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Introduction

The role of human capital as an engine of agricultural growth has been given due attention in the literature.
Schultz (1961) was among the first to attribute increases in output beyond increases in land, man-hours and
physical reproducible capital to investment in human capital comprising education, health and even migration.
Since then, researchers have tended to include human capital variables as explicit factors of production. However,
when human capital variables are treated as traditional inputs, technical efficiency becomes somewhat of a
tautology i.e. production is technically efficient if producers do not knowingly waste resources (Welch, 1970).
Instead, if farmers better endowed with human capital are more adept at critically evaluating new and reportedly
improved input varieties, if they can distinguish more quickly between the systematic and random elements of
productivity responses, then we should pose ourselves the question whether these farmers may choose a different
production technology i.e. whether human capital variables can be technology-changing (Mundlak, 1986; Fulginiti
and Perrin, 1993). If this is the case, conventional analyses are likely to underestimate the impact of human capital
on smallholder productivity. If we can demonstrate a larger role for human capital in agricultural production of
households, this could convince governments in developing countries that there is no trade-off between allocating
resources to promote long-term economic growth and raise smallholder productivity on the one hand and social
services on the other but that, rather, productivity can be stimulated through the allocation of expenditure to
social services that enhance certain types of human capital.
In this article, we assess the role that human capital indicators play as technology changing variables
affecting productivity and production elasticities of traditional inputs in smallholder households in Burkina Faso.
Burkina Faso is a poor, landlocked country situated in the West-African Semi-Arid Tropics (WASAT). The country
has experienced GDP growth of an average six percent between 2000 and 2006 with the agricultural sector, which
forms the main source of subsistence for the majority of the population, as an important engine of this growth.
However, growth in agriculture has mainly been due to land expansion with only limited improvements in
agricultural productivity. This means that despite good levels of growth, the proportion of poor has increased with
poverty remaining largely a rural phenomenon. The country is said to continue to suffer from a low level of human
capital development which limits labor productivity, particularly in the agricultural sector.
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We use recent nationally representative household level data and regression analysis to empirically assess the
role of three human capital measures - weight-for-height, formal education and age of adult household members
active in agriculture – in smallholder production. Weight-for-height defined as weight in kilograms divided by
height in centimeters is a longer term measure of nutritional intake and captures endurance, strength and health
status of an individual. Taking into account the endogeneity of this measure as well as of formal education and
variable inputs such as fertilizer with agricultural output, we use instrumental variable regression to initially
estimate a Cobb-Douglas production function augmented with our human capital indicators. We subsequently
relax the assumption that households employ the same technology by modeling the coefficients in the production
function as functions of human capital variables. We calculate productivity and production elasticities on the basis
of these estimates, which we subsequently break down by landholding quintile.
Our results reveal that human capital indicators can indeed be considered as technology-changing affecting
both the slope and the intercept of the production function. Weight-for-height enhances returns to land but
negatively affects returns to female labor. Formal education enhances the productivity of male labor but
negatively affects returns to land. Differentiating households by landholding quintiles, however, reveals that the
technology changing role of human capital variables is much more evident for households with larger landholdings.
The article is structured as follows. In Section 2, we discuss the role of various human capital indicators in
agricultural production. The data and study area are described in Section 3. Section 4 presents the analytical model
used to estimate the relation between human capital indicators and agricultural production while Section 5
discusses the estimation strategy. Estimation results are presented in Section 6. We conclude in Section 7 by
discussing some of the implications of our findings for understanding the role of human capital in agricultural
production.

Agriculture and human capital

Human capital refers to any aspect of a person that produces economic value and from which one cannot be
separated the way one can be from physical or financial assets (Becker, 1975). Human capital thus includes
personal attributes such as health, nutrition status, knowledge and skills.

3

The role of nutrition and health in agricultural production in developing countries has received due attention
in the literature. Studies tend to consider nutrition and health indicators, such as calorie intake, anthropometric
measures or other indicators of physical strength, as endogenous with agricultural output and instrumental
variable methods have been used to obtain consistent estimates of coefficients of human capital indicators in the
agricultural production process. For example, using data on local relative prices, household demographic
characteristics, and farm assets to predict household energy intake per capita, Strauss (1986) found that household
energy consumption was a positive, significant determinant of farm output in Sierra Leone. Sahn and Alderman
(1988) used a similar approach with data from Sri Lanka. Here again, predicted household energy consumption per
capita was used as a measure of nutritional status and related to wage earnings. Interestingly, household energy
per capita was a significant, positive determinant of men’s but not of women’s wages. This differential result
between men’s and women’s productivity is a finding that emerges in a number of the studies linking nutrition to
productivity. Haddad and Bouis (1991) instrumented for individual energy consumption and body mass index using
household size, nonfarm income, and distance to the nearest market and found a lack of impact of short and
medium run proxies of nutritional status on agricultural wage determination. However, they qualified this finding
by noting that variation in wages across individuals is a crude measure of differences in productivity. Croppenstedt
and Muller (2000) instrumented for weight-for-height of the household head as well as a measure of strength and
endurance and find that the former plays an important role in explaining agricultural production of farmers in
Ethiopia.1 Exploiting the panel nature of his data for India to eliminate the potential bias in regression coefficient
estimates due to time-invariant, individual-specific effects, Deolalikar (1988) finds that average household weightfor-height has a very strong positive effect on farm output, while average energy intake does not and concludes
that while the human body can adapt to inadequate nutrition in the short run, it cannot adapt as readily to chronic
malnutrition that eventually results in loss of weight-for-height.
Knowledge and skills are often captured by measures of educational attainment and the assumption of
positive economic returns from schooling is a basic tenet of development economics and a justification for rural
education programs (Taylor and Yunez-Naude 2000). Education is thought to enhance productivity directly by
improving the quality of labour, by increasing the ability of farmers to adjust to disequilibria, and through its effect
upon input utilization (Moock 1981). When considering the role of schooling in agriculture, a useful distinction is
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between cognitive and non-cognitive effects of schooling. Within the former, one can differentiate between the
formation of general skills, such as literacy and numeracy, and the transmission of specific knowledge. Literacy
could enable a farmer to follow written instructions for chemical inputs and other aspects of modern farm
technology. Numeracy would allow a farmer to calculate accurate dosages and may facilitate the making of other
planning decisions (Appleton and Balihuta 1996). These cognitive effects of education may increase the output
produced by a given combination of inputs. One may distinguish so called “worker” from “farm-manager” effects
although in reality this distinction is rather blurred (Appelton and Balihuta 1996). Cognitive effects of education
could also improve allocative efficiency and there is a substantial literature documenting the greater propensity of
educated farmers to adopt agricultural innovations. Education may also have non-cognitive effects changing
people’s attitudes and preferences, which have not been extensively documented in an agricultural context.
Although when returns to schooling in African agriculture are considered they are often assumed to exist,
estimates of the returns from schooling in rural economies range widely from highly positive to negative (Taylor
and Yunez-Naude 2000) and existing evidence on the impact of education on agricultural productivity in Africa is
mixed (Appleton and Balihuta 1996). One reason for this may be that attendance to formal education is low
particularly for older household members making it difficult to collect sufficient observations to decipher any
meaningful relationship between education and agricultural production. The second reason may be that formal
education leads household members to become disengaged with agriculture through migration or increased nonfarm activities. Farm households may reap rewards from schooling by abandoning one activity in which returns
from schooling may be limited in favor of a new activity in which the returns from schooling are high. Alternatively,
they may continue producing traditional crops while diversifying into new activities in which the returns from
schooling are high, provided that incentives for diversification (risk, scale effects) exist (Taylor and Yunez-Naude
2000). For example, a strong positive relationship has been uncovered in rural Burkina Faso between formal
education of adult males and intercontinental migration (Wouterse 2012). In fact, it has been suggested that in
certain, more static, environments experience may be a better investment than schooling as it does not depreciate
when the environment is unchanging (Huffman 1999). In addition to knowledge acquired through formal
education, skills as a source of human capital are likely to be developed through experience. Age is often used as a
proxy for such farming experience (Yang and An 2002).
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The literature has tended to assess the role of human capital in agriculture at the farm household level by
estimating an augmented stochastic frontier with selected human capital indicators as additional inputs often
followed by a further investigation of the robustness of the human capital-productivity links by resorting to the
efficiency wage literature. However, it has been argued that researchers have been looking for returns to human
capital in the wrong places; it is possible that researchers underestimate these returns by not taking into account
the technological changes and sectoral diversification characterizing agricultural transformations in less developed
countries (Taylor and Yunez-Naude 2000). Schultz (1981) argues, for example, that changes in the technological
environment raise the value of farmers’ entrepreneurial ability – their “ability to perceive, interpret and respond to
new events in the context of risk” - associated with the arrival of new technologies. However, he does not consider
that technological change could be endogenous i.e. it is not that new technologies are exogenously introduced but
that farm households themselves are agents of such change.
It has been suggested that there are certain so-called state variables that not only affect the location of a farm
on a given production function but also determine the choice of the implemented technique (Mundlak, Cavallo
and Domenech 1989). If the choice of technology is in fact endogenous, then a constant coefficient production
function would fail to explain all sources of variation in productivity. Following Mundlak, Cavallo and Domenech
(1989), we can posit a production function for which coefficients are variable and determined by human capital
indicators. In such a formulation, human capital is allowed to affect productivity through its interactions with
traditonal input variables, land, labor, variable inputs and equipment. Although, the endogenous technology
approach to productivity has been applied in several instances (see for example Fulginiti and Perrin (1993), Hoque
(1991) and Croppenstedt and Demeke, (1997)), to our knowledge human capital variables specific to a household
have not yet been used to explain why a farm household may end up employing a different production technology.

Setting

Data to analyze the role of human capital in agricultural production come from the second round of Burkina Faso’s
Programme National de Gestion des Terroirs (PNGT) conducted in 2005.2 The PNGT survey collected information
on the living conditions of 2,000 randomly selected rural households, drawn from 60 villages and all 45 provinces
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of the country. The survey instrument is a questionnaire of 33 pages and contains sections on human capital
indicators (education, health and anthropometrics of all household members), agricultural activities and other
sources of income, and expenditure on food and non-food items, administered to all individuals making up a
household. The survey also contains a section on community level services and infrastructure administered to local
leaders. Data were collected in 16 teams containing 60 enumerators under the central supervision of the
University of Ouagadougou. Villages were drawn according to a probabilistic process using the village population
size as weights. Random sampling and coverage of all provinces means that the sample is representative at the
national level.
In general, agricultural production in Burkina Faso takes place in farm households. These households are often
not nuclear and, in a polygamous setting, comprise the household head and his wives as well as their grown sons
along with their wives and children.3 Each household simultaneously cultivates multiple plots and many different
crops. An important characteristic of this farming system is that decision-making authority and nominal control
over output on different plots within the household are held by different individuals. The household head makes
decisions regarding the "communal" plots of the household, the output from which – usually millet (Pennisetum
glaucum) or sorghum (Sorghum bicolor) - is used for the basic consumption needs of the household as a whole
(Udry, 1996). In addition, household members (including the household head) cultivate individual plots with
female members more heavily involved in the cultivation of groundnuts and vegetables. Household members have
access to land, generally speaking, through the (male) household head.
According to the PNGT survey, land is generally cultivated on a hereditary basis and most households do not
hold a title for their land. In Burkina Faso, commercial land market transactions were found to be extremely rare
(Ouedraogo, Savadogo, Stamm and Thiombiano 1996). While theory predicts that better property rights on land
can increase investment through increased security, enhanced trade opportunities, and increased collateral value
of land, the presence and size of these effects depend crucially on whether those rights are properly enforced. The
lack of commercial land market transactions implies that land cannot function as collateral for credit.
In the surveyed households, cereals - sorghum and millet -account for the overwhelming share of the total
value of cropping output while groundnut (Arachis hypogaea L.) cultivation represents 15 percent of the total
value of output. Other crops such as maize, rice and cotton are much less prominent and each account for less
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than five percent of the value of output. Cropping in rural Burkina Faso is generally rain-fed and characterized by a
single short cropping season per year. Millet and sorghum are mainly cultivated under traditional crop
management practices in which farmers use little external inputs, such as purchased seed and inorganic fertilizer.
Traditional crop management practices mean that labor, in particular, is strongly related to output (Fafchamps
1993). The PNGT survey did not collect data on actual labor input in days. We therefore use the number of males
and females that are more or less full-time active on the farm as a proxy for household labor supply.
The data reveal that hired labor was hardly used in agricultural production. A missing market for labor is
characteristic of rural areas lacking a large landless class and with homogeneous factor endowments (De Janvry,
Fafchamps and Sadoulet 1991; Fafchamps, 1993). It has been observed for eastern Burkina Faso that there exists a
cultural barrier to offering one’s own labor for a wage because it is thought to be a sign of inability to sustain
production in one’s own fields (Mazzucato and Niemeijer 2000). For the Central Plateau, hiring workers in
agriculture has been shown to be rare, representing approximately 1% of total labor use (measured in worker
days) (Wouterse and Taylor 2008). In general, exchange labor in the form of work parties tends to be more
common, but is limited to a few crops with particular patterns of seasonality (Wouterse and Taylor 2008;
Fafchamps 1993). The high migration that characterizes parts of Burkina Faso is also indicative of the lack of local
wage labor options that are available, forcing household members to migrate in search of jobs (Wouterse 2012).
In addition to input use, farming practices are largely determined by equipment use. Animal traction, in
particular, should be considered as a labor-saving technology device during the preparation and planting stage
(Pingali, Bigot and Binswanger 1989). The PNGT data reveal that only about 50 percent of the rural households
surveyed had access to animal traction.

Model

Let the agricultural production function of a farm household be given by (1).

(1)
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Equation (1) specifies a Cobb-Douglas production technology according to which a farm household transforms a
given vector of inputs

– land, labor, fertilizer and equipment into output

Given the multitude of crops that are

cultivated, the output variable is measured as the aggregate of the quantity harvested of each crop multiplied by
village level crop specific prices. Land is measured at the household level by aggregating individual plot sizes. As
mentioned, there appears to be a missing market for land with rights largely assigned on a hereditary basis along
patrilineal lines. Land size can thus not be adjusted in the short run and may be considered as exogenous to the
production process. Labor input, is measured as the household’s endowment of adult members that have
indicated to be active in own-farm agriculture more or less full-time. As the endowment of household labor cannot
be adjusted in the short run, this input variable can be taken as exogenous to production. Variable inputs
constitute spending on seed, fertilizer, pesticides and herbicides. As variable inputs may be adjusted in the short
run, they are likely to be endogenous with production. Equipment comprises the current value of all agricultural
equipment - mainly plough, cart, hoe and sprayer – applying an annual depreciation rate of 10 percent.
Following Fulginiti and Perrin (1993), we specify the intercept and the slope of this production function as:

(1a)

(1b)

In (1a) and (1b),

is a vector of technology changing variables ,

variable distributed independently of the

and

, and the

and

are fixed coefficients,

is a random

are random variables independent of the

with mean zero and a finite positive semi-definite covariance matrix. The

here represent elasticities of output

with respect to each of the input variables that are variable at the household level. The technology changing
variables determine the production elasticities and are taken by households as parameters for the current
production period.
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Technology changing variables have been related to the quality of human resources (Fulginiti and Perrin
1993; Mundlak, Cavallo and Domenech 1989). In our model, we include three human capital indicators as
technology changing variables: weight-for-height, formal education and the average age of adult workers in
agriculture. The inclusion of weight-for-height of adult workers in the production function as a technology
changing variable controls for past calorie intake and for body size in the relation between current calorie intake
and productivity; its coefficient may be interpreted variously as the returns to endurance, strength, or health
status (Deolalikar 1988). As weight-for-height also measures current calorie intake, this variable may be
endogenous to the agricultural production process. Taking the possible spillover effects of education into account,
we use the level of education received by the highest educated worker in the household. Although the education
of adults has been completed sometime in the past, this measure could still be endogenous to agricultural
production. To be sure, we instrument for this variable using the number of years that the mother of the head of
household attended school as well as the distance to the nearest potable water source.
Expressing equation (2) in logs, we obtain the convenient econometric model:

(2)

This model allows us to evaluate directly the impact of several aspects of human capital - nutrition and health,
formal education and experience proxied by age - on the technology employed by a household. The elasticity of
productivity of the technology changing variables for this function is evaluated as:

(2a)

If technology changing variables are expressed as the log of some variable say,
productivity with respect to

, then the elasticity of

is simply:

(2b)
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The effect of weight-for-height, education and age of adult farm workers on current productivity is thus
summarized by these production elasticities. To the extent that policies affected the nutrition and health status
and education level of adult workers, the productivity effect of those policies can be measured using

. The

production elasticities as specified in equation (1b) depend on the level of the variables that condition the
household’s choice, so they differ by observation. The quality of the available resources, the set of techniques
available for production will combine to determine the productivity of each input.
The descriptive statistics of the variables used to estimate the variable coefficient production function
specified in equation (2) are given in Table 1.
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Estimation strategy

Before turning to the actual results of the estimation of the variable coefficient production function specified in
equation (2), a few estimation issues merit further discussion.

Identification

There are several difficulties with discerning causal links between health and nutrition indicators such as weightfor-height and agricultural productivity in a regression framework. First, weight-for-height is likely to be
endogenous to the agricultural production process due to simultaneous effects. Though it may be intuitively
appealing to believe that better-nourished individuals are more efficient, the direction of causality between
nutrition and productivity is difficult to establish (Schultz, 2003). Improved weight-for-height could lead to
increased productivity, but it is equally plausible that increased productivity leads to higher incomes, thereby
improving an individual’s nutritional status (Garcia and Kennedy 1994). Second, endogeneity could manifest itself if
there are exogenous unobserved differences across individuals in their original endowments, and if these
endowments influence how parents and children invest in human capital, in either a compensatory or a
complementary manner (Schultz 2003). Examples of this phenomenon could be frailty – or physical weakness affecting the demand for health inputs (Rosenzweig and Schultz 1983). These forms of innate, unobserved
heterogeneity could cause a correlation between weight-for-height and the error in determinants of agricultural
productivity. Third, there may be lags during which the formation of human capital occurs before a farm household
member becomes more productive (Schultz 1999). Formal education could also be endogenous with agricultural
output due to simultaneous effects although this source of bias is likely to be much smaller compared to weightfor-height as educational attainment of adults has most likely taken place sometime in the past. Ability bias could
also arise due to exogenous unobserved differences across individuals in their original endowments which
influence investment in formal education (Willis and Rosen, 1979). In addition to the possible endogeneity of two
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of our human capital indicators, spending on variable inputs such as fertilizer is likely to be endogenous to the
agricultural production process.
To obtain consistent estimates in the presence of endogeneity, one may use instrumental variable methods in
which the instruments are sufficiently correlated with the endogenous variables but strictly not correlated with
agricultural output. We instrument for weight-for-height of adult workers using a dummy variable indicating
whether the father of the head has passed away; the village price of mosquito repellent and the village price of
chloroquine - a drug commonly used to prevent and treat malaria. We instrument for formal education of workers
using the educational attainment of the mother and the father of the head of household. Finally, we instrument
for spending on variable inputs using distance from the village to a main road and the presence of a producer
organization in the village.
As mentioned, an instrumental variable must satisfy two requirements: it must be correlated with the
included endogenous variable and orthogonal to the error process (Baum, Schaffer and Stillman 2003). We test the
former condition – relevance - by examining the fit of the first stage regressions. The relevant test statistics here
relate to the explanatory power of the excluded instruments in these regressions. We report the R-squared of the
first stage regression with the included instruments partialled-out. This may also be expressed as the F-test of the
joint significance of the excluded instruments in the first stage regression. Following Baum, Schaffer and Stillman
(2007) we report the Kleibergen-Paap wald F-statistic and the Stock-Yogo critical values to further test for weak
instruments. For models with a single endogenous variable, these indicators are considered to be sufficiently
informative. While existing only for i.i.d error models these statistics may still be indicative of weak instrument
issues in non-i.i.d cases (Baum, Schaffer and Stillman 2007).
For the latter condition – validity – to hold excluded instruments need to be orthogonal to the error in the
second stage regression. If we have more excluded instruments than included endogenous regressors, we can test
whether our instruments are uncorrelated with the error process. For this test, the residuals from a 2SLS
regression are regressed on all exogenous variables: both included exogenous regressors and excluded
instruments. Under the null hypothesis that all instruments are uncorrelated with the error, an LM statistic of the
form has a large sample

distribution where

is the number of overidentifying restrictions or excess
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instruments. Rejection of the null hypothesis, would cast doubt on our instrument set. We report the Hansen Jstatistic and the associated p-value, which is the GMM equivalent of the Sargan test described above and robust to
possible heteroskedasticity.
Turning to an instrumental variable estimation for the sake of consistency must be balanced against the
inevitable loss of efficiency (Wooldridge, 2003). This loss of efficiency can only be justified if the OLS estimator is
biased and inconsistent. We report the p-value of the Durbin version of the Durbin-Wu-Hausman test for
endogeneity, which involves estimating our regressions via both OLS and IV approaches and comparing the
resulting coefficient vectors. Test results are best interpreted not as a test for the endogeneity or exogeneity of
regressors per se, but rather as a test of the consequence of employing different estimation methods on the same
equation (Baum, Schaffer and Stillman 2003).
When using predicted variables as regressors in second stage regressions, the reported standard errors are
not valid because they do not take into consideration that the endogenous regressors have been estimated in the
first stage (Wooldridge, 2003; Baltagi, 2002). We apply the method suggested by Murphy and Topel (2002) to
calculate asymptotically correct standard errors (Baum 2006).
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Selection of functional form

The Cobb-Douglas (1928) production function assumes that the elasticity of substitution between factors of
production is unity while returns to scale can be constant, increasing or decreasing. One important reason for its
popularity is that, after logarithmic transformation, the function is linear in parameters and can thus be estimated
by simple linear regression techniques. An important drawback of the Cobb-Douglas production function or any
other parametric specification of a production function is sensitivity of results to the functional form chosen. In the
case of misspecification of the functional form, calculations of measures such as marginal products, partial
production elasticities, and elasticities of scale, as well as various statistical tests become incorrect. The
nonparametric approach to estimating production functions largely builds on the work by Varian and Afriat and
has as its advantage that is does not impose any a priori restrictions on the underlying technology avoiding the risk
of incorrect technical efficiency estimates in the case of misspecification (Varian, 1984; Afriat, 1972). One major
drawback of nonparametric methods is the curse of dimensionality especially in multivariate regressions, which
can prevent one from finding a smooth in high dimensions because of the sparsity of the underlying space (Stone,
1980). Often, when investigating efficiency in farm households, deterministic non-parametric methods such as
data envelopment analysis tend therefore to be preferred (see for example Chavas, Petrie and Roth 2005;
Wouterse, 2010).
As the aim of this paper is precisely to test for more flexibility in a particular functional form, we opt for the
parametric approach with as an added advantage that results are comparable to certain other studies that
incorporate human capital indicators in agricultural production (such as Croppenstedt and Muller 2000). To ensure
that the Cobb-Douglas specification is consistent with the true relationship between the inputs and the output in
our data set, we apply the test described in Hsiao, Li and Racine (2007), which is a nonparametric kernel-based
model specification test that can be used when the regression model contains both discrete and continuous
regressors, to equation (2). The test described in Hsiao, Li and Racine (2007) builds on the assumption that if the
parametric model is right, its residuals should be patternless and independent of input features and applies nonparametric smoothing to the parametric residuals to see if their expectation is approximately zero everywhere. We
employ discrete variable kernel functions and smooth both the discrete and continuous regressors using least
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squares cross-validation (CV) methods.4 However, as this test loses power as the sample gets large (Hsiao, Li and
Racine 2007; Shalizi 2012), we only run this test on a randomly selected subsample of 350 observations or 20
percent of the sample. To further test for the appropriateness of the parametric functional form for the entire
sample, we also use a somewhat simpler approach, which compares residuals of a parametric model to those
obtained from a semiparametric additive regression model (Shalizi 2012). This test is built on the assumption that
if the parametric model is right, it should predict as well as, or even better than, a generalized additive model. The
generalized additive model uses a backfitting algorithm and we apply smoothing splines to continuous regressors
while treating our regional dummies as random effects (Ma and Racine 2012).

Variable and fixed coefficient regressions

In production economics, the use of regression models with fixed coefficients is relatively common. The
implication of this approach is that independent variables do not significantly differ in their behavior from one
observation to another. This is restrictive as, in reality, production possibilities are expected to differ in a crosssection of firms, and a set of different technologies may simultaneously coexist at any given time. If that is the
case, efficiency measurement, for example, cannot proceed under the assumption of common technology (Tsionas
2002). The stochastic frontier is thus not useful if the slope coefficients vary. This may happen if for the same levels
of inputs different levels of outputs are obtained by following different methods of input applications
(Croppenstedt and Demeke 1997). It is thus necessary to apply parameter variation across decision units. There
have been a number of theoretical studies on varying parameter models (Hildreth and Houck, 1968; Swamy and
Tavlas, 1995). Empirical applications of these random coefficients models in stochastic frontiers exist though are
very limited; see for example Kalirajan and Obwono (1994). Somewhat in parallel, Mundlak (1986) showed that the
production function can be approximated by a function that has a Cobb-Douglas form but where the intercept and
the slope are functions of so-called state variables. Fulginiti and Perrin (1993) use this approach to link prices to
agricultural productivity. We continue along these lines and test such a model of production within which the
technology embodied is to some extent endogenous. We posit a production function for which the coefficients are
variable and determined at any one place and time by a household’s endowment of human capital.
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Estimation results

To test for the significance of the role of human capital variables in the agricultural production process, we initially
estimate an augmented Cobb-Douglas production function. OLS estimation results are given in Table 2.

[TABLE 2 HERE]

As mentioned, spending on agricultural inputs as well as formal schooling and weight-for-height are likely to be
endogenous to the agricultural production process. For spending on inputs we estimate an instrumental variable
regression using distance to a main road from the homestead and the distance to pasture from the center of the
village. Results of the first stage are given in Table A1 in the appendix.
Clearly, both instruments explain spending on inputs. The further away is a household from a main road the
higher is spending on inputs. It is possible that fertilizer markets are thinner with less supply and higher prices
when communities are more isolated. The presence of a producer organization in the village is associated with
higher spending on inputs. Often, producer organizations are a distribution channel for (subsidized) inputs
(Soulama 2003). If we apply the rule of thumb that for a single endogenous regressor an F-statistic below 10 is
cause for concern (Staiger and Stock 1997), we can confirm that our instrument set is appropriate. However, we
are only able to reject weak identification at 20% maximal IV size and we suspect that the proportion of low-lying
land in total land holdings is a somewhat weak instrument. The p-value associated with the Hansen J-statistic is
0.64 indicating that we cannot reject the hypothesis that our instruments are orthogonal to the error in the second
stage equation. Although not reported, our instruments meet the exclusion restriction as they are confirmed not
to influence the value of output other than through their effect on spending on inputs. We also report the p-value
of the Durbin score heteroskedasticity robust endogeneity test which has superior performance compared to the
Durbin-Wu-Hausman test when instruments are weak (Staiger and Stock 1997). The test cannot reject its null of
exogeneity of spending on inputs. We thus use observed rather than predicted input costs in subsequent
production functions.
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First stage estimation results for formal schooling of adults are given in Table A2 in the appendix. Both
instruments explain formal schooling. When either the father or the mother of the household head has received
more education, this may stimulate younger household members to attend school (Schultz, 1999). Again, our
Kleibergen-Paap Walk rk F statistic of 44.40 confirms that our instrument set is appropriate at 10% maximal IV size.
A p-value of 0.45 for the Hansen J-statistic indicates that our instruments are orthogonal to the error in the second
stage equation. Again, the instruments meet the exclusion restriction as in a regression of the value of output on
inputs and our two instruments, we find that the latter are not correlated with output. As we cannot reject the
null of exogeneity of formal education of adult workers, we will use observed rather than predicted values in our
estimations.
First stage estimation results for weight-for-height of the head of household are given in Table 3.

[TABLE 3 HERE]

All three excluded instruments explain weight-for-height of adult workers. For adult workers in households in
which the father of the head has passed away, weight-for-height is significantly lower. As we are already
controlling for the age of adult workers, the passing away of the father of the household head may point towards
an unfavorable nutrition and health environment in which the formation of the weight-for-height of adult workers
has taken place. The village level price of choloroquine and insect repellent are negatively associated with weightfor-height of adult workers. Weight-for-height captures both health and nutrition status (Schultz 1999) and - in a
country where malaria is highly endemic (Beiersman et al. 2007) - morbidity is likely to be influenced by the
affordability of anti-malarial medication or mosquito repellents. To assess the relevance of our instrument set, we
note that the Kleibergen-Paap rk Wald F statistic is above 10 and exceeds the Stock-Yogo critical value at 20%
maximal IV size. In terms of validity, the p-value associated with the Hansen J-statistic indicates that the equation
is not overidentified. We tested the exclusion restriction by regressing the value of output on all inputs and our
instruments and find that these do not explain the value of output other than through their role in explaining
weight-for-height.
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Table 3 also reports the p-value of the Durbin score heteroskedasticity robust endogeneity test. The test strongly
rejects the null of exogeneity of weight-for-height of adult workers. Combining this finding with the strong
theoretical foundations for treating weight-for-height as endogenous, we proceed with the inclusion of the
predicted value of weight-for-height of adult workers in the agricultural production function and the left-hand
column of Table 2 shows the second-stage estimates treating weight-for-height as endogenous. Estimated at 2.04
in the instrumental variable specification, the output elasticity of weight-for-height of adult workers is similar to
Croppenstedt and Muller’s (2000) estimates of between 1.8 and 2.2 for the household head and Deolalikar’s
(1988) estimate of 1.9. At the mean, an increase in weight-for-height of adult workers of 10% will increase output
by more than 20%. This implies that even for small increases in the weight-for-height considerable increases in
output could be achieved. This has to be contrasted with other productivity augmenting investments such as
education. Our results indicate that a 10% increase in the level of education of the highest educated adult will
decrease output by 5%. This finding clearly underlines that returns to formal schooling are not necessarily positive
most likely as more schooled individuals have become disengaged with agriculture.
The augmented production function thus demonstrates that human capital plays an important role in
agricultural production.

However, two major issues need to be addressed. First, in addition to having an

independent influence on output, it may be reasonable to expect that human capital variables interact with
traditional input variables to affect output. Second, if we allow for these types of interactions, we can also
challenge the assumption that households employ the same production technology. Farms may be operated
according to a different technology for a variety of reasons. Adoption of a new technology is likely to be costly, and
farms adopt new technologies only with considerable lags. If costs related to physical and human capital
accumulation differ across farms, at any given point in time there will be some variability in the types of
technology used by farms. Therefore, in practice, production possibilities are expected to differ in a cross-section
of firms, and a set of different technologies may simultaneously coexist at any given time. If that is the case,
measurement of returns to scale cannot proceed under the assumption of common technology (Tsionas 2002). In
the context of a farm household, we can test whether technologies differ according to the level of human capital –
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weight-for-height, schooling and age of adult workers– with which a household is endowed. Below, we analyze in
more detail the substitution and complementary effects of our human capital measures and test whether they can
be considered as technology-changing i.e. whether they affect the intercept and/or the slope of the production
function. Table 4 shows the estimation results of equation (2) as well as the results of testing for the suitability of
the Cobb-Douglas functional form.

[TABLE 4 HERE]

Table 4 shows that the interaction effect of formal education and land is negative and significant indicating that
education negatively affects output the larger are landholdings. A positive interaction effect exists for formal
education of adult workers and the returns to their labor input when they are male. That is, formal education
contributes more to output when households have increased access to the complementary male labor input.
The interaction effect of weight-for-height of adult workers and land is positive and significant indicating that
increased strength contributes more to output the larger are landholdings. Similarly, returns to spending on input
are higher when interacted with weight-for-height indicating that increased strength may be conducive to better
input application. However, Table 4 also shows that there is a negative, significant interaction effect of weight-forheight of adult workers with female labor input while the interaction with male labor input is also negative but not
significant. It seems plausible that stronger workers are likely to contribute more to output if they can substitute
for female labor when this is in limited supply. Finally, there is a positive interaction effect of the average age of
workers with equipment as well as with spending on inputs. If we take age as a proxy for farming experience, these
results are rather plausible indicating that experience enhances returns to equipment and inputs.
F-tests show that the random effects on the slope and intercept coefficients are significant suggesting that
technology changing variables affect both the intercept and the slope of the production function. We have seen
that the effect of introducing stochastic variation in coefficients is that errors in the reduced form model become
heteroskedastic. The p-value of the Breusch-Pagan (1979) test for heteroskedastic errors indicates that we reject
the null hypothesis of homoscedasticity. We correct for this heteroskedasticity by estimating our standard errors
using the robust Hubert-White sandwich estimator
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Results from the functional form tests confirm that the Cobb-Douglas specification outperforms a fully nonparametric model for a randomly selected subsample of 350 observations. Our Cobb-Douglas specification can also
not be rejected when tested against a generalized additive model applied to the entire sample as demonstrated by
a p-value of 0.94 for 200 bootstrap replications.
Productivity and production elasticities calculated from equation (1b) and (3a) are given in Table 5.

[TABLE 5 HERE]

Results in Table 5 reveal that weight-for-height and education are significant though their elasticities are
somewhat more modest compared to estimates from the augmented Cobb-Douglas specification. As for the
traditional input variables, returns to land are higher under the variable coefficient specification primarily due to
the complementary effect of weight-for-height. If we consider weight-for-height as an indicator of physical
strength, we could hypothesize that stronger workers are better able to till the land thereby improving its returns.
Table 5 further shows that returns to male and female labor are much higher under a variable coefficient
specification. Although, we observe a negative interaction effect of weight-for-height and female labor, the latter
remains strongly significant in its linear form. Formal education seems to have augmented returns to male labor.
To better understand the household level differences in technologies suggested by the randomcoefficient and intercept model, we tabulate productivity elasticities for the technology-changing variables and
estimated elasticities for traditional inputs per household landholding quintile. Results are given in Table 6.

[TABLE 6 HERE]

Table 6 shows that there are important differences in production elasticities due to variations in human capital.
Returns to weight-for-height and age of adult workers strongly increase across landholding quintiles; so much so
that in the lowest landholding quintile, improvements in weight-for-height would actually lead to a deterioration in
output. Returns to formal education are consistently negative across quintiles although the production response to
education becomes more elastic for households with larger landholdings. If we interpret age as a proxy for farming
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experience, which is appropriate as formal education is limited, we see that experience is more important when
landholdings are larger.
What can we take away from this breakdown by landholding quintiles? Clearly the input with the largest
consistent increase in elasticity across quintiles is land. It is not unrealistic to assume that strength and experience
play a more important role in the productivity of land the larger are landholdings. At the same time, the elasticity
of female labor falls across quintiles due to its previously uncovered negative interaction with weight-for-height. It
is possible that as the nutritional status of all workers improves, female workers who are unlikely to control
substantial, if any, amounts of land, have less of an incentive to effectively apply labor. In general, we can conclude
that there is considerable merit in letting go of the restrictive assumption that all households operate on the same
production function. Clearly, depending on the level of our human capital indicators, production technologies
strongly differ.

Conclusion

The relation between human capital variables and agricultural production has been carefully investigated.
However, so far researchers have resorted either to some type of an augmented production function or have
allowed for differences in technical and/or allocative efficiency of households and used human capital variables to
explain such differences. Although links between technological innovation and the returns to human capital have
been established, not many studies have attempted to address the question whether a household’s human capital
endowment may actually induce it to employ a different technology.
In this article, we use a large, nationally representative household level data set for Burkina Faso and a
variable coefficient agricultural production function to show that human capital variables can rightly be considered
as technology changing. In particular, we find that returns to land and male and female labor are higher under a
variable coefficient specification and that returns to scale improve. Better nourished and healthier workers are
able to obtain higher returns from the land while more formal education enables male workers to become more
productive. Once we accept that human capital variables are technology changing, we test the hypothesis that
production technologies differ by landholding quintiles and find that productivity of female labor falls across
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landholding quintiles despite significant improvements in returns to weight-for-height and experience. We explain
this finding by resorting to an incentive argument whereby the better the nutritional and health status of the
household, the less those who do not usually control the land have an incentive to work efficiently.
In terms of policy implications, returns to agriculture of human capital indicators are found to be significant.
Clearly an intervention that would improve the nutritional and health status of the household would also
importantly increase returns to land and to scale in general. However, with the drawback that agricultural
production by households in the lowest landholding quintile, who are also the poorest, would not benefit from
such interventions.
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Notes
1

Croppenstedt and Muller (2000) use the percentage of members of the household engaged in agriculture who, by

their own assessment, have great difficulty in transporting a bucket with 20 liters of water for 20 meters as a
measure of strength and endurance.
2

Another round of data was collected in 2011 but these have not yet been made available.

3

Household heads are male in 95% of cases. Although important differences may exist in terms of agricultural

production between male and female headed households, the limited number of observations on female headed
households precludes a separate analysis of the role of human capital variables in determining agricultural
production in female-headed households.
4

This test is pre-programmed in the np package in R (Hayfield and Racine 2008)
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Table 1 Data descriptives
Mean

Std. Dev.

Min.

Max

351 472

647 322

2 241

1.68e+07

Male adult workers

1.51

1.39

0

16

Female adult workers

1.75

1.82

0

17

Land (hectares)

5.02

4.36

0

43

Current value of agricultural equipment (FCFA)

64 404

121 867

0

3 077 493

Cost of inputs (FCFA)

69 141

183 107

0

2 765 000

Weight-for-height of adult workers

0.35

0.01

0.32

0.40

Age of adult workers

35.93

7.89

18

65

Formal education of adult workers

1.30

2.91

0

17

Father of household head has passed away

0.83

0.38

0

1

Formal education of mother of household head (years)

0.38

1.74

0

15

Formal education of father of household head (years)

0.39

1.20

0

9

Distance to a main road from the village (km)

24.90

31.01

0

150

Producer organization in village (1=yes)

0.77

0.42

0

1

Village price of mosquito repellent (USD)

0.41

0.15

0.31

0.89

Village price of chloroquine (USD)

0.37

0.25

0.31

2.22

N

1935

Output variable
Value of output (FCFA)a
Input variables

Human capital indicators

Instruments

Note: a 168 FCFA=USD 1 (PPP 2002) (World Bank, 2005)
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Table 2 OLS and IV estimates of an augmented Cobb-Douglas production function
Ln Value of output
OLS

IV

Ln Land

0.43 (0.03)**a

0.41 (0.03)**c

Ln Male workers

0.15 (0.04)**

0.16 (0.04)**

Ln Female workers

0.16 (0.04)**

0.21 (0.04)**

Ln Cost of inputs (FCFA)b

0.07 (0.01)**

Ln Current value of equipment (FCFA)

0.04 (0.01)**

0.07 (0.01)**
0.04 (0.01)**

Ln Weight-for-height workersb

0.30 (0.17)*

2.04 (1.04)**

Ln Age workers

-0.09 (0.08)

-0.04 (0.09)

Ln Formal education workers

-0.04 (0.03)*

-0.05 (0.03)**

R-squared

0.51

0.52

Notes: **significant at the 5% level, *significant at the 10% level
a
Robust standard error in parentheses
b
Endogenous in IV specification
c
Robust, asymptotically correct standard errors in parentheses
Regional fixed effects not reported
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Table 3 First-stage regression of weight-for-height of adult workers
Instruments

Dependent
Ln weight-for-height
0.012 (0.003)**a

Ln Land
Ln Male workers

-0.003 (0.005)

Ln Female workers

-0.025 (0.004)**

Ln Value of equipment

0.001 (0.001)**

Ln Cost of inputs

0.000 (0.001)

Ln Average age of workers

-0.013 (0.011)

Ln Formal education workers

0.005 (0.003)*

Excluded instruments
Father of head has passed away

-0.023 (0.006)**

Village price of mosquito repellent (USD)

- 0.036 (0.017)**

Village price of chloroquine (USD)

-0.050 (0.008)**

Partial R-squared of excluded instruments

0.03

Kleibergen-Paap Wald rk F statistic

17.75

Stock-Yogo critical values
10% maximal IV size

22.30

15% maximal IV size

12.83

20% maximal IV size

9.54

H0: instruments are valid, Hansen J-statistic

0.89
p-value

H0: variable is exogenous, Durbin (score)

(p-value)

0.64
0.08

Notes:**significant at the 5% level, *significant at 10% level
a
Robust standard error in parentheses
Regional fixed effects not reported
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Table 4 –OLS estimates of equation (2) with technology changing variables

Land

Linear

Education

Weight-for-heightb

Age

-4.11**

-0.017*

12.93**

0.003

(0.86)a

(0.009)

(2.45)

(0.003)

-0.06

0.002

0.14

0.001**

(0.12)

(0.001)

(0.35)

(0.001)

-0.72**

0.002

2.09**

0.002*

(0.34)

(0.003)

(0.95)

(0.001)

0.56

0.025**

-1.48

0.002

(1.17)

(0.011)

(3.30)

(0.006)

3.13**

0.003

-8.59**

0.002

(1.22)

(0.009)

(3.45)

(0.005)

21.53**

-0.04

-28.93**

-0.03**

(3.01)

(0.03)

(8.53)

(0.01)

Ln Value of equipment

Ln Cost of inputs

Ln Male workers

Ln Female workers

Intercepts

R-squared

0.55

Functional form tests for equation (2)
1. Kernel consistent specification test
2. Parametric model

(P-value)

0.24

predicts as well as or better than generalized additive model
0.94

(
(P-value)
Breusch-Pagan test for heteroskedasticity (P-value)

0.001

F-test random effects on intercept (P-value)

0.002

F-test random effects on coefficient (P-value)

0.000

Notes: **significant at 5% level, *significant at 10% level
a
Asymptotically correct, robust standard errors in parentheses
b
Predicted values from first-stage regression
Regional fixed effects not reported
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Table 5 - Productivity and production elasticities for technology changing variables
Variable coefficienta

Fixed coefficientb

Productivity elasticity for technology changing variable
Weight-for-height

1.649*
(1.016)c

Education

-0.030**
(0.010)

Age

0.045
(0.085)

Production elasticity for traditional input variable
Land

Male workers

Female workers

Value of equipment

Cost of inputs

Sum (traditional inputs)

0.444**

0.431**

(0.030)

(0.027)

0.151**

0.135**

(0.040)

(0.039)

0.195**

0.143**

(0.044)

(0.035)

0.033**

0.039**

(0.004)

(0.003)

0.072**

0.075**

(0.000)

(0.009)

0.895

0.823

Notes: **significant at 5% level, *significant at 10% level
a
Equation (2)
b
Equation (2) with
for all and
c

Estimated standard errors in parentheses
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Table 6 Production and productivity elasticities by landholding quintiles
Landholding quintile

1

2

3

4

5

Productivity elasticity for technology changing variable
Weight-for-height

-3.693 (3.489)a

0.697 (2.234)

2.588 (2.402)

3.960 (2.687)

6.177 (3.470)

Education

-0.006 (0.056)

-0.019 (0.062)

-0.017 (0.071)

-0.024 (0.075)

-0.019 (0.080)

Age

-0.366 (0.330)

-0.079 (0.257)

0.053 (0.249)

0.212 (0.239)

0.430 (0.225)

Production elasticity for traditional input variable
Land

0.398 (0.121)

0.432 (0.124)

0.456 (0.127)

0.464 (0.144)

0.471 (0.161)

Male labor

0.150 (0.059)

0.147 (0.065)

0.150 (0.073)

0.154 (0.074)

0.165 (0.091)

Female labor

0.248 (0.097)

0.206 (0.103)

0.187 (0.104)

0.178 (0.118)

0.160 (0.133)

Inputs

0.063 (0.018)

0.069 (0.020)

0.073 (0.019)

0.074 (0.022)

0.078 (0.024)

Equipment

0.033 (0.010)

0.032 (0.009)

0.033 (0.009)

0.033 (0.009)

0.033 (0.009)

0.892

0.886

0.899

0.903

0.907

Returns to scale
a

Standard deviation in parentheses
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Appendix
Table A1 First-stage regression of spending on agricultural inputs
Instruments

Dependent
Ln input costs (FCFA)

Ln Land

0.81 (0.07)**a

Ln Male workers

0.17 (0.09)*

Ln Female workers

0.16 (0.09)*

Ln Value of equipment

0.07 (0.01)**

Ln Age of workers

-0.27 (0.23)

Excluded instruments
Producer organization in village

0.49 (0.15)**

Distance to a main road from village

0.01 (0.00)**

Partial R-squared of excluded instruments

0.03

Kleibergen-Paap Wald rk F statistic

21.58

Stock-Yogo critical values
10% maximal IV size

19.93

15% maximal IV size

11.59

20% maximal IV size

8.75

H0: instruments are valid, Hansen J-statistic

1.83
p-value

H0: variable is exogenous, Durbin (score)

(p-value)

0.18
0.64

Notes:**significant at the 5% level, *significant at 10% level
a
Robust standard errors in parentheses
Regional fixed effects not reported
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Table A2 First-stage regression of formal education of adult workers
Instruments

Dependent
Ln Formal education of workers

Ln Land

0.03 (0.02)a

Ln Male workers

0.41 (0.04)**

Ln Female workers

0.03 (0.03)

Ln Value of equipment

0.01 (0.00)

Ln Age of workers

-0.24 (0.07)**

Excluded instruments
Formal education of mother of household head

0.03 (0.01)**

Formal education of father of household head

0.17 (0.02)**

Partial R-squared of excluded instruments

0.10

Kleibergen-Paap Wald rk F statistic

44.40

Stock-Yogo critical values
10% maximal IV size

19.93

15% maximal IV size

11.59

20% maximal IV size

8.75

H0: instruments are valid, Hansen J-statistic

0.57
p-value

H0: variable is exogenous, Durbin (score)

(p-value)

0.45
0.39

Notes:**significant at the 5% level, *significant at 10% level
a
Robust standard error in parentheses
Regional fixed effects not reported
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