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Abstract

We elicit risk preferences of French farmers in a field experital setting under expected
utility theory and cumulative prospect theory. We use twifedént estimation methods,
namely the interval approach and the estimation of a randafeqgnce model. On average,
farmers are risk averse and loss averse. They also exhibitvarse S-shaped probability
weighting function, meaning that they tend to overweighabiprobabilities and underweight
high probabilities. We infer from our results that CPT exmafarmers’ behaviour better
than EUT in the context of our experiment. We also investigatw preferences correlate
with individual socio-demographic characteristics. Wedfthat education and agricultural
innovation are negatively linked with risk aversion. Owulks also show that age, education,
household size and the level of secured income tend to lawerdrs’ loss aversion. Finally,
older farmers and farmers with large farms distort proli@dsl less than the others. These
findings contribute to the literature which compares exgubcttility with competing decision
theories. They also give important insights into farmemshdwiour towards risk, which is
critical for relevant public policy design.
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1 Introduction

Risk and uncertainty play a significant role in almost evenpaertant economic decision. Since
people differ in the way they take decisions involving riskdauncertainty, and since these
differences are often described as differences in riskudi understanding individual risk
preferences is a prerequisite to understand economic loemav

Numerous theories have been proposed to describe decisikimgnunder uncertainty, but
expected utility theory (EUT) has dominated empirical egsk since its formulation by von
Neumann and Morgenstern (1947). Indeed, most of the atsetopropose better representations
of risky choices have not made it into mainstream economitisough, prospect theory (PT)
(Kahneman and Tversky 1979) is a notable exception. Sugpgpdiy the growing evidence
for probability weighting and loss aversion, today PT seslg challenges the standard EUT
(Camerer 1998, Starmer 2000).

Moving forward the debate between EUT and competing theaialecision under risk has
been one important objective of experimental studies ferdlist two decades. The seminal works
by Harless and Camerer (1994) and Hey and Orme (1994) atttae use of econometric methods
to estimate decision models from observed behaviour anel\gay to formal methods to compare
theories.

In this paper, we propose to test EUT against PT after estigngreferences with formal
econometric methods.

Whereas most of the literature on risk preference elictatelies on lab experiments, we
implement a field experiment using a systematic sample ohdfrdarmers. Harrison and
List (2004) stressed the complementarity of both approatbeyive sharper and more relevant
inference on field behaviour. Experimental elicitationarifers’ risk preferences in the context of
developed countries are rare (Pennings and Smidts 2008aRéyand Couture 2010) , and, to our
knowledge, real money incentives have never been usedsicohitext. Eliciting risk preferences
on such a population is worth being undertaken from a pulolicy perspective. While agriculture
is typically a risky activity, subject to uncertain climaséad market environments, there is no
consensus in the agricultural economic literature on thel kef farmers’ risk aversion. Thus, more
investigations are needed to design adequate policy msints.

The remainder of the paper is organized as follows. In Se@jave survey studies that have
formally tested decision weighting models against expgkatdity on a sample of farmers. Then,
we describe our experimental protocol. The proceduresestimation of preference parameters
under EUT and PT are exposed in Secfibn 4. The results arerieskin Sectiohl5.

2 Reevant Literature

The study of rational behaviour under uncertainty has besmigated by EUT (von Neumann
and Morgenstern 1947) since 1947. Although empirical datekly demonstrated the existence
of systematic violations , its rigorous axiomatic base,ioity of using, and normative appeal
made EUT keep the primacy over alternative propositionsndudecades. Today, decision
weighting theories constitute the main alternative to EUfiey have in common preferences
over prospects that are non linear in probabilities, predidhat subjects convert objective
probabilities of individual outcomes into weights befotey make choices. These weights
involve some probability weighting function which is ingerS-shaped, meaning that individuals
underweight high and overweight low probabilities. Amohg tecision weighting models, the



best known can be classified as sign-dependent - e.g., éparaspect theory (SPT) (Kahneman
and Tversky 1979) - or rank-dependent- e.g., rank-depérelgected utility theory (RDEUT)
(Quiggin 1982). The cumulative prospect theory (CPT) ($kgrand Kahneman 1992) joins the
most interesting features of SPT and RDEUT, namely outcoaheation relative to reference
points and cumulative decision weights.

Field experiments with farmers leading to comparisons betwdecision theories are scarce.
In most of them, model selection is not the core question.ristar, Humphrey, and Verschoor
(2010) and Galarza (2009) are noteworthy exceptions, thieoess estimating mixture models
with maximum likelihood methods among farmers in develgpiountries. Instead of estimating
the parameters of each model assuming only one describewibeh in mixture models the
coexistence of several theories is explicitly recognizédl preference parameters are jointly
estimated, in addition to mixing probabilities which quénthe prevalence of each theory in
the sample. Harrison, Humphrey, and Verschoor (2010) findngiproportions for a EUT-SPT
mixture model close to 0.5. Galarza (2009) estimate that 8Dfhe cotton producers from their
sample exhibit EUT while 70% follow RDEUT.

A few other studies propose an elicitation of CPT paramdtersural people. Nguyen (2009)
and Tanaka, Camerer, and Nguyen (2010) use the same exptimhesign with rural Viethamese
households (46% are farmers), as well as Liu (2010) but witin€se cotton farmers. This design
includes mixed lotteries, and this is the one we adapt inghjger. Whereas Tanaka, Camerer,
and Nguyen (2010) and Liu (2010) infer intervals for parametdirectly from responses, Nguyen
(2009) estimates by maximum likelihood a random preferenodel. They all find that CPT
describes their data better than EUT.

In the context of developed countries, we are not aware oeapgrimental paper estimating
the parameters of some decision weighting model on a sarhfdenoers.

3 Experimental protocol

3.1 Experimental design and procedure

Our experimental design is adapted from Tanaka, CamerdrNgayen (2010) who elicit CPT
parameters of Vietnamese rural households and correlate With economic circumstances and
individual characteristics. There are three series oftipreswhich are variants of Holt and Laury’s
(2002) multiple price lists Subjects are presented with a succession of pairs of blo#gyries,
each pair being composed okafelottery (option A) and aisky lottery (option B), and they are
asked to pick one at each row. In the first two series, payoffab positive whereas, in the third
and last series, lotteries mix positive and negative ougsrio enforce monotonicity, subjects are
asked to pick the row at which they prefer lottery B rathentlwdtery A.

The lotteries each subject is presented with are display@&edble_1.

The experiment was led after face-to-face interviews froebrBary to June 2010. The
experiment was the last part of a 2-hour survey aiming at istaeding the relation between the
adoption of agricultural innovation, production praci@nd risk management. We also collected
farmers’ socio-demographic characteristics. The expanimwhich lasted around half an hour,
was divided into three different tasks: a risk task, an amibygask, and a time task. In this paper,
we only analyse the results from the risk task. A comprelvensitroduction of the methods
and goals, as well as examples, were given to respondemistprihe tests to ensure a good
comprehension. Subjects were provided with an initial @rdent of 15 euros. After the subject



had completed all three tasks, one row was randomly selactthe lottery chosen by the subject
played for real money. As we were not able to pay the full psyptnging from -600 to 6,000
euros), the respondents were offered only 2% of these pgyofihe average earning from the
three tasks was 19 euros.

3.2 Sampling

We organised aartefactual field experimeﬂ; replacing the usual university student population
by a farmer population. We constructed a systematic sanfdi@mers from 62 rural cities of
eastern France. The region of Bourgogne is diversified mgef agricultural production: cereal
crops, livestock, as well as market vegetables and wine.anvgamly selected 232 farmers from
those cities, and contacted them by mail first, and by phoesvalays after. Finally, 111 farmers
accepted to be surveyed within the alloted time. Among thé8had enough time to do the
experiment at the end of the survey. In Table 2 are displagetesdescriptive statistics of our
sample.

4 Estimation methods

4.1 Interval approach

There are several ways of estimating preferences from ewpetal data. The simplest one
consists in calculating bounds for the parameters from theeiwed choices.  Typically, the
interval method is not adapted for sophisticated preferdanctionals, because some statements
have to be made about one parameter to calculate the otlznetr. However, Tanaka, Camerer,
and Nguyen (2010) experimental design partly avoids thablem for a three-parameter CPT
model.

Like Tversky and Kahneman (1992), a power utility functiefided separately over gains and
losses is assumed:

y7 if y>0
Uly) =4 0 if y=0 (1)
—A-(=y)7 if y>0 (A>0)

whereo is the parameter controlling the curvature of the utiIithtionE and ) is the coefficient
of loss aversion of the decision maker. Usually< 1 and\ > 1, which stands respectively for
risk aversion and a higher sensitivity to loss than to gain.

Following Tversky and Kahneman (1992), decision weight8ndd over the cumulative
probability distributions are introduced. The value of gnespecty,, p; y», 1 — p) writes:

u(yz) +w@)uly) —u(y2)] if y1>y>0 or y1 <y <0 2)

VoL piem 1 =p) = { uy)w(p) +uly)w(d —=p) if <0<y or y=y

! This procedure was used by other authors dealing with laey®ffs in developed countries (Abdellaoui,
Bleichrodt, and L'Haridon 2008) or developing countriesa(&@za 2009).

2According to the Harrison and List (2004) terminology

3In the original specification of CPT by Tversky and Kahnent@9@), two distinct parameters represent the utility
function curvature, one for the gain domain and the othethfefoss domain. However, in most empirical applications
they are merged.



wherew is a probability weighting function. It is strictly increag from the unit interval into itself
and satisfies)(0) = 0 andw(1) = 14.

The form of the weighting function has been widely discusisethe literature. Following
Tanaka, Camerer, and Nguyen (2010), Prelec (1998) spédifida preferred:

w(p) = exp —[—Inp]” (y>0) 3)

where~ is the probability sensitivity. The normal assumption, kext by a substantial amount
of empirical evidence is that < 1. This gives the weighting function an “inverse S-shape”,
characterized by overweighting small probabilities andarweighting high probabilities. # > 1

the function takes the less conventional “S-shape”, withvegity for smaller probabilities and
concauvity for larger probabilities. This CPT model redutmesxpected utility ifA = 1 and~y = 1.

4.2 Structural estimation

A more flexible way of eliciting preference parameters isdirect estimation of some structural
decision model, as exposed by Harless and Camerer (199dartioular, this approach is suitable
for specifications with several preference parameters) dsaision weighting models. Applied to
data from Tanaka, Camerer, and Nguyen (2010) experimeatadu, it enables us to estimate
jointly all three parameters of CPT. Moreover, in structegstimation, subjects can be easily
allowed to make some errors.

We follow such a strategy to identify several random prefeeemodels under EUT and CPT.

In the experiment, we have asked the participants to choetseekn lotteries A and B. We
compute now the likelihood function derived from individehoices associated to the EUT model
and the CPT model.

Let us first assume that the utility of income is defineddgy) = y" which corresponds to the
usual constant relative risk aversion (CRRA) specification

Assuming that the subjects choose the lottery Af/T +¢ > 0 whereA*VT = FU, — EUp
ande is a normally distributed error term with mean zero and varéa? , then the likelihood of
the observed responses, conditional on the EUT and CRRAfisp#ions being true, writes:

In LT (36, X) = 1PV =% [(mq)(AEUT) x (0, = A)) + (1n(1 ~ B(APUT)) x 1(6, = B))

where: indexes the different lotteries in task®(.) denotes the cumulative normal distribution
function, 1 is the indicator functiony; = A[B] denotes the choice of the lottery A [B] aid is a
vector of observable characteristics of the individuale filximum-likelihood estimation for the
CRRAT is thereforer = arg maxIn LEUT (r; §, X).

Since the CRRA might appear very restrictive, one may cansather functional forms of
utility which allow, for instance, for varying degrees ofatve risk aversion (RRA). Here we
consider, the Expo-Power (EP) utility function proposedapa (1993):

u(y) = [1 —exp (=py")]/B (5)

where 5 and o are two parameters controlling the shape of the absolutetladelative risk
aversion functions. The EP utility function collapses with CRRA specification whesh — 0 and

4Tversky and Kahneman’s (1992) CPT allows different prolitghweighting functions, one for the gain domain
and the other for the loss domain. However, in most empigpalications they are the same.
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with a CARA utility if » — 1. An alternative paradigm for subject behavior could be clative
prospect theory (CPT). We use the same specification as tiro8Ec].

The implementation of the maximum likelihood for the threedals of behaviour has been
done in STATA. We take into account the possibility of coat&n between responses by the same
subject. The standard errors on estimates are correctéuefpossibility that the 33 responses are
clustered for the same subject. The STATA program uses tA&/ASmaximum likelihood routines
on our structural choice models (EUT and CPT).

5 Results

5.1 Risk Task Results

The distribution of switching points over respondents isvah in Table[8. Extreme switches,
namely at the first row or never, represent more than halfefésponses in Series 1 and Series 2,
and one third of the responses in Series 3. In Series 2 anesSefnever switch” responses are
twice as much numerous than “switch at the first row” respen3$éus, these particular response
patterns are expected to affect the estimation of parame®erch responses could partly proceed
from a a low commitment to the experiment, a bad comprehardinstructions, or a cognitive
burden that some individuals are not able to handle, andicis deserve some extra consideration.
We build two sub-sampleS; andS,. In S; individuals who chose either “switch at the first row”
or “never switch” for all three series (11 individuals) arekeidedd, and inS; the ones who chose
“switch at the first row” or “never switch” in each of the threeries (11 individuals). Thus; is
included intoS;.

5.2 Estimation of risk preferenceswith theinterval method

In this section we discuss, A and~ estimations provided by the interval method described in
Sectior 4.1l. Tablel4 reports the results for the full sampfarmers, and the two sub-samples.

In the full sample, the mean valuesofand) are 0.54 and 2.78, which means that, on average,
respondents are risk averse and loss averse. Regardirapgitytsensitivity, we find an average
of 0.67, indicating that respondents overweight low praliads according to an inverse S-shaped
weighting function. These estimates are in line with thoslewdated by Tanaka, Camerer, and
Nguyen (2010) and Liu (2010) for rural people from develgpaountries with the same kind
of experimental desigﬁ The \ parameter is the only one to be impacted by extreme response
patterns. It is estimated to be 2.60 for sub-sansfpland 2.32 for sub-sample .

As previously informed, the CRRA expected utility model ested into our PT model. The
mean values of and~ are significantly different from 1 at the 1% level by t-tesganing that,
overall, CPT describes our data better than EUT.

In order to identify the determinants of the risk preferepaemeters, we lead OLS regressions
against socio-demographic variables. Results are dieglayTablé 5. We find that more educated
subjects tend to be less loss averse. Income security alsrddoss aversion significantly.

SLiu (2010) find that 7.6% of individuals in her sample of famsiéollow this kind of response patterns. In our
case, it is 10.3%.

6Tanaka, Camerer, and Nguyen (2010) and Liu (2010) repgremively mean values of about 0.60 and 0.52 for
utility curvature and 2.63 and 3.47 for loss aversion. Theg 6.74 and 0.69 for probability sensitivity.



5.3 Estimation of a structural model of risk preferences

In Tablel6, we report the estimations of risk preferencegfewarious decision models considered
(EUT with CRRA utility function, EUT with EP utility functio, CPT with power utility function).
We report in parts A, C and E of this Table the direct estinmabbthe parameter of interest. In
part B, D and F we introduce individual covariates.

Part A reports the maximum likelihood estimates obtaineti Wie EUT-CRRA specification.
The coefficientr is estimated to be 0.27, with a 95% confidence interval betv@e24 and 0.30.
This indicates very risk averse behaviors. Introducingaciates (part B) results in a very similar
point estimate of-, the average distribution of being still 0.27. Highly educated farmers and
those who have adopted innovations appear to be less riskeave

Relaxing the CRRA assumption, we consider now the EP ufilibction in part C and D of
Table[®. In part C, botlr and 3 are significant at 1%. Sincé is strictly positive and sincé
belongs tg0, 1], risk preferences appear to be characterized by DARA (dsirg absolute risk
aversion) and IRRA (increasing relative risk aversion)nblof the covariates we have considered
appears to be significant to explain the variability-@&nd 3 across individuals.

Part E and F of Table 6 report maximum likelihood estimatebefCPT specification without
and with covariates. All the three parameters of the homogeCPT model are significant at
1%. The estimated loss aversion parametés 2.49 and is significantly different from 1 at the
1% significance level. Our estimate of the loss aversionghliziconsistent with the value (2.25)
reported by Tversky and Kahneman (1992). The estimatedapilily sensitivity parametety
is equal to 0.78 and is significantly different from 1 as wellhis provides some evidence of
probability weighting in the expected direction: the weigh function has an ‘inverse S-shape”
characterized by overweighting of small probabilities anderweighting of high probabilities.

As in the EU-CRRA specification, in the CPT specification hygtducated farmers and those
who have adopted innovations appear to be less risk aversthe@ontrary, the older the farmer is
then the higher will be the risk aversion. Age, educatioelend household size decrease farmers’
loss aversion. Finally, older farmers or farmers with adgia@rm size have more linear probability
weighting functions. On the contrary, farmers with a higleleof secured income are more likely
to overweight small probabilities and to underweight higblgabilities.

6 Conclusion

In this paper, we have contributed to the literature on riskdviour by eliciting preferences
under EUT and CPT on a sample of non-standard subjects. @plsas made of 107 French
farmers who have made choices between gain-lotteries axetifotteries. We used real monetary
incentives. Two different estimation methods, namely therval approach and the estimation of a
random preference model lead to close results. The latsethieeadvantage of allowing individuals
to make some errors when making choices. On average, faarersk averse and loss averse.
They also exhibit an inverse S-shape probability functimeaning that they tend to overweight
small probabilities and underweight high probabilitiese Wfer from our results that CPT explains
farmers’ behaviour better than EUT in the context of our expent. The values elicited for
risk aversion, loss aversion and probability sensitivity elose to those in Tanaka, Camerer, and
Nguyen (2010) and Liu (2010) which us the same experimersbd in developing countries.
We also investigated how preferences correlate with idd& socio-demographic
characteristics. We find that education and agricultunabuation are negatively linked with risk
aversion. Our results also show that age, education, holgssize and the level of secured income
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tend to lower farmers’ loss aversion. Finally, older farmer farmers with large farms do not
distort probabilities as much as the others.

Further research would consist in estimating a mixture mamksuming explicitly that the
observed behaviour can proceed from different theorefiaadeworks, according to choices and
subjects.
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Table 1: Experimental design, adapted from Tanaka et al.QR0

Option A Option B Expected payoff difference (A-B)
Seriesl
Row  Prob30% Prob70% Prob10% Prob 90%
1 400 100 680 50 77
2 400 100 750 50 70
3 400 100 830 50 60
4 400 100 930 50 52
5 400 100 1060 50 39
6 400 100 1250 50 20
7 400 100 1500 50 -5
8 400 100 1850 50 -40
9 400 100 2200 50 -75
10 400 100 3000 50 -155
11 400 100 4000 50 -255
12 400 100 6000 50 -455
Series?2
Row Prob 90% Prob10% Prob70% Prob 30%
1 400 300 540 50 -3
2 400 300 560 50 -17
3 400 300 580 50 -31
4 400 300 600 50 -45
5 400 300 620 50 -59
6 400 300 650 50 -80
7 400 300 680 50 -101
8 400 300 720 50 -129
9 400 300 770 50 -164
10 400 300 830 50 -206
11 400 300 900 50 -255
12 400 300 1000 50 -325
13 400 300 1100 50 -395
14 400 300 1300 50 -535
Series3
Row  Prob50% Prob50% Prob50% Prob50%
1 250 -40 300 -210 60
2 40 -40 300 -210 -45
3 10 -40 300 -210 -60
4 10 -40 300 -160 -85
5 10 -80 300 -160 -105
6 10 -80 300 -140 -115
7 10 -80 300 -110 -130
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Table 2: Sample descriptive statistics.

Mean Standard Deviation
Total number of individuals 107
Age 45.8 9.34
Adopt 0.55 0.50
Educ+ 0.34 0.47
HHsize 2.97 1.40
Fsize 194 103
Securelnc 0.27 0.24

Age: age of the subject (years)

Adopt: dummy if the subject grows miscanthus, an innovatiag that appeared in the region around 2005
Educ+: dummy if education level beyond secondary school

HHsize: household size (number of individuals)

FSize: farm size (ha)

Securelnc: proportion of the household income coming fotlzer professional activity than farming (%)

Table 3: Distribution of switching points.
Proportion of respondents
Switching point  Series1 Series2 Series 3

1 15 26 10
2 3 2 7
3 1 1 14
4 0 0 13
5 3 3 24
6 7 2 5
7 14 3 4
8 2 8 22
9 5 5
10 8 4
11 2 3
12 2 7
13 0
14 5
never 38 33 22
Total 100 100 100
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Table 4: Parameter estimates with the interval method.
Parameter Mean Standard Deviation

Full sample (107 individuals)

o 0.54 0.41

A 2.78 2.35

~ 0.67 0.33
SampleS; (96 individuals)

o 0.55 0.37

A 2.60 2.29

~ 0.68 0.35
SampleS; (85 individuals)

o 0.55 0.37

A 2.32 1.84

~ 0.67 0.32

Table 5: OLS regressions of risk parameters on socio-despbgy characteristics.

Variable Utility curvature §) Loss aversionX) Probability sensitivity {)
Coef. Std. Err. Coef. Std. Err. Coef. Std. Err.
Age -0.001 0.005 -0.028 0.027 0.001 0.004
Adopt 0.044 0.088 0.012 0.480 0.111 0.071
Educ+ 0.083 0.097 -1.106**  0.532 0.048 0.079
HHsize -0.034 0.030 -0.244 0.164 -0.014 0.024
Fsize 0.000 0.000 0.001 0.002 -0.000 0.000
Securelnc 0.192 0.176 -1.930**  0.963 -0.138 0.143
Constant 0.544**  0.276 5.430*** 1509  0.701*** 0.223
Number of observations 107 107 107
R? 0.05 0.14 0.04

*xx % * for significant at 1,5,10% respectively.

12



Table 6: Maximum likelihood estimates of preferences usengpus structural models.
Parameter Variable Coef  Std. Err. z P>|z| %960nf. Interval

A/ EUT CRRA utility and homogenous preferences (Log pseikdbhood = -2404.0794)

Constant  0.266 0.015 18.23 0.000 0.237 0.294
B/ EUT CRRA utility and heterogenous preferences (Log psékelihood = -2366.5955)
r Age 0.001 0.002 0.33 0.745 -0.003 0.004
Adopt 0.052 0.030 1.76 0.078 -0.006 0.110
Educ+ 0.053 0.029 1.81 0.071 -0.004 0.110
HHsize 0.012 0.010 1.13 0.257 -0.009 0.032
Fsize 0.000 0.000 -1.23 0.220 -0.001 0.000
Securelnc  0.003 0.060 0.05 0.963 -0.116 0.121
Constant  0.201 0.084 24 0.017 0.037 0.366
C/ EUT Exo-Power utility and homogenous preferences (Laygslikelihood = -2310.8171)
T Constant  0.357 0.015 23.34 0.000 0.327 0.387
Jé] Constant  0.091 0.011 8.32 0.000 0.070 0.113
D/ EUT Exo-Power utility and heterogenous preferences (hsepdolikelihood = -2245.661)
r Age 0.000 0.003 -0.13 0.895 -0.006 0.005
Adopt -0.007  0.033 -0.21 0.837 -0.072 0.058
Educ+ -0.024  0.042 -0.57 0.572 -0.105 0.058
HHsize 0.011 0.011 0.97 0.333 -0.011 0.033
Fsize 0.000 0.000 -1.36 0.174 -0.001 0.000
Securelnc  -0.096  0.066 -1.46 0.146 -0.226 0.033
Constant  0.442 0.147 3.02 0.003 0.155 0.729
Jé] Age -0.002 0.002 -1.01 0.311 -0.005 0.002
Adopt -0.027  0.021 -1.3 0.193 -0.067 0.014
Educ+ -0.055 0.037 -1.49 0.136 -0.127 0.017
HHsize -0.010  0.008 -1.26  0.206 -0.026 0.006
Fsize 0.000 0.000 1.17 0.243 0.000 0.001
Securelnc  -0.002  0.053 -0.03 0.973 -0.106 0.103
Constant  0.197 0.088 223 0.026 0.024 0.369
E/ CPT and homogenous preferences (Log pseudolikeliho@246-.4701)
o Constant  0.344 0.006 57.03 0.000 0.333 0.356
A Constant  2.488 0.096 25.87 0.000 2.300 2.677
v Constant  0.779 0.017 46.26 0.000 0.746 0.812
F/ CPT and heterogeneous preferences (Log pseudolikeline®159.3605 )
o Age -0.002  0.001 -2.2 0.028 -0.003 0.000
Adopt 0.046 0.014 3.34 0.001 0.019 0.073
Educ+ 0.043 0.014 3.06 0.002 0.016 0.071
HHsize 0.003 0.005 0.64 0.520 -0.006 0.012
Fsize 0.000 0.000 -1.51 0.132 0.000 0.000
Securelnc  0.037 0.028 1.330 0.183 -0.018 0.092
Constant  0.393 0.041 9.6 0.000 0.313 0.474
A Age -0.025 0.012 -2.13 0.033 -0.049 -0.002
Adopt 0.143 0.209 0.68 0.494 -0.267 0.552
Educ+ -0.808  0.226 -3.57 0.000 -1.251 -0.365
HHsize -0.124  0.067 -1.86 0.062 -0.255 0.006
Fsize -0.001  0.001 -1.35 0.177 -0.003 0.001
Securelnc -1.753  0.431  -4.070 0 -2.599 -0.908
Constant  5.040 0.667 7.56 0.000 3.733 6.347
~ Age 0.004 0.002 1.77 0.077 0.000 0.007
Adopt 0.042 0.037 1.14 0.255 -0.030 0.114
Educ+ 0.012 0.037 0.32 0.753 -0.060 0.083
HHsize  -0.016 0.012 13.1.33 0.184 -0.038 0.007
Fsize 0.000 0.000 -1.99 0.047 -0.001 0.000
Securelnc -0.232 0.073 -3.180 0.001 -0.376 -0.089

Constant  0.772 0.106 7.28 0.000 0.565 0.980
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