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'paper deals. only with .some technical issues surrounding the selection of ECT-I

’ < -

FOREWORD < -

This policy paper has been prepared .as paét of a United States Education
Department (USED) sponsored project on the evaluation of early childhood : ) ‘
Title I (ECT-I) programs. “Unlike the. reports and resource books which are

other products of this endeavor, this paper is:intended for a 1imited audience,

s L3

namely, USED staff concernéd with ECT-I programs and the evaluation of those s

programs. It is ngt intended as a practicaP guide ‘to states and local school . B
. . , . B

districts on how to improve;their ECT-I selection prpcedures. In fact, the

»

) chilanen: . ] .

. »
Deciding who receives ECT-I services is a complex multi-stage process
» . . FRRIEN e

!

7

that involves designating Title I attendance areas, identifying childref in »
need of ECT-I services, and selecting those most in need for %S}LI program. - !
-t ) %

a

This paper deals with the selectior phase oﬁ,tbe process by examining some

‘early childhood variables that could be included in a selection strategy . .

. \ . ST L s . . s
with regard to their predictive validity -- their acquracy in predicting
> . ~

later educational outcomes.
- 4
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OVERVIEW QF THE PROBLEM

Because, of our figid’work (Yurchak, Gelberg, § Darman, 1979; Yurchak §

Bryk, 1980) and continuihg conversations with USEﬁ staff, it became increasingly’

clear to us that the selection of children in need of ECT-I services presents

3 0

speci3l problems. These include the lack of criteria for defining who'is educa-

v tionally disadvantaged, disagreement on what constitutes disadvantage before

< 4 -

X . \

. . ¢ - .
school entry, und the special problems of early childhood testing and measurement,
¢

s

. : 3 '
De'spite these complications, the Huron descriptive stggx of ECT-I programs *

(Yurchak & Bryk, 1980) found that most’ Lodal Education Agencies- (LEAs), aré
making.agenuine attempt to fulfill not only the letter but also the intent
of‘the‘lhw'rega?dayg ECT-I selection. The LEAs visited expressed ''strong

~ 2

interest . - . in the need to find better ways to conduct . , . selection"

N o . \ . .

. 6-15). N : C
- The Huron study found that school distfﬁc§s used a wide variety of in-
i . _— ‘ ~ “~
dicators to select ECT-I children, includihg:,
v 4 .
e A Iéw}fcore.dg_a ?est or series of tests
- é * ‘

e Teacher judgnment ‘qeu/
A CETEHE ) S

Y
‘ .

e A sibling who is or was a Title I student

.
. . ",

‘e Parents w%th less than a high school education

0

e A child's inability o undgrstand the language of instrdetion
- ? »

. §

. [N " P

Although in almost\every dis¥r1ct tests were 'used in the ECT-I selectlon

) 'Parent Judgment

process, their impbrtance varied enormously (Yurchak‘&'Brfk, 1980). At dne

. - ~ 3
extreme, test scores were the sole égtermlnant of who recelved ECT~1I- serv1ces

‘

Less extreme was the practlce of con51der1ng tests results togefher hlth




.

\ - -
teacher judgment.* At the other extreme, tests were given to comply with-

”
s

regulations but were not taken into account in selection(decisions. In

L. . i . . ] N . .
addition.to the different ways in which tests‘gere used, the Huron study
» e . - -
-

.found that many different tests were used in the districts studied. In all,
-g e —
. 4 ' o
we. found 26 tests uSed for ECT-I selection in the 29 LEAs we visited. Only

- A . ot N . e
a few of these were used in more -than-one LEA. * -

The Huron study revealed widespread dissmtisfaction with ECT-I sele tion
. - . ’ ‘
" practices. Some local and state staff were espeaially concerned about th
) Do s '

inadequate qua;%}y of measures used to select children. Qthers expressed
P ’ Y . .

°

. . s . . . .
dismay about the inability to measure, important attributes such as social

and emotional development, task pefSistence, and the aftention span of

’

young éhi}d;en. Those interviewed generally agreed that EQI:I‘proérams are s

Y ' .
. aimed at the long-term goal'Bf promoting general_school competence in the .
< .

. oo . R - N
B \garly elementary grades, and thus must ,jprovide the necessary precursor §killsf

P
- Fd

Unfortunately, however, there is little agreement on what those sKills are;

~N -
.thegefore there can be little agréement on what areas should be covered in
) : . R .

. . ‘ / .
an assessment battery. s ’

L3

.
» *

The study reported here is an attempt to inform discussion af ECT-I

-~
.

selection procedures. Since a major goal of most ECT-I programs is to pre-
M -~ ﬁ - * £

‘vent probléms from occurring when a child reaches elementary school, it

. A

follows that an adequate ECT-I selection Procedure must be able to predict

-~ . . . by .

> N .

* Such a combination of testsj%co es énd teacher judgment was recommended in
the evaluation of the Washington,®D.G., Jitfe\l program (Stenner, Feifs,
Gabriel, § Davis, 1976). The evaluatdrs -fourid, ""that a substantial number of
eligible students are not being identified, . . . [and] a number of students
not needing Title I services are, on the basis of faulty test scores, being
placed in the Titdle I program™ (p. 5). They therefore recommendede that ''the
exclusive reliance on standardized tests should be discontinued in favor of
a '"need index' computed from a weighted ‘composite of teacher judgment and
criterion-referenced test scores” (p. 7). : -

.




“which children are most likely to experience later difficulty so that they

may receive ECT-I services., An important criterion for assessing any ECT-I

'R

selection procedure is thus its predictive validity. o L
“An ideal study comparing the predictive validity of possible ECT-I

selecgign proceddres would hayve several attributes ccwmd would assess a iqrge

.
’
‘ / . ~

- . N . . {
Aumber of children at an early age using ditverse predictors such as early
* childhood tests, socio-economic variables (for example, income and mothers'

education), home characteristics such as how much parents read to their
~ ’ ‘
. children, and teacher judgment. The study would follow these children until

. v

they reached early eiémentary school. They would then be assessed on generalt

school competence in terms of school grades, achievement test scores, teacher
¢

jodgment, attitudes toward schodl, and so forth. Alternative selection

v

procedu}ege consisting of different combinations of these predlctor variables,

N ~

* could then be compared. for their relative predictive validity for later
- . ' .

. -~
achievement test scores, 'future school grades, etc.

4

Unfortunately the ideal study for our purposes does not exist, nor is__

1

it likely ¢o be done, Thus we hav® resorted to two iqyerfect but useful
: N / P N

approaéhes. The first is a re-analysis of longitudinal data on ghildren in

A

N 4
Head Start Planned Variation and Follow Through programs, which approxipate
N .

some characteristics of an ideal study.. This reanalysis allows us to look
. . ,
. -~
at several combinations of variable$ for predicting later achievement. The
N
data set has the advantage of including longitudinal data on_a substantial

number of children. It is limited, however, in not includipotentially

important variables such as teacher judgment and in having limited information

on family characteristics. : ' .

L]

The sécond approach uses metd-analysis to synthesize findings from studies

“that examine reldtionships between early childhood predictors and later

| ‘ )
K . . 10 N

v
. 3




outcomes. The meta-analysis cambines a wider variety of predictor variables

. \1 .,
possible to examine different sets of predictors simultaneously. Thus the
» - -

5
-

strengtﬂ; and weaknesses of our two_approaches complement each other.

¢ ¢

\

and outcomes; but, because these data come from scores of studies, it is im- . l
, SECONDARY ANALYSIS OF THE HSPV AND FT LONGITUBINAL DATA p I

. i ‘ .

The data <;n children ,&x‘?«ﬂead Start Planned %ariation (HSPV) and Follow ‘
Thréugh (FT) progréﬁs that we re-analyzéd were origingily assemblgd by Weisberg
and Haney (1977) to evaluate the'cu%ulatiée effects of these p}ograms. .Becaﬁse
this data set contains background variables, prekindergarten and kiﬂdergérten~
tgst scorss, and later achievement test scores for several hundred childfen,
it is useful for assessing the predictive po@er of multiple variables. In

the remainder of this section we will describe this data set,* discuss how

- -

we analyzed the data,'and'report our results.

The HSPV/FT Dats Set - ' . .

The data” on the two programs were merged to inv;stigate "whether Follow
~ Through ﬁi}és maintain the bénefits of Head Start in the early elementary
grades; [and] the way in which Head Start experiénce of children ma§ have
confounded efforts in tﬁ%“natioﬁal(eﬁaluation of Follow Through to calculate

‘frogram effects" (Weisberg & Haney, 1977, p. i). As Wedisberg and Harfey

. LY
point out, this data set is probably unique.

. To our knowledge, these files represent’the only data set
with information on tHe experience and development of children
from HS entry through the end of third grade. While it is
in many respects painfully limited, it represents a unique
*  source which required a considerable effort to create and
may be of interest for purposes of secondary dnalysis. (P. 11)
™~ ¥

-

’ " * For a more comprehens;vé discusSion of the data and of the original study,
see Weisberg and Haney (1977). .




. o ’ )
Like many longitudinal data sets, the HSPV/FT data is ''painfully limited':
- R . .
in several ways. For one, variabies are inconsistent across groups: two'

,

o 3 . .o’ .
cohorts of children weré followed from prekindergarten through éarly, elementary ~
¢ : ' -

i schqol * but the\ ,Teceived few tests in common. 'There are also inconsisteﬁcies

]
~

within cohorts; for example, different versions of theg% dwell Preschaol

7 L4
. . . ~&
Inventory (PSI) were used by the two programs for cohort III. In addition, ‘

these are not data Zrom random samples of children. .As Weisberg and Haney
- , . N X

~ (1977) point out|, this is a ‘special sample produced by a-ébmplex selection
- -process: - ‘ ' L. "ik N
" ' The flow of children into, through, and out of Head Start 3 o ,5
and Follow Through-constitutes a vast and complex precess.  *
Children ‘were selected for Head Starf on the basis of general T
criterid applicable natienally, but local circumstances de- | o , -

termined- the specific make-up of program groups. Thus groups
of Head Start children in different places yary widely on

A IR
N numerous di-ensions. In Follow Through, too, the likelihood ’
of participzation depends on children's characteristics and ' -
b local circu-mstances. Moteover,, Head Start experience is one v
. of the factors taken into account in the selection process. —=
(p. 24) y _
P <2 o ) SN
Y As with all 1ongitudinal studies, attrition.creates problens with the T
data. Some children, although they remain ip the sémple throughout the :
~ N~ . N ~ ’
study, inevitably are absent when some tests are giyen, and thoge data arq’ N
Se
. lost. Similarly, ther children leave the program, move to other schools, .
or fof other reasons .are unayailable for subséquent data collection. And . - .
" children leave as they entered the study: in nonsrandom patfe;hs ‘that make o
v , - . ".
generalization to large groups difficult. As Table 1 shows, the usable —
samples were about half of the original cohorts. ; ”
v . . . . N
R . : L e PO e )
JA— . I I -,

* Figure 1 shOhs the years and seasons of the years when tests were adminis-
tered tQ the two eohorts of children. - .

i
|
\
: |
|
i
;
;
i
|




. ‘ - o
0 1970-71 1971-72 . 1972-73 1973-74 1974-75
Fall Spring Fail Spring Fall Spring Fall Spring Fall Spring

- / ‘
Cohort HSVP, X . 10— 2 3
III+ * * * ook ° * LI * '
Cohort 3 HSVP A . 1 ) 2
IV+ N * * .* ’ , *

£

* Test administration times .

* Follow Through cohorts. No Head Start déta'were.ava:lable for children in
Cohorts I .and II; thergfore these groups are excludec from the analysis.

-

Figure 1: Test Administration for Cohorts III aad IV.
(Adapted from Weisberg and Haney, 1877, p. 6).

booe . | :
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. P ;
Table 1: Sample Background Variables for HSPV/FT and NFT Childrern
. -

’

>
.

Cohort III Cohorf IV

Non Follow
ThTough*‘

A
)
Sex

Ethngcity

Average Fanﬁdy Income
Median Fathe;'s Education
Median Mother's Education

Father's Occupational
Status

Family Receives Aid
First Language
Sample Size /

Approximate Usable Samﬁle
Size

4

$

12

57% boys . Sé%ub6ys‘
5% nonwhite 49% nonwhite
3700 (1970) ‘$3700°(1971)

Grade 10 ) Grade 10.3

L4

Grade 10.4 Grade 10.5
®

% unemployed 19% unemployed

{
G
50% yes 40% ves
95% English 96% English

396 - 725

o
200

51.2% boys

64% nonwhite

94% English

* Data from Molitor, Watkins, and Napior, 1977, p. 12.

-
b

. 4




>

’

Finally, the children in tze HSPV/FT sahple-are probébly more disadvan-

taged than the pool‘of children “rom which ECT-I participants are ghoseh.

~ ‘

Table 1 summarizes several backiround variables for the HSPV/FT children

/// and the Non Follow Through (NFT.: control group, which was made up méinly of

children from Title I schools (=z2ney, 1977, pp. 165-166). piearly the two

- samples differ significantly in 2inority enrollment, family income, and
mother's education..

Despite these problems, th: data are'a unique resource for examining

4

}he‘preQ}ctive validity of ECT- variables. They are valuable for our purposes
. ’

because they fdllow children fr:a preschool tﬁrough second and third grade.
For the subsample of children f:r whom complete records are available, we can

easily examine the comparative rredictive power of different groups of variables.

In addition, children in the sz=Ye do not come from just one area but are
drawn from 13 FT sites.in 11 st:ztes (Minnesota, Utah, Washington, New Jersey,

Nebraska, Delaware, Missouri, I:1inois, Colprado, Florida, and Pennsylvania)

-

-

that represent a geographical divqrsity.

. Study Variables
. Table 2 lists the indepenc:nt and dependent variables included in the
T‘ N— > ' R ¢
‘analysis of the HSPV/FT.data sez. Outcomes are total reading and total math
scores of the Metropolitan Achizvement Test (MAT). This test was given in
. - ~ ' < . '
i 4& the spfing to the fifst, second, and third gtades of Cohort III and to the
. '

first and second grades of Cohcrt IV. All outcomes are raw scores. The

same background variables were :ollected for the two cohorts. -The original

.- . \
data set had several other bacliround measures, excluded here because of:

large numbers of missing cases :T high correlations with other background

[




?

Table 2: .Prediction and Outcome Variables for Cohorts 111 ané IV*
s
- Cohort III . Cohort 1V
. Background Variables
Sex Sex
Age - Age .
Ethnicity " Ethnicity .
Total Family Income Total Family Income
Mother's Education . Mother's Education

Family. Receives Aid
Number in Household

"Family Receives Aid

Number in Household’
Flrst Language in Home

First Language in Home

[}

PSI (Fall)

. PSI (Spring)
NYU Booklet
NYU Booklet 3D (Spring)

NYU Booklet 4A (Fall) '

NYU Booklet 4A (Spring) s

3D (Fall) s

Preklndergarten Tests

PPV (Fall)

PPV (Spring)

PSI (Fall)

PSI (Spring)

WRAT Reading (Fall)
WRAT Math (Spring)
WRAT Numbers (Fall)
WRAT Numbers (Spring)

« Kindergarten Tests ' \

PSI (Fall) ~

WRAT Reading (Fall)

WRAT Reading (Spring)
WRAT Spelling (Fall)

WRAT Spelling (Spring) -
*WRAT Math (Fall) _

WRAT Math (Spring)

PPV (Fall) .

PPV (Spring)

Lee-Clark Reading Readiness (Fall)
MAT Primer Reading (Fall)®

MAT Primer'Reading (Sﬁfi?g)
MAT Primer~Numbers (Spri-g)

MAT Primer Numbers (Fall) t

Qutcome Variables

MAT Primary I Total Reading (lst grade)
MAT Primary 1 Total Math (lst gr)

MAT Primary -1 Total Reading (2nd gr)
MAT Primary I1I Total Math (2nd gr)
MAT Elementary Total:Reading (Srd)gr)
MAT Elementary Total Maths(3rd gr)

MAT Primary I Total Reading (1st gr)
MAT Primary I Total Math: (1st gr)
MAT Primary II Total,Realing (2nd gr)
MAT Primary 11 Total Math {2nd gr)

>

-

-k
MAT = Metropolitan Achievement Test
PSI = Caldwell Preschool Inventory
WRAT = Wide Range Achievement Test

PPV =Peabody Picture Vdcabulary

16
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. -10- . .\
s * v [N ¢
¥ . N . X N Y . .
~ L »
A ' I

variables.* As Table 2 shows, there is little similarit: betweén preklnder—

y garten and kindgrgarten tests in the two cohorts. Only f%e fall PSI is common

b
v

. to both among thg prekinderéﬁ}ten measures. Sub;estSrér the MAT Primer are
included in both}sets 6f kindergarten predictors, g:tfwe:e given in différent ' I
seasons in the two cohorts. Although this variabi&fty(in the two sets of . ’i
predigto;s makes it difficult to/compare the two,gqhorts, such comparisons, - .
when feasible, brigg additional information to th§study? ] N

< ’

Data Analysis Strategy

.

The central question for analyzing the HSPV/FT datz is whether combinations

. C . ..

of early childhood variables do better than single variatles in fredicting

.« o
.

‘ problems in later school experience.. In examining this cuestion we looked
at three procedures for predicting later achievement:
A

v

. .
e Using an individual test or subtest , “

‘ e Using a set of tests or subtests

i

e Using a set of tests ‘and background varigbles.

.

.

_We ‘examined each procedure in two ways: First, wekused zultiple regression
t¢ generate R™s (the percentage of variation in outcome ariables explained . -

- by/ individual variables and by sets of variables). Then we determined . .

o . *
& . - . ~ - . . - - /
which individual test or subtest accounted for most variztion in“¥h
? ' . ‘
outcome. Next we added other tests or subtests that contributed significantly

to the predlctlon of later achievement scores. Finally we added a set of .
background vzflagzks to the setalf tests. By measuring -ncrements to the
. ~ /

* In Cohort III these include Present Family Income (high correlation with °
Family Income), Father's Education (199 missing cases), -ather's Occupation
(156 missing), Father's Employment Status (164 misging), Mother's Employment

A\Status (164 missing). In Cohort IV, variables dropped ware Father's Schooling
(358 missing), Father s Employment Status (312 'missing), and Second Language
(675 missing).

o .. . )
EMC b - . .l ’1' T
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R”s as we added successlve sets 6f variables, we could compare the predictive

- 4

power of the three procedures. ' .
/ .o
L : . . 2 o ’
In addition to exam1n1ng/xncremenfs to R®, we also.analyzed the number .

. 3 -. “- ..
of misclassifications produced by procedures predi¢ting third-grade reading”
Y . ' . -
schres. Misclassification results when a procedure predicts eiQher that a

- ) ) '
‘child will experience educational disadvantage and he does not, ‘or' that a child’

-~

will not experience disadvantageﬂﬁhen in fact he dogg; Tﬁus we have a second
way to engpare prediction procedures: what are the rates of misclassificétion
that result from each? In this subsection, we will discuss the multiple
regression analysis and report oﬁr findings; in the next, we will explain

our analysis of error rates and examine thpse resuits.

.

" In designing-fhe multiple regression éﬂalygis of the HSPV/FT data, we -
P . .

- /

_decided to analyze cohorts IIT and IV sepatately because different early

-

childhood tests are used with the two cohorts. We chose to do separate
. V4 ) -~
analyses for MAT reading scores and MAT math scores because later Title I
(4

programs are often aimed at' ameliorating either reading or math*problenms.
-~ . . -

\
A

=S

~We also decided-to analyze sepmrately predictors measured in the fall and
- . !

et

in the spring."This resembles ECT-I procedures in that a program might use

either spring or fall data to select children. - o

Benchmark st

To_compare the predictive power of single tests and sets of variables,

. . ; N
we first determined benchmark st by seging how well background variables
alone predict reading and math scores.}n grades 1, 2, and 3, and by examining
how well all available,variagles predicted the same outcomes. These two
groups of Rzé provide refgrénce points by which to judge how well other

»

combinations of variables predict achievement test’scoTes.

N

-

v?




Table 3 shows the results of our analyse$ with.background variables

and with all'variables for each outcome measure. For each outcome in the
twp éohprts, we entered all background vayriables listed in Table 2 as in-
dependent yariables in a stepwise regression. We stopped at ﬁhe step for
which all variables entered with F» 1:00. This cutoff ‘rule ensures
that randoﬁ variation was not ad&ed to the prediction equation. The first
row for background.variablqs in Table 3 reports thgt Rz,ai the last step
for which F was greater than or equal to one. Each R2 (j> this and other
tables from the HSPV/FT analysis) is adjusted for sémple size and for the
nuﬁger of var;;bies in the prediction gquation. (See,Cohen'G Cohen, 1975,
pp. 106-107, for a discussion of adjusted Rz.)

We follswed a similar procedure for examininga&he predictive power of

all variables. The background'éii?ziTEs, fall brekin@erggftep tests, and
fall kindergarten tests listed in Table 2 were enteréd as igdepeﬁdent
variables in stepwise regressigné. The outcome var%gbles in Taple 2 were
the dEpendent variables. The same cﬁtoff rule (F21.00) yaé used‘to'decide -
when tq.stop adding variables.. The analyéﬁs was then repeated using spring

prekindergarten and kindergarten tests. The result can be seen” in the bottom

half of fable 3. . -

-
)

e conclude éevengl things from Table 3. First, the overall R%s with

2N

all varlables in the equations are substantial. For fall predictions, st

——

range from 0.32 to 0.62, and for sprikg prediction, from 0.38 to 0.61.- Ap-

parently, a set of background variables and early childhood tests account

for significant amounts of the variation in later scores.
. ‘o

Looking again at Table 3, we see that baékground variabies acE&%nt for/

-

some, but not a great deal,” of later test variation. This is not surprising

Ly-
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~Table 3: Adjusted st for Background Variables Alone and for
‘ . All Variables Predicting later-Grade Test Scores
- * & ’
L . »2 -
‘ Cohort III » \ Cohort IV
. i
MAT MAT MAT . MAT MAT MAT MAT ‘MAT - MAT MAT
T Read. Math Read. .. Math® Read. Math' Read. Math Read. Math
' 1 1 2- . 2 3 3 1 1 2 2
,Backg%ound i L < ) . " :
Variables .11 .17 .14 .13 \. 15 .12- .18 .11 .17 12 .
n 202 200 ‘169 h 166 136 129 1 473 469 415 . 411
LU i B
ar o, ‘
Variables .
Fall | | .44 .62 .57 .49 .36 .32 .38 .32 .40 .35
’ | . . .
n ; 141 139 122 121 97 94 © 433 432 383 382
i N . .
Spring , .49 .59 .39 .45 .38 40 .61 .57 .54 .&4 oo
i
n | 137 137 117 115, 93 91 384 381 347 343
! ] ' : &
. l i )

* \
Includes all prekindergarten and kindergarten tests and background variables\\\\\_,,__
that entered the prediction equations at F=1.00 or more. \ :

B * '
. _ . o
( - ~ ‘
F-3
- ' - ’
A

;'
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since* the background variables'in the HSPV/FT data are fairly crude measures.
) \ . ) : . .
Prediiction might have beer improved if we had also had neasures of home
o . o ’ -
environment and parent-child interaction. Truncation cf these background . ¢

variables may also explain their modest predictive power. The children in

ourvsample were selected for HSPV and FT, programs on tke basis of socio- N

-
-

N
- . - 3 - ’ -
economic measures. Thus this sample is-more uniform than children in general

.

on var1ab1es such as family income and mother s educat! on, and this contributes

>,
*, to’lower correlations‘and lower R7s.. vy, )
"x_ . ' - . . . .. i
. " Table 3 presents two extremes against which to corpare érediction pro- '
‘cedures. Using only simple background variables we exyrlain roughly 14 per- . .

o

_ cent of the variation in later scores. AJsing all the variables at our dis-
s . ¥ @

posal, hhlch we would not expect any ECT I program tdﬁ\ave available, between,

) 1
35 and 45 percent is a reasonable expectation #0Other combinations of predictor

-

variables, considered below, fall between these two exiremes. )

~ 4

Three Sets of Prediction Variables

We used procedures similar to our analyses of baciground yvariables and

’ all variables to examjne the-predictive validjity of three afternative sets
v CEN )'. . 3

of variabies\-- a test or subtest used alone, a greup of ‘tests or subtests

.

added to the single‘instrument; and background varidbles added to the set
. . 4 .

of tests or subtests. We performed separate analyses‘on tests given in
prekindergarten and in kindergarten We separatel’ana“lyzed tests given

in the fall and in the spring. We also analyzed the outcomes separately- -- S

‘ first-,'seoond; and third- grade reading, and first-, second-, and third- oo

°

grade math. Finally we analyzed data from the two cohaats separately

“

. s

o - For each combination of predictor test time (e.g.. kindergarten, fa11), ib

. oo . . NI :
outcome méasure and time (e.gs, first-grade reading), and cohort, we follbwed

+




¥ . . Lo 'S ~
the same analytic procedures. First we-entered all appropriate tests and -

suBtests (e.g., f;il kindergarten measures) as independeht meagures ina o

° stepwise regression. We ueed the F> 1.00 rule to determine the best set . ) j

¢ *

of tests or;§uotests. We then perforhed several regressions,bin turé\entering -
each test or suotest from:the best, set first. The*test or-subtest that
S s L
produced the highest Rz,wxs designated as éhe‘bestx ndividuag méasuFe. e
- » ‘ . ., +*
then added the remaining\tests or subtests tg the best measure. .Fiﬁaf&y we
'.J

added all backgsound variables stepw1se after entenlng the best set of testswv s
into the prediction eq&etlon. Once agaln, we stopped ddding background

. . - ) ° i’ ya

- t . . -

.variables just before F dropped below I.00.. . . s .
s g - 4& )
Tab%ﬂs 5 6, and.7 contaln the results from these analyses Tables // . ’

-

4 and. 5 show risults for each childhood test adm1ﬂ1stered to prekindefgarteners.

*

Tables 6 and 7 contain test results for klnderfiiyen chlkdnen _Tables 4 and

) N -
6 are taken from cohort III; 5 and 7 are from cohorthY. “Each table is read

~

v e . 2 X
= © in the same wgy. The first row of numbers présents the adJusted‘R_s$§or the

-

. single prekinddrgarten or kindergartep test that best predictsﬁthe outcome”,
ﬁ'i
y 2
shown at the top of each column& The next row sho“s the R"s-and increments

AL S

“ 1 ~

en tests are added to the

S r vy
to R2 when dther preklndergarten or k1nderé
prediction equation. The final row shows st'énd increments when background‘

<

variables are added to the best set of tests or subtests. . x
. . 4 |
¥ . 3 ‘

There are several pattexns in Tables 4 through-7.that arg partially

masked-because of the amount of data presented. To help clarify these .

-

_patterqﬁ'we have calculated median stq These medians are presented in
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Table 4: Predicting First-, Second-, and Third-Grade Roading and Math Scores
t . From Prokindergarten Tests and Backgroupd Variables (Cohort III) 3
. - < - ———T—
. N Qutcome Tests ™ .
MAT © MAT MAT MAT MAT MAT S MAT - v MAT MAT . MAT MAT MAT
¢ - |1 Reading| 1 Reading| 1 Math 1 Math 2 Reading 2 Reading 2 Math 2 Math " |3 Reading 3 Reading | 3 Math 3 Math
+ BN o N < N T - —~ v
Best Test or Subtest : - N~
Fall ~ Spring Fall Sprifg Fall / Spring Fall ! Spring Fall. Spring Fall Spring
Test |PSI | NYU ps1 NYU PSI | N : pST *PSI PSI NYU ps1 NYU
Booklet: 44 Booklet 4A . Booklet 4A ; T Booklet 4A a Booklet
2 - - : . 4A
Adj 3 .15 .25 .25 ) .35',) o 13 .15 .14 .19 - 1.14 519 4 .09 .17
4 ’ 2 . . 7
A (14 144 142 142 . 124 126 123 126 QI&r 101 95 _ 97
* Best Set of Tests or Subtests A
’ . : : b * - v
. . Tests |PSI PSI pS} PSI PSI PSt PSI PSI PSI NYU 4A PSI ﬂ’SI
. ‘ NYU 4A .- v | NYU 4A NYU 4A | NYU 4A . ' NYU 4A
i . NYU 3D NYU 3D NYU 3D . . NYU 3D ~ . NYU 3D
Adj.R2|.15 .26 .25 .38 ¢ .13 A B V- .14 .23 .14 | e P9 .18
. 7 .
Tnc.R?| -- .0l - .03 - .01 -- .04 -- -- -- .01
vy . : . <. -
,v n |144 144 ] 142 142 124 * 126 123 125 98 101 95 | 97
Y. ' 8 . A .
> ) \ f N Background Variables Added to Best Tests .
Vari- [Sex Sex Ethnicity Ethnicity | Sex Sex s Ethnicity * Ethnicity Incomg Income Rec. Aid Rec.
ables I?thf\icity Income | Receives Aid | Yom Ed. Ethnicity Ethnicity Receives Aid | Mom Ed. Fam, Size- Fam, Size | Ethnicity Mom l}d
Added Mom Ed Fam, Size| Mam Ed. Income Receives Aid | 1st Lang. Mom_ Ed. Receives Aid{Are Mom Occ. Mom Ed. Ethnic.
- Age Mom Ed. 1st Lang. 1st Lang. | Fam, Size Income Rom Qcc, 1st Lang. Receives Ald| Age Mom Oc¢
Income Age e Income Fam, Size . Ethnicity Mom Ed, )
Fam, Size| [ Age_. - Receives Aid . Mom Ed t - '
a : ~ Mom Occ.’
2 Ay ‘ [N -
Y Adj.RH[.20 .29 .37 - .44 .21 . .21 .24 .29 .21 .24 .17 23
Inc.R“|.05 .03 7 <12 .06 | .08 o .08 7 .10 .06 - |9, .08 .06 -05
n ° .
S L 144 . 142 142 124 126 YT R R D 11 o5 |~ 7 __
* , . -~ "
23 , , ‘ o
- : - - M A~
- * ’ - v ] N .
Q ‘ . \
L M , N . ~ hd
ERIC 7

) - .

=91~ .

\'z
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Prekindergarten Tests and B]Lkglound Varlablcs (Cohort V)

and, S

B <
My R EE

~ ) Out(OmC Tests
MAT MAT ‘ MAT MAT MAT MAT MAT MAT
Reading - Reading Math Math Reading Reading Math Math -
i 1st Grade 1st Grade 1st Grade 1st Grade 2nd Grade 2nd Grade 2nd Grade 2nd Grade
N PK Fatl PK Spring
B T ‘S L — v ]
. . est Test or Subtest . . v
PK Fall PK Spring PK Fall PK Spring PK Fall Pk Spring | PK Fall PK_Spring
Test WRAT + | WRAT PS1 PSI PSI WRAT { pS1’ /lﬂ{AT
Reading ~ {Recading . ‘Reading Reading
o2 . N
Adj . R .28 . .49 .20 .36 .28 42 27 .35
- as1 | 423 432 . 407 383 L 376 382 374 )
Best Set of Tests*and Subtests
» =~ R
Tests  {PSI PSI Peabody ) Peabody Pe abody
. Peabody PST \ PST PST - PSI bs1 PST __~
YRAT Read | WRAT Read WRAT Read WRAT Read WRAT Read WRAT Read WRAT Read WRAT Read .
AWRAT Num. WRAT Num. WRAT Num, WRAT Num, WRAT Num. WRAT Num, WRAT Num.
’ 2 : ~ .
Adj.R” .35 .53 .31 .44 .36 .48 .32 .43
2
Ine. R’ 07 .04 05 .08 .08 .06 .05 .06
n- | 433 408 432 407 383 360 382 348..
2, )
tﬁ Background Variablcs Added to Best Set of Tests
Variables [Rec. Aid Sex Income Ethnicity Ist Lang. Mom Ed. -] Income Income
Added” Sex Receives Aid [Ethnicity- Income .. [ Income Age lst Lang. Ethnicity
‘ Ist lang Ethnicity 1st Lang. Family Size [Mom Occ. Sex Mom Occ.
- [Tncome kom Rd. Age Sux
Fam.. Size ge ° Sex Income
Income Receives Aid |Family Size
Ist Lang. e Ethnicity .
Adj.R .39 .56 .32 .46 .40 .51 .35 .45
lnL._l_{_—'- .02 .03 .01 .02 .04 .03 .02
433 408 432 407 - 383 . 360 382 348
) 20
ERIC 2 ‘ ‘

1,

-L‘[-




Table 6: Predicting First-, Second-, and Third-Grade Reading and Math Scores
From Kindergarten Tests and Background Variables (Cohort III)
¢ ,Out::omo Tests .
. MAT MAT MAT MAT MAT MAT MAT MAT MAT - | MAT MAT MAT °
1 Reading 1 Reading 1 Math 1 Math 2 Reading | 2 Reading | 2 Math 2 Math 3 Reading | 3 Reading | 3 Math 3 Math .
N ¢ Best Test jor Subtest .
Fall Spring Fall Spring Fall Spring Fall Spring Fall Spring Fall Spring
Tést [WRAT WRAT MAT Primer [WRAT | WRAT WRAT MAT Primer WRAT WRAT WRAT MAT Primer |WRAT
2 Reading Reading Numbers Math Reading Reading Numbers Math Reading Reading Numbers Spelling
s Adj.R7L.33 .39 .45 .46 .23 .28 .32 .30 .22 .29° %3 59
nh j202 - 189 197 188 168 157 165 154 136 131 1 {
Best Set of Tests or Subtests N .
Tests |PSI o -- -- -- -- -- pSt
WRAT Read WRAT Read -~ | WRAT Read ]WRAT Read | WRAT Read | WRAT R WRAT R WRAT R WRAT R WRAT R WRAT R WRAT R A .
WRAT Spell | WRAT Sp WRAT Sp  |WRAT Sp | -- WRAT Sp | -- WRAT Sp | -- WRAT Sp | -- WRAT Sp I
Peabody WRAT Math WRAT Math |[WRAT Math| -- WRAT M Lee-Clark| WRAT M | -- WRAT M -- WRAT M e
Lee-Clark -- Lee-Clark |-- Peabody Peabody Peabody Peabody | Peabody -- Lee-Clark |-~
MAT Read -& |_ MAT Read - MAT Read | -- MAT R - MAT R -- MAT R -~
C MAT Numbers | -- MAT N -- MAT N -- MAT N -- MAT N -- MAT N --
_ Adj.R, .41 .46 .56 .54 .32 .36 .41 .40 .32 .35 .30 .39
Inc.R"[.08° .07 .09 .08 .09 .08 .09 .10 .10 .06 .05 .11
n j199 ~ | 189 197 188 168 149 - 165 146 136 131 1291 127
\ - Background Variables Added to Best Tests |’ ’
Al
Vari~ [Sex Mom Ed. Ethnic~ity Ethnicity ] Sex 1st Lang. | Ethnicity | Ethnicity Income Income Income Mom Occ.
ables |Ingome Receive§ Aid| Income Mom Ed. Income Sex Mom Ed. Mom Ed. | Age Fam. Size | Mom Occ. Sex
Added A - +} Income Mom Occ. Income Fam.-Size | Fam. Size| 1st Lang.| Mom Occ.| Fam. Sizc{ Mom Occ. | Ethnicity /|Receives Aid
Receives Ald| Age Mom Ed. Mom Occ. | 1st Lang.| Income Mom Occ. Sex Mom Occ. | Age Receives | Mom Ed. -
\ 1st Lang. 1st Lang. Fam. Size Age Age Age ; ist Lang.) Mom,Ed. Mom Ed, Aid Ethnicity
Ethnicity Ethnicity SeX .
Mom Occ. 1 Sex -
o |Mom Ed. “T * |
' Adj.R,1.45 .49 .62 .59 .38 .39 .47 .45 .38 .39 .33 .41 |
« Inc.R°1.04 .03 .06 . .05 .06 .03 .06 .05 .06 .04 .03 .02
n 199 .} 189 197 188 168 149 165 146 136 131 129 127
’ )
24 , 28
~ b, &
' b “
Q . ' )
N EE S B I B N A B W NN S BN .
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 Table 7: Predictipg linst- and Second-frade Reading and Math Scoves
‘ From Kindergarten Tests and Background Variables (Cohort V)
e
» N ° -
' . Outcome Tests
MAT MAT MAT MAT Q
Reading Math Reading Mat
° 1st Grade 1st Grade 2nd Grade 2nd Grade
. Best Subtest
K Spring K Sfffing K Spring K Spring
Subtest MAT Primer MAT Primer 'MAT Primer | MAT Primer
. Reading Numbers Reading ' Math
\dj.g? .44 .49 .38 ~ .45
, n 437 424 391 377
. Best Set of Subtests
" Subtest MAT Rrimef MNf Primer MAT Primer MAT Primer-
Reading Math Reading Math
. . Math | Reading Math Reading
5 )
Adj.R”, .50 .52 .41 .49
Inc.R” .06 .03 .03 .04
N oo 424 424 381 377

Adj R
Inc.R
&
"3
} - -
*
Q

ERIC  ~..-

Background Yariables

Added to Best Tests ..

Receives Aid
Family Size
Sex

Mom Ed.

1st Language

LN
.53
.03
424

Mom Ed.
Ethnicity

.53
.01
424

Mom Ed.
Received Aid
Family Size
Income
Ethnicity
Mom Occ.

Sex

.45
.04
381 .

Incame
Mom Ed.
Sex-

e Uiy = 0

P IEE oed




Tables 8 and 9, and graphed in Figures 2, 3, ﬁ, and 5.* Table 8 and Figures

2 and 3 display-two patterns: the comparative predictive power of the three

procedures and the effects of predicting outcomes at later and later times.

Thus medians for this table and 'these figures are calculated for each selection

2

procedure and for each outcome time. These medians combine predictor test

time (preKindergarten and kindergarten) and type of outcome measure (reading
- 4

-

and math). "

-

The patterns in Table 8 and Figureé 2 and 3 are similar for the two
cohorts. In both cases, background variables alone have some predictive
power but not a great deal. Usiﬁé/j;st one test or subtest results in higher
st. Adding further tests, and sub;ests increases the st,still more. And
combinations of tests and ?ackground variables always do the best. In
addition we see a consistent degline in st as the time between predict;on
and outcome increases. ;

The relationship of predictive power to'the time between measurement

’ . ~
points is morée thoroughly explored in Table 9 Qnd Figures 4 and 5. To do
this, medians were calculated for each,p}ediction timé and for each outcome
time. These medians combine the three sets of predictor variables and the
two'outcome measures. In both cohorts we see that st are highest when
prédiction of fi;st-grade %cores takes place in spréﬁg of kindergé?tep -y
the shortest time span between prediction and’outcome -- and declining as

“

/'- . v K
the time between prediction and outcomes grows longer.' This phenomenon

»

‘ I ' : 3G

* To further clarify what We are doing, we will reproduce one calculation from
Table 8. The median R (.34) in the upper left-hand corner was obtained as
follows. The median was taken for RZs of all first-grade outcome (reading and
math) and for all prekindetgarten and kindergarten single-test predictions

for cohort III. Thus a median is obtained for the.RZ%s .15, .25, ,.25,%,35
(from Table 4), and .33, .§9, .45, and .46 (from Table 6).



Cohort III

-«

Cohor? IV

o~

1 Reading
and Math

2 Reading
and Math

X

3 Reading
and Math

1 Reading
and Math

2 Reading
and Math

Individual
Test (Both
Pre X and
K)

Set of Tests
(Both Pre K
and K)

3} .
Tests and ] .
Bacgground - 45
Variables

(Both Pre K

and X)
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Table 9: Median st for Three Prediction Times
Cohort III Cohort 1V
-1 Reading| 2 Reading | 3 Reading 1 Reading] 2 Reading
and Math and Math and Math ‘ and Math ’ and Math
- t
Pre K Fall
3 Sets .22 N1 |~ 14 .32 .34
Combined
Pre K Spring ~ \
3 Sets .32 .20 .19 .48 .44
Combined
K Fall
3 .Sets .45 . .35 . .31 - . v -
Combined '
.K Spring ~
3 Sets .48 .38 "N .37 .51 .42
Combined ) ’\,
* ﬁ "
' £
: . 3() -
&
)




Backgroung Vars . -

Median R_2 for Background Variables Only

1 ]
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grade grade

Reading an% Math Measurement Time
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i

Figure 2:° Median R%s for Three Sets of Predictor Variables (Cohort
oA
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. ’ . .

N s

.
-



* . -25-.

s ! . :
i .50 *
Median .40 <
52
.30
-
.20
10 Mfedian R2 for Background Variables Only ’
Y B ' . \
Vo
) ! 1 1 g -
L Prekinder Prekinder Kinder Y Kinder
. - N : Fall - Spring Fg}l' . Spring
. Prediction Time.
-~ “ ¢ ) sﬁ ’,
4 ? . / - . )

- 2
. W 1

"Figure 4: Median R%s for Reading and Math Outcome MeaSi¥es and All
. Predictor Variables* /(Cohort 111) ‘ '
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| Ochome measurements took place in the spring of first,-second, and third grade.
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is apparent in three ways. First, st.for second- and third-grade outcomes

2 . . s
are generally lower than R"s for first-grade outcomes. Secend, predlctxen
improves as the test time is moved from fall to spring for both prekindergarten

and kindergarten. Third, prekindergarten predictions do not do as well as

14

kindergarten predictions.
Regarding this last point, the higher predictive validity of kindergarten

tests over prekindergarten tests probably cannot be explagined just as a factor

o

of different durations between prediction and outcome. The results here are

3

consistent with the view thatgkindergarten tests are more reliable and that

.
(A

kindergarteners are developmentally better prepared to take tests. We

-

definitely see the 'better tést” effect in cohort III (Kigure 4); The pre-
\kinderga§ten tests used_ in cohort III (the PSI and the'NYU booklet;) do A;t

do much better than backgcoﬁnd variables at predicting later outcomes. When

we “eXamine the st éf the kindergarten tests in cohort III (the WRAT and the

MAT), we see a substantial increase in predictive power over "the prekinder-
R 3 l

garten tests. The nonlinear "jumps'" in the data graphed in ﬁigure 4 suggest

Ve # i n
;

that '"better tests' as.well as the passing of time may contribute to in-
- - p g

creased st. ’

~

We do not see the same substantial increases in R”s of cohort IV (Figure
“ o /

5).  The st for the spring prekindergarten tests 2o nearly : 1gﬁge ‘as
) - .a*“ ‘.:‘j ) -
those for the kindergarten.tests. These-results may be due in part to the

ude of; better prekindergarten tests-in cohort IV than in gohort III. Spe-’

cifically, the NYU booklets* are replaced in cohort IV by th; WRAT. Thus, -

o

»

* According to Walker, Bane, and Bryk (1973), these booklets 'are shortened
_versions of six Early Childhood Inventories which are being developed...at
the New York University School of Education" (p. 271). These authors make
the following evaluation of the NYU testse 'Neither' Booklet 3D nor 4A is
an adequate achievement estimaté alone since they both have low interhal
reliability and the 3D has definite floor and ceiling effects" (p- 299).

L
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* if we compare Figures 4 and 5, we see some indication that the layge in-

L. 2 . :
creases in R°s for cohort III might have been reduced if the 'better" tests,
- . ’ ’

used in cohort IV, had been used also in cohort III,

" ‘Additional Data on Early Childhood Prediction

Shipman, McKee, and Bridgeman (1976), in their study of stability and
change in disadvantaged children's fam%&x variables, report findings that
paralle&‘some of what we found in our re-analysis 'of the HSPV/FT data. In part

of the ETS Head Start Longitudinal Study, theée authors examined how-well

L

measures of family status, mothers' direct and indirect!influence on children, .
and one prekindergarten test predicted third-grade reading and math achieve-

ment test scores. N

Shipman et al. méasured background variables such as number of posses-

sions in the home and mother's education, together with direct and indirect

¥
process variables such as whether the mother reads to her child. The authors

also tested children vtxyo years before fir"st grade with the PSI and again in
third grade with the Cooperative Primary Test. Thus Shipman's study resembles
our reanalysis of the HSPV/FT data in several respects. Both use data from

Head Start children. Both have a measurement time period from prekindergarten

to third grade. Both use background variables and a preschool test to predict

) ™~ .
third-grade outcomes. . . (/

. Table 10 shows the relevant results from the Shipman et al. Treport.
Overall their findings are similar to ours. Background variables account

for some of the variatibn in third-grade scores, and a single test-adds an

. M I
appreciable amount tO the st. In some respects thé results of the two

*

studies differ, however. Shipman et al. included family process.variables

as well as status variables, but the process variables added little to the "

.
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h Table 10: Predicting Third-Grade Reading and Math From
A Wide Range of Early Childhood Variables
- Cooperative Primary Tsst
Reading M:z<h
Additional Third Grade Third irade
Variables . R - :-
v - -
Status/Situational N
% Possessions .17 . .4
Crowding Index - : .24 21
Head of Household Occupation .31 .50
Race .35 .38 N
Mfother's Education X .37 .39
Mother/Child Interactions
Reads to Children .38 ~ .39
Rational Punishment - .39 2
Responds to Child's Questions ) .39 A .
Physical vs. Verbal Punishment .39 4
Expectation » .39 A
Mother's B;havior . ) .
Reads Magazines’ .30 41
. Votes | ’ .39 41 .
,No. of Groups a Membel® of .39 Al .
- - ! R
Preschool Inventory (PSI) .46 . A8

>

Adapted from SH@pman‘ McKee, and Bridgeman, 1976, pp. 150-155.

vy ) . /-
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accuracy of prediction of later scores. The main difference between their

. data and ours is their finding of substantial st when ising simple background

N -
~

variables to predict third-grade test scores. Their R”s are more than twice

»

the analogous HSPV/FT results. Part of this could be d:e to differences in the
sets of variables. The Shipman study included information on the home environj//

ment, such-as number of possessions and a crpwding index, which was not avail-
l

able from'the HSPV/FT dgta. These additional variables may‘iave added to the
®

power of their prédictor variables. Moreover, the sample of children that
Shipman and her co-authors studiéd differed in several ways from the HSPV/FT

sample, and there is some indication that it was more varied in terms of
. ) -
background variables than the latter. For example, mother's education . .
- .
averaged about 11 years with a standard deviation of atout three years for

L]

the last year of data that the Shipman group analyzed. For both cohorts ,

i ) . ®
of the HSPV/FT data, mother's education averaged about 10.5 years with -

approximate‘standard deviations of two years. That HSF./FT children are
more homogenepus in their background variables reflects the fact that they

were in part selected on the basis of economic criteria. It is well under-
A .
stood th® the resulting restrictions in range reduce the predictive power
s

of the'ugriable;?% Thus the amount of variance accounted for by backgrounﬁv_

— ®

variables in the HSPV/FT data may be relatively small because the raﬁ}e of

some of these variables has been restricted. Because their background -
variables have wider range, Shipman, McGee, and Bridgezan's data better

estimate the predictive power of such variables for a somewhat- more

L4

diversified Head Start popufbtion.

’ = <? . ' | y -

i



-31’3
. .

@

Measuring Misclassification to Assess EGT-I*Prediction Strategies

2 . 2 . s
The use of R”s and increments to R™ is one way to evaluate the predictive

validity of ECT-I variables. If one set of variables results in a”higher

2 ‘o . . .
R™ than another, it may make sense to include those variables in an ECT-I
, selection strategy. But st provide only one measure of prediction effec-

3

tiveness. Since ECT-I selection involves identifying the most educational

" disadvantaged children to receive Title I servi€es, an alternative assessment
' ~

A3

of potential selection variables is to examine how weéll individual variables
il - . . . ..f" -

and sets of variables classify children. , In this section, then, we will

illustrate how analysis of misclassification rates can be used to evaluate

poteﬁtial selection variables.

The identification of educationally disadvantaged ‘children to receive

> ¥

Title I services may be viewed as a problem of categorical classification.

Based on test results, teacher judgment, or other information, school systems
2 < -

a

try to identifiy children who are educationally disadvantaged from those who

- Iy

are not. At the éarly childhopd level, especially before children enter first

Y

grade, educational disadvantage is often hard to define. If this identification

. process is viewed in a predictive manner, the goal is to identify children

S
[

“w who will be educationally disadvantaged after’they enter schoSﬁ, so that they

’

. .
can receive the benefit of ECT-I services.

’

L ’ e .
;”Thgre are four possible results from such an attempt to identify ‘future

educationally disadvantaged children. First, there are two ways in which

’,
. ©
s N -

prediction can be consistent\with subsequent performance: a child predicted
) . . . 2
" to experience future disadvant3ge actually does show’'it in future performance

(a "true positive" identification of disadvantage}, or -a child Predicted
I ' ' .

- o N ’ , A
not to show later 'disadvantage does not in fagt show it in later school .
N . Il . . o

»

¥ . &




/
performance (a ''true negative" identification). Second, there are two errors

or misclassifications in such an identification process: a child predicted

.t .,

to show disadvantage in later performance does not in fact show it (a ''false

.

positive" identification), or a child not predicted to show later disadvantage

does (a '"falsé negative' identification). From this perspective, one way to

assess the ECT-I selection process is by examining the misclassification

*

rassociated with different selection information.
. W

We were ahle to estimate rates of these two misclassifications for several
combinations of variables using the HSPV/FT data. We illustrate this approach

using third-grade reading scores as a criterion of later performance. As a

rough indicator of later educational disadvantage, we may define children

-~

scoring at or below the 25th percentile o(\;ﬁe national norms for MAT Total

L 3
Reading as being educationally disadvantaged in reading.* Table 11 shows

the four possible results from using this criterion. By third’ grade®about
35 percent of the children in our HSPV/FT sample scored at or below the 25th

percentile.

\

We used predicted scores to forecast-which children would score at or

below the 25th percentile in the third grade. These scores were calculated

N

from the regression equations from our previous anadysis. Thus we were able

to calculate predicted,scores using only background variables, usiné one
1 R ) . .
prekindergarten test, using one kindergarten test, and using a combination

of background variables and tests. We would then predict that children

-

would show later eduqationdl disadvantage if their predicted third-grade

MAT reading score fell at or below the 25th percen}%ié? ..

] -
‘.

o

* Although this criterion is not hard and fast, it has some ﬁrecedeni. For
instance, Becker (1977) used the 25th percentile on the MAT to estimate entry-

level .performance of Follow Through students (pp. 526-528). .

42
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Table 11: Four Possible Results from Comparing Predicted and Actual Performance

N >
Predicted Performance - . B
o
’ Predicted Score Predicted Score at or
Above 25th Percentile Below 25th Percentile ’
(No Disadvantage .(Disadvantage
Predicted) Predicted)
. Actual Performance N
. ) £
Children Score :
_Above 25th - - True Negative False Positive

Percentile

(No Disadvantage .

Develops) : ’

« .\ -
Children Score _ )
Below 25th ‘ ~ False Negative True Positive
Percentile -
(Disadvantage '
Develops) ) E : . . o
NS i — 8
H v ~ @
A \ 4
- i ’/
A
. * . ‘ b
- ‘.‘
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By combining information on predicted scores with information on who

actually fell below our criterion score (the 25th percentile), we were able

y - gy . . . . . .
-to evaluate several prediction strategles 1n terms of two misclassification

A
4 .
rates, which correspond to the upper right corner and lower left corner of

«

Table 11. The other cells in Table 11 represent correct or consistent pre-

dictions. : :
L] ’

-

lhen we first carried-out this analysis, we used the 25th percentile

: . - ) . q .
score as our criterion. We found that this approach resulted in many more
. -~

false negative errors than false positives. We therefore decided to try_%he

-

34th and 40th percentile scores as prediction criteria while keeping the
performance criterion at the 25th percentile.
Table 12 shows the results of the analysis for several prediction

1

strategies. Each row presents results for a different stratégy -- using
only one prekindergarten test in the fall, using a prekindergarten test and
background®variables in thé fall, etc. The three sets of three columns present

the results obtained when the 25th, 34th, and 40th percentiles were used as

. . 37 2 . . .
the criterion. The last column shows the R™ from the regression analysis

2
for each’ prediction strategy,

Strategies can be compared in three ways: by examining the rate of

error 1 (false positives),’the rate of error 2 (false negatives),jand,the

) ®
uncertainty coefficient.* The lgst indicates "the proportion by which

N -

»
» L]

e H
L T

* There ar& other statistics for measuring misclassification ,rates. Subkoviak *
(1980), for example, in a discussion of the reliability of mastery classification
decisians, recommends Coffén's kappa when scores from two forms of a criterion-
referenced test are ayailable. This coefficient measures the reliability of |

the two forms in classifying children as either "mdsters" or "nonmasters" of

the items tested. Another. approach is asymmetric lambda, whigh "measures the
pergentage of improvement in our ability to predict the value,of'tpé dependent
variable once we know the value of the independent variable" (Nie et ‘al.,

1975, p. 225). Of course, results will differ somewhat depending on the

statistic used. L, .

4

<




q -
. . ’ Y h
Table 12: Misclassification Rates for Strategics Using Three Cutegff
< Scores to Predict Third-Grade Reading Scores
~ 25th Percentile | 34th Percentile Mth Percentile ’
. N Uncert. N + | Uncert. . ., |Uncert. 2
Fjrror 1} Error 2jCoeff. [Error 1| Error 2| Coeff. |[Error 1jError 2|Coeff. R
Background Variables 7.1 | 27.7°<| .072 | 20.6 | 14.2 | .07l 29.8 5.7 .094 .15
Best- Test PK Fall ' 7.5 | 30.8 .037 23.4 | 18.7 .0187 | 34.6 7.5 .037 .14
Best Test PK Spring 8.0 31.0 .033 | 22.1 13.3 .0675 | 31.0 .| .5.3 .091 [ .19
' {

Best Test K Fall "13.3 19.9 .077 26.5 7.8 | .097 32.5 4.8 | .090 .22
Best Test K Spring 6.5 23.2 .114 12.3 14.8 ..(148 25.8 7.7 .107 .29
BT § BV  PK Fall 7.1 31.0 .068 19.7 7.9 .154 22.4 5.8 .165 14 0
BT § BV  PK Spring 10.1 29.2 .b45 18.3 11.3 .127 25.2 4.3 .159 .19
BT &§ BV K Fall . 9.6 23.0 .089 .15.5 17.9 .081 | 25.0 8.3 .078 .32
BT & BV K Spring 7.1. |-25.4 1092 | 19.1 14.6 076 | 22.5 6.7 | .137 .35
All Vvariables Fall 6.6 | 18.4 .209 20.0 9.6 134 22.2 5.2 .188 .36
All Variables Spring 8.7 | 21.7 | .122 | 15.9 | 14.3 | .116 | 24.6 6.3; | .138 .38
* v

Error 1 = False positive error . ) N
*Error 2 = False negative error

. : . 46
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-36-

'uncertainty' in the dependent variable Ihefe: whether or not the child

scored below our cut-off score] islreduced by knowledge of the independent
variable' [whether or not a low score for that child was predicted]" (Nie,
Hull, Jenkins, Steinbrenner, & Bent, 1975, p. 226). The uncertainty
coefficient ranges from 0.0," which indicates no improvément with knowledge ™

of the independent variable, to 1.0, which indicates complete elimination

N -

of uncertainty about the dependent variable given knowledgé‘of the indeﬁendent ‘

. ' . S e - . N
variable, to 1.0, which indicates complete elimination, of umtertainty- about - ,

‘ v .
the dependent variable given knowledge of the independent varieble.

sy

In most respects, the results of the error rate analysis4paritlel the
- ~ - '” ."
findings from the regression analysis. We see a fairly consistent improvél
. & @

ment in the strategies from the 'use of only background var}ables.s %e again

see prediEtion improving as the prediction time is moved clgsef to the time,

. . °

: Y. . .
when outcomes are measured. Overall, however, the predlctlon\results viewed
. ko

-
°

3 e
in terms of error rates and uncertainty coefficients seem less impressive

-

than the st. For example, use of a test.and background variables from the

b -
spring of kindergarten to predict third-grade reading scores results in a
", ‘ -

‘
4

L . . s . . . »
combined misclassification rate of 32% and a reduction in uncertainty of

‘.
v

only 9%, whereas the R? is 35%. . L N

It is important fa_note that in using an error rate analysis to assess

the predictive validity oflearly chifdhood variables,_ the rates of misclas~
. -

s

sification are influenced by choosing different criterion scores for pré-'= 2

diction. As shown in Table 12, using the 25th percentile produced maﬂyﬁmore
. 3
. L

false negatives than false ﬁositives, the 34th percentile resultegd in?}oughly

.
.

the same percentages of both errors, and the 40th percentile préducgg more -
’ - " .

.. B : e e
false positives,, . » ‘ A
’ LR . ‘v,’
° N ‘ ° ?
. . 4 ‘..% L4
3 . e N .
! ® 477 . » f
2 . :
- 3 .
X« YW

N

>

¥
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More generally, note that when deciding on -variables to include in a
\ . : -
selection strategy, one needs to consider the economic and social costs
associated with these different errors. If one believes the costs are

similar,-a criterion score that equalized error rates is indicated. But

if one th?hks that missing a child who needs help/is'worse than helping one

that does not, a score that minimizes false negative errors is preferable.
-_ . ; .

If, however, erroneous prediction of disadvantage is seen as worse, more

‘'weight should be given to Teducing false positive misclassification,

Summary of the Findings from the HSPV/FT Data

We have learned and conflrmed severad thlngs that bear on the discussion

of predicting 1ater educational outcomes from measures of early childhood
. . * a A

variables:: '
]

v
Yo

a - .

® Although the predictive power of background variables in the HSPV/FT
data wa¥ modest at best, such variables seem to have a place.in ’
selecting children for ECT-I programs. One reason for including
background variables in a°selection strategy is that their pre-
dictive power does not seem to decrease over time. In addition,

. we have evidence from the Shipman et al. study that background

-, variables may have greater predictive power for papulatlons.that
are more diverse than the HSPV/FT groups.

. In some cases, one testior subtest does fairly-well in predicting
later outcomes, especially when prediction occurs during kindergarten.
“=Moreover, some tests do much.better than others. The WKRAT and the
shorter version Qf the PSI did best in the HSPV/FT data set.

‘o Time between test points influences the predictite power of early
childhood tesfs. The longer the time, the less accurate the pre-
diction.

e In addition to the influence on time, there is some evidence
suggesting that the poor quality of prekindergarten tests and -
the ‘difficulty of testing very young children reduce the -predictive
power of tests given during prekindergarten. This, in turn, may
argue for relying more on other indicators such as background
variables or teacher Judgment for selecting children for prée-K- ECT I
. programs. .o .

« . -
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o The misclassification analysis also illuminated the importance of
two different errors any predictign strategy can make -- the false
positive classification and the false negative classification.

The relative costs of these errors should be considered when assess-
ing variables for an ECT-I selection strategy. )

PAPAY

-

META-ANALYSIS OF PREDICTIVE STUDIES ) ' b

Meta-analysis, a term coined by Gene Glass (1976, 1977), is a strategy
. for quantitatively combining the results of similar studies. It involves

examining as many published and unpublished studis as possible in the area
of interest. The analysis then proceeds by deteémining summary statistics

P o . o
(such as effect sizes'or correlation coefficients) from each study, aggregating

- . 3 \.
these statistig§, and obtaining a distribation of study statistics for which

a mean, median, standard deviation, and other descriptors are calculated.

Meta-analysis rests on the assumptlon that each study in aq area of inquiry

is analogous to sampllng from a population of interest and estimating the

\

population parameter. Thus, Glass argues, averaglng study results produces
an accurate estimate of the parameter in questlon._ Glass acknoWledges that

" \)
some studies are better than others and should be weighted more heavily.

—

To determine whether studies should be wefghted according to study.charaeter-

. istics, he advises cqmputing correlations between characteristics ofkﬁmﬁerest'-

and the magnitude of correlations. If correlations are substantial,ﬁtheée)

characteristics sﬁould be taken into account in combining studies. If there
’ is ligtle relationsﬁip, Glass maintains that the characteristics can be -
discounted. ,. ) ‘ ;
Meta-analysis is a plausible“approach for looking at the predictive
validity of individual variables that might4ke ﬁ;ed in selecting ECT-I .
wChildren. As we stated earlier, no compr)ehenswe study Bas been done on .
‘ : > N .
13 , i ‘ A
' 43 .

£
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the predictive validity of ECT-1 seléction strategies, but_ there are hundreds

-~

« . of stuydies that contain bits of relevant information. For example, scores

Y

of studies over half a century have examined the predictive validit§ of

¢

readiness tests. Meta-analysis can be'use? to assess the overall pryedictive s
. ~ %

P ‘ % . . . "
power of such tests. 'Likewise, many authors and practitioners ar?ﬁe\that

~~ .

keacher judgment is as good a selection mechanis®®as readiness scores.
ST . \ .

. . o
Meta-analysis can'be used to combine studies of teacher judgw_nenti,{n'd the

results can then be compared to the predictive validity of readiffess tests.
r

Scope of the Analysis T ' . . .

.

While planning thié‘meta-analysis, we decided to focus on reading,

mathé and language @rts outcomes, .(as measured by both standardized test
e . .

Y

8,

N

scores and,school grad

kd

-

P ) $ T - N .
in early’elementary Title I programs.” We next made a list of possible

o L

T
¢ . * s, A . . .
s) since these are the primary dreas of interest .

= a - s s
< s pat . &M > . . - . .
predictor variabled such 45 sex, race, test scorés, teacher judgment,

. 2 ] . N

N 4
measures of socio-&conomic

(statu%;(8é3)3 and, farfly variables. (For the
- . . B i L1 R

T >

initial list of predictors and outcomes, seg‘TaBle-JS.) We decided to look .

o s

at_ studies that examined relationships (usually simple/correlatiqns) between

\

B - 5

one or more of".these outcomes and one or more predictors. -
3 . ¢

The list of predictor and Sutcome variablés needs some further explapa-

stion. As one can readily see, we included a wide varii;y of predictor and

» £y

outcome variables in our initial list.+ Later we found it necessary to

»
>

eliminate some predictors and'oﬁkcomé? becaué%’tod few studies containing
those variables could be located. A féw oé the ygriable lagels in Table 13‘
' ’ . . .
require some'descriptiqn. Items in- the home refer to family possessions
such és vacuum.cleaners and televfs;on sets,,which are 5ften used as indicators

i .

of sociél class. Other SEé measures include scales hsgd to assess social

-
.
'
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Table 13: Predictor and Outcome Variables Sought in
Studies Assessed by the Meta-Analysis

'3
-

Predictor Variables “ Qutcome Variables

Sex Reading Achieyement 1*
Age 2
Race . . 3,

‘  Income <ot ) Y 4
Father's Education T ‘ 5
Mother's Education 6

* Father's Occupation N Math Achievement 1
Mother's Occupation ' - //A 2
Items in the Home ) . 3
Other SES Measures ' - 4
Sibling Variables ' . Y
Family Variables , \ 9
Teacher Judgement: PK II Language Arts ‘Ach. 1

\ i « PK1I ’ - 2
> g . K - 3
3 . ) , :
Reading Readiness:  PK II ~ 5

/ PRI, 6

, K IQ Test 1

1 2

Other Readiness: PK II : 3

’ ’ ' © PKI \ ‘ 4
X 5

1 6

IQ. Tests: PK II . , Composite Achievement 1 .

g PK I . 2

K \ 3

- 1 4

Other .*Tests: - PK II 5

6

. Pﬁ I : Reading Grades 1

‘1 2

_Parents' Desires , ‘ 0N 2

Prior School Experience .. T c "

. ' 6

. ) Composite Grades 1

2

. . » . 3

. , : 4
c

) 6

Other M&asures. 1

© ‘ P ¢ . - 2 " (
14 . 3
N ) \ g\\_

7
R

_, - v v

. 4 - > .
* Arabic numerals are grade levels: 1 = first grade, 2 = second grade, etc. \/‘

ERIC - -
| ' | \51

~



class.” Sibling variables refer to such things as number of bro

sisters, birth order, and siblings' eligibility for compensatory education

Family variabYes inclage measures such as assessment of parent-child inter-

action,

)Teécher judgment* and a11'ear1y childhood tests were grouped accofding
to when assessment took place. PK II refers to a test time two years prior
to kindergarten; PK I,?to one-year prior. First grade (1) refers to falf
of first grgﬁe for teacher judgment an; early childhood tests. The other
readiness tests include composite readiness scores and subtest scores other
than reading readiness subtegts. Other tests include socio-emotional and

psycho-perceptual tests such as the Bender and the Wepman. If we we¥e

unsure where a test fit, we consulted Buros (1972), and followed his
»

categorizatigp. . }

Initially, we gategori%ed study outcomes accbrding to achievement.
test scoreé, IQ test scores, school grades, and other meagures,'and sougPt
studies that reported these outcomes measures fog the first t§ the sixth .
grade. We categorized a first-grade measure as an outcome only if jit was

Rl N - N
obtained in the spring of first grade. For other grades, we-made no
. “distinction between fall and spring. ' "

.

. . *
Locating Studies

. We used several methods to find studies. We made an ERIC search of

~

’) = [

* Teacher judgment was assessed in a variety of ways, from 5-point Scales
to elaborate questionnaires.

~
<
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journals and ERIC documents.* We consulted literature reviews (e.g., Bryant,
Claser, Hansen § Kirsch, 1974) and other meta-analyses (for example, White,

1976); and searched through dissertation abstracts and reviewed the indices

of relevant jgurnals for the last ten years.** Finally, we examined the
/ -
bibliographies of articles, books, and reports that we reviewed. In all,

approximately 300' studies were read. These are listed in part II of the
) ., bibliography. ’ T

~

Criteria for Including Studies in the Analysfs

L To be included, a study had to report at least one measure -of a relation-

ship between an early childhood predictor and a later outcome. Most of the

2

" studies we included reported simple correlations. Others reported statistics
|
that could be converted into correlation coefficients. (See Glass, 1977, for

details on converting various statistics to Pearson r's.) Studies that re-

-~

ported only multiple regression analyses without correlation matrices were
excluded, since simple r's could not be retrieved. _Because Eﬂildren develop
rapidly dur;ng early childhood, we discarded any study that did not repo%l at
least qpéroximate indications of children's ages for the times when predictor

and outcome variables were measured. Some articles reported ages in months,
¥ .

3 .
others in years and fractions of years; and sti&l others reported the gradesé;yd’1>

P

seasons when tests were given. To standardizetgur coding of ages, we decide
record grades and seasons when measurements were made. Table 14 shows how

we converted ages into grades and seasons. Finally, we omitted any study

\ )
* E4

* We first selected all studies with th& keywords Earlf'Childhood. Then from

all early childhood studies we selected those with the keywords Predictive .

JValidity, Siblings, Achievement, Failure- Success Prediction, Reading Readiness,

SES, or Parent-Child Relations.

-~

** The journals were American Educational Research Journal, Child Development,
Educational -and Psychological Measurement, Harvard Educatlonal Review, Journgl
' of Educational Psychology, Journal of Learning Disabilities, School Review,‘]

and Teachers Collegg Record. ,

| N
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Age (years) ~

2.5 to

(93]
—

to

(92 ]
o

to

4.1 to

4.6 to

5.1 to

o 5.6 to

10

11

3.0
3.5

a

4.0

4.5

5.0
5.5

6.0

6.6

Grzde and Seas

on

Fall Pre-K II
Spring Pre-K I
Fafl Pre-K I
Spring Pre-K I
Fall K

Spr:ng K

Fall First Gra
Spring Firs€~G
Second Grade (
Third Gpade (3
Fouzth Grade (
Fif:ﬂ Grade (5

Sixth Grade (6

-

A

—~

I

de (1)
rade (1)
2}

.

4)

)

)
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° \ o Y
that did not report sample size. Based on these ¢riteria of acceptability,

119 of the 300 stucies.initially identified were included in the analysis.

. » »

(These are identifiad witﬁiasterisks in part II of the bibliography.) . .

Recording Study Charaitefistics %
As noted earlier, £he magnitude of correlations-can vary with study -
: qharactéfisticg. (For example, White [}976] found that a’soméwhat stronger
relationship between socio-economic class and achievement test scores was
’ - -
reported in published than in unpublished studies.) Therefore we decided .

[N

to record a‘wide rangey of such characteristics. For our analysis, we attempted

_to.record'the following information: .

Date of théisfudy ? Stéq?aﬂ!’deviation of variables
Author's affiliation Reliability of independent variables
Source of ;hé study : Evidence of truncation in independent
_ (e.g., jourral) .variables .
Number of subjects o ) Outco&e measuréS‘ ‘ .

LN -

Study population Outcome measurement time s

v local, regional, etc. - .
' ( ’ g ! ) Means of outcome measurements

Percent minority, . Standard deviations of measurements
in sample

Attrition rate Reliability~diloutcome measures -

* . . Evidence of truncation in outcome
. Whether children received: = - g

>

. measures
; some special program .
. ‘. Correlation between independent "
.va .
Indépendent. variables variable and outcome measure -
--Initial measurement . o
time . )
Means of independent ’
variables ' ,

P

Ay N .

¢

Of course, few studies reported all of these characteristics.

7/ | _ .
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Analyzing the Results R
We had three main questions in mind when we examined the results of -the
méta-analysis:

-4/// e On average, how does each early childhood varigble correlate
, with various outcome meaures?
Do some variables have significantly higher cogprelations, indicating
that they could be better predictors of later outcomes than other
early childhood variables? ‘
A

¢ To what extent do the results of the meta-analysis substantiate
or differ from our findings from the HSPV/FT study? -

Our first step was to calculate the average correlations between predictors
and’' outcomes.* This resulted in a matrix of 40 predictors by 48 outcomegxand

a total of 1291 correlations. Despite the large number of correlations, many

v
3 M . ¢

cells contain few or no correlations. Some predictors, such as PK II tests,
ﬁad no correlations. Some outcomes, including most from the later elementary _
grades, had as few as one correlation. We decided to eliminate those pre-
dictors and outcomes that had just a fgw cases or no cases at all: By so

doing we redyced the meta-analysis so that it would more nearly parallel

the dataJavailable from the HSPV/FT study. We therefore concentrated on

-

M//;éading, math, and language arts achievement test outcomes at thé\fi;st,

I

«second, apd third grade levelss This s much like the HSPV/FT .study, which

- 5

has reading and math outcomes in the first three grades. We also pared
. iy - v

LS

>
down the number of predictors. Still included -are the 12 background
variables (sex through gamily variables in Table 13); teacher judgment,

and the four types of early childhood tests. Agéin, this set of predictors

»

® °

* Qur unit of analysis in calculating ®averages and other statistics was
the correlation coefficient, not the study; thus some studies contributed
one correlation to the analysis, others contributed 20 or 30.

14

¢
- o

1
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parallels the HSPU/FT stddy; but it also permitted us to look at a broader
réﬁge of‘préschool tests than was included in the HSPV/FT data, and at teacher

judgment, which was not included in the HSPV/FT data. Appeﬁdix'A contains

. . L ‘
the matrix of average correlations (821 in all) between all predictors and
{ N .

the three outcomes reading, math, and language arts achievement test scores.*
B : N . 1 ’

. - LI A
Appendix B contains correlations (624).between early childhood tests and

-

3

the three outcomes. .

: Some questioms about the ﬁfedictive.validity of ECT-I selection variables

»

can be addressed by examining average correlations. Other questions require

further dnalysis. When we ask whether some variables do better than others

,in predicting later outcomes, we are asking an inferential question, for we~
want to know whether differentes in correlations are just chance variations

‘ 2 . ~
&

‘ or are statistically and educationally significant. To answer such questigns

L4 El
* .\ & “we prefer.to use parametric. statistics, which assume normally distributed '
L - : ¢ ' )

> ' . variables. Correlation coefficients, however, are not normally distributed.

‘<(SéegFisher, 1915; McNemar, 1969; and'Cohen_& Cohen, 1975). Fortunately,

. . . .

14 4

. L4 . “
Fisher, devised a method for transforming correlatior into Fisher's 2,

. - S
2 which approximate normal distributions (Cohen & Cohen, 1975, pp.50%52).

: ~ Transforming corr?fgzzz;s into z's makes it sensible to use analysisi
of variance (AﬁOVA) and othe;.pq;ametric procedures. The next SuBsectiqn
. . o
illustrates how we used ANOVA to compare the average correlagiqns of dif;,—-\\
ferent'és?iyichildh;od tests, different ouécome measufes, and differeﬁf/,

measurement points. ' . .

.

(3

. . L
* These correlations are based on a combined sample of size of 147,780.
Studies on average had -an n~of 180.

®
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The Findings of the Meta-Analysis n
¢ .Discussing the .findings off%he meta*analysis is not easy. We are

examining average correlations from a large number of studies, which vary
in several ways. They taty in sample size€, attrition rates, and other

°

study characteristics. They vary regarding the predictor variables- (X's\ -

employed. They use different outcome measures (Y's). Prediction times (tx)

also vary, as do outcome times (tv). In principlez wé could.analyze simul--
taneously all the.ways in which studies vary. But such an analysis (e.g.,
a four-way ANbVA with several covariates) would be complex and difficult
.+ to interpret if there were §ignificant intéréctions. Instead, we have
. decided- to examine smaller pieées'bf the puzzle. We leave to the last a
look at the influence of study characteristics such as sample size, turning

first to differences resulting from varying predictors, outcome measures,

' predictor times, and outcome times. At most we will discusg two "6f these

s

A3

four dimensions at one time. To do this we will have to "averéée across'
+ the other two dimensions. For example, when we examine the effects of

. . ) .
.. different outcome ;measures (reading, math, and language s tests) and

Y
different outcome times (first gradg, second grade, and third grade), we

~

average across different predictors (such a$ types of early childhood tests)

and predictor-times (pre-K'I, K, and first grade).
In examining variations in X's, Y's, tx‘s and ty's, we concentrated

on five areas:
. 1 N - <—;
e Background variables as predictors
e Differences in predicting reading, math, and language arts outcomes
e Effect of time betweer prediction and outcome én predictive validity
e Predictive validity of different categories of early childhood tests

’

e Predictive validity of teachers' judgment.

- r .
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. We will discuss each-of these in turn.

Background Variables. Tables 15 and 16 summarize the results for a S

i

set of background variables. We are interested in whether the predictiz; (/

-

validity of background variables varies over outcome time (ty) and with

- ¢ .

different outcome measures (Y's). Thus we are looking for effects in these

two dimensions, and we are averaging across the different backgrourld variables

(X's). The number in the center of each cell in Table 15 is an average cor-

[} ¢

relation* computed across 12 background variables.** This table and the :
, accompaﬁying two-way analySis of variance 'show two things about the predictive
validity of background variables. First, we see no difference in the overall

ability of background variables to prediect different outcome tests: the mean
. ) - : %

»

correlations bgtween background variables and reading tests (.20), math
. ) !
. tests (.17), and language art¥ éesté (.18) are not significantly different
(F =1.65, df = 2, 91 p >.05). ﬂSeqpnd,'we find no decrease in the predictive

power of Background variable§ as they are used to predict later and later

outcomes (first through third grade). The average cotrelatién between back-

.
~

outcomes iswactually the lowest, but the

Fs

ground, variables and first-grade

. . P

differences ambng means are not significant (F = 2.41, df = 2, 91, p > ".05).

- v o™

These two Tresults parallel what are found in the HSPV/FT data.

Table 16 presents a further cgmparisbn between the meta-analysis and the .’

v - HSPV/FT results. The predictive pdwer of the background variables represented

in both data sets is similar. Table 16 shows that, with a few exceptions,

. \
of : NN

* All average correlations are weighted by the number of cases (i.e., number
of correlations) per cell. . .

** Sex, age, race, income,” father's education, mother's education, father's
occupation, mother's occupation, items in the home, other SES measures, sibling
variables, and family variables.

[
-
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Table 15: Averégé Correlations Between a Set of Backgiound Variables
and Reading, Math, ancf/f‘anguage Arts Scores for Three Outcome.Times*

) - . . Row
- Lt Qutcome Time _ | Averages
' Out come Tests Grade 3 Grai?‘Z Grade 3
2
Reading .?17 .23 .2? .20
,\h—"\_.}7 - "413.‘ 20
A ‘
Math 0-5, L 026 o« .16 .17
‘ o1 5 20
» , \ - '
- Language Arts 11 ~210 W1 .18 e *
1 6 1 "
. D t
Colum Averages| ‘' ¢ PTY 19° '
t . -
] ) >

*Th& number in the lower right cofner indicates the
number of correlations per cell, =

]
K s ¥ . -
L

[e] . .
. " -
. .
Y
/\ ~ ,
N .

Analysi%s of Variance: )

*

[

Fisher's z by/Type of Outcome Test dnd Time of Outcome Test

¢
[

LY

Source of Suﬁ of BF Mgan- F Significance
Variation Squares ~Square ‘ of F’
5 n L g
y Main Effects 0.139 4 0.035 1.652 0,169
- Outcome Test 0.070, 2 0.035 1.649 0.199.
- Outcome Time 0.102 2 0.051 2.411 0.096
2-Way fInteractions 0.049 4 0,012 0.576 +0.680"
' 0.049 4 0.012 0.576, 0.680
Explained .0.188 8. 0.025 1,114 0.362
Residual 1.751 83 0.021
Total 1.939 91 0.021




Table 16: ComparlsOn of Corre =tions Between Background Variables and

Outcomes” from the Me-a-Analysis and HSPV/FT Data Sets (Cohort IIAL T
-
7 . Qutcome Tests and Times 2
Background Reading Reading Reading Math " Math Math v N
Variabl®s 1 L2 . 3 1 2 . Co
Sex )
Meta .19 .17 .13 -_— s
. HS/FT .06 . .16 05 .20 ©.00
ETY y ‘
Age .
. Méta ¢ .05 ° .19 . .0l —_— e
HS/FT .15, .01 -.02 .01 .10
Rage :
Meta .14 .23 .16 =27 .14
HS/FT . .36 .21 .23 . .19 .33 =28 i
A L L
‘ Inccme oL ’
Veta — S — ., 07 — C— .12 .
HS/FT 7,21 .17. .20 .14 - 16 . . .20 J
Mother's . . ; o
Educ. S
Meta - — .19 .34 — —_— 26
HS/FT .09 .10 -.02 .02 -.02 -.02 =
B [
Mother's :
Occ. . o
Meta — .22 .18 —_— L — . — ¢
HS/FT .+ -.06 -.07 -.08 -.07 -.10 -1
. x -
%
- "

.
A 61
:' N .




0

- . . ' -51-

common correlations from the ‘two analyses are similar. Like the HSPV/FT data,

"the meta-analysis indicates that background variables are modestly correlated:

with achievement outcomes. * J {

Predicting Different Outcomes.. Table 17 reports average correlations

between eérly childhood tests and reading, math, and language arts oytcomes

at grades 1, 2, and 3. «Thé number in the center of each cell is an average

’ correlati?n taken across all early childhood tests (reading readiness, other

4

readiness, IQ, and other tests) at three prediction times (prekindergarten I,

kindergarten, and grade i).* All averages are weighted by number of cases

per cell. i, :

Table 17 -and the companion two-way ANOVA show some unexpected

-

esults.
3 - i 3 -~ [
Looking at the row averages, we see that the mean correlations for re¥liing

hd .
and math putcomes are about the same but that the language arts mean :.s

¢

considerzbly lower, and the analysis of variance shows a significant iifference

- - 7 N

among means (F = 8.18, df = 2, 615, p ¢ .01)~ Insvead of these findings,

“ye would expect that ‘early childhood tests would differ in how well they
» . - ? . < Iy

. [d

predict’ readihg and math scores, since reading and solving math problens

oy

presumably involve quite different skills. We would expect smaller dif- -~

e

,féfenges-in the predicfion of reading and language arts score§, since the

‘underlyipg skills are probaBly more closely related than reading and math

w
- “

B

skills. -
- .. .. i ) -
The analysis of variance also shows that the-times of\outcome measure-

ments. are significantly different (F = 30.07, df = 2, 615, p ¢.01). However,

the column means indicate a pattern unlike what we weuld expect. Initially,
. ° A O

'cerrelations- go down -- predictions of first-grade scores do better than

those of second-grade scores. But, third-grade predictions are higher than

e -

<N ' . "

. . A -~ [ .
. - ° . ’ ~
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Table 17: Tests as Predictors of Reading, Math, and
Language\ Arts Outcomes*

Py
.

P

Outcome Times )
= : ' Row
. Outcome Tests Grade 1} Grade 2| Grade 3 Averages
~- .
. .44 33 .38 .40
Reading ' .
195 121 43 .
47 | oLan | s ‘.42
Math . X J
. 27 12 .19
39 | 27|, L34 33
Language Arts |. v
.. - 86 88 .35
Column Averages 43 .31 . .36 ’
. &

P2

The numbe* in the lower rlcht ,corner is the number of .
ases per cell. 4
g

< . Ana1y51s of Variance:

Fisher's z By Type of Outcome Test and Time of Outcome Test

i~ :
Source of Sum of pp Mean . T Significance
Variation - Squares _ Square of F
Main Effects 3.550 4 0.888 21,150 - 0.000
- Outcome Tests 0.686 2 0.343 8.175 0.000
- Outcome Time 2.523 2 1.262 30.066 0.000
2-Way Interactions 0.125 4 0.031 0.746  0.561
. . 0.125 4 0.031 0.746 0.561
Explained 3,675 S 0.459 10.948  0.000
Residual 25.808 615 0.042 B
Total "~ . 29,483 623 0.047




.correlatlons between types of* pre rctive tests (readinglreadiness, other

/
2 B
§ss-
A ’

A I
. - ~

é* L

second5grade. This is puzzlrng, 51nce ‘we expect predlctlon to decline mono-
tonically, This seems to result’ from some complex confounding of study character-

istics.and outcome measurement times. In looking for a precise explanation, we

explored the effects of. several characterlstlcs e found, for example, that

» . .- i

attr1tron is related to_the magnltude of correlatlons * Howkver, we were unable
L] .

to find a cpmpletely s%ilﬁac’tory explanatlon forgth'ése results .

£
Types of Predlctor Tests. Table 18 summarlves our,flndlngs for the

l

b \
readlness,g}Q, and other tests) glven at thre times (prekindergarten I,

klndergart n and flrst.grade) and the three outcome measures (readlng,

math and 1anguage arts) The numbers in the center of each cell are the
)

average correlatiOn across the three outcome measures (Y's) and the three

. outcome times (ty‘s). < .
[ 4 . .

The unadjusted #nd adjusted heans in Table 18 and the analfses of

-

variance again show some unexpected findings. The unadjusted means and
7

[

the ANOVA for type of predictor test indicates that reading readiness tests’

do sllghtly better than other readiness and IQ tests Other tests seem to

do worst. This finding supports our argument in the prev1ous section ?
k-

v,

that predictive validity should be an important criterion for choosing a

$

selection test, since not all tests predict equally well. The results
regarding thereffects of prediction time on the correlation between early

childhood tests and outcomes seems to contradict expectations. The first

-

analysis of variance (with unadjusted means) shows no significant difference

1

among the prediction times (F = 1.29, df = 2, 612, p>.05). Moreover,

the pattern of the unadjusted means is unexpected: tests given in pre-
kindergarten appear to-.be the best predictors of later outcomes.
At first we thought that there might be Some confounding between the

time at which the predictor test was given and the total time between .

(4

P4 84 ' .
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Table 18: Average ‘€orrelations Between Types of Predictor Tests and Later--
’ Grade Outcomes Unadjusted and Adjusted for Time

v
A

Unadjusted Means Means Adjusted for Time
} Between Measurements
Predictor Test: )

Reading Readiness Tests .47 (264) .47 (264)
" Other Readiness Tests _41 (67) .40 (67)
1Q Tests .41 ( 80) .40 (.80)
Other Tests -.29 (213) ) .30 (213)

Predictor Time:

Prekindergarten ‘ 42 (41) .52 (41)

Kindergarten .37 (348) .40 (348) -

First Grade ;42 (235 . .38 (235)
o ; - z

Analysis of Variance:

Fisher's Z by Predictor Test and Predictor Time
f“ k4 ‘ e

“C
~

v

PR
‘ Source of Sum of . - “Mean Significance
Variation ‘Squares Square " of F.

A
g

Main Effects ) .522 1.104 : 0.000
-Predictor Test 5.010 1.670 0.000
-Predictor Time ,098 \ ‘0.049 0.276

2-Way Interactions 0.646 fl. 0.108 0.010

0:.108 ©0.010

Explained 167 1 0.561 0.000°

Residual .316 612 0.038
Total 483 623 0.047

s
.

q

€
Analysis of Variance:

Fisher's = by Predictor Test and Predictor Time
font;dlling Time Between Measurement

‘Source of ' Sum of ’ DF Mean F ' Significanée
Variation . Squares Square” of F

.069 29.081

—
—

Covariates
-Total .Time Between

Measurement Points .069 29.081

.087  29.580
477 40.176
.358 9.752

.087 2.354°
.087 2.354

.585 15.925
Residual .037

Total : i ' 0.6%5

‘Main Effects
-Predictor Test
~-Predictor Time

2-Way Interactions

o Oy DDLU

»—t

Explained

O O OO Ok W
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predictor test and outcome test. If the time between tests for studies:

using prekindergarten tests tended to be shorter then the time between

>

tests when kindergarten and first-grade testsﬁﬁre used, the average cor-

relation from the prekindergarten studies might be equal to or larger than
*t .

AY

the averages from kindergarten and ,first-grade studies. For examplé, if

~

most prekindergarten tests were used to predict first-grade outcomes whereas
?

. . o (4 .
most kindergarten and first-grade tests were used to predict third-grade
outcomes, the prekindergarten tests might appear to do as\;ETi as or even

better than the kindergarten and first-grade tests. To test this hypothesis,

. ~

we entered the total time between tests as a covariate and then performed

L4 -

thw two-way ANOVA again. The colﬁmn of -Adjusted means in Table 18 shows
N |
that the afefage-correlation for prekindergarten tests iﬁéreases by
nearly. 25 percent while the other means hardly change when time between
tests is taken into account, Moreov:r, the difgerehces amoné these .means
>

become statistically significant (F = 9.75, df = 2, 611,~p'(0.001). This is
a surprising result, quite at odds with our findings from the HSPV/FT data.

A closer examination &f the studies thag'are represented in Table 18
helps explain these results. First, most of the correlations fall in the
kindergarten and first-grade rows. One might expect that the prediction,
times fo? studies using kindergarten tests and those using ‘first-grade
tests would differ‘By about one year on average. But many of the kinder-
garten studies tested %ﬁi:ié spring and all the first-grade studies tested
in the fall because we classified any test given after fall of first>grade
as én outcome. Thus, in many cases, the prediction times for kindergarten
“and first-grade studies differed by only a few months. This short éme -

difference may account for finding no difference between the means of

kindergarten and first-grade prediction times.

' 1 .
66

v A
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The high average valtue for prekindergarten tests may be caused by an

bung E of !"'good'" tests in preklnder arten studies. The 41 correlations

of pre&indergarten tests with later outcomes come from four studies. These °
[
stud1es upon closer examinatiog, used. prek1ndef§:>ten tests that we found

in the HSPV/FT study tosbe gQod predictors of later reading and mé:;~scores.
0

For example,- one study, reported correlations of 0.60, 0.59, and 9

be;ween the WRAT and reading scores at first, second, and third grade.
I <

These f1nd1ngs are comparable to our results from the HSPV/FT data, which -
showed correlations of 0.70 and 0.64 between the WRAT reading subtest and

—

first- and second-grade reading scores. Thus we would expect the average
correlation for prekindergarten tests to be lower if we had found studies

with a wider range of prekindergartef tests.

lThe final result of note from Table 18 is the statistically significant%s

)

iﬁ%eraction between test time and test type. We cannot explain this result.

The 1nteractron seems to be small in comparison to ¢he ma1n effects, and

,4 N (3

we suspect that it is not of substantive significance. .

The Predlctlve Va11d1ty of Teacher Judgment = .

Our f1na1 resulgs deal wz%h’feacher “judgment as a predictor of 1ater
ach1evement. As the Huron f1e1d‘study (Yutrchak & Bryk, 1980) reported,
teacher judgment is often used-explicitly or implicitly to select ECT-I

: , < .

-

particip¥nts. ' Indeed, it is often suggested as a complement to or sub-

stitute foritest results. We were able to locate studies with a total of
75 correlations between some kind of teacher judgment. and reading, math,
and languagé arts scores in grades 1, 2, and 3.

Table 19 presents a summary of what we, found. Each cell averages -

across measures of teacher.judgment in kindergarten and in first grade.

[

‘
.
;
: L X ’
f : 67
b
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Table 19: Teacher Judgment as a Predictor of Reading, Math

and Language Arts Achievement* \ -
~ ) y‘
~ . “4
s Outcome Time !
Outcome Tests Grade 1 Grdde 2| Grade 3 | Row Averages .
Reading .41 .?6 ‘ .46/ ,4%
' 27 4 < 6 - y
A1 i . »
Math ‘ 33 — 51 d ' ,
. 11 3 ~ ’ "o
_h’i_‘ T ﬂ
'07 ~ *
Language Arts 37 — > +37 ¢ -
. SN 1 -
\
Column Averages .38 .56 47 i
. 1/// X
<.

- . Y ;
, / . _
* The number in the lower risht corner of each cell is the number

- of cases,
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(We found no studies relating teacher judgment during prekindergarten with ¢

2 [~
later outcomes.) - Teacher judgment in these studies encompases a range of

s s . \ .
activities. In some cases, teachers were asked to rate children's future

achievement on a S5-point scale. In other studies, teachers were asked to

[N

judge children on the same criteriy that the tests used. Still others used
lengthy questionnaires for teachers to aSSess children. Studies also varied

on how long teachers knew the children they asses%d on whether teachers ,

¥ .
had seen test results before making their assessment. .

Table 19 ghows that teachers seem to do well. Average correlations range

LERY
e

from 0.33 to 0.56, which is not much different from the co}relations for the

3 . .
best tests in the HSPV/FT data. We did not perfrom an’analysis of variance -

°
[

on these data, but we can get some useful impressions from the row &4nd column
means. First, there seems to be little differenc® in predicfing the three

outconmes, although the average reading coxrelation is higher than the cor-

. 'r
relation for math ,or language arts. Second, we do not see a decline in
<average‘corgefations as outcome time lengthens. In fact, the. first-grade =

average correlation is-lowest of the three. This indicates that teaggbr

e

'judgment may behave like backghound vgriables and unlike test sgores; i.e.,

1 ¥ - \‘
the predictive validity of background variables seems’to be fairly stable.

. L v . € i : L
over time whereas the predictiye validity of .early childhood tests declines® ,
: . ) - ! s t
over time. . ‘

o 3y o
¢ We need to note an important caveat regarding the iﬁudies from which our
.o - < PR ..
results on teachq}/fudgment‘were obtained. Almost all of the_correlagions ,
s . ‘ * 4 ’

(68) measured twé relationshiﬁ between teacher judgment in the spring of’ N

kindergarten and test scores in grades 1, 2, .and 3. No study reported

- -~ - 0
~ .

results from the fall of kindergarten, and there were only 7~cor}e1ation54 .

- ' .
>

Q ~‘ . . Nele
ERIC - . 85 -
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" that resuitéd from fall first—g;ade teacher judgment. Thus one reason teacher
judgment accurately predict later score may be because the teachers knew the
cbildren they were\assessing for nearly a full school year. But teacher .
judgment used as part of an ECT-I selection procedure would most likely take
place in the fall of the yea;, when the teache;s have known the children they,
are assessing for only a short time. Thus we must be cautious about_being

overly enthusiastic about teacher judgment until more data are available.

Limitations and Caveats

Meta-analysis is a new and somewhat controversial analytic technique;
therefore, one must be cautious in its use. As meta-analysis had been used

-to synthesize results in more and more areas, critics have raised some im-

-portant concerns (see, for example, Eysenck, 1978; Gallo, 1978;'énd replies
to Rosenthal and Rubin, 1978). This paper is not the place to examine the

A~ - - - .
"virtues and vulnerabilities" of meta-analysis in general (see Hauser-Cram,

©

Note 1, and Jackson, 1980), but it is appropriate téxraise some caveats and
) . . . 4
1imitations regarding the results from our application of the technique. o

Our use of meta-analysis to examine potential ECT-I selection variables . «

P .
has been an exploratory process. We have sought to move beyond what Glass

and his colleagues have tried. They attempt a single meta-analysis -- for

‘ eiample, synthesizing the. effects of class size on achievement or the effects

of psychotherapy. We, on the other hand, have tried to synthesize findingé\ N

»

. . . . . \
from several areas simultaneously -- analyzing studies employing one or more’
prediction variables from several sets of variables -- background measures,

teacher judgment, and early childhood tests, for example. We have also -

B
by . 4

- attempted to examine a wide range of criterion measures and outEQHp times.

Y
A

\
c‘ )

* - i ‘ / » » o
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Becaugé meta-analysis is a ne&'approach and because we have applied it
in several ways simultanedusly, findings of our analysis must be viewed
cautiously. One way in which we exercised caution was to comparé and contrast
thenmeta-anaiysis findings with the results from our re-analysis of the
H?PV/FT data. Where results are similar (for example, thosg on the pre-
" dictive validit& of background variébles), we are fairly confident of the
meta-analysis findings. But where the meta-analysis produced .results at’

odds with the HSPV/FT data, we are more skeptical. For example, when we

-

found prekindergarten tests more highly corre%ated ‘than kindergarten or

: . N\ . :
first-grade tests with later outcomes, we began looking for alternative

e
explanations. Likewise, although teacher judgment shows promise as a

.
v

. " . [N
predictor of later achievement, our conclusions in this regard must be

tentative becéﬁse teacher judgment was not 1nc1uded in the HSPV/FT data.
Another reason for caution is the complex N)} in which stud) aracter-

istics appear to influence study outcomes. Glass argues that the influence

of such characteristics as sample size Ean be ignored if the correlation

between the characteristic and the magnitude of the relationship is near

zero; he does not discuss at length what to dd if a relationship is not

near zero. When we looked at.the relationships betw;en stydy characteristics

and magnitude of r's, we found some large and some counterintuitive results.

Table 20 presents correlations between four study characteristics -- attrition

rate, predictor andhoutcome reliability, and sample size -- and the size of

>

r's reported in these studies.

Three relationships are statistically significant and two are fairly

_substantial. Attrition rate (which is measured by percentage of subjects

I 4
g missing for later measurement) has a strong relationship (0.29) with correlation

N .




) -
‘

Table 20:  Correlations Between Magnitude of Pearson's T and
Selected Study Characteristics for Studies Reporting
Relationships Between Early Childhéod Tests and
Reading, Math, and Language Arts Achievement

- -~

Characteristic Standard Deviation Cales Correlation

Attrition Rate

Predictor Reliability

Outcome Reliability

Number of Subjects

*p <.05
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! size, but it is in the unexpected direction (that is, attrition and the size
of the correlation are dffectly rather than inversely related). Unless
attrition is random, we Qould expect correlatiqps to decrease with higher
attrition rates b;cause the sample becomes_moré homogeneous. Here we find

\ thelépposite relationship. Predictor éeriability is in the expected d?rection,

but .its relationsﬁip with the size of gﬁe r's is surprisingly high (0.31).. The
. - ~d

relattonship petyeen outcome.reliabi{ity and cbrrelation size is esseatially zero,
'. \ Erobébly because of,the.low varability in outcome reliability in our sample. .
. , v
_:S;mple size and magnitude of.r's;gre weakly related with studies ‘having larger
.saﬁﬁles, with large samples tending to produce slightly highe; correlations.
It is difficult to know what to make of these relationships. It seems
'iikely that complex interactions among studies are at work. For)example,
it is possible that many. studies of prekindergarteners are éone by universities
éﬁ@ research organizations; and, for that reason, perﬁags are better cqﬁ;
'f;olled. Predictive validity studies of $éading readiness tests given to’
¢kiﬁdergarteners and first-graders maf be done more often by school districts;
and may be less well controlled. With less well controlled studies, one
would.expect reduced correlations be£ween predictors and outcome measures..
To try to unravel these complexities is a substantial task requiring time\
* ’
and Tesources beyond t@osé avaifable to us. Hence our concern that'the re-

sults of our meta-gnalysis be viewed with caution.

Summary of the Findings from the Meta-Analysis

. . . » Sos :
Overall, our meta-analysis of studies supports the conclusions we reached

%

from the re-analyzihg‘éf the HSPV/FT data set.

e We found that background variables correlate weakly with later
educational outcomes, but these correlations do not seem to decrease R
. as the time between prediction and outcome measures increases. .

* ' . ] T ~
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Some individual early childhood tests predict later outcomes fairly
well; and some tests dd better than others. Reading readiness tests
appear to do best; non-cognitive tests seem to do worst.

Both analyées revealed significant relationships between predictive
power and time between measurement points, but these relationships
appeared to be more complex in.the meta-analysis data than in the
HSPV/FT data. Probably this is due to interactions between study
characteristics and the relation of time to predictive power.

s

The meta-analysis data permitted us j}o0 examine teacher judgment as
a predictor of later educationai/gEyZomes. Our tentative findings
are that teacher judgment does fiearly as well as tests and that its
predictive power seems not to decline over time to the extent test

results do.

-

CONSLUSIOXS S

4
Our aim in this paper has been to inform discussion of ECT<] selection
policy, and our main. audience has been people at the federal level who think

~muiate, promulgate, and monitoT such policy. Our study has Yeen

. . ; N s s . . .
limited to a discussion of the predictive validity of early childhood -variables »
‘ .

that, in some combination, could mak; uﬁ part of local ECT-1 selection strategies.
The study has dlso been limited to the data at hand -- data which were collected
originally for other puiﬁoses. IR this'last section, we will;mention briegly
some c0ns{derations besides predictivé~va1idity that should be taken into

account in a complete examination of ECT-I selection policy. Then we will

discuss the implications from our findings for ECT-I selection-policy.

0

L3

.Some Other Considerdtions

A —

-
This paper has assessed the predictive validity of some early childhood

variables that could be part of an ECF-I §e1ec%i6n process: Of course, there

. . _ '
are other criteria for judging selection variables and for assessing the over-
all process by which young children are chosen to receive ECT-I services. This

subsectipn will briefly discuss some important considerations that we have

not discussed in this paper.




-

Other Aspects of Choosing ECT-I Children. Determining who receives ECT-I

’ °

services is ggy three-staged process: Title I attendance areas are specified

(on economic grounds), a pool of elizible children residing in the attendance
area is identified (based on edu;ational need), and the neediest children are
.Selected from that pool. We have examined only aspects of the last stage,
selection. But the other stages neec to be considered in any overall dis-
cussion of ECT-1 identification and selection; The second stage, identificat;oh,
is particularly problemmatic for ECT-I. .Idgn;ification for Title I programs.
aimed zt children in grades 2-12 is zade easier becauﬁe almost all potentially
eligible children are in school and zvailable for identification. Children
are not so readily available for ECT-I icentification since ECT-I programs

cften provide the first school experienées for educationally disadvantaged
children. Some work has been done o the problem of identifying young chlldren
in need of services (see Hauser-Cram. Note 2; Yurchzk, Note 3), and further
consideration seems warranted.

Costs of Selection Procedures. ‘e have said little in this paper about

the monetary and non-monetary costs of ECT-I selection, which are obvious
concerns in assessing any selection procedure. We have seen that several
variables together usually predict later outcomes more accurately than one
variable, for example, a test Score. But using multiple measures such as a
combination of test scores, background variables, and teacher judgment ta
select ECT-I Ehildren may be expensive, usiné resources that might be bét;er

spent serving those children who are selected. Moreover, multiple measures ) -

can be a burden on teachers, children, and parents. Giving several tests, <//

collecting background informétion‘gand judging children's readiness| for

school can be laborious for teachers and, worse, . fan take -time from in-
\

struction. Providing.detailed inforzation about their children ctan be
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Aruitoxt provided by Eic:

" and teacher Judgmene, for, exampIe) probably would not be 1n;en51ona11v biased -

P 3 .
~ ° 3
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annoying or threatening to parents. Data collection, especially test taking,
. . ; .
-

. ¢can be boring, confusing,terthreatening for children. ' Such costs should

' . - -
be assessed in judging ‘alternative selection procecures.
” 3 2,

Problems in Assessin§ Young Children. In judging variables that could

L .
make:up an ECT-I selection procedure, one must continually keep in mind the

~

special problems in assessing young children. In ahother report irom Huron's

study of ECT-I evaluations, Haney and Gelberg (1980) not only point out that

Vs %
“tests and instptments for use with young childrem‘are generally-of lower

Ay

ity than those for use with older children"” (p. 7) but also

technical ¢

preschool’ childrest ofyen lack the phvsical, intellectual, and -
- . a‘ ’ v r

e“o::ongprerecu:s:ts :ecesSar}' Ior S)'S’.E"c’i’.lC assessTent. Given these

Al AL 1] .- . . - N i moaw ap or™1 - S v wd
special c¢cizzr.cultles 1t Ray make sense esmecialiy wnen se.eCling cres.nger-
by . I : . S 0

garteners or children who have had no school or preschool experience, 0
e*pna51:e variables that are. not so denenden; on cbraining direct information

.

from young cnllaren in sa;ange ‘situations -- variables such as fanpily

\

characee*lst cs, teacher Judgmenu, and 51b11“g information.

. » -

»

Selection Bias. Much of the discussion about‘blas agalns ‘minority groups
» * v

in the literature gwells on the misuse of standardl'ed tests.leading to the

.

misclassificatiOn of children. (For example, see Mezrger, l9/5) But such

dlscu551ons could be broaddned to other var1ab1es ‘of a selection strategy.

Haney and Kinyafjui (1979), who aim theip dlscu5510n at tests, ~provide a

useful berSpectiVe on bias. They argue that tests are not usually biased

but the use of tests may be. By extention,fthe'components of an ECT-1

iy
‘

se1ect1on procedure (which mlght include test scores, background variables,

’
- . > ay . <

for or against minorities. HoweVer the use of the stratégy might be biased.

L]
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Haney and Kinyanjui argue'?hat "a test is biased if, when it is used to make
decisions or inferences abqut a person or group, those decisions or inferences
are less valid thén those made whgn it is used analagously with people
generally" (p. 5). Their definition of bias rests on the validity of the
decision or inferences resulting from the test. 5imi}ariy an ECT-I sele;tion
procedure might be said to be biased if the selection decisions for some
groups are less valid than decisions for all children. Furthermore, the
prédiétive accuracy of a procedure is one criterion in £e?ms of which to
judge'its bias. That is, if a variable, a set of variables, or a selection
procedure has lower pfedictive validity for some group than for others, it
might be viewed as biased.

°

Implications for ECT-I Selection Policy -~
° . . #
Importance of Predictive Validity. The importance of prediction stems

v

e

from t@e centrzl goal of most ECT-I programs: thg prevention of educational
problems in later schooling. This goal, toéethér with the requirement of
selecting the neediest children, suggests that selection be based at least
in part on which children are most likely to experiénce later educational
disadvantage. Thus, we have argued and tried to demonstrate that the pre-

dictive” validity of background variables, teacher judgment, and test scores
- . 2 *

¥s an important consideration.

The implica;ioﬁ here is that local program staff should examine the
predictive validity of theif'seleption method. Tﬂis means more than just
looking up a validity index for the tests they use. It means studying the
predictive validity of their procedd}es.in terms of their unique popuiation
oi children, since similar procedures can produce varying results with

-~

different samples, .as we saw in the HSPV/EF re-analysis and the Shipman

-

5
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data, Another reason for encouraging local staffs to examine the predictive
-
validity of their selection methods is that definitions of educational

disadvantage differ.from community to community. Some LEAs are most con-
¢ .
cerned. about preventing future reading problems; others want to help children

<

at-risk becone betteriepared to achieve later sthool success in general.
mp

Moreover, some LEAs emphasize standardized test scores as measures of latér
P 1]

school success; others are more\interested in grades or students attitudes
toward school. Although we did not find striking differences in how well
early childhood variables predict different outcomes, in some cases, the
composition of a set of variables or the wéighting~of the variables that go

.into a selection strategy may -differ depending upoﬁ how a district chojses
P .
to define ecucational disadvantage in dlater graces. ,

Useful Statistical Procedures. Fortunately, some statistical tools
. ‘ J
exist to help local staffs assess the predictive validity of their selectjon

. . . s 2 .
procedures. We have described two in this paper: examining R” (and 1%cre-

2 s . <o N .
ments to R°) and examining misclassification rates. Using the latter seems

N

- to be a particularly fruAeful approach to assessing different strategies;
' *
it makes explicit the errors and the successes of any strategy and can help
. #

the staff focus their attention on the costs and benefits to the children

they select and do not select.

Importance of Longitudinal Data. Clearly, data collected over time are

-

needed to assess predictive validity. -All the data we used were longitudinal.
The HPSV/FT data set and the Shipman data followed some children from pre-

R . ;
kindergarten through third grade. Studies included in the meta-analysis

measured- children as early as two years before kindergarten and as late as

sixth grade. The shortest time span of studies included in the-meta-analysis® ~

.

was six months -- fall of first grade to spring of first grade.

3
Co

2t
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-

.To judge the predictive validity of a selection étrategy, data are needed

o . , N
at the time of selection and at a future time when some important event will

>

take place (such as success or failure in third-grade reading). Many districts

have neither the capacity nor the expertise to collect and amalyze longitudinal

-

( -
data. However, given the importance of these data'not only for studying
\/\/\./ -

selectién but for éValuating programs, help should be provided to LEAs +to -
enhance their capacity in“this respect. Some of this help might come from
Title I Technical Assistance Centers. Additional Relp might come from con- .
sortia of LEAS having ECT-I programs. These districés could band together
to share‘computer facilities, analytic strategies, an; even data.

\Some LEAs havé the capability to collect and analyze longitudinal data
but may lack thenresources needed to aéply the data to a topic lik; loeal
ECT-1 selection. One large district we visited had extensive longitudinal
files tracing Follow Through children for several years after the program..
Some files held tésﬁ'scores and background information; other files held
studenf iden;ificafion. The only problem was a lackqof resources to merge
these files and apply them to early childhood selection and evaluation |
questions.° Given the importance of a predictive persﬁecti;e ana'the dif-
ficulty }n collecting and analyzing longitudinal’data, encouragement and

.

support fropal/SED for collecting and analyzing/such data seem warranted.

Select

nstrumeénts and Variables. Both the re-analysis of the HSPV/FT

a

data:;nd the eta-analygis:suggest instrgﬁents and variables that have roles

to play in selecting ECT-I children: From the standpoint of prediction, early
childhood tests seem to have a place in selection strategies. Some instruments,
such as the WRAT and the PSI, appear to be fairly accurate rédictors of later

*

achievement. Others seem to have less accuracy. Thus the predictive
- L

validity of ‘a test should be considered in decidiné whether| to use it.

- | 7 T T .

re
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Jé}thog§h some tests Jhave reasonably hlgh predictive validity, we have

seen that adding other varlables and asseSSment methods to test results can -

P

1mprove the accuracy of a selectlon proc@ﬁﬁ;e One set of such varlables is

SES-related measures, which usualfy improve'prediction of later achievement ,
. Y

-

and,do not seem to diminish in predictive power over time spans°¥or which

we had data. Inladditijf/;:”jénple background yariables such as_income

and parents' educaiégpo Some ECT-I programs may have access to or the capacity
to collecx more sophlstlcated yarlables such as measures of parent-child

interaction. We have little data on the usefulness of such variables for

»

ECT-I selection, but local~ efforts to collect and assess such information

warrant Seme encouragement and support. 4

Teacher judgment also has a place in ECT-I selectipn. Tentative findings
fron our mé%a-analysis show that teacher judgment may do as well as
early childhood tests in predicting later achievement. As we noted earliér,
teacher judgment may bé‘particularly useful in selecting very young children,
whose lack of skills and school experience~reduce the reliability and validity
of tests. Unfortunately, we had no datalﬁhat allowed us to éxamine how much
teacher judgment would add to the pfedictive ;ower of tests and background
variables. In’addition, there seems to be @ ‘dearth of data on teachers'
ability to assess prekindergarteners.® Clearly, here is an area for fufther

»

research, some of which could be carried on by LEAs with or without TAC

assistance.
Finally, thugs are several potentially fruitfel instruments and variables
for which we have no information and for which further investigation is

warranteq. We had no data and found no studies that used early-childhsod

criterion-referenced tests to predict later outcomes, although this use for

§0) .
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i »

CRTs has be?n suggested (for example, Stenner, et al., 1976). Parental

judgment isVanother area for which we have no data, but where some further

investigation may be warranted (see Johansson, 1965, for a study of parental,
judgment in Sweden). In our desdriptige study of ECT-I programs, we found

several LEAs using information about siblings and about language proficiency

14

to select children. Again we cannot comment on these approaches except to,
. \ ' 7
say that they deserve examination.

3

>
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