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Resumo: A infraestrutura rodoviária no Peru pode ser um fator limitante na expansão da produção 

agrícola. O Peru tem uma densidade de estradas consideravelmente menor em comparação aos 

países desenvolvidos, com um tempo médio de viagem para cidades com 50.000 habitantes ou 

mais, de cerca de 4 horas. Neste artigo, estimamos a eficiência técnica da propriedade rural usando 

uma função de produção estocástica para avaliar se uma infraestrutura viária maior ajuda a 

diminuir a ineficiência técnica da fazenda. Para isso, usamos a Pesquisa Agrícola Nacional de 2017 

para o Peru e informações geográficas sobre a rede de estradas e tempo de viagem para a cidade 

mais próxima com 50.000 habitantes ou mais (acessibilidade). Nossas descobertas sugerem que 

uma maior rede de estradas diminui a ineficiência técnica da fazenda; a maior densidade da estrada 

(tempo de viagem) diminui (aumenta) a ineficiência técnica da fazenda. Regionalmente, províncias 

ocidentais são menos eficientes em comparação com as províncias orientais. Esses resultados 

podem estar associados ao acesso a mercados de insumos, serviços de extensão e mercados 

consumidores. 
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Abstract: The road infrastructure in Peru may be a limiting factor in farm production expansion. 

Peru has considerably lower road density compared to developed countries with an average travel 

time to towns with 50,000 inhabitants or more of about 4 hours. In this paper, we estimate farm 

technical efficiency using a stochastic production function to assess whether greater road 

infrastructure helps to decrease farm technical inefficiency. To do so, we use national agricultural 

survey of 2017 for Peru, and geographic information on road network and travel time to the 

nearest town with 50,000 inhabitants or more (accessibility). Our findings suggest that greater 

road network decreases farm technical inefficiency; higher road density (travel time) decreases 

(increases) farm technical inefficiency. Regionally, western provinces are less efficient compared 

to eastern provinces. These results might be associated to input markets, extension and output 

markets. 
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1 Introduction 

The Andean countries produced 16.3% of the agricultural value of production in South America 

in 2016 (Food and Agricultural Organization – FAO 2020). However, the road infrastructure in 

the Andean countries still a limiting factor on production expansion. Colombia, Peru, Ecuador, 

and Bolivia have lower road density compared to developed countries, generating considerably 

higher transport cost and limiting their competitiveness in the international agricultural market 

(Briceño-Garmendia et al. 2015). Colombia, Peru, Ecuador, and Bolivia had 205, 166, 89, and 43 

thousand kilometers of roads in 2015, mostly unpaved (e.g., less than 8,500 km in Bolivia are 

paved – Meijer et al. 20181). Road networks enable mobility and are a key factor in goods and 

services production and distribution, people mobility, and consumption of goods and services. The 

lack of a good road network leads to average farm travel time to the nearest large town (definition 

discussed below) ranging between 2.5 hours in Ecuador and 4 hours in Peru, but up to 90 hours in 

some places in Colombia (Weiss et al. 2018). A limiting road infrastructure may lead to 

inaccessibility to markets and limit the farm’s ability to manage production inputs efficiently. In 

this paper we focus our analysis on Peru and investigate whether road density affects farmers’ 

technical efficiency, estimating a stochastic frontier at farm level. 

Road network distribution is not equally distributed across these countries, leaving aside a large 

population of mostly subsistence and small farms. More than 85% of the farms in Colombia and 

Bolivia and more than 55% in Peru and Ecuador have less than 10 ha. This pattern results in high 

travel time to the nearest town with 50,000 inhabitants or more. Low road density or great 

inaccessibility result in restricted access to information, extension (technical assistance), credit, 

and other essential services that contribute to raising agricultural production and farm income. 

There are three studies that have accounted for the distance to the nearest city for Andean countries: 

Peru (World Bank, 2017; Espinoza et al., 2018) and Bolivia (Larochelle and Alwang, 2013). 

Several studies estimated the effect of roads and road density on technical efficiency (change) and 

agricultural total factor productivity for Brazil and other countries (Mendes, Teixeira, and Salvato, 

2009; Rada and Valdes, 2012; Rada and Buccola, 2012; Gasques et al., 2012). A few other papers 

investigate technical efficiency for Andean countries but focus in one region, activity, or product 

(Trujilo and Wilman, 2013; Melo-Becerra and Orozco-Gallo, 2015; Fletschner, Guirkinger and 

Boucher, 2010; Larochelle and Alwang, 2013; González-Flores et al., 2014). The studies find that 

these variables contribute positively to increased agricultural TFP. This paper contributes to this 

literature providing new information on the link between road infrastructure and farm technical 

efficiency for farms in Peru. Additionally, our results provide information on production 

elasticities and efficiency determinants, including extension and credit. 

To estimate technical efficiency, we used information from the Encuesta Nacional 

Agropecuaria of 2017 for Peru and geographic information on road network (explained later) to 

estimate a stochastic frontier. In our final sample, we have 26,966 farm observations with 

information on quantity produced and price sold, input use and price paid, district geographic 

location, and other factors such as access to extension and credit. We merge this farm information 

with geographic information on travel time (Weiss et al 2018) and road network (Meijer et al 2018) 

at the lowest political geographic unit (municipalities). We find that an average technical 

 
1 The information on road infrastructure (in km, density and travel time) provided in this paper was built using ArcGIS 

and R using the shapefiles provided by several sources such as Meijer et al (2018), Ministerio de Transportes y 

Comunicaciones (MTC), and Weiss et al. (2018).  
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efficiency of 0.64 for farms in Peru. An analysis of the inefficiency determinants confirms the 

hypothesis that road network affects the farm’s ability to manage inputs in the production. Peruvian 

farm inefficiency decreases as road density increases and increases as travel time increases.  

 

2 Literature Review 

This section briefly describes the literature on technical efficiency and on the effect of road 

infrastructure on technical efficiency for Andean countries focusing in Peru. Using household data, 

Melo-Becerra and Orozco-Gallo (2017) estimate technical efficiency for small crop and livestock 

farmers in Colombia. They use a metafrontier analysis based on Huang, Huang, and Liu (2014) to 

compare household technical efficiency under different production systems, based on household 

location (different altitudes). They find that while technical efficiency is, on average, 56%, 

technical efficiency from the metafrontier is, on average, 46%, which translates to a technological 

gap ratio of 82%. Also related to our paper, they find that (Euclidian) distance to the market 

(between the centroid of the municipality in which the household is located, to the nearest market) 

is positive, implying that households farther away are more inefficient.  

A few other papers investigate technical efficiency for these countries but focus on one region, 

activity, or product. Larochelle and Alwang (2013) estimate farm technical efficiency for the 

Bolivian Andes potato farms and find a low efficiency level (0.56), probably due to the region’s 

high vulnerability to climate shocks. Trijulo and Iglesias (2013) estimate technical efficiency for 

small pineapple farms in Santader in Colombia and find that farmers’ characteristics such as 

schooling and years of experience decrease technical inefficiency. They also account for credit in 

the inefficiency error term and find that credit decreases inefficiency. Perdomo and Hueth (2011) 

estimate technical efficiency for coffee farms in Colombia and find that farm efficiency varies 

considerably across functional forms, ranging from 0.52 to 0.98. (They do not account for 

inefficiency determinants.) González and Lopez (2007) estimate household efficiency in 

Colombia, focusing on the effect of political violence on inefficiency and using an input-oriented 

stochastic frontier. As in our paper, their model accounts for household distance to market, and 

they find that when distance is statistically significant, it decreases inefficiency. They argue that 

this variable might be capturing bias, in that they are using values rather than quantities for output 

and inputs.   

Ortega (2018) also investigates the impact of road network improvements in Colombia on 

agricultural production and other key variables, using a difference-in-difference technique based 

on three years of survey data on (Euclidian) distance to the market. She finds that changes in the 

quality of rural roads affect the agricultural production nonlinearly; it depends on the distance to 

local and national markets. While households in central locations reduce their production, 

households in peripheral regions expand their production. Even though these results are not 

directly comparable to our simple analysis, they shed light on the dynamic of agricultural 

production-distance to markets. 

Espinoza et al. (2018) estimate technical efficiency for Peruvian farms also using the 

metafrontier analysis proposed by Huang, Huang, and Liu (2014) and data from the Encuesta 

Nacional of Agropecuaria of 2015 to identify potential differences between regions (coastland - 

Costa, Andes Mountains - Sierra and Amazon rainforest - Selva). (We use the same source from 

2017.) In their analysis, Huang, Huang, and Liu (2014) exclude large farms and livestock 
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producers, working with a sample of 23,686.2 Even though they focus on a subset of our sample, 

they built the output and inputs in similar fashion, considering labor, land, and capital as inputs 

and value of production as output. As in this paper, they account for accessibility by measuring 

road distance and travel time to cities with 50,000 inhabitants or more. They find mix results for 

the effect of distance on inefficiency (non-significant, positive, and negative for three different 

regions), and that extension and credit decrease inefficiency. The World Bank (2017) report finds 

similar results also for Peru. 

Even though in this paper we estimate farm technical efficiency at one year at farm level, several 

studies have looked at technical efficiency and agricultural total factor productivity (Ag TFP) for 

the countries analyzed in this paper. Most of the studies estimated the Ag TFP for the Andean 

countries within a world or regional analysis. Trindade and Fulginiti (2015) find that, among the 

countries analyzed in this paper, Bolivia and Colombia had the lowest TFP growth during the 

period, 0.708 and 0.736 respectively for 1969-2009. On the other hand, Venezuela (1.731), 

Ecuador (1.639), and Peru (1.538) have among the highest rates for the region and period. Their 

analysis is a subset (but more detailed analysis) of Fuglie (2010) that looks at the entire world and 

finds an average TFP growth rate of 1.49 for Andean countries during the period 1967-2007. 

Ludena (2010) finds slightly different TFP rates for these countries when analyzing Latin America 

and Caribbean regions: 1961-2000 averages for Bolivia (0.6), Colombia (1.5), Ecuador (0.2), Peru 

(0.7), and Venezuela (1.2). Pfeiffer (2003) estimates the Ag TFP for all Andean countries, 

representing a subset of Trindade and Fulginiti (2015) and finds an average TFP of 0.61% per year 

for Bolivia, 0.64% for Colombia, 3.26% for Ecuador, 2.79% for Peru, and 1.37% for Venezuela. 

For Colombia, Jiménez, Abbott, and Foster (2018) estimate technical change in agricultural 

production using country data (as in Pfeiffer, 2003; Ludena, 2010; Fuglie, 2010; Trindade and 

Fulginiti, 2015). Using different approaches and functional forms for the production function, they 

find that technical change ranges from 0.8% to 1.3% and varies throughout the period of 1975 to 

2013 due to six major events that affected agriculture in Colombia, such as armed conflict 

intensification (1998-2002) and commodities price boom (2003-2009).  

In addition to analyzing the effect of roads on technical efficiency, we analyze whether access 

to extension and credit affect farm technical efficiency. On this topic, there is evidence, from 

analysis of different countries, that indicate that these two factors decrease inefficnecy. A few 

papers have indirectly investigated the effect of rural extension in Brazilian farm technical 

efficiency. Moura et al. (2000) find that rural extension increases farm efficiency but has no effect 

on the use of inputs. Helfand and Levine (2004), Gonçalves et al. (2008), and Freitas et al., (2019) 

find that rural extension services increase farm efficiency. Also investigating the effect of credit 

on agricultural Total Factor Productivity (Ag TFP), Jin and Huffman (2016) find that rural 

extension increases Ag TFP for most American states, and they estimate that the real social rate of 

return of investments on extension is more than 100%.  

 

3.1 Road infrastructure in Peru 

To test whether road network affects farm efficiency, we use several sources. In this section, we 

briefly describe the current road network. Road networks, based on Meijer et al. (2018), are 

 
2 As in the data used in our analysis of Peru (Encuesta Nacional of Agropecuaria of 2017), the survey was designed 

to have state representativity only for small and medium farms. 
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displayed in Figure 1. Along the same lines, Meijer et al. (2018) estimate road density for 222 

countries, using 63 different sources. They overestimate road network for some of the countries, 

such as Colombia, compared to numbers from Comisión Economica para America Latina y el 

Caribe (CEPAL) and official information from the Departamento Administrativo Nacional de 

Estatística – DANE. 

 
Figure 1. Road network by two types (highways, primary, secondary, tertiary and local on the 

right and paved, gravel and others on the left), Peru, 2017 
Source: Authors’ work using ArcGIS Pro and the information provided by Meijer et al. (2018) 

 

For Peru, we use information from the Ministerio de Transportes y Comunicaciones (MTC)3 

for 2019 and from Meijer et al. (2018)4 on all types of roads to calculate the road length in 

kilometers (km). While the MTC dataset provides information on 166 thousand km, Meijer et al. 

(2018) report 192 thousand km with 16% paved and another 12 thousand km unspecified. Both 

MTC and Meijer et al. (2018) report numbers close to numbers reported by CEPAL, almost 167 

thousand km in 2017. We opted to use information provided by MTC for our analysis.  

Based on the literature, we also constructed the variable roads density (𝑧1). To calculate this 

variable, we used geographic information (shapefiles) of roads available at governmental websites 

to calculate the roads’ length (𝑅𝐿) by municipality in kilometers (km) and the geopolitical 

administrative information to calculate the municipality area (𝐴𝑀) in square kilometers (sqKm). 

 
3 The shapefile with information on roads is available online at 

https://portal.mtc.gob.pe/transportes/caminos/normas_carreteras/mapas_viales.html. There is one file for roads at the 

national level, one file for roads at the department level and several files for roads at the local level.  
4 Part of The Global Roads Inventory Project (GRIP), available at https://www.globio.info/download-grip-dataset 

https://portal.mtc.gob.pe/transportes/caminos/normas_carreteras/mapas_viales.html
https://www.globio.info/download-grip-dataset
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𝑧1 is the ratio of these two variables (𝑧1 = 𝑅𝐿/𝐴𝑀) and is in km/sqKm. The road density variable 

depends on what it is considered roads; it increases as we include non-paved roads in the 

calculation of this variable. Because one of our objectives is to identify the effect of accessibility 

on agricultural production, we have included all types of roads on the calculation of the main road 

density variables. In Peru, the pattern observed in Figure 1 yields greater road density on the west 

coast of Peru. This pattern is driven by Peru’s geography, with the presence of the Amazon forest 

in the eastern part of the country.  

 

3.2 Travel time to the nearest large city 

Rich geographic information on roads provided by governments and private institutions allowed 

an accurate analysis of the road network worldwide (Iimi et al., 2016; Weiss et al.; 2018, Meijer 

et al.; 2018). Using Open Street Map (OSM) and Google, Weiss et al., (2018) estimate travel time 

to the nearest urban center, establishing a link between travel time and countries’ income. Both 

travel time and road density capture the link between road network and agriculture through the 

lenses of accessibility and availability, respectively. Greater travel time to urban centers would 

result in a lower likelihood of accessing extension services and financial tools, factors that yield 

higher agricultural productivity. Higher road density allows farmers to move more easily between 

farms and urban centers to purchase inputs and sell outputs, resulting in greater agricultural 

production. For instance, Meijer et al. (2018) find that wealthier countries have higher road 

density.  

Briceño-Garmendia et al. (2015)5 assess several aspects of the road network and accessibility 

in Colombia, Ecuador, and Peru using a few of the sources introduced in the supplementary 

material and others. Relevant to our discussion, they calculate accessibility scores and map them 

for these countries, finding results that resemble Weiss et al. (2018). This gives us support to use 

Weiss et al. (2018) measure, given that it is more comprehensive.  

To estimate the impact of road network on the likelihood of accessing extension and credit, we 

used a country’s average travel time to the nearest city of 50,000 people (or 1,500 or more 

inhabitants per square kilometer), based on Weiss et al. (2018)6 as a proxy to road network. This 

measure captures not only distance but also quality of the roads and transportation services. We 

find that the average time per municipality (distritos) to the nearest large city for Peru is 213 

minutes.  

The country’s geography plays a major role in transportation infrastructure such as road 

network, which is directly linked to the population’s accessibility. Figure 2 displays travel time 

based on Weiss et al. (2018). The pattern observed in Figure 2 is partially produced by the Andean, 

which divides the country: urban areas in the west and forest area in the east. The lack of road 

network or other form of transportation and urban centers east of the Andean imposes a greater 

 
5 Briceño-Garmendia et al. use a robust decision-making approach to assess policy designs for road network under 
uncertainty, particularly associated to climate events, for Colombia, Peru and Ecuador. A wide range of datasets is 

used in their paper, including geographic information systems on road network used here and measures of agricultural 

production based on the International Food Policy Research Institute’s (IFPRI’s) Spatial Production Allocation Model 

(2000) and the FAO’s Global Agro-Ecological Zones (GAEZ 3.0). 
6 Weiss et al. constructed a friction map that allows us to estimate the average travel time per county (or smallest unit 

of observation) for each country. They measure the travel time for 2015. 
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travel time to the inhabitants there. Weiss et al (2018) considers waterways in remote regions 

where this is the only or the fastest route. The region around Iquitos in Peru, for example, is 

connected by only a few roads and a few rivers such as the Amazon. The darker routes in the 

northeastern portion of Peru displayed in Figure 2 are partially driven by rivers such as the Napo, 

Curaray, Tigre and Amazonas (Amazon River). The travel time distribution displayed in Figure 2 

resembles what Briceño-Garmendia et al. (2015) found for Peru. 

 

Figure 2. Travel time in minutes as constructed in Weiss et al. (2018) on the left and average 

travel time by municipalities (distritos) in hours on the right, Peru, 2017 
Source: Authors’ work using R Studio and the information provided by Weiss et al. (2018) 

 

4 Analytical framework 

The Stochastic Frontier approach is widely used to obtain efficiency measures. It consists of 

estimating a production function that represents the relation between agricultural input and output 

(González-Flores et al. 2013; Helfand and Levine, 2004; Rada and Valdes, 2012; Helfand et al. 

2015). Aigner, Lovell, and Schmit (1977); and Coelli and Battese (1996) specify the model as 

follows: 

𝑌𝑖 = 𝑓(𝑋𝑖 , 𝛽)𝑒(𝑣𝑖−𝑢𝑖) (1) 

where 𝑌𝑖 is the value of production of i-th farm, 𝑋𝑖is the vector of expenses with inputs of the i-th 

farm, and 𝛽 is a vector of the parameters to be estimated, which define the production technology. 

The error terms 𝑣𝑖 and 𝑢𝑖 are vectors that represent distinct components of the error. The random 

error component 𝑣𝑖,  has a normal distribution, independent and identically distributed (iid), with 

variance 𝜎𝑣
2[𝑣~𝑖𝑖𝑑 𝑁(0, 𝜎𝑣)], and captures the stochastic effects beyond the control of the 
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productive unit, such as measurement errors and climate. The error term 𝑢𝑖  is responsible for 

capturing the technical inefficiency of the i-th farm; that is, the distance from the production 

frontier, and these are non-negative random variables. This unilateral (non-negative) term can 

follow half-normal, truncated normal, exponential or gamma distributions with mean 𝜇 > 0 and 

variance 𝜎𝑢
2 (Aigner et al., 1977; Greene, 1980). We have assumed an exponential distribution to 

the inefficiency error term. Technical efficiency is obtained following the Battese and Coelli 

(1988) approach. We assume that the inefficiency term 𝑢𝑖 is determined by a vector of variables 

𝒛, as follow: 

𝜇𝑖 = 𝑧𝑖𝛿 (2) 

where 𝒛𝒊 is a vector of explanatory variables that affect the technical inefficiency of Peruvian 

farms, such as road density (or travel time), extension, credit, and energy use (these variables are 

explained in later sections); and 𝛿 is a vector of the parameters to be estimated. 

 

4.1 Data 

To investigate the effect of road density on agricultural production, we used agricultural census 

and surveys for each country. Our goal in this paper was to estimate technical efficiency and its 

determinants at the lowest level possible, farms, using national datasets. We used the Encuesta 

Nacional Agropecuaria of 2017. We described data on roads in the previous section. 

In the efficiency analysis, we also control for extension, and credit and describe these variables 

here. We used the Encuesta Nacional Agropecuaria of 2017, which has information on 29,218 and 

1,537 small/medium and large farms (unidade de produccion agropecuaria - UPA) representing a 

total of 2.2 million Peruvian farms.  

On credit and extension, 11.1% of the small and medium farms requested and obtained credit, 

and 32.5% of the large farms requested and obtained credit. In 2017, 7% of the small and medium 

farms had access to extension assistance, and 43% of the large farms had access. We measured 

labor as the sum of paid and unpaid employees in both agricultural and livestock production. We 

calculated capital as the sum of cost of machinery, equipment, fuel, maintenance expenses, crop 

inputs (such as fertilizer), and livestock inputs (such as animal medicines). To estimate the value 

of production, we considered all crops, cattle,7 and milk. We used the value of production reported 

by the farmer and converted value of production to US$ of 2017 (PER$ 1 = 0.3 US$).In this paper, 

we only considered farmers who had a positive value of production and land greater than 0. To 

control for outliers, we dropped all observations at the bottom 1% and top 1% of the distribution 

of the value of production. Our sample size is 26,966. We display descriptive statistics in Table 1 

and value of production per Peruvian province in Figure 3. 

We also controlled for farm size, including categorical variables accounting only for the 

products used in the calculation of the value of production for each country. They are 0 to 5 

hectares (ha), 5 to 10 ha; 10 to 50ha; 50 to 100 ha; 100 to 500ha; 500 to 1000 ha; and above 1000 

hectares. Table 1 shows that most of the farms have less than 5 hectares.  

 

 
7 We used the monetary value reported by the farmer for sold cattle and cattle consumed inhouse.  
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Table 1. Descriptive statistics, Peru, 2017 

Variables Values Std. Dev. 

Value of Prod. (US$) 8777 53057.350 

Labor (sum of employees) 14.496 81.806 

Land (ha) 33.680 627.120 

Capital (US$) 5254 212447.3 

Extension (yes or no) 0.092 0.289 

Credit (yes or no) 0.135 0.341 

Roads density (km / 100 sqKm) 35.235 33.609 

Travel Time (hours) 4.575 6.925 

Pop. Density (People / SqKm) 85.820 355.51 

Farm size (dummy variables)   

0 – 5 ha 0.421 0.493 

5 – 10 ha 0.154 0.360 

10 – 50 ha 0.270 0.443 

50 – 100 ha 0.062 0.242 

100 – 500 ha 0.070 0.255 

500 – 1000 ha 0.012 0.109 

1000+ ha 0.011 0.102 

Source: Own elaboration with data from the Encuesta Nacional Agropecuaria of 2017. 

 
Figure 3. Value of production for selected products (see data section) by department/province, 

Peru, 2017 
Source: Own elaboration. 

Note: Value of production was build using information from the Encuesta Nacional Agropecuaria of 2017. 
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4.2 Empirical Strategy 

We estimate the stochastic frontier assuming several functional forms, including Cobb-Douglas 

and Translog production function. The latter presents some desirable properties such as flexibility, 

linearity in parameters, regularity, and parsimony (Mariano et al., 2010). However, as in Battesi 

and Coelli (1992) and Helfand et al. (2015), Log-likelihood Ratio (LR) tests were performed to 

identify the best production frontier specification (Cobb-Douglas versus Translog), which pointed 

to the Translog functional form. As in Coelli et al. (2003), the technology can be represented as 

𝑦 = 𝛼 + 𝛽′𝒙 + 𝒙′𝑩𝒙 + 𝚪𝟏 + 𝚪𝟐 + 휀 (3) 

where 𝑦 represents the logarithm of the gross value of production; 𝒙 = (𝑥1, 𝑥2, 𝑥3) is a matrix of 

three inputs: labor (𝑥1), land (𝑥2) and capital (𝑥3) 𝚪𝟏 is a matrix of Peruvian states; 𝚪𝟐 represents 

fixed effects for farm size; 𝛼, 𝛽and 𝑩 are vectors of parameters to be estimated; and 휀 is the 

composed error term described before. Even though it is not the main objective of the paper, we 

calculate production elasticities for all inputs. To explain inefficiency, we include road density (or 

travel time), population density, access to extension, access to credit, and energy use (electricity, 

gasoline and diesel). We have added population density so we could estimate an unbiased effect 

of road density in the inefficiency error term, which could capture the effect of a large city (higher 

road density) on the inefficiency term. We expect road density (travel time), extension and credit 

to decrease (increase) inefficiency. 

 

5 Results 

In Table 2 we present the production elasticities8 for equation (3)9, using road density as an 

explanatory variable in the inefficiency term (results are quite similar when using travel time). The 

parameters estimated for this equation are displayed in the Appendix. On average, the elasticities 

indicate that our estimation is coherent with economic theory10. Our production elasticities for 

Peru lie on the range reported by the World Bank (2017), which estimates production elasticities 

for four types of production, such as that labor elasticity ranges from 0.16 to 0.38, and land 

elasticity ranges from 0.29 to 0.55. 

Table 2. Average production elasticities for Peru, 2017 

Variables 
𝜺𝒙𝟏

 

(labor) 

𝜺𝒙𝟐
 

(land) 

𝜺𝒙𝟑
 

(capital) 

Peru 0.195** 0.345*** 0.486*** 

Standard errors 0.012 0.012 0.007 

Source: Own elaboration.  

Note: We only calculate the capital elasticity for Peru, given that we only take the logarithm of capital measures for 

this country. Elasticity for land was calculated only for the observations with positive land. Standard errors were 

calculated using the delta method. Statistical significance: * p < 0.10. ** p < 0.05. *** p < 0.01. Violations: 2%, <1% 

and 2.5% for 𝑥1, 𝑥2 and 𝑥3 do not satisfy monotonicity. 

 
8 We also obtained the production elasticities using a Cobb-Douglas functional form. They are very similar–see 

parameters estimated in the Appendix.  
9 The LR test indicates that Translog is more adequate to represent the technology than Cobb-Douglas.  
10 See Table 2 footnote for violations.  
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The main objective of this paper was to estimate technical efficiency and its determinants. In 

Table 3 we present the average technical efficiency and the determinants estimated for both models 

with road density and travel time. We find that road density (travel time) decreases (increases) 

inefficiency. Our results of the road density effect on technical efficiency for Peru reinforce the 

result found in the literature; namely, that road density decreases technical inefficiency (Mendes, 

Teixeira, and Salvato 2009; Rada and Valdes 2012; Rada and Buccola 2012; Gasques et al. 2012).  

Closely related to our analysis, Espinoza et al. (2018) accounted for the distance to the nearest 

city with a population above 50,000 inhabitants in the inefficiency term for small and medium 

Peruvian farms. They found mixed results when analyzing the three regions separately: no effect 

on inefficiency for Costa, increased inefficiency as distance increases for Sierra, and decreased 

inefficiency as distance increases for Selva. The measure used by Espinoza et al. (2018) can be 

interpreted as a simpler version of the measure used in this paper, given that it does account for 

the quality of the road or the transportation mode taken. Their result for Sierra would then be the 

one that aligns with our findings. Also, for Peru, the World Bank (2017) finds that the same 

variable has a positive marginal effect on inefficiency for the majority of the categories in region 

and farms type except for the region Sierra. Our results corroborate their findings.  

Table 3. Average technical efficiency and estimated parameters for the inefficiency error term 

using two set of estimation – with (1) road density, and (2) travel time, Peru, 2017 

Variables 
Estimation 

(1) (2) 

Average TE 0.638 0.640 

Road Density 
-0.003*** 

(0.001) 
̶ 

Travel Time ̶ 
0.011*** 

(0.003) 

Pop. Density 
0.0001** 

(5e+05) 

0.0007 

(5e+05) 

Credit 
-0.525*** 

(0.061) 

-0.529*** 

(0.062) 

Extension 
-0.430*** 

(0.071) 

-0.445*** 

(0.075) 

Source: Own elaboration.  

Note: Standard error in brackets. Statistical significance: * p < 0.10. ** p < 0.05. *** p < 0.01.For Ecuador we also 

included dummy variables for farm size given that the survey did not provide information on producer and farm 

characteristics. We also include farm size dummies in the inefficiency error term for Bolivia and Colombia.  

Regionally, some departments stand out. Loreto, the largest Peruvian department, has one of 

the lowest technical efficiency rates (0.60), considering the estimation accounting for travel time. 

Farms in Madre de Dios have a similar average technical efficiency (0.61). Analysis of Figure 1 

indicate that these departments have lower road infrastructure, mainly composed by secondary and 
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tertiary roads of lower quality in these regions. On the other hand, farms in departments like 

Ancash and Lambayeque have average technical efficiency higher than 0.64. These farms are in 

the coastal region where they are better equipped with road infrastructure.  

We also found that access to extension and credit are associated with lower technical 

inefficiency for Peru. We observe that credit has a stronger effect on inefficiency, compared to 

extension. Our results corroborate what others report on the effect of access to extension and credit 

on technical efficiency (Helfand and Levine, 2004; Bravo-Ortega and Lederman, 2004; Rada and 

Valdes, 2012; Rada and Buccolla, 2012; Gasques et al., 2012; Freitas et al., 2019). Espinoza et al. 

(2018) also found that credit and extension decreases inefficiency for Peruvian small and medium 

farms (for the three regions studied). In Figure 4, we display the histogram for the technical 

efficiency for the model that includes road density as explaining the inefficiency.  

 

 
Figure 4. Histogram of technical efficiency, Peru, 2017 
Source: Own elaboration. 

We also estimated technical efficiency for the travel time model to compare technical efficiency 

averages under four different quantiles of travel time (description under Table 4). Technical 

efficiency (inefficiency) decreases (increases) as the farm is further away from towns with more 

than 50,000 people or 1,500 inhabitants per square km. We observe only a small change in 

technical efficiency of Peruvian farms as they are farther away from the larger towns. 

Table 4. Average technical efficiency by travel time (quantiles), Peru, 2017 

Intervals < 25% 25% > x < 50% 50% > x < 75% x > 75% 

Coefficients 0.647 0.643 0.637 0.633 

Source: Own elaboration.  

Note: The quantiles for travel time represent distance to the city – higher quantile implies further away from urban 

areas  
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Our findings displayed in Table 3 and Table 4 indicate that, overall, road network decreases 

technical inefficiency. In Table 3, we found evidence that supports this assertion, using two 

different measures: road density and travel time. Travel time is directly linked to road network; it 

measures both distance to the nearest large town and quality of the road. Improvements on road 

network (such as maintenance and constructions of new roads) would result in shorter travel time 

and lower inefficiency. In addition to the direct effect of road network on farm income (profit), 

through costs associated with output distribution and input demand, our results suggest that road 

network directly affects input use in farm production.  

Table 5 displays the relationship between Peruvian farms technical efficiency on and farm size. 

Technical efficiency increases with the increase in the size of the property in both estimates. 

However, this trend is reversed in the average sizes and in the group of larger properties (1000+ 

ha), which is not new. Farms between 500 – 1000 ha stand out in terms of greater efficiencies, as 

well as farms with 10 - 50 ha. Freitas et al. (2018) found similar behavior for rural properties in 

Brazil - larger farms were more inefficient than the average size farm given that they used land 

more intensively. 

Table 5. Average technical efficiency for farm size using two set of estimation – with (1) road 

density, and (2) travel time, Peru, 2017 

Farm size 
Estimation 

(1) (2) 

0 – 5 ha 0.634 (0.146) 0.636 (0.144) 

5 – 10 ha 0.642 (0.141) 0.643 (0.140) 

10 – 50 ha 0.643 (0.146) 0.645 (0.145) 

50 – 100 ha 0.638 (0.160) 0.641 (0.158) 

100 – 500 ha 0.628 (0.171) 0.632 (0.170) 

500 – 1000 ha 0.643 (0.161) 0.648 (0.158) 

1000+ ha 0.637 (0.167) 0.642 (0.165) 

Average TE 0.638 (0.148) 0.640 (0.147) 

Source: Own elaboration.  

Note: Standard errors in brackets 

5.1 Robustness check 

In the analysis above, we have only three inputs, capital, labor and land. We estimated Equation 

(3) incorporating a dummy variable equal 1 if the farmer irrigated part of the land and 0 otherwise. 

This approach does not change technical efficiency averages for Peru (0.64), or the sign of the 

determinants. We still find road density (travel time) decreasing (increasing) inefficiency; and 

energy use, extension, and credit decreasing efficiency. The irrigation semi-elasticity is 18.9 for 

Peru. This number is the average of the first derivative of the production function with respect to 

the dummy variable (which interacts with capital, labor and land) evaluated at all observations.  

Another alternative would be to use Battese’s (1997) approach and insert a dummy equal 1 

when land irrigated is equal zero and 0 otherwise in addition to the logarithm of land irrigated 
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(inputting 0 when land irrigated is 0). This approach leads to average irrigation elasticity for Peru 

(0.18); but it does not alter the average technical efficiency estimated or the sign of the inefficiency 

determinants. Technical efficiency averages in Peru (0.654) do not change much, and distribution 

is quite similar. We still find road density (travel time) decreasing (increasing) inefficiency; and 

energy use, extension, and credit decreasing efficiency.  

 

6 Conclusion  

In this paper we estimate the production technology for farms in Peru to evaluate whether road 

network affects farm technical efficiency. To do so, we estimate a stochastic frontier production 

function using information on more than 20,000 farms. There are several ways to examine road 

network. We take a stab at two of them. We look at the effect of road density and travel time to 

the nearest large town on technical inefficiency. While road density is a measure of quantity, travel 

time measures both quantity and quality. This variable takes into account access to roads, transport 

availability, and road quality, given that it considers not only highways but also waterways. We 

measure road density using several sources. and most of the time, our findings match with official 

information on roads. We measure travel time as the average of the smallest political 

administrative boundary (unit) of each country, using Weiss et al. (2018). Here, we present a first 

look at the impact of these two measures on technical efficiency.  

Our results suggest that road density and travel time affect farm efficiency. We find that road 

density decreases farm technical inefficiency, which corroborates the hypothesis that road network 

availability can help farmers better use inputs in their production. This hypothesis has been tested 

and confirmed for Brazil (Mendes, Teixeira and Salvato, 2009; Rada and Valdes, 2012; Rada and 

Buccola, 2012; Gasques et al., 2012); but by examining aggregate data. On the other hand, we find 

that farmers who take longer to reach large towns have higher technical inefficiency. Even though 

this result corroborates the effect of road density, it is even richer because it accounts for other 

transport modes and the quality of these modes. These results shed light on the relevance to farmers 

of road network and transportation. 
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Appendix 

 

Table A1 - Stochastic frontier estimation of Equation (2)  using two set of estimation – with (1) 

road density, and (2) travel time, Peru, 2017 

Variables 
Estimation 

(1) (2) 

lx1 0.429*** 0.419*** 

 (0.0215) (0.0215) 

lx2 0.559*** 0.522*** 

 (0.0139) (0.0142) 

lx11 -0.0170* -0.0165* 

 (0.00872) (0.00870) 

lx22 0.00229 0.00149 

 (0.00442) (0.00440) 

lx12 0.0642*** 0.0660*** 

 (0.00435) (0.00434) 

lx3 -0.0187* 0.110*** 

 (0.0109) (0.0168) 

lx33 0.120*** 0.100*** 

 (0.00224) (0.00296) 

lx13 -0.0515*** -0.0511*** 

 (0.00393) (0.00393) 

lx23 -0.0589*** -0.0541*** 

 (0.00226) (0.00230) 

Constant 4.812*** 4.408*** 

 (0.0724) (0.0815) 

Farm Size FE Yes Yes 

Municipality FE Yes Yes 

Observations 26,939 

Source: Own elaboration. 

Note: Standard error in parentheses. Statistical significance: * p < 0.10. ** p < 0.05. *** p < 0.01. FE – Fixed 

Effects. Determinants of inefficiency are omitted (results in Table 2). Variables: 𝑥1 – labor, 𝑥2 – land, 𝑥3 – Capital. 


