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Preface

As indicated in the graat submizsion for this project (Appondiz 1) whilst there
las recently developed a sizeable !ilu:J(urv m h(d{}h(ivd] model building for
,longilndinnk\dntd, there have been few atdempts to study the applicability
of these models to real data.  ‘two developments, Jarpeiy since the submission,
have however influenced the course of the rescarch rveported here. }'er.ll);,
’ , the grnht holder has completed his wé]hodo]ugi(dl reSearch under ST Gruant
“No. 400-75-004 1. ‘This covered part of the ground under part (a) of the *
submission (sce Coldstein, 1979) and drew attention Lo the need to compare
instrumental varjiable estimators using diffevent chojces of jnstrumental
varizbles with regard to their consistency. Sccondly, more progess has been
made in the, use of SLruclurn].unntion mod&ls in longitudinal data, particalarly
by Karl Joreskog and his co-workers in a projéct on "Statistical methods for
the analysis of longitudinal data", and the computing difficulties have been
subslanLiglly alleviated with the nvailabi]ity of the LTSRLL program (Joreskog
* and Sorbom, .1978), now into its 5th versicn. This suggested the vse of these

procedures on the NCDS data.

As a result of the first dcvelopment, a subslnnLinI‘part-of this project has
Been devoted to the examination of the metholi of instrumengul variables
estimation. Estimates obtained using different variables as‘inerUménLal
variables are compared in the light of theoretically derived hypotheses about
theirtrelative'values in the regression of 16 year on 11 year scores, separately

for tests of rEHding and mathematics (see Appendices 5a, 5h).

Structural Equation models were applied in an exploratory sense Lo Lhe regression

. \ .
of 11 year on 7 year readiny attainmént and in a confirmatory sense to the
rclationship betveen rcading attainments over the three ages 7, 11 and 16, and the
parameter estimates compared vith those obtained using the instrumental

;

varinb]es method (sce Appendix ). In addition, a remanalysis if given of
an app]z(atlon of Structiral Equatioas modcls to 1ollnb1]1Ly estimation on
longitudinal data showlng Lhc dcpcndtnco of the estimates on the particular
final models used (voo App(ndl\ 6). Lxpressions for the 1nconsxsloncy of
Instrumental Vn(iublcs estimates in terms of the correlations of the errors
of mweasurement of the variables involved are éivon and Structural Equations

methods “are uscd to obtain estimates of these correlat;ons (see Appendix 7).

Preliminaty to any analysie of such a dataset as the National Child beveloprent
. . . - . . 4 . - .
Study (deseribod in Appendin 2) it is necessary to.chech on the distributional

s
chiaracteristies of the volevant variables and if necessary Lo carry out
v ' [y

transformations. A Discussion is piven (sce Appendix 4) of poseible

transfopmations of variables and-the conditions for their nee. Pepe the
& Q 4
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possible conflict between trans formations wvhich give Tinearity of yelationships

and those which giyo marginal norymality is Cromiued vhes the data do not

posses Lhe property of multivariate normality.  Jo addidion vhen m‘n‘xy variables

are ou:~:ml simultancously in an analysis, such as vhen using a number of

instrumento? variables, baclground variables or mﬁlliplv imdicators of a

]J@bnt variable, the problem of partial non=ircsponse i8 highlipited vhere

one or move of the rvelevant variables are missing for @ particular case.

A method of interpolation of partial non-response due to Beale and Little

(1976) is examined on the NCDS anla see Appendix 8) and a comparison is made .
. of estimates obtained by this method which uses the information from partial

non-rcspondcnts)wifh estimates obtained when all such cases are deleted.

N

Some thought has been given to the analysis of models of measurcmenl error in
“éatoéoricn] data in particular for obraining measures of change in Lrue social
class between Lwo ages by correcting the observed social mobility matrix for
error in social class as sughested in the discussion ifn Goldstein (1979a).
© This work is nolL reportcd here since we have been unable as yel Lo folve the
compdting)probloms involved in obtaining reasonable estinates of the \
conditional probahilities relating the true social class probabilitics at different
.ages. llowever, estimates of measurement error of social class obtained from
>
three data sets (sce Appendix 10) were used in a model of the regression of
: attainment on a measure of social class mix correcting this measure for error
in social class (see Appendix 9).  This model was tested on data from a
large literacy survey and the correction for measuremeut ,error was shown Lo
v .
alter the concl.sions substantially.  Other points 4n the research submission
not examined in detail are the study of log-linear models and of scoring methods
s for categorical data. On the log-linear models, initial work failed Lo give
[ \ <
promising resu]Lsi This is not to deny the potential of Lhese methods and the

comparisons suggested in the research submission are still considered valuable,

0 . . 3 A ‘
" The scoring methods for categorical data were, not examned in detail, though - B
an investigation was made of the effect %on Lhe parameters of the structural
equation models of alternative scoring methods for the teache~ ratings *
X
(see Appendix 6)- , v . .
The report has been divided, for convenience, into five chapters and .

. . ] . fy tqy . - . o a4
ten appendices, with individual responsihllity for the latter being indicated

where appropriate.

»
Russell Fceob

Barvey Cold- tein

October 1981
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Models for Measurcment of quantitative variables

1 Models of méasurement error

.

We)bricfly desceribe classical test score theory and latent variable theory,

give a definition of reliability and show its relation Lo measurement ‘error

¢

variance. . .
o

: ' . ‘L

Let. LI be a measurement of individual 1 on a test jtem j at occasion k, then
J .
the classical test theory model is that
< T, + m
X, = T,. +u_.
' ijk ii ijk

where us sk is the measurement error and ’I‘ij is the true value or true score.
! 3

The error is a random variable defined as having zero cxpectantion over

. replications angd zero correlatiod with the Lrue score. The variance of the
- measurement error is 0%, . - - Ce
ujk '

Though sometimes cescribed as a latent variable model this model is -ssentially
different in that expectations are taken over repYications within individuals

¥

as opposed to over jindividuals in the latent varisble model. This latter model

is contrasted with the classical test theory model in Append1x 3, vwhere a A
formal axiomatic basis for the two models are glven and it is showr. that an*-
additional axiom is required for the lat%ﬁt variable model in order that it

can be used in the classical test tieory context, and traditional reliability
estimates used. This extra axiom is that the covariance of errors of any

two individuals over zplications is zero and is ‘called the axiom of
experimental indepgndence bctween persons.” - Conditions undqr which Lhis

axiom may,not hold are given in Appvndi£ 3 as well as references to the
relaxation of this axiom. This axiom will be assumed to hold for the remainder
of this report where latent variables and classic«) test theery are used

interchangeably, Wewill use the term true score in all contexts.

+ N

For a given occasion and item or test, x, the reliability (R) of x is given by
. ~ t
(we omit the individual subscripts from now on)

-

2
R "‘0 /6 . ! (?) .
where 0; is the variance of true scores over individuals and thus .
2 2 .
o, =0° -0 ¢ 3
/ < . . , (3) .

For a test composed of many items an assumption of local independence botween

items is necessary for, the use of both classical testtheory and latent variabic

theory. This is described also in Appendix 3 and it is shoun
o .

RIC . . o
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that it is required in the formulde for the traditional reliability estimates

. which m:u& use of the relations between the items in a tent.

¥

. ~

A

IE\R(- ationships betveen Lruo SCO’CS On Lwo occasions

‘o
One possibility for medelling the relation between variables i to
standardise the distributions at each occ.asion thus assuming. a S:OllU!l(;ll scale.
&?l\‘hon this is done and the crude difference botween the variables is
considered as a measure of change we lmvc the unco'uhuﬂl_a_L model for whang}o
over Lime. This wmodel h.xs deficicences when comparing changes belween 2 or
more subgroups of the populauon, (formed by dividing the population say in
terms of sex of sgcial class) aé the' variation within cach of the %yrbups may
not then . be constant across occasions., In addirioy tle.error variances on
the two occasions are unknown and possibly uncqual for different subgroups,
so that the subgroup vari‘ances of the true sconcs on the sepgralte occasions
are unk:.own, " ’
. -
In the remainder of this report we.consider the condicional regression model
.for true scores,

-~ - )
Ly =a+BT +e *)
. 2
The rationale for choosing this,model is discussed in detail by Goldstein
- ’ . N
(1979).: Briefly, inferences drawn from this model are robust against
“non=lintar scale transf{ormations and the model 1mpl1C’1Lly incorporates

the time asymetry present in Lhe\gea] world. Nex ther of these properties is

Sk l‘

shared by the simple ~hange model. : :
! [N W ' »

1 - ~ e .

1.3 . Models for Lrue séores measurcd on nore’ than two occasions

-~
’ .

We comsider measurement at three scparale occasions and the generalisalion
to more than {hree is straightforwvard. Linear regression efuations relating

the true scores ‘for’ a given attaiument over the three occasions can be

v
.

written as

Ty= oy + BT + ey G)

Ty = BTy Tyt ey ©

A system of cquations of this form is called a recursive system as for each‘
new equation in the system a variable is introduced which is not present in
n.ny prL-vi()l;s cquation in the system. The identification of this sysiem, or
the exis Ll\n‘cc of uigue parameter estimates is discussed by Jolmstdn (1972,
p 365). ;T( requires in particular that the correlation between errors

1.2

> 10

t




¢, 1s known.

1’ 2

¢

A zero correlation between thdse errois is accessary in orver that the Ordinary
- \

Least Squares (OLS) estimates when applicd to cach oquation separately pives

efficient estimates and for cach equation a zero correlation hetween these

ervors and the indepeudent variables is neeessary for consistent estimates.

Neither of these conditiens will hotld if the cquations are mis=specified, for
instance’ by the exclusion of a relevant variable, or for cx.emle by the exclusion N
of a quadratic or higher ondor term in ene of the independent variables in ‘ho

equation.

For the NCDS data both for reading and mathematics attainment, almost linear

relationships between observed scores .t cach pair of ages 7, 11 and 16 can

be obtained by suitable transformations of test scores which also preduce

a ratio of maximum to minimum variance around the regression line not exceeding

2.0. This is ach1evcd for both attainments by empirical transformations which

give standard norﬂxl distributions for the 1; and 16 year scores, the 7 year reading

« test value for reading Leing transformed to give a linear relationship witha

the 11 year scores. The mathematics 7_year raw score is roughly normally
~ distributed and linearly relatec to the 11 year score without transfommation.

The transformation of the 7 year reading score is required because of the strong

ceiling effect on this test (227 of the obseivations were in the top 2 out

of 30 values) and though rendere? more normal by this tranéfotﬁation, the.

skewness and kurgosis remain high, -1.1 and 3.3 respectively,

Thus mis-specification in the above models vwili be due only to omitted
variables rather than non-linearitics. One relevant omitted variable is

Soc1a1 Class and iacluding this variable as a set of dummy variables (w.).

Equations (8) and (6) become

R M I *?615"3 te 2
’ = " ’ 4
‘T3 a, e 62{1 + YZ ) + ) 6 3 ] 02 (8).
A ] ' <

This model still déos not accommodate changes in Social Class betveen the

_o&gnsions and Lhisfis cither accomplished by including the values at cach

~ occasion in cquatior (8) or by including the value at the 2ud occasion and
the change between the Ist and 2nd occasion, the latter vaxng an casier
interpretation as well as more precise parametoer (qtlmntcs, since social

class is highly ngOCIH(Od at occasions | and 2,
L4

The model can be further extended to the case where two depeadent variables
| ’

for cxample mathematics and readirg attainment, are related across oceasions.

'l‘hi:: case has been considered in dut‘.ail by Coldstein {1979) and we shall

pursue it fu ther,
ERIC
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1.4 Measuremeut crror: Identification Problems

Consider first the case of one independent variable ad the relationship

between the true scores piven in equation (4),

) ¢ . . .
He now add the measurement equation from classical test score theory (equation 1)

.

= T| + u, (7

Xy = T ' (10)

where Var (TI) = of, Var (ui) = oui,’ and assame that under the classical test

.

theory axioms }hc covariances betwcen the measurement errors ﬁ”, u, and betvecen
’
the measurcment errors, (UPLL and the disturbance term in (4), are al! zero.
R - e
1r Uyt
"are wormally distribuled then all the distribuiional information is contained

. . e s .
1f we assume in additien’ that the variables 'l’ T2 and the errors u

in the first two moments as the observed variables are also normatly dGistributea.

We have
E{x,) =u|

E(xz)
Var (xl)

Var (xz)

Cov (xg x2)

where

s

which expresses the 7 unknown parameters in terms of th: > obsesved means, variances
\ .
and covariances. Note. however that ov? is safficient for infereices about 8,"so

«
that we will consider onlv che estimation of the six unknowns, 4,R,n|,o’, o

. 1
sz *  Thes~ equations may also be obtained from the likeliliood function of

- the observations, By cxamination of these equations it cgn be scen that once B
L]

is determined, ¢ and #, can be found by substitution. To solve the remaining

. . . . .. . b ?
equations we uced a further restriction. One possible restriction is ou =kQ

.
which corresponds to the use of a  value Ry of rthe reliability of X
» . ™ .

viz, k= (1 - RI)/RI' Other possible restrictions are %, 7 known, or the ratio

I -

4
o’  /0® known. The restriction o?c =0 will sometimes hold in tue physical
'u v v
i

sciences and is the case dealt with by Madansky (1969).

The equations (11) set may also be identifiod by using extra information from

Q'“or variables. These may be of ther replicate observations on x

"ERIC
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or oflier, correlated, variables known as "instrumental® variables.

With replicate observations wherc their measurement errors
p

are neorrelated, this %govides an estimate of 0 and hence R

<
e

leading to identification.

c

The instrumental variable, 7, is assyﬁ@h to have zero covaria ,

g 1 and ¢. We then have cov(x.7) = ﬂ'cov(xlﬂ) and

with the errors u | y

= Ve obtain an estimate of f which allows® the other 3 paramcters Lo-be

déﬁérmined\hniquely.

Q; may als% ask what are the general conditions under hhlch this model

W1thouL extra information is not identified. It Lurns out “(Riersol, 1950)

that the only conditions under which identification does-not hold is
-9

<

when. T //T are ?ormally dlstrlbuted or are constant; the lack of
identification resulting from the absence of information about the
parameters from moments higher than the second which are all zero in the
normal distribution case. A genera'isation of this condition o the

multiple regression case is that the parameter vector B is iéentified if
and only if'there exists no linear combination of the vector T which is

normally dlstrlbuted(élgner ;Kapteyn and Wansbeck, 1981). The simple model

- is 1dcntrf1ed evén when T, is normally distributed if neither the

dlstrlbutlons of 0 2 or o, ? have 3 normal distribution (Riersol, 1950).

- 4 .

f
v

Where up, U, and T have non-zero covariances then independent estimates

>~ . . . . -(’
of these values are required for identificatién.

P H ‘
. .
R TR e




2, Methods of Lstimation

2,1 Correction. for unreliability or measurement ervor variance of the

-~

independent variable ;

Yor the one independent variable rasc, we have from (4)

S

5 = o + Bx] + (e - Gul + u,)

x 2

and it can be seen that, due to the presence of the term u, whose correlation

with %, is (1-R), the error Lerm is now negatively correlated with X
o A =

¢ . . .
The ordinary least squares (OLS) estimator, of f# then has cxpectation

. . 0LS
in the limit as the sample size tends Lo infinity,

LTV LT I

E(B. ) =B o, 4 = BR . (12)
oLs’ — o ] - 12 “
o 2 + 0,7 . B
X, u !

Y
Foo, o, . .
and a consistenl esfimator for R is thus obtained by

ANy,

, BoLs = B/R

o
In finite samples of size n the expectation of Bfts has been shown by

Richardson and Wu (1970) to be E(B;LS) =8 {1 +2R(-R) + 0O( lz)}.
. ~ n . n
This, gives a bias of less than I in 10,000 for the present data.

o

<

In the NCDS data then, where the reliability (R) is not known precisely

but an unbiased estimate of R, distributed independently of 801g is -
~ s ‘
available, then Bots is almost unbiased. The measurement error of the
~k
reliability estimate itself< will inflate the variance of BOIS,and this ’

can be taken into account (Fuller and Hidiroglou (1978)).

A number of similar methods are available for the multiple regression
case to take into account known or estimated variances‘and covariances

of measurement errors (Hidiroglou, Fuller, Mickman, 1979).

Estimation procedures have beern described for Lhe iollowing cases
a) when the reliability of ecach independent variable is either knowm or
« estimated, when the feliahiliLy of the dependent variahle may or may

not be knewn (Fuller and Hidiroglou, 1978). _

b) for eceneral zuu’ zuw’ Uw7 being knowm or for which estimates are
available, 007 being unknown but positive (Fuller, 1980).

¢) when I, X”w only are known and where 0:7 nyd 0w7 are unknown hut
positive (lidiroglou, Fuller and Hickman, 1979) and

.

d) for the above case vhere Eu& is zere, Xu not bheing assumed
u g

1Y
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-

diapgonal (Fuller, 1980), the specialisation to Jiagonal ¥ being

uu
piven by (Warren et al, 1974). °

o

All these results apply more genevally for multiple dependent variables.
The testimation methods are all based on least <jguares and make no

assumption about the distribution of the independent variables.

% 1N
'

;
f

;
2.2 Instrumental Variable estimation

\ » »
A drawback to™hese methods is the need. to make the assumption that
Xvw is known or in particular is zero or can be estimated. The Instrumental
Variable methods which use chranoouq information provide consistent
A

estimates of B and Cov(R) even whcn Xv‘ is unknown, provided the instrumental

variable used in conjunction with a particular independent variable is
v

vy e L

uncorrelated with the error in both the independent and dependent variables

and also with the equation disturbance term.

This method was used by Goldstein (1979) to correct the measurement error.
of 7 year scores of rcading and mathematics using teacher ratings at - .
the same _age, since no good estimate of the reliability of the test

was available. Ecob and Goldstein (1981) examined the suitability of
instrumental variable estimation for est‘mation of change in reading and
mathemati'cs between the ages of 11 and 16 in the same $tudy by comparing
estimates using different instrumental variables and after having formulated '
hypotheses as to their likely values. This paper is reproduced as

Appendix 5b, the theory of the method being given in Appendix 5a.

As the OLS estimator consistently estimates B/R,the instrumental variable

osti i . siste i me ) ©aqs .
stimator will also give a consistent estimate of the reliability (R) Ofestlmacor.

the independent 'variables by dividing the OLS estimator by the iistrumental variable/

-, An expression for the asymptolic Variance-Covariance estimate of the vector

LAY

.

uﬁpf*regreqs1on coefficients, measurement errors of 1ndependent variables
~and disturbances is given in Kapteyn and Wansbeck (1978) which enables

the standard errors of the reliability cstimates Lo be obtained. "

2.3 A unified approach to estimation in the just-identificd case

Kapteyn and WVansheck (1978) present an estimator for the multiple regression

[o}
situation of which includes the estimatorin a) and b) above as special 4

e ———— «

cases. T —e—
The consistent adjusted least squares (CALS) estimator is of the form

2.2




~ "I '
= A LA
B= (X'X) (X'X-n¢) bOLS

7

where C is the variance covariance matrix of the errors, u in X and h019

is the ordinary least s~uares regression estimator. As € is not generally
known an identifying restriction is made which is either exact, in general
~ ~
F(B, 0 *, €) = 0 or stochastic, F(f, 007, C (A))= 0 where X is an unkiown
e : : .

vector of random variables.

2.4 Estimation in Structural equation models

.

The two principal programs avaibble COSAN (McDonald, 1980) and LISREL
(Joreskog and Sorbom, 1981) both now offer a variety of cstimation methods

(least squarcs, pencralised least squares and maximum likelihood). (Sce also Bentler'
& Weeks, 1960), '

The option of genefalised least squares estimation in LISREL V (Joreskog

and Sorbom, 1981) allows the modelling of data which are 'not of multivariate
normal form, the maximum likelihood estimates having ungnown distributional
properties. The program used in the application of structural equation
m~telling in Appendix 6, LISRFL iV, uses maximum likelihood estimation

methods and some investigation of e effect of the non normal distribution >

on the parameter estimates‘is made.
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3. A Sunmary of the results of Tusirumental Variable estimation and

Structural cquation modeiling applied to the NCDS Data, o

We here summarise the approach used and conclusions rcachied by Ecob

and Goldstein (1981) using instrumental variables. A number of possible
variables were examined scpara&cly as possible choices of instLrumental
variables in the estimation of regression of attainment at 16 years on
attainment at 11 years in reading and mathemat;cs separately. These
included teacher ratiugs at ages 7, 11 and 16 of a variety of attaimments
and skills and also the social class of Lhe.father when the child was at
each of these ages. Then a number of “hypotheses were set up, motivated
by thecretical expectation§ regarding the relationéhip between particular
instrumental variables and the errors of measurement in the independent
and dependent variables separately and the disturbance term of the
regression equation. These related for the teacher ratings, to whether
they measured the same or different attainment and whether they were
measured on the same occasion as the independent or dependent variables.

. . A -
The results suggested that teacher vatings on the same attainment as that =« .

tested when taken at the same time as the tests were posilively correlarcd v

with test score error, and that this correlation was lower when the * H
. L.

teacher rating was of a different altainment from that tested buat stili L

persisted when the rating was taken at a different time from the test.
However, teacher ratings were uncorrelated with the disturbance terms.
In contrast, social class was correlated with disturbance terms though not ‘
with test score crror. Whilst none of the instrumentﬁl variables exactly
_satisfied the conditions for a consistent estimate, the correlations with
test score measurement crrors of the teacher ratings worked in opposite
directions for the dependent and independent variables. Excluding ratings
taken at the same occasion as the dependent variable and also social class
of the regression coefficient .
gave estimates/within a reasonably narrow range. (0.94 to 0.99 for reading
attainment and 0.84 and 0.92 for anQEmntics attainment) which was of the

same order as the standard error (0.13 1o 0.18),

The estimated standard errors using suitable insirumental vurinb}un individually is
shown Lo be less Lhan was obtained by the split half method used by Coldstein
(1979) on 300 cases though not as low as obtainable by the split half

method applied to the whole data. The reliabilities of reading and mathematics

X _attainment were also examined separately in different social classes by

- thisz wethod and different valucs for vs(inugrs of both reljabilitjes and

cof the variance of measurement error were found, These a116ved ou, 'L alos oF

the true correlation between attainments at cach age within social class
.

Q @ made, N
E]{J!: 3.1
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The structural equation modelling approach is appl%vd to the NCPS dats

in, Appendix 6 and we briefly summarise here the procedures used and
conclusions reached. Though not always clear cut there is a distinction

to be made between cexploratory analyses in which the model is systematically
extended to involye Jarger numbersof parameters in oyder to provide a
better fit to the [data and confirmatory analyseswhere restrictions are made

to the model and afcepted according to tests of fit,

; The exploratory analyses were used insan investiypation of reading ottainment
. at ages 7 and 1l. The change in reading attainment between these ages was

g . cxamined using the conditional regression relation of equation (4).

The analyses suggeslod that the addition of either of two extra indicators

N -

) * had little effect on the parameter estimates.

v

: The rélationship~betweon reéding.attainment at the three ages 7, 11 and 16
was then examined. A substantial improvement in fit was found by d§suming
a test specific factor for the reaéing tests at cach age and this "&s
'found to load paiticularly highly on the reading tests at 11 and 16 (the
same reading test was used on these occasions).  The 'additjion of a test

- . 2 . '
specific factor for teacher ratings further “improved the fit of the model.

. . . -
The gstimates of the structural relationship parameter wu:re compared Wth\LhO

: " instrumental variable estimates and broad agreement was found.

© 3.2, .18




N . - >

4. Measuremeut Evrov in categorised variables

. ’ -

The estimation procedures for‘modols‘with qualitative variahtes nuhjoct Lo
measurement ¢rior assume cons!mcy of measurement cerror distributions,
independent of true v&lues. Where the measurement crror is in discrete

or categorised variables, however, this distribution will not generally

be independent of the true value or category. Thus, the probablity of
misclassifying an observation will in general depend on the true underlying
category to which it belongs.

.

In Appendix 8, a simple wodel is proposed for ana]ys:n? measurement orrors

¢ in social class, assuming just two tatogor1es and known misclassification

- probabilities. The results show that quite large adjustments to model s -
) parameters are obtained when estimating truec score cocfficients and this SRS
) suggests that there is a nced systematically to develop methods for

dealing with such data. . *
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5. Further Rescarch

. £
The project has shown how a large loungitudinal data sct can be used.

empirically to provide cstimates of measurcment crror variance. Two particular

areas of further research have also been identified viz.

1. The oxton'loufof structural equation models Co handle
partial information (i.e. sample estimates) about measurement

error variables.

2. The developwent and the empirical testing of models
for measurement error in categorical data.

t

It is our view also, that the prescnt project has demonstrated the need

for empirically bascd data analysis to study the aSSumptlonsof the various

models of measurement error. While we sec a need for yet more theoretical
development, there is a danger that this could outrun the ability of »
existing data to discrminiate between alternative model assumptions. In
p;;iiculgr, the NCDS data and other similar large data sets should be

exploited fully in the development of new techniques.
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Intraduction .

- .

\
-

Since Lhe bringing together of tho firut brood LJ}%CC&’OH of papers

deallyy with tha preblems of longitudinel studies (Hairss, 1953),
resecarch workers, especiolly in the child:dcvulnpment field, hove

bocome O)tmeO]y interestced in dunirniny ond enolysing such studices

It has been recognised by such workers that cortoin questions of intorust
céa be answered only with ibngitudinaL dntn and hence _there has been o
practical stimulus to the develvpment of epprcpriate mel@odology,

\,

. . Ly
esuccially that concerned with statistical model builaing.\\S?ch cf////

e

il

model buildinv has developed from the origincl zovarian

Jtructurcg modcl of Joreskog (1970), and there is n NGw a Ji7eub}8\\\

"literature dealingewith ultvrwative models for _unzlysis; o US(fUl Q{Pt

bibliography is giver by Jpreskog and Sorbom (1976), . - ' \
' : ' A\ -

Along with these developmants;'howevcr, taae seen to have been few

attempts o study thc epplicabilfy of different specialisetions of the
models to real data. - Becousé of the need to incorporate perameters, . e
especially measuremént errors and high order time lagé, thesé models
tend to be overparameterised. Thus, in eny practical applicatipn
particuler péfamcter values or relations between paraﬁeters nced to be
specified, There is a similar problem with more traditional technigues

such as fector analysis, end experience with their applicetion ta real

data suggests that the problems are not ecasy Lo resolve.

It apprars to the applicant, therefore, that a useful contribution to the
subject at 1t° preaent stege of development would be thos testing of some
of the assutplions in these models with & view Lo obtaining specialisetions

which come o= close os possible to realistic descriptions of actusl data.

" Two brosd oppraoches are aveilable in taockling this question. First, one

may attenpt to simulate, realistic situations and hence compare tha

- performonca of alternative modnls. Although uceful, Lhis approach would

bo not only veiYiimo contuning, butl would lose much of 1ts- uscfulpgg

24 B
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" extensive and representative semple of individuals. The

unless the simulote  giructures wore in fact known Lo be reodistic.

For Lhis reason it soeems logicolly 4o come after a second approach
~#has boen tried, ond with which this application is Jorgely concerned.
This>nccopd approoch involves the applicotion, testing and further
developirent of sathendtical ond statistical rodcls for the cnalysis of
Yongitudinal® educational Oué social daté; vsing dota obtained from an
. dolo set 1t i
is proﬁosed to use, known as the National” Child Development Study, is

briefly described in the next section, following which the specific ' g

aims of Lhe project are detailed. ‘ :

Thé Natiorol Child Developrent Study

+

The data set which willrbe used in the inveétigation consist of
measurements made on the totax cohort of children born in Britain
during ?rd-9th March, 1958. These 17,J00 bebies were the subject of o

large survey ot birth, and ot the eges of 7, 11 ond 16 years. At the

three latter ages, & large amount of educational data werz obtained as

well as sociyl, ‘physical and medical date. At the age of 16, about

87 of, the survivors still living in Britein proviced information, scme
14,800. Preliminary investigations (Goletein, 197€) suggesl that no
serious resnonse biés exists for the basic educational veriebles to be

used by the project.

0 e

[
The size #nd representativeness of this sanple of children is unrivalled.

. -

It con be used Lo make valid inferences about the developmcnt of thb chald,
P?pulntion of Britain from birth until the-lost year of compulsory schooling,
It i5 aluo & lorge enough sample to study satisfncfbrily the performance of

chi]dren;uhen test scores are cologorfsed into norraw Sntervals. It has

yatu covering o vary wide rongn of child development, thus allowing

rolationships betveon differont oL, cets of devolopment. Lo ba studied.
. . Y N

©
Pid

- : r
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Becouso of fts sive, thlj anplc conche expeeted to uibu flnu dlanrlmlnutinps
botween altornative mdels.  Tihe distributionol foras of orror tarms G0
H be studicd in detoil, as con vorious ossywptioﬁs of indnpq;dnuce'hntwcnn
such terms. Furtheimore, the cfze of the samle ollows one to appeael to

< s
the 1., a of 'zonsistency' when making perometer estimates and carrying out

significance tasts, so avoiding soma of the difficult problems associuyed

-

|

|

|
with the usual maximum 1ikelihood and related estimation procedures. l
. The epplicant has bcen associated with the M:tionsl Child Development

Study for over 10 yéacs. and is at present engoagad on 6ethcdological research

e
- e

.

using these deta under an NIE contract (No. 400-76-0041). The. National

-~

ey

Children's Bureau hos agreed to make available a data tape containing the

variables relevant to the propoced project, for the purpose of carrying

o)

.

out the work. It has ajreed to this or tho grounds that because of

pact involvament, tha applicant has the aecessary understanding and !

» ’

experience of tho date to pursus indcpendent méthodological sesearch with

-

N ito . M ) .. +

w : Qutline of the Project *

.

: : a) The data to be used are those collected at the three ages of

: . <;\-—\\Z. 11 and 16 years. Tha besfc mcdel can be written as follows

R ¢ . and is fllustrated by the accompenying pafh diagram,

¢ €

Yo U By vy

- ——————

[ N syft - \?yrs " lbyrs

. Whore X is the 7 yeor measuremont on o child, Yy is the 11lycar

N L4
neasyrement, ond zy the 16 year mcasurament, with tha usual

v

moanings altaoched to the other synnols, Yhe measurements

PLRIC- - 7 g .
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m::' assumptions, ond mutual independace of error terms.
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usetl, in turn, are tests of reoding ond mathemadtic ettainments.

)

To begin with,.it is cleor thaot the obovo 'non rocuraivo system of‘

equations dnvolves assumptions Qf 1inearity ond odditivity, ond those .

can readily be tested with tho availability of such a lorge sémple.

Transformations of the data will be studiod, designeo to:satisfy

these assumptions. In addiiion, the “dis stribotions of tho-error torms |

e

will be examined, especialiy with regard to normality and homoaoedasticity

c
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The first major p}oolem with this system arises when one Wishes to

it

N‘\ 5 Y ©
LI A T Eneh her R atg e il ~ ook i

recognise the 'faIlibility of the measurements used. That is, if one
& 5

vshes to make inferences ahout 'true' oﬁaerlying_attainments as opposeq

- . - ‘

to 1nferences about relaticnships betucen observed scores, then the a’

unobservable “moasurement error' of the tests used must be incorporated

al -

. 1into the system. Tt 1is well known—that the parameter estimates in the

above equations are'inconsistent estimates of the parametpra in the

v

-

cbrreaponding equations relating the true attainments. In order to l

provide 'good' estimates of these latter parambters, vhich are at least

consistent, further information must be provided. This may for example
« ks ¢ -

- > -

be in.the form of addftional equations involving ' instrumental’ ’

variables, or in thé form of independent estimates of the variances &nd N

ERE - ERr

covariances o¢F°the measurement errors. The ffrs <3 approach~*nvolve§ .
further assumptions ebout independence of error terms, and these will

be studied. The second approach will yield consistent estimates, but

depends on either kricwn population values of the variances and covariznces
or good stoChustic gstimates. The latter sre avoeileble fer the

peasurements used, and results with the two opproaches will be compared,

.thus providing further ohccks on particeler sssumptions.  An carly T

o 3

analysis along these linoq 19 dascribed by Fogleman and Coldstein (187G}

LA - N
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On Ltop of thia Lasic model, oxplanotory variables will bLo introduced

ot cuch'ogo. and Lheir relationship with the dependent variablos

»
I _oxdnined. For soimn of theso vnriublvo, such as fTemily size, thers is
'{.‘ | . interest also in the effecls of changes in the variable between oges,
: ) .
;'f ) and tho mdst useful me*hod of incorporating such change variablps into
ﬂj§~ the model will be investigutcd.- Finully,'o 'bivariate’ m;dcl will

be examined where both reading and mothematics scores at each, age

Wi . . oerc incorporated into the modol. With these more complex systems

X i -of equations, the large sample size will again permit careful

exemination of alternative model assumpiions,

i b) Most of the mathodological literature on longituqinal analyses

; i
deals with continuous messurement data. Some work, using log- )

. linear models,

has also been done for discrete or categorised data

: (Goodman, 1973), Of considereble interest, however, is the relationship Lt

between {he two apvroaches.

For example, to some extent .ascsessment

_end progresr through an ecucational system is based upon' } © e

categorisations of essentially continuous underlying abilities, and

some of the consequences of this will be considered by cohparing the

- relationships across tine of educationel catbgories imposed by teachers

i;‘ (os expressed in retings) and the relétionships between

%ontinuous

1Y -
variables described above. The comparison will also be carried

out using categorisations of the continuous

variable measurements

The size of the samle will allow useful corpar

themeelves,

isons to

be made betwsen thera epproaches, and attention will olso be poid to

o

) tho littlo diJCUaSLd problem of measurement error in cotegorical data. - -

. -
’ . .
< °
.




~Broperties of the scales.
. these different scoring systems,

References
~=trrences

i with changes’ 1n Cducoticnal Atoinment Botween 7 ond 11 Years of

¢}  Many educotional duto consist of item rotdig scoles, for oxample

for behaviour on acodemic motivatlon. Whoro o setl of item rotings 4s
intended to reflect an underlying attribute, for example bch?viour

towards a teacher, it is convenient to ollot scores to the item cotegories to-

give an overall score for gach child, Theso overall scores con then be trecate

as pseudo-continuous in subsequent analyses, Verious procedures can bo

used {o cstimate the scores, both acréss—sectﬁopally ond taking account

eeen

oo o P it

of the longitudinal noture of the data. A detailed discussion is gven.

by Healy and Goldstein (1876) and the_project will extend their results
h .

in‘two directions, ] ¢

4 s

First, by applying the techniquecs to the National Child Development

Study data on behaviour and academic motivation., 1In particular,

scales 17111 be releted scross

eges in o-der to devise scoring systems

which agree es closely as possible at each ege, and to cGompare thess

¢

with those derived separately at each age.

- -

‘The techniques will also ba

used in order to scarch for meaningful sub-scales, Secondly, to
extend thg techniques by looking at the possiblity of alternative
‘constraint’ systems suggested by the data, to 1nok at the possibility

of 'rbtating' estimated vectors, and to study the distributional

As before, tha extensiveness 0f the data will

-

enable a proper &ssessment to be made of the practicel ucefulness of

e
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APPENDIX 2

THE NATIONAI CHILD DEVELOPMENT STUDY

The National Child Development Study (hercafter called NGCDS) consists
of a cohort of around 17000 children comprising all births in England, wales
2 and Scotland in the weck 3rd - 9th March 1958. The initial purpose of the

study was to cxamine-social and obstetric factors associated with still birth

’

gi’ ané death in ecarly infancy. The children were followed up at ages 7, 11 and

°

o g

"16, generally around the times of change of school institution at'agps 7 and

PP

It

11 and at 16 dﬁf?ng their last compulsory year at schoo)}, theirs being-~the “

_ first year group for whom the minimum school leaving age was 16 years.

LN

Extensive social, education and hedical data were collected at each age, a

oyt p ot P s v

v
]

[

descriﬁ?ion of the 16 year data being given in Fogelman (1976). The response
rate was high throughout the study, an overall ;esponse of 91, 91 and 87 per cent
being obtgined at each of the three ages. Goldstein, in an analysis of the

j characteristi;s of the non-respondents at 16 at previous ages :n an appenuix

to Fogelman (1976), showed that the biases due to the complete non-respondents
v - : '

. -

are small.

At present another_foilow up is being made of the cohort, now aged 23.

For the present study a subset o} the variables agtgéﬁs 7, 11 anad 16
was used. At each age this included the region and characteristics of the
school, information about the child'; home including the numbers of brothers

and §isters, social class, number of persons ﬁer room, amenities and whether

oA

the father stdyed on at school after minimum school leaving age. At 7 years

L]

a multi-item description of behaviour in the home was obtained from the parcnts

and educatfonal information included tests of reading and ari thmetic, teacher

ratings of a number of attainments and information on special educational provision.

K

At 11 &ears and 16 ?bars information under cach of the above headings was
recorded together with, at 11 years, tests of génernl ability broken down into
“verbal and non-verbal components and of performance on a copying designs test
and at 16 years an invgntory of ‘attitudes towards school.

In all 212 vartables were sclected.  The analyscs reported here concentrate

[
QO inly on the cducational and howe background data.
& s=r
“‘-l"'O‘b.‘l’ r
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APPENDIX 3.

THE CLASSICAL TEST MODEL AND THE LATENT VARTABLE MODLY, COMPARLD

By Russcll Ecob

Two models concerned with measurement error, the Classical Test Model
and the Latent Variable Model, are described, the differences highlighted and

the nccessary assumptions for the equivalence of. the two models given. ._.ﬂ;:
v 4

Let xijk be a mecasurement of individual 1 on a test j at occasion k.

5 A simple model of measurcment error is that
> ¥
LdIT :g,'j + Yy

rr At by 5o

*; where uijk is the measurement error and gij is the 'true' value. The 'true’

Y . kY

scores are seen to be completgly defined by the measu{ement error giving a
tautologous model (Kempf , 1980) and for the model to have any meaning 1; ig
requiéed that the factors which are considered to contr;bute to the measurecment
error variation be explicitly defined. &his we will attempt later.

. .
The Classical Test Model (Lord and Novick, 1965, 1968) makes the following

assumptions about the quantifies ‘

T!_ ‘ Co\/ (‘4., /,H.J’l\ <0

“l .
v#y
S 2 (o (£ ) o - :
3 - gl
T3 E(u.‘) =0 .
*n P
T4 Var L“q} ‘ =Uq !
3

T \é« ( §u ) =0

. Note that all expecctations are taken over a hipothptically infinite number
-

of replications. Particular features of ihis model are that the variance of the

« RS
B

measurement errors is assumed to be independcnt of the person and therefore

A ' of the true score Ynlue also, As all quantities are independent of i they hold

also vhen summed over the population of persons. T1l, called the assumption of

experimental independence between items, is crucial to this and the next model

- ' and will be examined in the latter context.

= *Note change in notation
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Tho Latent VariabYe Model has certain differences from the Elnssicala

: 1
test model, Mere a vector of L latent variables, " , accounts for the {

»

covariation between individua}s_at a given point in time,'K. Thus for a given

item, j, and person, i, we have

_xin z AL'J‘]'J LT

where .éLQ < Ckhjg)lql ""X‘"J are the loadings on the L latent variables

=M. . and u is the measurement crror. Thé
8,0 =) 13k ,

d

\ .
T TR

to{iowing definitions hold dropping the suffix, k. The latent variable

values and loadings are viewed as, independent of the replications, k. A
Sx
w R R

L1 C;v ( Uiy “.,') -0

Lo e

L3 E C“-J) -3

L4 \/_m’ L“-J) =0:

LY

Here the expectations are taken over a hypothe%ically infinite population .
af individuals (i). The variances of the latent variables are fixed by fixing,

séy.()L”,La,_;u L) for person i = 1 and item j =1,

The 1 may comprise both general and test specific latent variables

the latter having non-zero loadings only for a certain group of tests sharing
a common characteristic -—under the unidimensional assumption, L = 1 and
this will be assumed for the present discussion.

For the latent variable approach to be related to the classical test

model the following condition known as the experimental independence between

persons neceds to be added to the latent variable model

,‘.
P! ivi’
i4
This is the condition that the covariance of crrors of any two individunls

P A
a -
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over rcplications is zero, and for insinncc in a group test would assume no
mutual influence to occur on test scores. This would not be expected to hold
i cheating or othc; {;st-rclatcd mutu&l interaction was involved. Unless
this condition holds, the commonl, calculcated reliability coefficients
basod on a single trial bnscd‘on fncfor or latent trait analyses will

s .
. often be overcsiimatcs of the true reliability as will be shown later.
Conversely, Guttman (1945, 1969) shkows that the above condition
of experinental indepéndcnce be tween persons in infinite populations of

o

persons leads to €B€;truc scores being indepqn@ent of the particular trial
gnd'thus to-pnrnlléiism of trials. The nss;mption of experimental independence
be tween persons'is crucial in the context of agsessing the dimensionality of
testé and items or of the number of latent traits (McDonald, 1981).

Turning to the item domain the analogous assumption is th;t of
experimental krdupendence be tween i tems mentioneé earlicr which applies to
both classical test thecory (TI) and to lat;nt trait theory (L{). This will
not hold if the response td‘éﬂ item or test is dependent on -the responses to
previous items or tests. This is necessary in order that-a test with a
calculable reliability can be constructed by seiection from a pool of items on
which reliability coefficients have been independently calculated, or that
internal ;onsistency measures of reliability are consistent. .

A modification to latent trait theory to n{low for the relaxation
of the assumption ofvgxperimentnl independence between items is made by

© Gutimahh (1953) and Kempf (1977). McDonald (1981) givesln full discussion
of the assumptior under the name local independence, in relntion—to the
dimensioﬁnlity of tests and items. Fven these extension s however, do not

. allow the response to a given item by different persons to be differentially

dependent on previous items. This could arisc in test situations where a




person rclated variable guch as fatbgue or lest anxioly may relate to

‘ - o %o ¢
performanco in the same way for difforent persons iut may, 1tself bhe

differentially affected in differeat meople by a given 1tem,

Reference

-
N N

“. - B L
Kempf (1980): Paper rcad to scssion on cducational applications of latent
trait models at fhe fourth international sympesium on cdudational testing,

Aﬁiwcrp, Belgium,j Junc 1980,
]
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The Distribution of Variables anc Transformations i by Ruszell Fcob

A requirement of the maximum likelihood methods for estimating

B

- o looy s
latent structures on multivariate data described in. Cﬁﬂ{\“ 2.4- is that the

data aré multivariate noimai. When the observed data does not possess
multivariate normality, transformations may, in certain cases, produce this
property or an acceptablé approximation. A necessary and sufficient condition
for multivariate normality is that any linear combipntioné' of the variables

is normally distributed. In addition, all the normally distributed marginal

variables are linearly related as are any linear combinations of these. Thus

.

the multivariate normal distribution has scrong linear properties and it is
this which allows the use of reasonably straightforward linear siatistical .

téchniques. But what if no transformation of the data will produce multivariate

'S

normality? = We then have a choice, given that we wish to transform the daffa,

of either achieving linearity of relationships between variables, which can

always be done by non linear transformations of individual values, or of

obtaining normality of each marginal distribution separately by the same

method but sacrificing the linearity of relationships between variables. We have
also the further alternative of using transformations within a certajn class, e.g.
- ;he one or two parameter or shifted power transformation of Box and Cox (1964).
. "+ In this case neither of these desirable propoerties may hold. We therefore
need to ask whether we are justified in making these nov;linuar transformations
and if so, which property, of marginal normality or linearity should we regaid
as more %pﬁbrtant. First of all we\distinguish ron linear and parametric

. transformations.

: Use of Non Linear Transformations and Parametric Transformations
N

We define non linear transformations tq be those which transform .

particular ordinal values to a particular intervil scale individually.
The variable will be transformed to a particular distributional form be it .

N\ -
. . . . N\ .
ione of the theoretical distributions or the dlstrxhutlon‘\Tnybe arbitrary, | .

a N

[y

ey

%
S,

{
-




* . of another variable when a linear relationship to this variable will result.

S ¢ -2 - L e

4 \I . . 3 . »
We dislinguish betwcen these transformations and the parametric transformations

3

which transform the variable through a parametric relation, for example, the

kransformation set  .»'  Box .nd Cox(1934).

.

The non'ljnear transformations arc equivalent to the scaling of
ordercd categorical data (Kendall and Stuart, 1973) and assumes that no information
. .
regarding the interval scale properties of the raw data is regarded as relevant

to the analysis (indeed any interval relationships can result from such a

PP

trans formation). However, the transformed data is regarded as having

interval scale properties. For instance, the difference between the mth and

m+r th order statistics and the n th and n + r th order statistics is assumed

to have a certain value as well as a certain sign and a person who in a testigf attainment
< LI

taken at two occasions improves from the m + r th position to the m th position

generally has a different degree of improvement from somecone who improves from -/

‘the n + r th position to the n th for m#n . Thus che characteristics of the

distributional form to which the data are transformed are deemed to be relevant
to the data, the raw scores being arbitrary apart from the ordering relation.
This distinguishes the use of these transforma_ions from Ehe use of non-parametric &
techn;ques making no assumption on the data be: d the ordering of scores and

giving an equal improvement to the two persons mentionéd above.  Bock(1975)

takes the'position that té; extent of theoretical and empirical arguments for

normality do not generally justify th; use of non-parametric techniques apart

from in small sample tests of the null hypothesis. We will generally be working

with large samples and examining complex relationships and generally endorse this line. |
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Non Linear Transformations and their Justification

We confine the following discussion to scovres on tests of altainment
or ability. It is common to transform test scores to a standard normal

distyibution. Indeed, no test is marketed without 'standardising' on a suitable

-

population. Therefore when using a test on a random sample. from a population

probably different from that on which the test is standardised, perhaps in regional

.
-

and demographic characteristics and in 'up-to-date-ness', it may be justified to

.

restandardise the observed scores to a normal distribution. In doing this we are

‘ .

we
usually saying that we regard the standardisation as inappropriate and 50, camot

make any inferences on the relation of our population to the standardised onc.
Altgrnatively, wevexamine the relation of our population to the standardising one

by comparing the standardised scores from the test manual with. those from the separate
Standardisation of our distribation or, less strongly, compire the mean of
Qistributiow standardised according to the test standardisation w&th the test
séandardisation distribution to infer relative overall level of attainment in '

our population. . -

N .

These transformations assume that the distribution of the appropriate
a

attainment or ability in the population 1s normal. :

» .

N .

An alternative non linear transformation is that which allots an age-specific

attainment (e.g. reading age) to an individual. Here a cest is given t& a -

population of varying ages and each rdw score is allotced a value corresponding

to the age whose average attainment is this particular score. This will not in

.

general give a normal distribution of scores particularly in an attainment such as

. .

q

reading where progress is not constant with age and where certain experiences, difficult

'

to acquire at a particular age, may be necessary in order to achieve a certain score.

Morcover this form of transformation may not be suitable when a test is given for its

diagnostic as opposed to its placement value.:

A further use of non lincar transformationfis to transform to a linear

v .

relationship with another, perhaps previously transformed variakhle. This may he

done where further examination of the relatisnchip hetween the two vaﬁiablcs is of
! \

|
Interest and there is no external evidence that this should not be linear.

38
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- The negessary question to ask here is why it is one variable rather

than the other which is transformed. Apain convenicnce of statistical analysis

would lead in a conditional amalysis to the dependent variable first being

T

: transformed to normality and then the independent variabTe being transformed to

i)

lincarity with it. The conditional distribution of the dependent

- ?. ! - ) ‘. - ' .
variallle is then normal, though not of constant varjance for all independent
o7 5]

Vvariable values unless: this in turn is normal and the generalised least squares

H esfimation procedurc will produce optimal estimates.

°

? ' & further possibility is for both variables to be transformed by canonical

Ex %y o

methiods in order to maximise the correlation betwecn them (sce Kendall and Stuart:
(l§73), Vol 2, p 588" ). Here the relationship between the two transformed

¢ variables is lincar though neither of the distributions have a predetermined form.

’> , However, if variables can be transformed to joint normality these will have

the maximum correlation and so when this property holds, all

£ the methods described provide the same transformation. A natural reservation about

“
-

this approach is the maximisation of a quantity, the correlation which is the

prYS

only quantity further analysed pjjg describes the reiationship betweean the

variables which is often the fogcus of interest. lowever, if one'is Tot_to use

A0 ¥ T,

this approach onc has to adopt some priority on the variables included in the
Sty .

analysis first by fixing the distribution of one variable_or alternatively by

fixing the marginal distributions of all variables to known form.

' N

A second difficul@y is that of applying the canonical analysis to more than

two variables. A possible interpretation is that given by Healy and Goldstein (1976)

‘of minimising the sum of squired deviations from the assumed underlying value
[} 4
: at a given time of several indicators, the summation beinyg over a number of time
“eperiods. This again 4ssumes a linear relationship between the values of the .

e
,

underlying variable at different times.

»
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Lincarity or Marginal Normality? ) i
In the fields in which these mon linecar transformations are usually
applied we generally have no theories which speeify particular

»+  distributional forms or relationships between the variables in question. We
may contrast this with the case in physics where a particular law relates the
2 - L .
» height dropped from and final vclocity of a mass in a vacuum. Both these

. Quantitics are measured according to measures with known interval scale

properties, and the non linecar transformations (say to lincarity between

e
B
et
o

» variables)would be inappropriate (the relationship is thought to be quadratic)

?
and the parametric transformations would only be used here in order to provide
a more powerful test of the relationship given particular (ordinary least

- squares) statisticap techniques.

Alco relevart in this connection is the change of relationship from -

quadratic to linear when using a quadratic transformation on one of the variacjes.
One degree of freedom seems to have been gaired in the testing of the relationship
<

and should have been taken into account in the ‘transformatior. Thus non linear

<

trans formations reduce the number of degrees of freedom in the data by

the number of values on cach transformed variable which are independently
[ o
transformed. Thus degrees of freedom for testing anly remain when 2 number of

[ ¢

fFarsons score at the same value on -a test.
Transformations giving lincar ré¢lationships may generally be justified

if no reasons are hypothesised for the relation to be non 1jnear or, indeed, where

o

‘. non liﬁearity of re}ationshipscbetween variables would Ee uninterpretable. Thus
in the casc of reading attainment, when it is not anchored' in terms of age
equivalent scores or any other external properties, any non lirearity may have
ho:reasonable interpret;tion, the relati9n of scores between ages being
completely described by ghé correlation. The effect of other variables, c.g.
social data, home backgr8uud,,scho§} characteristics on this as a criterion may

then be examined.
Normality of distribution is widely encountered in naturally occuring

". distributions (e.g. height) and is known by the Central  Limit Theorem to result

¥ ) . -
fo LS 0

.t 40
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from the sum of a large number of randomly varying quantities. Thus a long
t " ’ . o '

C e . : i e s
" test on which: the response to successive items is independent should produce

<« ¢ .

a normal distribufion of scores. ' Failure to do so may be due either to the
13- .o \
test being too short (e.g. less than 50 items), to non-independence of responsecs

% to items, or #o a large proportion of the items being generally too easy or

[

®

b-...__——_.m‘—-—'a‘
' R
o

citols vy acied s n TG

R T R R A g

¢

P .
too hard. 1In reality all of these explanations usually hold particularly the
. <

1 s

second, However, even with items which vary in difficulty it can be argued

=

e

ok
A

that given a suitable choicé of items a test of infinite length will have
‘a normal distribution. 'A weaker argument is that the ability or attainment

_.in question is thought to represent the sum of o lgfge number of randomly varying

Zinflugﬂces‘and thus be normally distributed.

ih this cuse the test will be regarded as having a non-normal distribution for

feasons only of faulty test construction. The above argument, however,

) o’ . 3 P ]
agsumes a homogencous population. What if there are, say, two sub-populations

¢ . -, t- * » " s
. o . i each having different
o N . -
mean attainments at a particular age? Under the previous -argument we have

@

%\{..‘.-’fl’bii}':ﬂ 2o

a combination of two normdl distributions with different means giving non-normality

sl

<

AN

. . .
overall. The weaker argument of normal distribution of ability assumes that there

‘are’ a very large number of such sub-populations corresponding to divisions of the

dverall population on different characteristics and none have differences in their

means substantially larger, than the others.
- o ’ . . . .
., + The most common reason for a noa-noymal distribution of score:. in a
o . .
" “apparticular test is the use on an inappropriate poulation making the test either
N . 5 - . - B

too difficult or tog easy. Theh the spread of scores at one cxtreme of the
« Ed

rang is not sufficient to diffcrentiatcjthe assumed, real difference in ability
O

or attainment giving a a skewed distribution. This the case in the reading

test at 7 years used in the NCDS and results from defective test standardisation
» .

by the test prcfucers (as the NCDS 'sample is a national one and effectively
. <

random) and is to a certain extent true of the reading test at 16 years (which

was standardised). originally on an J/ year sample.)

e

v Q. ;
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In all cases a variety of possible tﬁansformation will give linear
. 1] <

relétionships between two variables each gid&ng differing coryelations,

Whercas in the bivariate normal case the appropriate Lransformation is obvious,
in ather cases we have to play off statistical convenience, which leads to the
deBéndent variable first being transformed to normality against a desire to
place limits Zn the degree of non normality of all the distributions concerned
or to maximise the co}relation. lwﬁen there s more than one.dependent variable
it maj not be possible to ensure that Each is normal and at Lthe same time allow

2 . . ' -
linear relationships between them. —

Why do we obtain Non-Multivariate-Normal Distributions?

We have argued that it rarely makes sense to assume non linear'relationships
I

between attainments at different occasions and that when a test has a nan-normal
distribution it is generally admissabl. to transform the scores to have a normal

distribution, ‘this then being representative of the distribution of abflity or
B . . _
attainment in the population. Why then do we not always obtain multivariate normal

- .

.

distributions? d . g

. ’

. ' 13 . Y . - M . * . ’
. Onc reason has been suggested, earlier. It is that thé population is not

thg,ﬁature of the ability

1 .

homoggneéus. Other explanations have to do with

4+
or attainment tested and the nature of its develbpment. It is difficult to
. L

1+4 L)
imagine that an attainment, say, of reading, will.have the same nature at different
ages. At age seven the skills learnt will be more,to do with the recognition of
v
individual words, whercas later, at age 11, they will have to do more with the

solving of compiex syntégical problems. A word recognition test may be more

appropriate to the seven year old and a reading comprehension test more appropriate

to an 11 year old. However, these different attainments may require other attainments

(c.g. world and subject knowledge) before they are able to form the basis for
further development of readincattainment. If a skill on one attainment, say
on readiny, is gathered at the expense of another, say, world knowledge, then

above a certain stage a high attainer at age seven may not be expected to maintain

~

& .
~ ., ohis high position relative to the rest of the sample. (Note: (hik is a different

argument from regression to the mean) and so the relation between attainments

N ’ 42
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between occasions will be non linear. This argument can, however, wlso be used
" to justify a natural cciling on a particular attainment at a particular age and if

at both occasions natural ceilings existed, then the relationship of attainments

bctween occas1ons could be again 11near.

+

A further possibility is a defective test. This could be a test which

does not correctly order the subJects on the attainment suﬂ%sedly measured

s

and wh1cﬁ'does this in a non-random way (it was seen earlier that if the error

distribution was the same as the distribution of observed scoves then the

relationship between the true scores on.two tests is the same as that between . -,
. - . i

, the observed scores). This could be due' to particular test-related factors ;

. -
which afféct different 'subjects or different subpopulations differentially,
. i -
Pos§ib1e examples are test anxiety where a test may cause generally high

anxiety, perhaps because of unfamiliarity, and rcduce d1sproport1onally the .
scores in highly anxious subjects; boredom or tedium is another posslballty.

.or the use of words whic¢h are only familiar to members of a certain subpopulation

‘or region.

I
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APPENDIX 5a

THEORi’ OF INSTRUMLNTAL VARIABLES ESTIMATION

By Russell Ecob

.GENERAL THEORY

Let xli’ X,; be the observed values of test score variables measured

1
\

as deviations from their means at the first and second occasions.

They are the predictor and dependent variables respectively in a simple

i

linear regression model. Let Tli’ T21 ﬁe their true values
and eii’ ens be the errors of observation of the ith subject
i=1, ....n).) "
( Pl n) e
“ A
r . N g I3
k . el
. i |
Thus we have ‘
i B Al
X10. " Mg % oy . (D
¢ T ‘
' a1 = Tas * L (2
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and’a model relating the truo values at cach occasion is-

L
k:
\ ' - - ’ 4 3‘ h q
TR VIR N 9 ¥
.let Z:l be the obscrved value of another variablo, called the instrumental ;
variable, ¢ : ) . !

n n -1 oo

Then b =X2Z X (Z 2.x ) (1) o

. 1v 4=1 1 21 i=1 i14 N

. <
[
¢

is called the instrumental variable estimator of the rétrbséion coefficient )

.- Bﬁ(fohnston, 1972). *

B T
(e

s % g I A e ey B
T P R e T et AR
s etk s Yoy " f 3
SR N A e TR . v .

: ¥rom (1), (2)/3) we have . 'é
:fﬁ ¢ - 213
z 2 -1 r LR -
B = (5) : 2
%:H by =BLZT +Z2Z u+s Zie,) T2 X ) ) . i
“ \ ' { 3
. . , -1 3
and b -B = (I Zu +1 Zieb21 - Bz Ze) @ Z X)) "~ (6)
. &
By letting the sample size tend to infinity, we have . (/
; -1 -1
Hm (b, o-B) = lin (T2, u)E@ 2x. )" + 1inm (ZZ,c_ (T2 X ) ‘
oo IV s o i1 R B nreo U217 N Ny .
-8 z.X, ) o L -
B lim (T zieli) 4 1Xn) = ‘ i
" Given. that 1in I Z’X_.# 0, the cond. tion for b ’to be consistent is T ]
¢ . i"14 v ) v . .
., N . - = A 8
. therefore lim(Zziu1 +Z Zie21 Bhtzieii) 0 . (8)

n-xo

v
~

The first term represcnts the c9var1ance of tﬁe instrumental variable

with the disturbances, ui, the second the covariance with thg crror of

.
)

observation of x2i' and the third the covariance with fhc error of
<

observation of xli. Attention has traditionally been focused mainly on
“

P

the second two terms in this expression: indeed many reviews (for examile
Kendall & Stuart, 1997 Chapter 29, quansky, 1959) limit their attention
mainly to the "structural rclationship" case where T = BT ., and so

21 N 14
the first term in (8) is identically zero., When this is the case it

Py

may often be possible to make a Judicious choice of 7 so_that the *

secund and third termg roughly carncel each other out,

s i . .
In terms of the saumple corrclations, rZu' rzc ’ rZc between the

. 2 1 - ]
instrumentu! variable 2 and the disturbance and errors of measukement :

): of Xz, x1 respectivoly, _ ‘
+ ERIC o ’ 45 -
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and i¢ tho’rciiu)ility of Xl is R, the expresaion becomes
<

% " %,
biy = B3 (== r ¢ . T
v 001 Zu 0e
- 1
. ol ‘ -
Expression  (4) shows that if the predictor and dependent variables are

Yeversed the insjtrumental variable estimator becomes its reciprocal.

3 =3 s e

2.2 The Effi dency of Instrumental Variable Estimators

We have 2 )
X 22y /1 TzgX )

1Yy = (2
Var(bw) : cc

It bOLS is the crdinary least sqhares Tegressaon coefficient definod as

0 s . 3 i} , ,
) box.s anxz.i/ zxn, then Var(bow) o Azxn
Var(bOLS) e p?
var(b_ ) le
1v IS

The efficienc& of b relative to b is given by

1v oLS

Thus the Sriterion for an efficient instrumental variable is that it
correlates highly with the prcdictor,\x1

13

\

¢

2.3 The Use of Many Instrumental Variables

¥hen we have p jnstrusiental variables ZJ, J=l.......p
thon b = (L § yA K., . i i ‘hi
v <i y CJ iszi)/§ § CJZUA11 The combination of zJ which
gives the most efficient estimate of'bIv can be found by choosing c.1 su
that Corr(f Cc 2 X i axi . X } 1
r(:l Cj 13’ 1i) 18 a maximum. The cJ are then the sample

rcgression coefficients, bj’ of X1 on Zs, J=1
A~

‘Letting X

1

=5 b. 2 § = (EX, 3 K., .
N § bj 13 we obtain bIV ()Xl‘xzi)/ixl‘klx

The efficiency of the instrumental variaple cstinator is now the square

of the multiplg correlation of the instrumental variable set with the

predictor,

“
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2.4 The Usc of Dummy Varlables as Instruméntnl Varinbles

The previous discussion has assumed the existence of instrumental variables

. >
7

whith’ can be modelled as having simple lincar rclationships with the first

occasion vasiable.
K}
€

.

I3

. .
. / s
Two other casesd can be distinguished. Firstly where an interval scaled

instrumental variable has a non-lincar rclationéhip to the first occasion

variablc and sccondly whcn thc &nstrumcntal variable is categoric, for

xamplc measured on an ordinal ‘or nominal scale,

\

In the first case the non-linear relafionship can be modcllg@; say
by = polynomial . function,or the instrumental variable can be grouped into
R calegories. In the latter case each category can be represcnted in the

usual way by a dummy variable This takes the value 1 for this ¢atcgory

e, \

aud 3 for évery other category. )

A}

Iptting xlr ’ Xlr ,be two observations on the first occasién variable which -
k' [ i

belong to the same instrumental variable category. Using the dummy

-,
-

instrumental variables to estimate the first occasion variable gives the

estimate ilr which is the mean value of all observations

in category r.
1)

Yihere X is the mean of the X in category r, and p_ is the proportion
P 2r 2rk r,

in category r. This is cssentially thz "Method of grouping" as

1

introduced .by Wald (1740).

Wald (1940) Ncyman and Scott (1951) and Madansky (1959) have given
condltions for -consistency of the grouping method, Nccccsnry conditions
are that (a) the grouping of X is independent Pf the errors clnnd (b) that
tho-denomfﬁﬁfﬁ?—xf-zgghr;ght hand side of ( {L)docs not anmnroach zero

a8 the sample gize tends to infinity. Rnnd&h allocation to the grouns,

. One
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way to cnsure (n) would bo to know tho rclative ordering of the true "

values Tli' Thir is difficult, however, without knowledge of the true

valucs themselves which in general of course are unavatlable. R

The conditions for gencral inastrumental variables are

lim £20,,=0, 1im L2X #0 . !
no 4 i i ne  f i1 . - IR ) )

The necessary and sufficient condition for consistency based on ordering

by observed values are as follows. TFor any two groupings:lct

X,y and X, (°P,)  be the P, and (1-P,) percentiles of £(X), the

distribution of observed values. If [F.v] is ;;c shortest fhterval i
suc&~that ﬁfl1<fe11< v} = li f.e. if v-u is the range of'e ., then i
bcp 12w consisfjcnt cstimatémf B if and only if P{x_, 1PV ST <X Pl—u}

= P{X,Q-P)) - ver, <x (lr-P)u] o A
This means that the range Qf T1 must have "taps" at appropriage places where, ; i
T has a'zerd probnbility At occuring ) Only it this is so cqn no N v b i
misgroupfng occur with respect Yo thg ogse-vcd X's, o N E

It is flpar that this condition cannot hold if the errors of measyremer *

are uo; dy distributed, due to the infinitc‘range. However, if the range

ot.‘c‘u is finite, careful sampling of xl can ensurc no observations occur k
in thc pprticular intervals. In particular, if the range of ¢ is :
. . e - 11 .
approximately known thean an approxinately consistent ﬁfti@“te can be J .
' !

obtained.

femsmet
~

2
s

<

The 1literature on ;rouping methods using Obscrééd v%}dcs of xlzhas tended to focus
on conditions for consistent estimates rather than éuuntifying the
inconsistency of various grouping methods. The results on the NCDS data,

go éame way to remedying this situation for a pasticular
data set. There has however, been work on the allocation to groups to
optinisc efffcicney. These are summarised in Madansky (1959). Thésc methods
cither assume that the variable is obscrvc& without error or usec

nimulnglon procedures with very high roljabilities for Xl. An example

48
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of tho latter is Nuir and Banerjeo (1942) who find that a division into

three groups using the extreme groups for estimation uuvd'gren‘cr efficiency

and consistency than when a two group division into equal sized groups

was used, . !

n

o

The simulations in this case involved dormnlly distributed errofs whose

!
'

. standard deviations werq 10% of the (constant) distance betwee., any two

|
adjacent true valucs., This tave conditions which approximated those given

for consistency by Neyman and Scott, However, the reliability was 0.9999,

>

scldom found in practice! Similar conditions are found on actual data

W

of Madansky (1859) and contrary conclusions are Jound by Kendall and Stuart

(1977) on simulated data by Brown (1957) of 9 normally distributed

o

obscrvations with normally distributed error. Herc Xendall and Stuart

show that the thfee groups method using extreme groups for estimation har
" -

.higher inconsistency than the two groups method,

N .
[ .
-~ ' A o

2.5 The Use oi Instrumental Varisbles w

here theré 4s more than one fixég

occasion Variable

\

Equations (1), (3) gencralise readily to p first occasion variables

where the jth variable X =

1157 Tagy " Sy .
P
- e : © (12)
and T21 ;=§JT113+ ui

¥e use instrumental varjables ij. k = 1,.....nJ to cstimate Xos ¢

iy,

In order to obtain consistent estimates of the parameters § we require an

analogue of the condition (8) for cach predictor xiij In order to obtain

& sct of efficient estimates we require the two condition-~:

1, The inastrumental variable set ka' correspyonding to cach predictor

hus a high multiple correlation with the predictor,

2, The fnstrumental variable estimators-of different predictors

havgd low intercorrelations,

Clearly, condition 2 docs rot hold when tho gamo instrumental variables

) ¢ ’
g\ljlil(:ro used for more than one predictor.
S e

A e
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Therc is no simple analoguc of the formula (10) for the cfficiency

for onc instrumental variable, as the standard errors now depend ‘on

the variance-covariance matrix of ‘the cstimates.
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INTRODUCTION ' ) :

In the following uiﬁ&ii regression model, .

.

yir’a+ﬁxi+ui (1)
¢

it is well known (Goldstein, 1979 ) that if the obscrved independent variable

X contains errors of measurement, end if we wish to estimate the regression

coefficient of the 'true’ value of x, then the grdinnry.lcnsl squares (OLS)

estimator is inconsistent. The simplest and most common;;odcl relating the
( true value to the observed value of x is (dropping the suffix i)
1 ‘ \ '
i . f -
i ) ! \\ B
x=T+e i *(2)

| \
- : [ \e
wherc T is the true value, ¢ the random crrorlff measurcement and Cov(T,e)

. \

—-— 1]
It is supposed therefore that we wish

N

IS
to estimate the parameters «,f in

y=a+B8T+u T (3)

. =a+8x+(lf'8c)

. a .
It is because x is correlated with (u-Be) that the OLS estimator (b

(l) is an 1nccrs;stent cstlmator of B.

) in
A consistent estimator is given by o
/R wherc R is known as Lhc rcllabllxty of X and is defined as

°

R = Var (T)/Var (x) ) (4)

v

“where Var (x) = Var (T) + Var (e)

In many situations, the value of R is very close to\l, and any adjustment to

the usual estimate can be safely ignored.

In other applacatlone for example
in mental testing,

R may be considerably less than ' so that an adjustment

becomes necessary. In a linear model with several further independent variables,

the estimators of these too will be inconsistent if OLS is -used, and consistent

estimates may be obtained by adjusting the observed coviri 1ance matrix of the

f
xndcpcndent variables so that the observed variances corresponding to variables

containing measurement errof have estimators of theitr measurement error variance

subtracted prior to inversion of the matrix etc.

cocfficients (Fuller et al, 1974).

)in order to calculate the

To do this, it is important to.have"

accurate and consistent cstimates of the measurement error variances, or

alternatively reliabilities, and in this paper we explore some new rocedures for
’ pap 1 p

obtaining such estimates based on instrumental variable techniques.
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\\.
ousure that item responses are judeed degermined by @ single quantity for

1v1dua5 such as given by (7). For the types of cducational tests e
deal with i tvls paper, {L scemt even less likely that a unidimeusional trajt
is opgrating. nore dvt iled discussion of this topic is given by Coldstein
(1980). Sccondly assun (6), often known as the "10cxl lndvp(udcuc

. 4
assumption, a priori scems ;omcwhlt wredsonable. It is difficult Lo 1maaluc=\

that for a given judividual, if he or she fajls ouc jtem then the probabilitiesy

of success on later items are the same as when he or she succeeds on the carlier

'
'

item, Nevertheless, there scems, to have been little, if any, seridus study of

'

this problem ahd;the conscquent ¢ffect of nou-zero correlati. .s on reliability

estimates. A further discussion of this point in the context of latent trait

models is given by Colds:iein (1980) Thus, there is as yet no really satis actory
\ mcthod for obtpiniﬁg a consistent estimate of reliability using "internal"” , . |

mcthods, nor cvcn of providing a lower bound, and we suggest that estimates

based on these wclhods should be trecated with some caution.

7. -

v

1.2 External Estimates of Reliability

The most obvious method of estimating reliability or measurement error variance

is. to carry out repeat measurements. Thus, we have (dfopping the suffix i),

for\bu%:icat:fohs of a test, . - , - : .
T Xy ST e ‘ (8)

XZ =T+ 02

and Var(X - X ) = Var(e - e, ) 2 [0 - cov(c ez)]
For many physical measurcments it is rcasonable to assume independence of
measurement errors, i.ey COV(cl,cz) = 0

so that we have of = | var(x‘r Xz)' «(9)
. e

L]
- t

For mental tests, however, this usually will not be a reasonable assumption
duc to thc presence of memory effects, learning, ete. If more than one test
relating to the same lhxng is available, then by assuming suitable relationships

between the true scores on the tests it is possible to obtajn reliability estimates.

The usual assumption is that the tests arce congeneric so that we have, for a. set
of p tests, !

X.. =a, +b,T. 4 ¢,, 3

i j 5 ji =1 . . . . p (10)

I

3
The obscrved covariance matrin of the Xj. contains Ip(p11) elements and if
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-5 we assume Cov(cj.o},) = 0 and COV(T.,L ) =0

C e 3 1 A 1 . ¢ -
- Ithc mitrix is & functi'on of the b, and erroY variances o.j » Which pives
2p parameters. lenee, for three ox more tests, unique estimates, for example
+ ‘maximum likeliliood om-.s, ark avxil.lblc. Details of this approach ave piven
in Jlreskog (1971), - Athough Jdt is not quite as ferxoue as in the simple test-
retost case, thib-mcthod also S the difficuley Lhnt the measurement errors of
the tests mny be correlated, foy; eximple because of day to day fluctuations
anong examinces otc. This 1mmld3nguly raises the qpest:on “of definition of

. LRI . ’, .
true score, but we “shall postpone nw¥iscussion of that until a later scection,
/‘ *a ’ y .
» .

te Y

r

v
ST

-
y - N N
. oges ¥

. . ) o,
, In section 2 we propose a general s@tlon of congeneric tests- tp include any
3

5
variable having non-ztro corrolntxoﬁ with the test whose 10115h111ty ve wish to

o "
Jedsure, . A

1
- iz

Subh an 'instrumcntal variable' does uol require any assumptions about °
unxdxmcnsxonalxty or independence aud:nlso. unlike the simple test-retest or
the congeneric test models, the posstxlxty of choosing any variable means

that we can scarch for those whxch‘hre-lxkely to be uncorretatsd with the
measurement error'el. The possxb111ty-of dropping both Lhcse restrzctxvc
assumptions is attractive and  the rémaxnder of the paper 1nvcst1gates this .

.

problem using an extensive data lonﬂltﬁdxnul data ‘sot,

M -

Lo
2. Tie Data

RV LS s W e et et

The data comé from the National Child;beve lopment Study (NCDS) which followed

VY.

up a cohort of 17 000 children born 1n'one week of March 1958, at the ages of
7, 11 and 16 The children bclonged Lb the first year-group for whom the
minimum school lcavL'g age was 16 ycags. A description of the social and

educational ddta (among others) col)ogtcd at these ages is given in Fogelman

(1976). .

>
[}
5
'
>
! -
¥
[ -

A ‘ )
Testing in the NCDS was carried out Ly the - clnss teacher. Since the study was

-@ national etudy of all children bqin in a particular week, wost children
s 4
selected were tested in a dxffcronl sitvation and by a different tester vho also

l
;
scored the test, ;
. ;
. . >
L
>

Four possible situations g:vnng:rnuc to response varjation are as follows:

«

o The environment in which twr test is administéred
L4

?
>
]

Q .

<

el

3




2., The procesd of test administration
4 \

3., The codxnb and scoring of the test (this includes the xutclprctatlon
of the correctaess of the response)

4. Day-to-day variation in individual test performance

- .
-

Sifce ‘only one test of a given type wase done by cach child at eacli occasion,

the sources of variation 1-4 above arc confounded. It is important, however,

to distinguish 'day to day' variation from changes in true score over time.

L4 -

We can regard variation over time ag contributing either to measurement error

or to true score variation or to both. A reasonable estimate of the true score

at a particular moment would be obtained from a moving average of scores taken

. . . . - > . .
at svccessive time intervals befote and after. The continuous change in true

test score over, s&y, a week is therefore regarded as being supplemented by

48

Py

random error to produce the observed day to day variation. The- various

’ . . . 4 4 .
educational measurements in the NCDS were completed within a week for each child;

so that any true score ghanges ovér not more than a one week period, are -

i . effectively regarded as part of day ro day variation
. ~

. In addition to th2se sources of measurement ervor, there will typically
remain an unexplained variation which can e concepLuallsed as the variation

between the response to an item and its hypothetical replication.

’

Cronbach et al (1972) argue that test evaluation or "generalisability" studies
which also view a particulzr test as a sample from a universe of tests and
which use experimental designs to estimate indiﬁidually the above components

of variation, should be carried out prior to test administration.

~

We use here a "Test-specific" interpretation of true score which treats true
scor& as relevant only to the particular test. A justification for this is
g1ven by Goldstein (1979), although the methods used in this paper can be

extended to a full 'generalisability' approach. -

[

“Goldstein (1979), using the same NCDS data, also drew attemtion to the use of

|
instrunwnsa] variables in estimating the relation between mathematics and
reading attainments, when measured at different ages. Me emphasised the

potential usefulness of this method when imprecisc prior-Kiowledge about the |
reliability of the earlier attainment scores is available, and pointed out that

little was known about -the degree to which the instrumental variables used

satisficd the conditions of consistency. | . !

In this paper the properties of a variety of ingtrumental variables are examined
in the context of the regression of 16 years atlaiument on !l yeirs attainment

for mathematics and veading test scores separately,  Comparisons are mide with .
Q
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the use of ordinary Jeast squares and also with the use of the internal
estimates of the reliability coefficients for the 11 year attaimment given
in Goldstein (1979),

3, Tueory OF INSTRUMENTAL VARIABLES ESTIMATION

°

~3.1 . Genéral Theoty

Let xli’ X2i be the observed values of test score variables measured as

deviations from their means at the first and sccond occasions and let them be

kY

H

the predictor and dependent variables respectively in a simple lincar regression

model. let Tli’ T?i be their true values and eli ezi be the errors of observation
oxr measurement errorxs for the ith subject (i = 1, ....n).

Dbl e Ten b

Then we have, as Lefore;

K =Tt ey an
X210 = Tog * ey _ (12) e

and a model relzting the true values at cach occasion is

Ty; = BT, +u; _ (13)

i
i
i
Let Zi be the ouservqh value of another variable, called the instrumental

variable.
n n -1 . .
Then va ='£|Zi Xzi (§=lzixli) (14)

is called the instrumental variable estimator of the regression coefficient 8
(Johns ton, 1972).

Fr;m (1), (12), (13) we have

. -1
= 2,7 . Lu,+ Ny . .
va (B /iT11 + 7z Zlu1+ Aiez)(z Z1 Xll) (15)
i
-8 = . - -1
and b, - B= (I Zgu, + Fle, - B L Zie.) (X s X) (16)
In tetms df the sample correlations, r, , r, y T, betseen the instrumental
Zu Lez Ael

variable Z and the disturbance and errors of measurement of XZ’ Xl respectively
and the reliability R of X

)
o
o e !
u 2 17 v
- = e + e— - -
Pyy 7 B = ( o, Tm o Tue, Brxol) Q=R
I - Gt Fox,
vhere O, » 0, » o, are respectively the standard deviations of the errors on

¢
1 2
othe st oceasion, 2ud occasion and the distmibance term.  As the sample size

Ecnds to infinity, the following consistency condition is obtained
\‘ .

RIC - -

R o
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Equation (14) shows that if the predictor and dependent variables are -1

interchanged, the instrumental variable estimatér bLecomes its reciprocal.

We note also that the cfficiency of the instrumental variable estimator with

respect to the ordimary least squares estimator is rix (Durbin, 1953). R
- 1

3.2, The Use of Many Tnstrumental Variables

When we have p instrumental variables Zj, =lo......p .
= Z.. X )% !
bIV (F ? CJ ij le)/ R leljxll : (19)

1]

Wt

PRV R )

The' combination of Zj which gives the most efficient estimate of va can be

found by choosing cj so that Corr(Z C}Z.j, X,i) is a maximum. The cs are
i 1 ’

‘then the sample regression coefficients, b., of Xl on Z,, j=l.....p »
Letting X,, = z bjzij we nbtain va = (ZX,iXZi)/ZX}iX

[} 1
<3

The efficiency of the instrumental variable eccimator is now the square of

the multiple correlation of the instrumental variable set with the predictor.

~

3.3. The Use of Dummy Variables as Instrume.tal Variables

-

The previous discussion has assumed the existence of instrumental variables

which cdn be modelled as having simple linear relationships with the first
occasion variable,

Iwo other cases can be distinguished. Firstly where an interval scaled
instrumggtal variable has a non-linear relationship to the first occasion

. L

& 2 . £ . £
variable and seccondly when the instrumental variable is categoric, for example

P

measured on an ordinal or nominal scale.

S ————
T e

~———]
b

In the first case the non-linear relationship can be modelled, say by a

polynomia} function, or the instrumental variable can be grouped into R categories.
4

In the latier case each category can be represented in the usual way by a

dummy variable. This takes the value ! for this category and 0 for cvery

other category. let X, , X.

lrk lrk/

variable which belong to the same instrumental variable category., Using the

. * e i
be two observations on the first occasion |

dunmy instrumental variables Lo estiunte the first occasion variable gives

the estimate %, which js

I the mean value ¢f 411 ubservations in catepory r.
L4
\
o
v Q -7 - )
& “
o
« ERIC
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‘ ¥
gé - b1V " (2pr§2rilr) (xPrizlr)—l . . . (20)
} r r
i ,
g Where §2r is the mean of the er fn the catepory rf'and P, is the proportion
QJ“ in category r. This is e;scntia?ly the "Method of grouping" as introduced
B - by Wald (1940).
§ The literaturc on grouping methods (for ciamp]e Wald (1940), Neyman and
}‘ Scott (1951), Madansky (1959)) using observed: values of xl has tended to
%?\ focus on conditions for comsistent eslimntes and on the relative efficicency <
% of different groupings rather than quantlfylng the inconsistency of various <
§§ grouplng methods. The results on the NCDS data given below, go some way to :
&
i remedying this situation for a particular data set.
, AppLICATION OF INSTRUMENTAL VARIABLE METHODS TO THE NCTS DATA
4.1  Selection of Variables
f In all, 50 variables are considercd as instrumental variabies, being measured
at ages 7, 11 and 16. These consist of test scores, teacher ratings and
d background variables. The test scores are of rcading and mathematics at
] each age and in addition of general ability and copying designs scores at age )
gi . 1, The teachir ratings are of reading and mathematics at all ages, and in

addition of oral ability and creativity at age 7, of oral ability, and general
knowledge at age 11 and of practical subjects at age 16. The "background" St
variables arc social class and indices of behaviour in the home at all three o
ages, the numter of children in the household birth order of the child, an

'xﬂsz of accommoda*ion facilities and childrens' heights at ages 11 and 16, >

rooEp

ov, rcrowdlng at 11; and regiaon, indices of school behaviour, and a variety of
Mfcellngs towards school at 16, The reader is referced Lo ‘Davie, Butler and

Coldstcln (1972), and Fogelman (1976) for a more complete description of these -

3 arlablcq.

N ®

The variables used as predictor and dependent variable in the regressions,
- that is the test scores at age 11 and 16 of mathematics and reading, are
* transformed to have standard normal distributions in the same was as in
.+ Goldstein (1979) who showed that near lincar relationships between observed

scores resulted,

[4
As the relative efficiency of an-instrumental variable estimator ig

\_“*oportxunn] to the correlation with the nlodrclor, variables

LRIC e s

,:’.mn,: )

are only retajned

s:o‘a*‘

[ -
!
!
[
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for further analyscs when this correlation is greater than 0.3. Thik eliminates
most of thé "background” variables but only one of the teacher ratings! |
(that of outstanding ability in any area at ape 11) and none of the test scores,
leaving 25 variables in all,  All cases with missing values on any of Lh?so

25 variables are excluded leaving 537) cases with test scores at cach age. "

In the appendix to Fogelman (1976), Goldstein shows that the attrition of
subjects in the study does not affect to any marked extent the relationships

found and Goldstein (1979) finds that test scores for subjects having missing

. _subjects.

In the results reported here, 211 instrumental variables are treated as sets
of dummy variables for reasons given in Section 2.4. For the test srores the :
: . dummy variable coding into five roughly equal size groups ‘ensures that the

|
|
values on the background variables show no significant differences from other
relative loss in predictive efficiency from dummy variable compared to simple

lincar regression is always®ess than 6%.

Using these instiumental variables as dummy variables or as interval scale

variables in facc gives very simiar results, the maximum difference in

regression cocfficients for any instrumental variable being 27.

4.2  Forming hypotheses of error structure in prediction relations

o,

As in'SCCLiOn 1.2 we assume that the true score of a test compfisos that
component of test score which is unaffected by day to day variatinn by the
particular tester or by the test situation, and is specific to the particular
test used. We now cxamine the correlation between the variables to be considered
. as instrumental variables with measurement errors on the first occasion and .

sccond occasion testsaand with the disturbanc¥ term. These variables are
teacher ratings on a variety of attainments, #cst scores and social class.

. 4 .
The teacher ratings, like the test scores, inj-general will contain measurement
error, thus reflecting and being reflected by variations in the child's
interest in subjects and day to day variations in the type of relationship
to. the teacher. Thus a teacher who has very recently seen a child do a
good picce of work or show a keen interest, may tend to rate him higher than
otherwise. TIf the same conLribgtory factors affect test score then a teacher
rating made at the same time as the test would be expected to have a positive
correlation with the test Score measurement crror. Likewise where a different
attainment is rated at the same time as the test similar correlations may

exist, although presumably smaller, o
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There are two variables which we hypothesies will have a zero correlation

with test score measurement errvor. These are teachers ratings taken at

a different point in time and social class. We would expeet none of the -

sources of measurment error Lo relate to teacher rating at a point in time

% 4 or.Slyears away. Nor wnuld we expect social class, which does not vary very

much for nn»individuaz over short time periods, to relate to any of the
% sources of measurement error,
. Finally we cxaﬁino the relation of the disturbances u., to teacher ratings
2 and social class. Either of these variables and particularly sociaf/;lnss
,? may be correliated with the disturbances if they relate to the depe"dcnidr‘/,,,wﬂ¢’”FMﬂ
%i variable once the predictor variable has been controlled for, = .
$% The hypotheses formulated above may be summarised thus; P ':

\ Hl.  Teacher ratings ou a test where the rating is at the same time
g as the test, will be positively correlated with test score
measurement error.

K M2.  Teacher racings on a different attainment from that tested, where
. the rating is at the same time as ‘the te-t will be postively
. , correlated with test score error but to a lesser extent than for
. -/ - the same attainment,

H3.  Teacher ratings when the child is at a different age, from that of
the test will be uncorrelated with test score measurement erior

whetlier or not the same attainment is tested.

k
H4.  Teacher ratings are not corrclated with disturbance terms from the /
regression of second occasion score on first occasion score, ,
; Hs. Socia} class is correclated with disturbance terms.
He. Social class is not correlated with test score measurchent error, .

Hypotheses U1, U2, 43 refer to the relation of teacher ratings to test
score measurcment error. HI, H2 refer-to teacher ratings at the same

time as the test and H3 at a different time. M4 rofers'fd the relation of
teacher ratings to equation disturbances.’ U5, U6 refer to social class
and apply:Lo the relation with equation disturbances and test measurement
errors respectively, Ccnernl]y, teacher ratings are ‘held to correlate
with test score measu;vmcnt crrors only when tested at the same time as
the test and not *o be correlétcd with equation disturbances. In contrast,
social class is hypothesisced as correlating vith disturbances but not with

test score moqﬁufvmvn( error ceven vhen measured at the same ime as the test. .

Examining (17X these six hypotheses give rise to the following predictions.

The hypotheses giving rise Lo cach prediction are given in brackets after

-~ 10 - ‘
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the prediction.
4[. -

P1.  Comparing’ teacher ratings at 11 years, the lowest estimate of B
twill occur for the tcacher rating of the same allninmcnl,(from "l to
"4’ particularly "2 affecting e ), and at 16 ycars the highest
value will occur for the rating of the same attainment (from . to

]
Zez)'

P2, For a given attainment, teacher ratings will give hig or estimyles

“4’ particularfy Uz affecting r

of £ when measured at lQ than 11 years (from n' to "4)'

P3. For a given attainment, tcacher ratings will give higher estimates
of B when measured at 7 rather than 11 years (from "l to H ).

P4, . There is no d1f£crence in estimates between teachers ratlnge at 7

years (from H3, HA)'
P5.  Social class gives higher cestimates of 8 than teacher ratings at 7
and 11 years (from H] to “6)'

P6. Social class will give similar estimates of B irrespective of the age
at which measured (from "5’"6)'

It should be noted that these predictions ar¢ not uncquivocal tests of che
hypotheses. For instance, even if P6 holds one could conceive of different
correlations of social class with measurement error at differeat ages,
these terms being counteracted by different correlations with equation

disturbances. This, however, seems unlikely,

4,3 Results

Tables | and 2 give estimated regression coefficients for reading and
mathematics respectively for 16 yeag,attainment on 11 year attainment using
a variety of teacher ralings and social class$™as instrumental variables at
ages 7, 1l and 16. Using the hngrOUped Il year test score as instrumental
variable gives the ordinary least squares estimate, uh1ch thue enables
reliability estimates to be calculated for cach choice of 1nclrumcnln1
variable ?y dividing the ordinary least squares estimate by the instrumental

variable estimate. Each prediction will be examinedin turn.




T e AR ¢ ST %‘Wéﬁ%g
I - . AR

WS Pt 18200 e w020 s

TS N P e AV Ay e e e ‘5’?‘{
DT . < . N
% Table 1 Estimated Regression Cocfficients of Reading Test at 16 years on Reading Test at 11 years adjusted for
2‘.?,". Measurement Error, Using L Number of Instrumental‘Variables Separately
. B \\ N
\ .
Instrumental variable measured at: 7 years 11 years « 16 years
: .
Teacher rating of: ‘ 7
\ -
oral 0.955 | | oral 0.972
Reading 0.944 || Use of Books  0.964 English 1.042
: Number . 0.990 | Number 0.974 Mathematics 1.067
L] ‘ ’
Creativity 0.990 (
. . . ) . \ General " 0.979 Practical 1.047
\ Knowledge Stbjects '
: \ ,
Social Class 1,057 \\Social Class 1,070 Social Class 1,064
. \ ’
Reading Test at 11 (interval scale)(OLS estimate) 0,797’ i ~
Peading Test at 11 (5 category groupings) 0.8L0 \ !
Average standard errors of regression coefficients: Using Teacher ratings at 7 years 0.017
" n (1} [1] 11 n 0.013 .
L e
’ . " " Y " 15 " 0.015
g2 " Social Class 0.027 63
T " Reading Test at 11 years 0.008
2 a ' .
- f
; .
i ~
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A Estimated Regression Coefficients of Mathematics Test at age 16 on Mathematics test at age 11 adjusted

for measurerent error using a nurber of instrumental variables separately

Instrumental variable at: 7 years 11 years 16 years °
' !
Teacker rating of:
WD\
Oral 0.883 Oral 0,890 5
i Reading 0.849 Use of Books 0.884 Englist 0.952
§§ . Nuzber ’ 0.854 | Number 0.874 Mathemdtics 1.073
ol .
} .
3_7 Creativity 0.911 ¢
General Knowledge 9.920 Practical Subjects 1,029
J Social.Clzass 0.994 Social Class 0.991 Social Cilass 1.028
Yaths Test at 11 (Interval Scale) - 0.748 ﬂ
(OLS estimate) -
Yatks Test at 11 (5 category grouping) 0.763 !
’ »
Average standard errors of regression coefficients: Using Teachers ratings at 7 years 0.018
' " " Y 11 years 0.015
- 1}
i 4
”" L] .“" 1 16 1 0.016
»  Social Class 0.030 65

« Mathematics Test at 11 years 0.010
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This holds for mathematics using teacher ratings both at 11 and 16

and for reading for teacher ratings at 1 but not 16,

P2.  This holds for comparable teacher vatings at 1 and 16 for both

. reading and mathematics test scorces. . //

. P3.  This only holds for onc out of the six possible comparisons, namely

teacher rating of “number” for rcading attaimment regression. //
P4.  This holds for both attainments. - ° '//
* P5.  This holds in all cises. ' K
) P6.  This holds at all ages for both attainments. - //
/
i

at . N N . 4

B It should be noted that predictions P4 and I'6 specify no differences

between regresston coefficients whereas the other predictions are a
. . . . \

difference in a specified direction. 1In fact, for P4, P6 the diTfcrences

- between coefficients are small in relation to the standard errors.
A

The predictions are all seen to hold generally with the exceptiou of P3.

¥ This implics the rejection of 13 or H4 or both Rejecting 13 implies that
the differences in coc£$1c1cnts among the fofcrcnt teacher ratings at age
7 should be similar to those u51ng the thrpe rorresponding tcachc(\ratlngs

at age 11, ~’I'his is true with one exccptio1, this being the rcvcrs;\\rn t (d
relative magnitude of the teacher ratings bf reading and number between agcs\ -

7 and 11 for mathematics. . ' TN

-
The smaller coefficient est. 1ites using 7 )car rather than 11 year ratings
could be explained by a correlation of 11 yca( rating with errors in the
dependent variable, which counteracts the correlation with errors in the

independent variable - the 7 year ratings having lower correlations with the
dependent variable., :

\
If M4 is the sole recason for the fai}urc*of P3 this suggests that the partial
correlation of tcachcr ratings with social class at 11 given test score at

11, would be hxghcr for 7 year teacher ratings Lhan for Il year teacher

ratings,.and this is not the case.

2

It scems lhon that we should discard social class as a suitable instrumental

variable duc to its correlation with the cequation disturbances, and teacher

ratings at 16 years are positively correlated with test score error at 16

(from 111, 112) and probably also with equation disturbances. This leaves a

choice between teacher ratings at 7 and 11 years,  As 113 doesnot hold we )
cannot be completely content with using the same-attainment 7 year teacher

ratings, and in addition it is nét known how highly correlated these are

with the disturbances. )t was supgested cartier, however, that we should

expeet the 11 year ratings Lo he more highly correlated with the disturbances.

T s ~
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As 12 also hiolds, the viﬁouq_choico would scoem to be the rating of a different

attainment (out of mathematics or veading) at age 7. For the reading attainment

‘this gives a reliability of 0.81 (using teacher vating of number at apge 7) and

for mathematics attainment pives a veliability of 0.89 using tcacher rating

3
>

of rcading at age 7. In fact the choice between 7 and 11 years for the
instranental variable gnakes a Jittle difference for rathematics attainment

giving a rolinbilily of 0.86 using reading rnLinﬁ at age 11, and for rcading

B

attainment the difference in reliability estimate is only 0.005.

ZXE

The quegtion naturally arises here as to whether the use of tests of the same

attainment at different ages is necessary in order to obtain reasonable

.$‘; . . . . . . . -
%} estimates of reliability coefficients Ly this method. Estimates of the

- rcliability coefficient of 11 year reading test score obtained by regressing
7. 16 ycar mathematics score on 11 year reading score using scparately as

instrumental -variables teachers ratings of reading and mathematics attainments
>’ >

at 1l years, gave rcliabiiity estimates of 0,76 and 0.6! respectively

compared with the value of 0.8i given above. This suggests that the
. disturbance terms in this regression are corr -lated with the mathematics
teachers ratings For the regression of 16 year rcading test on 11 year
mathiematics test using teachers xatings of mathematics and reading separately
as 1nstrumcntaL_var1ablcs reliability cstimates of 0. 85, 0.68 respectively
are obLa1ned,( ‘ompared with the &aluc of 0.88 given dbove. Care should

thcuc[o1c be taken wnen cst1mat1ng xcl1ab111l1cs by this method to usz similar

atta1nmcnls as dependent .a1d ptﬂdrctor variables.

- “

’

4.4 Usc of grouped first occasion variable as instrumantal variable

“Table 3 gives estimated regression ccefficients for both reading and mathematics

when the first occasion variable is grouped into 2, 3, 5 or 7 cqual groups.
“ S

-

The inconsistency of tlie grouping ostlmnlor (b ) rolavac to the ungrouped

© (OLS) cstimator (b ,) 1s given by

s b..~-b
k1Y C (21)
Piv™ Povs
where b is the instrumental variable osllmalor (using an appropriate

tcachcr ratlnr) and is assumed to he consistent.

»
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As sugguulcﬁ’in 3.3 substantial inconsistencies are indicatiml in these data,

being grcntég with a larger number of groups. Thus there is a Lrage-off between
iuconsistcnci\aud efficiency, the latter being greater as the number of groups

is increased. thbr reading attainment the lovest estimate of reliability, arising
from the division-}nlg two groups, is 0.97. This is hipgher Lhdﬁ any of the values
derived from the rogrcégfun Lstimates by instrumental variables methods given in
Table 1.  Yurthermore, (hchhstimu(cd regression cocfficient is scen to vary with
the point of dichotomy. thr@ﬂs for reading the lowest estimates occwrs for hoth
extreme diJisions, for mathcmat%cs the lowest cstimate occur when division is at
the lower end of the scale and the' highest estimate when division is at the

higher end.

\
\
\

"Table 3 Estimated regression coefficiénts ad standard errors using the

grouped predictor as instrumental variable. - Standard errvors in

brackets. k is defined-in (21).

* fo Reading k Mathematics k
Ungrouped (0.L.S.) Qs797 (0.0082) 1.00 0.748 (0.0097) 1.00 !
No. of cqual groups
(oZ cqual zize) 3
. 7 0.808 (0.0085) 0.94 0.755 (0.0100) 0.93
) 5 ' 0 810 (0.0086) 0.93  0.763 (0.0102) 0.86
‘ 3 0.818& (0.0092) 0.89 0.777 (0.0109) 0.73
2 0.827 (0.0103 0.84 0.780 (0.0121) 0.70

Varying position of dichotomy

Propertion in lower test group

0.2 0.810 (0.0012) 0.93  0.687 (0.014) 1.58
. 0.4 T - 0.823 (0.0010) 0.87  0.765 (0.012) 0.84 | .
0.6 0.822 (0.0010) 0.87  0.802 (0.012) 0.49
0.8 0.789 (0.0012) 1.04  0.805 (0.014) 0.46
p

If the assumption is made that the correlations of the grouped first occasion
variable with the disturbances and error in the second occasion variable are
both zero then using the reliability estimates Jrom the previous section we can
substitute in (26) to obtain the correlations with the error in the first
occasion viniable, ch . These are given below in Table 4, and assume the
roliahf]i(y eotimates piven in Section 3.3 (0,81 and 0.19) are’correct.

.
E

Q - 16 -
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Table 4 Correlations of dichotomised instrumental variable and first oceasion

measurement crror for diffevent division points

I . Proportion below division point
0.2 0.4 0.5 0.6 0.8
" Reading 0.280 0.302  0.329  0.305 0.324
-Mathematics  0.390 0.226  0.233  0.128 0.120

. . ) . .
Thns‘the-gfrrclatlons, while reasonably constant for reading are systematically
. . . L . .
decreasing for mathematics. We have no good explanation for this but possible
causes are non—homogeneity of errors in the mathematics test, or a non zero -—

correlation between true score and errors of measurement.

2

- 4.5 The use of test score as an instrumental variable

7
Test scorcs of reading and mathematics at 7, Il and 16 years, a score of Geaeral

Tk

Ability at 11 years (with Verbal and Non-verbal components) and a Copying Design

<
Test, are considered as instrumental variables, and Results are given in Table 5.

Py
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using test scores as instrumental variables. Standard errors in brackets

Instrumental variable

at

at

at

7 years:
Reading Test

Mathematics Test

11 years

Reading Test

Mathematics Test

General Ability Test: Verbal
: Non-Verbal
: Overall

Copying De%igns Test

16 years
Reading Test

Mathematics Test

Rending

[V
1,

920
004

.810
.995
.942

982

.957
.989

.197
.063

(0.
(0.

(0.
(0.
0.
(0.
(0.
(0.

(0.
(0.

009)
012)

012)
014)’
012)

032)

013)

0.822
0.850

0.866
0.763
0.825
0.90.
0.86C
0.933

0.949
14315

(0.
(0.

(0.
.010)
(0.
(0.
(0.
(0.

0.
(0.

Mathematics

017)
018)

014)

013)
014)
013)
032)

015)
017) -

oo

&
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Since short term fluctuations in attainment to some cxtent will be correlated
_over all attainments we would cexpect the arpument s and prodiélions m Seetion
? 6 in relation to teacher ratings to apply to test scores. In all applications
considerpd here the test scorve is divided into 5 5 grovps, and dummy variables
used. Pl is satisfied trivially in the light of the results on the use of
grouped predictor as instrumental variable. P2 is satisfied, but P3 #s again
contradicted by the behaviour of the reading tests at 7 and 11 when used as

instrumental variable for mathematics attainment,

\

Generally, the behaviour of test scores is similar to Lhe teacher ratings and
the standard errors are similar, giving little 1nd1cntlon for preference of

one set of variables over the other. Nevertheless, 1f coxrelnt:ons between !
- instrumental variables when measured at 7 years, and errors of pyediction and

s of measurement at ]l and 16 years were zero, then similar ost:nntos of .

: regression coefficients should be found for the tests and tecacher ratings of
different attainments, used as instrumental var:ables. In fact, for both

tusts and teacher ratlngq and for bLoth attainments rhe estimates zre larger for,

maLhemaL1cs than for reading, when used as 1nstrumenta1 variables. |

o -

-

The results for general ability indicate that it occupies an intermediate
position between the two attainments.
. 3 : ‘

-

- 4.6 "Scparate cquations for each social class :

Table 6 gives the estimated regrcssion.cstfirient of 16 year reading test
score on 11 year reading test score separately for cach social class measured °©

at 11 years, wsing 1! year teacher Yatlng of number as instrumental variable

. in cach case. . .

-~
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Estinnted°regression coefficients for reqding test at 16 on rcading test at 11 for each 11 year social class separately

I B MG T D L0 R TIPS "P’W”g-“’, = Q”J>J’( %
g

'?Social
Class

Regression
Coefficient

using teacher rating of number at 11 as instrumental variablew

Standard Raw Corr,
between

Error

11

yr.

& 16
scores

Estimated
true corr.
be¢tween
11 & 16 yr
scores

e an

reading
score of
11 years

ar

test

11 yéar test score 16 ye

No.
Cases

Mcan

recading
score of
16 years

e
Reliability Variance

of measure-

ment error

Reliadility

-j.

Profess-
ional

Inter-
zediate

Skilled
non-zanual

®illed
.caaual

’Sezi—
skilled
masual

Unskilled
rzanual

All
(éxgluding
no nale
head)

73

Test ior equality of 11 year Reliability Coefficients X
for equality ~f 11 year .ecasurement error var1ances x2 =

Test

Test for equality of

true correlation coefficients X

11.9 (p <0.Nn5)
9.5 (p>0.05)
141.7 (p <0.001)

*Test values for these tests are obtained from the robust'chi- square test in Layard (1973) assum1ng the distribution

of the measurement errors has a kurtosis of 3.

- When 3 kurtosis of zero is assumed the values cf X for equality of

. relfability ccefficients and measuremee} errors respectively are 29.8, 23.7 (p< 0.001)
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With the exception of the "professional” class the repression coefficicnts
- . syslemdtx(ally decrease with higher social class,  The reliability estimates

of the reading test at 1 years in cach soced ial class arce scen to vary, penerally

increasing with higher social class, The exception to this is in the "professional®

class whose lower reliability may be“explained by the presence of higher
measurciment errors at the top of the reading scale. The measurcment error

variances vary in an ifuverse fashion and this table docs not provide evidence

that the weasurement crror variance is more nearly constuant between social classe

than the reliability cocfficient, as suggested in Coldstein (1979), indeed the

opposite scoms to be the case. The estimated values of the Lrue correlation

L]
cocfficient (H) within cach social class is obtained from Lhe cquation—
' ~
& p = r '
‘) ~ ~
R R
’ 11 16 ,
i{ -
- ~ ~
where r is the observed correlation coefficient and R R, are the estimated

1 16
reliability estimotes of the 11 and 16 year te.t scores, the 16 year estimates
being obtained by using instrumental variable estimates of the regression of
11 year on 16 year test scores, the intrumental variable being the Lcacher's
rating at age 16 of mathematics. The estimated correlations vary wah spcial
class with the "professional” class having the highest value and Lho 'unsialled

manual” class Lhe lowest value. These values seem rather high, but it must

-

be rqmembered‘thaL the same reading test was used at 11 and 16 years. A 957 -7
“econfidence interval level for the overall value is (0.962, 0.996). pd
. B //

Table 7 gives the coefficients for the mathematics test, whero teacher! s

ratings of the usc of books at 11 years is used ¢5 the Lrumental variable

for cach class. Contrary Lo the reading scores, the regression coefficients
increase with higher sgcial class, . .- - The veliability
estimates of the mathematics test at 1) ycars are seen to vary with a lower value
- for the "professional” class. The measurement erroy varianges vary in an

» dnverse fashion. The extent of variation between cocial classes of the
rc]inhilifyﬁand ueasurement error variances is larger than for the reading test,
both reliability and meacurement erior vari.aice estimates showing a similar

degree of variation. -

( L

The estimated true correlation coefficients show the same pattein as for the
reading test, with the values on the "professional™ and "unskilled manual”
classes being respectively higher and lowes Lhnntthﬁ average value,  The 957

*
confidence interval for the overall value js (0,899, 0,908).

I3
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%* Bstimated regression coefficients for mathematics test at 16 on mathematics test at 11 for each 11 year socia’ class
%a separately using teacher rating of usc of books at 1t as instrumontal variable
£ . . . 11 year test score 18 year test score
Social Regreésion  Standard 'Raw Corr. Estimated Mean Mean No. Reliability Variance Reliability Variaac
Class Coefficient Error between true corr. Maths Maths Cases of peasure~- of
11 & 16 between score at score at ment error reasure-
v yr. scores 11'& 16 yr 11 years 16 years ) zent
scores error
- i
Pro¥ess- 1.081 0.120 0.73 0.94 0.778 0.716 249 0.72 0.210 0.83 0.146
ional . ' : - . )
Anter- / 0.920 - 0.042 0.73 0.88 0.454  0.510 903  0.83 0.136 o.8¢  0.138
rediate /
Skilled nof~  0.883 0.052 0.73 0.88 0.330 0.388 497  0.84 0.132 0.82 - 0.153
zanual [/ -
A L »
/ ' .
- Skillet( 0.869 0.026 0.71 0.89 -0.063 -0.098 2235 0.85 0.118 0.74 0.215
*  pazual
Se::'i- 0.824 0.044 0.65 0.88 -0.248 ~0.226 880 0.79 0.160 +0.70 0.230
skilled v
rmasual
- Unskilled 0.689 0.068 0.64 0.53, -0.478 -0.475 282 0.87 0.101 0.67 0.229
zaasual - |
All , )
(excluding 0.885 0.016 0.74 0.90 0.039 0.071 © 5046 0.85 0.133 0.79 < 0.194
no nale .
head)
- 76 Test* for equality of 11 year reliability coefficients x2 = 34.5 (p<0.001) 77
. . £ . 5 -
Test or equality of 11 year measurement error variances X: = 29.5 (p<0.001) o
Test for equality of true correlation coefficients )(2 = 46.2 (p<0.001)
*See note on table 6
Q ‘ ‘ .
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5. Suawiy wnp Disgussion :

Our results suggest that'differing correlations of instrumental variables with
measuwrement crroys account for the observed differences in regression and
. reliability estimates, although social class has a negligible correlation with

weasurement evror but a non-negligible correlation with the error of prediction.

; b
The ostinngé correlBLion coefficient between true scores on reading and
mnfhcmuLicé tests at eleven and sixteen years is respectively 0.96 and 0.590.

The estimated reliabilitics using the scelected instrumental variables (teacher
ratingg of an wmrelaleld ability at age 7 as the predictor) are 0.8 and 0.88

for reading and mathematics rd§poclivc1y. These céﬁpnro with the values of

0.82 and 0.94 given in Goldstein (1979) by split haif item analysis on a subsample
df 300 casés. Whilst the values for Jreading are similar the value obtained Ly

/ 1Lcm ann]y91o for mathematics is somewhat higher than any obtained for the
&nerumcnta] var1nblos used here, although the dxffcrenco is of Lhe same order

/

Las the standard error of the separate oqt1maLo~. g
. !

i For reading attainment the estimated standard drror of the reliability estimate

; IobLainod by itea analysis is 0.030 while the igstrumental variable method gives
0.012. A split half estimate using all available data would have a staniard

error of %about 0.007. For mathematics the relevant standard errors are 0.020,

0.014 and 0.005,

d -

Usi?g a grouping of the predictor variable itself as an instrumental variable
—gives estimates of the veliability which are higher than any obtained using .
other variables as instrumental variables, irrespective of the number of groups

. used. These estimators, we suggest, are not to be recommended.

~
<

The examination ef reading and mathematics attainment 3eparately in ecach social

class gave different reliabilities for the different social classes.

o

.. For both attaimments the "professional™ social class gave the lowest value but

otherwvise for the mn(hcm1L1cs test lower reliabilities occurrod 1n the lower °
social classes and vice, voxsu for the reading test. MensunonwnL error variance
Jcs(imnlos varied in an fnverse fashion. Tnstrumental varjable estimates of
regression coefficicuts showed an opposite trend for cach attainment, with L&g
cocificients for the loquxng tesi being generally higher in the lower social
classes and for the mathematics being higher in the higher sockal classes.
1ﬂ(xmaton of the: true correlation between 11 and 16 years was different in each
social class for both 1cading and mathematicy attainment s, with higher values
in the "professional™ class and lower values in the "unskilled.manual’ class for
snch att atument. .
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‘While iustrumental variable estiwation has had a loug history (early papers on
theéory and application in the cconomic field includen Weld (1940), Reiersol
(1945), Durbin (1953), Sargan (1958), Madansky (1959)), it has not yet 'become °
generally accepted as an estimation method in the -social and cducational ficlds.
Sargan (1958, page 396), in discussing the (unknown) correlation of instrumental
variables with measurcment error in an cconomic context states "IU is not casy
to justify the basic assumption caucerning these errors, namely that they are
independent of the instrumental varlnblog. " Tt seems likely that they will vary
with a trend and with the trade cyclc. In s0 far as this is true tlk method
discussed here will lead to inconsistent estimates of the coefficients. Nothiug
can be donc'about this since presumably if anything were known about this type
of error, better estimates of the variables could be produced. Tt must be
hoped that the estimates of the variables are sufficiently aceurate, so that
systematic errors of this kind are small."  We have argued that comparisons
* of different instrumental variables, considered separately,” can throw soifie
light on the error structure in the data and thus lead to better knowledge of &
the consisteney of the cstimates procuced. Furthermore it is also our view
that this approach providcs a flexible tool for an empirical study of the various

assumptions needed to produce good estimates.

Finally, four issucsscem particularly worthy of attention: .

I, Obtaining estimates of the standard errors of the difference between
different instrumental variable estimates (these wild be lower than
those obtained using the individual standard errors and assuming
independence). This would cnable a more careful analysis of the
hypotheses of the paper.

2, ‘Obtaining pood estimates of the staadard errors of the reliability

" estimates produced by instrumental var.able methods.
3, anmnnatnon of Lho use of .more than one 1n°truncnta1 variable‘ in

conncction with a single predictor in terms of the efficiency and

| . consistency of estimates., “ )

| 4,  The study of differing rcllab111txcq ad measurcment error variances

g in different groups of variables such as social class, in ordc; to '

1nconpo:ntc these 11 linear model estimates.
< €
¢
<2 e
rl ~ »
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The method of Inngruuwu(nl Variables ig augycsléd n*cna alternative to -
traditional methods for estimating the reliability of mental test scores, and
“avoids certain dravhacks of these nmlhod“. The. con°i°lcucy-and‘cfficivncy of
the intrumental variable method ave cwnmxncd cmplrzcnlly using data from- ~the

BrxL sh National Child Development Study in an ann]yuxs of 16 year and ll—ycar

~-0ld scores on tests of mathematics and reading. ~ . .
. N '
Keviorns . ‘ : -
Instrumental Variables, Errovs in Variables, Rc]xnbx]xly, Lopgi tudinal, é
Educational Attainment. Lo ' . \ ‘¢ 5
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SOME APPLICATIONS OF_LISREL TO EDUCATIONAL DATA

BY RUSSELL ECOB

apgr read to the Seminar on Structural Equation Modelling with Particular

Reference to LISREL at the University of London Institute of Education

*1dch Septémber 1981,

'Woﬂfs, Breland, Grandy and Rock (1980) npnly LISREL to the measurenciii- of

» N
%

NOT FOR REPRODUCTION WITHOUT PERMISSION

SUMMARY

matter is used at any stage to determine which parameter to add to.a . ziven

St
* o .

¢

Examples are given of the use of LYSREL in both confirmatoary and exploratoru
modes. In the confirmatory mode a sequence ot hypotheses is set up each of
which is a epecial case of the preceding one and is tested sequentially. Inz
the exploratory mode the data in conjunction with knowledge of the subject

|
model. This paper emrhasises, when used in a confirmatory mode, the importance
of the initial specification of the model and shows how, more than one medel

can be” "coniirmed" by the data. In the exploratory mode LISREL is used ou the
data from:the National Child Development 3tudy fo estimate the correlation
hétween the latent variables correspondiné to underlying reading attainments
Aé two ages. Examined also ;s the effect of different fitted error correlations
on the correlation between latent variables and the effect on final estimates

ot choosing different indicator variables and of scaling variables to have

,normal distributions, The use of data on reading attainment at three ages

allows the incorporation of extra latent variables corresponding to test
specific fantors, Finally an alternative method using instrumental variables
for estimating change in reading attainment is briefly described and compared

vith the linear atructural relations method.

USE IN 4 CONFIRMATORY MODE .

Joreskog and gorbom (1977) describe the procedure thus:
"Suppose H’ represents one model under‘given specifications of fixed, frece
and constrained parameters, To test the model h against any more gcneral
podel Hl,-—estimate them separately and compare tho‘r X The difference inX
is esymptotically a’ X with dcgrees of freedom ecqual to the corresponding
g¢ifference in degrees of freedom. In many sltiuations, it 'is possible to set up
a scquence of hypotheses such that cach.one is a special case of the preceding
and to test these nypothcqessequcntinlly". . ‘

‘. |

!

¢

|
wr#ting ability et three occasions, by csasav und by ‘a tdst of standard uritton

l{Jf: English at each occusion,/tho moasures being mado on American undergraduates.

T
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*during their first year of study, composition 1nstrucLion being given between
tﬁe }1rst\two occasiong. They aim to use LISREL to sgparate out ‘the instability
5?’ . or varintibn in the ''true scores" (underlying or latent ability) over occasions
from the measurement errors which are supposed to bc dorrelated across occagions

&
and thus derive estimates of reliability, It is this |corrclation between

ey

v ménsurement errors across occasions which makes the m&del more gceneral than |
i - 1 |
: the well known factor analysis model. i |
! l

| S
Each ecssay is marked independently on a scale from 1 Fo 6 by twu outside teachers

to give a scale from 1 to 12 and the tests each consi%t of 50 multiple choice

poery

items. The data coniist of 234 out of a total of an initial 2500 students

% tested at each occasion and though it gives risec to a large potential non-
<3 response problem is used here for didactic purposes, ;The correlation matrix
‘is given in Table 1. ‘

i
|
i

ot e,

TABLE 1 »‘ _ ..
Werts et. al. data on writing ability of undergradudtes. |
. Test 1 1,000 ° .
H
L Test 2 0,837 1.000 .
. Test 3 0.854 0.842 1.000
' Egsay 1 0.621 0,640 0.602 1.000
, Egsay 2 0.602 0.636 0.551 0.564 1.000
.l Essay 3 0.596 0.617 0.597 0.572 0.523  1.000
f! ) Tesat 1 Test 2 Test 3 Essay 1 Essay 2 Essay 3

prowrry

:J Their initial (most general) model 1is that the true scores of the tests and

) essays are linearly rclated, the same lateni variable being ;easurcd by both
indicators, and thet the errors of measurcment of the tests' are uncorrelated
across occasions whereas the errors of measurement of the essays are correlated

. ‘ .
/ across occasions. We call this the "essay error correlation model®. ,

An altcrnative hypothesis, not examihed by‘Weris et al,‘is that the earrors on

the tests are correlated between occasions but that the esSsary errors are not
correlated between occasions. We call this the "test error corrclation" model,
The further nlternative, that tho true scores underlying the tests and essays
represent different latent variables and that neither of the_errors are
correlated across occasions, leads to an unidentifiable or indeterminate modc;\\\\

having too nany parancters to be fitted by the 21 independent observed corrcelations,
Hote, however, that Block & Saris (1981) provides a reinterpretation of the Yerts ¢t al
data using two Iatent varfables having correlation 0,89 by making the assumptions that a

* simplex relation holds between cach set of latent variables and that at lea: t one of }hrcu
other possible restrictions hold. Appendix 2 shows that the model with both sets ofi

. errors: correlated across occnsionn is also not 1dont1rled f i
]

‘ 84 T




::‘ The cﬁoih; between the "essay error correlation'. and the Ltést error !

corgelatiop" nodels cannot be made empirically as neither is a specialisation

‘of the other, the two models embodying different conceptualisations of the

" true score or latent variable or cquivulcntly of the allowed componcnts of

af' error. They will bo shown to lead to differont parameter estimates, in pqrticular,
°rolgab111ty estimates, by carrying through.the process of Werts et al for both

N

v

nodels.

The most gencral model considered by Werts et al has the restriction on true
scores that the correlation between the true scores at ocecaslons 2, 3,

is unaffected Ly the true score at occasion 1,0r p93/1 =0 This is
equivalent to the restriction that p . and 1s

I8 3 12 23,

- called the simplex model of true scores, The model is shown diagrammatically

1in figure 1 for the "test error correlation" case. The LISREL specification

o
o %pf this model 1s given in Joreskog and Sorbom (1977), Section 4.2 and also in
. [ )
¥ Appendix 1 of thPs paper. :
" - ’
..~ The model with unrestricted error correlations can be reformulated as one with
a_test specific factor (see Appendix£t3) and this is shown in figure 2, In testing
the series of possible modcls the restrictions on the relaticaship between the ‘
true, scores can be viewed as the structural component of thoe model and we have '
3 in order of increasing restriction, K ‘
g 81 No restriction on true 'scores
T S2 Simplex restriction on true scores
83 No change in true scores between occasions i, J
; S4 No change in true scores overall a

Similarly considering the mecasurement component given by the error correlations
(for a particular test) we have the following possibilities (restrictions apply

o

to both tests) :

El No restriction on error variances or covariances 1
E2 Equal error varianccQ‘on two occasions
’ ?3 Equal error variances on all occasions
E4 Equal brrO{ correlations between two sets of occasion
E5 Equal error correlations bcf@ccn all occasions

E6 Zero error correlations between all occasions

We proceed by tosting first the structural restrictions in turn and accepting
a model when the restriction gives a sign1ficaﬁt 1ncrcasc‘in X? . Then we
test the restrictions on error correlations in turn on the accepted structural
model. The testing then continues on any remaining structural restrictions >
uging the current eorror correlation model, and then fgain on the error corrolation -
rostrictions {11 necessary. The'process stops 1if nlﬁrmoro rcstr;ctﬁd models in

- both gtructural and error ncnuorgivo sirnificnnt increase in X ! Models

e []lejininc SI, E2 and E4 are not included as they are not homogcneous.
o, O . 63;)
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Table 2 shows the decision process for the tost'error correclation model,
A1l structural restrictions are satisficd and the final model has 1 latent
variable with equal correlqtiqns of test error across occasions of 0.55.
Table 3 shows the decision process for the essay error corrclation model,
;.. Here the restriction $4 1s rojected in the context of El bﬁt accepted in
‘tﬁ;.contcxt of Ej, the common essay crror correlation being 0.21, The
significant values given by the tests when used in this way cannot be given
“o a rigid interpretation in probability terms as restrictions are tested
sometimes more than onco and a given model tested against more than one

- &

othe¢r model.

e,
TABLE 2 Test crror correlation model! decision process

Structural component Goodness of fit Difference Significance Decision
a P d
x}‘ No restriction on 2
= true scores xs - 1.44
: Simplex restriction . 2
on true scores X, =-2.45 X, = 1.01 > 0.0 accept
No change in true 2 2
scores Yo o 4.73 X, = 2.79 *> 0.05 accept
! Measurement comnonent )
(in context of S3) . - : ’
Equal crror variances <z A 2 o
on all occasions (each - xl; = 10,02 %, Xy = 5.29 > 0.05'accept
te§t) . ot N ¢
Equal error correlations 2 2 Y
across occasions X, = 12,40 X, = 2,38 «, t > 0.05 accept
, < —_—
N Zero error correlations 2 2
. across.occasions X,,= 36.44 X; = 24.04 <0.001 reject
N
L]
» ' 3
,’ ' i
i i
!
I
f .
-i “
| .
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Table 3 Egsay error correlation model :

decision processes

v
Structural component

true

je : |
i
EERIC o

N

No .restriction on
scores

Simplex restrictions

* on true scores

No change in true
gcores

Measuremcent comnonent

{(in context of S1)
Equal error variances

Equal error correla-
tions (ES5)

o

‘Zero error correlations

Structurél"coﬁponenf
(in context of ES5)

. Simplet’réstriction on

true scores
A

. N& change in truék
’scores (S4)

Measurement component
(in context of S4)

Zero error correlations

(as final model in Table 2)

O

'

D e Bt L R T —

§

O

+

Goodness %f fit Difference Significance(p)Decision
2 .
X; a 7,V8
2 2 < .
X, = 11,83 X1 = 4,65 0.001 reject
] . 2
Xe = 11.94 X3 = 4,76 < 0.01 reject
z" 2
X7 = 10.95 Xs = 3.19 > 0.0 acgept
’ [
z 1
Xy = 11,49 X2 = 1,46 > 0.05 accept
2
£
X,0 = 34.94 Xy = 23.45 < 0.001 reject
e
‘ = 12,85 ‘ 1.35 0.05
.85 .o . ‘ . accept ¢
X10 X, ’ > i
2 2
Xy, = 13,08 X, = 0,23 > 0.05 accept
. [ &
Z & 2z .
Xy; = 36.44 X, = 23.36 < 0.001 reject

»
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Note that theo 1n1t1n1 "essay error corrolation" hns a bad fit to tho
data whereas the "tést error correlation” model fits the data adequately

1n its most general form,

The Iinnl models are thus different for both forms. For the "test error

.
correlation" mpdel the variances of the test and essay errors are 0.34, 0.45
respectively and the reliability of tests and essays are 0.66, 0.56

respectively, The "essay error correlation" model has values. 0.16, 0,56 for

the variances of tests ard essay errors and 0,84, 0,44 ~_ for
- the re11nb111ty of tests and essays (reliability i8 defined as R = 02/0
where_ Oy -o 2-& a, 2 = o variance of observed scores = 1 1n our
case Q{e to use of correlation matrix, ox2 = variance of true scorei,

(o} = variance of measurement error).

15

.

"The estimates of error variances or equivalently of reliabilities are thus

dependent on the initial modelling framework,

Werts ‘et al Justify their initial decision on the "essay error correlation”

.model by reference to cited re'search which includes evidence that g£00d

Hhﬁdwritlng leads to higher cesay scores regardless of content. It would

‘be equally possible to defend the "test error correlation" model on the basis

of subject specific reactions to the testing process, Indeed a whole day

‘0of a recent Symposium (4th International Symposium on Educational Testing,

Antwerp, June '1980) was devoted to one possible mediating component, test

anxiety.

Change in Attainment Over time : Exploratory and Confirmatory Analyses

S
.

LISREL is now used in the analysis of the change in reading attainment between
ages 7 and 11 and between ages 7, 11 and 16 on datd from the National Child
Development Study (NCDS), Davie et al, (1970). This study followed up, about
17,000 children“born in one weeck of March 1958 at’ ages 7, 11 and 16, An

obvious limitation on the yse of LISREL to which attention is drawn by Joreskog

and Sorbom (1917) is the requirement that“the measures used actually measure

the latent traits or hvpothetical constructs. The analysis of the Werts et al

data and Appendix 3 shows that assumptions which we make on the nature of the
I

correlation between the errors of measurement can be viewed as- part of the
definition of the latent traits, ) ¢ .

o

On the KCDS data this form of analysis roquires thet we have a number of reasonable

measures at each occasion of the trait in question.
M < ¢
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Tho following measures of reading attainment trop,tﬁé NCDS study are considered
- . and listed here with a code, : ////?// -
. l ' ~ .
MEASURE ~ CODE VARIABLE NUMBER
i . - )
-~
gy [
Age 7 ?eading Test (Southgate) . RTST7 1
W . ?enchec/ﬂﬁfing of reading
' L7 abtrfty , , RTR 7 2
T /ﬂencher rating of.child's
3 -
e //present standard en reading
.~ schene . RSTD 7 3
/’f . -
. Age 11 Reading Comprehension Test RTST 11 ‘ 4 ”
Teacher ratings of the Use
i of Books . U of B 11 5
T Teacher rating of Oral Ability OTR 11 6
?: Verbal component of General “
: . " Ability Test ’ : *VGAT 11 6
" L A . N
Age 16 Reading Comprehension Test RTST 16 - -
Teacher rat.ng of English o
ability : .> ETR 16 -
Whilst we have three seemingly valid measures of reading attainment at age 7 PN

only the first two of the 11 year nmeasures have face validity, the Oral
teacher rating and the verbal component of the General Ability test perhaps

measuring different but related skills. The teacher rating cf English at

age 16 may n1§o lock faée validity. Thé same reading test was usgsed at ages
¢ 11 and 16, @

3

Desirable qualities in the data and their preliminary examination
~ N P

The maximum likelihood estimation procedure of LISREL requires for consistency

of estimates that the data are multinormally distributed. Under these conditions
the variance-covariance matrix between variables represents all the information

in the data as all moments above the second are zero, Multinormality can be

tested by various methods. These are well reviewed by Bock (1975) and Gnanadesikan
(1977) and further methods given by Cox and Small (1978) and Barnet and Lewis
(1979). '

19
Multinormality requires both that marginal distributions are normal and that .
relationships betwesn all variables are linear, (though it is not implied by
this).r In'prnctico data usually differ from this ideal situa ion, for instance,

due to thJ relutionsﬁips botwoeﬁ variables being non linear or duo to the variables

!
O

L [RIC | | e
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-
oécur between the indicators. However thig requires that the relationship //

- 8 ‘=

v

not being marginally normally distributed. In these dases variables may beo

transformed so that one or more of these conditions hold. (The references

given above refer as much to thbso‘traqsformations as to the testing of j
multinormality, tho two issues being clesely rolated), It is ulso cohceivable /////

tgat'linenr rolations occur between latent variables cven when they do noty L /

bptween4the indicators and latent variables is non linear. This cannot be g

modelled in LISREL trovrh it can be modelled in other programs (of NcDonal;//

PG

1 D
1980° and Clogg, 1977) and this allows the use of categorical variables

indicators of continuous latent variables, Alternatively, non-linear
analysis (McDonald 1967) allows the factors or latent variables to ¥e non-

linecarly related, .

In the present data_ the aim wa$s to uéeainitinl transformations to render the
data as far as possible linear. The'rehding,jest at 1l years was scaled to
have a normal distribution and the reading test at 7 years old was scaled to
pave a linecar relationship to the 11 year score, the non-lirear relationship
for the raw data being interpreted as due to a ceiling effect on the 7 year
scores, This scalirg reduces but does not eliminste the skewness of the 7
year distribution, Scaling of the 7 yecar score to have d normal distribution

would give a non-linear relationship between the scores at the two ages.
(24

The teacher ratings, rated on a& gcale from 1 to 5 aro viewed as catcgorisatiané

of an interval scaled variable and gso the distrdbutional aspects are considered

relevant. The distributions generally differed from normalﬁty in having a

EE

RIC

Aruitoxt provided by Eic

neéa iﬂé kurtosis (except Oral TR at 11 years) and a transformation to
mormaligy increasoed the morn extreme values., Such a transformation also
changes the relation to the test scores, Thus it igs not possible to examine
the effect of such a transformation whilst retaining the rclationship betu;on
all the variab&es on the present data. However analyses'are presented with the
ratings scaled to normality (0Sc) and unadjusted (0) in order to examine the
sensitivity of the parameter estimates and the particular parameters which are

freed to thas transformation.

“

Table 4 gives the correlations between the variables for both variable scts, It
is scen that the transformation to normality of the teacher ratings reduces
most of the correlations particularly those involving the teacher rating of

Use of Books and tho toacher ratings of Oral ability at 11 years, increasing

none of the vorrolations sighificantly, .

—_—

1, Also Muthen and Dalquist (1980) , . .

Q ‘ : fj()
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: TABLE 4

MATRICES OF CORRELATIONS F'OR SELY.CTED SUBSETS OF NCDS READING

ATTAINMENT DATA

ey

DATA SET v
. ) »~
" won R TST 7 1,000
° RTR 7 0.738 1,000
R STD 7 0,705 0.635 1,000 ?
R TST 11 0.632 0.614 0.530 1,000
\\u_pv B 11 0,607 0.601 0.511 0. 380 1,000
0 TR 11 0.534 0.542 0.409 0.618 0.707 1,000
RTST7 RTR7 RSTD7 RTSTI 11 UOFB 11 O TR 11
"0Sc" R TST 7 1,000 .
RTR 7 0.742 1,000
R STD 7 0.622 0,599 1,000
R TST 11 0.632 0.616 0.461 1.000
U OF B 11 0.497 0.494 0.386 0.562 1.000
0 TR 11 0.458 0.468 0.355 0.537"' 0.616 1,000
\
L RTST7 RTR7 RSTD7 RIST11 U OF B 11 O TR 11
« "W  R,TST 11 1.000 Y .
R TR 11 0,747 1,000
R STD 11 0.713 0.705 1,000 . ©
. R TST 11 '0.638  0.616 0.546 1,000
’ UOFB 11 0,618 0.60 0.534 0,684 1,000
‘ V GAT 11 0.680 0.635 0.577 0,745 0.663 1,000
R TST 11 RTR 11 R STD 11 RTST 11 U OF B 11  VGAT 11
VA is as Q" except the last column is deleted .
4
4
4
L ¢
. l{llC \ B |
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Thoe lincarity of ‘the rolntionh between variables wasg examined for scts both

witﬁ'transrormed and non-transfor: vdteacler ratings by examining the contribution

. of the squared term to Xhe regression of cach variable on the 11 year test

score. Although all buu 1 coetficient wns significant (on a sample size IOQB&) -

the increase in R2 duc‘tﬁ Titting this term was always less than 0,02 being

-

' greatest for the scaled data for Oral Teachinﬂ Rntlng (0.009) and for the

Verbal General Ability (0.008) an4 for the non-gcaled data %&r Reading Standard

e

teacher rating (0.013) and verbaYsgenersl ability (0.008), Except for the

Reading Standard teacher ratiag at 7 ycars the scaled teacher ratings had less

, - ¢

linear relationships to the 11 yecar test score than the non-scaled ratings,

v » .
e . +

Further examination on unscaled data taking a random sample of 500 cases and

fi}ting tc'rms up to x5 in the regression gave non-significant coefficfents

except in the regression of General Ability test at 11 on the readingstest at 11

where the x2 coefficient was significant at the 5% level. In a regression of

» o teacher ratings,on the General Ability test none of the higher order coefficgents b

were significant. Overall then the degree of non-linearity in the data was not

-

considered subztantial though the lower correclations of many of the teac&gr

ratings with the normally dﬂstributed 11 year’test score when transformed suggest

the prgscence of some degree of non-lincarity at least in the transformed data.

Al o,
, 3 ' .

-

@

The face validity of the teacher ratings of Oral ability and of the Verbal component

of the General Abidity test is examined by runs of LISREL on the 7 and 11 year

reading attainments with each of these indicators 4ncluded separately (datasets _ ~

"0" and "y and also with none of them_(dataset “2" - 2 indicators only at 11

years), If all the other indicators are suitable then the suitability of these

indicators will be judged by the similarity of the parameter estimates for the

data sets which include them and those which do not. These consist of the

correlations betwoen latont variables at different occasions, the correlations

between errors of measurement and the variunce of the errors or, equivalently, the

rcliability of the moasures.

I3
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Finnlly the largo sample size results in nssigéificnnt lack of fit for models .
wifich woulds £it for smaller samples sizes and thus using the criterion of

ovcrnl} t;t tb sclect the npprOprinto_modcl sometimes results in a rarge number

: of baxamcters being fitted. One way round this problem is to use a nominal

3 gample s{ze (say 1000) as the basis on which to compure the models,  As well as
‘givlng.fﬂc £it of each model to the data, the value of the sample size at which

the model fits at the'U.OS level is also given and ;hen this rises to above the
nomiﬁnlhs:?ple size this procedure would choose this as the f%nal model.
.Igl;g&xtlonkﬁe are 1nterested 1n the ox&gnt ‘ot chﬂnrc in the estimated

corrclatfon between the lntent vnﬁiablcb as wc procced through the model choice

o,~ process, This is8 affected by the partic lar error correlatlons wh§ch are .

diffe}cnt from zero, AppendixéA ives th propriste parametergsatxon of ‘this

e

problem’in the LISREL formal in ofder that error corrclations between occasions

-

. can be estimated, Figure 3 describes the model ind Appendix65 briefly describes

and justifies the model choice procedurc used, that of freeing the parameter

with th. largest first order derivative. First, explor.tory analyses of the 7 A
- - L — 94. <
. and 11 'year data acse presented. “Then the 7,-11 and 16 year data is examined via
. models which uti.ige botb exploratdry and confirmatory apprQaches,
Exploratery Analyses of 7 and 11 year data
Table 5 gives the model selection process for“each data set. p (= ¢12) is the
estimated correls*ion of the latent variables between occasfons aud ng o5 1is the
N sample size at which the solution reaches the 0.05 significance level.
> ‘ ., ot M ‘ ¢
* In the column labelled "largest first order derivative","largest residual™ are the
variable numbers invclved. . . -
It can be secn that when a positive error correlation between occasions is fitted,
the correlation betwten latent var ”hles is reduced and Vvice versa when a positive
error corrclation between variables at the same occn ion is fitted. (For example -

datasset 0Sc models 1 to 2, 4 to 5). The opposite effcct occures when anegative.u
error correlations are fitted. In 5 out 14 occasions the largest first derivative ,

s .occurrcd between tho game variables as did the largest residual.
» ¢ “

- . -
-

The estimates of p  for cach of the nonscaled data sets, 0,821, 0.829, 0.822 are

. qwntc similar, and more similar’ thoh are found using a nominal qamplq size of 1000.
-4 .

\ S 23 ° '




.
K]

5 - PROCESS OF MODEL SELECTION ON THE'FOUR

DATA”SETS FROM'NCDS -

2"

3 ’ 2
ata Sot Order of model Fit (X7)

> : L) > > > Ll > tad tad ¢ Lt
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e

able 6 give
eliability.

of age 11 are

errqf correlations between occasions.

. .

~
"0.05 p
337  0.819-
805 0,842

5177  0.828
7852  0.819

18773 ° 0.821

638  0.850
1066 - 0.843
4681 ° 0.827
16090 *  0.829

637 " 0.815

15740 0.822

4
.

4

’

lnrgest‘flrsi
order derivative

5.6

1.2

the estimated error correlations and Table 7 gives the estimates of

r'the choice of tho third test at ago 11. The scdling of the teacher ratings however

largest
residual

3.4

he nature of the error corrglations between the measures at age 7 and the first two mepsures
scen to be little affected by the third test at age 11. Kowever, the scaling

f‘tﬁe teacher ratings markedly affects the error structure, giving a larger proportion of

imilarly the reliability estimates of all other mensures is little affected by the inclusion

duces the reliability cstimates of thé teachor rating and also affects ihose.of the tests.

e v o~




FOUR-DATA_SKETS

RTST7 - . 1 "0Sc" 1
RTR 7 -0.45 1 0 1
“*

R STD 7 0 0o 1 o 0 1

R TST 11 o o o 1 6o 0 -0.14 1

VOFB 11, O 0o o o 1 -0.04 0.07 0 0 1

0 TR 11 -0.07 O -0.03 O 0.28 1 0 0.060 0 0.21 1
"V R TST 7 1 "2r- 1

RTR 7 -0.3 1 -0.45 1

R STD 7 0 0 1 0 0 1

R TST 11 o o- 0 7 o0 o

U OF B 11 0 o o i o o 0 1

V GAT 11 0.04 0.01 0 0.23 1
ABLE 7 RELIABILITY ESTIMATES FROM FINAL MODEL ON THE FOUR DATA SETS
ATA SET RTST 7 R R 7 RSTD 7 R TST 11 U OF B 11 OT R11 VGAT 11
i 4
‘0" .83 .79° .59 .7 .66 . .55 -
"0Ssc" .77 .72 .50 .74 .42 .38 -
g .84 .80 .59 ;70 .66
oy .83 .79 .62 .74 .67 . .79

These results give some reassurance that the inclusion of the third indicator has not
arkedly affected the latent Qhrinblcs at cach occasion, though of tie two c.itra indicators
the General Ability test has slirhtly more cffect than the Oral tcacher rating on the other

arasetery in the hodely Thoy Gluo uumgené thut each measuro §s u valid ono.

n addition of cextra indicators provides extra information which reduces tne standard crrors
£ the estimates and s0 under these conditions they should both be added to the model. The
tandard error of thg corrclation hetween the latent variables at 7 and 11 yecars 18

; .
oducod f£xom 0.006 to 07005 by the addition of the oral teachors' rating.
ol p

, Cem .
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" Analysi3 of data on NCDS at thrce occasions

The exploratory analysis just considerced is usceful to the present analysis in two
regpects. Firstly it guggests that either or both of the Oral tcacher rating and
the General Ability tcgt can be used as an indicator of the 11 year reading
attainment and secondly it suggests that the teacher ratings taken at age 11 have
correlated errors and tnat these also occur between the reading test at 7 and tﬁe
teaching_rat!ng of reading at the same age. | The full path model for the relations
between tht latent variable at each occasion but where the errors are concerncd
uncorre lated is shown in fig.re 4. The corrclation coefficients %j and’thc
where 0 is the conditional

P/ Ti/k

correlation bhedween the latent variableg at occasions 1, ) given the value of

conditional correlalion coefficicnts

- - .
occasion k are ‘related to g.@_ 8d g This model (M3) is a saturated model for

the structural aspects of the model as all possible paramcters in the model are

2
estimated. The likelihood ratio test of goodness of fit of this model gives x17 =
'1090.7

Two alternatives are now possible, ejther to eloborate the model in an cxplorhtory
sense by freeing error covariances corrésponding to the highest first order derivatives
or some¢ other criterion or to hypothesise some particular structurc;on the errors
corresponding to one ‘or more test soecific factore. We have seen (Appcndixb3) that a
test speciflg factor %s a reformulation of a szt of non zcro.crroricovarlaucgf wvhen

3 indicators ﬂavc mutually correlated errors. It is more restrictive thoughzuorc
easily interprotable when more than 3 indicators have mutually correlated errors.

One important restriction of model: of this type is that no test 'specific factor for -
All the three or less indicators at 1 particular occgﬁgpn can be hypothesised as

this would not allow the relation b:tween the latent variables at different occasioas
to be uniquely determined. However 1t is natural to chose one test specific fnctér
for all tests and ancther for all teacher ratings, these being considered orthogaal,
This rodel, M5, described in figure 5 gives a xs = 185.6, ? substantial improvetent
in fit. To what extent is the error variance of the indicators accounted for by this
mchl?“ Tuble 8 gives the error variance of each indicator showing the proportion

accountod for by the test spocific factor.




' - * . A .
CONTRIBUTIONS OF TEST SPECIFIC FACTOR TO TOTAL ERROR VARIANCE
. . Y
- 5
Total error Test factor contribution hemaining Proportion of
- variance to overiall variance variance . variance accounted
for by Test factor

ey ror
o, § X 7

0.177 , 0.006 ° 0.171 \\0.04
0.258 0.130 0.128 0.51
0.254 0.076 © 0,178 0.30
0.267 0.002 0.269 0.01

!

0.321 0.138 0.183 0.43
-70.407 0.019 - 0.388 0.05
0.383 0.011 0.372 0.03
0.403 0.009 ‘ " 0.304- 0.02

:g,by the test specitfic factor corresponding to the teacher ratingé. The proportions

or the other indicators are all low. The correlation between errors on the reading

Ge

s 40 v A

;g covariance gives model M4 with Xie = 362.0, again a substantial improvement, the

:tiﬂateaof the error correlation being 0,416. This is larger than the previoﬁs value
Py .

\

¢

sihilar weight in determining the latent variable., At 7 years the test is most

’

Q = (k- /Fy  where k, 1 are the compared.
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déls and o is-a sﬁitnblo null model and F fs the value of the fitting cr:terion for

i
L/odel i, A suitable null model in our cage is taken as consisting of 1 commoh latent

varisble for all tests on all occasions. A possible nltcinat}ve'is the model M3,

.

L4 Few Ao L

f:Tublo 9 gives the set of models described carlier tdgether with the simplex model

o

described in the first section (model M2) and the 1 latent variable model Ml andagives
2 | ¢

values of X2 for each model.

Lx P alna, 2t

. %
MODEL (i) GOODNESS OF FIT (Xz)' Q é
One latent variable. x:o = 5230.0 - ii
-5
. A
7. Simplex true scores x?s = 1253.5 : 0.760 }
- i 2 SN
< Full path model Xy = 1090, 7 0.791 -
° \ &
. . «3
* M, with one non zero error xfs % 263.0 ° ) = 0.930 4%
correlation ' 3
, <
M, with two test smecific- x: = 185.6 0.964 T :
factors ?
2 : <
1* with four error Xs = 7.7 . ’ 0.999

5 correlations o

Qé&imum first order derivative as an indicator of which to be freed we arrive at a

[

'?Hfinal model Ds having four extra correlations between erroxs giving X: = 7.71,p> 0.1,

5§‘The first error covariance to bo froed s that betweon the reading, test at 7 years and
; the Reading Standard rating at 7. This gives slightly higher first order derivative than
xrthat between the 7 year test and teacher rating of reading)indica%ed by the high

s

. correlation between the errors, in these variaBles in the earlier apalysis. Other freed

Lot dwod

é‘at 11 and 16 and the correlation between the reading standard rating at 7 and teacher
‘fating of English at 16,

@

ER

Effect of medel choice on parametor estimates

.

Table 10 gives estimates of o} . and tho -reliability estimates of ecach

ay 13/!( .. LS
indicator when tho test specific factors have been included 4n the true score for models

-

o s e

[ e



ESTIMATES OF CORRELATIONS BETWEEN LATENT VARIABLES AND RYLIABILITY OF
INDICATORS FOR 3 MODELS

M, M M _ M . >

.848 .858 - .867 .861 :
.988 .956 .957 .959 g
’ 777 .794 .794 . 805 :
.989 .881 .887 . 880 ’
. <
-.756 -.175 ‘-, 247 -.144
4 ,
.840 .555 .608. ° w30
7 .78 - 18 .83 .78
w (RTST11) .78 .86 .88 78 ¥
K (RTST16) .79 .85 .82 .82 ;
" (VGAT11) .71 ? .74 .73 .86 :

" (RTR7) .72 72 % '.82 .56

( IBTDH7) | .63 .63 .61 . 80

(U OF B11) .61 .63 .63 .65

Y

e (ETR16) .65 .69 .19 .m ol

*

jThe fitting of test specific factors is seen to affect all the parameters, especially.

’”tha conditional correlations which have more reasonable values. The standard errors

B R A Dby SN E

2 of the estimated correlations‘are of the order 0.02. !

¢

» . :
An alterrative to the LISREL approach: Use of Instrumental Variables

"

S :

gThe maximum likelihood estimation procedure of LISREL is equivalent tothEIeast squares

estimation procedure and gives optimal estimates only when a11 the varjables are normally

m-w:""‘ .

k distributed However, we have scen that there is a. conflict between this requirezent aad
Sres?

h&t of linear relationships between the underlying variables, The proceduii of

1981), avoids
Nﬁthis problem by producing an unbiased estimate of the correlation between "true scores"

instrumental variables, npplied to a gimilar data set by Ecot and Goldstein

”5thnt these genernlly hold when the 16 year s'core ib regressed on the 11 year score for T

“tests of rcading nnd mathematicf attainment. The reader is referred to vAppendixss for

etaila of théydifforences between the two cstirnt‘on pxocedures. r

-
’ v
- .

3
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It should be noted that all the models considered in this paper, are conditional

models in that the latent variables are related by the structural equation

MVEH L

, @nd the parametory defines

the expected value of by

for given, unqbserqu, g . For the unconditional model, the structural part of

the*model is n:-Yg " and this is equivalent fixing the covariance, ¢12 ,

2 B
in Appendix 4 in terms of 41117¢ 22 as ¢12 =‘p11 qjlz.

The choice

between conditional and unconditional models in the analysis of change is

di%cussed by Bock (1975%, Goldstein (1979a, b), and Plewis (1981).

Taking

the two teacher ratings at age 7 separately as instrumental variables we obtain the

¢ " .
following estimates for the test score reliability at age 7 and of the correlation

-]
between test scores across ages 7, 11; <

Estimated Relizbility
of 7 year Test

Instrumental Variable

%

Estimated correlation
of test "true scores" |
at ages 7 ang 11

S ERIC

£ TR

Teacher rating of reading®
ability ~ 0.78

- Teacher rating of reading

standard 0.76

The val'ies for the correlation of true scores between ages

0.81

v

0.84

and of the reliability of

the 7 year test are comparable to the correlations between latent varidbles producced

by the structural relations approach of LISREL.

The estimate of the standard,error of the correlation is higher (0.01) using the

instrumental variable approach than the values (average 0.005) using the structural
. e

relations approach thus reflecting the extra information Psed in the latter approach.

?grmal estimates of the regression coefficients of second occasion true score on first

occasion true score and ¢f its varjance under a variety of structural equation models

can be- found in Joreskog and Sorbom (1974)l
H Y

.

The results of the linear structural relations approach may be used to aid in the

choice of appropriate instrumental variables:

teacher rating of reading and the reading test age 7 is indicated which would lead to .

a corrclation between errors on the

& correclation of observed teacher rating with test score error which gives yise to an

underestinate of the correlation of recading attainment across ages. As

correlations invglving the reading stan'dard rating are fitted this may be a more

appropriate choice as ingtrumental variable.

B

Finally the models M5 and M6 at these occasions are compared with wn instrumental

variable anelysis of Goldstein (19792)in Table 11.

non-zero error




‘TABLE 11

|
COMPARYISON OF LATINT STRUCTURE AND INSTRUMENTAL VARIAULE RUSULTS ON READIVG

7 ATTAINMENTS AT AGES 7, 11, 16 . .
' 4 l LY
‘ ’ Residual Variance Con
Model M5 Y6 = 1.084 r11. - 9.146 r7 ' .
| (0:025) . (0.02%) e 0.06
L 3
Modol M6 P16 = 3e029 Ty _ 9.980 r,
(0.022) (0.-918) 0.005
Instrumental )
. varieble ' . . . ‘ﬁ
" Y 0.147 ¥
. method (IVN) Ti6 = 1.113 r;l _ ‘,rz R *
) (0.059) 70.051) . ¢.30 :
@ o ~ 5‘

" “The lower residual in the latent structure .models is partly due to the contribution of

, HMeasurement errors in the 16 year test whici, is takea into account. The coefficients

" in M5 and IVM are within sampling error but M6 gives lower values for each coefficient.

Possible extensions to include more than one attainment and experimental or background
variables

The structural equation mohellinr can be further extended to the more complev cases
considered by Goldstein (1979a)of incorparating social class and examining relationships

between reading and mathematics attainment at different ages. The models used here have

been solely solely concerned with the (v,M) part of the LISREL model and Social Class
would be incluced in the (x, g ) part possibly measured with error using more than one

indicator. An example of this form of analysis is given by Wheaton et al (1977).

H
However, one ne63s~po be aware of the assumption made in these LISREL medels that the
errors in the indicators are uncorrelated with the background variables. Results of ;-
A} ’ - .
Ecob (1979) suggest this is not true for this data. Hauser (1872) gives a model which

allows for a dzrect effect of background
Aat

varibles on indicators.

. .
The eXxtra at;afﬁment can be modélled by considering more than one latent variable and
|s;ecifyjng the loadings of some indicators on some latent varjaﬁles as zero. n
alternative method of examining the ¢ffects of Social Class on change in reading
attainment ig to consider the 1nifia1 attainment measures as fixed variables also in
the (x,g )‘part of the model. (This loses the advantage of modelling test specific
factors over occasions and we :}VC no parameter corresponding to the correlation between
lafént variables over occasions. liowever, the interpretation given to the cffects of
Social Class is improved. Joreskog and Sorbom (1977) give models similar Lo those in

this section. ) -} - .

:?ERiC‘w 101 ~' : : .
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Figpré 1, 2 Indicators of 1 latent variable(true scorc) at cach of three occasiong ¢
-model for VWerts et al (1980) data
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Simplex model for true scores; errors on one set of indicators are correlated,

NOTE:  The more general structural model has a coefficient 83

indcgcndéntly ofng giving the follow}ng matrix for f, 1 0o o0
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‘The parameters )‘8)’ )\9,
1, (sec also Appendix 3).
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Figure 38 A model with 2 occasions and 3 indicators at cach occasion

1 Jatent

variable gt each occasion
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Figure 4 A model for the NCDS data on occasfons with one latent variable on
cach occasion with uncorrelated errors . i . y
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Figure § The 3 vccasions model used on the NCDS‘dat‘n with additional test
spucific latent varfables (model M5) " .
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APPENDIX41 ~ LISREL "SPECIFICATION OF WERTS ET Al MODEL

Soe 3 "
> The simplex true score model used is Yormulated ag y= .)\31] +

-
Y

‘where (=1 0 0 ) = s =[¢,

B R 1 =15ty
R RN m 0 0 s

b NV :

-9“:“. . )

©: ©, SymneIriC

Gy 8250y

0- 0 0- €y

0 0.0 0 ey

0 0 00 0 o

L

o

§' TWo methods exist for fixxng the scale of the latent varialiies at each occasion,

One methed is to fix the loadipgs of one 1ndicator .at gfch age. Here we adopt the
+ » Tor the first occasion latent

Z‘ to fix the scales of _ 7, 1, in terms of

N .

ito 1 to obtain the correlat1on between latent variables &t each occasion. The error

variance of 1ndicator y!‘ is then equal to « 1 - ‘K? N where Xl is the
3 -

_loadxng on the latent variable.

s i .

. 3

. . .
-Control card listing, parameter specifications, LISREL estimates and standardised
i- “




§°0OF THE WERTS ET AL MODEL

IDENTIF ICA’i‘iON PROPLRTIE.

* APPENDIX6.2

with one set of non zero error corr¢lations (between.:

We show herc why the model
titied but not the model with tw% sets of non zero

tests or between errors) is iden

. error correlations.
; L i ’;

v

B

1 which fixes the cocfficients in the

" We use the convention desciibed in Appendix
. relation petween latent variables and the loading )\‘ , of one indicadtor Yy o on T,
: Taking t_lie essay orror correlations to be,zero we have 04:’:0% =0, =0

the situation in the earlier model.

We proceed to use the covariances between "Y,, Yz * Ui/ Yg /s

T, and  YyrYs to obtain a value for _Var‘('ﬂ-) od NA5

depends on 9,y being known.

) Ve have : . - ) To
. Cov (gﬁ%-) NAg & var (W) ’
e  Coy (ynys) = (AM+ € ) (A +E57)

X . C _Coy (us,ys) = (AN, + €4) ()\le+5€6 Y

and seé that it

- @

u

»

7 . 3 .
: ¥e have also M, = M+ C, and as Cov (M, T, ) = Cov «m,. G y =0
= : Cov ( My ,M ) =Var €7, ). Similarly Cov (T, QJ y =0 wom sk inD)
’ ‘and N is 2ixéd at 1.0

]

Cov ( Yy, Y4 )= Ay Var () ®
;o _Cov(g,,55Q)= Ay Var (M) @
Lo Cov Cyp,ys 0= MMy var (1,) &

C® C So we obtain

<

Dividing'equation 3 by the product of equations 1 and 2 we obtain Var (7 ) and

{\.insertion ip equations 1, 2 give — )\4_,)-,, respectively. 12 O4n is not known ;
L T o Z

v then equation 3 becomes

Y . COV ‘(94, 95) = )\4)\7 Vcr‘ ('T],) +0+5

; and the 3 equations cannot be-solved. Moreover there are no other equations

R relating A,, A4 and . -

‘ Repeating this process with 4. Ys, Yo . glves RAg and gives overidentiication

of Var (W), Ay and Cov (Ys,;Y¢ y = A A var (M) ’

. éiving Var (M;).
o As, )\} aré found by
| Yoty D, COV CYyh
T cou (e = M VAT(M)

Q@ by Cov ( Y,y )y Cov (Y Yy
" '4' px}ramotfrs, Var (W, ),,)\5, )\2’ Ay
b L asesdeh of freodom for, testing tho

Cov (Y;, Ya ), Cov (Ys, Yq ) OT DY Cov

) giving again overidenification, Var (n,) is found by

and {1nn11y 0.1.015:01') arc found

), Cov C YY) - )

are obtaincd by either of 2 oquations giving

110 ’

= - - L e s e o

modol.




) APPENDIX$3 REFORMULATION OF THE ERROR CORRELATION MODLY. WITH A TEST SPECIFIC FACTOR‘ ’

- 3 . =
Let us consider a model where the indicator which has corr¢lated errors instead has
loadings on a test specific factor (ﬂ*). the errors being then uncorrelated. The
other indicator has no loadings on this factor.

<

¥e then have

e
;
=
+
[Ny

»

o
> O
O O~

co>
CD\:“C)(D > O
~oo>0 R
© (]
COO>> > .

A3 IN APPENDIX [
ARE FIXED

- %7 is Zixed and the identification process is identical to that given in Appendix
" 2 apart from Cov ( Y. Y )y Cov (Y, Y4y ), Cov (Y,Ys) w
‘Now Cov (4,y,) =AA,  var (M) + ANy var (M)

“.and 'as A,N,,  var (M. ), A are known we obtain A, Var (1, ).
L i [ 7 8 4

‘Similarly Cov ( ¢, Ys ), Cov (Y,. Yy, ) give %3Var (M), X5K9Var (M, ) and
by a similar pioqess to the initial identification in the ecarlier model we

obtain values for each of tlese quantities;

So, for the case where 3 indicators are correlated this is identical to the

existence of a test specific factor for these indicators, the loadings being the same
when the covariances are equal. Note that an error corrclation between only z_
indicators does not imply the existence of a test specific factor as the two
parameters involved cannot be determined by the one covariance and where more than

three indicators aré present overidentification of this factor will result,

As the model with error correlations between both sets of indicators is unidentified

80 also is the equivalent model with a test spe‘ific variable for each type of

indicator,

JAruitoxt provided by Eic:




* APPENDIX6 4

L]

LISREL SPECIFICATION OF 2 OCCASION MODEL WITH 3 INDICATORS AND

ey = )\31‘.+_E,

=
it
[an

.€..
. "
sy

O

TTe . A =y

,_j:.)\,’ﬂ-f-ﬁ
- ; = S;E '*.g
.‘-&1: Y, i:
Y
Ys

)\3_-_-

-

->\, 0]

.")‘2“0" ’
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o ©
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OO O
> >
LA
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1S

N=VE+T ,
2] A=l X, =1
N I R I B
’6.\;' L)‘s

b

[l

for the final model for data set "0,

1 LATENT VARIABLE AT EACH OCCASION '

The model following allows for correlation of errors between occasions and has
ng x variable, and is identical to that in Sorbom (1975) and to the

... confirmatory factor analysis model, Example 5 in the LISREL Manual,

is the corrcation of the latent variable between oécasions,
It is important to note that the LISREL User's Guide (1978) gives the following

model for change in ability between occasions (Sevtion III.3 and Example 7)..

LATENY VARBAES

However, this only allows error correlations within occasions to beé fitted.

Control card 1isting paramcter specifications and fitted estimates follow

r
3
<

T R

-
H

3




MODEL_CHOICE PROCEDURE IN AN EXPLORATORY SITUATION

APPENDIXES,

The literaturc of Joreskog and Sortom, is confusing on the recommended procedure

for model choice in this situation. Joreskog and Sorbom (1977) stato

"In a more exploratory situation the x2 goodness~-of-fit values

b

d can be uscd as follows. If a value of xz is obtained

which is large compared to the numbers of degrees of freedom,

the {it may be examined by an inspection of the residuals,

i.e. the discrepancies between the obscrved and the repfoduced

variances and covariances, The examination. 1n conJunction

with subject-matter'considerations, may suggest ways to relax

the model somewhat by introducing m re parameters. The new

‘ model usually yields a smaller xz. A large drop in xz,

compared to the difference in degrees of freedo&, supports

e

the changes made. On the other hand, a drop in )(2 which is -

close to the difference in .number of degrees of freedom indicates

that the improvement in fit ig ohtained by capitalizing on

cheace."” .

waever, in Joreskog (1977) we find the came paragraph except that the underlined

words are replaced -y "by an inspection of the magnitude of the first

derivativestof F with respect to the fixed parameters.” In fact earlier Lo

i

literature, Costner and Schoenberg (1973), Sorbom (1975) po1nts to def1c1en01es

in the analysis of residuals nsing s1mulated 2 occasion data of the type used in our -

second example which=include non zere correlations between errors w1th1n occasion r

(Cqstner an¢ Schoenberg) and within and between occasions (Sorbom), this shows that

the iterative procedure_which frees the largest residual at each stage

’results 1n”bhe 1ncorrect‘parameters being freed. Costner and.Schoenberg find that

the correct model is found by an analysis of the set of submodels which exclude ) "

- z T S el

at least one indicator at each occasion, and Soxbom finds that an analysis of the

first order derivatives gives the correct model. The latter method is used here
*

as it is much more economical. However, as Sorbom mentions, the freeing of the

parameter with largest first order derivatives will hot give the largest decrecase

in )(2 as another parameter with greater change in its value between models could

theoretically give a larger decrease in xz. Some idea of ‘hether the models found

£ . are the correct ones can be given by comparing the order of freeing the first

derivatives with the. ordering of the freed correlations in eagh data get.
-

n "0" none out of a pogsible 6 order changes oceur,

in "CSc" 1 out of a possible 10 and in "V'" 4 out of a possible 6 occur.

This gives some limited confidence that the best model with the given number of

2 2o freod parameters has heen found. fHowever, imposing the final model of "0" on

R
: "dSc" gives a lower x (xi = 15.2) then the equivalent model in fact chosen (X -15.7).

Aar..

&
onc of the parameters freed (5, 6) was tho same in each case.

v w 1 1




" APPENDIX 6 6

" THE LINEAK STRUCTURAL

RELATIONS (fSR) AND INSTRUMENTAL VARIABLE

(1vy

ESTIMATORS COMPARED

-

v Egtimation method

¢

Condition for
consistency cstimates
of regression (or
correlation) coefficient

JEffect of correlations of
measurement errxors between
occasions on the regression
coefficient.
Effects of correlations of
measurement errors within
occasions on the regression
‘coefficient

Actifn possible when there
‘are non linear relations
between ncormally distributed-
variables

Efficiency of estimates

Effect on variance of

regression coeffjed of
increase in nuuﬂi:zzzazésts

at either occasion

least Squares

'

IV's are not
correlated with
errors of measuremqnt
or disturbancee )

|

13
None -

Inconsistency of this
leads to a cdorrelation
between the observed
ingtrumental varisble
and test score .
meazurement error.

..

Transform independent
variable to 2 %gnear
relation with dependent
variable

Dependent on the
‘correlation of

ins trumental variable(s)
with independent
variable - generally
subontinal

If all used as
instrumental variables,
variance generally
decreases

(Sce Ecob & Goldstein,
1981) /

Maximum likelihood

Correct modd is chosen,
and. observed variables
are joint%y normally
distributed ’

None, if incorporated
into the model.

v

None, if incorporated
into the model

\
\

\

No action possible to
g8ive consistent estimates

.efficient if varssblegﬂ'” L
are normally distributed

Y

-
‘e

Variance generafiy
decreases (See Joreskog
and Sorbom, 1974)




APPENDIX 7 o ’ .

ESTIMATING Tl INCONSISTLNCY QF INSTRUMENTAL VARIABLES BSTIMATES IN THL

CASE 'OF CONGENERIC VARIABLES WITH CORRELATED ERRORS

By Russell Ecob

The three variables, theilukpéndent, dependent and instrumental 3§riablcs

are represented as congeneric variables with correlated errors, this heing

.

The dependent variable, however, containt two error components, onc being
: pom e )
v v

a disturbance term in thd regreSsion on the indpendent. variabie which is

- assumed to be uncorrelated with the error of mecasurcment of the instrumental
§ - ¢ * .

yariable. : ’ !

Let x, , x2 , X

1 be the observed valued of .the independent and instrumental

3

variab)as respectively.

-

Then we have
= . 2 )
* 7 A £ 4 . ) N
. ) I
% = ﬂx—é Ry . .

x3 = ﬂ_‘{ -t ‘e_}

,'whei'e Ze.{_’ - o‘,' =02 N , Zezu-—o* and ifu= o~
anda £ (e)=o , E(u)=0 o

The true scores , ﬁ., {L - at occasions 1 and 2 are giveﬁ by

[y

\
él— < é 'Y él e
7
or £y = /,’é, + where 2 = A,,/g, is the regression

LY

coefficient in the relation between the true scores at the two cccasions.

[} on variables x, and x

7y i J

Let us denote the correlation between errors e

by /f; and let the reliability of X, be K,

The Instrumental Variables estimatqhgf the regression coeffiEient of x, on
£ e
R Z)‘:‘»z . L (/3’,{' v e, u.)( ,5}{ . p_r)
< 0 f
Eu ECal W gl <o)

115

known as a reformulation of thc test specific latent variable (sce Appendix 6).

éL = ﬂ:-{:“" N '. ' ' et
tl. \:;_ 6‘1 - . ::. Nt

giving' the following relation between true scores; T

xI




3
4
H

S
w w4}

and asg K“i = _Vgﬁ{_/j‘_f) - ——/ﬁ—'"— ni‘ter some '
M«/ (Y-,) ﬁ‘.z_' VA’ (0.)

simple algebra we obtain

1R, |—rR,

plie p 158 5% )

By *

. (1) N
I-~g,  1--R, )
/>’ 4 (54 ——aw Tl
A1 7 R, R, \
and the relative incomsistency, i . AN given by ?;_ - A,

/5, . I = A,

where Fl "‘ :/’v_?\/ L-‘ R, ./"' lR_?
k4

When £, , x, have the same reliability, R T

) S ’ :
then T = Biy 8 ;j’*;s '-~4 (/z_? /:g)[’f/’;f:f\ %j(z)
3

Sli-R  j—r | ( u—./’b)'
- Ry R /

~—

For thS'pagti‘ular model the inconsistency of, Yhe instrumental variables
—— o ~— N o )
estimator is given in terms of the unknown correlation of indicator errors .
N ~ >\\

~

° .

and reliabilities. However thiE“modei\is similar to the structural
\\\\\\\\\\
relations model, where an extra indicator is required Por_the dependent

. \\\\ R . .. "
variable, the true indicatorSof the independent variable being %, a-~d ¥z —
' [ .

Two of the instrumental variables used in Appendix 5b, the verbel component

4

of the General Ability test and the teacher rating of oral ability are used

simultancously as indicators of the 11 year reading attainment. Though the
“ .

s

ins trumental variables analysis uses cach of these indicators separately as
instrumentalivariables, the comparability of estimates of 3 formed by correcting
the separate ingtrumental variable estimates using the error correlatioms and

reliabilities estimated from the structural equations model will provide an

o
-

indication of the consistency of the two npproaches with each other.. It is

known also that fitting non zero correfalion between errors of particular




1)

-

indieators.

«

indicators will,affect other fitted error correlations in the model. Thus

other indicators may obscure a non-zero correlation between two particulayr

The effect of this is examined by forcing particular error

» Test of reading at age 11

Test of reading at age 16

Oral teacher rating at age 11 (1V/~ 1st instrumental variable)

Verhal compcnent of General Ability Test at 11 (IV 2)

English teacher ratings at age 16

°

1

gave again (1, 3) as the next

giving'an acceptable fit to the data (Xz = 2.6) and a fitting first (1, 4)°

4lternative model

{

and (4, 5).

\::IBw

t

[y

-

AN

. 1,014 of 1Vl axq\iYZ given in Appendix 5b.

)

Aruitoxt provided by Eic:

l <
FEMC- .

are thég\b tained using the instrumental variable estimator of 0.989 and
. o -

‘The following is a.list of the indicators used;

+

correlations to be freed ecarly in the fitting process.

ogether with estimates of the inconsisteh&y, I. Estimates of

-

.

freed parameter producing the same model (Model 1).

.o R
s were obtained by fitting either (2, 4) or (2, 3) after

r 4 £
their highest sl order derivatives freed (1, 3) and then (1, 4) thi's
|

(1, 2)'giving the freed error correlations for adequately fitting models for

Model 2 between (2, 2): (2, 4) and (1, 3) and for Model 3 between (1, 2) (2, 3)

The estimates of the parameters for the different models is given in the tabie ¥
.

»

that between the two tests (1,2), Freeing the error correlations in terms

~

the 'analysis in Appendix 6 suggested, the largest error correlation by far




Model 1 Model 2 ' Model 3 .
) - L Y
1,2 .102 .091 062
) 1,3 .o41 .039 -
’ Error 1,4 -.017 -
\xCorrelatipns 2,3‘ - ¥ - -, 087
2,4 - .016 -
2,5 - - . -.014
>
N [}
| ‘Reliability ‘ ‘ L .
:‘Estimates Test 0.73 0.74 0.78,
g IV1(3) 0.70 - - 0.70 0.75
1v2(4) 0.62 . 0.63 ©0.59
1 .
w1 ~0.016 -G.015 ‘ -0.011
S, . .
B 1.005 - 1.004 1.006
T ve . ‘ 0.008 0.008 ‘ 0.000
4 1.006 1.006 1 014

<
The corrected estimates of/g corresponding to the different instrumental
variable estimators are very similar in Models 1 and 2 but dilfer more

Y ¢

in Model 3. The Models 1, 2 also produce similar estimates of & .
# The estimates ©f correlations between the underlying variables st cach *
age were found to be 0,981 using the corrected instrumental variables

+ cstimator using estimates of error variance from the structural equations

analysis and 0,976 directly from the structural equations analysis.

TR
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Nissiné datst in the NCDS:  the use and evaluation of a method of Beale & Little

; "for estimating partially missing responses : .

By Russell fecob R .

The Problem

. . A
The NCDS study was by most standards remarkable for the high follow up rate
of respondents at earlier stages, 87% of the oripinal birth cohort providing

at least partial responses at 16 years, 917 at Il .years and at 7 years. Were

'
v . f

those who did not respond at later stages different in any ways from the

. overall sample, particularly ‘in ways which would affectibeir 16 year score?
: { .

@j’ Goldstein iﬁ Fogelman (1976) addressed himself to this question and found

a,tendency for non cespondents at 16 years who responded at earlier stages .

to come from disadvantaged gruups at ages 7 and 1) including illegitimate

. children, those who received special education and those exhibiting

: . X B 1 R R . . ’A
Al "anti-social" behaviour in school, these categories providing 3 — 67 of the i *“
7 - thildren in the sucvey. .

¥ 4

" In addition when those children with 16 year data were Lcompared with those
without, biases were found in county of residence, type of accommodation, the
.
direction of bias being such that the proportion of children in categories

- associated with lcwc;.school attainment is underestimated when only children

with some data at 16 years are considered. The exception to this rule was

: an over-representation of children from small families among those with no

N 8
data at 16 years. .

<

‘Goldstein also carried out analyses of the change in test scores between 7 and 1
) 11 years for those with data at these agés and with and without data at 16 years.,

The analyses considered the 7 year score as a covariate and either considered
: the response contrast betyeqn those with some data at 16 years versus Lhose without

or conSidered these categories separately in the latter case including Social Class

or numthber of children in the houschold as a factor.

. ERIC
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'3 -
- 3, O

Whilst the response/hon response contrast was Bignificant for the mathematics

. -

attainment no differencce ia regression coefficicat of 11 year on 7 year scores
. ' ’ L] .
for ~ither mathomatics or-reading was found between those with some dat> -

R ~

compared to those with no data at 16 years,though a diffcerence bhotween non '

manual and Social Class V- children- was increased for réading and mathematics -

~ . I 4 .
. . 7 .
by 3 an€§2% respectively. Extrapolating the response-non-response contrast

for mathematics to 16 years scorc\gavc a bfas of 0,05 years of attaiuﬁcnt.whcn“

estimates using the available ‘data are used. An explanation for the sigmificant " ¥

.
N .

résponsd?non—rcsponsc contrast for mathematics attainment not being shown up

;" in a difference between regression coefficieuts ia the "response at 16 years"

group and the total group is the small percentage, 9%,wvho had no response at
16 years but who responded’'at 7 and 11 years, v

v
.

: N o
- ‘-

»
We' now ask how relevant such an aralysis is to the problem of non-respors~ in more

complex analyses of the NCDS data which examinc relationships between a number
of var%ables at cach age. Iramples are the analysis of Goldstcin>(1979) and the
- _ instrpmcntal variablg estimation described in (:%ofﬁr 2 2 , Both these ¢ o
analyses require data thch have responses on both attainment tests, teacher ratings:
. and social cin;s at cach of the thrcc!agcs 7, 11 and 16. This gives sample sizes
down to 5100 cases, 1less than a third of the overdll sample and much‘lcés than
! tﬁc'8900 cases cxamined in Fogelman (1976) with relevant responses at 16 years,
All techniques which estimate the non-response bias nced to make the assumption
that, given tpc information recorded, a nén—rcspondcnt on a particular variable
is equivalent to a _.spondent., This is called the "missing at random" assumption .
by Ma;ini, Olsen and Rubin (1980), It can be seen that any dcscripgéon of
differences for'instancc, between children with and without 16 year data are
réstricted to the variables measured at earlier ages, Morcover the analysis ahich

examined response bias at 16 years included onl- those children who were observed

on the variables included in the analysis at ages 7 *and 11 and even where oly

! . Attaimment tests were considercd, excluded 47% of. the total sample, The .
E .

QIEIQJ!: assumption was made that these 53% werc the same as the rest of the sumple in

roe oot enc) .




the scores at 7 and 11 years,

v

. . . . v

[4
'Dcfor%}dcqcrlbing an analysis®which concepluulises

we present an annlys{s which examines the differcuce between 16 ibar~rcspondents"
[ . . . . .

3 missing.values more rena)al]y "

«

.
and non respondenty where the "16 y~ar respondents

o
groun have responsces on both
IS . .

reading and mathematics attainments at 16

. - .
.~

and both groups have Tesponses on these

attainments at 7 and 11 years in addition to a me

asurc of Social Claes at 7 ycare. .

This analysje differs from that of Goldbtcxn reported carlier in th

at out of

152864 having the responses at 7 and 11 years only 9420 (72,7%) have responses .

at 16 yceats on both attainménté (this sample beiné'similnr to that in Goldstein '7
-

. L .-
‘W1979), Tables 2, 4), T, . <

+» Table 7 givés the regression copfficient% at 11 year on 7 year scores 0. both

attainments and the fitted constants corres pronding to SOCI

al eclass at 7 yeﬁrs
R .

» when those with and without 16 year date are included.

©
¢

. .
' TABLE 7 REGRESSION OF 11 YEAR ON 7 YEAR READING AND MATHEMATICS ‘

14 ’ .
ATTAINMENTS SEPARATELY WITH AND WITHOUT 16 YEAR SCORES

~—

11 on 7 Yr Regression Social Class Fitted
Coefficients ‘ Constants

Reading test All data 12864 0.61

16 yea.
reepondents
. o%ly

0.18

Mathematics A1l data 12864 0.55

test 16§ year
regpondents

. . on&z
*~
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- 4 - R
>

. Bq}h 7 and 11 year tests are standarised so the regression coefficients are

. "~ partial corrclation coefficicents when Social Class (in 3 categorics) is .

. bpntrollcd for., The regression coefficients differ by l-g% in the two groups and
€ye constanty fitted to social class categorics differ by 7-10%. Thesc '
éirfeneﬂbe$ tre hucﬁ.lurécr than tiose given in Fogelman (1976) agd r;is; the
- , ~. K .
¢ question th}hor larger differcnces would be found if more data were excluded,

) . .

A more general conception of missing values ' it
- . * . - ¢
; ¥e now consider a missing value pattern, A particdular pattern is obtained vy

. <
the set of variables on which the values are miss , and given a set of variables

- . of interest a variety of patterns will occur. For instance in the previous

-

analysis just two patterns were comsidercd, comnlete information on ail selected

variables versus missipg informati-z on’ onc or more 16 year attainments only,

/. -

Given .a stlection of n vn§inb1cs‘thc total number of 20ssible missing yalue

B patterns is 2" though not 2l. of these will always occur In general Ll.L: more
variables that are considered the mose likely the "missing at random" assumption
. R . . .

is.to held as differenees on other varﬁgblos or the cases which are missing on a

]

given variable gre found. ° P
v - - ¢ - * '
v v

.8 The Beale and Little method for estimating missing values
L"i‘ i . v L : .
Beale and Little (1975) examine methode for estimating missing values whish for

|

hd |
J

any missing value finds an estimate by the regressidn on the variables having i

N

known values. The estimates are in turn taken as known. values for the
cstimation of fu§ther‘ﬁissing vz2iues. The prooess is allowed to iterate until
P cohvergence occurs., Six methods are compared, 5 of which gre maximum likelihood

in some sense, 1 which usos Shly ordina~y lecast §qhnrés cstimation and 3 of

which usc a®combination of both methods where firstly missing independent variables
. h ®

f are fitted by modified maximum likciihood using. the . independent

Q » .

. variables only and then’a dependent variabic is f’tted by weighted least squares
14
on the estimated values. The method used in this paper is Methol 6, one of the

last 3 methods where weiphts are estimated from the data. A more straightforward

. : . . ¢ *

method using maximum iikcl}hood estimationp which does not require iteration is

Q@ eiven by'Mnrlni, O)sen and Rubin (1980) whlch reqnires.thnt the misging values
i i [ . -
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be qd&ted so that no cases occur which both have variable x mizsing and

. variable y' present and.vicc versa. This is considered 1fkely to apply to

Yongitudinal, data where there is gradual exodus from the study but docs

R R A TR R i

not occur in the NCDS study and so 4this method is not examined further,‘

-~

3 -

L v

:though non~nested dité:h;ﬁfgé°considcrcd as Iying between two nested

.

.

W henisay Lo

°

s S

bounds by excluding some of the values. In addition the method of Marini,

0
£y

e -

" Olsen and Rubin reqﬁires normality of distribntions of variables for the

—

+ " desirable properties of the estimates to be shown, this not being necessary

"~ for the least squares method of Beale and Little (1975).

" ' . 1 I3
axe? LS Bt A a1 s

- N

:

Examination of the Beale and Little method in NCDS data B

he ity

'

e st e s g

) The Beale and Little method produces consistent-estimates of the first

2 +

and second moments of all variables in"a dataset if the missing values are

-missing at ran.iox; irrespecfive of the distributional aspects of the data. S

<

We now focus on Ehe effect of using different sets of ancilliary variables for the

- - - - <

Yoot ged ey

o

estimation of<relationships between certain 'key' variables. The fact that the.

Svidiens ,

g relation of 7 to 11 year reading and mathematics tests differs for the

.

1

" respondents and non-respondents at 16 years implies that given this set of

AT LR

variables the 16 year test data are not 'missing at random'. So for the missing
16 year data using only 7 .and 11 year test-data to derive values for 16 year

E
data will give biased fegression coefficients of 16 on 11 year data. However.

T araa Lt s
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i_ s using additional variables, social class and teacher rating measured at each age,

we have extra information on individuals with one or more test scores missing at dg§

< - 16 and in some cases cven data at this age, . &

Siatisk rh

It is likely that for the cases having observations on these extra variables

L this information can be uscd to reduce the inconsistency in the estimation of

iR st ik

o

parameters pertaining to the missing values. Two factors are likely to limit the

- -

¥

Sr tegirrus e

B

usefulness of this method. Firstly the dependancy of the“missingness*on variables é
. . = % By

.

which are not included in the ancilliary variable set, For instance the ngn—re§—~

- i o« .

pondents at 16 years were found to be over represented in‘sﬁall families, If

syon i K3

this variable has an effect 6n the 16 year scores after contrelling for the
ancilliary variables then estimates will be inconsistant. Secondly the

_
ancilliary variables are often themselves missing in many of the observations

Arrrin RS o A T aZired s tatie

with missing vaXues on the 16 yecar scores.® F-r these cases the ancilliary

variables can only bc used indirectly through the preliminary estimation of the

-

'

p missing values of the ancilliary variables through other variables,

Lo €5 AL vk e ke per

<

However, the use of social class and also measures of attainment at 16 years as’

ancilliary vériqbles is expected to control to some extent for the :
5 e . §

. dependency of thc"missingnesé'of the test data on other factors.

. . %

o . - 'c"‘.r;
. . . =]

o z

< The following analysis examines the effect of the internolation of missing values .
using various subsets of ancilliary variables on various estimates of the relation ;
. of 16 year to 11 year and of 11 year to 7 year tests of reading.

é‘ These values arc compared to thosc obtained by using only cases with values on akl

these vnri%bles And using cases with values on all variables involved directly in

PRI

=R

estimation of tho parameters associated with 16 year and 11 yecar tests and the

B'

relationship between them,

Ma T s
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The data ﬁnd the missing value patterns

°
rd

10 variables were included, these being tests of reading attainment and teacher.

“'ratings of rcading and Social Class at each of these ages 7, 11 and 16 and also

a test of Geqernl Ability st 11 years., The key variables were the reading te§gs
V. ~_— . i ;
- at ages 11 and {f and the teacher rating of reading at age 11, other t 2%

©

. variables being ancilliary. Excluding cases with no observation on any of these

v

variables left 17070 cases. 231 out of the 1024 possible missing value patterns y

L N w P

were found and of thesc 5 each accounted for greater than 3% of the data and a

further 12 for between 1 and 39 of the data, These are given in Table2where O

-

denotes the value of this variable being missing and 1 present.
- 3

& . 4
e F . .
;—' TABLE 2 ° ' Missing value patterns accounting for greater than 1% of the data .
a7 . (all lists and teacher ratings are of -reading attainment v
‘ ltest 7|tr 7] sc 7 test 11 general 11jsc 11|test 16} tr 16sc 16l frea 4 -
) . ability 11 ! i ! | juency] ” °
! ! ; i ; 1 i 1 i R i
> 39 1 1 1 1 1 - 1 g 1 1 1 6I14 35.8 -
- ! . . R - . P
" 1 1 1 1 1 1 1 1 1, 0 1795 10.5
1- 1 1 11 1 1 o o 1 923 5.4
. a 1 1 1 1 1 1 0 .. 0 0 1378 8.1
2 11 1 0 0 o "o 0 1 0 577 3.4°
* <33 1 1 1 1 1 1 1 1 0 1 -205 1,2
1 1 1. 1 13 1 1 L | 1 256 1.5
but. >1% i : 4
1 1 1 1 1 1 0 1 1. .1 437 2.6}
- 1 1 1 1 1 1 0 1 1 0 255 15 -
L 1 1 1. 1 1 - 1 0 0: o0 0 195 1.1
( 1 1 1. o 0 o 1 171 1 334 2,0
i 11 0. 0 0 0 o1 1 1 301 1.8 ;
\::}if\' > . g - —
R T | 1 0 0 0 0 - 1 1 0 176 1,0
) 1 1 o 1 1 1 1 1 1 1 216 1,2 .
(3 . i
. 0 o 0., 1 1 1 1 1 1 1 341 2,0 °
0 0 o 0 0 0 0. 1 1 1 236 1.4 °
‘ 0 .0 o 0. 0o 0 0 1 1 ‘o0, _166 1.0

13827 81.6 ;

s s e 6

17070 100

R
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the full data of the mean tesi scores on the reading test at 7

e
o
2

5 s

“in C%adﬂ? 2.

.. complete values of the key variables only,

Only 50,5% of the data conform to patterns where all data at a giéen age are
either present or absent and so much information on missing values is generally
provided by other data coilerted at the same occasion, 289 of the data has

information missing only at 16 years and 19,8% had observations on teacher

ratings and or on the general ability test which were not on the reading test

v

" of that age or vice versa,

. N

X
e ot

The Beale and Little program was run on a random sample of 919 cases,

this being
near the maximum éémple‘size within computer memory limitation. It was

found that a reordering of the data on the three test variables to bring similar

.

missing value patterns together in, the ordering improved the performance by a

factor offo.é and so this was done for 21l runs. Estimates were obtained for

, -11 and. 16 years

T

and the mean values of the teacher ratings of reading at 7 and 11 years, Also
obtained ‘were the ordinary least squares and instrumental variable regression

coefficient of 16 year

_on 11 year and 11 year:on 7 year® reading tests andAthe

derived re11ab111ty estimates of the reading tests at 11 and 7 years as outlined
The instrumental variables used in the two regress1ons were

the teacher ratings of reading at 11 years and 7 years respectively,

-

1

Ten runs were made, The first two, numbers 1,

program and gave estima'tes respgctiVCIy for %hc daéa cdts with connﬂcbe'vajues
of all Foy and ancilliuzy variables and for the data sets with
These are called the complete case

¢ - uhe .7 aeng .p'(b‘- /}rq/a“.

and "key" datasctls respectively, Datasets 2-9 gave estimatesﬂusing different

values of ancilliary variables generuled according to the following patteQn.

'

la,did nol use the missing values

Tidrorey -
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éocial Class . +

Ancilliary attainment
measure - +

" 11 year data .
on ancilliary variables 2

No 16 year data on -

ancilliary variables 6 8,9

nérb + denotes the inolusion of the particular ancilliary variable and - the
. <

exclusion, The anci[iiary attainment measure includés the teacher ratings and

also the general ability test at 11 'years. Runs 4 and 5 differ by excluding

,iﬁ run 5 the teacher rating at 1l years, Similarly for runs 8,9, Runs 6-9 - xlj

h\v - .
. exclude all 16 year variables from the data and so exclude respectively social
class and teacher rating; Social clasé; teacher rating at 16 y:ars in runs 6; 8, Qf

wds7, Run 2 inéludes all ancilliary variables,

“ . - ¥ .

The analysis of the means and of the regression coefficients is considered

separately.

«
P
“

The means of the fheckey variables and the 7 year teacher rating are_ given here

1

for each of runs 1, la, 2.
i

fests

) teacher ratings
Run No, Sample size 7 year 11 year 16 year 7 year 11 year
1 (Gupleke casey 2.15 - 28.8 0,11 - 0,11 2.71 2,77
la (xey) 500" / 0.09 .09 / 2,80 - :
2 i) 919 27.5  0.04 0.07 2.86 2.86

All other runs 3-§ gave estimates close to run 2,

Expreésing tho changes between runs relative to the ecstimated standard deviation

in the estimated dataset 2, these were in pcrbéntages.




- 10.-, .

m:J’S" ‘“"7(’ {1 mcant)

tests ) teacher rating
Run 7 year 11 year 16 year 7 year 11 year
1vila ./ 2.8 - 1.4 ¢/ 3.6
Y - lave / 5.5 9.3 / 7.2
1v 2 | 4 3.1 8.3 10,7 21,2 " 10.8
2 v -9 0.5 o A © ©

The values in the row 2 v 3-9 are the maximum difference between any of runs 3-9

and run 2 and shows that even using only the 11 year attaiuments measures as

ancilliary variables (run 7) gives values very close to the estimates obtained
13

" using all ancilliary vgriables (a maximum difference of 0.006, in the 16 yecar

,, test, ever’found). In contrast the estimation using anc1111ary data produced
. - Ky .

: estimateSsubstantlally dlfferent .(max 9, 3% on 16 year test) from the "key" dataset

and this in turn produced estimates diftering in the same direction from‘the

‘,‘ . Is

complete case datasets (maximum difference 3.69 in 11 year teacher rating).
L3 # " -

The estimates for the regression and reliab111ty coefficents are given in Table 3.
on ravh ﬂ&ﬁn

5

Percentage change between runs shows the following:'

A

ﬁere for the regression cqefficients the differences between the runs using the
different ancilliary variables (max. 1-2% for asns 2 - 7 ) are sma11‘i£~relaiion
to ‘the 4if£;rence between'comp]ete case nnd"full use of ancilliayy vari;bles"
datasets-(l v 2, max difference 8.0% in /gt,(ll 16), However, the eqtimate of

’ rcliability at 11 years shows comparable variation (1.1% v 1,9%). In contrast Fo
the means, these coefficients showed lﬁrker vnrintién between the "complete case"

and Ykey" data sets than between the key and corrected datascets, the latter

difference being comparable to that between the corrected datas eﬂq. Notice that

]: in::o infoxmntion is available on the koy dntnqets for the relation between 7 nnd 11

e 128

<

ST

4
s e bl

% change. 3,,(11,16) £411,16)  ~(11) {7211 £.47,11) ()
qpnshl v la - 1.5 4.9 | 2.8 \ ) ‘ / / / .
la v 2 0.5 1.3 0.9 v / / /'
1vz2 8.0 6.2 1.9 - 1.2 . 5.0 5.8
2v3y 0.5 1.2 1.1 0.7 0.1 0.2

v,
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year tests and for the 7 year variables as the 7. year varfables are not included T

in the sct of key yvariables,

<

Table 3 shows that the runs excluding 16 year data give the same pattern to the
estimgtes as thoso including 16 year dats, Howevpr, systematic changes are found
with inclusion of extra ancilliary variables with at onc ext;emc the inclusion

of on{y Focial class at 11 years (run 9) and of only socia% élass at 11 years and

nncilliﬁ}y attainments at 11 years .{run 8) producing no change from the "key" :

- -~ 13
dataset in the s (11,16) and 5  (11,16) recpectively. Delation of 1 of the

ancillzary variables at each age, as in in runs 3, 4, produced small changes in the ‘ ;

regression and reliability coefficeints as did deletion of variables measurcd at !

N ’

"age 16 (run 6).

. -

TableJ __'Effect on rcgression and reliability coefficents of estimation using
different combinations of ancill!aryvariables

. - f «

Run No. 5(11,16) /;";(11,'16) A 47,11 447,113 r(7)';
" 1(complete case)| 0.710 0.883  0.804 0,0500 < 0,0811 0,728
la (key) 0.768 0.929 0,827 - - -
2 (all ancill- 0.772 0.941  0.820 0.0597 0.0772 °  0.723
iary) . ’

3 0.774 “'0.940  0.823  0,0596 0.0771 02773
4 ) " | o770 0.930  0.829  0.0594 - o

s . 0.768 - -.  0.0593 - -

6 0.772 0.936  0.824 . 0.0595 0.0772 0.771

7 0.773 0.936  0.826 0.0595 .  0.0772 0,771 .
8 0.771 0.920 0,829 0,0593 - -
9 | 0.768 - - 0.0593 - © . )

CONCLUSIONS . ' S

The estimates of instrumental regression and reliability coeffficients given in Job4 faec.

obtained on a dataset which involved delction of cascs on-which tests or teacher

ratings on a number of attainments and social class had missing values at any age.

e

These included 27.5% of - the total cases, a similar percentage to the 32, i% of the

-“complete case" data above. The present analyses suggest that the "complete case"

all but 3
ases on , p key variables, the-

" "key" dataset, bo%p in regression coefficicnts and reliability estimates

data shows biases in relation to the dataset deleting ¢

f

and to a smaller extent in mean values, . The

PR+
.
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analysis of non response of Goldstein (in Fogcamnn(1976\ is on different data

than the "complete case" dntﬁ used in some analyses in Goldstein (1979) and on.
analyses in /nyrnJ;'iz . Furthermore.these analyses, in selecting non-responses on
one test variable only,did not adequatcly reveal the effect of non-response,

The interpolation procedure for missing values of Beale and Littlé allows an
1ncrease‘ih the cffeceive information utilised in the data. This gives further’
changes ° the estimates usually in the same direction as between “complete cASQ"
and "key" datasets.. These are large in comparison to the previons difference .
for the m;nn values an& differ little when different sets of ancilliary variables
are uscd.l In contraét for the }egression and reljability estimates further
changes 9rejof the same order as that between "coﬁplete case” and "key" datasets,
that for the instrumental variable estimate of regression of 16 year’on 11 score
being 1.2% and fbr the reliabilfty of 11 years score being o 9%, In addition the

use of differcat sets of anciiliary variables gave different estimates within

roughiy the same range. If the cstimates obtained from the use of cdifferent

~
«

subsets of ancilliary variables were reasonably coﬁstant we could be reasonably
happy in concluding, given the range of variables used, thati, the total effect
of "miSsingness" was largely taken up by thesc'Qariaples. As it is,it is possible

that Iurther'controls using extra ancilliary variables will produce further

changes in the coefficients, perhaps of the order of 1-29,

-

o,
A

N

4
The missing values interpolation program has been shown to be effective in

utilising information on other relevant variables and the characteristics of the
data are scen to effect thc.estimntck, particularly of the "higher order"
statistics such as regression und, reliability estimatcs. Unlike many other
Uinterpolation techniques (sce Marini,Olsen and Rubin, 1980) the Beale nnd”Little
teclinique produces unﬁinsed estimates of these quggtities when a certain ¢
nssﬁmption about the missing vn!ues given the observed data, the "missing ate

random" assumption, hold, The consistent chnﬁge in coefficients as more and more

datn in the study is utilised is sceen as evidence that the corfection of migsging

180 '

ralues using these and possibly other variables ghould bhe a prerequisite for fgurther |
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analyses with the data. Rewmadning problems for siudy sare the calculation
of the cffective degrees of freedom of the corrected datr, the gsumpling
variability of the estimates produced and the utility of thesc estimates

with data whore the proportion of miusing values 1s large (tha present data

»

'l\ad only 21% of the total data on the 10 variables missing).
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REGRESSION OF ATTAINMENT ON SCHOOL SOCIAL MIX WITHIN SOCIAL CLASS - LFFVCT

-~ OF ERROR IN SOCIAL CIASS .
By Russell lcob

= "iNTRODUCTION

Schooling tends to be competitive: »in terms of measurcd

- -

. attainment for example,

3

some Eupils succeed while others fail. It could be
. A}
argued® that our education system is geared to produce Jjust this result, but

IS N -
much educational research seceks the social determinants of academic success

‘e i . Al ' .
as an aid to understanding inequalisty in society in broader terms, and also

.

as.-a guide to educatiorel policies that might reduce inequality.

N

€
.

The social class of a child's parents - usually measured by occubational

NS . .
categories hy British studics - has long been acknowledged as one of the most’

N

1gpoi£gnt deterdlnhﬁts.of later academic success. The 'soclial mix' of a
school has been seen as of additional importance, particularly because it is

amenable to change as a policy todl - viz the interest 4n bussing of pupils

and the advocacy of socially mixed schools as opposed to community or

[N

‘neighbourhood schooling:

¥ ° A long-established strategy (for redistribution of

: eductional resourdes) is through the socially ‘mixed

. school where it is assumed that not only will children

x , Irom all social backgrounds have the same access to

: ' resources but also, because of the presence of children
who know how to demand, use and respond to resources

will come to do so.

(Eggleston, 1977, p €1)

<

In educational research, the framework for assessing the' effect on pupil

‘o attainment is expressed by tho linear model: \\\

‘ N\

e TN

[~

effectively, those who would not otherwise do” so fully : I




Ao me e

: - -2« . -

; Ty * -ig the advantage to a pupil of social class i;

. . ¢

B /gx_ is the advantage to all pupils in a school due to its social

X mix x; and ¢

5; . £ is the residual attainment, assumed random. o

" The cstimated cocfficients (A1) rcﬁ%osent an average social class effect within

schools. The estimngod,g represents the effect of school social mix, net of any”

diffcrences due to pupil social class. In practice, of course, the model is®

9

¥

elaborated by the addition of further controls at botih pupil and school levels,
A}
such as the pupil's sex, family $i}o, cthnic origin and previous performance,
/ .. .

and school size, type and location.

1y

An early and influential report from the United States that examined this model

"' found Bchool social mix to be the most important single determinant of attainment:

- o
*

"Schools are remarkably similar in thé way they relate to the achicevement of &
their pupils when the socio-cconomic backgéound of the students is taken into
accounﬁ" (Colomaé et al, 1966, p 21). In Britain, Joan Barker Lunn (1971}

{ound a simii;r resu&t; the Inﬁer,London Education Authority's ‘'Literacy Survey'
also found children of all social classes attaining better in the scﬂbols with

more non-maﬁhal pupils in them, though the effect was greater for non-manual

children than for working class children (Mabey, 1974); the Plowden Report on

iR

By

priﬁary schooling (1967) advocated socially mi»ed schools as one method of -
- assisting disadvantaged children., A summary and discussion of resecarch on

~8chool social'mix and pupil attainment is given by Simpson (198%)

- '

~
.

Social class ls prone to measurement error. Most of the studies mentioned have

relied on the pupil's teacher for an assessment of their parental occupation, an

.o

assessment which is knoipr not to be osﬁecially reliable.

1

" This articlo'ih concerned with the effect thut measurenment error in social class
’ categories will have on the coefficients of model (1) above. In particular,

; " the estimated rehool social mix effect is shown to be considerably inflated by
- ;; -
such measurement error. ",

.




;UNIT OF AGGREGATION FOR SOCIAL MIX

Aruitoxt provided by Eic:

[3

The models we brcsent are .general in as much as the Social Mix is couﬁidcrcd

in rclation to amy nggregate of inﬂiﬁidunls. This .an be either a clasroom and

year group or.a whole school, and different choices may he more reasonable in

-’

_differont contexts. Ve wi{l usce the word ‘group' in the following dcscribtion.

*It should be noted that in the example used later, from the ILEA Literacy Survey,

.
v

this denotes year group as information is only_ugnilnble on year groups, not on

individual classrooms. In the examples given in the introduction the unit

N 0

of aggregation was ‘the school.

1,

far

The unit of analysis in'@ach case is the individual, who is conceived  of as

« . . ©
_having three relevant items of information; attainment, social class ,and §ocinl

.
~

.mix of the group of which he/she is a member

- N

A MODEL' WITH TWO SOGIAL CLASSES - -

We consider first the simple model c0mprisin£ two sog}nﬁﬁclnsses (1,2) with the

H
(R ~

same proportion in fhe population. We dgnote the truec’ social class by ST ?nd

.

the obseryed social Einss ﬁy S° and we suppose that the error of observation

is such, that'the conditional probabil.ty of observing the wrong social class is
. <

» ’

P independent of the true social class.

Thus P(&;I$=L)LF(&‘ZJ&“O:pd T .

’

. We supposc also”that the relation of attainment to Social Mix is lincar

within cach true social class, having the same slope for each individudal

‘e

social class and, that each group is of the same size (n). For simplicity
we use the total nqmber, R, in the group who are in social class 1 as the

independent variable to represent the social mix.

1]

We aim to express the observed slope in relation to the true slope and will
expect the relntionship‘to depend on three faqtz;s:

(a) difference of intercept of the true regression lines, assumed parallel;

(b) the distribution %f social class mix within each true social class. and

their central tendencies;




3

gc) The conditional misclassification probability, p, which is assumed to he

N *  indpendent of the Social Class Mix (SCM), and of attainment.

]
E B

Let us first make the additional assumption that there is no rutside influence
on class formation. We will later allow for outside influence.

If R = no of Social Class members in the group, then
; w1
"o P(ﬂ‘f) ® (C)Gj

Given R = r, P (true Social Class 1 member is observed) =

S.ie

N

Using the relationship (’(S‘,--.l) Plr.r ]S‘,--l) =P (S} st|Ree )r”(Fi-r)

! :
7 e

0',.";“‘."“/""{[:’ ' P(Rr l&dl l;r '—l) E (r\r- "} (’;'_/Y“‘ (2O, marm, N
rd

! h

< ob o P(‘f(af‘ /f-,-’-y = 2 % (‘; l!_:—) : I\::{)

7

7

[y
.

sty P(erfso) 225 ()R ()7 e

. ~

‘, -
Thus, the conditional distributions are 1dcntica1,(and binomial apart fromn
f{l‘ ,{.'L:'ﬁw ’:h'\ v ’LI

7 o " _ -]1-:-_1. -
a.change in central tendency; the mcxm,offsT =1 rbc}ng ) . and ofﬂsT =2

. distribution being E%l ] /

. . . ;
This analysis will later be adapted to allow for outside influences on class

. .
~

formation by supposing the two disﬁrlbutions arc as iollows

'
+
[ g

PRecolset) - 7)) ]
) )

;h.u
H
i
!

' -k
Useful values of P be estimated from the observed data
! !

00, e ,b\'-r‘

=0, -0 s A4
¢

where n> k 2 1.

. | .
making allowance for the effect of measurcment error. The rcasonableness of the

binomial distributional assumption in this case will he tested on observed data.

Q “ . . i

- i .
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Now let the cquations for the true social classes be

ey - .
%3‘\ Yy =« v/;’: 2,0 € . » for Social Class 1 . .

:h- X . - ’ >

" Yy o Y (RO for Social Class 2

where Ve . true regression coefficient -
.0 '

where ‘y = attainment (possibly corrected for intake)

and- x = no in Social Class 1 . . 3
- P -

and where the errors are assuinad to be identically and independently normally

i - "distributed.

A , ,
+ The slope of the relation of attainment (y) to Social Mix (x) within observed
socinl class 1 is obtained by fitting a straight line to the following situ.tion:

iﬂ
1 ' attainment (y) &,

. X, 1 [y e ’ ) . . ‘L
o / e observed with probability (1-p) - -
: ) . / ‘s 467 1 !

o>
observed with probability. P -

~

- Y
rg O > . L3

2 .

g Z’ {_ 2, Yy P("‘l}; : ‘ R :

Then ﬂo‘” PR ‘.x ,/a) - St ;
.(-' J"." x,, = f’f?’.,,‘

wherc i denotes nocizl class and n; iz lhe number in the group in soci=l olags <

=

. ‘where fﬁﬁ is the overz1l probsbili‘y of obscrxing x,, and

. «there x; is the deviztiion fro:. the over.ll mean , x4 . .
N \
k) e = — . -l . R -
; where . (s /))(f_;:[ 1 p(.y...) . ‘
‘e ¢ . -
N
d (or more generally M ("‘I’)( nis ) tF ('l-;;_f) ) - <
§ ) . ¢ -

| if 4, is mean of social mix for Social Class 1, A S f’['l;." - A';-_'jl" r

'1f/uL is mean of social mix for Social Class 2, /t-,../,. : “lep

v

or more genorally, PR S k(i - ) ..

(e
A9 o Cwlli-p) ).
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let J be .defined by A.rn -

4 . _;
’Phen for various valued of K= -E, J and p we calculate the multiplying fraction, 5
> :3
"?o!'r > ﬁ',- ke 'F ;?
i* h . ;
where; approximately, _!1 - (/ + T,) <
where k = 1 wé get “* .. ;
- B * + - -
o

AR

:social class is the same as the maximum effect of social mix within social class.

A + eli—e) (. —,«Q i g . @ )
.. : pli—p) + (1)l . s ,
[y ' s . . L "
: ’ 3 'i L3 o A;‘:EJ
or, mate  Gemenally | e = [ e (=) (=) (2) N
- ’ P(l-—p)z?‘ + (n—r)/g * )

t}_xen when j = 1 the effect of changing

-

RISy

(l 1 J[K + ({-—K)/[,»\Kp{l'f’)] . |

(3) .

PSR

- -f-/,.p(/~—/’)

—.
%)
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Values of f are given in Table 1 for different values of P1J and K where n = 30.

To obtain plausible values of p we use data on repeated observations of reported
: P

4.
.

", social class from the British Llection Study snd the Oxford Social Mobility Study.

These studies are described in Appendix // and give respectively values of N

.

L ’ .
of 0.02 and 0.?4.. It is not known how the size of error of measurement from

pupils’'reports compares with these but we would expect them to be at lecast as

2" “high. %
“TABLE 1: &.. VALUES oF f FOR DIFFERENT VALUES OF 5, AND K
& - ; J LR |
K= ‘{;1'1) (x=1) 0.1 0.2 0.5 .
p=10.02 . j§ 0.2 1.30 2.27 °  3.63 6.4
. 0.5 1.16 1.57 2.05 3.16
: . " 1.08 1,25 1.53 ¢~ 2.08
. . N * oo . . R .
p = 0.05 i o.2 1.95 - 4.28 7.0 8.59
0.5 1.38 2.31 . 3.4 "4.03
1.19 - 1.66 2.20 2.52

EXTENSIONS OF THE MODEL TO SOCIAL CLASSES WITH DIFFERING PROPORTfONS

Let q = the overal proportion of true social class 1

The Conditional Binomial, distributions now become

lemenlse) < (7)) g7 )" 2 Plgs e ]5en)

TRy Do,
B O ’

Thig difference only enters in one term in equation (3) the value of f becoming

7(._ [+ pli-0) (J[f’/l-r)K *%ll"'i)("”()/"k])hl

There 1is little overall effeét on {f of differences in q in the range .4<q ~ 0.6,

Morc extreme vnlucL within range 0.3 < q < 0.7 have little effect also when

k = 0,5 for the vajlues of p in the range given though when k = 0.1 or less

the term involving ‘SEE“? dominates the d?bminntor. We illuctrate in

N . -
VERIClivity  coluetiin wre fl Al biglor wnlioe 0 of

oo e iincie SR Sttt : — e Qe
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- were used.
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%Tﬁbld 2 -the effect on £ of varying q whcn there is _no outside .
4influence on class iormhtion (k!l ) The value oi 0.2 is used for j this

“

not effecting the relative influence of variation in q.

TABLE 2 vm,m,s OF % - /fwsslg~ .FOR_DIFFERENT VALUES OF 9, 2

&

5.0

N 4 -
- -
Al
0.1 0.2 0.3 ‘0.4 0.5 a
b= 0.02 ) : 2.12 1.63  1.48 - 1.42 1.40
< .

!
it
‘o
o
3

3.68  2.52  2.16 2.9 195
=

- - -

For more than two social clagses the apove analysis can be adapted, taking

social classes in pairs and redefining the Social Mix to be the relative number

] . A

" in the two social classes under consideratioh is ccnstant in every group and it
does not tfake account of ‘the influence of social classes not included.

] R . \
. . .

. <,

APPLICATION TO DATA FROM THE ILEA LiTERARY SURVEY

Data on attainment ﬁr all 17564 pupils aged 8 in 503 ILEA schools in 1968

.

_:I‘he value of - = “ﬁr/(-ﬂ —ty)

is not dircctly calculable as it depends on the unknown parameters Sy S o

of the true regression lines. However, /ﬁer and /535 arc found to be

related by the equation

p('- r) . .
IS /) /—z,o) )

is not constant, the average value is

B e

A8 n, the size of the year group

used. The social class division is that between manual and non-manual.
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" in_each class. The analysis only str{élj applies however when the sum of individuals
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n = 43.21

K = 6,708

q = 0.234 v

~r .

(i -t ds = 6.867

/Boks =

From Equation 4 we obtain for, for

o 339

for

Bo, using the conservative estimate of 0.02 for p a reduction of 42% of
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"The following values of the npraﬁeters were found:

f:o oz

o- o

P-..

from its former value is obtained, the influence of social mix changing

. ‘-
this and the higher estimatz of “measurement error.
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APPENDIX 10

A DESCRIPTION OF TWO DATASETS USED .TO ESTIMATE MLASUREMENT 1:RROR IX SOCIAIL

b ' -
-4 :

1

CLASS *

" By Russell Lcob

»-

1. THE BRITISH ELECTION STUDY (BES)

-

Reirterview data gathered eight months apart was obtained from the

. .

British Election Study of the University of. Essex, difected by r:

Professor Bo Sarlvik and Ivor .Crewe and conducted in Feéruary and

October 1974, ecach interview following a General Election. Out of a

sample of 1830 interviewed at‘boqh times, 1656 individuals were 5

selqcted where the respondeﬁt wus employed at both/times. The analysis

was on the 1097 reporting their own occupation eliminating those wives

repor tiag ‘their husband's occupation. The data/was taken from an
)

.

escriptions were obtained

‘

analysis by Fox and Alt (1976). Detailed job

v

.« from the same person in both surveyé and these were allocated to
. t w ' .

. — . X
Occupational Unit Groups (OUG's). For the /OUG's which were different
e A} +

- i} ' '
» at each occasion, a distinction was made he¢tween "genuine" and "spurious" s

change. The genuine changgs in OUG are those believed to be caused by

a genuine change in job; "the spurious changes being those which, on
\ N -

“examination of all occupation-related

ateriali were belicved to be caused

by a deécriptioh of the same job in a/different way on each occasion.

In ad&ition, some Fhanges in OUG are/caused by coder error on either

occasion. “The reliability of soi}al class coding is investigated on

the subsample formed by eliminat fig those " genuine” QUG changes constituting

3.4% of the total sample which/cause a change ih sozial class.

2 THE OXFORD SOCIAL MOBILITY S%LDY (OSMS)

The Oxford Secial Mobility Study consists of a national survey in 1972 of

10309 men aged betysg 20 and 64, resident in England and Wales who were .

asked about their own and their father's educatién, their present occupation

. L42

e e e Ao 4 e e e e e a5

ST z N ta. - T T N N . L T I




.
H
)

PR e AR T A

wean ey

KL T N ca e By o M e g0k b LA et = T
+ »

and their father's occupntlop when they were 14. Two years Jater

; roliability study was undertaken (Hope, Graham and Schwarz, 1979)
which involved re-interviewing a representative 10% of* the sample.
The present data given’in Table 2 comﬂ;ises those 5G5S subjects‘who,
when re-interviewed in 1974, maintained that éhcir occupation was

the s;me as ;hat in 1952.. This subsample has been shown to he
represenfative of'thd coﬁplete sample. In terms of the six Registrar
General's Classes, 28% of the subjects shéwcd a change in Social Class

,in this period and for the'aggregaiion into three classes given here,

the figure was, 10.3%.

~

)

The féllowing breakdown into manual and non-manual social classes was

Y

found at‘each ‘interviewsoccasion for the two, studies:
Al .

I
B A .

- \_Y_I_IB . ! _’E . N \‘_n_nl\ ' ' ' E N
BES mm 553 19 0SMS nm 164 28
m 21 441 mo 18 355

Assuming that the conditional misclassification probabilities (P) are
identical for both classes, we obtain a value of 0.0195 for the BES s tudy

and a value of 0.042 for the OSMS stud&.

I




