ED 208 005

AUTHOR
LTITLE: '

INSTITOTION

»

SPONS AGENCY
POB DATE
GRANT

NOTE

EDRS PRICE
DESCRIPTORS

.

IDENTIFIERS

ABSTRACT

. ' f
. pocumenr-§RsomE - f
T8 610 685
N\ «
Wiley, David E.; And pthers
Test Validity and Nafional Ed@cational Assessnent. A
Copception, a Method, and, an Example. ’
CEMREL, Inc., Chicago, Ill. ML-GROUP for Policy
Studies 1n Education.; Northwestern Univ., Evanston,
Ill.
National ;nst. of Education (ED), Washizgton, D.C.
81 .

t

'NIE-G-78-0155 ' -

7up. ,

uBO1/PC03 Plus Postage.

Educational Assessment; Elenentary Education; Error
of Measurement; *Latent Trait Theory; Maximusm .
Likelihood Statistics; *Models; National Competency
Tests; *Reading Comprehension; Reading Skilis;
*Standardized Tests; Testing Probleas; *Test
validity"

Efpirical Analysis

N

This paper brings to'first fruition amn analytic

schema based on four elements which ipvolve a conception of skills
independent or particular testing devives: (1) the deveiopment an?

wpplication of a class-of statistical

xodels' incorporating

.qualitative definitions of skill, dlstorted‘ln item response by
errors conceived as misclassifications; (2) a craitigque and
-~eformation of the caoncept of test validity--making more concrete and
specific the implications of invalidity; and (3) an integration and
fusion of these conceptvahich allows meaningful‘empirical analyses

of item response data. T

is conception/rodel iY exemplified as

contributing to the clarifiomtion of previously intractable technical
and policy issues in the testing field. (Author/GK)

’

™

-

t##**#############*######*##########*##############*#########*#########

-

* Reproductions supplied by EDRS are the best that can aé made *

from the original document. *

A 0K 0000 o000 3 e o o T o0 ol o e o e o o 3 o ok e IR o0 o e o ol ol e o0 o0 o o o e o oK o e ok ok o o o A K Rk

I3

-

[Kc

wll Toxt Provided by ERIC

$

1




-

»

ED208005

A
s
!
)
' '
~J
<
‘ N 7
Y -\
w .
9 .
3 .
v o)
N\
‘ ‘ -
h [’
Q J":%?&;::‘R“
. - ,.:' 5
AEN{C * : - l"",i‘z

Aruitoxt provided by Eic:

]

+

-

Test Vq]id%iy and National Educational Assessment:

. ‘ A Conception, A hethod, ana An Example

“David _E. Wileyw

Northwestern Ypiversity
Edward Haertel

Stanford UniQersity

Annegret Harnisghfeger
Northwestern University
and

CEMREL, Inc.

1981

CEMREL, Inc.

227 Sheridan Road

1

Kenilworth, I1. 60043

U.S DEPARTMENT OF EQUCATION
NATIONAL INSTITUTE OF EDUCATION
EDUCATIONAL RESOURCES INFORMATION

CENTER (ERIC} .

7( Th:s document has been reproduced as
tecerved from e Derson OF 0rganizaon
orgpnatng it
Minut changes have been made.m HIPIOVe
reproduction quahty

Poirts of view oropinions stated in this docu
ment o not necwssanty represent oHiciat NIE

PUSIBGN Of POILY




=N =

Abstr;t ~ f : ;o

This paper brings to.first fruition an analyticyschema based on four elements.

hd
-

These 1nvoTve‘a'conception of skills dndependent of particular testing devices:

tfe deye]ophent and application of class of statistical models 1ncorporafing
qualitative @efinitions of skill, distorted in item response by errors con-

ceived as miscTassificaFions; a c?itique and reforéation of the concept of

test va]idity;-making more concrete and specific the implications of invalidity;
and an 1ntegratioﬁ ang fusion of these concepts which allows meaningful em-
pirical aha]yses of item response data. We believe that thjs conception/model
will copiribute to the clarification of previously 1ntréctap1e technical and

1 4

policy issues in the testing field.
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1., . The Test Scene:

Standards of Performance, Test Instruments, and * »
Educational Assessment

» N

H1stor1ca11y, the purpose of educatwonql and psychological test wnstruments

has been to ground decisions about 1nd1v1dua1s, mainly.to sort 1nq1v1dua1s
into groups of relatively homogeneous intelligence, ab111ty,-performance,
(

The use of achievement tests for program or system eva1ua-

o rm e

or achievement.
haal FONN

tion is re1ative1y new. It has been strong]y advocated on]y during tpe 1ast

Accordingly, tests that were or1g1na11y des:gned to compare and

-

sort 1nd1v1dua1s, such as standardized achievement tests,- have been and are

decade.

currently also widely used in the ®valuation of educational programs and

systems. . Increasingly widespread state testing programs commonly use stan-

dardized tests for assessing pupil performance statewide and at district

1eve1§, but often they {1so provide test score information to schools and

teachers about their pupils so as to ease and improve local decisions- about

¢

pupil instruction. ' ] ?

"
~ A4

Standardized, norm-referenced tests, brimhri1y designed to position pupils re-
lative to one another and to typical performance levels ("norm" distriout?ons)

. ! . . ’ . v )
on an achievement continuum, are still the most common test type .in use;\\a *

both for such individual assessments and for program or school system evalu-

Id

This type of test, almost excdusively, is also used to predict future
\

ation.

performance -of individuals.
P .

“

?Co%ieée entrance examinations, such és the Scholastic Aptitute’ Test.(SAT},

general aptitude batteries, and standardized intélligence tests are .among the
¥ '

”

-

1

-
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most common, if prop1ematic, devices for such individual performance pre- *
dictions. These norm-referenced tests have severe shortcomings, hoRever.

1}
With growing concern about educational goals, their accomplishment through
specific progrdms, and the assessment of their attainment by individuals,
"displeasure with norm-referenced tests has jncreased. Dissatisfactions have

arisen because these tests do not address specific, defined goals and objec-

tives and their mastery by individuals.

Objective-, domaép—, and criterion-referenced tests’, all of which focus on
specific content, objectives, goals, and achievements to be reached, have
emerged. The deve]opment'of such .tests was also impelled by the increasing °
resources, human and material, available to teachers, allowing them to
individualize instruction with respect to content and goals, which in turn.
necessitated individually tailored assessmerts of pupil achievement. A

third movement, born begaese of dissatisfaction with the achievements of high
school graduates, has adjoined itself and together they pave compelled the
development of tests linked directly to educational goals. The need for mini-
mal performance standards for graduation'and promotion has’promoted new test

(3

types.

A1l of these evolvements have initially concentrated on the assessment of 1in-

. dividuals, primarily within single c1assr00ms. Objective- 3nd domain-referenced

A}

instruments are designed to'-allow concrete specification of the goals of
measurement ‘?he\onIy current extension of objective- referenced test1ng beyond
the classroom is attemptqyrby the Nat10na1 Assessment of Educational Progress

and similar state testing programs. The National Assessment measures performance

1\

!

/

-
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of a nationwide sample of pupils in various content areas by means of for-

mal specification of educational objectives. But their test reporting has

- L4

severe limitations: Theig repofts do not pgrmit, thus far, summarization
)
of .performance on test items 1nto levels or patterns, allowing potential

comparisons to performance standards.

\

. -~

New purposes of testing require the }ethinking and modi%ication of old pro-
cedures. And ?eaningful uyse of educa(iona] test data for Hat1ona11y or
régigpa]ly representative.assessments of xhe‘proportions of individuals
meeting edﬁcatjona]]y rg]evant standards wéuld demand combinatjons of exisi
ting concepts tn new operational forms. | .

i

p Criterion-referenced, tests have been constructed with narrow content ranges,
» . .

because of their use for instructional decisions about individuals in class-
rooms or courses. Stgndardized, norm-referenced tests cover br&ader ranges
of content, because of'requisites for nationwide applicability and their less
frequent administration to individuals, at most once Or twice during a school

year. Objective-referenced-instruments, used in the National Assessment and

t

f‘ * = K3 . . .
intended for extensive evaluation of American education, encompass still wider

ranges of accomplishment within content areas. This breadth of _scope is made

.

poséible by the absence of the usualarequirement of accurate, measurement for

' . \\

every individual.

So, if we are to use the concept of a standard or performance criterion for

A8

more general purposes than individual assessment, new varieties of testing

L]
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~  devices must be developed or-important modifications of existing instruments

and procedu}es underfaken. Thus, either criterion-referenced testﬁ.gnd the

~ standards they assume nesg,exteﬁsion to broader. content areas without losing
] . . {
the meaning of speciﬁ':ity of their criteridﬁ levels, or wider ranging tests

‘must be equipped with §uch standards in order t0 serve new purposes.

It is possible to set performance stand%rds and compare fﬂem to pérformance

on testé which were not sgecjfiéally designed for that purpose. This 1is surely
not thevmost desirable state of affairs, but may.be the Qisest one at the begin-
n1ng when we are exploring the best ways to accomp11sh our new goals The

intent of this paper is, in fact, to use ex1st1ng--nat1ona11y representat1ve--
staﬁdardized test_géta to estimate the propgytions of e]ementarxxéchooT pupils i

. . v

in educationally meaningful performance categories. )\

2. Validity Reconsidered  ° ' v

Most yecenF psychometric work on vq]idity-}elated matte:s has focussed on the
use of tests for selectien decisions. _This work has been strongly stimulated
by legal concerns about the fairngss of selection brocedures; primar%]y those
used in the employment proféss. The focus o? this research has not See?_on
' the nature of.the tests themselves or the measurements deriving from them, but
on the social selection procedures that incorporate these tesps. THus, the im- '
plications of the work for chamges in- the procegs relate only to the ways in |
"which the scores of individuals with diﬁ‘erent‘non-test characteristics are

incorporated into the criferia for selection, not to such issues as item content,

J

item format, method of scoring, etc.
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| 3
"As a general perspective, this orientation fragments the va]idﬂty concépt -
--as tests/gpe used in different ways-—and it forecloses whole classes of
. questions that re]ate to 1tem and ‘test format, content selection, sc0r1ng

and scaling. From our perspect1ve, the new work does not focus on test

t

~

vaf1dity at all. It primarily is a conceptual framgwork "and ‘a. set of stan-
dards for assesslng pne social worsn of selection procedures %ncorporq;ing'
any criteria that are (a) quantitative, and (H{ measured with error. Prob-
lematically, it focusses primary attention on external criteria and allows
those who should be forceq to attend ‘to imbg}tanf concerns about ihekvalidify
of their devices to ignore them.
L

g .Almost 311 other psychometric research,”until recently, naslbeen focussed on
issues of error and reliability rather than on bias and validity. The theo-
retical framework for the ana]ysis of measurement errors has become conceptually
sophisticated, elaborate and full of concrete detail. It has progressed to
the. pownt that pr1m1t1ve correlational jindices, are no 1onger scientifically
respectable .as having c]ear mean1ng and where the conceptua] and ana]yt1c
frameworks for test items and responses to them are fully 1ntegrated with

'
those for test,scores.

On the other hand, the conceptual orientations to validity of tést aré diffuse,

“con-

fragmented and fundamenta]]y ﬁnCOmp1ete. The widely accepted rubric of
struct validity" (Cronbach & Meehl, 1955) is abstractive enough so that it gives
\~.ljtt]e or no guwdance in the choice of operationaleprocedures or the a]locat1on

of investigative resources. The decwslon—theoretlc analysis of se]ee}won




\

decisions (Cronbacn & Gleser, 1957), is not integreted in any fundamental fashion

with the construct framework The recent theoret1ca1~work on selection bi-as buiids .

4

on -the. decision framé but aga1n 1gnores the construct" 1ssué§) In fact,

the whole issue of test‘”b1as --at its heart a phenomenon of d1fferent1aP/

va11d1ty--has never been linked to the core ‘theoretical concepts of validity.
. & 4 .

»

)
-

Finally, in this area, the frameworks for item assessment have never been -

fundamentally integrated with those for tests. Thus, "item bias" has no bearing.

-
-

on)“test biad" and "content validity," which, at the operat{ona] level, seems .to

-
’

mean the sampling or selection processes for the.items_which make up the test,. -

has no relational to test validity, which at the operational level, seems to%®

mean a relation to a single externail criterion in the (implicit or explicit) ,
context of a selection decision. The fact these non-overlapping processes can | .

be tenuously 1inked via the vagaries of "constpuct validity" does not imply

o
»

.
4 4
' . /

’

Inhegently, the notion of test validity must rest on two conceptions: .{a) that

“that they could actually be integrated. .. -

which a test ought to measure_and’ (b) that which a test gﬁgs_meosure. It 1s

the discrepancies between the two, somehow defineg, that bear on validity.

Central theoretical and préctical problems for psychometrics are (1) the mode
specification of the oggnt and (2) the form of expression of the discrepancy.

Recent disc¢sions of the validity concept in the psychometric literature .

‘(Cronbach, 1971; 1980) have focussed on. the word interpretation as” the entity

which is validated. However, q,centraf interpretation of "interpnetqtion" has,
) .

at least since Cronbach and Meekl (1955), centered on the idea of a de#inition

or theoretical conception of what is intended to be measured {i.e., the'constrUct'l

)
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3

--our ougﬁﬁﬁ- The problem with the specification of the ought is that, if 4t
~ T LR ] R ’ .
7 occurs at all in the actual world of test‘coﬂstruction-rﬁeyond an umdefined
& - ‘ .
. iabe]--i}(ﬁs‘fcqnuh'ted in \yay's that make j?difficﬂt to separate valid from

invalid/components of the<measurements.,

.
. N
Yoos
. ‘. B .
oL H -
T ' .
| .
. ' A
- . .
- .
-

’ _ " Crohbach (1971) gives a salient example of a s cificatienjof.én intent of

»

“measurement whiﬁh highlights this issue of separation:
"a A " .
) Consider further reading comprehension as a trait
: ‘ construct. Suppose that the test presents:pgra- .
graphs each followed by multiple-choice quest®ons.

- The paragraphs obvtously call fort reading and
N G présumably contain the information .needed to answer
the questions. Can a question about what the test

measures ar¥se? It can, if amy conterinterpre-
‘tation may reasonably be advanced. Here are a few
&counterhypotheses (Vernon, 1962):, - .

-

1?’ The ‘test is given with a time limjt. . Speed of
reading maygontribute appreciably to the score. "The
publisher Faims that the time 1#mit is generous.’
But is it? ’
2. These paragraphs seem abstract and full. Perhaps
P able redders who have little-motivation for academic
\\\_ work makeglittle effort and therefore earn Tow scores. -
<3, The questions seem to call only for recall of
facts presented in simple sentenges. One wants to
measure ability to comprehend at a higher-level than
) word recognition and recall. - ‘L

4. Uncommon words appear in the paragraphs. Is the

s I score more a measure of vocabulary than of reading .
’\’_’/ .
? comprehension?

— 5, Do the students who earn good scores really demon;
strate superidr reading or only a syperior test-taking
strategy? Perhaps the way to earn a good score is to

Q' T . the paragraph.

A ]

-y

-

“ read the questions first and Took up the answers in .

e ' ' i )
S : . .
ERIC . * . o o T o
[AFuiiText provia e hd . * . . [ ' F
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assessment -of qeddm

»

6. Pérhaps this is 4 test of information in which a
well-informed student can give goﬁﬂ responses without
reading the paragraphs at all. ’

© ¥ These miscellaneous challenges express fragments of a
jf' o definition or theoretical conception of reading compre-
hensipn that, if stated e%plicitly, might begin: "The
student considered superior in reading comprehension is
- one who, jf acquainted with the words in" a paragraph,
~ will be able to derive from the paragraph-the ‘same
*conclusions that other educated readers, previously f
uninformed on the subject of “the paragraph, derive."
' _ Just, this one sentence separates superior vocabulary,
reading speed, information, and other counterhypotheses
: from the construct, reading comprehension. The con-
b . struct is not identified with the whole complex practi-
cal ‘task of reading; where information and vocabulary
surely contribute tqﬁiuccess. A distinctive, separate
skill is hypothesized. (pp. 463-463) * .

Cronbach's example implies several things in this context. First, it makes
/

clear that réadiqg,comprehedsion as an intent of measurement is not all

s

“things to all persons; it is not speed, vocabuiary, ﬁest-wiseness, or prior
information, regardless of whether these “construéis” contribute to success
on test® task itself, other tasks given contemperaneously, or future tasks.® .

and realize that such sources of invalidity in the

If we take this f

“comprehension are (a) themselves valid intents of

¢ . ' } ' . .
measurement-with other instruments and are (b) irremovable sources of variation

in test performance for many ”&onstructs"] then two further implications flow

» -
--the prob]emuoﬂ,tesﬁ validation, whether focussed on
“the notion of "interpretation" or not, cannot bg
shifted entirely td anhana1ysis of test use, and that
17 >~

E.g., vocabulary knowledge is a 10 ical prerequisite for appropriate perform-

~ ance on comprehension-test tasks. ATthough variation in performance due to
differences in vocabulary can be suppressed by experimental training or

’se}ectiop of ¢ommon words, it canpot be removedas a source of extraneous
(invalid) variation in practical test situations. :

1
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-

] - .
_-the.1abe1ing of the tedt or Eﬁg description of what
it is intended to measure must be sufficiently precise

‘ [ ]
to a]]ow'the'separation ‘of components of invalidity

’

from valid variations in performance.

Also, vgmust note that these sources of m\r{hdﬂ:y are often positively re-
_lated to the character1stjc that is the intent of measurement Thus, 1in
the C;onbach examb]e, those who have the sk#1s necessary for "comprehensibn"
of passage content or derivation of correct conc1usmons, given adequate
.\WOcabu1ary, will also be more likely to have previously acquired that vocabu-
lary knowledge. 4
- ' .

Our ongoing, program of research, of which this®study is a part, is fundamentally
affected by these issuegf/ For example, a "reading cdmprehension" te;t might

-

produce scores which strongly correlate with vocahulary knowledge for several

L 4

justinguishab1e reasons: , . /

i b

‘ - - --those individuals who ane good comprehension skills v
"h‘ ) also generally have extensive vocabulary knowledge /
and vice versa, i.e., reading coﬁpfehension ski11(s)
, is (are) highf& correlated with vocabulary knowledge Snd
(a) the test primarily measures reading comprehension or
- (b) the test primarily @ksures vocabulary -knowledge
--those individuals who have good comprehension skills
do not necessari]} have extensive vocabulary knowledge,
a*;' j.e., reading comprehension and vocabulary kpow]edge are
not hféh]y Ea;re1qtéd and_

(c) the-test primarily measures vocabulary knowledge.

.

:./

ERIC - 15
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If someone were &8 use the test,for a predictive purpose whereb at least

E

on ‘the sunface,fthe“test label ‘was not considered of basic importance,

that person might be 1nconcerned about wh1ch of thHese were actually the case.

A}

Howevey, if one wgre engaged in placement of individuals in remediation
programs in read1ng one might hot be concerned about (a) or (b) but (c)

would be troublegoné. And if one were eva]datind a\éurriculum which might
chawge the re1ation‘between reading comprehension and #pcabulary knowledge

“or éngaging in a nationa]nsociaI assessnent of reading comprehension'abi}dties

"t®en only (a) would 9£nstitute a satisfgctory state of affairs. &
2% .

. * '

As this study is focussed on the latter issue--social assessment of competencies

4

is reading comprehension for a national population--these validity issues are
critical. In order to generaﬁg valid estimates of the proportion of individuals,

nationally, posse§s1ng specific levels of reading skill, we must be able to

»,

Y e

remove variations"@nd biases deriving from other, distinct, cnaracteristics--

whether they be vogabulary kndwledge.or test-wiseness.,

e

LY

3 ~Yalid and Mean1ngfu1 National Estimates of Reading Comprehension Skill

At an earlier stage of this prOJect Haertel (1980) conducted a study of stan-
3 ddrdized reading comprehension tests usinglléige naEiona] samples of response

data. Three of those samples ere here analyzed along with th;ee additional

ones. In the earlier study Haertel attempted to diffenentiate among a set

of distinctively defined s i11s based on a 11nguiseic analysds of the reading

4 cohpﬁ;hension test tasks.flThese skills were defined so that each test item .

required a.specif et of the skills. An item respd%se model was formu-

lated so that individuals were assumed to belong to either a group possessing

el

4 : \__\ .

~
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a1l of the sk1lls in the subset--the "can solve" group--or a group not po-'

ssessing all of those skillg—-the "cannot solve" group. Individuals iw’these
L "‘ . ¢
two catBgories were not assumed to respond uniformly with correct and in-

, .
correct answers, respectively. Instead, non-matching responses were.allowed
. R ./ .

to occur, with specific probabjlities--so=called false negatives ard false

~

positives., Statistical analyses of the ‘response data using the model then N

4 -

]

«yielded estimates of two Histinctive types of guantities

L 4

a) probo%tions or numbers of individuals with Various /
combinations of skills ("latent state probabilities")
‘ .

-~

and - - .

b) proportions of mjsmatching responses deriving from

each item ("misclassification probabilities™).-
. d : \1

The major fiquﬁgs of the research were that
' a) the models fit the data extremely well--extensive
exploration af'potential lack of fit resulted in o
no evidence of systematic deviations and ‘the analyses
A showed that tke mode1¥ were at least as adequate as
previous psychometric models with more parameters.
%) The Féad?ng comprehension tests analyzed were not o
serisitive enough to allow differentiation of subskills
- --i.e., the models fit the data weTl with only one

%eneric skf%l specified for each test level. Thus,

a2 $ingle common dichotomy (gan and canhot solve) was




Thes@ results
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DAl

sufficient’to account for differences wn the

‘e

reading comprehension skills assessed by 511
items in a test at a specific level.

led us to two conclusions:

1. Stqndardiaed read?ng comprehension tests may not
have the'discriminating power attributed to theh by
those wh6 focus prifj;ilj on available reliability

coefficients. T.e., if, as discussed above, -such

‘tests cén only grossly'discriminate between two gross

skill categories, then there must be large elements of

.the-reliable variance in such tests which are invalid,

and -
2. 14 .,such iavalid componen#s are actually "stripped
off" by the models used, then pe¥haps analyses could be

conducted which would yield valid and meaningful national

estimates of reading comprehe;iion skills, defined at

»
least in the broad terms corr ponding to the test levels.

-
2

In the study reported in this paper, we imp]erent’the methodology and the

-

conceptua],frémework"app1ied by Haertel (1980S using six nationally repre-

seniativé samples of Q1ementary'schoo1 pupils--one for each of grades one

o

through six. for these samples we estimate.

.

a) the proportions of ipdividua15'u¥each grade at
particular skill levels, and )
b) the proportions of matching and mismatching responses

for pach item at each grade level.

»

»
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Because the tests used at epch grade Tevel were repeated at adjacent levels,
* we are tnen*abIe to trace nges in_ the proportions of skilled jrdividuals
over ‘grades and observe systematic modifications in validity ofsethe observed

responses. ' -

‘ S :
4. Study Design: Model, Data,Analysisb,/ /

N

. ®*

4.1. The Model: Latentﬁﬁtates Latent Responses, and M1sc1a551f1cat1ons

If students' fesponses to items reflected only the skills they/possessed and

' < the skills the items required,/, sible to establisn Just which

patterns of responses to a set of items sheu
]

occur, and ‘hich should not.

For any combination of skills possessed, items equiring’these‘§ﬁj11s {or

-

some of them) and no others would be answered correctly, and items requiring

~

"skills not possesseéd wouldsbe answered incorrectly. Only a small number of
the possque response patterns would be expected to'occur. For example,

¢
for f1ve items involving on1/ three sk1115, there are 32 possible patterns

B of correct and incorrect responses, but only 8 possible patterns of presence,

and abéence of skills. Thus, if each combination qf skills possessed deter-

mined a specific pattern of correct and incorrect item responses, at most & .
’ . i

_of the 32 possible response patternsﬁﬁiﬁd be expected to occur. If hypo- ]

thesized skill hierarchies ruled out some of. the 8 skill combinations, even

s DT
fewer than 8 item response patterns would be expected. Of course, an item's

\ - ) ! PR !
predicted skill requirements do not completeTy determine which students will

(2

. N ] - - ) R ‘
Y get it right. Each item also éntai1s unique processes, not represented by

: , . ,
its skill requirements. Moreover, carelessness, lapses of attention, errors .

- !

in recording a response, etc. may lead to incor;ect responses bx*students

\ .
who, possess all the skillssan item requires, while suqussful gues3ing or ’L

.
¥
!
i
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elimination of distractors may lead to correct responses by students lack-
. . L

- -
[}

ing ome or more requisite skills. In summary, students' responsés to test
. s ‘

) itéms'are‘ﬂﬁperfect indicators of the skills they possess and the skills

®

" jtems require. Students' possessing ;he requisite 'skills for an item may '

give incorrect, "false negative" responses, while students lacking one or
- % .
4 .
more of the skills an item reguires will sometimes give correct, "false
H

° /

[ ..
+  positive" responses$. -

&

v

The method used in this study for the validation of skills and their relation-

ships explicitly accounts for these imperfections. The actuail responses

P

students mark on their answer sheets are termed "manifest responses," and
‘ I 4
<

are distinguished from a hypothetiéil set of'”1atent'responses“ reflecting

only the skills items require and students posseés.‘ The pattern of latent

e responses shows which items would be answeréd correctly if false positives

and false negatives never occurred. " There-is a set of latent responses for
< .

each permissible skill combinatiog. Thus, all stgﬁgnts possessing a given

-

‘combination of skills have the samg latentwresponses. They are said to con-

form to the same latent state: examining any set of items, the possible

latent states and the latent respompse pattern for each state are derived

. - - L J
prior to the c¢omputer analysis, solely on the basis of hypothesized hierarchies

émong skills, and the different items' skill requirements. Often, for stu-
-dents conforming to a given latent state (i.e., possessing a given combihation'
. - - :
of skills) the most likely manifest response pattern is the same as theslatent
> .

response pattern for that state. Manifest respokise patterns differing for

only one item from the latent response pattern are usually less likely, mani-
L] (4

i

. . e
’ / l . - . ‘ 1
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fest patterns differing for two items are stjyl'less 1§ke1y, etc. Each
discrepancy between latent and manifest responsé patterns, either a false

positive or a false negative, isetermed a misglassification. Full details

4

)
on this class of models is given in Appendix A.

N\ R . [ ¥

The mathematical and statistical proéedures used in this study--maximum
TikéT1hood methods--yield numerical estimates of the probabilities of eaeh
possible m1sc1assif1catioﬁ {fr each item. Since every manifest response to

. . Lol & .- N . .
an item is eilther a correct classification or a misclassification, fhe

probability of a correct classification (a manifest response matching the

latent response to an item) can be calculated as one minus the misclassifi-
cation phobabi1ity.2 S ‘ .

»

-

. -
[

At tne same time as 1t generates estimateg of misclassification probabilities,

the mathematical procedure produces esttmates of the proportion of the stu-

dents 1n each latent state. These are referred to as estimates of structural
( h Y
parameters. Every student is assumed to possess one of, the permissible com-

-

binations of skills, i.e., conform to one of the latent states. Theréfore;

’ ¥

the sum of the proportions in all of the latent states eqda]s one. The

statistical procedures used&fp this study to estimate the parameters and assess

fhe precision of the estimates are fully described in Appendix B.

7

/
(zln reporting the results of all analysgs, a "true positive rate" and a "false
positive rate" are given for each item. The true positive rate is the pro-
bability of a "“correct" manifest response, given that the latent response s
"eorrect." This is one minus the item's false negative misclassifitation-
robability. The false positive rate is the probability of a "correct" mgni-
fest response, given that the latent response is "incorrect," i.e., the
atem's false positive misclassification probability.

\

NS
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4,2. The Data: Sample and Testing Design

This regﬁarch/required data from a large saﬁp]e of e]ementary.schoo1 children.’
Not only a?e the maximum 1ikelihodd methods used based on large-sample theory,
but in addition, to obta1n4stab1e estimates of population propdrtions for the
many response patterns which can occur across even a few\items, numerous
respondents are needed. In addition to having many respondents, it is de--
sirable to have a large pool of test items from which to draw, Th1§dfac11i-
tates item modeling by providing morelsma11 sets of'}tems which_vary systema-
tically in their skill requirements<{ Finally, the data used in this research
_ -

represent well-defined popu]ations,‘so that estimates of population parameters
¢

and their standard errors can be meaningfully interpreted.

The Sustéin}ng'Effects Study, carried out by System Development Corporation,
included the collection of achievement test data from a large nationally
representative sample of pupils in grades one through six. Data Qere collected
in fai1 of 1976 usiﬁb»%ésts of vocabulary, reading comprehension, mathéﬁatics
concepts, and mathematics computation. The sampling design and procedures
employed in this extensive data coldection are descc{ped iﬁ Sustaining Effects

Study Technical Report Number 1 (Hoepfner, Wellisch, and Zagorski,1977). For

(TN

a representative subsample, The Participation Study, of the same pupils, Decima

L J
’

Research collected extensive, detailed information on home background and

economic statug (Breglio, Hinckley, ;nd Beal, 1978). Thq,popu]ation and sample
' B

definitions for this data base are g%ven in display 4.1.

P
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Display 4.1. Population‘and Sample.Design

P‘ 1
Pogu]atjbn: ANl 20,881,97§ public elementary school pupils enrolled in
grades 1 through 6 in the 50 United States, during the
1976-77 school year (62,534 schools}).

e

Sample Design: 2-stage, stratified random cluster sample, imb]emented with
- replacement schools to adjust for non-cooperation.
{

Strata: 10 Federal districts
« 3 LEA Sizes,
x 3 LEA Povgrty levels
Yields: 90 Strata ~
- 6 Strata withou} schools

Yields: 84 Strata

&

Clustefs: 3 schools per stratum

Yields: 252 schools = 84 strata times 3 schools ger stratum
-10 lost without substitution

-

Yields: 242 schools

Units: 18?000 pupils
- 362 lost or moved
Yields: 17,368 pupils ®
| 2

Yields: 17,366 pupils on final data file

~
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The Sustaining Effects/Participation Study provides data on the reading com-
prehension scales of the Coé;nehensive Test of Basic Skills (CT?S) form S,
at levels A (grade 1) ih;ough 3 (grade 6). -These tests were given, in pairs,
at each grd?ep1eve1. Each test level and the grades at which‘it was given

b

aqi exhibited tn Display 4.2. .

o’

. ; )
, As discussed in thed#section on the problem of design effects (Appe;ﬁix B).

the theory on which the chi-square test and asymptotic standart-errors are
. bgsed requires a simple random sample from the population. Data from the
Sustaining Effects Sfudy, however, represents a stratified cluster sample.
In thss study, a universe of schools was first defined, and all schools in
. the universe were divided into strata according to size, location and other
dpmographic characteristics. For the Sustaining Effects Stu&y, the universe
included public schools with some of gr;jrs 1 through 6. Once strata were
defined, sbme ;chools were randomly sampied within each stratum, and thg
students tested were all clustered within these selected schools. In the
Sugtaining Effe€ts Study, stu&ents were randomly sampled within schools, and
the number tested was determined by the schogl's size. .
-/ v
A preliminary analysis was conducted to estimate the effective sample size.
The fifth grade was chosen fér this ana]ysis,”and four representative items
were selected from the level 1 tesf. Each fifth érade student's response :
pattern acrosg these four items was tabulated, and the variance of estimated ™
‘proportions in each of the 16 respohse caiégories was computed using the ultimate

\ cluster.estimate of the rel-variance for ratios (Hansen, Hurwitz, & Madow,

1953: pp. 316-321). To obtain the standard error of each estimate, the sqﬁare

¥

\
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Display 4.2. Test Form and Levels Adminigtered and Sample S{zes, by Grade

’

Test: CTBS - Form S - Reading Comprehension—including Sound Matching)

‘Levels and Their Characteristics

»

& No. of No. of Sentences/ Response options
Title Passages Items Pdssages per item

Sound Matching .0 28 - 3

¥,

Reading Comprehension 24 24 1. 3

wt,

Read, Comprehension: Passages 6 - 18

Reading Comprehension 7 45
Reading Comprehension 7 45 -

Reading Corrréhension 45

?
r

Level/Grade Match and Sample Sizes

4

: Level ’ © Sample Size )
Grade Be1$w Grade Level At Grade tevel Before edit After edit Effective
N\

] A B 3103 2598 799
2 , c - 2750 2188 . . 884,
1 ' 2753 . 2395 986

2638 2327 , 919

2737 2520 1005
3385 3017 1127
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root of the rel-variance was multiplied by the estimated proportion. In a.
simple random’ sample,' the standard error of a proportiqp, p, is simply the
square root of p times one mian p, divided by the sample size. Using
this formu]a,'the effectivg sample size could be c0mputed for the estimate ’
of each proportion by detgfmining the size of the simple random sample which
would yield the same standard~err8r as that-actua}]y‘obtained. To arrive at
a single'estimate Qf thefeffecfivé saﬁp]e size for use in the 8tudy, the
harmonic me;n of thé 16 effective sample sizes was cComputed, weiphtjhg each
accd;ding to the correspopding estipatedypropd;tjon. Oncg the grade 5
effective sample size was obta;ned, effectivé sémp]e sizes for other grades
were estimated by calculating the size of a simﬁ]e random sample which wSﬁi‘EL

yield tne obtained standard error, given the obtained standard deviation.

Since fhe ratjp of the actual sample sif!’to the %gkéined sample 5123\550u1d
be *relatively invariant across grade levels, effective sample sizes for fhe.
grades could then be estimated using the fifth gréde’effective sample size,
the fifth grade actual sagzle size, and the actual sample size‘at the other

grade levels (Display 4.2). .

-, ' '
4.3. The Analysis: [Item Selection and Mode] Specification

In designifg the analyses, we selected a series of items from each test-level.

“#® The CTBS-Forms test levels chosen for aﬁa]ysis were: B; LA, 2. Within
‘ *

each level, we chose three\}}gas Under the .constraint that each relate to a
. !

different reading ppssage.3 Thus, a total of 12 items were originally selécted
e : .\\
P : .-
3Haertel, in the earlier study (1980), fouﬂg that selecting more than one item
relating to the same reading passage resulted in dependencies which distorted
the generality of the s%i]l, defining it in a passageidependent context,
- fixing vocabydary and other passage characteristics. .

[

2

o
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" .
from the four test 1eve1s. Additiomally, "a set of 12 items wege indepen-

-

dent]y se;ectedous1ng ﬁhe same constra1nts. In the following section, the .
’ -

f1rst set is referred to as the "X 1tems" and the second set as the "Y-items.

‘

The full specification of these items is given in Display 4.3.

s},

‘
&

’

,///The two sets were then used to produce twd separate "chains/ of finked
analyses. The analyses were specified by fitting a two-~state model--can solve
vs. cannet solwe--for each’grade.in‘ghich enly one test level was analyzed:

/”Grade 1 - 1evei B and Grade 6 - level'2. For the other grades, three-state

mode1s were fitted. Display 4,2 specifies tie level combinations ana]yzed
in these grades.
»

*
The skill comb1nii‘en states specified for these latter ana]yses were_formalized

as possess1on of (a) ne1ther of the sk111s correspond1ng to the’ analyzed test

1eve(i§~(b the, sk111 corresponding to the lower-level test, but not the upper-

level bne, and (c) the skills correspond1ng to both test 1eve1s‘ ' :

-

»

Thé»imp]icatioﬁs of thijefstate'definitions for misclassification proportions\

are: - .0
Staté (a)--All correct responses @re false positive and

- - fl ’ . _ 9
all incorrect responses are true negatives. )

1

State (b)--All corrgg; responses to items on the lower

form;*xre true positives while all incor:ect responses to
.- .
.these items are false negatives. All correct responses

, to items on the\bigher form are false positives while all -

S

BN
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Display 4.3. Items and Passages Se?ected for Analysis, by Test Level

& N

v
Level X-1tems ' . Y-items
Item No. W Passage No. Item No. Passage No.
B 1 1 2 1.
4 4 6
15 15 , 7 v T5
c 1 ' 2 "
6 2 15 3
18 4 16 4
&
1 1 1 11 2
16 3 18 3
29 5 28 5
2 6 2 13 3
14 3 21 4
33 6 26 5
~ -
=
& e
I
% \
LA
f
L ‘ ‘
|
{
| -
b~ ' \

P
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Q

%ncorrect responses.to these items ére true nega-

tives.

"State (c)--A11 correct responses-are true positives
- and all incorrect responses are false negatives.
The complet c?ain o% X-item analyses ove; grade levels was then rep}{cated
with tﬁg Y-items, producing twé*® ternate sets of estimates of the "latent
state" parameters (Display 4.4). ‘Finally, a simple scaling model was used

to extend the estimates of the proportions of individuals at each skill level

over all grade levels. “ .
4
-

Display 4.4. Skill-Level Proportioﬁ?‘ﬁirect]y Estimable, by Grade

-

. Skill-Level Proportion - r
Grade ‘

less than B less th%ﬁ C  less tharf | less than 2 o

’

] %*
2 o * - *
< N
3 * *
4 l * *
5 * *
6 %*

2.
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5. Grade Progression in Reading Skill: Tentative Assessments

This section displays apd discusses the results of the statistical analyses

.

outlined in Section 4.3. It is organized into four/aybsections which focus,

. f 5 .
in turn, on the fit of iﬁe models, the estimates of miscYassification rates,
the changg5f0ver'grades in proportions of individuals possessing various levels

~ of reading skill, the preciston of the grade-change estimates, and a prelim-

inary extension of those estimates¢

»

5.1. The Models: How Well Do They Fit?
» N

The empirical study which preceded this one (Haertel, 1980) strongly supported

the conclusion that standardized tests of reading comprehension--at least those

intensed. .for elementary school pupils--cafi only ‘grossly differentiate the skill

levels of such pupils. In fact, using thé/c1ass of statistical models that
are fitted here, the earlier study found that distinctions beyond the dicho-
tomy "can solve-cannot solve" were not attainable within a specific test level.
Thus, in f%vestigating gﬁade-1eve1 progressions in skill, the first issue to
}eso1ve was whether distinct {est levels required distinct skills, or--more
accurately--whether the skill differences manifested between the test levels

were detectable with the sample sizes and methods used in this study.

1]

o -
—

A -
. *' .
Display 5.1. organizes and exhibits the evidence bearing on this issue. The

-~

two states (can?so]ve-cannof solve) used earlier were fitted to the data from
' pr i
pupils at grade levels é, 3;'4, and 5. The three state models described in

RS ,
Section ﬁ.3. were also fitted to these data. The left hand columns of the

display exhibit tHe grade levels, test-level combinations, and item sets for

\
¥

v 3
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Pisplay 5.1. Comparisons of Two and Three Latent Sti{e Models

G}adé Levels. Iteﬁ Set

) 2-state model 3-state mode] difference sig.

. S RN S G
. 2 BC X 93.08 50 34.1% 49 58.93 1 _¢.001
Y 80.32 50 - 39.26 49 - 41,06 1 £.001
-3 Cl X .77.88 50 54.03 49 23.85 1 £.001
. y 68.24 50 ° 36.07 49 32.17 1 ¢-001
4 12 X 64.15 50 -58.23 49 5.92 1 015
‘ Y 54.69 50 48.92 49 5.77 1 .016
5 12 X 44,57 50 42.02 49 jss ] n.s.
Y 39.77 50 35.45 49 .32 1 ,-05

y

R , |
wiich modeTs were fitted.s The remainder of the table contains the Iikelihood

. ratio chi-square values for the models, together with the difference be tween

them.4 The letter statistic yields an assessment of the value of the third
Y

state in explaining the responses of the individuq]s. Thus it informs us, about

Ld

- /// whether skill level differences are manifested, 1n a detectable form, between

the test levels.

The evidence clear]y supports test level differencegj\especially among the
. - ) / ,
earlier ones. And none of the threé-state models.display more than chance

; \ : : .
levels of lack of fit. The two-state models clearly do not fit well for the

early grade 1évels, with the fit improving in higher grades. Thus, levels

4 . ' v
The difference XZ is merely the difference in Xz values resulting from the
two estimation procedures. Under the hypgthesis that the two-state model is
correct, it is distributed as (central) X¢ with one degree of freedom.

\)‘ ) . ” . = :3 l’
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B and C manifest c1€ar1y distinct?&é skills. This is to be expected, as
these test Tevels are quite different (Display 4.2). "Level B contains only
one item per pasgage and each passage .averagés only 1.4 sentences in length.
Oh the other hand, Level C wa; constructed with three itemé per passage and

N
the passage lengths average almost -eight sentences. Clearly different

. skill levels are required and they are amply manifesteéd in the data.

Differences, Tikely smaller but still clear, are exhibited between Level C

[

and Level 1 as well. Such dffferéntes, however, becomé difficult to detect
when we compare Levels 1 and 2. For the Fourth grade group, there is some
evidencevbut it is éOnsiderabfy weaker than at lower test levels and no evi-

dence of such distinctiveness'is apparent at Fifth grade. In what follows,
\

we will maintain the Level 1-Level 2 Jipiinction byt the propartion of in-
dividua1§ estimated to be in the Level 1--intermediate--state is uniformly

small. .

-

A1l in all, there are no obvious.differences between the two item sets (X and Y)

in the evjydence they provide and the Whree-state models all fit the data well.

’

5.2. Response Valldity: Matches and Mismatches between Manifest Response
and Skill Level ) .

. Rates of valid correct.responses, Display 5.2 (A and C) exhibits estimates of

- L3

the rates at wh1ch 1nd1v1dua1s in the various grades.respond correctly to each

of the 1tems5 when they actuallw possgss the readwng skill appropr1ate to the

-

\ ‘ ) {

5 .
Note that there are 30 item/grade-level combinations for each item set.
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particular test level. Of considerable importance is the fact that all these
values (gxcept two) are gstimated to be less than one. And the vast majority

of these 'values are precisely enough estimated to bé clearly distant from

one in fact. This implies that there is an appreciable probability that an .

-

individual possessing the relevant skill will manifest an incokrect response.

the,'however, that all values but one exceed 0.5, which is surely a bése]ine
' {

of‘minimaI validity, and also that of the thirty-six potential differences in.

parameter values across adjacent-grade levels, thirty-two display, increases.
/

This implies that, for particular iteﬁs, factors which catse skilled 1naividua]s

, .
to respond 'incorrectly diminish in their impact over grades.

“h

»

’Rates;afﬁinvaiid correct responses., Display 5.2 (B and D) also exhibits esti-

* mates of the rates at whigh-ngi:;duals in/EDe/Qarious grades respond-correctly

ta each of the jtems when they a Hilly/ﬁg’ﬁot possess the reading skill apprb-
priate to the test level. In moFe simplified models of the response process,
these rates are termed “guess%ng” probabilities and are sometimes "corrected"

s

via “foqwula“ scoring. Note that forty-eight of the sixty estimates exceed

the- nominal '(equi-probable) "guessing" va]ues.7 Note also that of the thirty-six ’

e
pogential differences in parameter values across adjacent grade levels, thirty-

four display increases. This impligs that, for part1éu1ar items, factors which-

6 . . . . o~
"Note that items from Levels 1 and 2 were repeated in three grades while those
from Levels B and C were only repeated in two grades.

s L)
7 ' ) . .
"Guessing" probabilities are usually estimated by the reciprocal of the number
of response options. Thus, the nominal values are 1/3 for Level B and 1/4 for
Levels C, 1, and 2 (Display 4.2).

'd
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Display 5.2.A Misclassification Parameter Estimates, by Item and Grade
s True Positive - Set X . Grade
/ - ‘ 7 T
Level Item L 2 .3 4 ‘ 5 6
B 1 1,000 0.999 ' " ;
- .4 0.757 0.998
. 15 0.734 0.983
c ] ' 0.960 0.994 -
6 0.922 - 0.967
18 .0.743 0.945
A . . s R
1 5 ' - 0.887 0.945 - 0.925
1€ . .+ 0.865 , 0.964 0.962
29 ’ 0.849 - 0.947 0.975
.. o2 s ° 0.0M  0.963 0.976
T .14 ‘ ‘ 0.672 0.719 0.858
. .33 / 0.571 0.633 - 0.758
’ e
DWsplay 5.2.B Misclassification Parameter‘Estimates, by Item and Grade
| , | |
False Positive.- Set X : Grade
4 "eve, Jtem ) | 2 3 4 5 6
By i 0.280 0.654
~ 4 0.507 0.678
15 0.360  0.442 B
s - C ] 0.414 0.60] - ‘
6 o 0.240 0.441 .
18 0.244 0.277 :
, P ¢ ' 4
1 5 : ) 0.391 0.580 0.687
. 16 ] 0.274 0.457 0.484
; 29 ’ 0.222 0.379 0. 401
2 6 ’ 0.393  0.484 0.599
14 . 0.214 0.259 0.230
33 0.318 0.328 0.341
[ 4 Y . {
\ 4 \
Y / |
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Display 5.2.C Misc]assificatioquaramefen Estimatés, by Item and Grade

True Positive - Set Y Grade _ Fy
Level Item ] 2 3 4 ! 5 b
B 2 0.842 0.983
6 1.000  0.999
(* 7 0.612 0.998
C 2 0.898 0.970
15 0.965 0.984
16 h 0.912 0.992
| 11 0.392 - 0.502 0.517°
18 0.631 0.911 0.912
28 0.903 0.951 0.964
-
2 13 oo , 0.822 0.835 0.854
21 . " 0.888 0.928 0.973
' 26 0.897 0.941 0.976

-

Display 5.2.0 Misclassification Parameter Estimates, by Item and Grade

False Positive - Set Y Grade °
Level Item ] 2 3 4 5 6 -
=~ B 2 0.373 0.592
6 © 0,344 0.635 ' -
“!» 7 0.319 0.507
C 2 0.303 0.423
15 0.439 0.562
16 0.246 0. 396
<] 1 0.220 0.230 0.238
18 0.243 0.331 0.407
28 0.35] 0.471 0.520
. N\
2 13 ) 0.485 0.44] 0.448
21 . 0.307 0.3%N 0.356

‘ 26 0.296 0. 381 0.497
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cause unskilled individuals to resppnd correctly increase in their impact

1

over grades.

.

Factors cont}ibutiné to invalidity. It is instructive to recall heré the
threats to validity of reading comprehension inferences which Cronbach (1971)
took f#om Vernon (1962). Of the six threats which he summarized, three would
affect the rate of true positive responses and three the rate of false 5ositive
responses, Those Ia11ing in the first cetegory include: speed, motivation,

and vocabu]ary. IY an individual possessed the requisite reading comprehension
ability but a) took ldnger to read dnd respond than the time allowed, b) found
the‘materia1 sufficiently %oreign to his experience or interest to try hard,

or ¢) pad insufficient‘vocabu1ary to exercise his comprehensioﬁ skills, then

he might respond incorrectly. Thesg factors, however, would have no impact on
the rate of false positive response;

On the other hand, recognition/recall, test-wisene?s, or priot information wou'ld
have no impact on the rates of truevpp§itive ﬁgsponses. However, if a) the item
tested r®call or recognition rather Ehan éomprehension, b) the individual had
fhe skill to eliminate inapproprikte response options without comprehending the
passageyor c) if he knew the answer without reading the passage, the unskiHed’

individual could attain a correct response at a rate above’ the base guessing

-

probability. -

i
/

5.3. Grade Progressions: Direct Estimates, Precision, and Extensions

Estimates. The estimates of the proportions of individuals, within each grade,

o
who possess skills below each test level are given in Display 5.3. As the

- -




Display 5.3. Estimates of Latent State Probabilities, by Grade and Item Set

Item Set Grade
X 1
2
3
4
5
6
y Y 1
2
3
4
5
6

’

¥1-

4

Cumulative Probability of_State,

<B . <C
0.843 -
0.270 0.508
- 0.333
0.789 -
0.314 0.481
- 0.274

<1

0.411
0.444
0.289

0.489
0.498
0.345

$

<2

-

0.504
8.325
0.295

0.555
0.391
0.263

test level/grade level matches were not complete, estimates are missing for

LS

the 16wer test levels in the higher grades and vice versa. As‘the proportions

are cumulative, they increase over skill levels within a grade.

1

These in-

creases result from the definition of the proportions and are not empirical

findings. The proportions decrease over grade levels for a particular skill

column. This is an empirical finding and signals\the increase in the proportion

of those attaining particular skill levels over grades. The oqu exception to

this occurs between the first and secénd entries in the third column and these

~

diffgrences are small and probably reflect the fact that the skills reflected

t

in test levels 1 and 2 are difficult to distinguish (see Section 5.1.).

.

The corresponding values estimated from the two item, sets (X and Y) are approxi-

mately equal and the general findings are consistent and clear.

The percentages
-

of individuals who possess the most minimal comprehension skills (level B)
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increase from about 20 percent at the beginning of grade one8 to about 70
percent at the beginning of grade 2. At highe} skill levels (Jevel 1 or
above), the percentage of skilled individuals increases from about 25 percent

® . in grade three to substantially more than 70 percent by grade six.

!
.

\
Precision, Est1mates of the variances and covamances9 of the values giVen
in Display 5.3 are exh1b1ted in D1sp1a9’5 4. These estimates are organized
by item set! and grade level. Because the grade-level samples are constituted
. of different 1ndividuals, parameter estimates for distinct grade levels do
not covary. .Thus, éovariances are displayed for estimates pertaining to .
common grade levels only. The "first" and Usecond" designations in the column |

heading§7refer to the f%rst and second entries in the corresponding row of \

Display 5.3.

’ .

Values of the first and sixth grade variances aré larger than the other values
becduse two-state models were fitted to data deriving from only one test lével.

]
when three-state models are fitted to data from two appropriate test levels,

individuals are more finely differentiated and standard errors of estimates
diminish even though estimates are unbiased, in eitﬁer case, under the model.
This is akin to the increases in precision accompanying an analysis of covariance.
In the‘case of precision estimates, éifferences between item set-X values and

item set-Y values are real because -distinct item sets are differentially infor-

mative about the parameter values.

8 .
SO - .84+ 0, - .79)/2 > .19]
9

These_sampling variances and covariances are based on the effective sample’

ssizes rather than the actual-ones and thus are xadjusted for the sampling N
design's effect on precision (see Appendix B).

Gy
on
v
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Display 5.4. Estimated Yariances and Covariances of Latent State AN
Probability Estimates™

L4

Estimated Dispersions (x104)

/ :
[tem Set Grade first variance covariance second variance
X 1 210.629 - -
2 5.083 _ 2.297 7.125
-3 3.662 2.634 - 4,523
;! 4 7.352 4.979 8.974
5 6.274 4.312 . 7.623
6 26.276 - -
Y 1 33.160 - ," .
2 2.083 0.971 2.227
3 2.056 1.619 . 7.622
4 T 3.297 1.838 2.726
5 3.041 1.751 2.629
6 7.251 - ’ -

*

These dispersions should be referred to the cumulative probabilities given
in Display 5.3. A1l values should be divided by T0%.

Extensions. If data were available on the whole range of test 1evé]s for in-
dividuals in each grade, Display 5.3 could be extended to show how extensively
skills at each level were mastered by those in each grade. .Disp1ay 5?3 exhibits
the results af an analysis which extended these values indirectly. This
‘na]ysis was performed by s?:a]ing the values 1'n' Display 5.3 accc;rding to a model
which assumed that the cumulatif® probabil}ties couid be logistically transformed

sg that the values resulting were an additive function of parameters represent-

»

&

ing grade and test ]eve].]o f

L]

10~
Formally, the cumulative probabilities were transformed via )\;é= ]”[pij/(]'pij)]

and the model:

A]J '—'/“F*i +ﬂ:j +f-ij, i = ],..,,6,.3' = ?‘...‘4.
was assﬁmed. The original Xij are given in Display C.1 (Appenq;g'c), The .

baseline, grade, and test-level parameters are given in Display C.3. The
(continued on next page) ' .

RN
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Display 5.5. Fitted State Probabilities, by Grade and Item Set

State Probabilities

Item Set Brade™ <B B c .. =2
X 1 0.843 0.094 0.023 , 0.007 0.033
2 y 0.270 0.238 0.112 0.047 0.333

- 3 0.152° 0.181 0.108 0.051 0.508
4 0.153 0.183 0.108 ~0.051 0.505

5 0.082 0.117 0.083 0.043 0.675-
6 - 0.072 . 0.045 0.077 °0.041 0.705

- . Ve
Yo 1 0.789 0.094 0.067 '0.010 0.040
2 0.314 . 0.167 0.220 0.043 0.256

3 0.157 0.117 0.215 . 0.053 0.458
4 0.162 0.119 0.217 0.053 0.449
5 0.092 0.078 0.171 0.050 0.609
6 . 0.053 0.049 0.122 * 0.039 0.737

The entries in Display 5.5 should be treated with caution {n,tracing skill
gains as they are baséd on stringent assumptions about the hniformity of such
skill gains over grade levels. They, however, do provide some baseline data

-
for future studies of skill acquisition.

» - 6. Conclusions. .

There are two- major Bgrusts of this study. One relates to the discussion of

test validity undertaken™Ng_Section 2. That discussion attempted to lay out

variances ana govariances of the legits are given in Display C.2. Estimates

. were derived ¥y sequentially differencing the logits, beginning with grade I

and averaging the sole.pair of duplicated estimates. This "degree of freedom"
was also used to "test" the model, using values from Display C.Z2. Resulting
parameter estimates were used to reconstruct cumulative probabilities for all
table locations and these were differenced to produce Display 5.4. '

*
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n' ﬁ . ’ - . “g ' k’ * ] .v\ . ‘ .
the ground for a.recomeptﬁ% of validity bdsed explicitly ongithe notions. -

-

that tests have intents and that their characteristfcs neyer completely

v - K ‘

match-those intents, The deduction from this specification was that what

tests are intended to measure oubht to e defined in a fashion that is’, both

-

verbally and formally, 1naependent of the test instrument. Oﬁ1y such a Q .

defan1t1or‘111 allow the use of the construct validity not1on in a produc- )

'tive‘fashﬂn, differentiating 1’nvaHd from valid components of me‘a‘surement, %
3 R . { v

.

evwhen they aré re]atéd to one anotﬁ‘er.
- .

4 The »me thodology usgd and”the data sets te which it was applied permitted us

‘r_j to explore (Haertel, 1980) and dePine analyses which came to empim’caﬂﬁy

- 'dist.ingui.sh between reading corﬁprehension and other, reiated, characteristics

whj‘ch standardized“ test; of reading copprehension measure. The distingtion
s ar‘m‘ved"at is sure]y incompiete, but the results are sgre]y provocative
/e'nougr.? to stimulate considerable further work. ’;ecause of O.l..lr‘ abiiity to

el @istjnguish between parameters v:hich ré]atéd' only to the régding comprehension

tiu%}«rﬂ’ft?and other parameters which direct]y ref]ect’ components of in-

‘_vgl\ﬁf‘“tyf and because these latter pqrametery\aré further differentiated *

with respect to the particular variety of invalidity, we were able to trace
) changes in the validity of the reading comprehension test scores Over gradé
‘1e'!e_1s. in éo_ing this, we observed that some'gt:zomponentsa of invalidity de-

V. crea’se while o‘thers increase e;s the grade 1eve;1q and thus the reading cSmgre- P
hension skill-increases. We believe that the conceptual framework and the '
modes of anmalysis usad here wibl eventually lead to a much more structural

) and sure‘fy more accurate ana]ys1s of the validity of testisuch as those ana]yzed

' -in ‘t'\r*s paper. - ' a . / ‘

L] . . - . o L) -
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The second major challenge taken up in this study was that of estimating

—

gradé level changes in the reading comprehension skill attainment bf American

L

~ _ elementary school pupils. And we wished to do that in aﬁshion which would

-

. ‘separate the valid components of reading comprehensioﬁ measured by the tests

T‘“’T\{<;T;;i1ated, but invalid, components. We have done this.‘ But how accurate
an aningfﬁ1‘are these -estimate$? First, we are constrained by the tests
ih two distinct fashions: . o
. » (1) the items on\these tests do not allow refined
meas;rement of readiﬁg subskills actually ad- .
dressed by them (Haertel, 1980), and \
(2) these items may also miss major components of
* the reading process which are rightly called
comprehensioq.

) We do not view the former as problematic because we wished to address the
reading comprehension process at a more general and socially meaqingfuj}]eve1.
The latter may Me more an issue im the 1oqﬂ run but we have no simple way

_of addressing it in the context of this study. A third threat to the accu-
racy and meaningfulness of the estimates relates to the above di;cussion
concerning the components of inwalidity and the accuracy witg'which the'éta-
tistical procedures removes their influence on the comprehen;ion estimates.
%his issue is not fully resolvable in the absence of further work but Qe,are ’

encouraged by our results,

~ L

‘:} Finally, éssuﬁing that our conceptions and models--at least in outline--are
, ) -

appropriately and correctly ‘focused, what remains to be done? From our

of

\\/‘




perspective, at least three lines of work have positive-value:

<

(1)

This paper brings

-misclassification parameters. E.g., relating in

further theoretical and empirical work which will
independently "validate" the components of in-

validity which we believe we have "trapped" in Jur

dependent assessments of vocabulary knowledge to

the true positive rates and test-wjééness assess- .
ments to the true negative ones;

direct exploration of the implications of the models , .
and analysis of further data to fully articulate the
validities of existing tests and their consequences

for biases in the assessments of individuals in bar-
ticular grﬁups or with sbécific characteristics,

application of the techniques to existing data sets

'with more desirab1e tharacteristics in terms of ‘item

S

selection, age levels, subpopulatfons, e.g., NABR data;
the creation of new tests developed o minimize con-

tamination by the components of invalidity isolated by

-

our techniques. “
“

Pl

to first fruition an analytic schema based on four elements.

“

-~

- -

These involve a conception of skills independent of particular testing devices:

. -
the development and application of class of statistical models incorporating

qualitative definitions of skill, distorted in item response by errors con-

ceived as misclassifications; a critique and reformation of the concept of
- , ‘7
[ J
{J-
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test validity--making more toncrete and specific the implications of in-
, .

' y oo ,
validity; and an integration and fusios-of these concepts which allows

S L. . . . .
. meaningful empirical analyses of item response data. We believe that this

coﬁcep}ion/model will contribute to the clarification of pfevious]y 1ntnzc—'

table‘technical and policy issues in the testing field.
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Models for Qualitative Data With Misclassifications

\
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A.1. Latent States -

The skills explored here are each regarded as dichtomous. It is assumed that
with respect to each skill, students all belong to one of two categories:
those who possess. the skill and tﬁoge who do not. Of course, a student's
membership in one or the other category is not observable, but may be inferred
from his item responsés. These imferences are always subject to error. Thus,

the two categories defined by eachtski]] are said to be latent states, and

may only be inferred from the student's manifest responses.

When more than one skill is considered at a ti&e, each possible pattern of
present and absent skills gives rise to a distinct latent state. As an
example, consider two ski]ls,'A and 8.‘ These could give rise to four latent
tates: (1) lacks A lacks B, (2) lacks A had B, (3) has A lacks B, and (4)
Fas A h?s B. Every student would fall into one of these four patterns, and
would conform to exactly one latent state. Just as two skills yield four
latent states, three skills could give rise ‘to eighttlatent states, four

skills to sixteen, and so forth.

In general, some latent states may be excluded on theoretical grounds.  That
is, it may be hypothesized that there are some patterns of presence and absence
of skills which w%]] not describe any students at all. In this study, sdch
constraints are expressed as hypothesized hierarchical relationships among

<kills. Where one skill is logically, psychologically, or chronologically
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posterior to another, the former is said to be hierarchically rélated to the

. "1atter. Suppose, in the two-ski11‘examp1e, that Skill B is logically dependent
on the presence of Skill A, Then Skill B would be said to be hierarchically
re1a£ed to‘Ski11 A, and no student»gou1d be expected to belong in the latent
state “lacks A has B." Under this assumption, only three rather than four.

’oa states would be reqyired to classify all students. In the absence of any hie:?
arthical constraints, four sbﬁl]s would give rise to sixteen latent states.
However, a Strict skill hierarchy would prohibit all but five of these skill

combinations.

[
14

The distribution of skills in a population of students can be described completely
by the proportions of students in each 1afent state. Since every student is

in exactly one latent state, these prooortigH§ must sum to exactly one.

- L 4

A.2. Misclassifications

An item's skill requirement is whatever set of skills is required to sojve that
item. If a set of items with appropriate skill reguirements is chosen, student's
overt responses to the set of items may be used to classify them into one of .

a set of manifest states exactly corresponding to the latemt states described

above. To continue the earlier example, suppose the skill requirement for item

1 consists onty of Skill A. Then students can be divided into two manifest states
//
v

on the basis of their responses to item 1: "lacks A" and "has A." Suppose

J
item 2 has as its requirement Skill B only. Then the four possible patterns

of responses to items 1 and 2 wou?d‘Qefine four manifest states, corresponding

»d

to ‘the four latent states earlier.
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Obviously, a stucent's manifest state and his latent state need not corres-
pond. This is due in part to the use of thermu1tip]e-cﬁoice question Tormat;
wnich affords students the options of guessing or of finaing the correct
answer by a process—of elimination. Even if a fFé;-response format were
used: nowever, item responses wou]d‘give 1m§erfect information as te-stucents'
possession of uhderlywng skills. -This is becauser(1) every item entails
unique processing requirements not captured by its skill description; (2)

tne treatment of skills as unitary entities 1s an imperfect apprpiwm&twon,
tnus a student's abiljty or inability to employ tne specﬁfwcq&rﬁcesses
required by a single item 1s an 1mperfect indicator of his apility to apply

related processes; (3) even a stugent capable of en919y1ng tne nrocesses

L]
required by an item may fail to do so cue to iapses 1n attention, careless-

ness, etz., and (4) errors TE/;gcoraing tne response will sometimes occur,
1)

tnougn tney should be rare. { )

The reia;jon between latent states and manifest states 15 ‘probabiliistic. 1n

A}

theory, it is completely described by the set of/ conditional precbapilities of

each manifest state being observed, given meToersh1p in each latent state.

These conditional probabilities are pffﬁente& 1n the form of a misclassifica-
]

. tion matrix. The rows of this matrix correspond to manifest states, and the

-,
columns to latent states. The entry in she 1tn row and the jtnh column 1s the
conditional probability of a response in tnhe ith manifest state, given confor-

-~

-mity to the jth latent state. Ffor the two-item example described earlier,

-

]For a systematic development of misclassification matrices, their properties,
and applications, see Sutcliffe (1965a, 1965b).

%4

' - J
.
4 s -
:
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the misclassification matrix would be as shown in Table Al. Each entry in
Table Al represents the conditiona1'probabi1ity of a manifest state given a
latent state. For example, the entry in the first row, first column

(P (ABIAB)") is read "probabi11t§‘5f manifest lacks A, tacks B classification,
given latent state lacks A, lacks B." Note that the diagonal entries ‘of the
misclassification matrix represent the probabilities of correct classification
given each latent state. A1l off-diagonal entries corresgond to misclassifi-
cation (errors). The entries in each column of a misclassification matrix
sum to one.

i
From Table Al, 1t would appear fhat, for the two-item example, three independent
conditional probébi]ities coy]d be %pecified for each of the four columns of |
the misclassification matrix. (Tne fourth entry in each column would be ob-
tained by subtraction, since each column sums Fo,one.) In practice, speci-

fication of tne mi%c]assificat1on matrix is simplified substantially by the

.>sumption of conditional independence. This gssumption 1s requ1redqby

rtually every statist15a1 theory of test responses which distinguishes latent
from manifest states. It is assumed Fhat within any group of students 1n the
same latent state, the (condi.tional) distributions of responses tb different
items are all independent of one another (Lord & Novick, 1968, p.'316). That

is to say, the conditional probabi15ty of a correct response to any item,

™

given a student's latent étate, is the same regardless of his responses to all

other items. It is a consequence of this assumption that within any column
o

of the misc1a§sific5tion matrix, i.e., conditional upon any particular latent
state, the probability of any pattern of item responses %s simply the produat

of the conditional probabilities of the responses to the sepdrate items.

- - 3




TABLEQL_-Misclaséification Matrix ‘or the Two-Item Examnle

Latent State

\ N _

Manifest State Lacks A, Lacks B (AD) Lacks A, Has B (AB) Has A, Lacrs 8 (AJ) Has A, Has B (A3
Lacks A, Lacks B (F3) P (A8)AD) P (ZSE;KZ# P’ (F8, A7) P (TT 83) .
Lacks A, Has B (%D) P (RB|KE) P (En}iAB) " P (RB.AT) P (A3!A5)
Has A, Lacks B (AB) P (£B|FD) P (AG|%B) | P (A8, A3) P (A3:AD)
Has A, Has B (A3) p (Aul‘g) P (AB|%8B) ~ P (A3)1AB) P (A3}A3)

S/
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A-second (and more substantive) simplifying assumption is also invoked in
specifying misclassification matrices: Misclassification procabilities only
vaﬁy Qith the unions of latent states._confonning to or not conforming to .
the skill combination réquired by any given item. That is to say, for any
item the{misclassificat1on probgbi1it1es for cifferént lTatent states depend
only upon wnether or not all the skills that item requires are present. If
a set of latent states are cefined using all the skills an item requires (and
passibly othe}s as well) then the ﬁtem‘s skill requirements can be used to
partition those latent states into two categories. In tne first would be
latent states for which all of the skills tne item required were present,
In the second would pe all latent states for wh1éh one or more of tne skills
the item required were apsent. Witnin eacn category, misclassification
probabilities for all latent states would be tne same. Tne presenke or
apsence of skills not part of the given 1tem's skill requirement 1s rrele-
vant, and if tne entire set of skills tne item requires 15 not present, it

does not matter whicn or how many of tne relevant skills are lacked.

Table A2 shows how the assumption of conditional independence permits simpli-
fication of the miSc]assificat1on matrix for the two-item examp%sq Note that
each conditional probability 1s decgmposed into a produet of two factors, one
for each item. MNew notation is introducéd 1n Table 3, to make explicit the
re]ationAof manifest states to particular 1tems. Again taking the entry in
row 1 column 1 as an example, P (IH}KEU - P (§2|ﬁ§7 represents tne probability
of a manifest "lacks A" classification on item ] (i.%., marking an 1ncorrect

alternative or omitting item 1) given latent state 'lacks A, lacks B,".times

the probability-of a manifest "lacks B" c]assificétion on item 2 (defined as

A}

é .
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TABLE AL-Simplification of Misclassifications Introduced by the Assumption of Corditional Indecerdence

Manifest State

LATENT STATE

—

Lacks A, Has B (A8)

Has A, Lacks B (A3) Has A, his 3 (A3)

Lacks A, Lacks 8 (F3)
¥

Iten 1 - Lecks A, B _ ‘o -~ . , . . - -
Iten 2 - Lacys B (A,B,) P(R,1FT) - P(B,|7B) P(R,i7%8) - P(B,1RB)" P(R|AB) - P(5,"AB)" P(%); A3) - P(3;]+3)
Ttem 1 - Lacks A, - _ o _ . e
Item 2 - Has 8 (A8,) P(R,| 58) - P(8,!B) P(R, E8) - P(B,|RB) P(E\jAB) - P(B,AB) P(A 83) - 7{3;. ~3)
Itemn 1 - Has A, _ = - - =
Item 2 - Lacks 8 (A,5,) P(A,| KE) - P(B,]|7B) P(AIRB) - P(B|FB)  P(AIAB) - P(B:1A3)  PUA[AS) » 5y r3)
Ttem 1 - Has A, — = ’ . 0 s
Item 2 - Has B8 (A,B,) P(A,| RB) - P(B,|%B) P(A|RB) - P(B,|AB) P(A,|AB) - P(By AB)  P(A}}A5) - P(3y ~2)
- 0 -

. !
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be fore) givénf1a£ent,state "lacks~HRylacks B. ol

L

"matrix shown in Tatle 3,
& 9 ’ ¢

specifié? for edch coiumna' - .

Within each'co]umn

. to one, as must the conditional probab111t1es of F' and B

®
v N

the

.cond1t1onaﬁ probabilities for the item 1 man1fest states (K and A]) must sum

in the

Th'E

'\
only two parameters rather than three must be”

b 4

N

: ~ . . e SR e
* The effect of invoking the second simplifying assumption, fhat stc1a‘s1f1ca-

tkgn'probabi1ities oﬁ%y vary according to tne presence of apsence of an item's =~

v Q full compliment of required skills, is 'shéwn in Table A3. Note that in it B
1 the éame probabi]1t1eé appear in the first and second (lacks A) cb]uﬁzgé\ané.

—

(a3
&7 .
-

in tne tn1rd and f0urth (has Aﬁ co]umns ) ﬁhe presence or absence skilt B

1s 1r§%1evant L1keW1se

1tem 2  factors are the same for the fir nd third
. - T ‘ - ’ . \
colunns, and\for tnevsecond and fourtn. In the first row, for ex®ple, tngh \ N
i - : \

|
1
. |
-7 . ‘segond simplifying a55umpt1on'iﬁﬁl1es that P(K&iEEV = P(K1lﬁB) @ P(I$ LY \\;

P(R\[AE) = P(K,|AB) = P(KT;A,, P (s T8) - b)) =

PLAYIA).

P(A 1A}, and P(A, 4B ) =

» P AilAB) The gund1tiona1 prooab111;1gs».or FDSDOHSES to 1tem 2
. igz.%gﬁ B,) are s1m11ar1¥ simplified. Only fourgedTies need be.spec1f1ed to

One possible set woula

determpe the entire matrix illustrated in TabTe A3.
, )

be P(A';];-A’); P(A]EA)

\

, P(BZIED, and P(BZ;B).

&

At §h1s point, an algebranc s1mp11f1cat1on may be introdueced. The four-by-

1

\

\

|

|

\

\

, |

: q A
|

f0ur nd"w; showh in Table A3 turns 0ut to be the Kronecker product of two ‘ |
|

|

[ - " - ¢ : ) T

. = I - .
- ]Note that wnere the skill requ1renents of .two .or more items over1ap, a s1ng]e

v |
respohse pattern may include conflicting manifest c1%§s1f1cat1ons

For exam-

ple, if a third item rea

ring

, and 2,

. on item 1, state "lacks B" on item 2, stateg"has B" on 1tem 3.

, state RB, the propability of this mani fest State would be P(Ry|FB) -

B3|__7 by the assumpt1on of conditiomal independence.
o0

.
ERIC = 75w e
| .

o
LN

& kill B were ana]yzed along with items 1
one possible manifest res e would be A] 82 B3, 1.e., state "lacks A"
u1ven laten:

Ezlxg) ’




'TABLEAB:-S1;5 ification of Misclassifications Introduced by the Assumption of Invariance Acrcss Irrelevent S<ills

£

Mlanifest State

»

LATENT STATE

Lacks A, Lacks B (£B)

- Lacks A, Has B (RB) Has A, Lacks 3 (A3)

Item 1 - Lacks A, _ _ ! ‘ s’ \ " .
lten 2 - Lacks 3 (Alu PR IR) - P(B, i) . p(E,IE) - P(B,18) | P(E, IA) .- P(5, 8) P(E,A) - F(5;.3)
Item 1 - Lacks A, . . ) .
Item 2 - Has 8 (4,8;) P(E,JE) - P(8,1B) P(HIK) - P(3,18) P(E,IA) - P(3,1F) P(X,Ir) - P{3,18)
Iteh L= Has A, _ . I T
Item 2 - Lazxs B (‘:182) P(A}R) - P(B,{B) & P(A,|B) - P(B,]8) P(A,1A) - P(5;18) P(AIA) - P13:'3)
. L4 .
Jtem 1 - Has A, - » .
Item 2 - Has 8 (A48,) P(A,|A) P(B,]B) \’ P(A,|A) « P(Bz|B) P(A;]A) - P(B3,1B) P(A1A) « P(3:,5)
- A B g
. LY
1 1
P . - v
3 . . N ,
30 )
v . ¥ ”
. ' y ¥
. t
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: ) L . . 1 .
two-by-tw0o matrices, each containing parameters for one item, These

corponent ratrices-are shown<in Table A4. Each is itself a misclassification
‘ T . ! d

matrix, with columns representing latent states and rows manifest states,

the conditional probabilities in each column summing to one, and the diagonal
’repreégnting correct classifications. Mote that, since tne two conditional
probabilities in each column sum to one, specifying either value in a column
r ! “ . .
determines the other. Thus the entire matrix in {ab1e “A3 can be specified

Va

given just one value from each column of the matricec 1n Table A4.
In the general case, the misclassification matrix for any set of two or more
N
items 1s constrbcted by forming the Kronecker product of misclassification
matrices for the individual items. The dimensionality of.tnese matrices
depenas upon the scoring used. Since 1n tnis stuay skill specification has
focused on the correct response alternative cnly; items are scored dichoto-
mous ly (;orrebi/wncorrect) and misclassification matrices fq} 1ndividual
. S
r Items’haye Just Iwo rows and two coiumns.
»

A.3. The Cemplete Model,

The proportions of students in different latent states and the conditional

proBabi11t1es in the misclassification matriges together determine the

-

—

]The Kronecker product (direct product) has ‘wide application in formal algebra,
and 1s used 1n statistics to represent a varety of factorial structures

(Bock, 1975, pp. 273-283; Haberman, 1974, pp. 150-166). Eitner of these

works provides a technical discussion. In tne pgsent context, to form the
Kronecker nrocuct of the ‘two-by-two misclassification matrices for items 1

and 2 and obtain the four-by-four matrix snown 1n Table A3, the entire matrix
for item 2 15 multiplied 1n turn by eacn element of the matrix for 1tem 1,

and the four resulting two-by-two matrices are adjoined .in the same arrange-
ment as’ the elements from the 1tem 1 matrix.




“

’
@ L D
—~ ! )
. V .
TABLE Aq.—-Eara'-pWes of Misclassification Matrices for Two Ite-s *
s hd [
[ 4
- ) -
Jtem 1 (fBeguires Skill A) ’ Item 2 (Requires Sk:11 8) .
atent Statew ' Late~t State
Mani‘fest State ' Lacvs A(K) Has A(A) Mar1fest State o Lacks 3/3) Fas 3{B)
AN A ks 8 (8 8,8 f(Ba3)
Item 1 - Lacks A (A)) PR, 1R) P(A) 1A) Item 2 - Lacxs 8 (8,) P( 2“8) PIBy,
Ve o
" Item 1 - Has A (&) P(A,|A) PEAL[A) Item 2 - Has B (B,) P(8,8) P(3,:8)
’ -
[ ] .
‘ -
h 3
- = ‘
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overall probability of each possible pattermn of resporses. To i]\ustrate'

A

nurerical values will be chosen arbitrarily for the parameters in the two-
item example, and the probabilities of each possible pattern of responses will

, be derived, These arbitrary values are presented in Table A5. Note that the

Y

hierarchical relationship betwden Skill A and Skill B has been assumed in
specifying the latent states. ‘Note also that only six numerical values in

Table 6 were freelty chosen--all otnhers were obtained by subtraction.

L

Four patteéms of respanses to items 1 and 2 are possible. Using "#" for

correct and "Q" for incorrect, tnese are "C0," "Q#," "+0," and "++." Consider
the probability of a “OO“éresponse. For a stucent in latent state "lacks A,
lacks B" tne probability of a "C0" response is .455C. For the "nas A, lacks

B" state, tne cond%i<tional probapility of a "00" response is .0325. Fo? the

"has A, nas 8" state, it is .0075——3Tnce tne proportions of stugents in thes
three states are .4C, .50 and .10 respectively, tne overall prooaoi]zty of

a "0o" re;ponse is .40 x..4550 + .50 x .0325 + .10 x .0075, or .15%0. Sim- .

larly, the probabilities of the "0+," "+0" anc "++" response patterns are

.1110, .4016, andy.2890, respectively.

. N ' » ' ~
In the sage general fashion, overall probabiiities of every possibie pattern

of responses could pe computed for any set of 1tems,'g1ven the proportions in




’
’

TABLE As.--11lustrative Values for Masclassification Parameters in Tuo-ltem Erample

— T
__latent State Proportion
Lacks A, Lacks B N .40
Lacks A, Has B ' : 0e
Has A, Lacks E .50b
\ A, Has B 0P
Ttem 1 Misclassification Mitrix
. Latent Stote
. «Manifest State - Lacks A kas B
Lacks A .70 .05
Has & .30° .95Y
’
[}
Jtem 2 Misclassification Patrix
- Latent State
. Manifest State Lacks B Has B __J‘
Lacks B .65 .15 ~
Has B it .85° 7
%
. »
3 P
/) A
: S
) byt
—~
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»

TRBLE AS\--Continued

AN
bt

Cotplete Mhsclascification Batrx

. ’
. LiT_E‘_h T ST Ah T__E_ -
Fanifest State Lacks A, Lacks b Lacts i Tes U kas A, Lacks € Has A, Has B ——
Lacks A, Lacks B ~ -4550 1050 L0325 .9075
Lacks A, Has B L2450 5950 .017% .0425
Has A, Lacks B .1950 . 0450 . 6175 .1425
T~ Has A, Has B L1054 ) - L2550 . .3325 .8075
L
. Corouted Probabilities of fach Fossinle Manifest Pecngnse Fattern
Manifect State for ltem 2
Manifest State for Iten ) Ttcm ¢ - Le<vs © Tt?ﬁ_?ﬂ%—ﬁgg_ﬁ P
Item 1 - Lacks A L1880 L1110
Item 1 - Has A L4010 . 2890
, »
& ®Fyxed by hierarchical constraint assunec for Skills A and L. =

This value vas freely chosen. . A1} values not lettered were obtained vy subtraction.

‘)l *
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Parameter Estimation, Hypothesis Testing, and >
Precision Estimation for the Models | .

B.1. The Estimation Procedure

Once a model for some set of items has been formulated, numerica1 values can
be estimated for the proportions of students in each Iatent state and for the
conditional probabilities in the c1éssification matrices. This is accom-
plished by the method ofmmaximum likelihood. A detailed description of the
procedure erd is given in Murray (1971); briefly, it is as follows: As
illustrated above (Appeédix A), any set of va]ueé for the model parameters
generates a set of probabi]if?es that students will mark eaeh of the possible
(code&) response patterns. ‘Since students’ resﬁgnses are assumed to p; (con-
ditionally) inerendent of one another, the probability that students in par-
ticular ski]lrcategories will respond in various patterns is simply the product
of their separate probabilities of so responding. Thgs, using any set of’

parameter estimates, we can compute the dyera11 probability, or likelihood, of

a set of observations.

As an example, suppose that there were two items and four possible résponse
patternsf wrong-wrong, wrong-right, rignt-wrong, and right-rignt, wnere
rignt represents "has ski]]"‘and Wrong represents "lacks skill." Suppose .also
that some set of parameter estimates generated probabilities of .4, .},'.3,
and .2, respectively, for these pafterns and that when ten students were
tested, the frequencies in each pattern were 5, 0, 4, and 1. Probabilities
of these students responding as they did are .4 for each of the 5 "wrong-
wrong" students, .3 for each of the 4 "r?ght-wroﬁg" students, and .Z'ﬁor the

/n
’

ERIC ~ >
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"rignt-rignt” student. The overall likelihood of the obtainea cata, given the
set Of parameter estimates generating these probabiiities, is (.4)° - (.3)4 .
.000016589. As this likelihood is a function of the parameter estimates, any

set of estimates will.yield a unique value for the likelihood. . The procedure
7

in maximum likelinood estimation is to find a set of parameter estimates which

maximizes the value of this function, or, wnat i3 usually done, minimizes the™

negative of the log of the function. Uncer specifiaple conaitions, as the

nurper of respondents increases, this strategy will yield--with increasing

-

prcbability--values wnich are unigue ana wnicn have statistically cesirable

features (Rao, 1965, pp. 28S-302;. . J

\

, o -

The maximum likelihood procedure yieles several useful statistics in addition

to.the parameter egz?MEtes themselves. These 1nc]u5é the likelinocd ratio

cni-square and tne asymptotic covariance matrix of the estimates, from which

PN r

it is pbssib?e to corpute their stancard errors (Rac, 1G65). In larce sampqes,
Tike ghoée used’1n this stucy, tnese Stati1stics car ce Lsed to assess the
overall €it of tne model, and to construct ccnficence imtervais for the value
of tne parameters. The use of these statistics 1s furthe} descrived pelow, .

1n %he section on establisning criteria for gooaness of fit,
L]

H

Finding the maximun likelihood ‘estimates for a given model is, in technical

terms, a linearly constrained non-linear function minimization problem. The *

[

linear constraints are that all conditional probabilities and latent state
'proportions must be between zero and One,‘and that certaip subsets of these
parameters must sum to’unity. The problem 1§ non-linear because a given,

increment or decrement in the value of a pprticulér parameter w11l produce
\

»
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quantitatively different changes in .response pattern prcbabilities, depending

upon tne vaiues of tnat parameter and others. An algorithm for solving-

problems of this\Eﬁnd was published by Shanno‘(1976a, 1970b) and was imple-
mented in the computer program used by Murray (1971)."The same program,
with mnor Tsfificat1ons, was used in tﬁ1s stuo}i Becaﬁse the numoer of
pessible response patterns 1ncreasés very rapidiy with the 1tems consfidered,
the nurper of items that can be simultaneously analyzed is snarply 11mi ted.
Experience with the prograﬁ has 1ndicated tnat models witn up to four items
are corpletely tractable, Models witn five 1tems are roﬁghly s1x times more
costly to analyze, but do nog exceedztne capacity of tne program. Models
with s1x 1tems anc no more than tnree skills (e1£%t Jatent states) can be

' -

analyzed, but only at substantial cost, and mocels with more tnan six items

cannotege solved by the program I1n 1ts present form.

g.2. Estabiishinag Criteria for Goodness of Fits

K}

hs described by Rao (1965), tne maximum likelinood estimation procedure yields,

if the model is valid, a likelihood ratio cni-square, which 1s asymptotically

distributed as a chi-square on k-1-p degrees of freedom, where k fis the .
number of possibie response patterns and p is tne number of non-redundant

—6:rameters] estimated in fitting the model. The chi-squared fit statistic

3

]Certain sets of parameters must sum to unity, e.g., thesconditional pro- ‘
babilities of a true positive and of a false negative on the samg item,
or the probabilities of being in each possible Yatent state. Since given
all but one of the patameters in such a set the last may be obtained by
subtraction, each such set is said to contain one redundant parameter.
The choice of which parameter to regard as redundant is arbitrary. The
number of non-redundant parameters is the number wnich could be freely
chosen.

»
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* assesses the likelthood of obtaining the observed data, given that the sta-
tistiéaj model is a correctiand complete rep;ésentaiion of the process giving
rise to the data. A 1ar§e value indicates large departures of the-observed |
data from likely va1ges'given the‘model. Thus, in this application a small
chi-square is desirab1é. The size of the chi-sguare wi1{ also depend upoé
the size ‘'of the sample used, since the 1ike1ihoéd 5f stcrep§hcies of a given
size should be less 1f more persons are tested. That is to say, if the model
s@ecified were correct and complete, as more and more perscns were tested the

ocserved proportions of persons manifesting each possible response pattern

would ccme closer and closer to tne proportions predicted by the model.

.
.

*

The cni-squared test is sensitive to any lack of corresponcence between the
predicted and observed proportions for all response patterns. For purposes
of this study, nowever, not all sources of such lack of fit are of eaual
importance. Incomplete or inaccurate sﬁecification of either thé latent
states or the classification matrices may result 1n statistically significant
lack of fit. Adequate specification of misclassifications -was investigated

emprically 1n a preliminary study (Haertel, 1980 ), and guidelines were de-

-

veloped to minimize lack of fit due to misspecification of misclassifications.

Incomplete modeling of latent states, however, may be inevitable.

It is to be éxpected that in our current state of know]edgg, as it relates to

the modeling of latent states, some skills Qi]l be omitted. The substantive
- model, &hich was implemented in our earlier work (Haertel, 1980 ), included

nine skills, and w;s clearly simpler than the actual processes of reading

comprehensionf The mode] used in this study includes only one skill per
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test level, an additional oversimplification of thg total set of processes,

but one which apparently reflects what the tests afe capable of measu}ing.

-
~

While the effects of an omitted skill required by only one of a set of

items may be absorbed into the misclassification specification for that item
any omitted skil¥s common to two or more itéms and possessed by some but

not all stud§nts will contribute to the lack of fit. Some such effects can

be avoided, e.g.,.by not using more than one 1tem from a passage. Others,

nowever, wtll remain. The experience of researchers with models of this kind

has been tﬁgt with samples as large as those to be used in this study, non-
significant chi-squares are rarely obtained (e.g., see Murray, 1971; Proctor,
1970), In this study, lack of fit may arise riot only as a conseguence of
omitted reading comprqhensibn skills, but also aue to failu[e of the skills
included to function as underlying dichotomies. In addition, substantively
trivial departures from the predicted response pattern proportions may arise,
due to response biases on:the part of some children (e.g., a tendency to guess
the fourth choice), sex or racial/ethnic differences in the interest level

of 1nd1viaua1 passades, or any other systematic influence upon the responses

of a segment of the studené.populad.'n, operating across'items. ks described
below in the section on Hesigd‘bffects; data from stratified cluster(%ampleé,
¥ike those usea 1n this study, can only approximate the characteristics of a '
simple random sample. While an adjustment for this effect is made, it is

necessarily imperfect, and departures from the theoretical assumption of

simple random sampling may also perturb the fit-statistics in this study.

“

4

The sensitivity of the ovérall chi-square test tb omitted skills and the

difficulty 6f obtaining non-significant chi-squares with large samples



Ir addition to simple differences between observed and predicted proportions

A

: | -B6-

» -

“requires ‘hat additional criteria be established for Judiing the fit of

.the models. One such cr1ter10n\$s that)d1screpan¢1es‘p en the fitted ° “

L

and oﬁserved response paitern proportions, i.e., residuals, be small. Cri-
teria for the aEceptable magnitude of residuals, established on the basis of
two early sets of analyses, were used in gar11er analyses (Haertel,-1980 ).

(raw residuals), a standardized residual proposed by Cochran (1954) is

s

employed 1n estab{15%1ng tnese criteria, This standardized residuaﬂ 18
. ] ' M
asymptotically distributed as a normal deviate with {é}O mean and unig variance..
Wnile 1t will increase wff% sample size 1n much tné same way as the likeli-
nood ratio chi-sauare, it can provide information on wnetner lack of- fit is
. | 4 .
due to large residuals for a few cells (response patterns) or to moderate
_residuaﬁs 1n many cg]]s.' In the former case, papterns 0f residuals can pra-

vide Waluable 1nformation on the squrces of lack of frt, and can aid in re-

vising tne model to bring tne overall cni-square dowrn.

. ‘ \ -
B.3. Testing In#ividual Parameters ’

In this stddy, the major hypqthesés addressed tne existence of specific skills
and that specified hierarchical relationships held among them. These hypotheses

can be formulateJ-és.spec1fying that certain parameters are or are not equal

<

to zero. A rigorous procedure is available for testing hypotheses of~¢bli\\\N_\k
form. . ) .

If two skills are hierarchically relatgd, no student should possess the second

wno does not possess the first. .Thus, the proportions of students in any

[N

Y *
latent sta}es including the second®skill but not the first should be zero.

\

»

kY

e

LY
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Thd .hypothesis that tw6°ski11s aree@jéra!thical]y related is equ1va}ent,

therefore, to a hypothesis'that parameters representigg proptrtions of

students 1n latent- states oorrespoqj1ng to certain comb1naI?§i%)0f sk111

A
states are equal to zero. If one of the skiMs used in &§f1n1ng the latent g

states goes not describe a d1f:erence among 1items an‘ng\students, then:
0

pairs of .latent states differing only with respect t at skill may be

collapsed. This is.(mathematically) eqdiv&ﬁeht to setting the proportions
[ ]

r

of studentsﬁin all latent states for wh?th that skill 15 present'(or absent)
to zero. Thuse the h;%othesis that a ‘given sfill exists can be' considered
gguiva]g&t to the hyppthesis that the value is not zero for parameters rep-
resenting proportidns of students in at least one,latent state fncluding (or
not inc]ud;ng) that-skill. ) - .

To test whether One Or more parameters are Zero, ;wa,models are fitteg:

the fjrst‘model‘ the parameters to be tested are perm1tted to take on

valaes. The second”model is exactly like the f1rst 5except that the parameters
to be tested are forced equa],to zero. Since the éeCOnd model 1s simply

tﬁe first with certain constraints, tt must necessarily yiele a Rh1-square
greater than or equal to that obtained with the first model. Tt will aiZé
have more degrees of freedom--one more degree of freedom for each parameter
constrained to equal'zero. The arithmetic difference of the likel1hood ratio

-

ch1 -squares for these two models is known as a difference chi-square. It is

asympotot1ca11y d1str1outed as a-chi-square on as many degrees of freedom
s there were additiona] constraints imposed in the second model. Even if.
_the overall chi-squares -for the tWOfmodeIs are both significant, the dif-

ference chi-square need not be. It tests the spec#fic hypothesis that the

-




\{ . ) ,
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* specified parameters are all equal to zero, UNdQ{ the assumption that the

‘other aspects of the model are correct. » . .- T
' |

B.4. The Problem of Design Effects

¥ ¢
)

The thepry on which maximum 1i§e1ihood estimation and the associated statis-
‘ Arge : :
tics is based assumes a simple random sample from the %?puﬂation of interest,

Data to be used in this study, however, represent stratified cluster samples. ¢
In obtaining ‘ach of these data sets, a universe of schools was first de-~

fined, and all schools 1n.the universe were divided into strata according

]

to size, Tocation and other demographtc characteristics., Once strata were

defined, some schools were randomly sampled within each stratum, and the -

.

students tested were all clustered within these selected schools. In com-

parison to a simple random sample of students, stratification could yield

<
o

increasgd precision. The effett of clustering, nowever, is to reduce pre-
. cision® Thes is because opseewations on students in the same school are T

. correiated. Thus; additional observations taken in the same school contain

-~

t “less new information than observations on students selected at random from

- : .
the population. In the data used hm~this study, the net effect of stratifi-

‘cation of schools and cluster1ng of students within schools wgs to decre%se v
v : prec1s1on As a resulg, proportions of students manifesting different ieﬁl
response patterns are not expected to approx1mate popu]atwon proport1ons as

, : . closely as they would in a simp]e random samp]e of the same size. wh11el

this has no systemat1c effect on the parameter est1mates, 1t resu}ts 1n an

. .- inf]ation of the ]1ke11hqu'rat1o chi-square, aqd a ;educt1on in the esti-
£y ’ . V‘ . . -~ .
. mated standard errors of the parameters.
. |

"

« ) rms )
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A simple method is used to édjust for this effect. In ﬁracticé the varia-
bility of estimates based on a stratified cluster sample of a given size is

almost proportional to that of estimates based on a simple random sample of

a g v )
tne same size, and very close to that of estimates from a simple randem

.
-

sample of somewhat smaller size. The size of a simple random sample yilelding
the same precision as the actual stratified Muster sample is called the

v :
effective sample sizg. By substitutjing the effective sample si1ze for the

.actual sample size in these analyses, the correct values of chi-squares and

standard errors can be appréximated. Estimation of the effective sample
. 0
size for tne data to be used in this study is in the main text (4.).

L
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Display C.1. togits of Estimated Latent State Probabilities

Logits of Cumulative Latent State Probabilities

~
L]

Item Set Grade : <B <C <1 : <2
,,“,7 M B ' . P
X ] .1.681 BN p
: 2 -0.995 0,032 X
. 3 -0.695 -0.237 C
4 o -0.225% 0.016
5 -0.900 ., -0.731
6 -0.871
\
Y 21 71.319 .
2 -0.781 -0.076
3 -0.974 -0.044 :
4 . -0.008 0.221
5 -0.641 -0.443
€ ‘ ‘ B -1.830
9 ‘"
Display C.2. Estimated Yariances and Covar1ances)of Logits of Latent State
’ Probability Estimates”™ .
. ; | . : Estimatgd Dispersions (103)
S * Y
. o~ $1tem Set Grade first variance covariance second variance
X 1 « 1202.55 - . -
¢ 13.06 4.66 14.06
3 © 4,97 4.90 7.72
4 12.07 . 8.68 14.36
S g 14.86 9.57 15.84,
& 60.74 , - ) -
Y i 119.66 - -
' 2 4.49 1.81 3.57
3 5.20 3.26 12.21
4 5.28 2.98 .47
5 5.95 : 3.24 4.64 .
6 19. 30 - -
] - ¢
* N .
The-estimated covariance of the 1og1ts (f) of two probability estimates is
cBv(f(py) fm;)) L. cov p],p
p1(1 p b,)
. ‘ .
. ” ' .
o . ’-'1 i 4
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Display C.3. -Logisf:'ic Scale Values for Grades and States '

j : Item Set
Scale Value Parameter X

Baseline /"“,
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