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ABSTRACT

Psychometric Impacts of Abouesvel Testing. (May 201)
Russell homasWarne, BS., Brigham Young University

Co-Chairs of Advisory Committeddr. Myeongsun Yoon
Dr. Ernest Goetz

Abovelevel testing is the practiad administering a test levé@lof usually an
academic achievement or aptitudedegi a gifted or high achieving child. This
procedure is widely accepted in gifted education circles, on the basis of theoretical
claims that abowevel testing raises the testiling, increases variability among gifted
studentsé6é scores, Iimproves reliability of
improves interpretation of data from gifted students. Howemvelevel testinghas
not been subject toareful psychontec scrutiny.

In thisstudy, | examine reliability data, growth trajectories, distributjcarsd
group differencesf abovelevel test scoregbtained from the lowa Tests of Basic Skills
(ITBS) and lowa Tests of Educational Development (ITEBlubjects in this study were
224 studentsvho weretested a total of 435 times while enrolled in a gifted magnet
program for middle schoolers. Longitudinal analyses performed with hierarchical linear
modeling indicate thatubstantial differences exisétween students from
overrepresented ethnicities (White and Asian Americans) and those from
underrepresented ethnicities (Hispanic and African Americans) in both initial scores and

the rate of score gains. Gender differences existed only for the stterefincreases for



abovelevel reading scores. Socioeconomic differences existed, but did not have a
unique impact beyondhat of the ethnicity variable.

A discussion of these results within the wider gifted education research context
and suggestions fdurther research are included. An appendix to the study gives
information about item difficulty indexes for every item in the ITBS/ITED core battery

for the eighth, ninth, and tenth grade levels of Form C.
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CHAPTER |
INTRODUCTION

Gifted education experts have long recognized that regular standardized
achievement and aptitude tests are not suitable for testing the abilities othiftizen.
Gradelevel tests are designed to measure the middle levels of abiityere the
maj ority of s O asckientivety as pashiblel (Lohm&@ds; Mihniersa,
Thurlow, Bielinski, & Scott, 2000; Stanley, 1977). The emphasisypatal
standardized tests place on average studdtets makes the tests unsuitable for
obtaining accurate data on gifted children. Tas led researchers in gifted education
to look for different methods of objective assessnoégifted students One method
that gifted education researchers have used to test high ability children isataied
level testing Stanley & Benbow, 1981982). Above-level testing is the procedure of
administering a test to a gifted child who is younger or in a lowaategthan the group
for which the test was originally designed.

Abovelevel testing is a widespread and accepted practice in gifted education
where it is used tecreen students for Talent Search participation (Swiatek, 2007) and
full-grade acceleratiomésouline, Colangelo, Lupkowd8hoplik, Lipscomb & Forstadt,
2009 Rogers, 2002 Although there are isolated cases of abevel testing
throughout most of the 3@entury (e.g., Almack & Almack, 1921; Hollingworth, 1926,

1942; Stanley, 1951; Stedmdr924; Terman, 1926; Terman & Fenton, 1921; Witty &

Jenkins, 1935),itwasot a regul ar and widely accepted

This dissertation follows the style Gifted Child Quarterly



decade, Stanley begaretfirst Talent Search and screened sevanrit eighthgrade
gifted children for admission by administering the SAT to them. Through the effatts
researclof Stanleyabovelevel testing has become a widespread practice in gifted
education, mostly in @&alent Search contex&(Y. Lee, Matthews, & Olszewski
Kubilius, 2008, for a review of the present state of Talent Search prograimsye
level testing is also advocated by gifted education researchers in academic acceleration
(Assoulineet al, 2009 Rogers, 200Rand other gifted education practices (Gross, 1999;
Rogers, 2002).

Advocates of abowevel testing givdour main reasons faonducting above
level testing: (a) abovkevel testing raises the test ceiling which also makes &gty
examneesO0 scores mor e Vv arimmdvdsscerereliabditydi scr i mi |
when scores are obtained from abésrel tests, (cjnakesg i ft ed student sd sc
comparable to the scores of the older pupils for whom the test was desigreattif(d)
reduces regression toward the mean.

Problem Statement

Aboveleveltesting hasarely been the subject of psychometric study. Indeed,
most proponents of the practice cite a mixture of personal experience and theoretical
considerations to justify tharactice(e.g., Assoulinet al, 2009; OlszewskKubilius,
1998 Swiatek, 2007) Rarely have researchers attempted to exatheapsychometric
properties of abowevel test scoresuch as reliabilityr thevalidity of using an
academic test tecreenyounger students for gifted education programs and

intervention® a populatiorand purpose for whictihe test was not designed for.



Because currergtandardsn education testing mandates that changes in the mode of
administration of a test or change tlopplation that takes a test be validated by the test
user (American Educational Research Associg#dRA], American Psychological
Association& National Council on Measurement in Education, 198%3,important
thatresearctbe conducted on abovevd testing.

In this dissertation, Will focus ontwo heretofore uninvestigatespecs of
abovelevel test scoreseliability andpredictors of abowevel test score and score
change.Reliability is an important property of test scores, becausedtsures how
stable those scores are across different conditions (Kaplan & Saccuzzo, 2005). Although
advocate®f abovelevel testingclaim that abovédevel testing raises the reliability of
gi fted st ude.g.tKeadngtl@75yeporing dabigtysof abovelevel test
scores is rare (i.e., Loyd, 1@8Stanley, 1951) Therefore, in this dissertation | will
examine the reliability of a set of abeleyel test scores to see if the coefficients meet
the recognized standards of reliability esearch.

Despite the widespread opinion among gifted education experts thatlalelve
testing is a suitablmethod of measunggi f t ed chi Il drends abili
attempt to examine theajectory of score change for a sample of gifted studdml
do this type of growth modeling through use of hierarchical linear modeling (HLM).

HLM is a technique that also permits an investigation of how student characteristics (i.e.,
demographic factorgre related tdoth individual student scores acltianges in student

scores over time.



In addition to the reliability and change of abdegeel test scores,will also
examine thenfluence of demographic variables on observed al@we test scores.
The impact of demographic variables is important to examine, becauselabelvest
scores consistently show differences inglbeformance of different ethnic or racial
groups (e.g Ebmeier & Schmulbach, 1988;-Y. Lee & OlszewskiKubilius, 2006)
Moreover, gender group differences in abéieel test scores are frequently observed,
although not as consistently and with much smaller gaps than are observed between
ethnic or raciagroups (e.g., Barnett & Gilheany, 1996; Benbow, 182X Lee &
OlszewskiKubilius, 2006) Examining the strength the influence of demographic
variables on abovkevel test scores could give clues into the barriers of entry that
underrepresented groudpsnostly African Americans, Hispanics, and low income
studentd must overcome before participating in programs like Talent Search.

Another area of interest within gifted education is the investigation of the rate of
student learning gains. Because most esad achievement tests have ceilings that are
too Ilow to measure gifted studentsd | earnin
long-term learning of gifted students. Although theory dictates that gifted students
should learn faster than theirgre (Gagné, 2@®), few studies have been done to
determine specific information and influences on learning rate. Through this study, |
seek to examine the rate of score gains on an dbgetachievement teand examine
demographic influences on scorrts.

An examination othe psychometric angredictors of score argrowth of

abovelevel test scoresiayalsoprovide researchers with important information that



could have implications for program evaluation and individual educational planning for
gifted children. Program evaluation is an area that gifted education practitioners and
researchers have performed poorly (Borland, 2003; Gallagher, 2006; VarnBaska)
2006) Ifabovel evel scores can be used to track gi
education program, then the practice may potentially be incorporated into program
evaluation procedures.
Research Questions
The topicsof abovelevel psychometric score characteristics and growth
modelingwill be addressed through the five research questi@tow
1. What is the internal consistency reliability of the global battery, reading/language
arts, and mathematics scores drawn from an alews administration of an
achievement test?
2. Do gifted children make larger achievement gains in overall, redaingyage
arts, and mathematics scores than average students in a more advanced grade?
3. Do demographic variables (gender, ethnicity, and SES) influence the initial
scores or rate of overall, reading/language arts, and mathematics score growth of
gifted stuents?
4. What is the relationship between initial abdeeel overall, reading/language
arts, and mathematics scores and rate of scoretigf
5. What percentage of overall, reading/language arts, and mathematics score
variance is explainable through time, demagdnic variables, and cohort

membership?



These questionsereanswered through a longitudinal study in which all students in a
local middle school gifted magnet program were administered dbwgkversions of

the lowa Tests of Basic Skills (ITBS) and flogva Tests of Educational Development
(ITED). Through this study | hopeo increase substantive and psychometric

researchersd under standi ndevebtéststoree. properti e



CHAPTER I
LITERATURE REVIEW 1!

Gifted education experts have long recognized that regular standardized
achievement and aptitude tests are not suitable for testing the abilities of gifted children.
Gradelevel tests are usually designed to measure the middle levels ofcabititgre the
maj ority of s O asckientivety as pashiblel (Lolmiare 2005t Nirmema,
Thurlow, Bielinski, & Scott, 2000; Stanley, 1977). The emphasis that typical
standardized tests place on average students has led researchers in gifted education to
look for different methods of objective assessment in order to obtain accurate data on
gifted children. One method that gifted education researchers have used to test high
ability children is callecdibovelevel testing Stanley & Benbow, 1981982). Above
level testing is the procedure of administering a test to a gifted child who is younger or
in a lower grade than the group for which the test was originally designed.

The purpose of this chapter is to provide a comprehensive literature review that
traces tle genesis, development, and present status of déesietesting in gifted
education. In this chapter, | will place a special emphasis on the psychometric logic
behind abovéevel testing as | describe the justifications that gifted education
researcherbave used isupport of abowevel testing | will also critically evaluate the
current state of the literature supporting abtexe| testing, give recommendations for

further research on the practice, and describe the research goals that | havstémtymy

! A version of this literature review has been submitteldeper Review



Terminology and Search Procedures

Abovelevel testing can be contrasted wilowlevel testingwhich is the
administration of a test form to a child who is older or in a higher grade than the group
for which the test was designed, such asspexial education situatigMinnema,
Thurlow, Bielinski, & Scott, 2001) Both aboveand belowlevel testing are included in
the termout-of-level testing al t hough s ome-ofi evedr ¢tkeast $ ngoet
exclusively refer to either abovevel orbelowlevel testing. For the sake of clarity, this
article will -ueseelt heestirmgdalbecvause there i
term t ha+oflwivteH fewtti ng. o | -tevelgdstmgiis atso be not e
calledoff-grade testig (e.g., S:Y. Lee et al., 2008) anaff-level testinge.g., Gross,
2004), but these terms could be applieddow-level testingas well.

Several procedures were used in the attempt to gather all relevant scholarly
literature on abowevel testing. Kst, a search was performed for all of the above terms
in the PsycINFO, ERIC, and Google Scholar databases and all relevant articles were
read and analyzed. Second, the reference lists of articles from the database searches
were examined to find articlepapers, and other literature that did not appear in the
database searches. Thitligearly case studies of high ability childnerere examined
inordertofindearly (prd 9 7006 s ) e x a-epel testing. d-ihallya dfew e
miscellaneous searches specific tests (such as the Army Alpha and the Terman Group
Test) were also performed in order to see how those tests were used teabbve
testing. This final search procedure was performed in an effort to find additional early

case studies of abovevel testing. It should be noted that the various terms defined in



this section also appear in the literature unhyphenated, which was taken into account
during the literature search.
Development of Abovelevel Testing

Above-level testing is almost addoas standardized testing itself. During the
process of the creation and norming of the Army Alpha and Army Beta tests, elementary
and high school students were administered both tests (Yoakum & Yerkes, 1920).
Shortly after World War [, the Army Alphaag also administered to students as young
as llyearsold in studies that would today be viewed as primitive validity studies
(Almack & Almack, 1921; Madsen, 1920; Madsen & Sylvester, 1919).

Like many milestones in the history of gifted education, tts dase of true
abovelevel testing in the literature was conducted by Lewis M. Terman. Along with his
colleague, Jessie C. Fenton, Terman administered the Army Alpha and the Terman
Group Test to a-yearold girl in November 1919. The child scored 71tlo@ Army
Alphad approximately equal to the average score of a fowyearold nativeborn
White American mal& and 151 on the Terman Group Test, which was the median score
for grade 12 (Terman & Fenton, 1921, pp.-%%). Unfortunately, Terman and Femto
did not explain why they gave these abtsweel tests to the severearold examinee.
However, at the time, Terman was preparing for his landmark longitudinal study of
gifted children and the test administrations may have served as a pilot test for the
suitability of using the Army Alpha and the Terman Group Test in his later research.

l ndeed, the girl was | ater a member of

Jensen, & Terman, 1930; Terman, 1926).

t

he
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Terman would later administer the eigiyfade ével of the Stanford
Achievement Test in an abolevel fashion to 100 high IQ students with an average age
of 9.86 years in order to compare them to a group of 96 regular -g@gidbrs from a
previous study performed by Kelley (1923). Terman explaihedagic of his choice of
usingabovd evel testing by saying, AA group of g
be satisfactory because their scores would too often be close to or actually at the
maxi mum possible with the a8tl3%6 p.810)INAchi even
other words, the ceiling for the Stanford Achievement Test was too low for gifted eighth
graders, so Terman had to choose a younger group of gifted children for the test in order
to measure the gift edtoovercomethedimi@drangemial i t vy .
gradelevel test is a longunning theme in the literature on abdegel testing.

Other instances of abovevel testing are scattered throughout the early gifted
education |literature. W92 padminiseeredhttien 6 s 1 nf | u
Terman Group Test and the Army Alpha to children as young-asntll9yearsold,
respectivel y. Similarly, W tty and Jenkins
administering adultevel tests (the Otis S. A., Army Alpha, and MdQaulti -Mental
tests)toaYearol d Afri can American girl. Out si de
Almack and Almack (1921) administered the Army Alpha to a convenience sample of
gifted high school students, which included tweyEhrolds who had beeaccelerated
in their school progress. Similarly, Hollingworth (1926, 1942) seems to have
independently thought of abolevel testing when she gave the Army Alpha to children

aged 7 to 13.
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None of these other early researchers explained clearly whytrey
administering abowevel tests. Perhaps the problems of the low test ceiling of-grade
andagd evel tests were so obvious to these re:
explaining the rationale behind their abdeegel testingFor example, the pattn of
Hol Il i ngworthos (1942) records could indicat
the early 1920060s when her students were sco
StanfordBinet 1Q test, but she did not explicitly say this.

Also, none of the ey abovelevel testing practitionedsincluding Termad
indicatedwhetheror how the abowevel test scores were used in educational practice or
planning for the gifted children. The only exception to this is Hollingworth (1942), who
stated that Army Alpa scores from two of her high 1Q case studies (labeled Child C and
Child F) influenced their placement in the special schools that she ran in New York City,
but the details on the decision making process and the magnitude of the role ef above
level test sores in decision making are unclear.

Of all the early incidents of abolee vel testing, Hol Il i ngwort
work had the greatest future impact. In 1969, Julian Stanley of Johns Hopkins
University encountered a mathematically brightygarold boy. Drawing upon his
knowl edge of Hollingworthoés work, Stanley a
Aptitude Test (SAT) to the child (Stanley, 1990). Stanley, being a psychometrician and
methodologist with a passing interest in gifted educati@mfBw & Lubinski, 2006),
had previously administered tests ab¢ewel, but these endeavors had generated little

interest (Stanley, 1951, 1954). The young teenager excelled at the SAT and eventually
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earned a bachel or 6 s an dbemg heavit aceelefated idhesgr ee a
education (Stanley & Benbow, 198982). Within a few years, Stanley had found over
2000 middle school students who scored above the mean of high school seniors on the
SAT-M (Stanley, 1976, p.5). To accommodatethosehi | dr end6s speci al ec¢
needs, Stanley created a curriculum of accelerated mathematical instruction. This
proces8d based on abovkevel testing is called Talent Search and has spread to other
universities around the United States (se¥.S.ee et &, 2008, for a review of the
present state of Talent Search programs).

Stanley was familiar with Termanods | ongi
(Burks et al., 1930; Terman, 1926; Terman & Oden, 1947, 1959) and understood the
importance of followingup on the educational outcomes of the high ability children that
he found through aboJevel testing (Stanley, 1990). Therefore, Stanley launched the
Study for Mathematically Precocious Youth (SMPY) to study his high ability pupils
(Stanley, 2005). Mutof the research on abelevel testing has come out of SMPY
and Talent Search programs, and what little independent research there is elexaddove
testing is highly influenced by Stanleyds w
examining the litertre on abovdevel testing.

Rationale of AboveLevel Testing

As researchers have written about ablexe| testing, they have given several

empirical or theoretical justifications for the practice. In my review of the literature, |

have categorized thesnto four general claims about the benefits of aHevel testing:
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1. Abovelevel testing raises the test ceiling for gifted examinees which makes
the observed scores of gifted students are more variable and discriminating
when obtained from aboyevel tests.
2. Score reliability improves when gifted examinees are tested dewvsk
3. Gifted pupil sd scores ar whomtbetgstar abl e t
were designed.
4. Regression toward the mean is reduced through aeeeétesting.
The following section of thishaptemwill examine the psychometric theory behind these
claims and also evaluate relevant empirical studies in an effort to judge whether above
level testing is an empirically supported and theoretically justified practice.
Raising the Test Ceiling
The use of abovievel testing has largely been driven by a practical need to
examine the abilities of gifted children. The literature in gifted education is full of
examples of bright children obtaining the highest possible seoregular tests (e.g.,
Gross, 2004; Ruf, 2005). Indeed, the oldest justification for atewes testing
(Terman, 1926) was that it was needed to examine the abilities of children because
regular tests were too easy for the gifted. Although the reagaold, the claim that
abovel evel testing is needed to raise the tes
has been echoed in more recent times (e.g., Assouline et al., 2009; Feldhusen, Proctor, &
Black, 2002; OlszewsKKubilius & Kulieke, 2008 OlszewskiKubilius & S-Y. Lee,
2011;Rogers, 2002; Stanley, 1977). In fact, raising the test ceiling is the most

commonly stated rationale for abelsvel testing.
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Without question, the empirical literature supports the view that the test ceiling
for gifted children is raised through abelevel testing (e.g., Achter, Lubinski, &

Benbow, 1996; Keating, 1976; C. J. Mills & Barnett, 1992; Terman, 1926; VanTFassell
Baska, 1986). In fact, | have been unable to find an example in the literature of a group
of gifted children who have not obtained higher scores on a test that was at least two
levels above their age group than the maximum scale score of thdeyalest. The

fact that abovdevel testing has raised the test ceiling for high ability exarsirsee

probably the most consistent finding presented in this literature review and one of the
hardest to ignore.

However, there is no strong consensus about what constitutes an observed
Aceiling effect,d beyond obt aielevelnegt. t he maxi
Validation studies on the cutoff scores for children to be eligible to take the SAT or ACT
to apply for Talent Search programs have frequently found that children who score at the
95" percentile or higher on a gratievel test tend to obtaiscores on an abovevel test
that would be approximately average for students four or more years older than them
(Ebmeier & Schmulbdg 1989; LupkowskiShoplik & Swiatek, 1999; Olszewski

Kubilius, Kulieke, Willis, & Krasney, 1989; Olszewskubilius & S.-Y. Lee, 2011,

VanTasselBaska,1986)? More research needs to be done to investigate the exact

21t should be noted that 7.0% of Lupkowskihop | i k and Swi atekds (1999) sampl
levels above their nominal grade, 35.8% were tested three levels above their nominal grade, and 67.2%

were tested four or five grades above their nomiradg. Unsurprisingly, as the difference between grade

and the test level increased, proportionally fewer students obtained a high enough score for admission into

Talent Search. OlszewsKiubilius & S-Y. Lee (2011) found similar results when examining iflmpact

of gifted student s 0-lesaedSAT, ACTIENhEXPLOBE saoles. on above
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purposes, populations, and conditions with which allevel testing should be
attempted outside of a Talent Search setting.
Increasing Score Variability

Rasing the ceiling is also important in gifted education research because a low
test ceiling produces findings that may be plagued by restriction of range problems,
which usually attenuate correlations, water down effect sizes, and cloud the
interpretatiorof statistics (Kaplan & Saccuzzo, 2005). Moreover, a restriction of range
makes examinees appear more alike than they really are, which causes problems in both
research and practice (Johnsen & Corn, 2001). Warne (2009) gave the theoretical
example of twdirst-grade students who score in th&'@@rcentile of math ability,
saying, A. . . one of them may be able to d
be able to do pralgebra. Even though their percentile score is the same, their
mathematicah bi | i ti es are differento (p. 50). Th
almost any score metric, although some metrics (like percentiles) have lower ceilings
than others (such as scale scores elik@scores).

Gifted education proponents have proposed almxed testing as a solution to
the restriction of range problem often found in gifted education (LupkeSiséplik,
Benbow, Assouline, & Brody, 2003; Keating, 1975, 1976; Swiatek, 2007; VanTassel
Baska, 1996) Empirical evidence on abovevel testing has supported claims about the
increased variability of abovevel test scores. For example, many studies associated
with Talent Search programs have found that test scores were far more variable with

abovelevel tests than with gradevel tests (e.g., OlszewsKiubilius, 1998b;
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VanTasselBaska, 1986) and abovevel test scores often form a distribution that is
approximately normal (Keating & Stanley, 1972, p. 4; Lupkov&koplik & Swiatek,
1999, p. 269) By raising the test ceiling, abovee vel tests also all ow
test scores to become more variable and better manifest the differences among the gifted
(Lubinski, Webb, Morelock, & Benbow, 2001; Olszewskibilius & Kulieke, 2008
OlszewskiKubilius & S-Y. Lee, 201}.

The greater discrimination among gifted examinees of alswes tests is
partially due to the increased variability among scores with alewet testing (e.g.,
LupkowskiShoplik et al., 2003; OlszewskKiubilius & Kulieke, 2008,VanTasseH
Baska, 1986). The importance of this improved discrimination among high ability
students should not be understated. Benbow (1992), for example, has shown that above
level tests have the ability to detect differences among the top 1% of eesnaind that
the abovdevel test scores can make predictions about educational attainment, salary,
and other important outcomes. Lubinski, et al. (2001) showed that the discrimination
power of abovdevel tests even extends to the top .01% of abilitheWone considers
the poor discriminating power of regular grddeel tests among the top 5% of
examinees, to be able to distinguish among the abilities in the top 1 in 10,000 students is
a phenomenal property of abeleyel testing and one not to be telightly.
Improved Score Reliability

Advocates of abowevel testing claim that aboyevel test scores are more
reliable for their special populations than gréeleel scores (Keating, 1975, 1976). The

logic behind this claim is based on the faetttinost gradéevel tests are designed to
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measure the largest possible number of students as efficiently as possible. This means
that the majority of test items correspond to the mitiellel ranges of ability. Because
of the lower number of items corpEmnding to high levels of ability, the scores estimated
from those items will usually be less reliable (Lohman & Korb, 2006; Minnema,
Thurlow, Bielinski, & Scott, 2000). Therefore, more difficult tests will have more items
corresponding to many gifted stke nt s 6 abi |l i ties, and the obse
higher reliability than scores obtained from a grile| test.
Kieffer, Reese, and VacHdaase (2010) used different logic to reach the same
conclusion about graedevel tests generating poorly relialalata for gifted children.
They stated that the constr-tevenestdcorear i ance o
theoretically drives down reliability coefficients. Because reliability can be understood
as a squared correlation between true scoreslasehed scores, any constraints on the
variance of observed scores will likely reduce reliability coefficients. Kieffer et al.
(2010) provided a convincing theoretical example of how a gead# test and a
selected population (like gifted students) cambine to generate scores with very low
reliability.
Despite the sound psychometric reasoning edettheoreticalargumend and the
support for hemamong researchers examining belewel test sces (e.g., Bielinski,
Thurlow, Minnema, & Scott, 2000}he onlyreports of abowdevel reliability
coefficients from aifted education researchiat | have been able to find are from
Stanley (19%) . Even Stanleyods report on reliabil

researchers because of the age of theystud St anl eyd6s (1951th¢ study
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fact that the coefficient is a sphtalf reliability coefficient corre@d by the Spearman
Brown propheg formula(in accordance with the accepted practice at the time).
However there is no evidence thidie halves of the test were sufficiently equivalent.
Also, Stanley used an instrument (the NelS@nny Reading Test) that hastsince
been used in abovevel testing.

It seems that gifted education researchers quietly assume that thdeatmbve
teststhey use will produce sufficiently reliable scores when administered to gifted
students, despite the fact that these tests were not designed with such unusual examinees
in mind. Test scores are a product of many different factors: sample characteristics,
testing environment, test items, previous exposure that a child has had to test content,
and many other issues. Becatus@bility is not a property of tests, but rathgraperty
of test scoregKieffer, et al., 2010Thompson & Vachdlaase, 2000; VdaHaase,
Kogan, & Thompson, 2000he assumption that abclevel tests will produce high
reliability coefficients may be erroneou8bovelevel tests are administered to different
populations under different conditions and for different reasons than thle same tests
are administered as gratvel tests. For this reason alone, future researchers who
conduct analyses on abeleyel test scores should report reliability information on their
data. Indeed, current reporting standards in both eduaithpsychology requiral
researchers to report the reliability of the data at hand (AERA, 2006; Wilkinson & the
Task Force on Statistical Inference, 1999).

At least one researcher who was not directly concerned with gifted education has

administered abavlevel tests and examined the ensuing reliability coefficients. Loyd
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(1980) found that the most able students in her study obtained the most reliable scores

with the highest level of the test she administered, even when the children were younger
thanthepopul ati on that the test was designed f
of reliability in abovelevel testing is incomplete because she still encountered ceiling

effects that often prevented the most able students from obtaining highly retiatds s

on some subtests (p. 97). Therefore, more research is needed to determinethdether
assumptions on the reliability of abeleyel test scores are tenable.

Reliability coefficients are likely the most common measure of score reliability,
but they &e not the only one available to researchers. The standard error of
measurement (SEM) is another viable option for reporting reliability information.
However, because reliability coefficients and the SEM are algebraically related, the
SEM still carriestie assumption that it is constant across all score levels, which limits
the usefulness of the SEM in examining the reliability of extreme scores. Researchers
also have the option of reporting a conditional SEM, which varies according to observed
score ands therefore better than a reliability coefficient or the regular SEM. The
mechanics of producing a conditional SEM are beyond the scope of this article, but the
interested reader should consult Kolen, Hanson, and Brennan (1992). However, the
technicalmanuals for a few muHevel tests, such as the Cognitive Abilities Test
(Lohman & Hagen, 2002, pp. 88), give conditional SEM values for different scores
on different levels of the test, permitting researchers to estimate how much error would

be reducd by administering a different test level.
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Better Comparability and Use in Educational Planning

Despite the young age of some abéeel testing examinees, many gifted
education researchers believe that high ability students are often better compared to
groups that consist of older children. In other words, children who are advanced
cognitively should sometimes be compared to cognitive peers and not age peers. This is
an implication of one definition of giftedness in which gifted children are underasod
being in a more advanced stage of cognitive development than their age peers
(Morelock, 1992). When a childbés cognitive
that of his or her age peers, that child has different educational needs than hisger he
peers. Indeed, his or her needs may better resemble those of a regular developing older
child (Morelock, 1992). Therefore, an abdegel achievement test comparison to
norms consisting of older children may provide better information and be more
inf ormative about the childbés educational n e

As researchers have interpreted ablewel test scores, they have mostly come to
the conclusion that such scores can be interpreted the same way that the scores would be
i nterpreted f oiation hFerextampet Grass (2004) aumimstered
abovelevel tests to her sample of highly gifted children (IQ 160+) and found that
interpreting the test scores as if the children belonged to the older norm group was
supported by her intense behavioral oatons and interviews of her sample. This
ease of interpretation makes sense under the theory that intellectual giftedness is merely
a case of advanced cognitive developmdinshould be noted, however, that Gross used

career interest inventories, penality tests, and educational planning tests in above
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level testing, and score interpretation of such tests may be radically different than above
level achievement test score interpretations.

The claim that abovtevel test scores from gifted children can be interpreted the
same way as scores from a regular population taking the same test is bolstered by a study
examining factor structure and measurement invariance between high schgifieaind
seventh grade students. Minor and Benbow (1996) found that the structure of test
responses on the SANI was identical for both groups of students, as were the
magnitude of the factor loadings and the item error varianteis. studysupports the
claimthat test results can be interpreted identically for highdehgand gifted seventh
gracers despite the age difference between the two grodpsvever, Minor and
Benbowds study is flawed, because it relies
hawe shown can distort item structure, hide a lack of invariance, and inflate goadness
fit statistics (Meade & Kroustalis, 2006; Nasser & Wisenbaker, 2003). Moreover, Minor
and Benbow did not compare the invariance of item intercepts across groupsgmeanin
that not all aspects of true measurement invariance have been investigated for
abovelevel test.

Regression Toward the Mean

Regression toward the mean is the statistical phenomenon where examinees who
obtain extreme scores tend to obtain scoreeclosthe mean when retested. In other
words, gifted students seem less gifted when retested and struggling students seem to
improve when retested (on average). Regression toward the mean occurs any time two

scores are not perfectly correlated (i.e., whé 1 .-10). dTlis imperfect correlation
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can result from unreliable scores, the passage of time, or merely because two scores
measure different constructs.

Regression toward the mean is a severe problem in gifted education. Lohman
andKorb (2006) n t heir | andmark article AGifted
with real longitudinal data that about half of students who obtained scores in the top 3%
of the lowa Tests of Basic Skills composite battery did not obtain scores in the top 3%
five years &ter (p. 465). Similarly, when Terman retested some children in his gifted
sample about eight years after they were originally identified, he found that the average
|l Q had decreased. Some of these changes

statigical regression always found in a group of deviates selected on the basis of a

fallible test . . .0 (Burks et al., 1930,

The formula for calculating the amount of regression to the mean is rather
simple. First, one must obtain a predicted retgstscore @Hyfrom the following
equation:
oHu 1 ¢a
wherer,y is the testetest reliability of the scores, amgis thez-score of the first
obtained score. Thereafter, the amount of regression toward the mean is calculated by
Y DS
which can easily be converted back to the units in which that the original scores

measured.

% For a more detailed and technical treatise on the relationship between reliability, high ability, and
regression toward the mean, see Ziegler and Zielger (2009).

n

Y
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Therefore, the amount of regression toward the mean is a result of two values:

the original observed scores and the reliability of the observed scores. Regression

toward the mean should be reduced by either (a) obtaining scores closer to the mean, or

(b) increasing reliability. Theoretically, aboelsvel tests serve both of these functions,

because gifted childrends scoreslagond usuall

the abovdevel test (e.g., Barnett & Gilheany, 1996) anals stated earliérabovelevel
tests should also raise reliability coefficients. However, the impact of déoske
testing on regression toward the mean has not been empirically tested.
Other Research of Note on Abowé evel Testing

Since the | aleve testihhdd besgme aviidely accepted practice
in gifted education, due mostly to the promising results from Talent Search programs
and the test scorceamtéomsastimpatangto stakehdlders. yMost af
this evidence stems from SMPY. For example, Benbow (1992) showed that pre
adol escentsd SAT scores are moderately
College Board Achievement Test scores, the nuraberath and science courses taken
in high school, the selectivity of the college attended, and undergraduate GPA. Later
follow-ups of the SMPY sample or subsets of the sample showed that the predictive
power of abovdevel testing extended even furthetaithe future. SMPY students who

obtained high scores on abelewel tests were later 25 times more likely than average to

obtain a doctorate (Lubinski et al., 2001, p. 725). Also, the top quartile of Talent Search

students were more likely than thosehe bottom quartile to earn a higher income than

average (effect size=.16), acquire a patertt € .18), and obtain tenure at a university

pred

good
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(h=.28) (all effect sizes from Wai, Lubinski, & Benbow, 2005, pp. 486, 487; see also

Lubinski & Benbow, 2006). To say that these results are impressive would be an

understatement, especially because some of these outcomes occurred decades after the

abovelevel test scores were obtained. Oszew@Kbilius (1998a) appropriately stated

the usefulnessf the SAT as anabodeevel i1 nstrument when she s

field of education had such power ful predic
Extensive research has been performed in order to determine wherave

testing is most appropt&for Talent Search purposes. This is because the tests are

bet ween two and five years above the chil dbo

program administratorsoé best interest to ad

Empirical studies show that testing four or five levels above grade should only be done if

the child can obtain a score at thd'@®rcentile or higher on a regular grddeel test

(Ebmeier & Schmulbach, 1989; Lupkows&hoplik & Swiatek, 1999), although the

stanhr d may be | owered if the test | evel 1is ¢

i sndt as intensive or s eKuleliosteialv,2898%.s Tal ent S
Threlfall and Hargreaves (2008) conducted a study to see if 475 giftear8ld

children use the same problem solving strategies for math items as 230 aveyage 13

old children. Giving both groups novel problems, the researchers examined the

proporton of students in the groups who chose to use various problem solving strategies.

Despite the large number of students in each group, Threlfall and Hargreaves did not

find any statistically significant differences between the proportion of students etio us

each problem solving strategy. This lends credence to the belief thatlabelMest
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scores can be interpreted for gifted students the same way that the test scores can be
interpreted for the norm group. However, Threlfall and Hargreaves used/gesithat
neither subject group had ever seen before, whereas in mostlabehMesting the older
group would have been exposed to Moot alld item types on an achievement test.

A final, more miscellaneous study on abd&eel testing should be nate
Pervasive evidence of gender differences among the top echelons of mathematical ability
(e.g., Benbow & Stanley, 1980) prompted a study on item bias of theVB#ith
regards to gender (Benbow & Wolins, 1996). In the study, the researchers found that
despite most items on the test being easier for the male gifted adolescents, there was no
evidence of any meaningful itelavel bias in the SATM. To date, this is the only
study on iterdevel bias with abowevel testing. Other group differences in adtevel
test scores (e.g., differences among ethnic groups) warrant further investigations of item
bias in abovdevel testing.

Discussion

The research performed thus far in abtaxees| testing has provided a firm
foundation for research into how abele®el tests function with gifted populations. The
findings also have led to experimentation in ablewel testing in noracademic
domains (Achter et al., 1996; Gross, 2004). However, there are still some issues that
remain unresolved. Most importanthgsearch on the psychometric properties of above
level test scores is mostly limited to the SAT and its subtests. Some work has been done
on other Talent Search tests, such as EXPLORE (Colangelo, Assouline, & Lu, 1994;

LupkowskiShoplik & Swiatek, 19990IszewskiKubilius & Turner, 2002) and the
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Secondary School Admissions Test (LupkowSkioplik & Assouline, 1993; C. J. Mills

& Barnett, 1992). But these studies do little beyond showing a raised test ceiling or
establishing cutoffs on gradevel tests dr eligibility to take an abowevel test for

Talent Search admission. Given the widespread endorsements ofetesting of

the gifted (e.g., Assouline et al., 2009; Colangelo, Assouline, & Gross, 2004; Gross,
1999; Rogers, 2002), more psychontestudies are needed to understand how items
andt est s fAibehaved when admi niAdso moretestst o a
should be evaluated for their suitability for abdeeel testing.

Evidence for validity of interpretatiored abovelevel tess is also lacking in the
published literature Despite statistically identical structures and relatively similar
interpretation of abowevel testing scores, most researchers and practitioners who
conduct abowtevel testing use abovevel academic ackvement tests as aptitude tests
for younger, gifted students (e.g., Assouline et al., 2009; Lubinski & Benbow, 1994;
Stanley, 1977). In other words, researchers are using tests of past learning (i.e.,
achievement tests) as estimators of future poteea) aptitude tests).

Some readers may find a contradiction between using an achievement test in the
service of evaluating aptitude and the claim that albewvel test scores can be
interpreted as if the gifted students were members of the older noutapop. The
contradiction is a real one, despite a conceptualization that the distinction between
achievement and aptitude tests is unclear (e.g., Merwin & Gardner, 1962; Schmeiser &
Welch, 2006; Zwick, 2006). Modern theorists recognize aptitude aslaqi of

interest, motivation, affect, the specific environment, intelligence,-cugaitive

you
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abilities, and academic experiences (Corno et al., 2002). At most-l@veléests may
measure the knowleddsmsed and reasoning aspects of academic aptiitlteexact
degree to which a given abolevel test measures aptitude or achievement may be the
result of a wide variety of factors, some of which may be unique to each examinee (e.qg.,
the test level, the age of the child, the opportunity to learn the atdwanced material,
test content). Further research is needed on this issue and whetheleabbteasting
can equal or surpass traditional ability tests in measuring high levels of academic
aptitude.

So what construct(s) do abelevel academic achiew@ent tests measure? At
the very least, the SAT, ACT, EXPLORE and similar tests measure the suitability of
participating in a Talent Search program. This interpretation of dleoeétest scores is
likely beyond dispute. The only other specific intetatien that has been studied is as a
measure of academic preparedness for acceleration. Unfortunately, the only studies that
have examined this interpretation have been in conjunction with the lowa Acceleration
Scale (Assouline et al., 2009) and are remrpeviewed (see Appendix D in Colangelo
et al., 2004, for a summary of this research). The lack of an interpretation framework of
abovelevel test scores outside of a Talent Search context may be one of the great
stumbling blocks that prevent school gmmnel from using abovevel testing more
often.

There is also little understanding of the circumstances under which-Ewvave
tests should be administered outside of a Talent Search or grade acceleration context.

Can abovdevel tests be used to idég gifted children in a local school district? Are
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abovelevel tests useful for program evaluation or accountability purposes? Do above

level tests manifest racial bias that is absent when they are administered to regular

samples? How can aboleveltesting impact dayo-day instruction in schools?

Should practitioners distinguish between the test level administered to a gifted child and

the norm group used for comparison when interpreting scores? What are the cognitive

response process that a giftehild uses when answering abdegel test items? These

guestions and others are in dire need of investigation before-Eh@leesting becomes

a common practice outside of Talent Search programs. Researchers could also explore

more advanced psychoirie questions, such as the possibility of growth modeling to

measure academic progress, the investigation of aleeeétests with item response

theory methods, or the impact of linking methods on observed dbositest scores.

Studies examining atif these issues would broaden understanding of exactly how

abovelevel testing affects the psychometric properties and interpretation of scores.
Many of these new issues in abdegel testing will require a change in research

on how the practice has thizs been conducted. For example, improving the

interpretation of abowevel test scores and understanding what construct(s) they may be

measuring may be difficult to determine with the SAT. A mleiel, vertically aligned

test, such as the lowa TestBasic Skills (ITBS; Hoover, Dunbar, & Frisbie, 2001)

would be a more appropriate instrument for this type of research, because the nationally

representative norms and carefully documented item content at each test level would

permit researchers to ung@nd the relative influence of student ability and test content

on abovdevel test scores. The ITBS and similar instruments would also be more
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appropriate for studying growth modeling, program evaluation, and many other topics
related to abowevel tesing.

Also, gifted education researchers will likely need to branch out from Talent
Search samples in order to better understand adleoeétesting. The vast majority of
the abovdevel testing research cited in this literature review is an outgrowthleht
Search programs, which Matthews (2008) has criticized for several reasons: a total lack
of random assignment or sampling, an operational definition that equates giftedness with
a high test score, and a lack of economic or cultural diversity. Atlesie
characteristics limit generalizability of Talent Search findingscluding those
reviewed in this article. To combat these problems, future researchers must use above
level testing with gifted noiTalent Search samples.
Alternatives to Above-Level Testing

Abovelevel testing is not the only feasible method of collecting high quality
information about intellectually gifted chi
have the option of selecting tests with naturally high ceilings for purpdses
identification. Traditional intelligence testjch aghe StanforeBinet 5 or the
Wechsler Intelligence Scale for Childrén Fourth Edition, have high ceilings,
sufficiently high reliability for intellectually gifted/high intelligence examinees, and
clear interpretive framework supported by a large body of research (Roid, 2003;
Wechsler, 2003). The Screening Assessment for Gifted Elementary and Middle School
Student®d Second Edition also has a high ceiling and acceptable reliability in the gifted

range (Johnsen & Corn, 2001).
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For purposes of tracking learning and educational progress, however, options for
evaluating intellectually gifted children are more limited. One possible alternative to
abovelevel testing is to use computer adaptive tes{l@AT; Gershon, 2005) to track a
gifted childds progress through a curriculu
large pool of items that span a continuum across several gradé |ewish would
likely make CAT financially unfeasible unless the lodistrict or state already had such
a system implemented as part of their regular assessment procedures. If practitioners do
not wish to make crosgrade score comparisons, then conteaged assessments are
also a viable possibility. However, becausangnof these assessments do not meet the
rigorous standards of psychometric practice, these may not be suitable for research or
high-stakes decisions.

Conclusion

Overall, the research examined in this literature review supports the practice of
aboveleveltesting. As researchers and practitioners perform alewet testing, they
can be assured that the basic assumptions behind the practice are psychometrically
soundespecially as those assumptions relate t
variahlity. However, further research is needed to investigate the reliability of above
level testing scores, the suitability of more instruments for alexed testing,
regression toward the mean, the usefulness of the procedure Traleom Search

settings and the validity of score interpretations.
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In this dissertation, | will attempt to shed light on some of the areas of-above
level testing that are thus far uninvestigated. Specifically, | designed this study to
examine five research questions:

1. What isthe internal consistency reliability of the global battery, reading/language
arts, and mathematics scores drawn from an alews administration of an
achievement test?

2. Do gifted children make larger achievement gains in overall, reading/language
arts, ad mathematics scores than average students in a more advanced grade?

3. Do demographic variables (gender, ethnicity, and SES) influence the initial
scores or rate of overall, reading/language arts, and mathematics score growth of
gifted students?

4. What is therelationship between initial abovevel overall, reading/language
arts, and mathematics scores and rate of score growth?

5. What percentage of overall, reading/language arts, and mathematics score
variance is explainable through time, demographic variablescohort
membership?

In addition to the knowledge that will be gained through the examination of these
guestions, this study is designed to overcome some of the criticisms that Matthews
(2008) made of Talent Search research. For example, as desworibedallowing
chapter, the sample in this study will be less selective than a Talent Search sample and is
more economically and ethnically diverse than many samples that have been described

in previous research on abelvel testing. Moreover, this stied occurred in the
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context of a school district and regular gifted education praétioes the
extracurricular setting of Talent Search programs or the rarecpeening for grade
acceleration. Through these research questions and design, | hopeagg=ater

understanding of abovevel test scores and their interpretation.
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CHAPTER 1l
METHODS
Participants
The participants in this study were all the students at a gifted middle school
magnet program located in a r8tzed district in the southern United States during the
20082009 and 2002010 school years. The students in the study were divided into
four cohorts. Figure 1 shows the grade level for each cohort at each point in the study.
Cohort 1 consisted of those students who were in the eighth grade ttheriirgt year of
the study (i.e., the 2008009 school year). Cohort 2 consisted of studentswére in
the seventh grade duritige first yearof the study. Cohort 3 consisted of students who
were in the sixth grade durirtige first yeaiof the study. Cohort 4 consisted of students
who were in the fifth grde duringthe first yeaiof the study(i.e., they did not enter

middle school untithe secongear)

Grade 8 ‘Cohort 1 < Cohort 2

Grade 7 ‘Cohort 2: Cohort 3

Grade 6 \Cohort 3 Cohort 4

0 ] 2 3
Time

Figure 1 Relationship of time points in the study, cohort numbers, and grade levels. All
time points are six months apart. Members of Cohort 1 were only present for time point
1. Members of Cohort 2 and 3 were present for all time points, but advanced grades a

time point 2. Members of Cohort 4 were only part of the study at time point 3.
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Because the magnet program that serves students in gr8d€oBort 1 was only
measured during the first year of the study (Time 0 and Time 1) and Cohort 4 was only
measued in the second year (Time 3) of the study. Therefore, the research questions
that address rate of score gains were only investigatedattbrts 2 and 3. All other
research questions were addressed with dama members of all four cohorts.

During Year 1 of the study, the prograncluded 138 students. During the
second year, the prograintiuded 170 students. The exact cohort sizes varied between
37 and 61 students, with cohorts tending to grow larger as time progressed. The exact
size of each cajrt at each point in the study is displayed in Figure 2. In total, 224
students were tested at least once, with 435 alewet tests administered in total. One
hundred twentysix students were White (56.2%), 72 were Hispanic (32.1%), 22 were
African American (9.8%)three were Asian American (1.3%8nd one was of unknown
ethnicity (Q4%). One hundred students were male (44.6%), 123 were female (56.2%),
and one studen0(4%) was of an unknown gender.

The cohorts varied in thegender and demographic makeup. Cohorts 2 and 4
were both 40.0% male and 60.0% female. In contrast, Cohort 1 (48.7% male and 51.3%
female) and Cohort 3 (53.7% male and 46.3% female) had a much more even gender
balance. Cohort 1 was noticeably less Higp than the other cohorts (20.5% compared
to at least 31.5% for all other cohorts). Cohort 3, on the other hand, had proportionally
far fewer African American students (just 3.7%) compared to the other cohorts (between
8.3% and 15.7%). Finally, Cohd@thad a drastically lower proportion of White students

(only 47.1%) compared to the other cohorts (all 53.3% or greater).
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Instruments
The instruments used for this study were Form C ofdhva Tests of Basic
Skills (ITBS; Hoover, Dunbar, & Frisbie, 2001) and Form C oflthea Tests of
Educational DevelopmefITED; Forsyth, Ansley, Feldt, & Alnot, 2001). These two
tests a@ wellrespected measures of academic achievement that permit comparisons
across grades on a scaled metric. Comparisons can also be made across the two
instruments because the ITED is merely an upward extension of the ITBS (Forsyth,
Ansley, Feldt, & Alnof 2003). At each testing point, students were given the ITBS or
ITED test level that was designed for the grade two years above their actual grade (i.e.,
sixth grade students took the eighth grade test, seventh grade students took the ninth
grade test, aheighth grade students took the tenth grade test) as part of normal
procedure at the magnet program.Ykar 1, students were administered the ITBS or
ITED in November 2008 and May 2009. Yrar 2, students received the ITBS or ITED
only in May 2010. “éar 2 only had one measurement time because of budget constraints
that resulted from the current nationwide recession.
Coding and Statistical Power
Variables were coded as follows: the time points of the baseline (November
2008), first followup (May 2009), and second followup (May 2010) were coded as 0, 1,
and 3, respectively. These values were chosen so that each unit represented six months
and thespacing between values was proportional to the amount of time that passed

between each testing, which is common practice in longitudinal studies (Hedeker &
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Gibbons, 2006). Qurts weredummy coded so students@ohort 3 were the baseline
group for all corparisons

Because of the limited number of students who were tested in all three time
points = 84), ethnicity groups were combined in order to increase statistical power.
White and Asian American students were combined because these students were
overepresented compared to the districtos
and Hispanic students were also combined into a group of students in underrepresented
ethnicities. This is consistent with the ethnic/racial makeup of most gifted programs
nationwide (Konstantopoulos, Modi, & Hedges, 2001; McBee, 2006, 2@ &
Gentry, 2009)Socioeconomic status was operationalized so that studentswevBo
eligible toreceive free or reduced lunch were labeled as3&8. Students whweere
not eligide toreceive free or reduced lunch were combined into one SES category of
middle- or high-SES students=inally, the criticalp-v a | u was ¢hahgeftom the
traditional .05 value to .1 order to increase statistical power and compensate for the
relaively small sample size in this study.

Analysis

Research question lasinvestigatedusing KR20 values (Kuder & Richardson,
1937) to determine internal consistency reliabili§R20 valuesvere calculatedor
each cohort at each measurement time andveieanot combined across cohorts, test
levels, or measuremeatcasions

For research questions® which involvel the investigation of student growth

over time, HLMwas usedcross the three time points. HLM is a necessary statistical
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procedure in thisase because the data points are dependent, with measurement
occasions nested in persororeover, HLM is widely recognized as an appropriate
statistical method for examining change and growth within persons (Ferron, Hogarty,
Dedrick, Hess, Niles, & Knmrey, 2008).There werethree hierarchical linear models to
answer research question$@ one model each fdhe core batteryreading/language
artssubtestand mathematicsubtesscores.

The model for each dependent variable was created through anagéapt step
up procedure. First, a baseline model with no predictors was created and called Model
1. When the dependent variable is the total aldewel scale score, this model was
defined with the level equation of

Y€ O Wd Q

andthe level2 equation of

which combine to form
"YE O Od 0 Q

as a general equation in which represents the grand mean of all measurements across
all time points® represents the deviation between the mearpaftcular cluster of
measurements.e., each persorijom the grand mean, arfd represents the remaining
levell error between the cluster mean and the individual measurement.

Model 1 can also be used to calculate the intraclass correlation (IGCh & a
measure of the amount of total variance that is between2aweits (Raudenbush &

Bryk, 2002). The ICC is calculated as
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wheret is the between cluster (i.e., person) variances the within cluster variance,

and, T is the total variance observed across all measurements in the study.
Because it is a percentage of total varianceishattributable teluster, ICC can range

from 0 to 1. Higher ICCs indicate that strong clustering effects and greater homogeneity
within clusters. Because clusters in longitudinal studies are persons and the
measurements are relaly close together, ICC values were expectduketbigh.

A second model with time (a levé&lvariable) as the only predictor was built and
called Mode2. When the dependent variable is the total battery score, Model 2 is
represented by the lev&élequation

"YE O QD T YQaQ Q

and the leveR equations of

and
I [ 6
The first level2 equation isdentical to the leveR equation in the HLM model that
consists of no predictofge., Model 1) The second lev&l equation produces a Beta
coefficient for the time variable and represents the change in total battery scores for each
time unit (i.e., st months) that pasde
The levell equation and two lev&@ equations can be expressed together as

YEO WA ' 'YQaQ o 0 YQa'Q Q
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in general form.Thel ,06 ,andQ terms are interpreted in Model 2 exgak they
were in Model 1 (as a grand mean, cluster mean deviation, and.levelr,
respectively). Thg term is interpreted as the average increase in score gain for each
unit of time that passes (i.e., the slope of a line that would track astédden s cor e gai n
The6 represents the deviation of each personc¢
average slopé ().
It is important to distinguish between thealues andhe 6 terms, theQ term.
Ther s represent an overall mean fikeffect that applies to the sample in general.
However, each leve? unit (i.e., person in a longitudinal study) has its @vnandé
values. Moreover, each individual lexemeasurement has its o termfor which
the HLM computer prograrestimates the varianc& hese values can be used to
examine the random effeétghat is, the deviations from the average médeailesent in
the data. Specifically, the variance of feis defined as the remaining level
variance, symbolized by . The variances and covariance of éhierms can be used to
create a matrix that represents the variability and relationship of the random effects.

This is called the G matrix and is represented as

ot ot
O + 4

wheret represents the varianoé6 values,t represents the variance ®f

values, and andt both represent the covariance betwéeralues because the G

matrix is symmetrical (Ferron et al., 2008; Raudenbush & Bryk, 2002). If G is
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standardized to form a correlationatrix, then the diagonal terms are equal to 1.0 and
the offdiagonal terms are converted into correlation values.

Thereatfter, a series of models were investigated with time and a singl level
variable as predictors. These models were named Modgl$3and 6, each
corresponding to a single lev2lindependent variable in the study. For example, Model
60 which has only SES as a lex@independent varialdeconsists of the level
equation of

"Y€ O WA I YQa'Q Q
and the lgel-2 equations:
f r ' "YOY o

and

which combine to form

YE O A [ YQaQrpr "YO'Y o 0 YQaQ Q
as an equivalent general equation. Modefiswdere also interpreted with an MLeffect
size that i s anTiseffgcosizsis daloulat€dowhtretime doowing

formula:

. T
wheregl is the fixed effect for a dichotomous independent variable coded 0 and 1

(Spybrook, 2008, p. 285).
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Because therewasasa oci ati on bet ween srtu384ent so et

p < .001), another model (Model 7) was investigated with time, ethnicity, and SES as
predictors in order to investigate the relative strength of the two-Zepeddictors when
placed in the sameadel. Thereafter, a model with all available independent variables
was created: Model 8. This model is very similar to the equations given above for
Model 6 because both Model 6 and Model 8 have the samellexglable (time) and
only differ in that Malel 8 has three more lev2lindependent variables than Model 6.
Therefore, Model 8 is expressed with the lelv@quation of

YE O @A I "YQa'Q Q
and the leveR equations of

I I I 6& ipo [ 6& ico 1 O6& it0 [ "OQ¢ QQi
roo®mYEQ 1 YO'Y o

and

which combine to form
Y€ O wd [ YQa'Qr o6& ipo | O0& ico | 0& ito
"0QE QQF 0®YEQ [ YO'Y 6 0 "YQaQ
Q
in general form.
After Models 18 were created arexamined for all dependent variables,

interactions between time and lex&predictors were investigated. Although many

interactions among independent variableseygossible, only one interaction was
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investigated at a time because investigating a large number of interactions with such a
small sample may carve the dependent wvariab
power is lost and statistical significance diffit to obtain (Raudenbush & Bryk, 2002).
Any statistically significant interactions were then added to Model 8 to produce Model
9. Finally, a parsimonious model was created by eliminating angtagistically
significant fixed or random components fréfodel 9. All models in this study were
analyzed with restricted maximum likelihood estimation using the EM algorittihein
computer prograrkiLM 6.08 (Raudenbush, Bryk, & Congdon, 2009).

Research question 2asanswered by investigating the slope paraméte.,
change overtime) ofthear s i mo n i equaionsand erhpsring the growth
observed in cohorts 2 and 3 with the gain that would be expected from intellectual peers
(i.e., older students), according to the norms published in the ITBS abdniBBuals
(Forsythet al, 2003; Hoover et al., 2003).

Research questiondasanswered through the sampa&rsimoniousiLM
equatiors. A criterionwasseta priori that any independent variable that has a
statistically significant relationshipagdeemed to have an impact eitherthe rate of
studentscore gains or initial student scor€he importance of these independent
variableswasinvestigated with the changelievel2 PseudeR? as they are added to the
model.

Research questionwasinvestigatedn the G matrixhrough thet term in the
G matrix Becauset is unstandardized in the G matrixyiisconverted into a

correlation coefficientA positivet between these two values would indicate that
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students who ttha higher abovdevel test score atiihe 1 also mde the greatest gains
in learning which would be in accordance with theory (eGgyroll, 1993;Dai, 2010;
Eisner, 2002; Gagné, 2008uf, 20().

Research question Sasinvestigated with Pseud®” statistics that represented
theproportional reduction in prediction errcalculatedor each levefrom the results of
the HLM models described abovBlultilevel models do not permit the estimation of
true R effect sizes that represent the proportion of vari@xgéained by the
independent variables for a variety of reasons. First, the possible presence of random
effects in the models, the proportion of explained variance may vary from cluster to
cluster (or in the case of this study, from person to persorpn8gethe partitioning of
variance into two different levels prohibits tteculationof a single effect size that
represents the proportion of explained variance. Finafljs Bn effect sized based upon
ordinary least squares regression, whereas thé iodels are estimated through
maximum likelihood or restricted maximum likelihood estimation algorithms (McCoach,
2010a).

The Pseudd?? used in this study is from Raudenbush and Bryk (2002) and
examines the decrease,in (for level 1 of the model) of (for level 2) that occurs
when covariates are added to a model. All PsdRfstatistics in this study were
calculated by comparing the models to the interospg model (Model 1), which had
no predictors. Therefore, all Pseti@dstatistics in thislissertation represent the

decrease i n t he ermoarianeesvpen the dovaripte(s) @are adbed ®



the baseline modeMore details about the Pseuf can be found in Hox (2002)

McCoach (2010a, 2010b), and Raudenbush and Bryk (2002)
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CHAPTER IV
RESULTS
Descriptive Statistics

Descriptive statistics for all subtests and cohorts are displayed in TaBle$He
tables also display the descriptive statist
norms, which are taken from Hooveratt (2003, p. 73) and Forsyth et al. (2003, pp. 57
58). All means and standard deviations are displayed in the scale score metric that
permits comparisons across grades.

Tables 13 also show the skewness and kurtosis statistics for all dbwvektest
administrations in this study. All skewness and the majority of kurtosis values are
within the range of 1, indicating distributions that are approximately normal. Seven
the 66kurtosis value$10.6%)are outside of the 1 range, with five of thedaeing
distributions for Cohort 2. However, only one kurtosis value is statistically different
from 0 whenU= .05 (the vocabulary subtest distribution for Cohort 2 at Time 0).
Moreover, the cohortos | ater skesguemts and Kk
indicate a consistent pattern of kurtosig 75 at Time 1 and .824 at Time 3), which

likely indicates that the extreme kurtosis value at Time O is likely due to random error.
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Table 1
Descriptive Statistics foBifted Grade 6 Cohorts 3 anchdd National Grade 8 Norrhs
Reading Language Math Total
Time 0, Gifted Grade 6: Cohort 3, Fall 2008
Mean 248.9 248.3 238.7 245.2
SD 32.9 40.1 24.3 26.9
Skewness -.060 -.059 261 .480
Kurtosis -.576 -.357 .006 -.449
KR20 .865 .903 776 931
SEM 12.09 12.49 11.5 7.07
National NormsGrade 8Fall
Mean 242.3 245.4 244.1 244.1
SD 32.8 41.0 31.6 32.6
KR20 .944 .957 .939 .980
SEM 7.76 8.50 7.80 4.61
Time 1, Gifted Grade 6: Cohort 3, Spring 2009
Mean 268.8 257.4 256.0 260.5
SD 35.4 38.1 20.8 27.0
Skewness -.190 -.310 .685 .019
Kurtosis -.248 -.075 1.075 -.005
KR20 .880 .891 725 .930
SEM 12.26 12.58 10.91 7.14
Time 3, Gifted Grade 6: Cohort 4, Spring 2016
Mean 256.9 249.8 241.5 249.7
SD 25.6 30.0 22.3 21.9
Skewness -.315 -.280 -.997 -.571
Kurtosis -.158 -.261 .981 419
KR20 .800 .829 .750 .902
SEM 11.45 12.41 11.15 6.86
National NormsGrade 8 Spring
Mean 248.8 251.6 251.0 251.0
SD 34.1 42.6 33.2 33.6
KR20 .950 .960 .949 .982
SEM 7.62 8.52 7.50 451

®Bold indicates scores of students in the present study at each time point. Nation:
statistics are from Hoover et al., 2003, p. 73.

bn = 45,
‘h=41.
°n = 60.



Table 2

DescriptiveStatistics for Gifted Grade 7 Cohorts 2 and 3 and National Grade 9 Norms

Math
Revising Concepts &
Reading Written Problem Math Total
Vocabulary Comprehension Total Spelling Materials Solving Computation Math Total Battery
Time 0, Gifted Grade7: Cohort 2, Fall 2008
Mean 258.2 271.3 264.7 258.7 273.2 263.3 240.7 255.9 264.6
SD 23.7 311 25.6 34.0 36.6 30.2 31.8 28.2 26.7
Skewness -.057 -.055 -.029 .170 -544 -.052 .238 .220 -.190
Kurtosis 1.706 -.505 161 -.334 -.078 1.112 .051 1.102 .557
KR20 .858 .867 921 .842 .878 .845 .786 .893 .960
SEM 8.93 11.34 7.2 13.51 12.78 11.89 14.71 9.22 5.34
National Norms: Grade 9, Fall
Mean 251.9 252.4 252.2 254.7 254.7 254.2 2545 254.3 253.7
SD 31.1 42.4 34.7 35.9 43.0 36.7 374 33.8 34.0
KR20 .908 915 .950 .835 911 .870 .853 .946 972
SEM 9.43 12.36 7.76 14.58 12.83 13.23 14.34 7.85 5.69
Time 1, Gifted Grade 7: Cohort 2, Spring 2009
Mean 268.4 288.1 278.3 263.4 286.9 275.1 247.6 266.0 277.1
SD 16.0 35.1 24.0 30.5 29.9 26.6 23.2 22.7 21.4
Skewness -176 .001 -.095 .282 -.251 -.669 -.029 -.416 -.348
Kurtosis =775 -.682 -1.052 -.570 -771 -.273 -1.030 -.812 -.516
KR20 793 .882 912 .808 .826 .831 .553 .829 .937
SEM 7.28 12.06 7.12 13.36 12.47 10.94 15.51 9.39 5.37
Time 3, Gifted Grade 7: Spring, 2010
Mean 264.1 274.4 269.2 263.7 274.5 282.3 242.8 269.4 271.5
SD 20.6 35.7 26.8 33.0 41.8 27.4 33.6 26.0 27.3
Skewness .065 .014 147 442 -.521 -.210 .539 .233 .004
Kurtosis =779 -.650 -.878 -171 .146 -.500 .211 -.323 -.383
KR20 .864 .900 .934 .833 .910 .860 .821 .897 .963
SEM 7.60 11.29 6.89 13.49 12.54 10.25 14.22 8.34 5.25
National Norms: Grade 9 Spring

Mean 258.2 258.8 258.5 260.4 260.2 259.9 259.6 259.8 259.5
SD 327 44.4 35.8 37.0 43.3 38.0 39.0 34.9 34.5
KR20 .918 921 951 .864 .922 .902 .878 .958 .976
SEM 9.36 12.48 7.92 13.64 12.09 11.90 13.62 7.15 5.34

Note The reading test consists of the vocabulary and reading comprehension subtests combined. The mathematics tetieonaistsafncepts and math computasiobtests
combined. The total battery consists of all items from all subtests combined.
*Bold numbers indicate scores of students in the present study at each time point. National norm statistics are fretraFo20aB, p. 57.

’n=53.
‘n=50.
9n = 49.

8v



Table 3
Descriptive Statistics for Gifted Grade 8 Cohorts 1 and 2 and National Grade 10°Norms

Math
Revising Concepts &
Reading Reading Written Problem Math Total
Vocabulary Comprehension Total Spelling Materials Solving Computation Math Total Battery
Time 0, Gifted Grade 8: Cohort 1, Fall 2008
Mean 265.0 275.8 270.3 265.3 275.8 272.0 248.3 265.0 271.1
SD 317 45.9 36.1 43.2 41.7 40.9 34.8 354 33.1
Skewness -.340 -.598 -.555 .364 -.115 -.270 -.552 -.132 -.141
Kurtosis .262 -.365 -410 -.544 -.136 -.969 -.136 -1.212 -.918
KR20 .894 .934 951 .908 911 914 .835 .930 973
SEM 10.32 11.79 7.99 13.10 12.44 11.99 14.14 9.37 5.44
National Norms: Grade 10, Fall

Mean 260.1 261.8 261.3 263.4 263.0 262.8 262.7 262.8 262.3
SD 33.0 44.9 36.0 37.3 44.0 38.5 39.3 354 35.1
KR20 915 .918 .950 .852 .920 .892 .868 .954 .975
SEM 9.62 12.86 8.05 14.35 12.45 12.65 14.28 7.59 5.55

Time 1, Gifted Grade 8: Spring 2009
Mean 271.7 292.1 283.2 277.8 293.3 285.9 256.0 257.9 285.6
SD 35.9 50.1 40.2 34.8 48.3 45.6 34.0 38.9 37.7
Skewness -.493 -.659 -723 .028 -.435 -.589 .335 -.281 -.554
Kurtosis -.096 -.619 -.138 -221 -791 -571 -.355 -.780 -.506
KR20 916 .946 .982 .860 .936 .947 .825 .947 .981
SEM 10.40 11.64 5.39 13.02 12.22 10.50 14.22 8.96 5.20

Time 3, Gifted Grade 8: Spring, 2010
Mean 268.1 280.8 274.4 270.4 281.2 279.2 253.4 271.1 275.9
SD 28.8 42.8 32.9 32.9 49.0 34.3 28.9 29.9 30.3
Skewness -.541 -.019 -.152 -.576 -471 -.606 .165 -.469 -.358
Kurtosis .824 -.940 -.437 .682 -.235 -.545 -.279 -.328 -.245
KR20 .882 917 .940 .832 .899 .870 .766 .899 .964
SEM 9.89 12.33 8.06 13.48 15.57 12.37 13.98 9.50 5.75

National Norms: Grade 10, Spring
Mean 265.9 266.5 266.2 267.8 267.7 267.3 266.9 267.2 267.0
SD 34.1 46.2 36.9 38.5 45.1 39.5 40.5 36.5 36.0
KR20 .918 921 951 .864 .922 .902 .878 .958 .976
SEM 9.76 12.99 8.17 14.20 12.60 12.37 14.15 7.48 5.58

Note The reading test consists of the vocabulary and reading comprehension subtests combined. The matheoraiststesthe match concepts and math computation subtests

combined. The total battery consists of all items from all subtests combined.

*Bold numbers indicate scores of students in the present study at each time point. National norm statistics are from FoR€yIR, qt. &7.

bn=53.
°n=50.
n = 61, except for Revising Written Materials subtest descriptive statistic§Q).

6v
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Table 4
Cohort Group Mean Changes
Norm Norm Above-Level
Cohort Time Mean SD Mean y4 Percentile
Total Battery Score
2 Baseline 253.7 4.0 264.6 .3206 62
2 Followup 2 267.0 36.0 275.9 2472 60
3 Baseline 241.1 32.6 245.2 .0337 51
3 Followup 2 2595 345 271.5 .3483 65
Reading Score
2 Baseline 2522 34.7 264.7 .3615 64
2 Followup 2 2662 36.8 274.4 .2235 59
3 Baseline 242.3 32.8 248.9 2012 58
3 Followup 2 2585 358 269.2 .2995 62
Math Score

2 Baseline 2543 338 255.9 .0473 52
2 Followup 2 2737 37.8 271.1 .1068 54
3 Baseline 244.1 31.6 238.7 -.1709 43
3 Followup 2 259.8 349 269.4 2747 61

Note Norm means and SD6s are from Hoov
(2003, pp. 558).

The test score distribution was also closer to the middle range of the test level that

students took than had they obtained the same ITBS/ITED scale scores onlagiade
test. When these scores are convertesstc or es by dividing by
and standard deviation, the result is a standardized score that shows the number of
standard deviations that the scores are
thez-scores obtained from tlaoovelevel testings were all betweer25 and +.59, with

the average abovevel z-score being +.35 for reading scores, +.01 for math scores, and
+.27 for total battery scores. Assuming that the vertical equating of the ITBS and ITED
test levels is of high enobgyuality that the students would have receivedsithédar

scale scoresn a graddevel version of the ITBS and ITED, the mean gréale| z-

he 1

fron
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scores of the gifted students would have been +1.04 for reading, +.70 for math, and +.94
for the total batteryThus, the gifted studentsd scale sc
abovelevel testing than they would have been for a gifadel test. If moving the gifted
studentsod score distribution towards the mid
abowe-level testing in order to improve score reliability, then abewvel testing would
seem to be successful.
Given the concern about regression to the mean expressed in Chapteas
investigated separately. Thamberof students who showed a scaexline from one
time point to another is displayed in Table 5. The results are somewhat surprising.
Almost half of students (40.3%) who were tested at least twice showed at least one
decline in reading scores during the course of the study. Mathsresrk similar, with
34.4% of students demonstrating a score decline. Total battery score declinest\asre
common, with only 25.8% of students showing a total battery score decline during the
study. Because overall battery scores are a compostie stibtests, the lower rate of
total battery score declines may be tludeclines in one subtest (such as reading) being
compensatetbr by gains or maintenance in another subtest (such as spelling or
mathematics). In total, 57.2% of the students shavéehst one score decline on the
reading, mathematics, or total battery during the study. Interestingly, score declines were
most common between Followup 1 and Followup 2, during wincé studentsvere
advanced a grade, and therefore a test level.ciiduege in test level may have some

impact on the common score declines observed in this study.
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Table 5
Number and Percentage of Students Who Showed a Score Decline
Test Score
Time Period Reading Math Total Battery

Baseline to Followup 1 16 (12.7%) 25 (20.0%) 13 (10.4%)
Followup 1 to Followup 2 36 (42.9%) 21 (25.3%) 21 (25.3%)
Baseline to Followup 2 14 (16.9%) 8 (9.8%) 11 (13.4%)
Total 52 (40.3%) 44 (34.4%) 33 (25.8%)

Note 72 of 128 (57.2%) students who were tested at least twice sholeadtatne score
decline.
Note nvaries from 82 to 128.

To investigate the possibility of regression toward the mean, an independent
sampled-test was conducted for each pair of scores to determine if students who
exhibited score declines had highetialiscores than students whose scores did not
decline. Of the nine pairs btests that were conducted, only the students who showed a
decline in reading scores between the first and second followups had higher initial (i.e.,
from Followup 1) scoresthha t hose who di dln &8p=s0b2).vAll a decl i n
other mean differences were not statistically significant 360). Therefore, the
presence of score declines for most subtests and tests was not related to initial score.
Research Question 1internal Consistency Reliability

The first research question for this study was: What is the internal consistency
reliability of the global battery, reading/language arts, and mathematics scores drawn
from an abovdevel administration of an achievemenrdtte The internal consistency
reliability coefficients for the ITBS/ITED abovevel test administrations and from the

test manualaredisplayed in Tables-3. KR20 values for the norm groups for the
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eighth, ninth, and tenth grade levels are also display Tables 13. These data are
taken from Hoover et al. (2003, p. 73) and Forsyth et al. (2003, gg8)57
Internal consistency reliability coefficients (KR20) ranged from .725 to .931 for
sixth grade students, .553 to .963 for seventh grade studedts/66 to .982 for eighth
grade students. Of the 66 coefficients, one (1.51%) was below .700, six (9.09%) were
between .700 and .799, 30 (45.45%) were between .800 and .899, and the remaining 29
(43.93%) coefficients were .900 or higher. The distrioubf KR20 values had a
skewness value 61.645, which is in accordance with what is known about the
distribution of internal consistency coefficients (Feldt, 19&¢griguez & Maeda, 2006;
Warne, 2011). The total battery scores had the higekability (all above .900), which
is unsurprising, given the larger number of items in the total battery.
As the tables show, the norm groupdés KR2OC
the KR20 values generated by the ablexel test scores. In totainly eight abovdevel
KR20 values exceeded the corresponding reliability coefficients for the norm §roups
and all eight coefficients were from Cohort
Cronbachodés alpha values were used to calc
(SEM) valuesn Tables 13. For gifted students in the seventh and eighth grades, SEMs
values were very similar to what is seen in the norm sample, which reflects the similar
KR20 and standard deviations values of both groups. However, for the gifted sixth
gradersthe SEM values were much higher than those seen in the eighth grade norm
groups. Thisneans that gifted sibedsprecigthamdteer st udent s

student s0 s caodislikely theresultokthe shortedtgst length for thetkigh
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grade ITBS test level and the resulting lower KR20 values for the sixth grade gifted
students.
Hierarchical Linear Models

HLM results examining the nature of score gains are displayed in TaBle&g
stated in Chaptdil, nine models are display@ueach table: one random intercept
model with no predictors (Model 1); one model with only time as a predictor (Model 2);
four randomcoefficients regression models with time and one additional-l2vel
predictor (Models &); a randorrcoefficients modelvith time, SES, and ethnicity as
predictors (Model 7); a randenoefficients model with time and all four lev2|
predictors (Model 8); and a final intercepasid slopesisoutcomes model that is equal
to Model 8 with an additional interaction (Model 9jhe tables also contain Psetidd
for both levell and level2 variance, the fixed and random parameter estimates for all
model s, the devi %diffevence test of chodal improvanent $basedcoa | G
the deviance).

As stated in the previousapter, the independent variables are dummy coded so
that Cohort 3 represents the reference group for the cohorts, males are the reference
group for the gender variable, overrepresented ethnicitees/(hite and Asian
American students) are the referergroup for the ethnicity variable, and middiad
high-SES students (defined as those not participating in a free or reduced lunch program)
are the reference group for the SES variable. Time is coded so that the baseline test

administration in Novembe2008 is time 0, the first followap (May 2009) is coded as 1,
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and the second followp (May 2010) is coded as 3. The correlation table of the-Revel

independent and dependent variables for the HLM models are displayed in Table 6.

Table 6
Correlation ofDependent Variables and Lex2lIndependent Variables

Total Reading Math
Score Score Score  Cohort Gender Eth Und SES

Total 1.000

Score

Reading 0.887**  1.000

Score

Math 0.838**  0.629** 1.000
Score

Cohort -0.313** -0.210** -0.293** 1.000

Gender 0.038 -0.025 -0.046 -0.014 1.000

Eth_Und -0.323** -0.396** -0.216* -0.033 0.063 1.000

SES -0.103*  -0.110* -0.034 -0.031 0.074 0.354* 1.000

®Negative correlation indicates that older children have higher scilegative
correlation indicates that children from underrepresented ethnicities score lower thi
children from overrepresented ethnicities.

*p<.05 *p<.01
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HLM Analysis Result§Total Battery Score)

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 Model 9
Fixed Effect Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE)  Estimate (SE)
Intercept{ ) 264.56 254.26 248.77 252.42 263.15 257.65 263.36 255.06 253.36
(1.92)*** (2.30)** (3.61)*** (3.43)*** (2.89)*** (2.97)*** (3.19)*** (4.50)*** (4.64)*
Time ( ) 6.10 (0.66)**  7.35 (0.68)*** 6.11 (0.66)** 6.11 (0.66)** 6.07 (0.66)*** 6.12 (0.66)***  7.47 (0.67)*** 8.47 (0.87)**
Cohortl [ ) 25.86 (6.64)*** 24.36 (6.23)*** 24.71 (6.26)***
Cohort2 ) 11.97 (4.69)** 12.53 (4.47)** 12.88 (4.47)***
Cohortd [ ) -21.15 -20.85 -20.83
(4.61)+ (4.32)*** (4.33)**
Gender[( ) 3.27 (4.21) 5.06 (3.39) 4.92 (3.41)
Eth_Und( ) -21.17 -20.95 -20.25 -16.19
(3.87)** (4.13)** (3.55)** (4.17)%*
SES( ) -7.28 (4.15) -0.68 (4.17) -1.48 (3.47) -1.63 (3.49)
Time x Eth_Und -2.21 (1.26)*
Interaction( )
Random Effect Estimate Estimate Estimate Estimate Estimate Estimate Estimate Estimate Estimate
Intercept Random 25.19%** 28.66*** 25.42%** 28.77*** 27.35%** 28.51%** 27.42%** 24.23%** 24.21%**
effect @ )
Time random 6] 3.59%* 3.43%x* 3.57%** 3.57%** 3.56%** 3.56%** 3.46** 3.34**
effect (1T )
Variance Components
N 280.95 145.12 141.94 145.23 146.40 145.45 146.40 142.82 140.80
t 634.48 821.24 645.99 827.63 748.13 812.80 751.97 586.88 586.13
Effect Sizes (PseudR?)
Levell 6] 48.34% 49.48% 48.31% 47.89% 48.23% 47.89% 49.16% 49.88%
Level2 [¢) [s) 21.34% -0.78% 8.90% 1.03% 8.43% 28.54% 28.63%
Deviance
3994.97 3924.12 3843.19 3916.97 3891.04 3914.53 3888.17 3797.70 3790.62
pDevi anc [s) 70.85 (1)*** 80.93 (3)** 7.19 (1)*** 33.08 (1) 9.59 (1)*** 2.87 (1)*  126.42 (6)*** 7.08' (1)***

3Comparison model is Model PComparison model is Model Zomparison model is Model 3Comparison model is Model 8.
*p<.10, *p<.05, ** p<.0l.

9G



57

Total Battery Score Results

Table 7 shows the nine HLM models with the total scale score as a dependent
variable. Model & the random intercept model with no predictotsad a deviance of
3994.97 and an ICC of .693. Unsurprisinghis was the highest deviance, because the
addition of any level or level2 predictor caused the model to fit the data better than
Model 1 does. The addition of the time independent variable reduced leagbnce
(, by48.34%. Because time was the only leléhdependent variable, the Psetifo
remained approximately constant for the following seven models. In addition to the high
PseudeR?, the importance of time as a levielariable is shown in a change of devianc
of 70.85 ¢pé = 70.85,p < .001), indicating that Model 2 is a major improvement over
Model 1. For every six months of time that passed, total ITBS/ITED battery scores
increased by an average of 6.10 points (as indicated by thvalue in Model 2) This
increase in scores as time passes is unsurprising, given the longitudinal nature of the
study and the presumption that student scores should increase as they spend more time in
school. The random effect for time was also statistically significattt,ad value of
3.59 p<.001). This indicates that the rate of total battery score growth varied across
students. Because is interpreted as a standard deviation of slopes (and the square
root off when there is only one lev&lvariable), arestimate for the range of slopes in
the sample can be calcul at ed. This i s poss
slopes are normally distributed aroundthevalue. Therefore, it is likely that 95% of

student slopes are betwe€193 and 3.14 points (6.18 1.96*3.59 points) gained
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every six months, which shows that students
and a small number of studentsd scores even

Models 3 through 6 each consist of denel1 predictor (time) and one lev2l
predictor: cohort, gender, and ethnicity, and SES respectively. The cohort dummy code
variables explained the most lex&lariance: 21.34%. This was expected, because it is
assumed that students who have beestlol longer (Cohort 1) would obtain higher
scores on an academic test like the ITBS/ITED than students who had fewer years in
formal schooling. Members of Coho@ Wwho had two years more of schooling than
members of the baseline gr@upad abovdevel sores that were on average 25.86
points higher at baseline than the scores of students in Cohort 8. Naue was
11.97, indicating that Cohort 2 students had ITBS/ITED scores that were almost 12
points higher at the baseline measurement time thastdres from Cohort 3. Finally,
thel  value indicates that Cohort 4 members had scores that were on average 21.15
points lower than the scores from Cohort 3 at baseline. However, it is important to note
that Cohort 4 was not tested at the baselinalmthe students were still in the fifth
grade at the time. This value is imputed on the basis of the scores obtained from Cohort
4 at the second followup.

Of the demographic variables, ethnicity was the most powerful predictor, with a
[ valueof-2 1. 1 7.71(pk .061) and leveR variance reduced ( ) reducedoy
8.90%. This indicates that students from underrepresented ethnicities (African
Americans and Hispanics) had scores that were over twenty points lower than the scores

of sudents from overrepresented ethnicities (Whites and Asian Americang)other
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two independent variables were of little, if any, importance. SES explained 1.03% of
level2 variance according to Modela®d & value of-7 . 2 8 -.2@,= .680)
Genderhadasmdll ( 3. 27 in Model 4, wipkEe3Baodrrespon
reduced the leve? total ITBS/ITED score variance by a negligible amoun0.78%.
This latter finding is an anomaly; variance theoretically can neveegativebecause it
is a squared statistic. However, negative variance values are sometimes mathematically
possi bl e ( s uc Bboriasomianalitg¢analysis) and t id generally
accepted that if the values are close to zero, then they should becieteigs being
equal to zero (McBee, 2010; McCoach, 2010a; Thompson, 2003, 2006). This
information, combined with thereakstatistical significance of gender as a leRel
predictor p = .438) means that in this student gender plays no detectable mut&in
observed abovkevel test scores.

Models 7 and 8 show theoretically important combinations of covariates and
their relative importance in explaining observed total allevel test score variance.
Model 7 shows that although SES and ethnicity tatstically significant predictors
when entered alone into the HLM models (see Modelsi®arbut when they are both
part of the modeISES explains almost no additional variance and has a veryfsmall
value 0f-0.68 p=.871) In Model 8, it can & seen that both gender and SES are
statistically insignificant predictors with large standard errnprs (137 and 670,

respectively).
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Finally, Model 9 shows all the lev&l predictors with the only statistically or
practically significant croskevel interaction, which is a time x ethnicity interaction. In
total, Model 9 reduces levélvariance by 49.88% and lev2lariance by 28.63%.

A more parsimonious model based on Model 9 can be generated by retaining
only those independent variables that aaéistically significant. This results in a level
1 equation of

“YE O QO I YQaQ Q
and level2 equations of
I I r 6&ipo | O6&ico [ O6& ito | 0®YEQ
0
and
T 1 omvtQ o
which combine to form
Y€ O d [oYQa'Qr 0& ipo r O0& ico r 0 & it0
Fo®YEQ T 0®YEQYQAQ 6 0 YQ&aQ
Q
as a general equation. This model had a deei@f 3801.46, a levdl PseudeR? of
49.86%, and a levél PseudeR? of 29.96%. The estimates and standard errors of each

covariate for the parsimoniounsodel are displayed in Table 8
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Interpreting Table is relatively straightforward. The intercept term
(254.89 represents the score at Time 0 for a male student in Cohort 3 from an
overrepresented ethnicity. Compared to a student in Cohort 3, a student in Cohort 2
would have a score ¢f (14.06) points higher at the first test administratiwhich
would be 268.95 points (254.89 + 14.06 = 268.95). If the student in Cohort 2 were from
an underrepresented ethnicity (), then the average score would be 252.37 (254.89 +
14.067 16.58 = 252.37).

The fixed effect for timef( ) is used to caldate the rate of average growth for
students in the study. The value of 8.46 indicates that for every six months that
passed, students scores increased by an average of 8.46 points. Therefore, a male
student in Cohort 3 from an overrepresentediettynwould be expected to have a score
gain of 25.44 during the course of the study, which would lead him to have a score of
280.27 (254.89 + 3*8.46 = 280.27) at the second followup. In comparison, an average
student in the norms group would be expetteldave a score increase of 13.29 points
(from fall of grade 9 to the spring of grade 10) or 15.43 points (from the fall of grade 8

to the spring of grade 9; Forsyth et al., 2003, p. 73; Hoover et al., 200358).57
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The interaction between time aathnicity ( ) indicates that members of
underrepresented ethnic groups have a sloweofacore growth than children in
overrepresented groups. Students in underrepresented groups would be expected to have
an average score gain of 18.69 points (868 3*2.23 = 18.69) for a final score of
257.00 points (254.8016.58 + 3*8.46 + 3%2.23 = 257.00) during the 18 months of the
study. It is interesting that in spite of the slower rate of score gains that students from
underrepresented ethnicities hamnpared to their White and Asian American peers,
they still demonstrated larger score gains than the average student in the norm group
would over the course of 18 months

Figure 3 shows some of the results from the parsimonious model. The figure
reflectsboth the difference in initial starting scores between ethnicity groups (reflected
in the different intercepts) and the interaction between time and ethnicity (shown in the
different slopes). Norm group scores and growth trends are also shown for sompari

purposes.
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HLM Parsimonious Models
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Dependent Variable

Total Battery Score

Reading Score

Math Score

Fixed Effect Estimate (SE) Estimate (SE) Estimate (SE)
Intercept( ) 254.89 (3.87)*** 266.76 (5.13)*** 247.03 (3.38)***
Time( ) 8.46 (0.46)*** 4.70 (1.13)*** 9.45 (0.79)***
Cohortl [ ) 25.00 (6.15)*** 19.15 (6.10)*** 21.98 (6.37)***
Cohort2{ ) 14.06 (4.43)*** 10.63 (4.66)** 9.95 (4.12)**
Cohort4 [ ) -19.2 (4.36)*** -13.49 (3.60)*** -25.41 (4.17)***
Gender([( ) -3.71 (4.30)
Eth_ Und[ ) -16.58 (4.01)*** -26.26 (3.60)*** -9.54 (4.13)**
Time x Eth Und -2.23 (1.26)* -2.98 (1.39)**
Interactionf( )
Time x Gender 2.45 (1.40)*
Interactionf( )
Random Effect Estimate Estimate Estimate
Interceptrandom 23.98*** 23.09*** 23.16***
effect © )
Time random effect 3.31**
wnt)
Variance Components
y 140.87 243.51 209.21
T 575.18 533.32 536.40
Effect Sizes (Pseud@?)
Levell 49.86% 25.57% 40.43%
Level2 29.96% 35.31% 28.57%
Deviance

3801.46 3902.88 3862.33
aDeviance (dfj 193.51 (7)*** 149.97 (7)**+ 173.65 (6)***
aqDeviance (df) 10.84 (2)*** 3.32 (1)* 9.98 (2)***

4Comparison model is Model PComparison model is Model 9.

*p<.10, *p<.05, **p<.01
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Table9

HLM Analysis Results (Reading Score)

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 Model 9
Fixed Effect Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE)  Estimate (SE)
Intercept{ ) 267.39 258.89 254.95 259.20 270.40 263.01 270.53 264.53 267.14
(1.98)*** (2.42)* (4.26)+* (3.50)*** (2.77)+** (2.94)*** (3.08)*** (4.91)*** (5.33)***
Time ( ) 4.91 (0.71)  6.07 (0.74)** 4.92 (0.71)** 4.91 (0.70)*** 4.87 (0.71)*** 4.91 (0.71)** 6.16 (0.73)** 471 (1.13)**
Cohortl [ ) 20.81 (6.19)*** 19.45 (6.12)*** 19.18 (6.08)***
Cohort2 ) 6.67 (6.65) 9.77 (4.71)*  9.82 (4.69)**
Cohortd [ ) -15.65 -13.77 -13.84
(5.05)*** (4.52)*** (4.52)*
Gender[( ) -0.57 (4.20) 1.04 (3.50) 2.46 (1.40)
Eth_Und([ ) -26.82 -26.68 -26.00 -25.68
(3.76)** (3.98)** (3.81)** (3.78)***
SES[ ) -8.85 (4.15)** -0.45 (3.98) -0.99 (3.59) -0.71 (3.58)
Time x Gender 2.46 (1.40)*
Interaction( )
Random Effect Estimate Estimate Estimate Estimate Estimate Estimate Estimate Estimate Estimate
Intercept Random 25.85%** 28.71*** 27.21%** 28.76%** 25.72%** 28.56*** 25.79%** 24,34 24.16%**
effect @ )
Time random 6] 1.09 1.09 1.09 1.09 1.09 1.09 1.09 1.12
effect (1T )
VarianceComponents
R 325.84 248.78 243.07 248.71 248.39 249.11 248.71 242.14 242.73
t 668.13 824.45 740.17 827.18 661.35 815.86 827.18 592.64 583.65
Effect Sizes (PseudR?)
Levell o] 23.65% 25.40% 23.67% 23.77% 23.55% 23.78% 25.69% 25.51%
Level2 [¢) [s) 10.22% -0.33% 19.78% 1.04% 19.30% 28.12% 29.21%
Deviance
4052.85 4013.42 3966.65 4010.55 3965.50 4006.03 3959.05 3903.18 3899.56
pDevi anc 3 39.43 (1)** 46.77 (3)*+* 2.87 (1)* 47.92 (1)** 7.39 (1)*** 6.45 (1)***  109.82 (6)*** 3.62 (1)*

3Comparison model is Model PComparison model is Model Zomparison model is Model 8Comparison model is Model 8.
*p<.10, *p<.05, ** p<.0l.

G9
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Reading Score Results

HLM models are displayed in Tal®gor the ITBS/ITED reading scores. Model
16s 1 CC for reading scores was found to
addition of time as a levdl prelictor produced a statisticalygnificant lower deviance
(os” = 39.43,p < .001), indicating thatime should be included in the model. This
model modification caused a 23.65% reduction in ldvelrorvariance, which was
much lower than the Model 2 Pses@dobserved for the total battery score dependent
variable (48.34%), indicating that time hadbwer impact on observed reading scores.
This interpretation is reinforced by the value of 4.93points which is much lower
than theé of 6.10pointsobserved for total ITBS/ITED scoreBhe random effect for
time, however, was small and stétally insignificant @ = 1.09 for Models B; 06 =
1.12 for Model 9p > .500 for all models). This indicates that the reading scores
increased at approximately the same rate for all students in the sarhple. value of
4.91 indicates that durg the course of the study, the averagdestudent in Cohorts 2
and 3 gained 14.73 points (4.91*3 = 14.73), which is similar to the score gains from the
corresponding norm groups: 16.A48ints for norm groups from fall of grade 8 to spring
of grade 9 and4.02 points for norm groups from fall of grade 9 to the spring of grade
10 (Hoover, et al., 2003, p. 63; Forsyth et al., 2003; pi&7

Models 3 through 6 examined the lexepredictors individually. Model 3
showed that the addition of the cohortighles in the model caused lex&Variance to
decrease by 10.22%. Again, this is a much smaller impact than the reduction-ih level

variance that was observed for the total score Model 3 (P$RUd®1.34%). Model 4



67

showed that gender had no stat@liiy or practically significant impact on aboleyel

reading scoreg ( =-0.57,p= . 8 9-D2, leviél2 PseudeR? = -0.33%). The

[l

strongest leve? independent variable was that of ethnidity (=-26.82,p< . 0 0-1 ,
.89, level2 PseudeR? = 19.78%). This indicates that students from underrepresented
ethnicities had scores that were on average 26.82 points lower than the scores of students
from overrepresented ethnicities. This magnitude of this difference is indicated by the
fact that in tle norm samples the difference between reading scores of ninth grade
students in the fall and twelfth grade students in the spring is 25.75 points (Forsyth et al.,
2003, pp. 57, 60). In other words, the score gap between ethnic groups in this study is
appoximately the same as the gap between students who are just beginning their high
school careers and those who are about to graduate. Model 6 examined the impact of
student SES on reading scores and foupdheticallyand statistically significant effect
¢ =-885p< . 0 0-R7, Psgud®®= 1.04%) that indicated that leBES
students had scores 8.85 points lower than students from riddighSES homes.
However, when SES and ethnicity were combined in Model 7, the SES had no unique
predictive power above that of ethnicity.

Model 8 which consists of all independent varialddargely confirms the
results of the previous models. Individually testing the different{2velv ar i ab |l e s 6
interaction with time produced only one statistically signiitaateraction, which was
with gender. This model is displayed in TaBlas Model 9. The interactign value
is 2.46 p = .09), indicating that female students had an additional gain of 2.46 points

every six months compared to the male students.
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A more parsimonious model based on Model 9 can be generated by retaining the
statistically significant independent variables. The most parsimonious model for reading
scores has a levé&lequation of

YQOQQEQ T "YQadQ Q
and level2 equations of
f r ' 08 ipd0 T O0&ico [ O0& ito 1 "0Q¢ QQi
ro®YEQ o
and
f r [ "0Qe QQi

which combine to form
YQwQQErQ 1 "YQa Qo O0& ipo 1 0&i © I o0& ito

F0QE QO 0®YEQ | 0QE QINQAQ o

Q
as a general equation. It is important to note that even though a gender main effect is
statistically insignificant in Models 5, 8, and 9, it i8l sncluded in the model because
the interaction between time and gender is part of the kit is best practice to
retain nonstatistically significant predictors when they are part of a statistically
significant interaction (Thompson, 2006). $inodel had a deviance of 3902.88, a
level1 PseudeR? of 25.57%, and a levél PseudeR? of 35.31%. The model estimates

and standard errors of each covariate are displayed in 3able
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One important difference between the results in Tables B antthe the HLM
reading score models explain much less variance than the models for the total battery
score do. All reading models have a letedxplained variance of less than 26%, while
all models for the total battery scores have a lévexplained variareof at least 47%.
The difference in variance explained shows that high alewed reading scores are less
influenced by the number of years of schooling (as represented by the cohort variable)
and demographic variables. Conversely, aHevel readingscores may be more
influenced by personal preference and individual psychological variables not included in
the HLM models examined in this study.
The important aspects of the parsimonious model for reading scores are shown in
Figure 4. Inadditontoosowi ng t he differences between eth
it also shows gender differences in initial score and growth rates. The figure also
includes the norm group scores and growth tr
and growth ratesarecnmp ar abl e or hi gher (tSimdantothehe ol der 1
results from Model 2, the parsimonious model indicated that the average male student
from Cohorts 2 and 3 gained 14.1 points in their reading scores during the 18 months of

the study. Femadegained an average of 21.45 points.
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Table10
HLM Analysis Results (Math Score)

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 Model 9

Fixed Effect Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE)  Estimate (SE)
Intercept{ ) 257.77 247.09 243.99 248.25 253.49 248.27 252.57 249.27 246.95

(1.88)*** (2.31)*** (2.98)*** (3.24)*** (2_93)*** (2_91)*** (3‘13)*** (3.90)*** (3.96)***
Time ¢ ) 6.30 (0.72)** 8.00 (0.74)** 6.30 (0.72)** 6.38 (0.72)** 6.30 (0.72)** 6.41 (0.72)** 8.12 (0.74)** 9.44 (0.79)***
Cohortl [ ) 22.24 21.14 21.69

(6.59)*** (6.38)*** (6.38)***
Cohort2( ) 7.76 (4.27)* 9.18 (4.22)**  9.60 (4.22)**
Cohortd [ ) -26.48 -25.62 -25.58
(4.33)*** (4.24)*** (4.25)***
Gender[( ) -2.10 (4.11) -0.65 (3.44) -0.79 (3.46)
Eth_Und [ ) -15.61 -16.50 -15.75 -10.25 (4.40)*
(3.94)*** (4.26)%** (3.64)***
SES{ ) -2.56 (4.11) 2.71 (4.30) 2.37 (3.69) 2.14 (3.69)
Time x Ethnicity -2.92 (1.40)**
Interaction{ )
Random Effect Estimate Estimate Estimate Estimate Estimate Estimate Estimate Estimate Estimate
Intercept Random 23.89%+* 27.40%* 24 45%* 27 .45%+* 27.09%+* 27.44%+* 27.19%* 24.28*+* 24, 12%+*
effect © )
Time random o] 331 2.71 3.33 3.32 3.30 3.32 2.88 2.53
effect (1T )
Variance Components
" 351.19 201.18 200.63 201.09 201.66 201.27 201.60 200.49 198.23
T 570.97 750.95 597.87 753.60 733.76 753.11 739.19 589.66 581.66
Effect Sizes (PseudR?
Levell o] 42.72% 42.87% 42.74% 42.58% 42.69% 42.59% 42.91% 43.56%
Level2 6] o] 30.39% -0.35% 2.29% -0.29% 1.57% 21.48% 22.54%
Deviance

4035.98 3974.80 3889.90 3968.03 3953.93 3967.91 3950.65 3860.97 3852.35

pDevi anc d 61.18 (1)*** 84.9 (3)*** 6.77 (1)*** 20.87 (1)*** 6.89 (1)*** 3.28 (1)*  113.83(6)*** 8.62' (1)***

3Comparison model is Model PComparison model is Model Zomparison model is Model SComparison model is Model 8.

*p<.10, *p<.05, ** p<.01l.

T
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Math Score Results
The results for the various HLM models that had ITBS/ITED math scores as a
dependent variable are shown in Tablle Model 1, which contained no predictors, had
a deviance of 4035.98 and an ICC of .619, which was the lowest ICC of any of the three
dependat variables. The addition of time as a letehdependent variable improved
model fit (® = 61.18,p < .001, levell PseudeR? = 42.72%). Again, this was
unsurprising, given the longitudinal nature of the study. The fixed effect forftime (
in Model 2 was 6.30 pointp & .001), indicating that students gained 18.9 points in
math scores over the course of the 18 months of the study. The random effect for time
(6 ) was notable, but not statistically significaat € 3.31,p = .232), indicatinghat
there statistically the students6é growth in
The individual impact of the four lev@ independent variables was examined in
Models 3 through 6. Model 3 produced similar results for math scores as it did when
total ITBS/ITED scores or reading scores were the dependent variable, with a 30.39%
reduction in leveR variance,( ). Similarly, Model 4 showed a small and statistically
insignificant fixed effect for gendet ( =-2.10,p= . 6 1-0.Q7, lavel2PseudeR?
=-0.35%), indicating that there were no real differences between males and females in
abovelevel mathematics scores at the initial time point. Like the previous two

dependent variables, the impacetinicityas a level predictor in Model %vas large

[l
1

compared to the other demographic independent varigbles (15.61,p< . 00 1,
-0.51, Pseud®? = 2.29%). This negative value indicates that students from

underrepresented ethnicities obtain lower scores than students fronpressrded
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ethnicities. It is important to note, though, thattbh t he o val ues and 0
show that the score difference between ethnic groups is not as great for mathematics as it
is for reading or the overall battery.

The impact of SES on alie-level math scores was examined through Model 6.
Unlike the other dependent variables, SES was found to have a small fixed effect value
and no statistically significant impact on abdeeel math score$ ( =-2.56,p = .533,

U -6&08) in Model 6.Moreover, the Pseud’ value was negative@.29%), indicating

that SES had no impactonabdvee vel math scores in the samp
finding of SES was consistent a consistent aspect of all models that included SES as a
predictor (Modes 69).

Model 8, which included all of the independent variables considered in the
previous modelgproduced results that were consistent with Modéls Afterwards, the
interactions between time and the le2ehdependent variables were examined. The
only interaction that was found to be statistically significant was an interaction between
time and ethnicityff =-2.92,p<.001). Including this interaction led to a statistically
improved modeld®® = 8.62,p = .033) and means that students frordemepresented
ethnicities had score increases that were 2.92 points lower every six months than the
overrepresentr le dpomttgaind.ent sdé6 6. 30 (

Based on these findingthe most parsimonious model for the abtereel math
reading scores consistsafevell equation of

0O T T'YQaQ Q

and level2 equations of
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which combine to form

0w 7 [ "YQa'Qr o0& ipo 1 06& ico r 0& it10

ro®YEQ T 0®YEQYQAQ 6 Q
as a general equation. This model had a deviance of 3862.33,-4 RselidéR? of
40.43%, and a levél PseudeR? of 28.57%. The model estimates and standard errors of
each covariate are displayed in TableFigure 5 shows some of the results from the
parsimonious model. The figure reflects both the difference in initial starting scores
between ethnicity groupseflected in the different intercepts) and the interaction
between time and ethnicity (shown in the different slopes). Norm group scores and
growth trends are also shown for comparison purposes.
The rate of scores gains in the parsimoniowsielsrevealsthat gifted students

in the studymade greater improvements in math than the corresponding norm groups.
The average student from an overrepresented ethnicity gained 28.35 points (9.45*3 =
28.35) between the baseline testing and second followup. Die itatéraction effect in
the parsimonious model, students from underrepresented ethnicities had an average gain
of 19.41 points. Nevertheless, the norm groups were expected to gain 15.72 points

(between fall of grade 8 and spring of grade 9) and 12.8Apietween fall of grade 9
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and spring of grade 18)a score gain that is noticeably smaller than what was observed
in this study.
Research Question 2: Rate of Score Gains

The second research question for this study is: Do gifted children make larger
achievement gains in overall, reading/language arts, and mathematics scores than
average students in a more advanced grade? This is calculated by multiplying the slope
of the HLM equations by 3 and comparing the
means fo measurements 18 months apart (see Forsyth et al., 2003;p®;. Hdover et
al., 2003, p. 73). For gifted students, the total battery average score gain was 25.41
points for students from overrepresented ethnicities and 18.78 points for students from
underrepresented ethnicities. The norm groups, in comparison, gained 15.38 points
between the fall of grade 8 and the spring of grade 9 (which corresponds to Cohort 3)
and 13.29 points between the fall of grade 9 and the spring of grade 10 (which

correspods to Cohort 2).
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Table 4 shows some cohort differences in the growth rate. Comparirg the
scores between from the cohorts at baseline and the second followup shows that Cohort
2 had mean changes that were much smaller than the changes for Cohort 3. Overall,
C o h o rziscor2sidecreased between the baseline and the second followup ireall thre
score areas: total battery, reading, and mathematics. Cohort 3, on the other hand,
showed gains in all three areas.

Table 4 is illuminating in that it shows cohort differences in growth. However, it
should be remembered that both cohorts hashaberof students enter and leave the
study between the two time points. Therefore, the results in Table 9 may not reflect
actual growth, but rather shifts in cohort membership over time. The HLM time
parameter estimates are thus more interpretable as raslimas of growth. The
di fferences between the norm groupsd scores
in Figures 35.

Figures 35 show a few illuminating aspects of the results. First, even the groups
with the lowest mean scores (e.g., underreptedegthnicities andl in reading males)
had higher rates of growth than the norm groups who were two grades more advanced in
their education. Second, despite the fact that these groups underperformed compared to
the baseline groups, they still obtained sedhat were competitive with the older norm
groups (although the means scores did not always surpass those of the older norm

groups.
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Research Question 3: Demographic Variable Impact

The third research question for this study was: Do demographic variables
(gender, ethnicity, and SES) influence the initial scores or rate of overall,
reading/language arts, and mathematics score growth of gifted students? The answer to
this question, based on the parsimonious models in Bakdesimilar for total scores
and mathematics scores, but not for reading scores.

For gifted students taking the ITBS/ITED abdegel, ethnicity had a
statistically and practically significant impact on their observed scores. For total scores,
students from underrepresented ethnigitiad a score that was 16.58 points lower than
ot her studentsd scores at the baseline test
average of 2.23 points every six months. For mathematics scores, the initial gap was
smaller, with students from undepresented ethnicities scoring 9.54 points lower at
baseline. Yet, the gaps in mathematics also continued to grow at a rate of 2.98 points
every six months as students advanced through their schooling.

Ethnicity also had an association with initial ssgaps for reading scores, with
students from underrepresented ethnicities scoring 26.26 points lower than their
classmates from overrepresented ethnicities. However, there was no time x ethnicity
interaction for reading scores, indicating that this sgapedid not change throughout
the course of the study. Reading score results were also influenced bydgander
outcome not observed in mathematics and total battery scores. Although there were no

initi al di fferences i n tthesbhselinemarsdssnieptthel e st ud
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female studentsd scores increased by 2.45
mal e studentsoO scores.

SES had a statistically significant relationship between observed scores for
reading and total battery scores, asdated in Model 6 for Tables 7 and 8. However,
Model 7 in the same tables shows that after ethnicity is taken into account, SES has no
additional influence on observed abdegel test scores.

For the reading scores, the male students in this study gbednEgl points, while
female students gained 21.51 points. The corresponding norm groups gained only 16.19
points between the fall of grade 8 and the spring of grade 9 and 14.02 points between the
fall of grade 9 and the spring of grade 10.

Students fronoverrepresented ethnicities showed a gain of 28.32 points in math
scores and students from underrepresented ethnicities showegramttBgain of 19.56
points. The corresponding norm groups gained only 15.72 points between the fall of
grade 8 and the gpg of grade 9 and 12.89 points between the fall of grade 9 and the
spring of grade 10.

Research Question 4: InterceptSlope Correlations

The fourth research question for this study was: What is the relationship between
initial abovelevel overall, reading/language arts, and mathematics scores and rate of
score growth? This question was answered through examination of the G matrix
producedby the finalparsimoniousiLM models.

Because it would be impractical to report the matrices of all models examined in

this dissertation, they will not be reported in full. However, Talldisplays the slope
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intercept correlations for all models. Twgduce the unstandardized G matrix, the
interested reader may obtain the from Tables 7. Thet value can be derived from
information in Tables-P by squaring thé value. To produce the covariance between

the slope and intercept, the correatreported in Tablé1 should be multiplied by the

corresponding T ando values.

Table 11
Slopelntercept Correlations (Standardized Valueg for HLM
Models o= 84)
ITBS/ITED Test
Model Total Battery  Reading Math
1 o) o) o)
2 -.006 -.305** .040
3 -.116 - 476%** -.184
4 -.019 -.288** .038
5 -.128 - 431%** -.104
6 -.008 - 379** .043
7 -.127 -.433*** -.112
8 -.287** -.616%** -.362***
9 -.252* -.613*** -.305**
Parsimonious Mode -.211 32 32

®*Model does not produce a correlation, because the model does

include a6 term.
* p< .05, **p< .01, ** p<.001

For total battery abovkevel scores, Models-2 show nastatisticallysignificant
relationship between initial student score and sldpewever, Models 8 and 9 show a
statistically significant negative relationship between the intercept and siope287,
-.252, respectively)The parsimonious model for abeieyel total scores produces an

interceptsloper =-.211 f = .057). This negative relationship indicates that students
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with lower initial scores had greater score gains than students with higher initial scores.
This relationship is show in Figure 6, which displays the total battery score gains and
decreases over time for tB81 students who were tested at least twice during this study.
The negative relationship between initial score and slope is contrary to prevailing theory
that high achieving (or high ability) students learn faster and make greater academic
gains than loweachieving peers (e.gcarroll, 1993;Dai, 2010; Eisner, 2002; Gagné,

2005; Ruf, 206). These results may indicate a persistence of regression toward the

mean in the abovkevel test scores.

355.94

TOTAL BATTERY SCORE

1811

0.38 1.20 2.03 285
TIME

Figure 6 Total battery score changes over time (n = 221).



82

HLM models for abovéevel reading subtest scores also indicated a negative
relationship between intercepts and slopes, although these inverse relationships were
much stronger than those observed for the total battery scores. Indeed, the relationship
between intercept and slope for the reading score Modet 8 i613. Despite the
strong relationship between initial scores and growth rate, the covariance between initial
score and growth rate is not included in the parsimonious model because the &tudents
growth ratesd ) were not found to be statistically different and were therefore
constrained to be equal.

The slopeintercept relationship for abovMevel math scores was not statistically
different from zero for Models-Z. However, for Models 8 arfi] the correlation
between slope and interceptis -.362 and = -.305, respectively. Again, this
demonstrates an inverse relationship between initial student score and the rate of score
gains. The abovkevel math scores also did not have an infg@rsope correlation for
the parsimonious models, because the model lackedeam, which means that the
model constrains all individual slopes to be equal.

Research Question 5: Effect Sizes

The fifth research question wa&'hat percentage of overattading/language
arts, and mathematics score variance is explainable through time, demographic variables,
and cohort membership? As mentioned in Chdftethe multilevel nature of HLM
does not permit a true effect size to be calculated. InsteadyddfRewas calculated

to represent the percentage of reductiop irffor levell) ort (for level2) compared
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to Model 1, which has no predictors in eith

for,o0 it is more pr op eadfreductianimdhe errertvasiande. as t he
Table8 shows the Pseudg? values for the parsimonious models. For lelel

variance, time had a larger impact on total battery scores (49.86%) and mathematics

scores (40.43%) than it did on reading scores (25.57%). However, demographic

variables had a similarly strong magnitudengpact on the reduction in lev&l

variance. The leve? PseudeR? was for 29.96%, 35.31%, and 28.57% for total,

reading, and mathematics scores, respectively.
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CHAPTER V
DISCUSSIONAND CONCLUSION
As described in Chaptérthe research questions tbrs study were:

1. What is the internal consistency reliability of the global battery, reading/language
arts, and mathematics scores drawn from an alewet administration of an
achievement test?

2. Do gifted children make larger achievement gains in oveealtjing/language
arts, and mathematics scores than average students in a more advanced grade?

3. Do demographic variables (gender, ethnicity, and SES) influence the initial
scores or rate of overall, reading/language arts, and mathematics score growth of
gifted students?

4. What is the relationship between initial abdeeel overall, reading/language
arts, and mathematics scores and rate of score gains?

5. What percentage of overall, reading/language arts, and mathematics score
variance is explainable through timgeemographic variables, and cohort
membership?

This chapter will examine each question, which will then be followed by a general
discussion of findings.
Research Question 1: Internal Consistency Reliability
Tables 13 in ChaptetV display the internal awsistency reliability coefficients
for the abovdevel test scores and comparison coefficients for the test level norms. Of

the 66 abowevel KR20 values are reported in the tables, only eight (12.1%) were
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higher than the corresponding KR20 value fortthe st | evel 6 s norm gr oupg
Further, the vast majority of the KR20 coefficients, were in acceptable ranges for basic
research (Cortina, 2002), although most (87.9%) were lower than their counterparts in
the norm groups. This is probably due to ueigample characteristics, including
greater homogeneity than is likely observed in the norm groups.
Research Question 2Rate of Score Gains

Gifted students taking abovevel tests demonstrated higher score gains than
what would be expected for the avgeastudent who would normally take those test
levels. The HLM models indicated that on average, the gifted students in the study made
statistically significantly greater score gains across the 18 months of the study than the
typical student in the normgup. For total battery scores, the average gifted student
from an overrepresented ethniditythis study gained 25.38 points, while the average
student who was two yearso® more advanced 1in
fall of grade 9 to the sprg of grade 10) or 15.43 points (from the fall of grade 8 to the
spring of grade 9). Even the students who would be expected to gain fewer standard
score points due to the presence of interaction effects (e.g., male students in reading and
students from nderrepresented ethnicities for total battery and mathematics scores)
made greatemathematics and total scagains than the average student in the norm
groups. This finding coincides with decades of previous findings on the rate of gifted
st ud e mingadd progress through the academic curriculum (e.g., Corno et al.,
2002; Gottfredson, 1997 Gross, 2004; Stanley & Benbow, 198382; Terman, 1926;

van Wagenen, 1925Reading score gains were not as pronounced in the gifted group as
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in the norm grop. The gifted males in the study gained an average of 14.1 points,
which is approximately equal to the 16.19 and 14.02 point gains for the two
corresponding norm groups. Gifted females tested alewet however, gained an
average of 21.45 points, duethe presence of the time x gender interaction effect.
Research Question 3Demographic Variable Impact

Three demographic variables were examined to determine their influence on both
initial scores and rate of growth. Results indicated that ethnicity was the strongest
predictor of initial abovdevel test scores about three times more powerful than SES
whenpredicting total battery and reading scores and six times more powerful when
predicting abovédevel math scores. Further, when SES and ethnicity were combined
into the same HLM equations, the explanatory power of SES almost completely
vanished. To sayat these results are disappointing would be an understatement
because it implies that the observed differences in alevet scores are more due to
cultural and/or developmental differences and not economic differences. The relative
strength of the impz of SES and ethnicity on intellectual ability or academic
achievement is subject to much debate in the literature. Some previous researchers find
SES to be a more powerful determinant of group differences than ethnicity (e.g., Carman
& Taylor, 2010). @ the other hand, other researchers (e.g., Konstantopoulous et al.,
2001) find the opposite to be téuas | do in this study. The issue is further clouded by
the fact that low academic ability or intelligence often acts as a cause for many poor life

outcanes including poverty (Gottfredson, 1997a, 1997b, 1898nd that poverty and
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a poor environment can depress intellectual and academic development {Brook&
Duncan, 1997; Gottfredson, 1997a).

Gender was not a statistically significant predictor gfahabovelevel test
scores for total battery, reading, or mathematics ITBS/ITED tests. However, gender and
time interacted to produce different growth rates in reading for males and females. For
every six months that passed, females gained 2.92 pooresthan males on abeve
level reading tests. This interaction effect for gender is not completely unexpected.
Gifted girls find reading to be more interesting than gifted boys do (Olsz&uskiius
& Turner, 2002), a tendency that also manifestsfitsabng the general school
populations (Francis, 2000). This interest in reading could easily translate into a higher
abovelevel test score, whether the test is measuring aptitude or achievement (Corno et
al., 2002).

Similar interactions were found betareethnicity and time for the total battery
and reading scores, indicating that ethnicity was a moderator variable for those
outcomes. Students from overrepresented ethnicities gained an additional 2.21 for total
ITBS/ITED scores and 2.92 points for reagliscores per half year, respectively.

Research Question 4intercept-Slope Correlations

Table 11 shows the correlations between initial score and the rate of score gains
for all models considered in this study. For the aHevel reading scores, the
correlation was negative in all models. However, for total battery and mathematics
scores, the correlation was close to 0 for Models ut then became negative in

Models 8 and 9. (In Model, ® =-.252 for total battery scores613 for reading scores,
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and-.305 for mathematics scores.) Therefore, the students with the lowest scores made
the greatest score gains, which does not coincide with pretieasy(e.g.,Carroll,
1993;Dai, 2010; Eisner, 2002; Gagné, 20Cmttfredson, 1997b

The presence akgression toward the mean may account for some of the
negative correlation, but likely not all of it. Additional factors that may contribute to this
finding include (a) a ceiling effect may still be present for the highest scoring students,
(b) the giftel program is not serving the needs of the brightest students but is serving the
needs of the moderately gifted, (c) the abtaxe| test scores do not demonstrate
sufficient testretest reliability to track score gains, or (d) the ablevel test scoresad
not perform as expected and the negative sgane correlation is a manifestation of a
unigue psychometric phenomenon. The data at hand cannot reveal which factor or
combination of factors the cause of the negative correlation between initial score and
rate of score change.

Research Question 5: Effect Sizes

Thelevel2 PseudeR? values in Tables-8 show the amount of reduced leel
variance of abowevel scores from demographic variables. For all the total battery and
mathematics scores outcomeightes, cohort membership explained the most {2vel
variance: 21.34% and 30.39%, respectively. However, for the dbwslkereading
scores, ethnicity was the most powerful predictor (19.78%).

Normally, one would expect thdte cohortvariables wouldethe most
powerful demographic variable for all abekexel outcomes in this study because

cohorts differd in the number of years of schooling that children have received.
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However, by the middle school years, a high reading level is largely a resattyof e
success with reading, salirected practice, and personal choices to engage in reading
(Petersen, Kolen, & Hoover, 1989; Stanovich, 1986), especially among gifted students
(J. R. Mills & Jackson, 1990). Thus an additional year or two of schooliggrarsslate

into a much weaker score advantage (and therefore, a smaller f&imloeading than

it would in mathemati@s where seHinstruction is much more difficult. Instead, the

most independent variable that produced the largest2eRskuddR? was ethnicity,

with 19.78%.

This study also shows a large advantage that students from overrepresented
ethnicities (Whites and Asian Americans) have over students from ethnicities that are
underrepresented in the gifted magnet program (Hispanics andm\fimericans)both
in terms of initial scores and in the greater score gains that overrepresented students
demonstrate in total scores and mathematics subtest.sddrepresence of score gaps
between ethnicities on educational achievement or intedleahility tests is widespread
(e.g., Forsyth et al., 2003; Gottfredson, 1997a, 2000; Herrnstein & Murray, 1996;
Hoover et al., 2003; J. Lee, 2002), including in gifted education research (/gL
& OlszewskiKubilius, 2006; McBee, 2006, 2010IszewskiKubilius & S-Y. Lee,
2011;Yoon & Gentry, 2009). This study merely joins the large body of research
showing a substantial score difference between ethnic groups. The existence of these
score gaps is not controversial, but the cause(s) ofgagharéKaplan & Saccuzzo,
2005) Explanations range from genetic or biological factors (Plomin & Petril, 1997,

Rowe, 1997) to mostly environmental causes (Scarr & Weinberg, 1976). Other
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researchers claim that the true causes of score gaps are urknasenibe score gaps to
the product of a vague genebmlogicalenvironment interaction (e.g., Gottfredson,
1997a; Herrnstein & Murray, 1996; J. Lee, 2002; Neisser et al., 1996). The data from
this study do not shed any light on the causes of these gaps. Indeed, the score gaps
in this study may be merely due to local influerdicassich as a differential selection in
admission to the program or in the types of families in each group who choose to send
their child to the program.

Gender had little effict on explained lev& variance. For all models in which it
was the only leve? predictor (Model 4 in Tables@), gender had a negative Pseudo
R?. Thus, as a main effect, gender holds no predictive power. This is unsurprising
because the educatiorsald achievement gap tifatrmeily existed between boys and
girls has effectively closed (Francis, 2000), and in some areas females have surpassed
males in educational achievement (Deary, Strand, Smith, & Fernandes, 2007).
Moreover, in most studies of gltectual ability, males and females have equal group
means or any differences are very small (Gottfredson,; ZDB2ewskiKubilus & S-Y.
Lee, 201}). The negligible effects of gender in this study coincide with such previous
findings. However, (as digssed in Chaptd¥ ) gender provided a statistically
significant interaction with time to produce differential levels of growth in reading
scores, with females gaining 2.92 more points than males every six months. Therefore,
the initial equality betweenemders in reading may change over time, with females

having higher observed scores than males.
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General Discussion

In general, the ITBS and ITED abelee vel test scores fibehave

same way as the SAT, ACT, and other previously researched-veVéest scores do.

As was expected, the test ceiling was higher in the alewe testing condition than it

would be on a gradievel test. This, in turn, led to the observedrss being more

variable tharwould be expectedn a graddevel test, whib also improves

discrimination and evaluation of each individual gifted child. In addition to the test
ceiling being raised, the tests scores usually demonstrated high levels of reliability. The
generally high reliability of abovkevel test scores is meempirical evidence that

supports one of the most frequently cited reasons for conducting-evavéesting.

Because of theoretical claims of abdvee v el testingds capabili
regression toward the mean, the pattern, magnitude, and casseseofleclines were
investigated. In this study, a majority (57.2%) of the students who were tested at least
twice showed a score decline in reading, math, or the total battery. Thus, score declines
are surprisingly comman even when gifted students areteel abovdevel. However,
in eight of nine comparisons, the score declines that occurred between two testings did
not have a statistically significant relationship with the score at the first testing.
Therefore, it is not possible to state the exacsead score declines in this study.

However, given the importance of regression toward the mean in the identification of
giftedness (Lohman & Korb, 2006), these results show that relationship between
regression toward the mean and ablexel testing maye a fruitful area of

investigation.
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Implications

This study has important psychometric implications. Much of the descriptive
data from this study is consistent with previous reports of alews test data,
including the existence of large ethnicity gpodifferences, the lack of statistically
significant gender differences, and the approximate normality of the -ddeldest
score distributions. The fact that much of this information on the ITBS and ITED
corresponds to previous Talent Search findmgshe SAT (Barnett & Gilheany, 1996;
Keating & Stanley, 1972IszewskiKubilius & S-Y. Lee, 201}, ACT (S-Y. Lee &
OlszewskiKubilius, 2006 OlszewskiKubilius & S-Y. Lee, 201}, SSAT (Lupkowski
Shoplik & Assouline, 1993andEXPLORE (Colangelo el.a1994 Olszewski
Kubilius & S-Y. Lee, 201} is encouraging and suggests that aHevel achievement
tests perform in similar ways, even when they are administered to a group that is not as
selective as those who usually apply for Talent Search prggram

Some findings are a unique contribution to the aHevel testing literature, such
as the level of KR20 reliability coefficients and the degree of regression toward the
mean of abowevel test scores. This study provides the first psychometric eoadcd
these issues and can lay the foundation for further examinations of the psychometric
propertes of abovdevel test scores.

Apart from psychometric issues, this studsohas practical implications. First,
the study provides a possible outlime &valuating a gifted program. Program
evaluation has historically been a weak area of gifted education research and practice

(Borland, 2003; Gallagher, 2006; VanTasBakka, 2006), partially due to a lack of
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instruments that effectively measure highells of educational progress. This study is

the first to show that aboyevel testing can be used to track individual progress and
overcome the problems of using traditional measures of academic achievement in gifted
program evaluation.

Another practiceimplication of this study is that it can provide some guidance to
district personnel who wish to implement abdseel testing. The gifted education
literature provides almost no guidance on when albe®we testing should be
implemented outside of a [Emt Search or grade skipping context. For most
practitioners, this lack of guidance may be an impediment to using-éb@@idesting in
their gifted programs. T h i-gradesdiscrepanéys e x a mp |
and results can give pradatitiers a starting point for making plans to implement above
level testing in their districts for identification, evaluation, and educational planning.

This study also provides guidance on how to use alBwe test scores, which few
districts currently dpeven when scores are available (Swiatek & Lupkov@siaplik,
2005).

Limitations

Internal validity . There are several threats to internal validity that arise from
the fact that all sample members were enrolled at a single gifted magnet program in a
sinde district. These will be interpreted in the threat to internal validity framework
provided by Cook and Campbell s (1979). Fi
effects in which different events that happened in the school or district imphaeted

cohorts differently. For example, as the program became better established, it is possible
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that district personnel learned better which types of students were best suited for it. This
would lead taCohort4 and Cohort 2 (which had a large numbertatlent admitted to
the program after the first followup) to have a different composition compared to the
other cohorts.Similarly, the students in Cohort 1 could have been exceptionally bright
and motivated compared to other gifted students in the disetause many of them
were willing to change schools during their final year of middle school and leave their
home campuses and friends.

Differential selection could also be a threat to internal validity. This may
partially explain the score differenclestween overrepresented and underrepresented
ethnicities in the sample. There is strong pressure from thdr 0 o | sthte sftice i ct 0 s
of education to have the composition of gifted programs reflect the ethnic makeup of the
district as a wholewvhich mg cause district personnel to admit children from
underrepresented groups who are not as academically advanced as other students. (See
Lewis, DeCamg-ritson, Ramage, McFarland, & Archwamety, 2007, for an example of
the changes to program admissions ddtdrat could lead to different standards for
underrepresented groups. See Ford, 2003, and Warne, 2009, for suggestions to increase
the diversity of a gifted program without lowering admissions standards.)

The age of the students could have contributddsiory and differential
selection issues associated with this study. Because the students were all at least aged 11
years or more when they entered the program, they had several years of educational
history which could have created (or magnified) grdifferences that were discovered

in this study. For example, the district policies on gifted identification have changed
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mul tiple times during the studentsoOo educat.i
under current policy may vary greatly from slgochildren who were identified several

years previously. | requested data on how each child was identified and labeled as

gifted, but the school district personnel said that the data were not available. In the

future, | hope to conduct this same studthwounger children (perhaps as young as the

first grade) who were all identified under a single policy in order to lessen these history

and differential selection effects.

Experimenal mortality could also be a threat to the internal validity of thidystu
However, experiment mortality likely had a small impact on the internal validity of the
study. Figure 2 shows the reasons why students left the gifted program. As can be
clearly seen, most students who left did so for reasons that likely had ntotliogvith
their academic ability (i.e., moving out of the district, death, absent on test day, test form
lost). Nine students left the program during the course of the study. Two of these left
the study because they skipped a gradd the other sevdeft for because they were
struggling with the gifted curriculum or for social reasons. However, these were a
minority of study dropoutsand | do not believe that these seven students had a large
impact on the analysis of abolevel test scores.

Thereis also the problem of a small sample size for some research questions.
For example, conclusions about the rate of score gains were based on data from the 84
students who were measured at all three time points. Therefore, it is necessary to

replicate ths study with much larger sample sizes in the future.
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External validity . The possible threats to external validity are no less severe
than the threats to internal validity. Again, many of these threats arise from the presence
of a single convenience saraph this study. The threats to validity discussed here are
also drawn from the Cook and Campbell (1979) framework.

The convenience sample in this study severely limits the extent to which these
findings can be generalized to other gifted student populations or programs. Even if one
limits the target population to gifted middle school students in this specific digtact
results may not be completely generalizable because there are two gifted magnet
programs in the district and a majority of gifted students attend neither program.
However, the fact that some of the abdereel testing results coincide with many
prevous studies using more selective Talent Search samples and different instruments
(e.g., SAT, EXPLORE, ACT) is encouraging and may provide a logical basis for some
tentative generalization to other samples.

On the other hand, the fact that this study e@sducted over the course of two
school years in a typical gifted middle school magnet program may make the results
more applicable to the real world. Practitioners who encounter this study may likely
recognize aspects of this study that are found inyngéted programs throughout the
country. Perhaps seeing abdeeel testing applied to a real school situation (instead of
a Talent Search environment) could prompt practitioners to consider the practice for the
gifted students in their districts.

Stdistically, the final parsimonious models in the study were mostly exploratory

in nature. Like all exploratory statistical procedures, there exists the possibility that the
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results here are overfitted to this specific sarapie capitalize on chancé recommend
that the parsimonious models from this study be used again with a separate sample in
order to judge their applicability to other groups.

Other study limitations. Another limitation of this study is that the gifted
children at this magnet prograho not seem to be as elite as is often seen in gifted
education research. The chil drenéevelaver age
percentile are quite low for gifted students: between tfeag@ 939 percentile for
reading, the 58and 84" percentile for math, and the"@nd 87 percentile for overall
scale scores. Although these percentiles may be depressed through the equipercentile
equating procedure used in the development of the ITBS and IF&Byth et al., 2003;
Holland & Dorans 2006; Hoover et al., 2003; Kolen, 1981), they still indicate that this
sample is not as selective as what appears in most-tbmidesting studies.

Also, some subgroups of interest (i.e., African Americans and Hispanics) were
combined because individlly the groups were too small for the statistical tests to have
much power. It is possible that Hispanics and African Americans have different above
level score profiles (e.g., growth rates, score gains, and distributi®imsiarly, the
small number bAsian American students (just 3 out of the 225) preventiepth
analysis about a substantively interesting overrepresented godbpr variables that
could be potentially interesting, such as whether a student was bilingual atsmrdt
be includé in the analyses, because there were not enough students for powerful

statistical tests to be conducted.
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Another limitation of this study is that it does not address whether the-above
level test scores or reliability coefficients obtained here were htgha the scores or
coefficients that would be obtained from a gréeleel test. In order to make such a
judgment, the same sample of gifted students would need to take deyeldend an
abovelevel tesd which did not happen in this study. A studyhich counterbalanced
gradelevel and abowevel test forms were administered to a sample would provide this
information. The current study is also limited by examining just one type of reliébility
internal consistency reliability. Although internainsistency reliability is the most
commonly examined reliability type (Hogan, Benjamin, & Brezinski, 2000; Thompson,
2003), there are other sources of measurement error that could be investigated with other
testing research designs. Other measuremengtiabitity, such as the conditional
standard error of measurement, may also prove to be valuable to investigate.

The findings on abowevel score declines are also problematic the focus of this
study was score growth. However, score declines happenethetess, despite the
passage of-42 months between testings, which is enough time for real learning to occur
that could mask any regression toward the mean. A studigichthe testing intervals
are much shortér perhaps two weeks or Ié&ssvould be morenformative.

Nevertheless, it is enlightening that over half of participants who were tested at least
twice showed at least one score decline, which indicates that-Ew@léesting may not
solve the problem of regression toward the mean among giftéergs.

Finally, this study may be limited by the linking and equating procedures that the

ITBS and ITED creators used to create a scale score that permits comparisons across test
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levels. All equating procedures introduce some amount of error intoSwoEarisons
across different tests, test forms, or levels (Holland & Dorans, 2006; Skaggs & Lissitz,
1986). In general, the equipercentile equating method has performed well in many
di fferent contexts (e.g., Kol em&Koldn9 8 1 ; Oo6 BT
2004), including in vertical equating across ITBS levels when the examinees have high
levels of ability for their age (Harris & Hoover, 1987). However, the impact of
equipercentile grading on abelevel test score interpretation is unknown.
Further Research

Abovelevel testing has the potential bea fruitful avenue of research, mostly
because psychometric research on the practice has been directed almost exclusively
towards basic issues. One advanced psychometric issue would be to atedsiig
abovelevel testing scores are impacted by different scaling methods becausiewebss
score comparisons are very sensitive to the scaling method used to align test levels
(Kolen, 2006). A study like this would help disentangle the effectstofbstudent
achievement and artifacts from the test construction and scaling process.

Another useful study would be to examine the factor structure of dboek
scores and compare the factor structure for gifted adolescents with the factor structure
for the older group for whom the test was designed. Minor and Benbow (1996)
conducted such a study with items from the SATbut it is problematic because they
(a) created item parcels in order to have more normal data distributions for their
confirmatoryfactor analyses, and (b) they did not test item intercepts when examining

measurement invariance across groups. A study that corrects these flaws by taking into
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account the dichotomous nature of the items and includes item intercepts in the test of
invariance would be more likely to detect differences in factor structure and item
properties across groups. The data generated for this sample do not permit such a
comparison because the sample sizes are too small and data do not include average
ability studers in the grades that correspond to the test levels.

The possibility of item bias in abovevel testing has also been insufficiently
examined. Benbow and Wolins (1996) conducted a study investigating item bias among
seventh and eighthgraders taking # SAT and found no substantial levels of item bias
between genders. This study was important because Talent Search populations have
always been majority male (e.g., Lubinski & Benbow, 1994y 9.ee & Olszewski
Kubilius, 2006), a rdidgs Bdicatbddhat SAThgdndeMads was 6 s
not a cause of the gender imbalance in Talent Search populations. However, other
potential types of bias, such as bias against different ethnic gtaymnot beensubject
toinvestigaton. Such tests of biaseneeded because Talent Search populations have
also been nonrepresentative of ethnicity of the general population from which they
come, with Asian Americans and Whites usually overrepresented and other ethnic
groups underrepresented (e.g-YSLee & OlzewskiKubilus, 2006 Olszewski
Kubilius & S-Y. Lee, 201). It would also be important to test different tests, such as
the ITBS, ACT, and EXPLORE, for gender and ethnicity bias in items or tests. | was
not able to examine item gender or ethnicity lmathis study because of a small sample

size for this type of study.
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Factor analysés both exploratory and confirmatayyof abovelevel testing data
should become standard practice in gifted education research. Unfortunately, factor
analysis was not possgwith these data because the sample size was not large enough.
| find it disappointing that only a single factor analysis has ever been performed on
abovelevel testing data (Minor & Benbow, 1996), despite the fact that aleceé
testing has been a aaly accepted practice in gifted education for at least 25 years.

Factor analyses provide important information about test structure and interpretation that
is not obtainable from any other analysis or practice. With the myriad possible
combinations ofdst, test level, type of giftedness, sample age, etc., | propose that any
researcher who uses abdegel tests should provide information of factor structure of

their particular data, provided that the sample size is large enough. These factor
analyseshould also be conducted and reported as part of the larger effort to assess the
validity of abovelevel testing.

Another possible future research line would be to strengthen the external validity
evidence of abowevel test scores and the interpretasioh those scores as provided by
researchers like Swiatek (2007). For example, a study that examines the correlation
between abowevel test scores and other criteria such as 1Q tests, algebra readiness, and
AP tests taken at a young age would be impress

Future research coullsoexamine the relationship between abterel test
score and learning speed. A set of regression equations that could predict the probability
that a child could master advanced coursework in a limited amount of time would be

helpful for educational planningCurrently, noempirical investigations have been
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performed taletermine the relationship between abtexe| test scores and the rate of
educational acceleration that a child could handle, although some researchers have
produced educated guesses based on extensive experience (e.g., Olksabiaki
1998b;Rogers, 2002Ruf, 2005; VanTassdbaska, 1984).

Finally, another interesting area of research would be to compare the
psychometric research on abdegel testing wih the research on belelvel testing
(see Ayrer & McNamara, 1973, for an early example of bdéxmel testing). There are
similarities in the measurement problems that special education and gifted education
researchers grapple with when using griede tests, such as restriction of range
problems and a high measurement error (e.g., Roberts, 1976), so it is likely that
psychometric issues related to abdsneel testing have corollaries in beldevel testing.
However, belowlevel testing has largely lfan out of favor in special education because
of interpretation difficulties and because some assumptions of hel@htesting
advocates have been strongly questioned by empirical research (e.g., Bielinski et al.,
2000; Minnema et al., 200@00). This is a stark contrast from gifted education, where
abovelevel testing enjoys widespread support, and what little psychometric research
there is on the practice is favorable. Articles about the commonalities and differences
between the abovand belowlevel testing and why the research supports the former
practice but not the latter would be illuminating.

Conclusion
In conclusion, this study provides evidence that administering ITBS or ITED test

levels to a group of gifted students who are two yearsgeruthan the norm group
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produces results that are similar to what has been reported in administering other
achievement tests to more extreme groups of gifted children. Specifically;lelvel/e
testing raised the test ceiling, test scores became moabheatthan would be expected
with a gifted sample taking a gratirel test, and observed score reliability was high.
Moreover, the test scores can be used to track individual progress, although there is
some evidence that regression toward the mean ntidyesa problem for some
examinees, even with abeievel testing.

The study also found that some student demographic characteristics had an
influence on both abovievel test scores and the rate of score growth. Ethnicity was
found to be a powerful idence on the initial scores for the reading, mathematics, and
total battery and to be a moderating variable for growth of mathematics and total scores.
Gender also was a moderator variable for reading score growth, but did not produce any
statistically ggnificant main effects. SES had a statistically significant relationship with
abovelevel test scores, but SES provided little unique explained variance above and
beyond what ethnicity provided.

Finally, the correlation between initial score and rateaoire growth was
negative. This means that the highest scoring students were the ones who demonstrated
the smallest gains over the course of the sttde cause of this theoretically
unexpected finding isnknown, but it may reflect local charactertsdior the remnants of
a ceiling effect.

This studywasdesigned to be a starting point for a future line of research, and

this chapter provides just a few possibilities for future research. There is sodittle in
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depth, high quality psychometric researchabovelevel testing that no study could
possibly be the last word on the subject. Moreover, this study has raised new questions
about when to test abovevel outside of a Talent Search context, program evaluation,
regression toward the mean, and otesues. Answering new questions about above
level testing will take more research and studies on a wide array of gifted populations.

The field of gifted education is ready for more psychometric research. | believe
that the field is undergoing a revoluticn methodology and statistics, as demonstrated
by several recent works (e.g., Matthews, Gentry, McCoach, Worrell, Matthews, &
Dixon, 2008; Shore, 2006; Thompson & Subotnik, 2010; VanTd&=ska, 2006).
Above-level testing is an ideal battlefront foighrevolution because the practice is so
widely accepted, yet poorly understood. As understandipgyafhometric issues and
abovelevel testing growresearchers and practitioners may become more thoughtful
about all of their psychometric data, which niaprove the quality of research and

practice.
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APPENDIX
ITEM STATISTICS

The research questions inghlissertation were mostly concerned with the
students in the study: their initial scores, their growth rates, the impact of demographic
variables on their scores, etc. Only one research quéstioout internal consistency
reliabilityd was directly concered with a psychometric issue. However, | recognize
that abovdevel item properties may also be of interest to some readers. Hence, in this
appendix | will the item difficulty index (IDI) for the two different groups in order to
examine how abovkeveltesting impacts IDI values. The IDI is merely the proportion
of the sample that answered the item correctly, which meards tbanterintuitively
easier items have higher IDI values (Allen & Yen, 1979; Kaplan & Saccuzzo, 2005).

From a psychometric persgs@, item statistics are important to examine when
instruments and items are administered to a sample that differs from the population for
which the test was developed (Crocker & Algina, 2002). Moreover, item statistics can
shed light on the validity aising the ITBS and ITED as abeleyel tests to evaluate the
educational progress of gifted children. Validation of abevel instruments is
necessary because current testing standards dictate that test users who use an instrument
for a purpose for whitit was not originally designed and validated must conduct
validation studies themselves (AERA et al., 1999).

Methods
The data in this appendix are drawn from the alevel test administrations

described in Chaptel of this dissertation. There welteree test levels administered to
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the students in this study. The eigigitade level of the ITBS contained a total of 142
items on three subtests; the reading subtest contained 37 items, the writing subtest
contained 59 items, and the math subtest coadbd6 items. All of these subtests are
also used to generate a total battery score (Hoover et al., 2003).

The ninth and tenth grade level of the ITED contained 240 items on six
subtests; the vocabulary subtests contained 40 items, the reading cormsiprebentest
contained 44 items, the spelling subtest contained 30 items, the revising written
materials subtest contained 56 items, the mathematics concepts & problem solving
subtest contained 40 items, and the mathematics computation subtest contéered.30
The vocabulary and reading comprehension subtests combine to generate a total reading
subscore and the mathematics concepts & problem solving and mathematics
computation subtests combine to generate a total mathematics subscore. Like the eighth
grade ITBS test level, all of the items on the ITED levels combine to generate a total
battery subscore. The spelling and revising written materials subtests do not contribute
to any other scores besides the total battery score (Forsyth et al., 2003).

As Chaptellll showed, each test level was administered three times as students
during the course of the study. The baseline administration was in fall 2008 and two
followups were in spring 2009 and 2010. Therefore, the item statistics from the baseline
measurement were compared to only the ITBS and ITED test level fall norms, while the
item statistics from the two foll owup admin
spring norms. The IDI values come from the class item response records, wimeh is o

of the reports provided by the test publisher, Riverside Publishing.
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Because of the small size of the cohorts (ranging fiegn87 ton = 61), |
combined the cohorts that took the same test levels during the spring of different years.
This led to a tadl of six sets of abovkevel item statistics: one for each test level in the
fall and one for each test level in the spring. For these compansanged from 39 to
101.

Analysis

Item statistics were calculated for the abtesel test to be comparalie the
norm item statistics provided by the test publisher. As stated above, IDI is merely a
proportion of students who answered the item correctly. This information is easily
calculated for the gifted sample and is compared with IDIs on the scorésresoed
from the test publisher.

Results

IDIs for the gifted students and the norm students are displayed in Tables Al
A15. The information from these tables is also displayed in Figures381 The
figures show a high correlation between gifted I&xsl norm group IDIs for the
majority of the tests. For 22 of the subtests, the correlation between the two sets of IDIs
was quite highr(>.700,p < .001), indicating that the same items tended to be difficult
for both the norm group and the youngeragifstudents. Conversely, the same items
were usually easy for both groups of test takers. The major exceptions to this trend was
in the spelling and revising written materials subtests. For both levels (ninth and tenth
grade ITED levels) and both adnstations (fall and spring), the IDIs of the two set of

IDIs did not have a statistically significant correlatipre(.101).
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The mean and standard deviation IDIs for each subtest are reported in Table A16.
The table also displays results from ttedled t-tests between the gifted and norm IDIs
and standar di z e dd)irdicdtiegche size of the differénCecbbtweernd s
group IDIs. Because there aret3@sts in Table A16, a Bonferroni correction was use
to adjust U an d Sixofthedestsveere shdwnpoee statistically o
significant at the adjusted U (.002). Thes
the revising written materials subtests and both administrations of the ninth grdde leve
of the reading comprehsionsubtest. The effect size for all of these differences was
quite large d = .617 to .825), indicating large differences in IDIs between the younger
gifted students and the students in the norm groups. For five of the statistically
significant diffeence, the subtests were easier for the younger gifted sample than it was
for the students in the norm sample. The only test that was easier for the norm group
was the grade 10 revising written materials subtest that was administered in thedspring (
= 761, p < .001).

Discussion

As the figures indicate, the majority of the IDIs did not change drastically when
they were used in abowevel testing. This result suggests that these items do not
function very differently for a younger gifted population theytdo for a sample that
the tests were designed for. The similarity of IDIs also suggests that some academic
achievement subtestgarticularly in reading and mathemadcmay be interpreted in a
similarly, whether they are administered to a traditiongiutettion or in an abovkevel

fashion. However, this is just one piece of validity information for atbevel testing
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and more study is needed on ab&eeel testing items to gather more validity evidence
in order to make more sure interpretations ofvadevel test scores.

For the spelling and revising written materials subtests, however, the correlations
between the two sets of IDIs were very lowy<€|. 216). This lack of relationship
between IDIs for these subtests may indicate that either (dagthe function differently
when administered to a younger gifted sample, or (b) local curriculum and education
practices have altered which items are difficult and which are easy for the gifted students
in the sample. Until this study is duplicated wittother gifted sample, it is impossible
to say which of these two options is more likely. However, in a discussion about this
finding with the school district official who is in charge of the gifted program, we came
to an agreement that (b) is more likely.

| had hoped to also make similar comparisons of the item discrimination index
values of the two groups. Measured with a pbiserial correlationrgys), which is the
correlation between the item score and the total scale score the item discrimna#ion
measures the degree to which items distinguish between high and low scorers on a test
(Crocker & Algina, 2002; Kaplan & Saccuzzo, 2005). However, | contacted Riverside
Publishing fom s values for every item individually, but that information vas
available for Form C of the tests (L. Nawojski, personal communication, January 12,
2011) . Therefore, it is not possible to
change as they are used in abtexes| testing. This is disappointing becausenit
discrimination indexes are one of the most basic statistics used to evaluate items

(Crocker & Algina, 2002; Kaplan & Saccuzzo, 2005).
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As far as IDIs are concerned, though, it is interesting that thenzstity of
IDIs were similar for both groups, whether that similarity was measured by mean
difficulty for the entire test (Table A16) or by correlations between groups (Figures Al
through A30). Although further study is needed into the issue of dbwgkitem

statistics, this appendix provides some new information about item functioning in above

level testing.
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Table A1
ITBS Reading Subtest Item Difficulty Indexes, Gifted Grade 6 and National Grade 8 Norm C
ltem # Fall Gifted IDI Fall Norm IDI Spring Gifted IDI Spring Norm IDI

1 .67 71 a7 74

2 .60 .54 A7 .58

3 .62 .59 .53 .62

4 .78 .76 .81 .79

5 .80 .76 .92 .79

6 .82 .86 .96 .89

7 .51 41 .56 .45

8 44 44 49 .48

9 .58 73 .79 .76
10 .84 .76 .78 .79
11 .58 .57 .67 .61
12 .33 .46 .48 .50
13 51 .53 .62 .57
14 .33 .23 .26 .25
15 .56 .38 .62 41
16 .69 .64 75 .67
17 .56 .63 .78 .66
18 .33 .50 A7 .54
19 91 72 .88 .75
20 .82 71 .79 74
21 .33 .36 46 .39
22 .82 .50 73 .54
23 49 .48 .61 .52
24 .78 .51 .83 .55
25 .53 .48 .59 .52
26 .60 72 .86 .75
27 .62 .54 .81 .58
28 .76 71 .89 74
29 .80 .69 .85 72
30 .53 .50 .56 .54
31 .76 .63 .75 .66
32 .53 .55 .63 .59
33 .56 .54 .76 .58
34 .64 .67 72 .70
35 .62 .52 .64 .56
36 51 .52 71 .56

37 .64 71 a7 74
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Figure Al Scatterplot of reading subtest IDI values, Cohort 3 (Fall 2008) and Fall Norm Sample. IDI values

correlation is r =.748 (p < .001).
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Scatterplot of Reading Subtest IDI Values,
Cohorts 3 & 4 (Spring 2009 & 2010) and Spring
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Figure A2 Scatterplot of reading subtest IDI values, Cohorts 3 & 4 (Spring 2009 & 2010) and Spring Norm
Sample. IDI values correlation is r = .838 (p <.001).
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Table A2
ITBS Language Subtest Item Difficulty Indexes, Gifted Grade 6 and National Grade 8 Norm (
ltem # Fall Gifted IDI Fall NormIDI Spring Gifted IDI Spring Norm IDI

1 .78 .82 .86 .85

2 .67 .57 .63 .60

3 71 .60 .70 .63

4 71 .67 .64 .70

5 .49 .65 .65 .68

6 71 .61 .70 .34

7 .40 .34 .25 37

8 .40 .38 42 41

9 .53 51 .53 .54
10 .60 .56 .55 .59
11 .36 .50 .49 .53
12 .29 .35 .19 .38
13 .76 .65 71 .68
14 .38 42 42 .45
15 .24 .32 12 .35
16 .69 .61 77 .64
17 .76 17 .80 .80
18 71 .79 .89 .82
19 .69 71 .84 74
20 A7 43 42 46
21 .58 51 .59 .54
22 .67 .53 .59 .56
23 .64 .52 .51 .54
24 42 A7 .33 .50
25 .62 .56 .64 .59
26 .31 44 .32 A7
27 73 .49 .70 .52
28 .62 .62 .55 .65
29 .56 41 43 44
30 73 .57 .66 .60
31 .76 72 .76 .75
32 .51 41 .39 44
33 .80 .78 74 .81
34 .58 .58 .69 .61
35 .60 .52 .55 .54
36 42 .28 .29 31
37 .78 .58 .63 .61
38 .82 .75 .82 .78
39 A1 .23 .16 .25
40 .69 .57 72 .60
41 42 A7 A7 .50
42 .60 .54 .63 .57
43 .36 .36 .10 .39
44 .78 .66 .83 .69
45 .36 .26 31 .28
46 .56 .56 .66 .59
47 .58 .68 .76 71
48 .60 .66 72 .69
49 A7 A7 .54 .50
50 .20 .23 .28 .25
51 .53 57 .64 .60
52 .38 A7 .49 .50

53 .64 .64 .78 .67
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Figure A3 Scatterplot of language subtest IDI values, Cohort 3 (Fall 2008) and Fall Norm Sample. IDI values correlation

isr=.846 (p <.001).
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Scatterplot of Language Subtest IDI Values,
Cohorts 3 & 4 (Spring 2009 & 2010) and Spring
Norm Sample
1.00 +
0.80 +
% 0.60 —+
O
§ 0.40 +
<
0.20 +
0.00 } }
0 0.2 0.4 0.6 0.8 1
Grade 8 Norm Group ID

Figure A4 Scatterplot of language subtest IDI values, Cohorts 3 & 4 (Spring 2009 & 2010) and Spring Norm Sample. IDI
values correlation is r =.920 (p < .001).
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Table A3
ITBS Math Subtest Item Difficulty Indexes, Gifted Grade 6 and National Grade 8 Norm G

ltem # Fall Gifted IDI Fall Norm IDI Spring Gifted IDI Spring Norm IDI

1 .60 .55 .54 .59

2 40 .30 A4 .33

3 .96 .83 .96 .86

4 .96 .67 .93 .70

5 71 .65 .83 .68

6 44 A4 .55 A7

7 .56 .50 .70 .53

8 .62 .53 .63 .56

9 49 49 49 .52
10 .27 40 .34 A3
11 .84 72 .92 e
12 .58 .76 .82 .78
13 71 .67 .83 .70
14 .53 .59 .68 .63
15 .29 .33 48 .36
16 .80 .68 .88 71
17 42 Al .50 44
18 .36 49 45 .52
19 49 .34 .56 37
20 .20 .38 22 A1
21 A2 A5 45 49
22 13 .29 .24 .32
23 A4 A3 37 46
24 .18 .35 .33 .38
25 .36 .32 41 .35
26 .20 .32 .30 .35
27 13 .32 21 .35
28 .20 .37 .26 40
29 A3 .30 .30 .35
30 A7 42 45 46
31 .78 .51 71 .55
32 .67 .38 .60 41
33 .24 31 .36 .34
34 .60 A4l A7 45
35 31 49 48 .53
36 .33 .35 15 42
37 .27 .56 44 .62
38 .76 71 .76 .78
39 .18 .30 A3 37
40 49 .64 .62 71
41 .53 .53 .56 .67
42 .38 .38 A7 .53
43 .09 .09 A7 48
44 31 31 .27 .52
45 .16 .16 A1 .50

46 .07 .07 .04 .39




Figure A5 Scatterplot of math subtest IDI values, Cohort 3 (Fall 2008) and Fall Norm Sample.

786 (p < .001).
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IDI values correlation is r =
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Scatterplot of Math Subtest IDI Values, Cohorts 3
& 4 (Spring 2009 & 2010) and Spring Norm
Sample
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Figure A6 Scatterplot of math subtest IDI values, Cohorts 3 & 4 (Spring 2009 & 2010) and Spring Norm Sample. DI

values correlation is r =.787 (p < .001).
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Table A4
ITED Vocabulary Subtest Item Difficulty Indexes, Gifted Grade 7 and National Grade 9 Norm C
ltem # Fall Gifted IDI Fall Norm IDI Spring Gifted IDI Spring Norm IDI

1 .92 .79 .94 .83

2 72 72 .84 46

3 .83 .53 .81 .58

4 .68 .51 73 .56

5 .49 .55 .61 .60

6 .57 .70 .80 .75

7 .70 .56 .70 .61

8 .40 44 .55 49

9 .75 .68 .80 73
10 .51 .57 .66 .62
11 72 .66 .75 71
12 .64 .46 .67 51
13 42 .49 .52 .65
14 .38 41 .46 46
15 .87 .65 .93 .70
16 .66 .63 .78 .68
17 .64 3 .83 .68
18 .79 7 .84 .81
19 .85 .63 .84 .68
20 .53 .50 .69 .55
21 .83 73 .84 a7
22 .87 .75 .86 .79
23 .94 .75 .94 .79
24 .28 44 .36 .48
25 .79 .57 .86 .62
26 .68 .57 .66 .62
27 .51 .57 .63 .62
28 .49 .50 .50 .55
29 .57 43 .52 A7
30 17 44 .26 .48
31 .58 .46 .70 .51
32 A7 .48 .58 .53
33 .43 .49 .58 .54
34 .55 .58 .79 .62
35 .28 .38 42 42
36 42 31 .37 .35
37 .53 .34 A7 .38
38 .34 .37 .36 41
39 .13 .32 .14 .36
40 .40 44 44 .49




Scatterplot of Vocabulary IDI Values, Cohort z
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Figure A7 Scatterplot of vocabulary subtest IDI values, Cohort 2 (Fall 2008) and Fall Norm Sample. IDI values

correlation is r = .806 (p < .001).
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Scatterplot of Vocabulary IDI Values, Cohorts 2 &
3 (Spring 2009 & 2010) and Spring Norm Sampl
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Figure A8 Scatterplot of vocabulary subtest IDI values, Cohorts 2 & 3 (Spring 2009 & 2010) and Spring Norm Sample.
IDI values correlation is r = .832 (p < .001).
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Table A5
ITED Reading Comprehension Subtest Item Difficulty Indexes, Gifted Grade 7 and National Grade 9 Norm
ltem # Fall Gifted IDI Fall Norm IDI Spring Gifted IDI Spring Norm IDI

1 .83 .69 .82 72

2 91 .69 .85 72

3 .81 .67 .90 .70

4 .60 .58 74 .61

5 77 .66 75 .69

6 .81 .65 .83 .68

7 91 71 .88 74

8 77 .63 .87 .67

9 .83 .66 .86 .69
10 .83 71 .89 74
11 .85 .63 .87 .66
12 .83 72 .86 .75
13 .96 .76 .96 .79
14 .87 .70 .95 .73
15 .60 .52 71 .56
16 .55 51 .76 .54
17 .75 .67 .82 .70
18 .55 .60 48 .63
19 A7 A7 .59 .50
20 .66 .60 .83 .63
21 .81 .68 .87 71
22 .85 .64 .83 .67
23 .64 .52 .62 .55
24 .66 A7 .57 .50
25 .91 73 .99 .76
26 .53 41 .56 A4
27 .64 51 71 54
28 42 .46 .66 49
29 71 .61 .80 .64
30 74 .56 .79 .59
31 .66 .49 .70 .52
32 a7 .61 .80 .64
33 .45 .50 .59 .53
34 .55 .52 .59 .55
35 .38 .34 .45 .37
36 .55 .49 .61 3
37 .40 .43 .54 46
38 .40 .35 .46 .38
39 .60 .51 .56 .55
40 .49 42 .53 45
41 .49 .40 .50 43
42 A7 .45 41 .48
43 42 .45 .48 .48
44 .49 .35 .40 .38




Scatterplot of Reading Comprehension IDI
Values, Cohort 2 (Fall 2008) and Fall Norm
Sample
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Figure A9 Scatterplot of reading comprehension subtest IDI values, Cohort 2 (Fall 2008) and Fall Norm Sample. IDI
values correlation is r =.923 (p < .001).
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Scatterplot of Reading Comprehension IDI
Values, Cohorts 2 & 3 (Spring 2009 & 2010) and
Spring Norm Sample
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Figure A10 Scatterplot of reading comprehension subtest IDI values, Cohorts 2 & 3 (Spring 2002 & 2010) and Spring
Norm Sample. IDI values correlation is r =.906 (p < .001).
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Table A6

ITED Spelling Subtest Item Difficulty Indexes, Gifted Grade 7 and National Grade 9 Norm G

ltem # Fall Gifted IDI Fall Norm IDI Spring Gifted IDI Spring Norm IDI
1 .81 43 .84 44
2 .85 .38 .79 .39
3 .70 .61 77 .64
4 .49 .46 .61 49
5 .55 .67 .66 .70
6 .58 .66 .58 .69
7 .81 .53 .85 .56
8 .64 .58 .56 .61
9 .83 .54 .87 .57
10 .64 .60 .59 .63
11 .64 .57 .81 .59
12 A7 .56 .45 .59
13 .36 .55 .33 .59
14 .57 .39 .68 42
15 74 41 .67 44
16 .36 .68 .35 71
17 .15 .38 .29 .40
18 42 .34 A7 .36
19 .45 .58 .56 .61
20 .28 .40 .38 42
21 .28 .58 27 .61
22 42 .69 .57 71
23 49 .25 44 .23
24 .23 .33 .25 .35
25 49 .40 .48 42
26 .62 .49 .60 .52
27 .57 .64 .57 .66
28 .34 .55 .40 57
29 .38 .49 .32 .51

30 A3 43 .16 45
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Figure A1l Scatterplot of spelling subtest IDI values, Cohort 2 (Fall 2008) and Fall Norm Sample. IDI values correlation

isr=.134 (p =.480).
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Scatterplot of Spelling IDI Values, Cohorts 2 & .
(Spring 2009 & 2010) and Spring Norm Sample
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Figure A12 Scatterplot of spelling subtest IDI values, Cohorts 2 & 3 (Spring 2009 & 2010) and Spring Norm Sample. DI

values correlationis r=.171 (p = .366).
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Table A7
ITED Revising Written Materials Subtest Item Difficulty Indexes, Gifted Grade 7 and National Grade 9 Norm
Groups

ltem # Fall Gifted IDI Fall Norm IDI Spring Gifted IDI Spring Norm IDI
1 75 74 .76 77
2 .30 75 A7 .78
3 .64 .62 .62 .65
4 .60 .45 .76 .48
5 72 .48 .70 .51
6 .51 .56 A7 .59
7 .32 .70 .48 73
8 .87 .50 .82 .53
9 .25 a7 .35 .80
10 .68 .50 .70 .53
11 .62 .54 .54 .57
12 .70 41 .84 44
13 .70 .40 .79 43
14 .75 42 .66 .45
15 .57 .65 .63 .68
16 .64 .38 .84 41
17 74 .34 71 37
18 .49 43 51 .46
19 .66 .56 .75 .59

20 .57 .40 .69 43
21 .62 27 .70 .30
22 .62 .57 65 .60
23 .57 44 .59 A7
24 A7 .33 49 .36
25 .68 51 77 .54
26 .36 51 .57 .54
27 77 .54 .80 .57
28 49 .43 43 .46
29 .66 .31 72 .34
30 51 .32 .63 .35
31 .96 .60 .90 .63
32 .87 .43 .87 .45
33 .53 .44 .69 .46
34 a7 .51 .86 .54
35 .70 .53 .63 .56
36 a7 .61 72 .64
37 74 .40 .76 41
38 .70 72 77 .75
39 17 .61 .75 .64
40 43 .63 .53 .66
41 51 43 .55 .46
42 .85 .33 .86 .34
43 .60 .51 44 .54
44 .40 .60 .29 .63
45 .70 .48 71 .50
46 .57 .64 44 .67
47 .66 .57 .69 .60
48 .75 .39 72 A7
49 .26 .54 31 .58
50 .32 .57 A7 .59
51 .30 .54 44 .56

a1
N

.55 51 .60 .54
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Scatterplot of Revising Written Materials IDI
Values, Cohort 2 (Fall 2008) and Fall Norm
Sample
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Figure A13 Scatterplot of revising written materials subtest IDI values, Cohort 2 (Fall 2008) and Fall Norm Sample. DI
values correlation is r =-.182 (p = .179).
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Scatterplot of Revising Written Materials DI
Values, Cohorts 2 & 3 (Spring 2009 & 2010) and
Spring Norm Sample
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Figure Al4 Scatterplot of revising written materials subtest IDI values, Cohorts 2 & 3 (Spring 2009 & 2010) and Spring
Norm Sample. IDI values correlation isr =-.216 (p = .101).
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Table A8
ITED Mathematics Concepts & Problem Solving Subtest [efficulty Indexes, Gifted Grade 7 and National
Grade 9 Norm Groups

ltem # Fall Gifted IDI Fall Norm IDI Spring Gifted IDI Spring Norm IDI
1 .83 .66 .90 .69
2 .87 .66 .95 .69
3 72 .48 .80 .52
4 .55 .53 .78 .57
5 72 .34 .61 .38
6 21 .29 31 .33
7 .81 .53 .87 .57
8 .70 .54 .78 .58
9 .66 .56 71 .60

10 .38 41 .52 .45
11 .40 41 44 .45
12 .55 42 .69 46
13 .58 .56 .69 .60
14 .25 .30 .34 .34
15 .28 22 .38 .23
16 .83 .63 .79 .67
17 .83 .51 .89 .55
18 .55 .52 .69 .56
19 .38 .36 .57 40
20 A1 41 46 .45
21 .43 51 .64 .55
22 .43 .26 .48 .29
23 .64 49 .81 .53
24 .68 .63 .70 .66
25 42 37 .49 .40
26 .51 .56 .59 .59
27 .23 .34 42 37
28 A7 .49 .57 .53
29 .43 .49 72 .52
30 43 .55 .70 .58
31 .28 .34 .40 .37
32 .30 .39 .35 42
33 .15 22 A1 24
34 .23 22 .20 .23
35 .15 22 A7 .23
36 .25 .36 .33 .39
37 43 .48 51 51
38 .36 .38 .37 41
39 42 42 .60 .45

N
o

.26 .23 .28 .25




Scatterplot of Mathematics Concepts & Problem
Solving IDI Values, Cohort 2 (Fall 2008) and Fall
Norm Sample
1.00 +
O
0.80 + %o ©0
o
% 0.60 —+
©
§ 0.40 +
<
0.20 +
0.00 } }
0 0.2 0.4 0.6 0.8 1
Grade 9 Norm Group ID

Figure A15 Scatterplot of mathematics concepts & problem solving subtest IDI values, Cohort 2 (Fall 2008) and Fall
Norm Sample. IDI values correlation is r =.792 (p < .001).
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Scatterplot of Mathematics Concepts & Problem
Solving IDI Values, Cohorts 2 & 3 (Spring 2009 &
2010) and Spring Norm Sample
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Figure A16 Scatterplot of mathematics concepts & problem solving subtest IDI values, Cohorts 2 & 3 (Spring 2009 &
2010) and Spring Norm Sample. IDI values correlation is r = .877 (p < .001).
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Table A9
ITED Mathematics Computation Subtest Item Difficulty Indexes, Gifted Grade 7 and National Grade 9 Norm
Groups

ltem # Fall Gifted IDI Fall Norm IDI Spring Gifted IDI Spring Norm IDI
1 .92 .88 .89 .92
2 .18 75 .83 .78
3 .60 .65 .67 .68
4 .81 .66 .76 .69
5 .68 .65 .58 .69
6 .62 .50 .73 .53
7 .79 .53 74 .56
8 .58 .45 .50 48
9 .34 .45 44 48

10 .26 .39 .34 42
11 .26 41 .34 44
12 .36 .64 .57 .68
13 .60 .65 .66 .68
14 15 .25 .09 .25
15 .49 .60 .32 .63
16 42 .57 45 .60
17 13 .26 .20 .29
18 .36 .53 31 .56
19 .19 31 .16 .34
20 .23 .32 24 .35
21 .30 .36 .36 .39
22 .15 .40 27 43
23 A1 .32 .16 .35
24 A1 .26 .09 .29
25 .28 .35 .20 .38
26 .28 .34 .36 .37
27 .06 .19 .09 A9
28 .06 .20 A2 .20
29 .06 .26 .07 .29

30 .04 .18 .05 15
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Figure A17 Scatterplot of mathematics computation subtest IDI values, Cohort 2 (Fall 2008) and Fall Norm Sample. DI

values correlation is r =.904 (p < .001).
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Scatterplot of Mathematics Computation IDI
Values, Cohorts 2 & 3 (Spring 2008) and Spring
Norm Sample
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Figure A18 Scatterplot of mathematics computation subtest IDI values, Cohorts 2 & 3 (Spring 2009 & 2010) and Spring
Norm Sample. IDI values correlation is r = .903 (p < .001).
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Table A10
ITED Vocabulary Subtest Item Difficulty Indexes, Gifted Grade 8 and National Grade 10 Norm C
ltem # Fall Gifted IDI Fall Norm IDI Spring Gifted IDI Spring Norm IDI

1 .90 .78 .87 .81

2 .92 .80 .95 .82

3 .95 .80 .95 .82

4 .38 .50 44 .54

5 .85 .63 .87 .65

6 72 .66 .69 72

7 .69 .67 .79 74

8 74 .57 .69 .60

9 .62 .59 .76 .67
10 .85 .69 .85 .78
11 .59 .57 .73 .66
12 .56 .54 .61 .55
13 .46 .51 .52 .59
14 44 .49 42 .52
15 .38 45 .45 51
16 .36 .36 .54 .38
17 .36 .39 .53 41
18 .49 A7 A7 .56
19 .23 .37 .23 .40
20 .56 .52 .57 .58
21 .82 .80 .88 .82
22 .59 .67 .66 .69
23 74 .60 .80 .62
24 a7 71 .86 .73
25 .56 .55 .57 .57
26 .62 .58 .63 .60
27 77 .63 73 .65
28 74 .59 .66 .61
29 .67 .65 .66 .67
30 72 .58 .67 .60
31 .69 .48 .65 .50
32 .46 .46 .50 48
33 .62 .63 .70 .65
34 .49 .48 .62 .50
35 .62 .57 .64 .59
36 44 .54 .58 .56
37 41 .54 .53 .56
38 .51 .59 A7 .61
39 .54 .59 .57 .61
40 41 .54 51 .56




Scatterplot of Vocabulary IDI Values, Cohort 1
(Fall 2008) and Fall Norm Sample
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Figure A19 Scatterplot of vocabulary subtest IDI values, Cohort 1 (Fall 2008) and Fall Norm Sample. IDI values

correlation is r = .867 (p < .001).
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Scatterplot of Vocabulary IDI Values, Cohorts 1 &
2 (Spring 2009 & 2010) and Spring Norm Sampl
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Figure A20 Scatterplot of vocabulary subtest IDI values, Cohorts 1 & 2 (Spring 2009 & 2010) and Spring Norm Sample.
IDI values correlation is r = .838 (p < .001).
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Table A11
ITED Reading Comprehension Subtest Item Difficulty Indexes, Gifted Grade 8 and National Grade 10 Norm
Groups

ltem # Fall Gifted IDI Fall Norm IDI Spring Gifted IDI Spring Norm IDI
1 .82 .59 .61 .84
2 .79 .64 .66 .76
3 .87 .63 .65 .92
4 .90 .64 .66 .96
5 .64 51 .53 .83
6 .54 .40 42 .55
7 77 .49 .51 .85
8 .82 .57 .59 .84
9 72 48 .50 .70

10 .87 .76 a7 .88
11 1.00 .82 .83 .92
12 .79 74 .75 .80
13 77 .63 .65 .76
14 74 73 74 .85
15 72 .56 .58 .63
16 .69 .68 .69 .65
17 .82 .75 .76 .81
18 72 .64 .66 77
19 .64 .73 74 71
20 77 .73 74 .70
21 .82 71 72 .79
22 74 .63 .66 .75
23 .62 .70 71 .63
24 .62 .69 .70 .75
25 74 .75 .76 .80
26 .69 .68 .69 .70
27 74 .70 71 71
28 77 .57 .63 72
29 .51 .48 .52 .63
30 44 .40 43 .61
31 .67 .58 .62 .76
32 .69 .48 .55 .67
33 .69 A7 .53 71
34 41 .52 .57 .57
35 51 51 .67 .56
36 51 42 .56 .48
37 .46 .50 45 .52
38 .46 42 46 44
39 46 48 .54 .50
40 .36 41 .46 43
41 .18 .34 .29 .36
42 41 .46 44 .48
43 .38 .48 44 .50

44 .56 .53 .54 .55




Scatterplot of Reading Comprehension IDI
Values, Cohort 1 (Fall 2008) and Fall Norm

Sample
1.00 + O

0.80 +

0.60 +

0.40 +

AbovelLevel Grade 8 ID|

0.20 +

0.00 . .
0 0.2 0.4 0.6 0.8 1

Grade 10 Norm Group ID

Figure A21 Scatterplot of reading comprehension subtest IDI values, Cohort 1 (Fall 2008) and Fall Norm Sample. DI
values correlation is r =.750 (p < .001).

€9t



Scatterplot of Reading Comprehension IDI
Values, Cohorts 1 & 2 (Spring 2009 & 2010) and
Spring Norm Sample
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Figure A22 Scatterplot of reading comprehension subtest IDI values, Cohorts 1 & 2 (Spring 2009 & 2010) and Spring
Norm Sample. IDI values correlation is r =.713 (p < .001).
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Table A12

ITED Spelling Subtest Item Difficulty Indexes, Gifted Grade 8 and National Grade 10 Norm C

ltem # Fall Gifted IDI Fall Norm IDI Spring Gifted IDI Spring Norm IDI
1 .38 .59 .50 .61
2 .38 .48 43 .50
3 41 .63 .46 .65
4 .56 .49 .63 .51
5 .36 .51 .45 .53
6 44 .53 42 .55
7 .59 .67 .68 .69
8 .56 74 .52 .79
9 44 .69 37 71
10 .49 .61 .59 .63
11 .54 .62 .64 .64
12 .62 42 71 44
13 .36 .61 .63 .63
14 44 .60 .48 .61
15 38 .48 .32 .50
16 .82 .43 .83 44
17 .64 .65 .64 .66
18 51 51 51 .55
19 .59 72 7 75
20 .62 71 72 74
21 .67 .58 .61 .61
22 .62 .63 74 .67
23 .67 .59 72 .62
24 .49 .65 .55 .68
25 .62 .60 .58 .62
26 .49 .61 .56 .64
27 .49 .60 .43 .61
28 .31 .43 42 .45
29 .28 .46 .26 49

30 .18 72 .33 73
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Figure A23 Scatterplot of spelling subtest IDI values, Cohort 1 (Fall 2008) and Fall Norm Sample. IDI values correlation

isr=.056 (p=.769).
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Scatterplot of Spelling IDI Values, Cohorts 1 & :
(Spring 2009 & 2010) and Spring Norm Sample
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Figure A24 Scatterplot of spelling subtest IDI values, Cohorts 1 & 2 (Spring 2009 & 2010) and Spring Norm Sample. DI

values correlation is r = .156 (p = .410).
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Table A13
ITED Revising Written Materials Subtest Item Difficulty Indexes, Gifted Grade 8 and National Grade 10 Nori
Groups

ltem # Fall Gifted IDI Fall Norm IDI Spring Gifted IDI Spring Norm IDI
1 .33 A7 34 48
2 .92 41 .93 .46
3 77 43 77 A7
4 .92 .61 .96 .64
5 .79 44 .83 .45
6 41 31 .40 .33
7 .85 .62 .83 .65
8 .85 48 .81 49
9 .18 37 22 .38

10 .59 .55 .70 .57
11 a7 .55 .75 .56
12 .79 .58 .86 .61
13 72 .48 74 51
14 .62 .35 .68 .36
15 N 37 .69 41
16 .56 72 72 .75
17 .67 .55 .76 .58
18 N .53 .86 .56
19 .67 .70 .62 .73
20 .82 .57 .84 .60
21 a7 .57 .81 .60
22 .38 .59 .55 .62
23 71 .63 .53 .66
24 72 A7 .68 .50
25 .46 .46 .62 .50
26 44 .58 41 .61
27 .64 .39 .62 42
28 .44 31 .33 .34
29 .87 .32 .78 .35
30 .49 37 .54 .40
31 .85 37 .81 .39
32 .69 .73 .76 .75
33 .87 .60 77 .62
34 .62 .76 .62 .78
35 .82 .38 .80 .70
36 .67 .29 .57 .30
37 .62 .63 .67 .65
38 .59 .68 .49 .70
39 .62 .28 73 .28
40 .64 .52 .61 .54
41 .54 .64 .63 .66
42 .51 .68 .63 .70
43 .67 .66 .75 .68
44 .59 .52 .60 .54
45 .69 .55 .82 .57
46 a7 .59 .79 .61
47 .49 .65 .60 .67
48 .69 73 74 .75
49 .59 .60 .65 .62
50 .54 .66 .75 .68
51 .67 .63 .73 .65

a1
N

.62 .50 .78 .52
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Scatterplot of Revising Written Materials IDI
Values, Cohort 1 (Fall 2008) and Fall Norm
Sample
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Figure A25 Scatterplot of revising written materials subtest IDI values, Cohort 1(Fall 2008) and Fall Norm Sample. DI

values correlation is r = .065 (p = .634).
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Scatterplot of Revising Written Materials DI
Values, Cohorts 1 & 2 (Spring 2009 & 2010) and
Spring Norm Sample
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Figure A26 Scatterplot of revising written materials subtest IDI values, Cohorts 1 & 2 (Spring 2009 & 2010) and Spring
Norm Sample. IDI values correlation is r =.179 (p = .187).
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Table A14
ITED Mathematics Concepts & Problem Solving Subtest [efficulty Indexes, Gifted Grade 8 and National
Grade 10 Norm Groups

ltem # Fall Gifted IDI Fall Norm IDI Spring Gifted IDI Spring Norm IDI
1 .82 .70 .81 74
2 77 44 73 47
3 .67 .59 .67 .62
4 74 43 74 .45
5 .62 43 .67 .46
6 .67 .62 .80 .65
7 .31 .31 31 .33
8 .64 .40 .62 41
9 .67 .53 .76 .55

10 74 .60 .84 .61
11 .46 .39 .62 40
12 .87 .59 74 .63
13 .54 .63 73 .66
14 .85 .69 .79 71
15 72 .61 .70 .63
16 49 .48 .60 .54
17 15 .25 14 .26
18 .38 .37 41 .39
19 72 .58 .75 .59
20 .51 A7 .57 .50
21 .56 .50 .57 .53
22 .49 .45 .62 .48
23 .62 .56 .62 .58
24 .28 .40 31 43
25 .54 .55 .66 57
26 .54 .55 .66 .58
27 .36 .39 .36 40
28 .67 .54 .69 .58
29 .33 .40 .38 43
30 31 .25 .64 27
31 .46 .32 .33 .34
32 .54 .59 .65 .60
33 .33 .39 40 41
34 .38 .43 49 .45
35 .38 .49 .56 .53
36 21 .25 41 .26
37 .56 .57 .65 .58
38 31 .37 .40 .39
39 .38 .30 .29 .32

40 .23 .35 .30 37




Scatterplot of Mathematics Concepts & Problem
Solving IDI Values, Cohort 1 (Fall 2008) and Fall
Norm Sample
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Figure A27 Scatterplot of mathematics concepts & problem solving subtest IDI values, Cohort 1 (Fall 2008) and Fall
Norm Sample. IDI values correlation is r =.798 (p < .001).
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Scatterplot of Mathematics Concepts & Problem
Solving IDI Values, Cohorts 1 & 2 (Spring 2009 &
2010) and Spring Norm Sample
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Figure A28 Scatterplot of mathematics concepts & problem solving subtest IDI values, Cohorts 1 & 2 (Spring 2009 &
2010) and Spring Norm Sample. IDI values correlation is r = .854 (p < .001).
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Table A15
ITED Mathematics Computation Subtest Item Difficulty Indexes, Gifted Grade 8 and National Grade 10 Nori
Groups

ltem # Fall Gifted IDI Fall Norm IDI Spring Gifted IDI Spring Norm IDI
1 .87 .81 .86 .83
2 72 .64 73 .65
3 .85 71 .83 73
4 .51 A7 .50 A7
5 72 .59 73 .61
6 .69 .57 .79 .59
7 41 .28 .40 .29
8 .59 .62 .62 .63
9 .56 .69 .64 .76

10 77 .68 74 71
11 A0 .28 A2 .29
12 A5 .30 19 .32
13 .54 .45 .61 .58
14 .23 .29 27 .34
15 21 41 .26 .46
16 74 .68 .67 .78
17 62 .60 .55 72
18 .59 .65 .61 .67
19 .56 .60 .58 .68
20 .18 .37 .26 .40
21 .18 27 27 .28
22 A5 .37 .30 43
23 .03 .25 A1 27
24 .26 43 31 46
25 .26 .46 .23 A7
26 .00 .25 .08 .26
27 .18 42 22 A4
28 .05 .40 A7 43
29 .05 .29 .04 .30

w
o

.00 24 .06 .25




Scatterplot of Mathematics Computation IDI
Values, Cohort 1 (Fall 2008) and Fall Norm
Sample
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Figure A29 Scatterplot of mathematics computation subtest IDI values, Cohort 1 (Fall 2008) and Fall Norm
Sample. IDI values correlation is r =.798 (p <.001).
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Scatterplot of Mathematics Computation IDI
Values, Cohorts 1 & 2 (Spring 2009 & 2010) and
Spring Norm Sample
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Figure A30 Scatterplot of mathematics computation subtest IDI values, Cohorts 1 & 2 (Spring 2009 & 2010) and
Spring Norm Sample. IDI values correlation is r = .854 (p < .001).
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Table A16
Item Difficulty Mean Comparisons Across Gifted and Norm Groups

Fall Spring

Gifted Norms Gifted Norms

Mean Mean Mean Mean
Level and Subtest  (SD) (SD) t (df) p d (SD) (SD) t (df) p d
Grade 8 Reading .62 (.15) .58 (.14) 1.19 (72) .238 0.280 .69 (.16) .62 (.13) 2.07 (72) .042 0.487
Grade 8 Language .54 (.18) .53 (.15) 0.33(116) 742 0.061 .56 (.19) .56 (.15) 0.00 (116) 1.000 0.000
Grade 8 Math 44 (.24) A7 (.14) -0.73 (90) 467 -0.154 49 (.24) .51 (.14)  -0.49 (90) .625 -0.103
Grade 9 .58 (.21) .55 (.13) 0.77 (78) 444 0.174 .58 (.13) .65 (.20) -1.86 (78) .067 -0.420
Vocabulary
Grade 9 Reading .66 (.17) .56 (.12) 3.19 (86) .002 0.688 71 (.17) .59 (.12) 3.83(86) <.001 0.825
Comprehension
Grade 9 Spelling .51 (.20) .51 (.12) 0.00 (58)  1.000 0.000 .54 (.20) .53 (.12) 0.23 (58) .819 0.062
Grade 9 Revising .59 (.17) .50 (.12)  3.24(110) .002 0.617 .63 (.16) 53 (.12) 3.74(110) <.001 0.714
Written Materials
Grade 9 Math 43 (.13) A7 (.21) -1.02 (78) 311 -0.232 .57 (.22) A7 (.13) 2.48 (78) .015 0.560
Concepts &
Problem Solving
Grade 9 Math .37 (.26) .44 (.18) -1.21 (58) .231 -0.318 .39 (.25) A7 (19)  -1.40 (58) 167 -0.366
Computation
Grade 10 .61 (.18) .58 (.11) 0.90 (78) 371 0.204 .65 (.16) .61 (.11) 1.30 (78) 197 0.295
Vocabulary
Grade 10 Readin¢ .66 (.17) .58 (.12) 2.55 (86) .013 0.550 .69 (.15) .61 (.12) 2.76 (86) .007 0.545
Comprehension
Grade 10 Spelling .50 (.14) .59 (.09) -2.96 (58) .005 -0.778 .55(.14) .61 (.09) -1.97 (58) .054 -0.778
Grade 10 .64 (.16) 53 (.13) 3.99(110) <.001 0.761 .55 (.13) .68 (.15) -4.90(110) <.001 -0.761
Revising Written
Materials
Grade 10 Math .52 (.19) A7 (.112) 1.41 (78) .163 0.319 .57(.18) 49 (.13) 2.28 (78) .025 0.319
Concepts &
Problem Solving
Grade 10 Math .39 (.28) A7 ((17) -1.34 (58) .186 -0.351 42 (.26) .50 (.18) -1.39 (58) 170 -0.351
Computation
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