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Abstract

The current food crisis all over the globe has rs@ated alternative policy actions by

various stakeholders in almost all countries of terld. Consequently, efforts are focused
on increased investment in agricultural researchd astevelopment. The study evaluates
impact of technological innovations on estimatesechnical, allocative and cost efficiency

from a parametric stochastic and non-parametridatise functions. Inefficiency effects are
modelled in a second stage endogeniety-correctduit Tegression model as a function of

technological innovation and other policy variabld$e results from both approaches show
there is substantial technical, allocative and cwefficiency in maize production and that

analysis of technical, allocative and cost efficignwith respect to technological innovation

and other policy factors are robust. Our resultewtthat policies aimed at maize technology
development and their timely dissemination, impnoset in education, access to credit and
extension among others could promote technicabcalive and cost efficiency, reduce yield
variability, enhance farm income, food security @aaduce poverty in Nigeria.

Key Words: technology, efficiency, maize, parametric, nomapaetric, distance function,
Nigeria

1. Introduction

The current global food crisis has raised concerargy policy makers in various countries of
the world. Increasing agricultural productivity ame of the major solutions to effectively
addressing the food shortage problem that hasefliéticreases in food prices all over the
world. Subsequently, efforts are being channelasdags in which increased productivity can
be achieved. Maize has been identified as oneeoftbst potential cereals grown globally,
and is the third after wheat and rice in total fgpdin production. Due to its high adaptability
and productivity, the cultivation of maize spreagidly around the globe and currently it is
being produced in most countries of the world (Asmpet al, 2005). In Nigeria, maize is
one of the main staple crops and featured amonguwldood crops (cassava, maize, wheat,
rice and sugar) whose production is to be promfiiedttainment of food self-sufficiency as
revealed by the Minister of Agriculture and WatezsRurces (Sayyadi, 2008). In Nigeria,
maize production ranks third after sorghum andenh#éimong the cereal crops (FAO, 2009).
A survey conducted in Nigeria reveals that maizeoants for about 43 percent of calorie
intake, with income elasticity of demand of 0.74%®and 0.71 for low income, high income
and all sample households respectively and conéibto 7.7 percent of total cash income of
farm households (Nweke et al. 2002; Nweke, 200@arAfrom been a food crop, maize has
equally become a commercial crop on which many -bgsed industries depend on as raw

materials. Maize contributes about 80 percent olltppfeeds and this has great implication



for protein intake in Nigeria (FAO, 2008). Maizetierefore considered as very vital to the
economic growth of the nation through its contribatto food security and poverty

alleviation.

Current maize production is about 8 million tonreexd average yield is 1.5 tonnes per
hectare. The average yield is low when comparegdadd average of 4.3 tonnes/ha and to
that from other African countries such as Southcafwith 2.5 tonnes/ha (FAO 2009). Thus,
there has been a growing gap between the demanudme and its supply. The stronger
force of demand for maize relative to supply isdewiced in frequent rise in price of maize in
Nigeria. In view of the high level demand for maireindustries (flour mills, breweries,
confectioneries etc), for human and animal consionpthe Federal Government under the
leadership of President Olusegun Obasanjo in 20&ated a programme to double maize
production in the country both for national constimp and international export through
promotion of improved agricultural technologies lswas fertilizer, hybrid seeds, pesticides,
herbicides and better management practices. (US20D6). Since then, several stakeholders
have alleged their support for this program as ye\astempt to boost its production is
expected to enhance food security, serve as ingpbdtitution and earn foreign exchange for
the country through export to food deficit courgr{iTA, 2007).

The development of technological innovations ofteme at a cost, thus ascertaining their
feasibility in terms of impact on farm householdsvery crucial for policy analysis. This
study focuses on impact on efficiency of farm hdwdes. Policy conclusions may vary
depending on methodology used. However, consistefcgifferent approaches validates
policy conclusions. Two broad approaches are ustiallowed in efficiency analysis in the
literatures; parametric and non-parametric appresiciihe parametric approach could either
be stochastic or deterministic. Whereas the stdichfasntiers accounts for noise in the data,
the deterministic frontiers do not, rather all dgians of output from the frontier is attributed
to inefficiency. Non-parametric approaches are igaileterministic. Under the parametric
approach, the production technology has basica&gnlrepresented either by a production or
cost function. The use of distance functions haoemtly begun. Data envelopment analysis
(DEA) is the most commonly used non-parametrictiesrapproach. The major disadvantage
of the DEA approach over its parametric countergathat it takes no account of possible
influence of measurement error and other noiskendiata. However, it has the advantage of

removing the necessity to make arbitrary assumsgtiabout the functional form of the



frontier and the distributional assumption of theoe terms. The parametric stochastic
distance frontier (SDF) has advantages and disaagas as well. The advantages include its
ability to control for random unobserved heterogignamong the firms. Second, by using
SDF, the statistical significance of the varialdesermining efficiency can be verified using
statistical tests. Disadvantages of the paramstdchastic approach consist of the need of

assumptions about the production technology andlalisional of the two error components.

Given the different strengths and weaknesses ditbeapproaches, this study wishes to shed
more light on the sensitivity of technical (TE)Joaktive (AE) and cost (CE) efficiency
estimates obtained from different approaches. Adsme comparison of technological
innovation impact on efficiency in the differentpapaches will be made. Specifically, we
compare results from parametric stochastic inpstadice function (SIDF) with its non-
parametric counterparts, DEA. This study is by reans the first to analyse the sensitivity of
results to different approaches. Examples of coatp@ studies in agriculture involving
distance functions include Arega and Manfred (20®#rrero (2005), Aregat al. (2006).
Similar studies in other sectors are Coelli andelPeain (1996, 1999, 2000), Cuesthal.
(2009). All of these studies compared only tecHnieféiciency estimates from different
approaches. However, we note that the modelling estdnation of both technical and
allocative efficiency of agricultural production eften motivated by the need for a more
complete representation of economic or cost efficyeof farmers implied by the economic
theory of production. All the studies with exceptiof Herrero (2005) and Cuesta et al.
(2009) compared results from deterministic distahaections with other approaches. We
argue in this study that given the uncertaintieragunding agricultural production, the
modelling of efficiency in a stochastic distancadtion framework is necessary. Based on
these knowledge gaps, this study compares therpsfwe of results from SIDF and DEA
approaches by (i) assessing the technical, allecaind cost efficiency of maize farmers (ii)
analysing the impact of technical innovation orsthefficiency measures. To the best of our
knowledge, there has been no study that analysepretiensively the impact of technology

on farm efficiency.

The remainder of the paper is organised as folldwsection 2 we present the analytical
framework. In section 3 we present the empiricabdetoln section 4 we present data and
variable description. In section 5 we compare tesubm SIDF and DEA models. Finally,

conclusions are drawn in Section 6.



2. Analytical Framework

The production technology of a farm may be desdribging a distance function, which is a
multi-input and multi-output technology. The notiohdistance function was first introduced

by Shepherd (1953). Whereas the output distanaaifumlooks at by how the output vector

may be expanded with the input vector held fixé@, input distance functions looks at the
proportional contraction of the input vector withet output vector held fixed. In most

empirical studies, the selection of orientatiorjustified based on exogeneity/endogeniety
argument for inputs and outputs. However, (Cog995, Coelli & Perelman, 1999) observed
that in many instances, the choice of orientatiolh vave only minor influences upon the

efficiency scores obtained. Based on this, theystemploys the input orientation and

therefore the discussion is limited to input disgrnfunction. In this study we make

comparison of parametric stochastic and non-par&rieput distance functions.

2.1 Parametric stochastic input distance function§IDF)
The input distance function may be defined on tipaii setl(y), as

D, (x,Y) =max{p:(x/ p) O L(y)} 1)
where the input set(y)represents the set of all input vectoxs] R, which can produce
the output vectory DR . That is,

L(y) ={ xOR": xcan produce y} (2)
D, (x,y)is non-decreasing in x , linearly homogenous anttawee inx, and non-increasing
and quasi-concave ity ( Coelli et al., 2005). The distance functioD, (x y), will take a
value which is greater than or equal to one ifitipait vector,x, is an element of the feasible
input set, L(y). That is, D, (x,y) =1 if xOL(y). Furthermore, the distance function will

take a value of unity if is located on the inner boundary of the input set.

The value of the distance function is not obsersedhat imposition of a functional form for
D, (x, y)does not permit its direct estimation. A conveniesty of handling this problem
was suggested by Lovell et al. (1994) who explué property of linear homogeneity of the

input distance function, expressed mathematically a



D, (Ax y) = AD, (x,y) 04 >0 (3)

Assuming we have access to cross-sectional datdl dirms, producingM outputs using
K inputs. If we setd =1/ x, and if we choose a Cobb-Douglas functional forrentequation

(3) can be expressed as:

S =Byt S BIN(X %)+ D@, ny, -InD,);  i=12.N (4)
k=1 m=1

where distance function;In(D,) measures the deviation of an observat{any) from the
deterministic border of the input requirement Eéy whigch, following the stochastic frontier

literature, is itself explained by two componergguation (4) can be rewritten to obtain

estimable equation in a stochastic frontier framwo
K-1 M
=Inx :,Bo"'zlgk In(in/XKi)+zam|n Ymi TV U5 i=12.N %)
k=1 m=1
The random errorsy,are assumed to be independently and identicallyrilised as

N (0,0% ) random variables and independent of tha , which are assumed to either be a

half-normal distribution i.e.,‘N(O,auz)‘ or exponential distribution i.e. EXR,0,’) or

truncated normal ((N (,u,auz)) or gamma distributions. The predicted radial inpuented
measure of TE for a unit of analysis is given as:

TE, =1/D, = E[exp )|V, —u;] (6)

Using the properties of the input distance function,dbality between the cost and input

distance function can easily be expressed as:

C(w,y) = M{wx: D, (xy) 21} ()

whereC is the cost of production ansldenotes a vector of input prices.

Using the first order condition for cost minimizati and by making use of Shephard’s
Lemma, it is possible to calculate AE and CE.



2.2 Non-parametric distance functions (DEA)

DEA is a non-parametric approach to distance foncgstimation (Fare et al, 1994). The
purpose of the approach is to construct a non-petraarenvelopment frontier over the data
points such that all observed points lie on or Wwetloe production frontier. In this study, both

variable returns to scale (VRS) and constant retum scale (CRS) DEA models are
considered. The DEA model could have either anthopentation or an output-orientation

just like its parametric counterpart. However, dppropriate comparison with the parametric
approach given the reason stated in the previocisose the discussion is focused on the

input-orientated DEA model.

Assuming there is data on K inputs and M outputgach of N firms. For i-th firm, these are
represented by the vectorsand y, respectively. The K x N input matrix, X and thexwN
output matrix, Y, represent the data of all N firnfthe purpose of the approach is to

construct a non-parametric envelopment frontier die data points such that all observed

points lie on or below the production frontier.

The input-oriented constant returns to scale DEgxtier is defined by the solution to N
linear programs of the form:
miné.
subjectto-y, +YA= 0,
& —XA= 0, 8
A20

where @ is the input distance measure ahds a Nx1 vector of constants. The valueéof
obtained is the efficiency score for the i-th fiand will satisfy0<8<1, with value of 1
indicating a point on the frontier and hence a méxdlly efficient firm. Inefficient units can
be transformed into efficient ones by radially canting its inputs by multiplying them by
6.

The CRS linear programming problem can easily bdifieal to account for variable returns
to scale by adding the convexity constraibti’' A =1to equation (8) to provide an input-
oriented VRS model.



With availability of price information, behaviourabjectives can be considered, such as cost
minimisation or revenue maximisation so that bathnical and allocative efficiencies can
be measured. For the case of a CRS cost minimisatioe would run the input-oriented
DEA model set out in equation (8) to obtain TE. Qmaeuld then run the following cost
minimisation DEA
min, .. W'x *,
subjectto-y, +YA= 0,

X *=XA2 0, ©)

A=20

where w, is a vector of input prices for the i-th firm ang* is the cost minimising vector of
input quantities for the i-th firm given the ingutcesw, and the output levely, and this is

calculated by the model. The total CE of the itinfwould be calculated as
WX X

CE=—"_ (10)
W' X,

Allocative efficiency is calculated as

Ae=CE (11)
TE

For a VRS cost-minimisation, equation (9) is altef®y adding the convexity constraint,
NIA=1.

3. Empirical Models

Under the parametric approach, a Cobb-Douglas astich input distance function is
assumed for this study. Although Klein (1953) nateat the Cobb-Douglas function imposes
a functional form that is convex to the origin etoutput dimensions, which is hence not
consistent with profit maximisation, we argue imeliwith Coelli et al. (2003), that it is not a
problem when there is only one output variableifasur study). Even if there is more than
one output variable, one could argue that the (dbbglas provides a first-order

approximation to the slope of the production paBgibsurface at the mean of the data.



Hence, if one is focussing on cost minimisatioruéss and not profit maximisation, the
model should still provide a reasonable approxiomatio the underlying technology,

especially in small samples where degrees of freeal@ limited.

For the case of single output, K inputs, N farrhe, émpirical model is specified as:

4
IND; =d+alnY, +> B3, InX

=1

i=1.N, (12)

i
where; is the observed maize output for the i-th farmes X ; = is the j-th input quantity

for the i-th farmer, namely land, labour, inorgafedilizer and index of other inputs such as

seed, pesticide and herbicides. In represents arahalbogarithm, and,aand g, are

unknown parameters to be estimated.

Imposing the restriction for homogeneity of degféen inputs upon equation (12),

> B =1, (13)
=1
We obtain:
41
~InX, =d+alnY,+Y B/In(X, /X, )-InD,, (14)
=1

The unobservable distance termlh D,” represents a random term and can be interpreted a
the traditional stochastic frontier analysis (SkEHgturbance terng, . Thus equation (14) can

be rewritten as:

41
~InX, =&+alnY, +Y B In(X, /X, )+v, -u, (15)

=1
The statistical noisey() are assumed to be M(0,0,”) and independent ofi,, whereu, is

independently distributeds; is assumed to have a half-normal distribu’m)(\i), o,?)| in this

study given that a preliminary test rejected thierahtive of truncated normal distribution at
5% level of significance.

The input-orientated TE scores are predicted usiagonditional expectation predictor:
TE, = Elexp(-u)l&)], (16)
From the parameters of the Cobb-Douglas input wigtafunction, the corresponding

parameters of the dual cost function is analytycadirived and is defined as:



4
INC, =b, +> b, InW, +gInY, (17)

i=1
where C; is the cost of production of maize for the i-tmnf@r, W; is the j-th input price
which includes the price of land, price of labquice of inorganic fertilizer and price index

for other inputs.b,, b,and ¢ are unknown parameters which are derived fromptimaal

function. Using the first order condition for castinimization, it can be shown that the

parameters of the cost and input distance funetrerrelated as follows:

The technically efficient input quantities are pgoteld as follows:
X7 =X, xTE, j=1,23,4 (18)
The cost-efficient input quantities are predictgdiaking use of Shephard’s Lemma, which

states that they will equal the first partial datives of the cost function:
- Cb, |
Xe=—"T=—1"i=1234 (29)

where éi is the cost prediction obtained by substituting #stimated parameters into (the
exponent) of equation (17). Thus, for a given lefebutput, the minimum cost of production
IS >2f (W, while the observed cost of production of the fatmer isX; [W,. These two cost

measures are then used to calculate the CE saordsefi-th farmer:

7 C
cE =2 (20)
X,
AE is calculated residually as:
e =5 (21)
TE

Each of these three efficiency measures takesue \@tween zero and one, with a value of
one, indicating full efficiency.

Under the non-parametric approach, the CRS and E®A and CRS and VRS cost
minimising DEA models as presented in section 2 estimated for the same number of

farm households, same output variable and same wapiables as for the SIDF.

To analyse the impact of technological innovatidrybfid seed, inorganic fertilizer,

herbicides and conservation practices) and oth&cypeariables on efficiency, a second



stage procedure is used whereby the efficiency esca@re regressed on the selected
explanatory variables using a two-limit Tobit modehce efficiency scores are bounded

between 0 and 1. The Tobit model is specified as:

10 4 10 4
Yi* :ﬁ0+2ﬂnxin+2ﬁm-]—im+ui If I‘i <IBO+ZIBnXin +ZﬁmTim+ui <Ui (22)
=1 m=1 =1 m=1
=0 =0 =0 =0

where Y, is a latent variable representing the efficiencyasuge for each farm household,
X, is anxlvector of explanatory variable for thig farm, T, is an mxlvector of technology
variables for theth farm, £, and S, is a kxl and mxlL vectors of unknown parameters to be
estimated,u; are residuals that are independently and normadlyilouted, with mean zero
and a constant varianeé, and L, andU, are the distribution’s lower and upper censoring
points, respectively. Denotiny, as the observed dependent variabte=0 if Y’ <O

Y =Y if 0<Y <LandY =1if Y >1.

The inclusion of technology adoption variables medficiency model presents the problem
of potential endogeneity and self selectivity. Thegeneity of these variables were tested
using the instrumental variable approach as prapdse Smith and Blundell (1986). To
correct for endogeneity, this study follows a twepsapproach, in which each endogenous
technology variable is estimated in a first stagd their predicted values are included in a
second step as additional explanatory variableswields unbiased estimates of impact of

technological innovation on efficiency.

4. Data and Variables

A multistage stratified sampling procedure was @y@dl in selecting the respondents in this
study. A total of 240 farmers were interviewed fréour local government area of Benue
State. Data on output and input quantities andepriwere collected. One output variable
(PROD) and four input variables (LAND, LABOUR, FERAnd OTHER) were used in
estimating the parametric stochastic input distafwsection. The output variable is the
guantity of maize produced during 2008/2009 agtical season by a farm household and is
measured in kilograms. LAND is measured as the afdand in hectares cultivated with

maize by a farm household in the relevant pericBQUR is measured as the amount of

10



both family and hired labour in mandays used byfénma household. FERT is the amount of
inorganic fertilizer in kilograms used by the fahousehold. OTHER is the Fisher quantity
index of seed, herbicides and pesticides used dyaitm household. Observed average price
per unit of inputs used were used in the analy¥¥iswp is rental price of a hectare of farm
land. W agour is price of labour per day. Mkt is price of inorganic fertilizer per kilogram.
Worrer is an implicit price index of seed, herbicides gmasticides derived by dividing the

cost of other inputs by OTHER. All prices werdanal currency, Naira.

Four variables indexing technological innovatiorluged in second stage regression are
HYV (area of maize farm cultivated with hybrid seeariety); FERT (area of maize farm
applied with inorganic fertilizer); HERB (area ofame farm subjected to herbicide
application); and PRACTICES (the number of consowapractices adopted by a farmer on
his or her maize farm. Other variables include A@Be of the household head in years);
GENDER (dummy variable equal 1 if male or zero othge); EDU (number of years of
formal education completed by the household he&thS (number of persons in the
household); OFFWORK (dummy variable equal to 1 émgagement in off-farm work);
MFG (a dummy variable equal 1 if the household hé&ad member of any farmer
organization); EXT (number of extension visits dgrithe cropping period); CREDIT (a
dummy variable equal 1 if farmer had access toigredARKET (distance to the nearest

market).

Data was also collected on the instruments foffitlse stage of endogeneity-corrected Tobit
model. For hybrid seed, YIELD is equal 1 if a famperceives that HYV produces more
than the traditional variety. PALATABILITY is 1 ifarmer perceive that HYV is more
palatable than the local maize variety. For inorgdertilizer, AVAILABILITY is equal 1 if
farmer perceives that inorganic fertilizer is réyadavailable. RAINRISK is equal 1 if
farmer’s perception of poor rainfall years is Idwar herbicides, NEED is equal 1 if farmer
perceives a need for weed control in his maize f&MVTRISK is 1 if farmer’s perception
of environmental effects of herbicide use is lokor conservation practices, SLOPE is equal
1 if the farmers maize farm is on a non-flat pladDEGRADATION is 1 if farmer perceives

soil erosion as a problem in his or her farm.

11



5. Estimation Results.

5.1 MLE Estimates of the Parametric Stochastic InptiDistance Function

Table 1 presents the both the maximum likelihoodlYsind the ordinary least square (OLS)

estimates of the parametric stochastic input dégtaiunction (SIDF) using the computer
program, FRONTIER v. 4.1 developed by Coelli e{(4096). Result shows that all variables

are significant at 1% and have expected signs.eBlimated coefficient of output is less than

one in absolute terms indicating increasing retutmsscale which for the parametric

stochastic input distance function is computedhasinverse of the negative of this value,

which is 1.351. The elasticity of the distance tiot with respect to a specific output is that

it corresponds to the negative of the cost elagta that particular output. The elasticity of

maize output being negative and highly significanplies that increasing production of

maize results in a substantial increase in cost. ddst elasticity of 0.74, therefore, implies

that a 10% increase in maize output results iM8&dncrease in total cost. The elasticities of

the distance function with respect to input quadiaire equal to the cost shares and therefore

reflect the relative importance of the inputs ie ffroduction process. For e.g. the elasticity

with respect to land is largest with a value of70tBat means that the cost of that input

represents 67% of total cost at the sample mean.

Table 1: The MLE and OLS estimates of the parametd SIDF

Variable Mean Parameter OLS estimates ML estimates

3.718*** 3.883***

INTERCEPT o) (0.200) (0.216)
-0.729%** -0.740%**

PROD 1320.38 (0.021) (0.021)
0.679%** 0.667***

LAND 1208 B (0.022) (0.024)
0.219%* 0.233***

LAB 111.195 5, (0.021) (0.023)
0.036*** 0.038***

FERT 115.185 Bs (0.003)

OTHER 56.343 B, 0.067 0.061
s o 0.043**

SIGMA-SQUARED g =0,+0, (0.006)
s o 0.825***

GAMMA y=o,lo (0.060)
LLF 125.479 132.274

*»*Sjignificant at 1% level. Standard errors are gimoin parenthesis.

2The estimate oﬂ4 is computed by the homogeneity condition

12



The estimate of the variance paramgteiis 0.83 and significant at 1% implying that 83% o

the total variation in output is due to inefficignd his result is confirmed by conducting a
likelihood ratio test to test the hypothesis of Otf®del versus frontier model. LR test
statistic is 13.23 and this was significant whempared with mixed chi-square value of
5.412 at one degree of freedom, thus rejectingtlegjuacy of the OLS model in representing
the data.

Based on the estimated parameters of the inpuardist function, the parameters of the
corresponding dual cost function were derived &mglformed the basis of computing the CE

and AE. The dual cost frontier is given as:

INC, = -2977+0.667INW,,, +0.233nW,

Labour + 003&\/
+0.061nW,, ., +0.740n PROD

Fert (19)

where C is the cost of production for the ith farmé&Vv,, , is the rental price of land per
hectare estimated at4889.17 W, the price of labour per day estimated-aB¥81.

Labour

W, is the price of inorganic NPK fertilizer per kgtiesated at—=+$7.9. W, is implicit
price index of other inputs estimated-8\64 per kg.

5.2 Comparison of Efficiency Scores and Distributio

The frequency distribution of technical, allocatiared cost efficiency from SIDF and DEA
models on the entire sample are presented in &bldhe average technical efficiency is
86.7, 85.5 and 80.1 percent for SIDF, VRS DEA amRISAEA respectively. This implies

that for the SIDF, VRS DEA and CRS DEA, a cost sawnd 3.3, 14.5 and 19.9 percent
respectively could be achieved by improving techhefficiency without reducing outputs.
The average allocative efficiency is 57.8, 73.8 &b percent for SIDF, VRS DEA and
CRS DEA respectively. This implies that for the SIDIRS DEA and CRS DEA, a cost
saving of 42.2, 26.2 and 33.1 percent respectizelyd be achieved by improving allocative
efficiency without reducing outputs. The averaget ceficiency is 50.2, 62.3 and 51.6
percent for SIDF, VRS DEA and CRS DEA respectivalfiis implies that for the SIDF,

VRS DEA and CRS DEA, a cost saving of 49.1, 37.7 48\d percent respectively could be

achieved by improving cost efficiency without rethgcoutputs.

13



Table 2: Frequency distribution and estimates of diciency

Efficiency SIDF DEA VRS DEA CRS
index (%)

TE AE CE TE AE CE TE AE CE
<4C 0 21 55 0 13 21 1 28 68
41-50 0 37 59 0 11 34 20 37 57
51-60 0 68 73 11 24 46 7 28 37
61-70 14 84 44 22 45 72 42 34 58
71-80 29 28 8 58 5C 46 49 46 12
81-90 111 2 1 51 60 16 49 49 5
91-100 86 0 0 98 37 5 72 18 3
Mear 86.7 57.€ 50.2 85.t 73.€ 62.3 80.1 65.€ 51.€
Min 64.2 23.C 19.€ 51.t 28.¢ 28.¢ 37.t 22.4 14.¢
Max 97.1 88.8 85.9 100.0 100.0 100.0 100.0 100.0 0.a.0
SD 7.6 11.9 12.0 12.9 16.7 14.6 15.8 19.2 15.6
Skewnes -1.2 -0.5 -0.2 -0.5 -0.7 -0.1 -0.4 -0.3 0.3
Kurtosis 3.6 2.8 2.7 2.4 3.C 2.8 2.4 2.C 2.8
cv 8.8 20.5 23.9 15.1 22.6 23.4 19.7 29.1 30.2

Min = Minimum; Max = Maximum; SD = Standard devati; CV = coefficient of variation

To summarise, we observe that the SIDF producecehigithnical efficiency values than the
two DEA models. Similar results were obtained byrei® (2005) and Cuesta et al. (2009)
VRS DEA and CRS DEA produced higher allocative anst @fficiency values than the
SIDF model. We do not have a previous study comgafiE and CE from parametric and
non-parametric distance functions. The VRS DEA andTHA exhibit greater variability
than the SIDF efficiency measures. Maize farmerBanue State operate with considerable

inefficiency dominated by cost inefficiency as d#ed by all approaches.

From table 2, it appears the means and distribsitafnefficiency scores from the different
approaches are quite different. A formal test wasdcacted to evaluate the statistical
significance of the difference between the paraime8IDF and nonparametric DEA
technical, allocative and cost efficiency scoresisTis achieved by testing different
complementary hypotheses relative to: i) the etualf means (t-test), ii) the equality of
distributions (Wilcoxon signed rank-test), and ilie independence of the results with regard
to their rank (Spearman's correlation test). Tabbeedents the results concluding that in the
case of the t-tests, the differences between tBé @ind each of the DEA efficiency scores

are statistically significant with a confidence @%. The Wilcoxon test further reinforces
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this result by indicating that the distributionsthim the bilateral pairs of results are also
statistically different.

Table 3: Tests of hypothesis between efficiencymses from SIDF and DEA

Test t-tesf Wilcoxon tesP Spearman test
t-statistic Z-statistic Spearman’sp
TE AE CE TE AE CE TE AE CE

SIDF vs 2.133 -31.406 -39.925 2936 -13.386 -13.431 0.705 0.872 0.963

DEA VRS (0.034) (0.000) (0.000) (0.003) (0.000) (0.000) (0.000) (0.000) (0.000)

SIDF vs 8.606 -13.045 -3.044 7.900 -9.842 -2.356 0.654 0.902 0.927

DEA CRS (0.000) (0.000 (0.003) (0.000) (0.000) (0.019)  (0.000) (0.000) (0.000)

3HO is the equality of mean®0 is that both distributions are the safidp is that both variables are indepenggmvalues are in
parenthesis

To assess the overall consistency of the three metimoranking individual farms in terms of
efficiency, the coefficient of Spearman rank-orderrelation has been calculated between
the three models. Spearman's correlation suggkatsthe different farm household rank
similarly when they are ordered according to eitheir parametric and nonparametric

efficiency scores. These findings are consistettt thiat of Cuestat al. (2009).

5.3 Comparison of policy impacts on efficiency estiates of SIDF and DEA models

Summary results for the exogeneity test the tedugichl innovation variables are presented
in the table 4. We observe that exogeneity of aactable in each model was rejected in at
least one case. An endogeneity-corrected Tobit m@lemployed in the second step

regression in the case of rejection of the nulldipsis.

Table 4: Summary result of Smith-Blundel test of esgeneity

Predicted Residuals

Model RES HYV RES FERT RES HERB RES PRACTICES
SIDF:
TE 0.023** (0.012) -0.025 (0.016) -0.016 (0.014) .0@6** (0.002)
AE -0.113*** (0.024 -0.056* (0.033 -0.041 (0.02¢ -0.002 (0.011
CE -0.088*** (0.022) -0.088*** (0.022) -0.050* (027) -0.004 (0.010)
DEA VRS:
TE 0.160*** (0.041) 0.003 (0.052) 0.092* (0.049) 002 (0.016)
AE -0.140**%(0.041, -0.027 (0.054 -0.030 (0.04¢ -0.003 (0.017
CE -0.043 (0.029) -0.025 (0.038) -.009 (0.034) 00.0012)
DEA CRS:
TE 0.236*** (0.049) -0.002 (0 .060) 0.045 (0.057) .002 (0.019)
AE -0.198*** (0.041 -0.043 (0.05¢ -0.055 (0.05C -0.008 (0.01¢
CE -0.063*** (0.024 -0.058** (0.029 -0.058** (.027 -0.008 (0.01C

*** Significant at 1% level; **significant at 5% levélsignificant at 10% level. Standard errors are shiwparenthesis.
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The results of the second stage endogeneity-cod-dabit model are presented in tables 5, 6
and 7. The significance of the likelihood ratio (LE)st in each model implies the joint
significance of all variables included in the modehus, the hypothesis that the technology
and other policy variables included in each modefehno significant impact on efficiency is
rejected. AGE has a positive and significant immactechnical efficiency in all three models
but has positive and significant impact on cosiceficy VRS DEA models. Thus, the
variable indexes experience and serve as a proxyuiman capital showing that farmers with
greater farming experience will have better managerakills and thus higher efficiency than

younger farmers. This result is consistent withfthdings of Khaiet al. (2008).

Table 5: Endogeneity-corrected Tobit results of derminants of technical efficiency

SIDF VRS DEA CRS DEA

Variable Coeff. Coeff. Coeff. Mean
-0.013 -0.037 -0.044

GENDER (0.009) (0.030) (0.034) 0.888
0.002%** 0.004*** 0.004***

AGE (0.000) (0.001) (0.001) 47.167
0.002*** 0.004** 0.004***

EDU (0.000) (0.001) (0.002) 8.433
0.001*** 0.00( 0.003*

HHS (0.000) (0.001) (0.001) 11.742
-0.034%** 0.071** 0.152%**

LAND (0.008) (0.029) (0.034) 1.208
-0.010* -0.037* -0.02¢

OFFWORK (0.006) (0.020) (0.023) 0.675
0.045%** 0.059* 0.111***

MFG (0.010) (0.033) (0.037) 0.454
-0.003** 0.00z -0.00¢

EXT (0.002) (0.006) (0.006) 2.546
0.023*** 0.044 0.025

CREDIT (0.008) (0.028) (0.032) 0.138
-0.00C -0.003* -0.00z

MARKET (0.000) (0.002) (0.002) 6.278
0.011** 0.024 0.038*

HYV (0.006) (0.020) (0.022) 0.895
0.018** 0.02¢ 0.02%

FERT (0.009) (0.029) (0.035) 0.816
0.008 0.000 0.054**

HERB (0.006) (0.014) (0.025) 0.591
0.009*** 0.024%** 0.018**

PRACTICES (0.002) (0.007) (0.008) 1.75
0.750%** 0.592%** 0.400***

INTERCEPT (0.019) (0.065) (0.074)

LLF 417.474 38.538 32.413

LR TEST 293.72%** 104.400*** 106.510%***

*** Significant at 1% level; **significant at 5% levéisignificant at 10% level. Standard errors are shewparenthesis. M.E. =Marginal

effect
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The estimated coefficient of the second human daydtgable, EDU, from all three models
was consistently positive though had significanpact on technical efficiency only. Similar
positive and significant impact of education onhtaical efficiency of maize farmers in
Nigeria was found by Oyewo and Fabiyi (2008). HH&swfound to be positively and
significantly related to technical and cost effiiyg in the SIDF and CRS DEA models. A
possible reason for this result might be that gdahousehold size guarantees availability of

family labour for farm operations to be accomplietime.

Table 6: Endogeneity-corrected Tobit results of d&rminants of allocative efficiency

SIDF VRS DEA CRS DEA

Variable Coeff. Coeff. Coeff. Mean
0.012 0.011 0.019

GENDER (0.019) (0.032) (0.032) 0.888
-0.00C 0.001 -0.00z

AGE (0.001) (0.001) (0.001) 47.167
0.000 0.001 0.002

EDU (0.001) (0.002) (0.002) 8.433
0.001 0.001 0.001

HHS (0.001) (0.001) (0.001) 11.742
0.045** -0.003 0.072**

LAND (0.020) (0.030) (0.030) 1.208
-0.005 -0.003 -0.002

OFFWORK (0.013) (0.021) (0.021) 0.675
0.002 0.019 0.041

MFG (0.021) (0.035) (0.035) 0.454
0.007* 0.00% 0.00¢

EXT (0.004) (0.006) (0.006) 2.546
0.129%** 0.170%** 0.176***

CREDIT (0.018) (0.029) (0.029) 0.138
-0.000 -0.001 -0.001

MARKET (0.001) (0.002) (0.002) 6.278
0.034*** 0.046** 0.063***

HYV (0.013) (0.021) (0.021) 0.895
0.057** 0.078** 0.107***

FERT (0.027) (0.032) (0.032) 0.816
-0.014 -0.030 -0.031

HERB (0.013) (0.023) (0.022) 0.591
0.00z 0.00z 0.00z

PRACTICES (0.005) (0.008) (0.008) 1.75
0.431*** 0.689*** 0.501***

INTERCEPT (0.041) (0.068) (0.069)

LLF 234.686 112.307 113.035

LR TEST 139.09%** 66.090%** 122.850%**

*** Significant at 1% level; **significant at 5% levéisignificant at 10% level. Standard errors are shewparenthesis. M.E. =Marginal
effect

In this study, we observe that the relationshipveein LAND and the three efficiency

measures in all the three models are inconsisWhereas, it has negative and significant
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impact on technical efficiency in the SIDF modelhas positive and significant impact on

technical and cost efficiency in VRS DEA and postand significant impact on all three

efficiency measures in CRS DEA model. A similar ttasting result was found by Coelli et

al. (2002) for modern boro rice farmers in Bangigdndia. OFFWORK was consistently

negative but has significant impact on technicétieincy only in both SIDF and VRS DEA

models. This implies that farmers who engage irfarfin work are likely to be less efficient

in farming as they share their time between farnand other income-generating activities.

Productivity suffers when any part of productiomegylected. This finding is consistent with

that of Mariano et al. (2010).

Table 7: Endogeneity-corrected Tobit results of derminants of cost efficiency

SIDF VRS DEA CRS DEA

Variable Coeff. Coeff. Coeff. Mean
0.000 -0.010 -0.007

GENDER (0.017) (0.022) (0.017) 0.888
0.001 0.001** 0.001

AGE (0.001) (0.001) (0.001) 47.167
0.001 0.001 0.001

EDU (0.001) (0.001) (0.001) 8.433
0.001* 0.001 0.002***

HHS (0.001) (0.001) (0.001) 11.742
0.025 0.036* 0.123***

LAND (0.018) (0.021) (0.018) 1.208
-0.00¢ -0.01¢ -0.012

OFFWORK (0.012) (0.015) (0.012) 0.675
0.028 0.027 0.039***

MFG (0.019) (0.025) (0.019) 0.454
0.00¢ 0.007* 0.00z

EXT (0.003) (0.004) (0.003) 2.546
0.130%** 0.177*** 0.131***

CREDIT (0.016) (0.021) (0.016) 0.138
-0.00C 0.001 -0.001

MARKET (0.001) (0.001) (0.001) 6.278
0.035%** 0.018 0.035***

HYV (0.011) (0.014) (0.011) 0.895
0.060*** 0.053** 0.091***

FERT (0.024) (0.023) (0.024) 0.816
-0.005 -0.019 0.008

HERB (0.008) (0.016) (0.008) 0.591
0.00¢ 0.010* 0.007*

PRACTICES (0.004) (0.005) (0.004) 1.75
0.305*** 0.388*** 0.163***

INTERCEPT (0.038) (0.047) (0.038)

LLF 259.949 194.421 258.991

LR TEST 196.07*** 168.110*** 318.070***

*** Significant at 1% level; **significant at 5% levéisignificant at 10% level. Standard errors are shewparenthesis. M.E. =Marginal

effect
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Membership in a farmer group (MFG) which indexesiaocapital affords the farmers
opportunity of sharing information on modern mapactices by interacting with others as
well as provides farmers with bargaining powerhe tnput, output and credit markets. As
expected, MFG was found to be consistently postiivehas significant impact on TE in all
three models and on CE in CRS DEA model only. Thearhpn TE is consistent with the
findings of Ogunyinka and Ajibefun (2004).

The extension variable, EXT, presents a little peizt is expected to be positive as it
enhances farmers’ access to information and impré®ehnological packages. Whereas it to
has negative and significant impact on TE in theFStDodel, it has positive and significant
impact on AE and CE in the SIDF and VRS DEA modekpeetively. Some researchers
(Okoyeet al. 2006, Ogunyinka and Ajibefun, 2004) in Nigeria @dound similar negative
sign of the extension variable for technical effirmy. CREDIT is consistently positive and
has significant impact on AE and CE in all three ni@drit significant on TE in the SIDF
model only. The availability of credit loses theguction constraints thus facilitating timely
purchase of inputs and therefore increasing prodtyctvia efficiency. The result is
consistent with the findings of Muhammad (2009).Vaeable MARKET serves as a proxy
for the development of road and market infrastmegult is generally believed that farms
located closer to the market are more technicaljpcatively and economically less
inefficient than the farms located farther from timarket as this might not only increase
production cost but also affect farming operatia@specially the timing of input application.
This expectation was satisfied in this study asMARKET variable was correctly signed in
all three models though is significant in the SiDBdel for TE only. GENDER was never

significant in all cases.

Finally, an important goal of this study is to exate explicitly the impact of technological
innovation on efficiency of maize farmers. Resudfsow that HYV has positive and
significant impact on TE, AE and CE in the SIDF arlRSCDEA models but significant in
the VRS DEA model for AE only. Zavale et al. (20@8)d Chirwa (2007) obtained similar
impact on TE and CE using production and cost frordjgsroaches respectively. These
findings further strengthen the need for hybriddseeprovement and diffusion in Nigeria in

line with the current doubling of maize productiprogramme of the Federal Government.
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FERT was also found to have positive and significanmtact on AE and CE in all the three
models but significant impact on TE in the SIDF maalaly. The findings are consistent with
that of Okoyeet al. (2006) and Msuyat al. (2008) who found a positive impact of inorganic
fertilizer on allocative and technical efficienagspectively. The fertilizer technology can be
said to corroborate to credit. Thus, failure to tesgilizer may result in irretrievable output
loss. The variable, HERB, has positive and signifiégarpact on TE in the SIDF model. In
most cases it has negative though not significapiict on AE and CE in all three models. It
could be that due to the farmers’ perception of tiealth and environmental effects of
herbicides coupled with its high cost and inadegaguplication knowledge, its adoption and
usage was highly constrained. PRACTICES have pes#nd significant impact on technical
efficiency in all three models and also on CE ie ttvo DEA models. Soliet al. (2009)
found similar impact on TE. We note economic andgiremmental sustainability can be

viewed as complementary rather than competitivdsgoa

6. Conclusions and Policy Implications

The study analyses impact of technological innovetion technical, allocative and cost
efficiency of maize farmers in Benue State, Nigeridhe performance of parametric
stochastic distance function (SIDF) with its nomgraetric counterpart (VRS and CRS DEA)
in predicting efficiency levels and identifying tseurces were compared. The three models
depict the existence of substantial technical, calive and cost inefficiency in maize
production in Benue State, Nigeria implying a cdesable potential for enhancing
productivity through improved efficiency. A t-test equality in means and Wilcoxon signed-
rank test of equality in distribution within bilate¢ pairs of employed approaches show
significant differences in the efficiency estimatby the different approaches. However,
given that in policy analysis, the ranking of eiffitccy scores may be more important than the
quantitative estimates, a Spearman rank correlataysis was conducted and results show
significant similarities in the ranking. Resuiisow that technological innovation variables
such as hybrid seed, fertilizer, herbicides andseoration practices have positive and
significant impact on one or more of the efficienayeasures in all three models. These
findings justify a further investment in agriculdiresearch and development by the Nigeria
Government and relevant private organisations.ds$ w&lso found that education, extension
contact, age, membership in farmer organizatioogsg to credit, household size and off-

farm work have significant impact on efficiency. Theerall policy implication of our
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findings is that appropriate technology policy fadation and implementation is an effective
instrument to improvement in farm efficiency antlthings being equal, this is expected to
result in increased productivity, food security grayerty reduction in Nigeria. The findings

are robust to different methodological approaches.
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