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Cost Efficiency and Farm Self-selection in Precision Farming: The Case
of Czech Wheat Production

Jarmila Curtiss and Ladislav Jelinek

Annotation: This paper examines allocative and cost efficiemaplications of adopting
variable-rate fertiliser application using survewtal from Czech wheat farms. Data
Envelopment Analysis delivered higher efficiencpras for precision farming (PF) adopters.
Correcting for selection bias using a one-step gadous switching regression reveals that
farms displaying a lower cost efficiency score %s likely to adopt PF technology. Non-
adopters switching to PF technology would likelydffected by a significant decrease in cost
efficiency given their production conditions andfmanagerial and technical skills. In line
with this, results indicate that human capital dadn size increase the likelihood of PF
adoption. Cost (allocative efficiency) implication$ PF-related changes in input structure
only, on the other hand, are not found to havenapact on the choice of technology. A
positive allocative efficiency effect of PF techogy is brought about mainly by a farm's
ability to better extrapolate the soil's productpaential, which is insufficiently reflected in
the land rental prices. The allocative as well @st efficiency implications of PF technology
are further related to technology-specific respenge various farm characteristics and
technological practices. PF technology makes faefifisiency more responsive to production
conditions, farm specialisation, legal form and eothechnological practices. The overall
efficiency effect the PF practices is, therefomditioned on farm characteristics.

Key words: Precision farming, cost efficiency, technical efincy, allocative efficiency, Czech
agriculture, endogenous switching regression.

1 Introduction

Global efforts to improve the management of agtical production to achieve higher
economic performance and sustainability point tee thmportance of continuously
investigating economic and environmental potentiadsvarious production technologies
claimed to bring about the more efficient use offfaesources. Precision agriculture adopters
strive to produce along these lines, with economaentives representing the dominant
drivers of their technology selection (e.g., RobeEnglish and Mahajanashetti, 2000), but
positive environmental effects are still being is&d (e.g., Khanna 2001). Despite the
political interest in precision farming (PF) adaptiand its potential for economic benefits,
the PF adoption rate is still relatively low (Dak&wv and McBride, 2003; Tey and Brindal,
2012). This relatively low rate, as well as the aully of empirical results on PF
technology’s economic effects (English, Roberts &mahajaneshetti, 1998; Batte, 1999)
contribute to agricultural economists’ continuederest in analysing the underlying factors
that influence PF adoption and illustrate its ecomoeffects.

Whelan and McBratney (2000: 265) offer the follogvidefinition of precision farming:
“Matching resource application and agronomic pcastiwith soil and crop requirements as
they vary in space and time within a field.” Rephacthe widely-used uniform application of
inputs, not considering within-field production potials with a system that assesses within-
field variability in soil and crops (e.g., througheld or soil nutrition monitoring) and
responds with site-specific management practicest{@® et al., 2011) can be expected to
yield economic benefits. Precision farming has bpmsjected (i) to increase revenues by
increasing crop yields above the yields achievadl wiuniform level of input application, and
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(ii) to reduce costs of production by reducing kel of inputs required to achieve a given
yield (Roberts, English and Mahajanashetti, 2000).

Adopting PF technology can also be accompanieddsy mcreases due to new technical
demands and input reallocation. Since PF subsiinfermation and knowledge for physical
inputs (Bongiovanni and Lowenberg-Deboer, 2004:)3%aplementing PF practices can
introduce higher costs of information collectiong(e soil and yield monitoring for the

diagnostic stage), as well as costs related t@bkriinput application. Physical inputs, mainly
direct inputs such as fertilisers and other chelwicare thus replaced by specialised
machinery and human capital. This cost effect ofrél&ted input re-allocation has not
received much scientific validation.

This paper examines the impact of PF adoption ama@uic returns measured by cost
efficiency and aims to highlight the role of teclogy-related input re-allocation in the
overall cost effect. This analysis must consider plossibility of self-selection bias, since
farmers can be expected to endogenously self-dblectselves into a sub-group through their
adoption/non-adoption decision instead of beingdoamy selected from the survey
respondents (Khanna, 2001: 36). The farms’ sefesieln into adopting the PF technology
can result from the expectation of technology-eslatosts and benefits, which depend on the
farm’s information on the productive or cost-reduggpotential of the new technology, as well
as their assessment of their own capacity to eedlss potential conditioned on their
characteristics. More technically efficient farmengctherefore, be assumed to have a greater
potential to extrapolate the benefits of new tebdbgies such as PF, and hence to show a
higher propensity to adopt the technology. To adrfer the self-selection bias, we apply a
one-step endogenous switching regression. Thisy shmélyses farm-level survey data on
Czech wheat-producing farms and focuses on variaéeof fertiliser application as the PF
practice of interest.

The paper is structured as follows: The followitgyater discusses existing empirical studies
on the economic implications of PF technologies @eatifies the main added value of our
analysis. The subsequent chapter introduces methdata and variables applied in the
analysis. Chapter four presents and discusses rimrieal results, while Chapter five
summarises the study and derives main conclusions.

2 Previous research

A review of theoretical models (see Feder and Um&®3) as well as empirical studies of PF
technology’s economic implications (see below) poito the thin line between the positive

economic effects and PF-related costs and themrdyes, which makes the expectation of the
net economic benefits less intuitive. For examplaselin, Bongiovanni and Lowenberg-

DeBoer (2004) identified a profitability-increasimfect of variable rate technology when

applying a spatial econometric approach to sthi@lstrdata. Most studies have, however,
found that the net economic implications of PF texdbgy are conditional on a range of farm,
field, market or institutional conditions. For iaate, Bongiovanni and Lowenberg-Deboer
(2004) find that PF is a modestly more profitalteraative than uniform field management

for a wide range of restrictions on nitrogen apgimn levels (e.g, government regulation on
nitrogen use). Khanna (2001), by using a doublecsigity model on a sequential adoption of
PF technologies, came to the conclusion that adgsite-specific technologies leads to gains
in nitrogen production on less productive soilsp&xments on cereals fields carried out by
Godwin et. al. (2002) showed that the benefits flRIfnsystems outweigh the additional costs
in some farm (size) categories, and depending @saphistication of the PF system. Roberts,
English and Mahajanashetti (2000) stress the imapoe of the quality of the diagnostic stage
of the PF practice implementation for drawing béedfom PF technology adoption. They
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also point out that the economic outcomes of thetdeRnology are sensitive to input and
output prices.

Numerous studies confirm the importance of the etqueeconomic benefits for PF adoption,
and thus farm self-selection into the technology. iRstance, Khanna, Epouhe and Hornbaker
(1999) concluded that uncertainty in returns duadoption, high costs of adoption, and a
lack of demonstrated effects of advanced site-fipgechnologies on yields and input use are
some of the major reasons for low adoption ratemsiiering various stages of technology
adoption, Leathers and Smale (1991) found that mundeertain impact of the new
technologies, it is rational for the farmers to pidcomponents of the technology sequentially
rather than to adopt the complete technology alhat.

Our data does not allow us to consider sequerdigtton. However, the data does include a
large range of farm characteristics that allowaugftectively correct for a possible selection
bias. Also, the detailed production and technolalgaata permits a closer look at the cost-
structural shifts due to technological changes thias possible in any of the previous studies.
Most empirical studies use partial production ooteandicators such as profits (Fernandez-
Cornejo, 1996) and input productivity such as & productivity (Khanna, 2001; Roberts,
English and Mahajanashetti, 2000), land produgtiyfuglie and Bosh, 1995), or labour
productivity (Fleisher and Liu, 1992). These partiadividual input) productivity indicators
ignore the production multi-dimensionality with egd to input structure and hence the joint
productivity of the input set. Estimating farm-léweost efficiency measures taking into
account the multiple-input productivity effect atie possibility of decomposing this measure
into its allocative and technical parts thus hétpsbtain new insights on the economic effects
of PF practices.

Also, previous studies analysing the determinantsP& adoption and its economic
implications that controlled for self-selection rtipsapplied two-step methods developed by
Heckman (1976) and Lee (1976). However, the twp-gi@cedure can deliver inconsistent
standard errors (Lokshin and Sajaya, 2004: 282).ayMdy a full-information ML (FIML)
method that allows for a one-step (simultaneousinesion of the efficiency equations and
technology choice equation that provides more cbesi standard errors.

3 Methodology

In the first step of the analysis, farm-level afficcy measures are obtained by means of a
deterministic linear programming method, Data Eopaient Analysis (DEA). Because of the
expected physical input and cost reducing effecpretision farming, the cost-minimising
behavioural objective is assumed for the speciticabf the DEA model. It is of interest to
derive not only input-oriented technical efficieneyeasures, but also allocative efficiency, as
precision farming has an impact on the inputs’dtme. Both efficiency measures represent
components of overall cost efficiency, which wi# Bnalysed in connection to PF technology
in the second step. A joint feasible productionveiitbe assumed in the cost efficiency model
for both production practices (PF and non-PF) &atr a joint performance benchmark and
thus a comparative basis for the efficiency measure

In the second step of the analysis, determinantheftechnology selection and efficiency
level are analysed using endogenous switching segne. To illuminate the PF cost effect
related to input allocation and the overall cosedf this analysis is carried out for cost and
allocative efficiency separately. The use of switghregression is motivated by the fact that
the level of allocative and cost efficiency coulffed between PF adopters and non-adopters
as a result of the PF technology effect, as wethasfact that adopting PF is a non-random
selection choice. As discussed in the introductionchoose between the two production
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practices, the farm compares the expected net ibefidfoth technological alternatives and
chooses a practice that delivers the highest retomnts set of characteristics.

Endogenous switching regression models can be &stihby either two-step least square or
maximum likelihood (ML) estimation; however, metisodstimating one equation at a time
are inefficient and derive inconsistent standardrer(Lokshin and Sajaya, 2004: 282). More
consistent standard errors can be derived by imgimg a full-information ML (FIML)
method that simultaneously fits the continuousi€efiicy) and the probit (technology choice)
equations of the model.

If there is no statistical indication of dependerastween the two parts of the switching
model, and hence no indication of a self-selectiothe PF adoption choice, the efficiency
effect of precision technology is estimated usirgiacated regression.

3.1 Efficiency measures and Data Envelopment Analysis

For the aim of cost efficiency measurement, we yameah farm production system with one
output variable. We consider a situation whererenfproduces outputlI R, , using a vector

ofk=1,2,..K inputs,x ORY . The feasible production sdt, is defined as:

T={(y,x)OR"™|x can producsy}, (1)

where the production technology is assumed to beeoand non-increasing in inputs, non-
decreasing in outputs, and exhibits strong disgbisaim both inputs and outplitin the cost
minimisation context, the outpuy, is fixed. Given a vector ok = 1,2,...,K input prices,

pORX, one can define the minimum cost associated withymzing a particular output as:

E(y, p) = min{px(x y) OT}. @)
The cost-minimising input vector is denotedxgywhere the minimum cost level equagb,

and the cost at the observed input vector is eguplx. The cost efficiency measure of a firm
then can be defined as the ratio of minimum cost observed cost:

CE= p'x./p'x. 3)

This will take a value between zero and one, wleerealue of one indicates full cost
efficiency, implying that it is not technologicalkgasible to produce the given amount of
output with a lower cost.

Cost efficiencyCE, can be further decomposed into two componentgariadue to technical
efficiency, TE, and a part due to allocative efficien@k. It is methodologically simpler to
deriveTE and calculaté&E using the two already derived measures.

The Farrell (1957) technically efficient input verctfor the observed input vector that is not
located on the boundary of the technology setan be identified by proportionally shrinking
the observed input vectox, until it is projected onto the boundary of theheology set; i.e.
by solving the optimisation problem:

TE(y,x)= mgin{6|<65(, y)OT}, (4)

wheref is a scalar that takes a value between zero aadTdre technically efficient input
vector is calculated ag = 6x. The cost corresponding with the technically éfint input level
is p'x . Expressed as a ratio, technical efficiency caddyeted as:

! See Coelli et al. (2005) for further discussiorihafse properties.
2 This measure considers the production boundargdnstant returns to scale technology.
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TE = p'x/p'x=p'(8/ax=6. (5)

Allocative efficiency, which relates to having tberrect input mix given observed input price
ratios, can then be derived as a ratio between effisiency and technical efficiency as
follows:

AE=CE/TE, (6)

which corresponds to the ratio of the cost relatethe cost-minimising input vector and the
cost related to the technically efficient input tcec

AE = p'x./p'X . (7)

As mentioned in the introduction, to solve the prged optimisation problems, we apply
input-oriented and cost-minimising DEA progrants derive technical and cost efficiency
measures, respectively. The purpose of DEA is twsttact a frontier over the data points
such that the observed output points lay withingraduction possibility set enveloped by the
frontier. To obtain the presented raflaepresenting E, one can solve following a (constant
returns to scale) DEA program:

min, , &, (8)
st -y, +YA2 0,

& - XA=20,

120,

where the vectors andy; represent data on theinputs andM outputs of the-th farm; X is
the K x| input matrix andY the M x | output matrix;f is a scalar and is al x 1 vector of
constants.

The cost-minimising DEA program can be denoted#sws:

min, ..(pix). )
st -y, +YA2 0,

X; — XA 20,

A20.

The cost efficiency and allocative efficiency scovéll be calculated as described in Coelli et
al. (2005) and illustrated above in equations (8) €), respectively. To derive the efficiency
measures, we apply the DEAP software (Version@Ygloped by Coelli (1996).

The derived farm-level efficiency scores are thaalgsed using the endogenous switching
regression in relation to the PF technology choice.

3.2 Endogenous switching regression model

Since the propensity to select PF technology caremie on the efficiency gains that might

result from technology that are conditioned ondéeof farm characteristics, we are interested
in modelling the interdependence between the efiiy equation and the technology choice
equation. We implement FIML to simultaneously estienthe two equations, which provides

more efficient parameter estimates and consist@mdard errors when compared to fitting

one equation at a time by either two-step leasasguor ML estimation (Lokshin and Sajaya,

2004).

% See Coelli et al. (2005) for a detailed descriptibthe programs.



Drawing from Maddala (1983) and Lokshin and Saf2i2g04), a model is considered which
specifies an agent with two regression equatiomsaanriterion function);, that determines
the agent's regime - in this case, the technolefgcton:

l,=1 if yZ +u >0,

l,=0 if yZ +u <0,
Regime 1: vy, =X, +&, if |, =1, (10)
Regime 2: vy, =G,X,, +&, if |, =0, (11)

wherey; are the dependent variables in the continuougi@ifty) equationsXi;; and X%; are
vectors of weakly exogenous variabl&s,s a vector of exogenous variables explaining the
endogenous selection dummypi, B2, andy are vectors of parameters to be estimated. Error
termsu, &1 ande; are assumed to have a trivariate normal distobuvith mean vector zero
and covariance matrix:

2

Ju alu JZU
Q=|og, 0}

2

UZu 02

The covariance betweem and & is not defined, asy;; and y, are never observed
simultaneously;o’ is assumed equal to one. Given the assumptiohererror terms, the
logarithmic likelihood function for the system afueations (10) and (11) is as follows:

InL = IZ(' iWi[m{cD(’h‘ J+ |n{§0(51i/01)/01}] L1 )w [In{l_ o7, )} + In{¢(52i/02)/02}]) ’

where @ is a cumulative normal distribution function, is a normal density distribution
function,w; is an optimal weight for observationand

n; = (yZi +0,£ /0, )/1/1—/0].2 =1, 2.

In this expression,p, =02 /0,0, is the correlation coefficient between; and u, and
o, = 02,/0,0, s the correlation coefficient between andus.

Lokshin and Sajaya (2004) developed a Stata moduntvestay which allows an
implementation of the presented FIML. This moddepplied for estimating the switching
efficiency-PF technology choice regression modéhigs paper.

3.3 Data and variables

The study utilises survey data on 93 wheat produ€nech farms during the production year
2007/08. These farms cultivate wheat, on average, on 28%eir total area and achieved
yields of 6.31 tons per hectare. This is slightigher than the national average of 5.77 tons
per hectare. This figure reflects the favourabledpction conditions of selected farms which
are mostly situated in two of the best agrononzeeales for cereal and sugar beet production,
both of which have an average altitude of 260 m.

The economic data shows that average per hectats s@re 16.9 thousand CZK (676 €),
with unit production costs of 2,700 CZK/ton of wh€a07 €). Direct inputs - fertilisers,

* The data collection was carried out in 2009 witihie project 'Economic system of evaluating farm
performance with respect to sustainable use ofalatesources’, No.: QH71016, financed by the Ca¢ational
Agency for Agricultural Research.
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chemicals and seed - account for 8,301 CZK pemhde fuels account for 2,177 CZK per
ha, capital costs are 3,108 CZK per ha, and lalmputs are 1,148 CZK per ha. Individual per
hectare input items are as follows: 0.57 tons dilifers; 3.2 kg of chemicals; 240 kg of
seeds; 12.3 hrs of labour; 95 litres of fuels. Tiest intensively used machinery in the crop
production - tractors - generates about 164,000 QZE61 €) of costs, which means about
453 CZK (18 €) per ha of wheat. About one-fourthseéds are purchased and the remaining
portion is self-produced. The total amount of altrients applied to wheat was 150.5 kg per
ha. The larger farm sizes predetermines that fegdtial distribution in the sample is
relatively high. There are up to 53 wheat fields faem, with an average of 18 fields. Wheat
field size is slightly greater than 30 ha.

This section specifies variables for both models.nTake the structure of variables simpler,
they will be presented in a tabular form. Table eésatibes variables included in the cost
efficiency DEA model and Table 2 presents variableed for the specification of the
endogenous switching regression. Table 2 inclusas dependent variables for the first
(efficiency) part of the model. For each of theiahles, the model is estimated separately; the
remaining variables are the same for both modedse that the number of observations to be
used in the switching regression decreases duésting values in some of the variables.

Table 1. Cost efficiency DEA model variables from farm-1€2807/08 survey data (930bs.)

Variable Variable description (unit) Mean Stand. dev./ Min Max
abbreviation frequency
Output Wheat production (thousand tons) 2 373.08 1,806.02 263.70 9,580.62
kinput variables k=1,2,.K,K=5
Chemicals Fertilisers, chemicals and seed
applied in wheat production (stand.
unit) 505.28 410.62 27.46 2533.23
Euel Fuel consumed in wheat production
(thousand litres) 32.22 26.89 1.56 142.11
Capital Tractors used in wheat production
(motor hrs) 1,142.40 719.08 180.00 2,970.00
Land Total land used for wheat production
(ha) 361.55 247.94 30.00 1,237.69
Labor Total labor used in wheat
production, incl. share of overhead
labor (hrs) 4,083.41 3,230.95 370.50 23,541.60
k input price variables
Price chem Fixed price for standardized unit
B (nitrogen fertilizer) (CZK/ton) 5,934.16 - - -
Price fuel Fixed price for standardized unit of
B fuel (gas) (CZK/litre) 24.60 - - -
Price_capital Annual and wheat production share
of total value of tractors (CZK/motor
hrs) 169.33 119.97 13.17 684.47
Price_land Paid rent for arable land (CZK/ha) 1,662.63 722.40 250.00 3,530.00
Price labor Fixed (to sample average) labour
B cost (CZK/hr) 125.82 - - -




Table 2. Variables in the endogenous switching efficien&yselection model (84 obs.)

Variable Variable description (unit) Mean/  Stand. Min Max
abbreviation frequency  dev.

|. Efficiency equations (for both regimes)
Dependent variable

CE_tr log transformation of CE measures 0.442 0.499 £.63 1.607
AE_tr log transformation of AE measures 1.254 0.725 -132 4.701
Explanatory variables
JsC Legal form - joint stock company 26% n.a. 0 1
(yes =1%
Nr. owners Number of owners 122 197 1 750
Land_rent Rent paid for land (CZK) 1680 771 250 4500
Share_crop Share of crop production in total revenues 72 24 19 100
%
Share_grass (Sh?';\re of grass land in total land (%) 3 6 0 51
Field_prep_sow Field preparation jointly with sowing as 11% n.a. 0 1
an alternative to separate operations
(yes=1%
Fert_b.sowing Fertilisation before sowing (yes =P1) 49% n.a. 0 1
Adopt_innov Farm assessment of its use of 2.8 0.62 1 4

technological innovations (1 = very bad,
4 = very goodf
Care_machin Farm assessment of its standards 3.18 0.49 1 4
regarding the taking care of machinery
(1 = very bad, 4 = very gool)
Revenues Total revenues (mio. CZK) 44.894 36.750 6.500 165.121
[1. Technology selection equation
Dependent variable
PE-selection Choice of PF (in fertilization) technology

(yes = 19 42% n.a. 0 1
Explanatory variables (all explanatory variablesiin I. part of the model + following variables)
Probl_qualific Farm assessment of its problems with

labor qualification (0 = no problem, 0.81 0.81 0 3

3 = very large problenf
Field_size Average field size (ha) 25.5 14.5 6.8 181
Share_yield.dam Estimated share of yield damage (%) 6.8 9.8 0 50

Note ° stands for a dummy variabléstands for a categorical (scale) variable.

4 Results

DEA analysis delivered results implying that farinsthe sample have, on average, the
potential to reduce costs by 37%Table 3). The lower levels of allocative efficign
compared to technical efficiency scores imply tiingre is a greater potential for decreasing
costs through correcting for input combinationdoation) through different production
practices (technologies) than in the radial (prapoal) adjustment of input levels as captured
by technical efficiency. Differences in all threfi@ency scores between PF adopters and
non-adopters suggest higher economic returns froeniggon farming. A two-group mean-
comparison test, however, implies that these diffees are statistically significant (at a 10%
significance level) only in the technical efficignscore§.

® Despite the intention of collecting data in simipmoduction regions, it needs to be pointed oat thshare of
the measured inefficiency is attributable to diéfeces in production conditions among farms, whécmainly
reflected in the technical efficiency scores. Tikidue to the deterministic nature of the DEA applo

® This test is not indicative of the causality beewefficiency and precision farming practices, obihe fact
that this relationship could not be significant whoentrolling for other efficiency-determining farm
characteristics.
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Table 3. Summary of technical, allocative and cost efficigscores

Type of producers Nr. Obs. Mean Stnd. dev. Min Max
TE - total farm sample 93 0.835 0.123 0.578 1.000
AE - total farm sample 93 0.758 0.112 0.467 1.000
CE - total farm sample 93 0.634 0.137 0.349 1.000
TE - PF non-adopters 55 0.818 0.128 0.578 1.000
AE - PF non-adopters 55 0.755 0.115 0.467 0.991
CE - PF non-adopters 55 0.619 0.143 0.361 0.991
TE - PF adopters 38 0.860 0.111 0.628 1.000
AE - PF adopters 38 0.763 0.109 0.531 1.000
CE - PF adopters 38 0.657 0.125 0.349 1.000

Deriving the cost-minimising level of inputs for akaobservation in the process of cost
efficiency measurement also facilitates a closek lat the farm-level use of individual input
categories. Table 4 illustrates ratios of actuabgerved to cost-minimising levels of inputs in
given input categories for the sample average,akas for the two farm groups - farms both
adopting and not adopting PF. The table suggeatstiile most overused input categories are
fertilisers and chemicals, and fuel. PF adopteesuse these inputs slightly less than PF non-
adopters, which is in line with the more precisal ahus reducing practice in fertiliser
application. However, this difference is not statadly significant. A similar trend is found in
the use of fuel. Compared to PF non-adopters, Bptacs consume fuel in wheat production
that is significantly closer to the fuel cost optim. This could relate to the fact that PF
adopters use significantly neviemd more fuel-efficient machinery than PF non-aeiep

Interestingly, Table 4 further shows that both gr®of farms use less than an optimal amount
of capital, which could be given by the relativédyv price of capital due to a high degree of
machinery depreciation and the frequent (transisipecific) complimentary transfer of
machinery from predecessor farms. This result calsb relate to the approximation of
capital used in this study, which is derived frame amount of tractor hours used in wheat
production, and the annual value of these traalers/ed from the value at purchase, while
the volume of all machinery necessary for wheadpetion is markedly higher. The last
statistically significant difference in the overuskeinputs can be found in land. The ratios in
Table 4 suggest that farms applying PF techniqgedasser land for a given level of output
than do PF non-adopters (achieve higher land ptodlyg, and thus can be assumed to use
land more intensively and. In line with the exp&otaregarding higher labour intensity of PF
technology, PF adopters are, on average, foundséonwore labour than PF non-adopters.
However, this difference is statistically insigondint. Overall, the input structure analysis
suggests a positive effect of PF-technology oncatige efficiency given the input prices,
which calls for a deeper analysis that will follow.

" The average age of tractors in the group of faadupting PF practices is 9.3 years, while it i¥}ars in the
case of farms not adopting PF practices. The twoygmean comparison-test finds the difference Bagmit at
the 5% significance level.
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Table 4. Mean statistics for the ratio of real to cost-miiging input levels

Input category Sample total PF non-adopters PFtadop p-value*
Nr. Obs. 93 55 38

Chemicals (stand. unit) 1.996 2.055 1.911 0.273

Fuel (stand. unit) 1.742 1.887 1.534 0.047

Capital (motor hours) 0.917 0.929 0.899 0.851

Land (hectares) 1.303 1.349 1.238 0.013

Labor (hours) 1.468 1.388 1.583 0.203

Note * p-value of the two-group (PF adopters and ndagders) mean-comparison test.

The relationships between PF adoption and alloeatnd cost efficiency are further analysed
by means of an endogenous switching regression linbéeestimates of which are presented
in Tables 5 and 7, respectively. Each table indud@® models - a complete model, in which
the first and second efficiency equations (fortthe regimes - PF adoption and non-adoption)
contain the same variables, and a more parsimomuoadel in which some of the most

insignificant variables are eliminated to incredseoverall fit of the model.

Table 5 presents estimates of the switching regnesd the determinants of the PF selection
and allocative efficiency. As indicated by the Weddt, both models - i.e. complete and more
parsimonious - are overall well-fitted (at the 5%gngficance level). Since the more
parsimonious model is more significant, we interpine parameters of this model. Parameters
of the first equation indicate that among farmspdishgy PF technology, the chosen legal form,
particularly Joint Stock Company, has a positivpact on the level of allocative efficiency.
This could relate to the specific capital and owhgr structure of legal forms in agriculture
related to the form of capital transformation. dddtock Companies often acquired more
productive capital compared to cooperatives, angnessively invested in new technologies
(see Curtiss et al. 2012). Furthermore, the nurobewners increases allocative efficiency.
This effect can also be observed in the secondnedgroup of non-adopters), as it is also
statistically significant in equation 2. Therefothe cost efficiency effect of the number of
owners is independent of the adoption of PF teduyllt is likely that the more owners a
farm has, the higher is the share of employees avhcsimultaneously owners. In this case,
the positive impact of the number of owners coufipraximate the positive incentive
structure related to employee ownership. Land tgmtee, which is included in the model to
mainly capture soil quality differences, is alsairid to have a positive impact on allocative
efficiency. The positive effect could suggest tthet price does not fully cover the productive
potential of the soil. In other words, the increaseroductive potential is not sufficiently
reflected in the increase of land rental price. Taet that the effect of land rental is
significant in the first equation could only suggtsat the PF adopters are better at utilising
the productive potential of the soil.

An unexpected estimation result is that, among &bpters, the degree of specialisation in
crop production has negative implications for abee efficiency. A detailed data analysis
revealed that farms specialising in crop productiane a significantly higher capital vafue
than do farms with more diversified production. Tgher value of tractors suggests better
technical parameters and specialisation of machinethich has a negative allocative
efficiency effect within the group of farms adofiRF. This result could suggest that farms
have difficulties to utilise the productive potetof more advanced machinery in relation to
its price (the price productivity ratio increasaster for PF adopters that for PF non-adopters),
which could relate to the issue of a longer leagrdgarve.

8 Note that only capital (tractors) applied in whpeiduction is (are) considered.
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Total revenues also have a negative effect on atiloe efficiency, in this case in both
equations (thus, this is not a technology-sped@ffect). Further data analysis discloses that
total revenues are highly correlated with farm rdhnd size. Most importantly, land rental
prices increase with total revenues, which wouldgest that for farms to achieve higher
revenues, they had to acquire more land for whindy thad to offer competitive farm land
prices. These farms were thus willing to pay highwres for a comparatively similar quality
of land (which significantly reduces allocativeieiiéncy) to achieve economies of size. In
line with this argument is the finding that theeeff of revenues is insignificant in the cost
efficiency model (economies of size do not outwelgh cost effect of higher land rental
prices).

The efficiency model also delivers significancepafameters of two technological variables.
The first variableField_prep_sowdepicts an operation in which soil preparation aoding

is performed in one-step when compared to othehaast of soil preparation and sowing
(mainly as separate sequential operations). Thiabla’'s parameter is statistically significant
(at the 10% significance level) only in the secaibbcative efficiency equation, which
implies that among farms not applying PF technold)ys one-step operation improves
allocative efficiency. It is reasonable to expdwttthose who apply this management in soil
preparation are more oriented on advanced praaisesn other operations. On the contrary,
the second variabléert_b.sowingrepresenting fertilisation before sowing reduakscative
efficiency in both models. This suggests that tigjge of fertilisation results in excessive
costs, and this cost-increasing effect due to irgdldcation is not specific for either PF
adopters or non-adopters. The size of the negafieet of the fertilisation before sowing is
smaller for PF adopters.

The third part of the allocative efficiency-PF shitng regression model in Table 5 will be
interpreted together with this part of the cosicefhcy-PF switching regression model in
Table 6.

Important for the interpretation of the allocatefficiency-PF switching regression in Table 6
is the likelihood ratio test of independent equadiowhich estimates whether the selection
bias adjustment is significant. The statisticaligngicance of the test suggests that the
allocative efficiency and PF adoption models ar¢ jointly determined, and that the
allocative efficiency effects of the PF technoldggmselves do not determine the selection of
PF adoption.

Estimates presented in Table 6, however, suggesttiie results are different for the cost
efficiency-PF relationship. The Wald test of eqoas’ independence is significant at the 10%
and 5% significance levels in the complete and nmaesimonious models, respectively.
Note that this significance is related to the iefahip between the PF-adoption equation and
the (second) cost efficiency equation for PF noopters as depicted by the statistically
significant correlation coefficienp,. This suggests that farms choosing not to adopt PF
fertilising methods would achieve lower cost effiecy than a random farm from the same
sample would have achieved with the non-PF teclgylBarms adopting PF fertilisation do
statistically no better or worse than a random famwaold have.
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Table 5. ML estimates of endogenous switching regressiodehof allocative efficiency and precision farmig@# observations)

Complete model

More parsimonious model

Allocative eff. eqn. 1  Allocative eff. eqn. 2

(PF adopters)* (PF non-adopters)* PF choice equation

Allocative eff. eqn. 1 Allocative eff. eqn. 2

(PF adopters)* (PF non-adopters)* PF choice equation

Par. Est. P-value Par. Est. P-value Par. E P-value Par. Est. P-value Par. Est. P-value Par. Est. ldeva
JSC 0.439 0.053 0.090 0.663 0.109 0.762 0.461 0.028 - - 0.176 0.622
Nr. owners 0.061 0.113 0.076 0.096 0.008 0.927 0.064 0.093 086D. 0.029 0.014 0.870
Land_rent 0.310 0.090 0.235 0.099 -0.139 0.505 0.340 0.074 .21% 0.156 -0.150 0.490
Share_crop -0.912 0.038 -0.326 0.446 0.386 0.597 -0.939 0.019 - - 0.612 0.428
Share_grass -0.564 0.901 -1.421 0.114 -3.527 0.455 - - -1.132 0.136 -4.429 0.337
Field_prep_sow 0.250 0.461 0.718 0.079 -0.539 0.474 0.319 0.238 .718 0.082 -0.474 0.504
Fert_b.sowing -0.419 0.111 -0.486 0.125 0.573 0.117 -0.450 0.072 -0.574 0.059 0.471 0.163
Adopt_innov -0.105 0.594 0.132 0.451 0.399 0.205 - - 0.145 584 0.412 0.201
Care_machin 0.029 0.892 0.225 0.387 0.408 0.275 - - - - - -
Revenues -0.010 0.016 -0.006 0.043 0.010 0.077 -0.011 0.004 -0.006 0.088 0.011 0.071
Probl_qualific - - - - -0.335 0.272 - - - - -0.408 0.105
Field_size - - - - 0.022 0.062 - - - . 0.022 0.060
Share_yield.dam - - - - 0.056 0.003 - - - - 0.057 0.003
Constant 2.423 0.001 0.472 0.623 -4.071 0.007 .17 0.000 0.938 0.054 -2.870 0.007
Wald test of fit 19.23 0.037 17.49 0.015
Wald test of indep.
equations 0.63 0.426 0.75 0.385
p1 (stnd. dev.) -0.611 0.678 -0.557 0.529
p2 (stnd. dev.) 0.337 0.709 0.243 0.802

Note: Values of cost efficiency are log transforniedain a more normal distribution. The robust ewitd/hite/sandwich estimator of the variance is usquace of the
conventional MLE variance estimator; *AE_t is ttlependent variable.
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Table 6. ML estimates of endogenous switching regressiodahof cost efficiency and precision farming (84setvations)

Complete model More parsimonious model
Cost efficiency eqn. 1 Cost efficiency eqn. 2 Cost efficiency eqn. 1 Cost efficiency eqn. 2
(PF adopters)* (PF non-adopters)* PF choice equation (PF adopters)* (PF non-adopters)* PF choice equation

Par. Est. P-value Par. Est. P-value Par. E P-value Par. Est. P-value Par. Est. P-value Par. Est. lleva
JsC 0.604 0.004 0.300 0.203 0.165 0.64)0 0.567 0.011 24%90. 0.314 0.131 0.700
Nr. owners 0.069 0.142 0.127 0.009 0.031 0.695 0.062 0.192 1420. 0.006 0.034 0.671
Land_rent 0.170 0.018 0.227 0.114 -0.130 0.603 0.160 0.010 .23™ 0.178 -0.123 0.616
Share_crop -0.754 0.065 -0.386 0.377 0.385 0.627 -0.789 0.017 - - 0.566 0.399
Share_grass -5.520 0.024 -1.469 0.063 -4.337 0.332 -5.040 ®.04 -1.447 0.062 -3.830 0.363
Field_prep_sow 0.466 0.046 0.559 0.294 -0.462 0.575 0.442 0.077 - - -0.787 0.349
Fert_b.sowing -0.356 0.196 -0.265 0.236 0.571 0.093 -0.289 0.175 - - 0.684 0.029
Adopt_innov 0.224 0.226 0.316 0.074 0.382 0.259 0.212 0.224 2140. 0.138 0.303 0.369
Care_machin -0.115 0.619 0.233 0.320 0.332 0.353 - - 0.317 .21D 0.384 0.277
Revenues - - - - 0.012 0.090 - - - - 0.012 0.033
Probl_qualific - - - - -0.502 0.029 - - - - -26 0.017
Field_size - - - - 0.021 0.230 - - - - 0.023 621
Share_yield.dam - - - - 0.057 0.023 - - - - @805 0.016
Constant 0.588 0.624 -0.971 0.267 -3.713 0.016 3M0.2 0.718 -1.232 0.151 -3.862 0.010
Wald test of fit 34.41 0.000 32.30 0.000
Wald test of indep.
equations 2.85 0.091 4.72 0.030
p1 (stnd. dev.) 0.164 (0.971) 0.247 (0.771)
p2 (stnd. dev.) 0.560 (0.290) 0.657 (0.234)

Note: Values of cost efficiency are log transforniedain a more normal distribution. The robust ewitd/hite/sandwich estimator of the variance is usquace of the
conventional MLE variance estimator; *CE_lt is thependent variable.
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In this context, switching regression allows ususe the parameters for the PF adopters
equation to predict the cost efficiency valuestfad PF non-adopters, were they to adopt the
PF practice, and vice versa. This results in fets sf predicted values for cost efficiency that
are summarised in Table 7. The hypothetical premfistassume that the coefficients obtained
in the switching regression for PF adopters wouylglyato PF non-adopters were they to

apply the PF technology, and analogically, the faciehts obtained for PF non-adopters

would apply to PF adopters were they to revert.

Table 7. Summary of predicted values for cost efficiency

Type of producers Mean Stnd. dev. Min. Max.
1. PF adopters (in PF mode) 0.651 0.069 0.495 0.797
2. PF adopters (in non-PF mode) 0.805 0.060 0.680 0.917
3. PF non-adopters (in PF mode) 0.603 0.118 0.156 0.802
4. PF non-adopters (in non-PF mote) 0.640 0.086 0.438 0.840

Note ¥ predictions of real stat&, predictions of hypothetical state.

The results in Table 7 show that the average piedlicost efficiency for the PF non-adopters
in their real regime (line 4) is higher than thieivel of cost efficiency for the hypothetical
situation, i.e. were they to apply PF (line 3). ptkrs of PF would do much better were they
to return to non-PF technology (line 2), howevémritt predicted cost efficiency values
(line 1) still accede the cost efficiency of PF-ramopters (line 4). This could imply that only
more cost efficient farms are willing to undergedes of new-technology adoption as they
expected to do better than a random farm and ingpnowthe course of the learning curve.
These results support the expected self-seleatiortihe technology. However, only the proof
of self-selection of less efficient farms into centional (non-PF) technology is statistically
significant.

The differences in the parameters of the first égaations in Tables 5 and 6 are related to the
technology-specific effects of the selected vadabbn technical efficiency, the second
component of cost efficiency. One of the differencefers to the effect of revenues. Total
farm revenues as a proxy for farm size were foontalve a highly insignificant effect on cost
efficiency in both equatiofsThis suggests that the negative effect of revemeoverall cost
due to related allocative inefficiencies is elinteth by their positive effect on technical
efficiency, likely due to associated economiesaafies. Analogous to the allocative efficiency
model, the legal form of Joint Stock Company anmitllaent continue to have a significant
positive effect on overall cost efficiency amongd&fopters. The parameter for the number of
owners lost its significance in the first equatitwever, it is still significant in the second
equation. Among PF adopters, specialisation in cpopduction also has a negative
implication for overall cost efficiency. Contrarg the allocative efficiency model, the share
of grass land in total cultivated land has a sigaift negative effect for total cost efficiency
in both equations. Land has been turned into deas$ mainly in less favourable areas for
agricultural production, which suggests that tharsiof grass land could proxy for the farm
producing in worse production conditions. In costr previous results, the negative effect
of the technological operation of applying ferglis before sowing is not significant for cost
efficiency, and carrying out sowing jointly withefd preparation has a positive effect for cost
efficiency only within the PF regime.

° In combination with the variable Land_rent, theiable Revenues caused a collapse of the modelmblae!
with Revenues, without the variable Land_rent, ffes good estimates; however, the parameter foef@s is
highly insignificant. On the other hand, the modéh Land_rent without Revenues is overall betiged, and
the parameter for Land_rent is statistically siigaifit, as shown in Table 6.
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Finally, we interpret the parameters of the PF &dapmodel. We focus on the estimates
presented in Table 6, since the overall fit of ¢bet efficiency-PF switching regression, when
compared to the allocative efficiency-PF switchnegression, is greater (see the Wald test
statistics). Similar to Khanna (2001) or Khannaptdpe and Hornbaker (1999), we find that
farm size (revenues) and human capitpbsitively increase the farms’ likelihood of adopt

PF technology. The propensity of PF adoption aisoeiases with the estimated yield damage
due to seasonal weather conditions, which coultt#@te that farms experiencing greater yield
volatility are more likely to adopt PF technology; they are more likely to adopt the
technology because they have a greater capacigstimate yield responses to changing
weather conditions. The last significant parametehe PF choice model is the parameter for
the variable fertilisation before sowing. This rnéssuggests that farms that are more
concerned with soil nutrition sufficiency are mdikeely to adopt PF in fertilisation, since the
results of some of the steps in fertilisation (irtkk first productive fertilisation) are known to
be sensitive to the application method.

5 Conclusion

This paper examines the economic implications afp#dg the variable-rate application of
fertilisers and the determinants of adopting this tBchnology utilising data from Czech
wheat farms during the 2007/08 production year.ngauc indicators are represented by cost
efficiency and its two components - technical aldcative efficiency - which allows for a
separation of the PF technology-related allocativa effect due to changes in input structure
with regard to price relations, and the technidéiciency effect that embodies the cost
differences due to technology-specific ratios & tkal to technically optimal input levels.
The relationship between PF adoption and efficiesmyres is analysed by means of a one-
step endogenous switching regression.

The efficiency analysis revealed that there are kedhrpotentials for cost efficiency
improvements among the analysed farms. The greatf$iciencies are found in the use of
variable inputs (fertilisers and chemicals) andl.fugignificant differences in input use
optimality (input productivity) between PF techngyoadopters and non-adopters are found in
the use of fuel and land, with PF adopters showiigher partial productivities. Results on
overall efficiency scores also show that PF adgptan be characterised as more efficient.
However, as estimates of the switching regressisunggest, the causal relation is not
straightforward.

The results of the first endogenous switching regjom disclose statistical independence
between the determination of allocative efficiemry the PF technology choice. The results
thus do not confirm the self-selection hypothesithwegard to the expected efficiency
influencing the PF technology choice when only @tive efficiency (effect of technology-
related input structure change) is considered. iDedpe expected negative impact of PF
technology on allocative efficiency due to the n#ification of information/knowledge and
machinery innovation, the PF technology is foundhawe overall rather a positive effect on
allocative efficiency given the input prices in tGgech market during the analysed period.
The allocative efficiency increases relate mainty the fact that the PF technology
significantly increases the farms’ ability to alastrthe soil’'s productive potential, while land
prices remain the same for PF adopters and nonterdop

Contrary to the relationship between allocativécedhcy and PF technology choice, total cost
efficiency and the technology-choice regressiorsfaund to be significantly dependent. The
estimates show that farms not adopting PF practitmessignificantly better without the

%1n our case, human capital is approximated by lprob with workers’ qualification, for which the gameter
estimate is negative.
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technology switch than if they were to adopt thet&thnology. Similarly, farms adopting the

PF technology are found to display lower cost &fficy in reality when compared to a

hypothetical situation of non-adopting the techggloHowever, these differences are found
to be insignificant. Also, the PF adopters’ preglictost efficiency values in the PF adoption
regime are still higher than the predicted costefficy values for PF non-adopters in their
real non-adoption regime. In general, the resuliggsst that less efficient farms are less
likely to adopt PF technology, as they expect iases in overall costs given their production
conditions and/or managerial and technical sKitidine with this argument, it was found that

a farm’s problems with workers’ qualifications, whi represents lower human capital,

significantly decreases the likelihood of PF adaptiOn the other hand, a farm size
generating economies of scale is a factor thaeasas the farm’s propensity of choosing PF
technology.

The impact of PF technology is mainly observed dgiochanges in the allocative and total
cost efficiency effects of some farm charactersstind accompanying technological practices.
Precision Farming technology makes the farm cdati@ficy more responsive to land quality

and more sensitive to production conditions, fapacglisation, as well as legal form and

other technological practices such as one-steg fiedparation and sowing.
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