A User’s Guide to MLwiN

Version 2.10

by Jon Rasbash, Fiona Steele,

William J. Browne & Harvey Goldstein

Centre for Multilevel Modelling,
University of Bristol



ii
A User’s Guide to MLwiN

Copyright (©) 2009 Jon Rasbash, Fiona Steele, William J. Browne and Harvey
Goldstein. All rights reserved.

No part of this document may be reproduced or transmitted in any form or by any
means, electronic or mechanical, including photocopying, for any purpose other
than the owner’s personal use, without the prior written permission of one of the
copyright holders.

ISBN: 978-0-903024-97-6

Printed in the United Kingdom

First Printing November 2004.

Updated for University of Bristol, October 2005 and February 20009.



111

This manual is dedicated to the memory of Ian Lang-
ford, a greatly missed friend and colleague.



v



Note

When working through this manual, you may notice some minor discrepan-
cies between the results you get and the screenshots presented here. This is
due to two changes that have been made to the software between the Beta
version used to create the screenshots in the manual and the current version.
The first affects the —2 x log(likelihood) values. The version used to create
the screenshots gives a slightly different value to the current version and to
MLwiN version 2.02 in some cases. The second is that an improvement to the
estimation procedure in the current version may lead to small improvements
in some parameter estimates when using (R)IGLS. The version used to create
the screenshots gives identical parameter estimates to MLwiN version 2.02.

The differences in both the —2 x log(likelihood) values and the parameter
estimates shown in the screenshots in this manual compared to the values
produced by the current version of the software are extremely small. All
—2 x log(likelihood) values for multilevel models agree to 7 significant digits
and all —2 x log(likelihood) values for single level models agree to at least
5 significant digits. All differences between parameter estimates are within
the specified tolerance for the iterative procedure. We therefore decided
not to replace the screenshots with screenshots generated by the current
version of MLwiN. If you are using the current version of MLwiN, you should
expect to see some extremely small differences in the parameter estimates and
—2 X log(likelihood) values compared to those shown in the screenshots in
this manual; however since the differences are so small there will be no change
in their interpretation.

For more details about these changes and the reasons behind them, see http:
//www.cmm.bristol.ac.uk/MLwiN/bugs/likelihood.shtml


http://www.cmm.bristol.ac.uk/MLwiN/bugs/likelihood.shtml
http://www.cmm.bristol.ac.uk/MLwiN/bugs/likelihood.shtml
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Introduction

About the Centre for Multilevel Modelling

The Centre for Multilevel Modelling was established in 1986, and has been
supported largely by project grants from the UK Economic and Social Re-
search Council. The Centre has been based at the University of Bristol since
2005. Members of the Bristol team can be found on this page:

http://www.cmm.bristol.ac.uk/team/index.shtml

In addition to the Bristol team, the Multilevel Modelling Fellows are a group
of researchers who meet several times a year to discuss multilevel modelling
issues. A list of current fellows can be found on this page:
http://www.cmm.bristol.ac.uk/team/index.shtml#visfell

Centre contact details:

Centre for Multilevel Modelling

Graduate School of Education

University of Bristol

2 Priory Road

Bristol

BS8 1TX

United Kingdom

e-mail: info-cmm@bristol.ac.uk

T/F: +44(0)117 3310833

Installing the MLwiN software

MLwiN will install under Windows XP or Vista. The installation procedure
is as follows.

X1
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Run the file MLwiN.msi from wherever you have downloaded it to, or from
the CD you have been sent. You will be guided through the installation
procedure. Once installed you simply run MLwiN.exe, or for example, create
a shortcut menu item for it on your desktop.

MLwiIN overview

MLwiN is a development from MLn and its precursor, ML3, which provided
a system for the specification and analysis of a range of multilevel models.
MLwiN provides a graphical user interface (GUI) for specifying and fitting a
wide range of multilevel models, together with plotting, diagnostic and data
manipulation facilities. The user can carry out tasks by directly manipulating
GUTI screen objects, for example, equations, tables and graphs.

The computing module of MLwiN is effectively a somewhat modified version
of the DOS MLn program, which is driven by a series of commands and
operates in the background. Users typically will set about their modelling
tasks by directly manipulating the GUI screen objects. The GUI translates
these user actions into MLn commands, which are then sent to the computing
module. When the computing module has completed the requested action all
relevant GUI windows are notified of this and redraw themselves to reflect
the updated system state. For some more complex models and tasks, for
which there are currently no GUI structures available, the user must enter
commands directly in the Command interface window. Any commands
issued by the GUI are also recorded in this window. All these commands are
fully described in the MLwiN Help system (see below).

It is assumed that you have a working knowledge of Windows applications.
The MLwiN interface shares many features common to other applications
such as word processors and some statistical packages. Thus, file opening
and saving is standard, as is the arranging and copying of windows to the
clipboard, and using menus and dialogue boxes.

The data structure is essentially that of a spreadsheet with columns denoting
variables and rows corresponding to the lowest level units in the hierarchy.
For example in the data set described in Chapter 2, there are 4059 rows, one
for each student, and there are columns identifying students and schools and
containing the values of the variables used in the analysis. By default the
program allocates 1500 columns, 150 fixed and 150 random parameters and 5
levels of nesting. The worksheet dimensions, the number of parameters and
the number of levels can be allocated dynamically.

For your own data analysis, typically you will have prepared your data in
rows (or records) corresponding to the cases you have observed. MLwiN
enables such data to be read into separate columns of a new worksheet, one
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column for each field. Data input and output is accessed from the File menu.

Other columns may be used for other purposes, for example to hold frequency
data or parameter estimates, and need not be of the same length. Columns
are numbered and can be referred to either as cl, ¢17, c¢43 etc., or by name
if they have previously been named using the NAME feature in the Names
window. MLwiN also has groups whose elements are a set of columns. These
are fully described in the MLwiN Help system.

As well as the columns there are also boxes or constants, referred to as B1,
B10 etc. MLwiN is not case-sensitive, so it will be most convenient for you
to type in lower case although you may find it useful to adopt a convention
of using capital letters and punctuation for annotating what you are doing.

Enhancements in Version 2.10

The following features are present in Version 2.10. For documentation, please
see the separate ‘MLwiN v2.10 manual supplement’

Estimation

e Predictions are now available for specified values of the explanatory
variables as well as for the units in the data set

e There is a new method for estimating autocorrelated errors in continous
time

e Ordinal variables can now be entered into the model as orthogonal
polynomials

e There are extra features for data manipulation

e Features have been added to make the running of models from macros
easier, including the ability to control the Equations window from a
macro

Exploring, importing and exporting data

e Basic surface plotting with rotation is now available

e Model comparison tables showing estimates for the various models run
can now be created and exported (for example to Word or Excel)
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e SPSS, Minitab and Stata work files can now be saved and retrieved by
MLwiN

e It is now possible to copy, paste and delete directly from the Names
window

Improved ease of use

e The specification of models has been made easier, in particular, centring
of explanatory variables, entering explanatory variables as polynomials
and modifying explanatory variables already specified

e The open windows in MLwiN now appear as a row of tabs along the
bottom

e Data can now be viewed by selecting variables from the Names window
e Specification of categorical variables has been made easier

e Column descriptors are now available to provide some information
about variables

e MLwiN can now be invoked from the command line

MLwiN Help

The basic reference for MLwiN is provided by an extensive Help system.
This uses the standard Windows Help conventions. Links are underlined
and topics are listed under ‘contents’. There is a principal Help button
located on the main menu and context sensitive buttons located on individual
screens. You can use the ‘index’ to search for a topic or alternatively if you
click on the find tab you can search using keywords for the topic. Navigation
through the Help system involves clicking on hypertext links, or using any
of the options on the Help screen menu bars. You can also use any of the
functions available under ‘options’ on the Windows 95 / NT Help toolbar,
such as printing, changing font size, etc.

Compatibility with existing MLn software

It is possible to use MLwiN in just the same way as MLn via the Command
interface window. Opening this and clicking on the Output button allows
you to enter commands and see the results in a separate window. For certain
kinds of analysis this is the only way to proceed. MLwiN will read existing
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MLn worksheets, and a switch can be set when saving MLwiN worksheets
so that they can be read by MLn. For details of all MLwiN commands see
the relevant topics in the Help system. You can access these in the index
by typing “command name” where name is the MLn command name.

Macros

MLwiN contains enhanced macro functions that allow users to design their
own menu interfaces for specific analyses. A special set of macros for fitting
discrete response data using quasilikelihood estimation has been embedded
into the Equations window interface so that the fitting of these models is
now entirely consistent with the fitting of Normal models. A full discussion
of macros is given in the MLwiN Help system.

The structure of the User’s Guide

Following this introduction the first chapter provides an introduction to mul-
tilevel modelling and the formulation of a simple model. A key innovative
feature of MLwiN is the Equations window that allows the user to specify
and manipulate a model using standard statistical notation. (This assumes
that users of MLwiN will have a statistical background that encompasses
a basic understanding of multiple regression analysis and the corresponding
standard notation associated with that.) In the next chapter we introduce
multilevel modelling by developing a multilevel model building upon a simple
regression model. After that there is a detailed analysis of an educational
data set that introduces the key features of MLwiN. Subsequent chapters
take users through the analysis of different kinds of data, illustrating fur-
ther features of MLwiN including its more advanced ones. The User’s Guide
concludes with two advanced chapters — on cross-classification models and
multiple membership models — which describe how to fit these models using
MLwiN commands.

We suggest that users take the time to work through at least the first tutorial
to become familiar with the software. The Help system is extensive and
provides full explanations of all MLwiN features and also offers help with
many of the statistical procedures. Abridged versions of the tutorials are
also available within the Help system.
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Chapter 1

Introducing Multilevel Models

1.1 Multilevel data structures

In the social, medical and biological sciences multilevel or hierarchically struc-
tured data are the norm and they are also found in many other areas of
application. For example, school education provides a clear case of a system
in which individuals are subject to the influences of grouping. Pupils or stu-
dents learn in classes; classes are taught within schools; and schools may be
administered within local authorities or school boards. The units in such a
system lie at four different levels of a hierarchy. A typical multilevel model
of this system would assign pupils to level 1, classes to level 2, schools to
level 3 and authorities or boards to level 4. Units at one level are recognised
as being grouped, or nested, within units at the next higher level.

In a household survey, the level 1 units are individual people, the level 2 units
are households and the level 3 units, areas defined in different ways. Such a
hierarchy is often described in terms of clusters of level 1 units within each
level 2 unit etc. and the term clustered population is used.

In animal or child growth studies repeated measurements of, say, weight are
taken on a sample of individuals. Although this may seem to constitute a
different kind of structure from that of a survey of school students, it can be
regarded as a 2-level hierarchy, with animals or children at level 2 and the
set of measurement occasions for an individual constituting the level 1 units
for that level 2 unit. A third level can be introduced into this structure if
children are grouped into schools or young animals grouped into litters.

In trials of medical procedures, several centres may be chosen and individual
patients studied within each one. Here the centres become the level 2 units

and the patients the level 1 units.

In all these cases, we can see clear hierarchical structures in the population.
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From the point of view of our models what matters is how this structure
affects the measurements of interest. Thus, if we are measuring educational
achievement, it is known that average achievement varies from one school
to another. This means that students within a school will be more alike,
on average, than students from different schools. Likewise, people within a
household will tend to share similar attitudes etc. so that studies of, say,
voting intention need to recognise this. In medicine it is known that centres
differ in terms of patient care, case mix, etc. and again our analysis should
recognise this.

1.2 Consequences of ignoring a multilevel struc-
ture

The point of multilevel modelling is that a statistical model explicitly should
recognise a hierarchical structure where one is present: if this is not done
then we need to be aware of the consequences of failing to do this.

In our first tutorial example we look at the relationship between an outcome
or response variable which is the score achieved by 16 year old students in
an examination and a predictor or explanatory variable which is a reading
test score obtained by the same students just before they entered secondary
school at the age of 11 years. The first variable is referred to as “exam score”
and the second as “LRT score” where LRT is short for ‘London Reading
Test’. In the past it would have been necessary to decide whether to carry
out this analysis at school level or at pupil level. Both of these single-level
analyses are unsatisfactory, as we now show.

In a school-level or aggregate analysis, the mean exam score and the mean
LRT score would first be calculated for each school. Ordinary regression
would then be used to estimate a relationship between these. The main
problem here is that it is far from clear how to interpret any relationship
found. Any causal interpretation must include individual pupils, and infor-
mation about these has been discarded. In practice it is possible to find a
wide variety of models, each fitting the data equally well, but giving widely
different estimates. Because of the difficulty of interpretation the results of
such analyses depend on an essentially arbitrary choice of model. An empir-
ical demonstration of this unreliability is given by Woodhouse & Goldstein
(1989), who analyse examination results in English Local Education Author-
ities.

In a pupil-level analysis an average relationship between the scores would
be estimated using data for all 4059 pupils. The variation between schools
could be modelled by incorporating separate terms for each school. This
procedure is inefficient, and inadequate for the purpose of generalisation. It
is inefficient because it involves estimating many times more coefficients than
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the multilevel procedure; and because it does not treat schools as a random
sample it provides no useful quantification of the variation among schools in
the population more generally.

By focusing attention on the levels of hierarchy in the population, multilevel
modelling enables the researcher to understand where and how effects are
occurring. It provides better estimates in answer to the simple questions for
which single-level analyses were once used and in addition allows more com-
plex questions to be addressed. For example Nuttall et al.| (1989), using mul-
tilevel modelling, showed that secondary schools varied in the progress made
by students from different ethnic groups: in some schools certain ethnic mi-
nority group children made more progress, in comparison with non-minority
children, than in other schools.

Finally, carrying out an analysis that does not recognise the existence of clus-
tering at all, for example a pupil level analysis with no school terms, creates
serious technical problems. For example, ignored clustering will generally
cause standard errors of regression coefficients to be underestimated. Con-
sider also models of electoral behaviour. Voters are clustered within wards
and wards within constituencies. If standard errors were underestimated it
might be inferred, for example, that there was a real preference for one party
or course of action over another when in fact that preference, estimated from
the sample, could be ascribed to chance. Correct standard errors would be
estimated only if variation at ward and constituency level were allowed for
in the analysis. Multilevel modelling provides an efficient way of doing this.
It also makes it possible to model and investigate the relative sizes and ef-
fects of ward characteristics and of constituency characteristics on electoral
behaviour, as well as that of individual characteristics such as social group.

There is now a considerable literature on multilevel modelling, both theoret-
ical and applied. The tutorial examples will enable the new user to become
familiar with the basic concepts. More detailed discussions and statistical
derivations can be found in the books by Bryk & Raudenbush| (1992]), |Long-
ford (1993) and |Goldstein| (2003).

1.3 Levels of a data structure

We shall use our exam data to illustrate the fundamental principle of multi-
level modelling: the existence of different levels of variation. For this purpose
schools will be the groups of interest.

We start by introducing some basic terminology and to keep matters simple
we restrict attention to a single response variable and one predictor. We begin
by looking at the data from a single school. In Figure the exam scores of
73 children sampled from one of the schools in our sample are plotted against
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the LRT scores for the same children. The relationship is summarised by the
prediction or regression line.

Figure 1.1: Level 1 variation
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Figure 1.2: Level 2 variation in school summary lines
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The lines in Figure have different intercepts. The variation between these
intercepts is called level 2 variation because in this example the schools are
level 2 units. The schools are thought of as a random sample from a large
underlying population of schools and ‘school’ is referred to as a random classi-
fication. The individual schools, like the individual pupils, are not of primary
interest. Our interest is rather to make inferences about the variation among
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all schools in the population, using the sampled schools as a means to that
end.

If we regard the lines in Figure (1.2 as giving the prediction of the exam score
for a given LRT score, then it is clear that the differences between schools is
constant across the range of LRT scores. This kind of variation is known as
simple level 2 variation.

If we allow the slopes of the lines to vary as in Figure[1.3] then the differences
between the schools depend on the students” LRT scores. This is an example
of complex level 2 variation.

Figure 1.3: Complex level 2 variation

-~

Exam Score
(@)
L

DS

S50 1 8 b

»
L4

LRT Score

Once again, the main focus of a multilevel analysis is not on the individ-
ual schools in the sample, but on estimating the pattern of variation in the
underlying population of schools. Once this is done it becomes possible to
attempt to explain the pattern in terms of general characteristics of schools,
by incorporating further variables into the model. We can also obtain ‘pos-
terior’ estimates of intercepts and slopes for each school and the procedures
for this will be illustrated in the next chapter.

Before we set up a simple model for the examination data we briefly re-
view the basic statistical theory of multilevel modelling. This section can be
skipped by those familiar with the statistical background.
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1.4 An introductory description of multilevel
modelling

Figure provided an illustration of level 1 variation for a single school,
together with a regression line representing a summary relationship between
the exam and LRT scores for the pupils in this school. The technique of
‘ordinary least squares’, or OLS, to produce this relationship is well known
and provided by many computer packages, including MLwiN. Our interest,
however, is to use the variation between all the schools of the sample in order
to make inferences about the variation in the underlying population.

We use the regression line in order to revise some standard algebraic notation.
The ordinary regression relationship for a single school may be expressed as:

Yyi=a+br;+e (1.1)

where subscript i takes values from 1 to the number of pupils in the school.
In our example y; and x; are respectively the exam and LRT scores for the
1th pupil. The regression relation can also be expressed as:

where ¢; is the exam score predicted for the ¢th pupil by this particular
summary relationship for the school. The intercept, a, is where the regression
line meets the vertical axis and b is its slope. The expression a -+ bz; is known
as the fized part of the model.

In equation (1.1)), e; is the departure of the ith pupil’s actual exam score
from the predicted score. It is commonly referred to either as an error or
as a residual. In this volume we shall use the latter term. This residual is
that part of the score y; which is not predicted by the fixed part regression
relationship in equation . With only one school, the level 1 variation is
just the variance of these e;.

Turning now to the multilevel case of several schools which are regarded

as a random sample of schools from a population of schools, we assume a
regression relation for each school

gij = CLJ' + bl’ij (13>

Where the slopes are parallel and the subscript j takes values from 1 to the
number of schools in the sample.
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We can write the full model as

Yij = a; + by + ei (1.4)

In general, wherever an item has two subscripts ij, it varies from pupil to
pupil within a school. Where an item has a j subscript only it varies across
schools but has the same value for all the pupils within a school. And where
an item has neither subscript it is constant across all pupils and schools.

In a multilevel analysis the level 2 groups, in this case schools, are treated
as a random sample from a population of schools. We therefore re-express

equation ((1.3) as

a; = a+ uy
gij =a-+ bxij + Uj (15)

Where a, with no subscripts, is a constant and u;, the departure of the 50
school’s intercept from the overall value, is a level 2 residual which is the
same for all pupils in school j.

The model for actual scores can now be expressed as:

yij =a + bZL‘Z’j + u]‘ + eij (16)

In this equation, both u; and e;; are random quantities, whose means are
equal to zero; they form the random part of the model . We assume that,
being at different levels, these variables are uncorrelated and we further make
the standard assumption that they follow a Normal distribution so that it is
sufficient to estimate their variances, o2 and o2 respectively. The quantities
a and b, the mean intercept and slope, are fixed and will also need to be
estimated.

It is the existence of the two random variables u; and e;; in equation ([1.6))
that marks it out as a multilevel model. The variances o2 and o2 are referred
to as random parameters of the model. The quantities a and b are known as
fixed parameters.

A multilevel model of this simple type, where the only random parameters
are the intercept variances at each level, is known as a variance components
model. In order to specify more general models we need to adapt the notation
of . First, we introduce a special explanatory variable xy, which takes
the value 1 for all students.
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This allows every term on the right hand side of to be associated with an
explanatory variable. Secondly, we use (3, 81 etc. for the fixed parameters,
the subscripts 0, 1 etc. matching the subscripts of the explanatory variables
to which they are attached. Similarly, we incorporate a subscript 0 into the
random variables and write

Yij = Boo + P11 + Uo;To + €0ijTo (1.7)

Finally, we collect the coefficients together and write

Yij = BoijTo + L1145
Boij = Bo + uoj + €oij (1.8)

Thus we have specified the random variation in y in terms of random coef-
ficients of explanatory variables. In the present case the coefficient of xg is
random at both level 1 and level 2. The zero subscripts on the level 1 and
level 2 random variables indicate that these are attached to zg.

For the standard model we assume that the response variable is normally
distributed and this is usually written in standard notation as follows

y ~N(XB,Q) (1.9)

where X B is the fixed part of the model and in the present case is a column
vector beginning:

Boroir + Bix11
Boxo21 + Bixi21

The symbol €2 represents the variances and covariances of the random terms
over all the levels of the data. In the present case it denotes just the variances
at level 1 and level 2. Equations and form a complete specification
for our model and MLwiN uses this notation to specify the models that are
described in the following chapters.



Chapter 2

Introduction to Multilevel
Modelling

One aim of this chapter is to demonstrate how multilevel modelling builds
on traditional statistical methods for the comparison of groups where, for
example, the groups may be boys and girls or different schools. We begin with
an overview of standard regression methods for comparing the means of two
or more groups, commonly called analysis of variance (ANOVA) or sometimes
‘fixed effects” models. We then contrast this approach with multilevel or
‘random effects” modelling. The chapter also provides a revision of methods
for single-level statistical inference, including Normal tests for comparing
means and likelihood ratio tests, which are also used in multilevel modelling.

The other aim of the chapter is to provide an introduction to the MLwiN
software. The chapter is a tutorial which will take you through procedures for
manipulating data, carrying out descriptive analysis, creating graphs, speci-
fying and estimating ordinary least squares (OLS) regression and multilevel
models, and making inferences.

2.1 The tutorial data set

For illustration here, we use an educational data set for which an MLwiN
worksheet has already been prepared. Usually, at the beginning of an anal-
ysis, you will have to create such a worksheet yourself either by entering the
data directly or by reading a file or files prepared elsewhere. Facilities for
doing this are described in Chapter 8. The data in the worksheet we use
have been selected from a very much larger data set of examination results
from six inner London Education Authorities (school boards). A key aim of
the original analysis was to establish whether some schools were more ‘effec-
tive’ than others in promoting students’ learning and development, taking
account of variations in the characteristics of students when they started
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secondary school. The analysis then looked for factors associated with any
school differences found. Thus the focus was on an analysis of examination
performance after adjusting for student intake achievements. As you explore
MLwiN in this and following chapters using the simplified data set you will
also be imitating, in a simplified way, the procedures of the original analysis.

CHAPTER 2.

For a full account of that analysis see (Goldstein et al. (1993).

The data set contains the following variables:

Variable Description

School Numeric school identifier

Student Numeric student identifier

Normexam | Student’s exam score at age 16, normalised to have ap-
proximately a standard Normal distribution. (Note that
the normalisation was carried out on a larger sample, so
the mean in this sample is not exactly equal to 0 and
the variance is not exactly equal to 1.)

Cons A column of ones. If included as an explanatory variable
in a regression model, its coefficient is the intercept. See
Chapter 7.

Standlrt Student’s score at age 11 on the London Reading Test,
standardised using Z-scores.

girl 1 = girl, 0 = boy

schgend School’s gender (1 = mixed school, 2 = boys’ school, 3
= girls’ school)

Avslrt Average LRT score in school

Schav Average LRT score in school, coded into 3 categories (1
= bottom 25%, 2 = middle 50%, 3 = top 25%)

Vrband Student’s score in test of verbal reasoning at age 11,

coded into 3 categories (1 = top 25%, 2 = middle 50%,
3 = bottom 25%)

Note that in order to fit a model with n hierarchical levels MLwiN requires
your data to be sorted by level 1 nested within level 2 within level 3
... level n. For example here the data are sorted by students (level 1)
within schools (level 2). There is a sort function available from the Data

Manipulation menu.

2.2 Opening the worksheet and looking at

the data

When you start MLwiN the main window appears. Immediately below the

MLwiN title bar is the menu bar and below it the tool bar as shown:
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File Edit Options Model Estimation Data Manipulation  Basic Skatistics  Graphs  ‘Window  Help

Start | More | Stop | IGLS E:‘;inn:rﬂ:ilon |

These menus are fully described in the online Help system. This may be
accessed either by clicking the Help button on the menu bar shown above
or (for context-sensitive Help) by clicking the Help button displayed in the
window you are currently working with. You should use this system freely.

The buttons on the tool bar relate to model estimation and control, and we
shall describe these in detail later. Below the tool bar is a blank workspace
into which you will open windows. These windows form the rest of the
graphical user interface that you use to specify tasks in MLwiN. Below the
workspace is the status bar, which monitors the progress of the iterative
estimation procedure. Open the tutorial worksheet as follows:

Select File menu

Select Open worksheet
Select tutorial.ws
Click Open

When this operation is complete the filename will appear in the title bar of
the main window and the status bar will be initialised. The Names window
will also appear, giving a summary of the data in the worksheet:

1o/
il Edit name | Data | Toggle Categorical |Qategnries| Description |Cop]r| Paste | De
Name | Cn | n | missing | min | max | categorical | descripﬁl
school 1 4059 0 1 65 True

student 2 4059 0 1 198 False

normexam 3 4059 0 -3.666072 3.666091 False

cons 4 4059 0 1 1 False

standirt 5 4059 0 -2.934953 3.015952 False

girl 6 4059 0 0 1 False

schgend T 4059 0 1 3 True

avsirt ] 4059 0 -0.7559605 0.6376559 False

schav 9 4059 0 1 3 True

vrband 10 4059 0 1 3 True -
1 | v

The MLwiN worksheet holds the data and other information in a series of
columns, as on a spreadsheet. These are initially named cl1, ¢2, ..., but we
recommend that they be given meaningful names to show what their contents
relate to. This has already been done in the tutorial worksheet that you
have loaded.

Each line in the body of the Names window summarises a column of data. In
the present case only the first 10 of the 1500 columns of the worksheet contain
data. Each column contains 4059 values, one for each student represented in
the data set. There are no missing values, and the minimum and maximum
value in each column are shown.
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Note the Help button on the window’s tool bar. We shall see what some
of the other buttons do later in this manual; the rest are documented in
the MLwiN v2.10 Manual Supplement.

You can view individual values in the data using the Data window as follows:

e On the Data Manipulation menu, select View or edit data

The following window appears:

=10l %]
goto line |1— view | Help | Font | [¥ Show value labels
schoalf 4055 student( 4055 normexamd 4058)] cons( 4058 standirt 4055) [ging 40~ |
1| school_1 1.000 0.261 1.000 0.619 1000 [
2| sehool_1 2.000 0.134 1.000 0.206 1.000
3| school_1 3.000 -1.724 1.000 -1.365 0.000
4| sehool_1 4.000 0.968 1.000 0.206 1.000
5| school_1 5.000 0.544 1.000 0.371 1.000
6| school_1 £.000 1.735 1.000 2.189 0.000
7| school_1 7.000 1.040 1.000 7 0.000
&| school_1 £.000 -0.128 1.000 -1.034 0.000
4| school_1 8.000 -0.939 1.000 -0.538 1.000
10| school_1 10.000 -1.219 1.000 -1.447 0.000 +|
<] o

When this window is initially opened, it always shows the first three columns
in the worksheet. The exact number of values shown depends on the space
available on your screen. You can view any selection of columns, spreadsheet
fashion, as follows:

e Click the View button
e Select columns to view
e Click OK

Alternatively, in version 2.10 you can select the columns you wish to view in
the Names window and then click the Data button at the top — this will
bring up the Data window displaying the selected columns.

You can select a block of adjacent columns either by pointing and dragging
or by selecting the column at one end of the block and holding down ‘Shift’
while you select the column at the other end. You can add to an existing
selection by holding down ‘Ctrl’ while you select new columns or blocks.
Use the scroll bars of the Data window to move horizontally and vertically
through the data, and move or resize the window if you wish. You can go
straight to line 1035, for example, by typing 1035 in the goto line box, and
you can highlight a particular cell by pointing and clicking. This provides a
means to edit data.
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Having viewed your data you will typically wish to tabulate and plot selected
variables, and derive other summary statistics, before proceeding to actual
modelling. Tabulation and other basic statistical operations are available on
the Basic Statistics menu. These operations are described in the Help
system.

2.3 Comparing two groups

Suppose that we wish to examine the relationship between exam performance
at age 16 and gender. We could begin by comparing the mean of normexam
for boys and girls:

From the Basic Statistics menu, select Tabulate
Under Output Mode, select Means

From the drop-down list next to Variate column, select
normexam

From the drop-down list next to Columns, select girl
Click Tabulate

You should obtain the following output:

Erra— Lo
0 1 TOTALS -]
H 1623 2436 4059 J
MEANS -0.140 0.0933 -0.000114
sp'S 1.03 0.970 0.992 =
include output from system
Zoom|100 ~| Copy astable generated commands

On average, the girls (coded 1) in the sample performed better than the
boys (coded 0), with a mean difference of 0.093 — (—0.140) = 0.233. From
the standard deviations, it can also be seen that boys’ scores are slightly
more variable than girls’. To begin with, we assume that the variability in
exam scores is the same for boys and girls but we will modify this assump-
tion in Chapter 7. The Totals column of the table gives the overall mean
and the pooled standard deviation (sp), calculated by pooling the standard
deviations for girls and boys.

While this descriptive analysis provides useful information about our sample
of 4059 students, of major interest is the population of students from which
this sample was drawn. To test whether there is a gender difference in the
mean exam score in the population, we would traditionally carry out a two-
sample t-test. In the present case, as in all the examples considered in this
manual, we use ‘large sample’ procedures for significance tests and confidence
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intervals. Thus, instead of a t-test we use a Normal distribution test, and
more generally likelihood ratio tests. The test statistic for comparing the
mean exam score for boys and girls is:

X — Xp 0.093 — (—0.14)  0.233

- = 0.032
B (L+L) V092 (5 + )

=17.23

This value may be compared with a standard Normal distribution (with mean
zero and standard deviation 1) to obtain a p-value, which is the probability
of obtaining a test statistic as or more extreme than 7.23 if the null hypoth-
esis were true. Although a value as high as 7.23 is clearly significant, we
demonstrate how a p-value may be computed in MLwiN:

e From the Basic Statistics menu, select Tail Areas
e Under Operation, select Standard Normal distribution

e In the empty box next to Value, type the value of the test statistic,
ie, 7.23

e Click Calculate

You should obtain a value of 2.415¢ — 013 = 2.415 x 10713, We double
this value to obtain the p-value for a two-sided test. (A two-sided test is
appropriate since we did not specify a priori the direction of any gender
difference.) The p-value is extremely small, which implies that we are highly
unlikely to obtain a test statistic as extreme as 7.23 if there was in fact no
difference between boys and girls in the population. We therefore conclude
that there is a real population gender difference in the mean of normexam.
We can state that the effect of gender is “statistically significant” at a very
high level of significance.

We could also calculate a confidence interval for the population mean differ-
ence between girls and boys, pug — pp. The 95% confidence interval is

(Xg— Xp) £1.96 SE(Xg — Xp) = 0.233 + 1.96(0.032) = (0.170, 0.296)

The true mean difference is unlikely to lie outside these limits.

An alternative, but equivalent, approach to the Normal test is to fit a re-
gression model in which we allow normexam to depend on gender. The
regression model is fitted using ordinary least squares and is often referred to
as an OLS model. When the explanatory variable is categorical, the model
is more commonly called an Analysis of Variance (ANOVA) model. As we
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shall see, the advantage of using this approach is that it can be extended to
compare more than two groups and to allow for the effects of other explana-
tory variables. A regression model for comparing the mean of normexam
for boys and girls can be written:

Yi = Bo + brxi + € (2.1)

where g; is the value of normexam for student i, and z; is their gender
(0 for a boy, and 1 for a girl). The parameter 3, is called the “intercept”,
which in this case represents the overall mean of normexam for boys (i.e,
the mean of y when x=0). The parameter ; represents the effect of gender,
specifically the difference between boys and girls in the mean of normexam.
The term e;, known as the residual (or error) term, is the difference between
the observed value of normexam for student i and their value predicted by
the regression, i.e, the population mean for students of the same gender.

To specify a regression model in MLwiN:

e From the Model menu, select Equations

The following window will appear:

JRI=TE
y~N(XB, Q) —
¥ = Bt -
| Hame | + | - | Add Ierm| gstimates| Honlinean | Clear | Hotation | Responses| Store

The Equations window is used to specify statistical models and to view the
results of fitting those models. The Equations window has a number of
different display modes. Two of these modes are simple or general notation.
General notation is the default mode. Since this is an introductory chapter,
we will switch to simple notation in order to make the transition between
single-level models and multilevel models easier to follow.

You can change the appearance of the Equations window in several other
ways using the buttons at the bottom of the window. To have variable names
displayed in place of x, y etc., you can click the Name button. To see variable
names for subscripts instead of 7, j etc., you can use the Notation button,
and to show numerical results rather than mathematical symbols you can
click the Estimates button. To request that the full model specification is
displayed, click the 4+ button, and to suppress this specification, click the -
button. We shall demonstrate each of these display modes as we go through
the chapter:

e (Click the Notation button on the bottom of Equations window
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The following window will appear:

%, Motation

The Equations window now looks as follows:

=i Equations

7 =P

Honlinear;

Note that y is shown in red indicating that it has not yet been defined.

To define the response variable:

The following window will appear:

. ¥ variable

After you have made a selection for N levels:, the Y variable window expands
to allow you to specify the variable(s) containing identification codes for units
at each level:
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Note that level 1 corresponds to the level at which the response measure-
ments were made.

The Equations window now looks like this:

=f-Equations !E[
nomexam. = '60 + F_?J.

| Hame | + | - |A:I:I Ierm|§stirr||ltes| Hnnlinear| Clear | HNotation |R.es|:onses| Store |

Now we need to add the gender variable:

This brings up the following window:

. Specify term x|
oider Im 'I I palynarial

wariable

I vl ref cat I vI

Done | Cancel |

This window allows you to add continuous and categorical variables and
higher level interactions between variables. To add the gender variable:

The Equations window will now look like this:

=8-Equations

normexam, = g, + g, girl, +e,

| Hame | + | - |A:I:I Ierl'ﬂlE!til'ﬂIte!| Hnnlinear| Clear | HNotation |R.es|:onses| Store |

Girl is a categorical variable coded 0 for boys and 1 for girls. A (0,1) variable
such as this is often called a dummy variable. If girl = 0, then from the
regression equation above, the mean of normexam is (3, so fy is the mean
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for boys. For girls (girl = 1), the mean of normexam is 5, + 51, so 3 is
the girls” mean minus the boys’ mean. The category coded 0 is called the
reference category.

We can change the display mode so that we view mathematical symbols (e.g.
y,x) rather than variable names. If we click on the Name button in the
Equations window, we see the exact form of equation (2.1)).

_ioi
y!' :ﬁﬂ +181‘x11' +€i

| Hame | + | - |ndd Ierm| gstimates| Nonlinear| Clear | Hotation |Responses| Store |

Note that if you clicked on Name again the display would revert to
variable names. The Name button is called a ‘toggle’ since it allows us
to switch between display modes.

We can also choose the amount of detail in the model specification that we
would like to be displayed in the Equations window. Currently, we have
only the most basic information about the model — the linear regression
equation. Using the 4+ button we can request further details:

e Click the + button on the Equations window twice

The Equations window now displays:

Il
yi =ﬁﬂ +161‘x11' +E?J'

e, ~N(0, 57)

| Hame | + | - |n.dd Ierm| Es‘timﬂtes| Nunlinear| Clear | Hotation |Responses| Store |

The second line tells us that the residuals are assumed to be Normally dis-
tributed with mean 0 and variance o2.

Note that we could suppress this line in the model specification by clicking
on the — button. Like the Name button the + and — buttons are toggles
which allow us to switch between display modes.

We shall now get MLwiN to estimate the parameters of the model specified
in the previous section. We are going to estimate the two parameters [
and (1 which constitute the fized part of the model, and the variance of the
residuals, o2, The residuals and their variance are referred to as the random
part of the model.



2.3. COMPARING TWO GROUPS 19

To see the status of the model (i.e, whether it has been fitted or not), we
can use the Estimates button. The Estimates button allows us to choose
between three display modes for the parameters:

1. Mathematical symbols in black typeface (the default)

2. Mathematical symbols with colour indicating whether the model has
been fitted

3. Numerical results after a model fit.

Like the Name, + and — buttons, the Estimates button allows us to toggle
between different display modes. So if we start at the default mode and click
Estimates twice we will see the numerical results, and if we click Estimates
once more we return to the default:

You should see highlighted in blue the parameters that are to be estimated.
To begin the estimation we use the tool bar of the main MLwiN window.
The Start button starts estimation, the Stop button stops it, and the More
button resumes estimation after a stop:

The parameters will now turn green, indicating that the model has been
fitted.

You will now see the parameter estimates displayed with their standard errors
in brackets:

y, =-0.140(0.025) +0.234(0.032)x , +e,

e, ~N(0,5) o =0.985(0.022)
-2*¥oglikelihood = 11455.704(4059 of 4059 cases in uge)

- |A:I:I Ierm|§stirrmte:| Hunlinear| Clear | Hotation |R.e:ponses| Store |

+

Once a model has been fitted, another line appears at the bottom of the
display giving the value for a log-likelihood function. This value can be used
in the comparison of two different models. This will be discussed later in this
chapter.
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From the estimated model, we see that the population mean of normexam
for girls is estimated to be 0.234 units higher than the mean for boys. This
is the difference between the sample means of normexam for girls and boys
which we obtained earlier, i.e, 0.093 — (—0.140) = 0.233. The intercept
estimate of —0.140 corresponds to the sample mean for boys; the predicted
means, which we obtain from the model for each gender, match the sample
means.

Note also that the estimated residual 6> = 0.985 is equal to the sample
variance of the exam scores after pooling across gender: 812, = 0.992% =
0.985 (a circumflex over a term means “estimate of”).

The statistical model also provides us with standard errors, which allow us
to make population inferences. In particular, we can test whether there is a
gender difference in the population mean of normexam. The null hypothesis
of no gender difference may be expressed in terms of the model parameters
as Hy : f; = 0. The test statistic for the Normal test is calculated as
Bl/SE(Bl) = 0.234/0.032 = 7.31 which, apart from rounding errors, is very
close to the value obtained from the standard two-sample Normal test.

2.4 Comparing more than two groups: Fixed
effects models

In the last section, we saw how the means of two groups can be compared
using a regression model. Often, however, we wish to compare more than two
groups. For example, we might wish to compare exam performance across
schools. It is straightforward to modify the regression model in equation
to allow comparisons among multiple groups.

Before considering the model for comparing more than two groups, we con-
duct a descriptive analysis. To obtain the mean of normexam for each of
the 65 schools in the sample:

From the Basic Statistics menu, select Tabulate

Under Output Mode, select Means

For Variate column, select normexam from the drop-down menu

For Columns, select school

Check the box next to Store in, then select C15 from the drop-down
menu directly below

Click Tabulate
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You will obtain an output window containing the sample size, and mean and
standard deviation of normexam, for each school. The means are stored in
column C15 of the worksheet. When there are a large number of groups to be
compared, as here, it is helpful to display the distribution graphically using
a histogram. To obtain a histogram of the school means of normexam:

e From the Graphs menu, select Customised Graph(s)
e Next to y, select C15 from the pull-down menu

e Under plot type, select histogram

e Click Apply

ok Graph display - ||:||i|
16— .
12+
ot _
4__
o 1L,
-1 E-1.2-08-04 0004 08 1.2 16

The histogram should look like the above figure.

From the histogram, we see that there is a large amount of variation in the
mean of normexam across schools.

One way to describe the variation in the mean of normexam across schools
is to fit a regression model, which includes a series of dummy variables for
schools. For each of the 65 schools, we can define a dummy or indicator
variable as follows:

x; = 1 for school j
= 0 otherwise
for j=1,2,...,65

In fact, we only need to know a student’s value on 64 of these dummy vari-
ables to determine which school they attended. For example, if we know
that z;= 0 for j=1, 2, ..., 64, then we can infer that the student attended
school 65. We therefore only need to include 64 of the dummy variables in
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the model, and the school corresponding to the variable which is left out
is the reference school to which all other schools are compared. If we take
school 65 as the reference, a regression model, which allows for differences
between schools can be written:

Yi = Bo + Brxni + Baxai + -+ + PeaTeai + € (2.2)

where the coefficient 3; of dummy variable x; represents the difference be-
tween the mean of normexam for school j and the mean for school 65, and
Bo is the mean for school 65. (Alternatively, we could allow for school effects
by including the full set of 65 dummy variables and excluding the intercept
term [y. This would allow us to recover the school means directly, but such
a model can only be fitted using general notation - see Chapter 7.)

Equation (2.2) represents what is commonly known as an analysis of variance
(ANOVA) model, also known as a fized effects model for reasons which shall
be discussed in the next section. From , the mean for school 1 is By + 1,
and the mean for school 2 is Sy+ 5. In general, the mean for school j (j # 65)
is Bp+ ;. The mean for school 65 (the reference school) is fy. Therefore, the
ANOVA model is more commonly written in the following equivalent form:

Yij = Po + Bj + €3
eij ~ N(0,07) (2.3)

In this specification, y;; is the value of normexam for student ¢ in school j.
j ranges over 1...65. fg; has a value of 0.

The model in equation (2.2)) can be specified in MLwiN as follows:
e In the Equations window, click on the girl (or x;;) term

The following window appears:

i
m o
¥ Fixed Parameter

Modify Term

Delete Term

Done

e Click delete Term
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The next step is to define school as a categorical variable. To do this:

A label has been given to each category. By default this will be the column
name concatenated with the category code, i.e. school_1, school 2 etc.

Having defined school as categorical, we can now add the school dummy
variables to the model. By default, the lowest category number of a cate-
gorical variable is taken as the reference category. In the current case this
would contrast schools 2 to 65 with school 1 (the default). We can, however,
change the reference category. To make school 65 the reference school when
we add in the dummy variables, do the following:

The Equations window will now show model ([2.2)):

4 Equations =10

Fe =Bt BiEu Y B Y B T By T B s T BeTs T B T Bt e T Be e t Bt T Bt T Bt T BiFox T it e T
Biis T O e T O T O im T e T Bt T B o T By T Pt an t P o T Pt an T P ae T B T
B T Bo¥am T B aw V Baran T P T Bt o aw T Baas T faaw T B T Bt aw T P T Batan T
Baay T B sz T P an T Badan T Pasan T Pas"as T B an T B sm T Pas™ s T B s T Bsr¥ sy TPt sa T B sa T
Porsw TP sn T O sa T O m T 0% sm T 00 s T B o T B o T Bt sz + P i T Bos o T

4

)

‘ lame ‘ + | E |Add 1=rm‘§-umn=-‘ Nnnlineﬂr| Clear | Notation |N.=lpnr|s=x‘ Store | Help |1num 100 -

After clicking on the Start button to run the model, you should obtain the
following results (press the Estimates button to see the numerical results):
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3 Equations =l x|

¥, =-0.309(0.102) +0.810(0.148)x |, + 1.092(0.160)x 5, + 1.164(0.163)x 5, +0.382(0.145)x ,, + 0.712(0.185)x ,, + 1.253(0.144)x ., +
0.700(0.141 x5, +0.260(0.136)x 5 +-0.127(0.18Tkx 5, + 0.039(0.165)x g, +0.866(0.155)x ), + 0.236(0.168)x 5, +
0.063(0.133)x o, +0.324(0.121)% |, +0.268(0.140)x ., +0.035(0.141)x ,, + 0.063(0.13 1z ., +0.303(0.132)x o +
0.515(0.160)x o, + 0.808(0.178)x 51, +0.689(0.148)x , +-0.190(0.140)x 1, +-0.429(0.201)x . + 0.321(0.182)x 5, +
=0, 304(0. 148 )5 5, +-0.083(0.147)x 5, + -0.020(0.178) g, + -0.564(0. 158 )x g +0.372(0. 145 )5 g + 0.644(0. 174 x o +
0.072(0.166)x 5y, +-0.063(0.174)x o, + 0.386(0.146)x 5, +-0.062(0.206)x 5, +0.393(0.180)x ;. + 0.059(0.149)x ,,, +
-0.357(0.220)5 57, + 0.021(0.1611x 5y, + 0.347(0.167)x 5o, + 0.049(0.149)x 1, +0.382(0.156)x ,, +0.331{0.158)x ,, +
0456(0.155)x 4, +-0.125(0.198)r p + 0.083(0.162)x 45, +-0.149(0. 143 ) 4 + 0.186(0.144)x 1, + -0.106(0.654 ) g +
0.356(0.133)x , +-0.013(0.148)x 5, + 0.031(0.158)x ;) + 0.842(0.155)x o, + 1.312(0.149)x ,, +-0.325(0.339)x o, +
LO26(0.164)% 55, +0.274(0.180)x 55, +0.310(0.154)x 55, + 0.591(0.182)x 15, + -0.740(0.168) 5, +0.504(0.144)5 ., +
0.256(0.133 ) gy, + 0.347(0.149)x gy + 1.044(0.196)5 g + 0.652(0.157)5 g + 2,

2, ~N(0, 6) o =0.834(0.019)
-2¥aglikelihood = 10782.922(4059 of 4059 cases in use)

‘ Hame ‘ + ‘ - |uu 1=rm‘§x|.imnl=l| Nnnlinaar‘ Clear ‘ Notation |w=-p=ns=-| Store | Help |Zoom 100 = |

From the model, the predicted mean of normexam for the reference school
65 is By = —0.309. We can compare this to the sample mean of normexam
in school 65, stored in c¢15:

The sample mean for school 65 is indeed —0.309.

The model also provides estimated differences in the population mean of
normexam for any pair of schools. For example, the estimated difference
between schools 1 and 65 (the reference school) is B, = 0.810, and the esti-
mated difference between schools 1 and 2 is 8; — 82 = 0.810—1.092 = —0.282.
These values correspond to the differences between the sample means given
in column C15.

We can test for a difference between any school j and school 65 by carrying
out a Normal test on the difference parameter 3;. We can also carry out a
global test for school differences, i.e. a test of the null hypothesis Hy : f; =
fo = -+ = [y = 0 (no differences between schools). Traditionally an F-test
would be used to test for differences between the school means. The test
statistic for an F-test is based on the sum of squares of differences between
schools and the sum of squares of differences between students within schools,
which are usually displayed in the form of an analysis of variance table. To
obtain an ANOVA table in MLwiN:

This will produce the following output in the Output window:



2.4. FIXED EFFECTS MODELS 25

I RI=E
=]
drf 55 MS F
Between groups 64 663.58 10.368 12.23
Within groups 3994 3385.9 0.84773
Total 4058 4049 .4 0.99759
Pooled within-group 5.D. = 0.92073
Between—group variance component = 0.15300 J
H Hean S.E.M.
1 73 0.50121 0.10776
2 55 0.78310 0.12415
3 52 0.85544 0.12768 LI

include output from system
Zouml 100 'l Copy as table r generated commands

The p-value for the test of differences between schools is found by compar-
ing the F-statistic, 12.23, with a F-distribution on 64 and 3994 degrees of
freedom. To do this in MLwiN:

From the Basic Statistics menu, select Tail Areas

Under Operation, select F distribution

In the empty box next to Value, type 12.23

Next to Degrees of freedom, type 64

Next to Denominator, type 3994
Click Calculate

The p-value is very small, so we conclude that there are significant differences
between schools. The ‘within schools mean square’ in the ANOVA table
is 0.848; this is the estimate of the residual variance o2. This estimate is
different from the value of 0.834 given in the Equations window because of
a difference in the estimation algorithm used'] The regression model gives
us estimates of the difference between the means for schools 1 to 64 and
school 65. For example, the difference between school 1 and school 65 is
0.810. Looking at the ANOVA output, which lists school means directly, we

see that we get identical estimates.

For ‘large’ samples, an alternative to the F-test for group comparisons is the
likelthood ratio test. The likelihood ratio test is used to compare two “nested”
models. Two models are considered nested if one model can be thought of
as a restricted form of the othelﬂ To test Hy: B1 = By =+ = Bea = 0, we
compare the following two nested models:

LANOVA uses restricted iterative generalised least squares (RIGLS), while models spec-
ified via the Equations window use iterative generalised least squares (IGLS) by default.
The difference between IGLS and RIGLS is described in the Help system. The estimation
method can be changed to RIGLS from the Options menu.

2The test can also be extended to non-nested models — see AIC in the Help system.
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Model 1: | y; = By + €;
Model 2: | y; = Bo + 1215 + Poxa; + - - - + PeaTesi + €;

Model 1 is a constrained version of Model 2 where 51 = 3 = -+ = (g4 = 0.

For each model, we can obtain the value of the likelihood, L, which is the
probability of obtaining the observed data if the model were true.

The likelihood ratio test statistic is computed as —2log L;—(—2log Ls) which
under the null hypothesis Hy follows a chi-squared distribution on ¢ degrees
of freedom, where ¢ is the difference in the number of parameters between
the two models.

The value of —2log L, is given at the bottom of the Equations window and
is 10782.92. If you would like to fit Model 1, you would obtain —2log L; =
11509.36. The likelihood ratio statistic is 11509.36 —10782.92 = 726.44 which
is compared to a chi-squared distribution on 64 degrees of freedom. (There
are 64 more parameters in model 2 than in model 1.) A p-value for the test
can be obtained as follows:

From the Basic Statistics menu, select Tail Areas

Under Operation, select Chi-Squared
Next to Value, input the value of the test statistic, i.e, 726.44

Input the number of degrees of freedom for the test, i.e, 64
Click Calculate

You should obtain a p-value which is extremely small, suggesting that the
null hypothesis Hy : 31 = 8, = -+ = B4 = 0 should be rejected. We
conclude that there are real differences between schools in the population
mean of normexam.

The ANOVA or fixed effects model can be used to compare any number of
groups. However, there are some potential drawbacks of this approach:

If the sample sizes within groups are small, the estimates of the group effects
may be unreliable. Also, if there are J groups to be compared, then J — 1
parameters are required to capture group effects. If .J is large, this leads to
estimation of a large number of parameters.

The origins of the ANOVA approach lie in experimental design where there
are typically a small number of groups to be compared and all groups of
interest are sampled. Often, however, we only have a sample of groups (e.g.
a sample of schools) and it is the population of groups from which our sample
was drawn which is of interest. The ANOVA model does not allow us to make
inferences beyond the groups in our sample.
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Additional explanatory variables may be added to the fixed effects model, but
the effects of group-level variables cannot be separately estimated. They are
confounded with the group effects. For example, if we include x1, s, ..., T4
in the regression model, we cannot estimate the effect of school-level char-
acteristics such as school gender (i.e, boys’ school, girls’ school or mixed) on
exam performance. This is because any school-level variable can be expressed
as a linear combination of x1, x5 ..., xg4.

As an illustration of this last point, let’s add the school-level variable, school
gender (schgend) to the model. This variable is coded as follows: 1 for a
mixed school, 2 for a boys’ school and 3 for a girls” school.

Click on the Add Term button

From the drop-down list labelled variable, select schgend
Click Done

Click the Start button to run the model

We obtain the following results:

=loix
¥, =-0.309(0.102) +0.810(0.148)x ,, + 1.092(0.160)x, + 1.164(0.163)x,, +0.382(0.143)x , + 0.712(0.185)x ;, + 1.253(0. 144 )x ., +

0.700(0.141)x 5, +0.260(0.136)x 5, +-0.127(0.187kx 4, +0.039(0.163)x g, +0.866(0.155)x 1y, +0.236(0.168)x 5, +
0.063(0.153)x 5, +0.324(0.121 )5, +0.268(0. 140} |, +0.055(0.14 1), +0.063(0.13 1)z, +0.303(0.132)x o +
0.515(0.160)x o, + 0.808(0.178)x ,p, +0.689(0.148)x oy, +-0.190(0.140)x 1, +-0.429(0.201 )5, +0.321(0.182)5 ,,, +
-0.304(0.148)% 55, +-0.083(0.147)x p, + -0.020(0.178) g5, + -0.564(0. 158)x 55, + 0.372(0. 14501 1o, + 0.644(0. 17405 55, +
0.072(0.166)x 5y, +-0.063(0.174)% 1, + 0.386(0.146)5 1y, + -0.062(0.206)x 5, + 0.393(0.180)x 5, +0.059(0.149)x . +
~0.357(0.220)% 57, +0.021(0.161)% 5, + 0.347(0.167 ) 5o, + 0.049(0.149)x o +0.382(0.156)x ,,, +0.331(0.158)x , +
DA5G(0.155)x g +-0.125(0. 198 4y + 0.083(0.162)5 45, + -0.149(0. 1435 o + 0.186(0. 14411y, +-0.106(0.654 ) g, +
0.356(0.133)x p, +-0.013(0.148 ) oy, + 0.031(0.158)x ;| + 0.842(0.155)x 5, + 1.312(0.149)5 o, +-0.325(0.330)5 ,,, +
L026(0.164)5 55, + 0.274(0. 180 55, +0.310(0.154)x 1 + 0.39L(0. 1820w 5, +-0.740(0. 168 4, + 0.504(0.144)x o, +
0.256(0.153)x gy, +0.347(0.149)5 g5, + LO4(0.196)x g + 0.652(0.157hx g + 0.000(0.000)x g5, + 0.000(0.000)x g5, +e,

g, ~N(0, gl o =0.834(0.019)
-2¥aglikelihood = 10782.922(4059 of 4059 cases in use)

| Hame | + | - |Add1&rm‘§s|imales‘Nnnlinenr| Clear | Hotation ‘Raspnnses‘ Store | Help |Zoom 100 - |

The first category of schgend (mixed schools) is taken by default as the
reference for the effects of school gender, so the overall reference category
now becomes school 65 and mixed schools. The model attempts to separate
school gender effects from the 64 school dummy effects. You can see that the
coefficients of boysch and girlsch are estimated as 0. This tells us that this
type of ANOVA or fixed effects model cannot separate out these two sets of
effects because of the confounding problem described above.
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2.5 Comparing means: Random effects or mul-
tilevel model

If we are interested in describing the means of a large number of groups, an
alternative to the fixed effects model of equation is a random effects
or multilevel model. In a random effects model, group effects (represented
by ug; in equation below) are assumed to be random, usually following
a Normal distribution. The population is considered to have a two-level
hierarchical structure with lowest level units at level 1, nested within groups
at level 2. For example, in our educational example we have students at
level 1 and schools at level 2. The residual is now partitioned into a level 1
component e;; and a level 2 component u;.

The random effects model with no explanatory variables can be written as:

Yij = Poj + €4
Boj = Bo + uo;
ug; ~ N(0, o)
eij ~ N(0,02) (2.4)

The first, second and last lines of the random effects model are equivalent
to the fixed effects ANOVA model in equation , with uy; = ;. The
difference is the way in which the between school differences are treated. In
this model wg;, the school effects, are assumed to be random variables coming
from a Normal distribution with variance o2,. In fact, we no longer need to
choose a reference category as it is more convenient to regard 3y as the overall
population mean with the ug; representing each school’s difference from this
mean. It follows that the mean value of the random variable u; is zero. If,
additionally, we assume Normality we can then describe its distribution in
terms of the mean and variance as in line 3 of . This type of model
is sometimes called a wvariance components model, owing to the fact that
the residual variance is partitioned into components corresponding to each
level in the hierarchy. The variance between groups is 02, and the variance
between individuals within a given group is o2.
The similarity between individuals in the same group is measured by the
intra-class correlation, where ‘class’ may be replaced by whatever defines
groups:
Tap

02, + o2
The intra-class correlation measures the extent to which the y-values of in-
dividuals in the same group resemble each other as compared to those from
individuals in different groups. It may also be interpreted as the proportion
of the total residual variation that is due to differences between groups, and
is referred to as the variance partition coefficient (VPC) as this is the more
usual interpretation (see (Goldstein (2003), pp 16-17).
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Comparing a random effects model to a fixed effects model

In the multilevel approach, the groups in the sample are treated as a random
sample from a population of groups. The variation between groups in this
population is 02,. However, the number of groups should be reasonably
large. If J is small, group effects can be captured using fixed effects, i.e,
including dummy variables for groups as explanatory variables. Regardless
of the number of groups to be compared, only one additional parameter, o2,
is required to capture group effects.

Categorical and continuous group-level explanatory variables may be added
to the model; their effects are not confounded with ug; as in the fixed effects
model. An illustration of this point is given later in the chapter.

The random effects model (2.4]) is specified in MLwiN as follows. First,
remove the set of 64 school dummy variables from the model:

Now remove boysch and girlsch, the dummy variables for schgend:

You should now have a single-level model with an intercept term, but no
other explanatory variables.

The next step is to specify the two levels in the hierarchical structure. At
level 1 we have students, as before, but we now have schools at level 2. In
the Equations window:

The Y variable window will appear:
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. Y variable

At the moment this window shows that our y variable is normexam, we have
specified a single-level model, and the observations are made on students. To
specify a two-level hierarchical structure, with students nested within schools:

Note that by convention MLwiN uses the suffix ¢ for level 1 and j for
level 2.

To add wg; to the random part of the model, we need to specify that the
intercept [y is random at the school level:

The following window appears:

W, intercepk x|

r

—

This produces:

=i Equations
normexang.j = ,303' + “3;-;

Boy = fo Tty

14~ N(0, 61p)
e, ~N(0, )

Honlinear:
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which is exactly the form of equation (2.4). You may need to click the +
button a couple of times in order to see the complete model specification.

In summary, the model that we have specified allows the mean of normexam
to vary across schools. The model allows the mean for school j to depart
(be raised or lowered) randomly from the overall mean by an amount wuq,,
which is assumed to be a Normally distributed random quantity (as stated

in (2.4)). The ith student in the jth school departs from their school mean
by an amount e;;.

Just as we can toggle between xs and actual variable names using the Name

button, we can also show variable names for subscripts. To change the display
mode in this way:

This produces:

=i Equations i [m] 54
nomexanlsmdenr, school = pﬂschooi + esmdenr, school —
ﬂUschooI = ﬂU +u Qschool
Y ~N(0, 52,)
Osehool > Guo r
2
esfudenf, school N(O, Gg) =
| Hame | + - | Add 1err|1| gstimntes| Honlinear, | Clear | Hotation | Ilesporl:es| Store

This display is somewhat verbose but a little more readable than the default

subscript display. You can switch back to the default subscripts by doing the
following;:

Before running a model it is always a good idea to get MLwiN to display a
summary of the hierarchical structure to make sure that the structure MLwiN
is using is correct. To do this:
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This produces:

& Hierarchy viewer =13 x|
FSummary ———————
lewel range | botal

schoal( 1 1..65| B5 Options.... Help |

student( i) [1.. 195 405¢

- Details
L21D: 1,j=1of E5 L2ID: 2,j= 20of 65 L2Ix 3,j= 3of 65 L21D: 4,j= 4 of E5 L~
M1 73 M1 55 M1 52 M1 79 M
L2ID: 6,j= Gof 65 L2ID: 7,j= Tof 65 L2Ix &,j= Sof 65 L21D: 8,j= 9of 65 L
M1 a0 M1 83 M1 o102 M1 34 M
L210: 11,j= 11 of 65] L21D: 12,j= 120f 65| L2ID: 13,j= 13 0f 65] L2I0x 14,j= 14 of 65] L™
1| I 3

The top summary grid shows, in the total column, that there are 4059
pupils in 65 schools. The range column shows that there are a maximum
of 198 pupils in any school. The Details grid shows information on each
school. ‘L2 ID’ means ‘level 2 identifier value’, so that the first cell under
Details relates to school 1. If when you come to analyse your own data the
hierarchy that is reported does not conform to what you expect, then the
most likely reason is that your data are not sorted in the manner required
by MLwiN.

We are now ready to estimate the model. The estimation procedure for a
multilevel model is iterative. The default method of estimation is iterative
generalised least squares (IGLS). This is noted on the right of the Stop
button, and it is the method we shall use. The Estimation control button
is used to vary the method, to specify the convergence criteria, and so on.
See the Help system for further details.

e Click Start

You will now see the progress gauges at the bottom of the screen fill up
with green as the estimation proceeds alternately for the random and fixed
parts of the model. In the case of a single-level model, estimated using OLS,
estimates are obtained after iteration 1 at which point the blue highlighted
parameters in the Equations window change to green. For a multilevel
model, however, an iterative estimation procedure is used and more itera-
tions will be required. Estimation is completed in this case at iteration 2
using the Iterative Generalised Least Squares (IGLS) procedure. Conver-
gence is judged to have occurred when, for each of the parameter estimates,
the relative differences between two iterations is less than a given tolerance,
which is 1072 = 0.01 by default but can be changed from the Options menu.

You should obtain the following results:
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_loix]

llOl‘llleXElllll}. = ﬁﬂj + é‘!.}. =]
Bo; =-0.013(0.054) + .z

iy ~N(0,6.0) o5q=0.169(0.032)
e, ~N(0.5.) o.=0.818(0.019)
-2¥oglikelihood = 11010.648(4059 of 4059 cases in use) 'T

| Hame | + | - |Rdd Ierm|§s1.imates| Hunlinear| Clear | Hotation |Responses| Store

The overall mean of normexam is estimated as Bo = —0.013. The means
for the different schools are distributed about their overall mean with an
estimated variance of 0.169. The response variable is standardised to have
a Normal distribution with mean of 0 and variance of 1, which is why the
estimated mean Bo is very close to zero and the total variance (obtained by
adding the level 1 and level 2 variances) is very close to 1. The between-
school variance is estimated as 6% = 0.169, and the variance between pupils
within schools is estimated as 62 = 0.848.

From a Normal test of Hy : 0%, = 0 (analogous to testing Hy : 31 = (» =
-+ fBgs = 0 in the fixed effects model), this variance appears to be signifi-
cantly different from zero (Z = 0.169/0.032 = 5.3, p < 0.001). However,
judging significance for variances (and assigning confidence intervals) is not
as straightforward as for the fixed part parameters because the distribution of
the estimated variance is only approximately Normal. The Normal test there-
fore provides an approximation that can act as a rough guide. A preferred
test is the likelihood ratio test. In a likelihood ratio test of Hy : 02, = 0,
we compare the model above with a model where ¢ is constrained to equal
zero, i.e, the single-level model with only an intercept term. The value of
the likelihood ratio statistic, obtained from the two models’ loglikelihoods, is
11509.36 — 11010.65 = 498.71, which is compared to a chi-squared distribu-
tion on 1 degree of freedom. We conclude that there is significant variation
between schools.

Note that the likelihood ratio statistic is very different from Z? = 28.09
which also has a chi squared distribution on 1 degree of freedom, so the
Normal test based on Z is a poor approximation in this case.

The variance partition coefficient is:

0.169

——— = (.166
0.169 + 0.848

About 17% of the total variance in normexam may be attributed to differ-
ences between schools.

Unlike the fixed ANOVA model, we can now investigate the effects of school-
level variables. For example, we can add schgend:
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You should then see the following results:

normexam, = f3, + 0.064(0.149)b0yschj + 0.258(0.11'7*')girlschJ
+ 2,

Y
By =-0.101(0.070) +.z,

1 ~N(0,620) 6op=0.155(0.030)
e,~N(0,52) o:=0.848(0.019)
-2¥oglikelihood = 11005.932(4059 of 4059 cases in use)

| Hame | + | - |l|:||:| Ierm| Esl.imlh:s| Honlinear| Clear | Hotation |I1esponses| Store |

Note that MLwiN recognises that schgend is a school level variable
(since all students in the same school have the same value of schgend)
and therefore assigns a single subscript, j, to the dummy variables boysch
and girlsch.

The reference category for schgend is mixed schools, so j is the mean for
children attending a mixed school, estimated by —0.101. (; is the coefficient
of boysch and represents the mean difference in exam scores between chil-
dren in a boys’ school and children in a mixed school. Likewise (5 is the
coefficient of girlsch and it represents the mean difference in exam scores
between children in a girls’ school and children in a mixed school. We see
that children from girls’ schools fare better by 0.258 of a standard deviation
unit, on average, in their exam scores than children from a mixed school.
If we compare the between-school variation for this model and the previous
model, which excluded school gender terms, we see a reduction from 0.169
to 0.155. This reduction indicates that very little of the differences between
schools is explained by school gender. The ability to estimate between-group
variation and also include group-level covariates in an attempt to explain
between-group variation is a great strength of multilevel modelling.
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Chapter learning outcomes

b . S

How to fit a single-level (fixed effects) regression model to compare
the means of two or more groups

What a multilevel, variance components model is
The difference between fixed effects and random effects models
The equations used to describe these models

Switching between different display modes in MLwiN, using the No-
tation, Name, +, — and Estimates buttons

How to construct, estimate and interpret these models using the
Equations window in MLwiN

How to carry out Normal tests and likelihood ratio tests of signifi-
cance
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Chapter 3

Residuals

3.1 What are multilevel residuals?

Towards the end of the last chapter, we fitted a multilevel model that allowed
for school effects on exam scores at age 16, normexam. The model was given
in equation ([2.4)):

Yij = Boj + €ij

Boj = Bo + o,
Ugj ~ N(O’ 01210)
ei; ~ N(0,07) (2.4)

The ug; terms are the school random effects, sometimes referred to as school
residuals. In a fixed effects (ANOVA) model the school effects, represented
in equation by B + f3;, are treated as fixed parameters for which direct
estimates are obtained. In a multilevel (random effects) model, the school
effects are random variables whose distribution is summarised by two pa-
rameters, the mean (zero) and variance ¢2,. However, if we wish to make
comparisons between schools we need to estimate the individual school resid-
uals in some way, after having fitted the model. In this chapter, we describe
how school residuals can be estimated, how these estimates can be obtained
using MLwiN, and how the estimated residuals can be used for checking

model assumptions. We conclude by discussing interpretation.

In this chapter we will work with the multilevel model specified in equations
above. Chapters 2 to 7 consist of a series of multilevel analyses on the
tutorial data set. In order to make each of these chapters self-contained, we
always start by opening the file tutorial.ws:

37
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To demonstrate calculation of residuals in MLwiN, let’s fit model ([2.4]):

Now run the model and view the estimates:

This produces:

Yy = By + 2,
Bo; =-0.013(0.054) +

1y ~N(0,650) oo =0.169(0.032)
e, ~N(0,5l) o-=0.818(0.019)
-2*¥oglikelihood = 11010.648(4059 of 4059 cases in use)

Honlinear

The current model is a two-level variance components model, with the overall
mean of the dependent variable normexam defined by a fixed coefficient (.
The second level was added by allowing the mean for the jth school to be
raised or lowered from the overall mean by an amount ;. These departures
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from the overall mean are known as the level 2 residuals. Their mean is zero
and their estimated variance of 0.169 is shown in the Equations window.
With educational data of the kind we are analysing, they might be called
the school effects. In other data sets, the level 2 residuals might be hospital,
household or area effects, etc.

The true values of the level 2 residuals are unknown, but we will often need to
obtain estimates of them. We might reasonably ask for the effect on student
attainment of one particular school. We can in fact predict the values of the
residuals, given the observed data and the estimated parameters of the model
(see (Goldstein| (2003)), Appendix 2.2). In OLS multiple regression, we can
estimate the residuals simply by subtracting the individual predictions from
the observed values. In multilevel models with residuals at each of several
levels, a more complex procedure is needed.

Suppose that y;; is the observed value for the 7th student in the jth school
and that g;; is the predicted value from the regression, which for the current
model will equal the overall mean of normexam. Then the raw residual
for this subject is r;; = y;; — 9i;. The raw residual for the jth school is the
mean of the 7;; for the students in the school. Write this as 7, ;. Then the
estimated level 2 residual for this school is obtained by multiplying 7 ; by a
factor as follows:

2

o
~ u0
Upj = —5—5—T1;
2 2/, i

oo+ o2/n;

where n; is the number of students in school j.

The multiplier in the above formula is always less than or equal to 1 so that
the estimated residual is usually less in magnitude than the raw residual. We
say that the raw residual has been multiplied by a shrinkage factor and the
estimated residual is sometimes called a shrunken residual. The shrinkage
factor will be noticeably less than 1 when o? is large compared to o2, or
when n; is small (or both). In either case we have relatively little information
about the school (its students are very variable or few in number) and the raw
residual is pulled in towards zero. In future we shall use the term ‘residual’
to refer to a shrunken residual.

To explain further the idea of shrinkage, consider the case where we have no
observations at all in a particular school, perhaps one that was not in our
sample of schools. Our best estimate of that school’s performance is the over-
all mean Bo. For a school with observations on a small number of students,
we can provide a more individualised estimate of its mean performance, but
we know that the mean is estimated imprecisely. Rather than trusting this
imprecise mean on its own, we may prefer to use the information that the
school is a member of the population of schools whose parameters we have
estimated from the data, by using a weighted combination of the estimated
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school mean and the estimated population mean. This implies shrinking the
observed school mean towards the centre of the population, and the optimal
factor for this purpose is the shrinkage factor given above.

It is the shrinkage factor that causes the difference between the ANOVA
group means and group means estimated from a multilevel analysis. For
example, suppose the school with the highest actual mean contains only two
pupils. ANOVA would just reproduce the actual mean from the sample
data, giving it a large standard error. The mean for this school based on a
multilevel model will be shrunk in towards the overall mean for all schools.

Note that having estimated the level 2 residuals we can estimate the level
1 residuals simply by the formula

€ij = Tij — Uoj

MLwiN is capable of calculating residuals at any level and of providing stan-
dard errors for them. These can be used for comparing higher-level units
(such as schools) and for model checking and diagnosis.

3.2 Calculating residuals in MLwiN

We can use the Residuals window in MLwiN to calculate residuals. Let’s
take a look at the level 2 residuals in our model:

e Select the Model menu
e Seclect Residuals

e Select the Settings tab of the Residuals window

x
Settingsi Pl
r— Dutput Calumr:
shart autput at I?.DD— Set columnz |
residuals to |

|-| 0 SD[comparative] of residual to I

standardised(diagnostic] reziduals ta |

¥ narmal scores of residuals to
I normal scores of standardized
residuals to

|
|
v ramks of residuals to I
|
|
|

¥ deletion residuals

¥ leverage values

¥ Influence values

I~ | Calculate weighted residuals

levek |1:sludent 'I Cale | Help |
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The comparative standard deviation (SD) of the residual is defined as the
standard deviation of y; — ug; and is used for making inferences about the
unknown underlying value wg;, given the estimate ;. The standardised
residual is defined as dg;/SD(ug;) and is used for diagnostic plotting to
ascertain Normality etc.

As you will see, this window permits the calculation of the residuals and of
several functions of them. We need level 2 residuals, so at the bottom of the
window:

You also need to specify the columns into which the computed values of the
functions will be placed:

The nine boxes beneath this button are now filled in grey with column num-
bers running sequentially from C300. These columns are suitable for our
purposes, but you can change the starting column by editing the start out-
put at box. You can also change the multiplier applied to the standard
deviations; by default 1x SD will be stored in ¢301:

Having calculated the school residuals, we need to inspect them. MLwiN
provides a variety of graphical displays for this purpose. The most useful of
these are available directly from the Residuals window:

This brings up the following window:
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x

Settings

single

FIW % nommal zcores

& residual 5 rank

" residual +/-1.96 5d % rank

(‘Istandardised residual ﬂ b Ifi:-ced pait prediction j

painwise
 residuals  leverage i influence

" standardized residuals 7 deletion residuals

Diagnostics by variable Output to graph dizplay number

(o |cons j ID 10 j

zelect subset | Apply | Help |

One useful display plots the residuals in ascending order with their 95%
confidence limit. To obtain this:

e Click on the third option in the single frame (residual + /- 1.96 SD
x rank)

e Click Apply

The following graph appears:

ok Graph display - ||:||£|

1.51
1.1+
0.8+

cons

This is sometimes known (for obvious reasons) as a caterpillar plot. We have
65 level 2 residuals plotted, one for each school in the data set. Looking at
the confidence intervals around them, we can see a group of about 20 schools
at the lower and upper end of the plot where the confidence intervals for their
residuals do not overlap zero. Remembering that these residuals represent
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school departures from the overall average predicted by the fixed parameter
Bo, this means that these are the schools that differ significantly from the
average at the 5% level.

See (Goldstein & Healy| (1995) for further discussion on how to interpret and
modify such plots when multiple comparisons among level 2 units are to be
made. Comparisons such as these, especially of schools or hospitals, raise
difficult issues: in many applications, such as here, there are large standard
errors attached to the estimates. (Goldstein & Speigelhalter| (1996)) discuss
this and related issues in detail.

Note: You may find that you sometimes need to resize graphs in MLwiN
to obtain a clear labelling of axes.

3.3 Normal plots

So far, we have looked at using estimated level 2 residuals for interpretation
purposes. For example, when the level 2 units are schools, the level 2 residuals
can be interpreted as school effects. Estimated residuals, at any level, can
also be used to check model assumptions. One such assumption is that the
residuals at each level follow Normal distributions. This assumption may
be checked using a Normal probability plot, in which the ranked residuals
are plotted against corresponding points on a Normal distribution curve. If
the Normality assumption is valid, the points on a Normal plot should lie
approximately on a straight line.

We will begin by examining a Normal plot of the level 1 residuals. To produce
a Normal plot in MLwiN:

You will obtain the following plot. The plot looks fairly linear, which suggests
that the assumption of Normality is reasonable. This is not surprising in this
case since our response variable has been normalised.
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ok Graph display =10 x|
T i
!
pu =

std( cons)

o

| ] ] ]
-38 28 20 -0 OO0 10 20 28 38

nscore

To produce a Normal plot of the level 2 residuals, just repeat the steps
described above, but next to level: in the Settings tab replace 1:student
by 2:school to calculate the school residuals. You should obtain the following
plot, which again looks fairly linear.

=i Graph display - 0] x|

20

2IH

1.4+

0.74

oo

0.7

std( cons)

-1.H

-2IH

=21 ] t t t } } |
=21 =20 <14 47 00 o7 1 2o 27

nscore

Please save your worksheet at this point:

e Click on the File menu and select Save worksheet as ...
e Type tutorial3 in the box next to Filename:
e Click Save
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Chapter learning outcomes

* Multilevel residuals are shrunken towards zero, and shrinkage in-
creases as n; decreases

* How to calculate residuals in MLwiN

* How to produce and interpret Normal probability plots
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Chapter 4

Random Intercept and Random
Slope Models

4.1 Random intercept models

In any serious study of school effects we need to take into account student
intake achievements in order to make ‘value-added’ comparisons between
schools. In this chapter, we consider whether the differences in normexam
between schools remain after adjusting for a measure of achievement on entry
to secondary school, standlrt. standlrt is the students’ score at age 11 on
the London reading test, standardised to produce z-scores. We also consider
random effects models, which allow the effect of intake score to vary across
schools. Let’s start by plotting the response, normexam, against standlrt:

The following graph will appear:

47
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uf Graph display
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The plot shows, as might be expected, a positive correlation where pupils
with higher intake scores tend to have higher outcome scores. We can fit a
simple linear regression to this relationship:

Now set up the model:

The Equations window now looks like this:
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=i Equations !EI
normexam, = g, + g, standlit, + e,

e, ~N(0, &)

+

- |A:I:I Ierm|§stimnte:| Hunlinear| Clear | Hotation |I1.es|'.|or|:es| Store |

Estimate the model and view the results:

=f-Equations !EI
normexam, = -0.001(0.013) +0.595(0.013)standlrt, + e,

e, ~N(0,5) o =0.648(0.014)
-2¥oglikelihood = 9760.479(4059 of 4059 cases in use)

| Hame | + | - |A:I:I Ierm|§stin1|ltes| Hunlinear| Clear | Hotation |H=sponses| Store |

The Equations window above shows a simple linear regression model that
describes the positive relationship between normexam and standlrt. The
equation of the estimated regression line is:

normexam = —0.001 + (0.595 x standlrt)

An increase of 1 unit on the intake standlrt variable increases the expected
outcome examination score, normexam, by 0.60 units. The variability of
the students’ scores around the overall average line is 0.65.

We can now address the question of whether schools vary after having taken
account of intake using either a fixed or random effects model. We shall work
with the random effects multilevel model:

We want to allow the intercept term to vary randomly across schools. To do
this:
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The Equations window will show the updated model structure:

normexam, = /3. + ﬂlstandlrtU +e, =
Bo; = Bo tu ay
2
144~ N(0, 5l ) F
2
g:’j ~ N(OJ Ge) -
| Hame | + - |A:I:I Ierrn| gstirnntcs| Nonlinear| Clear | Hotation |Ile:|:onses| Store

This is an extended version of the random effects, multilevel, model in equa-
tion that we used in Chapter 2 to estimate between school variability,
where we have now taken some account of pupil intake ability by including
a term for standlrt in our model. Every school now has its own intercept,
Boj, but all schools share a common slope. This amounts to fitting a series
of parallel lines, one for each school.

Let’s now run the model and view the estimates:

This produces the following:

normexam, = 3, +0.563 (0.01 2)standlrtij. +e,

Boy =0.002(0.040) +1,,

15, ~N(0,6g) ohp =0.092(0.018)
g,~N(0.52) o, =0.566(0.013)
-2¥oelikelihood =9357.241(4059 of 4059 cases in use)

- |A|:||:| Ierm|§sl.in1ltes| Honlinear| Clear | Hotation |I1.esponses| Store |

| Hame | +

Recall that our model amounts to fitting a set of parallel straight lines to the
data from the different schools. The slopes of the lines are all the same, and
the fitted value of the common slope is 0.563 with a standard error of 0.012
(clearly, this is highly significant). However, the intercepts of the lines vary.
Their mean is 0.002 and this has a standard error of 0.040. Not surprisingly
with Normalised and standardised data, the mean intercept is close to zero.
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The intercepts for the different schools are the level 2 residuals wug; and these
are distributed around zero with a variance shown on line 3 of the display
as 0.092 (standard error 0.018). Of course, the actual data points do not
lie exactly on the straight lines; they vary about them with amounts given
by the level 1 residuals e;;, and these have a variance estimated as 0.566
(standard error 0.013). We saw in the previous chapter chapter how MLwiN
enables us to estimate and plot the residuals and we shall use this further
in the next chapter where we will see how we can look at residual and other
plots together in order to obtain a better understanding of the model.

The likelihood ratio test comparing the single level linear regression model
with the multilevel model, where we estimate the between school variation
in the intercepts, is 9760.5 — 9357.2 = 403.3 with 1 degree of freedom (corre-
sponding to the added parameter o2,). We therefore conclude that there is
significant variability between schools even after adjusting for the students’
intake achievement.

4.2 Graphing predicted school lines from a
random intercept model

We have now constructed and fitted a variance components model in which
schools vary only in their intercepts. It is a model of simple variation at
level 2, which gives rise to parallel lines as illustrated in Figure (for four
schools).

To demonstrate how the model parameters we have just estimated combine
to produce such parallel lines, we now introduce the Predictions window.
This window can be used to calculate predictions from the model which can
be used in conjunction with the Customised graphs window to graph our
predicted values.

Let’s start by calculating the average predicted line produced from the fixed
part intercept and slope coefficients (5o, [1):

e Select Predictions from the Model menu

This brings up the predictions window:
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=W predictions =10] x|
IlOl"l’IlsXaH]jj =
variable standlrt!.j.
fixed B B

level 2 u iy

1| | »
zooml 100 j Hame | Calc | Help utput from prediction to I j
|1-0 S.E.of ﬂ output to | .l

The elements of the model are arranged in two columns. Initially these
columns are ‘greyed out’. You build up a prediction equation in the top
section of the window by selecting the elements you want from the lower
section. Clicking on an element includes it in the prediction equation, and
clicking again on that element removes it from the equation.

Select suitable elements to produce the desired equation, for example:

The predictions window should now look like this:

2% predictions =10] x|
norﬁlexamﬁ = BD + Blstandlrt!}.

variable standlrl:!.j.

fixed Bu B

level 2« i

1| |
zggml 100 ~| Hame | calc | Hep [outPutiTom prediction to I =]
|1.u S.E.of ﬂ output to | .I

The only estimates used in this equation are BO and Bl, the fixed parameters.
No random quantities have been included.

We need to specify where the output from the prediction is to go and then
execute the prediction:

We now want to graph the predictions in column 11 against our predictor
variable standlrt. We can do this using the Customised graph(s) window:
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This produces the following window:

=# Customised graph : display 1, data sek 1

Display D1 contains the scatter plot we specified at the start of the chapter.
We will graph the prediction we have just created in a new display:

This general purpose graphing window has a great deal of functionality, de-
scribed in more detail both in the help system and in the next chapter of this
guide. For the moment we will confine ourselves to its more basic functions.
To plot the predicted values:

The following graph will appear:
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The prediction equation is
normexam,; = ﬁo + ﬁlstandlrtij

where a hat over a term means “estimate of”. So substituting the estimates
of the intercept and slope we get the following prediction equation.

normexam,; = 0.002 4 0.563 standlrt,;

The line for the jth school departs from the average prediction line by an
amount wup;. The school level residual u; modifies the intercept term, but
the slope coefficient g; is fixed. Thus all the predicted lines for all 65 schools
must be parallel. The prediction equation for the jth school is therefore

normexam,;; = (0.002 + ;) + 0.563 standlrt;; (4.1)

We saw in the previous chapter how to get MLwiN to calculate residuals.
Let’s have a look at the school level residuals:

The level 2 residuals have been written to column 300 (¢300) of the worksheet,
as indicated towards the top of the output columns section of the residuals
window. We can view the data in this column by doing the following:
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This gives:

=& Data
goto line In view | Help I Font | [v Show value labels

£300( 65 |
0.374
0.502
0.504
0.018
0.240
0.541

R R T e

K L

We see that column 300 contains 65 entries, one for each school. (Column
lengths are displayed in brackets after column names at the top of the data
grid). The intercept residual for school 1 is 0.37 and for school 2 is 0.50 and
so on. We can now substitute the estimate for the jth school’s residual, 4y,
into equation 4.1 to give the prediction line for the jth school. For example,
if we substitute residuals for schools 1 and 2 we get the following pair of
prediction lines:

normexam;; = (0.002 + 0.37) + 0.563standlrt;; (4.2)

normexam;; = (0.002 + 0.50) + 0.563standlrt;; (4.3)

We can calculate and graph the prediction lines for all 65 schools to get a
picture of the between-school variability using the predictions and Cus-
tomised graph windows.

First we calculate the prediction lines using the predictions window:

The predictions window is currently showing the prediction for the average
line, given by the equation:

normexam,; = Bo + Blstandlrtij (4.4)

To include the estimated school level intercept residuals in the prediction
function:




26 CHAPTER 4.

The prediction equation in the upper panel of the predictions window now
becomes R R
normexam,; = 3, + fistandlrt;; (4.5)

The difference between equations and is that the estimate of the
intercept [y now has a j subscript. This subscript indicates that instead
of having a single intercept, we have an intercept for each school, which is
formed by taking the fixed estimate and adding the estimated residual for
school j, i.e, B()j = Bo + Uy,

We therefore have a regression equation for each school which when applied
to the data produces 65 parallel lines. To overwrite the previous prediction
in column 11 with the parallel lines:

e Click the Calc button in the predictions window

This calculation applies prediction equation to every point in the data
set. This results in a column 11 containing 4059 predicted values. The
first school contains 73 students; the prediction equation for the first school
becomes equation (4.2), after substituting the intercept residual for school
1 into (£.5). Equation is applied to the first 73 values of standlrt
resulting in the first 73 predicted points in column 11. These predicted
points when plotted against the 73 standlrt values will lie on a straight line
since prediction equation is the equation of a straight line. The second
school contains 55 students and the prediction equation for the second school
is applied to these data points resulting in predicted points 74...128 in
column 11. This process is repeated for each school in the data set resulting
in column 11 being filled with 4059 predicted points.

The graph display is updated automatically when column 11 is overwritten
with the new prediction. However, we do not see the expected 65 lines, what
we see 1s:
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&k Graph display - |I:I|E|
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This is a plot of the predictions in column 11 against standlrt. The graph
does not recognise that the data is grouped into 65 schools. What we need
is a grouped plot:

e Select the Customised graphs window
e In the group drop-down list select school
e (Click Apply

The graph display now shows the expected 65 parallel lines:

=& Graph display -0 x|

23T
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A natural next step is to construct models that allow the slopes to be different
in different schools. However, before we do that we will look at another
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important feature of multilevel models.

4.3 The effect of clustering on the standard
errors of coefficients

As was pointed out in Chapter 1, ignoring the fact that pupils are grouped
within schools can cause underestimation of the standard errors of regres-
sion coefficients. This clustering can lead to incorrect inferences; since the
standard errors are too small, we may infer that relationships exist between
variables when they do not. To illustrate this, let’s introduce the schgend
variable again:

This is the model we fitted at the end of Chapter 2, except we have also
included a term for standlrt.

=N Equations =10
normexam, = ;. +0.564(0.012)standlrt,, +

0.097(0.109)boysch, +0.245(0.085)girlsch, +e,
By =-0.087(0.051) +u,

1 ~N(0, o) Gop =0.080(0.016)
e,~N(0,52) o.=0.566(0.013)
-2 ¥oglikelihood = 9349.421(4059 of 4059 casges in use)

- |A:I:I Ierm|§stirnlt|=s| Nonlinear| Clear | Hotation |Ile:|:onses| Store |

+

As we saw previously, both boys’ and girls’ schools have a higher mean
normexam than mixed schools. To test whether boys’ and girls’ schools
differ from mixed schools, we compare the coefficients S5 and 3 to their
standard errors. We see that the mean for girls’ schools is significantly dif-
ferent from the mean for mixed schools, whereas boys’ schools do not differ
significantly from mixed schools. Now let’s fit the single-level model:
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e Click Done
e Run the model by pressing the More button

We then obtain the following results:

—ioix
normexanm, = -0.096(0.017) + 0.594(0.013)5tandlrtg +

0.118(0.039)boysch, +0.236(0.027)girlsch +e,

e,~N(0,53) o, =0.637(0.014)
-2¥oglikelihood = 9687.128(4059 of 4059 cases in use)

- |ndd Ierm|§stimates| Hunlinear| Clear | Hotation |Responses| Store |

+

| Hame

The estimated coefficients obtained from the two models are very similar.
However, the standard errors are all different. The boys’ school coefficient
in the multilevel model is less than its standard error, and therefore not
statistically significant. In the single level model, the same coefficient is three
times its standard error. In this case, we would make an incorrect inference
about the effect of boys’ schools on achievement if we used the results from a
single level model. Apart from the standard error of standlrt, the standard
errors of the coefficients are substantially reduced in the single level model.
This demonstrates why OLS regression should not be used when there are
level 2 explanatory variables. Generally, the standard errors of level 1 fixed
coefficients will also be underestimated in single level models.

4.4 Does the coeflicient of standlrt vary across
schools? Introducing a random slope

The variance components model that we have just worked with assumes that
the only variation between schools is in their intercepts. We should allow
for the possibility that the school lines have different slopes as in Figure [1.3
(in Chapter 1). This implies that the coefficient of standlrt will vary from
school to school. Again, we can achieve this by fitting a random effects or a
fixed effects model. As in Chapter 2, we would include 64 dummy variables
(taking one school as the reference category) to obtain a separate intercept
for each school. To allow the effect of standlrt to vary across schools, we
would need to include a set of interaction terms, created by multiplying
standlrt with each of the 64 school dummy variables. Taking school 65 as
the reference category, we obtain the following model:

y; = Bo + Pistandlrt
+ Baschool_1; + ... 4+ Bgsschool 64;
+ Bggschool 1 - standlrt; + - - - + [B199school_64 - standlrt; + e;
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This model, which now includes 130 fixed effects, is clearly rather cumber-
some. It amounts to fitting a separate linear regression to each school. We
may believe, as is reasonable in this case, that our 65 schools are sampled
from a larger population of schools. In the fixed effects model, all the schools
are treated independently and there is nothing in the model to represent the
fact that they are drawn from the same population. Typically, we wish to
make inferences to the population of level 2 units (schools) from which we
have drawn our sample of 65 schools. This type of inference is not available
with the fixed effects model. Also, as we explained in the last chapter, the
fixed effects model does not permit the addition of school level explanatory
variables, which may be of crucial interest to us.

In the light of these shortcomings we will proceed with a multilevel model to
investigate the question of whether the coefficient of standlrt varies across
schools.

If we regard the schools as a random sample from a population of schools,
then we wish to specify a coefficient of standlrt that is random at level 2. To
do this we need to inform MLwiN that the coefficient of z;;, or standlrt,;,
should have the subscript j attached:

This produces the following result:

=i Equations I =] 4
normexam, = f3, + 'glj.standlrtz}. +e, =
By =Bo iy
By =By Ty

. _ 2

0 NN(Os Qu) : Qu_ Guo .
By Guo1 Oui (
2

e:‘j ~ N(O: Ge) -
| Hame | + | - |l|:||:| 1erm| Esl.imlh:s| Honlinear| Clear | Notation |Iles|:|onses| Store

Now both the intercept and the slope vary randomly across schools. Hence
in the first line of the display both [, and [3; have a j subscript. The second
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line states that the intercept for the jth school (5y;) is given by fy, the aver-
age intercept across all the schools, plus a random departure ug;. Likewise,
the third line states that the slope for the jth school (f;) is given by S,
the average slope across all the schools, plus a random departure wu;;. The
parameters [y and f; are the fixed part (regression) intercept and slope co-
efficients. They combine to give the average line across all students in all
schools. The terms wup; and u,; are random departures from g, and 3;, or
‘residuals’ at the school level; they allow the jth school’s summary line to
differ from the average line in both its slope and its intercept.

A new term, ), now appears in the Equations window. The terms u,; and
uy; follow a multivariate (in this case bivariate) Normal distribution with
mean vector 0 and covariance matrix €2,. In this model, since we have two
random variables at level 2, €, is a 2 by 2 covariance matrix. The elements
of €, are:

var(ugj) = o2 variation in the intercepts across the schools’ summary lines

var(uyj) = o2, variation in the slopes across the schools’ summary lines

cov(ug;,u1;) = ou01 | covariance between the school intercepts and slopes

Students’ scores depart from their school’s summary line by an amount e;;,
which as before are assumed to be normally distributed with mean 0 and
variance o2. The letter u is used for random departures at level 2 (in this
case school). The letter e is used for random departures at level 1 (in this
case student).

To obtain estimates for this model, do the following;:

e Click More

e Click Estimates (twice if necessary)

The result is as follows:

JRT=TEY

normexam, = £ + ﬁustmdll‘g}. + 2
By = -0.012(0.040) + M g
By, =0.557(0.020) +u

uy| ~NQ, @) : @, = |0090(0.018)
iy 0.018(0.007) 0.015(0.004)

g, ~N(0.67) o.=0.554(0.012)
-2¥oglikelihood = 9316.871(4059 of 4059 cases in use)

- |ndd Ierm|§stimates| Honlinear| Clear | Hotation |Responses| Store |

+

| Hame:

From line 3, we see that the estimate of (1, the coefficient of standlrt, is
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0.557 (standard error 0.020), which is close to the estimate obtained from the
model with a single slope. However, the individual school slopes vary about
this mean with a variance estimated as 0.015 (standard error 0.004). The in-
tercepts of the individual school lines also differ. Their mean is —0.012 (stan-
dard error 0.040) and their variance is 0.090 (standard error 0.018). In addi-
tion, there is a positive covariance between intercepts and slopes estimated
as +0.018 (standard error 0.007), suggesting that schools with higher inter-
cepts tend to have steeper slopes; this corresponds to a correlation between
the intercept and slope (across schools) of 0.018/+/0.015 x 0.090 = 0.49.
This positive correlation will lead to a fanning out pattern when we plot the
schools’ predicted lines.

As in the previous model, the pupils’ individual scores vary around their
schools’ lines by quantities e;;, the level 1 residuals, whose variance is esti-
mated as 0.554 (standard error 0.012).

Comparing this model with a single slope model (without school gender ef-
fects) you will see that —2log-likelihood value has decreased from 9357.2 to
9316.9, a difference of 40.3. The new model involves two extra parameters,
the variance of the slope residuals u;; and their covariance with the intercept
residuals wg;. Therefore, the change in the —2log-likelihood value (which is
also the change in deviance) has a chi-squared distribution on 2 degrees of
freedom under the null hypothesis that the extra parameters have population
values of zero. The change is highly significant, confirming the better fit of
the more elaborate model to the data.

4.5 Graphing predicted school lines from a
random slope model

We can look at the pattern of the schools’ summary lines by updating the
predictions in the graph display window. We need to form the prediction
equation

9 = Bojro + BijTij
One way to do this is to:

e Select the Model menu

Select Predictions

In the Predictions window click on the word variable

From the menu that appears choose Include all explanatory vari-
ables

In the output from prediction to drop-down list, select c11
Click Calc
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This will overwrite the previous predictions from the random intercepts
model with the predictions from the random slopes model. The graph win-
dow will be automatically updated. If you do not have the graph window
displayed, then:

e Select the Graphs menu
e Sclect Customised Graph(s)
e (Click Apply

The graph display window should look like this:

=& Graph display - O] x|
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The graph shows the fanning out pattern for the school prediction lines that
is implied by the positive intercept/slope covariance at the school level.

To test your understanding, try building different prediction equations in the
predictions window. Before you press the Calc button, try and work out
how the graph in the graph display window will change.

That concludes the fourth chapter. It is a good idea to save your worksheet
using the Save worksheet As option on the File menu.

Note that saving a worksheet preserves the current contents of the data
columns (including new ones you may have created) and saves the current
model. Settings for graphs are saved; to see the graph(s) you have created
again you will need to go to the Customised graph window, select the
appropriate display number, and click Apply.




64

CHAPTER 4.

Chapter learning outcomes

*

*

*

*

What a random intercept model is
What a random slope model is
The equations used to describe these models

How to construct, estimate and interpret these models using the
Equations window in MLwiN

How to carry out simple tests of significance

How the effect of clustering can distort the standard errors of OLS
regression coefficients

How to use the predictions window to calculate predictions from
the model estimates



Chapter 5

Graphical Procedures for
Exploring the Model

5.1 Displaying multiple graphs

In Chapter 3 we produced graphical displays of the school level residuals in
our random intercept model, using choices on the Plots tab of the Residuals
window to specify the type of plot we wanted. MLwiN has very powerful
graphical facilities, and in this chapter we shall see how to obtain more
sophisticated graphs using the Customised graph window. We will also
use some of these graphical features to explore the random intercepts and
random slopes models.

Graphical output in MLwiN can be described (very appropriately) as having
three levels. At the highest level, a display is essentially what can be dis-
played on the computer screen at one time. You can specify up to 10 different
displays and switch between them, as you require. A display can consist of
several graphs. A graph is a frame with x and y axes showing lines, points
or bars, and each display can show an array of up to 5 x 5 graphs. A single
graph can plot one or more data sets, each one consisting of a set of x and y
coordinates held in worksheet columns.

To see how this works, we will calculate level 2 residuals for the random
intercepts model we fitted in Section 4.1 and produce a caterpillar plot as
a starting point for some graphical exploration of the model. Follow the
instructions in Section 4.1 to set up and run the model again, then:

e Seclect Residuals on the Model menu

e Select the Settings tab of the Residuals window

e From the level: drop-down list, select 2:school

65
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Notice that at the bottom right of the Plots tab of the Residuals window
it says “Output to graph display number” and in the box beneath D10 has
been selected. This means that the specification for the caterpillar plot has
been stored in Display 10. We can look at this specification and change or
add things:

The following window appears:

& # Customised graph : display 10, data set 1

The display so far contains a single graph and this in turn contains a single
data set, dsl, for which the y and x coordinates are in columns ¢300 and
c305 respectively. As you can check from the Residuals window, these
contain the level 2 residuals and their ranks.

Let us add a second graph to this display containing a scatter plot of normexam
against standlrt for the whole of the data. First we need to specify this as
a second data set.
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Next we need to specify that this graph is to be separate from the caterpillar
plot. To do this:

The display can contain a 5 x 5 grid or trellis of different graphs. The
cross in the position grid indicates where the current data set, in this case
(normexam, standlrt), will be plotted. The default position is row 1,
column 1. We want the scatter plot to appear vertically below the caterpillar
plot in row 2, column 1 of the trellis, so

This looks as follows:

w# Customised graph : display 10, data sek 2

Now to see what we have got:

The following display will appear on the screen:
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5.2 Highlighting in graphs

To illustrate the highlighting facilities of MLwiN let us add a third graph
to our set — a replica of a graph we produced in Section 4.2 showing the
65 individual regression lines of the different schools. We will create and
highlight the average line from which they depart in a random manner. We
can insert this graph between the two graphs that we already have.

We need to calculate the points for plotting in the new graph. For the
individual lines:

Select Predictions on the Model menu
Click on Variable

Select Include all explanatory variables

In the output from prediction to list, select c11
Click Calc

This will form the predictions using the level 2 (school) residuals but not the
level 1 (student) residuals. For the overall average line we need to eliminate
the level 2 residuals, leaving only the fixed part of the model:

e In the Predictions window, click on ug; to remove it

e In the output from prediction to list, select c12
e Click Calc
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The Customised graph window is currently showing the details of data set
ds#2, the scatter plot. With this data set selected:

The display now appears as follows:
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We have not yet specified any data sets for the middle graph, so it is blank for
the time being. Here and elsewhere you may need to resize and re-position
the graph display window by pulling on its borders in the usual way.

Now let us plot the lines that we have calculated. We need to plot ¢11 and
c12 against standlrt. For the individual school lines we shall need to specify
the group, meaning that the 65 lines should be plotted separately. In the
Customised graph window:
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This produces the following display:
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Now we can superimpose the overall average line by specifying a second data
set for the middle graph. So that it will show up, we can plot it in black and
make it thicker than the other lines:

MLwiN makes it possible to zero in on features of particular schools that
appear to be unusual in some way. To investigate some of this with the graphs
that we have produced, click in the top graph on the point corresponding to
the largest of the level 2 residuals, the one with rank 65. This brings up the
following Graph options window:
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=% Graph options

identify point

clicked point [B5. 3873874151936, 1.11362205921104]
nearest data point = (E5,0.34853858), item number 53, in
columnz [c305,6300)

— Multilevel Filtering

"In araphs I model

M -
Leave out Leave out
Reset &l Include

bighiightistwie 1) 7] | | Absort into durnmy 7|

Apply | Set styles | dpply |

Help | Click on a point on a graph

The box in the centre shows that we have selected the 53rd school out of the
65, whose identifier is 53. We can highlight all the points in the display that
belong to this school:

You will see that the appropriate point in the top graph, two lines in the
middle graph and a set of points in the scatter plot have all become coloured
red. The individual school line is the thinner of the two highlighted lines in
the middle graph. As would be expected from the fact that it has the highest
intercept residual, the school’s line is at the top of the collection of school
lines.

It is not necessary to highlight all references to school 53. To de-highlight

the school’s contribution to the overall average line that is contained in data
set ds#4:

In the caterpillar plot there is a residual around rank 30 that has very wide
error bars. Let us try to see why. If you click on the point representing this
school in the caterpillar plot, the Graph options window will identify it as
school 48. Highlight the points belonging to this school in a different colour:



72 CHAPTER 5.

The points in the scatter plot belonging to this school will be highlighted in
cyan, and inspection of the plot shows that there are only two of them. This
means that there is very little information regarding this school. As a result,
the confidence limits for its residual are very wide, and the residual itself will
have been shrunk towards zero by an appreciable amount.

Next let us remove all the highlights from school 48.

Now let us look at the school at the other end of the caterpillar plot — the
one with the smallest school level residual (it turns out to be school 59).

The highlighting will remain and the graphical display will look something
like this (we have changed some settings to aid visibility):
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The caterpillar plot tells us simply that school 59 and 53 have different inter-
cepts. One is significantly below the average line, and the other significantly
above it. But the bottom graph suggests a more complicated situation. At
higher levels of standlrt, the points for school 53 certainly appear to be
consistently above those for school 59. But at the other end of the scale,
at the left of the graph, there does not seem to be much difference between
the schools. The graph indeed suggests that the two schools have different
slopes, with school 53 having the steeper.

To follow up this suggestion, let us keep the graphical display while we extend
our model to contain random slopes. To do this:

e From the Model menu select Equations

Click on Estimates to show [

Click on f; and check the box labelled j(school) to make it random
at level 2

Click Done

Click More on the main toolbar and watch for convergence

Close the Equations window

The results should match those of the last figure in Section 4.4.

Now we need to update the predictions in column c11 to take account of the
new model:
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Notice that the graphical display is automatically updated with the new
contents of c11.

The caterpillar plot at the top of the display is now out of date, however,
having been calculated from the previous model. (Recall that we used the
Residuals window to create the caterpillar plot). We now have two sets of
level 2 residuals, one giving the intercepts for the different schools and the
other the slopes. To calculate and store these:

The intercept and slope residuals will be put into columns ¢310 and c311.
To plot them against each other:

The axis titles in the top graph also need changing.

Note that if you use the Customised graph window to create graphs
then titles are not automatically added to the graphs. This is because a
graph may contain many data sets so in general there is no obvious text
for the titles. The existing titles appear because the original graph was
constructed using the Plots tab on the Residuals window. You can
add or alter titles by clicking on a graph.

In our case:
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You can add titles to the other graphs in the same way if you wish. Now the
graphical display will look like this:
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The two schools at the opposite ends of the scale are still highlighted, and
the middle graph confirms that there is very little difference between them
when values of standlrt are small. School 53 stands out as exceptional in
the top graph, with a high intercept and much higher slope than the other
schools.

For a more detailed comparison between schools 53 and 49, we can put 95%
confidence bands around their regression lines. To calculate the widths of
the bands and plot them:
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This draws 65 confidence bands around 65 school lines, which is not a par-
ticularly readable graph. However, we can focus in on the two highlighted
schools by drawing the rest in white.

The result is as follows:
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The confidence bands confirm that what appeared to be the top and bottom
schools cannot be reliably separated at the lower end of the intake scale.
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Looking at the intercepts and slopes may shed light on interesting educa-
tional questions. For example, schools with large intercepts and small slopes
— plotted in the top left quadrant of the top graph — are ‘levelling up’, i.e,
they are doing well by their students at all levels of initial ability. Schools
with large slopes are differentiating between levels of intake ability. The high-
lighting and other graphical features of MLwiN can be useful for exploring
such features of complex data. See Yang et al.| (1999) for a further discussion
of this issue.

Chapter learning outcomes

* How to make different types of graphical presentations of complex
data

* How to explore features of multilevel data using graphical facilities
such as highlighting

* How to describe differences among higher level units (e.g. schools)
when a random slopes model has been fitted, and in particular the
fact that such differences cannot be expressed with a sinle number
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Chapter 6

Contextual Effects

Many interesting questions in the social sciences are of the form “How are
individuals affected by their social contexts?” For example, do girls learn
more effectively in a girls’ school or in a mixed sex school? Do low ability
pupils fare better when they are educated alongside higher-ability pupils, or
do they fare worse?

In this chapter we will develop models to investigate these two questions.
Our starting point will be the model we fitted in Section 4.4.

=f-Equations !EI
normexam, = f3;, + ﬁustandlrg}. + gy

Bo = -0.012(0.040) + Mg

By = 0.557(0.020) +u y

uy| ~NO, Q) : = |0-090(0.018)
iy 0.018(0.007) 0.015(0.004)

e, ~N(0.62) o.=0.554(0.012)
-2¥oglikelihood = 9316.868(4059 of 4059 cases in use)

| Hame | +

To set up this model, do the following:

79
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6.1 The impact of school gender on girls’ achieve-
ment

Let’s add pupil gender and school gender effects into the above model:

The Equations window should now look like this (after clicking the Esti-
mates button):
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=
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| Hame

The reference category corresponds to boys in a mixed school. The dummy
variable girl has subscript ij because it is a pupil level variable, whereas
the two school level variables (boysch and girlsch) have only subscript j.
We can run the model and view the results (by clicking on the Estimates
button then on the More button on the main toolbar):

-ioix
normexam, = ;. + ﬁljstandlr% + 0.168(0.034)gi1‘lg +

By, =-0.189(0.051) +1z,
By, =0.554(0.020) +u

1 y

e,~N(0,57) o;=0.550(0.012)
-2¥oglikelihood = 9281.120(4059 of 4059 cases in use)

|:MDJ1.:| ~NO, Q) : Q.- [0.080(0.016)

0.180(0.099)boysch, + 0.175(0.079)girlsch, +e,

0.020(0.006) 0.015(0.004)

| Hame | +

- |ndd Ierm| gstimates| Honlinear | Clear | Hotation |Responses| Store |

The reference subgroup is “boys in a mixed school”. We have four possi-
ble pupil subgroups. These are listed below, along with the corresponding
explanatory variable pattern and model prediction for that group.

Pupil Subgroup

Values of Dummy Variables | Predicted Mean Value
girl | boy sch | girl sch

Boys in a mixed school | 0 0 0 -0.189

Girls in a mixed school | 1 0 0 -0.189 + 0.168

Boys in a boys’ school | 0 1 0 -0.189 + 0.180

Girls in a girls’ school 1 0 1 -0.189 + 0.168 4 0.175
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Girls in a mixed school do 0.168 of a standard deviation[] better than boys in
a mixed school. Girls in a girls’ school do 0.175 points better than girls in a
mixed school and (0.175 + 0.168) points better than boys in a mixed school.
Boys in a boys’ school do 0.18 points better than boys in a mixed school.

Adding these three parameters produced a reduction in the deviance of 35,
which, under the null hypothesis of no effects, follows a chi-squared distribu-
tion with three degrees of freedom. You can look this probability up using
the Tail Areas option on the Basic Statistics menu. The value is highly
significant.

In the 2 x 3 table of gender by school gender there are two empty cells because
there are no boys in a girls’ school and no girls in a boys’ school. We are
therefore currently using a reference group and three parameters to model a
four-entry table. Because of the empty cells the model is saturated, and no
higher-order interactions can be added.

The pupil gender and school gender effects modify the intercept (interpreted
when standlrt = 0). An interesting question is whether these effects change
across the intake score spectrum. To address this we need to extend the
model to include the interaction of the continuous variable standlrt with
our categorical pupil and school level gender variables. Let’s do this for the
school gender variable first.

The Equations window will be automatically modified to include the two
new interaction terms. Run the model by pressing More on the main toolbar.

The deviance reduces by less than one unit. From this we conclude there is
no evidence of an interaction between the school gender variables and intake
score. You can verify that the same is true for the interaction of pupil gender
and intake score. Remove the school gender by intake score interaction as
follows:

'Recall that the normexam variable has been normalized to have a mean of 0 and a
standard deviation of 1 in the full sample, so predicted effects of pupil gender and school
gender will be in standard deviation units.



6.2. SCHOOL INTAKE ABILITY AVERAGES 83

6.2 Contextual effects of school intake ability
averages

The variable schav was constructed by first computing the average intake
ability (standlrt) for each school. Then, based on these averages, the bottom
25% of schools were coded 1 (low), the middle 50% were coded 2 (mid) and
the top 25% were coded 3 (high). Let’s include the two dummy variables
for this categorical school level contextual variable in the model.

Run the model by clicking the More button. The Equations window will
now look like this:

=f-Equations !EI
normexam, = ;. + ﬁlj.standlrl%}. + 0.167(0.034)girl!}. +

0.187(0.098)boyseh, + 0.157(0.078)girlsch, +
0.067(0.085)mid, +0.174(0.099)high, + ¢,
By; =-0.265(0.082) + .z,
By; =0.552(0.020) +u

| ~N@O, Q) : o,= |0-071(0.014)
y 0.016(0.006) 0.015(0.004)

e,~N(0,57) o;=0.550(0.012)
-2¥oglikelihood = 9278.443(4059 of 4059 cases in use)

+

| Hame - |A:I:I Iermlgstimnte:| Hunlinear| Clear | Hotation |R.es|'.|or|:e:| Sl.ore|

Pupils in the low ability schools are the reference group. Children attend-
ing mid and high ability schools score 0.067 and 0.174 points, respectively,
more than reference group children. These effects are of borderline statistical
significance, however.
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Note that the deviance has been reduced by just 2.7 (9281.12 — 9278.44)
compared with the model involving standlrt, pupil gender and school
gender. This change, when compared to a chi squared distribution with
two degrees of freedom is not significant.

This model assumes the contextual effects of school ability are the same across
the intake ability spectrum because these contextual effects are modifying
just the intercept term. That is the effect of being in a high ability school
is the same for low ability and high ability pupils. To relax this assumption
we need to include the interaction between standlrt and the school ability
contextual variables. To do this:

The model converges to:

=# Equations !E
normexam, = [, + ﬂljstandlrg} + 0.168(0.034)girl!}. +

0.189(0.098)boysch, +0.161(0.078)girlsch, +
0.144(0.094)mid, +0.290(0.106)high, +
0.092(0.049)standlrt mid, +
0.180(0.055)standlrt.high,, +e,,

Py =-0.347(0.088) + .,

By, =0.455(0.042) +u

ug| ~N(0, Q) : q,= |0-069(0.014)
", 0.014(0.005) 0.011(0.004)

g,~N(0,5,) o,=0.550(0.012)
—2 *Joghke.fzkoocf 9268.483(4059 of 4059 cases in use)

+
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The slope coefficient for standlrt for pupils from low intake ability schools is
0.455. For pupils from mid ability schools the slope is steeper 0.455 + 0.092
and for pupils from high ability schools the slope is steeper still 0.455 +
0.18. These two interaction terms have explained variability in the slope of
standlrt in terms of a school level variable, therefore the between-school
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variability of the standlrt slope has been substantially reduced (from 0.015
to 0.011).

Note that the previous contextual effects boy sch, girl sch, mid and
high all modified the intercept and therefore fitting these school level
variables reduced the between school variability of the intercept (02).

We now have three different linear relationships between the output score
(normexam) and the intake score (standlrt) for pupils from low, mid and
high ability schools. The prediction line for boys in mixed low ability schools
is

Bocons + ﬁlstandlrtij

The prediction line for boys in mixed high ability schools is
Bocons + Bistandlrt; Jj+ BGhighj + Bgstandlrt.highij

The difference between these two lines, that is the effect of being in a high
ability school (regardless of pupil and school gender) is

B6highj + Bgstandlrt.highij

We can create this prediction function to examine the impact of school ability
on students of different abilities:

We can plot this function as follows:




86 CHAPTER 6.

This graph (below) shows how the effect of being in a high ability school
varies across the intake spectrum. On average, very able pupils being edu-
cated in a high ability school score 0.9 of a standard deviation higher in their
outcome score than they would if they were educated in a low ability school.
Pupils with intake scores below —1.7 fare better in low ability schools, i.e,
hilodiff takes more negative values as standlrt drops further below this
threshold. This finding has some educational interest but we will not pursue
that here.
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We can put a 95% confidence band around this line by doing the following:

This produces
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Save your worksheet.

Chapter learnin

g outcomes

* What is meant by contextual effects

* How to set up multilevel models with interaction terms

* How to include confidence regions around predictions
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Chapter 7

Modelling the Variance as a

Function of Explanatory
Variables

7.1 A level 1 variance function for two groups

Back in Chapter 2 we tabulated normexam by gender and saw the following
results:

rra— Lo
0 1 TOTALS -]
H 1623 2436 1059 J
MEANS -0.140 0.0933 -0.000114
sD'S 1.03 0.970 0.992 =
include output from system
Zoom|100 ~| Copy astable generated commands

We observed that the SD of the normexam scores for girls (coded 1) is
lower than the SD for boys. Until now all the models we have used have
fitted a single random term at level 1 that assumes constant (homogenous)
level 1 variation. We may want to fit a model that replicates this table, that
is to directly estimate the means for boys and girls and to estimate separate
student level variances for each group. The notation we have been using so
far does not allow this because it assumes a common intercept 3, and a single
set of student level residuals e; with a common variance o2. We need to use
a more flexible notation to build this model.

e Open the file tutorial.ws

In this chapter we do not switch to simple notation mode. The Equations
window with no model specified, with general notation mode looks like this:

89
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=N Equations !EI
y~NXB Q) —
¥ =B -
| Hame | + | = |A:I:I Ierrn| Estirnltes| Nnnlinear| Clear | Hotation |Iles|:onses| Store

A new first line is added stating that the response variable is Normally dis-
tributed. We now have the flexibility to specify alternative distributions for
our response. We will explore these possibilities in later chapters.

The following window will appear:

y: s o
Hlevels : I [none] ,I
done I

The Equations window should look like this:

¥ Equations i =] 4
¥~ N(XB, Q) —
Yo = ﬁﬂ‘x 0 ’t
| Hame | + | - | Add 1erm| Esl.imlh:s| Honlinear | Clear | Notation | I!esponses| Store

Notice that with this more general notation, the S, coefficient has an ex-
planatory variable z( associated with it. The value that x( takes determines
the meaning of the § coefficient. For example, if xq was a vector of 1s then
Bo would estimate an intercept common to all individuals. In the absence of
other predictors, this would be an estimate of the overall mean. However, if
xo contained a dummy variable, say 1 for boys and 0 for girls, then 5, would
estimate the mean for boys. In the Equations window Syxg is coloured red,
indicating we have not yet assigned a variable to x.

Recall that in our current model we do not want a common intercept; we
want separate terms for the boy and girl means. We can achieve this by
entering a dummy variable for boys and a second dummy variable for girls.
First, let’s create the boy dummy variable:
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Now add the dummy variables to the model.

The Equations window now looks like this:

=¥ Equations

y;~ NXB, Q)

¥ = ﬁl}x 0i +ﬂl‘x 1i

Honlinear

We now have two explanatory variables:

xo;: which is 1 if the ith student is a boy
x1;: which is 1 if the ith student is a girl

Coefficients By and ; will estimate the means for boys and girls, respectively.

The next step is to introduce terms in the model for estimating separate
variances for both groups. To do this

The following window appears:
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. X variable x|
-

[V Fixed Parameter
[~ ifstudent)

Modify Term

Delete Term

To estimate a student level variance for boys:

Repeat this procedure for girls:

The Equations window should now look like this:

=i Equations I =] 4
normexam, ~ N(XB, Q)

normexam, = gyboy, + ggirl,
Bo =Py e
By =P tey

2
fu| ~N(0, Q) : Q,= [Cen ) (
£y G011 O

-

|»

| Hame | +

- |l|:||:| 1erm| Esl.imlh:s| Honlinear | Clear | HNotation |Iles|:|onses| Store

Both [y and ; now have i subscripts. Let’s examine the second line in the
Equations window:

normexam; = fy;boy, + [B;girl,

a little more closely. If the ith response is for a boy, then the value of girl;
is zero and the second term on the right hand side disappears. Thus the
boys’ responses are modelled by the function Sy + eo;, where Sy estimates the
boys’ mean. Conversely the girls’ responses will be modelled by the function
b1 + e1;, where 5y estimates the girls’” mean
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The departures of the boys’ scores around their mean are given by the set
of residuals ep;. The departures of the girls’ scores around their mean are
given by a separate set of residuals ey;. The variance of the boys’ residuals
is var(eg;) = 02 and the variance of the girls’ residuals is var(ey;) = o?2.
These relationships can be found in the bottom lines of the display, which
give the structure of the student level distributional assumptions. This part
of display resembles what we saw when we had two residuals (intercept and
slope) at the school level. The term o, therefore specifies the covariance at
the student level between the boy residuals and the girl residuals. However,
this covariance can only exist if some students are both boys and girls. This
is impossible, so we will remove the covariance term from the model. To do
this:

We are now ready to run the model.

The results are as follows:

=% Equations ol =]
normexam, ~ N(XB, Q)
normexam, = gpboy; + ,girl,
By =-0.140(0.025) + e,

By =0.093(0.020) +e ,

|»

eu| ~N(O, Q) : Q= [1051(0.037)
e 0 0.940(0.027)

1:

-2¥oglikelihood(IGLS Deviance) = 11449.543(4059 of 4059 35
| 3

Jl

| Hame | + | - |A:I:I Ierm|§stin1|ltes| Hunlinear| Clear | Hotation |H=sponses| Store |

The boys’” and girls’ means agree exactly with the tabular output at the top of
the chapter. The table quotes SDs for the two groups; from the Equations
window we have the SD for girls as +/0.94 = 0.97 and /1.05 = 1.03 for boys.

This all may seem like a lot of work to replicate a simple table. However,
the payoff is that when we work within the modelling framework offered in
the Equations window, many extensions are possible that are well beyond
the scope of simple tables.
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We have modelled the student level variance as a function of gender. The
function is

var(y;) = 02T + 01T (7.1)

where xg; is 1 if the ith student is a boy and 0 if the ith student is a girl.
Likewise, xq; is 1 if the ith student is a girl and 0 if the ith student is a boy.

Equation (7.1]) simplifies to ¢, for boys, since for boys wg; is always 1 and
11; is always 0. Conversely, (7.1)) simplifies to o2, for girls. It is instructive
to look at how we arrive at the functional form in (7.1). Our current model
is

Vi = Boixoi + Brit1i

Boi = Bo + €oi
Bri = B + e
which can be rewritten as
Yi = 60330@' + ﬂlxli + €0iToi + €11 (72)

What is the student level variation? It is the variance of any terms in the
model that contain student level residuals, that is the last two terms in
equation . Using basic theoryﬂ about the variance of a linear combination
of random variables, we can express the student level variation as:

var(y;) = var(eoiTo; + €1,21;)
= var(eg;izo) + 2cov(epiToi, €1571;) + var(e;z1;)
= var(e()i)x(z)i + 2cov(eo;, €13)ToiT1i + Var(eh-):vi-

2 .2 2 .2
= 0gT; + 20010815 + 01275 (7.3)

In our example 0. is set to zero, because a student cannot be both a boy
and a girl, i.e, no student has both residuals. Also zg; and xy; are (0,1)
variables therefore 3, = xq; and x?, = ;. The variance function in (7.3
therefore simplifies to the variance function (7.1J).

The notion of variance functions is a powerful one and is not restricted to
level 1 variances. Let’s look at the school level random intercept and slope
model we fitted in Chapter 4 from the point of view of variance functions.

1See, for example, Kendall & Stewart, (1997)
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7.2 Variance functions at level 2

Let’s set up the random slopes and intercepts model again. In the Equations
window:

The Equations window now looks like this:

=¥ Equations

Honlinear

We are in the general notation mode therefore the [y coefficient has an ex-
planatory variable x( associated with it. To specify a common intercept we
will define zg as a constant vector of 1s. The column called cons in the
worksheet contains such a vector of 1s, i.e, every pupil’s value for cons is 1.
To specify the random slopes and intercepts model, we begin by creating an
intercept that is random at both levels:

The X variable window appears:

i, X variable
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After you click on the Name button, followed by the 4+ button twice, the
Equations window now displays:

il
y;‘j ~ N(}{Br Q) Il

y:} = ﬁﬂ:’fx a0

Bay =Bo + iy Teg
[M D_;-‘] ~N(0, Q) : Q,= [Ui D:|

R (

-

| Hame | + | - |n.dd 1erm| Es‘timﬂtes| Nnnlinear| Clear | HNotation |Responses| Store

This is the first multilevel model we fitted back at the end of Chapter 2,
written out in the more general notation. In Chapter 2 we wrote

Yij = Boj + €ij
Boj = Bo + uo; (7.4)
Substituting the second line of ([7.4]) into the first we have
Yij = Bo + uo; + €45 (7.5)
Taking the second and third lines from the current Equations window we
have
Yij = PoijTo
Boij = Bo + uoj + €oij (7.6)
Substituting the second line of ([7.6]) into the first, we have

Yij = BoTo + uo;jTo + €oijTo (7.7)

Given x is a vector of 1s we see that (7.7)) is identical to ([7.5)).

Note that in the student level residuals are given an additional 0
subscript. This indicates that these residuals are attached to explanatory
variable xy. This additional numbering, as we discussed earlier allows
for further sets of student level residuals attached to other explanatory
variables to be added to the model.

We can now continue to add the slope term to the model.
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To allow the slope to vary randomly across schools:

We have now re-established the random slopes and intercept model. Remem-
ber that our aim is to explore level 2 variation from the variance function
perspective. In Chapters 4 and 5 we saw a fanning out pattern of the school
summary lines which tells us that schools are more variable for students with
higher levels of standlrt. Another way of saying this is that the between-
school variance is a function of standlrt.

Using the general notation in MLwiN we always specify the random variation
in terms of coefficients of explanatory variables. The total variance at each
level is thus a function of these explanatory variables. These functions are
displayed in the Variance function window.

The initial display in this window is of the level 1 variance.

var(g D!.}.(:ons) = .:520(:0ns2
aelact Cons result ;l
I
evel |1;student j calc | Natme | Help |Zoom|1DD j

waHance output to :I [nane] .l |1 il SE of variance autput to I [rane] .l

In the present model we have simple (constant) variation at level 1, as the
above equation shows. Now look at the school level variation:

We get the following;:
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L=

] _ 2 2 *
var(z gcons +u 1J,standll‘t!}.) G, cons” + Z2g, , cons standlrg.j

+o5, standh‘i;.j.2

select cons standirt result ﬂ

[

evel |2:school j calc | Mame | Help |Zoom|1DD j

wariance output to :I [none] ,I |1 0 SE of variance output to I [none] ,I

The function shown is simply the variance of the sum of two random coeffi-
cients times their respective explanatory variables, ug;cons and u, jstandlrt;;,
written out explicitly. This has the same form as the student level variance
function that we derived earlier in the chapter, except es have now been
replaced by us as we are operating at level 2 not level 1. Given that cons
is a vector of ones, we see that the between-school variance is a quadratic
function of standlrt with coefficients formed by the set of level 2 random
parameters. The intercept in the quadratic function is ), the linear term is
20,01 and the quadratic term is 02;. We can compute this function and the
Variance function window provides us with a simple means of doing this.

The columns in the window headed select, cons, standIlrt and result are
for computing individual values of the variance function. Since standlrt is a
continuous variable it will be useful to calculate the level 2 variance for every
value of standlrt that occurs.

e In the variance output to list on the tool bar, select c30
e Click calc

Now you can use the Customised graph window to plot ¢30 against stan-
dIrt. The resulting graph (shown below) has had the y-axis rescaled to run
between 0 and 0.3. To do this, click anywhere in the Graph display win-
dow, then click on the Scale tab of the Graph Options window. Check
User defined scale, then change ymin to 0 and ymax to 0.3 and click

Apply.

The apparent pattern of greater variation between schools for students with
extreme standlrt scores, especially high ones, is consistent with the plot of
prediction lines for the schools we viewed earlier.
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&k Graph display - |I:I|E|
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We need to be careful about the interpretation of such plots. Polynomial
functions are often unreliable at extremes of the data to which they are fit-
ted. Another difficulty with using polynomials to model variances is that, for
some values of the explanatory variables, they may predict a negative overall
variance. To overcome this we can use nonlinear (negative exponential) func-
tions to model variance. This is an advanced topic, and for details see Yang
et al| (1999). However, we see that schools are more variable for students
with high standlrt scores. This corresponds to the fanning out pattern of
the school summary lines.

7.3 Further elaborating the model for the student-
level variance

We have already seen how to model student level variation as a function of
student gender. It might also be the case that the level 1 variation changes as
a function of standlrt. That is the magnitude of the departures of students
around their school’s summary line changes in some systematic way with
respect to standlrt.

Let’s look and see if the student level variance changes as a function of
standlrt. To do this we need to make the coefficient of standlrt random at
the student level:

e In the Equations window click on (;

e In the X variable window check the box labelled i(student) and
click Done
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This produces the following:

i
y;} ~ N(XB, Q) —

Yy = Bogto T Bud iy
ﬁmj =P + 1 o +e oy
By =By iy ey,
Yyl ~N(0, Q) : Q,= Giu
[ 15 ] | G0t Ouit |

_ - -
lE'?Elz'_;' NN(O, Qe) QT Gezn ,

& 157 [ G201 Gt |
4| | 3

| Hame | + | - |n.dd 1erm|§s‘timﬂtes| Nnnlinear| Clear | HNotation |Responses| Store |

-

Now /3, has a school level random term u,;; and a student level random term
e1;; attached to it. As we have seen, we can think of the variance of the u,;
terms, which is 02,, in two ways. Firstly, we can think of it as the between-
school variation in the slopes. Secondly we can think of it as a coefficient in a
quadratic function that describes how the between-school variation changes

with respect to standlrt. Both conceptualisations are useful.

The situation at the student level is different. It does not make sense to think
of the variance of the ey;;s, that is 02, as the between-student variation in the
slopes. This is because a student corresponds to only one data point, and it
is not possible to have a slope through one data point. However, the second
conceptualisation where 0?2, is a coefficient in a function that describes how
between-student variation changes with respect to standlrt is both valid
and useful. This means that in models with complex level 1 variation we
do not think of the estimated random parameters as separate variances and
covariances. Instead we view them as elements in a function that describes
how the level 1 variation changes with respect to explanatory variables. The

Variance function window can be used to display this function.

Run the model

From the Model menu, select the Variance function window

From the level drop-down list, select 1:student
Click Name

This produces the following:
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=% ¥ariance function = 10| x|

var(e pycons +e standlrl;}.) = .52 Dcons2 + 25,,, cons * standlrtl}.

+o: 1standlrtU2

Lif

select cons standirt resut

| |» |

T:student v | 100 -]

R o ]

As with level 2, we have a quadratic form for the level 1 variation. Let us
evaluate the function for plotting.

Let’s add the level 1 variance function to the graph containing the level 2
variance function.

This produces the following plot:
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The lower curved line is the between-school variation. The higher straight
line is the between-student variation. If we look at the Equations window we
can see that o2 is zero to three decimal places. The variance o2 acts as the
quadratic coefficient in the level 1 variance function; hence we have a straight
line. The general picture is that the between-school variation increases as
standlrt increases, whereas between-student variation decreases with stan-
dIrt. This means the variance partition coefficient (school variance / [school
variance + student variance]) increases with standlrt. Therefore the effect
of school is relatively greater for students with higher intake achievements.

Notice, as we pointed out earlier, that for high enough levels of standlrt the
level 1 variance will be negative. In fact, in the present data set such values
of standlrt do not exist and the straight line is a reasonable approximation
over the range of the data.

The student level variance functions are calculated from 4059 points, that is
the 4059 students in the data set. The school level variance functions are
calculated from only 65 points. This means that there is sufficient data at
the student level to support estimation of more complex variance functions
than at the school level.

Let’s experiment by allowing the student level variance to be a function of
gender as well as standlrt. We can also remove the o2, term, which we have
seen is negligible.

e Add girl to the model
e In the Equations window click on (3,
e Check the box labelled i(student)



7.3. FURTHER ELABORATING THE MODEL 103

The level 1 matrix €2, is now a 3 X 3 matrix.

Click on the o2 term.

You will be asked if you want to remove the term from the model.
Click Yes

Do the same for 0,19 and o2

Run the model

When you remove terms from a covariance matrix in the Equations window
they are replaced with zeros. You can put back removed terms by clicking
on the zeros.

Notice that the new level 1 parameter o2, is estimated as —0.054. You
might be surprised at seeing a negative variance. Remember, however, that
at level 1 the random parameters cannot be interpreted separately; instead
they are elements in a function for the variance. What is important is that
the function does not go negative within the range of the data.

Note that MLwiN will allow negative values by default for individual
variance parameters at level 1. However, at higher levels the default be-
haviour is to reset any negative variances and all associated covariances
to zero. These defaults can be over-ridden in the Estimation con-
trol window available by pressing the Estimation control on the main
toolbar.

Now use the Variance function window to display what function is being
fitted to the student level variance.

_Ipix]

. s iy 2 2
var(g gy COns e 1!.}.standlrli.j te gl lz.j) G,cons

+ 26,4 c0ns * standlrt, + o girl!.j.2

select cong standiH girl t ;I
-
1| I 3
el |1:student j calc | Mame | Help | Zoom |1UU j

waHance output to :I [nane] .l |1 il SE of variance autput to I [rane] .l

From the Equations window we can see that {03, 0.01,0%} = {0.583,
—0.013, —.054}. Substituting these values into the function shown in the
Variance function window we get the student level variance for the boys:
0.583 — (0.026 x standlrt)

For the girls, the variance is:

0.583 — 0.054 — (0.026 x standlrt)
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Note that we can get the mathematically equivalent result by fitting the
model with the following terms at level 1: 0%, 001, 0c02- This is left as
an exercise for the reader.

The line describing the between-student variation for girls is lower than the
boys’ line by 0.054. It could be that the lines have different slopes. We can
see if this is the case by fitting a more complex model for the level 1 variance.
In the Equations window:

We obtain the following estimates for the level 1 parameters {02y, 0eo1, Te12, 0% }=1{0.584,
—0.034, 0.032, —0.058}, and the updated variance function window now looks
like this:

=l Yariance function =10

SN 2 2
var(e peons +e 1!.j.stanf.llﬁ;.j. +e mglrl!}.) = G, pcons

+ 26, cons * standlrty + 2o, | ;standlrt, * girl, + Gls girlz.f

select Cons standir girl rﬂ
-
<| | 3
Bvel f1studert | calo | Name | Help |Zoom|1UD =

wariance output to :I [nane] v| |1 n SE of variance output to I [none] v|

The level 1 variance for boys is now:
0.584 + (2 x (—0.034) x standlrt) = 0.584 — (0.068 x standlrt)
For girls we get:

0.584+(2x (—0.034)+2x (0.032)) xstandlrt—0.058 = 0.526—0.004 xstandlrt

We can see the level 1 variance for girls is fairly constant across standlrt. For
boys the level 1 variance function has a negative slope, indicating the boys
who have high levels of standlrt are much less variable in their attainment.
We can graph these functions:
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e Select the data set: y = ¢31 and x = standlrt
e In the group list select girl
e (Click Apply

This produces the following graph:

=¥ Graph display -0 x|
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We see that the student level variance for boys drops from 0.8 to 0.4 across
the spectrum of standlrt, whereas the student level variance for girls remains
fairly constant at around 0.53.

We are now forming a general picture of the nature of the variability in our
model at both the student and school levels of the hierarchy. The variability
in schools’ contributions to students’ progress is greater at extreme values
of standlrt, particularly positive values. The variability in girls’ progress
is fairly constant. However, the progress of low intake ability boys is very
variable but this variability drops markedly as we move across the intake
achievement range.

These complex patterns of variation give rise to intra-school correlations that
change as a function of standlrt and gender. Modelling such intra-unit
correlations that change as a function of explanatory variables provides a
useful framework when addressing substantive questions.

Fitting models that allow complex patterns of variation at level 1 can produce
useful substantive insights. For example, if from our modelling we know the
achievement of some types of student varies considerably, we can infer that
amongst this group of students there will be more students at the extremes
of achievement. Consequently, the call on resources for special needs will
probably be higher where schools have higher proportions of such students.
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Also, where there is very strong heterogeneity at level 1, failing to model
it can lead to a serious model mis-specification. In some cases the mis-
specification can be so severe that the simpler model fails to converge. In
such situations, when the model is extended to allow for a complex level
1 variance structure, convergence occurs. Usually the effects of the mis-
specification are more subtle; you may find, for example, that failure to
model complex level 1 variation can lead to inflated estimates of higher-level
variances (that is, between-student heterogeneity becomes incorporated in
between-school variance parameters).

Chapter learning outcomes

* Use of the general notation in MLwiN

* That variance functions provide a useful means for interpreting vari-
ability at the different levels in our model.

* How to construct and graph variance functions in MLwiN

* A more complex interpretation of intra-unit correlations



Chapter 8

Getting Started with your Data

In the previous chapters we have used a prepared example data set. This
chapter describes how to get your own data into MLwiN. We also give some
advice on commonly experienced problems that occur once you start to fit
models to your data.

8.1 Inputting your data set into MLwilN

MLwiN can only input and output numerical data. Data can be input from
and output to files or the clipboard. For version 2.02 input/output is from/to
text files. Version 2.10 additionally allows input from Stata (*.dta), SPSS
(*.sav), and Minitab (*.mtw) worksheets, and also allows MLwiN worksheets
to be saved in these formats. For documentation see Section 6 of the Manual
Supplement for MLwiN Version 2.10.

Reading in an ASCII text data file

If you have data prepared in ASCII format, you may use the ASCII text
file Input option from the File menu to input them. Clicking on this option
brings up the following window:

8 ASCIT text file input x|

Calurming : I

File: - I Brawsze | [~ Formatted

ok Help

To read in your data set do the following:

107
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If the data in each record have the same format, i.e, fixed width variables,
you will probably want to specify the input format to MLwiN. Doing so is
particularly useful in order to skip certain fields that will not be needed in
a modelling session. Checking the Formatted box opens up a Format box
into which you type the data format — a string of comma-separated integers.

Note that you do not tell MLwiN in the Format box about the number
of decimal places used for each variable.

MLwiN recognises two formatting codes: = (a positive integer) means “read
a variable of width x characters”, and —y means “skip (ignore) y charac-
ters”. So, for example, to skip the first character in the file, read two 3-digit
numbers, skip two characters, and read a 1-digit number, you would type the
following in the box: —1,3,3,—2,1

Writing data to a specified text file operates in a similar way through the
ASCII text file output option. If the data are not formatted, each case’s
values for the different variables are separated by spaces in the output file.

If any data item in a data column contains non-numeric characters, then that
data column will be converted to a categorical variable. If a column contains
a mixture of data items where some items are numbers and other items
are repeated instances of a single textual pattern, containing non-numeric
characters (e.g. *), then that textual pattern is treated as a code for missing
data.

Common problems that can occur in reading ASCII
data from a text file

Some common problems that can occur with the inputting of ASCII text files
are:
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e The data file includes a list of column names at the top; some packages
save the column names to the top of the data file when using the Save
option.

e The data file contains missing values that were converted to either
blank spaces or illegal characters when the file was saved in another
package.

e The data file uses ¢, rather than ‘. to represent a decimal point. Al-
though MLwiN will display worksheets using whichever representation
is set on a computer, when inputting data from another package, the
" must be used.

e The number of columns given in the ASCII text file input window’s
Columns box does not correspond to the number of columns present
in the input file.

All of these sources of data input errors can be checked by viewing the data
set using the software package that the data are being exported from, or by
looking at the data file with a word processor. To correct the data, remove
any headers containing variable names or other information and use the soft-
ware’s Find and Replace feature to globally convert any illegal characters. If
the data contain missing values, it is sensible to convert these to a unique
value, for example —999 that can then be exploited after the data have been
successfully input into MLwiN. We will say more about missing values later
in this chapter.

If you have a very large data set, make sure that you have specified a large
enough worksheet size using the Settings window — accessed by selecting
the Worksheet option on the Options menu. It is also a good idea to input
a large data set in several stages, i.e, reading a subset of the variables each
time (into consecutive sets of worksheet columns).

Pasting data into a worksheet from the clipboard

If you have your data in another package such as EXCEL or SPSS it may
often be more convenient to copy your data from these packages and then
paste them into MLwiN. If you have copied data onto the clipboard from
another application then they can be pasted into MLwiN through the Paste
option on the Edit meny'} For example, if we have a 2 by 3 table of numbers
in the clipboard and we select Paste, the following window appears:

1Or using the Paste button on the Names window; for documentation see Section
8.2.4 of the Manual Supplement for MLwiN Version 2.10
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¥ Paste Yiew Window oy ] |
Code for missing values: |.9_999E+29
Column ol c2 c3
1 2 3
4 3 -]

[~ Use first row as names  pefimiter ITAB

Paste | Free Columns |

This window allows you to view the data and assign it to MLwiN columns.
You can select the next free columns on the worksheet by pressing the Free
Columns button. You can also choose which MLwiN columns the data are
to be assigned to by clicking in the top row of the data table and selecting
MLwiN columns from the list that appears.

If the first row of your pasted data contains variable names, then checking
the Use first row as names box will assign these names to the MLwiN
copies of the variables.

As in the case of reading ASCII data from a file, if you have a very large data
set, make sure that you have specified a large enough worksheet size before
you start pasting in the data. It is also a good idea to paste data in stages
(into consecutive sets of columns).

Naming columns

When using the ASCII text file input option, MLwiN does not allow
the user to input the column names directly from the file into a worksheet.
Columns can instead be named using the Names window, which is accessed
via the Data Manipulation menu. The figure below shows an example of
a data set as it appears in the Names window before variable names have
been assigned to the worksheet columns.

_ 10| ]

ﬂ Edit name | Data | Toggle Categorical | Catesories | Description | Copy | Paste | De

Name [cn [ n | missing | min | max | categorical | description ﬁl
c1 1 4050 0 1 65 True
2 2 4050 0 1 198 False
3 3 4050 0 -3.666072 3.666091 False

c4 4 4050 0 1 1 False =

4| | v

A column to be (re)named is selected by clicking on its column number (cl,
c2, ¢3 etc.) in the column headed Name. The selected column’s (current)
name is displayed in the text box on the toolbar where it can be edited
to specify any desired name. After editing, pressing return updates the
column’s name.
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Adding category names

When a variable is categorical, names can also be given to the individual cat-
egories. This is useful because it allows MLwiN to create and name dummy
variables for analysis, and to annotate tables etc. Suppose column c4 in the
above data set has been named gender. We can declare gender to be a cat-
egorical variable by selecting gender in the Names window and clicking the
Toggle Categories button. We can then name the categories by pressing
the Categories button. This produces the following window:

. Set category - |EI|1|
I

Ok | Cancell

Ediit

Clicking in the name column and typing text beside each category value
allows category names to be assigned.

Missing data

MLwiN assigns a single code value for any missing data. The default value
is a large negative number (—9.999E+29) called the system missing value.
The numerical value to represent missing data can be set by the user in the
bottom box on the Numbers tab of the Settings window. (This window is
accessed from the Options menu by choosing Worksheet.) You may have
input data containing a specific missing value code, —99, say. In this case
you should set MLwiN’s missing data value to —99.

Note that before inputting the data to MLwiN, it is helpful to check that
you have used the same missing value code for every variable and that the
code you have chosen is not a legitimate value for any of your variables.

When a user specifies a missing value code such as —99, all occurrences of
that value in the data set are changed to MLwiN’s system missing value. If
the value you specified as a missing value code is a legitimate value for some
of your variables, MLwiN will not make the distinction. There is a 1-step
recovery if you change your mind about your choice of missing value code.
If you reset the missing code, you will be prompted to see whether you wish
your previous code to revert to its original value. If not, then the old and
new codes are treated as missing.

Note that you can also use the Recode variables window to change
a missing value to another code. (See HELP for instructions on doing
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this.) Note also that the Calculate window allows the missing code to
be used in logical expressions.

It is important to understand that missing data are automatically ignored
in model fitting and that a likelihood ratio statistic comparing two models
with different amounts of missing data is not valid. The Equations window
reports how many cases were used in each model.

Unit identification columns

MLwiN holds numbers in single precision; this allows 6 digits of precision.
Sometimes unit identification columns contain very long numbers, e.g, 10000001,
10000002 etc. Since these numbers (in this example) vary only in the 8th
digit, they will be indistinguishable to MLwiN. Normally, if long numbers
such as these were to be used in arithmetic calculations, the indistinguisha-
bility would not be a problem. However, if the numbers are used to denote
different units, e.g, schools, then there is a problem. When you import data
and MLwiN encounters a variable whose values have more than 6 digits of
precision, you will be offered the option of converting the variable to a cate-
gorical variable. This means that the numbers read in are treated as category
labels and each distinct label is given an integer number from 1 to m, where
m is the number of distinct labels.

Saving the worksheet

Once you have input and named your data, you should save your data as
an MLwiN worksheet using the Save worksheet option on the File menu.
While working with MLwiN it is well worth saving your worksheet at regular
intervals as a backup. (When you fit a series of different models to the same
data, you may want to save each step’s work in a different worksheet using
the Save worksheet As option.)

Sorting your data set

The most common mistake new users make when trying to fit a multilevel
model to their data set is that they do not sort the data set to reflect the
data’s hierarchical or nested structure. (This is an easy mistake to make.)
All the examples in this manual have already been sorted into the correct
structure — students within schools, in the case of the data set used in the
previous chapters.
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The data must be sorted so that all records for the same highest-level unit
are grouped together and within this group, all records for a particular lower
level unit are contiguous. For example the following represents the first few
records of a sorted three-level data set:

Level 3 ID | Level 2 ID | Level 1 ID

[ I e e e e
== N N DO = =] =
DO | WIN| | W DN~

The Sort window (see below), accessed via the Data Manipulation menu,
can be used to reorder data records.

o]
—Sort specification —Action list (* = action executed) -
Mumber of keys to sort on; I 1 ﬂ I 0ld Colurin I Hew Colur

—key code columns——————————————————
— Input columnz — Output columns —

el - ol i’

c2 c2

c3 c3

cd cd

=] ch

ch ch

o o

8 =l cd i

selectal || | Free col
elec FEree columns > _’I
Same as input
remove Bemove all
Help | Aidd to Action List | | Execute Wndo

We assume that the level 1, 2 and 3 identifiers of our model are stored in
columns c1, ¢2 and c3, respectively and that the response and all predictor
variables can be found in columns c4 to c10. To sort this data structure
correctly, we need to set the following on the Sort window as shown here:
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E— 6%
—Sort specificati —Action list {* = action executed) -
Mumber of keys bo sort on; I3 j I 01d Calurn I Mew Colur

cl cl
~kep code columng ———————————————— 2 Il
=3 - c3 c3
I J cd cd
o2 v ch ch
I J ch ch
Ic‘l j ol o
cl [=t:]
c3 4
c10 c10
— Input columns — Dutput columnzs——
g
Selectll ||| Free col
elec Free columns 3 _’l
Same az input
remove Bemove all
Hep | Add to Action List | Execute Unda

A full explanation of how to use both the Sort window and other data
manipulation windows can be found in the on-line Help system.

Note that all of the columns to be sorted (cl to c10 in this illustration)
must be of the same length and must contain data for the sort operation
to work correctly.

Many users ask why the software cannot sort the data itself, and there are
several reasons for this. Firstly the software doesn’t know which columns the
user wants to sort. Secondly because of choices made in assigning unit iden-
tification codes within the data set, it may not be possible to automatically
take columns of data that are appropriately sorted for fitting a particular
model and perform an unambiguous re-sorting to create a hierarchy suitable
for fitting a different model. To see this, consider the above table of sorted
data and suppose that instead of a fitting a 3 level model we wanted to drop
level 3. We would then have several student records that have the same level
2 ID (1, in this case), but which do not actually belong to the same level 2
unit. In an educational scenario they could be from class 1 in school 1 and
from class 1 in school 2, i.e, distinct classes.

Once you have sorted your data and set up a model, you should check the
Hierarchy viewer (accessed from the Model menu) to ensure that the data
structure that the software reports — in terms of number of units at each
level — is as you expect.
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8.2 Fitting models in MLwiN

Once you have input the data into MLwiN named the columns and saved
the worksheet, it is often tempting to go straight ahead and fit a really
complicated model with lots of fixed and random effects. Then you may
well come across several problems, for example the model does not converge,
has numerical problems or gives unexpected answers. The main piece of
advice here is that multilevel modelling is like any other type of statistical
modelling and a useful strategy is to start by fitting simple models and slowly
increase the complexity. In the rest of this section we will list some of the
main pointers that should be followed to reduce frustration while trying to
fit multilevel models in MLwiN.

What are you trying to model?

It is important before starting to fit models to your data set to know as much
as possible about your data and to establish what questions you are trying
to answer. It is important to identify which variable(s) are your response
variable(s) of interest. It is also important to establish, particularly if you are
new to multilevel modelling, what is meant by the terms: levels, predictors,
fixed effects and random effects, and to identify which variables in your data
set contain ID codes for units, i.e. represent levels, and which are measured
variables. If you are not sure what these terms mean, then you need to work
through Chapters 1 to 6 of this manual before proceeding with your own
data.

Do you really need to fit a multilevel model?

It is always a good idea to do some more basic statistical analysis before pro-
ceeding on to multilevel modelling. Plotting the response variable against
several predictors will allow you to examine graphically whether there are
any strong relationships. Fitting simple single level models before proceeding
to multilevel models is also a good idea, particularly as the fixed effects esti-
mates from a single level model should generally be similar to those achieved
by a corresponding multilevel model.

One point to note is that just because a model has more levels, more fixed
effects and more random effects this does not automatically mean that it will
be a better model. Often the opposite is true. A distinction should be made
here between trying to fit a multilevel model to a data set that is too small
and to a data set where there is no higher-level variation. A data set that
only has 4 level 2 units is best fitted as a single level model with the level
2 units included as 3 dummy variables. Fitting a multilevel model to this
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data will almost certainly report no level 2 variation. However, this is not a
generalisable statement; we simply have not sampled enough level 2 units.

Have you built up your model from a variance compo-
nents model?

A sensible way of fitting a multilevel model is to start with the basic variance
components model (as in the tutorial example). Then you can build up
models of increasing complexity by adding predictors that are deemed to be
important and checking whether they have substantial and / or significant
fixed or random coefficients. If instead you add lots of predictors into your
model and have convergence problems, it may be difficult to establish which
predictor is causing the problem. Building up a model by adding variables
one at a time and using the MORE option rather than START also has
less chance of producing convergence problems with the IGLS and RIGLS
estimation methods. This is because the estimates from the last model fitted
are used as starting values for the new model.

Have you centred your predictor variables?

If your data set contains continuous predictor variables, there are several
benefits to be gained from centring them, i.e, subtracting a variable’s mean
from each case’s value of that variable. The primary benefit in so doing is
that it often makes interpretation of the intercept term in the model easier,
as it is now the predicted value for a subject that has average values for
each explanatory variable. This is generally more useful than the response
value for a subject with zero for all predictors, because zero may not be a
typical value for the corresponding explanatory variable. Centring predictor
variables can also reduce the chances of numerical errors in the IGLS and
RIGLS estimation methods and reduce the correlation in the chains produced

by MCMC methods.

Chapter learning outcomes

* How to input data into MLwiN
* How to sort data and set missing values
* How to set up categorical variables

+x How to avoid some of the common mistakes users can make when
modelling data



Chapter 9

Logistic Models for Binary and
Binomial Responses

9.1 Introduction and description of the ex-
ample data

So far, we have considered multilevel models for continuous response vari-
ables. In this chapter, we look at models for binary or binomial (proportion)
responses. We begin with a discussion of single-level models for binary re-
sponses, focusing on the popular logit model but giving a brief discussion of
other link functions such as the probit. We then show how the single-level
model can be extended to handle data with a two-level hierarchical struc-
ture, leading to a two-level random intercepts logistic model. Significance
testing and model interpretation using odds ratios and variance partition co-
efficients are discussed. Next we consider a random coefficient (slope) model
for binary data. Finally, we illustrate how logistic models can be fitted when
the response is a proportion (i.e, binomial) rather than binary and discuss
models that allow for extra-binomial variation.

The data for the examples in this chapter are a sub-sample from the 1989
Bangladesh Fertility Survey (Huq & Cleland, [1990). The binary response
variable that we consider refers to whether a woman was using contraception
at the time of the survey. The full sample was analysed in|Amin et al. (1997)),
but with a multinomial response that distinguished between different types of
contraceptive method. In Chapter 10 we will consider the same multinomial
response. The aim of the analysis in this chapter is to identify the factors
associated with use of contraception and to examine the extent of between-
district variation in contraceptive use. The data have a two-level hierarchical
structure, with 2867 women nested within 60 districts.

We will begin by opening the MLwiN worksheet bang.ws using the Open

117
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Worksheet option from the File menu. The following Names window will
be displayed:

=10l x]
il Editname | Data | Toggle Categorical |cCateyories | Description | Copy | Paste | De
Name | cn | n | missing | min | max | categorical i’
woman 1 2867 0 1 2867 False
district 2 2867 0 1 61 False
use 3 2867 0 0 1 False
used 4 2867 0 1 4 True
Ic 5 2867 0 1] 3 True
age 6 2867 0 -14 19 False
urban T 2867 0 0 1 False
educ 8 2867 0 1 4 True
hindu 9 2867 0 0 1 False
d_lit 10 2867 0 0 0.3 False
d_pray 11 2867 0 0.1 0.78 False
cons 12 2867 0 1 1 False hd
4| | v

The variables are defined as follows:
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Variable

Description

woman

Identifying code for each woman (level 1 unit)

district | Identifying code for each district (level 2 unit)
use Contraceptive use status at time of survey
1 using contraception
0 not using contraception
use4 | Contraceptive use status and method
1 Sterilization (male or female)
2 Modern reversible method
3 Traditional method
4 Not using contraception
lc Number of living children at time of survey
0 None
1 1 child
2 2 children
3 3 or more children
age Age of woman at time of survey (in years), centred on the sample
mean of 30 years
urban | Type of region of residence
1 Urban
0 Rural
educ | Woman’s level of education
1 None
2 Lower primary
3 Upper primary
4 Secondary+
hindu | Woman’s religion
1 Hindu
0 Muslim
d_lit Proportion of women in district who are literate
d_pray | Proportion of Muslim women in district who pray every day (a
measure of religiosity)
cons constant vector

In this chapter we will analyse the binary response use. The multinomial
response use4 will be analysed in Chapter 10.

9.2 Single-level logistic regression

Link functions

We will begin by fitting a single-level logistic regression model with a single
explanatory variable x;. The binary (0,1) response for the ith unit (here,
woman) is denoted by y;. We denote the probability that y; = 1 by m;. A
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general model for binary response data is:

f(mi) = Bo + Brzi

where f(m;) is some transformation of m;, called the link function. Popular
choices for the link function are:

The logit link, i.e, f(m;) = log<
odds that y; = 1.

T ), where the quantity m;/(1 — ;) is the

UL

The probit link, where f(m;) = ®(m;) is the cumulative density function of
the standard Normal distribution.

The complementary log-log link, i.e, f(m;) = log(—log(1l — m;)). We will call
this the clog-log link, but it is sometimes referred to as the log-log link.

All of the above transformations ensure that predicted probabilities 7 derived
from the fitted model will lie between 0 and 1. In practice, the significance
of coefficients and predictions of 7 are fairly robust to the choice of link
function. The logit transformation tends to be most widely usedEL mainly
because the exponentiated coefficients from a logit model can be interpreted
as odds ratios. For this reason, we will focus on logit models in this chapter,
although we will show how other link functions can be fitted in MLwiN.

The logit model takes the form:

logit(m;) = log ( i ) = Bo + Sz (9.1)

1—71'2‘

Interpretation of coefficients
Taking exponentials of each side of (9.1)), we obtain:

T gBo P (9.2)
1— 5

If we increase x by 1 unit, we obtain:

i — ePo x Pr(@itl) — B0 o PrEi o P

].—7T7;

This is the expression in (9.2) multiplied by e”*. Therefore ¢ can be inter-
preted as the multiplicative effect on the odds for a 1-unit increase in z. If

!The probit transformation is also popular, particularly in economics. See |Collett
(1991) for a comparison of the logit, probit and clog-log link functions.
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is binary (0,1), then e is interpreted as the odds ratio, comparing the odds
for units with z = 1 relative to the odds for units with = = 0.

If we rearrange (9.2), we obtain an expression for 7;:

__exp(fo+fimi) 1
1+ exp(ﬁo —+ lez) 1+ eXp(—(ﬁo + 511’1))

(9.3)

%

One way of interpreting a fitted model is to compute predicted probabilities
for a range of values of x, substituting the estimates of 5y and 5, in (9.3).

Fitting a single-level logit model in MLwiN

We will begin by examining the relationship between contraceptive use (use)
and number of living children (lc). Before carrying out a logistic regression
analysis, we can examine a tabulation of the percentage using contraception
(and not using contraception) by number of children:

You should obtain the following table of percentages:

w# Outpuk =10| =]
->TABUlate 1 'use' '1c'! =
Columns are levels of use
Rows are levels of lc
1] 1 TOTALS
1cO H 584 190 174
BOW % 5.5 24.5 i00.0
1cl H 283 234 517
BOW % 54.7 45.3 100.0
lc2 H 234 227 461
BOW % 50.8 49 .2 i00.0
1lc3 H 627 488 1115
BOW % 56.2 43.8 100.0
TOTALS 1728 1139 2867
BOW % 60.3 39.7 100.0 :I
Include output from system
Zournlﬂlﬂ 'I Copy as table r generated commands
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From this table, we see that the percentage using contraception is markedly
lower for women with no children compared to women with one or more
children.

We will now model this relationship by fitting a single-level model to the
binary response variable use and including dummy variables for lc as ex-
planatory variables.

Note that the default link function is the logit, but notice that the probit
and clog-log links are other options.

Note that when this example worksheet was prepared Ic was declared to
be a categorical variable. Therefore MLwiN automatically enters dummy
variables when Ic is selected as an explanatory variable. By default, the
first category (lcO) which corresponds to ‘no children’ is taken as the
reference.

The Equations window should look like this:
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=# Equations !E[
¥~ Binomial(r,, 7,)
logit(z) = Byro + Brx 1 + B o T Ba*

'var(yl.|;;!.) = ;;(1 - ;r!)fﬁl

| Hame | + | = |ﬂ:|:| Ierrnli_ishmitesl Hnnlinelr| Clear | Hotation |H=spnnses| Store |

Since lc has four categories, three dummy variables have been added to the
model.

The first line in the Equations window states that the response variable
follows a binomial distribution with parameters n; and m;. The parameter n;
is known as the denominator. In the case of binary data, n; is equal to 1 for
all units. We will now create n; and call the new variable denom.

Note that if our data had been binomial (i.e, in the form of proportions)
then n; would be equal to the number of units on which the proprtion
is based. For example, if w; was the proportion of women who used
contraception in district ¢ then n; would be the number of women of
reproductive age in district 1.

The second line in the Equations window is the equation for the logit model,
which has the same form as since xg = 1 for all women. (This is the
cons variable created by MLwiN.) If you click on the Name button, you
will see the variable names.

Before fitting the model, we have to specify details about the estimation
procedure to be used. The estimation choices will be discussed when we
come to fit multilevel models.
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Now to fit this model:

After clicking on Estimates twice you should see the following:

=% Equations =0 x

-

use, ~ Binomial(denom,, 7) -

logit(7z) = -1.123(0.083)cons + 0.933(0.122)lcl, +
1.093(0.125)lc2, + 0.872(0.103)le3plus,

var(use;|z) = 7 (1 - 7z)/denom, F

-

| Hame | + | - |A:I:I Ierm|§stirr||lles| Horllinellr| Clear | HNotation |Iles|:onses| Store

The last line in the Equations window states that the variance of the bi-
nomial response is m;(1 — m;)/denom;, which in the case of binary data,
simplifies to m;(1 — 7;).

The variables lc1, 1c2 and le3plus are indicators for ‘1 child’, ‘2 children’,
and ‘3+ children’ respectively. The fitted model has the equation:

logit(m;) = —1.123 4+ 0.933lc1; + 1.0931c2; + 0.872lc3plus;

We can calculate odds ratios, comparing the categories coded 1, 2 or 3 with
the category coded 0, simply by taking exponentials of the coefficients of
lIcl, Ic2 and lc3plus. Also shown are Z-ratios, which can be compared with
a standard Normal distribution to carry out pairwise tests of differences
between categories 1, 2 or 3 and category 0.

Category of lc B| SE.|Z=B/SE| €
None 0 - - 1
1 0.933 | 0.122 7.65 | 2.54
2 1.093 | 0.125 8.74 | 2.98
3+ 0.872 | 0.103 8.47 | 2.39

Women with children have a significantly higher odds (or probability) of using
contraception than women without children. The odds of using contraception
increases with number of children (with a slight decrease for 3 or more), but
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the largest shift is between 0 and 1 children. The odds of using contraception
for a woman with one child are 2.54 times the odds for a woman with no
children. We could also calculate odds ratios comparing pairs of lc categories
that do not involve the reference category. For example, the odds of using
contraception for a woman with two children are 2.98/2.54 = 1.17 times the
odds for a woman with one child.

We can also use the estimated coefficients to calculate predicted probabilities
of contraceptive use for each category of lc. For example, using equation
, the probability of using contraception for a woman with one child is
estimated as:

1
T Tt exp(—(—1.123 + 0.933))

The predicted probabilities for each category of lc are given below.

Category of lc i
None 0.245
1 0.453
2 0.492
3+ 0.438

Notice that the predicted probabilities of using contraception agree with the
sample proportions listed in the table of percentages shown earlier.

Since the estimated coeflicients for lc categories 1 and 2 are fairly similar, we
might want to test whether there is a difference between these categories in
the probability of using contraception ] We can carry out a Wald test to test
the null hypothesis that 5, = fs (where 8; and [, are the coefficients of lcl
and 1c2 respectively). The null hypothesis can also be written 3; — 5y = 0,

or in matrix form as 8
1 -1 L)l=0
(-0 (5)

To carry out the test in MLwiN:

e From the Model menu, select Intervals and tests

e At the bottom of the Intervals and tests window, click the radio
button next to fixed

e Next to # of functions, we retain the default of 1

2The estimate for le3plus is also close to the estimates for lel and 1c2, so we might
wish to test for a difference between all three categories. For our illustration, however, we
will restrict the comparison to categories 1 and 2.
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=% Intervals and tests

=
=]
=]

c12e|e(e e
o|lo|lz|ale|e
o|a|o|a|lS|ak
== === =A e

=
=}
=]
=)

After clicking Calc, you should obtain a test statistic (joint chi sq test(1df),
which appears where before you pressed Calc it said Chi sq. for joint con-
trasts) of 1.548 on 1 d.f. We can compute a p-value as follows:

The p-value is 0.213, so we conclude that the difference in the probability of
using contraception between women with 1 child and women with 2 children is
not significant at the 5% level. We would therefore be justified in simplifying
the model by collapsing categories 1 and 2 of lc, but we will retain the
existing categories here.

A probit model

We can fit a probit model with the same explanatory variables, simply by
changing the link function in the Equations window from logit to probit.
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You should see the following results:

=# Equations !E
use, ~ Binomial(denom,, 7) =

probit(z) = -0.689(0.049)cons + 0.570(0.074)lcl, +
0.670(0.076)lc2, + 0.532(0.062)lc3plus,

var(use,|7;) = 7(1 - 7;)/denom, [

+

- |A:||:| Ierm| E!tim.te!| Honlinear | Clear | Hotation |Res|:|onses| Store

Notice that although the magnitudes of the coefficients have changed, they
are in the same direction as in the logit model. The pattern in the effect of
Ic is also the same as in the logit model. If you were to calculate Z statistics,
you would find that these are also very close to those obtained from the logit
model. We will thus consider only logit models from now on.

We will also add a further explanatory variable, age, to the model.

The results are as follows:

use, ~ Binomial(denom,, 7)

logit(7) = -1.256(0.098)cons + 0.991(0.124)lcl, +
1.224(0.135)lc2, + 1.117(0.138)lc3plus, +
-0.016(0.006)age,

| Hame | + | - |A:I:I Ierm|§stirn|ltes| Honlineir| Clear | Hotation |R.e:|'.|or|ses| Store

We can see that the probability of using contraception decreases with age,
adjusting for the effect of number of children. This effect is statistically
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significant at the 5% level; we leave you to carry out the Wald test as an
exercise.

9.3 A two-level random intercept model

Model specification

We will now extend our model to allow for district effects on the probabil-
ity of using contraception. We begin with a random intercept or variance
components model that allows the overall probability of contraceptive use to
vary across districts. Our binary response is y;; which equals 1 if woman ¢
in district 7 was using contraception, and 0 if she was not. Similarly, a j
subscript is added to the proportion so that m;; = Pr(y;; = 1). If we have a
single explanatory variable, z;;, measured at the woman level, then is
extended to a two-level random intercept model as follows:

logit(m;;) = Boj + Bis;
Boj = Bo + uo; (9.4)

As in a random intercept model for a continuous response, the intercept
consists of two terms: a fixed component [y and a district-specific component,
the random effect ;. As before, we assume that the u; follow a Normal
distribution with mean zero and variance o2

Estimation procedures

For discrete response multilevel models, maximum likelihood estimation is
computationally intensive, and therefore quasi-likelihood methods are im-
plemented in MLwiN. These procedures use a linearisation method, based
on a Taylor series expansion, which transforms a discrete response model to
a continuous response model. After applying the linearisation, the model is
then estimated using iterative generalised least squares (IGLS) or reweighted
IGLS (RIGLS). See |Goldstein| (2003)) for further details. The transformation
to a linear model requires an approximation to be used. The types of ap-
proximation available in MLwiN are: marginal quasi-likelihood (MQL) and
predictive (or penalized) quasi-likelihood (PQL). Both of these methods can
include either 1st order terms or up to 2nd order terms of the Taylor series
expansion. The 1st order MQL procedure offers the crudest approximation
and may lead to estimates that are biased downwards, particularly if sample
sizes within level 2 units are small or the response proportion is extreme. An
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improved approximation procedure is 2nd order PQL, but this method is less
stable and convergence problems may be encountered. It is for this reason
that in the analysis below we begin with the 1st order MQL procedure to ob-
tain starting values for the 2nd order PQL procedure. Intermediate choices,
1st order PQL and 2nd order MQL, are also often useful. Further details of
these quasi-likelihood procedures can be found in |Goldstein, (2003)).

An alternative to likelihood-based estimation procedures is to use a Monte
Carlo Markov Chain (MCMC) method, also implemented in MLwiN. In
MCMC Estimation in MLwiN 2003)), there is a tutorial in which
these Bangladesh contraceptive use data are reanalysed using MCMC meth-
ods.

Fitting a two-level random intercept model in MLwilN

We will now extend the model fitted at the end of Section 9.2 to a random
intercept model. We first need to declare that the data have a two-level
hierarchical structure, with district at the higher level, and then allow the
intercept [y to vary randomly across districts.

You should see the following window (you may need to click on Estimates
first):

=¥ Equations = 0] x|

-

use, ~ Blnomlal(denomj.j, ;r!.}.) =

logit(z;) = Byeons + Bylel, + Byle2, + gile3plus, + g age,

By = Bo Ty
I {

-

+

| Hame - |A:||:| Ierm|§stin1|ltes| Hnnlineir| Clear | HNotation |Iles|:|onses| Store

The model displayed has the same form as (9.4)), but with additional ex-
planatory variables to allow for the effects of lc. A new line has appeared,
stating that the random effects ug; follow a Normal distribution with mean
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zero and covariance matrix €2, which for a random intercept model consists
of a single term o2

ui Equations

=]
use, ~ Binomial(denom,, r,)

logit(7,) = Bycons +0.990(0.126)lcl,, +1.275(0.138)le2,, +

1.216(0.142)le3plus,, +-0.019(0.006)age,
By =-1.367(0.123) + 1z,

-

[144] ~N(©, @) : Q,= [0.274¢0.071)]

| Hame

-

+

- | Add Term | gstimlltes| Honlinear | Clear | Hotation | H.esponses| Store

The above results are obtained using the default estimation procedure, 1st
order MQL. As this procedure may lead to estimates that are biased down-

wards, the 2nd order PQL procedure is preferred. To change the estimation
procedure:

Note that clicking More rather than Start means that the 1st order
MQL estimates will be used as starting values in the 2nd order PQL pro-
cedure. Because convergence problems may be encountered when using
PQL it is advisable to use MQL first and then extend to PQL.

You should obtain the following estimates that, in this case, are not very
different from the 1st order MQL estimates:
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=
use,, ~ Binomial(denom, 7,) =

logit(z;) = Bycons +1.063(0.129)lel,; +1.370(0.142)le2,, +
1.304(0.146)le3plus,; +-0.020(0.006)age,,
By =-1.466(0.128) +

[144] ~N©O, Q) : Q,= [0.308(0.079)]

- |ndd Ierm|§st|mates|llonllnear| Clear | Hotation |Responses| Store

-

| Hame | +

The conclusions regarding the effects of age and number of living children
are unchanged by allowing for district-level variation, although the standard
errors for the coefficients of the lc dummy variables have increased slightly.

The intercept for district j is —1.466 + ug;, where the variance of w; is
estimated as 0.308 (SE = 0.079).

For continuous response models, we described how a likelihood ratio test
could be used to test the significance of ¢2,. For discrete response models,
estimated using quasi-likelihood methods, the likelihood value is unreliable
and so the likelihood ratio test is unavailable. An alternative is to carry
out a Wald test, although this test is approximate, as variance parameters
are not Normally distributed. A preferred approach is to construct interval
estimates for variance parameters using bootstrap or MCMC methods. See
Chapter 3 in |Goldstein (2003)) and Chapter 4 in Browne| (2003). To carry
out a Wald test in MLwiN:

From the Model menu, select Intervals and tests

Check random at the bottom of the Intervals and tests window

Type a 1 next to district:cons/cons (this refers to the parameter
Tap)
Click on Calc

The test statistic is 15.267, which we compare to a chi-squared distribution
on 1 d.f. We therefore conclude that there are significant differences between
districts.

Variance partition coefficient

In Chapter 2, we met the variance partition coefficient (VPC) which for a
two-level random intercept model is the proportion of total residual variance
which is attributable to level 2, i.e, 02,/(02, + ¢2). For a random intercept
model fitted to continuous data, the VPC is equal to the intra-unit corre-
lation, which is the correlation between two level 1 units in the same level
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2 unit. For random coefficient models, the VPC and intra-unit correlation
are not equivalent. In the case of binary and other discrete response models,
there is no single VPC measure since the level 1 variance is a function of
the mean, which depends on the values of the explanatory variables in the
model. For example, if y;; is binary then Var(y;;) = m;;(1 — m;;). Therefore
the VPC itself will depend on the explanatory variables. |(Goldstein et al.
(2002) propose several alternative approaches for computing a VPC for dis-
crete response data. For those who are interested, a simulation method is
described below.

Step 1: From the fitted model, simulate M values for ug; from N(0,62)).

Denote these simulated values by ué?l) (m=1,2,..., M)

(m) _ eXp(ﬁo+31$*+ué?))
- 1+exp(30+31x*+ugT))'

Step 2: For a given value of z;;, z* say, compute 7'(';

(m)( (m))

Also, compute v} ](m)

* *

Step 3: The level 1 variance is then calculated as the mean of the 'Ufjm)

(m=1, 2, ..., M), and the level 2 variance is the variance of the W;(m)

An MLwiN macro (contained in the file vpe.txt) has been written to imple-
ment this simulation method, with M = 5000. We will consider an example
shortly.

An alternative VPC measure is obtained if the logistic model is cast in the
form of a linear threshold model. We assume that there is a continuous
unobserved variable y;; underlying our binary response y;;, such that y;; =1
if y; > 0 and y;; = 0 if y;; < 0. The unobserved variable y;; can be thought
of as the propensity to be in one category of the binary response rather than
the other, e.g., the propensity to use contraception. The model in can
be written in terms of y;; as

Yi; = Bo + Bixij + uoj + €4

where ¢e;; follows a logistic distribution with variance 7%/3 ~ 3.29. (If a
probit link is used, then e;; follows a Normal distribution with variance 1.)
So the VPC can be computed as ¢2,/(02, + 3.29). See Snijders & Bosker
(1999) for further details.

Note that the two methods of calculating the VPC' described above will
give different results. This is because the estimate obtained using the
simulation method is on the probability scale and depends on covariates
while the measure derived from the threshold model is on the logistic
scale and hence does not depend on covariates.

We now consider an example. Before running the macro in vpc.txt, we have
to do the following;:
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1. set values for the explanatory variables and store these in c151, and

2. set values for the explanatory variables which have random coefficients
at level 2 and store these in ¢152. (This will be a subset of c151.)

In the model above, we have five explanatory variables (including cons). We
will begin by computing the VPC for a woman of mean age with no children
(i.e, cons = 1, el = 0, 1c2 = 0, 1c3plus = 0 and age = 0). To do this
we begin by entering the values (1,0,0,0,0) in ¢151. In a random intercept
model, only cons has a random coefficient, so we input the value 1 in c¢152.
To create these two columns:

The macro contains the following sequence of MLwiN commands:

c153=("c151)*.c1098

pick 1 c1563 b2

calc c1563=("c152)*.omega(2)*.c152
pick 1 c153 b4

seed 1

nran 5000 c154

calc c154=alog(c154%b470.5+b2)
aver c154 bl b3 b2

calc c154=c154*(1-c154)

aver c154 b5 bl

calc b8=b2"2/(b1+b272)

Yy VY VY VY VY VY VY VY YVvYYy

To run this macro:
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The result of running the macro, i.e, the value of the VPC, will be stored in
a worksheet box called B8. To print the contents of the box:

You should get a value of approximately 0.048. Therefore, among women of
mean age with no children 4.8% of the residual variation is attributable to
differences between districts.

To get an idea of the range of the VPC for different values of the explanatory
variables, we could compute the VPC for extreme combinations of values. For
example, young women with three or more children have a high probability
of using contraception, while older women with no children have a low prob-
ability of using contraception. The table below gives values for the VPC for
these two extreme combinations:

cons | Icl | 1c2 | Ic3plus | age (centred) | VPC
High probability of use | 1 0 0 1 -9.7 0.069
Low probability of use | 1 0 0 0 15.3 0.040

Using a threshold representation of the model, we obtain a VPC of 0.308/(0.308+
3.290) = 0.086. So approximately 5% to 10% of the residual variance in con-
traceptive use is attributable to differences between districts.

Adding further explanatory variables

We will now add in the remaining woman-level explanatory variables: urban,
educ and hindu.
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Education has already been declared as a categorical variable, so dummy
variables for three of the categories will be added. Accept the default in
which the first category (‘no education’) is taken as the reference.

When you have fitted this new model (using More), you should obtain the
following results:

JNT=IEY

-

use, ~ Binonlial(denomij_. ;;U.) =
logit( ;) = Bgeons +1.152(0.134)lel; +1.512(0.147)le2, +
1.502(0.153)le3plus,, +-0.017(0.007)age, +
0.533(0.105)1u‘baq.}. + 0.24?(0.128)ed_1p1‘i11g.j. +
0.724(0.144)ed_uprim, +1.170(0.127)ed_secplus; +—
0.433(0.128)hindu,
By =-2.053(0.138) +u,,

[g] ~NO Q) Q= [0.234(0.066)|
J —

| Hame | + | - |ndd 1erm| Es‘timﬂtes| Nonlinear| Clear | Hotation |Responses| Store ||

The effects of age and number of living children change slightly, but the
general conclusions are the same. Higher education levels, living in an urban
area rather than a rural area, and being Hindu rather than Muslim are all
positively associated with use of contraception.

Note that urban is an individual level variable (as can be seen from
the ij subscript), since there are urban and rural areas within a district.
Comparing estimated coefficients with their standard errors, we find that
all effects are significant at the 5% level.

The between-district variance has decreased from 0.308 to 0.234, so some of
the variation in contraceptive use between districts is explained by differences
in their education, urban/rural and religious composition.

9.4 A two-level random coeflicient model

So far, we have allowed the probability of contraceptive use to vary across
districts, but we have assumed that the effects of the explanatory variables
are the same for each district. We will now modify this assumption by
allowing the difference between urban and rural areas within a district to vary
across districts. To allow for this effect, we will need to introduce a random
coefficient for urban. The model we will be fitting has the same form as the
random slopes model considered in Chapter 4, but since the variable urban
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has only two categories, we use the more general term coefficient rather than
slope to describe its effect. To introduce a random coefficient for urban:

e In the Equations window, click on urban (or its coefficient)

e In the X variable window, check j(district) and click Done

The model has the following form (you may have to click on Estimates to
see the notation):

I0ix]
use, ~ Binomial(denom,, 7,) =

logit(z;) = Bycons + B lely, + Byle2, + Biledplus, + B age, +
B 53.111'1) an, + ﬁﬁed_lprimlj + ﬁ?ed_upring}. +
ﬁged_secplusg + ﬁghinduU.

B = Buo Ty [

By = Bs Ty

Yo ~N(0, Q) : Q,= Gus )
o5 Guos Ous
| |—L|_‘

| Hame - |Rdd Ierml‘;'stlmatesl Nonlinear| Clear | Hotation |Responses| Store |

+

A 7 subscript has been added to the coefficient of urban, indicating that
the coefficient depends on district. The average effect of urban is g5, but
the effect for district j is f85; = 85 + us; where us; is a Normally distributed
random effect with mean zero and variance o%;. Allowing the coefficient of
urban to vary across districts has also introduced the parameter o,59, which
is the covariance between ug; and us;.

As for continuous response random coefficient models, the level 2 variance
is a function of the explanatory variables that have random coefficients. In
Chapter 7, we met variance functions and the same ideas can be applied to
any multilevel model. For the model specified above, the residual variance
between districts is a function of urban:

var(ug; + us;urban) = var(ug;) + 2cov(ug;, us;)urban + var(us; )urban
= 02y + (20,50 + 025 )urban (9.5)

Note that because urban is a (0,1) variable, urban® = urban. For rural
areas (urban = 0), the residual district level variance is oZ,. For urban
areas (urban = 1), the residual district level variance is 02,+20.,50+02s.
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w¥ Equations

use,, ~ Binomial(denom)}, ;;—U.) ’_

logit(z,) = Bgeons +1.167(0.135)lel, +1.527(0.148)lc2,, +
1.523(0.154)le3plus, +-0.018(0.007)age, +
p'jjurbaq.j. + 0.245(0.130)ed_lprim!}. +
0.734(0.145)ed_uprim, +1.180(0.128)ed_secplus, +
0.510(0.133)hindu,

Loy =-2.094(0.148) + 1,

By =0.5740.137) +u 5

| ~NO, Q) : q,=|0360(0.099)
1y -0.258(0.111) 0.349(0.173)

We can test the significance of the added parameters, 025 ando,s, using a
Wald test:

w# Intervals and tests
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The test statistic is 5.471, which is approximately chi-squared distributed
on 2 d.f. (p = 0.065). At the 10% level, we conclude that both parameters
are non-zero, which implies that the effect of urban does indeed vary across
districts.

On average (after adjusting for the effects of age and the other explanatory
variables), the log-odds of using contraception are 0.574 higher for urban
areas than for rural areas. Depending on the value of us;, the difference in a
given district will be larger or smaller than 0.574.

Substituting the estimates of 02,, 02 and 0,50 into (9.5), we obtain the
following estimates of residual district-level variation:

For rural areas: district-level variance = 0.360
For urban areas: district-level variance = 0.360 + 2(—0.258) + 0.349 = 0.193

So there is greater district-level variation in the probability of using contra-
ception in rural areas than in urban areas.

We will now add in our two district-level explanatory variables, d_lit and
d_pray, to see whether they explain some of the district-level variation in
urban and rural areas. Use the Add term button to add both variables to
the model, and click More to fit the model.

You should get the following results:

—I0ix

-

use, ~ Bi110111ial(denom]}_. f"»’:}) =
logit(z,) = Bycons + 1.171(0.135)lel,; +1.535(0.149)le2,, +
1.529(0.154)le3plus,; +-0.018(0.007)age,, +
ﬁjjm'baq}. +0.238(0. 130)ed_1p1‘i11gj +
0.743(0.146)ed_uprim, +1.197(0.129)ed_secplus; +
0.510(0.133)hindu, +2.076(1.707)d_lit, + ||
-1.410(0.534)d_pray,
By =-1.723(0.263) +uy,
B =0.528(0.138) +u

-0.233(0.106) 0.352(0.174)
. [

- |ndd Ierm| Es‘timales| Honlinear | Clear | Hotation |Responses| Store | |

|iMDj:| N0, Q) Q= [0.305(0.088) }

-

+

The effect of the proportion of literate women in the district has a positive,
but non-significant effect on the probability of using contraception. District-
level religiosity has a significant effect, with women living in districts with
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higher levels of religiosity being less likely to use contraception.

The residual between-district variation is now 0.305 for rural areas and
0.305 + 2(—0.233) + 0.352 = 0.191 for urban areas. Some of district-level
variation in rural areas is explained by differences in religiosity, but the vari-
ation in urban areas is almost unchanged.

9.5 Modelling binomial data

So far, we have considered logistic models for binary response data, but
the same models may be used to analyse binomial data, where the response
variable is a proportion. For illustration, we will convert the binary woman-
level contraceptive use variable to district-level proportion data. We will
then model the proportion of contraceptive users in a district as a function
of the district-level explanatory variables and district-level random effects.
Of course in practice, since in this case we have individual-level data and we
know that there are important individual-level predictors of contraceptive
use, we would not want to aggregate the data in this way. If, however, we only
had access to aggregate data then it is more efficient to model the proportions
directly rather than converting to individual-level binary responses.

Modelling district-level variation with district-level pro-
portions

Our response variable y; will be the sample proportion of contraceptive users
in district j. After aggregating our data to the district level, the only other
change to the model is that the denominator n; will no longer equal 1 as
for binary data, but will equal the number of women of reproductive age in
district j.

Although our response variable is now at the district level, we can still fit a
two-level random intercept model of the form:

logit(mi;) = fo; + f1d-lit; + fod _pray;
Boj = Bo + uo;

where 7;; is the probability of using contraception for woman ¢ in district
j as before. When we specify the model, we will use the aggregate district
ID as the identifier for both level 1 and level 2. This implies a model with
60 level 2 units (districts), each with one level 1 observation. This might
appear, at first glance, to produce a confounded model. However, we should
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remember that each level 1 unit has an associated denominator n;, which
is the number of women in the district. It is this associated woman-level
information, together with the fact that the level 1 variance depends on the
explanatory variables in the model, which prevents the model from being
confounded [

Creating a district-level data set

First we need to clear the current model settings.

We will now create a district-level data set. We will begin by creating the
response variable y; and the denominator n;:

3If the n; were equal across districts and no explanatory variables were included in the
model, then it would not be possible to identify district-level variation.
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w# Multileyel Data Manipulations

waman a
district

LIZE

uged

lc

age

urbian

educ ~

The columns c¢20 and c21 contain the response variable and denominator
respectively. However, they still contain a record for each woman, where the
values for women in the same district are replicated. To see this

We will next convert ¢c20 and c21 so that they have one record per district,
and at the same time create district-level versions of district, d_lit and
d _pray.
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»# Take data

distict =] | ]
digtrict
d_lit
d_pray

c20
c21

The final step in setting up the data is to create a new cons variable:

Fitting the model

We can now set up the model:
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Now change to 2nd order PQL using the Nonlinear button, and Click More.
You should get the following results:

=8 Equations

prop,, ~ Binomial(denomg, ?Gj)

logit(z;) = pycons + 3.997(1.687)d_litl, +
-1.251(0.522)d_prayl,

Py =-0427(0.241) + 1z,

-

Note that we would have got exactly the same results had we fitted
a random intercepts model to the binary response variable use, with
only an intercept plus the district level explanatory variables d_lit and
d_pray.

Chapter learning outcomes

* How to specify a binary response model in MLwiN via the Equations
window

* The fact that standard likelihood methods cannot be used for binary
response models, so quasi-likelihood methods are used instead

* The interpretation of fixed effects is more complicated in binary re-
sponse models
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* How to fit a general Binomial model where the response is a propor-
tion



Chapter 10

Multinomial Logistic Models
for Unordered Categorical
Responses

10.1 Introduction

In many studies, the response variable of interest is categorical. In Chapter 9
we considered multilevel models for binary categorical responses. The logistic
models described there may be extended to permit response variables with
more than two categories, but the type of model we fit depends on whether
the categories are ordered or unordered. Examples of ordered responses are
attitude scales (e.g. with categories going from ‘strongly disagree’ to ‘strongly
agree’) and exam grades. Examples of unordered responses include political
affiliation and cause of death. In this chapter, we introduce the multinomial
logistic model for unordered categorical responses. In Chapter 11 we examine
models for ordered responses.

We will now re-analyse the contraceptive use data set from Bangladesh (in
bang.ws) that was introduced in Chapter 9. In our earlier analysis, the
response variable was a binary indicator for use of contraception at the time
of the survey. In any serious study of contraceptive behaviour, however,
we would wish to distinguish between different methods of contraception,
particularly between modern or efficient methods (e.g. pills and IUDs) and
traditional or inefficient methods (e.g. withdrawal). In this chapter, our
response is an unordered categorical variable that distinguishes between dif-
ferent types of method among users. Our response variable is use4, which
is coded as follows:

145
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used | Contraceptive use status and method
1 | Sterilization (male or female)
Modern reversible method
Traditional method

Not using contraception

= NN

All other variables in bang.ws are described in Section 9.1.

To see the frequency distribution of use4, open bang.ws in MLwiN, then

From the Basic Statistics menu, select Tabulate

Check Percentages of column totals

Next to Columns, select use4 from the drop-down list
Click Tabulate

You will see that 10.5% of women (or their husbands) were sterilized, 19.4%
were using a modern reversible method (mainly pills in Bangladesh), 9.8%
were using a traditional method, and 60.3% were not using any contraception.
In our analysis, we will be interested in determining the factors associated
with use of these different types of method (or non-use).

10.2 Single-level multinomial logistic regres-
sion

Suppose that y; is the unordered categorical response for individual 7, and
that the response variable has ¢ categories. We denote the probability of being
in category s by 7r2-(s) = Pr(y; = s). In a multinomial logistic model, one of the
response categories is taken as the reference category, just as the category
coded ‘0" is usually taken as the reference category in a binary response
model. A set of ¢t-1 equations is then estimated, contrasting each of the
remaining response categories with the chosen reference category. Suppose
that the last category is taken as the reference. Then, for a single explanatory
variable x;, a multinomial logistic regression model with logit link is written:

(s)
T s s
1Og< 1(t))_ﬁé)+ﬁl)$w S:L"'at_l (101)
T

i

A separate intercept and slope parameter is usually estimated for each con-
trast, as indicated by the s superscripts, although it is possible to constrain
some or all to be equal. In the model above, the same explanatory variable
appears in each of the ¢t — 1 contrasts. Although this is usual practice, and a
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requirement in some software packages, models where the set of explanatory
variables differs across contrasts can be estimated in MLwiN.

The parameter ﬂfs) is interpreted as the additive effect of a 1-unit increase
in = on the log-odds of being in category s rather than category ¢. As in the
binary logit model, it is more meaningful to interpret exp(ﬁis)), which is the
multiplicative effect of a 1-unit increase in = on the odds of being in category
s rather than category t. However, an easier way to interpret the effect of x
is to calculate predicted probabilities 7TZ-(S)<S =1,...,t) for different values of
x.

The following expression for 7' (s = 1,...,¢t—1) can be derived from (0.1)):

%

(s) (s) ..

1 t—1
1+ Y exp(B + ;)
k=1

The probability of being in the reference category t is obtained by subtrac-
tion:

) =1->"a (10.3)

Model interpretation using both odds ratios and predicted probabilities will
be considered in the example that follows.

10.3 Fitting a single-level multinomial logis-
tic model in MLwiN

We will begin by fitting a model with a single covariate, the number of living
children (Ic). First, we will look at a cross-tabulation of use4 and lc to see
how the decision to use contraception and the choice of method depends on
number of children in our sample.

From the Basic Statistics menu, select Tabulate

Check Percentages of row totals

Next to Columns, select use4 from the drop-down list

Check Rows, and select 1c from the drop-down list
Click Tabulate
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You should see this table in the Output window:

2% Output =10] x|
->*TABUlate 1 'used' '1c' 1=
Columns are levels of used
Rows are levels of 1c
used 1 used 2 used 3 used 4 TOTALS
1cD H 12 134 44 584 774
ROW % 1.6 17.3 5.7 75.5 100.0
1cl H 52 137 45 283 517
ROW % 10.1 26.5 8.7 54.7 100.0
1c2 H 69 107 51 234 461
ROW % 15.0 23.2 11.1 50.8 100.0
1c3plus H 169 177 142 627 1115
ROW % 15.2 15.9 12.7 56.2 100.0
TOTALS 302 555 282 1728 2867
ROW % 10.5 19.4 9.8 60.3 100.0 LI
Include output from system
Zooml‘lllll vl Copy as table r generated commands

In Chapter 9, we saw that the probability of contraceptive use was much
higher among women with one or more child than among those without chil-
dren. Here we see that, among contraceptive users, the type of method cho-
sen also varies with number of children. For example, as would be expected,
women with no children are unlikely to choose sterilization. Women with
one or two children are the most likely to use a modern reversible method;
the lower probability of modern reversible use among women with three or
more children is likely to be due to factors associated with high fertility.

We will now model this relationship using a multinomial logistic regression
model of the same form as . As in Chapter 9, we will include as
explanatory variables three dummy variables for lc, taking the first category
‘no children’ as the reference.

We will start by declaring use4 to be categorical and attaching labels to its
categories:
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. 5et category names l_l_ l_

We can now set up the model:

The Equations window should look like this:

=N Equations

resp, -~ Multinomial(r,, ;;.}.)

log(7y; / 74) = Bocons.ster; + gilel.ster, + g,lc2.ster, + g;lc3plus.ster,
log(7y; / m4) = Bycons.mod, + glel.mod, + g;1c2.mod, + g;le3plus.mod,
log(7y / m4) = pocons.trad, + golcl.trad, + g lc2.trad, + g, le3plus.trad,

cov(ysfyg.) =- ;;sjﬁgfmj TS £T ;lrsj(l -;;}.)fn}. (8=r]

1o =]

Before going any further, we will take a moment to explain the notation
used in the Equations window and how it relates to equation (10.1). The
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model we have specified above has the same form as , but with three
explanatory variables for the effects of lc. Notice, however, that although we
have specified a single-level model, all variables have two subscripts, ¢ and j.
In MLwiN the single-level multinomial model is framed as a two-level model,
with response categories at level 1 and individuals at level 2.

The categorical variable use4 has been transformed to three binary variables
(corresponding to categories 1, 2 and 3). These are stacked to form a new re-
sponse variable named resp, a column that has 3 x2867 = 8601 observations.
This new variable has a two-level structure with three binary responses per
woman.

If you click on resp ;; in the Equations window, you will see that N levels:
has changed to 2-ij, with woman _long as the level 2 ID and resp_indicator
as the level 1 ID. The variable woman_long is a ‘long’ version of woman,
with each value of woman copied three times to obtain a column that is
the same length as resp. The variable resp_indicator is also automatically
created when a multinomial model is specified in MLwiN.

To see how resp and resp_indicator are constructed, look at the values of
use4 for the first three women. They are 4 (none), 1 (ster) and 4 (none).
Now look at the first few values of the variables resp and resp_indicator:

o [=] 3]
goto line |1— view | Help I Font. | |v Show value labels

respt 86010 |resp_indicat0r(8[| il
1[0.000 ster
2[0.000 mod
3| 0.000 trad
4[1.000 ster
al0.000 mod
6] 0.000 trad
7[o.000 ster
alo.000 mod

3| 0.000 trad LI

For each woman, we have three values of resp, corresponding to categories
1 (ster), 2 (mod) and 3 (trad), respectively. The reference category (none)
is omitted. These values are stacked, and a category indicator is stored
in resp_indicator. The variable resp has two subscripts — to index the
response category (i) and the woman (j). For woman j, resp ;;= 1 if use4
=4, and 0 otherwise (i= 1, 2, 3). For example, for a woman using a modern
reversible method (category 2) the three values of resp are 0, 1 and 0. As
we saw in the Data window, the first woman in the data set is not using
contraception, so her values of resp are (0, 0, 0). The second woman is
sterilized, so she has values (1, 0, 0).

Returning to the Equations window, the first line says that the binary
variable resp follows a multinomial distribution, which has parameters n;
and m;;. As in Chapter 9, we have a denominator n; which must be specified.
In the case where the individual is our lowest level of observation and we have
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one observation per individual, n; = 1. More generally, our responses may
be proportions, for example the proportion in each category of use4 in an
area. In that case, n; would be the population size in area j.

Parameter 7;; is the probability (predicted by the model, from individual j’s
pattern of explanatory variables) that individual j is in response category i.
The remaining lines in the Equations window specify three pairwise con-
trasts between each of the response categories 1 (ster), 2 (mod) and 3 (trad)
and the reference category 4 (none). Each equation includes a constant term,
cons*, and three dummy variables for number of living children, lc1*, 1c2*
and lc3plus™®, where the suffix (the replacement for *) indicates the response
category being contrasted with the reference category in that equation.

To illustrate how these variables are created, we will consider the first con-
trast (sterilization vs. none). First cons.ster is constructed from resp_indicator
as follows:

cons.ster = 1 if resp_indicator = 1 (i.e, ster)

= 0 otherwise

Then ‘long’ versions of lcl, 1c2 and lc3plus are created by repeating each
of their values three times, in the same way that woman_long was created
from woman. Each of these ‘long’ variables is then multiplied by cons.ster
to obtain Icl.ster, lc2.ster and Ic3plus.ster.

Although the same set of variables is included in each contrast, it is possible
to exclude an explanatory variable from one or more contrasts. To remove
an explanatory variable, click on the variable in the equation for the contrast
from which it is to be excluded and click on the X variable window’s Delete
term button.

The last line in the Equations window shows the terms in the variance-
covariance matrix for resp,;. See Chapter 4 in |Goldstein (2003) for further
details.

To complete the model specification, we need to declare n; (see Section 9.2).
For a binary response model, n; is a vector of 1s. The constant vector cons
has the required structure.

e In the Equations window, click on n; and select cons from the
drop-down list

e Click Done

To fit the model:
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e Click on the Nonlinear button at the bottom of the Equations
window

e Click on Use defaults, then Done
e Click on Start

After clicking on Estimates twice, you should see the following output:

-Ioix]
resp,~ Multiuomial(n}, Ej)

log(;;-lj.f’ ﬁ4j.) = -3.885(0.291)cons.ste1‘1j + 2.192(0.326)lc1.5ter}} + 2.666(0.319)1c2.ste1‘1} +2.5 75(0.303)1c3plus.ste1'!.}
log(;;-gj.f’ /’3'4;) = -1.472(0.095)(:0115.1110(:1!.J1 + 0.748(0.138)1c1.1110du. + 0.692(0.146)102.1110%. + 0.209(0.125)lc3p11|s.1110d!}
log(rs, / 7r4) =-2.586(0.155)cons.trad, + 0.748(0.220)lel.trad, +1.064(0.215)le2.trad, + 1.102(0.179)le3plus.trad,

cov(ysfyq) =- ]rsﬁ'[xj/f’!j: S0 ﬂsj(l -751)/&} R

‘ Hame ‘ + ‘ - ‘Rddlerm|§s1.ima1.es| Nunlinear‘ Clear ‘ Hotation |Resnunses| Store | Help |Znnml1llll j |

We can carry out approximate significance tests on the coefficients of the
dummy variables for lc by dividing the estimated coefficients by their stan-
dard errors and comparing these quotients to a unit Normal distribution.
Here, the coefficients of lc1, 1c2 and lc3plus are all large relative to their
standard errors, so we conclude that having children shows a statistically sig-
nificant effect on the probability of using any type of contraceptive method.

To interpret the effects of lc on contraceptive choice, we take exponentials
of the estimated coefficients of lc1, 1c2, and lc3plus to obtain odds ratios
as follows:

Ster. Vs. None | Mod. vs. None | Trad. vs. None
Category of Ic B | exp(B) B | exp(B) B | exp(B)
None 0 1 0 1 0 1
1 2.192 8.95 | 0.747 2.11 | 0.747 2.11
2 2.666 14.38 | 0.691 2.00 | 1.063 2.90
3+ 2.576 13.14 | 0.208 1.23 | 1.101 3.01

From the odds ratios we can see, for example, that the probability of choosing
sterilization increases sharply as lc changes from no children to one child. The
odds of using sterilization rather than no method are 8.95 times higher for
women with one child than for women with no children.

Note that this odds ratio could have been obtained directly from the cross
tabulation of use4 and lc. For example:

(# with 1 child using sterilisation) / (# with 1 child using no method)
(# with 0 children using sterilisation) / (# with 0 children using no method)
_ 52/283
- 12/584

8.94
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For any method, the probability of use increases as the number of children
increases from 0 up to 2. There is a slight decrease in the probability of using
a modern method (either permanent or reversible) for women with three or
more children, compared to women with two children.

When there are several response categories, it is often easier to interpret a
fitted model by calculating predicted probabilities for different values of an
explanatory variable, while holding constant the values of other explanatory
variables. These probabilities are calculated using (10.2) and (10.3). For the
simple model above, a macro (in the file predprob.txt) has been written to
compute predicted probabilities for a given category of lc.

To use these macros, we need to input values for the dummy variables 1lc1,
Ic2 and le3plus into ¢50. We will begin by computing probabilities of
contraceptive use for women with no children (i.e, lc1 = 0, le2 = 0, le3plus
=0).

To run the macro:

You should get the following values:
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O =l x]
Al
-=print 'pl'-'p4!'
pl p2 p3 pd
H = 1 1 1 1
1 0.015519 0.17312 0.056852 0.75451 |
=l
Include output from system
Zoom|100 ~-| Copyas table generated commands

Notice that these are the same as the sample proportions in each category
of used for lIc = 0 (see the cross-tabulation of use4 and lc). Changing
the values in ¢50 to (1,0,0) and rerunning the macro will give predicted
probabilities corresponding to lc = 1. We leave this as an exercise for the
reader.

10.4 A two-level random intercept multino-
mial logistic regression model

The data in bang.ws have a two-level hierarchical structure with women
at level 1, nested within districts at level 2. In Chapter 9, the single-level
model for the binary response use was extended to allow for district effects
on the probability of using contraception. In a similar way, the single-level
model for unordered categorical responses such as use4 can be extended to
two levels.

Suppose that y;; is the categorical response for individual 7 in district j, and

denote the probability of being in category s by ij ), Equation ((10.1]) can be
extended to a two-level random intercept model:

(s)

log | 22| = B + 8®ay; + ul? = 1,11 10.4

og| —5 By’ + By wi +uy s s, (10.4)
ij

5-8) is a district-level random effect, assumed to be Normally dis-

tributed with mean 0 and variance o2). The random effects are contrast-
specific, as indicated by the s superscript, because different unobserved
district-level factors may affect each contrast. Or, equivalently, the intra-
district correlation in contraceptive use may vary by type of method. How-

ever, the random effects may be correlated across contrasts: cov(u(s) u(r)) =

]
oq(f’r),s # r. Correlated random effects would arise, for example, if there
were unobserved district-level factors which affect the choice of more than

one method type.

where u

As with binary response models, different procedures have been implemented
in MLwiN for the estimation of multilevel models that have categorical re-



10.5. FITTING A TWO-LEVEL RANDOM INTERCEPT MODEL 155

sponses: quasi-likelihood methods (MQL / PQL, 1st or 2nd order) and
MCMC methods. See Section 9.2 of this manual and Browne| (2003) for fur-
ther discussion. We shall use the quasi-likelihood methods in this chapter,
starting with 1st order MQL and extending to 2nd order PQL on conver-
gence.

10.5 Fitting a two-level random intercept model

To extend the current single-level model to a two-level random intercept
model:

Click on resp ;;, and change N levels: from 2-ij to 3-ijk

Next to level 3(k):, select district from the drop down list and click
Done

Now click on cons.ster (or its coefficient), check k(district_long)
in the X variable window and click Done

Next, click on cons.mod, check k(district_long) and click Done

Finally, click on cons.trad, check k(district_long) and click Done

After clicking on Estimates, the Equations window should look like this:

L=

resp,;, ~ Multinomial(mjk, *’rfjk)

log(7 s / maz) = Parcons.stery, + gilel.stery, + g lc2.stery;, + gsle3plus.stery,
Lo = Bo T Vo

log( T / ?Faﬁc) = B jcc:ons.nlod!.}.jc + ﬁélcl.modij.k + ’ﬁ?lcz.modl}.k + ﬁ81c3plus.1110dl}.k
B =F1 T

log(;;Bﬁc / ;;43.;5) = ﬁzkcons.tradij.;c +ﬁglc1.U'ad!}.k + }rjlulcz.tradl.ﬁc +13111(:3plus.t1'ﬂd!.j.;c
Pz =Pz TV

1

L N(O ) G,
~ » Q) QT 2
Y ik v " |Gyo1 Oyt
3
¥k Gy02 Oviz Or2

cov(ysjk, J’g;c) =- ;;sj_kng.kfn}k TS T ;rsj.k(l - ;%.k)fnjk e

+

- |ndd Ierm|§s‘l.imates| Nonlinear| Clear | Hotation |Responses| Store | Help |Zooml1ﬂﬂ j|

| Hame

Just as a single-level model was formulated as a two-level model in MLwiN,
a two-level model is formulated as a three-level model, hence the three sub-
scripts ijk. The additional k subscript indicates the district. The district-level
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random effects, denoted by ujs)(s: 1,2, 3) in (10.4), are vg, v1x and vgy, in
MLwiN with variance-covariance matrix €2,,.

Fit the model using the default 1st order MQL procedure. You should see
the following:

=8 Equations !EE
resp,; ~ Multinomial(n}k, "T!Jk)

log(r s / maw) = Goncons.stery, +2.151(0.339)lcl.ster,, +2.690(0.331)lc2.ster, + 2.658(0.315)le3plus.ster,

Lo =-3-985(0.314) +v,,

log( 7y / w4y = Prrcons.mod,, +0.706(0.144)lcl.mod,, + 0.687(0.152)lc2.mod,; +0.245(0.131)lc3plus.mod,;,
B =-1.588(0.124) +v

log(ﬂ-% / 754;3c) = p%cons.irad!}.k + 'L'L'?Eﬁ(().z1'?’)1(:1.11"@::]1].jc + 1.061(0.213)1(:2.trax:lz.jjc + 1.125(0.178)1c3p1us.tradi}.k
B =-2.578(0.170) + v,

Vo 0.349(0.112)
v | "NO Q) Q= 10111(0.070) 0.289(0.084)
Vo 0.028(0.073) -0.041(0.064) 0.260(0.094)

COV(¥ e V) == Ty 18 20 mu(l-gy)n, is=1

| Hame | + | - |Md1¢lrr||, i ‘ i | Clear ‘ i | | Store | Help |Zuum|1ﬂll j

Now change to 2nd order PQL:

You should get these results:

=# Equations —
resp,, ~ Multinomial(zz,;, 7,,)

log(r s / may) = Porcons.stery, +2.225(0.336)lcl.ster,, +2.823(0.329)lc2.ster,, + 2.794(0.313)le3plus.ster,

Do =-4.229(0.319) +v,

log(ﬂzﬁc / 75%) = ﬂmcons.modwc + 0.'7'76((.'!.143)1c1.m0dwc + 0.803(0.15(.'!)1c2.m0d1ﬂc + 0.337(0.130)1c3plus.modw
D =-1.748(0.132) ++

102(7 25, / 745) = Brscons-trady, +0.748(0.226)leLtrad,, +1.149(0.220)le2 trady, +1.191(0.184)le3plus.trad,,
B =-2.724(0.179) +v,,

Y o 0.539(0.154)
v, ~N(0, Q) + Q= 10315(0.099) 0.393(0.106)
vy 0.249(0.098) 0.140(0.079) 0.329(0.111)

COV(¥ e V) == Ty 15 20 mu(l-gy)n, s=1

| Hame | + | - |Md1¢lrr||, i ‘ i | Clear ‘ i | | Store | Help |Zuum|1ﬂll j |

Notice that there are some sizeable differences between the 1st order MQL
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and 2nd order PQL estimates, particularly for the random part parameters.
For multinomial logit models, the 1st order MQL approximation may produce
severely biased estimates. Users are advised to use 2nd order PQL or MCMC

methods (see [Browne] (2003)); Chapter 20).

In each of the three contrasts, the estimate of district-level variance is large
relative to its standard error, suggesting that there is unexplained district-
level variation in the use of each type of contraception method. The random
effect covariances are all positive, indicating that districts with high (low)
use of one type of method also tend to have high (low) use of other methods.
It would be easier, however, to interpret the correlations rather than the
covariances. To obtain the district-level correlations:

Note that these checkboxes (S, E, S, P, C, and N) control what is displayed
in the table. Click Help for more details

You should see the following correlation matrix:

uM Estimates !E E

+ | - ||Leue| 3: district_lo vi il |5|E—|5|5|§|! Help |

Corr: 1.000
Corr: 0.6836 Corr: 1.000
Corr: 0.592 Corr: 0.388 Corr: 1.000

The highest correlation at the district level is between use of sterilization
and use of modern reversible methods, which would be expected since both
of these types of method are promoted by family planning programmes. The
correlation between use of sterilization and use of traditional methods is also
high.

We will now look at residual estimates to further explore the extent of district-
level variation and to see if there are any ‘outlying’ districts with high or low
contraceptive prevalence, after adjusting for differences in fertility. To obtain
estimates and plots of the three sets of district-level residuals:
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e Change the SD(comparative) multiplier to 1.96 and click Calc
The residuals corresponding to the contrasts for sterilization, modern
and traditional versus none are output to ¢300, c301 and c302,
respectively

e From the Data Manipulation menu, select Names

e Assign the name res_ster to ¢300, res_mod to ¢301 and res_trad
to ¢302

e Now return to the Residuals window and click on the Plots tab

e Select residual +/— 1.96 sd x rank and click Apply

You should see a figure like the one on the next page containing three ‘cater-
pillar’ plots. These show residual estimates with 95% confidence intervals.

To identify districts with particularly large (small) prevalences of use of par-
ticular contraception methods, we can highlight them in the plots as follows:

e In the first plot, click on the confidence interval for the district with
the largest positive residual, i.e, the highest prevalence of sterilization.

e The Identify point window will appear, informing you that this point
corresponds to district ID 56.

e Under In graphs click on highlight(style 1), then Apply.

e The residual estimates for the district with ID=56 will be highlighted
in red in all 3 plots. Notice that this district also has the highest preva-
lence of modern reversible methods and high prevalence of traditional
methods.

=& Graph display =10l x|

cons.ster
doo
o b
[R——
-
—
— %
—
—
——
—
—
—_—
Pl
u—_—
—T
e
e
[l————
u———
—
—
—
—_—
—r
i
e
—_—
———
<
[
._.._.IE
e
[l
——
——
[,
——
i
e
[
fri——
[
—t
e
e
fla-a
[
[
——
———

cans.mod
doo
=
[Er—
[——
——
—
—
——
——
——
——
—_——
——
— T
._.._'_.|I
e
e
—+r
—
h—
—_——
—
—_——
—
——
i
P
._.._.i
frr
i
l—l-—l
l—l-—l
[T,
[T
-
[
g
T
[
[T
[
[E——
-
[
far
e

cons.trad
ddoo
gip B i
PR —
pa-—
—
—
—
——
—
—
—
—
.
e
._.,._'_.|I
e
—
—
—
—
—
—
——
—_,
—
—
‘—."—'E
o —
e
——
D—L-—i
Ly
e
——
[Srs -
[ —
[T
[T
| S S—
[N S —)
[ —
[r-—
[
e
[o——
——




10.5. FITTING A TWO-LEVEL RANDOM INTERCEPT MODEL 159

Repeating the above steps for the district with the largest negative residual
for sterilization, using a different highlighting style, reveals that the district
with ID=11 has the lowest prevalence not only of sterilization but of modern
and traditional methods. The tendency for districts to have a similar ranking
for all three types of method is reflected in the positive correlations between
district random effects.

The next step in the analysis would be to add further explanatory variables
and, in particular, to examine whether the district-level indicators of liter-
acy and religiosity can explain district-level variation in use of the different
contraceptive methods. We leave this as an exercise for the reader.

Chapter learning outcomes

* How to formulate single-level and multilevel multinomial models
* How to specify and fit such models in MLwiN

* How to interpret the results from such models
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Chapter 11

Fitting an Ordered Category
Response Model

11.1 Introduction

Many kinds of response variables take the form of ordered category scales.
Attitude measurements, examination grades and disease severity are just a
few examples of such variables. Very often in analyses, scores are assigned to
the categories, and these scores are treated as if they are measurements on
a continuous scale. Typically, however, such scoring systems are arbitrary,
and information may be lost or distorted in the conversion. An alternative
approach is to retain the categories throughout the analysis. The example
analyses presented in this chapter show how this can be done — first using a
single-level model, then with a multilevel model. A more detailed discussion
of models with ordered categorical responses can be found in|Goldstein| (2003)
and |Yang & Woodhouse, (2001)).

The example data set: chemistry A level grades

The data used in our example are taken from a large data set comprising the
results of all A level GCSE examinations in England during the period 1994
to 1997 (Yang & Woodhouse, 2001)). For present purposes, we have chosen
results for chemistry from one examination board in 1997. We have data
from 2166 students in 219 educational institutions.

Open the data file alevchem.ws, and you will see the following list of vari-
ables:

161
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il Edit name | Data | Toggle Categorical |Cateqories | Description | Copy | Paste | Del

CHAPTER 11.

=10l

me |cn [n

| missing

| min

Na | categorical ﬁ’
lea 1 2166 0 203 938 False

estab 2 2166 0 4001 8603 False

pupil 3 2166 0 1650 194909 False

a-point 4 2166 0 1 6 True

gcse-tot 5 2166 0 22 92 False

gcse-no 6 2166 0 5 12 False

cons 7 2166 0 1 1 False

gender 8 2166 0 0 1 True

<

The variables are defined as follows:

Variable | Description

lea Local Education Authority (not used in this analysis)
estab Institution identification

pupil Pupil identification

a-point | A level point score (see below for description)

gese-tot | Total point score for GCSE exams taken two years earlier
gcse-no | Number of GCSE exams taken

cons Constant (= 1)

gender | 1 if female, 0 if male

The codes in the variable a-point correspond to the following grades: 1 =
F;2=E;3=D;4=C;5=B; and 6 = A. The standard procedure when
analysing such examination data is to use a scoring system that assigns a
value 0 to grade F, a value 2 to grade E, and finally a value 10 to grade A
and then treats this as a continuous response variable.

11.2 An analysis using the traditional approach

To provide a point of comparison for the categorical response models, we
will begin our series of analyses by fitting a single-level model that treats a
transformed form of the response variable as if it were continuous.

We can use MLwiN’s Customised graph window to create a histogram of

a-point:
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u# Graph display =0

4001
3TaT —
2801

1261

From this we see that the distribution of our response variable is certainly
not Normal. In view of this non-normality, we shall make a transformation
to Normal scores. To each response category, this transformation assigns the
value from the inverse of the standard (0,1) Normal cumulative distribution
for the estimated proportion of pupils from the response variable’s original
distribution. See Darlington (1997) for further details and examples.

You can use MLwiN’s NSCO command to create a new response variable
of Normal scores.

We will treat alevelnormal as a continuous response variable. We first
fit the simplest possible single-level model involving just an intercept term.
To do this, use the Equations window to define the response variable as
alevelnormal (with a Normal error distribution), and set up a single-level
model, using pupil as the level 1 identifier. Add the variable cons as the
explanatory variable. We obtain the following estimates:
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=8 Equations !E[
alevelnormal, ~ N(XB, Q)

alevelnormal, = f3;;cons
Bo; = 0.003(0.019) +e,

[eq] ~NO Q)= Q= [0.789(0.024) ]

-2¥aglikelihood(TGLE Deviancs) = 5633.703(2166 of 2166 cages in use)

| Hame | + | - |ﬂ:|:| Ierrrl|§stimites| Nonlinear| Clear | Hotation |Iles|:or|ses| Store | Help |Zoornl

In subsequent models we shall include each pupil’s average GCSE score as
an explanatory variable. We first compute the mean then Normalise it. To
allow for the possibility that the relationship is non-linear, we create new
variables equal to the square and cube of the mean.

You can of course do the arithmetic calculations in the Calculate window,
but the Normal score transformation can only be done using the NSCO
command.

Now add the newly created GCSE variables and gender as explanatory
variables and fit the model. You will see the following results:

=i Equations I =] 4
alevelnormal ~ N(XB, Q) =

alevelnormal; = g;;cons +-0.246(0.027)female; +
0.787(0.021)geseavnormal, +
0.032(0.009)gese™2, + -0.046(0.006)gese"3,

Bo; = 0.077(0.020) +e

o] ~NO QJ 5 Q.= [0366(0.011)]

-2 ¥oglikelihood(TGLS Deviance) = 3968.878(2166 of 2166 caj;
4| [ »

+

- |l|:||:| 1erm|§s|.in1lh:s| Honlinear| Clear | HNotation |Iles|:|onses| Store |
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The coefficients for the quadratic and cubic terms are both significant, but
for simplicity we shall ignore the cubic term in the following analyses. When
we fit just the linear and quadratic GCSE terms, their coefficients change
very little.

il
alevelnormal, ~ N(XB, Q) =

alevelnormal; = g;,cons +-0.236(0.027)female; +
0.651(0.013)gcseavnormal, +
0.034(0.009)gcse"2,

B = 0.071(0.020) +e

o] ~NO QI 5 Q= [0.377(0.011)]

-2¥oglikelihood(IGLS Deviance) = 4034.716(2166 of 2166 cas'?
| | 3

- |ndd Ierm|§stimates| Honlinear| Clear | Hotation |Responses| Store |

| Hame | +

Note also that most of the level 1 variance (initially 1.0 as a result of
the Normalisation) has been explained by the model. We also see a
significant gender effect with girls performing worse than boys on average
after adjusting for GCSE.

If we do not adjust for GCSE, we obtain the following:

=l0lx|
alevelnormal, ~ N(¥B, Q)

alevelnormal, = f3;;cons +-0.008(0.038)female,
Bo; = 0.006(0.025) +e,

[e0] ~NO- Q) - Q= [0.789(0.024)]

-2¥oglikelihood(IGLS Deviance) = 5633.648(2166 of 2166 cases

1| | 3

| Hame: | + | - |ndd Ierm|§s1.imates| Hunlinear| Clear | Hotation |Responses| Store

There is now no significant difference between boys and girls. If we model
the GCSE score to examine gender differences, we obtain:
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-]
geseavnormal, ~ N(XB, Q)

geseavnormal; = Bg,cons +0.350(0.043 )female,
B =-0.153(0.028) + e,

[e0] ~NO Q) Q.= [0.968(0.029)]

-2 ¥oglikelihood(IGLE Deviance) = 6075.666(2166 of 2166 cases
4| | 3

| Hame | + | - |n.d|:l Ierm| gstimates| Nunlinear| Clear | Hotation |Responses| Store

We see that the girls have a higher average GCSE score than boys. Returning
to our last model for alevelnormal scores (with no adjustment for GCSE),
we interpret the absence of a gender difference as simply a reflection of the
fact that girls who take Chemistry A levels have a higher prior (GCSE)
achievement but make less progress between GCSE and A level.

11.3 A single-level model with an ordered cat-
egorical response variable

We now look at a richer model that retains the response variable’s original
grade categories. Using notation similar to that of Chapter 10, we specify
that our original response variable has t categories, indexed by s (s = 1,...,t)
and that category t is chosen as the reference category. Suppose that the
probability of pupil i having a response variable value of s is m,°

To exploit the ordering we base our models upon the cumulative response
probabilities rather than the response probabilities for each separate category.
We define the cumulative response probabilities as

E@y®) =49 Zw(", s=1,...,t—1 (11.1)

Here, yfs) are the observed cumulative proportions (out of a total n; observations-

one in our example) for the ¢th pupil. Expressing the category probabilities
in terms of the cumulative probabilities we have:

w(” = %(1); v =1 (11.2)
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A common model choice is the proportional odds model with a logit link,
namely:

W = {1+ exp—[a® + (XB),]}
or

logit(7\”) = o) 4 (X 8): (11.3)

This implies that increasing values of the linear component are associated
with increasing probabilities as s increases.

If we assume an underlying multinomial distribution for the category prob-
abilities, the cumulative proportions have a covariance matrix given by

cov(y™, y") =41 =) i, s < (11.4)

We can fit models to these cumulative proportions (or counts conditional on
a fixed total) in the same way as with a regular multinomial response vector,
substituting this covariance matrix. (For a discussion of fitting the standard
unordered multinomial, see Chapter 10.)

We now look at models that directly fit the ordered grade categories using
the model described above. Start by looking at the a-point variable.

. Set category namesse m) B

Edt | ok | Cancel |

hame I Cocle
1

hmoomﬁ
M B

We see that a-point has already been defined as a categorical variable

Now set up the model.
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The Equations window now shows the following:

=% Equations =0l x]
resp,~ Ordered Multinomial(nj, ;;!.}.)

T Eyp pyT Ay T Ty pyT Ayt Ayt oy

V4 = Ty + 7Ty + Ty + 34}.; V5 = Ty + Ty + Ty + Ty + 35}.;

rg=1

logit(7) =

logit( }’2;) =

logit( }'33') =

logit(y,) =

logit( jyjj) =

cov(ye ) =pll -n)n, s<=r

[ [ 7 s ot st | G | ot [aspcnnse | 5o |

The model is expressed in a form that is similar — though not identical —
to the one presented in equations (11.1) to (11.4).

Note that y has been replaced by resp, and that two subscripts are
used on this and the m and ~y terms. MLwiN has created a two-level
formulation of our single-level model in a way that parallels what it did
with the unordered category model in Section 10.3. Each pupil, now a
level 2 unit, has five response variables (level 1 units)
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The five equations for these response variables are incomplete because we
have not yet selected the explanatory variables to include in the model. Re-
ferring back to definitions of our categories, we would interpret logit(vs;) as
the logit of the expected probability that pupil 7 had a chemistry grade of B
or lower.

If we look at the Names window, we will see that several new variables have
appeared in vacant columns, e.g., resp_indicator and pupil long. The
suffix _long is created by MLwiN to distinguish each new variable created
automatically in an expanded data set. Each of these new columns has a
length of 10830 (= 5 x 2166) because there are 5 responses per pupil.

If we click on resp in the Equations window we obtain:

x
¥: I resp vi
N levels : m

level 2(j) : I pupil_long - l
level 1(i) : Iresp_indit:ator vl

The double subscripting and new identification code variables further illus-
trate that the model has become a 2-level model with the response category
as level 1.

Now we need to define the denominator vector. For each pupil only one grade
is possible, so the value of n; is always 1. Thus, we need to tell MLwiN to

use a column of 1s as the denominator vector. We already have cons, so we
can use that.

e Click on the term n; in red and choose cons
We can now start adding explanatory variables.

e Click on the Add term button and select cons

We obtain the following window:

i, Specify term x|
arder I 1] 'I [~ palwomial

variable

[on] |
centering

{* uncentered " by groups defined by I vI
¢ grand mean " around value I

add Seperate
coefficients

add Cormon
coefficient

Cancel |
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We need to decide whether to fit a separate intercept for each of the five
response variables or to use a common intercept coefficient. We begin by
choosing the former option.

The Equations window now shows:

% Equations =10l x|
resp, -~ Ordered Multinomial(cons,, ’5})

YT Ty yy T Ayt Ay yyT Ayt Ayt map

Py Tyt Ayt Ayt A py = At Ayt Ayt T Ay

rg=1

logit(yy;) = Bycons.(<=F),

logit( }lzj) = plcons.(ﬁi:E)U

logit( }’3;) = ﬂECOHS.(‘:ZD)!}.

logit(y,) = gzcons.(<=C),

logit( }rjj) =p 4c0ns.(<=B)!}.

cov(yy ) =l - g cons; s<=r

| Hame | + | - |A:I:I Iermlgstirnnlesl Honlinenr| Clear | HNotation |Ilespunses| Store I

The naming of the explanatory variables indicates that we are fitting an
ordered proportional odds model as given in equations (11.1) to (11.4). We
will now run this model, which simply fits a separate intercept for each grade.

We obtain the following:
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-i0ix
resp, Ordered Multinonlial(consj, E})

IS A T Ayt Ay pyT Ayt Ayt Ay

VT AT Ayt Ayt Ay pyT Ayt Ayt Ayt gty

V=1

logit(y,;) = -1.398(0.054)cons.(<=F),

logit(ygj.) = -0.701(0.046)c0115.(<:=E)!}.

logit(;,r3j.) = -O.100(0.043)c0115.(<:=D)1.j.

logit(y,;) = 0.595(0.045)cons.(<=C),

logit(;,rjj.) = 1.603(0.05?)c0115.(<1=B)U.

cov(yy,yy) =l - ) cons;, s<=r

- |ndd Ierm|§stima1.es| Honlinear| Clear | Hotation |Responses| Store |

+

| Hame

If we take the antilogit of the first coefficient (—1.398), we obtain 0.198, the
estimated probability that a pupil’s chemistry grade is F. The estimates from
this simple model agree with proportions we can calculate directly from the
data using the Tabulate window. The proportion of pupils with a grade of
F is 19.8%. The probability that a pupil has a grade of F or E is given by
the antilogit of —0.701, i.e, 0.332, and the proportion of pupils with either of
these grades is 33.1% (as we noted earlier). We shall look at interpretations
in more detail later, but note for now that this model is providing more
detailed information than was provided by the continuous response model.
The latter just averaged grade scores.

11.4 A two-level model

The two-level ordered category response model is a generalisation of the
single-level model, as shown in the following set of corresponding model equa-
tions:

E(yzj _%J ZWU , s=1,...,t—1
Cov(yi(j)?yi(j)) = 'Yi(j)(l - %’;))/ni]’a s<r
7 = {1+ exp—[a® + (XB)y + Ziju]} ! (11.5)

or
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logit(’yi(;)) = o 4 (XB)ij + Ziju;
h h h—
Wz(j):%'(j)_%'(j 1); I<h<t

"D 2o g =1

As we would expect, when fitting this model, MLwiN creates a three-level
formulation. We now add educational institution as a third (highest) level
in the model we have just fitted.

Note in passing that MLwiN has created a new column, estab_long
to serve as the actual identifier variable used during fitting. Using the
Names window, you can examine this; the five intercept variables de-
rived from cons; and the full denom variable.

We now need to define the variation at institution level. One possibility is
to allow each category’s intercept term to vary, giving us a 5 x 5 covariance
matrix at level 3. To do this we would simply click on each cons.(<=%*)
term in turn and in the X variable widow, check the k(estab_long) box.
If we did this, however, we would essentially be fitting a simple multinomial
two-level model, which also has a 5 x 5 covariance matrix (see Chapter 10).
Instead we will fit a single variance term at the institution level.

The following window appears:

i, Specify commonsge =]

| Include all | Done | cancel|
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The terms entered in the model that correspond to the boxes you check in
the Specify common pattern window will all have equal coefficients. So,
to fit our common level 3 variance:

The Equations window now shows:

W Equations =1ol x|
resp,, ~ Ordered Multinomial(consj.k, ;;r!}.k) —
P = T Jae = Tie T Topes Paye = Aige T Tap T Tapes

Vo = TV Won VMo T Aas Ve ™ Ao T Ao T g T A ¥ s Vo =¥
logit( ,T“'mc) = ﬂucons.(=:=F)U.k + kﬁc

logit(y,) = gicons.(<=E); + A,

logit( ,’*’33&) = ﬂzcons.(=:=D)!.j.k + hﬁc

logit( ;féy.k) = p’3cons.(€=C)Jﬁc + hﬁc

logit(ysy,) = Bacons.(<=B),; + Ay

fzﬁc = pseons. 12345

| Name | + | - |ﬂ:|:l Ierm|§stirr|lles| Honlinenr| Clear | HNotation |Ilespor|ses| Store | Help |Zoorl1|1|l|l j

-

A term hj; has been added to the equation for each response category. This
represents terms common to the set of equations, and it is defined immedi-
ately following the equations for the response categories. In our example,
it consists of the single common coefficient associated with a newly created
variable named cons.12345. If we had specified a pattern that included
only response categories 1 and 3, the new variable would have been named
cons.13, and its term would have appeared only in the equations for these
two response categories. As you can see this procedure allows complete flex-
ibility in specifying patterns of shared coefficients across response categories.

At the moment the model is over-parameterised with a unique coefficient for
every response category as well as a common coefficient. We want to use the
coefficient of the common variable, cons.12345, only to specify a common
between-institution variability; we do not need this variable in the fixed part
of the model. To specify how the variable is used:
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Check that the default estimation procedure has been selected (first order
MQL), and run the first estimation. You should obtain the following results:

~ioix

-

resp,; ~ Ordered Multinomial(consjk, ;;!}.k) =
P = Ayes Yae s Aye T Tt Vi Aye T o T Taws

Var = T T Mo ¥ T T gt Vo = Ao T Tope T Mo T T T T e =¥
logit(ylj.k) = -1.1'02('0.082)(:0115.(‘:=F)1.ﬁc + }zﬁc

logit( ;) = -0.418(0.079)cons.(<=E);, + Ay,

logit(y3}.k) =0.1 ?3(0.0?9)c0115.({=D)U.k + }zﬁc

logit(y%,.k) = 0.856(0.031)C0115.({=C)J}.k + izjk

logit(ys;) = 1.853(0.091 )cons.(<=B),;, + hy;

k}.k =y, cons. 12345

[e] “NO Q) Q= [07210113)]

| Hame | + | - |ndd 1erm|§s‘timﬂ1.es| Hnnlineﬂr| Clear | Hotation |Responses| Store | Help |Zooml1llll j

-

Let us review what we have done so far. The second and third lines specify
the cumulative category model. This is followed by five response variable
equations, one for each cumulative category. The first explanatory variable
in each case is a constant, allowing the intercept to be different for each,
as indeed they appear to be. The other explanatory variable, cons.12345

is also a constant (= 1) whose sole contribution to the model — via its
random coefficient — is to add the same random error term to each of the
five categories’ equations. A common institution — level variance is thus

estimated for each category.

Now switch to the preferable method of estimation for this model — second
order PQL:

Click on the Nonlinear button

In the Nonlinear Estimation window, select 2nd Order and PQL
Click Done

Click Start

Note that when switching estimation methods and also sometimes when
adding new variables you may not be able to proceed by clicking More.
Click Start instead.

The following window shows a large difference between these PQL estimates
and the earlier ones; this suggests that the first order MQL procedure under-
estimates the parameters. We could also get good estimates using MCMC
(see Browne| (2003)).
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2% Equations =10l x|
resp,, ~ Ordered Multinomial(consj.k, m}.k) =
Pk = Fyes Vo = Tye T Tz Page— Ayge T T T Taps

Vo = T T A T Aape T aps Ve = Aype VAo T Ty T Agn T A yan =V
logit(;.plﬁc) = -1.375(0.102)(:0ns.(~=-’~=F)1.j.jc + &j.k

logit(yz;) = -0.492(0.097)cons.(<=E);, + 4y

logit(;@jk) = 0.278(0.097)c0ns.(=1=D)1.j.k + &j.k

logit(;.p%) = 1-152(0-099)‘:0115-(‘::0);};; + &j.k

logit(ys;,) = 2.370(0.109)cons.(<=B),; + Ay

fzﬁc =v,cons. 12345

[ve] ~NO Q) Q= [1281(0174)]

| Name: | + | - |l|:||:| Ierm|§xtirnlle:| Hunlirlellr| Clear | Hotation |Ile:|:|or|se:| Store | Help |Znnrr||1llll j

-

Let us now add the GSCE normalised score as an explanatory variable, using
a common coefficient across response categories:

We could have chosen to use add Separate coefficients to allow separate
coefficients for each category, but this would be formally equivalent to fitting
an ordinary multinomial model (see Chapter 10). The important point here
is that we are taking advantage of the ordering in the categories to simplify
the model structure.

The results of this fit (using PQL2) are shown in the following figure.

Note how the institution-level variance is reduced considerably when we
adjust for the GCSE score.

Note also that since we have treated the highest grade as the reference
category, the coefficient of GCSE is negative. That is, as the GCSE score
increases, the probability of being in the other (lower) grade categories
decreases. Thus, for example, the fixed part of the last line of the fitted
model specifies:

logit(prob of having grade B or below) = 2.93 — 2.04 x GCSE score




176 CHAPTER 11.

so that as the GCSE score increases, the probability of obtaining a chem-

istry grade of B or lower decreases, or equivalently the probability of a
grade of A increases.

ol
resp,, ~ Ordered Multinomial(cons,, r,,) =

Pk = Tyes Vo = Tye T Ty Yag ™ Mg T T T Taps

Ve =T T A Y o T Vo =M A T A T A T A5 pep =Y
logit(ylﬁc) = '2-289(0-099)00115-(<:F);;-5¢ + hj.k

logit( ;) =-1.096(0.089)cons.(<=E),; + 2

logit(hjk) = -0.029(0.085)00115.(<=D)U.k + hﬁc

logit(;.:%) = 1-200(0-089)‘:0“5-(‘::C);;;c + hﬁc

logit(ysy,) = 2.929(0.107)cons.(<=B),; + Ay

hﬁc = -2.038(0.065)g-::seav11::n‘1na.l.12345}.jc + v, cons. 12345

[rg] ~NO Q)1 = [0685(0.114)]

| Hame

-

+

- |ndd Ierm|§stimates| Nonlinear| Clear | Hotation |Responses| Store | Help |200n1|1|]|1 j

Let’s see the effect of allowing each response category equation to have
its own coefficient for GCSE. To do this, delete the common GCSE term
(gcseavnormal.12345) and add gcseavnormal again, this time using the
add Separate coefficients button. Fit the model again using PQL2, and
ignore any ‘numerical warnings’ that appear. We get the following:

-l
resp,; ~ Ordered Multulonna,l(consjk, ?F:;sc) =

Fyi = s Py Fiw v gt Yy Fige T T T A

Vo =Ty T Ao T Fap T aps P = Fyge T A ¥ e T T T 7 pep =¥
logit(ylﬁc) = -2.239(0.115)c01ls.(=:=F)U.k + -1.948(0.102)gcsea:‘\mormal.(=:=F)!.j.jc + hj.k
logit(y;,;.) =-1.060(0.093)cons.(<=E),;, + -1.947(0.090)gcseavnormal. (<=E),;, + &,
logit(hjk) = '0'000(0'086)00115'(<:D):ﬁc + -1.927(0.086)gcsem101‘mal.(<=D)U.k + hﬁc |
logit(y%.k) = 1.236(0.093)00115.(“QZC)U.FE + -2.018(0.092)gcsem101‘mal.(=:=C)Uk + kﬁc
logit(ys,; ) = 3.182(0.143)cons.(<=B),;;, +-2.336(0.123 )gcseavnormal. (<=B),;, + A,
fzﬁc =v,,cons. 12345

[ve] “NO @) 2= o677(0.114)]

J —r

| Name | + | - |ndd Iermlgstimates|llonlinear| Clear | Hotation |Responses| Store | Help |200I11|1|1|1 j |

The relatively small differences among the five coefficients for the GCSE
variables, particularly among the first four, suggest that the simpler model
with a common coefficient is reasonable. We now return to that model and
add a quadratic GCSE term and a gender term.
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When we fit this model we obtain the following estimates:

-

resp,;, ~ Ordered Multinomial(consﬁc, ﬂ_—!}.k) =

Fur = Ayes Yae s Ay T Tand Fae T T T Aap T g

Var = T T W T A T Aus Vo = T T Agpe T Fape T T T s Vo =¥

logit(ylj.k) = -2.497(0.115)c0ns.(€=F)U.k + hﬁc

logit( ;) =-1.319(0.103 )cons.(<=E),; + A

logit(ﬁj.k) = -0.246(0.098)c0ns.(€=D)!}.k + hj.k

logit(y%) = 1.020(0.102)c0ns.(<=C)Uk + hﬁc

logit(ys;) = 2.858(0.124)cons.(<=B),;, + Ay,

hﬁc = -2.189(0.069)gcsea:vnonnal.12345}.55 + 0.753(0.094)fema1e.123453.55 +
-0.234(0.045)gcse"‘2.12345}.35 + v, cons. 12345

[a] ~NO Q)+ 2= [0.6420.109)]

- |l|:||:| 1ern1|§s|.imites| Honlinelr| Clear | Hotation |Ilesponses| Store | Help |Zoor|1|1llll j

-

| Hame | +

We can compare the results of fitting this model with our findings from sec-
tion 11.2. We see that we would make similar inferences about the common
effect of gender and GCSE score, but now we have a more detailed description
of the probabilities of obtaining each grade.

We will now let the coefficient for the normalised GCSE score be random.
We obtain:
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=f-Equations !EI
-

resp,; ~ Ordered Multinomia,l(consjk, —"'«Ej:c) =

e = Tyes Vo = Aye T Toes 7ap = Tyge T Tope T Mg

7T SEAR N PSR SVUL LS FTRNS (A STAL PYAL PO FTAL ST (T |

logit(ylﬁc) =-2.542(0.1 17)cons.(€=F)J}.k + &ﬁc

logit(yy;) =-1.337(0.104)cons.(<=E);, + Ay,

logit(%jk) = -0.246(0.099)cons.(€=D)U.k + }zﬁc

logit(ydjk) = 1.038(0.103)c0ns.({=0)1}.k + &J.k

logit(ys;) = 2.920(0.126)cons.(<=B),; + Ay

}zﬁc =ﬁ?kgcseavnonnal.12345}.k + 0.'Iv’59(0.095)fem'¢7¢le.12345}.;c + B
-0.223(0.049);;(:5&:"‘2.12345}.;c + v .,cons. 12345

B =-2.249(0.081) + v,

|:v 6}5] ~N(0, Q,) : Q,= [0.640(0.114)

Vo, 0.065(0.065) 0.187(0.075)

-

| Name | + | - |A:||:| Ierm|§stim-tes|llonlineir| Clear | Hotation |R.esponses| Store | Help |Zuor|1|1l]ll j

To interpret this model, we first consider the fixed part. For boys (gender =
0) with average GCSE values (gcseavnormal = gese? = (), we can derive
the predicted values of the cumulative category proportions using (11.5). To
do this, find the antilogits of the above intercept coefficient estimates by
entering the following commands:

The output window will show the following;:

% Dutput o ] I
—->*print c30 chl Al
cii chl
H = 5 5
1 -2.5420 0.072966
2 -1.3370 0.20800
3 -0.24600 0.43881
4 1.0330 0.73846
5 2.9200 0.94883 =
>
Include output from system
Zonrnl 100 'l Copy as table r generated commands

Column ¢51 now contains the cumulative probabilities for boys with average
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GCSE scores: 0.073 for grade F or less, 0.208 for grade E or less and so on.
We then difference the probabilities as in (11.5) to obtain the predicted cate-
gory probabilities (from F to A): (0.072966 0.13504 0.23080 0.29966 0.21036
0.051174).

We might want to see how these figures change for other patterns of explana-
tory variables, in the case, for example, of boys with an average GCSE score
of +1 standard deviation. To do this, enter the following commands:

We get:
=¥ Dutput !EE
o51 c52 |
H = 5 5
1 0.072966 0.0066004
2 0.20800 0.021689
3 0.43881 0.061920
4 0.73846 0.19248
5 0.94883 0.61016 J
=

Include output from system
Zooml 100 'I Copy as table r generated commands

We can see that, for boys, an increase of 1 SD from the mean, on the GCSE
score, has dramatic effects on the cumulative probabilities.

We can also interpret antilogits of the coefficients in the cumulative logit
model in terms of odds ratios as in ordinary logit models. Thus for boys at the
average GCSE score, the odds of being in grades F or E are 0.21/(1—0.21) =
0.27.

Finally, we allow the coefficient of gender to vary at the school level and
obtain the following result:
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=10 x]
logit(y,,) = -2.595(0.120)cons.(<=F),,, + 4, r

logit( ;) =-1.367(0.106)cons.(<=E);, + A

logit(ﬁﬁc) =-0.256(0. IOI)COIIS.(‘i:D)!}.k + hﬁc

logit(y%,.k) = 1-049(0-105)‘30“5-({=C)g}c + }zﬁc

logit(ysy) = 2.950(0.129)cons.(<=B),;, + 4y

kﬁc = ﬁ?kgcsea\fllonnal.lz.%ﬁjk + ),fjgkfema.le.12341"&3.;c +
-0.225(0.048)gcse”‘2.12345J.k + v, cons. 12345

Bn =-2.276(0.079) +v 4

Bs =0.777(0.109) +vg,

v 0.663(0.144)
v | ~NO Q) Q= 1.0.000(0.070) 0.130(0.069)
Ve -0.062(0.125) 0.091(0.078) 0.296(0.178)

+

| Hame - |Jldd 1erm|§s‘l.imates| Nonlinear| Clear | Hotation |Responses| Store | Help |Zoom|1l]ll j

This suggests that while girls, overall, make less progress in Chemistry be-
tween GCSE and A level, this does vary across schools. The estimated
between-school standard deviation of this effect is v/0.296 = 0.54, which
is only slightly less than the average effect of gender. This suggests that in
some schools the girls actually make more progress.

Chapter learning outcomes

* How to formulate a cumulative proportional odds model
* How to set up and fit such a model in MLwiN

* How to interpret the results of such a model



Chapter 12

Modelling Count Data

12.1 Introduction

In health and social research it is quite common for the response variable of
interest to consist of counts of individuals in a particular state or events of a
particular type. For example, we may be interested in the number of children
in each of a set of health regions who are hospitalised in a particular year for
asthma. For small geographic areas with tiny populations, we could use the
binomial distribution in modelling our counts. Usually, however, for large
areas with hundreds or thousands of individuals at risk, we would choose
the Poisson distribution in our modelling, especially when the number of
occurrences of interest in each region is relatively small.

The example data set: malignant melanoma mortality in the Eu-
ropean Community

The example we will use in this chapter to illustrate the fitting of multilevel
Poisson models for count data comes from the field of environmental health.
The problem involves assessing the effect of UV radiation exposure on the
mortality rate due to malignant melanoma in the European Community.
Further information about the study is reported in [Langford et al.| (1998)

Open the data set mmmec.ws. The Names window shows:
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=10l
il Editname | Data | Toggle Categorical | Categories | Description | Copy | Paste | De
Name I cn I n | missiﬂg | min | max I categﬂrical Iﬂ
nation 1 354 0 1 9 True
regon 2 354 0 1 79 False
couty 3 354 O 1 355 False
obs 4 354 0 0 313 False
exp 5 354 0 0.69 258.86 False
cons 6 354 0 1 1 False
uvhi 7 354 0 -8.9002 13.359 False -
1] | o oz

The variables are defined as follows:

Variable | Description

nation | Country identifier — a categorical variable with labelled cat-
egories

region | Region (within country) identifier

county | County (within region) identifier

obs Number of male deaths due to malignant melanoma be-
tween 1971 and 1980

exp Expected number of deaths — proportional to the county
population

cons Constant (= 1)

uvbi County-level measurement of UV B radiation (centred on
the mean)

12.2 Fitting a simple Poisson model

Count data are constrained to be non-negative. If we were to try fitting
a Normal model to the data, we could produce predicted counts that were
negative, so we would prefer to model the logarithms of the counts. We will
therefore fit a Poisson model to the count data using a log link function.

We are actually more interested in the rates of malignant melanoma mortal-
ity rather than the actual counts, as each geographic unit will have a different
population size. If we were to use the raw counts of deaths, the units with
larger population size would have larger counts thus masking the true rela-
tionships with explanatory variables. To work with the rates rather than the
counts, we use an additional parameter known as an offset.

This offset is set to be equal to the log (base e) of the expected death count
(which is based on county population). If y; is the observed count in county
1, m; is the mean of the Poisson distribution for the county and Fj is the ex-
pected count or offset, we can express a single-level Poisson model as follows:

y; ~ Poisson(m;)
log(m;) = log(E;) + X
log(n/E;) = X (alternative formulation) (12.1)
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To specify this model in MLwiN:

The Equations window will now look like this:

=i Equations

obs, ~ Poisson( ;)
log(z;) = exp; + Boeons + B uvbi,

var(obs,|z) = 7

Note that the final line in the window reflects the fact that the variance
of a Poisson variable with mean 7 is also m. We have included exp as an
offset, but from equation (12.1)) we see we need to use log(exp) instead.

Set the estimation procedure:
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You should obtain the following results:

=# Equations !E
obs, ~ Poisson( )
log( ;) = exp, + -0.070(0.011)cons + -0.037(0.003 uvbi,

var(obs,| ) = 7, r

-

| Hame | + | - |A:I:I Ierm|§stirmltes| Honlineir| Clear | Hotation |R.e:|:or|ses| Store

We can see here that in this model there is a negative relationship between
incidence of melanoma and UV exposure. This seems surprising but may be
explained by including more structure into the data.

12.3 A three-level analysis

We now consider a three-level Poisson model that will allow us to exam-
ine geographic variation in melanoma mortality. Begin by setting up the
hierarchical structure in MLwiN:

The first model we wish to consider is a simple variance components model
to examine the nation and region effects on mortality without adjusting for
UV exposure. To do this:

We will assume in this model that random error terms at the two levels are
Normally distributed.

Given we have only nine countries it is advisable to use RIGLS estimation,
which provides less biased estimates of the variance than IGLS when the

number of highest-level units is small.
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o Select RIGLS from the Estimation menu and run the model

The results are as follows:

=

obs,, ~ Poisson(r,,) [~
108(?&};5) = eXpy; + [yxcons

Buge =0-110(0.160) +vy, +u

[voe] N0 @)= = [0215(0.109) ]

g ] ~NO Q) Q= [0.045(0.010)]

Va‘r(Oszﬁclﬁzﬁ) = My (

-

| Hame | + | - |.ﬂ.dd 1erm| Es‘timates| Nonlinear| Clear | Hotation |Responses| Store

This model shows that there is almost five times as much variability between
nations as there is between regions within nations. The 1st order MQL
method is not as accurate as the 2nd order PQL method, so we will now fit
the same model with the latter method (accessed via the Nonlinear button).
The results are as follows:

L=

-

obs,, ~ Poisson(r,) =]
log( ) =expy + Boxcons

o =-0.025(0.152) +vy, +uy

[vee] ~NO- Q)= Q= [0185(0.007)]

g ] ~NO Q)5 Q= [0.058(0.012)]

Var(obsl.j.kh;!}.k) = Tk (

-

| Hame | + | - |ndd 1erm| gs‘timﬂtesl Hunlinearl Clear | Hotation |Responses| Store

The results for 2nd order PQL are similar to the MQL results but with a
different split of the variance between the two levels. One important differ-
ence with Poisson models that has also been shown by some simulations is
that the MQL method tends to overestimate some of the variance parame-
ters. This is in contrast with other types of discrete response model where
this method tends to underestimate the variance. For the remainder of the
models in this chapter we will only use the 2nd order PQL method.

The next step in our model fitting with this data set is to add the predictor
uvbi into the multilevel model. The results are as follows:
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=% Equations =0 ]

-

obs,, ~ Poisson(z,,) =
log( ;) = expy; + Bogcons +-0.028(0.011)uvbiy,

Buse =-0.082(0.142) + v, +upy

[voe] “NO Q) Q= [0157(0.083)]

[0 ] ~N© @)+ Q= [o.04900.011)]

var(obs [ 7,) = my, {

-

| Hame | + | - |l|:||:| 1ern1|§sl.imntes| Honlinelr| Clear | Hotation |I1.esponses| Store

This model again shows that the variability between nations is three times the
variability between the regions within nations. The amount of UV radiation
still has a significant negative effect on melanoma mortality.

12.4 A two-level model using separate coun-
try terms

In our three-level model we have very few level 3 units, so the accuracy of
the level 3 variance estimate is low. An alternative approach that we can use
in such a situation would involve fitting a two-level model with a separate
(fixed) intercept for each level 3 unit. We do this here by including country
indicators in (just) the fixed part of the model.

Let’s now set up a model with a separate term for each country. We will
also allow separate uvbi slopes for each country to see if this sheds any
light on the counterintuitive finding that increased uvbi exposure decreases
melanoma counts.
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Running this model produces:

-

obs, ~ Poisson(r,)

log(,) = exp,;+ 0.698(0.747)Belgium, + 0.478(0.120)W. Germany, +
0.319(0.879)Denmark, +-0.594(0.054)France, + 0.614(0.207)UK, +
0.282(0.105)Italy; +-0.529(1.303 )Ireland, +
14.711(15.531)Luxembourg, +-0.348(0.923)Netherlands, +
0.265(0.252)Belgimn.uvbilj + -0.013(0.032)W.Gennany.uvbiij. +
-0.081(0.155)Demnark.uvbiij. + 0.013(0.018)France.1wbil}. +
0.142(0.043)UK.uvbiy +-0.087(0.016)ltaly.uvbi, +
-0.001(0.263)Ire1and.uvbiij. + 6.407(6.778)Luxembourg.uvbilj +
-0.1 12(0.222)Neﬂ1er1ands.uvbil}. + 14 yyeons

[144] ~NO, Q) Q= [0.036(0.008)]

var( 0b5:‘_;'| Jl'f_;') = T

-

- |ﬂ:|:| 1err|1|§stin1nte:| Honlinenr| Clear | Notation |Ilesponses| Store | Help |ZDOI11|1|W v

+

We can now form predicted lines for each of the nine countries.

The Predictions window should now be as follows (we have not shown all
of it):
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u & predictions
log( oﬁ‘sg ) = ﬁlBelgiumj + ‘E’}EW.Gennan};. + ‘E’}BDemnarkj
+ 5'4Francej + ﬁjUK, + ﬁﬁltalyj. + ﬁ?lrelandj + ﬁgLuxembourgJ,.

variable cons Belgiumj W.Germany; Denmarkj
fixed B B B

level 2 u« o

Complete the estimation of the predicted values:

We would now like to plot out nine lines, one for each country. To do this
we need to open the Customised graph window from the Graphs menu.

Selecting all these options should produce the following graph:
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¥ Graph display 10| =]
111 : —
— oy many
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On your computer screen you will be able to identify the lines according to
the colour coding. Remember that the predicted values are the logarithm to
the base e of the relative risk. Here effects of the UV radiation appear to vary
dramatically from nation to nation. From the estimates in the Equations
window we saw that all countries except country 5 (UK) and country 6 (Italy)
have estimated effects that are not significantly different from zero. This
graph shows a clearer picture of the actual effects of uvbi in each country
as we can clearly see that there is very little overlap in terms of uvbi values
between some countries.

Luxembourg (country 8) is poorly estimated because it contains only three
counties. We can see that even though the intercept term for Luxembourg
is huge, in fact there are no people in Luxembourg who experience the mean
UV exposure (that the intercept represents). For the values of UV exposure
experienced in Luxembourg, the relative risk is close to zero.

The UK has a strong positive association between UV radiation and melanoma
mortality, and this could be explained in many ways. One reason could be
the combination of few hot sunny days at home combined with more recre-
ational travel to warmer climates. Italy on the other hand, has a negative
association between UV radiation and melanoma mortality. This could pos-
sibly be explained by a higher prevalence of low risk dark skinned people in
the south of Italy, which has a higher UV exposure.

This model ends our examination of the melanoma mortality data set. To
finish the chapter we will consider some general issues involving discrete
response models.
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12.5 Some issues and problems for discrete
response models

The binomial response models of the previous chapter and the count data
response models of the present chapter are both examples of multilevel Gen-
eralised linear models (McCullagh & Nelder, |1989).

In addition to fitting a Poisson error model for count data we can also fit
a negative binomial error that allows greater flexibility, essentially allowing
a more complex variance structure than that associated with the Poisson
distribution. The negative binomial appears as an extra option on the drop
down menu list for error distribution. See (Goldstein (2003)), Chapter 7.

There are several problems in fitting such generalised linear models, and some
of these have been touched upon in this chapter. Research is being actively
carried out in this area and the development of future software has been
planned to reflect this. It will be shown how to fit Generalised linear models
using MCMC methods and bootstrapping in later chapters. In general it is
recommended that more than one approach be tried, and if similar results
are obtained from the various estimation methods then the analyst can have
some confidence in the estimates.

Some care is also needed with using any of the standard diagnostic procedures
based on estimated residuals in binary response models. Where there are few
level 1 units per level 2 unit and / or the underlying probabilities are close
to 0 or 1, then these estimates are not approximately Normally distributed,
even when the model is correct.

Chapter learning outcomes

How to fit Poisson models to count data
How to use an offset in MLwiN to model rates rather than raw counts
How to fit single level models in MLwiN

How to define categorical variables in MLwiN

L S S S

How to use dummy variables to reduce the number of levels in a
model when there are few higher-level units
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Fitting Models to Repeated
Measures Data

13.1 Introduction

Repeated measures data arise in a number of contexts, such as child or animal
growth, panel surveys and the like. The basic structure is that of measure-
ments nested within subjects, i.e. a two-level hierarchy.

Suppose, for example, we have a sample of students whose reading attainment
is measured on a number of occasions. The students define level two, and
the repeated measures or occasions define level one. In longitudinal repeated
measures designs, we usually have a large number of level two units with
rather few level one units in each, in contrast to the cross-sectional study
that provided the data we analysed in Chapter 2.

We can, of course, extend this structure to include a third level representing
groups of students such as classes or schools. It is also worth bearing in
mind that our repeated measures could be obtained from schools or teachers
rather than (or even as well as) from students. So we might have a four-level
structure, with a sample of schools, studied over time by measuring successive
cohorts of students, and these students themselves repeatedly measured as
they pass through the school. A study with such a design would clearly be
large and complex, but it would have the potential for assessing the stability
of school effects as well as for studying students’ educational growth.

In the following sections we introduce a data set from a longitudinal study
of student achievement, and formulate and analyse a sequence of models
of increasing complexity. We shall, however, only cover some of the possible
elaborations of the basic models. Repeated measures models can be extended
to the case of complex serial correlation structures at level 1, and to the
multivariate case. We shall also not deal with the case of repeated discrete
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(for example, binary) responses since this raises some new issues that are
currently being investigated.

Statistical models for repeated measures data

In multilevel structures we do not require balanced data to obtain efficient
estimates. In other words, it is not necessary to have the same number of
lower-level units within each higher-level unit. With repeated measures data
we do not require the same number of measurement occasions per individual
subject (level 2). Often in longitudinal studies individuals leave the study or
miss one or more measurement occasions. Nevertheless, all of the available
data can be incorporated into the analysis. This assumes that the probability
of being missing is independent of any of the random variables in the model.
This condition, known as completely random dropout (CRD) may be relaxed
to that of random dropout (RD) where the missing mechanism depends on
the observed measurements. In this latter case, so long as a full information
estimation procedure is used, such as that of maximum likelihood in MLwiN
for Normal data, then the actual missingness mechanism can be ignored. See
Diggle & Kenward| (1994]) for a discussion of this issue. The ability to handle
unbalanced data is in contrast to analyses based upon ‘repeated measures
analysis of variance’ (See |Plewis| (1997), Chapter 4).

We can adopt two perspectives on repeated measures data. The first is con-
cerned with what we may term ‘growth curves’ since such models were orig-
inally developed to fit human and animal anthropometric data (Goldstein,
1979). Some examples are illustrated in Figure [13.1]

> W Q T

Time

Figure 13.1: Some examples of growth curves

The curves show different kinds of change in a variable with time or age.
Growth is linear over the age range for case B, non-linear but monotonic for
cases D and A and non-linear and non-monotonic for case C.

A second way of looking at repeated measures data, when there is a small
number of fixed occasions, is to use a ‘conditional’ model where later mea-
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sures are related to one or more earlier measures. This can be a useful
approach in some circumstances, e.g., in a designed experiment in which
each subject is measured before receiving an intervention, immediately after-
ward and on a follow-up occasion. This approach raises no new multilevel
modelling issues. In this chapter we are only concerned with the first type
of modelling, i.e., for repeated measures growth curve data. We now look at
an example data set and analysis.

Repeated measures data on reading attainment

The data we are going to use come from a longitudinal study of a cohort of
students who entered 33 multi-ethnic inner London infant schools in 1982,
and who were followed until the end of their junior schooling in 1989. More
details about the study can be found in Tizard et al.| (1988)). Students’
reading attainments were tested on up to six occasions; annually from 1982
to 1986 and in 1989. Reading attainment is the response, and there are three
levels of data - school (level 3), student (level 2) and measurement occasion
(level 1). In addition, there are three explanatory variables. The first is
the student’s age, which varies from occasion to occasion and is therefore a
level one variable. The other two are gender (coded 0 for males and 1 for
females) and ethnic group (coded 0 for white and 1 for black). These vary
from student to student and are thus level two variables. The initial sample
at school entry consisted of 171 white indigenous students and 106 black
British students of African Caribbean origin. The sample size increased to
371 one year later and fell to 198 by the end of junior school.

Some basic questions we could investigate are:

1. How does reading attainment change as students get older?
2. Does this vary from student to student?

3. Do different subgroups of students, e.g. boys and girls, have different
patterns of change?

In this chapter we will explore the first two of these questions.

Table 13.1 below gives the number of reading tests per student and shows that
only a minority of students were measured on every occasion. Altogether,
1758 observations were obtained on 407 students, of whom 259 were white and
148 were black. It is important to note that students with, say, a total of three
tests did not necessarily all have tests at the same three occasions. Table
13.2 illustrates some of the response patterns across students. This table
also indicates that students’ ages can differ at fixed measurement occasions.
Compare, for example, student one and student four at occasion one. This
underlines another advantage of multilevel modelling of repeated measures
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which has already been mentioned, namely the ability to handle unequal
measurement intervals.

Table 13.1: Summary of reading test data

# of Tests | # of Students | % of Total Students | Inverse Cumulative %
1 37 9 100

2 41 10 91

3 42 10 81

4 48 12 71

5 113 28 59

6 126 31 31

TOTAL 407 100 n.a.

Table 13.2: Different patterns of test sequences and ages at testing

OCCASION
STUDENT 1 5T 3] 4] F G
ONE 4.6 |57 67|77 |87]11.6
TWO 4.8 (5.7 |6.8 - - -
THREE 4.8 5.8 -1 78 - -
FOUR 4.9 - - - - -

13.2 A basic model

Defining the scale for the response variable

One problem we have with the present data is how to define and construct
the response for students at different ages. Reading attainment cannot usu-
ally be measured with the same test at each age, and in our example four
rather different, age-appropriate tests were used. The underlying construct
is reading but the observed variable changes with age, and we wish to con-
struct a common age scale with sensible properties. Moreover, we may find
that our results vary as we change the scale of our response. Here we work
with a scale for the response defined in the following ‘age-equivalent’ way.
The mean reading score at each occasion is set equal to the mean student
age for that occasion, and the variance is set to increase from one occasion
to the next in such a way that the coefficient of variation (i.e. the standard
deviation divided by the mean) is constant and equal to 0.13. Allowing the
variance, as well as the mean, to increase with age is consistent with what
we know about many kinds of growth. An alternative measure would be z
scores (zero mean and unit variance) at each occasion.
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Setting up the data structure

195

Open the supplied worksheet, readingl.ws, which contains 13 variables for
407 students as shown below in the Names display:

i'i'l MNames

il Edit name | Data | Toggle Categorical |Qateguries| Description |Cnmr| Paste | De

S [=[ B

-

Name | Cn | n | missing | min | max | categorical | i’
ID 1 407 0 1 751 False
AGE1 2 407 0 -10 -1.7004  False
READ1 3 407 0 -10 7.505 False
AGE2 4 407 0 -10 -0.6804 False
READ2 5 407 0 -10 7.1503  False
AGE3 6 407 0 -10 0.2896  False
READ3 7 407 0 -10 9.9068 False
AGE4 8 407 0 -10 1.2496  False
READ4 9 407 0 -10 9.9077 False
AGE5 10 407 0 -10 22496  False
READS 1 407 0 -10 10.42 False
AGEG 12 407 0 -10 45096  False
anDﬁ 13 407 0 -10 1|3.869 False
Ll

bl 4

Field or Column number 1 is the student identifier. This is followed by six
pairs of fields corresponding to the six occasions, each pair being the student’s
reading score and age on that occasion.

Note that the ages have been centred on the mean age. In this data
set, —10 represents a missing value. We can tell MLwiN that —10 is the

missing value code by:

Select the Options menu

Set the missing value code to —10

Click the Apply button, then Done

Select Numbers(Display precision and missing value code)

The Names window is updated and now explicitly shows the number of

missing cases in each variable:

i'i'l MNames

‘0| Editname | Data | Toggle Categorical |cateyorics | Description | copy | Paste | pe

=10l |

|Cn

| missing

| min

Name | categorical | i’
D 1 407 0 1 751 False
AGE1 2 407 130 -2.7104 -1.7004  False
READ1 3 407 130 3.8028 7.505 False
AGE2 4 407 36 -2.0104 -0.6804 False
READ2 5 407 36 4.3406 7.1503  False
AGE3 6 407 51 -1.0604 0.2896  False
READ3 7 407 51 4.955 9.9068 False
AGE4 8 407 113 -0.0404 1.2496  False
READ4 9 407 113 5.4902 9.9077 False
AGE5 10 407 145 0.9596 22496  False
READS 1 407 145 54619 10.42 False
AGEG 12 407 209 3.6596 45096  False
anDﬁ 13 407 209 6.4509 13.869 False
Ll
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This arrangement of data, in which each row of a rectangular array corre-
sponds to a different individual and contains all the data for that individual,
is a natural one, but it does not reflect the hierarchical structure of measure-
ments nested within individuals. The Split records window (shown below),
accessed via the Data Manipulation menu, is designed to transform an in-
dividual’s data record into separate records (or rows), one for each occasion.
In the present case we shall produce six records per student, that is, 2442
records altogether. The ordering of students will be preserved, and they will
become the level 2 units.

=k 5plit records 10| x|
—Dimensions
Mumber of occasions I= Mumber of variables =l
! = L =1
—Stack data
“ariable 1
Occasion 1 j
Stacked into

—Repesat{carried) data

—Input columns Output columns
D i’ D ﬂ Free columns
AGE AGE —
READ1 LI READ j Same &z input

Split | [~ Generate indicator columnl "I Help |

There are two types of data to consider: occasion specific data and repeated
data. The former (in principle) change from occasion to occasion, in this case,
the reading scores and the ages. The latter remain constant from occasion
to occasion, in this case, the student identifiers.

First let us deal with the occasion specific data:

e Open the Split records window
e Set the Number of occasions to 6

e Set the Number of variables to 2

Doing this produces:
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Watiakle 1|Variable 2

We need to stack the six reading scores into a single column and the six ages
into a single column.

Clicking on the column headings allows you to set all six occasion variables
from a single pick list. The first variable on the list is assigned to occasion 1,
the second to occasion 2 and so on. This works fine in our case because the
variables appear on the list in the correct order. If this is not the case, you
can specifically assign variables to occasions by clicking on individual cells in
the grid.

That deals with occasion specific data. Now we will specify the repeated
data:
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e In the Repeat(carried data) frame, select ID as the input column
and c17 as the output

The completed set of entries should look like this:

=% 5plit records _ ||:I|i|
—Dimensions
Mumber of occasions I = Mumber of variables =1
B =] z =1

—Stack data

“ariable 1 |“ariable 2
Oocoasion 1 |READM AGET
Oceasion 2 |[READZ AGEZ
Joocasion 3 |READS AGES
Oceasion 4 |READS AiSE4
Jocasion 5 |READS AGES
Occasion 6 |READE  |AGES v |
Stacked into|c14 cls

—Repesat{carried) data
—Input columns

Output columns

Free columns

Same as input

Split | |v Generste indicator column |C1B "I Help |

This will take the six reading score variables, each of length 407, and stack
them into a single variable in ¢14. The six age variables will be stacked into
c15. Each id code will be repeated six times, and the repeated codes are
stored in ¢17. The indicator column, which is output to c16, will contain
occasion identifiers for the new long data set.

e Click the Split button to execute the changes

e You will be asked if you want to save the worksheet — select NO

The Names window now shows the following for ¢14 through c17:

_lol x|
ﬂ Edit name | Data | Toggle Categorical |Qateguries| Description |Cop]r| Paste | De
Name | Ccn | n | missing | min | max | categorical | i’
cl4 14 2442 684 3.8928 13.869 False

c15 15 2442 684 -2.7104 45096  False

cl16 16 2442 0 1 6 True

c17 17 2442 1} 1 751 False -
4| | v

Assign the names reading, age, occasion and student to c14-c17. View-
ing columns 14-17 will now show:
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goto line |1— view | Help I Font | |v Show value labels
reading( 2442)  |age(2442) [oscasion(2442) |student(2442) | =
1]6.301 -2.650 AGE1r 1.000
2|6.895 -1.610 AGE2r 1.000
3|7.788 -0.620 AGE3r 1.000
4|a.880 0.340 AGEd4r 1.000
5|10.082 1.340 AGES 1.000 =

The data are now in the required form with one row per occasion. It would
now be a good idea to save the worksheet, using a different name.

Initial data exploration

Before we start to do any modelling, we can do some exploratory work. The
mean reading score at each occasion is obtained using the Tabulate window
accessed via the Basic statistics menu:

=# Tabulate !E B
Digplay Output Mode—
[~ Percentages of row takals * Courts
[~ Percentages of column totals " Means
[~ Percentages of the grand tatal
I~ ChiSquared [~ Starein

Calurmnz ||D j IlD j
[~ Rows lm
[ wiherevaluesin (1o -
are between I— i I—

This produces the output :

wf Dutput =10l %]
Variahle tabulated is reading Al
AGElr AGE2r AGE3r AGE4r AGESYT
H 277 371 356 294 262
MEANS 4.72 5.69 6.67 T.62 8.61
'S 0.610 0.740 0.870 0.990 1.12
AGEG6Y TOTALS
H 198 1758
HMEANS 11.3 7.13
5D's 1.47 0.960 LI
Include output from system
Zoom|1llll "I Copy as table r generated commands
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As we have noted earlier, our measure of reading is constructed from a series
of different reading tests. The present scaling choice is reflected in the models
which follow, where the increasing variance with age is modelled by fitting
random coefficients.

Now use the Tabulate window to tabulate mean age by occasion.

s 5%
Wariable tabulated is age =
AGElr AGE2r AGE3r AGE4r AGESY
" 277 371 356 294 262
MEAHS -2.41 -1.44 -0.461 0.487 1.48
SD'S 0.145 0.154 0.157 0.127 0.131
AGEGT TOTALS
H 198 1758
MEAHS 4.21 9.41e-006
SD'S 0.115 0.142 =
Include output from system
Zooml 100 'I Copy as table r generated commands

The age variable has been transformed by measuring it as a deviation from
the overall mean age. The mean reading score at each occasion is, from the
way we have defined our reading scale, equal to the mean true age at that
occasion, not the mean on the transformed age scale.

We are now almost in a position to set up a simple model, but first we must
define a constant column.

e Access the Generate Vector window via the Data Manipulation
menu

e Fill out the options as shown below and click Generate

e Use the Names window to assign the name cons to c18

&k Generate Yector o ] 54

Type aof vectar
’75’ Constant vector  { Sequence { Repeated Sequence

Cutput calumn IC-I 8 j
2442

MHumber of copies

Walue I1

Help | Generate I R andarn humbers ...

A baseline variance components model

We start by seeing how the total variance is partitioned into two components:
between students and between occasions within students. This variance com-
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ponents model is not interesting in itself but it provides a baseline with which
to compare more complex models. We define the model and display it in the
Equations window as follows:

il
reading, ~ N(XB, Q) =1

reading,; = fBq,.cons

B =Po Ty Ty
[M DJ] ~N(0, Q) : Q.= [Gg D]

fu] MO0 0 [ ]

-

| Hame | + | - |ndd Ierm|§stimates| Honlinear| Clear | Hotation |Responses| Store

At convergence the estimates are:

Il
1‘eadi11g!}. ~ N(XEB, Q)

1‘eadi11g!}. = Py cons
Loy = 7.115(0.053) + 1 oy +e 0

[10g] ~NO @) Q= [0.078(0.083)]
[0 ~NO Q) Q= [a562(0172)]

-2 ¥laslikelihood(TGLS Devianoe) = 7685.736(1758 of 2442 cases
<

| Hame

+

»
- |.ﬂ.dd Ierm| gs‘timates| Honlinear | Clear | Hotation |Responses| 9tore1J

As we would expect, given the way we have defined our response, the varia-
tion between occasions within students is large and overwhelms the variation
between students. The likelihood statistic (—2 loglikelihood), found at the
bottom of the Equations window, can be used as the basis for judging more
elaborate models. The baseline value is 7685.7.

13.3 A linear growth curve model

A first step in modelling the between-occasion within-student, or level 1,
variation would be to fit a fixed linear trend. We therefore add age to our
list of fixed explanatory variables in the Equations window, click on More
and at convergence obtain the following:
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-0
1'ea,di11g1.j.~ N(X¥E Q)

reading; = fBy,cons +0.997(0.007)age,;
Loy =7.117(0.041) +u, teg,

[10g] ~NO @)+ Q= [0.603(0.048) ]
[e0y] N Q) 5 Q= [0307(0.012)]

-2¥loglikelihood(TGLS Deviance) = 3795.589(1758 of 2442 cases

Jl

3
| Hame | + | - |Rdd 1erm|§s1.imates| Hnnlinear| Clear | Hotation |Respunses| Store1

The estimate of the fixed parameter for age is very close to 1 because of the
way the scale is defined. We see marked changes from our previous model in
the estimates of the random parameters. We get an estimate of the level 2
variance that is about twice the size of the remaining level 1 variance, and a
large reduction in the likelihood statistic, which is now 3795.6.

We would expect the linear growth rate to vary from student to student
around its mean value of 1, rather than be fixed, and so we make the coeffi-
cient of age random at level 2 and continue iterations until convergence to
give:

-l
1'ea,di11g1.j. ~ N(XE, Q)

reading; = 3y, cons + j3,.age,
By =7.117(0.043) +u, teg,
By =0.995(0.012) +u

ky| N, Q) : o= [0-683(0.053)
iy 0.123(0.012) 0.037(0.004)
[e0y] "N Q) * Q= [0.1610.007)]

-2¥oelikelihood(TGLS Deviance) = 3209.392(1758 of 2442 cases

Jl

3
- |ndd Ierm| gstimales| Honlinean | Clear | HNotation |Responses| Store1

| Hame | +

Note that the coefficient for age now has a subscript j.

The deviance, that is the reduction in the likelihood statistic, is 586; this is
large and is clearly statistically highly significant. Hence there is considerable
variation between students in their linear growth rates. We can get some idea
of the size of this variation by taking the square root of the slope variance
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(02,) to give the estimated standard deviation (0.19). Assuming Normality,
about 95% of the students will have growth rates within two standard devi-
ations of the overall mean (= 1), giving a 95% coverage interval of 0.62 to
1.38 for the ‘growth rate’.

We can also look at various plots of the level 2 residuals, using the Residuals
window. Below we plot the level 2 standardised residuals

Level 2 standardised residual plot: slope vs. intercept

3T . 1
"'\B_ : ‘

: ‘a
15 ! &

std( age)

] ] | ]
=28 -19 0% 00 08 12 2 37

std( cons)

We see from the above plot that the two level 2 residuals are positively
correlated. Using the Estimates window we see that the model estimate is
0.77 and shows that the greater the expected score at mean age, the faster the
growth. However, this statistic needs to be interpreted with great caution:
it can vary according to the scale adopted, and is relevant only for linear
growth models.

To study the distributional assumptions, we can plot the level 1 and level 2
residuals against their Normal scores: in the present case these plots conform
closely to straight lines. The level 1 plot of the standardised residual against
Normal score is as follows:

Level 1 standardised residual
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& bt
1 <25 -1 0% 00 09 18 25 37

nscolre

13.4 Complex level 1 variation

Before going on to elaborate the level 2 variation, we can model complex,
that is non-constant, variation at level 1 to reflect the ‘constant coefficient of
variation’ scaling of the reading score. This requires that the total variance at
each age is proportional to the square of the mean, so that we would expect
both the level 2 and level 1 variances to be non-constant. To allow the level
1 variance to be a quadratic function of the predicted value, we declare the
coefficient of age to be random at level 1 (see for example |Goldstein (2003),
Chapter 3). The Equations window is:

=
reading, ~ N(XB, Q) =

reading, = Bq,cons + f§y.age,

Bog =Po THy Ty

By =P Ty Tey

R _52 i
y| ~N(0, Q) @ Q,= [Cuo )

[ %45 ] | Guo1 Cut

2
eDJ’j NN(O__ Qg) : Qg: G.n

3
[Z 151 | Gen1 Cet |

-

4| [ »

+

| Hame - |ndd Ierm|§stimates| Honlinear| Clear | HNotation |Responses| Store I

From the Variance function window we see that the level 1 variance is the
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following function of the level 1 parameters, whose estimates are obtained by
running the model to convergence:

2 2 R
(evijecons + erjjage;;) = o cons” + 20.91cons X age;j + 0 age;;

As a result of allowing the level 1 variance to have this form, there is a sta-
tistically significant decrease in the likelihood statistic of 32.4 with 2 degrees
of freedom. We shall see later that some of this level 1 variation can be
explained by further modelling of the level 2 variation.

13.5 Repeated measures modelling of non-
linear polynomial growth

Growth in reading may not be linear for all students over this age range. One
simple way of inducing nonlinearity is to define a quadratic term in age.

Add agesq to the model in the fixed part with a coefficient random at the
student level. At convergence we have:



206 CHAPTER 13.

e
1‘eadi113}.~ N(XE, Q)

reading; = f,cons + 3 age, + B,agesq;

Loy = 7-115(0.046) +u +e

By =0.995(0.013) +uy, te,,

By =0.001(0.003) +u

y 0.767(0.060)

wy| TNO Q) QT 01410.014) 0.039(0.004)

] |-0.014(0.003) -0.002(0.001) 0.001(
2o ~N(O, @) ¢ 0= [0.129(0.009)

> -0.006(0.003) 0.000(0.004)

-2 ¥oglikelihood(TGLS Deviance) = 3132.020(1758 of 2442 cases

4| [ 3

| Hame | + | - |ndd Ierm| gstimates| Nonlinear| Clear | Hotation |Responses| Store

The likelihood statistic shows a further drop, this time by 45 with 4 degrees
of freedom (one fixed parameter and three random parameters), so there is
strong evidence that a quadratic term, which varies from student to student,
improves the model.

Note that the fixed parameter for agesq is very small because of the way
the scale was defined over age. The level 1 random parameter estimates
are different from those of the previous model. The o2 parameter is
extremely small and nonsignificant, and we estimate a linear effect with
age for the between-occasion variance. The display precision in the above
window is 3 significant digits after the decimal point. If this is increased
to 4 (use the Display precision item on the Options menu) we see that
the estimate is actually 0.0004

What has happened is that the more complex level 2 variation which we have
introduced in order to model nonlinear growth in individuals has absorbed
much of the residual level 1 variation in the earlier model. We can view this
final model for the random variation as a convenient and reasonably parsi-
monious description of how the overall variance produced by the assumption
of a constant coefficient of variation is partitioned between the levels. We
can use the Variance function window to calculate the variance at both
level 1 and level 2 for each record in the data set. If we place these into
separate columns (say, c28 and ¢29) and then add the two columns together
into, say, ¢30 using the Calculate window, we obtain the total predicted
variance. The plot below shows this as a function of age, confirming the
original definition of the variance as a quadratic function of the mean, which
itself is defined to be a linear function of age.
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Total variance as a function of age
27+

214 ; x
151 X

0.9+

0.3 .-y
-36 -24 -1.2 0. 1.2 24 36 4.

Since the overall relationship of the mean and variance with age is to some
extent arbitrary and our choice, our principal interest lies in how the growth
of individuals varies. The model parameters and derived variance functions
describe these growth patterns, and we can also display the estimated growth
lines for selected individuals or groups. For example, to plot the lines for the
first four individuals, let us set up a filter column, say c¢31, which is 1 if
the record belongs to one of these individuals and zero otherwise. This is
achieved by typing in the Calculate window:

» c31 = 'student' < 5

See the Help system for a detailed description of how to use this window.

Now open the Predictions window and compute predicted values using the
fixed part coefficients plus the level 2 random coefficients, placing the result
into column 32, as follows:

_IBix|
" a/:\d. _ e + e + o,
reading, = gcons + g age, + [, agesq,

variable cons age, agesq,;
fixed Bo B B

5
level2 u o My iy,

level1 =, € 1y

<| [ 3

Zunm|1llll j Hame | Calc | Help loutput from predicﬂnntﬁlcgz j
10 sEof ﬂ output to | vl

e Open the Customised graph window and make the following se-
lections on the plot what? tab: c32 for y, age for x, ¢31 as the
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The following plot will appear, with each student represented by a line.

We can easily display other student lines by redefining ¢31 with the following

calculation:

This immediately updates the graph to display the predicted lines for stu-
dents 11 through 15 as follows, where one student only has two measurements:

14.0

11.59

9.0

B.5

4.0 ] ]

3624 -1

200 12 24 3

6 4.
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We can set up quite general filter functions using the Calculate window,
allowing us to explore the data extensively.

Various extensions are available. We can fit multivariate repeated measures
models using the Multivariate model definition window as described in a
later chapter, or extend the level 1 component to have a serial correlation
structure (see Goldstein et al.| (1994); for details of how to do this in MLwiN
see Section 5 of the MLwiN Version 2.10 Manual Supplement).

Chapter learning outcomes

* How to formulate repeated measures models

* How to fit growth curve models of increasing complexity
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Chapter 14

Multivariate Response Models

14.1 Introduction

Multivariate response data are conveniently incorporated into a multilevel
model by creating an extra level “below” the original level 1 units to define
the multivariate structure. We thus have responses within individuals that
are in turn nested within higher-level units.

This chapter will show how to specify and fit a relatively straightforward
multivariate model with Normal responses. We shall briefly deal with the
case of multivariate response models for categorical response variables.

The example data set

We shall be using data consisting of scores on two components of a science
examination taken in 1989 by 1905 students in 73 schools in England. The
examination is the General Certificate of Secondary Education (GCSE) taken
at the end of compulsory schooling, normally when students are 16 years of
age. The first component is a traditional written question paper (marked
out of a total score of 160), and the second consists of coursework (marked
out of a total score of 108), including projects undertaken during the course
and marked by each student’s own teacher (but ‘moderated’, i.e., a sample is
checked by external examiners). Both components’ scores have been rescaled
so that their maximum is 100.

Interest in these data centres on the relationship between the component
marks at both the school and student level, whether there are gender dif-
ferences in this relationship and whether the variability differs for the two
components.

211
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Open the worksheet gcsemvl.ws supplied with the MLwiN software. The
variables in the worksheet and shown in the Names window are defined as
follows:

Variable Description

school School identification

student Student identification

female 1 if female, 0 if male

age-mths | Age in months

written Score on the written component
csework | Score on the coursework component
cons Constant (= 1)

The Names window also shows that the two response variables each have
approximately 10% missing, so that about 20% of students have a single
response. For present purposes we assume that missing is completely at
random.

~=1oj x|

il Edit name | Data | Toggle Categorical |Cateqories [ Description | Copy | Paste | Del

Name | Cn | n | missing | min | max | cateﬂ
SCHOOL 1 1905 0 20920 84772 Fals
STUDENT 2 1905 0 1 5521 Fals
FEMALE 3 1905 0 0 1 Fals
AGE-MTHS 4 1905 0 186 510 Fals
WRITTEN 5 1905 202 0.625 90 Fals
CSEWORK 6 1905 180 9.2503 100 Fals

CONS 7 1905 0 1 1 Fﬁ;[

< | v s

14.2 Specifying a multivariate model

To define a multivariate model—in our case, a bivariate model—we treat the
individual student as a level 2 unit and the ‘within-student’ measurements
as level 1 units. Each level 1 measurement ‘record’ has a response, which is
either the written paper score or the coursework score. The basic explana-
tory variables are a set of dummy variables that indicate which response
variable is present. Further explanatory variables are defined by multiplying
these dummy variables by individual-level explanatory variables, for example
gender.

Omitting school identification, the form of the data matrix is displayed in
Table 14.1 for three students. Two of them have both measurements, and
the third has only the coursework paper score. The first and second students
are female (1), and the third is male (0).

The model for the two-level case (i.e., ignoring school) can be written as
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Table 14.1: Data matrix for examination data

Intercepts Gender
Student Response | Written | Coursework | Written. | Coursework.
gender | gender
1 (female) Y11 1 01 0
1 Yo 0 1[0 1
2 (female) Y12 1 0]1 0
2 Y22 0 110 1
3 (male) Y13 0 110 0
follows:

Yij = Bozuij + Przai; + Paz1ijxy + Bazaijxy + uijziij + ugj2ai;

o 1 if written o o 1 if female
i =\ 0if coursework [’ 729 T gy = 0 if male

2 2
var(uyj) = oyq, var(ug;) = 0.y, cov(uijug;) = 012
Alternatively we can write:

response,; = bp;written;; + bywritten.gender,;

bOj = b(] + qu
response,;j = bjjcoursework;; + bzcoursework.gender;;
blj = bl + ulj
2
YOIl (N, Q,), Q= | a0 14.1
[Uu} (N, ), - £k Toor O (14.1)

where response ; is the written score for student j and response,; is the
coursework score for student j.

There are several interesting features of this model. There is no level 1 varia-
tion specified because level 1 exists solely to define the multivariate structure.
The level 2 variances and covariance are the (residual) between-student vari-
ances. In the case where only the intercept dummy variables are fitted, and
in the case where every student has both scores, the model estimates of
these parameters become the usual between-student estimates of the vari-
ances and covariance. The multilevel estimates are statistically efficient even
where some responses are missing, and in the case where the measurements
have a multivariate Normal distribution IGLS provides maximum likelihood
estimates.

Thus, the formulation as a 2-level model allows for the efficient estimation
of a covariance matrix with missing responses, where the missingness is at
random. This means, in particular, that studies can be designed in such a
way that not every individual has every measurement, with measurements
randomly allocated to individuals. Such ‘rotation’ or ‘matrix’ designs are
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common in many areas and may be efficiently modelled in this way. A more
detailed discussion is given by (Goldstein (2003) (Chapter 4). Furthermore,
the ability to provide estimates of covariance matrices at each higher level of
a data hierarchy enables us to conduct additional forms of modelling such as
multilevel factor analysis (see Rowe & Hill (1998).

A third level (school) can be incorporated, and this is specified by inserting
a third subscript, k, and two associated random intercept terms.

14.3 Setting up the basic model

Now let’s set up our first model. Begin by opening the Equations window.
We need to tell the software we have more than one response variable.

e Click on the Responses button on the Equations window’s toolbar

e In the Specify responses window that appears, highlight written
and csework and click Done

Two things happen. Firstly, the Equations window is updated

oo
resp, ~ N(XB, Q) =
resp , ~ N(XB, Q)

resp, =

resp, = F

-

+

| Hame - |Rdd 1erm| Es‘timﬂtes| Honlinear| Clear | HNotation |Responses| Store

We can see the Equations window starting to take the form of equation
(14.1). Secondly, if we look at the Names window we see two new vari-
ables have been created, resp and resp_indicator. The former contains the
stacked responses and the latter is a categorical variable indicating which
response the current data row applies to.

We now need to specify that responses 1 and 2 are nested within students

e Click on either resp, or resp,

Notice that so far we have a one-level model set up with level 1 defined by
the response_indicator column.
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If you click on resp,; again you will see that student has been replaced
by a newly created column called student_long. Let’s look at the original
response columns and the created data:

We see the original student identifier and response columns have a length of
1905 with one row per child. The newly created columns are exactly twice
as long, 3810, with one row per response.

Note the way that MLwiN treats the missing responses for students 16
and 25.

23.750 MISSING  WRITTEN 23750 16.000
MISSING  71.2896 CSEWORK  MISSING  16.000
39,375 TH.B52 WRITTEMN MISSIMG  25.000
36.875 87.963 CSEWORK  71.296 25.000
16.875 44.444 WRITTEM 39.375 27.000
36.250 MIZSIMG  CSEWORK  THE52 27.000
49.375 89.815 WRITTEMN 36.875 31.000
28.000 17.583 CSEWORK  87.963 31.000

Now let’s add explanatory variables into the model. We begin by adding two
intercepts, one for the written response and one for the coursework response:

The Equations window becomes:
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=N Equations =10
resp .~ N(YB, Q) =

resp 5 ~ N(XB, Q)
resp ; = §,CONS.WRITTEN,, r
resp 5, = 3, CONS.CSEWORK,, .

| Hame | + | = |A:I:I Ierrn| Estirnltes| Nnnlinear| Clear | HNotation |Iles|:onses| Store

To complete the model specification we need to specify a 2 x 2 covariance
matrix of the responses at the student level. To do this

The Equations window now looks like this:

Srcations =T
resp .~ N(¥B, Q) =

resp , ~ N(E, Q)
resp ; = ﬂDJ.CONS.WRI'ITEI\TU.

ﬂﬂj :.BD Tu 0y
resp 5 = ;;CONS.CSEWORK,,
ﬂlj :.61 tu i

Yyl ~N(0, Q) : Q,= Cuo ; (
oy, Guot Out

-

| Hame | + | - |l|:||:| 1erm| Esl.imlh:s| Honlinear| Clear | HNotation |Iles|:|onses| Store

The window shows the same model structure as equation (14.1). If we run
the model by clicking Start and then Estimates we see:
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=¥ Equations =10
resp . ~ N(XB, Q)

resp o, ~ N(¥B, Q)

resp ,, = f,,CONS.WRITTEN,
By =46.802(0.320) + 1,

resp ,, = 3,,CONS.CSEWORK,,
By =73.364(0.388) +1,,

uy| ~N(O, Q) : = |178705(6.108)
iy 102.301(5.918) 265.436(9.017)

-2¥oglikelihood(IGLS Deviance) = 27807.875(3428 of 3810 case
1| | »

| Hame | + | - |A:I:I Ierm|§stimntes| Hunlinear| Clear | Hotation |H=sponses| Store

Here we estimate the two means and the covariance matrix for the two re-
sponses. The advantage of fitting this model in a multilevel framework is
that we do not have to delete cases where one of the responses is missing.

Let’s now elaborate the model by partitioning the covariance matrix into
between-student and between-school components. We also include gender
effects in the fixed part of the model.

The Equations window should now look like this:



218 CHAPTER 14.

RT=IE
resp ; ~ N(XE, Q)

resp 5, ~ N(XB, Q)

resp ., = fiy; CONS.WRITTEN,, + -2.503(0.561)FEMALE. WRITTEN, ,
Boi =49.452(0.934) +vy +ug,

resp ,;, = 5, CONS.CSEWORK,, + 6.751(0.671)FEMALE.CSEWORK
Bue =69.672(1172) +v,, +u

o ~N(0, @) ¢ o, = [46:813(9.187)

Vi 24.878(8.880) 75.166(14.565)
1| ~NG, ) : = [124.634(4.350)

it 1 73.003(4.178) 180.098(6.246)

-2*oglikelihood(IGLE Deviances) = 26800.488(3428 of 3810 cases in use)

| Hame | + | - |ndd 1erm|§s‘timﬂ1.es| Honlinear| Clear | Hotation |Responses| Store | Help |Zooml1ﬂﬂ j|

The coefficients for female.written (-2.5) and female.csework (6.8) tell
us the gender difference for the written and coursework components, respec-
tively. Both coefficients are statistically significant. The girls do somewhat
worse than the boys on the written paper but considerably better on the
coursework component. The coursework component also has a larger vari-
ance at both the student and school levels. The correlations between the
coursework and written scores are 0.42 and 0.49 at school and student level
respectively. The intra-school correlation is 0.27 for the written paper and
0.29 for the coursework.

We can often view the results more conveniently using the Estimates win-
dow, which is opened by selecting Estimate tables from the Model menu.
Use the Help button on this window to obtain details on how to manipulate
the display. Below is an example of a display of the level 2 and level 3 ran-
dom parameters matrices, showing a symbol, an estimate and a correlation
for each element.
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Mestmates 1=k
+ | = ||Leuel 2: STUDENT_ Vlil I%EIEIEEIE Help |
CONS.WRITTEN | CONS.CSEWORK
z
cu a

CONS.WRITTEN 124.634

Corr: 1.000

2

Gu o1 Gu 1
EONSEEEDN 73.003 180.098

Corr: 0.4387 Corr: 1.000

CONS.WRITTEN | CONS.CSEWORK
z
O-v a

CONS.WRITTEN 16.813

Corr: 1.000

2

6\.‘ o1 6\.‘ 1
CUNS.ESEWDRK 24.878 75.166

Corr: 0.419 Corr: 1.000

14.4 A more elaborate model

We now let the coefficient of gender (female) be random at the school level.

e (Click on female.written and female.csework in turn, and in the
X variable window, check the k(school long) check box (clicking
Done each time)

We get the estimates shown below and focus on the school-level covariance
matrix.

Note the numbering of the random error terms to correctly identify the
parameters in this matrix. Here, the first and second terms are for the
written and coursework intercepts, respectively, and the third and fourth
are for the written and coursework gender differences.

The value of the likelihood statistic is 26756.1, so that the deviance statistic
(relative to the previous model) is 44.4 with 7 degrees of freedom; this is
highly significant. The variance of the coursework gender difference is rather
large. A variance of 49.9 implies a 95% coverage range of plus or minus 15
points around the average difference of 7.2. We notice, however, that the
estimate for the variance of the gender difference for the written paper is
close to its standard error, as are the covariances with the gender difference.
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=
resp i ~ N(XE Q)

resp 5, ~ N(XB, Q)

resp . = f3,;; CONS.WRITTEN,, + g, FEMALE WRITTEN,,
Buge =49.401(0.996) +v . +uu

Lo =-2471(0.644) +v

resp ,;, = f3,;, CONS.CSEWORK , + /3, FEMALE.CSEWORK,,,
Bige =69.301(1.357) +v, +u,,

B =7157(1.135) + v,

Vo 54.549(11.774)

V| ~NO, Q) : Q= | 38:894(12.686) 104.695(21.827)

Vo -7.458(5.688) -6.975(7.299)  5.289(4.244)

Y -21.107(9.967) -39.674(14.696) 11.005(6.300) 49.908(14.606)

Muj.k:| “NO, Q) Q.= [123.409(4.371)

T 70.557(4.105)  169.804(6.000)

-2¥oglikelihood(TGLS Deviances) = 26756.131(3428 of 3810 cases in use)
‘| [ »

| Hame | + | = |ndd Ierm|§s1.imates| Nonlinear| Clear | Hotation |Responses| Store | Help |Zooml100 j

Now fit the model with the random term for female.written omitted.

e Click on female.written

e In the X variable window, uncheck the k(school_long) check box
and click Done

The results are shown in the upper figure on the following page.

The likelihood statistic is now 26760.4 so that, compared with the preceding
model, the deviance is only 4.3 with four degrees of freedom. Thus, while
there is variation among schools in the gender difference for the coursework
component, there is no evidence that there is any such gender-related varia-
tion for the written paper. The correlations are shown in the matrix in the
lower figure on the next page.
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resp . ~ N(XE, Q)

resp 55, ~ N(XB, Q)

resp ., = By CONS.WRITTEN,, + -2.492(0.560)FEMALE. WRITTEN, ,
Boge =49.430(0.936) +v, +uuy,

resp ;, = £, CONS.CSEWORK;, + 8, FEMALE.CSEWORK,,

Bise =69.265(1.335) +v, +u,,

B =7-213(1.063) +v,,

Vo 47.143(9.235)
Vi ~N(0. Q,) © Q.= [32.985(10.771) 101.164(20.809)
- -11.678(7.617) -33.988(12.783) 40.443(11.820)

lénj.k:| ~N(O, Q) : O, [124.566(4.348)

K 1 71.790(4.104) 170.758(6.015)

-2*laglikelihood(IGLS Deviance) = 26760.371(3428 of 3810 cases in use)
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[Mestimates =10l
+ | - ||Leue| 3 SCHOOL_IVI il %f;ﬁﬁg,ﬁ Help |
CONS.WRITTEN | CONS.CSEWORK FEMRLE.CSEWDRKI
z
Gv a
CONS.WRITTEN 47.143
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z
Gv o1 D-v 1
CUNS.CSEWDRK 32.985 101.164
Corr: 0.478 Corr: 1.000
2
G\.r oz GV 13 GV 2
FEMALECSEWORK 19 678 33.988 40.443
Corr: -0.267 Corr: -0.531 Corr: 1.000

The correlation between the school-level, gender difference coursework resid-
ual and the school-level coursework residual for the intercept (i.e., the mean
for boys) is p(vs,v1) = —0.531. This indicates that in schools which have
high means for boys on coursework (a positive v; residual) the gender dif-
ference will tend to be negative (a negative vz residual). In other words, in
such schools, girls will tend to score worse than boys. Conversely, schools
that have a low mean for boys will tend to have a positive gender difference.

If we look at the pairwise residual plots, we can observe this pattern.

e Select Residuals from the Model menu to open the Residuals

window

e From the level: drop-down list on the Settings tab, select

3:school_long
e (Click the Calc button



222 CHAPTER 14.

The following trellis graph of pairwise plots of the school level residuals ap-
pears.
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In the bottom right graph we see the plot showing the negative correlation
between male coursework residuals and gender difference residuals.

14.5 Multivariate models for discrete responses

We will quickly illustrate the use of multivariate multilevel models for dis-
crete responses and the interpretation of between-response covariances at the
lowest level. To do this let’s work with the data set we used in Chapter 2.

Let’s make binary variables from normexam and standlrt.
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Note that you could have instead used the Recode Variables window
(accessed from the Data Manipulation menu) to dichotomise the two
variables.

Now let’s set up a model where we estimate the covariance between these
two binary responses.

The Equations window should look like this:
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L=

resp ;- Binomial(cons " ;glj.)
resp 5, ~ Binomial(cons, 7;)
logit(r, J.) = ﬁucons.bmexangj

logit( ?fzj) = ﬁlcons.binlrt!.j.

cov|TesP ylmy [ = |&(7y)
resp |7, plelz ()" 2(ry)

gm=al-nin

| Hame | + | - |n.dd 1erm|§s‘timﬂtes| Nonlineﬂr| Clear | HNotation |Responses| Store |

The variance of each response is given the appropriate binomial form. We
also estimate the correlation, at the student level, between these two binomial
responses. After running the model, you will find this correlation to be 0.419.
Remember that level 1 was set up only to accommodate the multivariate
structure, so this is a single-level, unconditional model (with no missing
data). We therefore get the same answer if we simply correlate the two
binary responses using the traditional formula for a correlation coefficient.
You can verify this using the Averages and Correlation window, which
can be accessed from the Basic Statistics menu.

The advantage of fitting a multilevel model in this situation is that we can
extend the model to handle missing data, extra covariates and higher-level
random effects.

MLwiN has some ability to handle a mixture of response types. It can handle
a mixture of any number of Normally distributed response variables with any
number of Binomially distributed variables. The software can also handle a
mixture of any number of Poisson variables with any number of Normal ones.
Negative binomial or multinomial response variables cannot be included in
multivariate response models, but can be used in univariate response models.

Chapter learning outcomes

* An understanding of how multivariate models can be accommodated
into a multilevel structure by specifying response measurements at
level 1

* How to use MLwiN to specify multilevel multivariate response models

* How to interpret multilevel multivariate response models



Chapter 15

Diagnostics for Multilevel
Models

15.1 Introduction

Diagnostic procedures, such as the detection of outliers and data points with
a large influence on the fit of a model, are an important part of ordinary least
squares regression analysis. The aim of this chapter is to demonstrate, via
an example analysis, how some of the concepts and diagnostic tools used in
regression modelling can be translated into the multilevel modelling situation.
The statistical techniques used and the example explored in this chapter are
dealt with in detail in Langford & Lewis| (1998]).

Data exploration techniques, including the detection of outlying observa-
tions, are a little-explored area of multilevel modelling. For ordinary regres-
sion, there is an extensive literature on the detection and treatment of single
outliers, and an increasing literature on multiple outliers (Barnett & Lewis,
1994). However, in data structures of increasing complexity, the concept of
an outlier becomes less clear-cut. For example, in a multilevel model struc-
ture, we may wish to know at what level(s) a particular response is outlying,
and in respect to which explanatory variable(s). We use the term level to
describe the unit of analysis in our model. In a multilevel model, more than
one unit of analysis is appropriate for the data (Goldstein, [2003).

In a simple educational example, we may have data on examination results in
a 2-level structure with students nested within schools, and either students
or schools may be considered as being outliers at their respective levels in
the model. Suppose, for example, that at the school level a particular school
is found to be a discordant outlier; we will need to ascertain whether it is
discordant due to a systematic difference affecting all the students measured
within that school, or because one or two students are responsible for the
discrepancy. At the student level, an individual may be outlying with respect
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to the overall relationships found across all schools, or be unusual only in the
context of his / her particular school. Indeed, these concepts become more
complex when there are more than two levels.

Other concepts become similarly more complex. For example, masking of
outlying observations, where the presence of one observation may conceal
the importance of another (Atkinson, 1986)), can apply across the levels of
a model. The outlying nature of a school may be masked because of the
presence of another similarly outlying school, or by the presence of a small
number of students within the school whose influence brings the overall re-
lationships within that school closer to the average for all schools. Other
effects such as swamping (Barnett & Lewis, 1994) and other measures of
joint or conditional influence (Lawrence, 1995) may also occur within as well
as between units at the higher levels of a multilevel model.

An educational example

In the classic paper |Aitkin & Longford| (1986), the authors report an analysis
of 907 students in 18 schools in a Local Education Authority in the United
Kingdom. They discuss the implications of fitting different models to the
data on parameter estimates and their interpretation. Of particular interest
here is the presence of two single-sex grammar schools in the data, which
are otherwise made up of comprehensive schools. Our analysis focuses on
whether these two schools are discordant outliers in the data set, and thus of
a genuinely different character. More generally, it uses the data as an example
of how an examination of outliers in a two-level model may be pursued, issues
not investigated by Aitkin and Longford. The numbers of students per school
are given in the tables below. Schools 17 and 18 are the grammar schools.

School 1 12 |3 (4 |5 |6 |7 |8 ]9
# Pupils | 65 | 79 | 48 | 47 | 66 | 41 | 52 | 67 | 49

School 1011 112 1 13|14 | 15|16 |17 | 18
# Pupils | 47 | 50 | 41 |49 |29 | 72|62 | 22| 21

The outcome variable for the following analysis is the O-level/CSE exami-
nation results, converted into a score by adding up the results for individual
subjects for each student using a simple scoring system. The “intake” score
for each school is defined as being the Verbal Reasoning quotient, VRQ, a
measure of students’ ability made when they enter the school. Both of these
scores were converted into Normal scores for this analysis, as there was evi-
dence of clustering of scores at high values, probably determined by the fact
that there is an upper limit on the scores which an individual student can
achieve. Hence our analysis is not exactly equivalent to that of Aitkin and
Longford. The outcome variable for each pupil is referred to as N-ILEA and
the intake variable, measuring VRQ), as N-VRQ.
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Open the worksheet called diagl.ws containing the data, which you can look
at using the Names and Data windows. Go to the Equations window to
view a model that has already been set up in the worksheet. You will see
the following (possibly after clicking on Names and / or Estimates):

JRI=TE
N-ILEA, ~ N(XB, Q) N

N-ILEA, = §,,CONS + g, N-VRQ,
1601}' =160 Tu 0y +eDJ’j

By =By THy

2
X 0f ~ N(O. Qu) . Qu = | Oun ,
oy Guo1 Oui

[g Ui}] ~N(0, Q,) : Q.= [cﬁu]

=
4| | 3

| Hame | + | - |ndd Ierm|§s1.imates| Hnnlinear| Clear | Hotation |Responses| Store |

We have a two level model, with students (subscript ¢) nested within the
18 schools (subscript j). The outcome variable, N-ILEA, is modelled as a
function of the intake variable, N-VRQ, which is also in the random part
of the model at level 2, the school level. This means we have a random
slopes and intercepts model for schools. There is just one variance term at
level 1 measuring the residual variance of the students. Double click on the
Estimates button at the bottom of the Equations window, and run the
model until it converges. The result should look like this:

L=
N-ILEA, ~ N(¥B, Q) N

N-ILEA, = £3,,CONS + g, N-VRQ,
Boy =0.007(0.031) +1y, +eq,
By =0.725(0.036) +u

uy| NG, @) : q,= |0-009(0.006)
i, 0.010(0.005) 0.016(0.008)

0] N Q)2 Q= [0367(0.018)]

-2¥oglikelihood(IGLS Deviance) = 1694.282(907 o 907 casejz
4| | 3

| Hame | + | - |Rdd Ierm|§s1.imates| Hnnlinear| Clear | Hotation |Responses| Store |

Most of the variance occurs between students, but there is significant vari-
ance between schools at level 2. We can explore the relationship between
outcome and intake variables for each school by using the predictions win-
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dow. Choose the fixed parameters and random parameters at level 2 to make
predictions for the regression lines for each school, and save them into c15.
The predictions window should look like this when you make the calcula-
tion:

=10l x|
N-TLEA, = 5, CONS + 3 N-VRQ,

variable CONS N-VRQ,

fixed B B
level 2 u 0 Uy

level1 e,

4| | 3

Zonmlﬂlll j Hame | Calc | Help utputfrompredictiuntolﬂs j
[10 " sEof 4 output to | "I

Use the Customised graph window to create two graphs in display D1.
The first is a line graph of the predictions in c¢15 plotted against N-VRQ),
grouped by SCHOOL; the second is a point plot of the response variable
N-ILEA against N-VRQ, showing the outcome and intake scores for each
student. Highlight the uppermost line on the top graph by clicking just
above it. A Graph options window will open and inform you that you have
identified school 17, one of the grammar schools that will serve as a focus for
this example analysis.

From the In graphs menu, select highlight(style 1) and click Apply. The
Graph display window should look like the following figure, with the school
17 line and the data points for its pupils highlighted in red.
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We can see that school 17 has the highest intercept value and one of the
highest slope values. From the lower plot, we can also see that students
in school 17 tend to be high achievers, with the possible exception of one
student whose score is near the mean.

We can examine the values of slopes and intercepts further by using the
Residuals window. Calculate residuals and other regression diagnostics at
level two by selecting 2:SCHOOL from the level drop-down list on the
Settings tab. Type the value 1.4 into the box beside SD (comparative) of
residual to so that we can compare confidence intervals around the residuals
for each school. The Residuals window should now look like the next figure.
Remember to click Calc to perform the computations.

=8 Residuals x|
Settings | Plots |

— Output Calumnz

shart output at 300 Set columns I

reziduals to |CBDD-E301

|1 4 SD[comparative] of residual to |C3EI2-I:303
standardised|diagnostic] residuals to I[;3|]4.5305

W nomal soores of residuals to IEBDB-EBD?
I nomal scores of standardized

residuals to JC30s-Ca09
W ranks of residuals to |C31 Tl
[ deletion residuals Jcazcaa
v leverage values |C314-C315
¥ Influence values |C31 E-CH7

I~ | Calculate weighted residuals

level | 2scHOOL ¥ | | Calc | Help |

\Goldstein & Healy]| (1995) discuss the circumstances where the value of 1.4
rather than the conventional 1.96 standard deviations is used to calculate
95% intervals. Roughly speaking, if we wish to use the intervals to make
comparisons between pairs of schools, then we can judge significance at the
5% level by whether or not the (1.4) intervals overlap. If, on the other hand,
we wish, say, to decide whether a school is significantly different from the
overall mean, the conventional (1.96) interval can be examined to see whether
or not it overlaps the zero line. For present purposes we shall assume that
interest focuses on pairwise school comparisons.

Select the Plots tab on the Residuals window, and then select the option
to display residual +/- 1.4 sd x rank. The Residual Plots menu should
look like this:
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Click Apply, and see the following graph displayed.

Note that it is put by default into display D10, but you can change this
option if you like.
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This confirms that school 17 (which we highlighted earlier) has the largest
intercept residual, and the second largest slope residual. We can also ex-
amine the relationship between intercept and slope residuals. Return to the
Plots tab of the Residuals window, and choose the residuals option in the
pairwise frame, then click on Apply. We get this graph as output:
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We can see that there is a very strong positive relationship between the val-
ues of the intercept and slope residuals, which we can determine from the
Estimates window is 0.836. This means that the better the average perfor-
mance of students in a school, the more strongly positive is the relationship
between outcome and intake score. School 17 is again shown in the top right
hand corner of the graph.

15.2 Diagnostics plotting: Deletion residu-
als, influence and leverage

We can also examine a number of diagnostic measures at the school level.
At the bottom of the Plots tab of the Residuals window, click on the
diagnostics by variable box, choosing CONS as the variable (this should
be shown by default). Click on Apply, and the resulting graphics window
should look like this:
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In the Graph display window, we have six plots of diagnostic measures
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associated with the intercept at the school level, the higher level in the model.
School 17, which we have previously chosen to highlight, is shown in red on
all six diagrams. Full explanations of the different diagnostics are given in
Langford & Lewis (1998), but a brief descriptive explanation of each measure
follows:

1. The plot in the top left hand corner shows a histogram of the raw
residuals at school level. As can be seen, school 17 has the highest
intercept residual.

2. The top right hand plot is a histogram of the standardised diagnostic
residuals at the school level. (See Goldstein| (2003)) for an explanation
of the difference between diagnostic and comparative variances of the
residuals). Again, school 17 has the highest standardised residual. The
standardised residual (sometimes called the Studentised residual) is the
value of the residual divided by its diagnostic standard error, and any
value greater than 42 or less than —2 indicates a school which may be
significantly different from the mean at the 95% confidence level.

3. The middle left hand plot is a histogram of the leverage values for each
school. The leverage values are calculated using the projection, or hat
matrix of the fitted values of the model. A high leverage value for a
particular school indicates that any change in the intercept for that
school will tend to move the regression surface appreciably towards
that altered value (Venables & Ripley, |1994). An approximate cut-off
point for looking at unusually high leverage values is 2p/n, where p
is the number of random variables at a particular level, and n is the
number of units at that level. Here, we have 2 variables and 18 schools,
so unusually high leverage values may be above 4/18, i.e. 0.22. One
school (6) has a leverage value appreciably above this value, which may
require further investigation. School 17 does not have a particularly
high leverage value of about 0.17.

4. The middle right hand plot shows influence values, which are a multi-
level equivalent of the DFITS measure of influence (Belsey et al.| (1980);
Velleman & Welsch (1981))). The influence values combine the residuals
and leverage values to measure the impact of each school on the coeffi-
cient value for, in this case, the intercept (see|Langford & Lewis| (1998))
for further details). School 17, having a large residual, and a roughly
average leverage value comes out as having the highest influence on the
intercept.

5. The lower left hand plot is a histogram of deletion residuals. The
deletion residuals show the deviation between the intercept for each
particular school and the mean intercept for all schools, when the model
is fitted to the data excluding that school. When the number of units at
a particular level is large, these will be very similar to the standardised
residuals. However, when the number of schools is small — in this case,
there are only 18 schools — there may be some differences. It is the
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deletion residuals that are used in the calculation of influence values
discussed above.

6. The lower right hand diagram shows a plot of leverage values against
standardised residuals. We can see school 17 at the far right of the
graph, and school 6, with a high leverage value is towards the top left
hand corner. Schools with unusual leverage values or residuals can
easily be identified from the plot using the mouse.

We can calculate the same measures for the slopes at the school level associ-
ated with the explanatory variable N-VRQ. If you return to the Residuals
window and this time choose N-VRQ in the diagnostics by variable box
and click Apply, the Graph display window should look like this:
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We can see from the standardised residuals plot that two schools have un-
usually high slope values, these being school 17 and school 12. School 12 also
has the highest influence on the slope, followed by school 17, so school 12
would be a good candidate for further investigation, although for the sake of
simplicity, we shall focus our attention on school 17 in this analysis.

Return to the Settings tab of the Residuals window, and choose 1:pupil
for level. Type 320 in the box beside the Set columns button, and click
on the button to store the computed values in a group of columns beginning
at ¢320. This way, we retain the columns we have used for the school-level
diagnostics.

Now select the Plots tab of the Residuals window, and choose to plot
standardised residuals against Normal scores. Note that we only have one
set of residuals at level 1, as only CONS is randomly varying at pupil level.
The graph window should look like this:
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The pupils in School 17 are shown as red triangles. As we can see, there is
one pupil at the bottom left of the plot who has a particularly high negative
residual, i.e. he is a low achiever in the overall high achieving school 17.

We will now examine the effect on the model of omitting this low achiever
from the random effects for school 17 by fitting a separate value for the low
achiever in the fixed part of the model. Click the left mouse button while
pointing at the red triangle for this pupil, which will pick the individual
out as pupil 22 in school 17. From the In graphs menu on the Identify
point tab of the Graph options window, choose to highlight this pupil with
Highlight(style 2). (Pick out the option and then click on Apply). Next,
choose the Absorb into dummy option from the In model box, and click
on Apply. If you return to the Graph display window, this particular
pupil should now be shown as a light blue triangle.

Now open the Equations window, which will have been updated to look
this:



15.2. DIAGNOSTICS PLOTTING
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The dummy variable for school 17, pupil 22 has been added to the fixed part
of model, thereby excluding this pupil from the random part of the model at
the pupil level. To update the parameter estimates, click on More, and you

should get this result:

N-ILEA, ~ N(¥B, Q)

N-ILEA, = §3,,CONS + g N-VRQ, +

-1.766(0.618)D_SCHOOL(17)PUPIL(22).CONS,

Boy =0.008(0.031) +1y, +eq,
By =0.728(0.037) +u

|:MDJ.:| “NO, Q) : Q.= [0.010(0.006)

i i

[e u;-j-] ~N(0, Q,) : Q= [0.364(0.01?)]

=0l x|

0.011(0.006) 0.017(0.008)

E

+

- |ndd Ierm|§stimates| Honlinear| Clear | Hotation |Responses| Store |

Note that the residual deviance has dropped by a little over 6 units for the
inclusion of this one extra fixed parameter, an improvement in the model

that is significant at the 0.01 level.

We can now re-examine the school-level residuals obtained from the new
model. Return to the Settings tab of the Residuals window, and choose to
calculate school-level residuals in columns ¢330 onwards. Go to the Plots
tab and choose to plot residuals +/- 1.4 sd x rank again. The graph

window looks like this:
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We now see that omitting the low achieving pupil within school 17 has made
school 17 even more extreme than previously for both intercept and slope at
the school level.

We can choose to create dummy variables for school 17, to fit an intercept
and slope separately from those of the other schools. Begin by selecting
one of the school 17 points on the caterpillar plot and using the Identify
point tab of the Graph options window, as before. Choose the Absorb
into dummy variable from the In model box again. This time when you
click on Apply, another window will open, asking whether you want to fit
terms for interactions with CONS and/or N-VRQ. Make sure both vari-
ables are selected, and click on Done. The Equations window is updated
automatically, and should now look like this:

=Y
N-ILEA, ~ N(XB, Q) N

N-ILEA, = 5,,CONS + 5, N-VRQ, +
5:D_SCHOOL(17)PUPIL(22).CONS, +
8:D_SCHOOL(17).CONS, +
f.D_SCHOOL(17)N-VRQ,

Boy =Po Ty Ty

By =By Ty ||

2
Byl ~ N(O.. Qu) 10, T Guo ,
Ky Guot Oul

[QDU_] ~N(0. Q,) : Q,= [Gzo]

=
4| [ 3

- |n.dd 1erm|§s‘timates| Honlinear| Clear | Hotation |Responses| Store |

+

We can see that two extra variables have been added into the model: an
intercept term for school 17, and a slope term. Click on More and wait for
the model to converge. The result should be:
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=T
N-ILEA, ~ N(XB, Q) A

N-ILEA, = 4, CONS + g, N-VRQ, +
-1.760(0.622)D_SCHOOL(17)PUPIL(22).CONS, +
1.253(0.479)D_SCHOOL(17).CONS, +
-0.277(0.300)D_SCHOOL(17).N-VRQ,

Boy =-0.007(0.028) +1p ey,

By, =0.708(0.033) +u

uy| ~ne, @) : q,=[0:006(0.005)
iy 0.006(0.004) 0.011(0.006)

(20 ~NO. Q) Q,= [0362(0.017)]

-2¥oglikelihood(IGLS Deviance) = 1675.514(907 of 907 casejg
1| | 3

| Hame | + | - |Rdd Ierm|§s1.imates| Hunlinear| Clear | Hotation |Responses| Store |

Note that the random parameter estimates at school level for the variances
of slopes and intercepts have both dropped noticeably, now that the most
extreme school has been excluded from the random part of the model. The
overall decrease in residual deviance is about 10.7, with the loss of two degrees
of freedom for the extra parameters included. This is highly significant, but if
we look at the individual parameter estimates, we can see that the intercept
value for school 17 is highly significant, whilst the slope value is not.

We can examine the effect of excluding the slope-related variable for school
17 by clicking on D_SCHOOL(17).N-VRQ in the Equations window,
and choosing to Delete term from the model. Refit the model using More,
and the results look like the following:
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=
N-ILEA, ~ N(XB, Q)

N-ILEA, = §3,,CONS + g, N-VRQ, +
-1.835(0.617)D_SCHOOL(17)PUPIL(22).CONS, +
0.884(0.263)D_SCHOOL(17).CONS,
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[e0;] N Q)+ Q= [0362(0.017)]

=2 oelikelihood(TGLS Devianoce) = 1676.365(907 of 907 cases in
4| | 3

| Hame | + | - |ndd 1erm| Es‘timﬂtes| Nnnlinear| Clear | HNotation |Re5pon5e5| Store

The residual deviance has only changed by a small amount, so we conclude
that greater parsimony in our model is achieved by fitting a separate intercept
for school 17 and a separate fixed effect for pupil 22 in school 17.

We can examine the predictions for the school by using the predictions
window as before. You should set it up to look like the following (saving the
predictions into ¢16) before clicking on Calc:

REE
Ji = Bof o T BiF g T oy T BT 5

variable X 1y

Xy Ty
fixed B B B P

level 2 u y o Yy

level 1 e,

| [ »

Zoomlﬂlll j Hame | Calc | Help utputfrompredit‘.‘r.inntolc13 j
[0 sEof ﬂ output to | vl

Now go to the Customised graph window, and choose display D1 as before.
Leave data set 1 as it was, and choose to edit data set 2 to show the new
predictions from the current model. Before you click on Apply, the plot
what? and position tabs should look this:
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=% Customised graph : display 1, data set 2 - |EI|£|
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ds# | v | x .
1 c15 H-VRQ
2 16 N-VRQ
3

1

5

5

7

8

“

K

— Details for for data set number (ds#) 2
plot. what?T plot style T position T error barsT other

y |c1li -] x |n.\mn -]
fitter [tnone] ~] aroup [schooL ~]
plottype  [point |

row codes lm col codes Im

=¥ Customised graph : display 1, data set 2 ] 54
|n1 ~| Apply | Labels | Deldataset | Help | & autosortonx

ds# |y |x -
1 c15 H-VRQ
2 6 N-VRQ
3

3

5

5

7

3

o

KN

i

— Details for for data set number (ds%) 2
plot what? [ plot style | position | error bars| other

1|23 (4|5

X

o ||

Note that we are choosing to plot points, rather than lines. The resulting
graph should look as below, showing at the top our initial predictions from
the model as a line graph, with school 17 highlighted, and at the bottom,
our new predictions, with pupils in school 17 highlighted as red triangles.
Note the pupil (22) who does not fit on the school’s line, i.e., the one we
have chosen to exclude from the random part of the model. Note also that
there is another low achieving pupil that we could choose to exclude from

the model (see Langford & Lewis| (1998)) for more details on this).
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We can then explore the regression diagnostics, choosing to examine partic-
ular schools or pupils as before in more detail.
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15.3 A general approach to data exploration

Suppose we are particularly interested in observations that are outlying with
respect to any of the terms with random coefficients in a model. Where
should we start data exploration after fitting a multilevel model? Rather
than looking at individual data points, we have found it most useful to begin
at the level of highest aggregation, which will often be simply the highest
level in the model. There are two reasons for this. Researchers are often most
interested in the highest level of aggregation, and will naturally concentrate
their initial efforts here. However, if discrepancies can be found in higher-
level structures, these are more likely to be indicative of serious problems
than a few outlying points in lower-level units.

After the highest level has been analysed, lower levels should be examined
in turn, with analysis and initial treatment of outliers at the lowest level
of the model. The highest level should then be re-examined after a revised
model has been fitted to the data. The objective is to determine whether
an outlying unit at a higher level is entirely outlying, or outlying due to the
effects of one or two aberrant lower-level units it contains.

Similarly, examination of lower-level units may show that one or two lower-
level units are aberrant within a particular higher-level unit that does not
appear unusual, and that the higher-level unit would be aberrant without
these lower-level units. Hence, care must be taken with the analysis not
simply to focus on interesting higher-level units, but to explore fully lower-
level units as well.

Chapter learning outcomes

* The use of diagnostic procedures for exploring multilevel models

* The importance of studying data carefully to check model assump-
tions

* How to deal with ‘discrepant’ measurements



Chapter 16

An Introduction to Simulation
Methods of Estimation

In the previous chapters we have used a variety of estimation procedures:
IGLS, RIGLS and MQL for Normal responses, and MQL and PQL for dis-
crete responses. These estimation procedures are all deterministic in that,
given a data set and a model, they always converge in the same number of
iterations to the same estimates. If you run the estimation procedure 100
times you get the same answers every time.

Estimation procedures can also be stochastic, that is they contain within
them simulation steps in which random numbers are sampled. These simu-
lation steps mean that every time you run the estimation procedure you get
a slightly different estimate. This obviously raises the question of what is
the correct estimate? Although this uncertainty may appear to be a disad-
vantage, simulation methods often have important advantages. For example,
more accurate, less biased estimates are delivered, and complex models are
more easily accommodated.

There are two families of simulation based estimation procedures available
in MLwiN: MCMC sampling and bootstrapping. The MCMC sampling

facilities in MLwiN are very extensive and are described in Browne| (2003).

This chapter in introduces the reader to some basic simulation ideas, and
Chapter 17 describes the bootstrap facilities available in MLwiN.

241
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16.1 An illustration of parameter estimation
with Normally distributed data

Probably the most commonly studied data in the field of statistics involve
variables that are continuous, and the most common distributional assump-
tion for continuous data is that they are Normally distributed. One example
of a continuous data set that we will consider here is the heights of adult
males. If you were asked to estimate the average height of adult males in
Britain, how would you provide a good estimate? One approach would be to
take a simple random sample, that is travel around the country measuring
a sample of the population. Then from this sample we could calculate the
mean and use it as an estimate.

The worksheet height.ws has one column of data, named Height, which
contains the heights of 100 adult males measured in centimetres. Open this
worksheet using the Open Worksheet option on the File menu. You can
calculate the average height of the sample members via the Averages and
Correlation window that can be accessed from the Basic Statistics menu:

_icix]

Operatian
% Averages
"~ Correlation

[~ weights Calurin

Help

:

Select Height from the column list on the right of the window and click on
Calculate. The Output window will appear and the following results are
given for our sample:

N ioix]
-=AVERage 1 'Height' =
H Missing MHean s.d. b
Height 100 1} 175.35 10.002 ﬂ
Include output from system
Zoom|100 ~| Copy as table generated commands

Obviously the larger the sample of people that are measured, the more ac-
curate the mean estimate will be, and consequently the better estimate the
sample mean will be for the population mean. We can also plot the 100
heights as a histogram to give a graphical description of this data set.

e Select the Customised graph window from the Graphs menu
(shown below)

e Select Height from the y list
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e Select histogram from the plot type list
e (Click Apply

=% Customised graph : display 1, data set 1 — |E||1|
[p1 -] apply| Labels | peldataset | Help | [ autosortonx

ds # | ¥ I X |~ Details for for data set number (ds#) 1

1 Height plot what? | plot style | position | error bars|  other

2

3 ¥ I Height vI bar width | 3,1t0 size

4

5 filter I [none] vl

[

; plot type Ihis‘togram vl

9

10

1 =

1‘] I 3

The histogram shown below will now appear. Note that the shading pattern
for the bars and their colour can be altered with the options provided on the
plot style tab.

=& Graph display -0 x|
16+
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a1+ _
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0 [11 [J
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Another question that could be asked is ‘What percentage of British adult
males are over 2 metres tall?” We can consider two approaches to answering
this question, a non-parametric approach or a parametric approach. The
non-parametric approach would be to calculate directly from the list of 100
heights the percentage of heights that are above 2 metres. In this case the
percentage is 1% as only 1 height is greater than 2 metres. The parametric
approach would involve making an assumption about the distribution of the
data. Typically we would assume that the data are Normally distributed,
which from the histogram of the 100 heights looks feasible.

We would then need to find the probability of getting the value 200 from
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a Normal distribution with a mean of 175.35 and a standard deviation of
10.002. MLwiN provides tail probabilities for a standard Normal distribution,
so we will need to Z transform our value to give (200 — 175.35)/10.002 =
2.4645. Then we use the Tail Areas window from the Basic Statistics
menu as follows:

e Select Standard Normal distribution from the Operation list
e Type 2.4645 in the Value box

e Click on Calculate

This gives the following value in the Output window:
NPRObability 2.4645 0.0068602

The parametric approach estimates that 0.68% of the population is over 2 me-
tres tall. We will be considering parametric and non-parametric approaches
again when we discuss bootstrap simulation methods.

We have not as yet used any simulation-based methods. We will now con-
sider the problem of making inferences about the mean and variance of the
population from which our sample of 100 males has been taken. Here we will
discuss three methods.

Normal Distribution Sampling Theory

In the case of a sample of Normally distributed observations of size N, dis-
tributions of the sample mean, Z, and variance, s, can be calculated from
sampling theory. The sample mean is Normally distributed with mean pu
and variance 02/N. Consequently a 95% central confidence interval for p is
T+ 1.960/y/N. In our sample of men’s heights, a 95% central confidence
interval for p is 175.35 £1.96 x 10.002/,/100 = (173.39,177.31).

The population variance, o2 is related to the sample variance, s?> by the
Chi-squared distribution as follows: (N — 1)s?/o? ~ x%_;. Consequently
a 95% central confidence interval for o2 is (N — 1)s*/x{y_1) 0005 (N —
1)s? /X%N—l),0.975)' In our sample a 95% central confidence interval for o2
is (77.12,135.00). Note that this interval is not symmetric.

Parametric and Nonparametric Bootstrapping

The mean and variance for a single sample gives us one estimate for each
population parameter. If we could get a sample of mean estimates and a
sample of variance estimates then we could use these samples to construct
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interval estimates for the underlying parameters. This idea of generating a
large number of samples to create interval estimates is the motivation behind
most simulation methods.

Bootstrapping works by constructing a series of data sets similar to our
actual data set (using the actual data set as an estimate of the population
distribution) and then using these data sets to summarise the parameters of
interest. The way the data sets are constructed depends on which type of
bootstrapping is used.

Parametric bootstrapping uses assumptions about the distribution of the data
to construct the bootstrap data sets. Consider our sample of 100 heights
that has a mean of 175.35 and a standard deviation of 10.002. To create
parametric bootstrap data sets from this data set, we simply draw multiple
samples of size 100 from a Normal(175.35, (10.002)?) distribution. Then for
each sample we calculate the parameter we are interested in.

To illustrate this bootstrapping procedure in MLwiN we will introduce the
MLwiN macro language. Using macros makes it simple to run a series of
commandsﬂ in MLwiN repeatedly. We will now use a simple macro to perform
parametric bootstrap estimation using our sample of 100 heights.

e Select Open Macro from the File menu

e From the list of files, select hbootp.txt and click Open

The macro window shown below should now appear.

2%.C:\Documents and Settings'mk4284'Desktop’,MLwiN Devlopment (standalone)’,work - |EI|1|

seed 1

note set random number seed to 1

erase c2-ocd

note erase all data in columns c2 to cd

loop bl 1 10000

note repeat the following commands 10,000 times

nran 100 o2

note generate 100 standard normal draws in column c2

calc c2 = 175.35+10.002+%c2

note transform these 100 draws so that they are from a Hormal(175.35,100.004) distribution
arer c2 h2 b3 b4

note calculate the mean (b3) and standard deviation({bh4) of the 100 draws.
calc hd=h4*h4d

note calculate the variance{h4) of the 100 draws.

join c¢3 b3 c3

join c4 b4 c4

note store the mean in c3 and the variance in cd

endl

name c3 'pmean’'

name cd 'prar’

note name the mean and variance columns ,:J

Gotoendl Fincl ||
Replace ||

|»

This macro above is designed to generate 10,000 samples of size 100 from a

Wirtually all menu operations in MLwiN have an equivalent command that can be
typed into the Command interface window or executed via a macro. These commands
are documented in MLwiN’s on-line Help system under Commands.
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Normal distribution with mean 175.35 and standard deviation 10.002. Then
for each sample, the mean is stored in column ¢3 named pmean, and the
variance is stored in column c4 named pvar.

The MLwiN commands are highlighted in blue. Highlighting a command in
the macro window and pressing F1 will bring up the Help documentation
for that command. The note command, on the green lines, is used to add
explanatory comments to a macro. All lines starting with note are ignored
when the macro is run.

Now click on Execute to run the macro. After a short time the mouse
pointer will change back from an hourglass symbol to a pointer to signify
that the macro has finished. We would now like to look at the chains of
mean and variance values in more detail.

Open the Column Diagnostics window from the Basic Statistics menu
and select the column labelled pmean. Now click the Apply button, and
after a short wait the MCMC diagnostics window will appear as below.
This diagnostics window is generally used for MCMC chains as described in
the ‘MCMC Estimation in MLwiN’ manual, so a lot of the information on
the window is irrelevant at this point.

-ioix
179, 0.
& am ‘E o
E 115, § 0.
R E! £ ot
may 20m o E000 5000 1000 = 0o 12 1Tt 115 118 180
somd (e paramekraie
10 1
3= 0.
Lo L D
2 o P
oo| @il oocossooossoooosssosnocoo—cc00000000050000
<5 = o E =0 o 1 H 3 v B 5 7 B B o
g ]
() Accuracy Diagnostics
m o Raftery-Lewis (gquantile) : Mhat = (3773,3899 )
20 when g =(0.025,0975), r=0.005 and 5 =0.95
Do == == == = Brooks-Draper (mean) : Nhat=1
1puies when k = 2 sigfigs and alpha = 0.05

Summary Statistics
Column : pmean  postenior mean = 175,344 (0.0107 50 =0.991 mode = 175355

gquantiles : 2.5% = 173,386, 5% =173.690, 50% = 175347, 05% = 76.953, 07554 =177289
10000 actual iterations storing every iteration. Effective Sample Size (ESS) = 10517

Update | Diagnosticﬁettingsl Help |

We will concentrate on the top two graphs and the summary statistics box.
The graph on the left is a trace plot of the means of the 10,000 samples
in the order that they were generated. These 10,000 values have been used
to construct the kernel density graph on the right. A kernel density plot
(Silverman), |1986) is like a smoothed version of a histogram. Instead of being
allocated to an appropriate histogram bin, each value’s contribution to the
graph is allocated smoothly via a kernel function. As we can see, the mean
appears to be Normally distributed, which is what we expected.
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The bottom box contains various summary statistics for the mean parameter,
including quantiles that can be used to construct an interval estimate. Here
a 95% central interval is (173.39, 177.29) which compares favourably as it
should with the theoretical interval of (173.39, 177.31).

We will also look at the population variance. Select the variable pvar from
the Column Diagnostics window and click Apply. The MCMC diagnos-

tics window for the variance parameter will appear.
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Summary Statistics
Column : pvar  posterior mean = 100,376 (0.145) 5D = 14.441 mode = 95451
gquantiles : 2.5% = 74.203, 5% =TF8.039, 50% = 00560, 95% = 125409, 0759 = 130.804
10000 actual iterations storing every tteration, Effective Sample Size (ESS) = 10041,
Update | Diagnostic Settings | Help |

Here we see that the kernel density plot does not now look quite like a Normal
distribution and has a slightly longer right hand tail. This was also to be ex-
pected based on the theoretical distribution of the variance. Now if we look at
the confidence interval constructed by the quantiles we get (74.203,130.804)
which is similar to (77.120,135.003) but not as close as when we considered
the mean parameter. The method of taking the quantiles from the chains
of the distribution is known as the percentile method in the bootstrapping
literature (see |[Efron & Tibshirani (1993) for more details). This technique
is known to be biased for parameters with skewed distributions and with
small samples, and other methods for example the BCA method can be used
instead, but they will not be discussed here.

Nonparametric bootstrapping is another stochastic estimation technique that
we can apply to our problem. Here we do not assume a distribution for
the data but instead generate a large number of data sets by sampling (with
replacement) from the original sample. In our example we will again generate
samples of size 100 using a macro. This macro is stored in the file hboot.txt
as shown:
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&4 C: Documents and Settings',mk4284%Desktop’MLwiN Devlopment (sE -0 x|

seed 1

note =set random number seed to 1

erase ci cb

note erase all data in columns c5 and c6

loop bl 1 10000

note repeat the following commands 10,000 times

boot 100 cl1 c2

note pick 100 valuesz with replacement from column cl and put in column c2
arer c2 hZ b3 hd

note calculate the mean {(b3) and standard deviation{h4) of the 100 draws
calc bhd=hd*h4

note calculate the variance{hd) of the 100 draws.

Join c3 b3 ci

Join c6 b4 ch

note store the mean in ¢5 and the variance in c6

endl

name c3j 'npmean'’

name c6& 'nprar’

note name the mean and variance columns LI

Gotoend|  Find | |
Execute | Replace ||

| »

This macro is rather similar to the macro for parametric bootstrapping except
for the method of generating samples. In the earlier macro we used the NRAN
and CALC commands to construct each bootstrap data set from the correct
Normal distribution. Here we use the BOOT command:

» BOOT 100 cl1 c2

This command constructs a sample of size 100 in column ¢2 by sampling
with replacement from the values in column c1.

Open the hboot macro as before, click on Execute and the macro will run
putting the 10,000 means into column c¢5 named npmean and the 10,000
variances into column c¢6 named npvar.

Again we can look at the summaries of both of these parameters using the
Column diagnostics window. The summary for the mean is not shown
here, but it gives a central interval of (173.37, 177.32) for the population
mean. This is approximately equal to the Normal theory interval of (173.39,
177.31) expected from the central limit theorem.

Let’s look at the variance parameter. Use the Column Diagnostics window
as before to select npvar for analysis. We obtain the following display:
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Here we again see that the kernel density plot shows a slight skew to the
right. The 95% central confidence interval from the percentile method is
(74.142,127.826). This is only slightly different from the interval from the
parametric method, which shows that the Normality assumption is accept-
able in this case.

Having seen this simple illustration of simulation while knowing how easy
it is to compute theoretical intervals for the mean and variance of a Nor-
mal distribution, you may be asking yourself what benefit there is in using
simulation methods such as bootstrapping. As we have seen in earlier chap-
ters, estimation of multilevel model parameters is far more complex than
the computations used in this example. In most multilevel models iterative
routines are required to get estimates, and no simple formulas exist for the
distributions of the parameters. In situations like this, simulation techniques
come into their own. Using MCMC and bootstrapping methods, it is often
easy to generate simulated values from the distributions of the parameters
of interest and hence calculate point and interval estimates.

16.2 (Generating random numbers in MLwiN

The above height data set was actually generated by simulating from a known
Normal distribution and rounding the heights to the nearest cm. MLwiN
allows you to generate random numbers from several common distributions.
To demonstrate this we will consider another example. Here we will still
consider a data set of people’s heights but this time we will consider a mixed
population of men and women. We will assume that the men are Normally
distributed with a mean of 175cm and a standard deviation of 10cm while
the women have a mean of 160cm and a standard deviation of 8cm. We will
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also assume that men make up 40% of the population while women make up
the other 60%. We will now show how to use the Generate Random Numbers
window in MLwiN to create a sample of 100 people from this population.

We will first generate 100 standard Normal random numbers from which we
will construct our sample.

We now have the 100 random draws in column c7. (Incidentally this is
equivalent to the NRAN command used in the parametric bootstrap macro).
We now want to generate another 100 random numbers, this time from a
Binomial distribution, to represent whether the person is male or female. To
do this, use the Generate Random Numbers window again.

We can now name columns c7 ‘Normal’ and ¢8 ‘Female’ using the Names
window. Next we open the Calculate window from the Data Manipula-
tion menu, and create another variable ‘Male’ in c9 that is equal to 1 —
‘Female’ as follows:

We can now at last construct the actual height variable (c10) in a similar
way using the following formula:
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e Type the following:

» cl0 = (175 + 'Normal' * 10) * 'Male' + (160 +

'Normal' * 8) * 'Female'

e Click on Calculate

We will give column c10 the name height2 using the Names window. We
can now construct a histogram to look at our data set. In this plot we will
plot the males and females in different colours to show the composition of

the mixture model.

Open the Customised graph window and choose display D1 to construct
the histogram. (If you already have a graph set up on display D1 then you
can either delete any existing data sets or use a different display number.)
We will first plot the female heights. To do this, select data set ds#1 on the

plot what? tab and make selections as follows:

=% Customised graph : display 1, data sek 1
|n1 ~| Apply | Labels | Deldataset | Help | [ autosortonx

=10l x|

ds# | v | x il
1 height2

2

3

3

5

5

7 -

—Details for for data set number (ds#) 1

plot what?r plot st]rleT position T error hﬂrsT other

¥ I height2 vl bar width | 3,t0 size
fitter I Female = l
plot type Ihis‘togram vl

The filter option tells the software to only plot points when female is equal
to 1. We also want to set different styles for the female and male heights so

we set up the plot style tab as follows:

=% Customised graph : display 1, data sek 1
|n1 ~| Apply | Labels | Deldataset | Help | [ autosort onx

ds# | v | x il
1 height2

2

3

1

5

6

T -

—Details for for data set number (ds#) 1

=10l x|

plot what?l plot style'f position Terror harsT other

line type m
colour Iﬁ

We now need to add the male heights to the graph. To do this we assign the
male heights to data set ds#2 to be plotted on the same graph. The plot

what? tab should be set as follows:
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=¥ Customised graph : display 1, data set 2 - |D|l|
|n1 ~| Apply| Labels | Deldataset | Help | [ autosortonx
ds# | ¥ | x « |~ Details for for data set number (ds#) 2
1 height2 plot what?]’ plot style T position T error barsT other
2 height2 i
3 y Iheightz vI bar width | 5o size ~
4
5 fitter I Male vl
6
T _|;| plot type histogram ~
1 | | +

Again we need to set the plot style tab for this new graph. This should be
done as follows:

2% Customised graph : display 1, data sek 2 — |I:||1|
[p1 ~] Apply|Labels | Detdataset | Help | [ autosortonx

ds# | ¥ | x + |~ Details for for data setnumber (ds®)2 ———

1 height2? plot what? ]| plot style |_position | error bars| other

2 height2

3

4

5 i

6 ine type I pet ,I

T - i

- colour

< | v | [luci

Having completed the set up of the two data sets, we can click the Apply
button to view the histogram. Since random numbers were used to generate
the data displayed in the histogram, your graph may differ from the one
shown here:

=k Graph display - ||:||£|
12
—
g__
-
Ei__
- .
-
T Q
[ \ oNE
= % R — —I—I—l
|:I m 1 1
140 164 168 182 196

This graph clearly shows the two distributions from which our heights have
been generated. In this example we have the sex of each individual whose
height was measured and so we could quite reasonably fit separate Normal
models for males and females and construct interval estimates for each sep-
arately. It may, however, be the case that we do not know the sex of the
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individuals, and here we could use a nonparametric bootstrapping method
to model the data set.

Chapter learning outcomes

* That simulation-based methods can be used as an alternative to the
iterative methods used so far to fit multilevel models

* How to use bootstrapping to fit simple models
* How to generate random numbers in MLwiN
* How to execute macros in MLwiN

* How to create histograms in MLwiN
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Chapter 17

Bootstrap Estimation

17.1 Introduction

We have already introduced the idea of bootstrappingE] for a simple one-level
problem. In multilevel modelling the bootstrap can be used as an alternative
to MCMC estimation for two main purposes: (1) improving the accuracy
of inferences about parameter values and (2) correcting bias in parameter
estimates.

With continuous response models we can construct confidence intervals for
functions of the fixed parameters by assuming Normality of the random er-
rors, but this approach may not be appropriate for the random parameters
unless the number of units at the level to which the parameter refers is large.
Bootstrapping provides an improved procedure for constructing confidence
intervals for random parameters.

Bootstrap estimation is useful in fitting models with discrete responses where
the standard quasilikelihood-based estimation procedure produces estimates
— especially of the random parameters — that are downwardly biased when
the corresponding number of units is small. (See|Goldstein & Rasbash| (1996)
for a discussion of this problem.) The severity of this bias can be trivial in
some data sets and severe in others. A complicating factor in fitting these
models is that the bias is a function of the underlying ‘true’ value, so that
the bias correction needs to be iterative. In the next section we illustrate
how this works.

In Chapter 16 we saw how bootstrapping was used to construct several sim-
ulated data sets from the original data set and/or model parameters. Then
estimates of the parameters of interest were found for each of these new data
sets, creating a chain of values that allowed parameter estimates’ distribu-

! For a more complete introduction to bootstrapping, see [Efron & Tibshirani| (1993).

255
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tional summaries to be obtained. In multilevel modelling, the implemen-
tation of bootstrapping is similar. The bootstrapping methods are used to
construct the bootstrap data sets, and then either the IGLS or RIGLS esti-
mation method is used to find parameter estimates for each data set. The
parametric bootstrap works exactly as in Chapter 16 in that the data sets
are generated (by simulation) based on the parameter estimates obtained for
the original data set. Due to the multilevel structure of the data modelled
with MLwiN, however, we cannot use the simple nonparametric approach
introduced in Chapter 16, but instead we will introduce a new method based
on sampling from the estimated residuals.

17.2 Understanding the iterated bootstrap

Suppose we simulate a data set for a simple variance components model
where the true value for the level 2 variance, o2, is 1.0. Suppose also that
the standard MLwiN estimation procedure has a downward bias of 20% for
the level 2 variance parameter. If we fit this model for several simulated data
sets using the standard procedure we will obtain an average estimate of 0.8

for this parameter.

Imagine now that we have just one simulated data set with a level 2 variance
estimate that happens to be 0.8, together with fixed parameter estimates to
which we can apply the same procedure. We can now simulate (parametri-
cally bootstrap) a large number of new response vectors from the model with
level 2 variances of 0.8 and calculate the average of the variance estimates
across these new replicates. We would expect a value of 0.64 since the level 2
variance is estimated with a downward bias of 20% (0.8 x 0.8 = 0.64). Now
if we add the downward bias of 0.16 to our starting value of 0.8, we obtain
a bias corrected estimate of 0.96. We can now run another set of simula-
tions, this time taking the bias corrected estimates (0.96 for the variance) as
our starting simulation values. After fitting the model to each of these new
replicates we expect an average of 0.768 for the variance parameter. This
results in a bias estimate of 0.192. We then add this estimated bias to 0.8
to give a bias corrected estimate of 0.992. We can now go on to simulate yet
another set of replicates using the latest bias corrected estimate and repeat
until the successive corrected estimates converge (see the table below). We
shall see how we can judge convergence in the example that follows. Note
that in models for which the bias is independent of the underlying true value
(additive bias), only a single set of bootstrap replicates is needed for bias
correction.
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Replicate | Starting Simulated  Esti- | Estimate

Set Value | mate (Bias corrected)
(Standard proce-
dure)

1 0.8 0.8%0.8 = 0.64 0.8+(0.8-0.64) = 0.96

0.96 0.96%0.8 = 0.768 | 0.8+(0.96-0.768) = 0.992

3 0.992 | 0.992*%0.8 = | 0.84(0.992-0.7936) =
0.7936 0.9984

4 0.9984 | 0.9984*0.8 = | 0.84(0.9984-0.7987) =
0.7987 0.9997

5t 0.9997 | 0.9997*0.8 = | 0.84(0.9997-0.7997) =
0.7997 1.0000

Up to the time of this release of MLwiN, the user community still has rel-
atively little experience in using bootstrap methods with multilevel models.
We suggest therefore that this procedure should be used with care. Boot-
strap estimation is based on simulation and therefore convergence is stochas-
tic. This raises the question of what is a large enough number of replicates
in each bootstrap set. On the examples tried, sets of between 300 and 1000
replicates and a series of about five sets is usually sufficient to achieve conver-
gence. The total process thus involves a substantial amount of computation.
For this reason, bootstrapping, like MCMC estimation should not be used
for model exploration, but rather to obtain unbiased estimates and more
accurate interval estimates at the final stages of analysis.

At convergence, the current replicate set can be used to generate confidence

intervals or any other desired descriptive statistic for model parameters (see
below).

17.3 An example of bootstrapping using ML-
wilN

The data for the example come from the longitudinal component of the
British Election Study (Heath et all [1996). The data set contains records
from a subsample of 800 voters grouped within 110 voting constituencies
who were asked how they voted in the 1983 British general election. For our
purposes, the response variable has been categorized as having voted Con-
servative or not. Open the worksheet bes83.ws. The Names window shows
the following variables:
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=10l x|
il Edit name | Data | Toggle Categorical |Cateqories | Description | Copy | Paste | Del
Name |cn | n | missing | min | max | categorical i’
VOTER 1 80 0 26 5908 False
AREA 2 800 0 23 650 False
DEFENCE 3 800 0 97725 10.2275 False
UNEMP 4 800 o0 -6.20125 13.79875 False
TAXES 5 800 O 837375 11.62625 False
PRIVAT 6 800 O -13.26625 6.733754 False
VOTECONS 7 800 0 0 1 False
CONS g 800 0 1 1 False
BCONS 9 s o0 1 1 False
DENOM 10 80 0 1 1 False =
4] | o

These variables are defined as follows:

Begin by setting up a two-level variance components model, with voter as
the level 1 identifier, area as the level 2 identifier, votecons as the response
variable and cons, defence, unemp, taxes and privat as explanatory vari-
ables. Refer to Chapter 9 if you need detailed assistance in doing this. If you
fit this model using first order MQL, RIGLS estimation, you will obtain the

Variable | Description

voter Voter identifier

area Identifier for voters’ constituencies

defence | Score on a 21 point scale of attitudes towards nu-
clear weapons with low scores indicating disapproval
of Britain possessing them. This variable is centred
about its mean.

unemp Score on a 21 point scale of attitudes towards unem-
ployment with low scores indicating strong opposition
and higher scores indicating a preference for greater
unemployment if it results in lower inflation. This
variable is centred about its mean.

taxes Score on a 21 point scale of attitudes towards tax
cuts with low scores indicating a preference for higher
taxes to pay for more government spending. This
variable is centred about its mean.

privat Score on a 21 point scale of attitudes towards priva-
tization of public services with low scores indicating
opposition. This variable is centred about its mean.

votecons | = 1 if the respondent voted Conservative
= 0 otherwise

cons These variables are constant (= 1) for all voters

bcons These variables are constant (= 1) for all voters

denom These variables are constant (= 1) for all voters

following results:




17.3. AN EXAMPLE OF BOOTSTRAPPING USING MLWIN

VOTECONS, ~ Binomial(CONS,;, 7,)

logit(7;,) = B, CONS + 0.089(0.018)DEFENCE, +
0.067(0.013)UNEMP,, +0.044(0.019)TAXES,, +

0.138(0.018)PRIVAT,
Bo; =-0.355(0.092) + 1y,

] MO Q) Q= [0.144(0.119)]

var(VOTECONS, |7,) = 7,(1 - 7,)/CONS,
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You may wish to experiment with a range of bootstrapping options using this
as the base model, so save this model in a worksheet so you can return to it
at a later stage. To set up a bootstrap run, first click on the Estimation
control button on the main toolbar and the following window will appear:

% Estimation control

IGLSRIGLS

MCMC

IGLSRIGLS bootatrap

X

Method —————
’7(" IGLS {* RIGLS

[ suppress numeric warmings

[~ pause between iterations

Help | Done |

Convergence tolerance([10E-x) I 2

Allow negative variances

Atlevel 1 (VOTER]: NO
Atlevel 2 [AREA]: NO

In the Allow negative variances box, click on both At level 1 (voter)
and At level 2 (area) to change NO to YES and thus allow negative
variances at both levels. This retains any negative variances that occur in
individual bootstrap replicates, rather than setting them to zero, so that a
consistent bias correction is estimated.

We can now click on the IGLS / RIGLS bootstrap tab to display the

following:

&8 Estimation control

IGLSRIGLS

MACHAC

replicate zet size

maximurm nurmber of sets

— Replicate starting walues

I 100 max iterations per replicate

IGLS/RIGLS bootstrap

x|
[

{* parametic (" non-parametric

|5— "Method

@ OL%

" current population walues

— Digplay

[~ bias conected estimates

Help | Done |
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For the first analysis, select the parametric method of bootstrapping. (We
will discuss the nonparametric bootstrap in a later section.) Here we can
also set the number of replicates per set and the maximum number of sets.
We can also set the maximum number of iterations per replicate.

If a replicate has not converged after the specified number of iterations (these
are standard MLwiN iterations) the replicate is discarded. MLwiN does not
judge a set of replicates to be completed until the full quota of converged
replicates has been run. While the bootstrap is running, a progress count
is maintained at the bottom of the screen, and the number of discarded
replicates is also reported. If this count grows large you may wish to restart
the bootstrap with a higher setting for maximum number of iterations per
replicate. We will initially use the displayed default settings, so now click on
the Done button.

We want to watch the progress of the bootstrap as estimation proceeds, and
we can do so using the Trajectories window. The parameter whose estimate
exhibits the most bias is the level 2 (between-area) variance. We will set the
Trajectories window to show the graph for this parameter only. Note that
opening the Trajectories window will slow down the iterations.

Open the window by selecting Trajectories from the Model menu.

Click the Select button and choose area:cons/cons from the Se-
lect plots list that appears

Select 1 graph per row from the drop-down list at the bottom right
of the window

Click Done

All the bootstrap runs shown in this chapter were run with a seed value of 100
for the random number generator. If you wish to produce exactly the same
results, you can set the random number seed by opening the Command
interface window and typing the command:

» seed 100

You may prefer to set a different seed value or to let MLwiN choose its own
seed value.

Note that it is important that you do not change any other settings for the
model after running to convergence using quasilikelihood, e.g., switching
from PQL to MQL.

We can now set the bootstrap running by clicking the Start button. The
Trajectories window will display the bootstrap chain for the current repli-
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cate set. After approximately 60 replicates the bootstrap chain for the first
replicate set will look somewhat like this:

i0ix

oo 4= 0.122(0.111)

LE

03+
uz-:
04 il
uu-:

011

| | |
T T T
o el (I} 60

|Zoom|10ll j Select | Help |viewlast: |5lll] j Irawdata j Icurrentsetj |

Note that since we are allowing negative variances, the sequence of estimates
crosses the x-axis. By default the values shown are not corrected for bias. We
can at any time switch between bias corrected and uncorrected estimates by
opening the Estimation control window and checking the bias corrected
estimates box. When this box is checked, another checkbox labelled scaled
SE’s appears. If you check both these boxes you will observe that the Tra-
jectories window changes as follows:

L=

o, = 0.167~(0.151)

041

ua-:
uz-:
014
oo+

014

a2t ; ; ;
o 20 (I} (1]

|Zuum|1l]ll j Select | Help |viewlas‘t: |5lll] j IraWdata j Icurrentsetj |

The current bootstrap estimate increases, in this case, from 0.123 to 0.165.
Note that we started with the RIGLS estimate of 0.144 and hence the bias
corrected estimate is simply calculated as 0.144 + (0.144 — 0.123) = 0.165.
The scaled SE’s option only changes the reported standard error shown in
brackets above the graph. This scaling process ensures that standard errors
and quantile estimates for bias corrected estimates are properly scaled. The
scaling is an approximation and hence scaled standard errors and quantiles
are preceded by a tilde (~). See the Help system for more details.

It is useful to view bootstrap replicate sets as a sequence of running means
because this gives some clues about convergence. You can do this by selecting
running mean on the middle drop-down list box at the bottom of the
Trajectories window. The previous figure shows raw data (the default)
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currently selected. A converged running mean chain should be reasonably
stable.

At any point you can change from viewing the current replicate set chain to
the series of replicate set summaries by selecting series on the right hand
drop-down list on the Trajectories window’s tool bar. (The current set
option is the default.) When viewing the series of set summaries, it is more
informative to select raw data rather than running mean. After five sets
of bootstrap replicates, the series graph looks like this:

L=

0., =0.161(~0.117)

o115

nmo-£
0,165 -
0.fe0 -
0,155 -

[REES

nsf

| | |
T T T
2 3 &

Eoomlﬂ]ll j Select Help |\|iew last: |5llll j Iraw data j Iseries j

This graph is useful for judging bootstrap convergence. If we are viewing
bias corrected estimates we would expect to see this graph levelling out if
the bootstrap series has converged. This is not the case here. This means we
probably need to increase the replicate set size to reduce simulation noise.

The following figure shows the same type of series graph for a bootstrap run
with this data set and model but with the replicate set size increased from
100 to 1000 and the number of replicate sets increased from five to eight.
Note that making these increases will result in a greatly extended running
time for the full bootstrap process — up to several hours in this example.

_loix]

oo, =0.171(~0.124)

nars

oo+

| | | |
T T T T
2 3 [ 8

|Znnm|1llll j Select | Help |uiew last: ISI]I] j Iraw data j Iseries j |

As we might have expected, this graph is less erratic and we can therefore
have more confidence that the bootstrap has converged. In fact it looks rea-
sonably stable after set 4. From an original estimate of 0.144, the bootstrap
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process eventually produces a bias corrected estimate of 0.171.

The complete running mean sequence for the last replicate set of this run
appears as follows:

=

oo, = 0.171~(0.124)

ozs5£

o2 f
0z:f
o= —_
o214
00
0.9
oief

E | : : | :
a0 oo (=01 a0 1000

IZoomI 100 j Select | Help |viewlast: |1lll]ll j Irunningmeaj Icurrent setj |

To display this graph, the running mean and current set options were
selected from the middle and right pull down lists, respectively, and the
number in the view last: box was increased to 1000. We see that this
replicate set’s result stabilised after between 200 and 400 replicates. This
means that in this example we should have been able to use a replicate set
size of 400 and a series of five sets. It is generally sensible, however, to be
cautious in selecting replicate set sizes and series lengths.

17.4 Diagnostics and confidence intervals

At any stage in the bootstrap process, when viewing a replicate set chain we
can obtain a kernel density plot and quantile estimates that are calculated
from the chain. This is achieved by clicking on the graph in the Trajectories
window for the parameter we are interested in.

The figure below shows the diagnostics obtained for a (bias corrected) repli-
cate set involving 100 replicates:
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s | Bootstrap Diagnostics - |D|l|

&0

kermel depsity
n B n B in

B

parameter walue

Summmary Statistics
paratn nae 534 posterior mean = 0,162 (0.011) 50 ~ 0147 mode ~ 00188

guantiles : 2. 5% ~ 0.000, 5% ~0.000, 50% ~ 0.174, 35%% ~0.394, 97 5% ~ 0.408
Update Diaghostic Settings Help |

Notice first that there is some irregularity in the kernel density plot due to
having too few replicates per set. In this case 500 may be a more suitable
number. The second thing to notice is that the area below zero on the
x-axis is shaded. This occurs because we are viewing a kernel density for
estimates of a variance parameter, and these are usually positive. Although
we allow negative estimates for variances during bootstrap estimation to
ensure consistent bias correction, when we calculate quantiles and summary
statistics, we set to zero any results that are negative.

17.5 Nonparametric bootstrapping

When we considered the single-level example in Chapter 16 with a sample of
100 heights, it was easy to perform a nonparametric bootstrap. We simply
drew samples of size 100 with replacement from the 100 heights. When we
consider a multilevel model where the responses come from different higher-
level units, an analogous approach is problematic.

Consider the tutorial example covered in the first section of the manual,
where we had 4059 students in 65 schools. If we were simply to sample pupils
with replacement then we would generate data sets that do not have the same
structure as our original data set. For example, although a particular school
may actually have 10 pupils, in the first simulated data set it could have
15 pupils generated for it, or even worse, no pupils. On the other hand,
sampling with replacement within each school is problematic because some
schools have very few pupils.

The approach used in MLwiN involves resampling from the estimated residu-
als generated from the model (as opposed to the response variable values). It
may be referred to more precisely as a semi-parametric bootstrap since the
fixed parameter estimates are used. The procedure incorporates sampling
from the unshrunken residuals to produce the correct variance estimates.
The procedure is included here for completeness and is also described in the
Help system.
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The resampling procedure

Counsider the two-level model

Yij = (XB)ij + (ZU); + ey
Ur ={U,,Uy,...}

Having fitted the model, we estimate the residuals at each level as

U — {ﬂo,ﬁl,...},é

If we were to sample these residuals directly, we would underestimate the
variance parameters because of the shrinkage. It is the case that the corre-
lation structure among the estimates within and between levels reproduces
the correct total variance when estimated residuals are used. However the
random sampling with replacement upon which bootstrap sampling of the
residuals is based will not preserve this structure and so will not generally
produce unbiased estimates of either the individual random parameters or of
the total variance and covariance of responses.

One possibility, shown already in this chapter, is to use a fully parametric
bootstrap. This, however, has the disadvantage of relying upon the Normal-
ity assumption for the residuals. Instead we can resample estimated residuals
to produce unbiased distribution function estimators, as follows.

For convenience we shall illustrate the procedure using the level 2 residuals,
but analogous operations can be carried out at all levels. Write the empirical
covariance matrix of the estimated residuals at level 2 in model (1) as

and the corresponding model estimated covariance matrix of the random
coefficients at level 2 as R. The empirical covariance matrix is estimated
using the number of level 2 units, M, as divisor rather than M — 1. We
assume that the estimated residuals have been centred, although centring
will only affect the overall intercept value.

We now seek a transformation of the residuals of the form

U*=UA
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where A is an upper triangular matrix of order equal to the number of random
coefficients at level 2, and such that

UTU* = AUTUA = ATSA =R

The new set of transformed residuals U* now have covariance matrix equal
to the one estimated from the model, and we sample sets of residuals with
replacement from U*. This is done at every level of the model, with sampling
being independent across levels.

To form A we note that we can write the Cholesky decomposition of S in
terms of a lower triangular matrix as S = LgLg” and the Cholesky decom-
position of R as R = LyLg’. We then have

LpLs 'UTU(LrLs™)T = LrLs 'S(Lg")" (Lr)" = Lr(Lr)T = R

Thus, the required matrix is

A= (LgrLs M7

and we can hence find the U* = UA and then use them to bootstrap a new
set of level 2 residuals. MLwiN automatically carries out these calculations
when using the nonparametric procedure.

Example using the British Election Study data set

Although the nonparametric and parametric bootstrap procedures differ in
their methods for creating the bootstrap data sets, they both produce chains
of parameter estimate values. We will now repeat our analysis of the bes83.ws
data set using the nonparametric bootstrap. The seed value of 100 is again
used for the random number generator to produce the results shown in this
section.

To start the example, retrieve the worksheet, set up the model as in Section
17.3 and fit it using first order MQL RIGLS estimation. Note that if you
have just worked through the parametric bootstrap example, the model is
already set up and you simply need to change estimation method to RIGLS
and refit the model.

We now want to select the bootstrap method. Click on the Estimation
control button on the main toolbar and the IGLS / RIGLS options will
appear in the Estimation control window. Ensure that you set both lev-
els to YES in the Allow negative variances box before you click on the
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IGLS / RIGLS bootstrap tab. Now select the nonparametric boot-
strap option from the Method box. We will leave the other parameters at
their default values so that the window appears as below. Having set the
parameters, click on Done to continue.

&M Estimation control 5'
IGLSRIGLE hACHAC IGLS/RIGLS bootstrap

replicate set size I 100 max iterations per replicate | 5

magirurn nurnber of sets |5 " Method

" parametic (% non-parametric

— Replicate starting walues
* OLS " curent population walues

— Dizplay
[~ bias conected estimates

Help | Dine |

We can now repeat the analysis performed in Section 17.3 with the nonpara-
metric bootstrap.

Click on the Start button on the main toolbar to set the nonparametric
bootstrap running. After 60 or so replicates, the bootstrap chain for the first
replicate set of the level 2 variance parameter should look like this:
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We can again switch from uncorrected to bias corrected estimates by checking
the bias corrected estimates box in the Estimation control window.
Doing so and selecting scaled SEs will transform the Trajectories window
as follows:
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In Section 17.3 we saw that running five sets of 100 iterations was not enough
for the parametric bootstrap. A similar result will be seen for the nonpara-
metric procedure. We will skip the illustration of this finding and instead
immediately increase the replicate set size to 1000 and the number of repli-
cate sets to eight. Note again that to run the bootstrap with this model and
data set takes several hours on most computers.

The graph below shows a plot of the (bias corrected) series means for the
level 2 variance parameter using nonparametric bootstrapping. This graph
compares favourably with the graph for the parametric bootstrap, which had
final estimate 0.171(~0.124).
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Here we see that the graph looks fairly stable after step 3, and from an
original estimate of 0.144 the bootstrap eventually produces a bias corrected
estimate of 0.173. The graph of the running mean sequence for the last
replicate set on this bootstrap is as follows:
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We see that this replicate set has stabilised by the time 200 replicates have
been reached. This means that for the nonparametric bootstrap on this
example we could probably have used a replicate set size of 250 and a series
of 5 sets. It is generally sensible, however to select replicate set size and
series lengths that are conservative.

To use the last chain to get interval estimates for this parameter, we first
need to select raw data instead of running mean from the middle drop-down
option box at the bottom of the Trajectories window. This will bring up
the actual chain of 1000 bootstrap replicates in the final replicate set. Now
clicking on the Trajectories window display will bring up the Bootstrap
Diagnostics window as shown below.
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Summary Statistics
param name : g, posterior mean = 0.173 (0.003) 8D ~0.127 mode ~0.136

quantiles : 2.5% ~ 0.000, 5% ~0.000, 50% ~ 0.178, 95% ~ 0.366, 97.5% ~0.395

Update | Diagnosticﬁettingsl Help |

Here we see that running 1000 replicates produces a smoother curve than
seen in the earlier plot for the parametric bootstrap based on 100 replicates.
We again see here that both the 2.5% and 5.0% quantiles are estimated as
zero as they correspond to negative values in the kernel density plot. This
means that for our model, the level 2 variance is not significantly different
from zero.
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Chapter learning outcomes

* How to use the bootstrap options in MLwiN
* How the iterative bootstrap gives unbiased estimates

* The difference between parametric and nonparametric bootstrap-
ping.



Chapter 18

Modelling Cross-classified Data

18.1 An introduction to cross-classification

An important motivation for multilevel modelling is the fact that most so-
cial processes we wish to model take place in the context of a hierarchical
social structure. The assumption that social structures are purely hierar-
chical, however, is often an over-simplification. People may belong to more
than one grouping at a given level of a hierarchy and each grouping can
be a source of random variation. For example, in an educational context
both the neighbourhood a child comes from and the school a child goes
to may have important effects. A single school may contain children from
many neighbourhoods and different children from any one neighbourhood
may attend several different schools. Therefore school is not nested within
neighbourhood and neighbourhood is not nested within school: instead, we
have a cross-classified structure. The consequences of ignoring an important
cross-classification are similar to those of ignoring an important hierarchical
classification.

A simple model in this context can be written as:

YiGk) = @+ Uj + U + i) (18.1)

where the achievement score y;(;r) of the ith child from the (jk)th school
/ neighbourhood combination is modelled by the overall mean «, together
with a random departure u; due to school j, a random departure u; due to
neighbourhood k, and an individual-level random departure e; ;).

The model can be elaborated by adding individual-level explanatory vari-
ables, whose coefficients may also be allowed to vary across schools or neigh-
bourhoods. Also, school or neighbourhood level variables can be added to
explain variation across schools or neighbourhoods.

271
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Another type of cross-classification occurs when each pupil takes a single
exam paper that is assessed by a set of raters. If a different set of raters
operates in each school, we have a pupil / rater cross-classification at level
1 nested within schools at level 2. A simple model for this situation can be
written as:

Yaje = @+ Uk + € + € (18.2)

where the rater and pupil effects are modelled by the level 1 random variables
eir and ej;. The cross-classification need not be balanced, and some pupils’
papers may not be assessed by all the raters.

Yet another example involves repeated measures. Suppose a sample of differ-
ent veterinarians measured the weights of a sample of animals, each animal
being measured once. If independent repeat measurements were made by
the vets on each animal, this would become a level 2 cross-classification with
replications within cells. In fact, we could view the first case as a level 2
classification where there just happened to be only one observation per cell.
Many cross-classifications will allow such alternative design interpretations.

Let’s return to our second example involving the schools and raters. If the
same set is used in different schools, then raters are cross-classified with
schools. An equation such as (18.1) can be used to model this situation, where
now k refers to raters rather than neighbourhoods. If in addition, schools are
crossed by neighbourhoods, then pupils are nested within a three-way rater /
school / neighbourhood classification. For this case we may extend equation
(18.1) by adding a term w; for the rater classification as follows:

YiGrly = @+ Uj + Up + U + i) (18.3)

If raters are not crossed with schools, but schools are crossed with neigh-
bourhoods, a simple formulation might be:

Y(ig) (k) = O+ Uk + U + €k1) + €j(ki) (184)

where now 7 refers to pupils, j to raters, k to schools, and [ to neighbourhoods.

Other applications are found, for example, in survey analysis where inter-
viewers are crossed with enumeration areas.



18.2. IMPLEMENTATION IN MLWIN 273

18.2 How cross-classified models are imple-
mented in MLwiN

Suppose we have a level 2 cross-classification with 100 schools drawing pupils
from 30 neighbourhoods. If we sort the data into school order and ignore the
cross-classification with neighbourhoods, the schools impose the usual block-
diagonal structure on the N x N covariance matrix of responses, where N is
the number of students in the data set. To incorporate a random neighbour-
hood effect we must estimate a non-block-diagonal covariance structure.

We can do this by declaring a third level in our model with one unit that
spans the entire data set. We then create 30 dummy variables-one for each
neighbourhood-and allow the coefficients of these to vary randomly at level
3 with a separate variance for each of our 30 neighbourhoods. We constrain
all 30 variances to be equal.

We can allow other coefficients to vary randomly across schools by putting
them in the model as level 2 random parameters in the usual way. If we
wish the coefficient of a covariate — a slope — to vary randomly across
neighbourhoods, the procedure is more complicated. We must create 30
new variables that are the product of the neighbourhood dummies and the
covariate. These new variables are set to vary randomly at level 3. If we wish
to allow intercept and slope to covary across neighbourhoods, we require 90
random parameters at level 3: an intercept variance, a slope variance and
an intercept / slope covariance for each of the 30 neighbourhoods. As before
we constrain the intercept variances, the covariances and the slope variances
to produce three common estimates. The SETX command is provided to
automate this procedure.

It is important to realise that although in this example we have set up a
three-level MLwiN structure, conceptually we have only a two-level model,
but with neighbourhood and school crossed at level 2. The third level is
declared as a device to allow us to estimate the cross-classified structure.
The details of this method are given in Rasbash & Goldstein| (1994)).

18.3 Some computational considerations

Cross-classified models can demand large amounts of storage for their esti-
mation and can be computationally intensive. The storage required to run a
model, in worksheet cells, is given by:

=L
Bneb +npb+ > Arb + 2br iy (18.5)
=1
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where

b is the number of level 1 units in the largest highest-level unit

n. is the number of explanatory variables

ny is the number of fixed parameters

L is the number of levels in the model

7, is the number of variances being estimated at level [ (covariances add no
further space requirements)

Tmax 1S the maximum number of variances at a single level

In cross-classified models, n. will be large, typically the size of the smaller
classification, and b will be equal to the size of the entire data set. These facts
can lead to some quite devastating storage requirements for cross-classified
models. In the example of 100 schools crossed with 30 neighbourhoods,
suppose we have data on 3000 pupils. The storage required to handle the
computation for a cross-classified variance components model is:

I=L
3neb +ngb + Z 4rib 4 2brpax
=1
3% 30 % 3000 + 3000 + 4(3000 + 3000 + 30 * 3000) + 2 * 3000 * 30

that is, some 840,000 free worksheet cells. If we wish to model a slope that
varies across neighbourhoods, then the storage requirement doubles.

These storage requirements can be reduced if we can split the data into
separate groups of schools and neighbourhoods. For example, if 40 of the 100
schools take children from only 12 of the 30 neighbourhoods, and no child
from those 12 neighbourhoods goes to a different school, then we can treat
those 40 schools by 12 neighbourhoods as a separate group. Suppose that
in this way we can split our data set of 100 schools and 30 neighbourhoods
into 3 separate groups, where the first group contains 40 schools and 12
neighbourhoods, the second contains 35 schools and 11 neighbourhoods and
the third contains 25 schools and 7 neighbourhoods. We can then sort the
data on school within group and make group the third level. We can do
this because there is no link between the groups and all the covariances we
wish to model are contained within the block diagonal matrix defined by the
group blocks.

For a cross-classified variance components model n, is now the maximum

number of neighbourhoods in a group, that is 12, and b is the size of the
largest group, say 1800. This leads to storage requirements of:

3% 12 % 1800 + 1800 + 4(1800 + 1800 + 12 % 1800) + 2 * 1800 * 12
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that is, about 210,000 free worksheet cells.

Finding such groupings not only decreases storage requirements but also
significantly improves the speed of estimation. The command XSEArch is
designed to find such groups in the data.

18.4 Modelling a two-way classification: An
example

In this example we analyse children’s overall exam attainment at age sixteen.
The children are cross-classified by the secondary school and the primary
school that they attended. The model is of the form given in equation (18.1)
where u; is a random departure due to secondary school and u; is a random
departure due to primary school. The data are from 3,435 children who
attended 148 primary schools and 19 secondary schools in Fife, Scotland.

The initial analysis requires a worksheet size of just under 1000 k cells, less
than the default size for an MLwiN worksheet. Note that the default size
can be changed from 5000 k cells using the Options menu.

Retrieve the worksheet xc.ws. Opening the Names window shows that the
worksheet contains 11 variables:

Variable Description

VRQ A verbal reasoning score resulting from tests pupils took
when they entered secondary school.

ATTAIN | Attainment score of pupils at age sixteen.

PID Primary school identifying code

SEX Pupil’s gender

SC Pupil’s social class

SID Secondary school identifying code

FED Father’s education

CHOICE | Choice number of secondary school attended
MED Mother’s education

CONS Constant vector
PUPIL Pupil identifying code

In the following description we shall be using the Command interface
window to set up and fit the models. A two-level variance components model
with primary school at level 2 is already set up. To add the secondary school
cross-classification, we need to do the following: create a level 3 unit spanning
the entire data set; create the secondary school dummies; enter them in the
model with random coefficients at level 3 and create a constraint matrix
to pool the 19 separate estimates of the secondary school variances into
one common estimate. We declare the third level by typing the following
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command:

The remaining operations are all performed by the SETX command, whose
syntax is given at the end of this chapter.

The first component specified on this command is the set of columns with
random coefficient at the pseudo-level introduced to accommodate the cross-
classification; in our case, this is a single column, CONS. The pseudo-level
(3) is specified next. Then comes the column containing the identifying codes
for the non-hierarchical classification, which in our case is SID.

The SETX command requires the identifying codes for the cross-classified
categories to be consecutive and numbered from 1 upwards. If a different
numbering scheme has been used, identifying codes can be put into this
format using the MLREcode command. Here is an example:

Our secondary and primary identifying codes are already in the correct for-
mat so we do not need to use the MLREcode command.

The dummies for the non-hierarchical classification are written to the next
set of columns. The dummies output are equal in number to k*r where k is
the number of variables in <explanatory variable group> and r is the number
of identifying codes in <ID column>. They are ordered by identifying code
within explanatory variable. The constraint matrix is written to the last
column. In addition the command sets up the appropriate random parameter
matrix at level 3.

To set up our model, enter the following command:

If you examine the settings by typing the SETT command, you will see
in the Output window that the appropriate structures have been created.
Before running the model we must activate the constraints by typing
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The model will take some time to run. Four iterations are required to reach
convergence. The results are as follows:

Parameter | Description Estimate (SE)
on; Between-primary-school variance | 1.12 (0.20)

o2, Between-secondary-school variance | 0.35 (0.16)

o? Between-individual variance 8.1 (0.2)

« Mean achievement 5.50 (0.17)

This analysis shows that the variation in achievement at age sixteen at-
tributable to primary school is three times greater than the variation at-
tributable to secondary school. This type of finding is an intriguing one for
educational researchers and raises many further issues for further study.

Explanatory variables can be added to the model in the usual way to attempt
to explain the variation.

We must be careful if we wish to create contextual secondary school vari-
ables using the ML** family of commands (or equivalent instructions via the
Multilevel Data Manipulation window). The data are currently sorted
by primary school, not secondary school, as these manipulations require.
Therefore the data must be sorted by secondary school, the contextual vari-
able created, and the data re-sorted by primary school.

18.5 Other aspects of the SETX command

When more than one coefficient is to be allowed to vary across a non-
hierarchical classification, in some circumstances you may not wish the co-
variance between the coefficients to be estimated. This restriction can be
achieved most easily by using two successive SETX commands. The follow-
ing three examples illustrate this approach.

Example 1

» SETX 'CONS' 3 'SID' C101-C119 C20

This sets up the data for the cross-classified variance components model we
have just run.
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Example 2

Assuming the model is set up as in example 1 and the constraint matrix is
activated, if we now type

» SETX 'VRQ' 3 'SID' C121-C139 C20

we shall have the structure for estimating the variance of the coefficients of
VRQ and CONS across secondary schools. The intercept / slope covariance
will not be estimated. If you want to run this model, you will be told that
you need to increase the worksheet size.

Example 3

The commands shown in this example section 3 are for demonstration only.
The model suggested here will not converge with the current data set.

If no cross-classified structure has yet been specified and we type

» SETX 'CONS' 'VRQ' 3 'SID' C101-C119 C121-C139 C20

we shall have the structure for estimating the variances of the coefficients
of VRQ and CONS across secondary schools and their covariance. If you
wish to issue this SETX command following the previous analysis you must
first remove all the explanatory dummy variables (see below).

The SETX command adds the constraints it generates to any existing con-
straints that have been specified with the RCON command. Any additional
random-parameter constraints must be activated using RCON before issuing
any new SETX command. In particular, when elaborating cross-classified
models with more than one SETX command, you must be sure to activate
the constraint column generated by the first SETX before issuing second
and subsequent SETX commands. Failure to do so will cause the first set
of constraints not to be included in the constraints output by the second
SETX command.

One limitation of the SETX command is that it will fail if any of the dummy
variables it generates are already in the explanatory variable list. One situ-
ation where this may occur is when we have just estimated a cross-classified
variance components model and we wish to expand it to a cross-classified
random coefficient regression model in which slope / intercept covariances
are to be estimated. In this case typing
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» SETX 'CONS' 'VRQ' 3 'SID' C101-C119 C121-C139 C20

will produce an error message, since C101-C119 will already be in the ex-
planatory variable list. The problem can be avoided by removing C101-
C119 and then entering the SETX command:

» EXPL 0 C101-C119
» SETX 'CONS' 'VRQ' 3 'SID' C101-C119 C121-C139 C20

Note that if the random constraint matrix is left active, the above EXPL
0 command will remove from the matrix the constraints associated with
C101-C119, leaving only those that the user had previously specified.

After a SETX command, estimation must be restarted using the STARt
command or button.

18.6 Reducing storage overhead by grouping

We can increase speed and reduce storage requirements by finding separate
groups of secondary/primary schools as described above. The XSEArch
command will do this.

Retrieve the original worksheet in xc.ws. We can search the data for sepa-
rated groups by typing

» XSEArch 'PID' 'SID' C13 Ci4

Looking at C13, the column of separated groups produced, in the Names
window, we see that it is a constant vector. That is, no separation can be
made and all primary and secondary schools belong to one group. The new
category codes in C14 therefore span the entire range (1 to 19) of categories
in the original non-hierarchical classification. This is not surprising since
many of the cells in the 143 by 19 table contain very few individuals. It is
this large number of almost empty cells that makes separation impossible.
In many circumstances we may be prepared to sacrifice some information by
omitting cells with very few students. We can omit data for cells with less
than a given number of individuals using the XOMIt command.

In our case we can omit cells containing 2 or fewer members by typing
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If we now repeat the XSEArch command exactly as before, we find that
c13, the group code column, contains 6 unique group codes (1, 2, 3, 5, 7
and 13) indicating that six groups have been found. The new category codes
have a range from 1 to 8 indicating that the maximum number of secondary
schools in any group is eight. You can use the Tabulate window to produce
tables of secondary school and primary school by group. This confirms that
with our reduced data set no primary school or secondary school crosses a
group boundary.

We now sort the data by primary school within separated group. The group
codes are now used to define a block diagonal structure for the variance-
covariance matrix at level 3, which reduces the storage overhead and speeds
up estimation. The following commands set up the model:

Notice that the new category codes in C14 running from 1 to 8 (the maximum
number of secondary schools in a separated group) are now used as the
category codes for the non-hierarchical classification. This means we now
need only 8 as opposed to 19 dummies to model this classification.

Estimation proceeds more than four times faster than in the full model, with
very similar results.

Parameter | Description Estimate(se)
o between primary school variance | 1.10(0.20)

o2, between secondary school variance | 0.38(0.19)

o2 between individual variance 8.1(0.2)

a mean achievement 5.58(0.18)

18.7 Modelling a multi-way cross-classification

The commands described above can also be used to model multi-way clas-
sifications. For example, our secondary school by primary school cross-
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classification could be further crossed, say by neighbourhoods, if neighbour-
hood identification was available.

In general we can model an n-way classification by repeated use of the

XSEArch command to establish a separated group structure and then re-
peated use of the SETX command to specify each classification.

18.8 MLwiN commands for cross-classifications

The commands used here are described in the MLwiN Help system. Their
syntax is as follows:

XOMIt

XOMIt cells with not more than <walue> members from the cross-
classification defined by <input column-1> and <input column-2>
{carrying data in <input data group>} results to <output column-
1> <output column-2> {and carried data to <output data group>}

XSEArch

XSEArch for separable groups in the cross-classification defined by
<column-1> and <column-2> putting separated group codes in <group
ID column> and new categories in <new ID column>

The first two columns describe the cross-classification to be searched.
The non-hierarchical classification is specified by <column-2>. If
separable groups can be found, they are assigned group codes 1, 2,
etc. and these are placed in <group ID column>. The category codes
of <column-2> are then recoded in <new ID column> to run from 1
within each group.

SETX

SETX set a random cross-classification, with coefficients of <explanatory
variable group> random at level <walue> across categories in <ID
column>, storing dummies in <output group> and constraints in
<constraints column>

<explanatory variable group> specifies the variables whose coefficients
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we wish to vary randomly across the non-hierarchical classification.

Chapter learning outcomes

+ What a cross-classification is

* How to set up and fit a cross-classified model




Chapter 19

Multiple Membership Models

Multiple membership models are used in situations where level 1 units belong
to two or more higher-level units. In a longitudinal study of school students,
for example, many will change their schools and thus ‘belong’ to more than
one school during the study. When modelling such data, a student receives a
weighted combination of residuals from all the schools to which the student
belongs. To allocate the school effects appropriately, we need to construct a
set of weights for each student that specify the student’s school membership
pattern.

19.1 A simple multiple membership model

Let’s examine a simple variance components model of this kind. Suppose
that we know, for each individual, the weight m;;,, associated with the j,-th
secondary school for student i (for example, the proportion of time spent in

Jo
that school) with > m;;, = 1.
jo=1

2
Vit = (XB)igin) + D _ 2 s, + €4

J2
2. uf g, = mu®
J2
T 2 2
2) {ug )7. (2)

u? =

..U/JZ
™ = {7T1,...7TJ2A}
Wjj; = {71'1]'2,...71']\[]'2}

where N is the total number of students and u®is the J, x 1 vector of
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secondary school effects. This is therefore a two-level model in which the
level 2 variation among secondary schools is modelled using the J; sets of
weights for student ¢ (my,...7,,) as explanatory variables, with 7, the N x
1 vector of student weights for the joth secondary school. We have

V&I‘(USS)) =02,

cov(uﬁ)ug)) =0

(2) _ 2 2
var( E uj, Tijy) = Oing Tiia
J2

J2

These models can also be extended to deal with cases where higher-level unit
identifications are missing. For details of these models with an example see
Hill & Goldstein| (1998).

There are two new commands that together can be used for specifying such
multiple membership models. These are WTCOI and ADDM.

Note that the last letter of the command WTCOI is a letter ‘I’ rather
than a number ‘1°.

Let’s first consider the use of the WTCOI] command. Suppose we have a
model with pupils nested within schools and we have only one response per
pupil. However, some pupils attend more than one school during the study
and we know the identities of the schools they attended and have information
on how much time they spent in each school.

Similarly to a cross-classified model, we create a set of indicator variables, one
for each school. Where a pupil attends more than one school they require the
indicator variable for each school they attended to be multiplied by a weight,
which for example could be based upon the proportion of time the pupil
spent at that school. The indicator variables for all the schools the pupil did
not attend are set to zero. It is this set of weighted indicator variables that is
made to have random coefficients at level 2. As with cross-classified models,
level 3 is set to be a unit spanning the entire data set and the variances of
all the indicator variable coefficients are constrained to be equal.

The WTCOI command can be used to create the weighted indicator vari-
ables. If we have 100 schools and the maximum number of schools attended
by a pupil is 4 then the WTCOI command would be

» WTCO1 4, id columns C1-C4, weights in C5-C8, weighted
indicator columns output to C101-C200
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Suppose pupil 1 attends only school 5, pupil 2 attends schools 8 and 9 with
proportions 0.4 and 0.6 and pupil 3 attends schools 4, 5, 8 and 6 with pro-
portions 0.2, 0.4, 0.3 and 0.1. Then the id and weight columns for these 3
pupils would contain the data

cl ¢2 ¢3 ¢4 b 6 7 8
5 0 0 0 1 0 0 0
8 9 0 0 04 06 O 0
4 5 8 6 02 04 03 0.1

The first 9 columns of the output for these three children would be

cl01l 102 ¢c103 c104 c105 ¢l106 ¢107 ¢108 ¢109
0 0 0 0 1 0 0 0 0
0 0 0 0 0 0 0 04 0.6
0 0 0 02 04 0.1 0 0.3 0

The second command is the ADDM command. This command adds sets
of weighted indicator variables created by the WTCOI command to the
random part of the model at level M and generates a constraint matrix that
defines the variances estimated for each set of indicators to be equal. It is
possible to have more than one set of indicators if you wish to allow several
random coefficients to vary across the multiple membership classification.

Continuing from the example outlined in the description of the WTCOI com-
mand, we first consider a variance components multiple membership model.
In this case we enter:

If we wish to allow the slope of an X variable, say “PRETEST”, in addition to
the intercept, to vary randomly across the multiple membership classification,
we must then form another set of indicators that are the product of the
original indicators and “PRETEST”. To do this enter:
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The first LINK command puts the original indicators in group 1 (G1), and
the second sets up a group (G2) for interactions. The CALC command
creates the interactions. The ADDM command will place the two sets of
indicators in the random part of the model as well as associated covariance
terms between the two sets and establish the appropriate constraints in C20.

Note that the ADDM command will not add its constraints to any
existing constraints in the model.

19.2 MLwiIN commands for multiple mem-
bership models

The commands used here are described in the MLwiN Help system. Their
syntax is as follows:

WTCOI <value> id columns <group 1> weights in columns <group 2>
weighted indicator columns to <group 3>

ADDM <value> sets of indicators at level <value>, first set in <group>,
second set in <group>, ..., constraints to <column>

Chapter learning outcomes

* What a multiple membership model is

* How to specify a multiple membership model in MLwiN
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