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ARSTPACT F ohe ' RS T

In this naner the method of Qunlitative “esnonuse “odels
(CPM) is annlied to investipate the determinants of ferti-
lizer usace amone Fthinwiar farmers in the Novthk-vest. The
theoretical basis of the decision is based on the corcent
of stochtastic wtility model, A survev data from rural

Etiiionia was annlied to test the model.

The annlication of linear nrobabilitv, nrobit and logit
models seem to he satisfactory in exnlairnin~ veriability in
fertilizer usare, The study showed that most ¢f the exnla-
natorv variables (farm lant size, the bhousehol”'s head
education level, number of €arm imrlerents, number of cattle,
number of nlots, number of males aped 10-14, number of
females aped 10-14, number of males ared 15-54, number of
females aced 15-54 and non-farm income) affect nositivelyv
the nrctabilitv that a fzrmer will use fertilizcrs., Proba-

bilities using minimum, mean and maximur valnes of the

explanatory variables are also generated.

¥irally, ‘ive selected non-demogranhic variables,
namelv, tho level of :ducatior of the households head,
number of €farm imnlerments, farm land size, number of cattle,
number of implements an’ non-farm income werc increased by
various rates from their mean values, while demograrhic

veriables remained fixed at eheir mean values, This helned



us to senerate various rrobatilities. The resvlt was an
ircrzase in the Farwer's arobabilitv of usine fertilizers.,
This svgeests that measurcs have to be taken so as te make

the above incentives nractical.



CHAPTER 1

CHAPTER 2

CHAPTER 3

CHAPTER 4

CHAPTER

5

CONTENTS

INTRODUCTION.... LI I I I L I I I B N B B B
1.1 GBneral L O B I N B I I A LR B I R O B L
1.2 Steps of the Study ..ceewses oaietele

BASIC T[‘EORETI{J‘AL CONCEPTS & 8 " FwoEE
2.1 Oualitative response medels .....

2.2 [stimation and hynotheses testing

2,2.1 Maximum likelihood (ML)

estimator and minimum chi-scuare
(min x2) estimator for QRM ..,...
2.2.2 I':Qr“tion TR E RS TR

2,2,3 Tests of hypotheses ....e.

2.3 Choicd 0{ mO(:ClS TR R YRR
2l fulti-response models sevees S A

2.5 Unordered indcpendent logit model

SOME APPLICATIONS OF QUALITATIVE

‘{ESPONSE .'-ODEL:: LI I B BN O I I I TR I B B )
DAT'\ a®® &8 00 A0 PR E s s BRI B O B B B Y
J’XPFLICATIOM U B B O O B I B B I L B B ™)

5.1 Utility maximization theory .....
5;2 Vﬂriﬂbl&s TR AR
5.3 Estimation methods and results ..

5.4 DiSCUSSion LI B I LI B I “- s s 8 08

FPAGE

12

12

14

16
19
20

23

32



5.5 Probability generation c.eeee P
5.6 Comparison of models ...... i
5.7 Tests of hypotheses .ceceescosses
CONCLUSIONS "N EEEEEEEEEE Y i b e B I A U B AR LR B AL

APPENDIX: A,
B.
C.

REFERENCES. ..

Table
Table
Table

of lorgit model estimates ....
of probit model estimates ...

of linear nrobability model

C‘Stimates DR I B R LR A O O B B

42

47

47

51

54
55

56

57



[ INTROIRICTIIGM of 4 4 7 2% Jsvy, oy e

11, SGereral .

it is widely Ynown that over 90 »nercent of the peonle
in Ethionia are encaged in agriculture and this sector is
the mainstay of Ethionian eccromy. PResides, over 80% of
foreign exchange earnings come from this sector. However,
apricultural nroductivity in Lthiopia is below expectation,
In develoned countries less than 10% of the nopulation are
engaged in asriculture znd nroduce not only for domestic
censumntion but also for exrort,

This is not the case “or the less develoned couptries
(LD€), Ethiornia is a case in veoint, The country is defi-
cient ir food nroduction; droupht and farmine seem to be the
order of the day. Coonizant of this fact there is an attemnt
to increase aericultural »roductivity throueh various forms
of assistance such as the »revision of better quality seeds

and fertilizers.

This study will 4ea’ with the last noint, that is, the
case of fertilizers amons peasant farms. More specifically
we will try to identify the irnortant determinants ip the
demand for fertilizer. In other words we will try to identify
variables that motivate farmers to use more or less or no
fertilizer,

If one is able to identify factors that induce farmers

to use fertilizer, then one may he able to supgest to nolicy



ma’ers on the efficieat dis ribution o7.fertilicers,.: -This

will resuvlt in efficient utilization ¢f scarce fore

(=N
« ™3

exchange ard also may reln increase the pnrodactivity of
peasant arriculture, The bcanifit would be self sufficiency
in food nroduction as well as nossibilities of exporting

surnlus food.

The method of analysis will be the annlication of Ouali-
tative Fesponse Models ((7'). Among many,emnhasis will be
mnut on three common methods of analysine qualititive or cate-

oorical data, namely the linear nrobability, probit and logit

models,

1.2 Stens of the Study

The study will have four narts: Firsgﬁiill consider
the nrorerties of the varicus ocualirative response models
and their relevance ir measurine the tyne of resvnonse we
are trying to study. This will heln us generate rrokabi-

es of using or not nsing fertilizer under various

jete

it

—t

socicecenomic and environmental conditions.
Cecondly, we will review various application of ouali-
tative resmonse models to the data.
Thirdly the econcmic rationale involved ip farmers
iecisions making nrocess will te discussed by buildinp

appropriate mathematical aonrocach of stochastic utility models,

This will heln us to molel a reasants' behaviour under different



socicecoromic. environmenial conditions and other constraints.

Sourth; we will identify anpropriate exnlanatory vari-
ables and provide reasons for the inclusion of some, We will
then avnrly +he three auaiitative response models anl generate

appropriate nrobabilities %y varing the explanatory variables.

The Jdata for this research is obtained from a socio-
economic and demogranhic multirurnose samnle survey in the
anorth /west  repion of Ethioria collected during 1989, finan-
cial srant by Rockfeller Foundation for the rescarch work on

"Economic and Demoeraphic "ousehold Behavior ia Pural Ethiopia."

A stratified multistage cluster sampling was avplied to
select about 800 households from the region and firally 661

observations are considered here.

The data is nrocessed using computer and applying a

statistical software STATA.



II. PBASIZ T:EGRITICAL CONCEPTS

2.1 Oualitative Resnonse  odels

Dictinction has tc be taken between qualitative and
quantitative data. In the former case observations are
recorded by proxies whils in the latter case observations are

recorded in fipures.

One of the most imnortant “evelonment in econometrics
in the past has occured ir the area of cualitative resnonse
modeis, abrivated as QR/, /Alsc known as cuantal, categorical
or discrete models, Here the denendent variable is cualita-

tive or categorical.

“urpose we want to consider the occurance and non-occur-
ance cf an event such as "a farmer uses fertilizer or not"
in our case, it is mathematically convinient to define a
Jichotomous random variable vy which takes the value 1 if the
event occurs or 0 if it does not, (though any other pair of
real numbers could be us2i, the choice of O and 1 is especial-

ly convinient) [2],

We assume that the nrobalility of an event depernds on

a vactcr of independent variables X and a vector of unknown

h

y 3 ; i R I
narametar 0. Using subscrint i to denote the i individual,

we can write a univariate dichotomous model ecenerally as
. = o] )= S v 2 |
py = nly;ol)= £(%;:€) (2.1)

i=]’..l’n



wheTe y, is defined as:

1 if the event occurs
Yi T "5 Ctherwise

HJere we sssume that yi's are ipdependent. Lquation (2,1)
stgtes ihat, in our case the probability of fertilizer usage
denends on the farmers socio=-economic, derogrannic and chara-
cterstics vector Xi.

There are many 0% models, but the most frequently used
three common models are iipear nrobability, nrobit and logit

models [2].

(2:42) Linear nrobability (LP) model:

F(w) = w

nrobit nodel:

O /)
Flw) =o(w) = 4 fz'Ln e dt

Lopit model:
W

F(v) = L(v) = ==
1+c”

For v=y; '8, the linear -robability medel has an obvious defect in
that x,;'8 is not constraingdt®lic letween 0 and 1 as a nrobability should.
Though this defect can be correctsd ty defining

1 if xi'8>1

1 kB 1 1
(2.3) gag Xy'B 3f 05 x4 "8sd
0 if x,'8<0

Since E(yi) = p(yi =1), we have in Ln rmodel.



(2.4) Y.

= ]
i " X3 B U

where u. ol -xi's = y: -E(y;). This is a hetro-scedastic

regression model since V(U.) = V(yi] = y.'B (l-xi'B), using

i
the variance formula for a biromial variable, wrovided 0<g<l,
The Least Square (LS) method yields consistent and unbiased
estimates of B and the weighted least squares (¥LCD) method
yields consistent and assymntotically more effecient
estimates of g. However, neither LS nor VLS mcthod avoid

the inherent weakness of the rodel, hetroscelasticity. The
WLS orocelure fails if tie condition 0<Ki'a<1 is not met.

It is hetter to use LS rather than VLS. Iowever, we should
be aware the fact that the standard deviations of the LS

estimates givern by the standard LS propram arc biased because

of the hetroscedasticity 27,

The nrobability function vsed for the nrobit model is
the stardard normal distritution function, and the lorit
model has used the logistic d@stribution function. Poth
gistribution functions are bounded between O and 1, and are
symmetric avound O, A random variable from the probit model

2
and logit model has variance 1 and » 73 respectivelY.

1f we consider a transyormed logistic distribution

such as

ekw

Aw

(2.5) La(w) =
1+e



Vie can make the model to closely anproximatz the stand-
2rd normal distribution by cheosing an anpronriate value of
A over a wide domain. Amenva (1981) has shown that A =1.6

i.e. Ll 6 is a pood annmroximate.

RPesults from the %wo models (nrobit and logit) are similar.
Because of the close similarity of the two distribution, it
is difficult to distinpusih between them statistically unless
one has extremely large number of observations (chambers and
Cox, 1976). Thus in the univariate dichotomous uodel, it
does not matter much whether one uses a probit model or a
logit wodel, excent in cases vhere data are heavily concent
rated in the tails duc ©c¢ the characterstics of the problems
studied (2],

As shown in Amenya (1921), if @ is the estimate of B,

then anrroximately

~ -~
(2.6) 1.6 6o fL
where p® is estimate of the ceoefficient in the probit

model and gL of the logit model., This formula is useful if

one is needed a quick way to comnare preiit and logit models.

In general

2. o 314“¢
(2.7) ELDO i

A
vhetre BLn-=estimate of g8 for the L» model (except the const-

ant terr) 8 " =0.486+0.5 for the constant term, and

A~

(2,8) BL"==0.25 ey, (except for the constant term)

unhjno.zs 51+-.5 for the constant term,



The above gives usz 2 snick and rough annroximation.
rowever, to compare nroocadility functions of “ifferent
noéels, it is generally betier to compare nrobability
directly rather than corma~ing estimates of cosfficients

even after an anpronriate conversion [2).

An alternative way of comparing different models is to
look at the derivative of the nrobabilities with respect to
a particular independenti variable. Let x,, be the kth
element of x; and g, be the kth element of g. Then, the

derivatives for the three vrobability models are given by

(2.9] axib’ Bk

a0 (x;'8)
i =¢(xj'3) Ek

g
5k (1+e¥i &)

.1 “l,.-.,ﬂ

where ¢ is the standard uormal density function, If, in

P

the above, the right-hard side evaluated at xi'a =0, (2.7)

and (2,8) will be anproxinpztely obtained.

As it is exnlained in “wemva (1981), similarity between
the protit ML and LP-"L0 estirates is noted by Hill (1979) and
a similarity between the logit 'L and Ln-1S estimates is noted
by Wil=nsky and Rossiter (i978).

How let us consider how CR nodels are snecifisd in

economic anplications. Sconomists assume th<t an economic



w

unit makes rational Aescizions so as to maryimize its utility.

Cuppose a consumer has twvo alternatives fto satisfy his
nesd, say modes (mode O nud 1) and sunnose the utility is a
function of the mode caaracterstics z, individvals socio-
economic characterstics v, nlus an additive ervor term e.

. : .th
;f i
Ve define Uio and U11 as the i

person indirect utilities
associated with mode O and mode 1 respectively. Assuming

linear function we havse

o ey W Blg eyl Yyl Fel
U %o '2%50 P ™ Yo *

10 10
(2,10) Ujy = ag*z49 "8 *v;'vyteyy

utility function can be oresented for the ceneral case as

Uij - “ij - Eij 1""1,...,"-
j=0,1
where M5 is non-stochastic function of the exrlanatory
variahles,

The basic assumntion is individual i chooses model 1

if U. d will be i T, s
if Ui >U10 and model O will be choosen i 110 Uiqe 1f we

1
assume ey and €30 to k2 -ontinuous randem variables and
define
=1) = ks 2
Ply;=1) = P(yy> Uj)
(2.11) = p("i1+€il’uio+€io) general case

- D(Eiontil‘“il'"io)
= Flugy = vio)

waere T is the distribution function of €50~ €41°
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s ecuivalent

e

Therefore, vhat kin? of QR rmndels one cets
#o what distributior one assures to e, -€;4. For examnle a
vrobit (lorit) model arises from assuming normal (logistic)
distribution for €5

o7 AN

2.2 Estimation and Vypothesis Testing

Let v be a dichotomous denendent variable and x be a
vector of independent variables. e will associate the
event that the vector (y, x') takes on a particular vector

value withk the word cell.

The estimation of 2% model is simpler if there are many
observations (>30) ner celi., The case of many obessrvations
per cell Aoesn't occur (annear) freauently, marticularly in

econoric annlications [21,

2:23 i“aximum Livelihond (L) Fstimator and “inimur

Sovare (Min x2) Bstimator for CP Models

The ML estimator can be used either in the case of few
observations ner cell or many chservations ner cell, where
as the minimum x2 can be effectivelv used only in the case

of many observations ner cell.
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(i) Few observations per cell

ML estimator

The maximum likelihood function is given by

(2.12) LF = 1 7(x;"6) 1 M1-R (x0T
X

i
where Yyl ® OQor 1l
and its patural logerithm

n n
(2.13) L= ry. log F(x;'8)+ I (1-y;) log[1~F(x;"s)]
i=1

j=1 1
The ML estimator EML is definel as the vajue of g that
maximizes either (2.12) or (2.13). Differentiating £ with

respect to the column vector £ yields a column vector of

derivatives.
n
2 y.~F(x,'8)
{ b i i
o14 g, 35 -r £ ol 5
(2.14) R | Al ﬁTl-F(xi'B)] (x5 B)’(1

vhere £ denotes the derivative of ¥, In case of urobit

§=9®, f=¢ and in case of the lopit F=L, f= L(1-L). By, is
a solution of the ecuation.

3
(2.15) gi =0
B

Since (2.15) is non-linear in g, the ML estimator has
to be ottainel by an iterative method. In order to Jefine
an interative method 2s well os to derive the assymntotic
variance - covariance ratrix, we need the secord order

derivatives of £ andi their a2xrectation. Nifferentiatine the



columrn vector 3L/3f vith resuect to the row vector g yields

a rratrix of second order derivatives,
3?2, n y l-v,

(2.16) 537 " k| - N B AN PR
g°8 i=1{F"(x,'8) [1-F(x;'e)}

n ys~Flx;'8)

fe1 [Eﬁm]”*i'ﬂ)”ixi b

where £' is the derivative of f. Takine the expectation of

(2,16) ve get

32 n ‘Fz x 'ﬂ)
(2.17) I {3;3§TJ S Fix; 'E]fl -FTx5 BT i

1=1

I+ is well known that under general conlitions the
maximum likelihood estimator is consistent and assymntotically
normal with variance covariance matrix - (E 32‘f 3*0 1.

(See Dobson, 1923). Therefore

Y n £ (x;'8) =3
(2.18) Vi) = E o T NN ] |

i=1

An estimate of V(EFL) is obtained by evaluating (2.18)

at EML.

2,4 JIteration
The two most commonly used iterative methods for calcu-

lating the ML estimator are "Newton-Rarhson" method and
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-~

tae method of "scorine", Civer an intial estimate By
secon? round estimate R, ir each method is defined as follows:

the

(2,19) lewton-"ashson met 2s
B ® B = E;1;L4|,]-ljﬁ4
2 1 anab. 1 DF‘ A1

(2,20) Method of scoring:

2 2
f, =8, = {DE-E—QJH ]}'] §£|9

The third-round, fourth-round, etc. are to be evaluated
using the above nrocedure, Ceneral formula can be given for

eack iteration method (Uobson, 1983) [111.

€2.21) Newton-Ranhson
1 2% p (m-1)
D ) L T f— <05 glm=
[aﬁjaa;]ﬂ=b(m‘l)
(2.22) Method of scoring:

h(m) i b(m'l).,.[l(m"]-] ] 'lu{m"l)

i = T 1 o 32
where d = [Ulr""l"r.] ? I(m 1] = - {Fs—%}le,b(M'l)
B
a
u.’ — » j“l,-..,ﬂ
I gy

1 = information matrix

th

™= m“" round estimate of B.

The method of scoring can be rewritten as
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- ) ~
a5y, 5| sTank N s
Badl B, = { & = e oK P o X "y =Tt ]
2" e BRy ¥ | 40 Tanhs L ET R
i=1 Fi(l i i _ii_l-}"i)
whers ‘-QF "A an “s '.-"': i
r Fl (Xl Bl) and f f(‘l fy)

and from (2.4) Xy ™ F(xi'ﬂ) "'Ui where F.(Ui] =N zad

V(U;) = F(KTR) (1-F(X;'0)).

(ii) Many observation per cell
L methods as well as Min yZmethod can be amlied. We will

not consider here the case of many observation ner cell.

2,5 Tests of Hypnothesis

Tests of a general linear hynothesis of the form

(2.24) Q'g = §
where €' is mxk ratrix of krovn constants (k being the number
of elements of p) and C is an m vector of known constants.

Assuming that m<k and m rous of N' are linearly inderendent.

For m=1, to test the hypothesis

e AR O
3,08 = (

the test is based on
15 .0 A
(2.25) O & N(0D,1)
Q' (Ve)C&

-~
where V@ = consistent estimator of the asymntotic variance V8

and A stands for asymototically.
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oa-C _ &
(2.28) A1 (TR)0 “n=k

where to y denotes stiudents © distribution wita n-k denrees

of freedom,
RFor m>1, Two tests will be considered

i) Wald's test
ii) The likelihood ratio test (LRT).

Wald's test can be used in connection with any estima-
tor, where as the LRT must be Lased on either the ML estima-
tor or any estimator with tie same asymntotic distribution,
In using these tests we must 2llways assume that the alter-
native hypothesis C'BfC, Thaough these tests are valid even

wnen m=l,

(2.27) wald = (N'8=C)' [O'(VE)0] Y (018-C)

The hynothesis is to be rejected if the value of the

statiscic exceeds a nrescribed critical value.

The likelihood ratio is defined by

(2.22) LRT = 2{2(f,) = £(FCML)]
R 2
vhere ECHL donotes the constrained maxirum likelihood (CML)

astimator.
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2.3 Choice o0f Mpdels

It is noted that tue preotit and logit mod-15 usually
give similar results ana it is Aifficult te listinpuish them
statistically (21, Mowaver, Kimio Morimune (1979) 7221 has
suggested the following in his concluding remarks of research
work on "comnarison of normal and loristic models in the

tivarate dichotomous analysis."”

The oripinal objective was to comnare relative »erform-
ances of three nrobability models: the logistics, normal and
linear models. However, the linecar model was found to be
far inferior to the other two models. Then the research is

confined to the comparison oFfF the normal and lopistic models.

Usinpg Cox-test, the exoeriment shows that the standard
error of estimated coefficicnts of the normal (rrobit) model
tend to be smaller than those of the logistic model, This
hias also been supported by some numerical comnarisons of
generalized variance of esitimators. lowever, more research
is recuired to see this asvect of comnarison in detail.

Some criterion may heln us in choosing among competing models.

y |
of the criterion are ", number of wrong nrediction,

N

[

om

sum of sauared residuals (SEP), squared correlation coeffi-
cient, etc.

LExcent the scuared correlation coefficient and the log

likelihood function, we have to choose the model for which

A~

thc value of the criterion is smallest. TIn the nassage, F,
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~
denotes Ptx 'E) where ¢ is whatever estimator is being used.

— pumber of wrone nredictions:

n A o2
(2.29) I vy -y

i=l -

Lo 1: -A:
wiere e {é i€ pi %%

The value gives the number of wrone nredictions because
~ 2 3 - -
.- . = a ! g s
(yl yl) 1 if and only if Y3 ¢ £
/. major disadvantare is that if we are dealing with an
event which haprmens with 2 high probability (eg. 2 man work-

ing) or a low probability (eg. a nerson immierating), most

rodels vill do well by this criterion E2Y.

Sur of souared ra2siduals (SS7):

n
(2.30) £ (v.

This criterion does not suffer fron the deficiency
of the number of wrong sredictions. This is 2 natural
criterion, since it corresvornds to the sum of souared

ciduals in the standar” repgression model, from which Rz
is derived. However, its use in CR models cannot be defined
as strong as in the standard regression model because a
f? model is essentially a hetroscedastic reeression rodel
[1]. Efron (1978) defends (2.30) from a certair axiomatic

roint of view and suggests an analogue of RZ defined by
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n N
" _F- (Yi'ri]“
(2.31) i¢ren's 7 = ] - i1
y - 2
izl(vi-r)
& 1 n
where Y= % ¥

- 8SR weishted by estimated nrobabilities:
=
n (y;-"%.)
(2432) RS T 1
t i P10
i=1 _i[1 .i)

For two reasons we nrefer this criterion to the un-
weightzd SSR, First, if the true prohbabilities were known
and used in the denominator irstead of the estimated proba-
hilitics, the minimization of the above criterion with
respect to B yields the estimator of B which is asymptotic-
ally more efficient than that obtained by the minimization
of the un-weichted SSR, Second, it seems reasonable to
attach a higher loss to the error made in prelicting a
random variable with a smaller variance since such a
random variable should be casier to nredict than the one
with a larger variance., Thus, it seens reasonable to
weigh tle souared error by 2 veight which is inversely

nronortional to the variance.
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- ©amaarcd correlation ccefficient:

n -~
[-E (V; ';)2;]2
l=1 - o

n oy fi = -2
X (.vi-v) r (F.-F)
i=1 j=3 *

This measure is closely relate! tc the un-weighted
SSit (230), the same critisism apnlies to the squared corre-

lation coefficient as to SER.

- Log likelihood function:

(2.34) L=

: f(yilop Pi+ (l-yi)log (1-“131

1

[T

“herc ﬁi nere snecifically dencotes F(xi'ghL]' This
measura has an obvicus intuitive appeal. In addition,
it is5 especially suitable for coemparison of different
numbers of narameters. [(uupose we want to choose between
the unconstrained model in which the k-component narameter
vector g is allowed to vary freely and the consirained model
in which B is subject to a linear constraints C'B=C,
(q = number of constraints). One should choose the uncons-
trained model if and only if ZII(EHL)-I(EQHQ] is greater

than the a% critical value of xg.

2.% wsuiti-resnonse Models

Assuming that the dependent variable v, takes M, +1

values 0,1,2,...,M;, 2 peneral multi-resnonse OR model can

be written as




2Q

(2.35] Plyg =3) = Fiy (x*,0)
i = lsz’lt.’n Hnd

i 0;1,2,...,!".i

where yx* and 8 ave vectors of indenendent varianbies and
nar~neters respectively,

n
Jefining I (mi+1) binary variables
i=]

IT N Y

L B ST |

j = O,l,...,mi

he 1ikelihood function of wodel (2.35) is given as

.
<

(2.37) LF

n
n =9
n =

(]
e
e

i

Ceneral results about the asyrntotic distribution and

the iterative methods concerning 'L estimation discussed

wreviously anply for the nresent model.

2.8 Unordered Independent Logit Model

Ry snmecifying the »nrobability function (2.35) for
2 certain i for which m.=2 (the case of larger m, will

be inferred from the following). Vritine

o35 = ply;=1), ] =0,1 and 2,

the three nrobabilities are srecified by
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V% ¢
(2.38) g = AU
i2 Xilﬁ X'izﬁ
1+2 F L
x‘; f
(2.39) Py * S ot
1
X 11& szn
l+e +e
]
(2.40) Pig = .
il Yligah
l+ex31 ve 12

A verv important result of *cFadden (1974), which
shows how the uneordered independent lorit molel is deriv-
able from utility maximization. Sunpose that a particular

individual i whose utilities nassociated with three alter-

natives
i e 4 SR o
(2.41) Ugg =Bg3 * €54
Viere is a nonstochastic function of explanatory

Hiq
variables and unknown paraueters anl €3 is an unobserv-

atle random variable. (icFadden proved that letinp €5 for
€540 that the model of the form (2.38)-(2.40) is derived

from utility maximaization if and only if {ci} are indenend-
ent and the distritution function of €5 is piven by exr&efci).

This distribution is called Tyne I extreme value distribution,

or log Weibull distriburion, ty Johnson and Kotz (1970a,n.272).
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Its density is piven by e ""r'-:’.'n( e J, which has a uniaue

mode at zero and a mean of anrroximately 0.577.

Depotinp this deasity by f(-),

(2.42) 2(v;=2)
”(Vitl)

n(yiﬂﬂ)

Considerines tue
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case of n{y;=2) = n(U;;,>0;,, y,55050)

» D(EZ*Hz"Ul,EI, 52+U2-Un>50)

= S Y T2 N0
= f 4‘(52][-! f(el]dE] - {. (’(Eo)deo ]-'lcz
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II1 SOMF APOLICATIONE OF TV'E QR

Oualitative Nesnonse (sdels are annlied in various

fields, some are considered in this charter.

1. Lee and DAHM [15].

The nurpose here is to estimate the amount of Guthion
residue present in the test prevaration, for comparison,
the standard oreparation Cuthion is made to contain a given
amount of control extract in order that the masking cffect
due to plant lipids and other inactive substances present
in the test preparation be the same for both premparations.
%11 doses of the test orenaration contain the same total
amount of nlant extract, one part due to the test exctract
itself, and one part due to the control extract added.

The flies were observed at 17 hours exnosure to count the

numbers alive, moribund, 2nd dead resnectively.

A test using minimum x? estimate that (the hynothesis)
the slope of moribund and dead are eoual using trichoto-
mous model or nooling moribﬁnd with dead using probit trans-
formation (normit) and logit transformation lead to a

similar result.

Conciusion

1£ the response in » biologicdl assay is polychotomous,

ir is more efficient to use this information exnlicitly in
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annlyzing the Zata rather tliar poel certain outcomes in

order to make the resporse dichotomous.

2. Hutchens' Bmnerical ¥Wori{?

(tilizes data on female heads with childiren drawn from
the "Mfichigan" data and is restricted to 20 states with
large AFDC (Aid to Family with Denendent Children) vonula-
tions, Pynotheses were tested through maximum Tikelihood

estimation of logistic model of the form

P = 1/ (1+e PX)

where P is the probability of remarriace over two years,

¥ is a vector of exogencous variable and B is a vector of
estimated coefficients.
The probability of AFDC receipt in 1970 was estimated

with a logistic function, The estimated model is

- “
log e(n/(l'n)) = 0.7736-0.35616X1-0.00300?240.005143X3
(1.2213) (2.5355) (2.0806) (2.8172)
+ 0,00008X, - 0.20154%¢ - 0.034554,
(0.25281)  (0.51559) (2.776)
+ 0,03715X, + O.8967X8

(1.2679)  (3.3910)



~a
Ll

where P = the nrobability of AFDC receipt

>
it

1 the wage rate
Xz = non-wage income
13 = AFDC guarantee
X, = A¥DC breakdown
XS = no earanings (binary variable)
X6 = age of female head

X, = presense of children under five (binary
variable)

Variable includine Aisakility (binary variable)

-
L

The emsrical results showed that AFDC transfers reduce the

probability of remarriaje.

Concluding Remarks

Theoretically, AFDC transfers should reduce the proba-
Fility of marticination in marital search and increase the
duration of search for female heads with children. Both
effects will tend to reduce the probability of remarriage
over a short time neriod. The empirical work rresented here
indicates that anincrease in the level of the AFIC does

indeed reduce the probability of remarriage over two years.

3. Li (1977) {a]

Consider the distributior between the housing consump-

tion of homeownershin and renters. There are a large number

of studies focusing on the explanation of housing tenure
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statas, which probabily is the most imnortant decision
about the nature of hou:sing consumntion, Income, family
size, age of head, ani racz of head are pencrally found

to be primarly determinants of homeovnershin,

Previous studies, however, have employel a linearly
additive regression model having a dichotomous (0 and 1)
Aenendent variable, which is inconsistent with the exnecta-
tion of non-linear effzcts and interaction effects because
the protability is bound btn. 0 and 1. Fxisting theory of
housing consumntion 2lso su7gests that certain interact-
+ion effects should not be ignored. It is, therefore,
imnerative to test if significant interactions exist,

i) tetween age of head end family size as supgested
by the life-cycle hypothesis;

ii) between family size 2nd income resulting from the
budjett constraint;

) between age of head and income because their joint

e
{de
Jude

effect may serve as a vroxy for wealth, and

iv) between race anl income because of both the income
effect and the substitution on the consumpntion of
black households that face a higher relative price
for housing as a resuit of racial discrimiration.

The author adopted the loeit model for the analysis

of homeownershin. The Berkson-Theil method, which ewnloyes

¢he celil freauency distribution to derive the logit esti-

rate, is asymptotically ecuivalent to the maximum likeli-

al pround. By a monotonic

hood nreccedure on comnutation
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transformation of a nrobatility Lavine fipits range (0.1)
6 a logit having infinite ranpe (-=,»), the nrouler of
hatroscedasticity in the syror term asscciated with a
rerression having a dichotomecvs denendent varicble is
avoided. Cpnecifically, tie legit is defined as tie naturg)
logaritkmic value of the odds in favor of a nositive
response, that is

p‘. .
Ll = log T:D—:'lﬁnd»ﬁxi

where Dy is conditional »nrobalility of a nositive resnonse

.

ith characterstic X and p's are nararmeters, It is easly

wi i'
seen trat

Since the true logit L, is not observed,

o n.

= r - = ] .
Ly = 1o TF; log oy + U,

f. = the observed relative freguency in

J. = Ej"Li is the error term
i i

vhere fi asymntotically I1":“iv'-"i“"ﬂi”
- (1-f
fi(l i)

F(U;) = O, V(U;) = H

The ceneralized least sguares (GLS) estimators of B

are, in matrix notation, given by
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]

xv i)™ vyl )

-
"

diaropal covariance matrix of the

error term,

A standard chi-square test for testing the validity
of the logit specification can be obtained from the dis-
crivancies b/n the observed relative freouencies and the
esctimated probabilities, That is for large sample based

on equation (*),
2 = (L-2b)'v"1(L-Xb)

with degrees of freedom equals to N-k where

N = number of cells

k = nunber of parameters

in additive logit model of homeownershin: The logit

model for testing non linear cffects and interaction effects

specifies that the natural logarithm of the odds in favor
of homeownershin is a function of income, age of head,
family size, and race of head. Snecifically, the additive

model can be exnressed as:

i
= 1 = ' + X ¥ B'l
Ly log T:T; BoXq 5811 1ji i ok

X + 58, X +. .8 U, (tt)
- 583m‘3mi n 4nidni i1

where f£. denotes the cell relative frequency that houschold
ere f. d :

type i is a homeowner;
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1n 1 X - d ;
X cenotes the constant term, i.e. asa of hesd

der 24 " * a
uncer 2., 1ancone less thanp ?5."'“[.1 WO nersons

vhite hushand-vife family;

¥ 1 e » - ' .
Ays3 15 a set of four cummy variables denoting five
catepgories for apge of head under 25. 25-%4

35-44, 45-64 and over 65;

is a set of three dummy variables denotine four
income class: less than £5,000, $5,000-9,969

£10,000-14,599 and cver £15,000;

i is a2 set of three dummy variables denoting four

family sizes: Z persons, 3-4 persons, 5 nersons,

and 6 or mores peErsors;

5
L
<
"
Yt
—
-

4ni denotes race of hLead: X,,=0 if nonblack; X,,

black.

Ecuation (**) tested empirically with data for husband-

wife famrilies in Boston S and in the Baltimecre €A

available from 1970 cencus metronolitan housing character-

stics. Boston and Baltimore are cliosen because of tue

contrast in the relative size of the black nopulation and

the 1ifference in the rate of homeownershin for the two

racial croups. Baltimore S1S¢ is about four-fifths the

size of Boston _r-.q.o\’ yet, has nearly four times as mony

and 35.5

blacks. The rates of howeownershin are 23.0

rercent for Blacks in Poston and Baltimore, respectively;

.IIIIIII---------lIlllllllllIllllllllIlIlIIIIIIIIIIIIIIIIIIIIIIIIII
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wnere as thﬁ rates Qf hem601m(r5“in For The Whitus ATC oq.?

znd 6C.5 nercent resnactivelv.

Estimﬂtion OF luqif COCrfiC;Pnfs nf npmqnwn;rs'in for
husband-wife families for the basic additive model (**) is

oiven on nage 1082 (Table 1) 121 ] and the detail is eciven.

Summary

The maper examinas two assunntions about the logit
specification of homeownershir: the assurntion of lirear
effects and additive effects of the three variables (are
of head, income and family size), the assumntion of a
linear effect is statictically nmost rejecteble, where as,
the assumntion of a linear income effect is less rejectable,
Thne formrer increases the coodness of fit chi-square value
aboue the basic additive model by abeut 50°. Turthermore,
in two of the three linear-a .itive models (Age+income+
size + race, Age + income + gize *

race and Age + incomé + size + race), the assumntion rf two

linear effects in a doubliny of the chi-scuare value for
the same additive model.

Of the size two dimensioral interactions, the income-

size interaction and the age-size interaction are statisti

cally most significant. The former is to be expected from

budeet constraint; the Iatter is consistent with the family

The inclusion of either interaction

life-cycle hypothesis.




irto the basic additive model reduces the chi-scua

ralue by more than 20 nercent. It is not surprisire, there-
fore, to find the allowance for the age-income~size three
iimensional interaction reduces the chi-souare value from
that for the hasic moiel by 9€% in the Poston estimate and
by 86 percent in the Baltimore estimate. On the other hand,
¢.= interactions between the race dummy variables and other
erplanatory variahles, attributable to racial discrirination,
sre found to be secondary importance relative to the income-=
size and age-size interactions. The importance of such
interactions, however, seems to increase as the nunver of

amilies inr a SYSA exnands as suggestedi by the Aiffer=-

black £
epcs between the astimates of Boston and the estirates of

Raltirmore.




Tne method of datz collection is a multista-e stratie
fied cluster samnline zn? the unit of observation is a
aousencld [20]. Tiae country is classified into south and
Norta so as to capture distinct ethinic, cultural, relipgious
and economic variables. Tanere are nine administrative
regions in the south and five in the North an! one repgion
caci was randomly selected., Vithin each region there are
subregicns and one subrecion was again selected; within
each sutb regions there are villages and within =ach village
one gets neasant associations. Five neasant association
from south and four from the lorth were selected. Between
fourty and fifty percent of the members of peasant associa-

tions were selected for interview. In the end we had 343

observations from the snutih and 801 from the North,

b Lt

The final result showed a clear Aistinction between

the two regions. Peasants in the south are cCash crop

cultivators while those in the North are subsistance cron

farmers. The land in the North is highly fragmented while

peasants in the south have their land in one nlot. Fouse-

hold mewrbers in the south are primarily rprotestants (con-

vertzd from naganism by Norwepian Missionaries more than

50 years apo). Those in tae Forth belong to ortiaodox

christianity., There 2rc a purter of ‘loselem groups in
both regions. Since in the sor'th cash cron nrofucers do not

use feptilizers, in this wor!

\-l } LG

okservations from the North

region only are consiterci.

R ——



V. ATPLICATION |

.7 Utility Maximization Theory

The study will be based on a standard microeconomic
utility maxinization thoory. It will be assumed that the
chizctive of a neasant househcld will be to maximize his :
utility. This has bezn applied by Ouandt (1975), Hansman
and Wise (1978), Domencich and Mcfadden (1975) and others

20

L |

Once we Adevelon a stochastic utility resarding a
farmer's behaviour we apnly the anrropriate qualitative
resconse models to see the Jcterminants of fertilizer use
in Ezhionia. We will then test the model using socio-

ecoromic and demograohic variables.

The utility of a farmer with regards to fertilizer

usape will be indirectly measured along the ideas develoned

by Domsncich and Mcfaiden (1975). We will let Ugq be the
or

.th : - 7% Teo
indirect utility of the i~ farmer from fortilizer use

vinile U., will be the indirect utility from not using

fertiiizer. Thus |

Ui = uo"'”ilrﬁ-! +yi'a2+€il

Where X. is a vector of 2 household demogranhic
- 11 ="
i

Aowments i
characterstics, y; is 2 vector of household endowments and i
T e SR k 1

The introduction of different

e;'s are additive error Lermss.




coastant terns L and 8 for each of the utility ‘unctien
is5 to canture the effect of variables not inciuvde! in the

. and Yi vectors.

The farmer will usz fzrtilizer if ji] >Jiﬁ and will
not use if U.5 >911. Ye will assume that the probhability

of gettiny the same utility from the two cloires as heing

zero. In other words, *(U,,} = "fli,,) = 0, ™e now define
; 2 it fertilizer is not used
)i . {7 ertilizer is n e (5.2)
1 if fertilizer is used

p{yi=1}= Pi“i 0 P

1 i2

- SB %08 =Xi s
p{g.:ﬁ 'E-I <30 PO (\1] . ?] L}

i1 127 Py
o ‘Ii! :\QZ-EIZ)}

i - f .' - ro
Rla =6t (51 7X50) "8*Y; (a,-8,)) {5.3)

vhere ¥ is the distribution function of e;, -¢€;;. Ecuation (5.3)
jmriies that the choice of a particular qualitative response

model is similar to the assumed distrikution function of the

differcnce between thz two error terms.

The above utility models (as stated in Chapter 2) can

be indirectly estimated using qualitative response models,

. A g 208 i it models;
such as the linear probability, nrobit, and log ’

3 - 5 . : s - ¢.. assuned to be normal,
i.e. if the distribution ©f €;7 7 Fj]

$ resnponse mo-el will
logistic or uniform on (0,1) then the

models resvectively.

| orobit, logit and linear probability




<irce neasants in tae sovth are cash cro- cu civators
- - o 9 L] LT »
no use cf fertilizers. So for this research vork qdata from
tae Merth region is.considersd,
A descrintive statistics for selected variables is

given in Table 1.

Table 1:

Variable Definition Obs Mean  Std, Dev.
tarea total area 723 204,57 154 .39
cattle ln.ofcattle R0ON 3.26 3.38
aeduc education of head 748 1.45 .66
aouivﬁ Nojsof equisments 800 724,00 4,83
tmiOl14 total!Mn.of ra’es

aged 10-14 300 0,34 .60
tml 554 total No.of females

aged 15-54 200 1.35 1.17
nlois No.of nlots 712 3.63 2:18
nfincone annual noanfarr

income (birr) 788 23.04 L LS 23

fertilizer amount of fertilizer
used in kg. 801 35.37 62,54

We see that the number of observations vary Ffor each
variables, vhich is due to non-resnonse and incomnleteness

of the cuestionnaire. Ihen the data processed by the

computer only 661 ohservations are considered.




.2 Yariables

ne fellowine inderendent variables are

che moael.,

Jemographic Variables:
i) Education level of lousehold head
ii) Total number of females in the house-
hold aged 10-14
iii) Total number of ualecs in the household
aged 10-14
iy) Total number of males ir the household
apged 15-54
V) Total number of females in the house-

hold aped 15-54

cndowments:
i) Total farm area nf the Lousehold
ii) Cattle
1ii) humber of farm equinments
iv) ‘Humber of plots of lard,

and Non=-{farm income

viere
the head is illitrate

(-
pede
-ﬁ

the head readsand writes

[ 8,

| - -
heduc =
the head grade 1-4

)
\
f? if
L

the Jcﬂdj§v9r grade 4

.—
e
-

1s

.r'\! i

Hotations

I‘Il‘l'l IIC

££1014

tml0]14

tm1554

tf1554

tarea
cattle
equinn
plots

nfincome



nfincome

niots

tarea

equinn.,

W
A

n

Estimation

amount of non-farm incone in birr (annually)
rumber of olots of land which indicates the
level of fragrentation of land

estimated cocal size of a houscioldsland in timad*
number of ccuiorents (such as yoke, vnlough=-
share, nade, etc.), which is mostly vsed as

an indicator of a household's wealth.

ifethols and Results

The data from this regior is nrecessed usirg 2 program

(statistical software) known as STATA., Ve leat

N

to be a

vector of exnlanatory varisbles, the result shows that about

56% of trouseholds use fertilizers,

Jenoting XI, IZ and {, to be vectors of minimum, mean

and maximum values of thz observations resnectively, we

v

octain the following vainas

for Xt

[1,0,0,1,0,5,C,0,0,0,0]
(1, 202.451, 3.552, 1.416, 8.110, 0.340,
0.355, 1.553, 1.393, 3.641, 13,341)

[1, 1800, 47, 4, 32, 4, 3, 9, 7y 9, 1320]
{1, tarea, cattle, heduc, equion., tfl1014,

tml014, tml554, t£1554, plots, nfincone)

1,2,-.05”61

*4 timad = 1 hectare.
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Aoplying the thrie commerly used methods of cualitative
resoonse models, namely: Linear probability, oarobit and lopit
models, all found to have uositive relation with te nroba-
vility of fertilizer usage, excent nfincome. Tabies of all
the results nceded for our work is described below for the

tiree models,

. Linear nrobability aodel estimates

Tatle 2: Determinants of fertilizer use - North-Vest

Standard

Variable Coefficient Error t
tarea 0.01008 0.00003 0.972
Cattle 0.01332 0.005857 2,392
heduc 0.023914 0.02870 6.318
ecuioment N.03150 0,0N455 7.016
t£1014 0.0208% 0.02940 2,028
tril014 0,04203 0,02916 1,462
tml554 0.,01825 0.0161> 1,169
t£1554 0.02402 0.01584 1.917
nlots 0.03630 0.00865 4.198
nfincome -0.02025 0.00019 -1,269
constant 0.01459% 0.06210 0.235

n = 661

%(10,550) = 1€.51 Giemne 5 A

R? = 0,2025 adj. ®% = 0,1903

Root fSE = 0,44704
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Tekle Z: Lopit odel Estimates
Jariable Cosfficiznt Standard Error t
ta;. a '}..';'-’}" ,-'.(-l‘n(: " r\..“_]
cattle 0.10285 n,03755 2.742
heduc 0,045634 0.15053% 0.374
sguinment 0,17197 0,0204 6.520

t£1014 0,02465 0.15191 0.162 |
tnlC1l4 0,20083 0.15135 1.328
tml 554 0,11061 0.08639 1,282

t£1554 0,1126¢€ N0.081434

——
-
o
L
e o 2

plots 0.17228 N 0442 3.898

nfincome ~0,00155 0.M0131 ~1.189

constant -72.56220 0.35445 -7.397
1 501

chi 2(19) 1585.75
nrol > chi 2 = 0,000

375.56136

1

lop likelihood




F~ble 4: DProbit *fodel Estimates

Variable Cozfficient Standard Frror 1
tarea 1.0023%0 0.00020 1.000
cattle ,05603 0,02158 2,586
heduc J.04059 0,09040 0.449
ecuinment 0,10281 0.01537 6.687
t£1014 0.02026 0.08955 0,227
tmlC1l4 0.10355 0.08961 1.156
tml554 0.04642 0.05148 1,290
t£1554 0.07137 0.04879 1.463
plots C.10439 0.02625 3.976
eguinment -0,350097 0.00079 -1.216
constant -1,576C2Z8 0.20733 ~7.602

n = 661

Chi 2(10) =154.934
nrobh Chiz = 0,000

log likelihood = -375.969935

Ve can observe that for the nrobit and logit models
the Chi-square and log likelikood values are almost eoual.

Let us denote now tic vector of coefficients of the

linear probability, nrobit and logit model bv Blpfsp and

By, rasnectively. Where
B = contains colump 2 of table 2 taking the
Lo
constant at the tov.
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B.= contains colimn 2 of Table 3 takins

E
the constapt at the tor,
gL”F centains column 2 of Tahle 4 taking
the constasn’ =+ the ton.
.4 Discussion

erarhic Variables

(4
=
2
3

Heouseholds with more dependents, more atults and in

-aneral larpe household have 2 hich nrobability of usine

far+ilizers than househol” with less derendents and less
number of adults. The reascn may he that large size

Lepschelds have heen establisked for larrer meriods and
may zgeuire more land and which in turn mav recuire more

fertilizers. Resides larpge size households hava more

chance of cetting fertilizers on credit than small size

houssholds., The latter ars usually headed by younper

vet . ¢
:ndividuals. That is, those whe have not astablished their

cradit worthiness.

“rdpwmerts

. - e s fuchni S
" cuseholds with hish amount © canital

measursé by the number of farr imnlerents, cattle owper-

€ land tend

ship, total farm area, and nurber of nlots of 1 ;
. > - 3 :1 a an 7

¢ have nositive effect on fartilizer usape, The above
verialles are indicators of how much an Ethiovnian farrmer
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is deveted in the nrocs2ss ¢ aericultural nraductivity, |
In ovher words, the higher the endovments, the more in
nzts in the nrocess of acrizultural nroductinn =nd ray !
in turn immlies hicher vrohability of fertilizer vse.
Therefere, endewrents are indicators of a honselol s

notenti2?l to use fertilizars.

On the other hand individuals with more non=-farm

income (such as traders, Llack smiths, daily latrourers)

have other sources of earnings eventhouch they are basical-

1y farmers. Since th2v have cother sources of income,

chances are that thev are less likely *o enoage =2n” invest
an asviculture, The resnlcs are therfore consistent with
the hvrothesis. In otherwords neonle vho have non-farm

income are less likelv tc use fertilizers.

5.5 Probability feneration

Censiderineg thes: rodels wz will try to fenerate the

orobability of fertilizer usage, usine minimum, mean and

maximum values of the explanatory variables. ¥or

0 if = honszheld doesn't use fertilizers

<
]
ety
Sk

if a2 hovschold nsed fertilizers |

e

14255915008

e

Lirear nrobability ps.imates

Jels
S’
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Defirine

£ ) X i

1 . ] -
Pnr_i:'l}-s N
3 1.0 1T NeY 18

(_i P]‘T,('l

\) £ l“
1 Li 8!.“ i T

we obtain,

Xa Thhw = 0,023727

) B o
X, 'Bpn = 0.997382
¥3 1 PL"" = ’.:jc7(239’

i}aged - - . e ] - -

on our definition “he rprobabilities usire mirmup
A A - "

mean 2nd maximum values ic the nearest 3 decimal dipgits

aran .0
re 0,024, 0,997 and 1.00N resnectivelv.

The vecter of coeofficisnts R, and e, are sbrained
vsins the Newton-Ranhison's method of iteration o £ipd the
th

maximum-1likelihood ostimwates. In hoth cases the ¢ itera=-

ticns Aeliver the desirad results.
ii) Probit model estimates
n s o = & .'h
{Yl 1} (xl ﬁ-n)

where & stands for the curulative standard normael dis-

tributien, for the values

xlfgp = -1,47322
Xy'8p = -0,15561

xsfgn = 4,23357



Then the nrotabilities that a Farner vill ues foredi-
t1rar -~ Bl . sl a
2 YZexs are O,N71R usia= pinipupr V’ll'l!ﬂs, N394 usin mean
values and annroximatelv 1 when the maximum valuas sre

considered,

iii) Lorit model estimates

P}’j'BL
Py =1} 5 —
X:'6
l+e ¥ ok

“here for the minimum, »ean and maxirum values

'a = -
xi BL 2 5657
X,'8, = 0,35123

Xz'8p = 10,79864
and lnv(niflnﬁi) = Xi'BL
In this case the vrobzlilities for minimun, mean and

waximum values that a farmer vill use Fertilizers are

2.0713, 0.5869 and 0,5999 resnectivelv.

e see that wmrohit and lopit models pive similar

whereas- the linsar nrobability differ much from

Remarks: Minimum, mean and raxinum nrchahility values

Once the model is estimsted we *ried conditicns under

ia £ fiad e iy an § S ——
which the nrobability of using fertilizer is minimun an

maximum. The minimum orobability for nrobit and logit is




A5

~bout *+% : ¢

= £ 3 e 53"!"., t']af 1S o V?l"e nf r\'n_7:_' and "‘.'_'}l. T"‘i_l',

ig pencrated when identifving farmers whase ]and size
nimhbe £ T Aty

umbar cf cattle, farn sruinmerte, number of Ae=endents

mende ;

~1ots, non=-farp income as well as the level nf aducstinn

of the rousehnld head is o its minimum,

The maximum nrobability for nrobit and losit models

5 agaip almost the same and is alout unity.,

“imulation methods

The results obtained above may heln nnlicy makers to
identify farmers that arc likely to be users of fertilizers.
They may also try to c¢ive incentives tc non-users so as to
use fertilizers and thereby increase apricultural vield,
The policy onticns are nathing but the exnlanctary vari-
ables already mentioned, It mav not be feasible to chanpe

all the exnlanatorv varishbles simultapenuslv,

Belew we vary snme of the feasible exnlanatery vari-
alles apd trv to penarate the nrohability of usine ferti-

iizers. The variables that we will vary are

1. Education of household head (heduc)
2. Total area (tarea)
3. Non=-farm income (nfircome)

A, Gattle

Farm ecuipment (ennirn)



16

Nate that Aopeeranhic variables have leen ~mitzad From
simuiation hecause the rasults wduld reauire hicher ferti-
1i¢y sn as to use fevtilizers.,

Th = 3 < 5 -} - s
fhe simulation is done fer four Aifforant cases, vhere

the mean values of heiuc, tarea, nfincome, cattle and mguiny
increased hy 0.5 sd, 1,0 5d, 1.5 sd and 2,0 sd (sd stands

for standard deviatinn of the variable), and when the demo-
granhic variahles and nlots vemain fixed at thair mean values.

Tahle §

Rate cof hedue taye: aincore cattle  ecuinn Over all nreb.

Increase (R}  (reantR) (mza ) (e ons™) (mean+?) (rear+®) Pretit lopit

0.5 sd 1.781 301,765 79.66 4,952 9,655 0,655 0,667
1.0 sd 2.111 392,94 136,275 6.644 12,070 0,7688 0,78]
1.5 sd 2.411 496,155 1€2.89 8.336 14.4%5 0,8577 0,871
2.0 sd Zod 1l 5.9335 249,505, 10.08 16,908 00,9207 0,9:%

The nrohit and 1asit models renerate almost the sare

orrbabilities in all casaes. ©On the other hand we cbserved

that if farrers have mora land, cattle, couinmert, nen=farm

income and hicher level nf education the nrobability (the

wotential) that a farmer will use fertilizer will increase

as well. That is the higher the rate of increase of this
explapatory variables the hirher the nrobability nf a2 house-

He:ld's fertilizer usazZe.



5.7 GCerparisen of ‘'w1c2ls

To commare the »robiz apd loeit models, we concider
nere only the lop-likeli ococ fimction
n A

£ =7 [Yilnq’t

ie1 g *Emyg) Yoptl=Fy))

s, oo 3 4 . - ;
where “i-“(xi'EHL], i=1,2,40.,661 and By denotes the
maximum likelihood estimates . This measure has an in-

tnitive anreal 21,

The lor likelidhon? values for the nrotir ani lopit
models are =-375,96905 and -%75.56136 resnectivaly, This
stroncly confirms that the »robit and losit models ~ive

milar results. On the cther hapd, as discussad in

n
L]

4 ]

Chanter 2, the lirear rrchakility model estinates ars
iifferenpt from the two madels and the coefficient of
determination (92) ani adjtsted n? have valuas 71,2025 and
9.1903 resnectively, which indicates that the exnlanatory
*nwe?sghe model for the given “ata is not stromg. Ibp

] resuits it is not uncormen to observe low ~sxnla-
2

emurica

r for linear regression tut high value of

ey

atory rowe

oy orcbit and lopit. Thus results are not internally

inconcistent.

7 Tests of Pynoth2ses

{
2

Tue tynes 0f hvpothesis ere tried for the gstimated

lovit and nrobit models, First each of the coefficients

- . . e
was tested usine standard norral digtritution. Second
was ] H 2 ¥



= AP » .
ke overall estimated squaticr was tosted using standard

y? test.
To test the hynnthesis ttat each b. (confficisnt of
. f
the exnlaratory varianle) :0uals to zero
A "

M. 8 . bi.s® )
‘o 1

Ay F 0,y 15152, 0001

wherse h] stands for the constant term and 11 is the pumbed

of rarareters (bi)' usine Z test

Z = b;/8b; ,a= 0,05

Where Sh, = staniard error of b, and for .each mode)
calenlated values are listed under the column of t ir Talles

-

7 and 4,

™o test the hvnothesis

e nig =0 (the exnlanatory variahles

o)
have no effect on the nro-
habilitv of fertilizer usare)

where Qh*="1{)
a vector nf zeros

t = an identity martix of raak 10.

's are zarc excent

The null hynnthesis states thet all the b,

sqe constant term. Using vald's statistic:
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Vald = (018-2) 7 (7n) " (ne-r)

= (F'E}'fﬁ'”3r1'1[r3}

Yhere VBis the asymntotic variance - covariance matrix
of the vector of estimated ccoefficients (sece Pomendix A).
#11 the necessary adijustoents and rearranpements are done
tc aveid the terms containing the constant term €rer both
~
the vector of ceoefficients B and variance - covariance matrix
-~
VB z

i) Frohit model

. ' =
”0‘ n B“ n

H%: a'R., 0

(néq}'(w‘é‘;t)“" (CP.) = 154.94

where . = estinvavaed vector of coefficients of
g

the rrnhit model.

Vg = asywriotic variance covarience matrix

-~
of B
'r'|

ii) Logit model

Ho: Q'ey = n

Hyt 08 #
~ -~ _1 -~
{ﬂ‘BL]'(O'VELO] (PRL)= 155.75

vhere a = sstimatz? vector nf coefficients for
'L -

i F] 3 - i B4 tri
Vg, = asymntotic variance - covarisnce metrix

of RI

.
et



"rem (1) and (i) we sze that at anv level nf cioni-
vicance (a) the calcnlaced value found te he sreater thap
y%, « Therefore ve reject +#he null hynothesis R, in both
c=828, j.e. the probahilitv ttat a farmer (a househnld) wil?
tise fertilizers demends on the total size of farm lapd, number
of cattle, level of education of the househoid head, number
of farm imnlements, andl fomily size (children, adults) nosi-

tively and vith a houselicld's nop-farm income necatively.



COICY neyne

Ry avnothesizin~ that o farmer's Aemand 7~ vee ferti-
lizers is denendent on s bnuseholds Aemrerarhic and non-
demeocraphic (endowments) varisbles, we ammlied the concent
nf Nualitative Pesnonsc odels to studv the hynnthesis,

The demcgranhic variables are numher nf females aced 10-14,
number of males aped 10-11, number o€ males aced 15«54 and

number rf females ared 15«54 in a household,

The non-demngranhic veriables are level of education of
the hrusehold's head, number of farr imnlerents, number of

cattle, number of nlots, farm land size and ncn-farm income,

The follewine nmaraoranhs suprarizes the findings,

The exnlanatorv varishles satisfactorily exnlain na

evenchoueh there mav ba some variahles which 2re not included

here, Fxcent non-farm income all variabhles seem to affect

; s T . forme an ive
ths nrotability nositively, whereas the former has a neratlv

-

- L4 - +a "F -
sffect on fertilizer usage. This jndicates thet if a house

hold has earnines from noa-farm emnloyment, even if a person

is basically farmer, he has nc much devotinn to apriculture

Cavass oF mAay "\e
due to Several reasens., &nge of the Teasohs Wey

income from aericulture may not be satisfactery;

the farmer mav lack farm jmnlements inciuding cxen SO
chak o HabMolrent hiv'dau Bh’ contrace bRRIS:
1 . L4 B & et

t he nrofuctive;

nnc T n
i1i) the housecholds farm lond may T




n

iv) agricultural nrodvction in the repion mav re 21tered

[ =

due to man mada and v-tural rrehlers,

Usine the minimum, pean and maxipum valuas af ole
axplanatory variables we have tried te cenerate nrobabili-
ties, If a farmer has the mear values of the “entioned
explanaterv variahbles, the rrobabilities foun? tr be 0,44
in the case of nrobit and 0.58 in the case of larit mndel
which is around 0.5, This would menn that a farmer is less
1iksly to use fertilizers. On the other hanl using the
maximum value of the exrlanatery variables, the nrobalbili-
ties are around wnity. This is true for the three models.
Yowaver, taking inte account the case of nnnulztion rress
sore in Tthionia, it =may ne: be worthwhile to suorest an

increase in a househnld's fanilv size.

We alsn tried to gensrate nrokabilities for various
vaiues of the exnlanatery variables by keening demorranhic
variables and plots at mean values., This leads to an

ircrease in nrobabilitics 2s shown in Table 5, The case

~% nen-farm inceme seems to give a different result; how-

ever, we can conclude that if a farrer has thosa incen=-

tives the 1ast variable Las little to do with the orchabi-

ty cf fertilizer usage.

(=

1

: : j f fortilizers
%ipallv, since increase 1n the use n rtilizer

ig Airactlv rolated th incrzase in aericultura! nroduction
e L] > L 4 3 2|

§ . saa 4 jon tn ke self sufficient
an? which in turn imnlies - sclution t



= ]
L ]

ir food nreduction: ths rasults in this namer 12y be heln-

Ful fer molicy »akers "2 other rolated bodies ¢n ~ive mnch ‘

atientinn sc as to inticduce the anmrenriate incentives,
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APPENDIX A2

. logit y tarea cattle heduc eguipn tf1014 tml014 tei1554 t£1554 plots nfine

Table of fagit nodel estiuntes

Iteration 0: Log Likelihood =-453.43811
Iteration 1: Log Likelihood =-379.57588
Iteration 2: Log Likelihood =-~375.65993
Iteration 3: TLog Likelihood =-275.56144
Iteration 4: 1Log Likeiihood =-375,56136

Logit Estimatss Number of obs = 661

chi2(10) = 165,75
Log Likelinood =-375.56126 Prob > chi2 = 0.0000
Variable | Coeiffitient Std. Error t Prob > |t] Mean
-—-+ ------- - — - - .- - - - - e - -
y | .5597579
' tarea .0004842 .0005038 0.961 0.337 204.4508
Y cattle .1029535 .0375509 2.742 0.006 3.552194
heduc .0563409 .1505285 0.374 0.708 1.416036
equipn .1719782 .0263755 6.520 » 0.000 8.110439
tf1014 .024647 .1519106 0.162 0.871 .3403933
tml014 .2009337 .1513563 1.328 0.185 .3555219
tm1554 .110612 .0863016 1.282 0.200 1.553707
t£1554 .1126659 .0814943 1.383 0.167 1.393343
plots .172284 L0442 3.898 0.000 3.641452
nfincome -.0015563 .001309 -1.189 0.235 13.34144
_cons -2.622016 .3544543 -7.397 0.000 1
-—-_-.u_.._-+.—._.._.—-_--..-.—--¢-----—
. correlate, coef covariance
| '“tarea cattle heduc equipn tf1014 tml0l4  tm1554
________ +__*-_____~_.____-_ PRp————. - ——
tarea 2.5e-07
cattle| -2.1e-06 .00141
heduc! -4.2e-36 ~-.0N00476 .022659 Lk i
equipn| -~1.0e-06 -.000212 ~.000144 .
tf1014| ~1.7e~06 .000105 .001371 =-.000078 .023077 Lk
tni10i4!| 5.53-07 -.000131 .000202 =.000265 .000293 .
tm1854, -4.4e-07 =-.00017 .000327 -.000073 -.000974 -.ooo::; .gg;;::
| =3 4es 0 ; 3 .000048 =-.00134 =.001442 -.
tE1554| 3. eevos EROEIIE R -.000142 .000226 .000248 -.000378
nfincome| -9.6e-08 -3.1e-06 -1.8e-06 5.1€-06 096389 —.004311 -.008643
_cons| -8.0e-06 -.001878 -.030864 -.00366 =.
| ££1554 plots nfincome _cons
--...,‘____.____+-_-__-_--._‘__-__---_--—-—--"----------
tf1554 .006641 7
plots| .000096 .001954 —
nfincome Z.6e-06 1.2e-06 125638

_cong| -.006789 -.005125 -,000019



APPENDIX o

Table of probit model estimates 2L

probit y tarea cattle heduc equipn t£1014 tmiois EmlS554 tf1554 plots nfinc

Iteration 0 Log Likelihood ==453.43811
Tteration 1 Log Likelihood ==379.31799
Iteration 2: Log Likelihood ==375,99682
Iteration 3: Log Likelihood ==375.96906
Iteration 4 Log Likelihood =-175.96905
Probit Estimates Number of obs = 661
‘ : chi2(10) = 154,94
Log Likelihood =-~375.96905 Prob > chi2 = 0.0000
Variable | Coefficient Std. Error t Prob > |t] Mean
————————— +-—u——-————-—~n—-----—-——- - - -—--.———--_._—-----—---—.-.----
y | .5597579
tarea .0003064 .0003038 1.009 0.314 204 .4508
cattle .056031 .0215829 2.596 0.010 31.552194
heduc .0405927 .0904004 0.449 0.654 1.416036
equipn .1028105 .0153747 6.687 0.000 8.110439
tflo14 .0202649 .0893538 0.227 0.821 .3403933
tmlo1l4 .1035584 .0896121 1.156 0.248 .3555219
tml554 .0664252 .0514888 1.290 0.197 1.553707
tf1554 .0713783 .0487963 1.463 0.144 1.393343
plots .1043951 .0262593 3.976 0.000 3.641452
nfincome -.000°2718 .0007989 =-1.216 0.224 13.34144
_cons -1.576028 .2073301 -7.602 0.000 1
_________ +__- - [ESpS—— - - —————————————
- corr, coef covariance
i tarea cattle  heduc equipn tf1014 tml0l4 tm1554
———————— +..____..... - [rp—— - ——— - —————————————————— - ——— -
tarea 9.2e-08
~attle| -6.6e-07 .000466
heduc| -1.5e-06 -.000146 .008172 Aeedas
equipn| -4.4e-07 -.000089 -.000049 .
tf1014| ~7.1e-07 .000045 .000467 -.000011 .007984 .
tm1014| 5.4e-07 -.000079 .000054 -.000117 .000298 .00803
-.000036 -.000436 -.000083 .002651
tmis554| -3.2e-07 -.000062 .000124 ~-.
tf1554| -1.3e-06 000028 .000348 .000019 -.000431 -.000616 -.000713
plots| -1.3e-06 .000017 .000021 -.000059  .0001 .000015 -.000132
nfincome| -3.3e-08 ~8.2e-07 -1.l1e-06 1.8e-06 -2633:22 -i.g:;gg :?6;;936
_cons| =-3.0e-06 -.000438.~.011143 ~.001141 ~-. .
| tf1554 plots nfincome cons
________ +_____--__-_-_--___---.-----Dﬂ—---"---—
tf1s554 .002381 -
plots .000035 .00069 g
nfincome 1.0e-06 3.4e-07 .4e-
_cons| -.002433 -.001702 -8.1e-06 .042986




; APPENDIX C: Table of linear robability 56
g e G3] GOTInei e
tml01l4 i .AOC?JJ? 1513567 T I1.3ZETT™ 0.155 .3555219
tml554 I .110612 LUB63I016 1.282 0.200 1.553707
tf1554 | .1126659 0814941 1.383 0.167 1.393343
plots ' .172284 0442 3.8%8 0.000 3.641452
ni income ! ~-.0015563 .001309 ~1.189 0.235 13.34144
_cons -2.622016 .3544548 ~7.397 0.000 1
—— o — — Fm——————— 0 D i o " -~ —— — . . - - -
. reg y tarea cattle heduc equip tf1014 tml014 tmi554 tf1554 plots nfinco
(obs=661) -
Source | S8 dat Ms Number of obs = 661
e T ——— F( 10, 650) = 16.51
Model i 32.990285 10  3.2990295 Prob > F = 0.0000
Residual | 129.899266 650 .199545025 R-square = 0.2025
- " mawe - Adj R-sguare = 0.1903
Total } 162.889561 660 .246802366 Root MSE = _44704
; Variable | Coefficient Std. Error t Prob > |t Mean
| m——————— - —— —— e e - -
E y ! .5597579
| mem—————— e ———— —————— -
2 tarea ; .0000932 .000096 0.972 0.332 204.4508
cattle .0133185 .0055687 2.392 0.017 31.552194
heduc | .0091403 .0287009 0.318 0.750 1.416036
equipn | .0319031 .0045471 7.016 0.000 8.110439
tf1014 i .0008308 .0294025 0.028 0.977 .3403933
tml014 l .0425258 .0291611 1.462 0.144 .3555219
tmi554 ’ _ .0188775 .01614638 1.169 0.243 1.553707
t£1554 | -0240222 .0158395 1.517 0.130 1.393343
plots I .0363017 .0086484 4,198 0.000 3.641452
nfincome * -.0002488 . 000196 -1.269 0.205 13.34144
_cons ! .0145863 .062103 0.235 0.814 1
------- --+-___---_—_-._.—_..___.--_.._--—.n - —
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