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ABSTRACT

An individual test score profile conveys information about that personOs strength and
need for improvement of knowledge, skills, and abilities relevant to the assessments in
the profile. Indivdual reports often display test score profiles and companion
recommendations to improve studentsO academic achievement and classroom teaching.
Because of the relevance of individual score profiles, profile reliability is an important
pieced of informatiorthat currently is lacking on individualOs reports. In this paper,

profile reliability is defined by a ratio of two variances: one tapping on consistency of

item response patterns and the other originating from the ups and downs of profile scores.
The prgosed profile reliability approach makes use of discrepancies between an
examineeOs observed patterns of item responses and expected patterns of item responses
from OmeaningfullyO scaled scores to estimate score profile reliability. Profile
reliabilityOgproperties were investigated with synthetic and real data sets. The profile
reliability index approaches its upper and lower bounds depending on the amount of
ordered item response patterns and disordered item response patters, respectively. The
profile reliability approach may experience negative estimates under peculiar
circumstances, but the rate of negative estimates is low. The paper discusses results and
proposes research to substantiate current supporting evidence for the operational use of
the prdile reliability approach.
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Derivation of a Profile Reliability Index for an Individual: A MuRactor
Congeneric Approach witGuttman Error Type Structuse

ANTECEDENTS

Under current educational accountability policy individual test score profiles are
distributed to parents, guardians, and teachers of an estimated 22 million students in
grades 3 to 8 in the U.S. (Landgraf, 2001; Goodman & Hambleton, 2004) to aid
identfication of academic strengths and areas pending to growth and recommendations
on instructional intervention. In this paper the term individual test score profile is used to
describe the practice in education settings to report a collection of tes attaneed by

a particular student. Profiles features such as elevation, dispersion and shape bring
valuable pieces of information and collectively summarize average, variance, and rank
order of measures in a profile and the features are often interjpratkshtify academic

assets and difficulties (Watkins, Glutting & Youngstrom, 2005). Interpretation of test
score profiles often involves inspection of the profile features with two levels of data
granularity: test and subtest scores. Profiles with gkelsascores communicate test
takerOs attainment on broad content areas such as in reading, mathematics, science, social
studies, and critical thinking skills. The next level of profile interpretation after global
scores is the analysis of subtest sgudile to zoom in into an examineeOs performance

in narrower content areas. The inspection of subtest score profile is intuitively easy to
apply to complement the analysis of global scores and it can be used to depict studentOs
academic performance innay that aids classroom instruction (National Research

Council, 2001).

The volume of score reporting and its expected role for improving classroom learning

and instruction has energized a search for approaches to extract information from
assessments amal report degrees of truthfulness of reported score profiles. Regarding to
the former need, the integration of cognitive psychology with educational assessment has
rendered several models to perform profile analysis to derive profiles (Leighton, Gierl &
Hunka, 2004; Mislevy, Steinberg & Almond, 2002; Tatsuoka, 1995). In addition, there

are exploratory techniques from psychological testing available when identifying profile
patterns in profile analysis. These approaches include, for example, Catfielths Q
analysis and the profile analysis via multidimensional scaling (Davison, 1996).

Profile analysis for intendividual interpretations has captured most attention in both
educational and psychological assessment fields and important approaches|ainée

to perform those analyses. The approaches provide the basis for identifying prototypical
profiles from studentsO test scores and finding degrees of similarities with observed test
score profiles. Theoretically, there are different approximatiorihe analysis of profiles
which center on description of profile patterns and classification of observed profiles.
One approach grounds on a notion that a small set of latent variables can be used (1) to
account for test scores variability in a laggeup of respondents and (2) to study relevant
characteristics of test score patterns for individuals (Davison, 1996; Davison, Gasser &



Ding, 1996; Davison, Kuang & Kim, 1999). Under this paradigm, profile analysis relies

on applications of multidimensiahscaling and factor analysis techniques to extract
statistical test score patterns with an aim at predicting individualOs profile features such as
elevationEprofile score averadand dispersioBprofile score variance (Davison, et. al.,

1999; Davison &uang, 2000; Davison, et. al., 1996). This approach has informed
similarity-dissimilarity analysis between latent OcoreO profiles and individualsO test scores
profiles (McDermott, Fantuzzo, & Glutting, 1990; Davison, et. al., 1996; Kim, Frisby &
Davison,2004) to render classification and measures of similarity.

On the other hand, the study of reliability for individual profiles has experienced shorter
strides in both educational and psychological assessment fields. For more than three
guarters of a ceaty measurement specialists have been concerned with analyzing
patterns of test scores from psychological and educational test batteries administered to
an individual and there is a rich history of debate over the utility of profile analysis
results partialarly for individual test takers and domains dependent on a general factor
(Davison, 1996; McDermott, Fantuzzo, & Glutting, 1990; Watkins, 2000). Ipsatizing
scoresbsubtracting average examineeOs score from each score in th® pasfieen

used as onapproach to profile analysis. An individualOs ipsatized score provides a
profile of that personOs strengths and weaknesses and brings & @etsoperspective

to interpret test performance. Ipsative interpretations of test score profiles requse the
of the individual test taker as his or her normative standard as opposed to making
comparisons to a national normative group and this practice has been questioned. The
practice of examining an individualOs unique pattern of strengths and weaknesses fro
ipsatized profiles has been found questionable in light of inadequate subtest score
reliability and validity (Watkins, Glutting & Youngstrom, 2005) and lack of reference to
performance from a larger group (McDermont, et. al., 1990).

In education thendividual report that is disseminated to parents, guardians, and teachers
of grade 38 students faces a hurdle of lack of information on accuracy of score profiles,
which may endanger interpretation of score profile and cloud validity of recommended
interventions. There is no formal approach to ascertain truthfulness of patterns-of Oups
downsO shown in an individualOs score profile. Measuring accuracy for an individual
studentOs profile presents unique practical and theoretical challenges that aretitoporta
be highlighted. For practical reasons, test score profiles arise from a single test
administration. Multiple test administrations would be rarely pursued because of
unavailable multiple test forms and time and budget constrain make it unfeasible.
Additionally, the field of educational assessment is particularly rich in reliability
approaches to support intiedividual interpretations of test scores (Feldt & Brennan,
1989), it is fairly limited in approaches to estimate score profile reliabilityféom
inter-individual interpretations, and it becomes very limited in score profile reliability
approaches for intrandividual analysis. Transitioning from aggregates of students to a
single student may result in difficttib-accept scenarios like olvgg aberrant

reliability estimates (i.e., smaller than zero, larger than one, or undefined) when
estimating accuracy of uglowns in an individual profile.



Purpose and Objectives

Individual profile reliability analysislIPRA) is a term used in éhpaper to describe the
practice of estimating precision of OwjmsvnsO in test scores. Individual reports target
identification of individualOs academic strength and areas for remedial needs, and
recommendations about instructional interventions to addh®se needs. IPRA is an
approach that is simple to understand and communicate to public. It relies on a
measurement framework that combines information on observed patterns of item
responses with patterns of OmeaningfullyO scaled profiles expectedsitaling model
without random sampling error. The paper moves forward to present a formal derivation
of equations to estimate sources of variance involved in the individual profile reliability.
Then, the paper documents the performandBRA with simuated data sets. Finally,

the paper documents the performanclP&A with real data sets.

The following specific objectives are addressed in the paper.
1. To provide an explicit formulation dPRA approach.
2. To study performance #PRAapproach with sythetic data sets.

3. To study performance d#PRA approach with real data sets.



Conceptual Framework foPRAApproach

The conceptual framework for the derivationRA approach covers characterization of
item populations compiirsg scores from individual profiles, description of profile
replication for an individual, definition of variance components for observed, true, and
error, and formulation of the individual profile index. The conceptual framework
elaborates inductively ®m one scenario involving true scales to another scenario
involving quasiscales.

Characterization of IPRA item populations

Let us consider the existence of Q independent item banks eachgmthltiple choice
items, from which Q random samples of sigare withdrawn to construct a test battery
with Q assessments. Conceptually, an individual score pyofile[Y 1,E,Y ¢,E,Y o

observed from administering the test battery to a given individual student contains
relevant information othat personOs ordered and disordered patterns of item responses
on the tests. For any of the Q profile scores, for examplth¥n, items conforms to a
congeneric scaling model which is shown below for the entire phofffeeld & Brenann,
1989; McDon#d, 1999; Zimmerman et al., 1993).
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Three aspects are important to point out from the above congeneric formulation of a score
profile. First, the cognitive attribute(fl,...,Tq,...,TQ) operate over

(, +1...n, +1,...,n, +1) expected test scores in a way that students who answer

correctly a given item have higher score than students who answer the same question
wrongly. Similarly, answering correctly an item does not favor when attempting the other
items either within a test or among tests. Second, nuisance &{orsEq,...,EQJ

capture departures from the ordering of test scores expected from studentOs standing on
the set of cognitive attributes. Because of nuisance errors, two studerdscaittmon

score may get different outcomes on the same question as a result of random error,
secondary cognitive attributes irrelevant to the item, or both. Third, there is an implicit
rule that governs ordering of patterns of item responses for test andraows

detection of nuisance errors causing inconsistencies (i.e., slips) in test scores. When a set
of items measures a strong cognitive attribute, errors can creep into the process and
disable perfect reproducibility of item responses from tesescd he more error gets

into the process, the less likely to predict ordering of item responses from test scores.
That is, for a given test in the battery while there may not be a single cognitive attribute,
there is a single dominant factor operatingroardering of items such as error on that

test can be gauged from differences between perfectly predictable item responses and
observed item responses after controlling for the single dominant factor (Torgerson,
1958).



Description of IPRA profile reptiation

Consider the conceptual battery with Q assessments constructed with random samples of
ng-items from the Q independent banks each conforming to the multifactor congeneric
scaling model, hereafter referred as type Q item banks. Conceptually agintiresiest
battery to an examinee and register thee§ scoresy. Profile scatter reflects relative
standing on the set of cognitive attributes underlying tesfy along with nuisance

error. Whereas the relative standing on the main dimensionsbetes OlegitimateO
variance between profile measures, nuisance error upsets expected item response
patterns.

Repeat the above thought experimetitnes to generate propensity distributions of

profile scatter for a fixed person and assume that leaamddluctuation in motivation

do not take place across the repetitions. Variance of the propensity distribution of profile
scatter arises from the studentOs slips on samples of items-ieplieations.

Definition of IPRA sources of variance

An examineeOs observed profile score varie(n@ summarizes variability of item

response patterns due to main and nuisance dimensions operating over the measurement
process involving-administrations of a single test g from the battety @ assessments.
This variance describes the overall variability of the examineeOs item response patterns

which includes variance of iten(’sf) and their covarianc§ ﬁ) for that examinee.
Such variance is formallgefined as follows.
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Because the test battery was assembled with independent random samypikesnsf
from item banks type Q, the summation of the Q test score variances for an examinee

indexes the total amount of observed van'a@ 3) present irY.

An examineeQOs error variance ford]e(sjéq) captures sources of measurement error

disrupting expected ordering of the item response patdeross the-replications of the
measurement pross. The discrepancy between expected and observed ordering is the
error type commonly referred as OslipO in cognitive diagnostic assessment (Leighton,
Gierl, & Hunka, 2004; Tatsuoka, 1995) and error of reproducibility in GuttmanOs theory
of scaling (Guttran, in Stouffer, 1950; Guttman, 1945). For a perfect scale the
discrepancy can be observed without error; however a perfect Guttman scale is not likely
to be found in practice. Guttman quasi scale has the property that the errors are random,
and it is no uncommonly found in practice. In this kind of scale the discrepancy between
expected and observed ordering is subject to error due to samples of students and items.
Since measurement errors among the item banks are uncorrelated, an examineeOs total

error variance (2 ) can be computed from the summation of the Q individual test error
variance arising from within individual variation and samples of items.



The profile reliability index that we propose quantifies degrees of scofiteplispersion
governed by the intended attributes underlying test scores in the profile. The following
formulation defines profile reliability for an individual student.
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Estimatesof IPRA sources of variance

Estimates obbserve score profile varian@éf), error profile variancéb'é ) and profile
reliability index (!5) for an individual, can be attained with equations 1 to 3, respectively.

In Equation 1, ¥ defines the number of raw score points on ¢eshd Y indicates the
mean of raw score points on a test battery with Q assessments. The observe score profile
variance summarizes variability due to an individual strength and weaknesssartau

error. In other words,; subsumes amounts of consistent and inconsistent patterns of
item responses when an examinee takes setsiteins.
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Equation 2 shows error variance for an entire indiidoare profile. For a given score
in the profile, /62 captures nuisance error disrupting ordering of item response patterns

and causing inconsistencies of results across conceptual replications of the measurement
process. In Guttmant@sminology an error of reproducibility for an item exists when a
personOs total score wrongly predicts her performance on that item (Guttman, in Stouffer,

1950). Inthe equatior[9q defines the number of inconsistent item respongenpatfor

testq with ngdichotomous items predicted from an examineg@sofe andr(,- ﬁq)
defines the number of consistent item response patterns predicted from that same score
There is cogent reason for believing that the sameghavior oﬂ5q should not be

radically different from the sampling behavior of a binomial random variable. We do
know that for a perfect scale there is no room for sampling variation but it becomes
present for less perfect scaleseTdenominator in Equation 2 completes the binomial
nature of the error variance.
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Equation 3 shows the individual profile reliability index Y. The index bounds to one

when amounbf nuisance errors approaches to zero, and it bounds to zero when it
approaches to one, as when most of the variance of profile scores comes from disordered
item response patterns. Equation 3 is theoretically susceptible to be out of bound and
experienceestimates that are either larger than one, smaller than zero, or undefined.
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Interpretation ofPRA results

The right portion of equation 3 provides an insight on upper and lower bound estimates
of the individual profile riability. The reliability index bounds to one when patterns of
item responses are perfectly reproduced from an individualOs profile scores (i.e., free
from error of reproducibility). For example consider that a hypothetical battery with four
assessment¥; to Y,) is assembled each with seven items selected from four banks type
G and then administered to an examipeé.et us further consider that items are ordered
from low to high difficulty and the examineeOs strength Bsnd Yz and examineeOs
needfor improvement is Yand Y;. A quick look to the examineeOs item response
patterns reveals the ordered nature of responses for teaisl ¥; (see blue color
rectangles). However, for the other assessments, the examinee failed on items deemed
appropriag for his ability (see red color rectangles), but succeeded in one item tapping a
higher ability (see gold color rectangles). The profile reliability for this examinee is
about .90. If the examineeQOs item response patters were free from errors of
reprodwibility, then the profile reliability index would become one.
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Figure 1 Item response patterns for an individual profile reliability

The profile reliability index approaches its lower bound when ordered item response
patterns contribute little to the dispersion of the test score profilegshé-bypothetical
examinee shown in Figure 2, the profile reliability index equals to zero because the
scatter of test scores in the profile reflects mainly the presence of disordered item
response patterns.
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Figure 2 Item response patterns for an individual profile reliability
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AssessingdPRAwith Synthetic Dea

ThelPRA approach was studied with simulated test scores profiles derived from a set
of type Q item banks. A test battery consisting of five assessments with dichotomous
items was simulated and 500 individual profiles were derived as follows.

1.

2.

Selectthe number of item banks type Q. This simulation considers five item
banks.

Define the number of itemsg, sampled from each item bank. This simulation
considers g9 items per test. Nine items is the lower bound number
recommended in early literatura Guttman scaling (Torgerson, 1958).

Define base patterns of item responses for the item banks. This simulation
considers five sets of item response patterns depicting a scale continuum from a
perfect Guttman scale to a quasi Guttman scale. The setexgraimees

observed scores from zero to nine points with one of the following gradients of
error of reproducibility: 0%, 5%, 10%, 15%, and 20%. Errors were randomly
introduced to a Guttman scale (i.e., the base pattern with 0% errors of
reproducibility) b derive the other four sets of patterns. For example, a 10% error
of reproducibility indicates that 90% of all of the responses of all of the subjects
to all of the items can be correctly reproduced from the base patternsO item
responses. Store inforn@t in matriced s, Lo, L3, L4, andLs.

Get samples of random patterns of item responses for individual examinees.
Generate findependent random variables for each examinee under each item
bank characteristics. Replicate this process 500 times foiteatbank. Store
information in matrice®1, D, D3, D4, andDs.

Derive observed patterns of item responses for individual examinees. Impose the
base pattern structures fra@tep 3to the random patterns of item responses from
step 4 For a given itemdnk, pre multiply the transpose DBfby its

corresponding matrik. Store information in matrices,, Z,, Z3, Z4, andZs.

Get probabilities of answering items. Find the cumulative probability under a
normal distribution for each data points in matrigesStore this information in
matricesPs, Py, P3, P4, andPs.

Get binary item responses for individual examinees. Compare probability points
in P with realizations from a uniform random variable with mean zero and
standard deviation one. Assign a scdrere when a probability point exceeds

the random generated value. Otherwise, assign a score of zero. Store results in
matricesY 1, Yo, Y3, Y4, andYs. Y contains item rank orderings from a perfect
scale (0% error of reproducibility) administered t@adom sample of 500

simulated examineesy , contains item rank orderings from a qussale (5%

error of reproducibility) administered to the random sample of 500 simulated
examinees.Y 3 contains item rank orderings from a qussale (10% error of
reproducibility) administered to the random sample of 500 simulated examinees.
Y 3 contains item rank ordering from a quasale (15% error of reproducibility)
administered to the random sample of 500 simulated examMgesntains item

rank ordering from guasiscale (20% error of reproducibility) administered to

the random sample of 500 simulated examingggontains item rank ordering
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from a quasscale (25% error of reproducibility) administered to the random
sample of 500 simulated examinees.
8. Estimat overall variance of observed scores with equation (1).
9. Estimate error variance of profile measures with equation (2).
10. Compute individual profile reliability with equation (3).
11. Describe distribution of estimated individual profile coefficients.
12.Describe poportion of negative estimates of individual profile reliabilities.

Performance of the IPRA approach was also investigated with real data sets from a
cognitive assessment embedded into a computerized dynamic assessment of problem
solving skills in sciece tried-out with 300 high school participants (ArEerrer, 2003).

The cognitive assessment is 60 multiphmice items long and the items are evenly
distributed across five content areas tapping multiple cognitive attributesHow
moderately correlate

12



Results

Recovering simul@&n conditions

Synthetic individual profile data sets were analyzed to recover the following simulation
conditions that directed the data generation process. First, the hypothetical test battery is
composed by five assessnts (Y1, Y2, Y3, Y4, and ¥5) with negligible amounts of

correlations. Second, each assessment is comprised by nine items scaled in five
unidimensional spaces. Third, item rank ordering reflects effects of main abilities and
nuisance errors (i.e., rand@ampling of examinees and errors of reproducibility).

Fourth, the relationship between an individualOs error (i.e., mismatch between her
observed and OmeaningfullyO scaled item response patterns) and her observed raw score
follows a quadratic trend.

Tale 1 shows test scores Pearson r correlations ranging fddno .07 with a median

value of .03. The magnitudes of the correlations corroborate the independence of tests
scores in the simulated battery. The main diagonal in the table shows internal
corsistency reliability estimates for the five tests. These indices range from .79 to .82
and indicate fairly homogeneous sets of items comprising the tests in the battery.

Table 1: Pearson r Correlations with (Alpha Reliability Coefficients)

Tests Y1 Y, Y3 Ya Ys
Y: (83 .06 01 .03 01
Y, (79 .06 .07 .03
Y, (82 .08 .00
Y, (.80  -.04
Ys (.79

Table 2 shows Spearman rho correlations for item rank ordering in a perfect scale (Ideal)
and item MDS coordinates for the simulated Guitrseale (Y) and the quasscales (Y,

Y3, Y4, Y5). The ideal scenariéfree from random sampling error and scaling eBors
renders a perfect unidimensional Guttman scale (Stress=0; RSQ=1.00)., {Q8t Y

error of reproducibility plus amount of examineasdom sampling error) correlated
perfectly with the ideal item rank ordering, but the ordering0féfms was not

recovered perfectly from the item coordinates placed in a unidimensional space.
However, the unidimensional scale spanned item locatiates\ell as shown by the

small stress value (.07) and the large percentage of accounted variance of item
coordinates (98). For tests ¥ Ys the ideal item rank ordering changed considerably
and their unidimensional spaces spanned item locations lessréfy. These results
corroborates that the simulated test battery portrays five assessments with strong main
factors and different amounts of nuisance error as initially intended.
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Table 2: Spearman Rho Correlations and MDS Results

Tests

Tests Ideal Y1 Y, Y3 Ya Ys
Ideal 1.00 1.00 -.96 .69 g7 -.33
Y1 1.00 -.92 .88 .84 -.45
Y, 1.00 -.79 -.71 .39
Ys 1.00 .88 -.60
Y4 1.00 -.63
Ys 1.00
Stress .00 .07 .18 .26 .30 31
RSQ 1.00 .98 .89 .86 .82 71

Figure 3 shows theelationship between individualOs raw scores and average number of
discrepancy (i.e., error of reproducibility) for the five assessments in the simulated test
battery. Two characteristics of the figure deserve comments. There is a quadratic
relationshipbetween raw test scores and average number of discrepancy. The extreme
raw scores show the smallest size of discrepancies and the middle raw scores show the
largest discrepancy size. Also, the figure shows different degrees of impact of nuisance
error o discrepancies. High rates of errors translate into increments in the average
number of mismatched item response patterns.

Y1l Y2 Y3 Y4 Y5
7 —
6 -
5 -

Discrepancy

Raw score

Figure 3: Mean discrepancy in item response patterns by raw scores
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Simulated CataResults

Table 3 shows selected quantile gsifor estimates of statistics for the IPRA approach.

As mentioned earlier, correlations among the observed profile measures were negligible,
which indicate that profile scores are uncorrelated. Simulated participants show
variability in elevation and sdter of their conditional test score profiles. Measures of
profile mean(\? ) and profile varianceQC'ﬁ) portray a group of participants with different

elevations and scatters of their score profiles. For examplmdhe of observed scores
in the individual profiles ranges from about .40 to 8.6 and the typical observed score
profile variance approximates 7.2.

Table 3 shows different degrees of discrepancies between observed and expected item
response patterns ancethrelated profile reliability indices. Individual profile error

variance (6¢) ranges from 0 to 2.50 and it shows a median value of 1.58. Profile

reliability index ranges from50 to 1.00 with a median value of 0.78. The table als

shows negative reliability estimates that occurred for as few as 2.5% of the total number
of estimated reliabilities. Further exploration of the item response patterns showed that
negative estimates of individualOs reliability occur for irregular pattéiitem

responses. That is, negative estimates likely occur when examinees with high test scores
fail to respond correctly OeasyO items or when examinees with low test scores succeed in
answering OdifficultO items.

Table 3: Quantile Points of Stattst Related tdPRA Approach

Quantile Y 162 r; 10
100 8.6 19.2 2.50 1.00
99 7.4 16.7 2.43 0.97
95 6.8 14.4 2.23 0.94
90 6.2 13.0 2.15 0.92
75 5.4 10.3 1.90 0.87
50 4.5 7.2 1.58 0.78
25 3.6 4.7 1.20 0.63
10 2.8 3.2 0.88 0.42

5 2.4 2.3 0.70 0.26
1 1.6 1.3 0.35 -0.47
0 0.4 0.2 0.00 -0.50

Real Data Results

Table 4 shows Pearson r correlations of test scores on five assessment areas (i.e., A, B, C,
D, E). Correlations ranged from .21 to .478 with a median correlation of .368. TableOs
main diagonal shows internal consistency reliability estimates. The real and simulated

15



data sets show two differences relevant to highlight. One is the size obtest sc
correlations. While simulated data measures are uncorrelated, real data measures show
degrees of correlation. The other is the magnitude of the reliability coefficient. Real data
set measures show lower estimates of reliability than simulated dasarmes

Table 4. Pearson r Correlations with (Alpha Reliability Coefficients)

Tests A B C D E
A (.56) 34 22 30 .30
B (.67) 48 45 36
C (.48) 41 43
D (.67) -.39
E (.67)
I’lq — 12 items

MDS analyses were dermed separately for each test with a unidimensional ordinal
scaling model and item level dissimilarity distances. As a point of reference synthetic
data from a perfect Guttman scale (Ideal) was also involved in the comparisons. Table 5
shows rank ordecorrelations of MDS item coordinate among the six conditions and

MDS results for each condition. The stress measure ranges from 0.00 (Ideal) to 0.12
(Test E) with a median value of 0.06 (Tests A and D). The unidimensional scales spans
item locations qué well item coordinates for each test as shown by the relatively small
stress value and the large percentage of accounted variance. Interestingly, the tests
correlated significantly among them and with the Guttman scale. Results indicate that the
set oftests portrays five assessments with strong main factors and different degrees of
nuisance error.

Table 5. Spearman Rho Correlations and MDS Results

Tests
Tests Ideal A B C D E
Ideal 1.00 -.58 .87 -94 -.92 -.96
A 1.00 -.59 .59 .69 .65
B 1.00 -.82 -.80 -.79
C 1.00 .92 .93
D 1.00 .96
E 1.00
Stress .00 .04 .10 .03 .08 A2
RSQ 1.00 .99 .98 .99 .98 .95

Figure 4 shows the relationship between individualOs raw scores and average number of
discrepancy (i.e., error oéproducibility) for the five assessments. The figure shows
different degrees of impact of nuisance error on discrepancies. High rates of errors
translate into increments in the average number of mismatched item response patterns.

16



The quadratic relationghibetween raw test scores and average number of discrepancy
observed for the simulated data set is also present in the real data set. Extreme raw scores
show the smallest size of discrepancies and the middle raw scores show the largest
discrepancy sizeThis pattern is more evident for Test E and less for Test A.

A B=='C D——E

Discrepancy

o1 2 3 4 5 6 7 8 9 10 11 12

Raw Score

Figure4. Mean discrepancy in item response patterns by raw scores

Table 6 shows selected quantile points for IPRA estimates based on real data sets.
Measures of profile mea(?) and profile varianceQAY) portray test takerOs score profiles

with different degrees of elevation and scatter. Notice that observestoae/mean

ranges from 2.8 points to 11.2, and the typicalsaare variance approxines 6.7.

Table 6 shows different degrees of discrepancies between observed and expected item
response patterns and their related profile reliability indices. Individual profile error
variance (67) ranges from 0 to 2.55 and it showsiedian value of 1.20. Profile

reliability index ranges froml.27 to 1.00 with a median value of 0.83. The table also
shows negative reliability estimates that occurred for as few as 2.1% of the total number
of estimated reliabilities. Further explotiof the item response patterns showed that
negative estimates of reliability happen when irregular patterns of item responses
dominates the total set of responses. That is, negative estimates likely occur when
examinees with high test scores fail tgp@sd correctly OeasyO items or when examinees
with low test scores succeed in answering OdifficultO items.
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Table 6. Quantile Points of IPRA Statistics With Real Data Sets

Quantile Y 162 &P 10
100 11.2 20.3 2.55 1.00
99 11.0 20.2 2.25 1.00
95 10.6 15.3 2.04 0.96
90 10.4 13.5 1.89 0.94
75 9.8 10.0 1.67 0.90
50 9.2 6.7 1.20 0.83
25 8.4 4.0 0.73 0.71
10 7.6 2.2 0.36 0.54
5 6.6 1.7 0.36 0.40
1 5.2 0.8 0.00 -0.10
0 2.8 0.7 0.00 -1.27
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Discussion

Parents, guardians, and teachers receive individual reports with test score profiles and
companion narratives of that individualOs strength and weakness in performance and
prescribed academic intervenisto improve. To date truthfulness of wmsvns of test
scores is unknown and it is uncertain whether those profiledoupsO reflect patterns

of true OupslownsO consistently. This paper proposes an approach to estimate
individual profile reliabilites under congeneric test theory and Guttman error structures
(Feld & Brenann, 1989; McDonald, 1999; Zimmerman, Zumbo & Lalonde, 1993).
Profile dispersion, the ups and downs of test scores in the profile, is a cornerstone
property when interpreting thewes and we have relied on it to propose a reliability
index for an individual profile. The reliability index quantifies amount of measurement
error present in an individual profile by estimating the amount of mismatch between
observed item response patieand item responses from OmeaningfullyO scaled profiles
derived from a Guttman scale.

Evaluation of the simple profile reliability approach with simulated data showed that

most estimates of individual reliability indices fall between theoretical wgpklower

bounds most of the times. Results also showed minimum number of negative estimates
which happened for examinees with atypical patterns of responses. The profile reliability
approach can render aberrant estimates, although the propensity whtofbardow with

both synthetic and real data sets. Theoretically the approach can render profile reliability
estimates either larger than one or smaller than zero. Practically, the index achieved low
rates of negative estimates and null rates of estgriatger than one. Two insights were
drawn from focused analyses of profiles with negative reliability estimate. One is the
compensatory nature in which studentOs wrong answers to items below that studentOs and
right answers to items above that studete@el of competency operates to render

negative reliability estimates. The pattern results in an atypical error variance size that
translates into an aberrant estimate of reliability. The other insight is the role of profile
spread on aberrant perfornta of the estimate. The low variability of profile scores
attenuates the size of reliability to a degree that it may render negative estimates as error
variance increases. Flat profiles are more vulnerable to experience negative estimates of
reliability. For this shape, test score spread may correspond to a percentile rank of about
one which may be about two hundred times smaller than profile error variance.

Because measurement error is inherently present in testing endeavors and because it
affeds interpretation and use of test scores, the amount of error present in a test score
profile should be informed as part of the individual reports. Profiles are used to dictate
remedial instruction and to make placement decisions. Measurement erroeggaptu
variability unrelated to test constructs and it embraces a multitude of sources. The
proposed reliability approach focuses exclusively on defining and quantifying variability
of test scores due to disordered nature in patterns of item responsesckjpecta
theoretical perfect scale. There is a legitimate concern when relying on theoretical
patterns extracted from a perfect Guttman scale to tap error variance; but the analysis
with real data sets proved that concern to be unfounded. The appestzimed
satisfactorily with both synthetic and real data set scenarios and the discrepancies showed
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a binomial nature as anticipated in the model. In addition, whereas the former scenario
with synthetic data controlled by design the source of measuremeridisordered
patterns of item respond&®ghe later scenario opened a door to this kind of error and
other types of errors such as students fluctuations in attention, (i.e., slips), random
responses, motivation, and test taking skills. The prddlialility showed sustained
performance with both synthetically controlled and real data sets.

It is important to continue researching the properties of the profile reliability with NCLB
assessments tests before attempting its involvement in operaéipaging of test

scores. Three avenues of research are seen desirable to continue documentation of the
individual profile reliability index. One avenue investigates effects that the relaxing of
Guttman perfect scale would have on the propertied oftlability, particularly

estimates out of bound. As part of this research, item response theory estimates replace
Guttman perfect scaling of item responses to accommodate item ordering likely present
with real data sets. The involvement of an IRT formoiamay also allow for greater
flexibility to accommodate mixed item formats and scale scores than current approach
provides. Although some states rely on multiple choice items solely for their mandated
assessments, some are considering unloading exgsnessoving constructed response
items from their assessment, there are quite few more states involving mixed item
formats in their assessments. Finally, it is desirable to put more development to expand
the approach to allow for analysis of intedividual comparisons such as when

contrasting a studentOs score profile to a groupOs score profile. Current approach to inter
individual comparison requires multidimensional scaling and factor analytic techniques
to inform similarity-dissimilarity analysis beveen latent OcoreO profiles and individualsO
test scores profiles that are complex in their computation and cumbersome to explain to
general audience (Davison, et. al., 1999; Davison & Kuang, 2000; Davison, et. al., 1996).
A simpler approach with compaitatperformance may become a valuable allied for
performing intefindividual comparisons and explaining results to general audiences.
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