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Chapter 1
The theory

1.1 Introduction

The name SAUL is an acronym for Structural Analysis of a Univariate Latent
Variable. The purpose of such an analysis is to relate a latent variable to on a
number of explanatory variables, such as gender, age, method of instruction
used, etc. Conceptually, the analysis is a panel of a more general part of a
multivariate analysis, which essentially consists of two parts.

The measurement model In this model the k-variate variable ’item re-
sponses’ is explained by a unidimensional latent trait, usually denoted
#. There are two problems associated with the measurement model: the
item parameters have to be estimated and the validity of the model has
to be tested. The model that is used most of the time at Cito is the
OPLM-model. The advantage of this model is that item parameters
can be estimated without making any assumption about the distribu-
tion of # in the population. This is accomplished by using the CML
method of estimation.

The structural model In survey research, one is usually interested in a
description of the distribution of # in the population. Such a description
may be fairly simple, such as estimating the mean and the variance
of 0 in the population, but may also be quite complicated by asking
questions like ’is there a difference in the mean € of boys and girls’ or
’is there a change in mean 6 from one period to another’, or even more
complicated: ’has the difference between boys and girls changed over
time?’ The important thing to notice is that these questions are not
asked with respect to observed test scores (for example, the number
of correct responses), but with respect to the latent variable 6. The



program SAUL is a tool to carry out the computations needed for such
analyses.

Relation between the two models The measurement model accounts for
the relation between the items and the latent variable 6, while the
structural model accounts for the relation between # and one or more
background variables. It should be stressed that the approach we use in
SAUL does not assume that in some way estimates of the §-values are
available. The input for the program essentially consists of two main
parts: (i) the item-responses as well as the values of the background
variables must be present (in one or two files, as will be explained
later), and (ii) a table of the item-parameters, since the program will
not estimate these but use the values supplied by the user. Usually
this table is contained in a file that is produced by the program that
estimates the item parameters. For the current version of SAUL the
only file that is accepted is a *.PAR file produced by the estimation
module OPCML. This means that within SAUL the item parameter
estimates are considered as ’true’ values. The disadvantage of such an
approach is that estimation errors in the item parameter estimates are
ignored. The advantage of the approach is that measurement model
and structural model are nicely separated, such that the sample used
for calibration may be different from the sample used to estimate the
structural model.

1.2 Regression Analysis

1.2.1 Basics

The basic model in SAUL is a univariate regression analysis, where the de-
pendent variable (or the criterion as it is sometimes called) is not observed.
Therefore, it may be instructive to compare the regression model used in
SAUL to the common regression model which is widely used in applied sta-
tistics.

We will use a simple example to demonstrate the similarities and the dif-
ferences between the two approaches. Suppose we have a measure of math-
ematics proficiency on a sample of students. Such a measure could be the
score obtained on a mathematics test. Represent the score of student ¢ as
Y;. Suppose we want to estimate the difference between the mean score of
boys and girls (in the population!), assuming we have a random sample from
the boys population and a random sample from the girls population, and to
decide whether the difference between the means is zero or not zero. For
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the decision we can use a statistical procedure like a t-test or an analysis of
variance, but we can also use a regression approach. To do this we have to
recode the values of the variable gender (which are ’boy’ and ’girl’) to nu-
merical values. Usually, for a variable like gender, which can take only two
values, we recode to the numerical values 0 and 1. By doing this we create a
numerical variable, which we will denote by Xj;. For the example we define
this variable as follows:

1 if student i is a girl
Xu=
0 if student 7 is a boy

The regression model contains two parts. The first part is given by the
regression equation:

Yi=p+ 0, X1 +e (1.1)
where g2 and (3, are (unknown) numbers which apply to all students and
€; is also an unknown number, but it can vary from student to student.
This number is called the residual. The first purpose of such a model is to
estimate the unknown numbers i and 3; from the data we have. Although
this is possible without adding more assumptions, it is useful to add one more
assumption which makes it possible not only to estimate parameters, but also
to test statistical hypotheses and building confidence intervals. This second
assumption says that the residuals are normally distributed with mean zero
and an unknown variance o2?. We write this formally as

g; ~ N(0,0%) (1.2)

The unknown numbers p and 3, are called regression coefficients, and o2
is called the residual variance. To have a nice interpretation of the regres-
sion coefficients we compute the mean test score (or what is the same: the
expected test score) in the population of the girls and in the population of
the boys. This gives for the boys

E(Yle = 0) = ;1,+ﬂ1 x 0+ E(Eile = 0)
and we see that p is the mean of the test score in the population of boys,
or more generally, in the population that has received the coding zero for
the variable X;. This population is called the reference population, and the

value of the original variable (boys’) is called the reference value. By the
same technique we find that for the girls

E(Yle = 1) = [l,+,31 X 1+E(E,;|X1 = 1)
= p+p5
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and we see that the difference between the mean of girls and boys is (k+ B1)—
p = B;. So we see that 8, is the difference between the mean of the girls
population and the reference population. If 3, is positive, the girls do better
than the boys, and if negative, the boys do better. The difference between
the mean of girls and boys is also called the gender effect.

The assumption (1.2) says that the variance of the scores in the boys
population and in the girls population is the same. This equality of variances
is called homoscedasticity in statistical theory. It may be the case that this
assumption is not true, and then more complicated techniques have to be
used. In this manual, however, we will assume that assumption (1.2) is
adequate.

The model that is used in the program SAUL has the same structure
as (1.1) and (1.2) above, with one very important exception: the depen-
dent variable is not observed, and in the equation it is substituted by the
unobserved (latent) variable 6:

0; = p+ P Xu+ e (1.3)

Of course, the model as it stands is not of much use, if we have no information
about #. This information is contained in the observed item-responses, and
the exact relation with the item responses is given by the measurement model.
If the observed item responses of student i are represented by Y1, Yiz, - - -, Yi,
the model can be represented schematically as

Y;
Y;
: —Oi=p+p X5 te (1.4)
Yi

where Lthe « represents the relation between the item responses and 6. In
this way one can understand what the program needs as input: for the left
hand side of (1.4) we need to give all the item responses, and for the right
hand side the value of the background variable (in the example, the gender
converted to a numerical code) are needed. But we must also supply the
precise nature between # and the item responses. This is done by telling
the program which measurement model is used (in our case this is always
OPLM), and by supplying a list of the item parameters. For the program
this list is contained in the PAR file which is issued by the program OPCML.
The program SAUL reads this file; so it is not required to produce a special
file.

Now we discuss two important differences between the use of (1.1) and
(14).



1. The first is on the interpretation of the residual ¢;. Sticking to the ex-
ample that the background variable X; is gender, and assuming that
6 is mathematical ability, the residual ¢; in (1.3) says that in the sub-
populations of boys the mathematical ability is not constant: some
boys are more able than other boys. The equation (1.2) tells us how
big these differences are. This is given by the variance o2. If we can
estimate this variance accurately we know how big the differences are
in the subpopulation of boys. Of course, the same argument applies to
the subpopulation of girls. Now suppose, we do not have a program like
SAUL, but we decide to substitute 6 in (1.3) by an estimate of 6, (The
program OPCML. and the program OPLAT provide several estimates
of 6, which we will indicate here as .) Notice that, although we do not
observe the real f-value of students, we can produce for every student
an estimate. So, this estimate is observed, and we could use the model

0: = p* + Bi X+ €] (1.5)

It will be clear that two persons having the same # will usually not
have the same estimate, because of the estimation error. This means
that in (1.5) we introduce an extra source of variation, the estimation
error, and the consequence will be that

aZ(e*) > o%(e)

Which means that the residual €} is now a mixture of the estimation
error and the true deviation from the subpopulation mean. Moreover
the regression coefficients p and 3, in (1.3) will in general differ from the
coefficients p* and A7 in (1.5). How big the difference will be depends
on which estimator of 6 is used.

2. The model (1.1) assumes that the variable Y; can be meaningfully com-
pared across students. In practice this will mean that all students have
made the same test. It is possible to adapt the model a bit such that it
can be used with different tests, but in such a case one will have to show
that all different tests measure the same concept. If one uses (1.3), and
one has done a good calibration (showing that all items measure the
same 6), then the model can be used also in case different students have
made different tests. It is even perfectly justified to apply the model
if all students have had a different test consisting of one item. Notice
by the way that different tests may be used if (1.5) is used as a model,
but in the case of one item tests, the model will produce gross errors.



Summarizing then: use of model (1.3) is to be preferred because the
residual is not contaminated by estimation errors of individual #-values and
because different tests, even tests consisting of one item, can be used to
estimate the regression parameters and the variance o2. It does not follow
from this that using just one item response per student will give the same
results as using data where students have answered several items. We will
come back to this problem in the section about statistics.

1.2.2 Dummy coding

To have a good understanding of regression analysis, it is important to make
a distinction between two kinds of regressors (or independent variables). The
regressors we discuss in the present section are measurements at the nominal
level (qualitative variables). In the next section some words will be devoted
to continuous regressors.

Measurement on a nominal level means that the categories of the variable
have the role of identification labels, and that no intrinsic numerical relation
exists between these categories. The standard example of such a variable
is gender, which can take two different values: ’boy’ and ’girl’. Even if we
recode these values to numerical values ’0’ and ’1’, it does not follow in any
way that girls are in any respect higher valued than boys. In particular
it does not imply that girls do or will do better on the dependent variable
than boys. So the codes 0 and 1 are just arbitrary numerical codes, and
the conclusions of our analysis will not change if we use another coding. We
could have reversed the coding (0 for the girls and 1 for the boys), or we
could have used quite different values for the numerical coding, for example,
3 for the boys and 11 for the girls, as long as we do not use the same value
for boys and girls (because then, the distinction between boys and girls is
lost.) The advantage of choosing a coding of 0 and 1 is that the regression
coefficients have a nice and easy interpretation: the additive coefficient (x in
equations (1.1) and (1.3) ) is the expected value of the dependent variable
in the subpopulation with the reference category 0, and the coefficient 3; is
the difference between the expected values of the subpopulation with code 1
and the reference population.

In cases the regressor variable is nominal but has more than two cate-
gories, we cannot suffice with a single numerical regressor; instead we need
m — 1 regressors (X3, Xa,...,Xm—1) if the nominal regressor has m cate-
gories. As an example, assume that we want to estimate the covariation
between the test score (or the underlying latent ability) and the instruction
method which has been used in the schools of the student. Assume further
that in the country m = 4 different methods for mathematics instruction
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have been used, which are called ’A’, 'B’, ’C’ and 'D’. To estimate the influ-
ence of each method, we need m — 1 = 3 numerical regressors, X;, X, and
X3 which can be constructed in the following way:

method X; X X3
A 0O 0 O
B’ 1 0 O
C 0O 1 0
D’ 0O 0 1

(1.6)

The regression equation, similar to (1.3), can then be written as
0; = p+ 01 X1 + B2 X2i + O3 Xs + &
and using (1.6) we find

E(f|method =’A’) = E(0|X; =0,X,=0,X3=0) = p
E(f|lmethod = 'B’) = E(#|X; =1,X,=0,X3=0)=p+ 0,
E(f|lmethod = ’C’) = E(6| X1 = 0,X, =1, X3 = 0) = p+ B, (L.7)
E(f|method =’D’) = E(0| X1 =0,X, =0,X35=1)=p+ (3

and, again we see that, for example, 3, is the difference in expected ability
between students having used method ’C’ and method ’A’, the reference
category.

This way of coding categorical variables is called dummy coding. Of
course, to give the correct interpretation we must not forget how we applied
the coding, or in the example, the table in (1.6) must not be forgotten.

1.2.3 Continuous regressors

As an example, we take age as an explanatory variable (regressor) of the
dependent variable. We assume that age is expressed in months, and that
the average age in the population we are interested in is about twelve and
a half years or 150 months. We denote the variable ’age’ as X;. A simple
model is the following:

0 = p+ 01 X1+ €&

which is formally the same as (1.3), but now the variable X; is continuous.
How can the regression coefficients now be interpreted? If we insert O for the
variable X; we find that

E(0]| X1 =0) = u



which claims that the average ability of children at their birth equals u,
which of course is ridiculous. For the interpretation of f3;, let’s take two
subpopulations: in the first subpopulation the age is 161 months, in the
second subpopulation the age is one monthless: 160 months. We compute the
average ability in both subpopulations and then take the difference between
the two averages:

E(6)X,=161) = u+ B, x161
E(6]X, =160) = u+fB; x 160

giving as difference
E(0|X; = 161) — E(0|X, = 160) = 5,

It is not difficult to see that we would have found the same difference if we had
used ages of 154 and 153 respectively, or whatever ages which differ exactly
one month. This gives us a nice interpretation of §;: it is the average increase
(growth) in ability per unit of age (month), or in other words, the model says
that with every additional month of age, the average ability increases with
the value 3, independently of where we take this difference on the age scale.
If we make a graph where age is plotted against average ability, this graph
will be a straight line with slope equal to 3,. Therefore we say that the model
is a linear model, and (3, is sometimes called the slope parameter.
We add three comments to this model

1. Speaking of ability ’at birth’ does not make much sense; so the parame-
ter i does not have a nice interpretation. To give it a nice interpretation
one sometimes transforms the regressor variable: instead of taking the
absolute age, one takes the deviation of the age to some reference age,
which is usually a good representative value of the age of the population
one is interested in. Here this could be 150 months. An the regression
equation becomes

9.,: = U + .Bl(Xli — 150) +€;
so that y is now the average ability of students of 150 months old.

2. The preceding model is of course completely equivalent to the first one.
A relevant critique is that the model is linear. If the total age span in
the population is rather moderate (say one year or so) this model might
be a good approximation to reality, but if the age span is large (say
more than five years) then we know from developmental psychology
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that the average ability is not developing in a linear way, but flattens
off at older ages. So the graph giving the relation between age and
average ability should not be a straight line but a curve which flattens
as age increases. Sometimes one tries to approximate such a curve
by a polynomial of degree two or higher. If one chooses degree two,
one assumes that this curve can reasonably well be approximated by a
parabola, which means that the relation between ability and age should
also take the square of the age into account. So a suitable model for
such a case might be

0 = p+ By (Xyi — 150) + Bp(Xi — 150)* + &

It is important to notice that we use here only one regressor (age), but
we use it in a polynomial equation of degree two, and therefore we need
the two regression coefficients 5; and 3,. Such models are sometimes
indicated as polynomial regression.

3. The program SAUL does not take continuous regressors. So if we want
to use age as a regressor we will have to make it a categorical variable.
Usually we do this by defining a number of intervals, say m, and then
using m — 1 dummy variables as in the case of nominal variables. In
principle there is no objection to take a large number for m (for exam-
ple, by using intervals of one month), but in doing so we will need to
estimate a large number of regression parameters, each based on rela-
tively few observations, and as a consequence these estimates will have
a large standard error, i.e. they will not be very stable. Therelore it is
advisable to be as parsimonious as possible on the number of dummy
background variables.

1.2.4 Simpson’s paradox

Until now we considered only models with one single regressor, but in most
applications we are interested in more than one regressor, because even in
elementary approaches, we usually will be convinced that the variation in
the dependent variable can be explained by more than one regressor vari-
able. Although extension of the regression model to more than one regressor
is very simple, the interpretation of the regression coefficients may become
problematic and give rise to a number of wrong interpretations.

We will use an example which is partly realistic. In the Flemish part of
Belgium the Catholic educational system for boys and girls in primary and
secondary education was completely separated until some years ago, while
the public system has always been integrated. But the catholic system is
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very dominant and comprises the large majority of students. Since a number
of years the separation of boys and girls has been abolished, such that every
student has access now to every school. But this does not mean that from
one moment to the other the distribution of gender in all schools is even.
Especially in secondary education, former girl’s schools still have a large
ma jority of girls and vice versa in former boy’s schools.

Let us assume that there are basically two methods of instruction used
in the Flemish schools, method ’A’ and method ’B’ say, and let us assume
that former girl’s schools have a preference for method ’A’ and former boy’s
schools have a preference for method 'B’. As a consequence of the unbalanced
distribution of gender across schools, method 'A’ will be used primarily for
the instruction of girls and method B’ for boys. Suppose the contingency
table (the bivariate distribution) of the two variables is as follows

boys girls total
A’ | 0.07 | 0.38 | 0.45
‘B’ 043 | 0.12 | 0.55
total 05 05 1

The numbers in the table are proportions. This means that 50% of the
students are boys and 50% are girls, and that the two methods are not
equally popular: method ’B’ is used more often than method ’A’. But the
most important feature of the table is the fact that the two variables are
not independent: of the girls population 100 x 0.38/0.5 = 76% use method
’A’, while this is only the case for 100 x 0.07/0.5 = 14% of the boys. It is
precisely this lack of independence of the background variables which causes
the problems in the interpretation, as we will see next.

To set up the model we define two dummy variables: X; for gender (’boy’
as reference category) and X, for method (method ’A’ as reference category).
To make the distinction between the two background variables clear, we will
use the greek letter a; as symbol for the regression coefficient of the gender
variable and 3, for the coefficient of the method variable. The regression
equation is then given by

0 = p+ a1 X+ B Xai + € (1.9)

Table (1.8) indicates that the total population is partitioned into four sub-
populations. Using the definition of the dummy variables, we can compute
the expected ability in each of the four subpopulations. Theses expected
values are given in the next table:

(1.8)

boys girls
A’ 7% | n+ o (110)
B | p+06; |l p+ar+ 5
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If we subtract the first row from the second row, the difference is 3, for the
boys column as well as for the girls column. So we see that the effect of
method 'B’ (as compared to method ’A’) is 3; or the method effect for short.
Likewise, if we subtract the first column from the second, the difference is a;
in both rows. So «; is the effect of the category ’girl’ (as compared to the
category ’boys’), or the gender effect for short.

We can choose numbers for the parameters in order to make the table a
bit more concrete. Suppose 1 = 100, &; = 2 and B; = 5. For this choice
of parameter values we find the expected abilities in the four subpopulations
being:

boys girls
'A’ [100 | 102 (1.11)
‘B’ | 105 | 107

and we can conclude that girls score on the average 2 units higher than boys,
irrespective of the method used, and that instruction with method 'B’ gives
on the average a score which is 5 points higher than instruction with method
'A’, irrespective of gender.

In the two subpopulations, students having had method ’A’ and ’B’ re-
spectively, girls do better than boys. One could be tempted to conclude that
therefore in the whole population the average of the girls will be higher than
the average of the boys. But this conclusion is not correct, as can easily
be shown by combining the tables (1.8) and (1.11). In the girl’s popula-
tion, 100 x 0.38/0.5 = 76% used method ’A’ and 24% used method ’B’. The
weighted average in the total girls population is therefore

E(6|X1=1)=0.76 x 102 + 0.24 x 107 = 103.2 (1.12)
and by a similar reasoning we find that for the boys
E(0|X; =0) =0.14 x 100 + 0.86 x 105 = 104.3 (1.13)

This paradoxical finding that girls perform worse than boys in general,
while they do better in each subpopulation is known as Simpson’s paradox.
It is clearly caused by the fact that in table (1.8) gender and method are
not independent, which means that in the subpopulations of girls and boys,
the variable method does not have the same distribution. This paradox is
virtually always at work in survey research because the regressors we use
are almost never independent. We give some additional comments on this
paradox.

1. The difference between the overall mean of girls and boys (103.2 —
104.3 = —1.1) is the value of the regression coefficient for gender we
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would have found if we had done the regression analysis with only gen-
der as regressor. So with only gender, we find —1.1 as gender effect,
and with an additional regressor (method) we find +2 as gender effect.
This is a quite dramatic change (because the algebraic sign reverses),
but in general we speak of Simpson’s paradox if the regression coeffi-
cient of a regressor changes if one or more other regressors are added
to the model. So this paradox is almost always present; the only case
where it is not present is the case where all regressors are mutually
independent, and this usually does not occur in survey research. In the
example used above we can also find out what the method effect would
have been if we used it as the only regressor, leaving out gender. We

find
0.43 0.12
and 0.07 0.38
(|2 0) 0.45X 00+[1.45X0 01.69

giving a method effect of 105.44 —101.69 = 3.75, which is definitely less
than the effect of 5 units that we have if gender is added as a second
regressor. Finding two different values for the methods effect is also an
example of Simpson’s paradox.

. The presence of this paradox is at the heart of all problems analysts
encounter when they have to report results to the public or to policy
makers. In such reports answers are requested to simple questions such
as: ”do girls perform better than boys, or not?” The answer is not
simple, as is shown in the example. From (1.12) and (1.13) we know
that in the general population the average ability of girls is below that
of boys, but at the same time, we know (at least partially) how to
explain this difference: the boys have used in great majority the best
of the two available methods, and the majority of the girls has used the
worst method. So we might argue that the comparison is not fair, and
try to correct it by adding 'method’ as a second regressor. As a result
we find that if we control for the variable method, girls do better than
boys. So what we would like to report is that if boys and girls would
have used the same method (or more exactly if gender and method
would have been independent in the population) we would find that
girls do better than boys. Explaining this kind of subtle differences in
the results proves to be quite hard in practice.

. The preceding explanation can help us in formulating a general rule for
the interpretation of the results of a regression analysis with multiple
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regressors which are binary dummy variables. We first give the rule in
the form of a formula. Suppose we use k regressors, and we concentrate
on one of the regressors, regressor j say. Next we consider two subpop-
ulations. In the first subpopulation it holds that the dummy variable
X; = 1, and the other dummy variables have some value, which can
be chosen arbitrarily. In the second population X; = 0, and the other
dummy variables have the same value as in the first subpopulation.
Then the regression coefficient 3; is the difference between the average
ability in the first and the second subpopulation:

E(0|X1 = .’111,...,Xj_1 = (lfj_l,Xj = 1,---;Xk = mk)
— E(0|X1 =$1,...,Xj_1 =$j_1,Xj = 0,...,Xk=$k) =/8j

We can formulate this a little bit differently: 3, the difference in average
ability between a subpopulation having a 1 on the dummy variable X
and the subpopulation having the reference category, where all other
regressor variables have the same value in both populations, or in short
all other things being equal (which is often expressed in Latin: ceteris
paribus). In the example, we say that the gender effect (or in the
notation we used in the example: the regression coefficient o) is the
difference between average ability of girls and boys if the other regressor
has the same value, or more concrete, if boys and girls use the same
method. Another expression which is used in regression literature is to
say this is the gender effect if we control for method.

. The example of this section is also a nice starting point. to warn us for
unjustified optimism. If we do a regression analysis with only gender,
we find a negative effect for girls; if we add method as regressor, we find
a positive effect for girls, but we don’t know if there isn’t a third variable
that would cause, when added, the girls effect become negative again
or positive but larger than the effect we have hitherto. If there is such
a variable which we do not include in the model, we are said to make a
specification error, but since we are never sure wether such a variable
exists, we can never conclude on the basis of regression analyses that
the regression coefficient for gender expresses a difference between boys
and girls that is completely due to gender and not (partly) to another
variable that is confounded with gender. The only thing which we can
deduce from the example given above is that the difference between
girls and boys of 2 points is not due to differences in methods used,
because we have controlled for this difference. So the only conclusions
from a regression analysis of which we can be sure, are formulated in
the negative.
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1.2.5 Interactions

In the previous section, an example was discussed with two regressors - gender
and method - and the model essentially said that the effect of method was
the same for boys and girls and similarly, that the effect of gender was the
same in both methods. Such a model is nice, and leads to relatively easy
interpretations. For example, one could say, that the average performance of
girls is two points more than the average performance of boys, and this holds
irrespective of the method. But reality may be more complex: it might be
that the difference between boys and girls is 2 points if method ’A’ is used,
but more than or less than 2 points if method "B’ is used. So the answer to
the question: ”do girls perform better than boys?” may need a nuance, for
example: ”it depends: if method ’A’ is used, girls obtain on the average 2
points more, but if method ’B’ is used, their score is 1 point less than that
of the boys.” We can make this situation visible in the following table of
expected abilities in the four subpopulations (compare to table (1.11)):

boys girls
A’ | 100 | 102 (1.14)
‘B’ | 105 | 104

Comparing tables (1.11) and (1.14) we see a marked difference: in (1.11),
the difference between second and first row is 5, and the difference between
second and first column is 2. In table (1.14) this is no longer the case,
and we need to give a distinction: the difference between method ‘B’ and
A’ is 5 points in the subpopulation of boys, but it is only 2 points in the
subpopulation of girls.

If such a distinction is necessary, we say that there is an interaction
between the variables gender and method. It is very important to distinguish
the notion of interaction and the notion of lack of independence between the
two regressors. Dependence or independence between gender and method can
be decided upon without looking at the dependent variable. (This means,
we can construct table (1.8) without knowing anything about the ability we
measure by the test; it is the kind of information that could be provided by
the national office of statistics.) If we speak about interaction we mention
the joint effect of two (or more variables) on the dependent variable. If we
say that there is interaction, we mean that the joint effect of gender and
method on ability cannot be explained by the simple sum of the main effect
of gender plus the main effect of method. We need something more, and this
something is called the interaction effect.

The modeling of interaction effects when we use dummy variables is quite
easy. In the case of the example, we define a third dummy variable which is
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just the product of the two other dumnmy variables:
X3 =X; X X2
from which it immediately follows that

1 for girls under method ’B’
X3 =
0 otherwise

and we add this regressor X3 to the regression equation, giving
0; = p+ o1 Xy + 1 Xoi + (0f) 11 X3: + €

Here we use some funny notation for a regression coefficient. The symbol
af placed between parentheses does not mean a product of two coeflicients,
but should be read as a single symbol. Its notation immediately says that
it denotes the coefficient of an interaction of the variable for which we used
the symbol a (gender) and # (method) respectively. The reason why we use
a double subscript (11) will be clear shortly. It is easy to check that we can
reproduce table (1.14) with g = 100, a; = 2, #; = 5 (which is the same as
before) and (af);; = —3

We end this discussion with an indication on how to model interaction
if nominal variables with more than two categories are used. Suppose that
in the example above, three methods (A’, 'B’ and ’C’) were used instead of
two. To model main effects of gender and methods as well as the interaction
between gender and method we need five dummy variables, defined as follows:

X = 1ifstudent i is a girl

1 if student Z used method ’B’
X3; = 1 if student i used method 'C’
X1: X Xo; (interaction)

X5 = X1 x X3; (interaction)

o
I

2
I

In the notation introduced earlier, we will then write the regression equa-
tion as

0; = p+ a1 Xy; + 01 Xo: + B2 X3 + (0811 Xai + (af)12X5: + &

Here we see that we need two regression coefficients (3; and 3,) to express
the method effect: one for comparing method "B’ to the reference category
(method ’A’) and one to compare method 'C’ to the reference category. (The
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methods ’C’ and "B’ can be compared by taking the difference 8, — 3,. Sim-
ilarly, we need two regression coefficients to model the interaction between
gender and method: one which expresses the special effect of the combination
girl and method B’ ((8)1:) and one for the combination girl and method
'C ((aB)ra).

In general if we want to model the interaction between two categorical
variables having m and p categories respectively, we will need to add (m —
1) x (p— 1) extra dummy variables and regression coefficients. Fortunately,
the program SAUL automatically generates all dummy variables for main
effects and interactions that are wanted.

1.3 The Statistics of Regression Analysis

1.3.1 Estimates and standard errors

In the examples of the preceding section, we always used a specific number
for the regression coefficients, suggesting that these coefficients are known (at
least to somebody). In practice, however, these coefficients are not known
and must be estimated from the data. The resulting values, the estimates,
are not the real coefficients, but the real coefficients plus an estimation error.
To have an idea of the size of the estimation error, the standard error is
estimated as well as the coefficient itself. The standard error as well as the
estimate are used to construct statistical tests. This will be illustrated with
two examples.

Example 1. Suppose we do a regression analysis with one regressor, gender,
where ’boys’ as before is considered to be the reference category. The
regression coefficient (3, is the difference in average ability between girls
and boys. As a result of the regression analysis we find the estimate 31,
which is not the true (3;. If the estimate differs from zero, it might be
the case that the true coefficient does not differ from zero. Therefore we
may wish to test the (null) hypothesis that 8; = 0. The test statistic
is, just as in a common t-test given by

—~

_ :61 _AO — 61’\
SE(B,) SE(B)

where SE(ﬁl) stands for the estimated standard error. Theoretically
the value found for ¢ must be compared with the critical value of the
t-distribution, but in practice the standard normal distribution will be
a good alternative. (That is why the symbol ¢ is often replaced by
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the symbol z.) So if ¢ is larger than 1.96 in absolute value and we are
testing two-tailed at the 5% significance level, the null hypothesis (of
no difference between boys and girls) will be rejected. Otherwise the
null hypothesis is not rejected. It is very important that one interprets
this latter statement correctly: it does not mean that we have 'proved’
in some sense that there is no difference; it only says that we have no
evidence that there is a difference. And these two things are not quite
the same. (A good, although not perfect, comparison is in the legal
area: suppose your wallet is stolen and you suspect x of having stolen
it. If you cannot prove x has done it, you will not necessarily conclude
that he did not steal it. Maybe you will search for further evidence;
otherwise you have to keep your mouth shut. On the other hand, if
you can prove that x did steal your wallet, you can start whatever legal
action against him.)

Example 2. Suppose we do a regression analysis using the variable 'method’
as a regressor, where 'method’ refers to an instruction method, which
can be method A, method B or method C. As explained above, we will
have to create two dummy variables. Suppose we choose method A
as the reference category, give the dummy X; a value of 1 in case of
method B and the dummy X5 a 1 in case of method C. Now we have
to estimate two regression coefficients 3, and [3,. Suppose we find the
following estimates and standard errors:

estimate stand. error t
B 0.80 0.34 2.35 (1.15)
B, 1.20 0.37 3.24

The two t-values indicate that both estimates differ significantly from
zero, (and since they are positive) indicate that the average ability
under methods B and C are both larger than under method A. Or more
generally, the testing of the significance of a regression coefficient tests
always the difference between the average ability of a certain category
and the reference category. But in the present case, we may ask one
more interesting question. It can be seen from the table that the effect
of method C is estimated to be larger than the effect of method B. But
also here, we have to ask ourselves if this difference of 1.20—0.80 = 0.40
units is statistically significant. The test statistic is

(B-2)-0  (B-B)
t= — = s
SE (,31 —,32) SE (JBI - 132)

19




Of, course the difference between the two estimates can easily be com-
puted from Table (1.15), but the standard error of this difference cannot
be computed exclusively from the numbers given in the table, because
the two estimates 3; and (3, are correlated, and to compute the stan-
dard error of the difference we need an estimate of this correlation. In
the program SAUL this correlation is computed, but not printed in the
output. The pairwise differences of all regression coefficients, however,
are tested in the way described here, and the corresponding ¢-values
are given in the output. So, if a variable has five categories, four tests
on the four regression coefficients are computed, and six tests on the
pairwise differences are computed as well.

1.3.2 The size of the standard errors

The size of the standard errors is influenced by a number of factors. In
this subsection we give three of them which are common to all regression
analyses and a fourth factor which is specific to latent regression analysis, i.e.,
a regression analysis where the dependent variable is not observed directly,
but only indirectly by a number of discrete response variables (the answers
to the items). We discuss these factors in turn.

1. The sample size (n). This is the most important factor. The rule
which applies here is that the standard error decreases proportionally
with the square root of the sample size. If one carries out an analysis on
a sample, and one finds standard errors which are twice as large as one
would wish, one can halve them by increasing the sample to four times
the size of the present sample: the standard error will then be reduced
by a factorv/4 = 2. Notice that this rule is exact, but that in practice
one will not find this exact relationship, because one cannot compute
the exact standard error in practice, but only estimate it. Therefore the
above rule will only apply approximately to estimated standard errors.

2. The balance of the design. Suppose we do a regression analysis using a
single binary regressor such as gender, and suppose the total number of
observations is fixed at some value, 1000 say. One could do a regression
analysis with 500 boys and 500 girls, but one could also use a sample
of 800 boys and 200 girls. Both are acceptable (as long as the sampled
boys are a random sample from the population of boys, and similarly
for the girls) in the sense that the estimate of the regression coefficient
will not be distorted systematically. (It does not matter whether the
proportion of boys in the sample does or does not correspond to the
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proportion in the population.) But it does matter for the accuracy of
the estimation: the standard error will be smallest if an equal number
of boys and girls is used. There exists a good rule to compute the loss
of efficiency when one uses unbalanced designs. The rule is that the
standard error in an unbalanced design is approximately equal to the
standard error in a balanced design where the number of observations
in each category is equal to the harmonic mean of the numbers one
uses actually in the unbalanced design. In the example the harmonic

mean is given by .

300 1 800

This means that we would obtain an equally accurate estimate of the
regression parameter with a sample of 320 girls and 320 boys, as we
obtain now with 200 girls and 800 boys. (The harmonic mean is the
reciprocal of the arithmetic mean of the reciprocals; if the numbers are
not all equal, the harmonic mean is smaller than the arithmetic mean.)
It is important to take this aspect into account when planning a sur-
vey. Suppose the total population consists of two important subgroups
(e.g. nationalities), one of which is numerically much more important
than the other. If one plans to treat group membership as a regres-
sor, the estimate of the regression coefficient will be more accurate if
one samples an equal number from each group, than when one samples
proportionally. Such a sampling scheme is called stratified sampling or
stratification.

. Correlation between the regressors. In the section on Simpson’s para-
dox it was argued that the lack of independence between the regressors
may cause problems in the interpretation of the regression parameters.
Dependence between the regressors has also an influence on the stan-
dard errors of the estimates of the regression coefficients. In general
one can state that the stronger the dependence, the larger the standard
errors will be. In the limit case, where there is total dependence, the
standard error goes to infinity, meaning that the regression coefficients
cannot be estimated. An example of total dependence is the follow-
ing: Suppose all boys were instructed with instruction method A and
all girls with instruction method B. In such a case it is impossible to
estimate the effect of gender and method. One says that the variables
gender and method are confounded. To have an idea of the effect of
the dependence of the regressors on the accuracy of the estimate, an
artificial example has been investigated. Seven cases are studied using
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the following design

boys girls total

meth. A my1 Nni2 500
meth. B N21 Mg 500
total 500 500 1000

If ny; = 250, gender and method are independent (If one of the cells
is fixed, the others are fixed as well because the margins of the table
are fixed). For the seven cases the value of ny; is consecutively equal
to 250, 290, 330, 370, 410, 450 and 490. In the last case there is no
confounding, but the dependence between method and gender is very
strong. For each of the seven cases an artificial data set is created using
30 items, and with true effects of 0.5 for gender and 0.8 for method.
The regression coefficients and their standard errors are estimated with
the program SAUL. It turned out that in all cases the two standard
errors were vitually equal. In Figure 1 they are plotted against the
value of n;.

standard errors of regression estimates
0.3

0.25 /
0.2

£ /
L]
B 015
B //
& 01
% = _________,..—I—"'_
005
0 . : ; : . .
250 290 330 370 410 450 490
n(1,1)
Figure 1

It is clearly seen that the standard error increases with increasing de-
pendency, but, fortunately, the effect becomes dramatic only if the
dependency is very strong. In the strongest case the standard error is
four times as large as in the independence case. Moreover, the Figure
suggests clearly that the standard error will grow very fast if we make
the dependence still stronger. Therefore, it is always advisable to check
the design for strong dependencies, and to remove regressors which are
too tightly connected with other regressors. In practice this is not al-
ways easy, because it may happen that one regressor or a combination
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of several regressors is strongly dependent on a combination of other
regressors. There exist special multivariate techniques to check for de-
pendencies, but discussion of them is beyond the scope of this manual.
The program SAUL, however, does detect cases where regressors are
confounded.

. The fourth factor is the reliability of the dependent variable. The relia-
bility depends primarily on the number of items. (The item parameters
play an important role as well, but this will not be discussed here.) It
can be expected that with a less reliable dependent variable, the re-
gression parameters will be estimated less accurately than with a more
reliable measurement instrument. To illustrate the effect of the relia-
bility on the standard errors, a number of analyses on artificial data
were carried out using two regressors with the same effect as in the
previous example. For the measurement model, the Rasch model was
used with all difficulty parameters being equal. A single data set was
created with 50 items, then the calibration was done, and after that a
series of regression analyses were carried out using different numbers of
items. The results are displayed in Figure 2.

Standard errors as a function of test length
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Figure 2

The standard errors for the two regression parameters were equal, but
in the Figure the standard errors for the estimates of x (mu) and o
(var) are displayed as well. We give some comments on this Figure.

(a) All three curves seem to level off if the number of items increases
towards a limit (which may different per parameter) but which
certainly is not zero. This is quite natural: if the number of
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(b)

items goes to infinity, we can estimate the §-value of each person
without error, but even in this case, this does not mean that we
can estimate the regression coefficients without error, because we
do have only a finite number of persons in our sample.

In the example used (n = 1000, the two regressors are orthogo-
nal and perfectly balanced), we see only serious changes in the
standard error if the number of items is less than about 10 to
15. In the example a test with 15 items has a reliability of about
0.80. The practical implication of this is that we cannot gain very
much in accuracy of estimation by making the test more reliable
(by lengthening it) The real gain in accuracy has to come from
increasing the sample size.

For short tests (say no more than five items), the loss in accuracy
for the estimate of the residual variance is much more dramatic
than for the other parameters.
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Chapter 2

The programs SLIN, SLPRE
and SAUL

2.1 Introduction

As argued in the introduction of the previous chapter, a latent regression
model is a structural model which takes an (accepted) measurement model
for granted. Practically, this means that to apply latent regression, the item
parameters must be known, and their values must be made available to the
regression program. The program SAUL (which does the actual computa-
tions) assumes that the measurement model used is OPLM. So in order to
run SAUL the item parameters (as well as the discrimination indices) must
be available in a *.PAR lile, crealed by OPCML.

To run SAUL, however, two other programs have to be run beforehand:
SLIN and SLPRE. After SAUL has finished its computations, the results
of the latent regression analysis are available to the user, but sometimes
another result is wanted in survey research. As was explained in the first
chapter, regression coefficients can be interpreted as differences in conditional
means: what is the difference in performance between boys and girls if all
other regressors are kept constant. But sometimes one may be interested in
marginal means: what is the average performance of boys and girls in the
target population. Estimates of marginal means cannot be computed from
a regression analysis without further assumptions. These assumptions will
be discussed at length in Chapter 3, and at the same time a fourth program
of the package, RAPPORT, will be introduced. The four programs OPIN,
SLPRE, SAUL and RAPPORT, however, are tightly related by a system of
files. In Figure 3 a general overview of the system is given in the form of a
flow chart. All programs and files will be discussed in detail in this and the
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next chapter.

DATALI (a)
DATA2 (a,0)
REFPOP (b,0)
JOBNRILSCR (b) SAULDEF (a)
L[ somsuo
| 4
JOBN2PAR (b) JOBN.SIN (a) »| JOBN.WBO (b)
JOBNBER (b)
! ‘
> JOBNSBO (b) RAPPORT
JOBNSLF (a) JOBNEFF (a)
a: ASCII file
b: Binary file
o: Optional

We start with a short discussion of the three programs SLIN, SLPRE and

SAUL.

1. SLIN. This is an interactive program which asks for the specifications
of the analysis. This specifications are to be input via the keyboard
and are saved in a binary file having the extension ’.SLI’. The program
can be used also to edit an existing *.SLI file. The program will be

Figure 3. Flow chart of the SAUL package

discussed in the next section.

2. SLPRE. This program processes the data (item responses and back-
ground variables) to compute tables of statistics according to the spec-
ifications of the user (and stored on a *.SLI file) and creates a number
of files. Two of these files are the input for the program SAUL. Another
file is prepared for a special application (the program RAPPORT; see
next chapter). The program SLPRE is discussed in section 3 of the

present chapter.
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3. SAUL estimates the coefficients of the specified regression model and
creates two output files: a text file (with extension *.SLF’) which con-
tains a full report on the results of the regression analysis and a binary
file which is the input for the program RAPPORT. The program is
discussed in detail in section 4 of this chapter.

All files created by the three programs have the same file name. The files
which must be available to run the programs can have arbitrary names. As
a generic name for the file name of the output files, the name JOBN will
be used in this manual. There are three (optionally four) input files with
arbitrary names, but two of them have compulsory extensions. For these
files we will also use generic names in this manual. Here is a short overview.

1. JOBN1.SCR. This is a *.SCR file created by the program OPIN. Some
of the information in this file is used, other information is ignored.
The information that is used is the specific booklet structure of the
item responses, the set status of the items (indicating which items are
included in or excluded from the analysis) and the format of the data
file. The name of the data file in the *.SCR file, however, is ignored,
as well as all specifications which are specific for an OPLM analysis.

2. JOBN2.PAR. This is a (binary) parameter file created by the program
OPCML. It must contain item parameter estimates of all items which
have the ’on’ status in the JOBN1.SCR file, but it may have more. The
maximum score of these items must match in both files; the value of
the discrimination index is read from the JOBN2.PAR file, the values
in the JOBN1.SCR file are ignored. In standard applications the names
JOBN1 and JOBN2 will be equal, but this is not compulsory.

3. The data file. In the present manual this file will be designated as
DATA1. It must contain the booklet identification and the item re-
sponses in a format which corresponds to the FORMAT statement in
the JOBN1.SCR file. Besides that, this file contains all or some of the
regressor variables that can be used in the latent regression analysis.
The name used for the DATAL file is completely arbitrary, but it must
be a legal DOS file name. If not all regressors are contained in this
file, the remaining ones must be supplied in a second data file, which
is discussed next.

4. The second data file, with generic name DATA2. In many instances
the data in the sample are hierarchically organized, such as for exam-
ple, students within schools. If one wants to use a regressor which
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has the same value for each student within a school, one can put this
value on each student record in the data file DATA1, but one can also
prepare a separate data file which contains only the school variables.
The program SLPRE will merge the two data files. For this merging
to be possible, the two files DATA1 and DATA2 must contain an iden-
tification field for the school. Both data files must be sorted on the
identification field in ascending order. Using this mechanism, it is also
possible to submit all student regressor variables via a separate file.
In such a case the two files DATA1 and DATA2 must have a unique
identification field per student (i.e. per record in the DATA1 data file.)
If all regressor values are contained in the DATAL1 file, no DATA2 file
is specified. The name used for the DATAZ2 file is completely arbitrary
but it must be a legal DOS file name.

As to the location of the files, the following rule applies: all required input
files must be in the same directory (folder), to be specified via the interactive
program SLIN, and all output files, with the exception of the *.SLI file are
placed in the same directory (folder) as well. If no directory name is specified,
the default directory is used. The location of the JOBN.SLI file (created by
SLIN) is located in a directory specified by the user in the Save Menu of the
program SLIN.

2.2 The program SLIN

e Purpose: user specifications for a latent regression analysis.

e Components: an initial menu (Init Menu), a Save Menu and one appli-
cation screen.

e Input files: none (everything is input via the keyboard) or an existing
*.SLI file (to be edited).

e Output file: a *.SLI file or nothing.

e Command: SLIN <CR> or SLIN [path]JJOBN[.SLI] <CR>

The program SLIN, as well as other programs in the package use a number
of auxiliary files which must be available at run time. A complete list of these
files, and instructions how to install them is given in the Appendix.
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2.2.1 The Init Menu

This menu appears on the screen if the command SLIN <CR> is used. It has
five options, which may be reached using the cursor, or typing the highlighted
key (hotkey). Choices are confirmed by tapping the Return key (<CR>).

e Init. By choosing this field, the program switches immediately to the
screen which has to be filled out completely via the keyboard.

e Directory: Choosing this option allows to specify the directory where
the existing *.SLI file one wants to edit is to be found. Leaving this
field blank specifies the current directory.

e File: If there exist one or more *.SLI files in the directory specified in
the preceding field, the name of one of them will be displayed here.
Typing <CR> moves the cursor to the name field, where the name can
be changed. Typing *.* or *.SLI will produce a list of the existing *.SLI
files, from which one may be chosen with <CR>. Typing <CR> when
on the name field makes SLIN move to the screen, where the contents
of the chosen *.SLI file are displayed and are ready to be edited.

e Start File: has the same function as file. It can be reserved for a general
template of a *.SLI file.

e Quit: returns control immediately to DOS. -

2.2.2 The Application Screen

The screen contains four components, three of which have to be filled out
completely, and one which is optional (the Komment field). Each component
consists of one or more fields, indicated by a name which contains one capital
letter. The combination of the Alt key with this letter moves the cursor to
this field. The key combination Ctrl-F1 (indicated as “F1 on the bottom
line of the screen itself) gives a screen with general information (in a very
condensed style) on how to control cursor movements in the screen, and some
other general information. The key combination Ctrl-F2 (indicated as ~F2)
gives help on the meaning of the field where the cursor resides. Help screens
can be left by tapping a key. When filling out a field, confirmation by typing
Enter is required. The four components are discussed in turn next.

Files

e dlIrectory. Specify the path where the input files are to be found and
where all output files (with the exception of the *.SLI file; see the

29



subsection on the Save Menu) are to be stored. Leaving this field
blank selects the current directory.

Data file: the name of the DATAL1 file. Upon confirmation of this
field with <CR> the user is prompted for the format of the regressor
values on the DATALI file. Notice that the format for the booklet in-
formation and the item answers is read from the format specification
in the JOBN1.SCR file. Example: suppose two regressor values are
contained in the DATALI file, one in position 35, and a two digit value
in the columns 45 and 46. Then the two following expressions are valid
and equivalent formats:

(T35,I11,T45,12)
(34X,11,9X,12)

The example gives the three descriptors which can legally be used in a
format statement: 'T'n’ means: position the reading head at position n,
i.e. read from that position on. This is an absolute tab, not a relative
one. 'nX’ means: skip n positions. 'In’ means: read an integer number
of n positions. A repetition factor may be used with the I-descriptor.
711 means: read 7 numbers of one position each. Notice that an opening
and a closing parenthesis are compulsory. Lower case letters 't’, ’x’and
I’ are also allowed. Further comments on this format will be given
in the subsection on background variables. It is possible to use the
booklet variable or an item response as a regressor. If one wants to
do so, booklet number or item response must be part of the list of the
background variables (see below), and the format must correctly point
to them, in the same way as for the other background variables. In
fact, if the booklet number is at the same time a regressor, it is read
two times when the program SLPRE reads the data from DATA1: once
as booklet number, using the format specification in JOBN1.SCR and
once as regressor using the present format.

High file (optional): the name of data file DATA2. Upon confirmation
of this name, the user will be prompted for the format of the back-
ground variables which are contained in DATA2. The rules are the
same as with DATA1. Upon confirmation of this format the user will
be prompted for the identification key which is necessary to merge the
two data files. To this end, a small screen appears which asks for three
pieces of information: (1) the first element is the first position of the
identification string in the data file DATA1; (2) the second element is
the first position of the identification string in the data file DATA2 and
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(3) the third element is the length of the identification string. (maxi-
mum is 10 positions). Notice that the identification string may contain
any alphanumeric character, whereas the regressor values must be nu-
meric (and integer).

e Refp file: this file will be discussed in the chapter on the program
RAPPORT. If only a regression analysis is wanted, this field may be
skipped.

e format: this field cannot be reached directly. An entered format, how-
ever, can be made visible (and edited) by putting the cursor on the
fields Data file or High file, and typing Ctrl-V. The format field is quit
without modification by typing 'Esc’. Changes have to be confirmed
with ’Enter’.

e Scr file: the name of the JOBN1.SCR file
e Par file: the name of the JOBN2.PAR file

e jobName: the common name of all output files from SLIN, SLPRE,
SAUL and RAPPORT. It must be a legal DOS file name. The generic
name in the present manual is JOBN. See for further comments also
the section on the Save Menu.

Background variables

e #backGround variables. Iinter the number of background variables
which will (possibly) be used in a regression analysis. The variables
used in an actual regression analysis are specified in the model compo-
nent, but they must be a subset of the variables specified here.

e Nr: after confirmation of the number of background variables, a list
of mumbers appears in this field. For each of the background variables
three additional fields must be entered (see below). The field Nr it-
self cannot be reached by the cursor. The first variable has a special
status, which is not relevant for the regression analysis, but for the pro-
gram RAPPORT. It will be discussed in the chapter on the program
RAPPORT.

e laBel: This is the label for the regressor variable. The label has a
maximum length of 8 characters. These labels will appear in the output
of SAUL and RAPPORT. '
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e daTa: the number of categories the regression variable can take. The
program SAUL assumes that category values are numeric and take val-
ues 1, 2,.... If this is not the case in the data files DATA1 and DATA2,
the user has to recode the values on the data files to consecutive integers
1, 2,.... This can be accomplished using the recode statement, which
is discussed in the subsection Komment further down. After confirma-
tion of the number of categories, a subscreen appears, where for each
category a label can be entered. While editing a screen, this subscreen
can be reached by placing the cursor on the number of categories and
typing Ctrl-V. The subscreen is left unaltered by typing 'Esc’; changes
must be confirmed with "Enter’.

e reFp: Usually the value entered here is the same as the value in the
daTa field. The program RAPPORT, however, accepts a smaller value.
This will be discussed further in the Chapter on RAPPORT. The value
entered here has no influence on the regression analysis.

e leVel: for each variable, it must be indicated whether it has to be read
from the file DATA1 or DATAZ2 by entering a 1 or a 2 respectively. The
association between the numbered variables, the leVel and the data files
is governed by the format statements, specified when the name of the
data files are confirmed. The general rule is that the format must point
to the variables in the order in which they appear in the variable list
for each of the data files separately. The following example shows this
for 6 background variables.

Nr laBel daTa leVel data file position

1 Stratum 3 2 DATA2 34
2 Gender 2 1 DATA1 12
3 Weight 3 1 DATA1 11
4 Ethnicity 4 1 DATA1 14
5 Age 3 1 DATA1 15
6 Method 4 2 DATA2 32

The column position tells where the value of the regressor variable is
to be found in the relevant data file. The formats appropriate for both
data files are

DATAL: (T12,11,T11,11,T14,212)
DATA2: (T34,11,T32,11)

Notice that the tab descriptor (T) is suited for moving backwards in
the record; the skip descriptor (X) cannot be used for 'back skipping’.
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A valid format for DATAL1 is also (11X,I1,T11,I1,2X,212); T11 cannot
be replaced by a skip descriptor.

Model

Specifying the model is done by typing the numbers of all background vari-
ables which are to be entered as regressors. The numbers of the variables
are separated by a blank or a comma. They may appear in any order. We
discuss five examples, which all refer to the table in the preceding section.

e Only main effects. Typing 1 2 6 specifies a regression model with the
variables Stratum, Gender and Method as regressors. Only main effects
will be estimated. For these three variables, (3—1)+(2—1)+(4—1) =6
regression parameters are to be estimated. Since in every analysis the
additive parameter p and the residual variance o2 have to be estimated
as well, this yields a total of 8 parameters. The program SAUL accepts
analyses with a maximum of 126 parameters to be estimated.

e Main effects and interactions (1). It is also possible to ask for the
estimation of interaction effects. Suppose one wants, besides the main
effects of the preceding example, to estimate also the interaction effects
of Stratum and Gender. This is done by typing [1 2] 6. Notice that it
is not possible to estimate interaction effects without at the same time
estimating the main effects of the variables involved in the interaction.
It is not necessary for the user to compute the interaction dummy
variables. This is implicitly done by the program SLPRE. The dala
files submitted by the user are not altered.

e Main effects and interactions (2). The model specification [1 2] [2
6] makes SAUL to estimate the main effects of the three variables
Stratum, Gender and Method, the interaction effects of Stratum and
Gender and the interaction effects of Gender and Method. The num-
ber of interaction parameters is (3 —1) x (2 —1) = 2 for [1 2] and
(2—1) x (4—1) =3 for [2 6]. So for this model a total of 8 + 5 = 13
parameters have to be estimated. The interactions discussed in this
and the preceding example are called first order interactions, because
only two variables are involved in each interaction.

e Higher order interactions. The model specification [1 2 6] means that
the main effects of the three variables have to be estimated, as well as
the three first order interactions and the second order interaction effects
of the three regressors jointly. Logically this way of specifying quite

33



complicated models can be generalized to more than three variables.
The present versions of the programs SLIN and SAUL, however, do not
allow for higher order interactions. They will be implemented in future
versions.

e Empty model. If no model is specified, the regression analysis estimates
the additive parameter u and the variance o of the latent variable.

Komment - skip - recode - group

The comment field can be reached by typing AltK, and is left by typing ’Esc’
(’Enter’ will generate a new line).. The field itself serves a double purpose:
the comments entered here will be echoed in the output of SAUL. But this
field also allows a quite extensive control on the way the background variables
are to be treated by the program SLPRE. Therefore three commands are at
the disposition of the user: skip, recode and group. These will be discussed
in turn. To separate the comments from these commands, a separate line
containing three slashes (///) at the first three positions must be entered.
All lines in the Komment field up to the triple slash line are considered as
comments; all lines following the triple slash are interpreted as commands. If
there are no commands, the three slashes are optional. If there are commands
but no comments, the triple slashes are compulsory.

e skip. The syntax of the skip command is
ski[p] BackVar Vall, Val2=Val3,...

where BackVar is the sequence number of the regressor variable (see
the field Nr), Vall indicates a separate value, and the string Val2=Val3
indicates the range from Val2 through Val3. The values Vall, Val2, etc.
designate values as they appear on the data files DATA1 or DATA2.
As an example, assume that the variable Age is expressed in months
on the data file, and that Age has sequence number 5 in the list of
background variables. The command ’skip 5 -100=143,170=999,167’
will cause all records where the age is less than 144 or greater than
169 to be skipped as well as the records where the age is precisely 167
months. Since negative values may appear on the data file, the sign
=" is used to indicate ranges.

e recode. The syntax of the recode command is

rec[ode] BackVar LowVall,HighVall=Catl,...
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where BackVar is the sequence number of the regressor variable (see the
field Nr), LowVall,HighVall indicates the range from LowVall through
HighVall and Catl is the recoded value which applies to this range.
We discuss two examples.

— Assume Gender is regressor number 2, and is coded as 0/1 on the
data file. The program SLPRE requires that the coding of the
regressor values starts at 1. The recode command allows the user
to leave the data file as it is and to recode implicitly the values on
the data file. The appropriate command is

recode 2 0,0=1, 1,1=2

— The current version of SAUL does not allow for continuous regres-
sors. If a variable like Age (expressed in months on the data file)
is to be used as regressor, the recode command can be used to
discretize the continuous Age variable. If Age is the 5th variable,
the command can be, for example,

recode 5 -100,150=1, 151,160=2, 161,999=3

If these three age categories are effectively to be used in the re-
gression analysis, the number of categories specified in the daTa
field must equal 3. The category labels apply to these recoded
values.

e group. Using nominal variables as regressors may lead to models with
many dummy variables, and sometimes one might wish to use more
parsimonious models. This can be accomplished by grouping some
categories together into newly defined categories. The group command
is suited for this purpose. The syntax is

gro[up] BackVar LowCat1,HighCatl=NewCatl "Labell”,...
We discuss two examples.

— Suppose that the user wants to reduce the number of age cate-
gories, as defined in the previous example from 3 to 2, by taking
the former categories 2 and 3 together into a single grouped cat-
egory. Assume moreover, that the category labels in the previous
example were ’young’, 'middle’ and ’old’ respectively. The com-

mand
group 5 2,3=2 ”"medé&old”
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causes the program SLPRE to group the recoded age variable
having values 2 or 3 to be grouped together as category 2. At the
same time the label of this new category will be ”medé&old”, and
the number of values the age variable can take will be reduced
from 3 to 2. The values specified in the daTa field can be left
unchanged.

— As in the previous example, but now one wishes to take together
the original categories 1 and 2, and give this combined category
the label "yngé&med”. This could be effected by the command

group 5 1,2=1 "yng&med”

The effect will be that the regression analysis program will assume
that Age still has 3 categories, but of course, after the grouping no
more records belonging to category 2 will be found, such that the
model is not identified. The program SAUL will detect this, and
will restart the analysis automatically with category 2 implicitly
deleted. One can avoid this restarting with a somewhat more
extended group command:

group 5 1,2=1 "yng&med”, 3,3=2 ”old”

The following rules apply if one uses several of the commands skip, recode
and group:

1.
2.

Each of these commands can apply to only one background variable.

Several commands of the same kind can be used with the same back-
ground variable. Example: the command ’skip 5 2, 9’ is equivalent to
the two commands ’skip 5 2’ and ’skip 5 9’ displayed on two lines.

. Group and recode commands can be logically inconsistent. Although

some inconsistencies may be detected by the program SLPRE, the
built-in checks are not full proof. Results of undetected inconsisten-
cies are unpredicted.

Each use of one of these commands starts on a new line.

The order in which the commands appear in the Komment field is
completely arbitrary

The logical ordering of the commands is as follows: skip takes prece-
dence, then comes recode and then group. The group command applies
to the recoded values if any.
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7. The skip command applies to the record. No other command can be
applied to a skipped record, because it has virtually disappeared from
the data file.

8. The commands group and recode only apply when the background
variable is subsumed in the model (in other cases application would be
futile). The skip command, however, applies also if the variable is not
subsumed in the model.

9. Background variables which take ’out of range’ values (for example
having an explicit code for missing) cause the record to be skipped
only if these variables are part of the model. For example: a record
where the value of gender is out of range will be skipped if gender is a
regressor; otherwise the observed value of gender is not relevant.

2.2.3 The Save Menu

The screen is left by typing F10; the program displays the Save Menu. The
options of this menu are discussed in turn.

e Directory: the directory (folder) where to store the saved specifications.
Notice that the directory specified here may be different from the one
specified in the field dIrectory of the screen.

e File: the file name of the saved specification. By default this name is
the jobName specified in the screen followed by the extension ’.SLI.
Upon confirmation of this name (by placing the cursor on it, and typing
,CR>) one of two things will happen. If a file of this name (in the
specified directory) does not exists, the file is saved and the program
returns to the Init Menu. In case the file exists already, the user is
warned, and asked whether the file can be overwritten or a new name
is wanted. In the latter case the cursor goes back to the file field, where
a new name can be typed. If the file is saved under a new name, the
jobName in the specifications is altered to the name of the file, and
saved with this new name. In this way consistency between file name
and job name is guaranteed.

e Start file: this field acts as the file field, with the only difference that
the name of this file is kept within the system, and will appear in the
start file field of the init menu.

e No save: immediate return to the Init Menu. All specifications in the
screen are lost. None of the existing files have changed.
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2.3 The program SLPRE

e Purpose: reading and possibly transforming the data, preparing stan-
dardized input files for SAUL and creating a special file for use in the
program RAPPORT (see next chapter).

e Components: a single run with phased messages on the screen in a
DOS box

e Input files:

— JOBN.SLI (created by SLIN)

— JOBNI1.SCR as specified in JOBN.SLI

— DATALI as specified in JOBN.SLI

~ DATA2 as specified in JOBN.SLI (optional)

— The Refp file as specified in SLIN (optional) (see the chapter on
RAPPORT)

— The SAUL.DEF file (see the chapter on RAPPORT)
e QOutput files:

— JOBN.SIN, a TXT file with information which is only relevant as
input for the program SAUL

— JOBN.BFR, a binary file, containing tables of statistics in a stan-
dardized and condensed form. This file is input for the program
SAUL. Its contents may be made visible by the utility program
SLLOOK, to be discussed in a separate section.

— JOBN.WBO, a binary file which contains information for the pro-
gram RAPPORT. It will be discussed in the chapter on the pro-
gram RAPPORT.

e Command: SLPRE <CR> or SLPRE [path]JOBN[.SLI] <CR>. In
the former case the JOBN.SLI file which is most recently edited by
SLIN will be used automatically.

While the program runs, it writes three small reports to the screen. After
eachreport it waits until the user hits a key and then continues the processing
or stops. (But see the section on the SAUL.DEF file in the next chapter on
how to suppress this option). We describe these reports in short.
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1. Summary of the contents of the JOBN.SLI file and the SAUL.DEF file.
This report allows the user to check the correctness of the specifications
given in the job specification. The specified formats are displayed in
an easy interpretable way by giving the start position, the end position
and the field length of every variable that enters the regression analysis.
Also the skip, recode and group commands are displayed in an easy to
interpret lay-out.

2. Format and data checks. This report allows to check whether the for-
mat specified in the JOBN1.SCR file and the format of the DATAL1 file
go well together. The program prints the first record of the DATAL file
on the screen, and indicates the position of the booklet number (symbol
b), the first item response (symbol d) and the position of the regressor
values which are to be used in the current analysis (symbolized by their
sequence number). If a DATAZ2 file is specified, the same information
is displayed to check the format against the first record of this file.

3. Frequencies. To understand the frequency tables displayed, we need
the concept of task. Suppose we use three background variables, taking
two, three and four categories respectively. If the model specification is
given by '1 2 3’, we say that there are three tasks, each task correspond-
ing with a background variable. For the second variable, the marginal
frequency table is unidimensional, having three cells, since the variable
can take three values. The report written by SLPRE will in this case
consist of a unidimensional frequency table for each task. If the model
specification is ’[L 2] 3’ we say that there are two tasks: the Lask [1 2]
and the task ’3’. For task [1 2], the marginal frequency table is a two by
three table, which is displayed in a linear form. So for this task, six cells
will be displayed. The rule for reading the frequencies correctly is that
the categories of the last variable vary fastest. So the row and column
indices of this two by three table are (1,1), (1,2), (1,3), (2,1), (2,2) and
(2,3) in that order. Even if the task is specified by the user as [2 1], it
will be changed implicitly by SLPRE to the task [1 2], and be reported
accordingly. Or more generally, for tasks involving interactions, the
component regressors are ordered according to their sequence number.
For the second task ’3’, of course, the marginal frequency table is a
unidimensional table with four cells.

2.4 The program SAUL

e Purpose: computing a latent regression analysis.
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e Components: One run with a short initial dialogue

e Input files:

— JOBN2.PAR: the parameter file specified in the screen of SLIN
— JOBN.SIN, created by SLPRE
— JOBN.BFR, created by SLPRE

e Output files:

— JOBN.SLF, a text file with a complete report of the regression
analysis

— JOBN.SBO, a binary file read by the program RAPPORT

e Command: SAUL <CR> or SAUL [pathJJOBN[.BFR] <CR> The
former command selects the JOBN.BFR file which corresponds to the
most recently edited JOBN.SLI file

To estimate the regression parameters and their standard errors, integrals
must be computed frequently. Since there do not exist explicit formulae to
evaluate these integrals, they must be approximated numerically. The numer-
ical procedure implemented in SAUL is Gauss-Hermite quadrature, which can
be described loosely as the replacement of a continuous variable by a discrete
variable taking a limited number of values. These values are called quadra-
ture points, and different approximations can be computed using different
numbers of quadrature points. In older versions of SAUL this number was
set at 20, but for some applications this number is too small to get accurate
results. More details will be given in the subsection on statistical testing.

In the present version the number of quadrature points must be chosen
by the user. There does not exist clear cut theory from which an sufficient
mumber in any application of latent regression can be derived. It is even
not sure that a larger number always gives better approximations than a
smaller number. If the user wants to have some reassurance on the accuracy
of his results, the only thing we can advise is to run the program several
times with different numbers of quadrature points, and check on similarities
and differences in the results. Some information on this topic from our own
experience will be given further down.

The program SAUL starts with a short dialogue where it asks for the
number of quadrature points to be used. This number is larger than 9 but
not larger than 181.
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To interpret the results of SAUL in a correct way, some theoretical con-
cepts must be well understood. We mention the notions of origin and unit of
the latent variable, the difference between significance and importance of an
effect, testing the difference between several regression models and the exact
meaning of interaction effects. Before discussing the output of SAUL, these
topics will be discussed in short.

2.4.1 Origin and unit of the scale

The latent variable in IRT models in general is not fully identified. In OPLM
the unit and the origin can be freely chosen. The origin is chosen by the so-
called normalization of the item parameter estimates. The user of OPLM has
control on this normalization, either by choosing the default normalization
(the sum of the item parameters equals zero) of by fixing one parameter at
an arbitrary value. If one runs two regression analyses with SAUL using the
same data and the same parameter values except for the normalization, the
only difference in the output of the two regression analyses will the additive
parameter u: adding an arbitrary constant to the item parameters will result
in adding the same constant to the estimate of . All other values reported
will be unaffected by the change in normalization.

The unit of the scale may be chosen or altered in different ways. A natural
unit could be defined by fixing the standard deviation of the latent variable
(for example by giving it a value of one). If conditional maximum likelihood
(CML) is used for estimating the item parameters, however, the concept of
the standard deviation of the latent variable does not exist. But the unit is
chosen in this case by the magnitude of the discrimination parameters. This
can be seen by inspecting the following identity in the OPLM-model:

expla;(0 — o3)]
1+ expla;(6 — 0;)]
explcai(/c — oi/c)]
1+ explca;(8/c — oi/c)]’

P(X;=1|0) =

(¢>0)

If a new unit is chosen for # by dividing it by a positive constant c, the
probability of a correct answer remains unchanged if the original difficulty is
changed accordingly, and the original discrimination parameter is multiplied
by c. So the unit of the scale is chosen by fixing at least one discrimination
index, which is always done in applications of OPLM.

Suppose we run two regression analyses using the same data, and the
same measurement model where the only difference is that in the second
OPLM estimation procedure the discrimination indices of the first analyses
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are multiplied by a positive constant c. When we compare the two outputs
we will see that in the second analysis, as compared to the first

e All regression parameters (inclusive p) and their standard errors are
divided by ¢

e The residual variance and its standard error are divided by c?
e The value of the test statistics remains unchanged.

e The value of the effect size (to be discussed further) remains unchanged.

To avoid such a situation, it was decided to overrule the unit chosen by
the user in the OPLM analysis, and to choose a unit which obeys the same
rule in all SAUL analyses. The scale unit in the output of SAUL is
chosen in such a way that the geometric mean of the discrimination
indices equals one. (Le, the discrimination indices are chosen in such a
way that their product equals one. Of course the difficulty parameters are
changed accordingly.) In this way, the estimates computed by SAUL are not
affected by the order of magnitude of the discrimination indices used in the
OPLM analysis. But notice that this applies only to the items which are
used in the SAUL analysis.

The user should realize that this does not guarantee that the results of
several models are directly comparable. We give an example of a possible
pitfall. Suppose a calibration is done with twenty items, the first ten having
a discrimination index of one, the others a discrimination index of two. If the
measurement model is correct, one might expect that any regression model
should give the same results using an arbitrary subset of the items, so that
in practice the estimates resulting from any two regression analyses should
be approximately the same (which can be checked by plotting the two sets
of estimates against each other). But if we run an analysis using the first ten
items and an analysis with the last ten items, a different unit in the reported
scale is used (differing by a factor 2), so that the direct comparison of the
parameter estimates becomes pointless.

2.4.2 Significance and importance

When a regression parameter estimate differs significantly from zero, one
can safely (i.e., with a risk indicated by the significance level) accept that
the true regression parameter is not zero. But this does not mean that the
effect is important. True effects may be so small that they can be considered
trivial, and yet lead to significant results. They will do so if the sample size
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is sufficiently large. This means that one has to be careful when judging on
the importance of a significant result.

A suitable way to judge on the importance is to compare the parameter es-
timate itself with some standard. The standard used in SAUL is the residual
standard deviation. We consider some examples and discuss the differences
in interpretation resulting from these examples. The general framework is a
regression analysis with one binary regressor like gender. In the next table,
four hypothetical outcomes of a regression analysis are displayed.

case 7&3_?1 SE(El) z  effect size
030 0.25 0.05 5.00 0.84
022 0.25 014 1.79 1.16
3.86 085 0.12 7.08 0.22
6.07 08 045 1.89 0.14

Daw»

The test statistic z is defined as

g= b
SE(B,)
and the effect size is defined as
Effect size =———

V&t
If we look at the estimates themselves, we might be tempted Lo say that the
cases A and B show a rather small effect and the cases C and D a rather
large effect. But this would be quite misleading. First, in the cases B and
D the estimate do not differ significantly from zero, meaning that whatever
measure of the effect size we use, we always must admit that we do not
have convincing evidénce that there is any effect at all. This means that
all discussions on the effect size in these cases are pointless. Second, in the
cases A and C we have to bring the residual variability into consideration. In
case A the numerical value of the estimate is rather small, but the residual
standard deviation is small too, and the measure of the effect size is defined
as the ratio between these. As a result we see that the effect size in case A is
about four times as large as in case C. A probably convincing argument can
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be found in the graphical display of the Figures 4 and 5.

Figure 4. Case A Figure 5. Case C

The two curves in each figure represent the distribution of the ability in the
boys’ and the girls’ population. For case A we see that the two populations
are reasonably well separated, while in Case C the two curves overlap a great
deal.

The used definition of effect size is the same as the one adopted by Cohen
(J. Cohen (1988). Statistical Power Analysis for the Behavioral Sciences.
Hillsdale: Erlbaum). This author proposes a labeling to classify effect sizes:
an effect size of 0.2 is called ’small’, 0.5 is called 'medium’ and 0.8 is called
"large’.

2.4.3 Comparing regression models

The statistical tests discussed in Chapter 1 are well suited for use with a
single parameter estimate. But sometimes one is interested in more global
tests. Suppose for example that one regressor has six categories. This means
that 5 regression parameters are to be estimated. These estimates can be
tested, one by one, using the procedure described in chapter 1. Suppose none
of these tests yields a significant result. It does not follow from this outcome
that all true regression parameters are zero; the only justified conclusion
is that we do not have enough evidence to claim that there is an effect
differing from zero. If, on the other hand, one or two of these tests do yield a
significant result, we must even be more careful, because we apply multiple
comparisons. If we use a significance level of 5%, the probability of rejecting
the null hypothesis if it is true is exactly 5% if we do a single test. If more
tests are done, and the null hypothesis is true in all cases, the probability of
rejecting one or more null hypotheses is larger than 5%, and in some cases
dramatically larger. So, if we want to decide whether the different methods
have any effect at all, the use of multiple t-tests is not very appropriate, and
better methods exist. A method which can be applied with the program
SAUL is the use of a likelihood ratio test.
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An important requirement to apply the likelihood ratio test when com-
paring two models is that one of the models must be a special case of the
other, or more technically, the parameter space of one of the models must be
a subset of the parameter space of the other model.

In the example with the methods, the 5 regression parameters can in
principle take any value. If the null hypothesis is true (methods do not
have different effects), this means that the true regression parameters for all
methods are zero, and we see that the model with zero parameters for the
methods is a special case of the more general model where each method is
allowed to have a different effect. But estimating the special case amounts
to the same thing as leaving out the regressor 'methods’ from the model.

In order to construct the test statistic we have to run the program SAUL
two times: once for the general case where the regressor 'methods’ is included,
and once for the special case where 'methods’ is left out. If other regressors
are used, they must be the same in the two cases.

The program SAUL computes a quantity, which is called the log-likelihood
at the solution (the likelihood is the probability of the observations as a func-
tion of the parameters; the log-likelihood is the logarithm of the likelihood,
and the likelihood is computed as a function of the parameters at their fi-
nal estimates. At this point the likelihood reaches its maximal value). The
log-likelihood value in the general model cannot be smaller than the log-
likelihood value in the special model, and the difference between the two is
the basis for the statistical test. Denoting the log-likelihood value in the
general model as In L, and in the special model as In L,, the test statistic is
given by

L=2(nL,—InL,)
If the null hypothesis is true, L follows the chi-square distribution with de-
grees of freedom equal to the number of parameters in the general model
minus the number of parameters in the special model.

In the example with the methods variable, the number of degrees of free-
dom equals the number of methods minus one, or 6 —1 = 5. This corresponds
exactly to the number of regression parameters for the variable methods in
the general model. If we test at the 5% level, we find in the tables of the
chi-square distribution that the critical value is 11.07. So, if the value for L
that we find is larger than this critical value, the null hypothesis of no differ-
ences between methods is rejected, otherwise it is not rejected. It is possible
that the likelihood ratio test yields a significant result, while none of the
five t-tests is significant. In such a case priority in the interpretation is to be
given to the likelihood ratio test. If the likelihood ratio test is not significant,
but some of the t-tests are, one should be careful in taking these significant
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t-tests too serious: they may be an artefact of the multiple comparisons.

There exist a number of situations where the use of the likelihood ratio
test is more appropriate than the t-tests per parameter. We give some of
them.

1. When a regressor variable has many categories, and one wants to decide
whether this variable has any effect at all. This case is used in the
example above.

2. A more refined case is when one hypothesizes that a regressor has too
many categories. Suppose the method variable can take 10 different
values, but one thinks that they can be partitioned into a smaller num-
ber of categories, two say. This amounts to saying that the regression
parameters for methods which belong to the same category are equal
to each other. This defines the special model. One can implement this
in SLIN by using the group command. To construct the test statistic
L, one has to run the program twice: once with the original 10 values
of the methods variable and once with the 2 grouped categories. The
number of degrees of freedom in this case is (10 — 1) — (2 — 1) = 8.
Rejection of the null hypothesis means that the methods cannot be
grouped into the two groups as hypothesized.

3. Models with and without interaction effects. Assume that we think
there might be some interaction between two variables. Suppose the
first variable can take three different values, and the second can take
four. To model the interaction we have to define (3 —1) x (4—1) =6
extra dummy variables and to estimate 6 extra regression parameters.
The model with interactions is the general model, and the special model
is the same model, but with the interaction effects left out, which means
that the regression parameters of the 6 extra dummy variables are set
equal to zero. If the null hypothesis (no interaction effects) is true,
the test statistic L is chi square distributed with 6 degrees of freedom.
Rejection of the null hypothesis means that there is convincing evidence
of interaction.

The computation of the log-likelihood value is rather complicated, and
experience has shown that the numerical accuracy is sometimes very unsat-
isfactory if a small number of quadrature points is used. Since the statistic L
has to be computed by the user from two independent runs of SAUL, it may
happen that its computed value is negative, which is mathematically impos-
sible if the correct values are used. Therefore it is strongly advised to use
a large number of quadrature points if likelihood ratio statistics are wanted,
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and to check the numerical stability with different numbers of quadrature
points. The estimates of the parameters and their standard errors seem to
be far less sensitive to variation in the number of quadrature points.

2.4.4 Reporting interaction effects

The disadvantage of working with nominal variables is that the number of
dummy variables and hence the number of regression coeflicients may grow
rather fast, especially if interaction effects are estimated. Moreover, the de-
scription of the interaction effects is not always straightforward. To help the
user with this interpretation, the outcomes of regression analyses involving
interactions are reported in two different forms. The present section describes
this output with the help of a simple example.

Assume that an analysis is requested where gender (two levels) and method
(three levels: A, B and C) as well as the interaction effects of gender and
method are estimated. The model is given by

0; = p+ 01 X1 + 1 Xoi + +68: X5 + ()11 Xu + +H(fB)12X5: + €;

where
Xiu = 1 if student 7 is a girl,
Xo; = 1 if method B is used,
X3 = 1 if method C is used,

X4 = Xux Xy,

Xsi = X1 X Xzi.
The use of these two variables partitions the population into six subpopula-
tions, and we can represent the mean ability (as a deviation from the constant
i) in the following table

jA, ’B’ ’C)

boy | 0 By B,
girl | oy a1+ B+ (@f)n a1+ B+ (af)ie

The first form of the output is to report the numerical value of the esti-
mates as represented in the above table. So the output will look as follows

boy x 'A’ set to zero
boy x ’'B’ B
boy x ’C’ B
girl x A’ oy

gll‘l X ’B’ (85] + ,31 + (aﬁ)u
girl x 'C’ ay + By + (af)12
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In the second form, main effects and interaction effects are reported sep-
arately. Notice that the two variables, gender and method, have both a
reference category, the effect of which could be represented by ap and S,
respectively, but these effects are zero by definition. Also the interaction
effects involving one or two of these categories are zero by definition. The
report of the main effects looks like

main effects

- girl ay
_ ’B’ ﬂl
_ 7C7 ﬁz

For the first order interactions we get

interaction effects
- glrl X ’B’ (aﬂ)u
- girl x °C’ (aB)12

Suppose there were no boys having had method ’B’ in the sample, mean-
ing that of the six combinations of gender and method only five have a non
zero frequency. In such a case, as soon as SAUL detects the cell with a zero
frequency, it will redefine the task set forth by the user, and estimate a model
with four regression parameters instead of five: the cell boy and method ’B’
is left out, and in the new model the following quantities will be estimated
directly: a4, B,, @1 + B; + (afB)11 and a; + B, + (@8)12. It is clear that from
these four quantities 5; and (af3);; cannot be determined. In such a case the
second form of the output is not given at all; only the first form appears in
the output.

2.4.5 The JOBN.SLF file

The program SAUL creates a text file with a full report of the analysis. It is
composed of the following parts

1. The comments provided by the user in Komment field of SLIN

2. The number of items and booklets used in the regression analysis. This
information is found in the JOBN1.SCR file

3. A table of item numbers, item labels, discrimination parameters and
item parameters as found in the JOBN2.PAR file (but only for the items
used in the regression analysis). In the same table, a report is given on
the transformed discrimination indices and the transformed difficulty
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parameters. The product of the transformed discrimination indices
is one. This transformation defines the scale on which the regression
effects are reported.

. A overview of the tasks requested by the user. The model specification
1 2 [3 6] in SLIN defines three tasks: estimating the main affects
of variable 1, the main effects of variable 2, and the main effects and
interaction effects of variables 3 and 6.

. Estimates of the additive constant (= 7), the residual variance (= %)
and the standard deviation (= V5?2 ), together with their (estimated)
standard error. The standard error of the standard deviation is esti-
mated from the standard error of the variance using the so-called delta
method. This technique is not discussed further in this manual. The
t-statistic is reported under the title ’2’. It is the estimate divided by
its estimated standard error.

. The log-likelihood value and the number of parameters estimated in
the model. This information can be used to build likelihood ratio tests.
The log-likelihood value is given up to a non specified additive constant
(denoted as c in the output.) The value of this constant is not important
for computing the statistic L. The reported value is given in so called
scientific notation. For example —0.2546D + 05. The number following
the D’ indicates that the decimal point in the preceding number must
be shifted that number of positions (to the right if positive, to the left if
negative). Iu the example this would give —25460, but we are not sure
about the last digit. Therefore the log-likelihood value is also given
with higher accuracy, like —0.254598976354D + 05, which in decimal
notation is the number —25459.8976354. Notice that the log-likelihood
value is always negative, and that its magnitude grows linearly with
the total number of observations. Running an analysis with ten times
as big a sample will approximately decuple the log-likelihood value.

. For each task implying only main effects, there is a report giving for
each category, the category label, the estimate of the corresponding
parameter, its estimated standard error, the nuinber of observations
in the sample falling in that category, the tests statistic ’z’, and the
effect size: the estimate divided by the residual standard deviation.
For the reference category, the estimate is replaced by the string ’set
to zero’; for categories with zero frequency in the sample, the string
'not identified’ is printed. In general the first category is the reference
category. If it has frequency zero, the next category is taken is the
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reference category. The user can control for the reference category
by using the recode command. For tasks implying interactions, two
forms of output are displayed (see preceding subsection). In the first
form estimates, standard errors, frequencies, z-values and effect sizes
are displayed as well; in the second form frequencies are not displayed.

. If a regressor has more than two categories, the pairwise differences
between the regression coefficients are reported as well, accompanied
by their standard error, the z-value and the effect size. The differ-
ence taken is indicated by the labeling. If there are for example three
methods, the labeling will have the form 'method B - method C’, in-
dicating that the regression coefficient of method C is subtracted from
the regression coefficient of method B, and not the reverse.
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Chapter 3
The program RAPPORT

3.1 Introduction

A regression analysis reports essentially (estimates of) conditional averages.
Using for example a two category and a three category regressor partitions
the target population into 2 x 3 subpopulations and the correct combination
of estimated regression parameters gives an estimate of the average ability in
each of the six subpopulations. If the first variable is gender, it is immaterial
whether the gender distribution in the target population is even or not and
whether the numbers of girls and boys in the sample are equal or not, as long
as the total sample can be seen as the merging of six random samples, one
from each subpopulation. (See, however, the influence of unbalanced designs
on the standard errors; Chapter 1).

In survey research, however, researchers usually want more than only
an estimate of the conditional averages. In the example given, it may be
a legitimate question to ask for the average ability of boys and of girls in
the target population. To produce a consistent estimate of these marginal
averages, one has to have information on the distribution of gender in the
target population.

To fix the ideas, we will treat two examples, a simple one, which will be
explained now, and a more complicated one which will be introduced later on.
Suppose, for the simple example, we use two regressors, gender and method,
but we used gender as a stratification variable, i.e. we sample a prespecified
proportion of girls and of boys. Moreover, we assume that the sample of
boys is a random sample from the population of boys and similarly for the
girls. We will use the symbol p for observed proportions (in the sample) and
the symbol 7 for ’real’ proportions in the population. To keep the example
simple, we will assume that 7(girl)= 0.50, and that we sampled in such a
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way that p(girl)= 0.30. Suppose now that we have the following observed
proportions in the sample:

‘A’ B’ ’C’  total

boy | 020 0.32 0.18 | 0.70
girl | 0.15 0.08 0.07| 0.30
total 0.35 0.40 0.25 1.00

which we will represent symbolically as

A’ B’ ’C’  total
boy [ pu P12 P13 | Pt
girl | pa1 P22 P23 | Doy

total py1 py2 P43 P+

To estimate the joint proportions in the population, we have to correct back
for the fact that gender was not drawn randomly from the population. For

the boys this gives

T
5= Pry— (3.1)
D1+
and for the girls
T
m2j = sz—zi (3:2)
P2+

where m14 = w9, = 0.50. This gives the ’corrected’ table

A B’ 'C’  total

boy | 0.143 0.229 0.128 | 0.50
girl | 0.250 0.133 0.117 | 0.50
total 0393 0.362 0.245 1.00

Notice that the marginal proportions for method are obtained by summing
the corrected joint proportions columnwise: 0.393 = 0.143 + 0.250, or with a

formula:
Ay = E :Wij
i

A number of remarks are in order here.

1. All the w-values reported here are estimates, except perhaps for the
population proportion of 0.50 for boys and girls, which may be based
on theoretical considerations. But in real life surveys, even these pro-
portions will be estimated, for example, using very big samples used
by the national office of statistics.
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2. We see from the last table that gender and method are not indepen-
dent (orthogonal) variables in the population: method ’C’ has about
the same proportion in the boys as in the girls subpopulation, while
method ’B’ is used far more frequently with boys and method ’A’ more
frequently with girls.

3. The two regressors are not treated in the same way: the variable gender
is the stratification variable. This means in this example that the ratio
between any two proportions in the same row is not changed by the
correction. For example in the row ’boys’, it holds that 0.20/0.32 =
0.143/0.229. But this invariance does not hold for the variable method:
0.20/0.15 # 0.143/0.250.

4. The numbers in the corrected table can only be trusted if it can be
guaranteed that the sampled boys are a random sample from the boys’
population, and similarly for the girls.

Once the corrected table has been built, the marginal averages for all
categories of gender and of method can be computed in a straightforward
way. As an example, we use the following estimates of regression effects
(using a model without interactions):

’A’ ’B’ ’C’ ,A, ’B’ ’C’
boy | O By Bs = boy| O 2 3
girl | ¢y a1 +B; a1+ 5, gil| 5 7 8

and by combining the last two tables we find for example that

. 1
Average (girls) = p+ — [01 X o1 + (01 + B1) X w22 + (01 + B5) X ma3)
2+

1
= p+ 050 [5 % 0.250 + 7 x 0.133 + 8 x 0.117]

= p+6.233

while the average for the boys is 1 + 1.684. The difference between girls’ and
boys’ average is 4.549, which is less than the regression effect estimated, but
this is a consequence of Simpson’s paradox.

The main purpose of the program RAPPORT is to estimate the marginal
averages (in the target population) of all categories of the regression variables
used in the regression analysis. At the same time, it repeats the output of
the JOBN.SLF file, but now on a scale where the user can define origin and
unit. The control on the program RAPPORT is rather complicated, and the
user is advised to follow carefully the instructions given in the next sections.
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3.2 RAPPORT and the program SLIN

If one intends to run the program RAPPORT, a number of provisions must
be made while filling out the Screen in the program SLIN. These are discussed
one by one now.

e Refp: In this field the name of a so-called reference population file
(further: refpop file) is asked for. The name of the file is arbitrary. The
file contains the joint distribution (in the population) of a subset of the
background variables listed in the screen. This subset is in principle
arbitrary, and does not depend in any way on the variables used in the
model. The refpop file has a special format, and the easiest way to
construct it is to let it be created by SLPRE. Details will be given in a
separate section below.

e reFp: in this field the maximum number of categories in the population
for each regressor has to be typed. This number is less than or equal to
the number of categories specified in the field daTa for the correspond-
ing variable. It may happen that for a certain variable observations are
available in three categories, say, but that only two of them belong to
the target population one is interested in. The categories available for
the regression analysis but not in the target population must be the
last ones of the regressor. If they happen to be coded in a different
way, the recode statement can be used to obey this rule. The number
specified in the reFp field must correspond to the number of categories
used in the refpop file (in case this variable is represented in the refpop

file).

e Only one variable can be used as stratification variable. This is always
the first variable, i.e. the variable with sequence number 1. Of course,
there may be cases where no stratification is applied. The way to pro-
vide for such a case will be discussed in the section on the SAUL.DEF
file (see below).

3.3 Creating a refpop file

The refpop file is a binary file created by a special run of SLPRE. The
following specifications must be given in the application screen of SLIN

e The whole screen is filled out as for a regression analysis

94



In the list of variables, only the variables are represented for which the
distribution in the refpop file is wanted.

e The name of the refpop file (in the field Refp) is preceded (immediately)
by the at-sign (‘@)

e The result is the same for all model specifications; so the empty model
suffices.

e Recode and skip commands are taken into account when creating the
refpop file; group commands are ignored.

e Background variables are read from the DATAL1 file and optionally from
the DATA2 file. Item answers in the DATA1 file are ignored.

e Weights specified in SAUL.DEF file (see below) are taken into account.

e If at a later point in time, one wants to use the created refpop file in
a run of the program RAPPORT, the variables used for creating the
refpop file must be the first variables used in defining the variable list
for the regression analysis, and, moreover they must be given in the
same sequential order. (Labels are not used to identify variables.)

As an example, we use a situation which arises frequently in the Dutch
national Assessment Program for the Basic Education (PPON). When data
are collected, this is usually done for two or more domains at the same
time. So, in a particular year, data might be collected for the assessment
of musical performance and of arithmetic proficiency. For the regression
analyses some of the background variables are identical across domains, like
a stratification variable which summarizes the socio-economic background of
the students in a school and gender. Others, however, are domain specific,
like the arithmetic method used in the school or the number of minutes
devoted weekly to musical education. If we use the total sample of students
available in a particular year to estimate the joint distribution of stratum
and gender, we will get more stable estimates than when we use a different
estimate for arithmetic and musical education.

So, to create the refpop file, we will (in this example) define a list of
two variables, stratum and gender. (Stratum is the first because it is the
stratification variable.) The data file needed to create the refpop file con-
sists of the conjunction of the data files for arithmetic and music. The only
thing that really matters is that the format for the background variables,
stratum and gender, is valid for the two files, i.e., in both files the values of
these background variables must take the same positions. Booklet numbers,
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item answers and the format in the JOBN1.SCR are not relevant. But the
JOBN1.SCR file must exist. The JOBN2.PAR file can be an arbitrary * PAR
file.

If later on, we want to define a regression analysis, followed by a run of the
program RAPPORT, where stratum, gender and one or more other variables
are used, the variable stratum must have number 1, and the variable gender
must have number 2.

Notice that the refpop file is created or used by the program SLPRE. It
is not read by the program RAPPORT. How it is used by SLPRE will be
described in more detail in the section called 'The SAUL.DEF, refpop and
JOBN.WBO files’ below.

3.4 The SAUL.DEF file

In principle, the SAUL.DEF file is a system file, which resides in the direc-
tory identified by the HDIR environment variable. While it was originally
planned to keep only system defaults, the steadily growing complexity of
the regression models used in the Dutch National Assessment Program has
necessitated to make the information in this file more and more specific. In
the present version of the program, this file plays an important role, and it is
necessary to check or adapt its contents for every application. The contents
of this file, however, do not influence in any way the output of the
program SAUL, they only apply to the program RAPPORT.

To make the contents of the SAUL.DEF file easier to understand, a more
complicated example of a regression analysis will be discussed first. Then,
the contents of the SAUL.DEF file will be described in a more formal way.

3.4.1 An example

In the national assessment program PPON, each domain is assessed every
four or five years, and in a specific year data on more than one domain are
collected. Apart from estimating the effect of variables like gender and age
of the students or method of instruction used, the development of the ability
over time is estimated as well. In principle the method is quite simple: if
one has data collected at three different time points, cycle 1, 2 and 3 say, the
variable cycle with three categories is introduced as regressor in the model
and the average ability at the three different cycles can be estimated, with
or without control of other variables depending on which regression model
one wants to use.
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There are, however, three complications when one wants to report mar-
ginal averages with the program RAPPORT:

1. Stratified sampling within cycle. In PPON the population (within a
cycle) is stratified according to a variable which summarizes in some
way the socio-economic status of the students in a school. Three differ-
ent levels of this variable, henceforth called stratum, are distinguished.
The first problem arises because the distribution of schools across strata
needs not to be constant across cycles. It may happen, for example,
that in the first cycle 40% of the schools belong to the the first stratum,
while this percentage is only 35 in the second cycle and may drop to
25 in the third cycle.

2. The second problem has to do with the fact that stratum is defined
at school level, and not at the individual level, while in the intended
report, one usually wants to generalize on the population of students
and not on the population of schools.

3. The third problem has to do with the definition of the target popu-
lation. Omne could argue that there in fact three target populations,
one for each of the cycles, but on the other hand one could also argue
that the three cycles together form a kind of superpopulation. In the
former case it does not matter whether the total number of students
is constant across cycles or not, while in the latter case a positive or
negative growth of the student population over time may influence the
report produced by the program RAPPORT.

In the next subsection it will be shown how to treat these problems tech-
nically, using the SAUL.DEF file. But first some more theoretical issues will
be discussed with the aid of an example.

In the assessment program PPON stratified cluster sampling is applied:
the population of schools is stratified into three strata, and for each stratum
a prespecified number of schools is sampled randomly. All students (of the
relevant grade level) in each school participate in the assessment of one of
the domains studied at that particular time. The specific domain a student
is given is chosen randomly. In the next two Tables, the number of schools
sampled and the total number of schools in each stratum are displayed for
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three cycles of the assessment of one particular domain.

Sample
str. 1 str. 2 str. 3 | total
cyclel 19 18 23 60 (3.3)

cycle2 67 72 61 200
cycle3 61 31 11 103

Population
str. 1 str. 2 str. 3 | total
cyclel 4097 2676 1672 | 8445 (34)

cycle 2 4424 2197 1644 | 8265
cycle3 3806 2337 932 | 7075

With respect to these tables, some remarks are in order:

1. We see that in the population stratum 1 outnumbers (in number of
schools) the two other strata, while in the sample this is definitely not
the case: in the first two cycles there has been an attempt to sample
an (approximately) equal number of schools from each stratum. In the
third cycle, this has not been the case for some reason.

2. The total number of schools is decreasing over time (there is a period
of ten years between cycle 1 and cycle 3). This does not necessarily
imply, however, that the total number of students in the population has
decreased proportionally, since in the period reported a large number
of mergers between schools has taken place, so that the average number
of students per school has probably increased.

3. The numbers reported are frequencies of schools, not of students. Exact
information on the number of students in the target grade level the
assessment is designed for, is not available. The only information that
was available is the total number of students for the whole school, and
the exact number of students in the relevant grade level for the sampled
schools. Although the average numbers of students per school in the
sample were not constant across strata, the differences were small, and
were ignored in the study. This means that the assumption was taken
that the average number of students per school was constant across
strata within each cycle. If this assumption is true, the numbers given
in tables (3.3) and (3.4) are proportional to the number of students as
well, but this proportionality holds only within a cycle.
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4. Proportionality across cycles is certainly not warranted, because the
total number of schools sampled has deliberately changed (cycle 2 hav-
ing much more schools than cycle 1 for example), and because the
average number of students per school may have changed across cycles.
This was reason enough to weight the cycles equally, i.e., treating the
superpopulation of the three cycles as consisting of equally numerous
populations.

So the correction factors p/7 for each cycle-stratum combination are con-
structed as displayed in the next two tables.

Sample (p)
str. 1 str. 2 str. 3 | total
I~H IxB IxE! 1
cyclel 3Xm 3X&@ 3% 3
(3.5)
1,67 1,72 1.6 | 1
cycle2 3 X o 3% 355 3 X a0 3
1o 6 1.3 1. 1 1
Cy01€3 EXE EXE EXE —3
Population ()
str. 1 str. 2 str. 3 | total
T a7 T o B6 1T o 1672 T
cyclel 3 X i 35X 8us 3 Xsas| 3
(3.6)
1, 4424 1 2197 1. 1644 1
cycle 2 3 X gas 3 X 265 3 X a5 3
1., 3806 1. 2337 1. 932 1
cycle3 X Tm X 7om 3 X7 3

To make the example complete, suppose two methods of instruction, ’A’
and ’B’ have been used in each of the three cycles, and the frequency table

of the methods used is as follows:

cycle, stratum and method: frequencies
str. 1 str. 2 str. 3

7A, ,B, ’A’ 7B7 7A7 7B7

cyclel 11 8 12 6 11 12
cycle2 30 37 32 40 28 33
cycled 22 39 11 20 3 8

In cycle 1, the joint proportion of method A’ and stratum 1 is 11/60 = 0.183.
Notice that this proportion is conditional on cycle 1: computing similar
proportions for all cells in the cycle 1 row of the table, and adding them will
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give a sum of one. Correction for stratification (see the formulae (3.1) and
(3.2)) gives a population estimate of

1 4o
— x 345 _ 281
60 1

Computing corrected proportions for each cell gives the following result:

cycle, stratum and method: corrected proportions

str. 1 str. 2 str. 3 total
A’ B’ A’ B’ A’ B’
cyclel 0.281 0.204 0.211 0.106 0.095 0.103 1
cycle2 0.240 0.296 0.118 0.148 0.091 0.108 1
cycle3 0.194 0.344 0.117 0.213 0.036 0.096 1

We conclude this example section with two remarks, one being an impor-
tant example of Simpson’s paradox, the other commenting further on the
assumption that the average school size within a cycle is constant across
strata.

1. Suppose with the data from the three cycles, we carry out a regres-
sion analysis using cycle, stratum and method as regressors, using no
interactions. The hypothetical effect estimates are given in the next
table

cycle est. str.  est. | meth. est.
c. 1 0 |[str.1 O A’ 0
c.2 —-0.5]|str.2 -1 'B’ 5
c.3 -1 |[str.3 -2

from which we see clearly that, if we control for stratum and method,
the average ability is going down with time. Using the corrected propor-
tions and the effect estimates, we can compute the population average
in each cycle, giving

Average(cycle 1) = 1.352
Average(cycle 2) = 1.596
Average(cycle 3) = 1.671

a clear increase with time. But a little thought will reveal that this
has to be explained by the increasing popularity of the better method
'B’. The decreasing effect of the variable cycle then allows for an inter-
pretation, that in spite of an increasing use of a much better method,

60



the average ability does not grow as fast as might be expected. This
can be easily checked. Suppose there was no cycle effect, so that the
average in each cycle is only determined by the stratum and method
effect, then the cycle averages would equal 1.352, (1.596 + 0.5) = 2.096
and (1.671 + 1) = 2.671, respectively. Of course, the reason why these
effects are negative cannot be deduced from this analysis.

2. Even if we are sure that the average number of students per school is
constant across strata, we cannot be sure that we did not introduce an
error in correcting the estimated proportions. Suppose that the schools
using method ’B’ have on the average less students than schools using
method ’A’, then the corrected proportions are biased as an estimate
of the proportion of students in each cell, the 'B’ cells being overesti-
mated and the ’A’ cells underestimated. Therefore, it is always risky
to introduce weights according to a level (schools) as representative for
another level (students).

3.4.2 Details on the SAUL.DEF file

This file is a simple text file containing an arbitrary number of comment lines
and four lines with information which is relevant for the program SLPRE.
The comment lines appear on top of the file, and are closed with a separate
line containing the string ’=*’ (without the quotes) in the first two positions.
The next four lines, containing relevant data for the program will be denoted
as line 1 to line 4. The 4 lines only contain numbers which are read in free
format (i.e. separated by one or more blanks or commas).

1. line 1: weights for each of the strata in the population. In the example
of the preceding section, these are the frequencies in Table (3.4), or
multiples thereof. The weights are written row-wise or column-wise
(see line 4, how to make the distinction.).

2. line 2: weights for each of the strata in the sample. In the example
of the preceding section, these are the frequencies in Table (3.3). Of
course, they must be arranged in the same way as the weights in line
1. If no stratification is used while sampling, care must be taken in
specifying lines 1 and 2 in the SAUL.DEF file. We give an example.
Suppose no stratification is used, and we want to use gender as the
first variable. To indicate that gender was not a stratification variable,
the two lines (1 and 2) of SAUL.DEF must be equal to each other.
So specifying the lines as ’1 6’ and ’1 6’ respectively will lead to no
correction, because the ratio 7/p equals 1 for both categories. This
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issue will be discussed further when explaining the variable '#strata’
in line 4.

. line 3: two numbers to fix the origin and the unit of the reporting scale.
The first number is the population average and the second number
the population standard deviation. In the example of the preceding
section, the population may be the superpopulation, comprising the
three cycles, or some subpopulation thereof. Which one is chosen, is to
be specified when running the program RAPPORT.

. line 4 contains 5 numbers, which are symbolically denoted here as Cov,
Key, #GH, #strata and SX.

e Cov = 1: the covariance matrix of the parameter estimates is
written on a special file by the program SAUL (not implemented
in the present version).

e Key = 1: The program SLPRE writes small reports on the screen,
and waits each time for the user to get a key before continuing.
If Key # 1, SLPRE does not wait. The latter option may be
appropriate to run several applications in batch.

e #GH: the number of quadrature points to be used by SAUL (not
implemented in the present version; the program SAUL asks ex-
plicitly for the number of quadrature points.)

e 7tstrata. Two remarks are in order here

— In the example of the preceding section, the stratum variable
has three levels, but in line 1 and 2, nine numbers are specified
(the numbers in the Tables (3.4) and (3.3) respectively). If we
specify here 3 as the number of strata, the program SLPRE
will automatically assume that the three strata are repeated
a number of times, defining implicitly another variable (which
was called cycle in the example). The three cycles will auto-
matically get an equal weight; so the program SLPRE will do
essentially what was shown in the example. If we specify 9,
the program will assume that the stratum variable has 9 levels
and occurred only once. Using 9 in the example above would
lead to an estimation where the cycles are weighted propor-
tionally to the number of schools existing at assessment time.
Notice that the number of weights specified in lines 1 and 2
must be an integer multiple of the number of strata specified
here.

62



— In case there is no stratification variable, the first variable
will nevertheless be treated as such. Suppose gender is used
as first variable, and we specify here 1 as the number of strata,
then the program SLPRE will define implicitly two repetitions
of one stratum, and the weights will be equal, leading to an
estimated proportion of boys and girls of 0.50 in the popula-
tion, whatever the number of boys and girls in the sample. If
we specify 2 as number of strata (and the lines 1 and 2 are
identical) the estimated proportion of boys and girls in the
population will be equal to the corresponding proportions in
the sample, irrespective of the numbers used in lines 1 and 2.
So specifying these two lines as '1 6’ will have the same effect
as using '1 1’.

e SX : this number shows how the numbers in lines 1 and 2 have
to be interpreted. If SX= 1, the interpretation is that cycles are
ordered within strata, or that the frequencies of Table (3.3) are
stored columnwise. In this case line 2 is written as ’19, 67,61,
18,72,31, 23,61,11°. If SX $# 1, the interpretation is that strata
are ordered within cycles. In this case line 2 is written as ’19, 18, 23,
67,72,61, 61,31,11°.

3.4.3 The SAUL.DEF, Refpop and JOBN.WBO files

To see the relations between these three files, the preceding example will be
used further. We will assume that we have three strata in each cycle, and we
will use stratum, cycle, gender, age and method as regressors. Moreover we
will introduce the following complications:

e We have many data from each assessment cycle which contain informa-
tion about gender and age over and above the data which were collected
for the specific domain we are interested here. We want to use this in-
formation to get more stable estimates on the population distribution
of these variables.

e The variable Age has three levels, but only students having age level
1 and 2 belong to the target population. We do not want to discard
the students belonging to age level 3, because it is interesting to know
how this category of students is related to the target population. From
a separate regression analysis, however, we know already that the re-
gression coefficient for this category is pretty much the same as for
age category two. For reasons of parsimony, we want to restrict the
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regression model such that age levels 2 and 3 have the same regression
coefficient. This can be done via the grouping command. (We could
also leave out students from the third age category, but statistically
this would not be efficient.)

e The variable method has also three levels, but this variable is domain
specific, and data from other domains cannot be used to estimate the
distribution of this variable. The only source of information we have is
the data file for the domain under study.

In order to compute marginal weights, the program RAPPORT needs an
estimate of the joint distribution of the variables stratum, cycle, gender, age
(with two, not three categories) and method. This distribution can be stored
in a five dimensional table, having in total 3 x 3 x 2 x 2 x 3 = 108 cells. The
contents of the JOBN.WBO file is precisely this table. It is created by the
program SLPRE and read and used by the program RAPPORT.

Next we explain step by step how to proceed to get the right results.

1. Since we use a stratification variable (the variable stratum) which can
have a different distribution in each cycle, we must create a new ar-
tificial variable which combines stratum and cycle. We will label this
variable as ’strtcycl’. This variable has 3 x 3 = 9 levels. An indicator of
this level must be present on the data files that are used in the sequel.

2. First we will create a refpop file. To this end we need a data file
where information is stored with respect to the background variables
'strtcycl’, stratum, cycle, gender and age. Call this data file DATAO.

3. We create a refpop file (with the generic name REFPOP), using DATAO.
(For details see the section on creating a refpop file). The important
thing to remember here is the correct specification of the variables list
and the number of levels to be specified in the fields daTa and reFp.
This table is given here:

Nr laBel daTa reFp

1 strtcycl 9 9
2 stratum 3 3
3 cycle 3 3
4  gender 2 2
) age 3 2
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4. If we specify QREFPOP in the field Refp, and run SLPRE, a five
dimensional table with the joint distribution of the five variables spec-
ified in the SLIN screen is created. This table is stored on the file
REFPOP. The correction for stratification are applied as specified in
the SAUL.DEF file. The variable age has only two values. All data
records with age level 3 are skipped.

5. In this step, the screen in SLIN is adapted to the regression analysis
we want. This implies the following changes:

The reference to the refpop file is now REFPOP instead of QREF-
POP, because the refpop file exists;

The data file is DATA1, containing the data relevant to the domain
assessment we are interested in;

The domain specific regressor ‘'method’ is added to the list of vari-
ables, as variable number 6. Do not insert it somewhere between
the formerly specified variables, because this would destroy the
correct link between variables in the present analysis and the en-
tries in the refpop file. Also, do not remove the ’strtcycl’ variable,
although it will not appear in the regression model.

Apply the group command in the Komment field, to group to-
gether the levels 2 and 3 of the variable Age;

Specify the model as > 2 3 4 5 6’ or a more complicated model
involving interactions, like for example 2 3 [4 5] 6°. Notice that
the stratification variable ’strtcycl’ is not part of the model.

6. Run the program SLPRE. One of the tasks this program carries out,
is to construct the table with the joint distribution of the background
variables used in the model. In the present case this involves two logical
steps, but the example is general enough to apply in all cases.

Since variable 1 is not part of the model, the table which resides
on the refpop file is collapsed along the dimension of variable 1,
thus reducing this table from five dimensions to four dimensions.
In the general case, this means that the table is collapsed along
all dimensions not being part of the specified regression model.

Variable 6 is not subsumed in the table of the refpop file. While
SLPRE is processing the data from the DATA1 file, it will ex-
pand the collapsed table from the previous step along the new
dimension for methods. An example will clarify this: suppose we
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have an estimated proportion equal to 0.05 in a specific cell of the
four dimensional collapsed table, for example for the combination
stratum 1, cycle 1, boy and first age group. Suppose that there
are 100 records in the DATAL1 file pertaining to this cell, and that
the methods applied in these 100 cases have frequencies 60, 20
and 20 for the methods ’A’, 'B’ and ’C’ respectively. The original
estimated proportion of 0.05 will then be split proportionally to
these frequencies, yielding 0.03, 0.01 and 0.01. As this is done for
each cell of the four dimensional collapsed table, the result will
be a five dimensional table, where the five dimensions represent
precisely the five variables of the regression model. This table is
written to the JOBN.WBO file, and will later on be used by the
program RAPPORT. Notice that the regression program SAUL
does not use this file.

e It is possible that a cell in the (collapsed) table has a positive
proportion, but that the proportion in the DATA1 file for this
cell is zero (because the refpop file can be based on a different
sample). If the collapsed table has to be expanded (along the
dimension method, say), no observations are found. In such a
case the estimated proportions are set equal to each other. In the
preceding example this would yield three proportions of 0.05/3 =
0.01666. . . for each of the three methods.

e There is a complication with the variable Age. For the regres-
sion analysis, the original categories 2 and 3 are now treated as
a grouped new category, but the original category 3 is excluded
from the reference population. The program SLPRE takes care
of this: while constructing the table for the joint distribution,
records with age level 3 are not used, but they are used for the
regression analysis. The only confusing feature is the label used
in the output. As the grouping command asks for a label of the
grouped category, this label will be the only one which appears
in the output of SAUL and RAPPORT, but it will have different
meanings at different places.

To conclude this section, some remarks are in order.

e If the model specification is empty, no JOBN.WBO file is created.

e If no refpop file is available, the JOBN.WBO file is created anyway:
it is based exclusively on the relative frequencies found in the DATA1
(and possibly DATA?2) file. Even if the stratification variable is not
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part of the model, it will be used anyway in estimating (and adjusting
for stratification) the joint distribution of the background variables in
the population.

The practical implication of the preceding point is the following: if
the refpop file is exclusively based on the information contained in
the DATA1 (and DATAZ2) files, running SLPRE and RAPPORT with
and without use of the refpop file will give identical results, except for
possible effects of missing data. This is explained next.

Suppose the DATALI file contains all the information we have on the
population distribution of the background variables. It has 1000 records
and each record has information on all background variables, except
the last one where gender is missing. Creating a refpop file (with all
variables) will cause the last record to be skipped, because of incom-
pleteness, and consequently every JOBN.WBO file will be based on 999
observations if the refpop file is used. If we do not use the refpop file
(i.e. we do not specify it in the field Refp of SLIN), and we estimate a
model without the regressor gender, SLPRE will create a JOBN.WBO
file which is based on 1000 records.

More will be said on the refpop file when discussing the output of the
program RAPPORT in the next section.

3.5 Running the program RAPPORT

Purpose: report of the regression analysis and of marginal averages and
distributions

Components: One run with an initial dialogue

Input files:

— JOBN.SBO: a binary file created by SAUL
— JOBN.WBO: a binary file created by SLPRE

Output file:

— JOBN.EFF, a text file with a complete report of the regression
analysis and of the marginal distributions.
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e Command: RAPPORT <CR> or RAPPORT [path]JOBN[.SBO] <CR>
The former command selects the JOBN.SBO file which corresponds to
the most recently edited JOBN.SLI file. Notice that a conflict may arise
here. Suppose one has run RAPPORT before, using a JOBN.WBO
file. After that, the model has been converted (in SLIN) to an empty
model, but the job name JOBN has not changed. Because the model is
empty, no new JOBN.WBO file is created by SLPRE, but the former
one continues to exist. Running SAUL will create a new JOBN.SBO
file, which is not in correspondence with the old JOBN.WBO file, and
a subsequent run of RAPPORT will lead to a crash.

The output file of RAPPORT consists of several components which are
described in the sequence as they appear in the file. To make the exposition
not too abstract we will illustrate it with an example that uses the same
variables as in the example section above: an assessment running over three
cycles, and using several regressors such as stratum, gender, age, and method
(or a subset of them), but certainly cycle itself.

The program RAPPORT starts with an initial dialogue where three kinds
of information are asked: the first conditioning variable, the second condi-
tioning variable, and the reference variable together with the reference cate-
gory of that reference variable. The concepts of first and second conditioning
variable will be explained as they become relevant in the discussion of the
JOBN.EFF file. The concept of reference variable and reference category is
explained first.

In the SAUL.DEF file (line 3), the values for the population mean and
standard deviation are specified. In the PPON project the values of 250 and
50 respectively are used. As long as we analyze data from the first cycle, this
offers no special problems: the scale is transformed such that the population
of the first cycle has a mean ability of 250 and a standard deviation of 50.
But once we start to analyze data from different cycles, the joint data set
is considered as a sample from a superpopulation, and it may appear not
too appropriate to set the mean ability of this superpopulation equal to 250.
Instead the user might want to keep the mean and standard deviation of the
first cycle population at 250 and 50 respectively. This may be accomplished
by choosing the variable cycle as reference variable and the category ’cycle
1’ as reference category. The initial dialogue allows the user to choose any
category of any variable as reference category or to choose none, in which
case the origin and unit apply to the whole (super)population.

The sections of the JOBN.EFF file are described next.

1. General information including the comments of the user (from the Kom-
ment field in SLIN), information on missing data, and on the particular
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options used in RAPPORT.

. A table with the item parameters of the items used in carrying out the
regression analysis. The choice of origin and unit (in the SAUL.DEF
file), and the choice of the reference variable and category (in the ini-
tial dialogue of RAPPORT) automatically imply a transformation of
the discrimination indices and the difficulty parameters of the items.
The table presented here gives the original values, as found in the
JOBN.PAR file and the transformed parameters. In the table, two ex-
tra columns are added, with headings P80 and P50 respectively. The
P80 column gives for each item the value of the latent variable on the
transformed scale that corresponds to a 80% probability of success on
the item. For binary items, the 50% probability point is found at the
value of the transformed difficulty parameter (and is not repeated in
the P50 column); for polytomous items, the 50% probability point is
computed by the program RAPPORT and displayed in the P50 column.

. The results of the regression analysis. This part of the output has
essentially the same format as the output of SAUL (contained in the
JOBN.SLF file). Here, we discuss only the differences and a few new
elements.

e The output echoes the value of the mean and standard deviation
as specified in the SAUL.DEF file, together with the reference
variable and reference category as chosen in the initial dialogue.

e Changing unit and origin defines a linear transformation of the
scale, using the rule

new values = B x original values + A

The values of B and A are displayed under the heading ’transfor-
mation constants’ as 'multiplicative’ and ’additive’ respectively.
This transformation holds for estimates of regression parameters
and averages. Standard errors and discrimination indices are only
affected by the value of B; test statistics and effect sizes do not
change at all.

e Log-likelihood value and number of parameters have the same
value as in the JOBN.SLF file.

e The additive regression parameter p is given with the name ’ad-
ditive constant’. The mean (ability) is displayed with the heading
'mean’. If no reference category is chosen in the initial dialogue,
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this mean will be equal to the mean specified in the SAUL.DEF
file, otherwise it will in general be different. If we choose ’cycle
1’ as the reference category, and 250 as the average value in the
SAUL.DEF file, this will cause a transformation of the scale such
that the average of the cycle 1 population is 250; the average abil-
ity of the superpopulation (the three cycles together and equally
weighted), however, will in general take another value.

e A similar reasoning as for the mean applies to the standard devi-
ations.

4. One or more tables with marginal proportions, means and standard de-
viations for each variable which was used as a regressor in the model.
The default option of RAPPORT is to display the mean and stan-
dard deviation (in the population) for each category of each regressor.
For the regressor gender this amounts to the proportions, means and
standard deviations of the boys and the girls. For the variable cycle,
the proportions, means and standard deviations are displayed for each
cycle. This latter case is probably meaningful to the user, but it is
doubtful if the former is: it gives the mean ability of boys and girls, av-
eraged over all other regressors, inclusive the cycle. Perhaps it is more
valuable to display the proportions, means and standard deviations for
boys and girls in each cycle. But doing this is equivalent to condition-
ing on the variable cycle, and this is controlled by the user by choosing
cycle as the first conditioning variable in the initial dialogue. The effect
is that for each category of each variable the conditional proportions,
means and standard deviations are displayed, inclusive the condition-
ing variable itself. For example, in the subtable pertaining to the first
category (cycle 1) of the variable cycle, the proportion of cycle 1 equals
one, and the proportions of the other two cycles are zero. Of course,
for the latter no means and standard deviations exist.

5. A table with the estimates in the joint distribution of the background
variables in the population. This amounts to displaying the contents of
the JOBN.WBO file. The table is displayed with one cell per record;
the record consists of a cell identification followed by the estimated
proportion. Even with a moderate number of regressors, this table may
be quite large and will not show interesting features by mere inspection.
But it can be used as input table for more refined analyses, such as log-
linear analysis, to investigate relations between background variables
and their change over time. The table is preceded by a legend telling
how to interpret the cell identifications.
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6. It is a quite widespread misunderstanding that the usual assumption
of normally distributed residuals in regression analysis entails a normal
distribution of the dependent variable (the ability). With a simple ex-
ample, it can be seen that this is not true. Suppose, we use a (valid)
regression model with one binary regressor (such as gender). The model
assumes that the ability in the boys’ population and in the girls’ pop-
ulation is normally distributed. If the gender effect is zero, the ability
distribution in the total population will of course be equal to either
distribution, but if the effect is not zero, the marginal distribution will
be a mixture of the two distributions, and this distribution is not nor-
mal. If the effect is small the normal distribution might be a reasonable
approximation, but if the effect size is large, the marginal distribution
will become bimodal, and an approximation by a normal distribution
will be erroneous. (See Figures 4 and 5 for a graphical example.) If
we use five binary regressors, the marginal distribution is a mixture of
25 = 32 normal distributions, each having a weight defined by the joint
distribution of the background variables, and this mixture distribution
may deviate quite substantially from the normal distribution. The pro-
gram RAPPORT computes and displays the correct percentiles (1 to
99) in such a mixture. The user can control to a certain extent the
(sub)populations of which the percentiles are to be computed by the
choice of no, one or two conditioning variables in the initial dialogue of

RAPPORT.

e If no conditioning variables are specified in the initial dialogue,
a single table of percentiles is computed and displayed. It is the
distribution of the ability in the total population. In the example
with different cycles it gives the percentiles in the superpopulation.

e If only the first conditioning variable is specified (but no second
one), a percentile table is displayed for each category of this con-
ditioning variable. For example, if cycle is the first conditioning
variable, the percentiles in each cycle are computed and displayed
in a separate table for each cycle.

e Ifa first and a second conditioning variable are specified, the same
output as in the preceding bullet is generated, and moreover the
percentiles for each category of the second conditioning variable
are computed. If cycle is the first conditioning variable and gender
the second, there will be a table for each cycle. Each table contains
the percentiles for the cycle as a whole (first column), followed by
the percentiles for the boys in that cycle and for the girls.
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e If only the second conditioning variable is specified (but no first
one), the percentiles for the total population will be displayed,
followed by the percentiles for each category of the conditioning
variable. Example: if cycle is the second conditioning variable
(and there is no first one), the percentiles in the total popula-
tion and in each cycle will be displayed in a single table. Notice
that in this case, cycle will not have the effect of the first condi-
tioning variable when reporting proportions, means and standard
deviations.

When the user is asked to answer to the questions in the initial dialogue,
a list of variable or category labels is displayed on the screen as a memory
aid. Each label is preceded by a number. The answer requested from the
user is a number, not a label.

We conclude this chapter with a warning to the user. In computing and
reporting a regression analysis, much attention has been given to a reasonable
estimate of the standard errors of the parameter estimates. In the reports on
the marginal means and the percentiles, no standard errors are mentioned (in
the present version). A marginal mean is a weighted average of regression
parameters. If the weights are fixed, the standard errors of the marginal
means can easily be computed using the variance-covariance matrix of the
regression parameter estimates (and this matrix is estimated consistently by
the program SAUL). But the problem is complicated by the fact that the
weights are the estimated proportions in the table of the joint distribution of
the regressors, and these weights also have an estimation error, which are not
easily computed in the general case where different amounts of information
are used for different regressors (see the section on the construction of the
JOBN.WBO file). Because we could not solve this problem in a satisfactory
way, any report on the standard errors for marginal results has been omitted.
But this does not imply that the results reported are error free. The only
advice we can give to the user is to be careful with these results, especially
in cases where many regressors are used with a moderate sample size.
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