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Abstract

As crop straw and firewood are generated as by-products of food production systems, they
are perceived to be sustainable energy sources that do not threaten food security by Chinese
government for a long time. However, the time spent on collecting straw and firewood may
create a burden on rural household, as it could reduce the available labor inputs for
agricultural production, which in turn, possibly brings negative impact on food security.
Building on an integrated agriculture-energy production system, a Symmetric Normalized
Quadratic (SNQ) multi-output profit function (which includes labor allocations as quasi-fixed
factors) is estimated to investigate the impacts of traditional biomass energy use on
agricultural production in this paper. The negative signs of the calculated cross-price
elasticities of supply (agricultural products and biomass energy) confirm that the relationship
between biomass collection and agricultural production is competition. Moreover, the cross-
price elasticities of biomass collection with respect to inputs are positive, implying that
indirect link between biomass collection and agricultural production perhaps lies in household
consumption decisions. The important implication of this study is that potential policy
interventions for developing biomass energy in rural China could aim at enhancing food
security by improving household motivation of engaging in agricultural production and
slowing down the competition between biomass collection and agricultural production. It is
suggested that government should attach more importance to simultaneously promote the
prices of agricultural products and control the prices of intermediate inputs.

Keywords: biomass collection, agricultural production, labor allocation, China

JEL Codes: 013, Q01, Q12, Q41



1. Introduction

Biomass, which is related mostly to agriculture and forestry, is an important source of
renewable energy in rural China. While the largest contributing sources are estimated to be
the residues from annual crop production and forest logging like straw and firewood, much of
them are presently used for cooking and heating in rural households (IRENA, 2014). According
to the national statistics of China (MOA, 2010), the theoretical resources amount of crops
straw with 15% water content was 0.82 billion ton, while the available resources amount of
that for energy use was about 687 million ton, including 265 million ton maize straws, 205
million ton rice straws and 150 million ton wheat straws. Moreover, totally 0.155 billion ton
woody biomass resources derived from deforestation wastes, wood processing and firewood
forests were used as feedstock for energy production by the end of 2010 (CRES, 2011). As
these residues are generated as by-products of food production systems, they have been
perceived to be sustainable energy sources that do not threaten food security by Chinese
government for a long time (Fernandez, 2016). Despite all this, due to lack of access to modern
technologies such as gasification, briquetting and co-combustion of coal and biomass, a large
number of rural households have to convert biomass to energy at low efficiencies by directly
burning it. Biomass collection, in this context, involves operations of gathering and packaging
biomass in or near the field, and transporting it to a specific site (in most cases, households
place the collected biomass near their houses) for temporary storage (Zafar, 2015). The time
spent on collecting biomass may create a burden on household who decides to use traditional
biomass energy such as crops straw and firewood, as it could reduce the available labor inputs
for agricultural production, which in turn, may deal negative impacts on food security (Li et
al., 2001; van der Kroon et al., 2013). Therefore, it is of great importance to better understand
the effects of traditional biomass energy use on agricultural production in China.

Currently in Sichuan Province, household energy consumption in rural areas still depends on
traditional biomass energy generated from firewood and crop residues, due to the slow
progress of energy transition toward modern fuels (Guta, 2014; Chen et al., 2016). By the end
of 2013, the proportion of traditional biomass energy, i.e. crop straw and firewood, in rural
energy consumption was 44% (SCREO, 2013). Excessive firewood collection leads to
deforestation, while the utilization of crop straw potentially has negative effects on soil quality
(Mathye, 2002; Chen el al., 2006). However, the existing evidence regarding the relationship
between traditional biomass energy and agriculture is still insufficient to provide a clear
picture of agriculture-energy interactions at micro level in rural Sichuan. Hence, the main
purpose of this paper is to investigate how traditional biomass energy use affects agricultural
production with a focus on biomass collection.

In recent years, a large number of researches have analyzed the agriculture-energy linkages
resulting from the integration of food, feed and fuel production, with focus on the effects of
crop-based biofuel on agriculture ( Kgathi and Mfundisi, 2009; Timilsina et al., 2010; Babcock,
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2011; Alka et al., 2014; Guta et al., 2015). The majority of them are qualitative analysis (Dodder
et al, 2015). The results demonstrate that the utilization of crop-based biofuel impacts
agricultural production, both directly and indirectly. The direct influences come from the
competition between energy crop cultivation and agricultural production for resources such
as land, labor and water (von Lampe, 2007; Baier et al., 2009), whereas the indirect effects are
reflected through the mechanism of price transmission between biofuel prices and food prices
(Havey and Pilgrim, 2011; Ajanovic, 2011; Zilberman et al., 2013). Moreover, considering the
relationship between biomass collection and agricultural production, most existing empirical
studies have only examined the influence of firewood collection on household agricultural
production (Kgathi, 1997; Heltberg et al., 2000; Fisher et al., 2005; Chen et al., 2006). As
suggested by van Horen and Eberhard (1995), an increase in labor time spent on firewood
collection may adversely influence the labor budget and in turn, negatively affect agricultural
production. That is to say, due to the limited time endowment, household members especially
women and children, who have to spend extensive amounts of time on firewood collection,
are usually constrained from engaging in other income generating activities such as working
off-farm and agricultural production (Li et al., 2001; van der Kroon et al., 2013). Nonetheless,
few rigorous empirical studies have been conducted on the interaction between crop straw
collection and agricultural production. Although biomass collection is expected to compete
with agricultural production, the understanding and the empirical evidence of the impacts of
biomass collection on agricultural production are still relatively limited. Thus, the present
article aims to fill the gaps in past literature by integrating biomass (including crop straw and
firewood) collection into agricultural production. A major contribution of this paper is the
analysis of household labor allocation between biomass collection and agricultural
production, and of household responses to factors such as prices of agricultural products and
intermediate inputs, and opportunity costs of time. A Symmetric Normalized Quadratic (SNQ)
multi-output profit function, which includes labor allocation as quasi-fixed factors, is derived
from a model of household production behaviors and estimated by triangulating several
econometric approaches.

A basic hypothesis of this paper is that biomass collection competes with agricultural
production for labor resources. Based on the economic theory of duality, we propose to test
the hypothesis through investigating household production responses to the changes in the
prices of outputs and inputs. Here, we assume that households in the study region (in Sichuan
Province) are price taking and profit maximizing and competitive producers, and the market
for traditional biomass energy (i.e. crop straw and firewood) is absent. The structure of this
paper is organized as follows: The theoretical framework developed on an agricultural
household model is provided in Section 2. Section 3 gives the model specifications and
estimation strategies adopted for empirical analysis. In Section 4, the data and variables used
in this paper are described. Section 5 presents the estimation results of the models, and the
main findings and policy implications are summarized in Section 6.



2. Theoretical framework

In order to address the focused issue, an agricultural household model including household
labor allocation to production activities is elaborated. Before further analysis, two basic
assumptions for this study are set. The first one is that intra-household economic activities on
the production side are only composed of biomass collection and agricultural production. The
second one is that farm households allocate their limited labor endowment to agricultural
production, biomass collection and off-farm work to generate income to support their
consumption. Hence, biomass production will be integrated into the agricultural household
model for investigating how a household makes decision on biomass energy use, and how it
would, in turn, influence agricultural production.

Firstly, the agricultural production of the household is assumed to be continuous and

monotonic in its labor input L., twice-differentiable and strongly concave. It is represented

ai ’

by the function:
qai :Fai(Lai; Bn) Wlth I:a,i > 0’ Fz;: < 0 (2-1)

Where B is a set of all inputs except labor (i.e. land, water, and all the other inputs) which is
assumed to be exogenous.

Now, we introduce the household biomass collection into our household model. In rural
Sichuan, the most important types of biomass energy are crop straw collected from the farm
and firewood collected from forest. Then, we define biomass resources here as crop residues

and firewood. We assume that the labor supplied to biomass collection is L,; (> 0) , and define

household biomass collection function as:
qy = Fyi(Lyis Z;) with R, >0, R} <0 (2.2)

Where Z is an exogenous vector of household characteristics pertaining to the accessibility
and availability of biomass resources such as the distance from the forest or the field to the
house, the transportation cost, and the stock of biomass resources.

In previous literatures using the household models, the biomass collection was usually
integrated into the agricultural household model by adding a separate production function
(Wiedenmann, 1991; Heltberg et al. 2000; K6hlin and Parks, 2001; Fisher et al. 2005; Chen et
al. 2006; Charles and James, 2008). In this approach, there is an implicit assumption that labor
allocation decisions are separable and can be made independent of allocation decisions on
agricultural production and biomass collection (Weaver, 1983). However, in Sichuan Province,
the labor allocated between agricultural production and biomass collection cannot be
distinguished by any physical indicator such as gender and age. The members of the household
engaged in farm work, in most cases, are also responsible for biomass collection. They often
collect firewood on their way to and from the fields or collect crop straw after harvesting and
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take it home. The simple aggregation of the production functions in past studies lacks the
information on the internal relationship between agricultural production and biomass
collection. Rural households usually rely on the market to provide signals through the price
system to choose the proportions of available labor inputs that should be allocated to each
activity (Debertin, 2012). In other words, household labor allocation should on the basis of the
decisions regarding these two activities. Therefore, the above separable labor allocation
assumption will not be hold in this study. In order to better simulate household production
behaviors in our study region, a multiple output production function will be considered
(Weaver, 1983).

Then, we can derive a multiple output production function that embodies the behavioral
relationship as well as technical relationship based on the single-input productions (2.1) and
(2.2):

fi(da Oi) = 9i (L3 B, Zy); L =L, + L, (2.3)

Where the function f () is concave inq,andq,;. This shows the behavioral relationship that

defines the transformation curve for the agricultural products and collected biomass
(Debertin, 2012). The function g(-) reflects the technical relationship that specifies possible

combinations of the output (,and(,; produced from the mix of labor inputsL,andL,
(Debertin, 2012), and it may be concave inL,(the total labor input for intrahousehold

production activities).

Using the implicit function theorem, we can write:

Oai = FulL = Pyt (@)1= (G, L3 B, Z)) (2.4)
And we can also obtain:

Li = Fyi' (A1) + Fyi” (G:) (2.5)

The total differentiation of (2.5) with respect to ¢,;and g, yields:

-1 -1
dy; = %d%i + wdqbi = ({/MPL,)dq,; + (/MPL,;)dq,, (2.6)
ai bi

Assuming that L, is invariable, therefore we have:

dg,  MPL,
dL. = (1/MPL_)dq.. +(1/MPL, )dqg,. =0 A =- 2 2.7
i (]7/ al) qal (]7/ bl) qb| = dqbi MPLbi ( )

The equation (2.7) gives the behavioral relationship between agricultural and biomass

collection. The expression dq,;/dq,, represents the slope of the product transformation curve

at a particular point. It is the rate of product transformation of biomass collection for

agricultural production ( RPT, . ) and indicates the rate at which agricultural products can be
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substituted for the biomass outputs as the labor input bundle is reallocated (Debertin, 2012).

Along the production transformation curve, RPTqai s equal to the negative ratio of individual

q

marginal products. According to our assumptions thatF, >0andF >0, this rate is

unambiguously negative. This implies that, for agricultural products and biomass collection,
one must be reduced in order to obtain more of the other, given a fixed available amount of

labor inputs L, .

As the objective of the household is to maximize its real income from agricultural production,
biomass collection and off-farm work, it then can be expressed as a profit maximization
problem:

Maxz, = g;(L;; B, Z,) - w; (L, + L) +w, L, +E

i —oi 2.8
= £, (0u, Uo) — W (L + L) + W (T(@); — Ly — L) + B wirt. Ly, Ly, Ly, 28

oi? —ai?

With slight modification, the first-order conditions for household labor allocation are obtained

as:

o _ w. (2.9)
oLy

O _ Mai _yy ~ 0= MPL, =w] (2.10)
oy Oy

O _ Wiy 0= MPL,, =W, (2.11)
oy 0Ly

The conditions from (2.9) to (2.11) imply that the optimum of labor allocation between
agricultural production and biomass collection will occur at the points where the marginal
output equals to the shadow wage of household labor. Then we can solve the household profit
maximization problem and obtain the reduced form of household optimal labor allocation
functions as follow:

L, =L W ,w,T@),E,B,,Z)(n=a,b,o) (2.12)

The labor allocated to off-farm work (o), agricultural production (a), and biomass collection
(b) can be expressed as a function of market wage rate, shadow wage rate, household time
endowment, non-labor income, inputs and services for agricultural production, and the
factors affecting biomass collection.



3. Empirical specification and strategy

The basic hypothesis of this research is that agricultural production competes with biomass
collection for labor resources. Based on the theoretical framework provided in Section 2, we
propose to test the hypothesis through investigating the product supply and input demand
relationships. Here, we assume that the households in our study region are clearly price taker
and profit maximizing and competitive producers. A two-stage estimation strategy developed
on the basis of previous literature (Henning and Henningsen, 2007; Tiberti and Tiberti, 2015)
is adopted. We firstly estimate the shadow wage of household labor through modeling the
intra-household production system and then include the estimated shadow wage in a multi-
output profit function to investigate the relationship between agricultural production and
biomass collection.

3.1 Shadow wage estimation

3.1.1 Household participation decisions

As the shadow wage rate of household labor is endogenous and mainly determined within
household, it can be expressed as a function of household characteristics affecting household
preferences and choices (Singh et al, 1986). Therefore, functions in (2.12) can be transformed
to:

L. =L (w,T(@),,E,B,,Z,a)(n=a,b,o0) (3.1)
Considering the first-order Taylor series expansion for function (3.1):

al-ni

W, + Z] (aLni )Xij T Eni (3.2)

Yni =0y +( ‘4 67
ij

i
Where ¢,;is the error term; X = [Xl, Xy ]represents exogenous explanatory variables other

than market wage rate. Let us denote &, =0L /oW, ande,, =0l /0X; , and then we can

ij *
create three estimable participation equations in the form as:

Yoi = Qo T W; + o Xy + &y (n=a,b,0) (3.3)

It can be seen from (3.3) that the dependent variables are decisions on participation in one of

the three activities (Y,; =1if household participates in one activity, otherwiseY,, =0).

Among independent variables, W; is the market wage rate. Theoretically, the functions in (3.1)

reveal that market rate is one of the most important determinants for household participation
decision on off-farm work. When the market rate increases, households are more likely to
participate in off-farm work. With respect to other explanatory variables in X, the other
income E'is measured by non-labor income. In our study, it mainly consists of subsidies

provided from government (such as subsidies for superior crop varieties, direct subsidies to
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grain cultivation, subsidies for pig breeding, and compensations for health insurance, etc.),
reimbursements from various insurances, remittances and other returns from investment in
capital market. The household size and demographic characteristics (such as the fractions of

children and elderly people) are used as proxies for its time endowmentT(a),. Larger

households could have more labor resources, while the fractions of children and elderly
people also reflect the amount of available labor resources that can be provided by the
household. Normally, households with larger fractions of children and elderly people are less

likely to allocate labor to off-farm work. For the other inputs in agricultural production ( B, ),

we firstly choose the areas of arable land owned by the household as it can significantly
influence the household decision regarding participation in agricultural production. We do not
use the total value of intermediate inputs as an explanatory variable in our econometric
model, because household allocation decision can affect intermediate inputs using activities,
especially the use of fertilizers and pesticides, according to the findings of many previous
works of research (Lamb, 2001; Mathenge and Tschirley, 2007). Instead, we use the weighted
price of fertilizers and pesticides as a proxy for the amount of intermediate inputs since the
households are more likely to purchase cheaper fertilizers and pesticides. Meanwhile,
considering biomass collection, the distance from house to the nearest biomass collecting spot
is selected to represent the accessibility and availability of biomass resources. It is also
supposed to negatively influence household labor allocation to biomass collection.
Particularly, for the omission of this variable caused by non-participation in biomass collection,
we assume that these households face the average distance and substitute regional sample
mean for the missing data.

We also include household head characteristics such as age, gender and educational level in
our model, because these characteristics affect the quality of household labor, and then
influence the marginal products of land and other intermediate inputs, which in turn brings
effects to household participation decisions on different activities. Finally, the household
location dummies are added into the regression to capture the effects of regions on household
labor participation decisions.

In order to estimate the participation equations, we employ a multivariate probit model and
then use the method of simulated maximum likelihood (SML) to obtain the estimate results
of the model.

3.1.2 Production decisions

We then estimate the shadow wage rate of household labor using production function.
According to the multi-output production function obtained using implicit function theorem
in (2.3) and considering the easiness of estimation and interpretation, the simultaneous
agriculture-energy production relationship for householdi can be represented by a system of
two equations derived from the Cobb-Douglas transformation function as follows (Just et al.,
1983; Debertin, 2012):



InTOA, =6, InTOB, +0,InL, + 2£, InB,, + 2p,d, +v,
INTOB, =, InTOA, + 2, InL,, + 2p d, +p, (3.4)

Where 1, andV; are the error term.

In this model, the agricultural output (variable nameTOA, measured by the total value of
agricultural products, i.e. the quantities of crops produced by household i multiply the prices
of these crops.) is modeled as a function of the quantity of biomass (denoted asTORB,
measured by the total amount of the biomass collected by household i .), the quantity of labor
input (L, , the total hours spent on farm), a vector of other inputs ( B, , including the areas of
arable land AL and the total value of intermediate inputs TCI 2.), and other variables (d,),
such as household local dummies (r,andr, ) that also can influence households’ agricultural
production. In contrast, the amount of collected biomass is hypothesized as a function of the
total value of agricultural outputs, the labor input (L,, the total hours spent on biomass
collection), and other influencing factors d (including the distance to biomass collecting spots

DBand household location dummies).

Once the system of equations (3.4) has been estimated, the shadow wage of household labor

can be calculated using the following formula:
&,TOA

W-* = MPL f :A—,\
(1_0-111)Lai

1 al

(3.5)

WhereT(jAi is the predicted value of agricultural output, and 6,, &, and il are the estimated
coefficients associated with outputs and labor allocated in agricultural production,
respectively.

As the market for biomass energy is almost absent in our study region, the prices of biomass
energy (crops straw and firewood) cannot be directly observed. Therefore, according to the
equilibrium condition MPL_, = MPL,, =W, , we use the shadow wage derived from (3.5) to

calculate the shadow prices of crop straw and firewood as:

w' (CNY per hour) x Collecting time (Hours)
Total amount of collected biomass (kg)

Shadow price = (3.6)

The Ordinary Least Squares (OLS) estimates of the production system may be biased for three
main reasons. Firstly, unobserved information such as the ability and management level of the
household reflected in the error terms are likely to be correlated with the endogenous

! Since the biomass or biomass energy is non-tradable. In order to unify the units of firewood and crop straw to standard coal equivalent
(Kgsce), we divide the quantities of them by their conversion coefficients. The data of conversion coefficients for all types of energy are
collected from China Energy Statistic Yearbook(2009)

2 Due to the unavailability of the data, we use the total cost of fertilizer, pesticides and plastic films instead.
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variables, particular the variable inputs (labor and intermediate inputs) in both of the
equations, which may lead to omitted variable bias. Secondly, the two output variables are
jointly determined. Thus, the single-equation estimation may suffer from simultaneity bias,
due to the correlation between the disturbance of each equation and the output variables.
Moreover, since the output variables are also the dependent variables of the equations in the
system, the error terms among the equations are also expected to be correlated (Greene,
2012), which may cause the problem of inefficient estimation. Thirdly, the observed data can
only reflect the situation of the households who decide to participate in corresponding
production activities. Under this circumstance, the conditional means of error terms over the
non-zero output population are not equal to zero, implying that the potential sample selection
bias should be corrected in our model estimation.

The first problem could be mitigated by including observable household characteristics such
as age, gender and educational level as proxies for management ability for both of the
production activities.

The second problem is solved by using estimation methods for simultaneous equations. In this
research, IT3SLS (iterative three-stage least squares) is applied to estimate the system of
production functions. The IT3SLS method combines the procedure of the 25LS (two-stage least
squares) and SURE (Seemingly unrelated estimation) and produces the system estimates from
a three-stage process (Zellner, 1962). In the first and second stages, an instrumental-variables
approach is adopted to develop instrumented values for all endogenous variables (the output
variables in the system) and to obtain a consistent estimate for the covariance matrix of the
equation disturbances. All other exogenous variables in the system are used as instruments.
In the third stage, generalized least squares (GLS) estimation is performed using the
covariance matrix estimated before and with the instrumented values in place of right-hand-
side endogenous variables (Greene, 2012). And then, this process iterates over the estimated

disturbance covariance matrix and parameter estimates until parameter estimates converge.

The third problem can be solved by the standard two-stage Heckman (1979) sample selection
model. In the first stage, the results of the multivariate probit regression model, which is
estimated to determine the probabilities that a given household will participate in agricultural
production and biomass collection, are used to calculate the inverse mills ratio (IMR) for each
household. In the second stage, parameter estimates of the production system are obtained
by augmenting the regression with the IMRs using 3SLS (Heckman, 1979). Based on the
equations in (3.3), the IMRs for the householdi who chooses to participate in either activity
can be computed as follows:

IMR,, = ¢(w;, X, ;,rLr2) /D (w;, X;;,rLr2) (n=ab,0) (3.7)

ij? ij?
Additionally, to deal with the zero-value variables that have undefined logarithm, we modify
them by replacing them with a “sufficiently small” value (MaCurdy and Pencavel, 1986;

Jacoby, 1992; Soloaga, 1999).



3.2 Household profit maximization problem

In order to further investigate the impacts of biomass collection on agricultural production,
we estimate a multi-output profit function to obtain the full coefficients of the profit function
as well as the price elasticities with respect to all outputs and inputs in the second step.
Regarding the specification of profit function, a number of plausible functional forms have
been discussed in previous works of literature. They include the translog (TL), generalized
Leontief (GL), normalized quadratic (NQ), symmetric normalized quadratic (SNQ) and many
other forms (Christensen et al., 1973; Lau, 1972; 1978; Diewert and Wales, 1987; 1988; 1992;
Diewert and Ostensoe, 1988; Kohli, 1993; Villezca-Becerra and Schumway, 1992). As described
in Kohli (1993), the SNQ profit function treats all outputs and inputs symmetrically (NQ profit
function can be considered as a special case of SNQ profit function). It is necessarily linearly
homogeneous in prices and quantities, and as a fully flexible functional form, it can be easily
imposed monotonicity and convexity properties (Kohli, 1993). Therefore, we adopt a
symmetric normalized quadratic (SNQ) profit function defined as follows (Diewert and Wales,
1987, 1992):

n

”(p Z) Za p| + W_lZZﬂU p p] +ZZ5 pIZJ +7 Zii%ik pizjzk (38)

i=1 j=1 i=1 j=1 i=1 j=1 k=1
With 7 =profit, p, =netput prices, Z,=quantities of non-allocable quasi-fixed inputs,
W = Z. 0P =price index for normalization, 8, =weights of prices for normalization, and ¢;,

B, 8;; and y;, =coefficients to be estimated.

Given the above specification, the estimation equations (output supply and input demand
equations) used to analyze household production decisions are obtained by the first

derivation of the profit function using Hotelling’s Lemma (q; = 8ﬂ/6pi ):

1 m m
i =o; +W- Zﬂljpj QW Zzﬂjkp Py +Z5u ,+EZZyijkzjzk (3.9)
j ' =1 k=1

j=1 k=1 J=1 k=
Where X; =netput quantities or quantity indices.

In this research, we have four groups of netputs (n=4), i.e. agricultural output (a), biomass

output (b), labor input (I), and other intermediate inputs (0)3. Arable land is specified as the
only quasi-fixed input. The price data were obtained from our field survey. Due to the facts
that each group has many different individual output and input categories and the variations
in price of the same commodities are quite small, therefore, except labor input, within other
three groups, it is necessary to aggregate the price and quantity data of different individual
outputs and inputs. In this study, we set up household-specific price index by calculating the

3 Totally, we set up a system of four equations (two outputs equations and two inputs equations).
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sum of weighted prices of each category using output value structure in each group. The price
(index) of each group of netput can be defined as (Lewbel, 1989):

p; = ansn (n=1,2---N) (3.10)

i=1

Wheres, is the share of the value of netput n in netput group i and p, is the producer price

of netput N (As we do not have the price data of all types of intermediate inputs for each
household, we use the sum of weighted prices of fertilizer, pesticide and plastic films which
was calculated using the average price and consumption structure data of the sampled
households instead.). For the households that do not participate in either of the two
productive activities, the corresponding production data are missing. We keep their outputs
guantities zero and assume that these households face the average prices and replace the

missing data with the sample mean. In particular, for agricultural output (X,) and

intermediate inputs (X,;), the aggregated quantity indices are computed through dividing

their total value by their weighted prices.

Moreover, we employ the following formula outlined by Diewert and Wales (1992) to

calculate the weights 8, :
_ [xlp
2[%[p

Once the SNQ profit function has been estimated, we define the price elasticity as:

I (3.112)

a0,
0 aq; P
== 3.12
'O p; g 342
P;

Then, we will use these price elasticities to further analyze the relationship between
agriculture production and biomass collection.

According to Microeconomic theory, we must consider the conditions imposed on our SNQ
profit function before estimating it. Homogeneity in netput prices is imposed by the functional

form and symmetry requires,b’ij =,Bji, Vi, j=1---,n (Henning and Henningsen, 2007). In

addition, in order to be consistent with the solutions to the profit maximization problem, the
profit function has to be convex in netput prices (Varian, 1978). This implies that the Hessian
matrix of the profit function must be positive semidefinite (Arnade and Kelch, 2007).
Therefore, we applied the three-stage procedure proposed by Koebel et al. (2000; 2003) to
impose convexity on the SNQ profit function. Firstly, we calculate the Hessian matrix after
estimating the unrestricted netput equations in (3.9). Then, we minimize the weighted
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difference between the unrestricted Hessian matrix and a Hessian matrix that is restricted as
positive semidefinite by the Cholesky factorization. In the last stage, we estimated the
restricted coefficients by adopting an asymptotic least squared (ALS) framework (Gourieroux
et al., 1985; Kodde et al., 1990; Henning and Henningsen, 2007).

As the shadow wage of household labor ( p;) and the shadow price of biomass energy ( p,)

are unobservable and endogenously determined in the production system, an estimating
process of instrumental variable regression should be employed in our estimation. Here, we
use the average age and educational years of employed household members* as instrumental
variables for the shadow wage and shadow price. These two variables are exogenous in our
model, and the characteristics of the employed household members can affect the quality of
household labor, thus influencing household labor allocation and production decisions.
Because of the fact that these variables are considered to be correlated with household
production system, and therefore, they are appropriate instrumental variables. In order to

estimate our SNQ profit function, we firstly regress the shadow wage ( p, ) and shadow price
( p;) on these instrumental variables and all the other exogenous variables respectively. Then

the predicted value of these two endogenous variables will be used as augmented variables
in the constrained IT3SLS at the second step.

Using the iterative three-stage least square (IT3SLS) estimation method, we jointly estimate
the SNQ profit function and the four netput equations with the data collected from our
household survey. As described already, restrictions are imposed on the system to insure
profit maximization. The estimations and calculations for the SNQ profit function are carried
out by the statistical software “R” with the add-on package “micEconSNQP”.

4 The employed household members include self-employed members working on farm and those employed off-farm in a specific
household.
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4. Data

4.1. Sample description

The data used in this paper were collected in a household survey conducted from August 2013
to February 2014. 556 rural households were randomly selected from 6 counties of 3 cities in
Sichuan Province.

As it is shown in Table 1, for the whole sample, 524 households engage in agricultural
production, accounting for 94.2% of the total, while 409 households collect biomass,
occupying 73.6% of all those surveyed. On average, the value of annual agricultural outputs is
17,208 CNY>, whereas the amount of biomass collected by households is 3635 Kgsce® per year.
Moreover, the average time allocated to agricultural production is 717 hours per year, while
the average time spent on collecting biomass is 236 hours annually. Regarding to agricultural
production, households from Yibin (hilly areas) have the highest participation rate (96.2%),
whereas households located in Deyang (plain areas) have the lowest one (91.9%). However,
households from Aba (mountainous areas) spent longest time (796 hours per year) on farm
work, while those from Deyang spent the shortest time (613hours per household per year).
Accordingly, the total value of agricultural outputs in Aba is the largest (21,678 CNY per year),
whilst that in Deyang is the smallest (14,329 CNY per year).

Turning to biomass collection, the participation rate differs among different areas. In Aba, the
participation rate is the highest (92.4%) and it took the longest time (380hours per year) for
households to collect the largest amount of biomass (5354kgsce per year). In constrast,
Deyang has the lowest participation rate (45.6%), resulting in the fact that the time (74 hours
per year) allocated to biomass collection is the shortest, and the amount of biomass collected
by households is the smallest.

5 CNY=Chinese Yuan
6 Kgsce=Kilogram of standard coal equivalent
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Table 1: General Information of household participation in agricultural production and

biomass collection in study region

Aba Yibin Deyang Total
(Mountainous areas)  (Hilly areas) (Plain areas) sample
Sample size 185 186 185 556
Household participation
in two activities (Number)
Households participating in ;.. 5, ¢ 179(96.2) 170 (91.9) 524 (94.2)
agricultural production
Households participating in
. ) 171 (92.4) 153 (82.3) 85 (45.6) 409 (73.6)
biomass collection
Households participate in 5, o) 2 (1.1) 12 (6.5) 17 (3.1)
neither activities
Summary of household working
activities (per household per year)
Total value of agricultural
products (CNY) 21678 15625 14329 17208
Tf)tal amount of collected 5354 4515 1031 3635
biomass (kgsce)
Total hours ' spent on g 742 613 717
agricultural production
Total hours spent on biomass 380 555 74 236

collection

Note: The values in parentheses are the shares in subsample or total sample.
Source: Author’s Own Household Survey (2013)

4.2 Variable description

The variables used in estimating our econometric models are listed in Table 2. The variables
employed to estimate household shadow wage rate can be categorized into household head
characteristics, household demographic characteristics, household productive characteristics
and other external factors. In terms of household head characteristics, the average age of the
heads of the surveyed households is 51.74 years, and their average schooling year is 6.42
years. The share of the male household heads in the total sample is about 0.93. For household
demographic characteristics, the average family size of the households in our sample is 4.12.
The mean values of the fractions of children and elderly people in household members are
0.11 and 0.12, respectively. Considering productive variables, the mean value of the annual
agricultural outputs for the sampled households is 17,207.65 CNY, while the amount of
collected biomass is 3634.93 Kgsce per year. Averagely, the surveyed households spend
716.91 hours on agricultural production, while allocating 236.31 hours to biomass collection
per year. Moreover, on average, the area of arable land possessed by the surveyed household
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is about 4.01 Mu’. Meanwhile, the mean cost of the intermediate inputs is about 4560.98 CNY.
The average weighted price of fertilizers and pesticides is 6.27 CNY per kg. Among other
external factors, the average market wage rate for the samples households is 8.29 CNY per
hour, and the average non-labor income level is 2789.01 CNY per year. Additionally, in our
sample, the number of households from the mountainous and plain areas both amount to
33.27% and 33.45% of the households are from hilly areas. The biomass collecting spot is on
average 2.14 km away from the house of the household.

Moving on to the variables used in estimate the multi-output profit function, the mean value
of the total hours spent on domestic production activities is about 953.23 hours for each
household. The calculation results of price indices and quantity indices of the netputs are also
shown in Table 2.

Table 2: Description of variables used in empirical analysis

Variables Mean Std. Dev.
Total value of intermediate inputs (CNY) 4560.98 15827.21
Total value of agricultural outputs (CNY) 17207.65 46668.22
Total amount of collected biomass (Kgsce) 3634.93 4464.77
Age of household head (Years) 51.74 11.54
Age squared of household head 2810.22 1245.77
Gender of household head (share of male) 0.93 0.26
Educational level of household head (Years) 6.42 3.48
Family size (Unit) 412 1.37
Fraction of children (<14) 0.11 0.16
Fraction of elderly people (265) 0.12 0.23
Arable land areas (Mu) 4.01 3.69
Weighted price of fertilizers and pesticides (CNY per kg) 6.27 6.53
Market wage rate (CNY per hour) 8.29 5.07
Non-labor income (CNY) 2789.01 4484.31
Distance to biomass collecting spot (km) 2.14 4.41
Total hours allocated to agricultural production (Hours) 716.91 507.08
Total hours allocated to biomass collection (Hours) 236.31 320.52
Quantity index of agricultural outputs (kg) 55562.34 187089.9
Total hours allocated to two activities (Hours) 953.23 655.11
Quantity index of Intermediate inputs (kg) 850.71 886.11
Price index of agricultural products (CNY per kg) 1.27 1.93
Price index of intermediate inputs (CNY per unit) 7.34 22.79
Average age of employed household members (Years) 44.69 10.73
Educational level of employed household members (Years) 6.72 2.69

Yai (=1, if household participates in agricultural production) 0.94 0.23

Yui (=1, if household participates in biomass collection) 0.74 0.44

Yoi (=1, if household participates in off-farm work) 0.87 0.34

r1 (=1, if the household is from mountainous areas) 0.3327 0.4713
r2 (=1, if the household is from plain areas) 0.3327 0.4713
Sample size 556

Source: Author’s own household survey

71 Ha= 15 Chinese Mu
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5. Estimation results

Table 3 lists the estimation results of the multivariate probit model that explains how
households make decisions regarding participation in different activities. The estimates of ps
(Rho, correlation between the errors) that maximizes the multivariate probit likelihood
function are 0.1095, -0.0114 and 0.0291, respectively. Specifically, the correlation coefficient
between agricultural production and biomass collection (Rho (b, a)) is positive and significantly
greater than zero at the level of 5%. This indicates that the random disturbances in
participation equations of agricultural production and biomass collection are affected in the
same direction by random shocks. In other words, household participation decisions on these
two activities are not statistically independent. The correlation coefficients between off-farm
work and the two intra-household production activities are insignificant, implying that the
household participation decision regarding off-farm work does not statistically depend on
participation decisions about intra-household production activities. This also means that we
can separately analyze the relationship between biomass collection and agricultural
production without considering off-farm labor allocation. The significant log pseudo likelihood
statistic suggests that the independent variables taken together influence household
participation decisions. According to the estimated parameters, households that have higher
wage rate are more likely to participate in off-farm work and less likely to collect biomass.
These results are in line with our expectation.

As expected, non-labor income has a significant negative impact on household participation
decision regarding agricultural production and off-farm work. Households with higher no-
labor income level are less likely to allocate time to on-farm work and off-farm work and T a
more likely to allocate time to biomass collection. The price index of intermediate inputs has
a significant negative impact on off-farm work. That means raising the intermediate input
price reduces household likelihood to participate in off-farm employment. The areas of arable
land owned by households can also significantly influence household participation in off-farm
work. Households possessing more arable land are less likely to find jobs outside their farms.
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Table 3: Multivariate Probit Estimates of household participation functions of agricultural

production, biomass collection and off-farm work

Agricultural production

Biomass collection

Off-farm work

Variable (Yai) (Yoi) (Yoi)

Coefficient Std.Dev. Coefficient Std.Dev. Coefficient Std.Dev.
Age of household head -0.1453**  0.0723 0.0531 0.0485 -0.0248 0.0441
Age squared of household head 0.0014**  0.0007 -0.0004 0.0005 0.0002 0.0004
Gender of household head -0.0938 0.3472 -0.4138 0.2773  0.2412 0.2724
Educational level of household
head -0.0072 0.0303 -0.0458**  0.0219 -0.0041 0.0275
Family size 0.0799 0.0719 0.0643 0.0598 0.4365*** 0.0747
Fraction of children (<14) -0.6252 0.6014 0.3226 0.5366  -1.1832** 0.5279
Fraction of elderly people (265) 0.1732 0.4400 0.6679 0.4086  1.1086*** 0.3436
Arable land areas 0.0789 0.0491 0.0067 0.0242 -0.0323* 0.0184
Market wage rate (log) -0.1129 0.1419 -0.2182** 0.1066  0.1434* 0.0742
Non-labor income (log) -0.2085**  0.0807 0.0947 0.0581 -0.1292* 0.0665
Price index of fertilizers and 4115, 00020  0.1431 0.1039 -0.2165*  0.1105
pesticides (log)
Distance to biomass collecting
spot 0.0547 0.0569 0.6374*** 0.1179 0.0298 0.0354
Mountainous areas -0.0859 0.3128 -0.1299 0.2436  -0.2744 0.2453
Plain areas -0.1572 0.2438 -1.0145***  0.1755 -0.0638 0.2047
_cons 6.8066*** 2.1738 -1.3185 1.4729 1.4401 1.3916
Log pseudolikelihood 496.59624
Rho (b,a) 0.1905**  0.0885
Rho (0,a) -0.0114 0.1225
Rho (o,b) 0.0291 0.0951
Wald chi2 (42) 228.00%**
No. of Obs 556

Note: The significance levels are: *10%, **5%, ***1%. The missing location dummy is hilly area

In terms of the demographic characteristics, households with larger size and smaller fractions

of children and elderly people are more likely to work off-farm. With respect to the household

head characteristics, we find that households with older heads are less likely to work on farm,

whereas households with higher educational level are less likely to collect biomass. In

addition, household location plays a vital role in determining household participation in

biomass collection. Households located in plain areas are less likely to participate in biomass

collection than those located in hilly areas.
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Table 4: Estimation results of the system of production functions using IT3SLS

Agricultural production Biomass collection

Variable Coefficient ~ Std. Dev.  Coefficient  Std. Dev.
Total value of agricultural outputs (log) 0.0524 0.0803
Amount of collected biomass (log) -0.0597 0.1232

Hours worked on farm (log) 0.62471%** 0.0935

Hours worked on biomass collection (log) 0.3634*** 0.0464
Total value of intermediate inputs (log) 0.0171 0.0146

Areable land areas (log) 0.2763*** 0.0810

Age of household head 0.0360 0.0288 0.0116 0.0303
Age squared of household head -0.0004 0.0003 -0.0002 0.0003
Gender of household head 0.0790 0.1771 0.1280 0.1803
Educational level of household head 0.0488*** 0.0150 0.0182 0.0154
Distance to biomass collecting spots 0.0083 0.0123
Mountainous areas 0.3989*** 0.1203 -0.1524 0.1381
Plain areas 0.2810 0.1791 -0.4265** 0.1806
IMR 0.3777 0.2778 -0.4154 0.2697
_cons 3.5683*** 1.4237 5.5164*** 0.9951
R? 0.3677 0.2835

No. of Obs. 394 394

Endogenous variables? In_TOA, In_TOB

Note: The significance levels are: *10%, **5%, ***1%. The missing dummy for regions is Hilly area. a. All the other
variables in this system are treated as exogenous to the system and uncorrelated with the disturbances. The
exogenous variables are taken to be instruments for the endogenous variables

Table 4 presents the iterative three-stage least squared (IT3SLS) estimates of the production
system. The R? for the two equations are 0.3677 and 0.2835. The inverse Mills ratio (IMR) is
insignificant in both equations, indicating that sample selection bias would not happen if the
system of production functions was estimated without taking household participation
decisions on biomass collection into consideration.

With respect to the parameters of the production system, most of them have the expected
signs. For the agricultural production, the inputs of labor and arable land have significantly
positive impacts on the outputs. The educational level of the household head has a significant
effect on farm production, supporting the widely accepted role of human capital in improving
agricultural production (Henning and Henningsen, 2007; Tiberti and Tiberti, 2015). In addition,
households located in mountainous areas produce more agricultural products than those from
hilly areas. On the other hand, in biomass collection function, the labor input also has a
significant and positive influence. The estimated parameters also indicate that households
who are from plain areas collect less biomass than those from hilly areas. In addition, the
coefficients of the output variables on right-hand-side of the two equations to some extent
imply the relationship between agricultural production and biomass collection. Given fixed
labor inputs, spending more time on biomass collection decreases the outputs of agricultural
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production. Conversely raising the yields of agricultural production could also increase the
collecting amount of biomass. This could be possibly attributed to the fact that biomass
collection occupies labor resources for agricultural production. Nonetheless, agricultural
production provides biomass resources. Furthermore, due to the fact described in Section 2
that in Sichuan Province, household members usually collect biomass on the way to and from
the fields, participating in agricultural production may increase the opportunity to pick up
biomass.

After getting the parameter estimation results of the production system, the shadow wage of
household labor and the shadow prices of the biomass energy are calculated using (3.5) and

(3.6). According to the results, the average wage rate of household labor ( pl*) is about 10.75
CNY/Hour, whereas the shadow price of biomass ( p;) isaround 0.81 CNY/kgsce. Table Al (See

Annex) reports the estimates of the SNQ production function with restriction of curvature.
The hausman test statistic indicates the endogeneity problem caused by including shadow
wage in our model and our instrumental variables are not weak. Given our estimation results,
we calculate the price elasticities of outputs and inputs according to (3.12) using sample

means.

Table 5: Estimated price elasticities of outputs and inputs

* *

Pa Po P Po
Xa 0.0420 -0.0219 -0.0067 -0.0133
Xp -0.5247 0.2798 0.1212 0.1237
x 0.0463 -0.0348 -0.0755 0.0640
Xo 0.1504 -0.0584 0.1051 -0.1971

Note: The elasticities are calculated using R package “micEconSNQP”. The subscript a represents agricultural
outputs; b denotes amount of collected biomass; | is labor inputs and, o refers to intermediate inputs.

It can be seen from Table 5 that all outputs and inputs are inelastic. The own-price elasticities
of outputs indicate that if the weighted average price of agricultural products increases 1%,
the agricultural outputs will rise by about 0.04%, whereas a 1% increase in the shadow price
of biomass energy will increase the outputs of biomass collection by about 0.28%. Meanwhile,
the own-price elasticities of inputs also suggest that a 1% increase in the shadow wage of
household labor will decrease labor input for the productive activities by 0.08%, whereas a 1%
increase in the weighted average price of intermediate inputs will reduce household demand
for them by 0.20%. Considering the cross-price elasticities, the supply (agricultural products
and biomass energy) cross-price elasticities are negative, revealing a competitive relationship
between these two activities. In other words, an increase in price of either of the outputs leads
more labor inputs to be invested in producing it, in turn, reducing the production of the other.
This is also in line with the findings of our theoretical analysis in Section 2. Additionally, the
cross-price elasticities for the inputs (labor and intermediate inputs) are positive, reflecting

19



that the intermediate inputs such as fertilizers and pesticides are substitutes to labor-capital
in our study region. This is to say, holding other variables constant, if the price of intermediate
inputs increases, households will use less of them and simultaneously allocate more labor to
production activities in order to keep the same quantities of outputs and vice versa. Moreover,

if we compare the cross-price elasticities of intermediate inputs and labor (i.e. ‘EX o >‘E

X Po
), the labor-intensive feature of the production system in rural Sichuan Province is then

confirmed. However, if we compare the own-price elasticities of the outputs with their cross-

and‘EXbpa ‘ >‘Exbp*

b

price elasticities respectively (i.e.‘EX o ‘>‘EX o ), it demonstrates that
ata a Pb

both agricultural production and biomass collection are more likely to be driven by the market
of agricultural products than the demand of biomass energy. Particularly, for agricultural
production, the negative signs of the cross-price elasticities of outputs with respect to inputs
are consistent with economic theory. In contrast, although fertilizers and pesticides are not
directly invested in biomass collection, the positive signs of the cross-price elasticities to
inputs imply that biomass collection is perhaps influenced by consumption decisions. When
the price of other inputs increases, households have to spend more on purchasing them and
cut down their expenditures on commercial energy under a given budget constraint. As the
consequence, they collect more biomass for energy use to compensate for the consumption
of commercial energy. On the other side, if the shadow wage increases, households will work
on domestic production activities for longer duration instead of working off-farm, resulting in
a decrease in their disposable incomes. Therefore, they have to use biomass as fuels to reduce

the expense on commercial energy.

20



6. Conclusion

In this paper, we analyze the impacts of biomass collection on agricultural production in our
study region. The results of our study show that the educational level of the household head,
market wage rate and household location are key factors in determining household
participation in these two activities. Households with higher educational level and market
wage rate are less likely to engage in both of these two productive activities, while those
located in plain areas are less likely to work on farm as well as to collect biomass. Particularly,
an interesting result is that non-labor income level can significantly influence household
participation decisions on agricultural production and biomass collection in opposite
directions. An increase in household non-labor income decreases the likelihood to work on
farm, while increasing household participation probability of biomass collection. A possible
explanation for this is that the proportion of agriculture-related subsidies in non-labor income
is quite small to encourage households to participate in agriculture production. Moreover, an
increase in non-labor income could reduce household incentives to work for extra income,
and therefore increase the time allocated to biomass collection.

More importantly, the estimation results of the SNQ profit function reveal that the supply
cross-price elasticities of agricultural products and biomass energy are -0.02 and -0.52
respectively, confirming that the relationship between biomass collection and agricultural
production is competitive. Specifically, biomass collection is likely to be driven by the markets
of intermediate inputs. This also indicates that biomass collection could be influenced by
household consumption decisions. It means that if the prices of intermediate inputs increase,
households will cut down their expenditures on commercial energy to purchase more of them
under a given budget constraint Therefore, they have to collect more biomass to meet their
demands for energy. Moreover, we also found that higher shadow wage induces households
to allocate more labor on farm instead of working outside, and hence decreases the
disposable income that can be spent on commercial energy. Accordingly, biomass collection

will increase.

One important implication of this study is that potential policy interventions for promoting
biomass energy development in rural China could aim at enhancing food security by slowing
down the competition between biomass collection and agricultural production.
Simultaneously increasing the prices of agricultural products and decreasing the prices of
intermediate inputs not only improve households’ motivation of engaging in agricultural
production, but also decrease biomass collection. Moreover, since non-labor income level is a
crucial factor affecting household participation decisions on biomass collection and
agricultural production, especially in mountainous areas, future policies should seek to
establish a sound and effective subsidy system in rural areas by increasing the shares of
agriculture-related subsidies, attempting to support agricultural production while reducing
the probability of collecting biomass. Finally, indirect policy that improves household
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educational level should also be attached more emphasis in policy design. This could help to
improve the efficiency and capacity of production.

22



References

Ajanovic, A., (2011). Biofuels versus food production: Does biofuels production increase food
prices? Energy 36, 2070-2076.

Alka, D., Neetu, M., and Vishakha, R., (2014). Biofuels: Impact on food productivity, land use,
environment and agriculture. International Journal of Environmental Reserch and
Development 4(1), 9-16.

Arnade, C., and Kelch, D., (2007). Estimation of Area Elasticities from a Standard Profit
Function. American Journal of Agricultural Economics 89(3), 727-737.

Babcock, B.A., (2011). The impact of US biofuel policies on agricultural price levels and
volatility. ICTSD Programme on Agricultural Trade and Sustainable Development, Issue
Paper No.35; ICTSD International Centre for Trade and Sustainable Development, Geneva,
Switzerland: www.ictsd.org.

Baier, S., Clements, M., Griffiths, C., and lhrig, J., (2009). Biofuels impact on crop and food
prices: Using an interactive spreadsheet. International Finance Discussion Papers No. 967,
Board of Governors of the Federal Reserve System, March 2009.

Charles, P., and James, M.G., (2008). Fuelwood scarcity, energy substitution and rural
livelihoods in Namibia. Proceedings of the German Development Economics Conference,
No.32 (2008), Zirich, Switzerland.

Chen, L., Heerink, N., and van den Berg, M., (2006). Energy consumption in rural China: a
household model for three villages in Jiangxi Province. Ecological Economics 58(2), 407-
420.

Chen, Q,, Yang, H.R., Liu, T.B., and Zhang, L., (2016). Household biomass energy choice and its
policy implications on improving rural livelihoods in Sichuan, China. Energy Policy 93, 291-
302.

Christensen, R.G., Jorgenson, D.W., and Lau, L.J., (1973).Transcendental Logarithmic
Production Frontiers. Reviews of Economics and Statistics 55, 28-45.

CRES (China Renewable Energy Society)., (2011). China New and Renewable Energy Statistic
Yearbook [in Chinese].

Debertin, D.L., (2012). Agricultural Production Economics (Second Edition), Macmillan.

23



Diewert, W.E., and Ostensoe, L.A., (1988). Flexible Functional Forms for Profit Functions and
Global Curvature Conditions. In Barnett, W.A., Berndt, E.R., and White, H., eds., Dynamic
Econometric Modeling (Cambridge: Cambridge University Press, 1988).

Diewert, W.E., and Wales, T.J.,, (1987). Flexible Functional Forms and Global Curvature
Conditions. Econometrica 55(1), 43-68.

Diewert, W.E., and Wales, T.J., (1988). A Normalized Quadratic Semiflexible Functional Form.
Journal of Econometrics 37, 327-342.

Diewert, W.E., and Wales, T.J., (1992). Quadratic Spline Models for Producer’s Supply and
Demand Functions. Internatinal Economic Review 33(3), 705-722.

Dodder, R.S., Kaplan, P.O., Elobeid, A., Tokgoz, S., Secchi, S., and Kurkalova, L.A., (2015).
Impact of energy prices and cellulosic biomass supply on agriculture, energy, and the
environment: An integrated modeling approach. Energy Economics 51, 77-87.

Fernandez, M., (2016). Biomass Energy in China. Available online at (access at May25, 2016):
http://www.bioenergyconsult.com/biomass-energy-china/.

Fisher, M., Shively, G.E., and Buccola, S., (2005). Activity choice, labor allocation, and forest
use in Malawi. Land Economics 81(4), 503-517.

Green, W.H., (2012): Ecomometric Analysis. 7th ed. Upper Saddle River, NJ: Prentice Hall.

Gourieroux, C., Monfort, A., and Trognon, A., (1985). Moindres Carres Asymptotiques. Annales
de I'INSEE 58, 91-122.

Guta, D., (2014). Effect of fuelwood scarcity and socio-economic factors on household bio-
based energy use and energy substitution in rural Ethiopia. Energy Policy 75, 217-227.

Guta, D., Jose, J., Adhikari, N., Chen, Q., Gaur, V., and Mirzabaev, A., (2015). Decentralized
energy in Water-Energy-Food Security Nexus in Developing Countries: Case studies on
successes and failures. Zef-Discussion Papers on Development Policy No. 203, Center for
Development Research, Bonn, August 2015, pp. 46.

Harvey, M., and Pilgrim, S., (2011). The new competition for land: Food, energy, and climate
change. Food Policy 36, 540-551.

Heckman, J., (1979). Sample selection bias as a specification error. Econometrica 47, 153-161

Heltberg, R., Arndt, T.C., and Sekhar, N.U., (2000). Fuelwood consumption and forest
degradation: A household model for domestic energy substitution in rural India. Land

Economics 76(2), 213-232.

24



Henning, C. H.C.A and Henningsen, A. (2007). Modeling Farm Households’ Price Responses in
the Presence of Transaction Costs and Heterogeneity in Labor Market. American Journal
of Agricultural Economics 89(3), 665-681

IRENA, (2014). Renewable Energy Prospects: China, REmap 2030 analysis. IRENA, Abu Dhabi:
http://www.irena.org/remap.

Jacoby, H., (1992). Productivity of men and women and the sexual division of labor in peasant
agriculture of the Peruvian Sierra. Journal of Development Economics 37, 265-287.

Kgathi, D.C., (1997). Biomass Energy Policy in Africa: Selected Case Studies. United Kingdom:
Pergaman Press.

Kgathi, D.L., and Mfundisi, K., (2009). Potential impacts of the production of liquid biofuels on
food security in Botswana. Report submitted to the COMPETE Project as a contribution to
the tasks of Work Package One (WP1) Activities: Current land use patterns and impacts,
September, 2009.

Kodde, D.A., Palm, F.C.,, and Pfann, G.A.,, (1990), Asymptotic Least-Squares Estimation
Efficiency Considerations and Applications. Journal of Applied Econometrics 5, 229-243.

Koebel, B., Falk, M. and Laisney, F., (2000). Imposing and Testing Curvature Conditions on a
Box-Cox Cost Function. Discussion Paper No. 00-70, ZEW, Mannheim, Germany.

Koebel, B., Falk, M. and Laisney, F., (2003). Imposing and Testing Curvature Conditions on a
Box-Cox Cost Function. Journal of Business and Economic Statistics 21 (2), 319-335.

Kohlin, G., and Parks, P.J., (2001). Spatial variability and disincentives to harvest: Deforestation
and fuelwood collection in South Asia. Land Economics 77(2), 206-218.

Kohli, U., (1993). A Symmetric Normalized Quadratic Profit GNP Function and the U.S. Demand
for Imports and Supply of Exports. International Economic Review 34(1), 243-255.

Lau, L.J., (1972). Profit Functions of Technologies with Multiple Inputs and Outputs. The
Review of Economics and Statistics 54(3), 281-289.

Lau, LJ., (1978). Testing and Imposing Monotonicity, Convexity and Quasiconvexity
Constraint. In Fuss, M., and McFadden, D., eds., Production Economics: A Dual Approach
to Theory and Applications, Vol.1 (Amsterdam: North-Holland, 1978).

Lewbel, A., (1989). Identification and estimation of equivalence scales under weak
separability. The Review of Economic Studies 62, 311-316.

Li, J.J., Zhuang, X., Delaquil, P., and Larson, E.D (2001). Biomass Energy in China and Its
Potential. Energy for Sustainable Development 4(4), 66-80.

25



MacCurdy, T.E., and Pencavel, J.H., (1986). Testing between competing models of wage and
employment determination in unionized markets. Journal of Political Economy 94(3), S3-
39.

Mathenge, M.K., and Tschirley, D. (2007). Off-farm and farm production decisions: evidence
from maize-producing households in rural Kenya. Paper submitted for the CSAE
Conference 2007 on ‘Economic Development in Africa’, St. Catherine’s College, University
of Oxford, UK. March 18-20, 2007.

Mathye, R., (2002). Environmental and Socio-economic Impacts of Biomass Energy
Consumption in the Mbhokota Village, Northern Province. Mini-thesis submitted in
partial fulfilment of the requirements for the degree Master of Arts in Geography and
Environmental Management at the Rand Afrikaans University.

Ministry of Agriculture (2010). China Agriculture Statistics. Beijing: China Statistics Press.

SCREO (2013). Compilation of Sichuan Rural Renewable Energy Statistics. (in Chinese).

Singh, |., Squire, L., and Strauss, J., (1986). Agricultural household models: Extensions,
applications and policy. A World Bank Research Publication, The Johns Hopkins University
Press.

Soloaga, 1., (1999). The treatment of non-essential inputs in Cobb-Douglas technology: An
application to Mexican rural household-level data. Policy Research Working Paper, World
Bank, December 1999.

Tiberti, L., and Tiberti, M., (2015). Rural policies, price change and poverty in Tanzania: An
agricultural household model-based assessment. Journal of African Economies 24(2),1-
37.

Timilsina, G.R., Begbin, J.C., Van der Mensbrugghe, D., and Mevel, S., (2010). The impacts of
biofuel targets on land-use change and food supply: A global CGE assessment. Policy
Research Working Paper 5513, The World Bank, Development Research Group,
Environment and Energy Team, December 2010.

Van der Kroon, B., Brouwer, R., and van Beukering, P.J.H., (2013). The energy ladder:
theoretical myth or empirical truth? results from a Meta-analysis. Renewable and
Sustainable Energy Review 20, 504-513.

Van Horen, C., and Eberhard, A.A., (1995). Energy, Environment and the Rural Poor in South
Africa. Development Southern Africa 12(2), 197-211.

26



Varian, H.R., (1978). A note on locally constant income elasticities. Economics Letters 1(1), 5-
9.
Villezca-Becerra, P.A., and Schumway, C.R., (1992). Multiple-output Production Modeled with
Three Functional Forms. Journal of Agricultural and Resource Economics 17(1), 13-28.
Von Lampe, M., (2007). Economics and agricultural market impacts of growing biofuel
production. Agrarwirtschaft 56,Heft 5/6, 232-237.

Weaver, R.D., (1983). Multiple input, multiple output production choices and technology in
the U.S. wheat region. American Journal of Agricultural Economics 65(1), 45-56.

Wiedenmann, R., (1991). Deforestation from the overexploitation of wood resources as a
cooking fuel: A comment on the optimal control model of Hassan and Hertzler. Energy
Economics 13(2), 81-85.

Zafar, S., (2015). Collection Systems for Agricultural Biomass. Available online at (access at
June 25, 2015): http://www.bioenergyconsult.com/biomass-collection/.

Zellner, A., (1962). An efficient method of estimating seemingly unrelated regressions and
tests for aggregation bias. Journal of the American Statistical Association 57, 348-368.

Zilberman, D., Hochman, G., Rajagopal, D., Sexton, S., and Timilsina, G., (2012). The impact of
biofuels on commodity food prices: Assessment of findings. American Journal of

Agricultural Economics June 7, 1-7.

27



Annex

Table Al: Estimation Results of the normalized quadratic profit function with imposition of
convexity

Parameter Coef. T-Stat Coef."

a, 37948.0339**  2.2065 50139.6383
a, -43.4072 -0.0365 1421.9070
a, -2104.5469 -1.1996 -4206.8905
a, -5585.7248***  _4.1370 -7045.2400
Baa(PaPy) -2202.7377**  -2.3939 2917.0882
B (P.Ps) -1536.2492*** .2 7964 -1457.4017
Ba(pap) 2605.3060*** 52161 -203.6292
Bao(Pa Do) 1133.6809**  2.4797 -1256.0572
Bon (P2 P:) -429.1761 -2.7374 795.8768
B (P p;) 1146.4071***  6.2630 275.2318
B (P P,) 819.0182***  4.,0979 386.2931
B (P, p)) -1648.3134*** 50531 458.5478
B (P, P,) -2103.3997***  -.7.8839 -530.1505
Boo(PyPy) 150.7006 0.5777 1399.9146
Oun (Z4) 6679.3614 1.3957 8125.4508
Oun (Z) 42.7095 0.1323 182.6015
O () -806.2899* -1.6694 -1099.5683
Oupn (Z4) 408.7647 1.1021 183.8917
Vann (PaZaZa ) -402.0526 -1.0679 -467.6394
Voaae (PoZaZa) 6.5346 0.2597 0.1591
Piaal (P Za Za) 41.7793 1.1032 54.2255
Yomn (PoZn Zn) -14.9734 -0.5167 -5.4900
Hausman test statistic 38.94***

No. of Obs. 556

Note: The system of SNQ profit function and netput equations are jointly estimated using R package
“micEconSNQP”. The significance levels are *10%, **5%, and ***1%. The missing dummy for regions is Hilly
area. The superscript u refers to the estimated coefficients of unrestricted profit function, whereas r is those
of restricted estimation. T-Stat refers to the estimate parameter to the left. Subscript a represents agricultural
outputs; b denotes amount of collected biomass; | is labor inputs
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