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Estimation of a Discrete Choice M odel When Individual Choices Are Not

Observable

Abstract

This paper presents an econometric technique for circumgethiee lack of individual
choice data in a framework of binary choice model byziilj aggregate choice data.
The probability of observing a certain number of individuaaking choice A out of the
total number of individuals in a group is presented as aocsynmobabilities of disjoint
events, in which some individuals are picked to make chji@nd others are not. These
probabilities are then used to form a likelihood functiime model, which is estimated
using the method of maximum likelihood, performs favorablgn application to real

discrete choice data.



Estimation of a Discrete Choice M odel When Individual Choices Are Not
Observable

1. Introduction

In many areas of economics, interest centers oadtimation of discrete choice
models and related issues. However, the individual cluzitee may be costly to collect.
Also, the information on the choices made by individuady fme not available due to
confidentiality reasons. This is a common situatiomany areas of economics. In
agricultural economics, it often happens in modeling lase decisions (e.g., Miller and
Plantinga, 1999, Plantinga and Wu, 2003). This paper proposest@mnaetric technique
for circumventing the lack of individual choice data iftaanework of a discrete choice
model by utilizing aggregated choice data.

The motivation for the study comes from the problemmoéleling tillage choices
made by Midwestern farmers. Understanding farmers’ dewsio adoption of
conservation practices is important for predicting tifecgéiveness of agricultural and
environmental policies such as the conservation compohém recently passed 2002
Farm Bill. To model the policies on a large scales desirable to use spatially detailed
data representing large regions. One such data setN&tiomal Resource Inventory
(NRI) (Nusser and Goebel, 1997), which contains informationropping history,
conservation practices, and soil characteristicsdores800,000 physical points in the
U.S. The 1992 NRI data have been successfully used to ectrivatheestimate a model
of farmers’ choices between conventional and conservétiage in lowa and to
calculate the necessary adoption subsidy to induce fatmewitch to conservation

tillage practices (Kurkalova et al., 2003). A similar moztaild become a basis for



updating the analysis of the conservation tillage adaptecisions as newer data
becomes available. However, estimation of a sinmladel using the newest 1997 NRI is
not possible because individual tillage choices ateeqmorted in the 1997 NRI.

In the present paper, we derive an econometric methadhwallows for the
discrete choice model to be estimated when the inftowman the attributes of the
choices and decision-makers is available at the iddalilevel, but the information on
the choices made by the individuals is aggregated across grompsviduals. We derive
the likelihood of the model and estimate the model uiagnethod of maximum
likelihood. We illustrate the proposed model by applyirtg #stimation of the
determinants of the choice of conservation tillage.

The remainder of the paper is organized as follows: Témnskesection presents
and motivates the basic model used in the paper. The #uitidrs discusses the results of
estimation of the model and compares them to thosenaliie when the individual
choice information is available to the researchehg forth section concludes and

comments on possible extensions.

2.Modd
We consider a set of N observations correspondingrypchoices made by N

different individuals. The choice is described by thealdeY, , which takes on the value

of 1 or 0 depending of which of the two alternatives alséeles chosen, i.e.

(i=1..N)

_ |1 if alternative Ais chosen,
"7 10 if alternative Bischosen,

We also assume that an economic model postulatethéhahoice is a function of K

covariates, representing the attributes of the decrsmher and/or the choices



themselves. The covariates are given by the ve&ctofx,....X ), i =1,...,N . In the

standard econometrics setting, the exact relationshipekety, and x;is assumed

known to the individuals making the choice, but unobd#evio the researcher. As a
consequence, the probability of choosing the alternatiirem the researcher’s

perspective is specified as

PriY =1=Pr[g <h(B.x)].
where & represents researcher’s error arising from measmeetrors, specification
errors due to functional form choice, and the efé¢é¢he omitted variablesh(.) isa
specified function of its parameters, and vegtoepresents the parameters of interest.
Alternative choices on the distribution gflead to alternative models of discrete choice,
e.g., logit and probit. In this model, we assumi® be logistically distributed and

independent across i's, and a linear functionahféor h(.), i.e. h(B,x;) =p'x;and

exp(p ;)

Pr[\(izl]zm.

(1)

As it will be seen later, neither of these two agstions is crucial for the proposed
technique. In the discussion that follows, we alvagsume that the data on the
covariatesx, are available for all =1,...,N , and consider alternative assumptions on the
availability of the datay, on the choicey, i =1,...,N . When the datg on the choice¥g

are observed for all i's, the likelihood functidinr(the i'th observation) for the model (1)

can be written as

L(Bly ’X‘):[:);z(g(pxszi)y [ I+ extﬁﬂ xi)JHi ’ ©)




and the model (2) can be easily estimated usingigtbod of maximum likelihood.
Our study pertains tthe situation when less information is available to

researchers: specifically, we assume thét are still observed for all i’s, but the

observations on th¥ are not observed at the individual level. RatHee,averages of

theY,’s over certain groups of individuals are observiuht is, the observatio§s' are

1

available on the random variabfe” =5 > Y, , whereG; 's are mutually exclusive
]
i0G;

non-empty subsets (§1N} such thatUGj :{1,...,N} , and N® is the number of
i

observations in groufs; , j=1,..., J.

If the model we were considering were linear inpaeameters of interet this
structure of the data would not create a serioablpm for recovering the parameters.
Indeed, if a linear counterpart of model (1) isegi\by

Y =X+, (1-in)
where s are i.i.d. error terms, then one can estimate énarpeters by fitting the model

with aggregate data, i.e. by fitting the model

Vo :ﬂ.iej +,7Gj ’
where X" = Nle,. > x and77® = Nle,. >
i,

i0G;
The nonlinear counterpart of the aggregated datiehwnsidered in the

literature (e.g., Wu and Plantinga) is given by

ex( YG")
o eple

1+ exp(a %°

+E 3)
)



where §; are i.i.d. error terms. While this model is usé@ulexplaining and predicting

grouped choices, it is not immediately useful for explamiand predictingndividual
choices. This is so due tie nonlinearity of postulated relationship: thegpaetersa in

(3) cannot be interpreted as paramefers (1). In contrast, we propose and implement a
new conceptual model that allows recovery of theupetersp explaining the choices by
individuals corresponding to model (1).

We begin by noting that the probability théf’ is equal toy® can be interpreted

—Gj

as the probability thaNA® = y N® individuals in groupG; choose the alternative A.
J

Then this probability can be represented as theddutre probabilities of disjoint events,

in each of which exactiNA® of N® individuals choose alternative A. Most importantly,
the setup of the model (1) can be preserved, asgtbbability can be expressed in

terms of the original parametesand datax; 's.
To illustrate, consider the case Nf' =3, ¥* =1/3, and thuNA® =1. Then

P Y® =1/3]
=Pr| lout of 3individualsin group G; choose A |
= Pr[1st chooses A, 2hd choses B, and 3id chooses B |
+Pr| 1st chooses B, nhd choses A, and 3id chooses B |
+Pr| 1st chooses B, hd choses B, and 3id chooses A |
_ exp(B x,) 1 1
1+exp(B X,) T exfp X,) 1+exp(p ;)
N 1 exp(B X,) 1
1+exp(B X,) T exfp X,) * ex(B x.)
L1 1 exp(p %)
1+exp(p X,) T+ exfp X,) * ex(B x;)




As can be easily seen, the resulting probabiligxisressed in terms of the individual

choice model parametdls individual choice covariates data and grouped choice
datay”
For generic values g and N® , the corresponding probability is

Pr[\?e" =y°® }:

y 'N® out of N | _ 3 N exp(B ) ’ 1 3
mdmdualschoseA g 3 D l+exp(p X)) | I+ exgp %))
g=y*IN®

where the).’s take on the values of 0 or 1 and play the réie unobserved
information on the individual choicgs. The last expression provides the basis for

forming the likelihood function (for the j-th growgd observations) corresponding to

model (1) with the modified data availability strue:

g v exp(px) ' ! h
L(BIY® .N® X (iDG))) = . 2 ”[1+exp(|3x J [1+ exiip Xi)J @
25 —CiNC

Next section presents estimation of the resultiogiehusing the method of maximum

likelihood.

3. Examples of estimation on smulated data
In order to test the method performance we contuzisimulation exercises.
3.1. Example 1: simulated data
To construct the data for simulation exerciset tine “independent variables” are drawn

from a series of uniform distributions. Secondy@idtically distributed random errors



& '’'s are drawn. Finally, the binary response variabimulated for a simple linear

model of the following form:y, = 5%, +¢&,. Then

Prly, =1] = Pr[e < %] =L(‘8X‘). Having picked (arbitrary) values for the
1+exp(B%)

parameter vectof, we compute the above probability and assyga value of 1 if the

resulting probability is greater than 0.5 and aigadf zero otherwise. The choice of the

parameter vector values, although arbitrary inqipike, in this case was made so that the
average probability of), being 1 was roughly 30 percent. This was doneséping in

mind the intended application of the proposed nthimat is, to estimate a model of
conservation tillage adoption, and the average @mlopate in real data is quite close to
30 percent. The simulated data set was then usestitbate two econometric models.
The first model is a standard logit model that estsmated using the correct model
specification. The second model estimated wasdbeegated data model. The
observations were grouped and we pretend that wetknow the response variable
value for each observation but instead know thelbrarmof observations in a group and

the number of observations for which the respoms@ble y, is equal to 1 (e.g., 3 out of

5 observations). The standard logit model was asealbenchmark for judging the
estimates obtained using the aggregated data mefhbék 1 presents the results of this
simulation exercise.

This result demonstrates that even when the indalicesponse variables are not
directly available, parameter estimates of a disathoice model can still be recovered
provided that the aggregated data is based orcthalandividual-level data and that the

number of observations is sufficiently large.



3.2: Example two: grouped real data

To illustrate the proposed technique in a real-disdtting we apply it to the 1992
NRI data set used by Kurkalova et al. (2003). Wgrbey briefly introducing the
economic model of conservation tillage adoption.

The original model of Kurkalova et al.(2001) assartieat a farmer will adopt

conservation tillage if the expected annual netrreto using conservation tillagez)
exceeds the expected net return from using coroveadttillage ¢z,) plus the premiums

associated with uncertainty P. A farmer typicalymhnds a premium for adopting
conservation tillage due either to risk aversiotooreal options. The model of Kurkalova
et al. (2003) both (a) explicitly incorporates aoption premium to reflect risk aversion
and real options, and (b) allows recovery of tltBvillual parameter values, overcoming
the usual difficulty associated with standard diserchoice models, i.e., that only the
ratios of the coefficients to the standard deviatian be recovered. Assuming an
additive error and that the expected net retuims tonventional tillage is known to the

farmer, they write the probability of adoption as

Pr{adopt] = P 7 = 77, + P + 0¢]
=Prly'x2 7, + P+ 0¢]

:Pr|:£S’Y_'X_E_E}
o o o

whereP represents the premium as a function of its exgitany variables and the bar on
7T, denotes that this variable is known.

In this formulation, recovery of the standard dagia multiplier o is
straightforward as it will simply be the inversetbé coefficient estimated org,. Thus,

by adding information to the model in the form loé texpected net profits from

10



conventional tillage, it is possible to estimate sandard error, in turn allowing recovery
of the specific parameter values fpr

Assuming a linear form for the net returns to covesgon tillage, linearly
multiplicative form for the premium, and logisticsttibution for the standard
econometric stochastic component, Kurkalova €2803) estimate the model using the

method of maximum likelihood. Specifically, theyieste
Pr{adopt] = P 7z, =77, +P, |, j =cn sb oth,
where

T, = Voon Uy T V1 [BLOPE + y,[PM + y ,LAWC + y ,[TMAX + y [TMIN + y [PRECIP
+), MENANT +0, [£,

and

Py = Orecip (00 + A 5 Ty,
+a,; [OFFFARM +a,; (TENANT +a,; [TAGE +a; IMALE),

and the definitions of the variables are providedable 2. Details on interpretation of
the effects of the explanatory variables are predich Kurkalova et al. (2003).

To illustrate our proposed technique, we complepedserve the described
economic model setup. However, on the economedidies we assume that less
information is available to researchers. Specifyjcale treat the data set as if individual
choices are not observable, but the grouped oeeJ arconstruct the “observable”
choice data, we grouped the original 1,339 obsemsiinto 240 groups by county and
crop information available in the data set. Theiltef estimation of this “reduced
information” model are provided in Table 3 togettdh the original results of

Kurkalova et al. (2003) for the fully observed mdual choice data.
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Estimates of all the variables in the model arey wamilar between our “reduced
information” and “full information” cases. The eéts of all variables are same in sign
and of similar magnitude. Moreover, no estimatg®rned in Kurkalova et al. (2003) that
were statistically significant lost significancertohg the new estimation procedure.
Again, the aggregated data model performs wellsituation when the data is

‘artificially’ aggregated on the basis of the adtindividual choice data.

4. Application

A potentially very useful application of the aggaégd data model is to the 1997
NRI data, as this would utilize the most recent MBRla available and make the model
estimates more valuable for policy analysis. Adwthte 1992 version, the 1997 version
of the NRI provides information on the natural n@s@ characteristics of the land (soil
properties and slope), and the crop grown (19971886 seasons). To complete the data
set, we follow the procedures of Kurkalova et 2003), and supplement the data with
constructed net returns, weather and climate dathcounty average indicators of farm
operator characteristics. However, there exisigrafieant problem in attempting to use
the 1997 NRI survey to estimate a model of consenvaillage adoption — point level
information on the adoption of conservation tillag@ot available in the 1997 NRI.

The grouped information on conservation tillageicés, the proportion of
cropland in conservation tillage, comes from thea@dssembled by the Conservation
Tillage Information Center (CTIC, 2000) as wellfeam the ARMS data
(http://www.ers.usda.gov/Briefing/ARMSJhese proportions are used to infer how

many farms that produce a specific crop in a codotgo employing conservation tillage

12



practices. The potential problem with such an apginphowever, is that the aggregated
adoption data is not directly computed from theartying individual choice
observations, but instead is constructed base@omnty-wide estimates from CTIC and
ARMS datasets. In a sense there is no guaranteeaaaythat the specified likelihood
function is going to be well-behaved. This conaanfortunately did not fail to
materialize. While we continue working on the esttiion, so far we have not been
successful in estimating the full adoption modehg<d997 NRI data with the same
degree of parameter precision. However, some redonoelels were relatively more
successful. The last two columns of Table 3 shaeitimated coefficients for the
conservation tillage adoption model when the aggesydata was constructed using the

1997 NRI survey, CTIC and ARMS conservation tillagtimates.

4. Conclusions

In this paper, we propose an econometric techrfimueecovering the parameters
describing individual choices when only groupedadaie available on the choices made.
The model, which is estimated using the method atimum likelihood, performs
encouragingly well in an application to simulateda] as well as to simulated grouped
1992 NRI data on adoption of conservation tillage.

The technique developed allows not only for estiomabf a discrete choice
model of conservation tillage adoption using thevere1997 NRI data, but can also be
used in other situations of discrete choice modelhen information on the

characteristics of the decision-makers and theratants of their choices is available at

13



the individual level, but the choice informatioraiggregated because of, for example,

confidentiality reasons.
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Table 1. Estimation of discrete choice model witimplete and grouped choice data

True Logit Aggregate Logit Aggregate
parameter estimates model estimates model
value (1000 obs) estimates (10000 estimates
(1000 obs) obs) (10000 obs)
B, -1.0 -1.1129 -0.9705 -0.9612 -0.9165
(0.147) (0.3069) (0.0366) (0.0555)
B, 3.0 4.6532 8.8613 2.3622 2.3939
(1.4498) (2.7083) (0.2994) (0.3947)
B, 2.0 2.6307 2.3968 1.9642 1.7409
(0.3005) (0.9109) (0.0452) (0.1074)
B, 3.0 2.8904 2.9484 2.8139 2.669
(0.2974) (0.8886) (0.0678) (0.1453)
B, -1.0 -1.4141 -2.5936 -0.9103 -0.7026
(0.2853) (0.9211) (0.0514) (0.0911)
B -2.0 -2.2995 -2.3694 -1.8091 -1.7655
(0.3071) (0.7264) (0.0576) (0.102)

All estimates are significant at 1% level of sigegahce.

Standard errors are in parenthesis
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Table 2. Definition of variables and summary stitss

Notation Description Units SampleSample
Mean St. Dev.
Conservation tillage (1-yes, 0-no) Number 0.63 80.4
I, Corn (1-corn, 0-soybeans or other crop) Number 0.570.50
T, Net returns to conventional tillage, cdrn $ per acre 145 23
T, Net returns to conventional tillage, $ per acre 109 14
soybean$
Ty . Net returns to conventional tillage, other $ per acre 93 43
crops™"
SLOPE Land slope Percent 4.1 3.9
PM Soil permeability Inches per 1.7 2.2
Hour
AWC Soil available water capacity Percent 18.5 2.8
TMAX Mean of daily maximum temperature Fahrenheit 78.7 1.8
during the corn growing season
TMIN Mean of daily minimum temperature durifgahrenheit 55.6 2.0
the growing season
PRECIP Mean of daily precipitation during the Inches 0.141 0.012
growing season
T precip Standard deviation of daily precipitation Inches 0.331  0.027
during the growing season
OFFFARM  Proportion of operators working off-farm kumber 0.471 0.055
the total nunber of farm operators in t/
county
TENANT Proportion of harvested cropland operatedumber 0.199 0.050
by tenants to the total county harvested
cropland
AGE County average farm operator age Years 50.2 1.8
MALE Proportion of male operators to the total Number 0.9774 0.0096

number of farm operators in the county

'1,339 observations
" 762 observations
" 475 observations
v 'wheat, or hay
102 observations
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TABLE 3. MaximumLikelihood Estimates of the Adoption Model

Variable(s) Parameter  AggregatedKurkalova Aggregated Reduced
data model (4), et.al, data model, model,
1992 NRI data model (2) 1997 NRI 1997 NRI

data data
Net returns to conservation
., Voen 44.7 41 1.2¢ 0.5¢
(6.9) (11) (4.96) (231
SLOPE v, 0.56 0.22" 0.6¢ 0.44
(0.18) (0.12) (1.07) (0.8
PM Y, 0.85° 0.63° 7.3¢ 15.3:
(0.37) (0.31) (1555  (12.32
AWC Vs 0.87 0.73 -79.91 -66.4¢
(0.32) (0.29)  (268.19  (177.22
TMAX V. 2.32 2.57 -2.01 -0.5¢
(0.48) (0.68) (3.59) (2.25,
TMIN Ve -2.42 -2.48 4.80 2.6¢
(0.54) (0.72) (5.25, (2.96,
PRECIP Ve 107* 76 -5.3z -2.9¢
(47) (69) (7.C5) (4.40,
TENANT v, 223+ 194 0.5¢ 0.61
(58) (92) (4.59, (0.65,
o, 5.69 6.0 4.5¢ 3.97*
(0.12) (1.6) (3.85) (1.93
Premium
O precip D a,., 1410 1400 -66507 _
(298) (411) (937.1) _
O oo Do s 1032° 1123 -1530.8t _
(285) (432)  (1321.36 _
O preso Doty o 1145% 770 718.6¢ _
(646) (557)  (1162.09 _
O resip Ty a,., -2.812 -2.79 -7.88™ -7.6€*
(0.071) (0.11) (3.49, (1.86]
O presip Ty . @, -3.27 -3.32 -7.66" -8.02*
(0.13) (0.19) (250, (0.91,
O resip Ty, @y o -3.52 -3.00 -11.48"  -9.93
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(0.38) (0.22) (4.90) 3.42

T oo TENANT O Ay 688* 607" 27: _
(175) (274) (4837 _

T oo TENANT O Ay 751* 682 -764 B
(167) (264) (4484 _

T oresp TENANT O, Ay o 671* 442 102¢ _
(224) (339) (5121 _

O ey OFFFARM O, Ay on -107* -103° 125 _
(33) 47 (1257 _

T oo [OFFFARM O, A -135* -131 -27€ B
(45) (59) (1203 _

O esp [OFFFARM O @, -94 -53 -20.11 _
(112) (94) (36.46 _

O e LAGE O, ., -5.2* -5.1 0.54 0.2f
(1.3) (1.8) (0.61, (23948

O ey LAGE O a5 o -3.7* -4.0 1.1€ -0.51
(1.4) (2.0) (1.01 (37349

O resip CAGE Oy, s o -8.8%* -2.9 0.4C 0.41
(5.4) (4.1) (0.87, (211979

O ey IMALE O, . -T74% -763 43.2( _
(208) (302) (69.91 _

O ey IMALE O Ty -550** -605 101.47 _
(223) (338) (89.10 _

O prep IMALE O, Ty o -350 -301 -82.2¢ _
(551) (469) (105.35

Fraction of correct _ 0.70 _ _
Log (likelihood) -1.7¢ -779.3 -1.27 -1.27

' Standard errors are reported in parenthesis; tteegamputed from analytic
second derivatives; *, **, and *** indicate staitstl significance at the 1%, 5%, and
10% levels respectively.
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