterogeneity and

strategic orientation: An analysis of small farmers of an agrarian reform project in Brazil. Land Use Policy 2019, 86, 23–30.
[CrossRef]

17. Smith, J.; Ferreira, S.; Van De Kop, P.; Ferreira, C.P.; Sabogal, C. The persistence of secondary forests on colonist farms in the
Brazilian Amazon. Agrofor. Syst. 2003, 58, 125–135. [CrossRef]

18. Souza dos Santos, M.A.; de Brito Lourenço, J.; de Santana, A.C. Quantitative analysis of the beef cattle industry in the state of
Pará, Brazil. Semin. Ciênc. Agrár. 2018, 39, 747–756. [CrossRef]

19. Angilella, S.; Catalfo, P.; Corrente, S.; Giarlotta, A.; Greco, S.; Rizzo, M. Robust sustainable development assessment with
composite indices aggregating interacting dimensions: The hierarchical-SMAA-Choquet integral approach. Knowl. Based Syst.
2018, 158, 136–153. [CrossRef]

20. Pinar, M.; Cruciani, C.; Giove, S.; Sostero, M. Constructing the FEEM sustainability index: A Choquet integral application. Ecol.
Indic. 2014, 39, 189–202. [CrossRef]

21. De Castro, E.R.; Teixeira, E.C. Rural credit and agricultural supply in Brazil. Agric. Econ. 2012, 43, 293–302. [CrossRef]
22. Costa, R.G.; Monte, H.L.B.D.; Filho, E.C.P.; Júnior, E.V.H.; Da Cruz, G.R.B.; Menezes, M.P.C. Typology and characterization of

goat milk production systems in the Cariris Paraibanos. Rev. Bras. Zootec. 2010, 39, 656–666. [CrossRef]
23. de Costa, N.B., Jr.; Baldissera, T.C.; Pinto, C.E.; Garagorry, F.C.; de Moraes, A.; de Faccio Carvalho, P.C. Public policies for low

carbon emission agriculture foster beef cattle production in southern Brazil. Land Use Policy 2017, 80, 269–273. [CrossRef]
24. Jung, S.; Rasmussen, L.V.; Watkins, C.; Newton, P.; Agrawal, A. Brazil’s national environmental registry of rural properties:

Implications for livelihoods. Ecol. Econ. 2017, 136, 53–61. [CrossRef]
25. Guirkinger, C.; Boucher, S.R. Credit constraints and productivity in Peruvian agriculture. Agric. Econ. 2008, 39, 295–308.

[CrossRef]
26. Jepson, W.; Brannstrom, C.; Filippi, A. Access regimes and regional land change in the Brazilian Cerrado, 1972–2002. Ann. Assoc.

Am. Geogr. 2010, 100, 87–111. [CrossRef]
27. Rose, R.A.; Byler, D.; Eastman, J.R.; Fleishman, E.; Geller, G.; Goetz, S.; Guild, L.; Hamilton, H.; Hansen, M.; Headley, R.; et al. Ten

ways remote sensing can contribute to conservation. Conserv. Biol. 2015, 29, 350–359. [CrossRef] [PubMed]
28. Kerselaers, E.; Rogge, E.; Lauwers, L.; Van Huylenbroeck, G. Decision support for prioritising of land to be preserved for

agriculture: Can participatory tool development help? Comput. Electron. Agric. 2015, 110, 208–220. [CrossRef]
29. Antoine, J.; Fischer, G.; Makowski, M. Multiple criteria land use analysis. Appl. Math. Comput. 1997, 83, 195–215. [CrossRef]

https://doi.org/10.3390/agriculture12101645
https://doi.org/10.1111/1746-692X.12143
https://www.bcb.gov.br/?RELRURAL
https://www.bcb.gov.br/?RELRURAL
https://doi.org/10.3390/agriculture10030054
https://doi.org/10.1111/j.0169-5150.2004.00025.x
https://sidra.ibge.gov.br/pesquisa/censo-agropecuario/censo-agropecuario-2017
https://doi.org/10.1590/S0103-20032007000200006
https://doi.org/10.3390/agriculture12040461
https://doi.org/10.1016/j.landusepol.2019.04.018
https://doi.org/10.1023/A:1026049507421
https://doi.org/10.5433/1679-0359.2018v39n2p747
https://doi.org/10.1016/j.knosys.2018.05.041
https://doi.org/10.1016/j.ecolind.2013.12.012
https://doi.org/10.1111/j.1574-0862.2012.00583.x
https://doi.org/10.1590/S1516-35982010000300027
https://doi.org/10.1016/j.landusepol.2018.10.014
https://doi.org/10.1016/j.ecolecon.2017.02.004
https://doi.org/10.1111/j.1574-0862.2008.00334.x
https://doi.org/10.1080/00045600903378960
https://doi.org/10.1111/cobi.12397
https://www.ncbi.nlm.nih.gov/pubmed/25319024
https://doi.org/10.1016/j.compag.2014.10.022
https://doi.org/10.1016/S0096-3003(96)00190-7


Agriculture 2023, 13, 935 13 of 14

30. Onal, H.; Darmawan, D.H.; Johnson, S.H., III. A multilevel analysis of agricultural credit distribution in East Java, Indonesia.
Comput. Oper. Res. 1995, 22, 227–236. [CrossRef]

31. Grootaert, C.; Oh, G.-T.; Swamy, A. Social capital, household welfare and poverty in Burkina Faso. J. Afr. Econ. 2002, 11, 4–38.
[CrossRef]

32. Zabihi, H.; Ahmad, A.; Vogeler, I.; Said, M.N.; Golmohammadi, M.; Golein, B.; Nilashi, M. Land suitability procedure for
sustainable citrus planning using the application of the analytical network process approach and GIS. Comput. Electron. Agric.
2015, 117, 114–126. [CrossRef]

33. Ghinoi, S.; Junior, V.J.W.; Piras, S. Political debates and agricultural policies: Discourse coalitions behind the creation of Brazil’s
Pronaf. Land Use Policy 2018, 76, 68–80. [CrossRef]

34. Pappi, F.U.; Henning, C.H.C.A. The organization of influence on the EC’s common agriculturalpolicy: A network approach. Eur.
J. Political Res. 1999, 36, 257–281. [CrossRef]
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