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ABSTRACT: Small farmers face many challenges regarding financial inclusion, which adversely affect farm 
productivity and reduce their income and welfare, especially in developing countries. An optimal 
comprehension of financial services in specific contexts is a significant challenge, especially for smallholders. 
So, the question is obvious: Why do small farmers have less access to credit? The main purpose of the present 
study is to estimate the impact of the determinants of credit access in the Peruvian agricultural sector from 
2015 to 2019, considering farm size in different geographic areas, using an econometric methodology for cross-
sectional data. The study used data extracted from the Peruvian National Agricultural Survey. The results reveal 
the probability of farmers accessing credit. However, it varies according to farm size, and was, on average, 
around 30% at the national level, whereas the size of the farms was identified as a crucial factor. Being a 
smallholder reduces farmers’ probability of access to credit, while being a large-scale farmer nearly doubles this 
probability. Furthermore, the study estimated the trend in the odds ratios, which are associated with certain 
characteristics of the farming population in Peru. 
Keywords: financial inclusion; agricultural finances; credit invisibility; smallholders. 
 

Por que os pequenos agricultores têm menos acesso ao crédito? uma análise de 
microdados do caso Peruano 

 
RESUMO: Os pequenos agricultores enfrentam muitos desafios com relação à inclusão financeira, que têm 
efeitos adversos sobre a produtividade agrícola e reduzem sua renda e seu bem-estar, especialmente nos países 
em desenvolvimento. A compreensão ideal dos serviços financeiros em contextos específicos é um desafio 
significativo, especialmente para os pequenos agricultores. Portanto, a pergunta é óbvia: Por que os pequenos 
agricultores têm menos acesso ao crédito? O principal objetivo do presente estudo é estimar o impacto dos 
determinantes do acesso ao crédito no setor agrícola peruano de 2015 a 2019, considerando o tamanho das 
fazendas em diferentes áreas geográficas, usando uma metodologia econométrica para dados transversais. O 
estudo usou dados extraídos da Pesquisa Agrícola Nacional do Peru. Os resultados revelam que a probabilidade 
de acesso ao crédito pelos agricultores, embora varie de acordo com o tamanho da fazenda, foi em média de 
cerca de 30% em nível nacional, enquanto o tamanho das fazendas foi identificado como um fator crucial. O 
fato de ser um pequeno produtor reduz a probabilidade de acesso ao crédito, enquanto o fato de ser um grande 
produtor quase dobra essa probabilidade. Além disso, o estudo estimou a tendência dos índices de 
probabilidade, que estão associados a determinadas características da população agrícola no Peru. 
Palavras-chave: inclusão financeira; finanças agrícolas; invisibilidade do crédito; pequenos proprietários. 

 
1. INTRODUCTION 

Agricultural financial inclusion can boost the growth of 
the farming sector, which is key to ensuring food security and 
economic growth. Due to the heterogeneity of the 
agricultural sector, financial credit constraints can have 
important effects by making farmers’ choice of crops and 
livestock production more complex, reducing access to 
markets, and increasing risks. Farmers face a lot of challenges 
regarding credit constraints, which have adverse effects on 
farm productivity and reduce their income and welfare, 
especially in developing economies (GUIRKINGER; 
BOUCHER, 2008; SIMTOWE et al., 2008; AMANULLAH 
et al., 2020; OKORUWA et al., 2020; Benni, 2022).  

Conning; Udry (2005) proposed that rural financial 
options in most developing countries may affect decisions 

related to the scale of agricultural operations, crop choices, 
and investing in risky but profitable new technologies or 
infrastructure to prompt their economic development. In 
addition, Boucher; Guirkinger (2007) pointed out that 
informal and formal credit sectors coexist despite large 
interest rate differentials in developing countries, stating that 
informal lenders’ better access to local information allows 
them to offer credit options to individuals excluded from the 
traditional financial sector.  

Further, Phiri et al. (2019) found that information is 
essential for improved and sustainable agricultural 
productivity. However, some problems associated with 
smallholders' access to information in developing countries 
are related to farmers' lack of financial resources to purchase 
agricultural information. Therefore, an optimal 
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comprehension of financial services in specific contexts is a 
significant challenge, especially for smallholder farmers in 
developing countries. 

Khandker; Koolwal (2014), pointed out the importance 
of the expansion and strength of an ecosystem of financial 
institutional support that focuses more on reducing access to 
credit for smallholder farmers. Insufficient access to credit is 
a critical obstacle that influences the relatively low 
capitalization of the sector, as well as the low incorporation 
of technologies and technical models in small and medium-
sized enterprises (SMEs) in the agricultural sector, leading to 
low productivity. Similarly, Benni (2022) pointed out that 
digital innovation in financial markets has the potential to 
alleviate most of the critical barriers that currently limit access 
to financial services for rural and vulnerable actors. 
Nonetheless, the benefits gained from expanding customer 
service channels offered by financial institutions might differ 
in urban and rural areas. 

Hence, farmers in rural areas, especially low-income 
households in developing countries, still face difficulties in 
accessing credits to enhance their productivity and 
sustainable development of agriculture activities (BALANA; 
OYEYEMI, 2022; CHANDIO; JIANG, 2018; LINH et al., 
2019; MOAHID; MAHARJAN, 2020). According to De 
Olloqui and Fernández (2017), interventions related to the 
financing of the primary agri-food sector and rural 
development in the Latin American region generate the 
capacity to address other major challenges related to the 
sector, such as risk management against the effects of climate 
change and the productive inclusion of the lower-income 
sectors of the rural population, thereby reducing poverty and 
inequality gaps.  

Although, in most countries in Latin America, there is a 
limited capacity of the formal financial system to provide 
services to the agricultural sector (Alvarado; Pintado, 2017; 
Benni, 2022; Trivelli; Caballero, 2018), the impact of 
increasing credit accessibility in rural territories may have 
unexpected effects on small farmers in terms of improving 
their economic development. According to Schejtman; 
Berdegué (2004), in the rural sector, agricultural enterprises 
with land suitable for export production activities and 
capacities to access information and credits have competitive 
advantages, which, in the long term, lead to profit 
concentration arising from the production of a few 
exportable products.  

However, Escobal et al. (2015) found that programs to 
prompt production and access to credit in Latin America, 
which focused on transforming small-scale grain production 
to export agriculture, did not necessarily stimulate family 
farming in rural territories; instead, the main beneficiaries of 
the process of product development in rural areas were large 
investors. Thus, credit affordability in the agricultural sector 
is an ongoing challenge, and there is still an important gap to 
be filled. However, the dynamics of the conditions in the 
geographically mega-diverse territories are not yet fully 
understood. 

In the case of Peru, like many developing countries, in the 
last decades, the incorporation of a growing number of 
institutions and providers of financial services has developed 
rapidly, especially in urban areas, resulting in a sort of 
financial exclusion of rural territories, predominantly 
agriculture-based territories (JANVRY et al., 2003). The 
greatest challenge facing rural finances and financial 
institutions in Peru is to generate competitive mechanisms, 

products, and services that meet the financial demands of the 
rural population and agricultural SMEs in particular 
(TRIVELLI; VENERO, 2007). Additionally, Ghezzi (2021) 
pointed out that agricultural financing is still challenging in 
the Peruvian economy as less than 10% of rural family 
agriculture producers meet their credit demand through 
public or private entities. Trivelli (2021) pointed out that, in 
addition to the risks that characterize the agricultural SME 
sector in Peru, the problem of agricultural financing is a 
structural problem caused by administrative and operational 
costs.  

In line with this, operational costs in rural areas could be 
related to the occupation of territory by formal Peruvian 
financial service providers and the rate of access to credit by 
Peruvian farmers (RAMOS-SANDOVAL; LARA, 2023). 
Thus, interventions in financing the agricultural sector must 
combine different instruments of entities of banking and 
nonbanking systems. This indicates that promoting 
investment in agricultural SMEs is especially relevant in 
resource scarcity and climate emergencies. Therefore, there 
should be a rethinking and adaptation of traditional practices 
that appeal to the resilience capacity of the agricultural sector. 
Developing countries should implement new technologies 
and capitalize on available assets and the rural environment. 
This requires a comprehensive knowledge of the role played 
by all actors in the sector (e.g., the state, private companies, 
and producers) to generate competitive mechanisms, 
products, and financial services, leading to the acquisition of 
greater knowledge of the supply and financial demand of the 
rural agricultural SME sector. 

The main purpose of the present study is to estimate the 
determinants of credit demand in the Peruvian agricultural 
sector from 2015 to 2019, with a particular emphasis on the 
supply of financial services available in the geographical area 
at different scales using an econometric methodology for 
cross-sectional data. We used data extracted from the 
Peruvian National Agricultural Survey (ENA). Using a logit 
econometric model, this study estimates the probability that 
a family or entrepreneur farmer will be in a formal financial 
system after obtaining a loan. The research question is as 
follows: “Is the probability of access to credit in the Peruvian 
agricultural sector mainly explained by variables such as the 
type of farmer, the type of activity, the geographical domain, 
the geographical area, and the supply of financial services in 
the geographical area?” To the best of our knowledge, this is 
the first study that explores such a research question using 
microdata at the farmer level for an Andean country. 

The next section presents a literature review with relevant 
evidence related to the research question, presenting further 
information about spatial considerations and financial access 
in rural areas. The third section presents the methodological 
approach with the national-level summary data of the 
Peruvian financial system, including variables from previous 
studies, correlations, and descriptive statistics. In the fourth 
section, we present the results of the cross-sectional logit and 
transitional models from 2015 to 2019. The fifth section 
presents the discussion and conclusions of the study. 

 
2. TERRITORIAL CONSIDERATIONS OF CREDIT 
INVISIBILITY IN RURAL AREAS 

According to Salazar (2023), there is a consensus in 
considering Latin America and the Caribbean (LAC) as the 
second most urbanized region in the world, where 80% of its 
population lives in cities and the remaining 20% in rural 
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areas; this is based on the traditional dualistic classification 
that “if it is not urban, then it is rural.” This classification is 
too general, raising the risk that some features relevant to the 
dynamics of various territories may be misunderstood or 
underestimated. Territorial analysis that considers geographic 
approximations and focuses on LAC countries should be 
carried out to better classify the dynamism of each territory 
in the last few years. 

Petersen; Rajan (2002) proposed that variables such as 
proximity have become less relevant as a factor of non-
accessibility to credit due to the rise of new technologies. 
However, many transactions still require physical proximity. 
In addition, Pedrosa (2008) pointed out that distance is a de 
facto risk for the portfolio of financial institutions. 
Therefore, they need to screen the demand for finance 
accordingly. On the other hand, Pal; Laha (2014) suggested 
that proximity to traditional financial institutions is expected 
to lead to better access to financial services. However, as 
transaction costs for these institutions are higher in rural 
areas, their presence is not primarily felt in agricultural areas.  

Thus, credit invisibility and the proximity of financial 
institutions are potential causes of the invisibility of the 
territories, bearing in mind the limited or nonexistent 
presence of traditional institutions in the financial system and 
the financial inclusion gap (BREVOORT et al., 2018). 
However, Prieto et al. (2021) pointed out that the territory 
may be understood or analyzed in many ways based on the 
conceptual framework used. Therefore, rural areas 
conventionally experience credit constraints. Although large 
rural areas have very different characteristics, all rural areas 
face common challenges in accessing credit. We believe it is 
important to identify the territorial effect of this financial 
exclusion. 

According to Brevoort et al. (2016), having a credit 
history and credit score is an important determinant of credit 
accessibility. They provided the first documented analysis 
regarding the characteristics of consumers, defined as “credit 
invisible” and consumers who may have “unscorable” credit 
files. However, Balana; Oyeyemi (2022) proposed that some 
small farmers do not participate in the credit system, thus 
becoming invisible to credit, which may not necessarily mean 
they are not eligible for credit. Still, they may not have access 
to adequate information. Consumers and small producers in 
rural areas may qualify as invisible credit as most do not have 
a credit history with one of the nationwide credit reporting 
companies. Therefore, farmers, especially those in rural areas, 
may have an unscorable credit file, meaning that they have a 
thin file and an insufficient credit history, or they have stale 
files and lack any recent credit history, which is the reason 
why they are denied access to credit because they do not have 
credit records that can be scored. Furthermore, credit costs 
are higher if credit is approved than in full-information 
situations. 

This study proposes a comprehensive analysis of credit 
constraints in smallholder farming and enterprises in the 
Peruvian context, considering geographical distribution, 
farming type, and farm size as factors of credit constraints 
related to transaction cost rationing and risk rationing. 
 
2.1. Peruvian agricultural sector credit demand and 
access to credit 

In Peru, according to Del Castillo et al. (2000), the main 
activity of the population in rural areas is agriculture (about 
95%). These people have a low level of capitalization in terms 

of heritage and financial resources. Food expenses represent 
more than 60% of their income. Human capital is low since 
the heads of households tend to have a low level of 
education. Rural customers and producers face a series of 
risks (e.g., climate shocks) that lead to neglect of their credit 
demands in the formal financial market (GUTIÉRREZ, 
2004).  

According to the results of the National Agricultural 
Census-CENAGRO 2012 (INEI, 2014), the demand for 
credits in the agricultural sector is mainly met by national 
banks (e.g., Agrobanco) and local financial institutions (e.g., 
microfinance institutions and cooperatives). However, as 
public intervention is the main formal provider, it has not 
fully covered financial services in the agricultural sector 
(WIENER, 2021). Meanwhile, other non-financial 
institutions (e.g., lenders and merchants) serve about a third 
of the sector’s credit demand, which are mainly alternative 
sources to the formal financial sector, companies in the value 
chain, or informal loans (BOUCHER et al., 2009; 
DEMIRGÜÇ-KUNT et al., 2015). This type of financing is 
more expensive, thus reducing the attractiveness of credit to 
farmers. 

Despite the increase in institutions that meet the financial 
demand of the sector, the proportion of the agricultural 
population that requests and accesses credit is still very small, 
which is only about 10% of the national agricultural 
population (INEI, 2014). However, the agricultural sector 
has achieved great economic prominence in the national 
economy. According to Trivelli (2021), the challenge of 
expanding access to credit for Peruvian farmers is a pending 
task as the solutions implemented in the rural financial 
markets in Peru have not managed to meet the demand of 
customers in the agricultural sector. Thus, besides the scarce 
supply of other financial services in the agricultural sector 
(e.g., FinTech), the shortcomings in rural areas regarding 
limited access to formal credit in the short, medium, and long 
term still prevail. 

Focusing on the need, demand, and obtaining credit in 
the Peruvian agricultural sector, Alvarado; Pintado (2017) 
pointed out that the need for credit by agricultural producers 
is almost 70%, which demonstrates a potential market that 
needs to be served, making it vital to promote rural 
producers’ access to financial services as the probability that 
an agricultural producer would obtain credit in the formal 
financial market is around 87%. However, they indicated that 
despite the high percentage of demand, the probability that 
agricultural producers will request financing is only 10.8%. 
Regarding this, Wiener (2021) concluded that many excluded 
agricultural producers are interested in obtaining credits and 
other financial services and far exceed producers who access 
these services. This is not due to risk aversion or low 
production expectations but to the neglect of rural financial 
service providers in the country. In this way, we aim to 
uncover the untapped potential of the agricultural sector by 
promoting various credit sources. In contrast, public and 
private financial institutions should collaborate to provide 
financing opportunities to SMEs in this sector. The lack of 
access to finance has been a significant challenge, resulting in 
low capitalization and productivity and inadequate adoption 
of technologies and technical models by SMEs. We aim to 
address this issue and support SMEs in the Peruvian 
agricultural sector. 
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3. DATA AND METHODS 
3.1. Data Characteristics 

The data used are from the Peruvian National Farming 
Survey (ENA in Spanish) from 2015 to 2019 (INEI, 2016-
2020). This survey belongs to the Peruvian National Official 
Statistics Repository, and it has been conducted yearly since 
2014 by the Peruvian National Institute of Statistics and 
Informatics (INEI abbreviation in Spanish) to provide 
statistical information to build indicators of the Peruvian 
agricultural sector. The ENA data were collected through 
direct interviews conducted by INEI each year from May to 
October (cultivation and harvesting season). We focused on 
2015 to 2019 (Table 1) as the survey was not conducted in 
2020 because of the coronavirus mobility restrictions, and in 
the 2021 ENA, information was not collected on Chapter 
900—“Financial Services.” Regarding the total producer 
respondents, Table 1 shows the samples by year, of which 
around 95% were smallholders, who, according to the criteria 
of the INEI (2014), are those whose farms are below or up 
to 50 hectares. 

 
Table 1. Number of farmers responded to Chapter 900 of the ENA 
survey - financial services. 
Table 1. Vários agricultores responderam ao Capítulo 900 da 
pesquisa da ENA - serviços financeiros. 

Year Total Nsmallhold

ers_total 
% 

(total) 
Nlarge_t

otal 
% 

(total) 
2015 28 005 26 848 95.9% 1 157 4.1% 
2016 28 840 27 500 95.4% 1 340 4.6% 
2017 28 797 27 442 95.3% 1 355 4.7% 
2018 28 487 27 088 95.1% 1 399 4.9% 
2019 28 364 26 937 95 % 1 427 5.0% 

Notes: Nsmallholders_total is the total number of smallholders in the 
sample. Nlarge_total is the total number of large-scale farmers in the sample. 
Source: Own elaboration from the ENA (INEI, 2016–2020). 

 

The sampling method for the ENA’s survey was based 
on the statistical and cartographic information of the 
CENAGRO 2012 (INEI, 2014), which is the available census 
of the Peruvian agricultural sector. This study focuses on 
Chapter 900: Financial Services, specifically question #901 of 
the survey, in which farmers were asked if they had applied 
for credit in the last 12 months, while question #902 asked if 
they got the credit requested (Table 2). 
 
Table 2. Chapter 900 of the ENA survey: Financial Services 
(Questions #901 and #902). 
Table 2. Capítulo 900 da pesquisa ENA: Serviços financeiros 
(Perguntas #901 e #902). 

Question # 901. In the last 12 months, from. to… Have you 
applied for credit? (Yes = 1; No = 2) 
Question # 902. Have you obtained the credit you applied for? 
(Yes = 1; No = 2) 

 
3.2. Binary logistic regression 

We employed the binary logistic regression model as the 
first model as the dataset allows testing a relationship 
between a set of independent variables and a binary 
dependent variable - access to credit (Yes = 1; No = 2). Based 
on the review of past studies, some explanatory variables - 
farmer type, agricultural activity, livestock activity, and 
geographic location (Table 3) - were considered, and their 
effect on farmers’ access to credit was examined. The data 
exploration and analysis were executed in Python because of 
the data's size and the study's longitudinal approach. 
Additionally, the hypothetical independent variables were 
evaluated to identify statistical issues such as 
multicollinearity. Multicollinearity among variables was 
tested using all variables' variance inflation factors (VIFs). 
The VIF values for all variables do not exceed 10.0, 
suggesting no serious concern about multicollinearity (Hair 
et al., 2010). 

 
Table 3. Description of variables hypothesized to affect farmers’ credit access. 
Table 3. Descrição das variáveis que afetam o acesso dos agricultores ao crédito. 

Variable Description Value Expected sign 

Farmer type Classification of the farming unit according to 
ENA 

1 = smallholders 
2=large-scale farmers 

 
+ 

Agricultural activity Whether the agricultural activity was performed 
in the last 12 months 

0 = non-agrarian 
1 = agrarian + 

Livestock activity Whether livestock activity was performed in the 
last 12 months  

0 = non-livestock 
1 = livestock + 

Geographic location  Peruvian administrative division (departments = 
regions) 

1 = Amazonas;  
2 = Ancash; 
3 = Apurímac;  
4 = Arequipa;  
5 = Ayacucho;  
6 = Cajamarca;  
7 = Callao;  
8 = Cusco;  
9 = Huancavelica;  
10 = Huánuco;  
11 = Ica;  
12 = Junín;  
13 = La Libertad;  
14 = Lambayeque;  
15 = Lima;  
16 = Loreto;  
17 = Madre de Dios;  
18 = Moquegua;  
19 = Pasco;  
20=Piura;  
21 = Puno;  
22 = San Martin;  
23 = Tacna;  
24 = Tumbes;  
25 = Ucayali 

+ / - 
 



 

 

Ramos-Sandoval & Mendiburu-Díaz 

 

 

Nativa, Sinop, v. 12, n. 2, p. 215-225, 2024. 

219 

 
According to Gujarati; Porter (2009), the binary logistic 

regression model predicts the probability P (Y = 1) as a 
function of the vector of explanatory variables  𝑋 . The 
equation of the binary logistic model is a logistic function (1). 

  
Y = ln   =  β + β  Farmer type + β  agriculture + β  livestock  + β  Geographical location + ε  (1) 

 
, variablevariable. In the context of this study, we consider 𝑌 é 𝑖𝑔𝑢𝑎𝑙 𝑎 1 𝑤ℎ𝑒𝑛 𝑡ℎ𝑒 𝑎𝑟𝑚𝑒𝑟𝑎𝑠𝑐𝑐𝑒𝑠𝑠 𝑖𝑠 𝑡𝑜redit  
Since that is the event of interest, and Y=0 otherwise. 
 
i = 1; … ; k (farmer) 

p = probability that Y = 1 given X  

β1, β2, β3, β4 = parameters of the model 

ε = error term 

 
4. RESULTS  
4.1. Descriptive analysis 

Table 4 presents the distribution of farmers with access 
to credit interviewed in the ENA from 2015 to 2019 (INEI, 
2016-2020). According to the data in this table, the access 
ratio is constant throughout the research period, with an 
average of less than 15% for smallholders. Among 
agricultural entrepreneurs, we identified that the accessibility 
ratio is around 40% of the total number of respondents. 
Furthermore, regarding farm size, we found better access to 
credit among agricultural enterprises than small farmers. 

 
Table 4. Distribution of access to credit among farmers from 2015 
to 2019. 
Table 4. Distribuição do acesso ao crédito entre os agricultores de 
2015 a 2019. 

Year Nsmallhold

ers_access 
% (over 

smallholders*) Nlarge_access 
% (over 

large-scale*) 
2015 3 758 14 464 40.1% 
2016 4 155 15.1 557 41.6% 
2017 3 724 13.6 531 39.2% 
2018 3 328 12.3 508 36.3% 
2019 2 864 10.6 495 34.7% 

Notes: Nsmallholders_access: The number of smallholders declared to have 
received credit. Nlarge_access: The number of large-scale farmers who 
declared to have received credit. (*) The total sample is in Table 1. Source: 
My own elaboration from the ENA (INEI, 2016–2020). 

 
Using a disaggregated approach, the rates of credit access 

per year were explored based on the farm size, activity type 
(agrarian or livestock), and geographic location. Figure 1 
depicts the rates of accessibility based on farm size by year, 
finding common patterns among smallholder farmers and 
agricultural entrepreneurs. For both smallholder farmers 
(Nsmall_access_2017 = 3 405; Nsmall_access_2018 = 3 057; Nsmall_access_2019 = 
2 600) and agricultural entrepreneurs (Nlarge_access_2017 = 509; 
Nlarge_access_2018 = 486; Nlarge_access_2019 = 463), there was a sustained 
decrease in the number of farmers accessing credit from 2017 to 
2019. However, from 2015 to 2016, there was an increase in the 
number of farmers accessing credit (Nsmall_access_2015 = 3 383; 
Nsmall_access_2016 = 3 738; Nlarge_access_2015 = 448; Nlarge_access_2016 = 524). 

Furthermore, regarding the type of activity, we identified 
a divergent trend between farmers engaged in solely 
agricultural or livestock activities. In the case of small farmers 
and agricultural entrepreneurs, agrarian activities had an 
increasing participation rate during the research period. 
However, regarding livestock farming activities, there was a 
sustained decrease in participation by the respondents 
(Figure 2). 

 
Figure 1. Rates of access based on farm size (agri-enterprises & 
smallholders) by year, 2015-2019. Source: Own elaboration from 
the ENA (INEI, 2016–2020). 
Figure 1. Taxas de acesso com base no tamanho da exploração 
agrícola (agroempresas e pequenos proprietários) por ano, 2015-
2019. Fonte: Elaboração própria a partir do ENA (INEI, 2016-
2020). 
 

 
Figure 2. Rates of access based on the type of activity by year, 2015-
2019. Source: Own elaboration from the ENA (INEI, 2016–2020). 
Figure 2. Taxas de acesso com base no tipo de atividade por ano, 
2015-2019. Fonte: Elaboração própria a partir do ENA (INEI, 
2016-2020). 

 
Table 5 (Appendix 1a) summarizes the percentages of 

farmers’ access to credit by region. Overall, from a territorial 
perspective, access to credit decreased from 2015 to 2019. 
The difference between respondents with access to credit in 
urban and rural areas is remarkable.  

We found that, in the coastal regions, which are 
predominantly urban, 15% to 25% of farmers accessed credit 
throughout the research period. The exception is the La 
Libertad region, which had a ratio of less than 10% and a 
decreasing trend from 2015 to 2019. In contrast, in territories 
in the Andean region, where the population distribution is 
mostly rural (some places had a proportion of more than 50% 
of the population in rural areas (Apurimac = 54.2%, 
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Cajamarca = 64.6%, Ayacucho = 58.1%, Huancavelica = 
69.5%)), the average accessibility ratios ranged from 6% to 
10%, which is quite low. Even in urban departments, the 
accessibility ratios were relatively lower than those in the 
coastal areas, except for farmers in the Junín, which had an 
accessibility ratio ranging from 16% to 11%, although it was 

decreasing. Finally, in the Amazonian region, the lowest 
credit accessibility ratio was in Loreto, with a ratio of 2% of 
access to credit in 2019. Although the regions are 
predominantly urban, the ratio of access to credit was not 
more than 20%, and there was a declining trend of credit 
accessibility in the last few years of the research period. 

 
Table 5. Access to credit of farmers, by region, from 2015 to 2019. 
Table 5. Acesso ao crédito por região de agricultores de 2015 a 2019. 

Region 
Population distribution*  2015 

 access % 
 % 

2016 
access % 

2017 
access % 

2018 
access %  

2019 
access % Urban Rural 

Arequipaᵃ 91.8 8.2 21 21 17 16 14 
Icaᵃ 92.4 7.6 19 16 14 18 15 
La Libertadᵃ 78.9 21.1 10 9 9 6 8 
Lambayequeᵃ 81.1 18.9 21 24 27 21 22 
Limaᵃ 98.3 1.7 17 20 20 18 24 
Piuraᵃ 79.3 20.7 17 19 19 17 16 
Tacnaᵃ 90.1 9.9 22 22 16 17 15 
Tumbesᵃ 93.7 6.3 34 41 31 29 12 
Ancashᵇ 63.4 36.6 8 6 6 6 9 
Apurímacᵇ 45.8 54.2 13 14 14 11 11 
Ayacuchoᵇ 41.9 58.1 10 9 8 9 6 
Cajamarcaᵇ 35.4 64.6 11 10 8 10 9 
Cuscoᵇ 60.7 39.3 8 13 11 6 8 
Huancavelicaᵇ 30.5 69.5 6 10 8 8 7 
Huánucoᵇ 52.1 47.9 10 10 11 11 6 
Junínᵇ 71 29 16 14 15 15 11 
Moqueguaᵇ 86.9 13.1 10 13 9 9 6 
Pascoᵇ 63.1 36.9 13 17 16 10 10 
Punoᵇ 53.8 46.2 7 4 8 10 10 
Amazonasᶜ 41.5 58.5 14 16 13 13 9 
Loretoᶜ 68.7 31.3 5 4 3 4 2 
Madre de Diosᶜ 82.8 17.2 20 18 19 18 8 
San Martínᶜ 68.1 31.9 14 19 17 14 19 
Ucayaliᶜ 81 19 12 17 16 14 12 

Notes: For each region, the percentages disclosed represent the proportion of farmers declared to have received credit from the overall respondents. ªCoastal 
region. ᵇAndean region. ᶜAmazonia region. *Population distribution estimates based on the Peruvian National Census (INEI, 2017). Some regions may 
include territories in multiple locations; the table considers the main location in those cases. Source: Own elaboration from the ENA (INEI, 2016–2020). 

 
We found that, in the coastal regions, which are 

predominantly urban, 15% to 25% of farmers accessed credit 
throughout the research period. The exception is the La 
Libertad region, which had a ratio of less than 10% and a 
decreasing trend from 2015 to 2019. In contrast, in territories 
in the Andean region, where the population distribution is 
mostly rural (some places had a proportion of more than 50% 
of the population in rural areas (Apurimac = 54.2%, 
Cajamarca = 64.6%, Ayacucho = 58.1%, Huancavelica = 
69.5%), the average accessibility ratios ranged from 6% to 
10%, which is quite low. Even in urban departments, the 
accessibility ratios were relatively lower than those in the 
coastal areas, except for farmers in the Junín, which had an 
accessibility ratio ranging from 16% to 11%, although it was 
decreasing. Finally, in the Amazonian region, the lowest 
credit accessibility ratio was in Loreto, with a ratio of 2% of 
access to credit in 2019. Although the regions are 
predominantly urban, the ratio of access to credit was not 
more than 20%, and there was a declining trend of credit 
accessibility in the last few years of the research period. 
 
4.2. Logistic regression analysis 

The coefficient estimates of the model for each year are 
presented in Table 6 (Appendix 1b). Furthermore, the 
significance of each model is presented along with 
information on the model’s predictability and likelihood. 
Regarding the predictability measures, the overall Pseudo R-
squared values suggest limited predictive values, but with 

predictive ability further supported by the AUC-ROC (>0.5) 
curve rates to denote the diagnostic ability of binary 
classifiers (Berge; Jordà, 2011), by each year in the study. For 
example, the AUC in 2015 was 0.64, meaning a 64% chance 
that the model this year will be able to distinguish between 
positive and negative classes. This ratio remained fairly 
constant over the years of evaluation. The goodness-of-fit 
measures (log-likelihood) indicate high variability of the 
models, although with representative significance for each 
model (p > 0.001). This indicates that the models are 
statistically significant, with some predictive value for 
farmers’ access to credit in Peru. 

Variables representing the type of activities carried out by 
farmers, whether rural or livestock, significantly explain the 
farmers' accessibility to credit. We found that performing 
agrarian activities has a positive coefficient while performing 
livestock activities has a negative coefficient. Although 
relatively conservative, the coefficient for agrarian activities 
increased yearly despite the significance of both activities. 
The criteria for the size of the agricultural exploitation is 
based on the classification of the INEI (2014), which pointed 
out those smallholders are farms below or up to 50 hectares. 
Regarding farm size, the results indicate that being a 
smallholder decreases the likelihood of accessing credit. 

The geographic variable was recategorized as binary for 
each region, so the evaluation was independent of each 
region as a predictor. The results are significant for the 
geographical variable (p < 0.001). Furthermore, the modeling 
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coefficients provide the change in the logarithm of the 
probability of access to credit due to changes in the predictor 
variables. A positive coefficient was found for almost all 
regions, except for Loreto, which had a negative and 
insignificant coefficient in 2015 ( Loreto : p-
value=0.0737), while for the remaining years, that is, from 
2016 to 2019, the coefficients were significant and negative. 
This indicates a reduction in farmers’ likelihood of accessing 
credit in Loreto. Although not sustainable, negative 
coefficients were found, especially in regions such as La 
Libertad, Ancash, Huancavelica, Huánuco, Moquegua, and 
Puno. However, farmers had a positive coefficient of the 
probability of accessing credit in regions previously 
highlighted as predominantly urban (Table 5) in the Coastal 
and Amazonian areas. 

The odd ratios (Figure 3) are interpreted as the likelihood 
of farmers’ access to credit when the predictor variables 
increase, which also enables us to obtain the probability 
values derived from the variables as predictors. We obtained 
the probabilities according to the predictors' characteristics 
from the odd ratios' results (see Appendix 1). Because the 
odd ratio was found to be negatively associated with 
smallholders, being a smallholder farmer decreased the 
probability of obtaining credit during the research period by 
20%–30%. However, under the same parameters, focusing 
on rural activities leads to a higher probability of getting 
credit than those solely dedicated to livestock farming, which 
is negatively associated with farmers’ access to credit. 

 

 
Figure 3. Odds ratios for farm size and type of activities from 2015 
to 2019 were estimated from the cross-sectional models. Note: 
Odds ratio-OR= (𝑝 /𝑝 ); OR confidence interval at 
95%. 
Figure 3. Odds ratios estimados a partir dos modelos transversais 
para tamanho da exploração agrícola e tipo de atividades de 2015 a 
2019. Observação: Odds ratio-OR= ( 𝑝 / 𝑝 ); 
intervalo de confiança de OR a 95%. 

 
Regarding the geographic variables, we found that most 

of the regions were positive predictors of the probability of 
farmers’ access to credit (Figure 4). We also found that higher 
probabilities were associated with these regions in 2015. This 
confirms the trend previously found for the coastal regions 
(e.g., Arequipa, Lambayeque, and Ica) because, for farmers in 
these regions, the probability of accessing credit increased by 
70%–80% during the research period. As an exception, La 
Libertad began with a positive coefficient in 2015. Still, from 
2016 to 2019, it had a negative coefficient ranging from 30% 
to 50%, indicating that farmers in this department are less 
likely to access credit. The departments of the Andean zone, 
such as Cusco, Huánuco, and Puno, had this same tendency. 
These departments had a positive association as predictors of 
access to credit for farmers in 2015 and 2016. Still, from 2017 

to 2019, the prediction coefficients became negatively 
associated with accessing credit, decreasing the probability of 
farmers in these regions accessing credit by 30%–40%. In 
addition, most of the regions in Amazonia had a positive and 
significant coefficient as a predictor of access to credit. 
However, Loreto consistently had a negative coefficient 
throughout the research period (2015–2019), i.e., farmers in 
Loreto are less likely to access credit compared with those in 
other regions in Peru. 

 

 
Figure 4. Odds ratios were estimated from the cross-sectional 
models from 2015 to 2019 based on geographic distribution. Note: 
Odds ratio-OR= (𝑝 /𝑝 ); OR confidence interval at 
95%. 
Figure 4. Odds ratios foram estimados a partir dos modelos 
transversais de 2015 a 2019 com base na distribuição geográfica. 
Observação: Odds ratio-OR= (𝑝 /𝑝 ); intervalo de 
confiança OR de 95%. 

 
4. DISCUSSION 

The basic statistics of the sample presented in the results 
section indicate that farm size and geographic region are 
important factors. The results of our study regarding the 
lower percentage of access to credit in the agricultural sector 
are consistent, which is approximately 70% of the potential 
demand for credit, as identified by Alvarado; Pintado (2017), 
representing a significant population of excluded agricultural 
producers who may be interested in obtaining credits and 
other financial services (WIENER, 2021). However, 
according to the data presented in this study, which is the first 
that explores credit access at the farmer level for several years 
in an Andean country, although the proportion of Peruvian 
farmers who have access to credit varies according to farm 
size, on average, it was approximately 30% of the population 
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of farmers at the national level. Smallholders were the least 
represented population because, on average, 10% of the 
population accessed credit from the total population of 
smallholders, which, according to INEI (2014), represents 
95% of the total population of agricultural producers in Peru. 
This characteristic is particularly relevant because, based on 
the results of this study, being a smallholder farmer 
significantly reduces the likelihood of accessing credit. 

As better classifications of farmers according to territory 
characteristics can improve the financial inclusion gaps in the 
Peruvian agricultural sector, previous studies have focused 
on the impacts of geographic characteristics, pointing out 
that proximity to financial institutions is expected to lead to 
better access to financial services (PAL; LAHA, 2014). In 
contrast, Prieto et al. (2021) proposed that territory may be 
understood or analyzed in many ways based on the context.  

This study reveals that the geographical variable is a 
significant predictor of Peruvian farmers' credit access 
probability because the regions had special characteristics. 
Our empirical findings on the geographic location, whether 
rural or urban, revealed that Coastal and Amazonian areas are 
mainly urban territories, and farmers in these areas had a 
positive coefficient of the probability of accessing credit. 
Rural territories, especially farmers in the Andean region, 
have the lowest ratios of access to credit, which is consistent 
with the finding of Trivelli (2021), who stated that the 
unresolved issue in Peru concerning financing in the 
agricultural sector is concentrated mainly in rural territories. 
This is valid, except for Loreto, located in the Amazonia 
region, a moderately urban territory with approximately a 
third of its area considered rural (Table 4). In contrast, 
farmers in Loreto are the least likely to have access to credit 
in the country. 

Regarding the territory effect, previous work proposed 
that proximity has become less relevant as a factor of non-
accessibility to credit (Petersen; Rajan, 2002) due to the rise 
of new technologies. However, a specific context requires 
physical proximity because of the credit invisibility 
characteristics of a territory (BREVOORT et al., 2018). 
However, the trend observed, especially in rural areas, does 
not necessarily reflect better access to financial services 
associated with improved accessibility due to the increase in 
technological customer service channels, as access to 
technological services is affected by the availability of 
communication networks. Therefore, for some territories, 
the proximity to financial service providers will be less 
relevant due to the services' virtualization. However, for rural 
territories, it can be a factor of exclusion, reducing the 
probability of farmers accessing credit. 

This study explores farm size as a credit constraint in the 
Peruvian farming context while considering its geographical 
distribution, finding that particularities in the territory can 
define these variables' predictability power and direction. At 
the same time, the size of the farm was also important as 
being a smallholder reduces farmers’ probability of accessing 
credit and being a large-scale farmer improves this 
probability. Regarding farmers´ activities, agricultural 
activities are more likely than livestock to be eligible for 
access to credit. Therefore, regarding the temporality 
approach concerning the years in which farmers were 
assessed through the ENA survey, the study observes a 
generally uneven trend in participation frequencies, which are 
also based on the decrease in positive probabilities associated 
with certain characteristics of the farming population in Peru. 

 

5. CONCLUSIONS 
This paper presents the findings of assessing farmers’ 

access to credit in Peru from 2015 to 2019, employing factors 
such as farm size, type of activity, and geographical location 
to predict the likelihood of accessing credit. Based on 
preliminary findings, we identified factors that consistently 
influence farmers’ access to credit. The size of farms, which 
is an influential factor particularly associated with 
smallholders, and exclusive dedication to livestock negatively 
influence the likelihood of farmers accessing credit. 
However, being a large-scale farmer dedicated solely to 
agricultural activities was found as a predictor variable with a 
positive likelihood ratio across farmers who accessed credit 
during the research period. Nonetheless, the predictors' value 
and probability ratio are influenced by other factors included 
in the model, such as geographic consideration. 

The geographical location of farmers can be considered 
as a contextual variable of the other variables that influence 
the model. However, as the location and characteristics of the 
territories may be either an advantage or disadvantage, the 
analysis is based on factors such as the supply of financial 
services, proximity, and connectivity. Therefore, it is 
important to explore factors related to the territory, that is, 
factors that, according to previous literature, may reduce the 
cost of adopting the financing model in the agricultural 
sector. The low access to financial services in rural areas and 
to finance in the agricultural sector may be considered a 
potential market failure as the demand is high, but the supply 
is insufficient. This study used geographic data to provide a 
geospatial overview of the density of agricultural producers 
in each Peruvian region. 

Our findings are limited by the variables included in the 
dataset, which is based on the ENA survey. As this data 
source offers limited information regarding mobility costs in 
the economic environment in rural areas, further research can 
benefit from conducting financial surveys at the farm level 
and matching both data sources with georeferenced data. 
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APPENDIX 
 

Appendix 1a: Table 5. Access to credit by region of farmers from 2015 to 2019. 
Anexo 1a: Tabela 5. Acesso ao crédito por região dos agricultores de 2015 a 2019. 

Region 2015 2016 2017 2018 2019 

Name Location 
Population distributionª Naccess = 

3 831 
% Naccess = 

4 262 
% Naccess = 

3 914 
% Naccess = 

3 543 
% Naccess = 

3 063 
% 

Urban Rural 
Arequipa Coast 91.8 8.2 254 21 255 21 202 17 200 16 195 14 
Ica Coast 92.4 7.6 227 19 198 16 169 14 206 18 168 15 
La Libertad Coast 78.9 21.1 131 10 128 9 131 9 81 6 101 8 
Lambayeque Coast 81.1 18.9 239 21 281 24 323 27 239 21 221 22 
Lima Coast 98.3 1.7 216 17 261 20 258 20 220 18 176 24 
Piura Coast 79.3 20.7 220 17 260 19 254 19 239 17 194 16 
Tacna Coast 90.1 9.9 245 22 248 22 178 16 188 17 171 15 
Tumbes Coast 93.7 6.3 292 34 346 41 265 31 233 29 168 12 
Ancash Andean 63.4 36.6 105 8 84 6 86 6 83 6 107 9 
Apurímac Andean 45.8 54.2 156 13 166 14 172 14 128 11 144 11 
Ayacucho Andean 41.9 58.1 126 10 114 9 95 8 114 9 71 6 
Cajamarca Andean 35.4 64.6 132 11 131 10 109 8 127 10 113 9 
Cusco Andean 60.7 39.3 102 8 166 13 144 11 73 6 103 8 
Huancavelica Andean 30.5 69.5 78 6 123 10 97 8 95 8 89 7 
Huánuco Andean 52.1 47.9 119 10 125 10 139 11 140 11 74 6 
Junín Andean 71 29 183 16 178 14 179 15 169 15 124 11 
Moquegua Andean 86.9 13.1 116 10 146 13 103 9 109 9 80 6 
Pasco Andean 63.1 36.9 140 13 203 17 190 16 116 10 112 10 
Puno Andean 53.8 46.2 92 7 58 4 117 8 134 10 118 10 
Amazonas Amazonia 41.5 58.5 166 14 195 16 157 13 161 13 135 9 
Loreto Amazonia 68.7 31.3 56 5 40 4 31 3 43 4 21 2 
Madre de Dios Amazonia 82.8 17.2 142 20 146 18 147 19 132 18 89 8 
San Martín Amazonia 68.1 31.9 164 14 235 19 198 17 158 14 156 19 
Ucayali Amazonia 81 19 130 12 175 17 167 16 155 14 132 12 

Notes: For each region, the percentages disclosed represent the proportion of farmers that were declared to have received credit to the overall respondents. 
ªPopulation distribution estimates based on the Peruvian National Census (INEI, 2017). Some regions may include territories is more than one location, in 
those cases the table considers the main location. Source: Own elaboration from the ENA (INEI, 2016–2020).  
 
 
Appendix 1b: Table 6. Estimated coefficients for cross-sectional models from 2015 to 2019. 
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Apêndice 1b: Tabela 6. Coeficientes estimados para modelos transversais de 2015 a 2019. 

Variables 
2015 2016 2017 2018 2019 

Coef p-value Coef p-value Coef p-value Coef p-value Coef p-value 
Amazonas 1.1779 0.0000 0.7526 0.0000 0.2191 0.0016 0.3902 0.0000 0.6184 0.0000 

Ancash 0.2265 0.0024 −0.6875 0.0000 −0.5964 0.0000 −0.7159 0.0000 0.0473 0.4889 
Apurimac 1.1524 0.0000 0.4891 0.0000 0.5146 0.0000 0.2183 0.0019 0.7071 0.0000 
Arequipa 1.5457 0.0000 0.8865 0.0000 0.5867 0.0000 0.6900 0.0000 0.8512 0.0000 
Ayacucho 0.7788 0.0000 0.1050 0.1568 −0.0952 0.1947 0.1685 0.0155 −0.1402 0.0655 
Cajamarca 0.7974 0.0000 0.1368 0.0571 −0.0690 0.3336 0.1956 0.0036 0.1937 0.0053 

Cusco 0.4870 0.0000 0.3669 0.0000 0.1613 0.0203 −0.6730 0.0000 0.1646 0.0218 
Huancavelica 0.1981 0.0175 0.1833 0.0127 −0.2031 0.0084 −0.0146 0.8428 0.2461 0.0008 

Huánuco 0.5978 0.0000 −0.1245 0.0889 0.0371 0.5928 0.2302 0.0006 −0.3814 0.0000 
Ica 1.1007 0.0000 0.2838 0.0000 0.1815 0.0058 0.5195 0.0000 0.4631 0.0000 

Junín 1.1651 0.0000 0.4422 0.0000 0.4890 0.0000 0.5136 0.0000 0.5915 0.0000 
La Libertad 0.5528 0.0000 −0.0990 0.1547 −0.0098 0.8814 −0.8350 0.0000 −0.1542 0.0227 
Lambayeque 1.4731 0.0000 1.1554 0.0000 1.1955 0.0000 0.8873 0.0000 1.1255 0.0000 

Loreto −0.1552 0.0737 −1.0417 0.0000 −1.2790 0.0000 −1.0466 0.0000 −1.4873 0.0000 
Madre de Dios 1.5371 0.0000 0.6594 0.0000 0.7250 0.0000 0.6893 0.0000 0.7098 0.0000 

Moquegua 0.9384 0.0000 0.3089 0.0000 −0.0563 0.4427 −0.0435 0.5466 0.0326 0.6564 
Pasco 0.9699 0.0000 0.7263 0.0000 0.5909 0.0000 0.1699 0.0159 0.3154 0.0000 
Piura 1.2163 0.0000 0.7969 0.0000 0.7757 0.0000 0.7991 0.0000 0.8680 0.0000 
Puno 0.2848 0.0002 −0.8531 0.0000 −0.1218 0.0836 0.1128 0.0960 0.3424 0.0000 

San Martin 1.1359 0.0000 0.8528 0.0000 0.5637 0.0000 0.2893 0.0000 0.6073 0.0000 
Tacna 1.6404 0.0000 0.9382 0.0000 0.7009 0.0000 0.8044 0.0000 1.0400 0.0000 

Tumbes 2.2258 0.0000 1.7867 0.0000 1.4853 0.0000 1.2950 0.0000 1.0912 0.0000 
Ucayali 0.8516 0.0000 0.5149 0.0000 0.5816 0.0000 0.4331 0.0000 0.6627 0.0000 

Smallholders −1.3799 0.0000 −0.7677 0.0000 −0.7848 0.0000 −0.8117 0.0000 −0.9202 0.0000 
Agrarian 0.4942 0.0000 0.4755 0.0000 0.5551 0.0000 0.7412 0.0000 0.6311 0.0000 
Livestock −0.3035 0.0000 −0.3299 0.0000 −0.2788 0.0000 −0.4368 0.0000 −0.3657 0.0000 

N 26 848 27 500 27 442 27 088 26 937 
Pseudo R-squared 0.072 0.068 0.058 0.067 0.055 

Log Likelihood −21719 (0.000) −22225 (0.000) −22709 (0.000) −22573 (0.000) −23224 (0.000) 
AUC-ROC Curve 0.64 0.64 0.62 0.64 0.61 

Note: correlation is significant at p < 0.001 level. Source: Own elaboration from the ENA (INEI, 2016–2020). 
 
Appendix 1c: Probabilities estimated from the cross-sectional models from 2015 to 2019 for exploitation size and type of activities. 
Apêndice 1c: Probabilidades estimadas a partir dos modelos transversais de 2015 a 2019 para o tamanho da exploração e tipo de atividades. 

Variables 
2015 2016 2017 2018 2019 

Probª (%) Probª (%) Probª (%) Probª (%) Probª (%) 
Smallholders 20% 32% 31% 31% 28% 

Agrarian 62% 62% 64% 68% 65% 
Livestock 42% 42% 43% 39% 41% 

ªodds to probability = odds / (1 + odds) 
 
Appendix 1d: Probabilities estimated from the cross-sectional models from 2015 to 2019 by geographic distribution. 
Apêndice 1d: Probabilidades estimadas a partir dos modelos transversais de 2015 a 2019 por distribuição geográfica. 

Variables 
2015 2016 2017 2018 2019 

Probª (%) Probª (%) Probª (%) Probª (%) Probª (%) 
Amazonas 76 68 55 60 65 

Ancash 56 33 36 33 51 
Apurimac 76 62 63 55 67 
Arequipa 82 71 64 67 70 
Ayacucho 69 53 48 54 46 
Cajamarca 69 53 48 55 55 

Cusco 62 59 54 34 54 
Huancavelica 55 55 45 50 56 

Huánuco 65 47 51 56 41 
Ica 75 57 55 63 61 

Junín 76 61 62 63 64 
La Libertad 63 48 50 30 46 
Lambayeque 81 76 77 71 75 

Loreto 46 26 22 26 18 
Madre de Dios 82 66 67 67 67 

Moquegua 72 58 49 49 51 
Pasco 73 67 64 54 58 
Piura 77 69 68 69 70 
Puno 57 30 47 53 58 

San Martin 76 70 64 57 65 
Tacna 84 72 67 69 74 

Tumbes 90 86 82 78 75 
Ucayali 70 63 64 61 66 

ªodds to probability = odds / (1 + odds) 
 




