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" INTRODUCTION

In demographic practice, two main categories of data are
encountered} Variables such as age, income and number of chil-
dren per family can be measured quantitatively on an interval
scale. A unique numerical value is assigned to each individual
observation, and so they are called quantitative variables.
Other variables such as the level of éducation, the marital i;t

~status and the attitude to a specific issue provide a.classifi--

cation of objects into categories which describe the qualities»

possesed by each object. They are therefore called categorical
or qualitataive variables.

Both types can be further classified. The quantitative '
variables can be either discrete or continuous. For a discrete
variable, the set of values that the variable can assume is
finite or countabley infinite and the values are ususally in-

tegers e.g the number of births per woman, the number of years

that elapse before a member of a blrth cohort dies. The contln-k
-uous vaiable is one with an uncountable infinte set of p0551ble

valusetxmt&smd°®1n a closed 1nterva1 of the real 11ne1 e inte-

‘“ger non- 1nteger values. Examples of such variables are age and

A

1ncome. o

On the other hand qualltatlve varlables can be of two

: w
types. Some are such that thie values, for a parlcular ‘suvey.

‘unit are determlned in advance by the 1nvestlgator. For example

the‘researcher may choose a group of women that will attend a
femily planning educational programme and those who will be
used as a control group in a project e.g aiming to examine the
effectiof a ' family planning educationei programme .on the prevel-
ance of contraceptives. Similarly, the distribution of the
number of births per woman caﬁ be'studied ‘seperately for three

groups of women : those With no education, primary education,

secondary education. In both these cases, the total

number of observation for each category are determined
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Since every individual in the sample must belong to one, and
only one, cell in the contingency table, the simplest analysis
would aim at the estimation of the cell probabilities pij pij SuS?

t%at:ZTPij= 1 under a specific hypothesis.

The Model

The aim of the analysis is to examine how the probability
of an observation félling into a given-cell depends on the relation-
ship between the variébles, a relationship specified by the model.
In the examplg given above, the aim of the analysis would be to
understand the relationsﬁip between the wife's education and the
attitude to family planning because this relationship determines

the probability of an observation falling into one of the cells

of the table.



+ 'I'hne model must imply some hypothesis about pij and the estimat
‘probablllty will be denoted by Pj ij which when.multiplied by the
number oflindividuals in the sample will yield the expected frequeﬂ
cies in the cells of the contingency table (u ) such that

uij= nle I EEEEEEE I ooooooo-ooo.oo.ooooooooo(l)

The estimates (uij) are called the fitted va;ues. To test
the hypothesis we examine the agreement betwéen the observed cell
frequencies ("ij) with the fitted values{uij)
Generaliy we are interested in the 'null hypothesis' i.e

no-association bétWéen‘xlaﬁd“xz.”Ip fhé above example presented in

~table(l)we would be interested in testing whether family planning
is more acceptable among educated women than amoﬁg non educated
womehw Under the null hypothesis the probability of an observatio
falling in category i of X, is independant of the probability of
‘fal;inélin’category j of Xge This means that the probability of
a woman héving a favourable attitude to family planning is fixed
irrespeétive'of‘her level of education. Therefore:

P. . = p p ooo-ooooo--.oooéo.o-oo-ooooooooooo(Z)-

lJ l‘ OJ
-and since uljv = np, ij ¢ u,, = npi._f u».j f np.j
therefore uij = ui. Uj./ n o‘ooo.oonooo.o‘oo.oo(B)

| The above equations specify that in the population; the proba-
'bilityAdf an indiv;dual falling ih’the ij‘th cell is the product
of'the»marginal probabilitieé.‘ However a mofe convenient model
whlch would correspond to these used for the analysxs of variance,

is the addetlve mode].Wetcan creatoanuaddlt&ve wodel by tking the

Jn*

natu,ral ngantblP-S‘i of t,he‘above equatlons and we find that,
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~log Py = log p. + log p .- .;..ﬂ...;....= ...... s R B SN E (4)

ij- i« « 9
and © log _uij = log u, + log u.j - JOg B senwsssszsssg (5)
"Summing (5) over i and dividing by a
-2 - i e T » 3 L

l/a ; log e = 1l/a 7 logru, +K;og u_g log n = ej «xuB)
Summing (5) over j and dividing by b .

1/b 2:%'109 ulJ = log u, o+ 1/b Z:: log u g logn = ©;(7)

. 14

- Summing (5) over i and j and leldlng by ab

1/ab 3 og uij = l/aézgllog uy +l/bzzg;log_u j - log n =6 L8)

Since we define

So that 6 is the average of. the logarlthms of all the expected
'cell frequenc1es 'ei is the average of the logarlthms of the expected
cell frequenc1es in the category i of Xy (b cells) and eJ

is the average of the logarlthms of the expected cell frequenc1es

in the category 3 of x2 (a cells)

thus, . _

®, - © = logu, - 1l/a<3 log W3¢ 55 =;f.r...f.,.. ....... (9)
and e

9y =8 = Jegu 4 - L/ = lsg ot Y - R (10)

SHDSLituting ToE log Yi. and log u jin (5) by (9) and (10) we have,

_ o< Z v _
log ulj = 1 + 1/a i log u, o+ ﬁ% + l/bjg;log u.j log n
and using equation (8)
= X
log uij = it f? +. ©

note that _~>_ O<—i = /B
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- 7‘. . o.ooo-oou‘noooooo-ooo(ll)
or log uj, & + <7 + F? |
This formula is known as the log linear model for the expected

frequenciés uij on the hypothesis that xland X, are independant.

The Similarity to ANOVA

The log linear model is clearly similar to the problem of
the analysis of variance ANOVA. They are both a simple additive
model where a dependent variable 1is split into additive components
representing an overall mean and main effects. We can thus think
'of”Q.as fhg"overallAmain effecp', whilg”fffi. ifMFﬁg main effect
of the i th category of the variable’xl and /? as the main effeéé
of the j th category of the other variable Xy - It is clear that
the main effects parameters ( CK-énd fg ) are measured as deviations
of the means ( of the marginal totals of the log frequencies of
the rows or the columns) from the overall mean ©. The above model

is in terms of the expected frequencies ui.and - as mentioned

 before- is based on the assumption that X, and x, are independent.

To apply the model'we need to estimate these expected frequencies
and the parameters in the model. For example the logérithm of
the expected frequency u,, ( the first row and the second column)

and the associated parameters 0,"% and /g. Where © i1s the average

of all the’logarifhms of the expected cell frequencies,<>§ is the

difference betwéen the average of the logaithms of the cells of
cateébfy i (for xl) and ©@,and ﬁ% is the difference between the
average 6f the Iogarighms of the cells of category 2 ( for:xz)

and © ..The maxiﬁum likelihood estimation for log linear models

( Birch ; 1963)‘shdws that:
qu n; n.j/ n ceeee _ (12)

On the other hand, if X, and X are not independent, the asso-

ciation between the two variables means that the frequencies in

.the cells will be affected by the combination of xl_and X, categories

1i.e (i and"j). ' Again, as in ‘the ANOVA situation, this means that
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the probability of an-individual having a certain attitude to family
‘-planning_Véries according to her level of education. The full

‘'model will take the form

= o< : b/ |
log ugy = e + ] +/‘§)'i-k‘ {j cueoEsvmusaeEss ceeesa(13)
Where Bf. is the interaction parameter for categories i and
| Yy .=y ' |
j such that i %4 = 5 iy = 0.

The new model contains(ab) unknown parameters[l+(a—l)+(b-l)+(é—l)(b-l)]
If the model is fitted to the a*b ohserved frequencies of the con-
tingency table a perfect fit is expected and the model is called

© a 'saturated' model.

Subseéuently, we need to test the adequacy of the suggested
model for the observed data( To test the null hypothesis between
xlapd X, it is enoughﬁ?f'fefﬁ‘yheth?#.‘A?£j=—9..“£or all E_ipd
.j in(lj) since- in this case- the modél becomes that expressed
in (11).

'However, in the context of coﬁtingeﬁcy table analysis - in
contrast to ANOVA- the values taken by the 'main effect' parameters
are of little concern. The estimation of the interaction effects
is more important because it is useful to identify the categories
 responsible for any departure from indepéndence. In the above
example we should be interested to know which level of education
is more effective i.e affects the probability of falling in a spec-
ific category of the other variable (attitude to family planning).
this is a cénsiderable gain in knowledge than to know that the

two variables are simply not independent.

It is clear that the aim is to find the model that best fits
the data (sample variability taken into consideration). We can-

therefore- fit several models where one or more of the parameters

24



(e o<, [3 b/) are set to Zero. . Flnally we choose the best
model u51ng a test for the goodness of flt based on a comparlson
between the observed frequenc1es and those expected under the spec-
ific modelf »'For_each modeljthe number. of degrees of freedom is
'determined_by thebdifference'between'the’numher‘of cells in’the
tableband'the number of lndependent parameters. ' The goodness

_iof flt_of.the log llnear ‘model can be tested by two common summary
statistlcs.A »These are the classical Chi square c};» statistic

and the log likelihood statistic D ( Nelder and Wedderburn 1972).

To .test a particular term, one should fit a model with and
without the‘relevant term and then examine the resulting change
.in_the goodness of . fit. Higher order terms may not be included

unless the related lower order terms are included

:.There are?several computer.packages that include log linear
‘procedures;_ For example the LOGLINEAR precedure in SPSSX models
cell frequenc1es and produces max1mum llkellhood estlmates of the
parameters and a very rlch output whlch 1ncludes 9{1 and D statis-~
-tics. - The researcher needs to spec1fy the variables to be included
-'1n>the analys1s and to spec1fy the model or models to be flt (see
'the SPSSX manual) . The flttlng algorlthm alms to find the parame-

| ttersa that assure that marglnal dlstrlbutlons of the observed
4and the predlcted frequenc1es are almost 1dent1cal. The itera-
rtlve flttlng procedure is monltored by watchlng the ')(%
»statlstlc.‘The LOGLINEAR procedure 1s thus deflned as "a
'.pgeneral procedure whlch does model flttlng; hypotheSLS testing,
dm and parameter estlmatlon for- any model that has categorlcal

' VarlableS'as 1ts maJor components" (SPSSX User's Gulde)
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An Apbliéation:lLife'Tables with Covariates °

The llfe table approach is of partlcular 1mportance in demog-
raphic analy51s. In addition .to its c13331cal value in the study
of mortality , it has been recently aphlied to the study of other

.demographic,evnets e.g'the study of-birth intervals. This appli;
cation was'introduced because life table analysis is particularly
suitable for dealing with censored data (Khalifa,'1987) and therefore
both opem and closed birth intervals can be included in the analysis
of survey data. By forming such life tables for each birth inter-
ual, summary statistics can be calculated that prov1de a descrlptlon
of the process of tran51tlon from one parlty to. the next. B(60)

or the qulntum { the proportion of women who proceed to the next
parlty w1th1n 60 months from the last) is used as a measure of

the quantlty of fertility while (T) or ‘the- trlmean is deflned as
T-?(T25 + 2?50 + T75)/4 and 1; used as a measure of the tempo of
transition (Kha%ifa,l986). The two measures may be calculated
for.subgroups of the population and may.be”used-for the purpose

of comparing fertility behaviour among themve;QLhYﬂthe'mcther's

age, by her”education...etc. (Khallfa and ‘Shadad;, 1986) it is

:s‘the construc—

Xercise ]

clear that the startlng point for such an’e
tion of a seperate llfe table for each ‘of the subgroups of the

populatlon,m:

However the results remaln unsatlsfactory for examlnlng the
determlnants of the concerned probabllltles.;jjThls is because
the populatlon can be divided into a few subgroups before the number
of cases become too smal; to allow for the construdtion of a seperate
life table and for reaching a meaningful analysis., It becomes

impossible to consider e.g age, wife's education and husband's

education simultaneously. If each of these variables is divided
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_into fonr'Categories, the sample will contain 64-snbgroups and
“each willicontain a small number of cases. The number of cases
will decrease as the number of variables and categories‘increase
and the analysis becomes limited. . Since our goal is to discover
similarities_and_differences this limitation becomes a serious
disadvantage ofvthe tabular'approach.: Therefore the attempt to
examine the determinants of mortality ( or birth interval) by compa-
ring life tables becomes very .limited, in the sense that no more
than'two or three factors can be used at the same time.

A-more recent method is now available that permits the
simultaneous.analysis of life tables with covariates. The method
hdepends on formlng a hazard model in whlch the rlsk(hazard) of
death (or of hav1ng a subsequent blrth in the case of blrth 1nterval
analy51s) is not ‘the same for all 1nd1v1duals but is dependent
on other factors (covariates}). 'The aim becomes to determlne the
form of the relatlonshlp between the life table probablllty -as
va-dependent variable - and the other varlables that are believed
to affect the probablllty e, g the age of the. mother her levei
of educatlon the.type of place of re31dence...etc.‘h Since the
'ddependent varlable 1s a probablllty ( 0<p<l) the’use of ordinary
hregres31on analy51s is not valld.-f ThlS 1s because’linear probabi-
..llty models (mOdels that relate the probablllty of an event to
a serles of exogenous factors in'a llnear fashlon) are often un-
reallstlc 'and attemps to estlmate‘such models by Ordlnary Least
Square methods based on 1nd1v1duallobservat10ns qulte generally

‘lead to biased and inCohsistent eStimates( Hanushek and Jackson,

1977).
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A

ATl each duration (x) in a bircle.intewal life table (e.g
months since birth), a mather'is at a risk of QLXHDQ the interval
by having aﬁo'therjbirth this risk is A major assumption of the
ordinary life table is that all individuals--at durationlx; are
assumed to have the same risk g(x). Life tables with covariates
relax this assumption. Instead, the fisk is assumed to vary among
individuals accordiqg to their characteristics even th-ough they
belong to the same duration category, and a contingency table
situation arises. Thus, the risk of closing during the month (x)
for a woman_witb a characteriéfic_(i).is qi(x) =.p(x) * Ci(x)'
weher p(x) is the probability of élosing after x months shared
by all individuals and Ci(x) is a specific multiplie; associated
with the characteristic 1i. If‘Ci(x) is greater than one, the
indinﬂmlsw with characterristic i will have a greater risk and
if Ci(x; is less than one, there is a lower risk fd; individuals
in group (i). The multiplier Ci(x) is called a propértionaLity
factor. |

A more convenient mathmaﬁical.fmﬁbfis~a‘log'linear_model
such that, | o o |
log q;(x) = log p(x) + lOg.Ci(X5 ......,if,f;.;;........,.,(14)
In case we consider sevérai chariatés’Simultaneously'we
can define | |
log C(x) = b,%,,(x) + bR 4%) FaluuafB Ke® (Whasannessessns(15)
where Xij(x) is the value of covariate j at dupation (x) for .
individuals in group (i) and pj;is thé coefficient that meaéures
the effect of that covariate on the log of the baseline risk
[log p(x)] the mode;‘says that the log of the risk is the sum of
a constant [log p(x?i and an effect of being an individuél with

characteristic (i).
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"The b's (effect éstimaées) can be:interpreted similar
tq'thé coefficiénts in atxaditﬂxﬁl _regressioh analysis. -
For_éXample.if the covafiate is the level of the mother's
educafion and the‘corréspohdingbb value is negatlve then -

_ the 1og risk of closmg the mterval after x mont:hs would decllne
"llnearly as the mother‘ s level of education increases .
) The‘techniques for estimating thé parameters of the model
are based on finding the péfameters that maximize the likelihood
ko? the log- likelihooa function) and theréfofe maximize the
probébility of observing the outcémes'that did occur ( i.e
fhe.observed data). In this case we become in a position
- to determine.fhe preferred model i.e the most suitable model
fof déscribing the observed data. As mentioned before several
‘computer péckages are available using this approaéh and yielding
" the pérameter esimates and thus, allowing the formation of
the releVant life tables. 'For.a detailed description of
the estimation procedure see for example (Trussell and Hamm-
erélough; 1983). In addition to the construction of full
life tables, one can usevthe‘estimated‘parameters to assess
.relative risks of closing( i.e the ratio of two risks).
Usually, we would be interested in knowing the relative risk
_Qhen'all other factors are held constant. Ié is ususal in
a,éémpﬁter bﬁtput to provide the'paramefer estimates in relation
itb ifs'first'category of the variable. ‘ﬁor example, in a
‘progféhme ekaﬁiniﬁg the effect of *mother's education' on
the‘pfobabilitylsf(ﬂDSﬂg the hménml w1th1n a specific duration
- e.g q42 months dnd in which ‘mother s educatlon' is a factor
dly;ded 1nto four catego;xes [none,-prlmary, seccondary, uni-

I

bvetsityLJWe shall find available three parameters that express
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the risk in each category in relation to that of the grand mean.
Suppose the three parameters are -0.142, -0.223 and -0.321. This
means that being a_@oman with primary education, the risk of
closing at duration (x = g-12 months) is exp(-0.142) = 0.87
times thaf of a none educated woman (the grand meanr). For a
woman with secondary or university education, the risk of tlosing
at duration (g-12 months) is 0.80, 0.73 times that for the none
educated woman respectively. All of these estimates are valid
as all other variables..are considered-constant i.e they present
the effect of mother's education on the risk of clesing a birth
interval irrespective of other varibles e.g father's education,
type of»place of residence ... etc. In this way) the researr‘;
cher can determine the size of the effect that each variable have
on the probability seperately. ’It‘beégﬁés also possible to
compare variables. The researcher_¢aﬁ'arriVe at answeres to
guestions sUcﬁ as "which factor has theviargest impact on the
esimated risk of closing a birth interval . For a detailed
application of the procedure see for example (Rodriguez et al.,
,1984) . The authers were able to demonstrate that life
tables with covariates con be easily estimated with standard
computer packages designed for the analysis of contingecy

tables.
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VExample of aloélinear analysis of a birth interval

(i)Objective

The aim.of the analysis is to examine the determenants
of the fifth birth interval in Sudan i.e the transition of
women from the fourth to the fifth birth. This interval
is of spec1al 1nterest in Sudan as it is at this stage that

some women start to use contraceptlon.

Aggroaéh
‘In a previous paper, the life table approach has been
used for the analysia of bitth intervals for subdfoups of
the population ( Khaiifa and Shadad, 1986). The approach
was found useful as it allows for a sequential e*aminat;on
i.e'seperate analysis for each birht order. The-results showed

' parlty related differences in the speed and quantlty of tran-

sition as well as dlfferences between socio economic groups

i-.of the populatlon. However, these results remaln unsatis-

1

factory since 1t has not been p0551b1e to conSLder several
factors 51multaneously e g age trend education, place of
Vre51dence L..etc. Thls 1s because the number of cases avallable
for the constructlon of seperate life tables { for each com-
b1natlon of characteristics) becomne very small_-'as the number
of variables increase.
| The logllnear method is one method that allows for the
analy51s of llfe tables with covarlates. When all the cova-
‘rlates.are categorlcal‘ln,nature, the analYSis of contingency
tables_become’snitable and.the_pse of computer programmes
anch‘aa LOGLINEAR‘fOr.fitting medels become convenient.
. The dependant varlable is a dlchotomous variable reflecting
‘ whether the woman had a flflth blrth during a spec1f1c duration
segment ‘or not and the 1ndependant varlables ‘are those socio

?economlc and_lntermedlatevvariables that affect fertility.
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"(ii)The Dpata

‘The data used in this example are from the WFS survey
of Sudan conducted in 1980. The covariates used are those
available in the survey and are related to the process of

reproduction. They are all divided into a small number of

categories. These covariates are !-

(i)Length of the previous interval

It is believed that the length of an interval is assoc-
iated with the length of the previous interval as they are
both dependant on certain couple specific fertility behaviour.
The categories of this variable are : (less than 20 months
i.e short),(21 - 30 months i.e medium), (31l+ months i.e long).
.'(2)Period_”

This a trend variable that referes to the éeribd of time
during which the intervalrwas started. The categories are:

(1959 - 1963) (1964 - 1968) (1969 - 1974).

(3)Age of mother at the start of the interval

This variable is a major demographic variable associated
with fertility behaviour. The categories used are:

young (15 - 22) , medium(23 - 26), 0ld(27+).

(4)Survival status of the birth initiating the interval within

12 months of its.birth

The death of an infant is known to have an effect on
the risk of having a next birth. Phis variable is categorized
into : (dead), (alive).

(5)Place of residence

This variable includes (urban), (rural).

(6)Wife's education

Due to the small number of women in educational subgroups,

the variable is divided into : (none), (some)

32



,7)Husband% éducationi

Again_this variable is diViﬁed into (none), (some).
Tﬁe“full description of these variables and their importance
in tﬁé differential study ;f birth intervals are available

elsewhere ( Khalifa Nagieb, 1989) .

(iv) the Model

Having chosen the seven variables and their categories,
the next stép is to choosé the suitble model. The input matrix
éonsisﬁs-of the records of the women subjected to the risk
of héving a fifth birth at the start of a specified duration
segment of time after the birth of ‘the fourth child. the
segments —in months— are specified as (9-18 , 19 - 24 , 25—30,
© 31 - 45 ;'46”; 60). this mean§ that the analysis is repeated
" five times,vahd in each time the number of women subjec£ to
tﬁe risk is reduced by the number that have had a fifth birth

~ within the previous duration segment. The number of women

entéring each duration segment is presented_in.table\z.

Table 2 the nubber 6f women subject to the risk of having

a fifth birht at the begining of each duration segment

Duration 9 - 18 19 - 24 25 =30 31-45 . 46-50
B 1078 829 { 585 387 T77
percentage 100 . 77 54 36 16

.SeQeral models were fesfed that include the main éffeété
model and modeié.with'first ordér interactiohsﬁi The process
of selecting a'sﬁifablé'model was done systematically by
'first.specifying the model, then applyihg ghe,LOGLINEAR proce_
dure of SéSSX; 'As mentioned befére thé'prbcedure provides
a sét‘§f fitted'frequengiés and‘measuré the goodness of fit,
that allow the séleCtiph-of the best modeivﬁhat fits the data
i;é&?;oduces expected ffeqﬁencies tﬁét are close to the obse;véd
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. freéuencies. fhe goodnesé of fit statistics showed that the
main effects model ( expressed by equation 11) is a useful

: tN
model -to examine ( has the least value of X_).

(v)Results from the main effects model

Table 3 presénts the results of the analysis of the
proportions havind a birth within a specific duration segment.
These results are provided by the output of fhe LOGLINEAR
prbgramme in the form of parameters. They represent the
‘effect' of being in the specific category relative to the
baseline category (the grand mean). The positive effects
estimates indicates that the risk.of closing the interval
is higher than that given by the constant term, a negative
estimate indicates the opposite. This was explained before

in eguation ‘15,

. Table 3: The parameter estimates of the main effects model

variable/ Duration Segment

category 9 - 18 19 - 24 25 - 30 31 - 45 46 - 60
Grand mean -0.63 -0.524  -0.24 -0.10 ° -0.24
L short .25 - 05 e\ =l 7 -.09

L medium -.24 ' .18 -1.35 .09 +13

L long - -.01 _+~.13 1.52 .08 -.04

P 1969-74 .07 = 5l w07  esbd -~ 01

P 1964-69 -.03 18 — .09 =31

P 1959-64  -.04 . .07 -.06 A8

A young .10 - -.07 -.01 «19 -.14

A medium o 05 w5 .13 .13 -.12 .27
Aold  -.15 - ~06 ° .13 o g 0, » -.03
"I died .36 .03 .19 =18 .03

I alive’ -.36 -.03 -.19 .15 -.03

R urban .11 -.14 =g ld -.05 -.03

R rural -.11, .14 ) .11 .05 .03

W some .03 -.09 .01 -.08 .07

W none -.03 .09 -.01 .08 -.07 .
B some . - -.01 17 .07 -—.61
H nane _ ‘th, s T _ Oi— Y




"The parameters ( coefficients) are interpretable as the
“log of the odds ( expected frequencies of those who experienced
a fifth birth / expected frequencies of those who did not).
The parameters can be uSEd to calculate the proportion of
those who experienced a flfth birth 51nce (proportion =

odds/ 1+ odds).

-:ln table 4 the parameter_estimates'are converted to relat-
;ive risks'(antilogs)'- The ekponentiated.effects are easier
'to;understand. they can be interpreted directly as risks
relative to the exponentiated grand mean and hence as 'relative
.risks', _For all factors the risks are presented as relative

to the last'category'of each factor. the 'relative risks'
;reflect_the,risk'of being'in-a specitic“category‘of;tHE"variable

fwhile all other variables are held constant.

Entries'in this table ‘can be used to calculate any-relative

..-—ak reguired For example relative to the base category :

K last category of each factor) women who have had their

tourth birth Since 25 30 months, whose previous birth interval
was short who are 23 26 years old at the’ start of the interval

in 1964 69 whose fourth child survived to age one, who live

in an urban ‘area, are educated and married to educated husbands :
| have a:relative of (1500ﬁ 0.84* 1.14* ].00*'0,90* 1,01* 1.19) =

S iodc o |

. To obtain thoir estimated absolute risk we multiply by

the exponential of the grand mean parameter in table 3 i e

" (exp =0. 24= 0. 78d) 'I‘hen the absolute risk = 1.04%0. 783=0.814
“compared to the base line oategory of 0. 783.. this means that_'
‘i—on the average- the risk of closing a fourth interval is s

0. 783 but for women of the above characteristics the risk

is o 814. The risk (odds) can be translated into a proportion

.
o - .
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( 0;814/1.814 = 44, 9§)u The expehted proportion of women
wlth the specified characteristlcs who will proceed to the

flfth birth within 25-30 months is 44.9%.

Table (4)Relative risks in the main effects model

variable / Duration segment
category 8 - 18 19- 24 25 - 30 31 - 45 46 - 60

TX =T FZT” HH >>> WU rrec

Grand mean 0.532 . 0.592 ° 0,783 0.905 0.787
short 1.28} 0.95, 0.84,, . 0.84 0.91
medium  0.79" 1.20" 0.26 1.10 1.14
long 1.00 - s ’
1969 -74 1.07 0.75*"  o0.93 0.97 - 0.99
1964 -69 0.97 1.13 - 1.00 - 1.09 0.90
1959 -64 : 1.00
young 1.11 0.93' - 0.99 - TIyZm* 0.7
medium  1.05 1.14° 1.14 0.89 1.19
0ld . 1.00 :
died | 1.44™" 1.03 1.21  0.86 . 1.03
alive . "1.00
urban 1.12" 0.87"  0.90 0.95 0.97
rural ' 1.00 .
some 1.03 0.91 1.01 - 0.92 1.07
none _ ' 1.00 ;
some 1.00 0.99° 1.19™" 1.07 0.99
none 1.00 ’ '

Significance:_ * at 0.95 , ** at 0.99 )

L:length of previous interval ; A: age; I: infant mortality
P: period , R: residence; W: wife's educatibn;'ﬂ: husband's
education. o ‘

{vi)discussion

The columns of table 3 show the relative importance of
a determinant on the probability of experiencing a live blrth

in a specific segment. the'rows show how the effect of each
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.factor varies from one segment to another. It seems that
-COntrolling for other factors- infant mortelity andlthe length
of the previous birth interval are important factors affecting
the risk of transition‘to the fifth birth. Also, the place
of'residenoe and the husband's education are of some importance.
This'fs~ indicated by the statistically significant coefficients.
These factors act‘on the risl of having a fifth birth as follows

(1) Length of the previous interval

Having a short fourth interval increases the risk,of
experieneing a short fifth interval. Also, a medium.fourth
interval is assooiated with a short or a medium fifth interval.

The strond effeet of length of previous interval was observed
by other researchers e.g ( Trussell et al 1983, Trussell et
“al 198%). It has been sugqested that this effect is related
to couple spec1f1c behaViour which includes breast feeding

practice, contraceptive use, fecundability and coital frequency.

(2)Survival status of the birth initiating the interval within

12 months‘of its birth.

The results show thet the deeth of the'fourth birth before
reaching its first hirthday is éssociated with a rapid birth
of a fifth child This relationship reflects'the effect of
‘breast feeding on the rlsk of conception.v»the early death
_of the fourth birth causes sudden ending of breastfeeding
»which leads to a shoftvpost partum ammenorrhoea and a rapid
eoncebtion.. .Table‘3 shows that the risk of haying a fifth
birth:nithin-9—lé months after the hirth of the fourth child
is 44% higher‘when that child dies in.infancy than when it
continnes to live after age'one.' As mentioned before this
1s due.to the sudden termination of breast feeding ‘The

difference is also ‘'significant at duration 25-30. The reason

.



‘beﬁind this éoﬁld be a desire for replacement . Otherwise,
iﬁ seems fhat after 30 monthsl the risk of gaving a fifth
birtﬁ'is not .dependant on the survi?al status of the fourth
birth.

(3)Place of residence

The results show that the risk of having a £fifth birth
within 9-18 months 6f the fourth is 12% higherbfor urban women
than rﬁral women. Again,»this méy be felated to breastfeeding
préctices. It iS'known_that4urban-women ténd”to“bréastfeed
for shorter durations than rural women. It seems that contra-
ceptive use is not acting in the expectéd direction immediately
after the fourth birth. However, the éffect of early use
of contraéeptives is evident in the second duration segment,
:when the risk ié lower for'urpah women. On the other hand
there‘is no significant différence at the higher dﬁrations.
This is an'indication that the use of contraception at this
stage , by urban women, 1is for the‘prupose of delaying the

£ifth birth.

(4) Husband's education

The table shows that the risk of having a fifth birth
(within 25-30 months of the fourth) is higher (by 19%) for
women marriéd to husbandé with.some educatidn, than for those
with no'eddcation. The result is indicative to the preferenée
of suéh families to delay the fifth birth, in’contrast with

families of none educated husbands.
Geﬁerally, having such a small number of statistically

~significant parameters shows that the factors used are not

effective in creating fertility differentials in the Sudan.
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Conclusion

The paper has discussed the recent use‘ot loglinear models
in the:area of demographic.analysis. The technique is conve-
nient because it is related tqbthe.analysis of contingency
tabiesh for which’Several simple computer programmes are
avaiiable.’ It is of special interest to demographers as it
allows the examination of the.effect4of several determinants
simuitaneously. This.examination has been difficult using
other techniques (e.g life tables) because’of the small number
of cases in each cell when the number 6fwbar1a5ieeubecome
-large. However, the contingency table approach is only
appropriate-for categorical covariates only which may reetrictﬁ
'the analysis , if_the‘researchet wishes to include continuous

variables.

1Tne.111ustration we ﬁsedkdemonstrates the procedure and
shows the ablllty of the technlque to 1mprove our understandlng
of the mechanlsm of fertlllty dlfferentlals u51ng individual

rl 1nstead of aggregate— data.» It has shown how each variable

raffects the process when all other ‘variables are held constant.
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