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Introduction

At CLIMA (Centre for Legumes in Mediterranean Agriculture) considerable
resources are bemg invested in breeding, testing and economic assessment of
new species of grain legumes for Australian growers. A crucial element in the
success of this effort is adoptlon of the resulting crops by growers, which is
sttongly influenced by growers' perceptions of the riskiness of the crop. Existing
grain legumes are seen by farmers as being more risky than other available
enterprises such as wheat and sheep, Many farmers state that this riskiness
constrains their adoption of the crops, espec1ally field peas. However there is
currently little information anywhere in the world on what influences the
perceived riskiness of a crop or on the imipact of perceived riskiness on adoption
of a new enterprise. In addition, there is little information on how important
risk is to Western Australian growers’ adoption decisions in general.

The aim of this project is to investigate in detail the adoption process for grain
legumes such as chick peas, faba beans and lentils, with emphasis on the role of
risk. In particular the projects aims are to identify:

+  How risky are particular grain legumes perceived to be?

How do these perceptions change over time with new information or
experience?

How do risk perceptions affect adoption behaviour?

How can perceptlons be influenced so that farmers do not-unnecessarily
reject beneficial grain legumes?

How can farmers ';mgnager;graln rlegumes‘ to:‘rgdﬁcg:ﬁiék?

In this paper we report ona study‘that investigated one as]




to investigate the rate of reduction in uncertainty as a function of initial (‘prlors )
perceptions and the objectively true distribution.

Background on Legumes

World grain trade of 6.4 million tonnes in 1991 was about 11 percent of world
production of grain legumes. Australia's share of the trade market in 1991 was
only about 11 percent (ABARE, 1993).

The FAO (Food and Agriculture Organisation) forecasts an annual growth rate of
six percent for feed market and three percent for the human consumption market
for grain legumes. Australian grain legume mdustry expanded rapidly durmg
the 1980s and 1990s. Total production of grain legumes in Australia has risen by
220 percent since 1986. ABARE estimated that Australia produced 1,265 kilo-
tonnes of grain legumes in the 1994-6 season. Australia's grain. legume
production consists mainly of lupms (87 percent), field peas (18 percent) and
chick peas (six percent). Other grain legume crops produced in Australia include
faba beans, cow peas, lentils, mung beans, navy beans and albus (Kiev) lupins.
Western Australia, where 90 percent of Australia’s lupins were grown in the
1994-5 season, produces only 11 percent of Australia’s chick pea crop and 15
percent of the faba bean crop (ABARE 1994). Western Australia produces less
than one percent of all other grain legume crops. Therefore, crops like lentils
and albus lupins are new to most West Australian farmers.

Lupin production has had one of the highest growth rates in the grain legumes
industry and the lowest year to year variation in yield. Initially lupins were not
well suited to the existing farming systems, particularly in the northern
sandplains of Western Australia, but a farming system was successfully
developed around it (Wood et al. 1994). There is some evidence, from a project in
Western Australia that the high rate of adoption in WA can be directly linked to
extension activities of the public and private sectors (Marsh et al.. 1996).

South Australia and Victoria are the major-areas of field pea production. There
is presently little growth in field pea production in any region of Australia.

Chick pea production in Australia has increased significantly since 1983
particularly in Victoria even though crop ylelds have varied significantly from
year to year. Faba bean production has grown in New South Wales, Victoria and
South Australia with least yield varxabxhty in New South Wales and most
variability in Victoria. Other minor grain legumes such as mung beans- and navy
beans have traditionally been considered to be more risky than other grain
legumes. Their production has been concentrated in New South Wales and
Queensland (Hassall and Associates, 1991).

Risk, Uncertainty and Adoption
Typically, thereis a conmderable time lag from the ‘pomt when a decxsmn maker
Iearns of the existence of an innov. nti ' it )
and Saha et al., 1994). Decisions: opt a:
probabxhty dxstrxbuhons of its yield and profitabili th
distributions which matter are subjectwe They are based on




guess or hunch, which may or may not be correct, The adoption process can be

broken down into several discrete stages;

(a) The discovery stage: the period up until the farmer becomes aware of the
innovation, or at least of its potential relevance to their farm,

(b) Non-trial evaluation phase: the period when the farmer collects more
information on the innovation before making a- decision-on whether to trial it.

(¢) Trial evaluation phase: the period.when the farmer undertakes a trial usage
of the crop by experimenting with the erop on their own farm. A primary aim
in this phase is to collect information about the performance of the crop. This
phase was studied by Leathers and Smale (1991) who developed a Bayesian
behavioural model which explained sequential adoption as a consequence of a
rational learning behaviour by adopting farmers. This paper is mainly
concerned with this phase of the adoption cycle,

(d) Full adoption phase: the period when the farmer usesthe innovation
primarily because of its perceived direct benefits.

(e) Disadoption phase: the period when the crop is superseded and its use is
reduced over time, eventually to zero.

Wood et al. (1994) identified production risk as one factor which has a negative
influence on farmers’ decisions to adopt crops like chick peas. A survey of New
South Wales farmers found that one quarter of farmers surveyed believed chick
peas had a high chance of failure and were unlikely to profitably fit into their
farming system. Such attitudes towards new crops are also likely to exist in
farmers from other states as well (Vancaly and Lockie, 1994), Saha et al. (1994)
showed that perception of riskiness of an innovation influenced the degree of its
adoption. Farmers vary in their attitudes toward risk and in their perception of
riskiness of various enterprises (Anderson et al. 1979, Feder 1980, Kingwell
1994). Feder (1980) showed that the optimal allocation of land for new crops
declines with higher degrees of risk aversion.

in this paper we make a distinction between risk and uncertainty. We define
risk as environmental or economic variability. If the farmer knew the probabllxty
dxsmbutmns of yneld for each crop they would be makmg a purely nsky c ec;smn

as yxeld of a cmp has a probabxhty dxstnbuhon If we aak afaririef for 1
probability distribution of yield for a new crop, the answer they give

both risk and uncertainty, Therefors, a farmer who hashad more V
with crop A than B may report a larger variance of yield of B even though m,
reahty, they may both have the same level of risk (Feder, 1980).




conviction with which they hold this initial expectation. Perception of mskmess
of a crop relates to the variance of the perceived probability distribution of yield.
But attitude to risk relates to whether the decision maker cares about the mm«of
the variance or only the mean of the dlstrxbutmn.

The adoption process involves a reduction in uncertainty over time as the farmer
gains more information about the crop, The level of risk may change little or not
at all depending on whether the technical efficiency of the farmer can be
improved through learning, Feder and Slade (1984) point to several studies
which have modelled innovation diffusion as a Bayesian learning process, where
each period's experience is used to-update initial beliefs about the characteristics
of the new technology. Some of these studies indicate that individual farmers-are
willing to bear the cost of obtaining such information directly. In thecase of
Western Australian farmers considering adoption of new grain legume crops they
may consider the value of information generated by trialing a new crop on their
own farm to be worthwhile.

A farmer's initial percepmon of the yield distribution of & new crop may range
anywhere from optimistic to pessimistic depending on how informed they are.
These perceptions may or may not be correct when judged against the actual
yield distribution of a crop (Smith and Mandac, 1995) but they are rational
(Lindner, 1986). From a Bayesian framework perspective a farmer who enters
the trial phase with a certain perceived yield distribution of a crop carries out the
trials on their own farm inorder to hone in on or narrow the gap between their
perception and the crop’s true or objective distribution of yield.

It is hypothesised in this study that the further a farmer’s perceptions deviate
from the truth, the longer the trial phasé will take before they are within an
acceptable range of the true distribution of the crop yield. We hypothesls thnt
ﬁhls mechnmsm wﬂl operate m both dlrectlons When a farmer consr ring

other words perceive the crop to have a yneld dxsttibutmn in higher yield ra
and visa versa. This hypothesis has lmportant ramifications for the ad

and diffusion of innovations like new grain legumes. Being ab st
in formmg a reahsuxc perceptmn of' the perf'ormance of a crop on thexr

and speed up the rate of diffusion of grum legumes

Survey
A survey of' 120 farmers in the central east:ern“and northern whegtbelt of




- Age, experience, famxly!busmess structure and prospects in farming;
- Farm resources, ¢r opping and flock hlstory and pasture quality;

. Attitude towards risk, use of insurance, time and discount rate
preferences,

. Agronomic and market.mg knowledge and experience with grain legumes;

- Current and previous adoption history and pattern;

- Perception of the riskiness of legumie crops und subjective yield and: prme
distributions;

- Perceptmn of the interactions of legume crops with other enterprises and
covariance relationships;
- Factors affecting adoption of grain legumes, including use of information.

During the interview we elicited the farmer's Subjective Estimate of Yield (SEY)
for wheat, chick peas and lupins. This data was used as mputs for the
simulation model described below. We used a modified version of the visual
impact method referred to in Anderson et al, (1975) as & practical way of eliciting
the farmers SEYs. The farmer was first asked to consider a paddeck on their
farm that would be suitable for chick peas but which had not previously grown it.
They were then asked to describe the soil type, history and the arable area of this
paddock. Next, we asked the farmer for their perception of the long term average
yield of wheat, chick peas and lupins on that paddock, They were asked to think
about planting the crop in 1996, The question was framed in the context of the
1996 season hecause they had no idea then (pre seeding in 1995) what the
weather would be like in 1996 as it was then two seasons away and this
prevented the farmer from giving conditional probabilities as influenced by the
1994 season, The farmer was then asked to estimate the highest and the lowest
possible yield for the crop in question in 1996 on the nominated paddock. This
range was used to construct the intervals of 8- discrete yield distribution. The
farmer was asked to distribute twenty counters between seven squares
representing the range of yields to indicate their perceived probability
distribution.

Survey Results

Table one shows a sample of three elicited yield distributions for chick peas. The
results in Table 1 highlight the wide diversity that exists amongst farmers in -
their perception of the yield distribution for chick peas. | jubjective yield
distributions similar to these were used in the simulation model as inputs.

Table 1. Subjective yield distribution for chick peas.

Baemer Very Poor Below Average Above

e POOE avg_rg_ge

1 ‘ Yield 01 02 03
L ,;Prdbabi'xl’ity 0.4 A

9  Yield 0.3

Probabxlxtyk O 1 o




The farmer-was also-asked to rate the relative riskiness of chick peas as
compared to-wheat on that paddock. The mean of the responses: shown 1n ’I’able
2 indicate that farmers perceive chick peas to be 51 percent mor : ;
and 44 percent more risky in profit compared to wheat., This wasin ,
the question; “If the risks associated with growing a wheat crop on this paddock
can be shown by the length of a line drawn on the page, could you draw a line the
length of which represents how risky you think chick peas are?” Although the
farmers' responses to this question is unclear, results clearly indicate that
farmers consider chick peas to be more “risky”.

Table 2. Subjective estimates of riskiness of yield and profit of chick peas
compared to wheat.

Riskiness of yield _ Riskiness of praofit
- ; (relative to wheat) (relative to wheat)
Mean response 161% _ 144%

The farmers’ expectation of long term average yields of legume crops is shown in
Table 3, It is shown that, in general, farmers believe that faba beans will out-
yield the other legumes, However a 42 percent coefficient of variation (c.v.) for
faba beans shows that there is also a wide range of responses about the yield of
this crop. A handful of farmers expect the long term average yield of faba beans
to be as low as 0.1 t/ha and some think that they can yleld as high as 2 t/ha. On
the other hand the mean subjective yield for field peas is 0.87 t/ha but the ¢;v, of
subjective yields amongst farmers is 9 percent less than for faba beans. This
could reflect the fact that since field peas have been around for longer, more
farmers are likely to have enther grown them or seen others grow them over the
years,

Table 3, Perception of expected long term average yield of legume crops

Liegume crop Field Chick  Faba  Lentil  Albus
; pea pea_ bean lupins
Expected yield (tha) 087 076 092 ~ 056 087
ey, (%) | (39%)  (B31%)  (42%)  (38%) _ (33%)

Bayesian Framework for the Simulation Model

The surveyed farmers were asked to give their perception of the probability
distribution for chick peas. These elicited distributions were used as the starting
point for a simulation model of changing yield perceptions over time.




Throughout the study, discrete distributions based on seven yields are s
Thirty risky distributions were specified to represent the full range of p
distributions (Figure 1 and Tahle4). Three different uncertain distribu
were specified across the 30 risk distributions. These reprerent low, medmm,
and high initial yield perceptions (Figure 2),

Table 4. Risky probability distributions of yield used in. Lhe simulation mod 1
Risky ‘ 045/ 0.30] 045 0,60 087 *13 1 40 Mean rd’
dtstnbutions ; . :

0345 0243] 0034] 0014 0014 0007 0:21]
0.307] 0.279] 0.84| 0.008] 0.008] 0.004] 0.382]
0.260]  0347] 0230/ 0010 0, 05| 0,420/
0.226] 0301 0.256] 0.054] ‘ ‘
0.095] 0.180] 0.352] 0.299]  0.063] 0.
0.181] 0231] 0.241] 0216]
0.227} 0.2271 02171 0.1865)
T 0,152] 0.195] 02601 0.254] 0,078
0.144] 0201 0268 0241] 00
« 19] 0.166] 0.284] 0.277
[ _0.076] 0.143] 00281 0351 O
2| _0015] 0132 0333 0417 00
13 | 0.105] 0.146] 0249] 0312
14 0.086] 0.142] 0263 0.329] 0.094
15 0,074] _0.121] 0225] 04a61] 0.113] 0.
16 | 0.011] 0,098 0,246 '
17 | .08 0.091 0,200 |
18 0.068] 0112 czog[‘ ;
19 T 0.083] 0083 0.182]
20 | 0.009] 0085 0215 j} 96|
21 | 0017 0017 0.200
22" 0.103] 0,103
23 0079 0079 ¢
24 | 0419] 0119 .
25 0.097] 0,097}
26 0.014]__0014] 0.164] 0386]
27 _0.012] 0012] 0,148/ 0.348]
28 | 0.023] 0023] 0030] 0341 0.258
29 | "0019] 0.019] 0026 0288 0218 0.
30 | 0036 0036 0048 0060
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=
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was speclﬁed as bemg the ﬁrue dxstrlbu
this distribution and used with Bayes' r
of each of the 30 distributions being the t
in order to obhserve the change over time in yne, A
farmer,

[Figure 1 and 2 about here].




Results and Discussion

Figure 3 shows some examples of the pattern of change for the mean of the
perceived distributions-of yield over 20 years. Three different sample runs of'ther '
simulation model] are shown, all based on the same parameters but with diffe
random samples of yields. These runs were done with the true distri
number 15 with a mean of 0.59 tonnes per hectare and the farmer’s initial yield
perception was set at the medium, .As each year's yield was generated at random
from distribution 15, there is a degree of variability in yields between years,

[Figure 3 about here)

Figure 4 shows how the degree of error in farmer's perception are reduced over
20 years of trialing where the farmer holds a pessimistic view of the likely
distribution of the yields but the true distribution is number 15. The error term 4
is expressed in terms of the percentage difference hetween the mean yield and |
also the standard deviation of the yield of the true distribution and those of the .
of the prior distribution. In year 1 the errorin farmer's perception of the mean
and the standard deviation of the yield of the crop was at around 18% and 10%
respectively. But over the trial period as the farmer collects more information
about the crop and observes the yields they revise their knowledge of the possihle
true distribution, eventually reducing the error in their perception of reality to
around 4%. This is shown by the general downward trend from year 1 to year
20. This downward trend, however, is not smooth since the yields from one year
to the next are selected at random from the true distribution. Por example, the
low yields of around 0.3 (t/ha) in years 10 and 11 cause the farmer to revise their
perception of the crop yield downward to an extent which increases their error in
judgement about the mean and standard deviation of the true distribution.

[Figure 4 about here]

The data presented in Figure 4 is only for a single run of the simulation. Given
the random nature of yields in each trial year, it is difficult to deterrmne from
Figure § whether the trends would be similar under a different set of ranc
yields generated for each trial. To assess whether the trend
extended sel of runs, the simulation model was run repeate
results averaged for each year, The assumptions relating t tion
and the initial prior distribution were as for Figure 4, where the true dlstrlbu‘ "n
was number 15 and the farmers initial perception was assuméd ) !
Figure 5 shows a smoother downward trend lme as the error i
tmue dxstrlbutmrx of yleld is reduced through yle
‘the le

yleld was halved dmppmg from arouj
20. The average level of error associated thh ] tion of the sta .
deviation of crop yield remained reiatively constant at around 7 to 8%, increasing
marginally towards the final years.

[Figure 5-about here]
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‘I‘he perceived mean yleid m()ved from Q 51 (t/ha) in year 1 up to 055 (t/ha)in
year 20, There was however little change in the perceived standard deviation of
the true yield distribution.

[Figure 6 about here]

Perceptions of the likely performance of a crop is hkely to vary amongst
individuals. The simulation model was used to examine the effect of different
initial perceptions on the rate of judgement revigion. Figure 7 shows Lha changea
in perception of the true mean yield of the crop for three types of pi €
about crop yield distribution, Once again the results are the average of 130 runs
of the simulation model. In all of the runs we assumed the true distribution to be
number 15 with a mean yield of 0,59 (t/ha). The results show that when decision
maker's prior beliefs are close to the true distribution, trials will simply confirm
the validity of the prior beliefs as depicted by the line labelled “medium”,
However when the prior beliefs about the yield distribution of the crop are
pesamustlc or optimistic the slopes of the lines in Figure 7 show the rate at which
prior beliefs are modified over the 20 trial years, Where initial perceptions vary
widely from reality the decision maker is still unable to perfectly predict the
distribution of the crop yield even after 20 trials.

[Figure 7 ‘ahout here]

The results of the simulations were used to estimate the number of years that
would be required for a decision maker with their prior beliefs ranging from
pessimistic to optimistic to revise their perception so that the means fall within
5, 10 and 15% of the mean of the true distribution. Figure 8 shows the results
for a farmer whose prior beliefs about the yield distribution of the crop is
“medium” or centrally positioned on the yield scale. The results show: ‘hat for
someone with this type of prier beliefs, it would take more than 20
to get within 5% of the true distribution if the true distribution hasa. mean less
than 0.6 (t/ha) and larger than 0.7 (t/ha). If we accept a 10% error margin
between the mean yield of the perceived distribution and the true one this range
is widened to an extent where the decxsmn maker 8 pnor behefs matc 2 true
distribution within a single trial year if t 1 within the
range of 0.55 (t/ha) and 0.67 (t/ha) mes
error margin in perceptions wer
maker would be able to revise tt
the true dis¢ributions under 20 1
iow end of the yield rangs with
beliefs centred around the middle of
years to be able to identif i

85% aceuracy, whereas, it would take ‘m e t ;
95% accuracy.




[Figure 8 about here]

Figure 9 shows the impact of the degree of error in the initial perception of a -
decision maker about the true distribution of crop yields on the number of trial
vears required to be able to predict, with.90% accuracy, the shape of the true.
distribution, For instance, an optimistic decision maker with 25% initial error i
their perception of the true distribution would require around 7 years to p :
the shape of the true distribution with 90% sccuracy, whereas a pessimistic DM
with the same initial errar would requure 15 years to do the same.

(Figure 9 about here]
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Mean Yield

Figure 3. Mean yield over trial years for three simulations for a
medium prior distribution
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Flgure 4. Error In decision maker's bellefs about the mearyleld and the
standard deviation of the crop yleld when the true-distribution Is 15 and
the decislon maker is pessimistic with.a low prior dlstribution.
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Figure 6. 30 run-average mean yleld and stndard deviation ot yleld:over
trial years for a pessimist when true-distribution is 15
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Figure 7. 30 run average mean yleld for various perceptions when true
distribution Is 15 over 20 trial years
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Figure 9. impact of initial errori
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Al or restrésults 3.

‘Within-Table X for the basis-for analyses, the degrees of fréedom for the esnmated coetticrents
wére either 51 or 52 For the type of anslyses the degrees of freedony for the estimated
. ;:p;’ﬁ‘mcnféae 43. Forihe regressions assoctated with sources of eifeetivepess, the degrees of
treedom for the estimated coefficents are 77 The enefficients are faroely significant, many af
the P2elevel There was a large improvement in the sigmficance of the estimated coefficients
whenthe mntercept wus-dropped from the regressions. The raw moment R walues were quite
i for cross seetional data - they maged from 389 o 75 37 percent. Just over haif the
searessions involved brud Derbin-Watson wtatisties suggesting no autacorrelited errors, while
for just under haif the regressions involved the Dubin-Watson st was conchusive.
However, given that the surveys were from 2 aross-tection sutovurmelsuon 15 unfikely Fucther
analysis of thetr esidual plows showed the eaors to be rmndom. that s sutocomelated emors
zre ot lkely 1o be 2 problem in Table 2 The meonciusive resalt may wnply that the modef

yinpased o replicate the Just and Rausser {19893 study 15 misspeaafied

For type of analyses and source of etfecuveness regressions either Breusch-Pagan tests or
BR® staristics from awxiliary regressions failed 10 deteet heteroscedasne errors & a <5 or 1%
Howeser, for bariz for anayses, the coefficients for sevondary dare are not mmimon vanance,
that 15 the explanation of pubhished sécondary dute sumrces hes heteroscedusne errors. The
stgmufieance of these aqefficienss must be questioned fsee Appendix A-Table A2 for test

sesultsy

Virthin Table 3 for ideal coursewark emphass, the degrees of freedom assounuted with the
‘estumated coefficients are 62 For the différence between wdeal and actual cuursework
emphasts the degrees of freedon assoctated with the estunated coctficients are 63 The
coetficients for wdeal coursewoth anphasis are gqone sigafieant, although the estupated
voetfivents fur the ditference betwenn deal and acal emphasis are largely msigndican The
raw moment R salues ange from 43,85 10 7168 percent Lor wed coursework emphasis. bo

suntrast, for the difference between ieul and actial coursework emphusis the mw moment R

values sunge from: 754 16 -12.9 pereent. OF the founteen: repre
welve had Durbin-Watson staristics that refecied autocorelate

ineenclusive about the preseneeof autocorrelation.

For ideal coursewark emphasis and the difference between ideat and, actl )
emphasis, Breusch-Pagan tests. and NR® sttistics trom:the ,auﬂ!iaryf regresswﬁs of
squared on fitted values and residuals squared on fitted values squared, were used 16
heteroscedasucity. For ol regressions involsed in Table 3 enher dhe Breusch-Pagan or NRA
statistics did not detect heteroscedistie errors a either a3 or 1% Thé;csnznated‘caﬁfﬁcian‘ts o

for Tuble 3 appear not (o violate OLS assumptions {see Appendix A - Table AF focresubs of
1esis). !

For the initial regressions involved in Table 4, there were 20 dearees of freedom foe the-
estimated coefficients associated with the number supervised. and ihere were 15 degrees of
freedom for the coefficients associated with the fevel of influcnce. The coeificients for the
regression explaining the number supervised are nstgnificant, and for the xegression explaning
the level of influence all coefiicients.except years sinee last degree are insignificant. Because
the regressions in Table 4 contain intercepts, the spproprate measure of guodness of fit is R
The initiat vatues of R* wene 5564 percent For the explanation oF the numbér supervised, and .
57.32 percent for the explanation of the fevel of influcnce. '

The Durbin-Watson statistics led to inconclusivi test results foc autocorrelaton, although s
unfikely in cross sectional dats to find sutocorrlated enors. Breusch-Pagan tests for
heterpscedastiony at 5 percent signficance zceepted the null hypothesis: of bomoscedasie

errors for both regressians ©.

Analysis of the comelanon matrices of the ongnal OLS regressions found exuemely high

correlation coctficients betseen several regressars - thus there is multicolfinearity in the data

*pog N Surervised

PP st = 21339 chi sguare $5df «23.993%
13 E bnfliene

P stk =« 19954 chi - square- 1§ % 240988

n





