
Chapter III

THE MULTI-LEVEL APPROACH: THEORY AND CONCEPTS

Albert I. Hermalin*

A. OVERVIEW

1. Definition and background
Multi-level analysis is a strategy for combining infor

mation from more than one levelof observation in study
ing the determinants of various forms of behaviour. A
basic tenet of social science is that people's behaviour
not only is influenced by their individual goals and
characteristics but is shaped by their social and
economic environment. Multi-levelanalysis, by combin
ing elements from both levels of social reality, permits
greater concordance between the theoretical views and
the models employed for studying behaviour.

Multi-levelanalysis, also called "contextual analysis",
has a long tradition within certain subfields of social
science, such as voting behaviour, school performance
and social deviance. I

In recent years, there has been an upsurge of interest
in contextual or multi-level analysis in population
studies. This may be seen as reconciling major themes
within the field and building upon valued traditions
within social research. One important theme in popula
tion studies, the demographic transition, views changes
in fertility and related behaviour as emanating from
large-scale societal transformations, such as urbaniza
tion, rising literacy levels and movement from an
agricultural to an industrial economic structure. In addi
tion, in many countries there have been structured social
interventions to influence various aspects of demo
graphic behaviour, as through health and sanitation
programmes, family planning programmes and land
development schemes. Another theme may be traced to
the growth in the power and popularity of survey
research, which has permitted the collection of detailed
information about individuals and families and which
has prompted a number of influential models about the
manner in which individual characteristics influence
demographic behaviour.

Attention to contextual analysis recognizes that both
types of factors playa role and attempts to reconcile the
disjunction between over-reliance on the individual or
micro approach, or on a macro approach that focuses
unduly on the environmental factors. As such, multi-
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level analysis has found application in studies of mor
tality (Rosenzweig and Schultz, 1982), migration
(Findley, 1982;Hugo, 1985)and fertility (Entwisle, Her
malin and Mason, 1982). It is particularly suitable where
explicit programmes have been instituted to influence
behaviour. In these cases, it is clear that response to the
programme can depend upon specific features of the
programme, characteristics of the targeted population
and other aspects of the social environment. Multi-level
analysis permits one to assess simultaneously the impor
tance of various programme features and other factors
influencing the behaviour in question. In subsequent
sections, attention is confined to the use of multi-level
analysis in studying aspects of fertility and evaluating
the role of family planning programmes, although much
of the discussion is applicable to other types of
behaviour and programmes.

2. Advantages of multi-level analysis
There are several advantages to pursuing programme

evaluation from a multi-level framework. They are
briefly enumerated here and taken up in more detail in
appropriate sections below.

The major advantage has been noted above: by com
bining programme elements with characteristics of the
targeted population as well as other aspects of their
social environment, multi-level analysis is more likely to
identify the full range of factors impinging on fertility
than analysis that is strictly micro or strictly macro. By
the same token, the question of family planning evalua
tion is properly placed in the broader context of the
determinants of fertility.

As a technique for programme evaluation, multi-level
analysis does not impose a standard set of measures to
be applied uniformly to each setting, as is the case with
several other approaches. In designing a multi-level
analysis for a particular country, it is possible to achieve
closer collaboration among policy-makers, administra
tors and researchers so that programme and community
factors unique to each country will be incorporated into
the analysis, and results of direct policy relevance are
more likely to emerge.

From the standpoint of programme administrators,
the multi-level strategy can provide guidance about
specific features of their programme. It\ allows for
analysis of key programme factors while controlling for
the individual and community characteristics also
known to affect fertility-related behaviour. As a result, it
can provide insights similar to those derived from ex-



perimental design, by combining aspects of operations
research with careful statistical modelling.

The structure of multi-level analysis makes it highly
cost-effective. Given the existenceof a survey, the macro
data of interest can usually be collected at small cost. In
some cases, the necessary macro data may already exist
in administrative records and censuses. Even where new
data are required, they need to be gathered only for
those localities which served as sampling points in the
micro-level survey.

3. Basic representation of multi-level analysis

It is useful to conceptualize multi-level analysis as a
two-stage process, although, as will be clear, actual
estimation does not necessarily proceed in this manner.

At the first stage, one has comparable data on in
dividuals in a variety of social settings, which may be
countries or communities within a country. At this
stage, interest centres on representing the appropriate
dependent variable (e.g., use or non-use of contracep
tion) as a function of individual characteristics (i.e., the
independent variables). Assume that a regression equa
tion to estimate the effect of each independent variable
has been carried out in each setting. This will yield a set
of parameter estimates (intercept plus regression coeffi
cients) for each setting.

These estimates will differ across settings. If the
between-setting variability is slight, then multi-level
analysis is unnecessary. Usually, however, the para
meter estimates will vary considerably across settings, in
which case interest centres on understanding the
variability. Is it merely random fluctuations around a
single set of coefficientvalues that hold for all contexts?
Or is there also a systematic component to this variabil
ity? Answers to these questions can be obtained with a
second level of analysis, in which the regression para
meters (not their estimates) of each context become the
dependent variables of interest and the independent
variables are the relevant social-setting characteristics.
Finding differences in the regression parameters across
settings is equivalent to saying that the individual in
dependent variables interact with the social-setting
characteristics, since their effect varies with the level of
the macro variables. And, depending upon the exact
specification, it may also be saying more, such as that the
micro parameters depend upon other setting character
istics.

The foregoing process can be represented by a series
of equations which further illustrate the process and in
troduce several additional considerations. For simplic
ity, it is assumed that the dependent variable is affected
by only one individual characteristic and that the regres
sion parameters are affected by only one social-setting
characteristic. Extension to additional micro and macro
variables is straightforward:

Yik =bOk + blklik + eik; (1)
bOk =Co+ dOCk + aOk; (2)
b l k =CI +dICk+alk; (3)
Yik =Co+ dOCk + (CI +dlCk)Iik + (eik + 00k + 0lk1ik); (4)
Yik =CO+ dOCk +cllik+ dlCklik+ Uik)' (5)
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Equation (1) represents the individual-level equation
in which the subscript i denotes individuals, and the
subscript k denotes communities or social settings; I is
the individual explanatory variable, bo and b, are the
regression coefficients (intercept and slope) and e
represents the error term. In the two-stage representa
tion, it is assumed that this equation is estimated in each
of the K social settings. This results in K regression
coefficients, which become the dependent variables in
equations (2) and (3), with Ck the explanatory variable
a characteristic of the community or social setting. The
regression coefficients at this stage are C and d, and the
a symbols represent the error terms, since it is not likely
that any set of community characteristics will fully
explain variation in the individual regression coeffi
cients, b.

If one substitutes for bOk and blk in equation (1) their
equivalent expressions from equations (2) and (3), one
obtains equation (4), which expresses the individual
level dependent variable as a function of the individual
and community explanatory variables and a complex er
ror term, represented by the term in brackets. Several
features of equation (4) are worth noting. The effect of
I ik represented by (CI + dICk) willvary from community
to community, depending upon the value of Ck • This
arises from the fact that bik in equation (3) depends upon
Ck and demonstrates the nature of the interaction be
tween the individual and community variables. The
ability to capture this interaction is one of the strengths
of multi-level analysis, because it is often hypothesized
that reactions to a programme will differ among in
dividuals with different characteristics. For example,
where a programme is stronger, differentials in con
traceptive use among educational strata may be less, on
the assumption that the programme will facilitate use
among the less educated to a greater extent than among
the more educated, who may already have other sources
for their contraceptive needs. This pattern of diminished
differentials in contraceptive use by education has been
observed over time in a number of countries.

Also deserving mention is the structure of the error
term in equation (4), particularly the fact that the
magnitude of the error is dependent in part upon the
value of the individual variable. As a result, the error
term is not likely to be independent of the value of the
individual characteristic, I ik , violating one of the
assumptions of ordinary least-squares estimation.

Equation (5) rewrites equation (4) in an alternative
form which shows that the two-stage process can be
presented as a single equation containing individual and
community characteristics, and interactions between
them, as well as an error term, represented by the
bracketed item. The nature of the error term, of course,
though shown by a single term here, remains the same as
in equation (4). ThUS, although it is possible to represent
the multi-level approach as a single equation, the
underlying dynamics of the process must be kept in mind
to provide adequate specification and estimation.
Methods for estimating structures characterized by
equations (1)-(4) have been developed by Mason, Wong
and Entwisle (1983)and by Wong and Mason (1985)for
the case of Gaussian (normal) error in equation (1) and



the case of a dichotomous dependent variable in equa
tion (1).

4. Basic steps oj multi-level analysis

The foregoing representation implicitly spells out the
basi~ steps in carrying out a multi-levelanalysis, and this
sectton defines them more explicitly. Additional detail
for many of these steps is then reviewed below.

A multi-levelanalysis begins with the identification of
the levels of analysis and development of the micro and
macro models. Comparable data must be available on
individuals as well as the macro units selected. For a
cross-national study, the data for individuals will
generally come from surveys; and the potential for com
parative analysis has been greatly enhanced by two inter
national survey programmes-the World Fertility
Survey (WFS) and the Contraceptive Prevalence Survey
(CPS)-which provide reasonably comparable data for
a large set of countries. The national data on the social,
economic and demographic characteristics of the coun
try generally will be taken from its statistical system as
reported in officialpublications or various international
compendiums. Special studies that provide national data
of particular relevance, such as family planning pro
gramme effort scores, may also be employed (Mauldin
and Berelson, 1978; Lapham and Mauldin, 1984). On
occasion, it may also be desirable to aggregate the
individual-level data to develop macro-level measures
appropriate to the model.

The multi-level strategy may also be applied within a
single country, with communities serving as the macro
level. In this case, a single survey of sufficientsizewith a
probability sampling plan willgenerally provide compa
rable data on the individuals located in the communities
sampled. The macro data concerning the communities
may come from a variety of sources: official published
statistics; administrative records of the family planning
programme and other relevant activities; community
data collected in the course of the survey, such as
through the WFS community-level modules; and special
data collected from the communities as part of the
multi-level analysis.

Although theoretically one may carry out a multi-level
analysis at three or more levels of aggregation (e.g., in
dividual, community and country), the problems in so
doing are formidable and analysis currently tends to be
restricted to two levels.

After selectingthe individual-levelbehaviour to be ex
plained (i.e., the dependent variable), the key step is
specification of a model of the underlying dynamics. In
formulating these models, it is useful to proceed in the
two-step fashion outlined above, first developing the
micro-levelexplanatory variables and their hypothesized
effects; and then selecting the macro characteristics
hypothesized to affect the regression coefficients (in
tercept and slopes) of the micro equation. An adequate
micro model is crucial because omission of a strategic
individual-level variable may lead to omitted variable
bias.

Attention should also be given to the causal ordering
of the micro and macro variables, although at present it
is difficult to incorporate macro indirect effects on the
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~icro va~iables as ~ell as the interaction effectsalready
inherent m the multi-level approach (shown in equations
(4) and (5».

After development of the appropriate models and
operationalization of the specified variables the next. . . 'step IS esttmanon, The preferred approach is represented
by equation (4), which recognizes the complex error
term and makes use of an appropriate procedure, such
as the restricted maximum-likelihood/Bayes procedure.
If necessary programs for a full multi-level analysis are
not available, a second-best alternative would be to
estimate equation (4) or (5) with ordinary least squares
or a logistic regression, depending upon the nature of
the dependent variable. This alternative, which implicitly
assumes that the regression coefficients given in equa
tions (2) and (3) are determined by the macro variables
without error, is often described as a "fixed-effects
model".

Although the two-stage procedure can be valuable for
exploratory purposes, rarely will one use it for estima
tion purposes, first carrying out the micro estimation in
dicated by equation (1) and then estimating the macro
equations (2) and (3). This situation arises from both
pragmatic and theoretical reasons. Where the multi-level
analysis is applied within a single country, with com
munities serving as the macro stage, there will rarely be
more than from 30 to 50 interviews per community. As a
result, the estimates of the regression coefficientswithin
community, equation (I), will be subject to large sam
pling errors; in addition, there will be little inherent in
terest .in these coefficientsrather than those indicated by
equation (5). From a theoretical standpoint, since the
regression coefficients are stochastic variables, their
estimation in equations (2) and (3) will also require
special techniques.

B. DEVELOPMENT MODELS

1. Example ojmodels employed
To make more concrete the various issues involved

in model ~onstruction, this section begins by sketching
the essentIal elements of a multi-level analysis carried
~ut on data from Thailand for the purpose of ascertain
mg the role of accessibility to family planning pro
gramme service points in contraceptive use (Hermalin
and Chayovan, 1984). The major elements of the model
may be set forth as follows:
(a) Individualleve/:

Dependent variable: current use of contraception;
Independent variables: desire for more children'

wife's education; ,
(b) Community level:

Independent variables:
(i) Programme characteristics: accessibility (time

and distance measures to various types of
outlets);

(ii) Other characteristics: region; distance to district
centre; distance to secondary school; presence
of electricity;

Interactions: region x accessibility; accessibility x
education; accessibility x desire for more
children.



The analysis was carried out for the women inter
viewed in the 51 rural villages of the 1979 National
Survey of Fertility, Mortality, and Family Planning in
Thailand. (The paper cited also reports on a similar
model employed with the rural villagescovered in a 1972
survey.) This survey provided the data for the dependent
variable and the micro-level independent variables. The
community-level data were obtained from a special in
vestigation designed to collect detailed and comprehen
sive information on accessibility to various sources of
contraceptive services as well as on socio-economic and
cultural conditions of the sample villages.2

The model displayed was estimated separately for two
age groups of women, those under 30 and those 30 and
older. (Additional age categories might be desirable
when sample size permits.) For each age group, an equa
tion similar to equation (5) was estimated using ordinary
least squares. This method of estimation might be ques
tioned on two grounds: it does not take into account the
complex error term associated with this specification;
and it ignores the dichotomous nature of the dependent
variable. At the time of this study, the program for the
special estimation technique called for in multi-level
analysis was not yet available for within-country
analysis, and subsequent testing revealed that the special
nature of the sampling plan (with many villages having
relatively few interviews) made application of the
restricted maximum-likehood approach problematical.
Since the dependent variable is binary, a logit regression
is more appropriate than ordinary least squares. In this
case, however, where contraceptive use is around 50 per
cent, little difference in the magnitude of the regression
coefficients is expected between these two modes of
estimation, although the standard errors of the coeffi
cients may well differ. (A comparison of ordinary least
squares and logit regression for the 1972 survey, where
contraceptive use was only 19 per cent, produced prac
tically identical estimates of the coefficients.) A related
multi-level analysis of Thai CPS data, which employs a
logit regression, shows similar findings, given the
differences in data and specifications (Entwisle and
others, 1984).

The emphasis here is on the general structure of a
multi-level analysis and not on estimation per se. The
annex to this chapter presents the results of another
analysis of contraceptive use. In that annex, two types of
multi-level modelling are carried out - one with, and the
other without, errors in the macro equations. In both
cases, a logistic response formulation is used. In general,
the appropriate form of estimation will be a function of
the nature of the dependent variable and the structure of
the posited equations. If the dependent variable were
normally distributed, one would still have to decide
whether to estimate a fixed-effects model or a stochastic
parameter model. The factors underlying this choice are
discussed further in the illustrative example presented in
the annex.

Several features of the analysis are worth noting. The
models employed only two individual-level independent
variables although many characteristics were collected in
the surveys. The theoretical justification for the
variables selected is discussed below in the section on the
choice of micro models. Likewise, there are often many
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community characteristics that can be incorporated;
strategies for selecting among them are taken up in the
subsequent discussion of the macro model. A distin
guishing feature of the analysis was the use of multiple
indicators of accessibility. Most studies develop one or
two simple measures based on the availability of
facilities within a village, or the distance (or travel time)
to a specific source, or the nearest distance to any outlet
(see review by Tsui, 1985). In this study, 11 different
measures were constructed, ranging from time or
distance to the nearest health station to weighted indices
of times and/or distances to different types of outlets
(tamban health stations, district health centres, district
and provincial hospitals). 3

In the multi-level analyses, six different measures of
accessibility were employed at some points to observe
the extent to which different operational measures of ac
cessibility affected the conclusions about the role of the
programme. Many other features of a family planning
programme can also affect contraceptive use and can be
tested in a multi-level analysis, and a number of these
features are described below.

As indicated earlier, a particularly valuable feature of
multi-level analysis is its focus on the interactions be
tween the macro and micro variables. The model under
discussion hypothesized two interactions between com
munity characteristics and individual variables: one be
tween the level of accessibility and desire for more
children; and the other between accessibility and educa
tion. In the first case, one assumption is that differentials
in contraceptive use between women who want more
children and those who wish to stop childbearing will
differ according to the level of accessibility. If higher ac
cessibility leads women who want no more children to
adopt contraception more quickly than it encourages
women who want more to space their births, the differ
entials between these two categories should increase with
accessibility. On the other hand, it can be argued that
those who want no more children are highly motivated
and likely to be little influenced in their contraceptive
behaviour by differing degrees of accessibility, while
those who still want more children are more likely to
adopt contraception for spacing purposes in an environ
ment of high accessibility. This would result in
diminishing differentials between potential spacers and
limiters as accessibility increases.

The other interaction effect, between accessibility and
education, assumes that in villages with higher ac
cessibility there will be smaller differences in contracep
tive use among educational categories, because the less
educated will gain in relation to the more educated in
terms of knowledge of methods and sources and the abil
ity to obtain supplies and services; that is, the less
educated will see their costs of fertility regulation re
duced faster than the more educated. Changes in differen
tials of contraceptive use by education have occurred in
Thailand (Knodel and others, 1982),although this change
over time is no assurance of a similar contraction in the
cross-section.

It is possible that other community characteristics also
interact with the individual variables in the same manner
as accessibility. For example, educational differentials in
contraceptive use may differ according to the level of ur-



banization or modernization, but these possibilities were
not tested in this analysis.

Interactions among the macro characteristics must
also be considered. The effect of accessibility, for exam
ple, may differ in areas that differ according to ethnicity
or language, or by degree of modernization. In this
analysis, this possibility was explored by testing for in
teraction between region of the country, which captures
many of the cultural and social differences across areas,
and accessibility. It should be noted that in terms of
equations (1)-(4), this is equivalent to allowing an in
teraction between macro variables to affect the intercept
of the micro equation (represented by equation (2» but
not including this interaction term in equation (3) as an
effect on the slope of the micro equation. If interaction
between macro variables is introduced into equation (3),
this would result in a three-way interaction term in equa
tion (4), incorporating the two macro variables and the
relevant individual variable. Underlying theory may
point to a model of this type. 4

The results of the analysis were somewhat different for
the two age groups. For those aged from IS to 30, the
regression coefficients indicated no significant differen
tial in contraceptive use by educational category and no
interaction between accessibility and education. There
were sharp differentials in use by desire for more
children and, for many of the measures of accessibility
tested, a significant interaction between accessibility and
this motivation variable. The nature of the interaction is
to increase the differential between those who want to
stop childbearing and those who want additional
children in areas of high accessibility. The main effect of
accessibility (i.e., its coefficient alone) was not signifi
cant, indicating that higher accessibility mainly pro
moted higher contraceptive use among those who
wanted no more children but did little to promote spac
ing. Of the other community-level variables, there were
significant differences in contraceptive use by region and
by the level of electrification; there were no significant
differences among villages according to distance to
district centre or distance to a secondary school. Tests of
the interaction between accessibility and region revealed
that this was a significant factor only in the southern part
of the country.

Among the older women, those aged from 30 to 4S,
the major difference in pattern from the younger was the
absence of any significant interaction between ac-

cessibility and desire for more children. When a model
without this interaction was estimated, it revealed
significant main effects of accessibility on contraceptive
use for many, but not all, of the accessibility measures
developed, indicating that greater accessibility promoted
contraceptive use. This effect, however, was not
different among those who did and those who did not
want more children. Stated otherwise, the differential in
use among those who desired more children and those
who did not was not significantly altered in areas with
high accessibility compared with areas of lower ac
cessibility.

These results illustrate how multi-level" analysis
elucidates the factors affecting contraceptive use. A
strictly micro analysis would not reveal the effect of the
programme and of the other community characteristics;
a strictly macro model would not capture the important
interaction between accessibility and the desire for more
children (among younger women). Knowledge of the
magnitude of the programme effect and of its inter
actions with other variables in the model provides the
policy-maker and analyst with important information
for assessing programme effectiveness and may provide
clues for strengthening programme operations.

2. Development oj the micro model
As stated above, it is important to have a reasonably

complete model of the individual factors to avoid omit
ted variable bias. The view taken here is that existing
micro theory concerning contraceptive behaviour is
more fully developed than macro theory. The selection
of the individual variables in the example just presented
was guided by the formal model developed by the
National Academy of Sciences Panel on the Deter
minants of Fertility in Developing Countries (Bulatao
and Lee, 1983), as elaborated for the study of fertility
regulation (Hermalin, 1983). This model is sketched in
figure IV.

The model assumes that each couple has a demand for
some number of surviving children that serves as a basis
for assessing the sufficiency of their supply (or likely
number 'of surviving children) at any given point. Once
supply reaches or exceeds the desired number, the couple
is motivated to some degree to control their fertility.
Whether they do so is affected by the means of fertility
regulation available and their costs. Although it is possi-

Social·
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Source~ National Academy of Sciences model taken from Hermalin (1983), p. 3.
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Figure V. Reduced model of fllCtors atrectlng fertility regulation
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in the younger group. Stratifying by age also helps con
trol for life-cycle factors (duration of marriage,
numbers of children) which affect the likelihood of con
tracepting.

The theoretical approach followed in the Thai exam
ple is, of course, not the only one that can be adopted.
The main purpose of presenting this example was to
demonstrate the importance of developing a conceptual
framework to guide the selection of a parsimonious
number of individual-level variables and to avoid cir
cularities in causation that render the results mean
ingless. Even within the National Academy of Sciences
framework shown in figure IV, models other than that
presented can be developed. For example, it may be
desirable to use as independent variables the exogenous
individual characteristics that determine motivation (the
Xi variables shown in figure V). The framework can
prove helpful here as well since figure IV indicates that
any exogenous variable selected must be justified as a
determinant either of demand or of supply of children,
or as a determinant of cost.

Source: Hermalin (1983), p. S.

hie in principle to estimate the entire structural model, it
is common to focus on selected parts. The "semi
reduced" form used in the Thai analysis is illustrated in
figure V. From this standpoint, the likelihood of using
contraception (or another means of fertility regulation)
is determined by motivation and costs. Motivation to
limit childbearing is a function of the demand for and
supply of children (see figure IV) and can be measured
by a woman's expressed desire to have more children or
by comparing the total number of children reported as
ideal or desired with the actual number living.

The concept of costs is multidimensional- including
economic factors (money and time to obtain knowledge

. and services), social attitudes (the possibility ofviolating
current norms and facing sanctions) and health and
psychic elements (the fear of trying something new
whichmay be to some degree risky or unpleasant). These
categories make clear that costs are a function of both
individual and social structural characteristics. They will
be determined by a couple's economic position, social
standing and other traits; at the same time, a community
may raise or lowercosts by its prevailing social attitudes,
whichencourage or discourage fertility, and through the
structure of the family planning programme, which 3. Development of the macro model and choice
determines the prices, accessibility and quality of the of interactions
services provided. In the Thai example, the wife's level This section takes up the problems associated with
of education was used to capture many of the individual selecting the community and programme characteristics
dimensions associated with costs- degree of knowledge, to include in a multi-levelanalysis and the interactions to
willingness to innovate, ability to meet direct and in- be incorporated. The social and economic character-
direct monetary expenses etc. Other characteristics of istics are taken up first, followed by the choice of pro-
the couple available in most surveys, such as husband's gramme characteristics.
education and occupation, wife's labour force status and If the reduced model presented in figure Vis followed,
number of living children, were not included in the one is interested in aspects of the community that may
micro model either because they overlap considerably have a bearing on the costs of adopting contraception,
with wife's education or because the direction of causal- where costs represent the complex of dimensions
ity is ambiguous (e.g., between number of children and described above. Current theory provides less guidance
contraceptive use; see Hermalin, 1983). Although the for the choice of macro characteristics than for the
Thai example employsonly two individual variables, the micro variables. Many aspects of community structure
theoretical framework does not point to any omitted could have an effecton costs and it is difficultto specifya
characteristics that are likely to bias either the micro or parsimonious list. One broad category concerns the
macro effects. extent to which the community has contacts with the

It should be noted that since the model was derived to "outside world" through the mass media. This would
explain the adoption of fertility regulation to limit include not only the prevalence of movies, television,
births, its application to the use of contraception for newspapers and magazines but the content of the
spacing is more problematical. This is one reason that messages received. Programmes and materials that
the analysis was carried out separately for two age foster aspirations for new life-styles should not only in-
groups, because contraceptive users in the older age crease the motivation to adopt fertility regulation but
group are more likely to be using for limiting than those reduce the subjective costs of experimenting with con-

20

f



traception (Freedman, 1979). The various measures of
modernization commonly obtained, such as educational
and health facilities and the availability of electricity and
modern goods, operate in a similar fashion.

Other measures of relevance would attempt to discern
structural factors that affect the likelihood of a critical
mass of innovators and the speed of diffusion. Depend
ing upon the society, it is suggested (Hermalin, 1985)
that possible indicators of this process might include:

(0) Size of the middle class and measures of income
distribution or measures of the concentration and
distribution of land holdings;

(b) Distribution of the labour force, with particular
attention in some settings to the degree to which
agricultural families engage in off-farm employment;

(c) Ethnic distribution of the community to identify
the possible existence of enclaves that hinder community
wide diffusion of ideas;

(d) Existence and utilization of farmer associations
and other organizations that might serve to readily
diffuse new information;

(e) Type of political structure and the nature and
popularity of the leadership;

(j) Ecology of the community, including its distance
from urban centres which might serve as a source of
diffusion of new ideas.

Thus, a key issue in multi-level analysis is data reduc
tion among the potentially large number of macro
variables. There is no simple solution to this problem.
Strategies sometimes employed, such as arbitrary index
construction, stepwise regression or factor analysis, are
atheoretical and do little to illuminate the basic pro
cesses. A preferred approach would be first to inform
the choice of macro characteristics through study of a
country's culture and socio-economic structure, and
discussions with knowledgeable observers about local
and regional variations. A second step might include a
separate analysis of all the macro data to identify the
degree of correlation across items and to detect distinct
dimensions. This might be followed by the utilization of
confirmatory factor analysis (Long, 1983) in which one
tests for the coherence of indicators around underlying
constructs, specified in advance.

In using multi-level analysis for evaluation of the im
pact of a family planning programme, particular atten
tion should be paid to those aspects of the programme
which may contribute to variations in contraceptive use.
The Thai example described above permitted assessment
of indices of travel time and distance to various types of
outlets. But many other aspects of a programme may in
fluence use. One suggestion is that the concept of ac
cessibility be conceptualized as the objective supply en
vironment whose components include not only distance
and travel time but the ease, convenience and cost of
travel, as well as the range, cost and quality of services
offered (Hermalin and Entwisle, 1985). Each of these
characteristics may directly influence the cost of
adopting contraception. In addition, other aspects of a
programme may affect the demand for contraceptive
services, particularly those associated with the informa
tional and educational e1I.orts of the programme.
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Which of these programme features should be incor
porated into the analysis depends upon the specific coun
try situation. Some of these dimensions may not vary
across communities and thus are not relevant to the
analysis. For example, the price of contraceptive serv
ices or the hours of clinic operation may be uniform
across communities. The goal is to include salient pro
gramme features that vary from community to com
munity. Discussions with programme administrators
and knowledgeable observers can assist in identifying
the appropriate programme variables.

Attention must also be paid to availability of con
traception from non-programme sources because this
factor can influence both overall contraceptive use and
the level of use from the programme. In the former case,
variation across communities in availability of services
from non-programme outlets can be an important effect
on the likelihood of contraceptive use. But even if the
dependent variable is contraceptive use from pro
gramme sources, the level of non-programme availabil
ity is salient, since non-programme outlets may rein
force and enhance the utilization of programme outlets
or may compete with them. One possible way to capture
this process is to include an interaction term between
programme and non-programme accessibility, as well as
each level of accessibility separately.

Other possible interactions among the macro
variables were noted above in the Thai example. In par
ticular, it is important to be alert to aspects of the com
munity that might interact with programme character
istics. These aspects may be cultural (ethnicity,
language), ecological (terrain, transport facilities,
marketing patterns) or related to levels of development.

Examples of interactions between macro and micro
variables also were given above. Identification of plausi
ble cross-level interactions is aided by considering the
two-stage process represented by equations (1)-(3).
Inclusion of a macro-micro interaction term is
equivalent to asserting that the macro variable has an
effect on the micro regression coefficient, so underlying
theory should provide a rationale for changing differen
tials in the micro variable according to levels of the
macro variable. In setting forth the interactions, it is
desirable to follow a hierarchical design. This means
that macro variables included as interaction terms (with
micro variables or other macros) also appear as main
effects in equation (5). For cross-level interactions, this is
equivalent to saying that any macro variable hypothesized
to affect a micro regression slope in equation (3) should
also be included as an effect on the micro equation in
tercept in equation (2). It is reasonable to assume that
any variable that alters the way another variable in
fluences the dependent variable also has a direct effect
on the dependent variable.

In developing the macro model, it is also important to
take into account the dynamic aspects of the process
under study. For example, prior levels of accessibility
have implications for current patterns of use. Two
villages currently equal in their travel time to outlets may
well have displayed different levels of accessibility in the
past, with consequences for contraceptive use that con
tinue through time. A similar problem arises in modelling
the effect of elements of modernization on fertility



behaviour. In so far as the theory points to lags in the
response to broad social structural changes, this should
be reflected in data collection and modelling. A related
need for more effective modelling is to collect informa
tion on the processes that lead to differentiation among
communities on key characteristics. To illustrate from
the Thai example, one may ask to what extent family
planning facilities are located in accord with other serv
ices and amenities in the area, or the perceived receptiv
ity of the community; and what factors lead some com
munities to have a higher percentage of homes electrified
while others have no electricity. Attention to questions
of this type will help ensure a properly specified causal
model and point to the correct dating of the key macro
variables.

Up to this point there has been an implicit assumption
that the dependent variable of interest is current use of
contraception or current use of contraception from pro
gramme sources. In evaluating a programme, however,
the focus may be on the use of specific methods, because
methods vary in terms of the facilities and personnel
needed to distribute them. This shift in the dependent
variable complicates matters because the availability of
competing methods, as well as of the method in ques
tion, must be taken into account. In addition, the de
pendent variable in such models must accommodate
multiple options (e.g., use of a particular method, use of
some other method, no use). One author (Jones, 1984)
uses multinomial logistic models for these purposes.

C. SOURCES OF DATA

Brief reference has already been made to the sources
of micro and macro data for multi-level analysis. This
section takes up a few special issues that arise in carrying
out multi-levelanalysis within a country for the purpose
of programme evaluation.

1. Individual-level data
Surveys are likely to be the major source of individual

data required for programme evaluation analyses,
although public-use tapes of census data or service
statistics might provide the basis for specialized in
vestigations of such topics as factors affecting discon
tinuation of contraceptive use. Surveys already con
ducted, either as part of an international programme
like WFS or CPS or from local auspices, may be used.
They must, however, contain the requisite information,
be based on a representative sampling plan and contain a
sufficient number of interviews in a reasonable number
of communities. The words "sufficient" and "rea
sonable" cannot be defined preciselybut a range of 30-50
interviewsin 50or more communities servesroughly as a
lower bound. Attention should also be given to the
definition of the sampling cluster (Casterline, 1984). In
some cases, these are actual political or social units,
which also have administrative identity so that census
and other data are likely to be available. In other cases,
the units chosen as sampling clusters are not indepen
dent arenas of social and economic interaction and one
may want to aggregate to a larger unit. Aggregation may
also be necessary if the number of interviews per sam
pling cluster is too small, although this will reduce the
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number of macro units available for the multi-level
analysis.

The foregoing considerations should be taken into ac
count when designing a survey that will also serve as a
basis for multi-level analyses. The number of interviews
per community, the number of communities and the
definition of the sampling cluster all require attention
along the dimensions just addressed. For example, given
the same average number of interviews per community,
a sampling design that produces less variance in sample
size per community is to be preferred to one that pro
duces greater variance, since the latter will yield more
communities with a small number of interviews.

The content of the questionnaire should produce the
information needed for each individual woman or cou
ple. In general, this will include items on current con
traceptive use, the method used and the source of the
method, particularly whether it is a programme or non
programme source; and information on status, attitudes
and behaviour likely to serve as explanatory variables in
the micro model. Additional data collected from each
couple or household may prove helpful in structuring
the macro model or in investigating the relation of the
macro and the micro characteristics. This information
would include data on the history of contraceptive use
and the presence of various amenities and durable goods
in the household. Items of this type might be incor
porated directly into the micro model or might serve as a
more accurate guide to community-level characteristics
than similar data obtained from other sources. For ex
ample, the item on the history of contraceptive use
would indicate the recency of contraceptive use and
assist in identifying the appropriate lags for the macro
programme variables; a household response on the
presence of electricity is likely to provide a more ac
curate estimate of the proportion of homes electrified in
a community than the report of a village headman. The
same strategy can be employed to measure certain
dimensions of programme accessibility. As an illustra
tion, consider the question of programme quality, in
volving such aspects as waiting time at clinics, privacy,
courtesy and perceived professionalism of the staff.
These facets of programme operations are difficult to
obtain from programme personnel and administrators
because the responses may be self-serving, do not exist in
programme records and are likely to be unreliable when
based on the impressions of one or two informants or on
brief observation. In situations where prevalence is
reasonably high, responses from individual women on
aspects of programme quality can be aggregated to form
a community-level measure of programme quality. The
guiding idea is that, although each respondent may be
fallible to a degree, collectivelytheir responses probably
serve to rate communities accurately by the quality of
services provided.

The converse situation should be noted. In CPS and
many WFS efforts, it is common to ask respondents
about travel time or distance to various sources of con
traception; and these data are sometimes employed as
individual characteristics in accounting for contra
ceptive use. This practice tends to produce perceptions
based on sources known, preferred and utilized which
are partially a function of a couple's pattern of con-



traceptive use (Hermalin and Entwisle, 1985). For this
reason, it is circular to use these data as determinants of
use. The authors recommend that data on travel time
and distance as well as several other facets of pro
gramme operation be collected at the macro level.

2. Macro-level data
With respect to possible sources of macro data, it is

useful to distinguish between situations in which the
analyst must use existing data and cases in which new
data can be collected. In the former situation, there still
may be a wide array of data sources: census and ad
ministrative information; data from the family planning
programme; and special investigations that may have
been conducted as part of a survey, such as the
community-level module employed by WFS on a
number of occasions. The analyst must, of course,
evaluate the suitability of the data for the proposed
analyses as well as their reliability. In some cases, the
desired macro data may not be available or be too inac
curate. Special attention should be paid to the methods
of data collection.

As an example, most observers agree that the com
munity data obtained through the WFS modules were
not collected with the same care and thoroughness which
characterized the individual interviews, and the field
procedures used are not well documented. The general
practice was to collect the community data while the
survey team was interviewing in the community, usually
by having the team supervisor interview the village head
man at the end of the team's stay in the village. This
practice limited the supervisor's ability to be know
ledgeable about the community or to become acquainted
with the village leaders. The few tests of the reliability
and validity of villagedata carried out suggest potentially
serious problems of reliability on key variables
(Casterline, 1984). In addition, Chayovan and Knodel
(1985), in pre-testing the feasibility of group interviews,
note sizeable variation in the responses from different
informants on the existence of or proximity to various
services. In some countries, on the other hand, com
munity data were collected by special investigators after
the completion of a CPS or WFS, and this added atten
tion probably improved reliability.

Many of the distinctive strengths of multi-level
analysis come to the fore when the analyst can influence
the content of the macro data and the modes of data col
lection. These advantages include:

(a) The ability to refine hypotheses about salient
macro characteristics by interviewing knowledgeable
observers and programme administrators, conducting
infomal individual and group interviews etc. The goal
here is to assemble a succinct list of the community and
programme characteristics that are thought to influence
the behaviour in question (e.g., contraceptive use);

(b) The ability to develop appropriate strategies for
gaining accurate measures of the hypothesized macro
characteristics. A wide battery of data collection tech
niques may be employed including: actual measurement
in the field of distances from community or neighbour
hood centres to specifiedtypes of outlets; interviews with
groups of knowledgeable informants (Chayovan and
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Knodel, 1985) or with particularly influential leaders;
utilization of programme records on staffing and other
features of outlets; and aggregation of individual survey
responses, as described above.

Most of these advantages, it should be noted, hold
regardless of whether the individual-level survey has
already been undertaken. In cases where the micro
survey has been completed, however, there will be no
opportunity to influence the content of the question
naire so that some items of relevance will be lost either
for the micro model or, through aggregation, for the
macro model. A good example of the collection of
community-level data well after the micro surveys is il
lustrated by two researchers (Chayovan and Knodel,
1985), who obtained data for the years 1969, 1972 and
1979 in an investigation carried out in 1983.

These approaches to macro-data collection also il
lustrate the inherent cost-effectiveness of multi-level
analysis. Given the existence or plans for a survey, the
macro data need only be collected for the communities
covered by the individual survey, so that even extensive
data-collection activities can be carried out at fairly
modest costs. It is desirable to ascertain that the macro
units selected in the sampling plan are representatively
chosen.

D. ADDITIONAL PERSPECTIVES ON MULTI-LEVEL
ANALYSIS

This paper has reviewed the potential and limitations
of multi-level analysis with special reference to the study
of contraceptive behaviour. Conceptually, this strategy
avoids the disjunction between strictly micro and strictly
macro analyses, permitting the use of both types of
variables in a manner compatible with theoretical
frameworks. In addition, it reduces the over-reliance
upon surveys for data on group characteristics that are
more easily measured at the macro level, such as travel
time or distance from a village to a specified outlet.

Several other benefits are associated with using the
multi-level strategy for the study of contraceptive
behaviour. It encourages close co-operation between
researchers and policy-makers to develop appropriate
models and to identify the salient programme factors
which need to be taken into account. This should also
ensure greater utilization of research results. Contracep
tive behaviour is investigated in the broader context of
the determinants of fertility by combining community
level programme data with social structural factors. At
the same time, the multi-level strategy can produce
direct guidance to administrators and policy-makers
about specific features of their programmes that are
more or less successful.

Despite the advantages, several limitations must also
be mentioned. Multi-level analysis is not a strategy that
can be applied mechanically. There are no set formulae
and no pre-specified measures. The development of ap
propriate micro and macro models and careful attention
to their interrelationships are necessary first steps.
Results are likely to vary with the models employed.
Problems of estimation and data reduction must also be
recognized. The present data-collection abilities often
produce a wide array of community-level data, but the



social structure theory used here is often too general to
provide guidance for the selection of specific variables.
Improved theory will also be needed to capture the in
creasing use of contraception for spacing, because ex
isting theory focuses on its use for the purpose of
limiting childbearing.

On balance, multi-level analysis is a useful tool in the
evaluation of programmes because it can measure pro
gramme effectswhilecontrolling for many other factors,
and it can assist in identifying specific programme
elements that contribute to variation in contraceptive
prevalence.

NOTES

I Eeden and Hiittner (1982) provide a general treatment and an ex
tensive literature review, while Boyd and Iversen (1979) treat a number
of the methodological issues.

2 This investigation is described in Chayovan and Knodel (1985).
3 The construction of these measures is described in some detail in

Chayovan, Hermalin and Knodel, 1984.
4 An example from a cross-country multi-level analysis is given in

Entwisle, Mason and Hermalin (1984).
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Annex

THE MULTI-LEVEL APPROACH: ILLUSTRATIVE EXAMPLE

WII/Uun M. Mason·

This annex illustrates multi-level analysis with fixed- and stochastic
parameter models. In it, the dependent variable, current use of an
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efficient method of contraception, is measured dichotomously (using
or not using); and logistic response formulations are used to estimate
relationships based on actual data.

Although the differences between fixed-effect and stochastic
parameter multi-level models are discussed below in detail, an initial
summary of the key difference may be helpful. Multi-level modelling
assumes two levelsof observation - micro and macro (contextual). a At
the micro level, the same regression specification is applied within each
context. At the macro or contextual level, the parameters of the micro
specification are treated as functions of macro variables, one function
for each type of micro parameter (e.g., intercept, coefficientof the first
regressor). Each of these functions constitutes a macro equation. If
the macro equations are conceptualized to allow for errors (distur
bance terms), then the multi-level model is said to be a stochastic
parameter formulation. If the macro equations are conceptualized to
have no disturbance terms, then the multi-level model is said to be a
fixed-effect or fixed-parameter formulation.

Whether the analyst chooses to allow for macro errors has implica
tions for subsequent uses of the information, as well as for estimation
and computation. This illustration emphasizes the conceptual
differences between fixed- and stochastic-parameter models for multi
level analyses, since these differences wiII eventually, and ultimately,
decide estimation and computation decisions.

At present, the decision to use fixed- or stochastic-parameter multi
level modeIling does not rest on conceptual issues alone; the relative
costs of implementing the two perspectives also matter. It is possible
and practical to estimate multi-level fixed-parameter models using
standard estimation procedures, such as are available in widely
distributed statistical computer packages (e.g., SAS, BMDP, GUM
and SPSS). It is less practical, although possible, to estimate multi
level stochastic-parameter models because the major statistical
packages cannot be used easily (or at all, in most instances) for this
purpose," Further, the computations involved in fixed-parameter ap
proaches are less time-consuming, and hence less costly, than those in
volved in stochastic-parameter approaches. The importance of these
differences is likely to decline, however, as access to computers and
software continues to diffuse.

A major goal of this annex is to illustrate the perspective from which
multi-level stochastic-parameter formulations seem to arise. In so do
ing, the conceptual reasons suggesting the need for a w~y to estim~te

such models should become more clear. It is not essential to descnbe
estimation procedures in order to achieve this expository goal.
However, because the iUustration requires the use of differing methods
of estimation, it may be helpful to mention them at the outset. The
method used here for the estimation of multi-level stochastic
parameter models with a dichotomous dependent variable is that of
Wong and Mason (1985), which is based on a combination of
maximum-likelihood and Bayes procedures. The method of estima
tion used for multi-level fixed-parameter (or fixed-effect)models is that
of maximum likelihood for logistic regression. This is a standard treat
ment for regression models with dichotomous dependent variables,
and it poses no special problems for multi-level analysis if the re
searcher is willing to make certain restrictive assumptions, which are
discussed below.C

Because the empirical illustration used is based on a dichotomous
response variable, only one type of stochastic-parameter model for
multi-level modelling isdiscussed. Other models are appropriate under
different conditions. In particular, if the response variable is normally
distributed conditional on the micro regressors (i.e., the case of nor
mal errors), it is possible to estimate a stochastic-parameter model for
multi-level regression. Paralleling the distinction between fixed- and
stochastic-parameter approaches for modelling a dichotomous depen
dent variable in multi-level analysis, separate treatments for the case
of normally distributed errors are also available. Mason, Wong and
Entwisle (1983) present a combined maximum-likelihood Bayes pro
cedure for estimating multi-level stochastic-parameter regressions.
The usual method of estimation of multi-level fixed-parameter models
is that of maximum likelihood for the case of normally distributed er-

malin who made the data for this annex available; L. J. Neidert and
M. Miele, who assisted in data preparation; A. F. Anderson, who pro
grammed the multi-level computations described here; C. Crawford,
who TEXed the document; and B. Entwisle and G. Wong, who pro
vided helpful comments at various stages.
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rors. The standard computational procedure for this is ordinary least
squares. Restrictive assumptions are again necessary for this type of
multi-level fixed-parameter model.

A. DATA

The data for this problem concern country A. For this country, a
large cross-sectional sample survey was conducted in 1972. The focus
of the survey was on fertility and related behaviour. The respondents
were married women in their reproductive years. Information was col
lected not only about the individual respondents but about the villages
in which they lived. Thus, there are two levels of observation
individual and village. The analyses reported here are based on
4,327 women living in 56 villages.

The subsample of women used in these analyses were aged from
19 to 42 and not pregnant at the time of the survey, did not believe
themselves infecund; had no missing information on their age, educa
tion and current contraceptive use; and, if sterilized, had undergone
the procedure for contraceptive reasons.

The village-level data are the same as those used by Hermalin
(1979), who presents and discusses the actual observations for
25 variables measured on the villages.

B. THE PROBLEM

Numerous theoretical and empirical studies consider the deter
minants of contraceptive use in countries undergoing, or poised for,
fertility transition (e.g., Entwisle, Hermalin and Mason, 1982 and
1984; Entwisle and others, 1984; and Entwisle, Mason and Hermalin,
1984). On the basis of this prior knowledge, contraceptive use should
be more common among respondents with more education and among
older respondents. More highly educated women are more likely to be
innovators in a variety of areas, including fertility behaviour. They are
more likely to gain from contraception, especially for fertility limita
tion as distinguished from spacing purposes, because they are more
likely to occupy positions in the labour force, and in society more
generally, in which limiting fertility is perceived to be economically
beneficial for the family. Similarly, older women are more likely than
younger women to want to terminate childbearing, having already
borne children in acceptable numbers and, in relation to younger
women, deriving somewhat less benefit from continuing to reproduce.

The possibility of variability across social settings in the impact of
micro characteristics on contraceptive use is addressed by a number of
authors (Entwisle, Hermalin and Mason, 1982and 1984;Entwisle and
others, 1984; Entwisle, Mason and Hermalin, 1984; and Wong and
Mason, 1985). Consonant with much other research on the deter
minants of contraception, these authors suggest two potentially im
portant dimensions that could underlie setting variability, should it
exist, in the micro parameters: socio-economic conditions and family
planning programme inputs. In addition, these authors provide a
priorisign hypotheses for the effectsof these dimensions on contracep
tive use and provide the rationale for the hypotheses. Although this
annex cannot rehearse the theoretical development of the particular
substantive problem, the task of developing reasoned hypotheses is, if
anything, more important in multi-level analysis than in single-level
analysis, because so many of the potential parameters in the model
describe (cross-level) interactions as distinguished from more readily
interpreted additive effects.

C. MICRO SPECIFICATION

In multi-level analysis as presented here and as conceived by Mason,
Wong and Entwisle (1983)and by Wong and Mason (1985), it is essen
tial that the micro specification be identical in each context. It is possi
ble to relax this constraint to allow for contextually unique
characteristics (Wong and Mason, 1985), but such complexity is un
necessary for present purposes, which pertain to within-country
analyses. The need to allow for contextually unique characteristics is
more likely to occur in comparative multi-level analysis.

How is the micro specification to be arrived at? For the problem at
hand, analysis began with inspection, based on the entire sample of in-



TABLE 14. ESTIMATED LOOITS AND PROBABILITIES OF CURRENT USE
OF AN EFFICIENT CONTRACEPTIVE METHOD, CONDITIONAL ON EDUCA
TION AND AGEl

NOTE: Numbers in brackets are estimated probabilities; other
numbers are logits,

I Using the logistic specificationfor which the estimated equation is
presented in the text.

Secondary-school graduate (l2 years) -1.09389 0.941008 1.62939
[0.25] [0.71] [0.83]

Primary-schoolgraduate(6years) ... - \.S1269 0.522208 1.210596
[0.18] [0.63] [0.77]

Noschooling(Oyears) -1.93149 0.103408 0.791796
[0.13] [0.52] [0.69]

dividuals, of the relationship between the logit of currently contracept
ing and educational attainment, with education scaled by years of
schooling completed. Data exploration suggested that this relationship
could be treated as linear. Inspection of the relationship between the
logit of contraceptive use and age suggested a monotonic but non
linear relationship, with the rate of increase in contraceptive use
decreasing markedly after age 30. Empirical consideration of several
formulations for the age effect led to the following transformation of
age: the natural logarithm of (age -18). The principal advantages of
this transformation, as opposed to a squared term in age or splines in
age, are that collinearity among the regressors is minimized, the
number of parameters to be modelled at the macro level is kept to a
minimum and it is unnecessary to partition the data by age group.
These are significant advantages, because part of the analysis consists
of estimating the micro model within contexts. For the small context
sample sizes typically available for individual-village analyses, it is
helpful to reduce collinearity and to keep the context sample size as
large as possible, in order to be able to estimate the within-context
parameters.

Education 20

Age

30 40

Estimated logit (EFFij) =

Intercept - 2.719
(0.169)

D. ANALYSIS

Analysis begins with data exploration based on the entire micro data
set. As noted above, a logistic regr.ession formulation, appropriate for
a dichotomous response variable, is used with previously selected
regressors (education and age). At issue is the exact functional form of
the logistic regression. Balancing simplicity and parsimony against the
slightly better fit that more complex specifications provide, the micro
specification employs education scaled in years of school completed
and a monotonic but non-linear transformation of age. The estimated
form used is of a fixed-effect logistic regression'[ of current use of an
efficient method of contraception on education and transformed age.
The results are given below:

A. Classical maximum likelihoodwithin-context estimator

Intercept ................. -7.33 1.92 -2.82 1.79
Education effect .......... -0.17 0.30 0.056 0.092
Age effect ................. -0.48 2.85 1.20 0.64

B. Posterior within-context estimator

Intercept ................. -4.83 -0.80 -2.66 0.94
Education effect .......... 0.033 0.074 0.056 0.0088
Age effect ................ 0.50 1.91 1.13 0.33

Standllrd
Metln d~iolionMinimum Maximum

TABLE 15. CHARACTERIZATION OF wrrHiN-CONTEXT
COEFFICIENTS

CMjfklent

NOTE: Computations for the means and standard deviations use the
usual sample definitions. These computations are unweighted and based
on 56 villages. The label "Classical maximum likelihood within
context estimator" refers to the standard fixed-effect logistic regression
model applied separately to each context. The label "Posterior within
context estimator" refers to the method of Wong and Mason (1985)
for computing strengthened within-context coefficients based on a
multi-level specification. See text of this annex for further discussion
of strengthened coefficients.

0.0698
(0.000907)

1.136
(0.0633)
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LOl!e(age-18), TAGE .

Education measured as years of schooling com-
pleted, ED .

Goodness of fit .

Degrees of freedom .

Goodness of fit is the difference between - 2 In (likelihood) computed
for the model estimated here and the null model. The null model con
tains an intercept but no regressors. Degrees of freedom is the
difference between the null model and the model estimated here in the
number of regressors. EFF refers to efficient contraceptive methods.
The subscripts i and j refer to individual and village characteristics,
respectively.

This logistic regression shows that, for these data, current con
traceptive use increases with education and age. To clarify the exact
nature of these effects, table 14 presents the predicted logits and proba
bilities of contracepting, conditional on education and age, evaluated
at low, middle and high values." The table shows that the education
effect is modest compared with the age effect, which increases markedly
from ages 20 to 30 and moderately from ages 30 to 40.

Having established the exact form of the micro model, it is now
possible to consider whether there is variability, and systematic
variability, in the parameters of the micro specification. Estimating the
micro model separately for each village is a way of initiating this
assessment. Table 15 presents descriptive information on the variabil
ity of the estimated micro coefficients across villages. Only the upper
panel of the table is of concern at this point in the discussion. The up
per panel of table 15 shows that over villages, all three coefficients
range from positive to negative, with averages similar to the cor
responding coefficients in the pooled logistic regression presented
above.

Despite the relatively large village sample sizes, summarized by the
stem-and-leaf diagram (Tukey, 1977) presented below, many of the

within-village coefficients, especially the education coefficients, are not
statistically significant by usual criteria. This is not necessarily a
critical problem for multi-level analysis, nor can any conclusions
about the outcome of a multi-level analysis be drawn at this point.

In the stem-and-leafdiagram, which is a listing of all village sample
sizes and describes the distribution of the village sample sizes, there
are, for example, two villages with 43 persons and two villages with
129 persons. The left-hand side of the stem (vertical line) represents
lOs; the right-hand side represents units (leaves). The first line displays
one 4 (lOs) and two 3s (units) and is interpreted as signifying two
times 43. Likewise, one 12 (lOs) and two 9s (units) reads two times 129
(Tukey, 1977, chapter 1):

4 334
5 014555556678
6 2233444789
7 0012245566
8 112235
9 168

10 3335
11 2556
12 7799

Is there systematic between-village variability in the parameter
estimates of the micro model? This possibility can be checked by plot
ting the coefficient estimates against potentially relevant village-level
variables. Indeed, to assess the potential effects of macro variables, the
within-village intercepts, education coefficients and age coefficients
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were plotted against 25 village-level characteristics, for a total of
75 plots (not shown here). That is, all of the intercepts were plotted
against each village-levelvariable, as were all of the education and age
coefficients. Inspection of these plots showed that one dimension, the
educational level of the village, was clearly an important determinant
of two of the types of estimated micro coefficients, namely, the in
tercepts and age coefficients. So important is this variable that several
different operationalizations of it yield equivalent results. The opera
tionalization selected here is a measure of the percentage of females
aged 15 and over, not in school, who were primary-school graduates
or higher in 1970(PSG). Of the family planning programme variables,
the most important is this input measure: cumulative number of
woman-months of programme field-work per 10,000 married women
aged 2044 (FPW). Whereas a viUage-level education variable would
have been selected from a purely atheoretical search, none of the fam
ily planning programme variables would have been, because their
associations with the micro coefficientsare weak. The FPW measure is
carried along in this illustration, however, because it is important to
assess its impact in a multi-level specification. That is, it is insufficient
to rest the case of a null effect on a scatter plot alone, especially when
the micro coefficients have been estimated using the standard logistic
regression model.

Table 16consists of a village-levelcorrelation matrix, the upper part
of which summarizes the associations of the education and family
planning programme variables with each other and with the micro
coefficients. Only the first four rows of table 16 are of concern at this
point in the discussion. From rows 1-4of table 16 it can be seen that
education composition, PSG, is more highly correlated than pro
gramme input, FPW, with the intercepts and age effects, and that PSG
and FPWare more highly correlated with each other than FPW is with
either the intercept or age coefficient. This suggests that in a multi-level
logistic regression, however estimated, FPW will have no effect. The
low correlations between the education coefficient and both PSG and
FPW suggest that the education coefficient varies randomly across
villages.

TABLE 16. SELECTED CORRELATIONS INVOLVING WITHIN-CONTEXT
COEFFICIENTS ESTIMATED TWO WAYS AND TWO MACRO VARIABLES

I

No. ao PI ~ PSG FPW ~ 61

I. .........
~

-0.28
2.......... -0.% 0.13
3.......... PSG 0.54 0.08 -0.51
4.......... FPW -0.30 0.19 0.22 -0.43
5.......... t 0.65 0.98 -0.43
6.......... 0.67 0.13 0.04 -0.02
7.......... 0.66 -0.97 0.42 -0.99 0.07

NOTE: lJ denotes use of the maximum-likelihoqd estimator for the
classical fixed-effect logistic regression model and 13 denotes use of the
posterior within-context estimator defined by Wong and Mason (1985)
(see text for further discussion of the posterior, or strengthened,
within-context estimator). The subscripts 0, 1and 2 refer, respectively,
to the intercept, the education effect and the age effect. PSG =
primary-school graduates; FPW = programme field-work.

By this point in the analysis, the difficult decisions have been made;
those which remain include the choice of a procedure with which to
estimate the multi-level model and final specification of the variables
to be included in the complete multi-level model. To take stock of the
progress, it helps to refer to several equations. The micro model
is given by

Logit(EFFij) = Poj+ I3ljEDij+ I32,;TAGEij (1)

where i = I, , Tlj refers to individual observations within contexts
and j = I, , J refers to contexts (in this analysis, J = 56);
EFF = I if the respondent is currently using an efficient method of
contraception and = 0 otherwise; ED denotes education; and TAGE
denotes transformed age.

The parameters of the micro model are conceptualized to vary as a
function of macro characteristics. Original substantive concerns sug
gested that both PSG and FPW should affect the micro coefficients.
Under that hypothesis, the macro model is given by
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Poj = TJoo+11(HPSGj+'b2FP~+aoj; (2.1)
131j = lllO+ll11PSGj+llI2FP~+ ulj; (2.2)
132,; = ll20+ll2IPSGj+ll22FP~+u~. (2.3)

In these equations, the ukj. k = 0, I, 2, are macro errors assumed in
dependent over j for fixed k, but allowed to co-vary across macro
equations, just as is usually the case for a block of related equations.
For this reason, the full multi-level model is also known as a
"covariance components model".

The full multi-level model is given by equation (1) together with
equations (2.1)-(2.3). Equivalently, substitution of (2.1)-(2.3) into (I)
yields

Logit(EFFij) = 11OO+'bIPSGj+'b2FP~+llloEDij+ll2OTAGEij

+ (llllEDij+ 112l TAGEij)PSGj (3)
+ (ll12EDii +ll22TA GEii)FPWj
+ (UOj+ UljEDii+ a~TAGEii)'

Comparison across the two forms of the full set of equations,
«1) and (2.1)-(2.3), as against (3» shows that the coefficients of the
macro equations sustain these interpretations: 1100 is the overall in
tercept of the multi-level model; l10l is the main effect of PSG; 1102 is
the main effect of FPW; nio is the main effect of education; llil is the
micro-macro education interactive effect; lll2 is the micro-macro
education-programme interaction effect; ll20 is the main age effect; ll2l
is the micro-macro age-educational composition interactive effect; and
lln is the micro-macro age-programme interactive effect. Since all of
the ns except 1100 are cofficients describing either main or interactive
effects in the logit metric, it follows that one can develop hypotheses
about them and interpret the ns just as would be done in standard
logistic regression. Furthermore, one can also plot estimates of the I3kj
against macro variables in order to gain impressions of likely direction
and strength of particular ns,

The initial examination of zero-order macro plots suggests that
estimation of the full multi-level specification will result in: ~l > 0,
~02 ::::: 0, ~ll ~ 0, ~12 ::::: 0, ~2l < 0, and ~ ~ O.Also, the positive
mean education effect reported in table 15suggests that 1110 should be
positive. In addition, Q priori substantive considerations, the results of
the pooled logistic regression, the clear positive mean age effect over
villages (table 14) and the negative interaction effect suggested by the
correlation between the education coefficient and PSG, as well as the
scatter plot between these variables, all suggest that ~20 should be
positive. Lastly, on Q priori grounds and the evidence thus far, fIoo
should be negative (corresponding to a probability less than 0.5): con
tracepting illiterate young women living in environments in which
most people are illiterate and in which no family planning programme
effort is being made should be a minority.

E. CHOICE OF STATISTICAL MODEL

Testing the tentative conclusions reached thus far requires a
statistical model. The two alternatives available (apart from the non
fundamental choice between, for example, probit and logit models)
are the standard fixed-effectlogistic response model and the stochastic
parameter logistic response model.

In a fixed-effect model, the specific contexts are assumed to be a
focus of interest, just as are the groups or categories in a classical
fixed-effect analysis of variance. From this perspective, the use of
macro variables instead of indicator variables for contexts is simply a
way to structure parsimoniously the between-context contrasts. A
fixed-effect model containing micro and macro variables, as well as
micro-macro interactions, can be arrived at without a multi-level con
ceptualization and without postulating the dependence of micro
parameters upon macro characteristics.

A fixed-effect specificationcan also be arrived at by assuming that the
macro equations do not contain error terms, that is, that the Ukj are
uniformly zero. This is evident from the equivalenceof equation (3) with
the combination of (1)and (2.1)-(2.3).Does this mean that specifying no
macro error terms is equivalent to assuming that the contexts are fixed
and that interest is confined solely to the observed contexts in a par
ticular analysis problem? Not necessarily. However, specification of no
macro error terms does require the analyst to postulate not only that any
new contexts added to the analysis, or collected in a replication, would
have the same values on the macro predetermined variables (e.g., PSG
and FPW), but that these new contexts would have the same micro



Logistic regression

TABLE 17. FIXED-EFFECT LOGISTIC REGRESSIONS OF CURRENT USE
OF EFFICIENT CONTRACEPTION, BASED ON DATA POOLED ACROSS
CONTEXTS AND INCUDING CONTEXTUAL CHARACTERISTICS AS
REGRESSORS

NOTE: Figures in parentheses are estimated standard errors. PSG =
the compositional measure of education measured at the contextual
level; FPW = the family planning programme input variable
measured at the contextual level; ED = education of respondent;
TAGE = transformed age of respondent. Goodness of fit is the
difference between - 2 In (likelihood) computed for the model
estimated in the text and the null model. The null model contains an
intercept but no regressors. Degrees of freedom is the difference be
tween the null model and the model estimated here in the number of
regressors.

109 as the educational composition of the local environment in
creases-this decrease is in addition tothe decrease captured by the
functional form for age itself (log (age -18». Secondly, the effect of
educational composition in the local environment is positive and ap
pears to peak at about age 37, with a slight decline thereafter. By virtue
of the fixed-effect assumption one does not, for example, treat the rate
of change in the age effect as a consequence of changes in educational
composition. Moreover, statistical inference about the age, education
and educational composition effects is conditional on the sampled
villages.

coefficients. That is, the specification of no macro errors requires the
analyst to assume that any additional contexts observed would merely
provide replicates of, for instance, the combinations (~kj. PSGj. FPWj),
for j = I, ... , J; k = 0, I, 2. This assumption is unrealistic on two
grounds: First, it does not allow for the possibility that the micro coeffi
cients for a new set of contexts with the same macro variables could ever
be different. Secondly, it assumes that the analyst has specified perfectly
the determinants of the micro coefficients. Thus, suppression of the
macro error terms exacts a toll in the realism of the underlying assump
tion of the model, given that the analyst wishes to treat micro coefficients
as endogenous with respect to macro characteristics, or given that the
analyst's ultimate focus remains with the particular set· of contexts
studied in a particular analysis.

The stochastic-parameter approach can be arrived at in three ways.
Equation (3) is an instance of a mixed model, in which there are fixed
effects (the T]s) and random effects (the as). Mixed models arise from
situations in which groups or contexts are sampled, and there is in
terest in generalizing from the sample to a larger population. From the
standpoint of the macro equations (e.g., equations (2.1)-(2.3», allow
ing for the as is equivalent to assuming that the l3kj can differ even when
the macro characteristics remain the same in, for example, a replica
tion. In addition, the as allow the analyst to distinguish be
tween systematic and random variability in the ~kj. Lastly, from a
Bayes perspective, the stochastic-parameter model assumes that the er
rors are exchangeable across contexts, even if contexts are not sam
pled. f Thus, even if the analyst's interest is ultimately focused on just
the set of contexts available in a particular set of data, it is still possible
to treat micro parameters as endogenous with respect to macro charac
teristics and to allow for error in the macro specification.

This sketch of the fixed-effect and stochastic-parameter perspectives
indicates that, all other things being equal, the choice of approach
should be guided by the analyst's goals. If the analyst does not wish to
treat the micro parameters as endogenous with respect to other macro
characteristics and if inference is limited to the set ofcontexts current
ly available for analysis, then the fixed-effect approach seems ap
propriate. In that case, the analyst can make use of widely available
computer programmes for maximum-likelihood estimation of fixed
effect logistic response models, in order to estimate equation (3) with
all terms in a excluded. If the analyst wishes to treat the micro
parameters as endogenous with respect to other macro characteristics,
or the contexts are sampled, then the stochastic-parameter approach is
appropriate.

The two approaches can lead to coefficient estimates that are quite
similar, as is shown below. Since the underlying assumptions of the
approaches differ fundamentally, however, interpretations based on
the different assumptions must reflect these differences if the analyst is
to be logically consistent.

CtH1f!icient
Regressor symbol

Intercept .......... 1100 -5.66
(1.2335)

PSG .............. 1\01 0.064235
(0.01676)

FPW ............. TJo2 -0.001850
(0.002837)

ED ............... T]10 -0.08920
(0.07043)

ED-PSG .......... T]ll 0.001766
(0.0009149)

ED-FPW .......... T]12 0.0002879)
(0.0001715)

TAGE ............ T]20 2.3778
(0.4607)

TAGE'PSG ....... T]21 -0.02442
(0.006309)

TAGE·FPW ....... Tl22 0.0001056
(0.001046)

Goodness of fit 431
Degrees of freedom 8

2

-6.7129
(0.7384)
0.07779

(0.01345)

0.05623
(0.009619)

2.5186
(0.3000)

-0.02663
(0.005486)

426
4

F. RESULTS: FIXED-EFFECT LOGISTIC REGRESSION

Table 17 presents two estimated fixed-effect logistic regressions.
Regression 1 corresponds to equation (3), except that no macro error
terms are conceptualized or estimated. For this regression, all coeffi
cients involving the family planning programme input variable are
small in relation to their standard errors. Regression 2 omits all terms
involving FPW as well as the micro education-educational composi
tion interaction. Comparison of the goodness of fit statistics for the
two regressions shows no appreciable deterioration in fit (the
difference 431 - 426 = 5 is chi-square distributed with four degrees
of freedom under the null hypothesis that all coefficients involving
FPW are zero). All terms included in regression 2 are significant at
conventional levels.

Regression 2 in table 17 indicates that education is positively related
to current contraceptive use, controlling age and educational composi
tion in the local environment. The education effect controUing for pro
grlUlUl1e input and the age-education composition interaction is only
slightly lower than the education effect observed in the results of the
pooled logistic regression given in section D. The age and education
composition effects are inseparable, because of their interaction. For
these villages, the age effect is 2.519 - 0.027 PSG and the education
composition effect is 0.078 - 0.027 TA GE. Evaluation of these partial
derivatives for a possible extreme value within the ranges of the
variables shows, first, that the age effect is always positive but decreas-
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G. RESULTS: STOCHASTIC-PARAMETER MULTI-LEVEL LOGISTIC
REGRESSION

Table 18 presents three stochastic"parameter regressions. These
regressions are computed using the itC{ative procedure proposed by
Wong and Mason (1985). The beginni. values for the iterations are
the classical maximum-likelihood within-context coefficient estimates.
That is, standard logistic regressions are computed separately within
each context. The resulting coefficients are then used to initiate the
iterative computations described by Wong and Mason.

The first regression given in table 18 is an estimated random coeffi
cient logistic regression model. It is the 'estimated form of (3) with all
coefficients involving PSG and FPW constrained to be zero. Equiva
lently, it is the estimated form of equations (2.1)-(2.3) allowing for as
and with only the T]kO (k = 0, 1, 2) allowed to be non-zero. This is the
baseline equation, and its coefficientune quite similar to those of the
fixed-effect equation presented in the·,pooled logistic regression.

Regression 2 in table 18 is an estimate ofthe full model given by (3).
For this regression, the coefficients involving FPWare small in relation
to their standard errors, suggesting tilat all terms in FPW can be omit
ted. Regression 3 omits the termsln',FPW and allows the education
effect to be random. The coefficientsinr.egression 3 are all large in rela
tion to their standard errors. MorCOller; the outcome of a Wald test of
the null hypothesis that TJo2 = T]1t:·=O T]12 = Tl22 = 0 sustains the
simultaneous omission of the four terms.



TABLE 18. STOCHASTIC-PARAMETER MULTI-LEVEL LOGISTIC
REGRESSIONS OF CURRENT USE OF EFFICIENT CONTRACEPTION

Source: Calculated using the method of Wong and Mason (1985).
NOTES: Figures in parentheses are standard errors. PSG = the con

textual measure of education; FPW = the contextual measure of
family planning programme input; ED = education; TAGE =
transformed age of respondent.

For description of regressions 1, 2 and 3, see text.

The coefficients of regression 3 in table 18 show that the effect of
education varies randomly over villages and has a positive mean of
0.055. The age effect also varies, with both a systematic and a ran
dom component. The partial derivative for the effect of age is
2.521-0.0266 PSG, which indicates that although the effect of
transformed age is positive, the rate of increase in contraceptive use
decreases as a function of educational composition. That is, the multi
level conceptualization is consistent with the view that a change in the
level of educational composition leads to a change in the age effect. In
addition, since TAGE is the natural logarithm of translated age
(shifted by 18), there is a decline in the rate of increase of the age effect
that exists apart from the decline captured by PSG. Whether the
aspect Of~e decline implicit in TAGE is due to other macro
phenomena and if so, what they might be, is unclear without further
research. F r example, it may be that the decrease in the age effect im
plicit in the s~ of TAGE is due to cohort differences in willingness to
use contr tlOn.

The effect of educational composition, as judged from regression 3
in table 18, is also assayed by a partial derivative, which is
0.077 - 0.0266 TA GE. Evaluation of the partial derivative shows that
there is a point of inflection at 36 years of age. The multi-level state
ment of this result is that educational composition has its greatest
positive impact on contraceptive use at the youngest ages of married
women and that this impact actually becomes negative for perSons
approaching 40. This negative effect is quite small. For example, at
age 40, the PSG partial derivative is - 0.005. It is unclear how to inter
pret this negative portion of the PSG effect. Perhaps the most impor
tant aspect of the PSG effect is that, over most of the years relevant to
childbearing, people appear to. experience the impact of the educa
tional composition of the local environment positively, but this aspect
of local environment appears to become less relevant at the upper end
of the age range for childbearing. In sum: the younger the person, the
stronger the composition effect on contraceptive use.

The estimated macro-error variances and covariances provide addi
tional information about the nature of the fit of regression 3. These are
presented in table 19, which shows that the maximum-likelihood
estimate of the between-village.variance in the education effect is vir
tually zero (0.000588), that the, cross-equation error correlation be
tween the education-effect anq .age-e1fect equations is about 0.5 and·
that the errors of prediction in, the intercept macro equation are in
versely correlated with the errors of prediction for the remaining

Coefficient
Regressor symbol

Intercept 1100 -2.6366
(0.2030)

PSG ......... 1101

0.0362
0.000588
0.522

0.213
-0.630
-0.945

TABLE 19. ESTIMATED ERROR VARIANCES AND STANDARDIZED
MACRO ERROR COVARlANCES OF REGRESSION 3 IN TABLE 18

macro equations. That the error correlation for the intercept and age
effect equations is so large is a reflection of the strength of the age
effect in the within-eontext logistic regressions. The surprisingly strong
correlation estimated between al and a2 suggests that there remains
between-village variability in the effects of education and age yet to be
accounted for. This variability need not be systematic. Indeed, it is
clear that the variables studied in the exploratory phase of this analysis
(referred to, but not displayed here) cannot account for this between
village variability. On the strength of the evidence thus far, it is a
reasonable working hypothesis that the extent to which the errors of
the macro equations are correlated is nothing more than a reflection of
the characteristics that make each village unique.

The stochastic-parameter approach also allows for posterior
estimates of the within-eontext regressions (Wong and Mason, 1985).
These estimates are strengthened in relation to classical maximum
likelihood fixed-effect logistic regressions, because they take into ac
count information from all other villages. The classical within-context
logistic regressions simply apply the standard logistic regression model
separately to each context. Strengthening is justified to the extent that
the assumption of random as is valid, or to the extent that the assump
tion of exchangeability of the as is valid. In the present instance, the
assumption of exchangeability seems to be reasonable-on the basis of
prior knowledge of the contexts. To some degree, the validity of this
assumption can be checked empirically, for example, by plotting the
macro residuals against other macro variables.

The posterior estimates of the micro regressions are summarized in
the lower panel of table IS. From table 15 it can be seen that, for the
posterior estimates, the intercept is always negative, and the education
and age effects are always positive. This is in marked contrast to the
classical estimates (upper panel of table 15). Moreover, as the
shrunken ranges of the posterior estimates suggest, the dispersion of
the posterior estimates as measured by the classical sample estimator
of the standard deviation should be smaller than those for the classical
maximum-likelihood within-context coefficients. This is in fact the
case.

The posterior estimates differ from the classical maximum
likelihood estimates by more than just shrinkage. This is made clear in
figures VI and VII, which plot the posterior intercepts and age effects,
respectively, against PSG. Inspection of these figures, as well as the
correlations involving PSG in table 16, shows that the classical within
context coefficient estimates are not nearly so strongly related as the
posterior estimates are to PSG. If additional macro data with which to
model coefficient variability were to become available, the posterior
estimates of the within-eontext coefficients could be used for addi
tional exploratory purposes. Further, the differences between
posterior and classical estimates can also be used for additional study
of the data. For example, if differences between the two forms of
estimates for a given village are large, this may indicate an unusual
village. Consideration of this village could lead to a re-evaluation of
the validity of the assumption of randomness (or exchangeability), or
it could lead to new sustantive insight and the alteration of the terms
included in the macro or micro equations. If within-context micro
equations were needed for prediction purposes, as they sometimes are
(e.g., when attempting to predict student success in school admissions
processes), then the posterior estimates could be used in preference to
the classical estimates.

ao .
al .
a2 .

NOTE: The off-diagonal terms are the estimated macro error
covariances divided by the positive square roots of the products of the
respective estimated macro error variances, which are presented on the
main diagonal.

3

0.05505
(0.01034)

-6.6692
(0.7766)
0.07741

(0.01416)

2.5210
(0.3191)

-0.02663
(0.005850)

2

Logistic regression

-5.6575
(1.3179)
0.06427

(0.01793)
-0.001884
(0.003044)

-0.08830
(0.07586)
0.001702

(0.0009953)
0.0002966

(0.0001831)
2.3940

(0.4985)
-0.02449
(0.006821)
0.00006197

- (0.001141)

0.06023
(0.01023)

1.1180
(0.07510)

FPW ........ 1102

ED .......... 1110

EI>PSG ..... TIll

EI>FPW .... TlI2

TAGE ....... T'I2O

TAGE'PSG .. T'l21

TAGE·FPW .. T'l22

29



Figure VI. Plot of posterior micro intercepts against contextual
education composition, PSG, based on regression 3 In table 18
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Figure VII. Plot of posterior micro age etrects against contextual
education composition, PSG, based on rearession 3 In table 18
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Cases I, 2 and 4 pertain to situations in which stochastic-parameter
models are appropriate, case 3 to a situation in which a fixed-effects
approach is appropriate.

SUMMARY AND CONCLUSIONS

The steps in multi-levelmodelling consist of the following: (0) selec
tion of a micro model on the basis of 0 priori substantive considera
tions; (b) theoretical development of micro-macro hypotheses con
cerning the main effects of macro variables and the effects of cross
level interactions; (c) data exploration - at both the micro and macro
levels. At the micro level, data exploration is used to refine the initial
specification. At the macro level, data exploration consists of
graphical examination of scatter plots of micro coefficients against
macro variables, as well as application of simple methods of
multivariate analysis, such as multiple regression using ordinary least
squares. Lastly, true multi-level statistical estimation is carried out.

The choice between use of a fixed-effect approach and a stochastic
parameter approach is fundamentally conceptual, although until ap
propriate stochastic-parameter software is routinely available and
computer costs are reduced from current levels, the lesser expense of
fixed-effect modelling will remain appealing. The conceptual choice
can be clarifiedwith a schematic table that summarizes the earlier com
ments about the differences between the fixed-e1fect and stochastic
parameter approaches:

1111_1 Is 111/1 1111_1 Is III /I

sp«/Iic sel qf ulliverse qf COIII~XIS,
conlexls wltklt It/l$ bHn SIImpkd

The micro coefficients are concep
tualized to depend upon contextual
variables .

The micro coefficientsare not concep
tualized to depend on contextual
variables .

(1)

(3)

(2)

(4)

In the empirical example presented here, the estimated h-coefficients
of the fixed-effect and stochastic-parameter approaches are virtually
identical. This cannot be expected to occur in all instances. Moreover,
even when the coefficient estimates are similar, the standard errors
estimated by the two approaches can be quite different. Relevant fac
tors appearing to contribute to the convergence of results include the
relatively large number of contexts, large sample size per context, and
the degree of cross-context variability in the coefficients. The relative
weights of these factors in determining the convergence of the two ap
proaches have yet to be studied systematically.

NOTES

a More levels of observation are possible, but appropriate data are
scarce and statistical methods for dealing with them are not currently
available in a practical form.

b FORTRAN programs for stochastic-parameter multi-level model
ling are available from the author.

C When the dependent variable is dichotomous, the regression for
mulation assuming normally distributed errors is, in general, incor
rect. The logistic response model is a preferred alternative in this case,
regardless of whether the empirical problem is multi-level or single
level. Logistic response models are exposited in textbooks, such as
those by Hanushek and Jackson (1977), Fox (1984), Cox (1970) and
Maddala (1983). In this annex, the standard logistic response model,
or logistic regression model, is also referred to as the classical fixed
effect logistic regression model. This additional terminology is used to
help distinguish the conventional model from the stochastic-parameter
model for multi-level logistic regression.

d Widely distributed statistical computer packages, such as SAS,
BMDP, SPSS and GUM, include the capability of estimating stan
dard fixed-effect logistic regressions using the method of maximum

30



likelihood. The SAS program also includes the minimum logit chi
square method, which is an alternative to maximum likelihood for
cases in which there are replicates for each combination of values of
the predictor variables. This alternative method was not used here, as
it is less generally applicable than maximum likelihood.

• The logit is defined as log (pIq), where p =pre Y=I) and
q = I - Pr( Y = I), and log denotes natural logarithm. For expository
discussion of logits, logistic regression and the connection between
estimated logits and estimated probabilities, the presentations of
Hanushek and Jackson (1977) and Fox (1984) are quite useful.

f If the exchangeability assumption is satisfied, one would be in
different to any permutation over j of (aOj.ali,a~).That is, one would
be indifferent to arbitrary mixing-up of the macro errors - it would
make no difference if the errors for contextsj andj' were switched with
each other.
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