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ABSTRACT

The paper studies performance of generalizability and classical test theory
reliability approaches to estimate reliability of an individualOs strand/objective
score profile. The paper uses simulated data from the multidimensional
compensatory twparameter logistic model to investigate effects of profile shape,
measure dependency, and meagrecision on profile reliability estimates.

Findings suggest that profile shape and measure precision are essential conditions
for the estimates to perform adequately, but measure dependency is an insufficient
condition. The paper reveals a complexisiea making process beneath the

selection of an approach to estimate an individualOs strand/objective score profile
reliability. Negative reliability estimates can result from the two approaches with
incidence depending on data features beyond anatysi®sl. The paper

provides practical guidelines and proposes future research.
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ANTECEDENTS

State Departments of Education in the US seek ways to increaséyishiast
scores from their large scale achievement tests. Parents, teachers and school
administrators receive test score reports for their inspection and use in the improvement
of AmericaOs education. There are many types of reports that aregpréom large
scale achievement tests. Depending on levels of test takers aggregation, reports are made
available for inspecting an individual student performance, performance of an entirely
classroom, and even performance of larger groups of studentsuiidings and districts,
for example. Reports can also be made available to inspect academic achievement
depending on levels of test aggregation. To zoom inspection with different gradients of
granularity, reports can be tailored for broad curriculweasEreading, mathematics,
science, social studisnd narrow curriculum strand/objective domadnsrd reading,
sentence reading, reading vocabulary and reading comprel@risioexample. The
process of inspecting academic performance naturally rendkie statements.

Depending on the intended interpretation of academic performance (e.g., criterion and
norm reference interpretations), reports relies on percent correct score, scale score and
any sort of standardized scores (e.g., percentile ranéisjevelopmental scores).

The individual studentOs strand/objective score profile report may have the largest
leverage among the reports to improve classroom learning and instruction. This report is
the main vehicle to communicate individual studenesfdrmance and to draw
conjectures about quality of learning and instruction for a particular student (Landgraf,
2001; Goodman & Hambleton, 2004). The report shows an individualOs performance on
groups of test items within a particular domain with tighrireection to content standards.
The inspection of the profile naturally renders value judgment on a student standing on
knowledge, skills, and abilities considered important for his/her grade level. The report
makes use of the rich tradition of scorefpes and their interpretation by inspecting the
upsanddowns of strand/objective scores to detect areas of strengths and need for
improvement for a given student (McDermott, Fantuzzo, & Glutting, 1990; Davison,
Gasser & Ding, 1996).



The individual studnt report faces a major hurdle from lack of profile accuracy
information. Accuracy of a profile helps when qualifying degrees of consistency of
profile upsanddowns across conceptual replications of its underlying measurement
process. Figure 1 showsguothetically expected strand/objective score profiles for an
examinee across ten replications. It is evident that strand/objective score profiles may
result drastically different across replications, and the variability on the outcomes may
unintentionallyaffect outcomes of profile inspection and intervention decisions. See for
example that quite different decisions can be made for the strand/objective OAO
depending on what profile happened to result for the examinee. Figure 1 also illustrates a
challeng to the effort to report confidence bands for each strand/objective scores as a
substitute of profile accuracy. Confidence bands mayupriokoad to actually help when

gauging strengths and needs for improvement for a student.
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Figure 1. Strand/objetive score profiles for an individual student across ten replications

The degree of unprecedented reporting and expectations placed on the individual
strand/objective score profile has energized a need for incorporating measures of profile
precision tathe report and to comply with recommendations in professional standards

(APA, AERA, NCME, 1999). Assessing the amount of measurement precision in



individually reported score profile with valid approaches may become crucial to address
limitations on repding and interpretation of strand/objective scores reported in
measurement literature (Twing, 2008).

Measuring accuracy of an individual studentOs profile brings new challenges that
are important to highlight. First, the field of educational assessmgah in approaches
to estimate test score reliability with aggregates of students (Feldt & Brennan, 1989), but
it is limited in the number approaches to estimate profile reliability for an individual
student. Transitioning from aggregate of studentmtondividual student may result in
difficult-to-accept scenarios like unbounded reliability estimates (i.e., smaller than zero,
larger than one, and undefined).

Second, there are few experimental approaches available to estimate accuracy of
profiles foran individual examinee with single data administration, but their performance
is either controversial or unknown. One of the approaches is known as the individual
profile generalizability coefficient (Brennan, 2005). This approach came from the
generalizdility theory context and a profile replication framework treated under the
ANOVA identity and a set of assumptions (e.g., local independence and item format).
Research with archival data sets has shown rates of negative estimates of profile
reliability aslarge as fifty percent of the total number of cases (Yin, Brennan & Lee,
2005; Yin & Gao, 2007). Researchers have speculated that high correlations among
profile score€disattenuated correlations between 0.85 andBa@8 small variance of
profile scoes are two main factors accounting for some of the poor performance of the
individual profile generalizability coefficient.

The other approach, hereafter referred as profilelsalitor simply splithalf,
keeps the spirit of classical test theory spéitf reliability approach (Gulliksen, 1987).

The approach requires randomly splitting strand/objective items into halves to render two
profile replications. Pearson r correlation and the SpeaBnann prophecy formula are

the core components of the adktions. Performance of the sghialf profile coefficient
depends on splitting of strand/objective items to derive the two profile replications.
Correlation between the profile replications may result negative and thus violates
reliability model assuntpns, and statistics that are functions of that value may have

estimates outside theoretical possible ranges.



Finally, the importance of reporting accuracy of an individualOs strand/objective
profile has been recently voiced and the task of choosing &etaygproaches is by no
means easy. Profile reliability for an individual student is a novel concept with no
presence on professional standards (APA, AERA, NCME, 1999), and the nebulous body
of conjectures surrounding performance of estimation approaciessraelection of
approaches a challenging task. Brennan and others have prophesized that classical test
theory approaches may have the upper hand over individual profile generalizability
coefficient (Brennan, 2005; Yin et al. 2008}enerally there igttle documentation on
profile reliability and the approaches to derive estimates, and specifically it is unknown
the merit of the individual profile generalizability and profile shhif approaches to

estimate profile reliability for an individual.



PURPOSE AND OBJECTIVES

Although previous research has brought potential hazard of negative and
undefined reliability estimates into practitioners and researchersO attention, either
retaining or rejecting the use of an approach would be considered preiihttere
decision were made solely with archival data for which the profile properties are
unknown. The paper seeks to study performance of generalizability and classical test
theory approaches under controlled simulation conditions. To this purpopaptre
involves the multidimensional compensatory {@arameter logistic item response model
(Reckase, 1985; Reckase & McKinley, 1991) to simulate synthetic data with a priori
profile feature€profile shape, score dependency and score precision. Thatsimul
model provides and-hoc framework for manipulating characteristics of items, tests, and

examinees relevant to profiles, that otherwise can not be manipulated with real data sets.

The following research questions guided the study.
1. Do profile shapescore dependency and score precision statistically affect mean size

of profile reliability estimates?

2. Do profile shape, score dependency and score precision statistically affect proportion

of negative profile reliability estimates?

3. Do profile shapescore dependency and score precision statistically affect proportion

of undefined profile reliability estimates?



METHOD
Reliability Approaches

Profile Generalizability Coefficient

A generalizability theory framework has been proposed to derinaditizy
indices for reporting reliability for an individualOs profile (Brennan, 2005). One of the
indices is known as profile generalizability coefficient. Brenan has presented an elegant
derivation of the index using the notion of an individualOsl@reiplication that involves

a set ofp observed scorelX,, X,,..., X)) derived from/  samples of items randomly

selected from a measurement procedure, and the ANOVA equality. Under the
assumption of local independence, thefipe generalizability coefficient(@,) guantifies

amount of consistency in a profile by indexing similarity of profile scatter (i.e.,
dispersion) after removing profile elevation (i.e., score average). In other words, the
index summeizes degree of similarity on the ugewns between an individualOs true and
observed profiles in a way that resembles our conceptual understanding of test score
reliability. Brennan (2005) has proposed the following equation to derive an estimate of
profile generalizability coefficient for a measurement procedure with multhubéce

items,

p 1|p X,(1 X,)
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where,n, indicates the number of items for one of gh@reas defining an observed score

(X, ) in an individualOs profile (I)X represents average of test scores comprising a

profile for a given individuali(e., the elevation of his/her profile).

Split-half Profile Approach

This approach requires two sets of test scooéles for each individual. In the

context of this research we split the number of strand/objective items into two randomly



equivalent halves in such a way that for each profile there are two replications. We split
the number of test items into two ramdly portions (e.g., part A and part B) by assigning
odd items to part A and even items to part B to get two replications of an individualOs
strand/objective profile. The splitting was performed one strand/objective at a time.

Pearson r correlation betes the two profile replications (;) was taken as an estimator

of reliability for the individualOs strand/objective score profile with profile replications
with strand/objective scores half of their intended length (Gulliksen, 198i8.
SpearmasBrown formula corrects reliability for full length strand/objective scores as
shown below:
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Synthetic Data Generation

The multidimensional compensatory twarameter logistic model (MC2PLM,
Reckase, 1985; Reckase & Maley, 1991) was adopted to simulate item responses to
40 multiplechoice items that relip into four strand/objectives measures (i.e., ten items
per strand/objective). Strand/objective scores with the above configuration are typical in
educational tegtig and cognitive assessment (Afegrrer, 2008; Leighton, Gierl &

Hunka, 2004; Tatsuoka, 1995). The item characteristic function for the MC2PLM is

shown below:

1
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Wherea andd are the multidimensional item discrimination and itaffictilty
parameter vectors, respectively, ands the vector of examineesO ability. In the model,
the distribution of the ability parameter spdcés multivariate normal with mean vector

, and dispersion, .



DESIGN

The design involves three manipulated fa&gisofile shape, score dependency, and

score precisioBand two estimation approachegrofile generalizability coefficient and
profile splithalf approach.

Facet A: Profile shape. It describes the amount of profile dispersion due to standing of
simulees on a multidimensional latent space spanning individual profiles. Three levels of
unevenness were simulated to reflect commonly found shapes of strand/elseate

profiles in academic achievement testing and scholastic aptitude testing (Kim, Frisby, &
Davison, 2004; Kim, Seo, Grainger & Davison, 2004). For the uneven condition,
strand/objective ability means follow an-dpwn pattern (low abilitshigh ablity -low
ability-high ability) with population strand/objective mean ability vector fixed at [1.75,
1.75, 2.25, anel.25]. The moderate condition depicts less marked patternsdufvap

in the profile with strand/objective mean ability vector fixed @0 [-.22, 0,-.26]. The

even condition resembles a hyper plane intersecting the multidimensional ability space at
points that matches the population strand/objective mean ability vector at [1.75, 1.74,
1.75, 1.74]. The distributional shapes of the paiposO strand/objective ability

parameter for the three conditions of the profile shape follow the multivariate normal
distribution with a constant dispersion matdiagonal matrix with 1.0 in the entrs

and the three mean ability vectors mentioabdve.

Facet B: Score dependency. It depicts degrees of correlation among the four dimensions
in the multidimensional latent space spanning strand/objective items. Three levels of
strand/objective score dependency are considered in this study: Speaitidecyb

correlations of 0.15 to 0.35 as in Brennan (2@3hoderate dependenggorrelations

of 0.45to .70 as in AreEerrer and Yin (2006, and large dependen®correlations of

0.85t0 0.95 as in Yin et al. (2005).

Facet C: Score precision. Thiendition is introduced to study the effects of two different

gradients of iteadimension correlation on individual profile reliability estimates. The

simulation relies on the item discrimination parameter in the multidimensional model to
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manipulate twalifferent levels of score precision: High score precigiatiability of .81

to .90 as in Yin et al. (200®)and low score precisiddreliability of .40 to .60 as in
Arce-Ferrer and Yin (2006). Item discrimination of 0.50 and 2.0 inducetitaitn
correlations of about 0.45 and 0.90, respectively.

Outcomes: Reliability estimates. The effects of the simulated facets were observed on
(1) mean profile reliability estimate, (2) negative profile reliability estimate rates; (3)
undefined profile reliabilityestimates for the individual profile generalizability and split

half profile approach.

Replication andtatisticalAnalyses

Item response vectors were replicated 200 times for each of the eighteen Monte Carlo
conditions arising from crossing levels bétthree manipulated facets. For each
replication within a condition, reliability of strand/objective scores profile was estimated
with the two approaches. Outcomes were first summarized with descriptive statistics,
and then the effects of profile shapepre dependency, and score precision were
documented with MANOVA analyses and summarized with effects sizes (parial eta
square coefficient). Simulation and data analyses were performed with MultiSim and
SAS software.

To minimize the effects of aberrasizes of estimates of reliability on performance of
inferential statistical approaches, the following rules where coined and applied to data
prior to those analyses.

1. Remove cases with reliability estimates showing values outside the theoretical
range of eliability or showing missing values. Apply this rule to generate the
data set for the first research question.

2. Remove cases with reliability estimates showing missing values. Recode
negative reliability estimates to one and otherwise to zero. Apphylieto
generate the data sets for the second research question.

3. Recode reliability estimates showing missing values to one and to zero
otherwise. Apply the rule to generate the data sets for the third research

guestion.
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RESULTS

Table 1 shows performaaof the individual profile generalizability and sgiilf
profile approaches by simulated facets. The shape of a profile exerts important influence
on average reliability estimates for both estimation approaches; although great amount of
that differences due to the pulling of means performed by aberrant sizes of estimates
(See Table 1).

[ Insert Table 1, About Here ]
Table 1 shows drastic departure from theoretical lower bounds for the even and moderate
shape conditions. Profile generalizability estte can be as bad-&s0, but undoubtedly
not as severe as th25.0 that splihalf profile approach experienced. The table also
shows that on average the two approaches are prone to yield different results for profiles
with even and moderate shapedislinitial observation is due to the artifact of the
extremely negative estimate from the shhif profile approach. After removing all
aberrant profiles, the differences in reliability between the two approaches were not as
markedly as those shown imBle 1. For example, the average profile reliability for even
shapes was 0.81 and 0.79 for the profile generalizability anehgffliprofile approaches,
respectively; for the moderate shapes, 0.91 and 0.83, and for the uneven shapes, 0.91 and
0.96.

The shape of the profile also relates to rates of negative reliability and undefined
estimates. Table 1 shows rates of negative estimates of reliability of 14.1 percent for the
split-half profile approach and 8.40 percent for the profile generalizabilitypapp with
even shape profiles. The rate of negative estimates decreases for moderate shape profiles
and approaches to zero for uneven shape profiles. The table also shows that undefined
estimates are more likely for the sgiilf profile approach undeven profile shape
condition, but that incidence reduces considerably for moderate and uneven profile
shapes. Interestingly, undefined estimates are rare outcomes for the profile
generalizability approach, disregarding of the shape of the profile.

The degee of correlation among strand/objective scores in a profile has a low key
presence on average estimates of reliability after removing aberrant sizes of reliability

estimates from the analysis. The middle portion of Table 1 shows average estimates of
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reliability across the three profile score dependency conditions ranging from 0.81 to 0.83
for the profile generalizability and from 0.52 to 0.54 for the $@it approach.

Interestingly, the above rates also depend on the aberrant sizes of reliabitiafesst

After removing all aberrant cases, the average estimate of reliability for the profile
generalizability approach raised to 0.90 across the three conditions and 0.85 for-the split
half profile approach. Both approaches experience rates of negativendefined

reliability estimates, although the profile generalizability approach is less prone to face
those problematic estimates. Table 1 shows that across the three profile score
dependency conditions, the profile generalizability index consigtpratiuces lower

rates of negative and undefined reliability estimates than thehgffliprofile approach.

Strand/objective score precision plays, as expected, an important role on estimates
of reliability with both approaches (see bottom portion of &d)l Concerning mean
reliability estimates, the two approaches show marked differences between low and high
measurement precision conditions. The difference persists even after the removal of
aberrant estimates of reliability; although the gap closegdeet the approaches. For
example, profile generalizability and sghialf approaches achieve average reliability
estimates of 0.85 and 0.79, respectively, for strand/objective scores with low precision,
and 0.94 and 0.91 for strand/objective scores with precision. The amount of profile
strand/objective score precision moderates rates of negative reliability estimates. Profiles
with less reliable strand/objective scores are more prone to result in larger rates of
negative estimates than profiles witlss reliable measures. Table 1 shows 12 percent of
the total number of profiles under the low precision condition result with negative
estimates, but that incidence reduces to about 3 percent under the high precision
condition. The sphhalf coefficient, although affected by score precision, achieves rates
of negative estimates about one third smaller than the rates for the profile generalizability
coefficient.

Table 2 shows the performance of the individual profile generalizability and split
half reliability approaches by combination of levels of the manipulated facets. We use
this table to highlight important interaction effects of the facets on the approaches that
later in are statistically tested in the paper. The amount of score dependency is a

necessary but insufficient condition for adequate performance of the two reliability
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approaches. Table 2 shows large rates of negative estimates for profiles with small,

moderate, and high degrees of correlation among strand/cluster profile scores.

[ Insat Table 2, About Here ]

Of particular interest is the experimental condition involving large score
dependency and even profile shape that shows dramatic differences in profile reliability
outcomes approaches as a result of the degree of strand/olppectileescore precision.
Table 2 shows that the more precision in a profile, the less aberrant reliability outcomes.
Consistent with common sense, individual profiles comprised by reliable strand/objective
scores are prone to experience OhealthyO ligliabtimates, disregarding of the profile
reliability approach. Interestingly, strand/objective score precision becomes less critical
for uneven profiles.

Multivariate analysis of variance (MANOVA) analyses were performed to
investigate effects of thensulated profile characteristi&hape, dependency, and
precisioon estimation outcomd®verage reliability estimates, rates of negative
reliability, and rates of undefined reliabil2yrom individual profile generalizability
index and spl#half proile approach. Main and interaction effects were statistically
evaluated with alpha=.01 and reported with measures of association (i.e., variance
accounteefor effect size). Preliminary analyses showed a statistically significant
correlation between reldity estimates from the two approaches (r=0.508, p=.000,
N=3155). Table 3 showdANOVA table for the average estimated reliability outcome.
Among the main effects, profile shape and score precision resulted statistically
significantly different from ze for both approaches. Note that those two factors account
for different proportions of total variance on estimated profile means depending on the
estimation approach. For example, whereas they accounted for about 40 percent of the
variance of individuemean reliability estimates with the profile generalizability
coefficient, the two factors accounted for about 14 percent with thenaffliprofile

approach.
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[ Insert Table 3, About Here |

Table 3 is also informative about the little statistical@ffhat score dependency
has on reliability outcomes. Notice that this factor has little to bear in the variability of
reliability means from profile generalizability and syhldlf approaches. In addition, the
interactions between profile shape andsgwecision factors were found statistically
significantly different from zero. Interestingly, results bring into the discussion score
precision. The ratio of effect sizes between profile shape and score precision resulted
larger for the individual prae generalizability estimate than for the splélf approach.
Whereas shape plays a lead role on the former approach, score precision plays the lead
role on the later approach.

Figure 2 shows plots for the interaction effect between shape and prdoisibe
individual profile generalizability coefficient. When score precision is high, the shape of
an individual profile plays somewhat a secondary role as shown by the small drop in the
estimated marginal mean of reliability. However, when scorasiwads low, the shape
of an individual profile plays a primary role as inferred from the drastic drop on the
estimated marginal means of reliability that results for the even shape. Change in profile
shape from even to moderate busts the estimated malgaility for low score precision

but not for the others.

[ Insert Figure 2, About Here ]
Figure 3 shows interaction effect plots for shape and precision and theadiplit
profile approach. Notice that a change in profile shape, from even to mogeodiges
a meager effect on the estimated marginal means. Interestingly, the condition of a profile
shape that involves less dispersion of profile scores achieves the lowest estimated

marginal means.

[ Insert Figure 3, About Here ]



The individualprofile generalizability index and splhitalf reliability approaches
experienced different rates of negative estimates of reliability. Across the nineteen
experimental conditions and the two hundred replications on each condition, the profile
generalizabity index showed a rate of negative estimates of about 3.1 percent whereas
the splithalf approach showed a rate of about 7.1 percent. In addition, there is a
statistically significant positive correlation of the outcomes from the two approaches (r=
0.461, p=.000, N=3600). The MANOVA analysis results show statistically significantly
effects of profile shape and score precision on rates of negative profile reliability

estimates (See Table 4).

[ Insert Table 4, About Here |

The full model, although statically significant, accounted for a modest (no more
than 17 percent) portion of the total variance on negative rates of individual reliability
estimates. The effect sizes for the combined sources amounted to 6.8 percent for the
profile generalizabilityndex, and 7.9 percent for the sgidlf profile approach. The test
for the interaction between profile shape and score precision also resulted statistically
significantly different from zero for both approaches. The largest predicted mean rate of
negaive reliability estimates was observed for the condition involving even profile shape
and low precision. The predicted rates of negative reliability were found to be about 23
percent for the sphbalf profile approach and about 16 percent for the profile
generalizability coefficient.

The incidence of rates of undefined reliability estimate for individual profiles was
low, although present in both approaches. Across all conditions and replications of
profiles the individual profile generalizability indexd splithalf reliability index
achieved undefined rates of 0.2 percent and 2.6 percent, respectively. Additionally, there
is a modest positive correlation between undefined reliability estimates from the two
approaches (r= 0.252, p=.000, N=3600). WHeNOVA analysis results show
statistically significantly effects of profile shape and score precision on rates of negative

profile reliability estimates (See Table 5).
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[ Insert Table 5, About Here |
The full model, although statistically significantcaanted for less than 8 percent of the
total variance of the undefined rates of profile reliability estimates. The effect sizes for
the combined sources amounted to 0.4 percent for the profile generalizability index, and
4.1percent for the splhalf appr@ch. The test for the interaction between profile shape
and score precision also resulted statistically significantly different from zero for both
outcomes. Analogous to the other outcomes in the study, the largest predicted mean rate
of undefined relialtity estimates was observed for the condition involving even profile
shape and low precision. The predicted mean rates for that condition was found to be
about 10.5 percent for the sghialf approach and about 0.008 percent for the profile

generalizabity index.
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SUMMARY AND DISCUSSION OF RESULTS

Under current educational accountability policy in the U.S., individual
strand/objective score profiles are distributed to parents, guardians, and teachers of
students in Grades 3 to 8 for their use in imprglassroom learning and instruction.

This type of score reporting plays a critical role in communicating studentsO attainment of
knowledge, skills, and abilities expected at grade level by showing percent correct scores
for each strand/objective. Tat, the individual report faces the hurdle of lack of
information on accuracy of the reported strand/objective profiles. As a result, it is
uncertain whether patterns of observed @opmsO consistently reflect the patterns of

true OupslownsO in a pridé. The purpose of this paper is to study the performance of
profile generalizability and spittalf reliability approaches under simulated conditions of
profile shape, strand/objective score dependency, and strand/objective score precision.

The shapef a profile is a key facet to understand performance of the two profile
reliability approaches. It accounts for the largest amount of outcome variance for the
profile generalizability index and the second largest amount for théngflprofile
approab. For example, profiles with the least amount of strand/objective score
dispersion (i.e., flat profiles) showed largest rates of negative reliability estimates than
profiles showing more dispersion (i.e., moderate and uneven profiles).

Strand/objectivere precision is another key facet contributing to performance
of profile reliability approaches. Score precision exerts the largest effect size on the split
half reliability approach and it shows relevance for the profile generalizability approach,
although not as high as profile shape. Likewise in groaged reliability approaches,
measurement error associates with OhealthyO performance of individual profile reliability
approaches. Interestingly, the amount of correlation among strand/objectiveisomtes
a key factor affecting profile reliability approachesO performance. Contrary to
speculations from previous research, findings show that score dependency has a low
profile among the other conditions of a profile. This result liberates the usefitd pro
reliability approaches for profiles with correlated measures; which are commonly present
in educational and scholastic assessment.

Giving the upper hand to a particular individualOs profile reliability approach is a

difficult task. Profile reliabity approaches that rely on single administrations simply
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cannot answer the ultimate question in reliabiliff'ae examinee were retested with
parallel forms of a test or retested in multiple occasions with the same test form, how
much different results would be from the observed result.O The question is better framed
with reliability approaches relying on more than a single data set replication.
Unfortunately, testetest is unfeasible for large scale testing informing policy decisions.
The splithalf profile approach has important characteristics to be considered a good
candidate for estimating profile reliability for an individual student. It overcomes the
burden of readministering assessments by randomly splitting a profile to render two
profile replications. It also requires easy interpretation. Howetierapproach faces few
hurdles. First, it is uncertain that random splitting renders two reasonably equivalent
profile replications. Second, there are many ways to split a profile, and eachdppr
would likely render different reliability estimates tied to the splitting decision. Third, flat
profiles with low reliable scores are two important conditions that can affect outcomes
from the splithalf profile approach. The two conditions worketiter to reduce variance
of scores and disattenuate the correlation between profile replications. More research is
suggested along this line to document the merit of the disattenuatebadptitofile
approach. Likewise, research is recommended ty semkrity of the above set of
limitations.

The individual profile generalizability index cannot be disqualified easily from
the selection process. The index possesses appealing attributes: (1) it has a theoretical
framework to understand measuremenbrein a profile, (2) it liberates practitioners
from multiple administrations of assessments, and (3) it does not require splitting data
sets to derive replications. On the other hand, the index is susceptible to produce
outbound reliability estimatesapticularly for flat profiles with low strand/objective score
precision. Rates of negative reliability estimates as large as about eighteen percent were
observed with the simulated data. The rate is conservative when contrasted with
whopping rates repatl with archival data sets (Yin, Brennan & Lee, 2005; Yin & Gao,
2007). The negative effect of flathess of a profile comes through a reduction in observed
score variance, and the fact that variance is the denominator of the profile generalizability

index. Low measurement precision adds to reduction of the observed score variance.
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The mechanism in which the two conditions interplay to affect the error component of the
profile generalizability index is less clear and more research is recommended iaahis ar

We recommend exerting caution when computing and reporting reliability
estimates for an individualOs profile strand/objective report. The two profile reliability
approaches best work with profiles with noticeable @npsiownsO shapes and
strandpbjective scores with OhealthyO amounts of precision. However, other conditions
involving less OhealthyO amounts of variability and precision may be seen as the
AchillesO heel of the approaches. As a result, practitioners are encouraged to screen
profile features before allocating efforts to estimate profile reliability and report those
results. Additionally, a cautionary note may be needed in the report to reduce over
interpretation of profile Oups and downsQ, particularly when encountering aberrant
outcomes (i.e., negative reliability).

The individually reported strand/objective score profiles would achieve, someday,
the true status of key signpost on the road to improving classroom learning and
instruction. However, until improved approaches to es@meltability of an individualOs
profile have been devised, triedt, and implemented in test score reporting engines
available elsewhere, the massive reporting of studentsO strand/objective score profiles

may be sigrposts of over reporting and undenzgaltion of reports.
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Table 1
Outcome of Monte Carlo Simulation by Manipulated Facets

Facet A: Profile Shape

Even Moderate Uneven
Estimate G, Qg ® Ry ®, Fsp
Min -2.0 -25.0 -2.0 -25.0 -0.5 -0.5
Max 1.0 1.0 1.0 1.0 1.0 1.0
Mean 0.65 0.10 0.86 .52 0.96 0.91
% Negative 8.40 14.1 1.1 7.8 0.1 0.30
% Undefined 0.50 6.7 0.0 1.1 0.0 0.10

Facet B: Profile Score Dependency

Small Moderate High
Estimate G, Fes G, o8 ® Fes
Min -2.0 -25.0 -1.0 -25.0 -2.0 -21.0
Max 1.0 1.0 1.0 1.0 1.0 1.0
Mean 0.82 0.54 0.83 .54 0.81 0.52
% Negative 3.0 7.6 2.60 6.8 3.9 7.3
% Undefned 0.20 2.8 0.10 2.2 0.3 2.8

Facet C: Profile Score Precision

Low High
Estimate S, Qg G, Fp
Min -2.0 -25.0 -2.0 -25.0
Max 099 1.0 1.0 1.0
Mean 12 24 0.92 .81
% Negative 5.6 12.1 0.80 2.5
% Undefined 0.3 3.9 0.10 1.2

Note: (f?l Sands for individual profile generalizability index'QB stands for splihalff reliability index
after SpearmaBrown correction Percentages are based uR00 replications of the profile condition.
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