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Blinded Manuscript 1 

 2 

Assessing production efficiency by farm size in Rwanda: a zero-inefficiency stochastic 3 

frontier approach 4 

 5 

Abstract 6 

This study investigates the relationship between farm size and technical efficiency for maize 7 

production in Rwanda. Since levels of technical efficiency tend to vary considerably across farms 8 

in sub-Saharan Africa, with a mixture of both inefficient and fully efficient farms, the use of the 9 

conventional stochastic frontier method is not appropriate. In this paper, we apply a zero-10 

inefficiency stochastic frontier method that manages both efficiency and inefficiency in the 11 

studied sample. The average technical efficiency of maize farms for the full sample is estimated 12 

at 0.64, demonstrating that maize output can be improved by approximately 36% without 13 

increasing the proportion of farm inputs used. Regarding the relationship between farm size and 14 

technical efficiency, the study results show a positive relationship between farm size and 15 

technical efficiency for maize production in Rwanda. Thus, the enforcement of land reforms such 16 

as land consolidation and enhanced aggregate productivity growth are needed. The results also 17 

indicate that education, cooperative membership, extension services, access to credit, off-farm 18 

income, land tenure, and livestock ownership have significant and positive effects on technical 19 

efficiency. 20 

Keywords: technical efficiency; farm size; stochastic production frontier; zero-inefficiency; 21 

Rwanda 22 

 23 

1. Introduction 24 
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Increased agricultural productivity has been identified as a major solution that can lead to 1 

improved food security, poverty reduction, and economic growth in Sub-Saharan Africa (SSA) 2 

(Julien et al. 2019). In recent decades, agrarian policies adopted in most SSA countries have 3 

supported the promotion of agricultural technologies and the efficient use of scarce land 4 

resources to achieve sustainable farm yields (Ali and Deininger 2015). Agricultural production 5 

across SSA countries is largely dominated by small-scale farming (Julien et al. 2019). In 6 

particular, Rwanda, the most densely populated country in Africa, has an average landholding 7 

level of only approximately 0.72 hectares per household (Ali and Deininger 2015). Moreover, 8 

smallholder farming in Rwanda is usually not capital intensive, i.e., most smallholder farm 9 

operators do not use farm machinery in their agricultural activities and are characterized by low 10 

crop productivity (Ali et al. 2015). 11 

Recently, issues related to small-scale farm sizes, land fragmentation, and low crop 12 

productivity in Rwanda have been a priority to policymakers, research institutions, and 13 

nongovernment organizations (Ali and Deininger 2015). Khataza et al. (2019) indicated that the 14 

efficient management of scarce land resources devoted to farming activities constitutes an 15 

essential instrument towards the improvement of agricultural productivity and food security. In 16 

an attempt to achieve food security, the Rwandan government has adopted a land consolidation 17 

program to reallocate fragmented small-scale farm plots to form large-scale parcels for more 18 

rational landholding (Ansoms et al. 2008). These institutional changes are expected to increase 19 

economies of scale (Ali and Deininger 2015). 20 

An enduring debate in the agricultural economics and rural development literature 21 

concerns the relationship between farm size and agricultural productivity. This relationship has 22 

significant implications for agricultural and land policies (Khataza et al. 2019; Rada and Fuglie 23 

2019; Zhong et al. 2019). However, empirical evidence from previous studies suggests that it 24 
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remains unclear whether small-scale farms are more productive than large-scale farms (Barrett et 1 

al. 2010; Gautam and Ahmed 2019; Julien et al. 2019; Khataza et al. 2019; Kimhi 2006; Rada 2 

and Fuglie 2019). Numerous studies have confirmed inverse relationships between farm size and 3 

various agricultural productivity measures, such as technical efficiency (TE) and total factor 4 

productivity (TFP). In the context of agricultural production in SSA, such inverse relationships 5 

have recently attracted considerable attention from policymakers and researchers, mainly due to 6 

their controversial implications for land reforms and agricultural policies (Desiere and Jolliffe 7 

2018). In this regard, the existence of an inverse relationship between farm size and productivity 8 

implies that land redistribution should be considered an appropriate land reform that can improve 9 

the managerial performance (i.e., TE) of farmers and hence agricultural productivity (Julien et al. 10 

2019). On the other hand, empirical studies have found a positive relationship between farm size 11 

and productivity (Kimhi 2006; Muyanga and Jayne 2019; Xin et al. 2016), suggesting that land 12 

consolidation can be considered an appropriate policy means to improve productivity (Desiere 13 

and Jolliffe 2018). 14 

In the literature, variations in empirical findings on the relationship between farm size and 15 

productivity are mainly attributed to the use of different analytical approaches (Barrett et al. 16 

2010; Gautam and Ahmed 2019; Julien et al. 2019; Khataza et al. 2019; Muyanga and Jayne 17 

2019; Zhong et al. 2019). Some empirical studies have applied the ordinary least squares (OLS) 18 

model. In contrast, other studies have used frontier-based approaches such as the stochastic 19 

frontier (SF) model to examine the relationship between farm size and productivity. Typically, 20 

these conventional approaches assume that all farms in a sample are inefficient, implying that the 21 

probability of observing fully efficient farms is zero (Abdulai and Abdulai 2016). Nevertheless, 22 

evidence from the literature indicates the presence of both inefficiency and full efficiency among 23 

farmers in SSA (Abdulai and Abdulai 2016; Theriault and Serra 2014). Thus, the use of the 24 
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conventional SF model without accounting for both inefficiency and full efficiency may result in 1 

biased estimates, which may also lead to inappropriate policy making (Abdulai and Abdulai 2 

2016). Kumbhakar et al. (2013) introduced a zero inefficiency stochastic frontier (ZISF) model to 3 

manage this assumption of inefficient behavior. 4 

This study uses the ZISF model to investigate the relationship between farm size and TE 5 

for maize production in Rwanda. In Rwanda’s context, only three studies have attempted to 6 

investigate the relationship between farm size and productivity (Ali and Deininger 2015; Ansoms 7 

et al. 2008; Byiringiro and Reardon 1996). However, none of those studies apply frontier-based 8 

approaches that are known to manage productive inefficiency. Our study contributes to the 9 

existing literature by demonstrating the application of the ZISF model to examine the farm size-10 

productivity relationship. 11 

The remainder of this paper is structured as follows. Section 2 presents the background on 12 

land problems in Rwanda. Section 3 presents the methods used with a detailed discussion of the 13 

conventional SF and ZISF models. Section 4 provides a description of the data and summary 14 

statistics. Section 5 presents the empirical results and a discussion. The final section concludes 15 

with a summary of the study’s findings and policy implications. 16 

 17 

2. Background on land and productivity in Rwanda 18 

Land remains a valuable asset that determines to an exceptional level the social status and the 19 

economic well-being of households in Rwanda and most parts of sub-Saharan Africa (Holden 20 

and Otsuka 2014; Muchomba 2017; Pritchard 2013). Land tenure reforms have been given 21 

considerable attention in the Poverty Reduction Strategy Papers of several African countries 22 

(Place 2009). In particular, the secured land property rights are among the top priorities of the 23 
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development agenda of the Rwandan government because, conceptually, improving it may foster 1 

agricultural investment and production growth (Bambio and Bouayad Agha 2018).  2 

         3 

2.1. Land related issues in Rwanda 4 

Land fragmentation and land scarcity are becoming significant threats to the improvement of 5 

agricultural production and food security in Rwanda (Ntihinyurwa et al. 2019). In particular, 6 

Rwanda is the most densely populated country in Africa, and a large number of the population 7 

(about 83%) live in rural areas (Pritchard, 2013).1 Rwanda’s population pressure has also resulted 8 

in smaller plots and fragmented landholdings (Bizoza 2014). Place (2009) argues that land 9 

fragmentation constitutes a significant obstacle to agricultural development because it hinders 10 

agricultural mechanization tools such as tractors and harvesters. Land fragmentation can also 11 

discourage the adoption of irrigation technologies and other long-term investments on land that 12 

are only profitable on a larger scale (Tran and Vu 2019). Given that plot size has been 13 

diminishing over the years, land distribution in Rwanda is also highly unequal with a large 14 

portion of land being owned by a minority of wealthier elite including politicians, business 15 

people, and civil servants from urban areas (Musahara and Huggins 2005; Pritchard 2013). 16 

Inequality in land distribution is a major policy issue for the government of Rwanda, as it may 17 

influence land-related conflicts and poverty (Musahara 2006).   18 

Bizoza (2014) also noted that population pressure had induced shifts in land use, resulting 19 

in the cultivation of fragile marginal land on steep slopes and deforestation. In general, the 20 

Ministry of Agriculture and Animal Resources (MINAGRI) acknowledges that considerable land 21 

                                                             
1 According to the fourth Integrated Household Living Conditions Survey, Rwanda has a 

population density of about 462 people per square kilometer. 
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degradation due to soil erosion has significantly reduced agricultural production (Minagri 2018). 1 

Recently, soil conservation efforts have focused on the building of terraces, hedges, and 2 

agroforestry (Pritchard 2013). 3 

2.2. The relevance of farm size-productivity relationship in the context of Rwanda  4 

Rwandan economy relies heavily on the agriculture sector, with about 75% of the 5 

economically active population employed in agriculture (World 2018). The subsistence-based 6 

agriculture sector of Rwanda is dominated by small-scale farms (Ali and Deininger 2015). 7 

Moreover, the high population growth exerts severe pressure on arable land, which is a constraint 8 

to agricultural productivity (Julien et al. 2019). Consequently, the current strategic plan for 9 

agricultural transformation has a target of addressing the issue of low crop productivity through 10 

crop intensification and land consolidation programs (Ansoms et al. 2008).  11 

Regarding the above context of Rwanda’s agriculture, empirical studies investigating the 12 

relationship between farm size and productivity are relevant. The conclusions about the category 13 

of land size (i.e., whether small-scale or large-scale) that is more efficient and productive, would 14 

provide useful insights to land reforms and agricultural policies directed towards the increase of 15 

agricultural productivity and food security. For instance, efforts to promote land consolidation 16 

should be prioritized if large farms are found to be more efficient than their smaller counterparts 17 

(Khataza et al. 2019). 18 

 19 

3. Methodology 20 
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According to Farrell (1957) classical proposition, TE is one of two components of total economic 1 

performance and allocative efficiency (Coelli et al. 1998).2 Typically, in the literature, two 2 

empirical approaches have been broadly used to estimate TE. The first is DEA, which is a 3 

nonparametric approach involving the use of linear programming techniques (Khataza et al. 4 

2019; Liu et al. 2017). Although efficiency estimation using DEA does not impose a functional 5 

form on the data, this approach fails to effectively address statistical noise that is likely to affect 6 

the accuracy of estimates (Khataza et al. 2019; Liu et al. 2017). Alternatively, parametric models 7 

such as the SF model are also widely used to estimate TE. Coelli et al. (1998) suggest that the SF 8 

approach, which involves econometric methods, is the most appropriate approach to TE analysis 9 

in agricultural production studies, as the SF model can address statistical noise (outliers). 10 

Furthermore, the SF model allows for statistical tests of hypotheses regarding parameter 11 

estimates and for the measurement of TE across farms of different sizes (Julien et al. 2019). 12 

Consequently, we adopt the SF model in the present study. 13 

 14 

3.1. Stochastic production frontier model 15 

The general form of the conventional SF model is as follows: 16 𝑌𝑖 = 𝑓(𝑋𝑖; 𝛽) ∙ 𝑒𝑥𝑝(𝜀𝑖), 𝑖 = 1, 2, … … , 𝑁. (1) 

where 𝑌𝑖 represents the output of farm 𝑖, and 𝑓(∙) is the production function (e.g., Cobb–Douglas 17 

or translog). 𝑋𝑖 denotes a vector of inputs, and 𝛽 is a vector of unknown parameters to be 18 

estimated. Note that composite error term 𝜀𝑖 is made up of two components: 19 𝜀𝑖 = 𝑣𝑖 − 𝑢𝑖,  (2) 

                                                             
2 The TE of a farm reflects its ability to achieve the maximum output possible from a given set of 

inputs. 
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where 𝑣𝑖 is a random error term representing statistical noise due to unobserved factors beyond 1 

the producer’s control (e.g., weather fluctuation) and measurement errors. As noted by Coelli et 2 

al. (1998), the random error component is assumed to be normally distributed with a mean of 0 3 

and constant variance of 𝜎𝑣2, i.e., [𝑣𝑖 ~ 𝑁(0, 𝜎𝑣2)]. The second component is nonnegative 4 

inefficiency error term 𝑢𝑖, which is assumed to follow a positive truncated normal distribution 5 

(i.e., 𝑢𝑖 ≥ 0) with a mean of 𝜇 and variance of 𝜎𝑢2, i.e., 𝑢𝑖 ~ 𝑁+(0, 𝜎𝑢2). 6 

The specification of technical inefficiency (𝑢𝑖) can then be written as: 7 𝑢𝑖 = 𝑧𝑖𝛿 + 𝜔𝑖,  (3) 

where 𝑧𝑖 denotes a set of farm- and household-specific covariates, and 𝛿 is a vector of parameters 8 

to be estimated. 9 

 10 

3.2. Zero inefficiency stochastic frontier model 11 

Following Kumbhakar et al. (2013), the ZISF production model is specified as follows: 12 𝑍𝐼𝑆𝐹 → 𝑦𝑖 = 𝑥𝑖′𝛽 + 𝑣𝑖 with probability 𝑝, and 𝑦𝑖 = 𝑥𝑖′𝛽 + (𝑣𝑖 − 𝑢𝑖) with probability (1 − 𝑝)  
(4) 

where 𝑦𝑖 represents the output of farm 𝑖, 𝑥𝑖 is a vector of inputs, 𝛽 is a vector of unknown 13 

parameters to be estimated, 𝑝 is the probability of a farm being fully efficient, and (1 − 𝑝) is the 14 

probability of a farm being inefficient. The composed error term in the ZISF model is given by 15 𝑣𝑖 − 𝑢𝑖[1 − 1(𝑢𝑖 = 0)] where 𝑝 = 1(𝑢𝑖 = 0). 16 

The density function of the convoluted error term of the ZISF model is defined as: 17 𝑓(𝜀|𝑥) = ( 𝑝𝜎𝑣) 𝑔 ( 𝜀𝜎𝑣) + (1 − 𝑝) [2𝜎 𝑔 (𝜀𝜎) 𝐺 (−𝜀 𝜆𝜎)]  (5) 

where 𝑔 and 𝐺 are the normal probability density and normal cumulative distribution functions, 18 

respectively, 𝜎2 = 𝜎𝑢2 + 𝜎𝑣2, and 𝜆 = 𝜎𝑢 𝜎𝑣⁄ . 19 
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For the estimation of the inefficiency function in the ZISF model, we adopt the approach 1 

developed by Jondrow et al. (1982), which postulates that the conditional density function of 2 

inefficiency 𝑢 given 𝜀 is zero with probability 𝑝 and truncated normal 𝑁+(𝜇∗, 𝜎∗2) with 3 

probability 1 − 𝑝. This function is expressed as: 4 𝑓(𝑢|𝜀) = 𝑔[(𝑢−𝑢∗) 𝜎∗⁄ ]𝜎∗𝐺(−𝜀𝜆 𝜎⁄ )   (6) 

where 𝜇∗ = − 𝜀𝜎𝑢2 𝜎2⁄  and 𝜎∗2 = 𝜎𝑢2𝜎𝑣2 𝜎2⁄ . From the specification in Equation (6), the 5 

conditional mean estimator for inefficiency in the ZISF model is given by: 6 𝐸(𝑢|𝜀) = (1 − 𝑝) 𝜎𝜆1+𝜆2 [𝑔(−𝜆𝜀 𝜎⁄ )𝐺(−𝜆𝜀 𝜎⁄ ) − 𝜆𝜀𝜎 ]  (7) 

Here, the measurement procedure entails the replacement of unknown parameters with their 7 

maximum likelihood (ML) estimates, and error term 𝜀 should be replaced by its residuals 𝜀�̂� . In 8 

addition, inefficiency in the ZISF model can be estimated by constructing the posterior estimates 9 

of inefficiency, which are expressed as: 10 �̌�𝑖 = (1 − �̌�𝑖)�̌�𝑖  (8) 

where �̌�𝑖 denotes the posterior estimate of the probability of full efficiency, which is written as: 11 

�̌�𝑖 = (�̂�𝑖 �̂�𝑣⁄ )𝑔(𝜀�̂� �̂�𝑣⁄ )(�̂�𝑖 �̂�𝑣⁄ )𝑔(𝜀�̂� �̂�𝑣⁄ ) + (1 − �̂�𝑖)(2 �̂�⁄ )𝑔(𝜀�̂� �̂�⁄ )𝐺(−𝜀�̂� �̂�0⁄ ) (9) 

These posterior estimates of inefficiency are influenced by farm and household characteristics. 12 

To test for zero inefficiency, we use the pseudolikelihood ratio (PLR) test. The PLR test 13 

is represented as 𝑃𝐿𝑅 = −2(𝐿𝑁 − 𝐿𝑍𝐼) where 𝐿𝑁 denotes the log-likelihood of the normal linear 14 

model estimated using OLS and 𝐿𝑍𝐼 denotes the log-likelihood of the ZISF model. As noted by 15 

Kumbhakar et al. (2013), the PLR test has an asymptotic distribution that constitutes a 50:50 16 

mixture of inefficient 𝜒02 and fully efficient 𝜒12 distributions. In testing for zero inefficiency, the 17 

rejection of the null hypothesis of full efficiency (i.e., 𝐻0: 𝑝 = 1) indicates the presence 18 
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efficiency in the ZISF model and of inefficiency in the conventional SF model (Abdulai and 1 

Abdulai 2016). 2 

 3 

3.3. Empirical specification 4 

The empirical specification of SF models typically uses Cobb-Douglas or translog 5 

functional forms. The Cobb-Douglas functional form is the most commonly used in the literature 6 

due to its simplicity and consistency with key properties of production economic theory (Julien et 7 

al. 2019). However, the Cobb-Douglas form requires that the partial elasticities of production and 8 

returns to scale have the same value across all data points (Julien et al. 2019; Khataza et al. 9 

2019). In contrast, the translog does not impose restrictions on partial elasticities of production or 10 

returns to scale. Nevertheless, it fails to maintain consistency with the key properties of 11 

production economic theory such as monotonicity and quasi-concavity (Julien et al. 2019). Thus, 12 

to ensure flexibility in the estimated parameters and consistency with production economic 13 

theory, we adopt the Cobb-Douglas functional form, which is specified as follows: 14 ln𝑌𝑖 = 𝛽0 + ∑ 𝛽𝑗 ln𝑋𝑖𝑗 +4𝑗=1 (𝑣𝑖 − 𝑢𝑖), (10) 𝑢𝑖 = ∑ 𝛿𝑑𝑍𝑖𝑑 + 𝑒𝑖11𝑑=1   (11) 

where 𝑌𝑖 is the production output of maize, 𝑋𝑖𝑗 is the 𝑗𝑡ℎ  input of the 𝑖𝑡ℎ farmer, and 𝛽𝑗 and 𝛿𝑑 15 

are the unknown parameters to be estimated. We include four inputs, namely, land, labor, 16 

fertilizer, and seeds. 17 

Additionally, we include eleven determinants of technical inefficiency (𝑍) based on 18 

relevant literature and data availability. These variables include age, gender, household size, 19 

education, cooperative membership, access to credit, extension services, slope, land tenure, off-20 

farm work, and livestock ownership. 21 

 22 
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4. Data and summary statistics 1 

4.1. Data and variable definition 2 

The data used in this study are cross-sectional data collected through a household survey 3 

conducted in the Eastern Province of Rwanda from July to August 2019. A representative sample 4 

of this study consists of 351 household farmers randomly selected from three districts, namely, 5 

the Bugesera, Kirehe, and Nyagatare districts of the Eastern Province of Rwanda. This sample 6 

was drawn using a multistage sampling technique. First, in consultation with the Ministry of 7 

Agriculture and Animal Resources (MINAGRI), three districts were purposively selected based 8 

on their intensive maize production levels. In the second stage, four administrative sectors were 9 

randomly selected from each district due a predominance of maize farmers. In the third stage, a 10 

random sample of respondents was selected from each sector for personal interviews. Based on 11 

the list of farmers obtained from each extension officer at the sector level, a total of 1197 12 

individual farm household units were counted and recorded in all 12 sectors. Due to limited 13 

resources and time, 34 respondents were randomly selected from each sector, resulting in a total 14 

sample of 408 household farmers. However, after cleaning the collected data, we ended up with a 15 

total sample of 351 household farmers. 16 

Respondents were interviewed using a structured questionnaire by trained and 17 

experienced research assistants. The survey collected detailed information on maize production 18 

outputs and on inputs used in the production process during the 2018–2019 crop season. 19 

Information on the socioeconomic characteristics of the households and on institutional and farm-20 

specific characteristics was also collected. 21 

 22 

Table 1. Description of variables used in the analysis 23 
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Variable Definition 

Yield Total maize production in kilograms per hectare (kg per ha) 

Land Total land area planted with maize crops (ha) 

Labor Labor input including both hired and family labor (person-days per ha) 

Fertilizer Quantity of fertilizer used (kg per ha) 

Seed Quantity of seeds used (kg per ha) 

Age Age of household head (years) 

Gender Dummy variable equal to 1 if the household head is male and 0 otherwise 

Education Years of formal education 

Household size Total household size (number of persons) 

Coop. membership Dummy variable for cooperative membership equal to 1 if a farmer is a 

member of the cooperative and 0 otherwise 

Extension The frequency of extension visits (number per year) 

Land tenure Dummy variable for land tenure equal to 1 if the farmer owns the land 

and equal to 0 when land is rented 

Credit access Dummy variable equal to 1 if a farmer has access to credit and 0 

otherwise 

Off-farm income Dummy variable for off-farm income equal to 1 if a farmer has other 

sources of off-farm income and 0 otherwise 

Slope Dummy variable for slope equal to 1 if land is characterized by steep 

slopes and 0 otherwise 

Livestock Amount of livestock owned in tropical livestock units (TLUs) 

Note: TLUs across various categories of livestock are computed as follows: 0.7 for cows; 0.45 1 

for heifers; 0.1 for goats; 0.1 for sheep; 0.01 for chicken; and 0.2 for pigs (Zeweld et al. 2015). 2 

 3 

In general, agricultural production in Rwanda is not capital intensive because most of the 4 

farmers do not use agricultural machinery (e.g., tractors) in their farming activities. Indeed, the 5 

variable inputs included in our analytical model are land, labor, fertilizer, and seeds (see Table 1). 6 

The land input is measured as the total farm size in hectares (ha) planted with maize during the 7 
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2018–2019 crop season. Labor input (i.e., hired and family labor) used to perform all farm 1 

operations during the 2018–2019 crop season is measured in person-days per ha. Typically, in the 2 

majority of Sub-Saharan African countries, the labor force consists of men, women, and children. 3 

Hence, following Khataza et al. (2017), labor is defined in terms of adult equivalent units using 4 

the following conversion factors: one adult male (at least 15 years of age, working on a full day-5 

basis) represents one person-day. An adult female working on a full day-basis represents 0.8 6 

person-days, and one child (5–14 years) working for a full day represents 0.5 person-days (Julien 7 

et al. 2019; Khataza et al. 2017). Fertilizer input is measured as the total quantity of di-8 

ammonium phosphate and urea in kilograms per ha applied on the farm during the 2018–2019 9 

crop season. Seed input is expressed as the quantity in kilograms per ha of maize seeds used in 10 

farm production during the 2018–2019 cropping season. 11 

Furthermore, the explanatory variables used in the analysis as the determinants of 12 

technical inefficiency are presented in Table 1. Household demographic variables such as age, 13 

education, household size, and gender may influence the TE. For instance, higher levels of 14 

education are expected to improve farmers’ managerial performance which can also enhance 15 

TE’s level (Julien et al. 2019). A dummy variable for cooperative membership is included to 16 

assess the effect of cooperatives on TE. Based on the empirical evidence from previous studies 17 

(Abdul-Rahaman and Abdulai 2018; Helfand and Levine 2004; Mar et al. 2018; Mwalupaso et al. 18 

2019), we expect the participation in farmers’ cooperatives to have a positive effect on TE. Other 19 

institutional factors, such as extension services and access to credit, are considered to be an 20 

important determinant of farm TE. They are both expected to be positively correlated with TE. 21 

The variable slope is expressed as a dummy variable equal to one if the farm is located on a steep 22 

slope and zero otherwise. Typically, the slope variable is expected to be negatively correlated 23 

with the TE due to the evidence that steep slopes tend to face problems related to irrigation 24 
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development, mechanization, and soil erosion (Julien et al. 2019). The remaining explanatory 1 

variables are land tenure, off-farm income, and livestock ownership. 2 

 3 

4.2. Summary statistics 4 

Table 2 presents the mean values and standard deviations of all variables used in the present 5 

study for the full sample and across each of the three considered farm size categories. Following 6 

Byiringiro and Reardon (1996) suggestions, the three categories of farm size in Rwanda are 7 

defined as (1) small-scale farms with land area of less than 1 ha; (2) medium-scale farms with 8 

land area of 1–2.5 ha; and (3) large-scale farms with land area of over 2.5 ha. The summary 9 

statistics reported in Table 2 show considerable differences between the three farm size 10 

categories. Indeed, the average yield is highest (2285 kg/ha) for large-scale farms while small-11 

scale farms have the lowest average yield (1766 kg/ha). In terms of production inputs used per 12 

hectare, the average amount of fertilizers used on large-scale farms is higher than that used on 13 

medium- and small-scale farms by approximately 9.3% and 22.5%, respectively. Similarly, on 14 

average, large-scale farms use more maize seeds per hectare than medium- and small-scale farms. 15 

Regarding the average use of human labor, large-scale farms use labor more intensively than 16 

medium- and small-scale farms. 17 

In our sample, the socioeconomic characteristics of households vary significantly across 18 

farm size categories. The summary statistics reported in Table 2 indicate that educational 19 

attainment is generally low (i.e., below six years of primary education). By comparison, large-20 

scale farmers have completed more education than medium- and small-scale farmers. The 21 

majority of households (69%) in the study area have male heads, and their average age is 22 

approximately 47 years. On average, farmers with large-scale farms secure greater access to 23 

extension services and credit than their counterparts with medium- and small-scale farms (see 24 



Page 16 of 29 

 

Table 2). Moreover, membership in agricultural cooperatives is higher among large-scale farmers 1 

(62%) than for medium- (53%) and small-scale farmers (36%). In addition to the above variables, 2 

other variables such as livestock ownership, land tenure, slope, and off-farm income exhibit clear 3 

differences between the three farm size categories. Differences in socioeconomic and farm 4 

characteristics can be significant sources of dissimilarity in farm managerial performance (i.e., 5 

TE) across farm size categories (Julien et al. 2019; Muyanga and Jayne 2019). 6 

 7 

Table 2. Summary statistics of all variables by farm size category 8 

Variables Small-scale 

farms (˂1 ha; 
n = 109) 

Medium-scale 

farms (1–2.5 ha; 

n = 174) 

Large-scale 

farms (>2.5 ha; 

n = 68) 

Full sample 

 (n = 351) 

Mean 

(Std. dev.) 

Mean 

(Std. dev.) 

Mean 

(Std. dev.) 

Mean 

(Std. dev.) 

Yield 1766.64 

(236.38) 

2013.27 

(237.52) 

2285.10 

(215.10) 

1990.69 

(293.56) 

Land 0.75 

(0.18) 

1.71 

(0.41) 

3.12 

(0.50) 

1.69 

(0.90) 

Labor 22.68 

(5.95) 

23.16 

(3.83) 

24.34 

(4.03) 

23.24 

(4.63) 

Fertilizer 108.95 

(35.03) 

127.48 

(29.01) 

140.59 

(34.29) 

124.38 

(33.82) 

Seed 30.60 

(7.73) 

31.26 

(6.96) 

33.76 

(7.66) 

31.54 

(7.27) 

Age 44.11 

(11.49) 

46.70 

(9.90) 

51.88 

(9.27) 

46.91 

(10.61) 

Gender 0.57 

(0.49) 

0.71 

(0.45) 

0.82 

(0.38) 

0.69 

(0.46) 

Education 4.55 

(2.17) 

5.74 

(2.01) 

7.98 

(2.87) 

5.81 

(2.53) 

Household size 6.03 

(1.70) 

6.76 

(1.48) 

7.47 

(1.55) 

6.68 

(1.64) 

Coop. 

membership 

0.36 

(0.48) 

0.53 

(0.49) 

0.62 

(0.48) 

0.50 

(0.50) 

Extension 26.05 31.42 36.81 30.83 
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(6.71) (7.28) (6.40) (7.88) 

Land tenure 0.45 

(0.50) 

0.50 

(0.50) 

0.60 

(0.49) 

0.51 

(0.50) 

Credit access 0.45 

(0.50) 

0.49 

(0.50) 

0.55 

(0.50) 

0.49 

(0.50) 

Off-farm income 0.31 

(0.46) 

0.40 

(0.49) 

0.42 

(0.49) 

0.37 

(0.48) 

Slope 0.68 

(0.46) 

0.46 

(0.50) 

0.30 

(0.46) 

0.50 

(0.50) 

Livestock 0.60 

(0.63) 

1.37 

(0.92) 

2.56 

(1.20) 

1.37 

(1.13) 

Note: standard deviations are given in parentheses. 1 

 2 

5. Results and Discussion 3 

Table 3 presents parameter estimates of the production frontier and inefficiency effect functions 4 

of the conventional SF and ZISF models. Table 3 also reports the results of the model 5 

diagnostics. The PLR test result is statistically significant at the 1% level, implying the presence 6 

of both inefficient and fully efficient farms in our sample. Additionally, the probability of being 7 

fully efficient is 12.1% and statistically significant at the 1% level. Results of maximum 8 

likelihood estimates of the coefficients for the stochastic production function indicate that the 9 

parameters for all input variables are statistically significant, and the signs of all input 10 

coefficients are positive, as expected, for both the conventional SF and ZISF models (see Table 11 

3). 12 

 13 

Table 3. Maximum likelihood estimates of the conventional SF and ZISF models. 14 

Variable 
Param

eter 

Conventional SF model ZISF model 

Coefficient Std. error Coefficient Std. error 

Production frontier function  

Constant 𝛽0 5.579** 0.091 5.682** 1.124 
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 lnLand  𝛽1 0.175** 0.021 0.178*** 0.019 lnLabor  𝛽2 0.159** 0.046 0.164* 0.048 lnFertilizer  𝛽3 0.306*** 0.143 0.311*** 0.137 lnSeed  𝛽4 0.235*** 0.115 0.228** 0.126 

Inefficiency effect function  

Constant 𝛿0 -2.437*** 0.085 -2.513*** 0.114 

Age 𝛿1 0.003 0.012 0.002 0.011 

Gender 𝛿2 -0.731** 0.222 0.662 0.346 

Education 𝛿3 -0.234*** 0.065 -0.301*** 0.073 

Household size 𝛿4 -0.040 0.056 0.053 0.019 

Coop. membership 𝛿5 -0.148** 0.324 -0.170*** 0.306 

Extension services 𝛿6 -0.031** 0.027 -0.035*** 0.021 

Access to credit 𝛿7 -0.276* 0.021 -0.264* 0.033 

Off-farm income 𝛿8 -0.134 0.115 -0.149* 0.099 

Land tenure 𝛿9 -0.288** 0.106 -0.313** 0.087 

Slope 𝛿10 0.592 0.073 0.706 0.085 

Livestock ownership 𝛿11 -0.710*** 0.089 -0.652*** 0.078 

Model diagnostics  

Probability 𝑝  –  0.121*** 0.064 

Sigma-u 𝜎𝑢  0.124***  0.119*** 0.008 

Sigma-v 𝜎𝑣  0.087***  0.083*** 0.012 

Variance 𝜎2  0.023*** 0.004 0.021***  

Lambda 𝜆  1.425***  1.434**  

Gamma 𝛾  0.670 0.028 0.673  

PLR test  ‒  12.612***  

Log-likelihood  -114.523  -122.306  

Total number of observation 351  351  

Notes: ***, **, * indicate levels of significance at 1%, 5%, and 10%, respectively. A negative 1 

coefficient sign for variables of the technical inefficiency effect function implies that the variable 2 

has a positive effect on TE and vice versa. 3 
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 1 

5.1. Partial production elasticities and returns to scale 2 

In our empirical analysis, we estimate partial production elasticities to assess the responsiveness 3 

of maize yields to varying levels of each of the classical inputs, ceteris paribus. The estimated 4 

coefficients of the Cobb-Douglas production function are directly read as partial production 5 

elasticities for the inputs (Coelli et al. 1998). The results listed in Table 3 indicate that maize 6 

yields are more responsive to fertilizer inputs than to other production inputs (i.e., seeds, land, 7 

and labor). In the ZISF model, the partial production elasticity value of 0.311 calculated for 8 

fertilizer input implies that a 1% increase in fertilizer use per hectare would increase maize yields 9 

by approximately 0.31%, ceteris paribus. The strong influence of fertilizer input observed is not 10 

surprising due to the benefits of using fertilizer to enhance crop yields (Hurley et al. 2018) and 11 

corroborates the findings of Anang et al. (2017), Zhuo and Shunfeng (2008), and Makombe et al. 12 

(2017). Furthermore, the corresponding estimates of partial production elasticities for seeds, land, 13 

and labor are 0.228, 0.178, and 0.164, respectively. 14 

The study considers the estimation of returns to scale (also referred to as the elasticity of 15 

scale), which evaluates the proportional change in output that results from a unit proportional 16 

change in all inputs combined (Coelli et al. 1998). The elasticity of scale, which is computed by 17 

summing the partial production elasticities, is equal to 0.881. This result suggests that maize 18 

farms operate under decreasing returns to scale, implying that a 1% increase in all inputs can 19 

result in a less than 1% increase in output. 20 

 21 

5.2. Determinants of technical efficiency 22 

Table 3 provides the coefficient estimates of factors affecting technical inefficiency. We analyzed 23 

socioeconomic, institutional, and farm-specific variables. The results of the ZISF model indicate 24 
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that seven variables, including education, cooperative membership, extension services, access to 1 

credit, off-farm income, land tenure, and livestock ownership, are statistically significant. The 2 

negative sign of the coefficient of variables for the technical inefficiency effect function suggests 3 

that the variable has a positive effect on TE, and the reverse is correct for the positive sign of the 4 

coefficient. 5 

Education appears to be positively associated with TE, as expected. Gebremedhin et al. 6 

(2009) also found that education has a significantly positive effect in improving the TE of 7 

smallholder farmers in Ethiopia. As a plausible explanation for this finding, better educated 8 

farmers are likely to have better access to necessary information on the state of agricultural 9 

technologies and on the optimal use of farming practices than their counterparts (Liu et al. 2017). 10 

Access to agricultural extension services also appears to have a significantly positive influence on 11 

TE. This finding is consistent with the work of Binam et al. (2004) and Ngango and Kim (2019). 12 

Indeed, the delivery of agricultural extension services is expected to encourage farm operators to 13 

learn and adopt better farming practices (Theriault and Serra 2014). The coefficient of access to 14 

credit is negative and statistically significant at the 1% level, implying that access to credit 15 

enhances the level of TE. Binam et al. (2004) also noted that smallholder farmers in the slash and 16 

burn agriculture zone of Cameroon with access to credit are more technically efficient than their 17 

counterparts without access to credit. Moreover, the negative and statistically significant 18 

coefficient of the land tenure variable suggests that land ownership is positively associated with 19 

TE. Livestock ownership is found to have a statistically significant and positive effect on TE. As 20 

expected, cooperative membership is also positively associated with TE. The negative and 21 

statistically significant coefficient of off-farm income suggests that farmers with off-farm income 22 

tend to exhibit higher levels of TE. 23 

 24 
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5.3. Technical efficiency estimates 1 

The summary statistics of TE estimates for the full sample and for the three farm size groups are 2 

reported in Table 4. The average TE score for all households in the sample is estimated at 0.64. 3 

As we have estimated the output-oriented TE, the mean TE score of 0.64 implies that the maize 4 

output can be improved by approximately 36% without increasing the proportion of farm inputs 5 

used. This finding is comparable to those of previous studies that have attempted to analyze the 6 

TE of the agricultural production sector in Africa. For instance, Julien et al. (2019) applied the 7 

random parameter stochastic production frontier model to assess farm performance in Uganda 8 

and found a mean TE level of 0.64. Khataza et al. (2019) also report a mean TE of 0.60 for a 9 

sample of maize producers in Malawi. 10 

Results for the relationship between farm size and TE are also presented in Table 4. The 11 

results indicate that on average, large-scale farms appear to be more technically efficient than 12 

both medium- and small-scale farms. Indeed, the average TE score for large-scale farms is 79.7% 13 

while the average TE scores for medium- and small-scale farms are 65.1% and 47.6%, 14 

respectively. These results denote a positive relationship between farm size and TE in Rwanda’s 15 

maize production sector. 16 

 17 

Table 4. Mean technical efficiency scores across farm size categories obtained from the ZISF 18 

model. 19 

Range of TE (%) Mean TE Std. Dev. Min Max 

Small-scale farms 0.476 0.045 0.213 0.706 

Medium-scale farms 0.651 0.034 0.281 0.852 

Large-scale farms 0.797 0.022 0.337 0.984 
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All farms 0.642 0.039 0.213 0.984 

 1 

 2 

6. Conclusions and policy implications 3 

In this study, we assessed the relationship between farm size and technical efficiency for the 4 

maize production sector in Rwanda. In addition, we analyzed potential determinants of technical 5 

efficiency for maize production systems in Rwanda. We employed the ZISF model for analytical 6 

purposes and a cross-sectional dataset consisting of a sample of 351 household farmers operating 7 

in the Eastern Province of Rwanda. The ZISF model is more advantageous than the conventional 8 

SF model due to its ability to account for both inefficiency and full efficiency in a sample. 9 

Our empirical results reveal that all key production inputs, i.e., fertilizer, labor, seeds, and 10 

land, are statistically significant and have a positive effect on maize output. In particular, we 11 

found that maize output is more responsive to fertilizer input than to other production inputs (i.e., 12 

seeds, land, and labor). In terms of determinants of technical inefficiency, we found that 13 

education, cooperative membership, extension services, access to credit, off-farm income, land 14 

tenure, and livestock ownership have a significant and positive effect on TE. Furthermore, the 15 

average TE of maize farms in our sample is estimated at 0.64, denoting that maize output can be 16 

improved by approximately 36% without increasing the proportion of farm inputs used. With 17 

respect to the relationship between farm size and TE, we find that on average, large-scale farms 18 

appear to be more technically efficient than both medium- and small-scale farms. Hence, this 19 

study provides evidence of a positive relationship between farm size and TE for maize production 20 

in Rwanda. 21 

From a policy perspective, given our study finding that large-scale farms appear to be 22 

more technically efficient than both medium- and small-scale farms, land reforms such as land 23 
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consolidation should be encouraged to enhance aggregate production growth (Key 2019). The 1 

government and partners should devise initiatives and incentives for small-scale farmers to 2 

gradually leave the farming sector in rural area and join off-farm activities because small-scale 3 

farmers appear to be less technically efficient than large-scale farmers. In addition, efforts 4 

targeting enhanced efficiency and productivity might focus on improving rural financial services 5 

to help farmers obtain loans needed for their agricultural investments. Agricultural extension 6 

services might also be improved in terms of quality and accessibility to all farmers. Farmers must 7 

also be granted greater access to intensive agricultural resources such as inorganic fertilizers and 8 

improved seed varieties. In this regard, the input subsidy policy initiated by the Rwandan 9 

government is expected to play a significant role. Finally, our study suggests that future research 10 

should explore the effects of land and labor market imperfections on efficiency and productivity 11 

in the Rwandan agricultural production sector. 12 
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