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Introduction
Colombia is the World’s third largest producer of cof-

fee after Brazil and Vietnam and the highest in terms of the 
Arabica bean (Giovanucci et al., 2002; ICO, 2021). From 
the time the commercial production of coffee first began in 
1870, coffee has traditionally played an important role in 
the economic growth of Colombia. Today, it plays a smaller 
economic role, but it is still a primary source of income for 
nearly half a million rural families.

A great deal of Colombian coffee is produced on small 
and medium-sized family farms. This may be the conse-
quence of the existence at the beginning of the twentieth 
century of large quantities of unclaimed land on the slopes 
of (particularly) the central cordillera, the relative scarcity 
of large accumulations of capital, and the country’s inability 
to attract foreign immigrants. Whatever the precise reason 
for the growth of small and medium-sized coffee farms in 
Colombia, currently units of small size comprise the great 
bulk of coffee farms of the nation. Thus, the National Federa-
tion of Coffee Growers of Colombia estimates that there are 
560,000 coffee growing families, where small farmers with 
less than 5 hectares of land are responsible for approximately 
69 percent of coffee production in Colombia. This feature 
can in the future be exacerbated by virtue of the peace deal 
signed by the Government of Colombia with the Revolution-
ary Armed Forces of Colombia (FARC) at the end of 2016, 
that pledges to address unequal land ownership and foster 
development in neglected rural areas hit hard by violence. 

Some reports indicate that agricultural productivity in 
general, and the productivity of coffee plantations in particu-
lar, are relatively low in Colombia (OECD, 2015). Hence, it 
is essential to assess what possibilities exist for improving 
the efficiency of coffee production. It is particularly inter-
esting to analyse if providing land to a wider share of the 
rural population has a positive effect in terms of improving 

the productivity of coffee plantations. For that analysis, it is 
important to focus on the relationship between land size and 
productivity in Colombian coffee production.

This study aims to shed some light in this direction by 
examining the technical efficiency of small, medium- and 
large-sized coffee farms as well as testing for economies of 
scale in each of these groups. For that purpose, we apply 
a parametric approach to estimate technical and scale (in)
efficiencies using input and output data at the level of 850 
individual farms (556 small, 200 medium and 94 large-
sized) in the Departments of Risaralda, Caldas, and Quindío 
in Colombia in year 2003. As far as we know, this database 
is the most recent to have been applied to coffee farms and, 
although a more current database may be desirable, no 
updated database exists with the same level of detail.

This study draws on the extensive literature on technical 
efficiency and returns to scale in agricultural production in 
developing countries following the seminal finding by Sen 
(1962) that yields per acre and farm size were inversely related 
for small Indian farms. This inverse relationship has been 
confirmed by studies in Africa (Barrett, 1996; Kimhi, 2006), 
Asia (Carter, 1984; Heltberg, 1998; Akram-Lodhi, 2005; Bes-
ley and Burgess, 2000), Europe (Alvarez and Arias, 2004) 
and Latin America (Berry and Cline, 1979) and contested 
by others, such as Bhalla and Roy (1988), who have shown 
that when differences in land quality are taken into considera-
tion this phenomenon disappears. Lamb (2003) has addition-
ally attributed these findings to labour market imperfections 
and measurement errors. More recent studies have imposed 
greater theoretical structure on the empirical work and have 
found that large farms are more efficient and more productive 
than small farms (Adamopoulos and Restuccia, 2014). 

A subset of the literature on technical efficiency and 
returns to scale has focused on coffee production. Thus, Data 
Envelopment Analysis (DEA) techniques have been used to 
compute farm-level technical efficiency measures in Costa 
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Rica by Mosheim (2002), in Côte d’Ivore by Binam et al. 
(2003), in Colombia by Perdomo and Mendieta (2007), 
and in Vietnam by Rios and Shively (2006) and Garcia and 
Shively (2011). Vedenov et al. (2007), Nchare (2007) and 
Perdomo and Hueth (2011), instead of using non-parametric 
mathematical programming, have made use of Stochastic 
Frontier Analysis (SFA) to estimate an input distance func-
tion and evaluate production efficiency in Mexico, Cam-
eroon, and Colombia, respectively. 

Perdomo and Hueth (2011) and Perdomo and Mendieta 
(2007) constitute two preliminary attempts to study the pro-
duction function, returns to scale and technical efficiency of 
Colombian coffee farms using SFA and DEA. They found 
that small- and medium-sized coffee farms presented tech-
nical inefficiency and increasing returns to scale, whereas 
the larger coffee farms presented technical efficiency and 
decreasing returns to scale.  Nevertheless, some authors have 
raised concerns about endogeneity in production function 
estimation (Kutlu, 2010; Tran and Tsionas, 2013). Stochastic 
production frontier models usually assume that input choices 
are independent of the efficiency and productivity terms. 
However, if a producer observes some factors – unobserv-
able by the econometrician – that affect a farm’s efficiency 
and/or its productivity, the input choices may also be influ-
enced by this knowledge, resulting in an endogeneity prob-
lem in the stochastic production frontier estimation (Shee 
and Stefanou, 2015). This situation may therefore lead to a 
biased inference on input elasticities, economies of scale and 
technical efficiency. In this paper we follow Kutlu (2010) 
(see also Amsler et al., 2016) to deal with endogeneity when 
estimating the SFA to assess the technical and scale (in)effi-
ciencies of Colombian coffee farms. 

The rest of the paper is organised as follows: the empiri-
cal model for the estimation of technical and scale efficiency 
is presented in the next section. The data set is described in 
the third section and the empirical results are discussed in the 
fourth section. Some recommendations for agricultural and 
land policies and concluding remarks follow in the fifth and 
sixth sections, respectively.

Empirical Model
Consider the following general form of the stochastic 

production frontier (SPF) function:

  

 
 

 

 (1)

where qi is the observed output produced by the i-th farm,  
xij is the quantity of the j-th input used by the  i-th farm 
(j = 1,..., m), β is a vector of parameters to be estimated,  
and μi – ωi  is a composite error term. The μi term corresponds 
to the statistical noise (assumed to be independently and 
identically distributed) and ωi is a non-negative random vari-
able associated with technical inefficiency. Regarding f (.), 
the Transcendental and Cobb-Douglas functions are the two 
most commonly used functional forms in empirical studies 
of production, which include frontier analyses (Battese and 
Broca, 1997).  The Cobb-Douglas stochastic frontier model 
takes the form:
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which can be estimated as a linear relationship using the fol-
lowing expression: 
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Similarly, the logarithmic transformation of the Tran-
scendental SPF model takes the following form:
  

 
 

 

 
(4)

Note that the usual procedures for estimating SPF models 
depend on the assumption that the inputs are exogenous. How-
ever, in many situations this assumption is difficult to maintain 
because some inputs can be influenced by unobserved factors 
such as expected rainfall in the farm’s location, managerial 
ability of the farmer etc. that obviously have an impact also on 
the produced output.  To overcome this endogeneity problem, 
we follow Kutlu (2010) and Amsler et al. (2016) and estimate 
the SPF in a two-step procedure. In the first step, we estimate 
the reduced form of the inputs demand function system, where 
the endogenous variables (xi1,..., xim) are log- linear functions 
of their prices (

  

 
 

 

) and a set of unobserved factors, 
which have the characteristics of providing good instruments 
for the log inputs. Note that the error terms of such regres-
sions, denoted as 

  

 
 

 

 , are possibly contemporaneously 
correlated, and consequently the system requires an estimation 
by means of seemingly unrelated regression (SUR) using 
iterative generalised least squares to obtain unbiased, consist-
ent, and efficient estimators (Rosales et al., 2013). In the sec-
ond step the residuals from the SUR estimation, denoted as 

  

 
 

 

, are used as controls in an operational version of 
equation (1):
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Following Battese and Coelli (1992), the specification 
of the technical efficiency of production for the i-th farm  
(TEi) is defined by:

  

 
 

 

 
(6)

  

 
 

 

 provides a measure of the shortfall of observed 
output from maximum feasible output in an environment 
that allows for variation across farms. 

The elasticity of output1 of the i-th farm with respect to 
the j-th input (

  

 
 

 
) is defined by:
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1 Whereas the elasticity is constant for the Coob-Douglas specification, the form of 
the translog in equation (4) implies that the elasticity depends on the level of the inputs. 
Following general conventions (see Greene, 2012) the elasticity is here calculated at 
the average inputs as 
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averages log-inputs.  
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As a result, the returns to scale (RTS) are expressed by:

  

 
 

 

 (8)

It measures the proportional change in output resulting 
from a unit proportional increase in all inputs. Then RTS >1 
shows the presence of increasing returns to scale, RTS <1 
indicates the existence of decreasing returns to scale and 
RTS = 1 implies constant returns to scale.

Data Description
The data used in the present study are from a survey 

undertaken by the Department of Agricultural and Resource 
Economics (AREC) of the University of Maryland2 (United 
States) during the year 2004 in the Departments of Risaralda, 
Caldas, and Quindío in Colombia. It contains information 
obtained from 850 coffee farms of which 556 are small-sized 
(below 2 hectares), 200 are medium-sized (between 2 and 
7 hectares) and 94 are large-sized (above 7 hectares). The 
information collected corresponds to the 2003 crop year3. 

For the purposes of the present study, output is measured in 
annual arrobas4 produced. Four inputs are included in the pro-
duction frontier function, namely land measured in hectares, 
labour (including family, hired workers and coffee pickers) 
measured in full time equivalents, intermediate inputs (ferti-
liser and pesticides) measured in kilograms, and capital stock 
(machinery) measured through a synthetic index of capital 
intensity. We use this index because the information in the sur-
vey only includes the number of machines used by each farm, 
without discriminating between different types of machines. 
This index, called Index of Machinery Intensity (IMI), is con-
structed by means of Principal Component Analysis (PCA) and 
feature scaling or minmax scaler process as follows (see details 
in Johnson, 1998, Ch. 5 and Perdomo et al. 2016, p. 42-44). 

2 The survey strategy was conducted by Prof. Darrell Hueth. 
3 Unfortunately, similar surveys have not been conducted since then.
4 Arroba is a Portuguese and Spanish unit of weight, mass, or volume, representing 
a weight of around 25 pounds or 12.5 kilograms.

The relative weights across different factors of machinery used 
in coffee growing (total number of coffee pulper machines, 
water pump machines, coffee demucilager machines, 
motors, coffee silo machines, fumigation machines, scythes 
machines and chainsaws) were estimated with PCA, because 
their units of measurement are heterogeneous, so their direct 
aggregation or sum is unsuitable for determining machinery 
intensity (MI). Once MI is calculated, values are normal-
ised (between zero and one) using feature scaling or min-
max scaler (see details in Perdomo et al., 2016, p. 42) as    

  

 
 

 

 
(9)

where MIi are obtained from PCA,  MImin and MImax are their 
minimum and maximum values and IMIi  → 1 indicates more 
intensity of machinery.

Several additional variables have been included in the 
regression in the first step to obtain the residuals used as 
controls in the second step. First, the number of people per 
household is used as a proxy of rural population density. Sec-
ond, three dummy variables have been used to indicate (i) 
if the farm obtains income from activities other than coffee 
production, (ii) if the main source of income comes from 
coffee activity, and (iii) if the farm has road access to the 
municipal centre.  The sample mean of these, and the rest of 
variables are given in Table 1.

Empirical Results
Table A1 in the Appendix shows the SUR estimates (first 

stage) of the input demand functions. The residuals in this 
regression are incorporated in the SPF function in the sec-
ond step. Tables 2, 3 and 4 show the maximum likelihood 

Table 1: Sample mean values of model variables.

Variable Small-sized farms Medium-sized farms Large-sized farms
Output (arrobas year) 160.31 481.97 2726.11
Land (hectares) 1.44 3.53 14.33
Labour (workers, full time equiv.) 9.09 21.87 99.02
Chemicals (Kgs) 3.48 23.59 102.33
Machinery (capital intensity index-IMI-) 0.13 0.23 0.18
Price of Land (US$ per hectare) 22,184.28 41,378.20 52,852.84
Price of Labour (US$ weekly per worker) 100.44 179.76 188.55
Price of Chemicals (US$ per Kg) 7.22 7.66 8.82
Price of Machinery (index) 0.87 0.93 0.83
Family size (persons) 4.00 3.92 3.24
Diversification (dummy variable) 0.28 0.42 0.50
Specialisation (dummy variable) 0.87 0.80 0.74
Road Access (dummy variable) 0.66 0.79 0.98
Sample size 556 200 94

Source: Own composition
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estimates of the different specifications for the SPF function 
for small-, medium- and large-sized farms, respectively. The 
standard errors from the two-stage method employed here 
are inconsistent because the estimates are conditional on  
estimated standardised error terms from the first stage. 
Hence, we only present bootstrap standard deviations as pro-
posed by Kutlu (2010). The tables also include values of the 
Hausman test indicating that endogeneity exists in equation 
(3) in the three groups of farms. The general significance of 

the control functions reinforces the hypothesis of endogene-
ity of the inputs. The results of the Sargan test evidence as 
well the validity of the instruments used in the first step to 
control for the endogeneity of the input variables. For the 
sake of comparison, the estimation of the SPF function with 
and without correction of endogeneity are included. Even 
though not all the inputs are individually significant, we 
keep them in all the functional specifications for compara-
tive purposes. 

Table 2: Stochastic Production Frontier estimates (Second Stage) for small-sized farms.

Dependent Variable:
 (Coffee Production)

Translog without  
endogeneity corrected

Translog with  
endogeneity corrected

Cobb Douglas without  
endogeneity corrected

Cobb Douglas with  
endogeneity corrected

Explanatory Variables Coefficients (β) Coefficients (β*) Coefficients (β) Coefficients (β*)
Intercept 6.0258*** 3.0936 3.5793*** 2.2199**
Land 1.3551 1.5594 0.6171*** 1.7572***
Labour 0.3007 0.8253 0.6322*** 0.5204**
Chemicals -0.2040 0.5583 0.1770*** 0.7259***
Machinery 1.6073** 0.5774 -0.0076 -0.3369
Land^2 -0.4230 -0.3396 - -
Labour ^2 -0.3609*** -0.4252*** - -
Chemicals^2 -0.0750 -0.1472** - -
Machinery^2 0.1415 0.0448 - -
Land*Labour -0.0884 0.0654 - -
Land*Chemicals -0.2521** -0.1670* - -
Land*Machinery 0.0431 -0.0833 - -
Labour*Chemicals 0.1450** 0.1366*** - -
Labour*Machinery -0.4579* -0.2568 - -
Chemicals*Machinery -0.1355 -0.1059 - -
Residual first stage land - -1.0262* - -1.2548**
Residual first stage labour - -0.0145 - 0.1328
Residual first stage chemicals - -0.7090*** - -0.6492***
Residual first stage machinery - 0.2310 - 0.3001
Natural logarithm of vi -1.9760*** -2.1502*** -1.868013*** -2.0444***
Natural logarithm of ui -1.6106*** -1.7686*** -1.56359*** -1.7063***
AIC 950.76 860.62 974.04 886.66
Wald test (chi-square) 792.46*** 1,690.14*** 569.20*** 1,562.62***
LR test of sigma_u=0 (chi-square) 55.25*** 78.62*** 47.97*** 66.59***
Hausman test for endogeneity (chi-square) - 62.97*** - 56.42***
Sargan test (F statistic) - 0.01 - 0.06
RTS 2.15 3.17 1.42 2.67
TE (50th percentile) 0.75 0.75 0.74 0.75
Observations 555 550 555 550

Note: *, ** and *** Significant at 0.10, 0.05 and 0.01 levels, respectively 
Source: Own composition

Table 3: Stochastic Production Frontier estimates (Second Stage) for medium-sized farms.

Dependent Variable:
 (Coffee Production)

Translog without  
endogeneity corrected

Translog with  
endogeneity corrected

Cobb Douglas without 
endogeneity corrected

Cobb Douglas with 
endogeneity corrected

Explanatory Variables Coefficients (β) Coefficients (β*) Coefficients (β) Coefficients (β*)
Intercept 6.1810*** 7.0956*** 4.1913*** 5.5284***
Land 0.7045 2.1543** 0.5397*** 1.7836***
Labour -0.0810 -0.3845 0.5087*** 0.1133
Chemicals -0.6445*** -1.1043*** 0.0655* -0.2826**
Machinery 0.4215** 0.7649* 0.0551 0.5864***
Land^2 0.3019 0.2633 - -
Labour ^2 -0.0544 -0.0969 - -
Chemicals^2 0.0173 0.0493 - -
Machinery^2 0.0692*** 0.0336 - -
Land*Labour -0.0292 0.0360 - -
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Table 4: Stochastic Production Frontier estimates (Second Stage) for large-sized farms.

Dependent Variable:
 (Coffee Production)

Translog without  
endogeneity corrected

Translog with  
endogeneity corrected

Cobb Douglas without 
endogeneity corrected

Cobb Douglas with 
endogeneity corrected

Explanatory Variables Coefficients (β) Coefficients (β*) Coefficients (β) Coefficients (β*)
Intercept 7.3622*** 8.5448*** 4.2502*** 5.7954***
Land 0.2053 0.0035 0.2628*** 0.7685***
Labour -0.4440 -0.5065 0.6300*** 0.2026**
Chemicals -0.1954 -0.2082 0.0799** -0.0210
Machinery 0.4661 0.3550 -0.0068 0.2878**
Land^2 -0.3158 -0.2698 - -
Labour ^2 0.0611 0.0280 - -
Chemicals^2 -0.0594 -0.1003 - -
Machinery^2 -0.0118 -0.0611 - -
Land*Labour 0.2351* 0.2633 - -
Land*Chemicals 0.0560 0.0325 - -
Land*Machinery 0.1685 -0.0305 - -
Labour*Chemicals 0.0122 0.0431 - -
Labour*Machinery -0.1023 0.0773 - -
Chemicals*Machinery -0.1184** -0.1313** - -
Residual first stage land - -0.4821 - -0.6583***
Residual first stage labour - 0.6750*** - 0.6954***
Residual first stage chemicals - 0.0624 - 0.0797
Residual first stage machinery - -0.3359** - -0.3273***
Natural logarithm of vi -2.1385*** -3.0192 -2.412315*** -3.6032
Natural logarithm of ui -9.1123 -3.2178 -1.858953*** -1.7887
AIC 99.77 49.26 99.12 54.97
Wald test (chi-square) 519.94*** 953.60*** 409.40*** 537.59***
LR test of sigma_u=0 (chi-square) 0 0.12 1.24 3.34***
Hausman test for endogeneity (chi-square) - 35.37*** - 71.76***
Sargan test (F statistic) - 0.27 - 1.79
RTS 0.90 0.99 0.97 1.24
TE (50th percentile) 0.99 0.86 0.77 0.77
Observations 94 94 94 94

Note: *, ** and ***Significant at 0.10, 0.05 and 0.01 levels, respectively.  
Source: Own composition

Dependent Variable:
 (Coffee Production)

Translog without  
endogeneity corrected

Translog with  
endogeneity corrected

Cobb Douglas without 
endogeneity corrected

Cobb Douglas with 
endogeneity corrected

Explanatory Variables Coefficients (β) Coefficients (β*) Coefficients (β) Coefficients (β*)
Land*Chemicals -0.1599 -0.1309 - -
Land*Machinery 0.0165 0.0352 - -
Labour*Chemicals 0.2848* 0.2533** - -
Labour*Machinery -0.0410 -0.0501 - -
Chemicals*Machinery -0.0237 -0.0151 - -
Residual first stage land - -1.6827*** - -1.3040***
Residual first stage labour - 0.4826** - 0.4709***
Residual first stage chemicals - 0.4527*** - 0.3273***
Residual first stage machinery - -0.5292*** - -0.5967***
Natural logarithm of vi -2.0833*** -2.2288 -1.820015*** -1.8495***
Natural logarithm of ui -1.1813*** -1.2933 -1.294065** -1.6848
AIC 307.72 289.64 310.17 288.78
Wald test (chi-square) 295.25*** 570.08*** 243.33*** 215.98***
LR test of sigma_u=0 (chi-square) 5.66*** 5.59*** 3.05*** 1.52
Hausman test for endogeneity (chi-square) - 15.09*** - 26.82***
Sargan test (F statistic) - 1.45 - 1.14
RTS 1.26 2.44 1.17 2.20
TE (50th percentile) 0.70 0.71 0.71 0.75
Observations 199 199 199 199

Note: *, ** and ***Significant at 0.10, 0.05 and 0.01 levels, respectively 
Source: Own composition
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Table 5 contains the estimated elasticities and RTS 
defined in equations (7) and (8), for small-, medium- and 
large-sized farms. The RTS obtained from the SPF without 
endogeneity correction is underestimated in every situation. 
Focusing on the estimates with endogeneity correction, Table 
5 shows that small- and medium-sized farms are subject to 
increasing RTS. It is also noteworthy that land is by far the 
most important input, especially in small- and medium-sized 
farms, whereas labour is especially important in large farms. 

Implications for Colombia’s  
Agricultural and Land Policies

In general, agricultural policies in post-conflict situations 
prioritise improvements in productivity and competitive-
ness with the aim of increasing the incomes of households 
whose livelihoods come from agriculture and guaranteeing 
food production (Adam-Bradford et al., 2020; Jimenez et 
al., 2021). This is precisely why it is pertinent to analyse in 
detail what effect the land distribution measures proposed 
in the 2016 peace accord in Colombia could have on the 
strategic sector of coffee production in terms of productiv-
ity.  The results shown in the previous section suggest that 
small and medium coffee farmers in Colombia are techni-
cally inefficient in their production process and moreover, 
these production units exhibit increasing returns to scale. 
The challenge for agricultural and land policies is therefore 
to increase the scale of these farms in a way that does not 

Table 5: Production elasticities and RTS.

SMALL-SIZED FARMS
Translog 

with endogeneity  
corrected

Translog
 without endogeneity 

corrected

Cobb Douglas with  
endogeneity corrected

Cobb Douglas without 
endogeneity corrected

Output elasticity of land 1.59*** 0.758 1.76*** 0.62***

Output elasticity of labour 0.67*** 0.64*** 0.52*** 0.63**

Output elasticity of chemicals 0.85*** 0.20 0.73*** 0.18***

Output elasticity of machinery -0.15 0.313 -0.34 -0.01

RTS 2.95*** 1.90** 2.67*** 1.42***

MEDIUM-SIZED FARMS
Translog 

with endogeneity  
corrected

Translog
 without endogeneity 

corrected

Cobb-Douglas
with endogeneity  

corrected

Cobb-Douglas without 
endogeneity corrected

Output elasticity of land 2.20***- 0.58- 1.78*** 0.54***

Output elasticity of labour 0.06- 0.46** 0.11 0.51***

Output elasticity of chemicals -0.40- 0.05 -0.28** 0.07*

Output elasticity of machinery 0.57**- 0.15 0.59*** 0.06

RTS 2.43***- 1.24***- 2.20*** 1.17***

LARGE-SIZED FARMS
Translog 

with endogeneity  
corrected

Translog
 without endogeneity 

corrected

Cobb-Douglas
with endogeneity  

corrected

Cobb-Douglas without 
endogeneity corrected

Output elasticity of land 0.62** 0.27 0.26*** 0.77***

Output elasticity of labour 0.24 0.63*** 0.63*** 0.20**

Output elasticity of chemicals -0.05 0.02 0.08** -0.02

Output elasticity of machinery 0.24 0.04 -0.01 0.29**

RTS 1.05** 0.95** 0.97*** 1.24***

Source: Own composition

conflict with another major objective of the proposed reform, 
which is to establish a more equitable distribution of land in 
rural areas (Faguet et al., 2017).

It is beyond the scope of this article to carry out a detailed 
study of the direct and indirect effects of the different ways in 
which land reform can be implemented in Colombia. How-
ever, it does seem pertinent to comment that some concrete 
proposals in the literature and in the peace agreement itself, 
such as the formalisation of communal property regimes in 
rural settings, can make it possible to reconcile the objective 
of expanding access to land ownership with ensuring that the 
scale of farms is not sub-optimal.

Another important challenge is to enable the largest farms 
to improve their productivity through better access to labour. 
In fact, some reports attribute a reduction in factor endow-
ments to the decline in coffee output that the country has 
suffered in the past decades (Saenz et al., 2021). With a large 
mass of potential workers fleeing conflict zones, the wages 
of the remaining rural workers rose, leading to higher costs 
for coffee producers (World Bank, 2002). In addition, rural 
labour shortages have complicated the control of crop pests 
and the harvesting of the crop at the optimal time (Ocampo-
Lopez and Alvarez-Herrera, 2017). 

The resolution of the armed conflict may alleviate to 
some degree the depopulation of these rural areas and reduce 
some labour supply tensions. However, there are many 
more issues that need to be resolved in order to improve 
labour productivity indicators, which is the way in which 
the economic performance of every farm, but primarily the 
large plantations, can be improved. There are several stud-
ies promoted by companies and associations in the coffee  
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sector that point to another series of factors as determinants 
to address the shortage and low productivity of labour in the 
Colombian coffee sector (Rocha, 2014).

In order to increase labour productivity on all types of 
plantations, but especially the larger ones, it is necessary to 
implement the following actions: (1) accompanying poli-
cies to hire more salaried workers with the formalisation of 
contracts that are more in line with labour regulations, (2) 
develop strategies to improve competitiveness in interna-
tional markets that allow for wage improvements, and (3) 
offer training programmes to encourage specialisation 
among workers in the sector and prevent them from having 
to combine their activity with other complementary activi-
ties5, without any signs of considering coffee growing as a 
long-term activity.

Conclusions
Two main contributions have been made in this work. 

On the one hand, the analysis of returns to scale, elastici-
ties and technical efficiency previously carried out by other 
authors has been refined, correcting for endogeneity biases 
through a two-stage process to estimate the stochastic pro-
duction frontier, in line with the proposal of Kutlu (2010) 
and Amsler et al. (2016). The correction for endogeneity is 
crucial, as it substantially conditions the conclusions of the 
analysis. We show that small and medium coffee farmers in 
Colombia are technically inefficient in their production pro-
cess. In addition, these production units exhibit increasing 
returns to scale. Besides, large coffee farmers are close to 
being technically efficient and exhibit decreasing returns to 
scale. The corrected-for-endogeneity results also indicate 
that the input intensity that small and medium-sized units 
must prioritise in their agricultural activity is primarily the 
land factor, whereas large farms should concentrate their 
efforts on increasing the labour factor.

On the other hand, in this paper we try to translate these 
empirical results into agricultural and land policy recom-
mendations in a context as special as the current one, where 
peace talks revolve around proposals to facilitate access 
to agricultural land for the poorest peasants in violence-
affected areas.

We are aware that there are many aspects and challenges 
affecting the coffee sector in Colombia that are not addressed 
in this analysis and that could be analysed in future exten-
sions of this paper.  To the productivity analysis in this article 
should be added an analysis of competitiveness in interna-
tional markets, as some of the aforementioned challenges 
relate to the need to attract investment from international sup-
pliers, to accommodate the rapid expansion of coffee farms 
in low-income areas that have largely remained remote and 
isolated from international markets, as well as to cope with 
coffee’s high dependence on foreign exchange rates.

5 It should be borne in mind that many small farmers are in fact usually part farmers, 
part workers. The income of small farmers is based partly on the sale of crops and 
livestock, and partly on wage employment, whether on a farm or plantation or in some 
other rural occupation. Therefore, a sustainable development strategy for the coffee 
sector must also take into account, as a component, the wages of workers in coffee 
plantations.
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Appendix
Appendix 1: SUR model first stage results.

Dependent variable: 
LN(chemicals) 

Farm size Dependent variable: 
LN(machinery)

Farm size

Small Medium Large Small Medium Large
Explanatory 

Variables Coefficients Coefficients Coefficients Explanatory 
Variables Coefficients Coefficients Coefficients

Intercept -2.6856*** 2.4852 11.4980** Intercept -1.8679*** -5.0786** -7.2970*
LN (price land) 0.0816*** 0.2327*** 0.3093** LN (price land) 0.0059 0.1334* 0.2799**

LN(price labour) 0.1029 0.0512 -0.4464* LN(price labour) 0.0054 0.1107 -0.0729

LN(price chemicals) 0.0734 -0.5258*** -0.5917** LN(price chemicals) -0.0335 -0.1401 -0.0310
LN(price machinery) -0.1247 -0.0618 -0.0409 LN(price machinery) -0.3825*** -0.1098 -0.3022**
Specialisation  
(dummy variable, yes=1 
and no=0)

0.1606** 0.0270 -0.1620
Specialisation 
(dummy variable,  yes=1 
and no=0)

-0.0687** 0.3221* 0.3203

Road access  
(dummy variable, yes=1 
and no=0)

0.1759*** 0.0132 -1.4296*
Road access  
(dummy  variable, yes=1 
and no=0)

0.0130 0.4808*** 0.6713

Diversification  
(dummy variable, yes=1 
and no=0)

0.0315 0.2114 0.1909
Diversification 
(dummy variable, yes=1 
and no=0)

-0.0689** 0.3780** 0.1635

LN(family size) - - -0.3102 LN(family size) - - 0.2463
Global fit (chi-square) 68.09*** 36.91*** 20.15*** Global fit (chi-square) 126.29*** 35.94*** 14.90*
Observations 551 200 94 Observations 551 200 94

Dependent variable: 
LN(land) 

Farm size Dependent variable : 
LN(labour)

Farm size

Small Medium Large Small Medium Large
Explanatory 

Variables Coefficients Coefficients Coefficients Explanatory 
Variables Coefficients Coefficients Coefficients

Intercept -0.4910 0.7622 2.0774 Intercept 2.0310** 5.0348 12.6031
LN (price land) 0.0380* 0.0401 0.1838** LN (price land) 0.1366*** 0.0748 0.2808***

LN(price labour) 0.0579*** -0.0188 -0.1025 LN(price labour) -0.0167 -0.3373*** -0.9355***

LN(price chemicals) -0.0602 -0.0022 -0.1047 LN(price chemicals) -0.2160*** 0.0561 -0.1737
LN(price machinery) -0.0558 0.0221 -0.1557* LN(price machinery) -0.1147 -0.0185 -0.1501
Specialisation  
(dummy variable, yes=1 
and no=0)

-0.0160 -0.0633 0.2205
Specialisation  
(dummy variable, yes=1 
and no=0)

-0.1649* -0.1929 0.6042***

Road access  
(dummy variable, yes=1 
and no=0)

0.0282 -0.0539 -0.7360*
Road access  
(dummy variable, yes=1 
and no=0)

0.0664 0.3056** -0.1615

Diversification 
(dummy variable, yes=1 
and no=0)

-0.0574 0.1249* 0.2022
Diversification  
(dummy variable, yes=1 
and no=0)

-0.1237* 0.2988** 0.4497**

LN(family size) - - -0.2391** LN(family size) - - -0.2370
Global fit (chi-square) 26.41*** 9.27 21.81*** Global fit (chi-square) 32.78*** 47.64*** 66.36***
Observations 551 200 94 Observations 551 200 94

Note: *, ** and ***Significant at 0.10, 0.05 and 0.01 levels, respectively. 
Source: Own composition


