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Alternative Models for Bilevel Factor Analysi

Magdalena M.C. Mok & Roderick P. McDonald

Introduction

Educational research often involves collecting data that have a nested sampling
structure. For example students are randomly selected from a random selection of
schools. As well, educational research often addresses questions that are at the
institutional level while data are collected only at the student level. For example,
studies on school culture were often based on questionnaire data collected from
students. It has been established by recent developments in research methods that
hierarchical structural models are to be preferred over conventional data, or in designs
involving research questions at the institutional levels. (See for example, Aitkin &
Longford, 1986; Bock, 1989; Bryk & Raudenbush, 1992; Goldstein, 1987; Mason,
Wong & Entwisle, 1983; Raudenbush & Bryk, 1985.)

In the area of structural equation models, discussions emanating from Goldstein &
McDonald's (1988) general model for bilevel structures include developments on the
statisticz] theory (Lee, 1990) and validations of the model on empirical data sets (e.g.
Muthen, 1989; 1991).

Nevertheless, the literature is still unclear as to the selection of approprir t¢ multilevel
factor models from those resulting from (i) decisions on scaling at the various levels,
and (ii) the possibility of equating or not equating factor loadings across levels. Itis
the aim of this paper to (a) discuss the characteristics of seven bilevel factor models,
and (b) arrive at a list of empirically based recommendations for selecting appropriate
bilevel factor models, the assumptions underlying these decisions, and the
consequences for interpretation for the Spearman Case.

Theoretical Framework

The models discussed in this paper are special cases of a bilevel model given by
McDonald and Goldstein (1989), in which measures are obtained at the student level
only. A qx 1 data vector of measures on student i randomly sampled from school

J» also randomly sampled, y§ (i =1,..., nj, j=1,.., m)is given a variance
component decomposition

Yyi =kt ymj + ymy




where L is the grand mean, yoy is the between - school component and yowy is the

within - school component. The bilevel factor model is, using results from McDonald
and Goldstein (1989),

_1_/1=7_\1f'+!_£'
or

where z is the factor score, u is the unique component and A is the factor loading
matrix, and is given by

A=@(h®1)

J=1

The covariance matrix, ZT of y is decomposed into between - and within - school

components Zg and Z » Tespectively, as

3, -3, +3,

such that

22 = AGA' s+,

ZW = AsOw\' vt Pw

where the A's are the factor loading matrices, ©'s are factor covariance matrices and
W's are diagonal residual covariance matrices, with the subscripts indicating the
corresponding levels. By equating or nor equating A; and Ay, , and by choosing
various scaling factors on ©, and Ow, different siructural models, some of which may
be shown to be reparameterizations of others, can be fitted. These are discussed in
more detail below, in the context of a Spearman Case.




L Model A

In this model, the original matrix of measurements is used and the factor loadings are
constrained equal across the two levels. By decomposing the factor score and the
unique factor of the data vector into a between - school and a within - school
component, this model can be represented by:

Y =?_'(TII+CV)+(Y1+§')
=O_W\J+Y1)+ch«+§v)

= g(s)/+ Yowy

where 1 and { are the school-level and student-level factor scores and v and € are
the school- and student-level unique factor respectively.

The corresponding covariance matrix 2 . is then decomposed into the between -
and within - school components:

2, =X, *2n
where Zw =)_»0"’;?:’+\ljg

2 =AY,
and (yi is the between - school factor variance.

This model has the simple interpretation that there is between - school variability and
within - school variability in the common factor and the unique factors, yielding the
corresponding between / within variability in the item scores. In this model, the

between - school factor variance is directly estimated. The ratio G2, / (0> + 1)

provides a natural estimate of school effects. The limitation of this model is the

constraint on the equality of factor loadings across levels, with the implication that

the same factor underlies the behaviour of items at the school- and the student -

levels. These points can be elaborated using a six - item scale designed to measure

the quality of the formal curriculum (QUAL). The items in this scale are

(1) The curriculum of this school meets my present needs.

(2) This school offers a good range of subjects in Years 11 and 12.

(3) The subjects offered at this school develop the capacity for independent and
critical thinking.

(4) The subjects taught in this school offer useful knowledge or skills.

)




(5) The subjects taught in this school are relevant to real life and to students' needs.
(6) The subjects tanght here prepare studeats adequately for future employment.

The semantics of these items suggest that item 2 refers more to the curriculum at the
institutional level while item 1 is more related to the students' personal opinion of the
school curriculum. The rest of the items in the scale are expected o be impacted
upon by a mixture of school-level and student-level variations. As such, the
constrained-equal loading model might not be the best to use. Schematically, model
A for the QUALIty of the formal Curriculum Scale can be represented by Figure 1
below.

Place Figure 1 about here

Relaxing the equal loading constraint leads naturally to the next model below.

IL Model B

This model relaxes the assumption on equal loadings across levels of model A. The
previous metric is still used in the analysis. This model, using the same notation as
before, is:

yr =+ ALY +e0)
=+ VHRSLy + €)

= ym;+ Yown

and 2 = 2yt 2y

where

%na.,s'l" Ys

2,

2'»’: _A_.w%.,w'F Yw

The price for allowing factor loadings to freely vary across the two levels is that, in
the usual sense in single-level factor analysis, factor variances at both levels need to
be fixed at unity for identifiability. The consequence is that there is no direct way of




estimating school effects parallel to thatin Model A. It is possible, on the other hand,
to compute the ratio of

Ade/ (A shet+ A whw)
as an estimate of the relative amount of information contributed by the school-level
variations. Nevertheless, the more severe consequence of this distinct loading model
is the implication that, in cases where the loadings are significantly different across
levels, the factors at the school- and student-level are different. In other words, the
latent attribute of the school as registered through students' perceptions may have a
different interpretation to the latent attribute of the student registered through th=
same group of students with the same set of measuring instruments. Just for the sake
of argument, suppose the school-level loadings in the Quality of formal school
curriculum were "defined by" items 2, 3, 4 such that the school-level factor was one
of quality in terms of subject range and levels of academic content, while student-
level loadings suggested a factor defined by how well student needs were met by the
curriculum. The factors measured by these items would then be completely different
traits at the school- and student - levels, It would therefore be misleading to label both
with the same factor name and any computation of proportion of variance explained
by school versus by student would be erroneous. Of course the caveat extends itself
naturally to the possibility of different factor structures in terms of number of factors
across the two levels. Model B is represented schematically by Fig. 2.

Place Figure 2 about here

The above arguments are all very well except for a problem with the scaling of the
units of measurement. In the same sense in which we are not usually willing to
compare unstandardized regression weights, if the spread of the inclicators of a factor
are different, it is not possible to compare relative contributions of these indicators in
defining the factor by comparing the factor loadings; without appropriate scaling, the
loadings represent the weights of these indicators measured in their natural units.
This necessitates the development of the next set of models.

IIL Model C

The variables are scaled to yield standardized factor loadings at both levels first for
this model. Like Model A, the loadings in Model C are constrained equal across
levels. In single-level factor analysis, scale invariant models are obtained by pre- and
post- multiplication of a structured correlation matrix by a non - singular diagonal
scaling matrix, A, which is to be estimated (Krane & McDonald, 1978. See also
Brown, 1982; McDonald, Parker & Ishizuka, in press).

The mathematical expressions defining Model C are:




you = A, g = A an+V)
yoou = Ag g = A JoGy+€4)

where A, and A are the scaling matrices at the between - and within - levels
respectively and are to be estimated. Extending the arguments for the single-lovel

case given in McDonald, Parker, and Ishizuka (in press) to the bilevel situation, Z’ ®

and ) w are both constrained such that Diag {Pp}=I and Diag {Pw}=I , in

2, =A¢1)1A! and Zw = Aw‘l’wAw

P, = 00+ Digg (1-vot )
P= 0t + Dig (1-a

yielding standardized factor loadings &. This model is to be preferred over Model A
whenever the variance of the indicators are very different. However because the
equated loadings in this Model are derived from standardised scores, comparisons can
only be made in the relative sense. The constraint on holding the common factor
variances at unity at both levels implies that the general size of school effects cannot
be directly defined and estimated.

IV, Model D

This model is an attempt to relax the restrictions on Model C such that school-level
factor variance can be estimated with scaling for standardized parameters at both
levels. Model D is thus a model involving scaling at both levels and constraining
loadings across levels.

This model is represented by:

Y = A,g(m/ =A, ((}nj'*“_h)

Yy = Apgomn= Ay (ch +€4)

and




zaz A’ (qczﬂq”-" Ca )Aa
3= A @2 +Co)A,

where (*_ and (~,, are diagonal matrices of unique variances satisfying the scaling

: . . . . 2
constraints. Model D offers a direct estimate of school-level variance, viz, (5, and

the corresponding school effect estimate of 5% / (G, + 1). Estimates of school-

level loadings tend to be more stable (smaller SE) compared to the distinct loadings
counter parts because estimation is based on the pooled larger sample size at the
student-level. In research situations where distinct loadings are expected across
levels, the next model may be considered.

Y. Model E

Model E is an attempt to relax the constraints on equal loadings across levels while
still standardising the variables at both levels. Mathematically, this model is
represented by:

Yo = A,gm=A, (@a+v)

yon=Aygmn=A, @ "Ci +€&y)
‘and

2¢= As(q"(}, '+Ca )Ag
Y= Aw(0n vt C ) A

This model can be shown io be a reparameterization of Model B by writing

a‘o"—‘ A’q,o
and a.w=A,w(_lw

This model then is expected to give the same fit to the data as Model B and all the
comments regarding Model B apply here. The additional advantage of Model E over
Model B is that by means of the standardisation procedure, the loadings can be
interpreted by the usual rules for standardized parameters.




YL Other Bilevel Factor Models

Mathematically it is possible to scale for standardized loadings only at the student-
level while allowing the school-level to remain at the original units of measurement if
the loadings are distinct across levels:

= +
Y ins AV,

2oy =Aw (qw§’+§g)

with

Teh MY,
and

S5 A0, 0wt CoA,
Indeed by writing

A=A

this can be shown to be a reparameterization of Model E. Nevertheless, there does
not seem to be an empirical situation which motivates this type of "mid - way"
scaling. So this model will be treated as one with theoretical interest only but with
very little use in terms of applications.

On the other hand, it is also possible to fit a mathematicai counter part for the "Equal-
Loadings-Scaling-at-Student-Level-only" model. Again, this model does not seem
well motivated.

So far decompositions in all the models discussed are in terms of common factor
scores and unique factor scores, with all parameters fixed. It is perfectly legitimate
on the other hand to decompose the factor loadings into between - and within -
components in a manner analogous to the random coefficients models discussed by de
Leeuw and Kreft (1986). That is,

y =@ +Bgtu

=@ +B )z +(v +€)
-0 -~y -5 -
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For the Quality of Fortnal Curriculum scale, this model can be represented by Figure
3.

Place Figure 3 about here

In other words, the random coefficient model implies that the loadings of the manifest
variables on the common factor are being randomly "modified" by school
memberships. In this model, students are assumed to have a perception of the quality
of school curriculum and that this perception is being coloured by the particular
scheol the student happen to belong to. School effect is modelled through its impact
on the relationship between the latent and manifest variables. The software to be
reported in this paper was not written to handle a random coefficient model and so
this model will not be further discussed. Nevertheless, it is possible to give an
estimate of the profile of the slopes simply by repeatedly running a single level factor
analysis on each school sample if needed.

Source of Data

lustrative data consist of responses to a questionnaire from 5,932 Year 12 students.
The students were selected from 50 Catholic schools from the Dioceses of NSW,
Australia, by means of stratified random sampling (Flynn, 1992). The questionnaire
contains 46 Likert - type items pertaining to 6 scales which were constructed to
measure school culture. The scales are: Quality of Formal School Cutriculum
(QUAL, 6 items}, Out - of - school curriculum (OUTS, 4 items), Relationships with
Teachers (ATEC, 12 items), Student Morale (STDM, 10 items), Attitudes to the
Principal (PRIN, 5 items), and the Attitudes to Discipline (ATTD, 4 items). The
rationale behind these scales is discussed elsewhere (Flynn, 1992; Mok, 1992) and
will not be repeated here.

Methods

The strategies (with modification) for multilevel covariance structure analysis
recommended by Muthen (1991) were adopted. The steps were:

Step 1. Conventional Factor Analysis of S

An Maximum Likelihood confirmatory factor analysis of each of the six scales was
conducted by means by the COSAN computer package (Fraser, 1987). Items which
have a loading less than 0.33 were removed if necessary. This step was conducted
with the understanding that the analysis was incorrect in the sense that the nested
nature of the data had been ignored (Muthen, 1991)

11




Step 2. Estimation of Between Variation

The intra - class correlation of each item in each scale was computed by means of
fitting a variance components model to the data. The intra - class correlation gives
the proportion of variance accounted for by the school. If it were small then
multilevel analysis might not be warranted (Muthen, 1991). This step therefore was
aimed to determine the legitimacy of the bilevel factor analysis to follow. The
variance component model for each item was fitted by the ML3 computer software
(Rasbash, Prosser, & Goldstein, 1990), which adopted an Iterative Generalised Least
Squares algorithm in minimising the log - likelihood function (Goldstein, 1989).

Step 3. Bilevel Factor Analysis

The analyses reported here were performed using McDonald's BIRAM (Bilevel
Reticular Action Model) software program (McDonald, Lam, Middlehurst, & Parker,
in preparation). This program is written to implement the Reticular Action Model
(McArdle & McDonald, 1984) for bilevel path analysis. Maximum Likelihood
estimates of parameters are obtained by a quasi - Newton iterative procedure.
Goodness of fit is obtained by comparing the negative log - likelihood ratios (chi -
squared values) of the fitted model to a saturated model. The program provides the
option for the user to set up the model for the run, or to use some existing models
from previous runs. A control file was set up for each of the models discussed
(Model A to E) for each of the six school culture scales. This was done by (i)
selecting either scaling for standardized parameters (at both ievels) or no scaling and
(ii) specifying either estimating or not estimating school-level factor variances.

For each scale and within each model, factor loadings across school- and student -
levels were compared. Factor loadings between models for each level weie compared
and interpreted. Goodness of fit (Chi-squared value) across the models on each of the
scales was also compared and contrasted as well. As BIRAM is a program still under
development, it is anticipated that difficulties associated with the convergence of the
minimisation procedure as a consequence of the combination of small intraclass
correlation and unbalanced sample sizes would occur for some of the scales. These
difficulties were also summarised here for further understanding of the selection of
bilevel factor models. Altogether 5 x 6 = 30 BIRAM analyses were performed.

The BIRAM program also has a provision for running a pseudo balanced analysis
whereby all second level units (schools) were assumed to take an average sample size
of first level units (students), or an unbalanced analysis whereby the actual sample
size is used in the estimation, taking the results from the pseudo balanced run as
initial values for the minimisation procedure. Where-ever available Chi-squared
values from both pseudo balanced and unbalanced runs wete reported here. The aim
was to compare the goodness of fit between pseudo balanced and unbalanced runs for
a badly unbalanced situation where school sizes ranged from 55 to 348.

12




Alanaike.  solFacior Modgis Paga 19 01 15

Step 1. Results of the Conventional Factor Analysis Of S

Conventional Factor Analysis using the COSAN software package (Fraser, 1987) on
each of the six scales identified items not contributing to the definition of the factor.
These items were inspected and subsequently removed. The remaining items were
reanalysed using COSAN and the results are summarised in Table 1.

Place Table 1 about here

The results from this step indicated reasonable fit for all of the scales with chi-
squared values ranging from 2770.3 (df = 54) tc 24.13 (df = 2) with the
corresponding McDonald's Goodness of fit Indices ranging from 0.80 to 0.998
(McDonald, 1989). The Root Mean Square residual covariances ranged from 0.01 to
0.05 . The Cronbach's Alpha as a measure of internal consistency for these scale
ranged from 0.67 to 0.91.

Step 2. Results on Estimation of Between Variation

Intraclass correlations of the 41 items identified from the previous step ranged from
0.08 to 0.18 (Table 1). These figures concurred with the other studies reported on
school effectiveness (Reynolds, 1992). Muthen (1991) has suggested that if intraclass
correlations are too small, multilevel analysis is not warranted. Intra - class
correlations in studies reported by Muthen (1991) are a lot higher . It would be
interesting to compare the effects of the sizes of the intraclass correlation on the
different models. This is done in a simulation study by McDonald and Mok (1993).

Step 3. Results of Bilevel Factor Analysis

The hostile characteristic of this data set with a combination of small intra - class
correlations, extremely unbalanced school sizes, and a large sample size at the
student-level puts the BIRAM program to a severe test. The dimensions of
intermediate computational stages exceeded the current limits of the BIRAM program
for the two longer (with more than 10 items) scales (Relationships with teachers, 12
items, and Student Morale, 10 items). Even for the remaining four shorter scales
(with less than 10 items), some runs failed to give standard error estimates. The
results of 20 BIRAM runs for these four scales are summarised in Table 2.

Place Table 2 about here

Table 2 contains the factor loadings at the school- and student - levels and factor
variance estimates where appropriate for each scale. Referring to the factor loadings
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for the Quality of Formal Curriculum Scale (QUAL), which has a low intra class
correlation of 0.08, an item-to-item comparison between the values of the student-
level loadings and the single-level loadings showed very little difference between
them. This was especially true for models involving scaling. On the other hand, for
the Out - of - School Curriculum (QUTS), Attitudes toward the Principal (PRIN), and
the Attitudes toward Discipline (ATTD) scales, where the intra-class correlations
were higher, more discrepancies between student-level loadings from the various
bilevel factor models and those obtained from single-level factor analysis were
observed. This was especially the case for models without scaling. These
observations implied that if the intra class correlation is small, and if the research
question involves a concept at the student-level only (e.g. quality of school life from
the students' experience) then the conventional single-level factor analysis might be
considered sufficient. On the other hand, if the intra - class correlation is high, then it
might be worthwhile to proceed to the bilevel factor models which provide better
estimates over the single-level factor analysis.

Comparisons of school-level loadings with student-level loadings were, strictly
speaking, only legitimate on Model E which involved scaling at both levels and
which allowed distinct loadings across levels. For all the scales that had successful
runs on BIRAM, school-level loadings were higher than student-level loadings after
scaling at both levels. The proportion of information at the school-level was
estimated to be 65% for the Quality of Formal Curriculum Scale (QUAL), 62% for
the Out-of-School Curriculum Scale (OUTS), 61% for the Attitudes toward the
Principal Scale (PRIN), and 70% for the Attitudes towards Discipline Scale (ATTD)
(Table 2). It is unfortunate that both the Out-of-School Curriculum and the Attitudes
towards Discipline scales, each with an intra class correlation of 0.16, involved
Heywood cases (Heywood, 1931) on Model E. Muthen (1991) has warned that
Heywood cases were as common in Bilevel factor analysis as in single level factor
analysis. .

Referring to Model E again, school-level factor loadings for all the items in the
Quality of Formal Curriculum Scale (QUAL) were in the order of 0.9 while loadings
at the student-level were on the order of 0.6 to 0.7. However, the within item ratio of
the school - to student - levels loadings were not uniform across all items, some items
had relatively higher loadings at the school-level than others had. The same remark
can be made for the Attitudes towards the Principal Scale (PRIN). School-level
loadings for items 2, 3, 5 were relatively higher than those at the student-level,
whereas school- and student-level loadings for items 1 and 4 were similar. These
made good conceptual sense on inspection of the items (see Table 1). Items 2, 3, 5
involved the leadership of the principal while items 1 and 4 were respectively
involved with how approachable the principal was perceived and the importance
placed by the principal on the religious nature of the school.

The size of factor loadings from the unscaled models (Models A and B) might just be
a reflection of the items' variabilities. Their interpretations can be as misleading as
comparing raw regression coefficients. However, Model A (unconstrained and with
no scaling) provided direct estimates of school-level factor variances, which ranged
from 7% to 23% (Table 2). The size of the school-level factor variance tends to
associate with the size of intra class correlation, but there does not seem to be a cne-
to-one relationship between them.
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The Chi-squared goodness of fit values of all models on all scales for both the pseudo
balanced and the unbalanced runs are also given in Table 2. It is possible to make
pairwise comparisons between models on goodness of fit for each individual scale
using information presented in Table 3. For example, for the Quality of Formal
Curriculum (QUAL), bilevel factor model A gains 14 degrees of freedom at a cost of
losing 2.01 points on Chi - squared value of goodness of fit over the single-level
analysis. The loss was not statistically significant at 5% level, and because in
addition the research question involved one at the school-level, the move from the
single-level factor analysis to Model A of the bilevel factor analysis was justified.
The exercise of such pairwise comparisons across all models and all scales suggests
that at least for the scales reported here, (i) if the loadings were unconstrained across
levels, then scaling and non-scaling give the same goodness of fit: the models (B and
E) are reparameterizations of one another; (ii) the unconstrained models (B and E) are
not significantly better than constrained Model D which involves scaling at both
levels and which requests school-level factor variance to be estimated. So the more
parsimonous Model D is to be preferred over the other models; (iii) each of Models
B, E, and D is significantly better than the constrained Model A which involves no
scaling; (iv) each of these four models is better than Model C which is in turn not
significantly different from the single-level factor analysis in terms of goodness of fit
All bilevel factor models except Model C yield better fit to the data than the
conventional factor model.

The Chi - squared values for the pseudo - balanced and the unbalanced runs were next
compared. All the Chi - squared values from the pseudo - balanced runs were larger
than the unbalanced runs indicating a better fit by the latter. However, only 3 of the
20 differences were larger than 7.88. The values of the loadings show that even with
an unbalanced data set which had sample size ranging from 55 to 348,
pseudobalanced estimates approximate the unbalanced satisfactorily.

Conclusions ‘
The questions facing the researcher in decisions regarding bilevel factor analysis
models are :
(a) Whether bilevel factor analysis is required?
(b) If a bilevel factor analysis is to be performed what are the available models?
(c) How do we choose among these models?

Various authors have written on the first question. The general advice hinges on two
points: (i) whether the research question is conceptualised at the student-level (eg
quality of school life as experienced by the student), or at the school-level (eg culture
of the school as an institution), and (ii) whether there is enough between - variation to
warrant multilevel analysis.

Once a decision is made to conduct a multilevel analysis, it is necessary for the
researcher to consider the class of alternative models.

This paper discusses some of the available alternative bilevel factor models. Eight
bilevel factor models were proposed, five of them were discussed in greater detail just
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for the Spearman case. Seleciions of these models are discussed in the context of a
set of empirical data on school cuiture. The five models are

(A) noscaling, loadings constrained equal across levels,

(B) ro scaling, distinct loadings permitted,

(C) scaling at both levels, constrained equal loadings,

(D) scaling at both levels, constrained equal loadings,

estimating school-level factor variance,

(E) scaling at both levels, distinct loadings.
Analyses in this study suggest that choices amongst the models depend on:
(i) whether distinct factor structures across levels can be interpreted meaningfully,
(ii) whether standardisation of variables is necessary, and
(iii) whether the resecarcher wants 1o estimate second level factor variance.

It appears from the analyses performed on the current set of empirical data, that if
distinct factor structures are interpretable, then the isomorphic Models B and E would
provide best fit to the data, and in most cases, these distinct models would yield no
better fit than the 1..ore parsimonicus model D. Because of parsimony and ease of
interpretation, Model D is preferred. On the other hand, while the factor loadings
from the non scaled medels are not easily intecrpreted, Model A with constrained
equal loadings provides a direct estimatc of school effect that is not available from
any other models. In this sense, except the very restrictive Model C, each of the other
Bilevel factor models provides useful and in fact complementary pieces of
information.

Results of the runs also indicate that the pseudo balanced estimates are quite robust
with regard to the extent of unbalance of the sample structure. How much of this
robustness depends on the total sample size is discussed elsewhere (see McDonald
and Mok, 1993 for a simulated study). Likewise, the robustness of these models with
respect to the sizes of the intraclass correlations cannot be fully assessed without
conducting a simulation study.

So far discussions have been restricted to a one - factor Spearman case. Future
research could be extended in the direction of different factor structures across levels.
The mathematical models discussed in this paper placed no restrictions on the number
of factors and the arguments can be extended easily to more complicated structures.
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\
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level

5. The subjects taught in this
school are relevent to real life
and to students' needs.

6. The subjects taught here prepare
students adequately for future employment

eeelee

Figure 1. Model A: Equal loadings across levels; no scaling is used.
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Figure 2. Model B: Unconstrained loadings across levels; no scaling is used.
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Table 1. Loadings from Confirmatory Single-level Factor Analysis and Intraclags correlations("

No ftem Stom Loading'?  Inira
COIT,
QUAL - Quality of the Formal Currieulum (Chi-sq = 755.77, df = 9, McDonald's index = 0.94)
41 The curriculum of this school meets my present needs. 64 (01 04
45  This school offers a good range of subjects in Yeass 11 and 12, 64 (.01) 16
46 The subjecls offered at this school develop the capadity for Indspendent and critical thinking. J2(.01) 06
47  The subjects taught In this school offer useful knowledge or skills. .74 (01) 03
49  The subjects taughi in the school are relevant fo real life and to students’ needs 66 {.01) 02
50 _ The sublects taught hete prepare students adequately for future employment 86 (.01) 04
QUTS - Out-of-School Curriculum  (Chl-sq = 66.08, df = 2, McDonald's Index = 0.99)
42 There are opportunities for students to get 1o know teachers outside the classroom. 55 (.01) 08
43 The out-of-school activities of the school have suffidlent varlety and scope. 81(.02) 10
4 There s a good sports program in the school. 56 (.01 26
53___ The school places sufficient emphasls on cultural activities (music ,art, drama, etc.) 42 (02) 09
ATEC - Relationships with teachers (Chi-sq = 2770.29, df = 54, McDonald's Index = 0.80)
5  Most teachers are well qualified and have good teaching skills. 65 (.01) 06
58 Most teachers In this school show a good deal of school spirit, 86 (.01) 10
60  Most teachers know thekr Year 12 students as individual persons. 57 (.01) 04
64  Most teachers are part of the school community. .70 (,01) 07
65  Mostleachers have a profussional attitude towards thelr teaching. 68 (.01) 03
86 Most leachers carry out thelr work with energy and pleasure. .76 (.01) 04
72 Mostteachers take a personal interest in me. 67 (.01) 04
80  Most teachers give students sufficlent encouragement. 72 (.01) .03
83 Ifstudents have difficulty with thelr school work, most teachers take time to help them. 68 (.01) M4
85  Mostteachers go out their way io help you. J72(.01) 05
8  Most feachers show that peopie are more important than rules. 57 (.01) 04
90 Most teachers hete are caring and willing to assist students who need help. 73 (.01} 04
STDM - Student Morale (Chi-sq = 1566.18, df = 35, McDonald's index = 0.88)
55  Students here think a lot of their school. 82 (.01) 15
69  Everyone has a ot of fun at this school. 67 (.01) 07
70 A good sphrit of community exists amongst Year 12 siudents. 62 (.01) 07
73 1have been happy at school. T7(01) 03
76  Students al this school do not mind wearkg the school uniform. 49 (.01) 06
79 Everyone tries to make you feel at home In this school. 67 (.01) 06
87  Myexperience of this school has been a happy one. 82 (.01) 03
91 |am happy to be a studant at this school, 84 (.01) 05
92 School rules here encourage self-discipline and responsibility. 58 (.01) 04
93 There ks a happy atmosphere in the school, .78 (.01) 07
PRIN - Attitudes to the Principal, (Chi-sq = 148.77, df = 5, McDonald's Index = 0.99)
62 | can approach the Principal at any time for advice and help, 63 (.01) .18
71 The Principal ensures that the schoo! provides a good education to students. .70 (.01) 09
81 The Principal encourages a sense of community and belonging in the school. 81 (01) 15
89  The Principal places importance on the religious nature o f the Catholic school, 42 (.01) 10
94 _ The Principal provides good leadership of the schoo! community. 81 {.01) A7
(%) (Chw-5q = 24.13, df = 2, McDonald's Index = 0.998)
%9  Year 12 siudents are not given sufficlent real freedom here. £34{.01) 13
74 This school places too much emphasis on external conformity to rules and regulations. 80 (.01) 09
78 Most leachers never explain why they ask you 1o do things around here. 42(.01) 04
84  There are too many ruiss which restrict students' freedom. .78 {01) 13

Notes:

(1) Maximum Liketihood estimates using COSAN (Fraser, 1387) for the Single leve! Factor analysis and Maximum Likelihood
estimates on intra class correlations using the ML3 package (Rask ish, Prosser, Goldsteln, 1990) were reported here.

(2) Standard errors of factor loadings were printed in brackets.

{3) Thesa items were reversaly coded,
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Bilavel Resulte : School lavel

ftlom Model A Model B Model C Model D Mode! E Single level
Constralned Unconstrained, Conskralned Constrained Unconstkalned, Results
equal, No scaling No scaling equal, Scaling | equal, Scalingat | Scaling at both
both levels both levels, loveis
estimating sch-
level factor var
141 68 21 53 83 S
{.03) {01) {01) (.03)
70 Al 63 £3 85
(08) {01) (01) {.05)
54 21 i J0 96
(.03) (01) (01) _(02)
a7 53 A5 J4 J3 95
(.02) (01 (01) (.08}
68 14 56 56 B9
(02) (01) (01) (.06)
£5 7 65 £5 87
(03) {01) {.01) (.05)
Bilevel Results : Studaent level
41 58 £8 53 £3 £2 54
(01) (01) (01) (.01) {01)
.70 .70 £3 53 63 54
(.01) {01) _ {01} {01} (:01)
54 63 q ) 20 J2
(.01) {:01) (.01} 1.01) (:01)
47 53 63 J4 J3 a3 J4
(01} {01) (01} {.01) {01)
58 £8 56 56 £6 £6
(.01} (01) {01) (.01) (01)
55 85 £5 £5 £5 56
(01) (01) (01) {01) {01)
Goodnaess of fit of models
Chl-sq 7571 218 7693 7218 T8 7558
(Unbalanced
run)
Chl-sq 7666 7283 7805 7347 ™3
{Pseudo -
balanced)
d.f. 23 18 24 23 18 9
Estimates of proportion of variation at School-lavel
Estimate proportion of ABha/ Not Applicable proportion of o'pog/
School-level (L'BZB + School-level (q'BgB +
faciorvariance = | a\Au) = factor varlance = | gyl =
0.07 0.11 0.64 0.65
Notes:

(1) Single level factor results were rapeated here lo facildale comparisons between models
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Ill zanl IE I I Io Is- l i I[ I l " (c I](1)
(b) Scale: Qut-of-Scheol Curriculum (QUTS 4 ilems. Intraclass correlation < 0.16)

Bllavel Resuits : School lavel

Rein Model A Modsi B Model C Model D Model E i Single Level
Constrained Unconstrained, Constrained Constralned Unconstrahed, Results
equal, No scaling No scaling equal, Scaling | equal, Scalingat | Scaling atboth
both tevels both levels, levels
estimatng sch-
leved factor var il
42 54 25 56 56 73
{.02) {.05) {01) {.01) (.08)
4 91 A2 18 48 1.09
(.02) (,05) (01) {01) (.07)
44 £3 A6 54 54 56
(02) _ (09 (.01) (01 {09}
53 A9 12 42 At )|
(.02) (.06) (.01) (01 (.14)

Bilevel Rosults : Siudent Level

42 54 64 56 56 56 55
(.02) {.02) _(.01) (.01) (01) (01)
8 91 20 J8 .18 78 A1
(.02) (02) {01) (o) (.01) {02)
M 53 £3 54 54 54 56
(.02) (.02) (01) (01) (.01) _{o1)
53 A9 A9 42 M A2 A2
(02) (.02) {01) (.01) (01) (02)
Goodneas of fit of models
Chl-sq 48 355 584 N4 355 68.1
{(Unbalanced
run)
Chi-sq 4.3 393 593 425 383
(Pseudo -
balanced)
df. 23 18 24 px] 18 9
Estimates of proportion of variation at School-level
Estimate proportion of Apdg/ Not Applicable |  proportion of Qpog/
School-level (A'gdg + School-fevel (@'pug +
factor variance = Awdw) = factor variance = Lwaw =
0.17 0.20 0.64 0.62
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Table 2. Bilevel Faclor Loadings and Single leve! factor loadings (Cont) ()

(c) Scale; Attitudes towards the Principal (PRIN, 5 items) Intraclass correlation < 0.18)

Blisvel Resuits : School levei
ltorn Modei A Modei B Modet C Model D Moddl £ Single Level
Constralned Unconstraked, Constralned Conskaled Unconstrained Results
equal, No No scaling equal, Scaling | equal, Scalingat | |, Scaling at
scaling both lavels both levels, both levels
estimating sch-
level factor var
52 76 42 51 50 73
(.02) (07) (01) (01} {07)
n £8 28 £8 58 90
(.01) {04) (.01) (:01) (03)
81 B85 45 78 .18 58
(.01) {:08) (01} (.01) (02)
8 40 J4 A2 A2 A2
{01)_ (.05) (01) (.01) {13)
94 90 50 .78 N 95
{.01) (.08) (01) {01) {02)
Bllevel Resuits ; Student Level
62 78 76 81 50 81 53
(.02) _(02) (01) (:01) (01) (01)
n 58 58 £8 58 58 70
(.01) (01) (.01) (.01) {01) {01)
81 B85 85 78 .18 a7 81
{.01) _(on) {01) (.01) (:01) {01)
8 A0 A0 42 A2 A2 A3
(01) {01) (01) (.01} _(01) (01)
o) 90 B9 .18 NI .78 81
(1) (o1) (01) (01) (o1 o1
Goodness of fit of modals
Chi-sq 1256 1126 1624 1175 1126 1468
(Unbalanced
run)
Chl-sq 1309 1199 1744 1239 1194
(Psaudo -
balanced)
d.f. 2 18 24 2 18 9
Estimatas of proportion of variation at School-level
Estimate proportion of AAg/ Not Applicable proportion of apog/
Schoot-level (Aghg + School-level (a'pog +
faclor variance = LwAw) = faclorvariance = | o) =
0.21 0.21 0.61 0.21
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) Scale ¢ Attitudes toward Disclpline (ATTD, 4 items, Intraclass correlation = 0.16)

Bllevel Resuits : School Levsl
Hom Kodel A Model B Model C Modal D Model E Single lsvel
Constralned Unconstralned, Constrained Constralned | Unconstrained, Results
equal, No No scaling equal, Scaling | equal, Scaling | Scaling atboth J J
scaling both levels atboth levets, levets
estimating sch-
level factor var
50 15 A5 58 58 M
(02) {.06) (01) oy (.02)
74 H1 k| 57 57 93
(.02) (04) {01) (01) (.03)
(] A3 14 A2 A2 £5
(.02) _(.03) (01) (o (.10)
87 A7 74 g2 1.02
{.02) _(.05) (.01) (.01) {01)
Bilovel Results : Student Level
59 75 74 8 58 58 63
(.02) (02) (01) (01) {on (01)
74 51 61 57 57 56 50
(.02 {.02) (01) (o (:01) {01)
78 A 45 42 A2 42 A2
(.02) _(02) (01) _{o1) (o1} (01)
B7 87 J4 2 13 18
(.02) (02) (on ) (01) (01)
Goodnass of fit of models
Chi-sq 412 22 1179 320 232 241
(Unbalanced
run)
Chl-sq 430 243 1239 U1 243
(Psaudo -
balanced)
df 23 18 24 2 18 9
Estimates of proportion of variation at School-lavel
Estimate proportion of Apdg/ Not Applicable |  proportion of o'pog/
School-level (A'BAg + School-level (@'pog +
factor variance = Lwdw) = factorvariance | gluaw) =
023 0.23 0.68 0.70
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