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SUMMARY

Thepaper presentsaproduction function based onyield expectationsfromasampl eof qualifiedinformants
of the Pampean region. The findings confirm previous estimates of the marginal productivity of nitrogen and
phosphorus, but disagree on the marginal productivity of other factors. The paper introduces for thefirst time
variables related to weeds, insects and fungi control in aloca production function. The discussion at the end
focuses on the consistency of the function with neoclassical assumptions about production functions.
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UNA FUNCION DE PRODUCCION SUBJETIVA PARA
TRIGO EN LA REGION PAMPEANA (ARGENTINA)

RESUMEN
El trabaj o presentaunafuncion de producci 6n sobre labase de expectativas de rendimiento de unamuestra
de referentes calificados de la region pampeana. Los resultados confirman estimaciones previas sobre las
productividades marginal es de nitrégeno y fosforo, pero discreparespecto de | as productividades marginales
deotrosfactores. El trabajotambiénintroduce por primeravez variabl esrel acionadascon el control demal ezas,
insectos y hongos en una funcion de produccién. Ladiscusion al final sefocaliza en la consistencia de esta
funcion con los supuestos neoclasicos sobre funciones de produccion.

Palabras clave. Expectativas subjetivas, funcion de produccion, trigo.

INTRODUCTION

The production function is a mathematical expression that relates product and inputs according to the
current state of knowl edge about the production process. I dentifying thisfunctionisessential to determinethe
optimal level of resource allocation. Therefore a great experimental effort has been oriented to clarify the
relationship between product and the major inputsfor grain production. It isnotable, in particular, the effort
done to understand the effects of fertilization on yield. Alvarez (2007, p. 91-119), for example, presents a
comprehensivereview of experimental resultsonfertilizati on of wheat and compilesmorethantentechnology
functionsthat explaintheyield of thiscropindifferent areasof the Pampean region. Thesefunctions, however,
arelimited because they only consider one or two factorsto explain the production. Few studies have aimed
to study theimpact of multiple factors (simultaneously) on grainyields, in general, and wheat yield (seee.g.
Bono and Alvarez 2008, and Alvarez 2009), in particular.
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Analternative source of information, which hasbeen barely studied, isthe experience of farmersand farm
managers. Thisexperienceiscrucial intheallocation of resourcesinreal production situationsand, therefore,
it isessential to recover the production function implicit behind business decisions. This experienceis also
useful as an alternative source of information when experimental data are unavailable or to supplement the
experimental data when these are scarce. It iswell known, for example, that estimators which use a priori
information are considerably more efficient than ordinary estimators. However, incorporating this type of
information ispossible only if it is consistent with the experimental data. Moreover, it isnecessary that both
sources are consistent with the economic theory (Chambers 1994) to obtain estimates not only statistically
well-behaved, but also economically «rational». Theaim of thispaper isto retrievethe experience of asample
of farmers and farm managers (that we shall call qualified informants), and to check its consistency with
experimental data and the theory of production functions.

OBJECTIVES

The specific objective of the paper isto propose a general predictive function of wheat yield after the
experience of qualified informants, and compare thisfunction with a previous one proposed by Frank (2011)
after experimental data. Through the comparison we intend to verify:

a) The«real» productionfunctionthat arisesfrom subjectiveexpectationsisconsi stent with experimental
findings. That is, both sourcesof information are complementary and lead to similar output elasticities
for the mgjor factorsinfluencing yield.

b) The expectations of qualified informants are rational in the sense that they satisfy the neoclassical
assumptionsabout production functionsand, therefore, can be represented by functionsdevel oped by
the economic theory.

Therefore, we depart from the following assumptions:

A.1l There is a single production function which is «true» (but unknown) and underlies both the
experimental informati onand subjectiveexpectations. Theyiel d expectationsfunctionis«unique»,
thatis, itisthesamein all areas of the Pampaand its parameters are crop-specific and independent
from the environment.

A.2 The «true» production function (although analytically complex) is linear in the parameters, and
includesasrelevant variables N, P and chemicals, aswell asrainfall, temperature and soil texture.

A.3 Yield expectations of producers and consultants are unbiased. They are formed mainly from
personal experience, but also through public or private technical information.

Thepaper containsnumeroustechnical detailsthat could easily divert thereader fromthemainideawhich
is to present a technological function (estimated from subjective expectations of yield) and compare its
coefficientswiththosearising fromexperimental evidenceaswell asthoseexpected according totheeconomic
theory. For thisreasonwe suggest thereader to skip, inafirst reading, the subsection on parameter estimation,
going directly to the results and discussion, and to return in further readings to the estimation details.

In theforthcoming section we present aproducti on function whose main characteristicisto consider both
productive and environmental factors, the former subject to the restrictionsimposed by economic theory. In
thiscontext, we propose al ogarithmic relationship between yield and nitrogen availablein soil but penalized
by phosphorusdeficit, and alog-linear rel ationshipwith asaturation break torelateyiel d and control of weeds,

Rev. FacuLtAp bE AcroNomia UBA, 31(1-2): 9-19, 2011

‘ A Subjective production 2011.pmd 10 22/11/2011, 14:07



A subjective production function for wheat in the Pampean Region (Argentina) 11

pests and fungi. The type of tillage operatesin the model asasimple scale variable without interacting with
theothers. Moreover, weincludeprecipitation, temperatureand soil textural classasenvironmental variables.
At theend of the paper we comparethe coefficientsassociated with all these variables against estimates based
on agricultural experiments and discuss their meaning in the context of the theory of production functions.

MATERIALSAND METHODS
Thestudy had four stages: (a) design and distribution of aquestionnaire onyield expectations, (b) estimation of nitrate
at sowing (whichwejustify below), (c) selection of atechnological function, and (d) parameter estimation and hypothesis
testing. We describe each stage in detail below.

Thesurvey of yield expectations

We designed a questionnaire on the expected yields under various productive and environmental «scenarios». Each
scenario isapossible combination of production factors, whether controllable or not. The specification of scenarioswas
achieved after preliminary enquiries to agronomists directly involved in production. Scenarios that, although possible,
are hardly experienced were excluded from the questionnaire, e.g. extreme drought or application of chemicalsin toxic
doses. Wedesigned two forms(that weshall call | and 11) with 126 scenarioseach. Additionally, weincluded athird blank
formfor the respondent to answer on production or environmental conditionsdifferent than those providedinforms| and
I1. However, thisform was rarely used.

Forms were distributed through students of the course of Econometrics (editions 2009 and 2010) and by the author
to graduates of the Faculty of Agronomy, UBA3. Among the questi onnairesdistributed in 2009 (mainly by students) form
| was predominantly used, while among the questionnaires distributed in 2010 (mainly by the author) form |1 was the
prevailing. For thisreason it was observed that the geographical coverage of the survey in 2009 was wider than that of
2010. Inthislast year most responses were from northern Buenos Aires and the province of Entre Rios. We received 51
formswith atotal of 6,609 responses. The entire database of responses (excluding the identification of the informant) is
available to interested parties upon request.

Estimation of nitrates at sowing

The nutritional variables that really explain wheat yield are the levels of nitrogen and phosphorus available for the crop
(Alvarez 2007), i.e. thesum of each nutrient present inthesoil plusthat provided by thefertilizer. To estimateavailablenitrogen
and phosphoruslevel swe compiled technica reportsfromtheon-linerepositoriesof INTA (http://www.inta.gov.ar) and | PNI
(http://www.ipni.net). Thesereportscovered the period 1996-2010. Intotal wecollected 129 recordsof nitrogen asnitrate
(N-NO;") and 94 records of extractable phosphorus. Because some accounts reported N-NO, in thefirst 20 cm of the soil
profilewhileothersreported N-NO,~ upto 60 cm, we choseto standardizeal | the observationsat 60 cm using aconversion
function. To estimatethisfunctionwefitasimplelinear regression, whererecordsat 60 cm (inkg.ha') werethe dependent
variableand recordsat 20 cm (in ppm) were theindependent variable. To do so we used datafrom 30 reportswith records
at both depths. Thus 40 values out of the 129 listed above were estimated in this fashion. It should be noted that some
«records» wereactually averages of observationsfrom the samearea, and that iswhy the conversion function was computed
following atwo steps generalized least squares (GL S) procedure. Extractable P records did not require conversion asall the
recordswereat 20 cmdepthin unitsof [ppm]. Recall that [ppm] units may be transformed into [kg.ha?] of phosphorous (P-
P,0,) by multiplying by afactor of 2.67 (see Alvarez 2007) approximately.

31t can beinferred that the population of this sample are the managers of medium-sized to large farmsin the area of influence of
the Faculty of Agronomy of the UBA.
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Production function

We departed from thefunction proposed by Frank (201.1) based on experimental datacompiled by Alvarez (2007, p. 91-
119). Thisfunction is an adaptation of the «generalized power production function» (De Janvry 1972b), in turn inspired by
Argentinean (De Janvry 1972d) data. The function is consistent with the neoclassical assumptions about production
functions. Briefly, the function has two components, a productive component f(x), and an environmental component g(x).
The first component considers as main input available nitrogen (N,) and as secondary input available P, while the second
component considersrainfall, temperature and soil characteristics. Thetype of tillage entersthe function asascalevariable
associated with thefirst component. Weadded two extravariabl esto thefunction associated with thecontrol of weeds, insects
and fungi as shown below. We write the expected-yield technological function in analytical form as

In(y) = (c+C) + f(X ..o Xg) + 9(X0enms X)) + & With £~N(0,6.2),

where

o, 6

f(x) = o, In(x) + 0, (2:2) In(X,) S, + 0%, + O (XX, Oy + % O

and

g(X) a7xi7 to (X|7 X7) X(T)>x(7)* + OCQXIQ + OC X allxill (1)

The meaning of each variable in matrix format is as follows:
y isthevector of wheat yieldsin logarithmic scale. Each element of y isy, = Zrzlvmln(yir) m*wherey, in[kg.ha

1] isthe expected yield under the i-th scenario.

o fordlj={1,..,k} arefixed (but unknown) parameters of the wheat crop.

= 1isthe variable associated with the constant (c, + ¢,), where ¢, isthe intercept associated with f(x) and c, is
the intercept associated with g(x,).

, isthelevel of N, down to 60 cm depth (in kg.ha') and in logarithmic scale; N, isthe sum of N-NO,~present in

the soil (see table 2) and N-NO," from the fertilization.

, = (z zol)oln(xz)o A0 isthe difference between the level of P-P,0, in [kg.ha?] in thefirst 20 cm of depth and

the critical level z) = 15 ppm (= 40 kg) multiplied by In(x,) & 0 EZ(O) isaKronecker deltathat equals 1 if z

<z, or 0 otherwise. The symbol «0» indicates the Hadamard product*.

, istheamount of «sprays» of chemical sagainst weeds, insectsand fungi in[units.cycle]. Althoughitisadiscrete

variable, encoding x, from scenarios where sprays were defined by range resulted in real values.

=(x,~x,"1)08,  aoxiay ., Wherex,” =2[units.cycle™], andx;isavariableequal to(x, - x,") if morethantwo chemicals
are sprayed or zero otherwise. We set up X, through enquiries to agronomists and by graphical inspection of
the response.

s =0,_g isavariableindicatingtypeof tillage: §,_, equals1if itisSD or 0 otherwise. Recall that Frank’s (2011)

original function consideredx = 6,_, 2'+(1-0_, )2"* toadmit anintermediateval uefor recordsnot mentioning
the type of tillage.

isthetotal rainfall during the crop cycle [mm. cycle?].

s = (X-x"1)08, o where x,” = 400 [mm. cycle™], and x, isavariable equal to (x,-x,) if therainfall exceedsthe

critical level ;" or zero otherwise. We established thisvalue asatemporal proportion of thecritical level given
by Frank (2011) and assuming symmetry in the annual distribution of rainfall.

4 A Kronecker delta 5i=j isabinary variable that equals 1 when i=j or 0 otherwise. The Hadamard product is defined as the element
by element product of two matrices.
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A subjective production function for wheat in the Pampean Region (Argentina) 13

X, isthe average temperature during the crop cycle in [°C]; this variable was included later to fully reproduce
Frank’s original function. Theinclusion of x, determined that the total amount of scenarios largely exceeded
the 252. The average temperatures proceeded from SNIH (2001) cartography and laid within the range 14.5-
18.0°C.
X, = 8| where 5| isabinary variable equal to 1 if the soil texture isloam or silt-loam or zero otherwise.

X, = Sr where ¢ indicatesclay-loamor clay textures. Weomit 6for sandy or sandy-loamtexturestoavoidany linear
dependence with columns x,, and x,,.
¢ istheerror term and includes all the variablesthat were omitted from the mode! for some reason. Each g isthe
averageof{¢,,....&,,....&,} errorsdistributed £, ~N(0,6%). Thevarianceof ¢ isvar(g) = 6°m*. Weassumethat
cov(e,g,) = 0.

The econometric model associated with thisfunctionis
y = X.B, + X B3, + & where e~N(0,6°Q)

wherey isavector of dimension nx1, X =[X |X_] isamatrix of known constants of dimension nxk (which for didactic
reasons we decompose into a matrix X, of production variables and another matrix X, of environmental variables,
respectively), B = [R'|R,]" is a vector of fixed but unknown parameters of dimension kx1, and € is a vector of nx1
unobservablerandom variables. 62Q isadiagonal and positive definite matrix. Each diagonal element of Q, o isdefined

In(a)ij) =In(6) 6_,—In(m) foralli=j,or ;= Oforali=#j, )
where 6 isascalefactor and J_, isaKronecker deltathat equals 1 if the observation comes from form | and O otherwise.

Parameter estimation

To estimate the parameters we essentially follow the same steps of Frank (2011) with aslight adaptation
regardingtheestimatefor Q. They are:

i. We computed the condition number k(X) to detect possible linear dependence relationships between the
regressors’. However, sincethebeginning of thestudy wedecidedtoretainall thevariablesof theoriginal function,
unless k (X) > 100, i.e. X exhibited severe multicollinearity (Judge et al., p. 902, Greene, 2006, p. 59-61).

ii. We estimated the parameters of the model by ordinary least squares (OLS). Recall that the expression of this
estimatorisb_, .= (X'X)X'y.

oLs

iii. We computed the residual e =y-Xb_, . and we estimated matrix Q through the auxiliary regression
In(g?) =In(c?) +In(m™) +1n(6) o_, + v, where v~N(0,6?). (3)

where g2 isestimated g2. Then wereplaced 6 in (2) with the estimate calculated in (3). Recall that Q isadiagonal matrix,
so it isonly necessary to estimate n elements o, forali=j.

5 Although we tried to define scenarios that combine all possible levels of production and environmental factors, the exclusion of
unrealistic situations could have generated some level of multicollinearity among the columns of X.
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Vi.

Vii.

viii.

. We estimated the variances of b_ . and b

L. FRANK and M. DEMARCHI

. We estimated again the vector of parameters, but this time by «feasible» generalized least squares (GLS) or

FGLS. The GLSestimator isb, = (X'Q*X)*X'Q'y and the FGL S estimator is constructed replacing Q with
itsestimator obtained inthepreviousstep. For computational easeweactually transformed matrix X and vector
y dividing each row of them by theestimated wijl’z and proceeded asin OL Sestimation. Thisprocedureisexactly
the same as the matrix operations given before.

s roLs Their expressions are var(b o) = 6?(X'X)*X'QX(X'X)* and
var(b,, o) = o*(X'Q*X) ", respectively. The LS (least squares) estimator is White's heteroskedastic estimator
and its use is recommended (Frank 2010) for small samples and ill-conditioned matrices X.

Finally, we computed the adjusted R? statistic and the t statisticsto test 3 = 0. We checked normality of theresi-
duals by the Jarque-Beranormality test on g . =y-Xb_, cand e, ;= y-Xb, ..

FGLS GLS
In addition, wetested two hypotheses on the slopes of the broken linesrelating yield to pest control and rainfall.
Specifically, we tested for a linear plateau relationship through the hypothasisf&J + [3J+1 =0forj ={4,7}.
Therefore, we considered the linear systemr = R, where R isafull row rank matrix of dimension gxkand r
isavector of dimension gx1. In our case we only had g = 2 hypothesis. Then we calculated the statistic

A = (Rb-r)' (Re?R")(Rb-r)/q

where %isvar (b, ). Thisstatisticisdistributed exactly A~y? . if £~N(0,0,?) anditispossibleto provethat even
if & isnot normally distributed, but nis «sufficiently» large, then A"(SQ") =% ..

For reasonsthat will becomeevident in the discussionweal so computed b through two other estimators, Theil’s
(1963) estimator and the LAD (Least Absolute Deviation) estimator. Theil’s estimator combines current in-
formation witha priori information expressibleasr = RB +v, wherev ~N (0, 6?). The expression of the Theil
estimator is:

= (X"QIX+WR'YIR) (X' Qly+wR'y'r),

bTheil
and itsvariance is

var(b,,,) = 6 A(X' QIX+wR YR,

Thei
wherew = ?c 2. The LAD estimator isarobust estimator that minimizesthe sum of absol ute deviationsrather
than the error sum of squares (Pynndnen & Salmi 1994, Dasgupta 2004) and hasthe advantage of weighing less
extreme observations. The LAD estimator is the solution of alinear programming problem.

All calculationswere performed in the free software matrix language Euler Math Toolbox v10.1 devel oped by René
Grothmann (2010), Associate Professor of Katholische Universitét Eichstétt (Germany). The codes are available upon

request.

RESULTS

Table 1 presentstheregression coefficients and other statistics of the conversion function of N-NO, at 20
cm to 60 cm. The adjusted R? coefficients were 0.6284 and 0.6276 for the OLS and GLS estimation,
respectively. Table 2 presentsthe medians and extreme val ues of the sampl e classified by wheat sub-regions.
You can seethat thelevel of N-NO, is extremely variable, even within each sub-region.
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A subjective production function for wheat in the Pampean Region (Argentina)

TABLE 1. Regression coefficientsof thefunction that convertsN-NO,
at 20 cm [ppm] into N-NO, at 60 cm [kg.ha]

Estimator b Sw) t stat. P(IT]>t)

OoLS 10.916 7.347 1.486 0.140
3.878 0.548 7.074 —

GLS 9.379 4.910 1.910 0.058
4.006 0.414 9.670 —

TABLE 2. Median of N-NO, [kg.ha] and extreme values classified by wheat sub-region

Subreg. N-NO, P

min. median max. Ny min. median max. ne

| 25.9 56.4 135.6 18 5.6 26.2 65.0 8
1IN 30.0 72.0 169.6 27 7.8 14.0 38.0 22
1S 27.0 55.9 97.5 25 4.0 17.0 71.0 25
11 46.6 48.6 50.6 2 13.0 17.3 21.6 2
\Y% 38.2 48.0 70.6 7 13.5 19.7 25.9 9
VN 40.6 46.4 64.7 4 5.0 22.5 37.0 4
VS 21.0 62.6 237.7 46 6.1 17.5 51.6 24
Gral. 21.0 57.2 237.7 129 4.0 17.1 71.0 94

15

Following the estimation protocol, the condition number of X was 99.66, revealing moderate to strong linear

dependencies among the columns of X. The estimated value of In(6) was 0.8935. Tables 3 and 4 present the

regression coefficients obtained by LS and GL S, as well as their deviations and t-gtatistics’. The adjusted R?

coefficientswere R? = 0.5955 and R? = 0.8852, respectively. The A statistic allowed usto reject the null hypothesis

oto,= Oforj ={4,7}. However, further sequential testsonly rejected the hypothesis o, + o, = 0. According to
the Jarque-Beranormality test weregjected normality intheresidualswith typel error probability of 0.05 and 0.01.

TABLE 3. Regression coefficients obtained by FL S

Associated variable b s(b) t stat. P(IT|>t)
X, = intercept 3.3849 0.2096 16.1515 —
X, =In(N,) 0.3210 0.0279 11.4991 —
X, = P deficit X In(x,) 8&(0) -0.0256 0.0045 -5.7241 —
X, = chemical controls 0.1061 0.0120 8.8255 —
X4 = chemical controls > 2 -0.0782 0.0286 -2.7329 0.0065
X = zero tillage 0.0886 0.0155 5.7294 —
X, = rainfall 0.0022 0.0001 14.8642 —
X, = rainfall >400 mm -0.0015 0.0002 -7.4600 —
X, = temperature -0.1542 0.0098 -15.6592 —
X,, = loam or silt-loam soil -0.0471 0.0197 -2.3908 0.0171
X,, = clay-loam or clay soil 0.0288 0.0180 1.5973 0.1107

6 We do not report values of P(JT | >t) <10
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16 L. FRANK and M. DEMARCHI

TABLE 4. Regression coefficients obtained by FGL S

Associated variable b s(b) t stat. P(IT|>t)
X, = intercept 3.3373 0.2585 12.9125 —
X, =In(N) 0.3522 0.0335 10.5222 —
X, = P deficit X In(x,) SZSZ(U) -0.0168 0.0053 -3.1580 0.0017
X, = chemical controls 0.0851 0.0143 5.9309 —
X, = chemical controls > 2 -0.0464 0.0342 -1.3556 0.1757
X, = zero tillage 0.0870 0.0185 4.7092 —
X, = rainfall 0.0021 0.0002 11.5405 —
X, = rainfall >400 mm -0.0014 0.0003 -5.5724 —
X, = temperature -0.1576 0.0124 -12.7483 —
X,, = loam or silt-loam soil -0.0674 0.0236 -2.8616 0.0044
X,, = clay-loam or clay soil 0.0462 0.0216 2.1408 0.0327

Table 5 presents estimates of the same parameters but incorporating an a priori estimation of ¢, and also
abinary variable, indicative of aresponse detected asatypical. Theestimator labeled Theil | assumesthat 6 2
=0 *whiletheestimator labeled Theil || considerstheestimatesof s ?and s > knownfromthe FGL Sregression
and from Frank (2011), respectively. Thelast column of table 5 showstheélasticitiesof N, P, chemicalsand
rainfall and the semi-elasticities of temperature and soil texture in asituation of 100 kg N ,, deficit of 5 ppm
(=13, 3kg) P, 3 sprays of chemicals and 450 mm rainfall.

TABLES. Regression coefficientsobtained by OL S, Theil and LAD and elasticitiesafter theLAD

estimator.
Associated variable Theil | Theil 11 LAD Elasticity
X, = intercept 3.3457 3.3447 3.6528 —
X, =In(N)) 0.3637 0.3642 0.3326 0.31127
X, = P deficit X In(x,) 3, <) 0.0016 0.0016 0.0016 0.19649
X, = chemical controls 0.0552 0.0552 0.0572 0.13020
X5 = chemical controls > 2 -0.0288 -0.0283 -0.0138 —
X, = zerotillage 0.0752 0.0753 0.0714 0.07140
X, = rainfall 0.0018 0.0018 0.0017 0.31500
X, = rainfall >400 mm -0.0012 -0.0012 -0.0010 —
X, = temperature -0.1550 -0.1551 -0.1643 -0.16430
X,, = sand and sand-loam soil 0.0943 0.0944 0.0901 —
X,, = clay-loam or clay soil 0.0669 0.0683 0.1435 0.14350
X, = outlier -0.7468 -0.7456 -0.7925 —

DISCUSSION AND CONCLUSION

In view of the R? coefficients, the t tests and the matching order of the estimates compared to their
experimental counterparts, weconcludethat function (1) isadequateto explaintheyiel dsexpected by qualified
informantsand alsothat itisconsi stent with previousfindingsfrom agricultural experiments. Thismeansthat
qualified informants are able to predict wheat yield accurately and that the underlying function behind their
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A subjective production function for wheat in the Pampean Region (Argentina) 17

expectationsissimilar to that arising from experiments. However, besides consistency between both sources
of informationweal so requirethefunctionto becompatiblewith thetheoretical assumptionsabout production
functions, a point which we want to discuss below.

In(1) o, istheelaticity of output with respect to N, for non-limiting P-P,O, levels. For limiting levels of
P-P,O, (z,< 15 ppm) the elasticity appears penalized proportionally to the deficit of P-P,O, through the term
o,(zz). Logically, the penalty factor is positive sincethe elasticity o, + (z2) 6, > O and a,>0for0<
Z<+e0, Thisimplies, inturn, that |z-z | < o, and, therefore, that ¢, > 0. However the resultsshow that o
<0, contrary to the theory. Thisresultis absurd because it would |mpIy that the greater the deficit of P, the
greater the elasticity of N. This inconsistency could be explained in two ways: (a) because «atypical»
observations contaminated the data, resulting in a biasin the estimate, and (b) because P-P,O, deficit was
estimated incorrectly, either because the levels of zin Table 2 are wrong, or because the critical level for z,
suggested in the experimental literature differs from that perceived by the informants.

To verify (a) we computed the coefficients using the LAD estimator in order to reduce the weighting of
extremeobservations. Thisnew estimateshowsthat b, ,,~-0,008>>b, . ;=-0,020suggestingthatindeed
some extreme points altered the initial estimate. Unfortunately, no statistics have been developed to allow
testing hypotheseswiththeLAD estimator, but theruleof thumb b, , , (b,)*| <2 suggeststhat e, ~ 0 cannot
be rejected. In view of this result, we performed a thorough inspection of the database through which we
identified six extremevaluesin oneof the questionnaires. We classified theseanswerswith adummy variable
whichwecalledx,,". To verify (b) wetested the hypothesisH : d = z-z = 0 for each sub-region of Table2 and
rejected the null in all cases. Then we conclude that the analyzed data do not provide enough evidence of P-

O, deficiency in any of the sub-regions and therefore x, = 0 should be excluded from the model or at least
supplemented withthe prior information 3, =-1.55x10° + v with v~N(0,c,%) provided by previousestimates’.
Table5 presentsthe estimatesobtained by thelatter alternative using Theil’ s(1963) estimator, and adding the
variable x , for outliers. Y ou can see that the elasticity of N, from the expectations functionsis slightly (but
significantly) higher thanthat cal culated previously by Frank (0.32-0.36 vs. 0.24-0.25, respectively) based on
experimental data, but within the range 0.16-0.42 arising from the literature (Alvarez 2007).

Thesignsof o4 and o, forj={4,7} (see Tables 3, 4 and 5) are coherent with the theory, as we know that
o,>0 intheeconomically feasibleregionand a,,<0to ensuredecreasing marginal productivity. Furthermore,
we can prove (see appendix) that |ocj| > |ocj+1|, which isalso confirmed by our estimates. In the particular case
of j = 4, thefindings show that c, + ¢, = 0 according to the L Sand GL S estimates but ¢, = 0 according to the
Theil 11 estimate, which in turn means that yield either reaches a plateau after the second chemical spray or
remains growing at the same rate throughout the interval 1 < x, <5, provided the other variables remain
constant. So far then we can only narrow ¢, intheinterval -o, < o, d» 0. Furthermore we note that in the way
that we defined x, it is a non-essential mput in the neoclasscal Sense, since I|mX4HO f(x) # 0°. While this
situationis indeed realistic, sincein practiceit is verified that y > 0 when x, = 0, |t should be noted that the
variable x, «quantity of chemical sprays» is actually aproxy of the real variable «weeds, plagues and fungi
control». However, thisunderlying variableal soincludesthe control of weedsby mechanical meansunder LC
technology, whileunder SD thefunctionisnot defined for x, = 0 sincethetechnol ogical packageincludesone
chemical spray against weeds before sowing. Clearly, the function definition is ambiguous for x, < 1 and so
for themoment werestrict x,totherange 1 < x, < 5 until thisissueissolvedtheoretically. According to Tables
3, 4 and 5 the semi-€lasticity of x, lies between 0.05-0.10 depending on the estimator used.

7 This questionnaire had strongly decreasing returns with fertilization doses of N exceeding 70 kg.ha.
8 Note that the observations within sub-regions on table 2 are conspicuously erratic.
9 Here f(x) refersto (1) without distinguishing between productive and environmental components.
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Regarding rainfall, the A, statistic showed that o, + ¢, > 0, i.e. that yield is monotonically increasing
throughout theinterval under study, contrary to experimental evidence. Inaddition, li M, 70 g(x) #0. Thisis,
without doubt, aserious drawback in the case of precipitation, asit isnot realistic to assumethat y >> 0 when
x,=0. Thismeansthat another linear function should be placed between 0 and x, = 200 mmwith abreak point
inanunknownx, <200. Wecertainly don’t haveyield expectationsinthisinterval asthesituation hardly ever
occurs in the Pampean region. For this reason we restrict our function to the interval 200 < x, <700 mm
assuming that some additional termsto explain yield in the range 0 < x, < 200 mm are missing. The semi-
elagticity of rainfall (17x10-22x10*, depending on the estimator) is greater than the experimental one, but
in line with that calculated by Bono and Alvarez (2008).

Theregression coefficient associated with SD isconsiderably lower inthe expectationsfunction (0.07-0.09)
than in the function arising from experimental data (0.21-0.25) and the difference between both coefficientsis
significant for atype| error probability of 5% and 1%. Tojustify thisresult recall that Frank (2011) defined o
asthe product of multiplefactorsthat contributeto yield in small amounts, that is, o, = ¢, @,...¢, where ;> 1
although 0 < @ << . Frank (2011) identified two of thesefactors: one associated with abigger water retention
capacity of soi fsunder SD and another withthereplacement of traditional genotypeswith new high-performing,
but moresensitiveto water stress, genotypes. We proposethat the discrepancy between theestimatesof ¢, could
be dueto athird factor (let’scall it ¢,) associated with inefficienciesinherent to rea production situations (e.g.
defectiveweedseradication prior to sowing, mechanical failuresof theseeder, pest control opportunities|ost due
to weather conditions, etc.). It isnot possible at the moment to test this hypothesis.

Thesign of temperature matchesthe experimental evidence, but islarger than thelatter in absolute value.
Onthe contrary, thesign of b,, (clay-loamto clay soil texture) coincideswith that of the variable vertisols of
the experimental function, but is considerably smaller. For comparative purposes we re-parameterized the
variablesx, and x,,, S0 asto set to 0 the parameter associated with the textural classloamto silt-loaminline
with the variable mollisols of the original function. Then we re-estimated the parameters using Thell’s
estimator andthe LAD estimator. Theresults(Table5) show apositiveeffect ontheyield of sandy and clayed
textural classes, unlike the experimental results, which show a negative effect of entisols-aridisols and a
positive effect of vertisols. The reasons for this discrepancy are unclear. However, recall that the variable
enti sols-aridisolswas the one that showed the highest linear dependence with other columns of X in Frank’s
(2011) study, so any result regarding this variable should be considered with caution.

AKNOWLEDGEMENTS

This paper was supported by [ICA Canadaand the Emerging L eadersin the Americas Program (ELAP) through one
of the author’ sinternship at the University of Manitoba.

REFERENCES

ALVAREZ, R. 2007. Capitulo 7: Fertilizacion de trigo. In: ALVAREZ, R. (ed.), Fertilizacion de cultivos de grano y
pasturas. Diagndstico y recomendacion en la regién Pampeana. Ed. Facultad de Agronomia UBA, pp. 91-119.

ALVAREZ, R. 2009. Predicting average regional yield and production of wheat in the Argentine Pampas by an artificial
neural network approach. European Journal of Agronomy 30: 70-77.

BONO, A. and R. ALVAREZ 2008. Rendimiento de trigo en la Regién Semiériday Subhiimeda Pampeana. Un modelo
predictivo de larespuesta alafertilizacién nitrogenada. | nformaciones Agrondémicas del Cono Sur 41: 18-21.

CHAMBERS, R. 1994. Applied production analysis. A dua approach. Cambridge University Press.

DASGUPTA, M. and SK. MISHRA. 2004. Least absolute deviation estimation of linear econometric models: A literature
review. Available at http://mpra.ub.uni-muenchen.de/1781/ .

Rev. FacuLtAp bE AcroNomia UBA, 31(1-2): 9-19, 2011

‘ A Subjective production 2011.pmd 18 22/11/2011, 14:07



A subjective production function for wheat in the Pampean Region (Argentina) 19

DEJANVRY, A. 1972a. Optimal Levelsof Fertilization under Risk: the Potential for Corn and Wheat Fertilization Under
aternative price Policiesin Argentina. American Journal of Agricultural Economics 54(1): 1-10.

DE JANVRY, A. 1972b. The Generalized Power Production Function. American Journal of Agricultural Economics 54
(2): 234-237.
FRANK, L. 2010. Constrained Estimation with Distorted Data by the Least-Squares Criterion. 2010 Proceedings of the

American Satistical Association, Business and Economic Statistics Section, Alexandria, VA: American Statistical
Association: 1926-1932. Available at https.//www.amstat.org.

FRANK, L. 2011. The Wheat Production Function in the Pampa Region. Unpublished.
GREENE, W. 2006. Econometric Analysis. Prentice Hall.
GROTHMANN, R. 2010. Euler Math Toolbox v. 10.1. Available at: http://eumat.sourceforge.net.

JUDGE, G.; W. GRIFFITHS; R. CARTER HILL; H. LUTKEPOHL and T. CHAO LEE. 1985. The Theory and Practice of
Econometrics. Wiley Seriesin Probability and Statistics.

PYNNONEN, S.andT. SALMI.1994. A Report on L east Absolute Deviation Regressionwith Ordinary Linear Programming.
Finnish Journal of Business Economics 43(1): 33-49.

SNIH (SISTEMA NACIONAL DE INFORMACION HIDRICA) 2001. Mapas de precipitaciones y temperatura media anual
(1965-1982). Available at: http://www.hidricosargentina.gov.ar.

THEIL, H. 1963. On the Use of Incomplete Prior Information in Regression Analysis. Journal of the American Statistical
Association 58(302): 401-414.

APPENDIX
Following are the proofs that o > 0, o, < Oand |ocj| > |ocj+1| forj={4,7} inexpression (1):

a) o > 0. We know that x > 0 because it isaphysical quantity. If o werelessthan 0, at any point X'>
X, f(xJ’) < f(xJ) which is out of the feasible economically rational area. Thus, o >0.

b) o, < 0. Let'sconsider apoint x' suchthat x' <x andx' <x*, and apoint x suchthat x >x". If both
pointsliein the economically feasible area, Wheref(xj) > f(xj'), then it isalso satisfied that

06X+ 0y (4XT) 8y > O X
S0 that
oo > [(xj-xl*) ) ] (x-x")1

X()2x()* [

But xj—xj* >0and X-x' > 0, and by (a) we know that o> 0,so [(xl—xj*) ) ] (xj—xj')’1 >0. Thisimpliesthat

X()2x()*

_ 1
oo, > 0andthus o, <O0.

C) |ocj| > |0‘,-+1|- If f(xl) > f(xl'), Then o (xl-xl') ta, (X,'XJ') ) > 0, which in turnimplies that

X()=x()*

(¢ + .8 ) (%-%') >0.

i I+1 7X@)x0)*

This means that

o +o >0,

i T O Kaxgy

leading to o > 0 and |or| > e, |.
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