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Abstract

The purpose of this study is to investigate the performance of five proce-
dures for estimating classification consistency for assessments containing both
dichotomous and polytomous items. The procedures include a normal approxi-
mation procedure(NM), the Breyer-Lewis procedure(BL), the Livingston-Lewis
procedure(LL), a bootstrap procedure(BW) and a compound multinomial pro-
cedure(CM). Both simulated and real data were used to demonstrate the be-
havior of these procedures. The simulation incorporated the following testing
conditions: eight test lengths, three degrees of cross-format equivalence, three
cut score positions, and two sets of performance categories. The real data were
taken from the Multistate Bar Examination and bar essay examination. The
procedures were evaluated according to how accurately they estimated classifi-
cation consistency in the simulations and how well their assumptions were met
for the real data.

The results showed that with the simulated data, the accuracy of the pro-
cedures varies across different testing conditions. With the real data, the as-
sumptions of the procedures were reasonably well satisfied. In general, the NM
and LL procedures yielded relatively accurate decision consistency estimates,
whereas the BW and CM procedures yielded less accurate estimates. When a
bias correction method was employed for the BW and CM procedures, much
more accurate estimates were obtained.



1 Introduction

In many assessment contexts, it is necessary to classify examinees into non-
overlapping performance categories according to a set of predetermined stan-
dards. For example, mastery/non-mastery decisions or pass/fail decisions have
been an integral part of testing for decades not only in educational contexts but
also in licensure and certification contexts. Also in recent years, the National
Assessment of Educational Progress and No Child Left Behind Act have focused
attention on classifications into multiple categories. In such circumstances, clas-
sical approaches to addressing reliability concerns (see Feldt & Brennan, 1989)
may still be relevant, but almost always users want statistics that more directly
address the consistency of classification decisions instead of the consistency of
test scores per se.

There are two commonly used classification consistency measures. The first
is the agreement index P proposed by Hambleton and Novick (1973), which is
the proportion of examinees consistently classified on alternate administrations
of a test.

J
P = ijj, (1)
=

where p;; is the proportion of examinees classified consistently into the j-th per-
formance category on the alternate administrations, and J is the total number
of performance categories. The other measure is coefficient x (kappa) (Swami-
nathan, Hambleton, & Algina, 1974). The index P does not account for chance
agreement, whereas coefficient kappa was proposed to account for chance agree-
ment in classifications.

P_pc
1_pc’

(2)
where

J
Pc = Z PjeDej- (3)
j=1

The symbols p;e and p,; represent the marginal proportions of examinees as-
signed to the j-th performance category on the first and the second admin-
istration, respectively, and the symbol p. represents the total proportion of
agreement due to chance.

Since the 1970s, procedures for estimating decision consistency based on
single-administration data have been proposed. Huynh (1976) used a beta-
binomial model to estimate classification consistency directly for a group of
examinees. Later, Hanson and Brennan (1990) extended Huynh’s procedure
by using a four-parameter beta-binomial model. In contrast, Subkoviak (1976)
suggested another type of procedure in which a binomial distribution was as-
sumed for errors given true score, but no marginal distribution was assumed for



true scores. Subkoviak first estimated classification consistency for each indi-
vidual examinee and then averaged the individual estimates to obtain an overall
decision consistency estimate for the group.

The above-mentioned procedures for estimating classification consistency
have been extensively discussed in the literature(for other less known proce-
dures, see Berk, 1980; Traub & Rowley, 1980). However, these early proce-
dures deal with tests consisting of dichotomous items, only. The prevalence
of such procedures is due to the fact that, in the past, a standardized assess-
ment typically included only multiple-choice items. Currently more and more
test publishers are using constructed response (CR) and multiple choice (MC)
items together to access the desirable features of both formats. It is not sur-
prising, therefore, that in the recent past there have been some new procedures
proposed for estimating decision consistency for assessments containing both
dichotomous and polytomous items (called complex assessments in this report).
What is somewhat surprising is that, for the most part, these new procedures
have not been systematically studied and compared. Therefore, the primary
purpose of this study is to examine how several procedures for estimating clas-
sification consistency for complex assessments work and compare under vari-
ous testing conditions. Specifically, a normal approximation procedure (Peng
& Subkoviak, 1980), the Breyer-Lewis procedure (Breyer & Lewis, 1994), the
Livingston-Lewis procedure (Livingston & Lewis, 1995), a bootstrap procedure
(Brennan & Wan, 2004) and a compound multinomial procedure (Lee, 2005b)
are considered.

1.1 Normal Approximation Procedure (NM)

For complex assessments, a rather simple solution is to assume that observed
scores from two alternate test administrations have a bivariate normal distribu-
tion. Peng and Subkoviak (1980) employed KR-21 of the actually administered
test as the correlation for the bivariate distribution, whereas Woodruff and
Sawyer (1989) proposed dividing a test into parallel halves so that a stepped-up
reliability estimate (using the Spearman-Brown formula) could be used as the
correlation.

Originally, the Peng-Subkoviak normal procedure was developed to simplify
the computation for estimating decision consistency for dichotomously-scored
data. However, since this procedure does not impose restrictions on data type,
it is worth examining how well this procedure can work for mixed-format data.
If this procedure is applicable for complex assessments as well, its simplicity
could save considerable resources in practice.

1.2 Breyer-Lewis Procedure (BL)

The Breyer-Lewis (1994) procedure requires dividing a test into two comparable
half-tests. A cut score needs to be given to each half, and the sum of the half-test
cut scores should be equal to the cut score for the full-length test. A bivariate
normal distribution is assumed underlying for the half-tests. This procedure



first estimates the tetrachoric correlation for the half-test contingency table,
taking it as a reliability estimate for the half-tests. Then the procedure obtains
a reliability estimate for the full-length test using the Spearman-Brown formula.
This new reliability estimate is then used as the correlation coefficient for the
bivariate normal distribution for the full-length test. Overall, this procedure
involves a complicated and somewhat ad hoc line of reasoning. Breyer and
Lewis provided detailed computational steps for the procedure.

1.3 Livingston-Lewis Procedure (LL)

The essence of this procedure is that Livingston and Lewis (1995) created a so
called “effective test length” (denoted as 7 here) to model complex data. The
term refers to the number of discrete, dichotomously-scored, locally independent
test items necessary to produce total scores having the same precision as the
scores being actually used. The formula for effective test length suggested by
the authors is

(,LL.L - Xmin)(XnLaw - ,ux) - TU%

o2(1—1) ’

where n is rounded to the nearest integer, X,,;, is the lowest possible score,
Xmaz is the highest possible score, . is the mean, Ug is the variance, and r
is the reliability of the test. In this procedure, X refers to the reported score,
which could be either raw scores or scaled scores. Using the effective test length,
the test score X can be transformed onto a new scale X that extends from 0
to i (Livingston & Lewis, 1995).

The distribution of true scores is then estimated by fitting a four-parameter
beta distribution whose parameters can be estimated from the observed distri-
bution of X, Also, the distribution of conditional errors is estimated by fitting
a binomial model with regard to X "and 7. With parameters for both dis-
tributions known, classification consistency is computed in the same way that
Hanson and Brennan (1990) computed classification consistency. The results
still need to be adjusted so that the predicted marginal category proportions
match those observed for the actual test. That is, in determining decision con-
sistency, Livingston and Lewis suggested taking the classifications on the actual
test into account.

ﬁ:

1.4 Bootstrap Procedure (BW)

The bootstrap algorithm involves taking multiple random samples with replace-
ment from the original sample. The Brennan-Wan (2004) procedure begins by
generating a bootstrap sample of the item response vector, and then applies the
scoring/scaling rules used with the original data to the bootstrap sample. For
each examinee, a consistent decision is made when he or she is classified into
the same performance category over two test samples. This process is repeated
a large number of times. The proportion of consistent decisions over all replica-
tions can be computed for each examinee, and then these individual P estimates
can be averaged to obtain an overall estimate of P and kappa for the group. In



this sense, the BW procedure is a descendant of Subkoviak’s procedure (1976).
With complex assessments, replication repeats a stratified bootstrap sampling
procedure. That is, a bootstrap sample is taken separately from each distinct
section built into the design of the assessments (Brennan & Wan, 2004).

Brennan and Wan (2004) explicitly distinguished two approaches to deter-
mining classification consistency indexes. In one approach, decision consistency
is determined based on any two random forms of a test. The forms can be gen-
erated through item sampling as in the bootstrap procedure or predicted from a
presumed distributional model (e.g. beta-binomial) as in the Livingston-Lewis
procedure. Test results on these two hypothetical forms are compared to obtain
classification consistency. This approach is commonly seen in the literature.
In the other approach, decision consistency is determined on the basis of the
test actually administered and one random form of the test. Brennan and Wan
argued that it is often reasonable to take into account test results on the actual
test, because in operational settings where an examinee passes or fails a par-
ticular test, the only consistent decision that could be made is a corresponding
pass or fail decision on an alternate form. Brennan and Wan focused on the
second approach in designing the bootstrap algorithm, but they considered the
first approach, too.

1.5 Compound Multinomial Procedure (CM)

Lee (2005b) proposed a multinomial error model for a test with undifferentiated
polytomous items, and a compound multinomial error model for a test contain-
ing a mixture of item sets. The multinomial procedure reduces to Subkoviak’s
procedure (1976) when items are dichotomously scored. Suppose a test con-
tains n polytomous items, each with h (h > 2) score points, g1 < g2 < ... < gp.
Let w = {m,m,...,m,} denote the proportions of items in the universe such
that an examinee can get scores of g1, go, ..., gn, respectively. Further suppose
that X1, Xo,..., X} are the random variables representing the numbers of items
scored with each of the possible h points. For each individual examinee, these
random variables follow a multinomial distribution:

|
n: zh

X1, T2
T TR T,

PriXp =z, Xo =3,... . Xp = wp|m) = —F—F——
T1:X2:...2Th:
where m = {m1,m2,..., 7} can be estimated by the observed proportions of
items scored with the corresponding points. Since it is possible that many
different sets of values of X1, X5, ..., X} can lead to a particular total score of
y, the probability density function (PDF) of Y can be obtained by summing
over all sets of X1, Xs,..., X} that make the total score of y:

Pr(Y =y|w) = z Pr(Xy =21,X2 = o, ..., Xp = ap|m).
c1r1+cexe+- -+ CchTr=Y

When this PDF is known, it is easy to calculate the P index for each individual
examinee, and then the overall P and kappa index for the group.



When a test is composed of different sets of items (e.g., items taken from
fixed content categories or items having different numbers of score points), the
multinomial model needs to be replaced by a compound multinomial model. An
important assumption of the compound multinomial model is that conditional
on proficiency, errors over the different sets of items are uncorrelated so that
the joint PDF of the subtotal scores is the product of the marginal PDFs of
each subtotal score. Similarly, note that there can be different sets of subtotals
leading to a particular grand total score.

The CM procedure also accommodates the two approaches to determining
classification consistency that Brennan and Wan (2004) considered. Moreover,
the CM procedure can estimate classification consistency for scale scores.

In the previous paragraphs, an overview of five procedures for estimating
decision consistency for complex assessments has been provided. In order to
demonstrate the behavior of these procedures, both simulated and real data
were used in this study. Next, methodologies for conducting the simulations are
outlined, followed by a description of the real data analyses. Then results of the
simulated and real data analyses are presented. This report concludes with a
summary of the findings and a discussion of the limitations of the study.

2 Method

2.1 Simulated Data

Simulations are important in this study for two principal reasons: (1) the ac-
curacy of the procedures can be evaluated only when prior “true” P or kappa
values are available, and (2) different measurement conditions can be easily built
into simulations so that we can investigate the behavior of the procedures in a
variety of situations.

In this study, the three-parameter logistic IRT model (3PL) was used to
generate dichotomous items, and the generalized partial credit model (GPC)
was used to generate polytomous items.

Under the 3PL model (Lord, 1980), the probability that an examinee with
ability 8, answers item j correctly is defined as

exp[Da;(0; — b;)]
1 + exp[Daj(Gi — bj)] ’

P;j = P(0ilaj,bj, cj) = ¢j + (1 —¢j)

where a; is a discrimination parameter, b; is a difficulty parameter, c; is a lower
asymptote for the item, and D is a scaling constant (typically 1.7). Under
the GPC model (Muraki, 1997), if item j has score categories 1,2,..., H, the
probability that an examinee obtains a particular score category h is

exp[>y_y Da;(0; — bjv)]
SH_exp[X™, Daj(0; — bjy)]

where a; is a discrimination parameter, b;;, parameters are item-category pa-
rameters, and v and m are two dummy variables representing score categories.

Pijh = P(9i|aj,bj1, .. .,bjh, .. .,ij) =



The first goal of data generation was to create a pool of item parameters
for 10,000 dichotomous and 1,000 polytomous items scored 0—4 (i.e. five score
categories). The simulated item parameters were generated on the basis of
several distributional-form assumptions and real-test item parameters (see Wan,
2006, for details). The means and standard deviations of the item parameter
distributions are those for the Multivariate Bar Examination and the bar essay
examination, which will be described later.

Parameters a, b, and ¢ for the 3PL model were generated such that a ~
Lognormal (0.4, 0.2), b ~ Normal (-0.8, 1.8), and ¢ ~ Beta (2.2, 8.3). In
addition, for practical purposes the following restrictions were imposed: 0.1 <
a <1land —4 < b < 4. For the GPC model, the parameter a was generated such
that a ~ Lognormal(0.3,0.1), and parameters by through bs; were generated
from Normal (-1.5, 0.8), Normal (-1.6, 0.8), Normal (0.6, 1.1) and Normal (1.4,
1.1), respectively. Similarly, restrictions were imposed so that 0.1 < a < 1
and —4 < by, b3, by, bs < 4. For the ability parameters, two theta vectors (one
denotes the latent trait measured by dichotomous items, and the other denotes
the trait measured by polytomous items) for a sample of 1,000 simulees were
generated, using a bivariate normal distribution with a mean of 0, a standard
deviation of 1, and three degrees of correlations r=0.5, 0.8 and 1.0.

Given the item and ability parameters, it is easy to generate responses to
the items. For each dichotomous response, the probability of a correct answer
was based on the 3PL model. A random number u was drawn from a uniform
distribution [0, 1]. If u was less than P;;, the corresponding response was 1;
otherwise it was 0. For each polytomous response, the probability of obtaining
a particular score was based on the GPC model. Let 151-.7‘(_1) = 0 and ]5ijg =
EZ:O Pijg. If IE’ij(g,l) <u< 151-]-g7 then the corresponding response was set to
g, where g =0,1,...,4.

2.2 Real Data

The real data used in this study are from the Multistate Bar Examination
(MBE) and the bar essay examination. The MBE is developed by the National
Conference of Bar Examiners (NCBE) and is widely administered in the United
States twice a year. The MBE is an objective six-hour examination containing
200 multiple-choice questions. The examination is divided into two periods of
three hours each, one in the morning and one in the afternoon, with 100 items
in each period. The two sessions are developed to be parallel to each other.

A majority of the jurisdictions in the United States also administer an essay
test of legal knowledge as part of the process for determining a candidate’s
competence to practice law. The bar essay test is often constructed locally.
Consequently, the essay tests administered in various jurisdictions are usually
different in terms of the number and the content of the questions. The essay test
is always administered in participating jurisdictions one day before the MBE,
and it is often given in one continuous three-hour time period.

Fach jurisdiction determines its own policy regarding the relative weights
for the MBE and the essay test. It is common that the MBE and the essay



raw scores undergo some score transformation for licensure decisions. In order
to investigate the applicability of the decision-consistency procedures for scale
scores, two hypothetical types of scales were constructed in this study. They
are discussed later in the subsection of “Scale Transformation”.

This study collected two sets of bar examination data. Both sets are from
a recent year’s administration. Jurisdiction #1 used the 200-item MBE and
10 essay questions, each of which was scored 1-12. Jurisdiction #2 used the
same MBE and 9 essay questions, each of which was scored 1-5. Descriptive
statistics for the data sets are reported in Table 1 (composite and normalized
refer to scale scores to be discussed).

2.3 Factors Investigated

For the simulations, the factors that were examined are: test length, degree of
construct equivalence, and number of cut scores. For the real data analyses,
two hypothetical scaling functions were considered.

2.3.1 Test Length

Eight conditions of test length were considered in the simulations: 200/10,
200/5, 100/10, 100/5, 50/5, 50/2, 25/5 and 25/2. The value before the slash
denotes the number of dichotomous items, and the value after the slash denotes
the number of polytomous items. As can be observed, the first two conditions
have approximately the same test length as the bar examinations, and the next
two conditions are shortened approximately by half, and so on.

2.3.2 Degree of Construct Equivalence

Three degrees of cross-format correlation were considered in the simulations:
ro,0,= 0.5, 0.8, and 1.0, where 6; denotes the ability measured by dichotomous
items and 6> denotes the ability measured by polytomous items. These three de-
grees of construct equivalence were picked because they roughly cover the range
of possible construct correlations between MC and CR items in real settings. !

2.3.3 Number of Cut Scores

For the simulated data, this study considers both binary classifications (J =
2) and multi-level classifications (J = 4). When there are four performance
categories, the cut scores are specified as 50%, 65% and 80% of the maximum
possible score, and they are applied simultaneously. When there are only two
performance categories, the three cut scores are applied separately, thus the
influence of the position of the cut score can be observed.

11t was found that for the various Advanced Placement tests, the typical disattenuated
correlations between MC and CR scores were 0.56-1.0 (Lukhele, Thissen, & Wainer, 1994).
For the bar examinations, the disattenuated correlation between the MBE and the essay test
is 0.904 for jurisdiction # 1 and 0.902 for jurisdiction # 2.



For the real data, only one cut score (65% of the maximum score) was
considered, because the licensure decision involves only pass or fail.

2.3.4 Scale Transformation

There are two common ways that raw scores can be transformed to scale scores:
(1) subtest raw scores are transformed separately to subtest scale scores, and
then these subtest scale scores are combined to form a composite scale score;
(2) a single raw total score is transformed to a single scale score. This report
considers both types of transformation in the context of the bar examinations.

The first type of transformation somewhat reflects the transformation em-
ployed by the bar examinations in the real world. It is not feasible to obtain
exact information about the scaling process actually used, but general guidelines
are available (Case, 2005; Klein, 1995; Ripkey, personal communication, Nov.
2005). The basic idea is that the MBE score and the essay score are respectively
standardized, and then linearly transformed to the same scale with a mean of
140 and a standard deviation of 15. Then the scaled MBE and essay scores are
summed to form a composite scale score. With the MBE and essay test means
and standard deviations known for each jurisdiction, it is easy to construct the
scaling functions as follows:

(MBE, 4., — 132.975) (E's8aYrqw — 64.309))

— 14 14 4

OS5 15.755 +140+ 6.038 +140,  (4)
(MBE, 4, — 133.834) (Fssayrqw — 29.011)

CSSy = 140 140 5

2 14.1 A0 6.038 +140,  (5)

where the subscripts for C'SS refer to jurisdiction #1 or jurisdiction #2. The
final composite scale scores were rounded to integers.

The second type of transformation is a normalizing transformation. It is con-
sidered here because normalizing transformations are quite common in practice.
The basic idea is to determine the percentile ranks of the raw scores, identify z-
values in a normal distribution which have the same percentile ranks, and then
linearly transform these z-values to a new scale with a certain mean and stan-
dard deviation (Kolen & Brennan, 2004). In this study, the mean was chosen
to be 280 and standard deviation 28 in order to approximate the characteristics
of the composite scale score.

A scatter plot of the normalizing transformation function is presented in
Appendix A for each jurisdiction. Note that though normalization is a non-
linear function, it does not cause dramatic non-linearity for the real data sets
in this study ( except perhaps in the tails of the score distributions), implying
that the raw scores are approximately normally distributed. No scatter plot is
provided for the composite scale scores, because there are too many different
combinations of the MBE and essay scores.



The raw cut scores were directly converted to scaled cut scores for the nor-
malized scale scores. In contrast, the raw cut scores could not be directly con-
verted for the composite scale scores because, at least occasionally, it is likely
that one raw score will convert to many different composite scale scores. In
this situation, the maximum composite scale score was first computed using
the maximum MBE and essay scores, and then 65% of it was set as the corre-
sponding scale cut score. In Appendix B, score ranges as well as cut scores for
the real and simulated data sets are presented. Remember that both the scal-
ing functions and the cut scores used for the bar examinations are completely
hypothetical in this study.

In summary, Table 2 displays all the factors investigated in this study. The
factors are crossed, thus resulting in three (1 x 1 x 3 x 1) conditions for each bar
examination data set and 96 (8 x 3 x 1 x 4) conditions for the simulated data.

2.4 Implementation of the Procedures

The procedures for estimating classification consistency for complex assessments
have been reviewed in the previous section. This section highlights the specifics
of implementing the procedures in the present study.

A reliability coefficient is crucial for implementing the normal approximation
procedure. In decision consistency contexts, it is the absolute magnitude of an
examinee’s score that is of interest rather than the examinee’s relative rank-
ing, so it is sensible to choose a reliability coefficient related to absolute error
variance 02(A), using the terminology and notation in generalizability theory
(Brennan, 2001). In this study, multivariate ® (phi) coefficients for raw scores
were computed from the multivariate generalizability design p® x i°, where di-
chotomous items and polytomous items were differentiated as two fixed levels.
For the composite scale score, the estimation of reliability also employed mul-
tivariate generalizability theory, as it is easy to compute the phi coefficient for
linearly transformed scale scores (See details in Brennan, 2001, chapters 9 and
10). For the normalized scale scores, the estimation of reliability employed a
compound multinomial method developed by Lee (2005a). In using this method,
the conditional standard errors of measurement (CSEM) for scale scores are first
computed for each person, and then an error variance is obtained by averaging
the squared CSEMs over all the persons. The error variance is then divided by
the observed scale score variance, and 1 minus the result is regarded as the final
reliability estimate.

The implementation of the BL procedure requires splitting a test into two
half-tests that are as comparable as possible. The manner in which a test
is split can potentially exert considerable influence over the final results (Wan,
2006). Because a sensible split needs to be based on both content and statistical
considerations, and content is not part of the simulations, the BL procedure is
not part of the simulation study. The BL procedure is studied, however, in the
context of the bar examinations, since the design of the MBE has a built-in split.
In order to balance the effect of content differences in half tests, three random
pairs of bar examination half tests were constructed for each jurisdiction. The



process for constructing each random pair was as follows: (1) MBE-am plus
a random half of the essay items, and (2) MBE-pm plus the remaining essay
items. It is the average P and kappa estimates over the three random pairs that
are reported. The application of the BL procedure is confined to raw scores
only, since the scaling functions for half-tests are not available.

The LL procedure requires four pieces of information as input: (a) a score
distribution for the test actually administered, (b) a reliability coefficient, (c) the
maximum and minimum possible scores, and (d) cut score(s). As explained ear-
lier, reliability coefficients can be estimated either using generalizability theory
methods (Brennan, 2001) or the compound multinomial method (Lee, 2005a).
The program BB-CLASS (Brennan, 2004) was used to do the computation.

For the BW and CM procedures, dichotomous and polytomous items were
differentiated as two strata. For both procedures, decision consistency was
derived following the two approaches to determining classification consistency
for the real data, where there truly was an “actual” test. For the simulations,
however, decision consistency was examined using two hypothetical forms, only,
mainly because in a simulation there is no “actual” test. A C program was
written to do the bootstrap computations, and the program MULT-CLASS
(Lee, 2005¢) was used to do computations for the CM procedure. As a summary,
Table 3 lists all the classification consistency analyses involving each procedure.

2.5 Evaluation Criteria

Examining how accurately each procedure can estimates classification consis-
tency is one step in evaluating the adequacy of the procedures. It is impossible
to obtain true P or kappa values for the real data, but a simulation permits
prespecification of these true values. So in this study the simulations provide
a basis for assessing the accuracy of all but the BL procedure, which is not
considered in the simulations. Accuracy was evaluated through bias, standard
errors (SE), and root mean square errors (RMSE). Suppose ( is a parameter,
then the bias, SE, and RMSE of an estimator of 3 are given by

(6)

(7)

where n is the number of replications. Obviously, in order to conduct these
analyses, true values of P and kappa need to be known.

As traditionally understood, a direct estimate of classification consistency
needs to be derived from comparing examinees’ classifications on two classically
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parallel forms (Hambleton & Novick, 1973; Swaminathan, Hambleton, & Al-
gina, 1974). However, data on classically parallel forms are rarely available in
reality. It is even difficult to generate classically parallel forms through simula-
tions. In practice, criterion-referenced tests are usually viewed as consisting of
items selected as a random sample from a well-defined domain. It follows that
expected values of classification consistency indexes, with the expectation taken
over all possible pairs of randomly parallel forms, can be regarded as the true
values. Therefore, in this study, the following steps were carried out to derive
the parameter values for P and kappa: (1) draw two random test forms from
the item pool; (2) generate item response data for the two forms using the item
and ability parameters; (3) for each form, assign the simulees into appropriate
performance categories with respect to the cut scores; (4) compute P and &,
considering results obtained in step (3); and (5) repeat the above steps 1000
times and obtain the average P and x, which can be regarded as the parame-
ter values (i.e., § in Equations 6-8). Since 96 conditions were created for the
simulated data, there are 96 sets of true values of P and kappa.

In order to conduct the analyses of bias, SE and RMSE, repeated appli-
cations of the procedures are also necessary. Each procedure was repeated as
follows: (1) draw one random form from the item pool; (2) generate item re-
sponse data for the form using the item and ability parameters; (3) apply a
procedure to the form and obtain one set of estimates of P and « (i.e., B; in
Equations 6-8); and (4) repeat the above steps 100 times and calculate the av-

erage P and k (i.e., 3; in Equations 6-8). Note that each procedure was applied
to the same 100 random forms.

Examining how the assumptions of the various procedures can be met in
practice is another step in evaluating the usefulness of the procedures. Since only
the bar examination raw scores are real data, the assumptions were investigated
for the raw scores only.

Since the raw scores come from a single administration, there is no direct
way to check the bivariate normality assumption for the NM and BL proce-
dures. However, the parallel nature of the MBE makes it possible to construct
approximately parallel half tests that are proportionally representative of the
full-length test in terms of content and statistical characteristics. Thus we are
able to examine the bivariate normality of the full-length test through examining
the bivariate normality of these half-tests. A chi-square plot is a multivariate
statistical method for judging bivariate normality. If bivariate normality holds,
the plot should resemble a straight line through the origin having slope of 1
(Johnson & Wichern, 2002, p.185). For each jurisdiction, chi-square plots were
constructed for the three pairs of half-tests used in the implementation of the BL.
procedure. In addition, Q-Q plots were constructed to examine if the marginal
distribution of the raw total scores is normal. These plots depict the sample
quantile versus the quantile one would expect to observe if the observations are
truly normally distributed. When the points lie very nearly along a straight
line, the normality assumption is tenable (Johnson & Wichern, 2002, p.180).
Although there is a risk that the univariate examination will miss some features
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that can be revealed only in a higher dimension, many types of non-normality
are indeed often reflected in marginal distributions.

The fit of the four-parameter beta-binomial distribution in the LL procedure
was evaluated by comparing plots and central moments of observed and fitted
score distributions of effective test length. Also chi-square goodness-of-fit tests
were carried out to facilitate the comparison by providing a formal test statistic.
Finally, as an indirect way of checking the assumptions, pass rates derived from
the P and kappa estimates produced by each procedure were compared to the
observed pass rates in both jurisdictions. The more similar they are, the more
likely it is that the assumptions are satisfied.

2.6 Research Questions

The purpose of this study is to better understand how several procedures for
estimating classification consistency perform for complex assessments. This
study mainly addresses the following four research questions:

1. How accurate are the selected procedures? For simulations in which true
decision consistency indexes are defined a priori, what are the bias, stan-
dard errors, and root mean square errors of the estimates yielded by each
procedure?

2. For the MBE and bar essay data, how well are the assumptions of each
procedure justified?

3. How do various measurement factors affect decision consistency estimates
in general? How do various measurement factors affect the behavior of
each procedure?

4. What are the advantages and disadvantages of each procedure? What
guidelines may be provided to practitioners for using these procedures?

3 Results

3.1 Simulated Data Analyses
3.1.1 True Values of P and kappa

The true values of P and kappa under the different conditions are reported in
Tables 4 and 5, respectively. In the tables, r represents the degree of cross-
format correlation between 6, and #>. The percentages listed in the leftmost
columns represent the positions of the cut scores: 50% of the maximum possible
score, and so on; “All” indicates a multi-level classification situation.

In Table 4, four findings can be observed with respect to the four manipulated
factors. (1) All other things being equal, P values tend to increase as test length
increases. However, this is not always true for P values generated from adjacent
levels of test length. For example, in the first row of Table 4 with » = 0.5 and
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cut score = 50%, P is 0.8473 for the 25/2 condition and 0.8311 for the 25/5
condition. Similarly, P is 0.9142 for the 50/2 condition and 0.8981 for the 50/5
condition. In both cases, the P values for the shorter tests are slightly larger
than the P values for the longer tests. This pattern continues for the rest of
the first row, and can be found with other rows as well. (2) All other things
being equal, in general P values do not vary much across different degrees of
format equivalence. (3) All other things being equal, the position of the cut
score substantially influences the magnitude of P. P values are markedly larger
when the 50% and 80% cut scores are used than when the 65% cut score is used;
(4) All other things being equal, P values are substantially higher for binary
classifications than for multi-level classifications.

The last two findings are consistent with the literature (Berk, 1980; Lee,
et al., 2002; Subkoviak, 1980; Subkoviak, 1988; Wan, Lee, Brennan, & Chien,
2006) and they are relatively easy to understand. Classification consistency de-
creases as the cut score moves towards the middle because there is greater score
density around the middle scores, and in the same neighborhood conditional
measurement errors tend to peak. Thus there is a greater possibility of making
classification errors. Classification consistency is higher when there are two per-
formance categories than when there are four performance categories, because
multi-level classifications allow for greater opportunities for classification errors.

However, the first two findings may seem counterintuitive. It is often claimed
in the literature that classification consistency should increase with longer tests
and/or higher reliability. Here, though the P index displays this tendency, P
sometimes decreases as a test gets longer or as reliability gets higher. It is
suggested here that the principal reason for this apparent anomaly is that while
studying the effect of test length, we often ignore the fact that the relative
position of the cut scores is actually changing. For example, the 50% cut score
is 17 for the 25/2 condition and 23 for the 25/5 condition. In an absolute
sense, these two cut scores represent the same proportion correct points for
their respective tests, but in a relative sense, the positions of the cut scores are
different in their respective score distributions. Since P values are influenced
by both test length and the position of cut score, a longer test alone does not
necessarily lead to a higher P value.

In order to demonstrate this, the percentile rank of each possible score point
in the simulated data types was calculated and averaged over 1,000 replications.
Results related to the 25/2 and 25/5 conditions with r = 0.5 are presented
in Appendix C. Since two random samples of the test were drawn in each
replication, there are two columns of percentile ranks in the appendix, one for
each sample. The values in these two columns are very close, as they should
be. The output shows that for the 25/2 condition, the first cut score (17) has a
percentile rank of 16, and the second cut score (22) has a percentile rank of 55.
The mean of this distribution is 22. For the 25/5 condition, the first cut score
(23) has a percentile rank of 21, and the second cut score (30) has a percentile
rank of 63. The mean is 28, which happens to have a percentile rank of 50. In
terms of percentile ranks, the first cut score for the 25/2 condition is farther
away from its mean than the first cut score for the 25/5 condition is from its
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mean. Thus, although reliability for the 25/2 condition is lower, the effect of
the more extreme cut score overtakes the effect of reliability and leads to a
slightly higher P value. Also in terms of percentile ranks, the second cut score
for the 25/2 condition is closer to its mean than the second cut score for the
25/5 condition is. Thus, the 25/5 condition has not only a higher reliability but
also a more extreme cut score, which leads to a higher P value. The same trend
can be observed for other situations where a longer test appears to have a lower
P value. Similarly, this logic explains why sometimes slightly lower P values
are associated with higher cross-format correlations. Furthermore, examining
the output files in the appendix, we can find that for the simulated data sets,
the 65% cut score is usually near the mean.

From Table 5, five observations about kappa are evident. (1) The kappa
values are much smaller than their corresponding P values presented in Table 4.
(2) The kappa values always increase as test length increases, and the increases
are more substantial than the increases shown for the P values. (3) The kappa
values always increase as the degree of cross-format correlation increases. (4)
For binary classifications, the kappa values are obviously affected by the position
of the cut score, but the direction is somewhat inverse to that shown for the P
values; that is, kappa values drop as the cut score moves away from the mean
score. (5) The kappa values are noticeably higher for binary classifications than
for multi-level classifications.

The above findings indicate that kappa is far more sensitive to changes in
test length and reliability than is P. That is, P values do not necessarily increase
with test length or cross-format correlation, whereas kappa values tend to in-
crease appreciably. There tends to be an inverse relationship between kappa and
cut score because, when the cut score moves away from the mean, the overall
decision consistency increases, but a large proportion of the increase is due to
chance agreement. The P index does not take chance agreement into account,
so it increases anyway; kappa corrects for chance agreement, so it drops instead.

3.1.2 Estimated Values of P and Kappa

For each procedure, classification consistency estimates were computed by av-
eraging estimates over 100 random samples of each data type. Tables 6 and 7
present the average P and kappa estimates, respectively.

Table 6 shows that the four procedures (NM, LL, BW, and CM) produce
roughly comparable P estimates. For the long tests (e.g. 200/5 and 200/10), the
results produced by the four procedures are almost indistinguishable. So in order
to investigate the differences among the procedures, the following discussion
makes reference mainly to the results for the short tests.

The most striking observation is that the procedures fall into two groups:
the BW and CM procedures produce nearly identical estimates, and the NM
and LL procedures produce relatively close estimates. Difference between these
two groups of procedures varies with the position of the cut score. As the cut
score moves towards the mean, the difference often expands. For the 50% and
65% cut scores, the NM and LL procedures produce lower estimates, whereas
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for the 80% cut scores, they produce slightly higher estimates. By contrast,
difference between the two groups of procedures appears to remain stable across
the different degrees of cross-format correlation.

As for kappa, the NM procedure usually produces the smallest estimates,
the LL procedure produces somewhat larger estimates, and the BW and CM
procedures yield nearly identical estimates which are much higher than those
yielded by the two former procedures. The differences between the two groups
of procedures are markedly larger than the corresponding differences in the P
estimates. These large differences indicate that either some of the procedures are
not accurate in estimating kappa or all of the procedures give inaccurate kappa
estimates. The forthcoming bias analyses will help resolve the uncertainty.

3.1.3 Bias, Standard Errors, and RMSE

Bias

As mentioned earlier, substantial differences or unusual trends in classifi-
cation consistency estimates often indicate problems, but without comparing
such results to true values, we never know the nature of the problems. That is
why Tables 8 and 9, which report the bias for the P and kappa estimates, are
necessary. In the tables, the smallest bias under each condition is boldfaced.
For the sake of convenience, it is the absolute values of bias that are addressed
in the main body of this report.

Table 8 shows that the NM and LL procedures generally produce quite small
bias for P estimates: a majority of the bias is smaller than 0.02. For the BW
and CM procedures, the position of the cut score affects the magnitude of bias
in P substantially. When the 50% and 80% cut scores were used, these two
procedures produce quite small bias (e.g. 0.001-0.023), whereas when the 65%
cut score was used, these two procedures produce remarkably larger bias—the
bias can be as much as 0.07 or 0.08 for the shortest test. Moreover, the BW
and CM bias is rather large for multi-level classifications. In the literature,
researchers (Algina & Noe, 1978; Subkoviak, 1978) reported similar trends in
the context of estimating decision consistency for dichotomous data using the
Subkoviak procedure, which is the ancestor of the BW and CM procedures.

Table 9 shows that in general all the procedures yield larger bias for kappa
than for P. Intuitively, this is understandable, because kappa is derived from P
and p. (chance agreement), and it is likely that errors in estimating P and p,
accumulate and cause larger errors in estimating kappa.

The NM procedure often produces rather small bias for kappa (e.g. 0.001-
0.03). The LL procedure also usually produces relatively small bias for kappa,
but for the 80% cut score, the LL procedure tends to substantially underestimate
kappa. That happens, however, only when r = 0.5 and r = 0.8. When r =
1.0, the magnitude of bias, including the bias for the 80% cut score, drops so
much that the LL bias becomes almost negligible. By contrast, the BW and
CM procedures produce very large bias for kappa regardless of the cross-format
correlation or the position of the cut score. For short tests, the bias can be as
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large as 0.10-0.18.

So far the discussion about bias leads to the impression that the BW and
CM procedures are less accurate than the NM and LL procedures. However, a
bias correction method will be introduced later, and results will show that after
incorporating the correction, the BW and CM procedures yield much more
accurate estimates of decision consistency.

Standard Errors

Standard errors reflect the random errors that may influence the results for a
procedure, as opposed to the systematic errors reflected by bias. Small standard
errors indicate greater accuracy. Standard errors for P and kappa yielded by
each procedure are reported in Tables 10 and 11, respectively.

From Table 10, it can be seen that the NM and LL procedures usually
produce relatively similar standard errors for P. The BW and CM procedures
produce nearly identical standard errors for P, which tend to be smaller than
those produced by the NM and LL procedures. Furthermore, standard errors
produced by all four procedures share some common tendencies. First, standard
errors decrease as the tests get longer. Second, standard errors for P increase
as the cut score moves away from the mean. Third, the degree of cross-format
correlation does not make much difference in the magnitude of the standard
€rTors.

The same trends seen in Table 10 are also present in Table 11. In general, the
standard errors for kappa appear to be somewhat larger than their counterparts
for P, and they do not drop as much as the standard errors for P when the tests
get longer. The standard errors of kappa for the LL procedure are exceptionally
large for the 80% cut scores. Since the LL procedure also yields particularly large
bias for kappa with the same cut scores, more research needs to be conducted
to explain why these 80% cut scores cause trouble for the LL procedure in
estimating kappa.

RMSE

The last step in evaluating the adequacy of the procedures is to summarize
the magnitude of bias and standard errors, so that users may have an overall
understanding of the accuracy of the procedures. For this purpose, the root
mean square error (RMSE) values for P and kappa are presented in Tables 12
and 13, respectively. Given that the trends in bias and standard errors have
been identified, it is not difficult to identify the trends in the RMSE values.

First, the NM and LL procedures produce relatively similar RMSE values,
whereas the BW and CM procedures produce almost exactly the same RMSE
values. Second, test length has an apparent effect on RMSE values: as the
tests become longer, RMSE values for P and kappa become smaller, and the
differences among the various procedures tend to diminish. Third, the degree of
cross-format correlation does not have much impact on the RMSE values for P
or kappa. In general, the RMSE values for kappa are noticeably larger than the
corresponding RMSE values for P, which is a natural consequence of the larger
bias and standard errors associated with kappa.
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The choice of cut score also affects the RMSE values for P and kappa.
Examining the tables vertically, we can see that for the NM and LL procedures,
RMSE values for P and kappa tend to be small for the 65% cut score and when
multiple cut scores are applied. For the BW and CM procedures, smaller RMSE
values for P appear for the 50% and 80% cut scores, whereas smaller RMSE
values for kappa appear for the 65% cut score and when multiple cut scores are
applied. Examining the tables horizontally, we can see that in terms of the P
index, the NM and LL procedures produce slightly higher RMSE values than
the BW and CM procedures when the cut score is in the tails, and markedly
lower RMSE values when the cut score is near the mean or when multiple cut
scores are used. Therefore, in terms of the P index, it is hard to conclude that
a particular procedure is definitely superior in estimating decision consistency,
since the conclusion is dependent on the choices of cut score(s). In terms of the
kappa coefficient, the NM and LL procedures seem to be superior, since they
consistently produce much smaller RMSE values.

3.1.4 Bias Correction Results

A possible reason for the large bias produced by the BW and CM procedures
is that these two procedures employ observed proportion correct score(s) for
each person as estimates of his or her true proportion correct score(s). Sub-
koviak (1976) realized that this might be a limitation for his procedure 2, so
he suggested using Kelley’s (1947) regressed score estimates, which incorporate
collateral information to estimate true proportion correct scores. However, Sub-
koviak did not empirically show that this would work. Later Algina and Noe
(1978) followed his suggestion and compared the decision consistency results
based on the regressed-score estimates to the results based on the observed pro-
portion estimates. They considered many situations, but in general they found
that the regressed-score estimates did not reduce the magnitude of bias for P
estimates, yet they often changed the sign of bias.

Recently, Brennan and Lee (2006) re-addressed the issue of estimating pro-
portion correct true scores in the context of estimating decision consistency.
They focused principally on the dichotomous-data case, but they also consid-
ered extensions to polytomous data and complex assessments. For dichotomous
data, they found that there is considerable bias in estimates of P, p. and kappa
using both observed- and regressed-score estimates. The absolute value of the
bias tends to be about the same using these two estimators of true scores, but
the direction of the bias tends to be reversed. Inspired by the opposite signs
of the bias, Brennan and Lee weighted the observed- and the Kelly’s regressed-
score estimates such that the variance of the resulting weighted estimates equals
true score variance, which can be estimated if there is an estimate of reliability.
They used this “optimally” weighted estimator of true score to compute decision
consistency. The weights that they found are —— for the regressed score and

1+y/p?

2The BW and CM procedures can be viewed as generalized versions of the Subkoviak
procedure for estimating classification consistency for complex assessments.
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the test. For dichotomous data, the optimally weighted estimator of true score
for a person (person subscript is suppressed) can be shown as:

NG Mw Xz Mw
#=Sra -, ©)
n n n

where n is the number of items, x is the person’s number correct score, and
M, is the mean score across examinees. Brennan and Lee (2006, Equations
10-14) provided a derivation of the optimal weights. They illustrated that this
new estimator of true score can substantially reduce bias in decision consistency
estimates using a bootstrap procedure or a binomial procedure for dichotomous
data.

In this study, this method was extended to estimate decision consistency
for mixed-format data using the current BW and CM procedures. In the orig-
inal CM procedure, values of w = {my,ma,..., 7} for polytomous items are
estimated by observed proportions of items scored for each score point. With
the Brennan-Lee bias correction method, however, the proportion correct true
scores (for each score point) for an examinee are estimated as

My rp My
L e (10)

for the observed proportion score, where p? is a reliability estimate for

where x, is the observed number of items scored with a score point h for the
examinee, and M), is the mean number of items scored with the score point h
across all examinees. Using Equation 10 for polytomous items and Equation 9
for dichotomous items, the CM procedure yields corrected results for P and
kappa. In this study, the overall reliability coefficient p?, which is a two-strata
multivariate phi coefficient (See Brennan, 2001), was used for all the different
score categories.

To employ the Brennan-Lee bias correction method for the BW procedure,
the ordinary bootstrap algorithm needs to be replaced by a parametric algorithm
(Brennan & Wan, 2004). For dichotomous items, assuming that the estimated
true proportion correct score is 7 for an examinee, the parametric bootstrap
involves generating a sample in the following manner:

e Draw a uniform random number .
o Ifu< 7r', set the item response to 1.
o Ifu> 7r', set the item response to 0.

For polytomous items with five score points (0-4), assuming that the true
proportion for each score category has been estimated as 7r/1,7r;, e ,7r/5 for an
examinee using Equation 10, the parametric bootstrap involves generating a
sample in the following manner:

e Draw a uniform random number u.
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e If u is in the interval [0, 7r/1), set the item response to 0.
e If u is in the interval [7r/1, 7r'1 + 77/2), set the item response to 1 ...

e If u is in the interval [ + 7y + 75 + 7y, 1], set the item response to 4.

The above steps were repeated twice for each examinee in a replication,
thus creating two randomly parallel forms. From the two forms, one set of
P and kappa estimates could be computed. After 1,000 replications of this
process, average P and kappa estimates were regarded as the bias-corrected
results produced by the BW procedure.

Since bias in P and kappa is particularly large for the short tests, the bias
correction method was applied to the 25/2 and 25/5 conditions as an illustration,
and the results are presented in Tables 14-21.

Tables 14 and 15 report the corrected P and kappa estimates, respectively. It
is clear from the tables that the adjusted BW and CM procedures still produce
very similar estimates. The corrected P and kappa estimates are usually smaller
than the P and kappa estimates yielded by the original BW and CM procedures,
which is good because the original P and kappa values tend to overestimate the
true values.

Tables 16 and 17 report the bias in the corrected P and kappa estimates. In
general, the effect of the bias correction method is overwhelming. In terms of
the index P, the adjusted bias is smaller than the bias produced by the original
BW and CM procedures, and the adjusted bias is also somewhat smaller than
the bias yielded by the NM and LL procedures. The most effective correction
takes place for the most biased P estimates, i.e. those yielded when the cut score
is near the mean. In terms of kappa, the bias is reduced even more noticeably.
It is not uncommon to find that bias drops by a factor of 20. Even in relation
to the NM and LL procedures, which produce quite small bias in kappa, the
adjusted results appear to be slightly superior.

Tables 18 and 19 report the standard errors for the adjusted P and kappa
estimates. In general, the standard errors yielded by the adjusted procedures
are slightly larger than their counterparts produced by the original BW and
CM procedures. This is not surprising. Often there are trade-offs between
systematic and random errors. Even so, the standard errors yielded by the
adjusted BW and CM procedures are not inferior to those yielded by the NM
and LL procedures.

Finally, Tables 20 and 21 summarize the RMSE values yielded by the ad-
justed BW and CM procedures. In terms of the index P, the adjusted RMSE
values are markedly smaller than the original RMSE values for cut scores near
the mean and when multiple cut scores are used. For cut scores near the tails,
the adjusted RMSE values are slightly larger than the original RMSE values, re-
sulting from the fact that under these situations, the bias decreases less than the
standard errors increase. Moreover, the adjusted RMSE values for P are slightly
smaller than those produced by the NM and LL procedures. In terms of kappa,
the adjusted RMSE values are substantially smaller than the RMSE values pro-
duced by the original BW and CM procedures across all testing conditions, and
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the adjusted RMSE values for kappa are comparable to those produced by the
NM and LL procedures.

3.2 Real Data Analyses
3.2.1 Raw Scores

The real data are taken from the Multistate Bar Examination (MBE) and the
bar essay examination from two jurisdictions. Table 22 reports the classification
consistency estimates for jurisdiction #1, and Table 23 reports the estimates for
jurisdiction #2. Some cells in these two tables are left blank indicating that a
procedure is not applicable for a situation.

In both jurisdictions, raw scores are derived by summing the MBE and the
essay test scores. Again it was found that the NM and LL procedures produce
similar estimates for P and kappa, and the BW and CM procedures produce
almost identical estimates of P and kappa, except for the kappa estimates for
jurisdiction #2. The slight differences are likely due to the fact that there are
a few non-integer essay scores in jurisdiction #2. The bootstrap program can
process non-integer values, whereas the current version of MULT-CLASS can
not process non-integer values. In order to implement the CM procedure, the
non-integer values were rounded up, thus resulting in the differences.

The bond between the BW and CM procedures is not surprising. Though
the BW and CM procedures appear to be different, they actually follow the
same resampling plan when the number of bootstrap replications approaches
infinity. In this study, the bootstrap process was repeated 1000 times, and the
results given by the BW and CM procedures are close. The bond between the
NM and the LL procedures makes some intuitive sense, too, considering that
both procedures assume a score distribution for the group, and both compute
decision consistency directly for the group. Though the assumptions involve
different distributional models (bivariate normal vs. beta-binomial), as long as
both models fit the raw data reasonably well, the results should be similar.

By contrast, the results of the BL procedure are somewhat unexpected.
Since the BL procedure assumes bivariate normality and it computes decision
consistency directly for the group, it is natural to expect its results to be more
similar to those yielded by the NM and LL procedures. However, the BL results
are quite close to those yielded by the BW and CM procedures. Further research
needs to be conducted to explain this finding.

From the tables, we can also see that the LL procedure produces almost the
same results using the two approaches to obtaining classification consistency
(actual/hypo vs. hypo/hypo), whereas the BW and CM procedures produce
higher estimates when classifications on the actual test are taken into account.
The most likely reason for this is that these three procedures make use of the
actual test results in different ways. In the BW and CM procedures, each
person’s classification status on the hypothetical form is compared with his or
her classification status on the actual form. If the classifications are consis-
tent, it is a consistent decision; otherwise, it is an inconsistent decision. This

20



actual /hypothetical comparison leads to higher consistency than when compari-
son is made between two hypothetical forms, because random errors have double
the influence for two hypothetical forms. By contrast, in the LL procedure, no
attention is given to a person’s original classification; instead it is the predicted
marginal classification rates (e.g. the marginal proportions of examinees who
pass or fail) that are adjusted to the actual marginal classification rates.

3.2.2 Scale Scores

Estimates of P and kappa for scale scores are presented in Tables 22 and 23
as well. For the scale scores, the NM and LL procedures still produce similar
P and kappa estimates, and the BW and CM procedures produce very similar
estimates. Also, the BW and CM procedures produce higher P and kappa esti-
mates when taking the actual test form into account, whereas the LL procedure
produces almost unchanged estimates whether or not the actual test form is
involved.

In terms of raw scores, classification consistency indexes for jurisdiction #1
are in general higher than the indexes for jurisdiction #2, which is expected
because jurisdiction #1 has a higher reliability coefficient (0.8662 vs. 0.8529).
Nevertheless, in terms of the composite scale scores (CSS), P estimates for
jurisdiction #1 are lower than P estimates for jurisdiction #2, even though ju-
risdiction #1 still has a slightly higher reliability coefficient (0.8586 vs. 0.8575).
By contrast, kappa estimates for jurisdiction #1 are higher than those for ju-
risdiction #2. This seems to confirm that first, P estimates are not simply
determined by the magnitude of reliability. Second, kappa estimates are more
sensitive to the magnitude of reliability. Third, the relationship between P and
kappa is complicated in the sense that higher P values are not always associated
with higher kappa values.

On the other hand, in terms of the normalized scale scores (NSS), except for
a few cases in the tails where two or more raw scores correspond to the same
scale score, the conversion between the raw and NSS is basically one-to-one.
Furthermore, since the NSS cut score is directly converted from the raw cut
score, in theory decision consistency for the NSS should remain the same as the
decision consistency for the raw scores.

However, as shown in the tables, whether decision consistency remains un-
changed depends on which procedure is used. The NM and LL procedures
produce somewhat different P and kappa estimates, whereas the BW and CM
procedures produce nearly unchanged results. The differences found with the
NM and LL procedures are attributable to the reliability estimates used. In
both jurisdictions, the reliability coefficients estimated for the NSS are different
from those estimated for the raw scores (0.8501 vs. 0.8662 in jurisdiction #1
and 0.8339 vs. 0.8529 in jurisdiction #2). This finding suggests that users of the
NM and LL procedures need to be aware of that these procedures are sensitive
to the magnitude of reliability estimates.
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3.2.3 Bias Correction Results

The bias correction method was also applied to the real data. With the real
data, though we can not calculate the bias for P and kappa, changes in P and
kappa estimates can be assumed to reflect changes in bias. Corrected decision
consistency estimates are reported at the bottom of Tables 22 and 23. From
the tables, it can be seen that the adjusted BW and CM procedures yield lower
decision consistency results than the original BW and CM procedures, and the
corrected results are closer to the results yielded by the NM and LL procedures,
indicating that the bias correction method has reduced inflation in the original
BW and CM estimates. It seems that the adjustments with the real data are
not as dramatic as those for the simulated data. This is expected, because
compared to the bias for the simulated 25/2 and 25/5 conditions, the bias for
the real data, which is based on many more test items (200/10 and 200/9),
should be much smaller, so there is not much room for improvement.

3.2.4 Assumption Check

Figure 1 presents the chi-square plots for the two jurisdictions. From the plots,
it can be seen that in both jurisdictions, no matter how the test is split, the
chi-square plot resembles a straight line through the origin having an approx-
imate slope of 1, suggesting that bivariate normality holds for the half-tests.
Figure 2 presents the Q-Q plots depicting the marginal distributions for the two
jurisdictions. In both jurisdictions, the points lie very nearly along a straight
line, indicating that the marginal normality assumption is tenable.

For the LL procedure, observed and fitted distributions of effective test
length scores are plotted in Figure 3, one plot for each jurisdiction. Due to
the small sample sizes, there are many irregularities in the observed distribu-
tions, yet roughly the observed and fitted distributions share the same shape. In
addition, the raw and fitted moment statistics are presented in Table 24, as well
as the likelihood ratio chi-square statistics. In both jurisdictions, the first three
moments fit perfectly, which is expected because the 4-parameter beta-binomial
model should fit the first three moments, and there is only slight discrepancy in
the fourth moments, indicating a generally adequate fit of the LL model. The
chi-square statistics appear to be significant at the 0.01 level, but given the fact
that chi-square statistics are very sensitive to large sample size, this significance
is not unusual. Actually, a x2/df ratio statistic is often used to adjust for the
effect of large sample size on x2 statistics. The smaller this ratio is, the better
a model fits. A ratio in the neighborhood of 2.5 is widely considered acceptable
(Kline, 2004). It is easy to calculate that the ratio is 1.58 for jurisdiction #1
and 1.61 for jurisdiction #2, which indicates favorable model fit.

Finally, pass-rate results are presented in Table 25. Except for the NM
procedure, the other procedures yielded very close estimated and observed pass
rates.

Considering the above analyses, it seems reasonable to conclude that the
assumptions for the procedures are basically satisfied with the raw data used in
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this study.

4 Discussion and Conclusion

This section first summarizes the answers to the four research questions stated
earlier. Then it provides a discussion of the limitations of the study and possi-
bilities for future research.

4.1 Accuracy

The analyses of bias show that in general the NM and LL procedures produce
fairly small bias in estimating decision consistency. The original BW and CM
procedures can occasionally yield small bias for P, but when the cut score is near
the mean, the BW and CM procedures noticeably overestimate P. Moreover,
the original BW and CM procedures substantially overestimate kappa no matter
where the cut score is. The analyses of standard errors show that all these
procedures perform quite stably over item sampling. Since the standard errors
yielded by the various procedures are not markedly different, the trends in
RMSE values are mainly consistent with the trends in bias.

A method proposed by Brennan and Lee (2006) was used to reduce bias for
the BW and CM procedures. The new estimator of true scores is a weighted
composite of the observed proportion correct score and the Kelly’s regressed
score. Overall, the bias correction method substantially improves the accuracy
of the BW and CM procedures. Though it slightly increases standard errors, it
reduces bias and RMSE values for decision consistency estimates, and the effect
is particularly dramatic for kappa estimates. The accuracy statistics yielded by
the adjusted BW and CM procedures are not only much better than the original
BW and CM statistics, but also slightly better than those yielded by the NM
and LL procedures.

4.2 Assumption Check

The primary usefulness of analyzing the real data is twofold: first, it provides
a chance to observe how the various procedures behave and compare under
realistic circumstances; second, it provides a chance to examine the extent to
which the assumptions of the various procedures are satisfied with the real data.
Since the BW and CM procedures do not heavily depend on distributional-form
assumptions, the main focus here is to check assumptions for the NM, BL, and
LL procedures.

For the bivariate normality assumption, we examined the chi-square plots
and Q-Q plots. For the four-parameter beta-binomial assumption, we examined
the fitted score distributions, fitted central moments, as well as the x2/df ra-
tios. None of these analyses reveal evidence to suggest serious violation of the
assumptions. In another word, the analyses indicate that these assumptions are
fairly realistic. But remember that the bar examination is a rather long test,
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and score distributions for long tests often tend to be somewhat bell-shaped.
For short tests, scores are more likely to have an irregular distributional shape,
and how these procedures work for those non-normal score distributions needs
to be further investigated.

The distributional-form assumptions were not checked for the simulated
data. However, given that the distributional-form assumptions were reasonably
well satisfied for the real data, and that the simulated data were generated based
on real data item parameters, it is natural to expect that the distributional-form
assumptions apply for the simulated data as well. Likely this is why the NM
and LL procedures appear to be relatively accurate in estimating classification
consistency in the simulations. We need to be cautious about generalizing this
observation to other situations, where the distributional-form assumptions do
not necessarily hold.

4.3 Impact of the Factors

Test length has a powerful influence on the estimation of classification consis-
tency. As test length increases, decision consistency estimates increase, and the
estimates tend to be more accurate. The influence of test length is associated
with the fact that test length is a major element in affecting reliability—all
other things being equal, the longer a test is, the more reliable the scores are.
By contrast, the impact of cross-format correlation on classification consistency
is minimal, though this factor can also affect reliability. The position of the cut
score has a substantial influence on the estimation of classification consistency,
but the impact is complicated, depending on the statistic estimated and the
procedure used. In short, a cut score near the mean leads to lower P estimates
but higher kappa estimates. For the BW and CM procedures, a cut score near
the mean also leads to substantially less accurate P estimates. Finally, P and
kappa estimates are much higher when there are two performance categories
than when there are four categories. However, considering RMSE values (for
the BW and CM procedures, consider the corrected RMSE values), the P and
kappa estimates in this study are always more accurate for multi-level classifi-
cations than for binary classifications.

In the above paragraphs, we have analyzed the impact of the factors indi-
vidually. In practice, however, these factors are often intertwined, and their
effects on P or kappa estimates may cancel out each other, thus making it hard
to predict the direction of change in P or kappa estimates.

4.4 Advantages and Disadvantages

The previous paragraphs have basically considered how each of the procedures
would perform under various testing conditions. In this section, attention is
focused on comparing the advantages and disadvantages of each procedure. The
objective of the following discussion is not to throw any procedure out of our
tool box but to highlight the possible gains and problems of using a procedure.
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The NM procedure is easy to implement if a reliability estimate is available.
It has a straightforward assumption, and the application of it does not require
every examinee’s item response vector but only the total scores. When the
normality assumption is reasonably well satisfied, the NM procedure tends to
produce fairly accurate P and kappa estimates. One problem with the NM
procedure is that sometimes an appropriate reliability coefficient is not readily
available, in particular for scale scores, and different reliability estimates will
lead to different NM estimates.

The LL procedure has many of the same advantages and disadvantages as
the NM procedure, although the LL procedure is more flexible in that the beta-
binomial assumption can fit a much more diverse set of distributions than the
normality assumption does. The LL procedure is easy to implement if a relia-
bility coeflicient is available. When the beta-binomial assumption is reasonably
well satisfied, the LL procedure tends to produce fairly accurate classification
consistency estimates. However, the LL procedure, as well as the NM procedure,
is very sensitive to reliability estimates. Another problem with the LL proce-
dure is that though it takes the actual test results into consideration, it makes
adjustments according to the marginal distribution of the actual test, only, and
it can not take account of each examinee’s original classification status.

The BL procedure has not been studied much in this study or elsewhere,
but its advantages and disadvantages can still be discussed. The advantage of
this procedure is that by splitting a test into approximately parallel halves, a
reliability coefficient can be conveniently obtained. However, this procedure has
many more disadvantages than advantages. The biggest problem is that it is not
easy to split a test into approximately parallel halves, and different ways to split
the test cause different decision consistency results. Besides, this procedure can
not be used for multi-level classifications or scale scores. Furthermore, though
the accuracy of the BL procedure has not been investigated in the simulations,
this procedure is likely to overestimate classification consistency, since its results
are closer to the results yielded by the original BW and CM procedures, which
always give overestimated results.

The biggest advantage of the BW procedure is that it has no distributional-
form assumption, so this procedure has great flexibility. It is applicable to many
types of complex tests, and it can deal with different types of scale scores with
ease. Two favorable features can be programmed easily into the procedure.
First, both approaches to determining classification consistency (hypo-hypo vs.
hypo-actual) can be accommodated. Second, classification consistency for each
examinee can be computed if necessary. The results indicate that the BW pro-
cedure is stable in producing P or kappa estimates, but in general its estimates
of P and kappa tend to be biased. Fortunately, a bias correction method (Bren-
nan & Lee, 2006) can be incorporated into the BW procedure, and the adjusted
BW procedure dramatically improves the estimation accuracy. Two potential
problems with the BW procedure are that it will break down when there is
only one item in a content or format category, and item response vectors for all
examinees must be available.

The CM procedure is based on the same sampling plan as the BW procedure
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when the number of replications in the latter approaches infinity. Actually, as
shown in this study, with only 1,000 replications, the results yielded by the two
procedures are nearly identical, as they should be. Therefore, the CM procedure
shares almost the same advantages and disadvantages as the BW procedure.
The bias correction strategy can be employed also for the CM procedure. A
disadvantage peculiar to the CM procedure is that the current version of the
program MULT-CLASS requires a large amount of computing time to process
large data sets. For example, it took the program 14-16 hours to compute
classification consistency estimates for 100 simulated samples for the 200/10
condition, whereas it took the bootstrap program only about 30-40 minutes to
finish the same amount of work. The performance of the CM procedure may
be enhanced by using faster computers or more efficient programming routines,
but the computing algorithm for the CM procedure is indeed more complicated
than the algorithm for the BW procedure.

In summary, five procedures for estimating classification consistency for com-
plex assessments are discussed in this study. The NM procedure seems promis-
ing from a practical point of view, but more effort should be taken to verify
its robustness in non-normal situations. The LL procedure is mathematically
sophisticated, but its adequacy also needs to be verified for more extreme score
distributions. The BL procedure can be very useful in a situation where two
parallel half-sections have been built into a test and where only binary classi-
fications are of interest, but other than that, it is not likely to be very useful.
The BW and CM procedures are two important procedures: they have great
flexibility in dealing with complex data, and with the bias correction method,
they can produce more accurate results than the other procedures—at least for
the situations characterized by the simulated data in this study.

4.5 Limitations and Future Research Possibilities

This study has several limitations. First, only limited types of score distri-
butions were studied. It is obvious that the data from the two jurisdictions
have distributions that are not too different from normal distributions. Be-
cause the simulated item parameters were generated on the basis of the real
test item parameters, the simulated data also have approximately normal dis-
tributions. This limitation restricts our ability to generalize the findings here to
other situations, where score distributions can be severely skewed, for instance.
Presumably the shape of score distributions will have greater influence over the
NM and LL procedures than over the BW and CM procedures, since the former
two procedures make direct distributional-form assumptions. It is desirable that
future researchers employ a wider variety of score distributions and investigate
the adequacy of these procedures under non-normal situations.

Second, in the simulations, various testing conditions were incorporated so
that their effects on estimating classification consistency could be investigated.
Most of the results in relation to the testing conditions are clear and under-
standable, but when these conditions interact with each other and with the
procedures, explanations can become complicated and even obscure. For ex-
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ample, there seems to be a strange interaction between the LL procedure and
the 80% cut score in estimating kappa. For other cut scores, the LL and NM
procedures tend to produce similar results, whereas for the 80% cut score, the
LL procedure always yields much less accurate results than the NM procedure.
Hopefully, further research will help solve this mystery.

Finally, though the primary purpose of this study is to examine the ade-
quacy of several procedures for estimating classification consistency for com-
plex assessments, it would be informative to investigate the performance of
these procedures for purely dichotomous-item cases and purely polytomous-
item cases. It will be particularly revealing to compare the Livingston-Lewis
procedure with the Hanson-Brennan procedure (Hanson & Brennan, 1990) in
dichotomous-data cases. In this situation, these two procedures are almost the
same, except that the LL procedure employs an effective test length formula.
Thus, it provides a good chance to check the reasonableness of the LL proce-
dure. If the LL and Hanson-Brennan procedures produce very similar decision
consistency estimates, more confidence can be put on the effective test length
formula. Otherwise, the justification of the formula may be suspect. Studying
the purely polytomous-data cases would be useful, because in this report only
conditions which have many more dichotomous items than polytomous items
were examined. Another way to address the issue is to increase the proportion
of polytomous items in the simulated data conditions so that the influence of
polytomous items will become more prominent.
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Table 1: Descriptive Statistics for Raw and Scale Scores

Mean S.D. Skew. Kurt. Min. Max.

Juris #1

Raw 197.285 26.286 -0.116 2.666 113 264
Composite  280.001 27.815 -0.117 2.658 191 351
Normalized 280.014 28.018 0.013 3.138 182 387

Juris #2

Raw 162.845 18.852 -0.290 2.716 94 206
Composite  279.994 27.701 -0.333 2.627 183 339
Normalized 279.937 28.100 -0.006 3.151 173 376

Table 2: Factors Investigated

Factors

Real data (2 jurisditions) Simulated data

Test Length

25/2, 25/5, 50/2, 50/5,

200/10 and 200/9 (fixed) 065500 10, 200/5, 200/10

Construct Equivalence 0.904 and 0.902 (fixed) 0.5,0.8,1

Score Scale

Classification Categories J=2(65%)

raw, CSS, NSS raw

J=2(50%), J=2(65%), J=2(80%)
J=4(50%, 65%, and 80% together)

Table 3: Analyses Performed Using Each Procedure

Procedure MBE/Essay Raw Scores MBE/Essay Scale Scores  Simulated Raw Scores

N v v v

BL J — -

o v v v
(actual-hypo/hypo-hypo)  (actual-hypo/hypo-hypo) (hypo-hypo)

w v v v
(actual-hypo/hypo-hypo) (actual-hypo/hypo-hypo) (hypo-hypo)

o v v v
(actual-hypo/hypo-hypo)  (actual-hypo/hypo-hypo) (hypo-hypo)
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Table 4: True P Values for the Simulated Data

25/2  25/5  50/2  50/5 100/5 100/10 200/5 200/10

r=20.5
50% 0.8473 0.8311 0.9142 0.8981 0.9374 0.9288 0.9569 0.9551
65% 0.6957 0.7443 0.7520 0.7709 0.8150 0.8299 0.8549 0.8618
80% 0.8725 0.9004 0.8982 0.9215 0.9303 0.9507 0.9441 0.9560
All  0.4773 0.5222 0.5767 0.6013 0.6842 0.7103 0.7558 0.7729

r=0.8
50% 0.8315 0.8529 0.9055 0.8864 0.9322 0.9225 0.9561 0.9510
65% 0.6964 0.7664 0.7658 0.7877 0.8248 0.8416 0.8641 0.8719
80% 0.8674 0.8881 0.8950 0.9101 0.9283 0.9412 0.9447 0.9529
All  0.4825 0.5328 0.5785 0.5955 0.6870 0.7061 0.7649 0.7758

r=1.0
50% 0.8414 0.8492 0.9025 0.8915 0.9291 0.9197 0.9535 0.9500
65% 0.7475 0.7838 0.7810 0.8068 0.8442 0.8627 0.8805 0.8870
80% 0.8558 0.8862 0.8843 0.8970 0.9152 0.9323 0.9363 0.9446
All  0.4919 0.5427 0.5837 0.6018 0.6872 0.7154 0.7695 0.7816

Table 5: True Kappa Values for the Simulated Data

25/2  25/5  50/2  50/6  100/5 100/10 200/5 200/10

r=20.5
50% 0.3491 0.4675 0.3827 0.4682 0.5413 0.6027 0.6091 0.6539
65% 0.3970 0.4655 0.4887 0.5393 0.6169 0.6509 0.7084 0.7255
80% 0.2821 0.3390 0.3802 0.4183 0.4974 0.5211 0.6091 0.6138
All 0.2281 0.3018 0.3366 0.3810 0.4856 0.5316 0.6029 0.6311

r=0.8
50% 0.3962 0.4920 0.4371 0.5020 0.5728 0.6323 0.6646 0.6906
65% 0.4445 0.5146 0.5248 0.5684 0.6518 0.6882 0.7262 0.7446
80% 0.3253 0.3823 0.4128 0.4633 0.5432 0.5766 0.6416 0.6500
All  0.2523 0.3330 0.3562 0.3977 0.5121 0.5576 0.6264 0.6458

r=1.0
50% 0.4198 0.5312 0.4987 0.5720 0.6294 0.6703 0.6949 0.7257
65% 0.4817 0.5555 0.5699 0.6244 0.6942 0.7163 0.7571 0.7725
80% 0.3406 0.4184 0.4194 0.4715 0.5524 0.5807 0.6362 0.6493
All  0.2797 0.3613 0.3787 0.4381 0.5400 0.5702 0.6415 0.6615
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Table 6: Estimated P Yielded by Each Procedure

r=0.5

r=0.8

r=1.0

NM

LL

BW

CM

NM

LL

BW

CM

NM

LL

BW

CM

25,2
50%
65%
80%
All
25/5
50%
65%
80%
All
50/2
50%
65%
80%
All
50/5
50%
65%
80%
All
100/5
50%
65%
80%
All
100/10
50%
65%
80%
All
200/5
50%
65%
80%
All
200/10
50%
65%
80%
All

0.837
0.707
0.893
0.487

0.818
0.766
0.918
0.536

0.915
0.752
0.907
0.587

0.897
0.775
0.925
0.607

0.938
0.812
0.937
0.689

0.928
0.829
0.951
0.709

0.964
0.858
0.948
0.770

0.958
0.862
0.957
0.777

0.837
0.706
0.883
0.482

0.822
0.758
0.910
0.527

0.909
0.760
0.897
0.580

0.893
0.777
0.917
0.598

0.932
0.819
0.931
0.683

0.924
0.833
0.948
0.705

0.959
0.865
0.941
0.764

0.954
0.867
0.953
0.774

0.860
0.768
0.871
0.536

0.848
0.796
0.899
0.571

0.911
0.793
0.891
0.606

0.900
0.803
0.912
0.623

0.933
0.831
0.930
0.694

0.927
0.842
0.946
0.716

0.957
0.868
0.943
0.768

0.954
0.870
0.954
0.778

0.86
0.768
0.871
0.536

0.848
0.796
0.899
0.571

0.911
0.793
0.891
0.606

0.900
0.803
0.912
0.623

0.933
0.831
0.930
0.694

0.927
0.842
0.946
0.716

0.957
0.868
0.943
0.768

0.954
0.870
0.954
0.778

0.828
0.722
0.894
0.494

0.827
0.777
0.908
0.544

0.901
0.762
0.912
0.588

0.887
0.792
0.921
0.610

0.930
0.824
0.935
0.691

0.922
0.843
0.947
0.712

0.958
0.865
0.947
0.770

0.953
0.871
0.954
0.778

0.829
0.722
0.883
0.489

0.831
0.771
0.895
0.534

0.897
0.769
0.900
0.581

0.884
0.795
0.910
0.600

0.925
0.831
0.925
0.683

0.919
0.847
0.939
0.706

0.954
0.872
0.937
0.763

0.949
0.878
0.946
0.772

0.855
0.776
0.875
0.542

0.854
0.806
0.893
0.580

0.902
0.798
0.897
0.608

0.893
0.817
0.910
0.628

0.928
0.840
0.928
0.697

0.922
0.854
0.941
0.717

0.954
0.874
0.943
0.771

0.950
0.879
0.950
0.778

0.854
0.776
0.875
0.543

0.854
0.806
0.893
0.580

0.902
0.798
0.897
0.608

0.893
0.817
0.910
0.628

0.928
0.840
0.928
0.697

0.922
0.854
0.941
0.717

0.954
0.874
0.943
0.771

0.950
0.879
0.950
0.778

0.830
0.739
0.887
0.504

0.829
0.793
0.906
0.559

0.902
0.776
0.902
0.593

0.888
0.807
0.914
0.618

0.929
0.836
0.929
0.696

0.920
0.855
0.942
0.718

0.955
0.872
0.946
0.772

0.950
0.881
0.950
0.782

0.836
0.738
0.871
0.498

0.836
0.788
0.890
0.549

0.898
0.784
0.887
0.584

0.888
0.810
0.900
0.608

0.923
0.843
0.919
0.688

0.918
0.859
0.934
0.712

0.949
0.878
0.939
0.766

0.946
0.886
0.945
0.777

0.860
0.790
0.868
0.553

0.858
0.819
0.889
0.592

0.903
0.813
0.886
0.613

0.896
0.831
0.900
0.635

0.927
0.855
0.919
0.702

0.921
0.869
0.932
0.723

0.950
0.884
0.937
0.771

0.948
0.892
0.942
0.782

0.860
0.790
0.868
0.553

0.858
0.819
0.889
0.593

0.903
0.813
0.886
0.613

0.896
0.831
0.900
0.635

0.927
0.855
0.919
0.702

0.921
0.869
0.932
0.723

0.950
0.884
0.937
0.771

0.948
0.892
0.942
0.782
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Table 7: Estimated Kappa Yielded by Each Procedure

r=0.5

r=0.8

r=1.0

NM

LL

BW

CM

NM

LL

BW

CM

NM

LL

BW

CM

25,2
50%
65%
80%
All
25/5
50%
65%
80%
All
50/2
50%
65%
80%
All
50/5
50%
65%
80%
All
100/5
50%
65%
80%
All
100/10
50%
65%
80%
All
200/5
50%
65%
80%
All
200/10
50%
65%
80%
All

0.318
0.379
0.281
0.227

0.435
0.462
0.361
0.305

0.386
0.493
0.397
0.345

0.453
0.530
0.426
0.382

0.522
0.619
0.526
0.497

0.578
0.650
0.550
0.534

0.614
0.711
0.641
0.621

0.638
0.721
0.643
0.633

0.368
0.382
0.176
0.224

0.470
0.460
0.249
0.302

0.428
0.507
0.284
0.336

0.494
0.539
0.296
0.376

0.548
0.632
0.423
0.490

0.607
0.661
0.403
0.531

0.628
0.723
0.569
0.613

0.653
0.732
0.550
0.628

0.472
0.521
0.460
0.341

0.546
0.566
0.480
0.393

0.496
0.574
0.501
0.410

0.547
0.597
0.508
0.439

0.585
0.655
0.569
0.525

0.636
0.680
0.575
0.560

0.642
0.727
0.651
0.626

0.673
0.737
0.647
0.643

0.472
0.521
0.459
0.341

0.546
0.566
0.480
0.392

0.496
0.574
0.501
0.410

0.547
0.598
0.508
0.439

0.586
0.655
0.569
0.525

0.636
0.680
0.575
0.560

0.643
0.727
0.651
0.626

0.673
0.737
0.647
0.643

0.363
0.415
0.320
0.252

0.478
0.504
0.419
0.335

0.423
0.511
0.415
0.358

0.507
0.566
0.477
0.409

0.566
0.644
0.562
0.516

0.624
0.679
0.598
0.557

0.645
0.726
0.662
0.632

0.674
0.740
0.675
0.648

0.403
0.419
0.227
0.249

0.508
0.506
0.325
0.330

0.466
0.526
0.303
0.351

0.538
0.577
0.385
0.403

0.595
0.658
0.463
0.508

0.649
0.690
0.495
0.551

0.666
0.739
0.585
0.623

0.695
0.753
0.585
0.640

0.495
0.542
0.487
0.358

0.571
0.595
0.524
0.415

0.521
0.586
0.514
0.421

0.577
0.627
0.552
0.462

0.617
0.676
0.599
0.542

0.659
0.705
0.616
0.577

0.677
0.743
0.673
0.641

0.710
0.755
0.676
0.655

0.495
0.542
0.486
0.358

0.571
0.595
0.524
0.414

0.521
0.586
0.514
0.421

0.578
0.627
0.552
0.462

0.617
0.676
0.599
0.542

0.660
0.706
0.616
0.577

0.677
0.743
0.673
0.642

0.701
0.755
0.676
0.655

0.407
0.453
0.369
0.281

0.519
0.539
0.464
0.368

0.463
0.544
0.464
0.383

0.549
0.600
0.527
0.439

0.601
0.668
0.602
0.537

0.661
0.705
0.640
0.579

0.672
0.741
0.685
0.644

0.707
0.761
0.708
0.665

0.457
0.457
0.247
0.276

0.551
0.542
0.365
0.361

0.508
0.559
0.356
0.373

0.583
0.610
0.429
0.430

0.629
0.681
0.527
0.529

0.682
0.715
0.569
0.574

0.691
0.751
0.632
0.636

0.724
0.770
0.657
0.659

0.536
0.570
0.496
0.379

0.607
0.621
0.537
0.437

0.554
0.617
0.528
0.439

0.618
0.656
0.563
0.483

0.648
0.705
0.609
0.560

0.699
0.735
0.629
0.598

0.699
0.765
0.664
0.649

0.733
0.782
0.680
0.671

0.536
0.570
0.496
0.379

0.607
0.621
0.537
0.437

0.554
0.617
0.529
0.439

0.618
0.656
0.563
0.483

0.648
0.705
0.609
0.560

0.699
0.735
0.630
0.598

0.699
7645
0.664
0.649

0.733
0.782
0.680
0.671
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Table 8: Bias for P Yielded by Each Procedure
r=0.5 r=20.8 r=1.0
NM LL BW CM NM LL BW CM NM LL BW CM
25/2
50% -0.011 -0.010 0.013 0.013 | -0.003 -0.003 0.023 0.023 | -0.012 -0.006 0.019 0.018
65%  0.011 0.010 0.072 0.072 0.026  0.025 0.080 0.080 | -0.008 -0.009 0.042 0.042
80%  0.021 0.011  -0.002 -0.002 | 0.027 0.016 0.007  0.008 0.032 0.015 0.012 0.012
All  0.010 0.005 0.059 0.059 0.012  0.006 0.060 0.060 0.012 0.006 0.061 0.061
25/5
50% -0.013 -0.009 0.017 0.017 | -0.026 -0.022 0.001 0.001 | -0.020 -0.013 0.009 0.009
65%  0.022 0.014  0.052 0.052 0.010  0.005 0.040 0.040 0.009  0.004 0.035 0.036
80%  0.017 0.009 -0.001 -0.001 | 0.020 0.007  0.005 0.005 0.019 0.004 0.003 0.003
All  0.014 0.005 0.049 0.049 0.011 0.001 0.047 0.047 0.016 0.006 0.050 0.050
50/2
50% 0.001 -0.006 -0.003 -0.003 | -0.004 -0.009 -0.004 -0.004 |-0.001 -0.005 0.001 0.001
65% 0.000  0.008 0.041 0.041 -0.004  0.003 0.032 0.033 | -0.005 0.003 0.032 0.032
80%  0.009 -0.001 -0.007 -0.007 | 0.017 0.005 0.002 0.002 0.018 0.003 0.001 0.001
All  0.010 0.003 0.030 0.030 0.009  0.002 0.030 0.029 0.009 0.000 0.029 0.029
50/5
50% -0.001 -0.005 0.002 0.002 0.001  -0.002 0.006 0.006 | -0.003 -0.004 0.004 0.004
65% 0.004  0.006 0.032 0.032 0.005 0.007 0.029 0.030 | 0.000 0.003 0.024 0.024
80% 0.004 -0.004 -0.010 -0.010 0.011 -0.001 -0.001 -0.001 | 0.017 0.003 0.003 0.003
All  0.005 -0.003 0.022 0.022 0.015  0.005 0.033 0.033 0.017  0.006 0.033 0.033
100/5
50% 0.001 -0.005 -0.005 -0.005 | -0.002 -0.007 -0.004 -0.004 | 0.000 -0.004 -0.002 -0.002
65% -0.003  0.004 0.016 0.016 0.000  0.006 0.015 0.016 | -0.008 -0.002 0.011 0.011
80%  0.007  0.000 -0.001 -0.001 0.007  -0.004 -0.001 -0.001 | 0.014 0.004 0.003 0.004
All  0.005 -0.001 0.010 0.010 | 0.004 -0.004 0.010 0.010 0.009 0.001 0.015 0.015
100/10
50% -0.001 -0.005 -0.002 -0.002 | 0.000 -0.004 -0.001 -0.001 | 0.000 -0.002 0.002 0.002
65% -0.001  0.003 0.012 0.012 0.001 0.005 0.013 0.013 | -0.008 -0.004 0.006 0.006
80% 0.000 -0.003 -0.005 -0.005 0.006  -0.002 -0.001 -0.001 | 0.009 0.001  0.000 0.000
All  -0.002 -0.005 0.005 0.005 0.006  0.000 0.011 0.011 0.002 -0.004 0.008 0.008
200/5
50%  0.007 0.002 0.000 0.000 0.002  -0.002 -0.002 -0.002 | 0.001 -0.004 -0.004 -0.004
65% 0.003  0.010 0.013 0.013 0.001 0.008 0.010 0.010 | -0.009 -0.003 0.004 0.004
80%  0.003  -0.003 -0.001 -0.001 | 0.002 -0.007 -0.002 -0.002 | 0.009 0.002 0.001 0.001
All  0.014 0.008 0.012 0.012 0.005 -0.002 0.006 0.006 0.002 -0.004 0.002 0.002
200/10
50% 0.003 -0.002 -0.001 -0.001 | 0.002 -0.002 -0.001 -0.001 | 0.000 -0.004 -0.002 -0.002
65% 0.000  0.006 0.008 0.008 | -0.001 0.006 0.007 0.007 | -0.006 -0.001 0.005 0.005
80% 0.001 -0.003 -0.002 -0.002 | 0.001 -0.007 -0.003 -0.003 0.006  0.000 -0.002 -0.002
All  0.004 0.001 0.005 0.005 0.003  -0.004 0.002 0.002 | 0.000 -0.006 0.000 0.000
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Table 9: Bias for Kappa Yielded by Each Procedure
r=0.5 r=0.8 r=1.0
NM LL BW CM NM LL BW CM NM LL BW CM
25/2
50% -0.032 0.019 0.123 0.123 | -0.033  0.007 0.099 0.099 | -0.013 -0.006 0.116 0.116
65% -0.018 -0.015 0.124 0.124 | -0.030 -0.025 0.098 0.098 | -0.029 -0.009 0.088 0.088
80% -0.001 -0.106 0.178 0.177 | -0.006 -0.098 0.162 0.161 | 0.028 0.015 0.156 0.155
All -0.001 -0.004 0.113 0.113 | 0.000 -0.004 0.106 0.105 | 0.001 0.006  0.100 0.099
25/5
50% -0.032 0.002 0.078 0.078 | -0.014 0.016 0.079 0.079 | -0.012 -0.013  0.076 0.075
65% -0.004 -0.005 0.101 0.100 | -0.011 -0.009 0.080 0.080 | -0.017 0.004 0.066 0.066
80% 0.022 -0.090 0.141 0.141 | 0.036 -0.057 0.142 0.142 | 0.046 0.004 0.118 0.119
All  0.003 0.000 0.091 0.090 | 0.002 -0.003 0.082 0.081 | 0.006 0.006 0.076 0.076
50/2
50% 0.003 0.045 0.113 0.113 | -0.014 0.028 0.084 0.084 | -0.036 -0.005 0.055 0.055
65% 0.004 0.019 0.085 0.085 | -0.014 0.001 0.061 0.061 | -0.026 0.003 0.047 0.047
80% 0.016 -0.096 0.121 0.121 | 0.002 -0.110 0.102 0.101 | 0.045 0.003 0.109 0.109
All 0.008 -0.001 0.074 0.073 | 0.002 -0.005 0.065 0.065 | 0.005 0.000 0.061 0.060
50/5
50% -0.016 0.026 0.078 0.078 | 0.005 0.036 0.075 0.076 | -0.023 -0.004 0.046 0.046
65% -0.009 -0.001 0.058 0.058 | -0.002 0.008 0.058 0.058 | -0.025 0.003 0.032 0.032
80% 0.008 -0.123 0.089 0.090 | 0.014 -0.079 0.089 0.089 | 0.055 0.003 0.091 0.092
All  0.001 -0.005 0.058 0.058 | 0.012 0.006 0.064 0.064 | 0.001 0.006 0.045 0.045
100/5
50% -0.019 0.007 0.044 0.044 | -0.007 0.022 0.044 0.044 | -0.028 -0.004 0.018 0.019
65% 0.002 0.015 0.038 0.039 | -0.008 0.006 0.024 .024 | -0.026 -0.002 0.011 0.011
80% 0.028 -0.075 0.071 0.072 | 0.019 -0.081 0.056 0.056 | 0.050 0.004 0.057 0.057
All 0.012 0.005 0.039 0.039 | 0.004 -0.005 0.030 0.030 | -0.003 0.001 0.020 0.020
100/10
50% -0.025 0.004 0.033 0.033 | -0.008 0.016 0.027 0.027 | -0.010 -0.002 0.028 0.029
65% -0.001 0.010 0.029 0.029 | -0.009 0.002 0.017 0.017 | -0.012 -0.004 0.019 0.019
80% 0.029 -0.118 0.054 0.054 | 0.021 -0.082 0.039 0.040 | 0.059 0.001 0.048 0.049
All 0.002 -0.001 0.028 0.028 | -0.001 -0.006 0.019 0.019 | 0.009 -0.004 0.027 0.027
200/5
50% 0.005 0.019 0.033 0.033 | -0.020 0.002 0.012 0.012 | -0.023 -0.004 0.004 0.005
65% 0.002 0.015 0.019 0.019 | -0.001 0.013 0.016 0.016 | -0.017 -0.003 0.007 0.008
80% 0.032 -0.040 0.042 0.042 | 0.021 -0.057 0.032 0.032 | 0.049 0.002 0.028 0.028
All  0.018 0.010 0.023 0.023 | 0.005 -0.004 0.015 0.015| 0.002 -0.004 0.008 0.008
200/10
50% -0.016 -0.001 0.019 0.019 | -0.017 0.005 0.010 0.010 | -0.019 -0.004 0.007 0.007
65% -0.005 0.006 0.012 0.012 | -0.004 0.008 0.010 0.010 | -0.012 -0.001 0.010 0.010
80% 0.029 -0.064 0.033 0.033 | 0.025 -0.065 0.026 0.026 | 0.059 0.000 0.031 0.031
All  0.002 -0.003 0.012 0.012 | 0.002 -0.005 0.009 0.009 | 0.004 -0.005 0.010 0.010

33



Table 10: Standard Errors for P Yielded by Each Procedure

r=0.5 r=20.8 r=1.0
NM LL BW CM NM LL BW CM NM LL BW CM
9572
50% 0.050 0.047 0.033 0.032 | 0.041 0.040 0.028 0.028 | 0.038 0.035 0.025 0.025
65% 0.021 0.022 0.013 0.013 | 0.020 0.022 0.013 0.013 | 0.018 0.019 0.014 0.014
80% 0.037 0.049 0.032 0.032 | 0.030 0.041 0.026 0.026 | 0.029 0.041 0.025 0.025
All 0.011 0.012 0.011 0.011 | 0.012 0.013 0.011 0.011 | 0.013 0.014 0.012 o0.012
25 /5
50% 0.035 0.034 0.024 0.024 | 0.027 0.027 0.021 0.021 | 0.027 0.026 0.020 0.020
65% 0.024 0.023 0.014 0.014 | 0.018 0.018 0.013 0.013 | 0.019 0.016 0.011 0.011
80% 0.026 0.036 0.027 0.027 | 0.023 0.032 0.022 0.022 | 0.024 0.034 0.023 0.023
All 0.014 0.018 0.013 0.013 | 0.013 0.016 0.012 0.012 | 0.016 0.019 0.014 0.015
50,2
50% 0.026 0.024 0.019 0.019 | 0.029 0.028 0.023 0.023 | 0.025 0.024 0.019 0.019
65% 0.011 0.014 0.010 0.010 | 0.012 0.013 0.010 0.010 | 0.010 0.012 0.011 0.011
80% 0.022 0.031 0.021 0.022 | 0.024 0.032 0.023 0.023 | 0.021 0.030 0.021 0.021
All  0.007 0.006 0.006 0.006 | 0.007 0.007 0.007 0.007 | 0.008 0.007 0.007 0.007
50/5
50% 0.027 0.025 0.021 0.021 | 0.023 0.022 0.019 0.019 | 0.022 0.020 0.017 0.017
65% 0.012 0.013 0.010 0.010 | 0.012 0.011 0.010 0.010 | 0.010 0.009 0.009 0.009
80% 0.021 0.030 0.021 0.021 | 0.019 0.027 0.019 0.019 | 0.018 0.025 0.018 0.018
All 0.007 0.008 0.007 0.007 | 0.007 0.009 0.007 0.007 | 0.007 0.008 0.007 0.007
100/5
50% 0.015 0.015 0.012 0.012 | 0.016 0.015 0.014 0.014 | 0.013 0.012 0.011 0.011
65% 0.008 0.009 0.009 0.008 | 0.006 0.007 0.007 0.007 | 0.007 0.008 0.007 0.007
80% 0.014 0.019 0.014 0.014 | 0.013 0.019 0.014 0.014 | 0.012 0.018 0.014 0.014
All 0.004 0.004 0.005 0.005 | 0.004 0.004 0.005 0.005 [ 0.005 0.005 0.006 0.006
100/10
50% 0.014 0.014 0.012 0.012 | 0.011 0.011 0.011  0.011 | 0.012 0.011 0.011 0.011
65% 0.007 0.006 0.007 0.007 | 0.006 0.005 0.006 0.006 | 0.005 0.006 0.006 0.006
80% 0.010 0.015 0.012 0.012 | 0.009 0.013 0.010 0.010 | 0.009 0.014 0.012 0.011
All 0.004 0.005 0.005 0.005 | 0.004 0.004 0.006 0.006 | 0.005 0.005 0.006 0.006
200/5
50% 0.009 0.009 0.008 0.008 | 0.009 0.009 0.009 0.009 | 0.007 0.007 0.007 0.007
65% 0.005 0.006 0.006 0.006 | 0.004 0.005 0.005 0.005 | 0.004 0.005 0.006 0.006
80% 0.009 0.013 0.011 0.011 | 0.008 0.012 0.008 0.008 | 0.007 0.010 0.009 0.009
All  0.003 0.002 0.005 0.005 | 0.003 0.002 0.005 0.005 | 0.003 0.003 0.005 0.005
200/10
50% 0.009 0.009 0.007 0.007 | 0.008 0.008 0.009 0.009 | 0.007 0.007 0.007 0.006
65% 0.004 0.004 0.005 0.005 | 0.004 0.004 0.005 0.005 | 0.003 0.003 0.005 0.005
80% 0.007 0.011 0.009 0.009 | 0.007 0.011 0.008 0.008 | 0.006 0.009 0.008 0.008
All 0.002 0.002 0.0056 0.005 | 0.002 0.002 0.005 0.005 | 0.002 0.002 0.005 0.005
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Table 11: Standard Errors for Kappa Yielded by Each Procedure

r=0.5 r=20.8 r=1.0
NM LL BW CM NM LL BW CM NM LL BW CM
9572
50% 0.040 0.037 0.027 0.027 | 0.041 0.042 0.032 0.032 | 0.040 0.038 0.029 0.029
65% 0.029 0.037 0.019 0.019 | 0.030 0.036 0.023 0.023 | 0.031 0.041 0.025 0.025
80% 0.046 0.057 0.036 0.036 | 0.045 0.068 0.036 0.036 | 0.046 0.074 0.040 0.040
All  0.021 0.022 0.017 0.017 | 0.023 0.023 0.019 0.019 | 0.024 0.025 0.019 0.019
25/5
50% 0.036 0.035 0.027 0.027 | 0.030 0.028 0.021 0.021 | 0.031 0.032 0.027 0.027
65% 0.028 0.032 0.022 0.022 | 0.024 0.030 0.021 0.021 | 0.023 0.028 0.020 0.020
80% 0.043 0.059 0.032 0.032 | 0.038 0.069 0.036 0.036 | 0.035 0.063 0.033 0.033
All  0.022 0.023 0.017 0.016 | 0.020 0.022 0.017 0.016 | 0.022 0.024 0.018 0.018
50,2
50% 0.042 0.043 0.035 0.035 | 0.040 0.040 0.029 0.029 | 0.031 0.026 0.024 0.024
65% 0.022 0.025 0.017 0.017 | 0.022 0.025 0.018 0.019 | 0.019 0.021 0.019 0.019
80% 0.037 0.066 0.036 0.035 | 0.040 0.066 0.033 0.033 | 0.035 0.073 0.033 0.032
All 0.016 0.017 0.013 0.014 | 0.017 0.017 0.014 0.014 | 0.017 0.016 0.014 0.014
50/5
50% 0.031 0.031 0.024 0.024 | 0.031 0.030 0.023 0.023 | 0.025 0.023 0.020 0.020
65% 0.020 0.026 0.018 0.018 | 0.020 0.023 0.019 0.019 | 0.017 0.019 0.017 0.017
80% 0.040 0.066 0.034 0.034 | 0.036 0.059 0.029 0.029 | 0.031 0.067 0.035 0.035
All  0.017 0.015 0.014 0.014 | 0.017 0.018 0.014 0.014 | 0.015 0.015 0.013 0.014
100/5
50% 0.031 0.031 0.032 0.032 | 0.025 0.022 0.021 0.021 | 0.022 0.023 0.022 0.022
65% 0.014 0.016 0.014 0.014 | 0.012 0.013 0.014 0.014 | 0.013 0.014 0.013 0.013
80% 0.027 0.052 0.027 0.026 | 0.025 0.057 0.028 0.028 | 0.025 0.050 0.031 0.031
All 0.011 0.011 0.012 0.012 | 0.010 0.011 0.010 0.010 | 0.012 0.011 0.011 o0.011
100/10
50% 0.025 0.022 0.024 0.024 | 0.018 0.018 0.019 0.019 | 0.016 0.017 0.017 0.017
65% 0.011 0.012 0.014 0.014 | 0.010 0.011 0.012 0.012 | 0.011 0.012 0.013 0.012
80% 0.023 0.071 0.030 0.030 | 0.020 0.054 0.028 0.028 | 0.029 0.041 0.027 0.027
All 0.009 0.009 0.010 0.010 | 0.009 0.009 0.010 0.010 | 0.010 0.010 0.010 0.010
200/5
50% 0.022 0.024 0.034 0.033 | 0.019 0.019 0.019 0.019 | 0.017 0.017 0.022 0.022
65% 0.009 0.009 0.010 0.010 | 0.007 0.008 0.010 0.010 | 0.009 0.009 0.012 0.012
80% 0.018 0.042 0.023 0.022 | 0.014 0.034 0.022 0.022 | 0.015 0.030 0.023 0.023
All 0.007 0.007 0.009 0.009 | 0.006 0.007 0.009 0.009 | 0.008 0.008 0.011 0.011
200/10
50% 0.018 0.019 0.026 0.026 | 0.016 0.016 0.017 0.017 | 0.013 0.013 0.016 0.016
65% 0.007 0.008 0.009 0.009 | 0.007 0.008 0.010 0.010 | 0.006 0.006 0.009 0.009
80% 0.016 0.047 0.020 0.020 | 0.015 0.044 0.025 0.025 | 0.011 0.025 0.020 0.020
All 0.006 0.006 0.010 0.010 | 0.006 0.006 0.009 0.009 | 0.005 0.006 0.009 0.009
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Table 12: RMSE for P Yielded by Each Procedure

r=0.5 r=20.8 r=1.0
NM LL BW CM NM LL BW CM NM LL BW CM
9572
50% 0.051 0.048 0.035 0.035 | 0.041 0.040 0.036 0.036 | 0.040 0.036 0.031 0.031
65% 0.024 0.024 0.073 0.073 | 0.033 0.033 0.081 0.081 | 0.020 0.021 0.044 0.044
80%  0.042 0.050 0.032 0.032 | 0.040 0.044 0.027 0.027 | 0.043 0.044 0.028 0.028
All 0.015 0.013 0.060 0.060 | 0.017 0.014 0.061 0.061 | 0.017 0.015 0.062 0.062
25/5
50% 0.037 0.035 0.029 0.030 | 0.038 0.035 0.021 0.021 | 0.034 0.029 0.022 0.022
65% 0.033 0.027 0.054 0.053 | 0.021 0.018 0.041 0.042 | 0.021 0.017 0.037 0.037
80% 0.031 0.037 0.027 0.027 | 0.030 0.032 0.023 0.023 | 0.031 0.034 0.024 0.024
All  0.020 0.018 0.050 0.050 | 0.017 0.016 0.049 0.049 | 0.023 0.020 0.052 0.052
50,2
50% 0.026 0.025 0.019 0.019 | 0.030 0.029 0.023 0.023 | 0.025 0.024 0.019 0.019
65% 0.011 0.015 0.042 0.042 | 0.012 0.013 0.034 0.034 | 0.011 0.012 0.034 0.034
80% 0.024 0.031 0.022 0.023 | 0.029 0.033 0.023 0.023 | 0.027 0.030 0.021 0.021
All 0.012 0.007 0.030 0.030 | 0.012 0.007 0.030 0.030 | 0.012 0.007 0.030 0.030
50/5
50% 0.027 0.025 0.021 0.021 | 0.023 0.022 0.020 0.020 | 0.022 0.020 0.018 0.018
65% 0.012 0.014 0.033 0.033 | 0.012 0.013 0.031 0.031 | 0.010 0.009 0.026 0.026
80% 0.021 0.031 0.024 0.024 | 0.022 0.027 0.019 0.019 | 0.025 0.025 0.019 0.018
All 0.009 0.009 0.023 0.023 | 0.017 0.010 0.033 0.033 | 0.018 0.010 0.034 0.034
100/5
50% 0.015 0.016 0.013 0.013 | 0.016 0.016 0.014 0.014 | 0.013 0.013 0.011 0.011
65% 0.008 0.010 0.018 0.018 | 0.006 0.010 0.017 0.017 | 0.010 0.008 0.013 0.013
80% 0.015 0.019 0.014 0.014 | 0.015 0.019 0.014 0.014 | 0.019 0.018 0.015 0.015
All  0.006 0.004 0.012 0.012 | 0.006 0.006 0.012 0.012 | 0.010 0.005 0.016 0.016
100/10
50% 0.014 0.015 0.012 0.012 | 0.011 0.011 0.011  0.011 | 0.012 0.011 0.011 o0.011
65% 0.007 0.007 0.014 0.014 | 0.006 0.007 0.014 0.014 | 0.009 0.007 0.009 0.009
80% 0.010 0.015 0.013 0.013 | 0.010 0.013 0.010 0.010 | 0.013 0.014 0.012 0.011
All 0.004 0.007 0.008 0.008 | 0.007 0.004 0.013 0.013 [ 0.005 0.006 0.010 0.010
200/5
50% 0.011 0.009 0.008 0.008 | 0.009 0.009 0.009 0.009 | 0.007 0.008 0.008 0.008
656% 0.006 0.012 0.014 0.014 | 0.004 0.009 0.011 0.011 | 0.010 0.006 0.007 0.007
80% 0.010 0.014 0.011 0.011 | 0.008 0.014 0.008 0.008 | 0.011 0.010 0.009 0.009
All  0.014 0.009 0.013 0.013 | 0.006 0.003 0.008 0.008 | 0.003 0.0056 0.006 0.006
200/10
50% 0.009 0.009 0.007 0.007 | 0.008 0.008 0.009 0.009 | 0.007 0.008 0.007 0.007
656% 0.004 0.007 0.010 0.010 | 0.004 0.007 0.009 0.009 | 0.007 0.004 0.007 0.007
80% 0.007 0.011 0.009 0.009 | 0.007 0.013 0.008 0.008 | 0.008 0.009 0.009 0.009
All  0.005 0.002 0.007 0.007 | 0.003 0.004 0.006 0.006 | 0.002 0.006 0.005 0.005
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Table 13: RMSE for Kappa Yielded by Each Procedure

r=0.5 r=0.8 r=1.0
NM LL BW CM NM LL BW CM NM LL BW CM
2572
50% 0.051 0.042 0.126 0.126 | 0.052 0.042 0.104 0.104 | 0.042 0.039 0.119 0.120
65% 0.034 0.040 0.125 0.125 | 0.042 0.044 0.100 0.100 | 0.043 0.042 0.092 0.092
80% 0.046 0.120 0.182 0.181 | 0.045 0.119 0.166 0.165 | 0.054 0.075 0.161 0.160
All 0.021 0.022 0.114 0.114 | 0.023 0.023 0.108 0.107 | 0.024 0.025 0.101 0.101
25/5
50% 0.048 0.035 0.083 0.083 | 0.033 0.032 0.082 0.082 | 0.034 0.034 0.080 0.080
65% 0.028 0.033 0.103 0.102 | 0.027 0.031 0.083 0.083 | 0.028 0.028 0.069 0.069
80% 0.048 0.108 0.144 0.145 | 0.053 0.090 0.146 0.147 | 0.058 0.064 0.123 0.123
All 0.022 0.023 0.092 0.091 | 0.020 0.022 0.083 0.083 | 0.023 0.024 0.078 0.078
50,2
50% 0.042 0.062 0.118 0.118 | 0.042 0.049 0.089 0.089 | 0.047 0.027 0.060 0.060
65% 0.023 0.031 0.086 0.087 | 0.026 0.025 0.063 0.064 | 0.032 0.021 0.051 0.051
80% 0.040 0.116 0.126 0.126 | 0.040 0.128 0.107 0.106 | 0.057 0.073 0.113 0.114
All  0.018 0.017 0.075 0.074 | 0.017 0.018 0.066 0.066 | 0.017 0.016 0.062 0.062
50/5
50% 0.035 0.040 0.082 0.082 | 0.031 0.047 0.079 0.079 | 0.034 0.023 0.050 0.050
65% 0.022 0.026 0.061 0.061 | 0.020 0.024 0.061 0.061 | 0.030 0.020 0.036 0.036
80% 0.040 0.140 0.096 0.096 | 0.038 0.098 0.094 0.094 | 0.063 0.067 0.098 0.098
All  0.017 0.015 0.060 0.060 | 0.021 0.018 0.065 0.066 | 0.015 0.016 0.046 0.047
100/5
50% 0.036 0.031 0.055 0.055 | 0.026 0.031 0.049 0.049 | 0.036 0.023 0.028 0.029
65% 0.014 0.022 0.041 0.041 | 0.015 0.015 0.027 0.028 | 0.029 0.014 0.017 0.017
80% 0.039 0.091 0.076 0.076 | 0.031 0.099 0.062 0.062 | 0.056 0.050 0.064 0.065
All 0.016 0.012 0.041 0.041 | 0.011 0.012 0.031 0.031 | 0.012 0.011 0.022 0.022
100/10
50% 0.035 0.023 0.041 0.041 | 0.019 0.024 0.033 0.033 | 0.019 0.017 0.033 0.033
65% 0.011 0.016 0.032 0.032 | 0.014 0.012 0.021 0.021 | 0.016 0.012 0.023 0.023
80% 0.037 0.138 0.061 0.061 | 0.029 0.098 0.048 0.048 | 0.066 0.041 0.055 0.056
All 0.009 0.009 0.030 0.030 | 0.009 0.011 0.021 0.022 | 0.014 0.011 0.029 0.029
200/5
50% 0.023 0.030 0.047 0.047 | 0.028 0.019 0.022 0.022 | 0.028 0.017 0.023 0.023
65% 0.009 0.017 0.021 0.021 | 0.007 0.015 0.019 0.019 | 0.019 0.009 0.014 0.014
80% 0.036 0.058 0.047 0.048 | 0.025 0.066 0.038 0.039 | 0.051 0.030 0.036 0.036
All  0.019 0.012 0.025 0.025 | 0.008 0.008 0.017 0.017 | 0.008 0.009 0.013 0.013
200/10
50% 0.024 0.019 0.032 0.032 | 0.023 0.017 0.020 0.020 | 0.023 0.013 0.018 0.018
65% 0.008 0.010 0.015 0.015 | 0.008 0.011 0.014 0.014 | 0.013 0.006 0.013 0.013
80% 0.033 0.079 0.039 0.039 | 0.029 0.078 0.036 0.036 | 0.060 0.025 0.036 0.036
All 0.006 0.006 0.015 0.015 | 0.006 0.008 0.013 0.013 | 0.006 0.008 0.013 0.013

37



6740 6990 ¥ES'0 TPSO LgS0 9€G0 | 999°0 LS9°0 TIPSO ¢EPS0 6650 TESO | €690 <¢69°0 0850 0890 TLS0 TLSO v
0680 9060 G680 8060 0160 8160 | 6880 6880 V680 ¥680 G060 G060 | 6880 6880 €680 €680 6680 6680 %08
88.°0 €6L°0 TLL0 LLLO 8GL0 99L°0 | T6L°0 T6L0 TLLO GCLLO G9S9L°0 99L°0 | 6180 6180 9080 9080 96L0 96L0 %99
9€8°0 6¢8°0 TEBO Lc80 ¢c80 S8I8O | V80 GP80 TI¥P80 TI¥80 <E80 €E8O | 8GR0 8GR0 PFI80 V480 880 8¥80 Awom

G/G¢
8670 V090 68V'0 T6¥V'0 ¢80 L8P0 | G060 L2090 €6V'0 96V'0 T8F0 L8P0 | €990 €990 €VS0 PGS0 9€S0 9EGO v
TL8°0 1880 €880 ¥68°0 €880 €680 | L98°0 9980 LL80 9,80 ¥L80 €L8°0 | 898°0 8980 GL8O GL80 TL80 T80 %08
8€.°0 6€L°0 ¢cl0 ¢cl0 90L0 L0LO | OVLO €PL0 SIL0 &Gcl0 00L0 90L0 | 06L0 06L0 9LL°0 9LL0 89L0 89L0 %99
9€8°0 0€8°0 6¢8°0 8GO0 LERO LEBO | 098°0 0680 LP8O L¥80 G480 G980 | 098°0 0980 PG80 G480 0980 0980 Awom

G/9¢

T1 AN TI NN TI AN NO M4 ND M4 ND M4 ND M4 JA0) M4 ND M4
0T=- 80 =+ go=+ 0T =+ 80 = Go=+ 0T =+ 80 =+ Go=+

S9INPad0Id I8

S2INPadold N PUe A G Po1991I0))

S2INPadold N Pue A\{ TeUIStIQ

S9)eWIISH J [RUISLI) PUR PajdoalIo)) :FT 9[qr],

38



19€°0 89€°0 0€€0 GE€E0 <¢0€0 G0E0 | ¢le'0 TLEO 8EEO OVEOD €0E0 90€0 | LEV'O LEV'O TIPO GIP0 ¢6E0 €6€0 v
g9¢'0 ¥9¥'0 Gce0 6I¥0 6Vc0 T19€0 | 060 €€V'0 <cOV'0 90¥V0 GEEO0 TPE0 | LESO LESO ¥cG'0 ¥#eg'0 087’0 087’0 %08
cre’0  6£9°0 9090 090 0970 ¢I9¥'0 | 9990 LGS0 PISO SIS0 G9%°0 OLVO | 1690 1290 G690 G690 9950 9950 %99
1960 619°0 8090 8L¥'0 O0LV0 GEV'O | LEG0O 6€9°0 G870 88F'0 6€V0 ¥¥PP0 | L09°0 L09°0 TLG°0 TLG°0 9790 99490 Ame

G/G¢
9.0 18¢'0 67V¢'0 ¢9¢0 ¥ec'0 Leg0 | €8¢°0 88¢'0 T1G¢’0 LGC0 0¢c0 8¢¢'0 | 6,60 6L6°0 8GE0 8GE0 TIPE0  TPEO v
Lye’0 6960 L2g’0 02€0 9LT°0 1I8¢0 | ¥PE€0 T9€°0 800 61€0 €920 GL2°0 | 9670 9670 987’0 L8F'0 6970 0970 %08
L8P0 €970 6IF'0 GIP'0 T8E0 6LE0 | G9%°0 TLVO 6IF0 Lev0 GL8°0 98¢0 | 0L6°0 0L8°0 ¢Crs'0 ¢Trse0 1290 1890 %99
LG7°0 L0700 €070 €9€0 89EO0D SKIEO | 6IF0 9¢F0 09€°0 69¢€0 <cI€0 €CE0 | 9660 9€G0 G670 G6V'0 <CLV0 ¢&lv0 AW%

G/4¢

T1 NN TI NN TI AN NO M4 ND M4 ND M4 ND M4 JA0) M4 ND M4
0T=- 80 =+ go=+ 0T =+ 80 = Go=+ 0T =+ 80 =+ Go=+

S9INPad0I1J 1910

S2INPadold N PUe A Po1991I0))

S2INPadold N PUe A\{ TeUIStIQ

soreurr)sy] eddey] [RUISLI) PUR PaINALIO)) :

ST S[q®L

39



9000 9100 1000 TITO0  S000 FIO0 | ¥I0°0  STO0  S000 6000 2000 S00°0 | 0500 0S0°0 LPO'O LPO'O 6F0°0 6700 TV
7000 6100 000 0T0°0 6000 LT0°0 | €000 €000 9000 9000 G000 F0O00 | €000 €000 G000 G000 T000- TOO0- %08
7000 6000 G000 0T0°0 FI00 €200 | L0000 8000 S00'0 9000 OT00 &I00 | 9800 GO0 O0F0'0 OF0'0 2S00 2S00 %G9
€10°0- 020°0- 2T0°0- 920°0- 600°0- €10°0- | ¥00'0- ¥00°0- €I0°0- I00- 1000 €000 | 6000 6000 T000 1000 LI00 L10°0 w%

¢/6T
9000  ¢I00 9000 EI00 €000 OTO0 | €100 ST0°0  TI00 €100 2000 6000 | T90°0 1900 090°0 090°0 6S0°0 6S0°0 TV
6100 2€0'0 9100 Lg0'0  TT00 100 | TT00  TIT00 6000 8000 T000 0000 | ST00 TIO0 8000 000 €000~ T000- %08
600°0- 800°0- G200 9200 0100 TIT0°0 | L00°0- ¥00°0- 2200 920°0 S00°0 0100 | ¢¥0'0 TFO'0 0800 0800 TLOO TLO0 %S9
900°0- ¢I0°0- €00°0- €00°0- O0T0°0- TTI00-| 8000 6000 9I0°0 910°0 8000 2000 | 8I0°0 610°0 €200 €200 €100 €100 w%

/st

1 NN 11 AN 1 WN | WO md WO M WO Mg | ND Mg WO MI D Mg
0T =4 80 = G0 =4 0T =4 80 = go =4 0T =4 80 = ¢o=4

S2INPad0IJ ISYI0)

S9INPad0ld JND PUB A Po1991I0))

S2INPadold N Pue A\g [eurstiQ

d 10] selq [eUISLI() PUR Pa31daIIo)) :9T d[qe],

40



9000 9000 €00°0- €000 0000 €000 | TTO0 €100  S000 L0000 1000  ¥00'0 | 9200 900 T80'0 @800 0600 T600 IV
7000 9%0°0 LS00~ 9€0°0  060°0- €00 | ¢TO0  ST00 0200 €200 F00'0- 2000 | 6TT°0 SIT0 EFT0 &FT0 TPT0 TPT0 %08
700'0  L10°0- 600°0- TT00- S00°0- ¥00°0- | T00°0- 2000 0000 €000 T000- ¥00'0 | 990°0 990°0 080°0 080°0 00T0 TOT'0 %G9
€10°0- ¢I0°0- 9100 ¥I00- 2000 TE€0°0- | 9000 8000 200°0- ¥00°0- 620°0- ¥20°0- | SL0°0 9200 6200 600 8L0°0 8L0°0 mom

¢/6T
9000  TO0'0 F00'0- 0000 F00°0- T00°0- | Y000 800°0 200°0- 000 S00°0- 0000 | 6600 0010 SOT'O 9010 €IT0 €10 NV
G100 ST0'0  860°0- 900°0- 90T°0- T00°0- | €000 TIT00 STO'0- L00'0- 0Z0'0- L00°0- | GST'0 9ST'0 T9T'0 @9T'0 LLTO SLT0 %08
600°0- 620°0- ST0'0- 0£0°0- GST0'0- ST00- | L10°0- TT0°0- 920°0- ST00- 220°0- TT0°0- | 880°0 8800 8600 860°0 ¥II'0 ¥ZI'0 %S9
900°0- €10°0- 2000 €€0°0- 6100 TE€0°0- | T00°0- 9000 9€0°0- Lg0'0- LEO'O- 920°0- | 9TT'0 9IT'0 6600 6600 €310 €210 ow%

/st

1 NN T NN 71 WN | WO md WO Mg WO Md | WD Md WD Mg IO Md
0T =4 80 = G0 =4 0T =4 80 = gp =4 0T = 80 =4 Go=+

S2INPad01J 1YY

S9INPad0ld JND PUB M Po1991I0))

S2INPadold N Pue A\{ [eUIStiQ

eddey[ 10] serq [euIsLI() puR pajodLIo)) :LT 9[qe],

41



610°0 910°0 9100 €100 8100 ¥I10°0 | LT0'0 27100 ¥IO0 €100 G100 ¥IOO | STO0 ¥#IOO0 <IO0 ¢&T00 €100 €100 v
7€0°'0  ¥c0'0 ¢€0'0 €c00 9€0°0 9200 | 000 6¢0°0 800 800 €00 ¢€0'0 | €00 €200 ©c0'0 ©e0'0 2Lg00 L300 %08
9100 6100 8TO'0 8IO0 €200 ¥c0'0 | 9T0°0 910°0 8TO'0 LTO0 ¢cO'0 TcO'0 | TTO0 TI00 €100 €100 FIOO0 ¥IOO0 %99
9¢0°0 L¢0°0 L¢00 Lc00O ¥EOO GEOO | 9¢0°0 9¢0°0 LgOO0 Lg0O ¥EOO FEOO | 0600 0cO0 Te00 Te00 ¥co0 Fc00 Ame

G/G¢
¥10°0 €T10°0 €100 ¢10°'0 ¢I0’0 1100 | €10°0 €100 €100 €100 ¢r10'0 ¢I00 | ¢10°0 ¢I0°0 TI0°0 TTO0 TTO0 TT0°0 v
70°0 6200 TI¥0°0 0€0°0 67V0°0 LEO'O | 9600 9€0°0 L€0°0 9€0°0 G¥O'0 G¥O'0 | G200 G200 9200 9¢0'0 <CEO'0 ¢TE0'0 %08
6700 8T0°'0 ¢c0'0 0200 ¢co'0 1200 | 1800 0g00 ¢Tgo'0 0c00 €00 ¢co0 | ¥I0'0 ¥IO0 €100 €100 €100 €100 %99
Geo’0 8E0'0 0¥V0°0 TVOO LPO'0 0G0°0 | 9€0°0 GEO'0O O0¥V0'0 6€0°0 9700 G¥0°0 | G200 G¢0°0 8200 8O0 <CEOO €€0°0 Awom

G/4¢

T1 AN TI NN TI AN NO M4 ND M4 ND Mg ND M4 JAO) M4 ND M4
0T=-4 80 =+ go=+ 0T =+ 80 = Go=+ 0T =+ 80 =+ Go=-+

S9INPad0IJ I8

S2INPadold N PUe A Po1991I0))

S2INPadold N PUue A\{ [eUIStIQ

d 0] SIOLIF pIepue)§ [RUISLI() PUeR POJIAIIO)) 8T O[R,

42



¥¢0'0 ¢c0’0 ¢c0'0 0c0°0 €200 ¢c00 | ¥¢0°'0 ¥¢0'0 ¢c0'0 T¢0'0 €¢0°0 ¢g0'0 | 8T0°0 8IO0 9100 LT0O0 9100 LT0°0 v
€900 G€0'0 6900 8€O'0 6900 €VO0 | €VO0 €VO0 6700 800 9¥0°0 ¥¥O'0 | €600 €E00 9600 9600 <CEOO0 ¢CEOO0 %08
8¢0'0 €00 0€0°0 ¥20'0 Te0'0 8TO'0 | 8TO'0  LZO'O T€0°0 6¢0°0 €€0°0 TEO'0 | 000 0200 1200 TT00 TT00 TG00 %99
¢€0’0 TEO'0O 8GO0 0E00 GEO'O 9€0°0 | LEO'O 9€00 TEOO 6200 6E00 8EOO | LcOO LgO0 Tc00 100 2L200 La00 Awom

G/G¢
Gco'0 ¥¢0'0 €00 €200 ¢g0'0 Te00 | 800 9¢0°0 Lc0'0 Gc0'0 Gg0'0 €g00 | 6100 6100 6100 67100 LTI0O0 LT00 v
7200 9¥0°'0 8900 G¥0°'0 LS00 9¥0°0 | 9900 ¥50°0 ¥S0°0 TG00 €500 0S0°0 | O¥O'0 O0¥O'0 9600 9€00 9600 9€00 %08
v70'0 T€0°0 9€0°0 0€0°0 LEO'O 6200 | OFO'0 L£0'0 8EO'0 S€0°0 9600 TEO'0 | G200 G200 €500 €c0'0 6100 6TI00 %99
8¢0°0 0¥0°0 ¢v0'0 T¥0°0 LEOO OVO0 | #PPO°0 ¢¥O0 9700 €¥0°0 ¢¥0'0 6€0°0 | 6600 6¢00 ¢CEO0 <¢€00 LcOO0 Lg00 AWQm

G/4¢

T1 AN TI NN TI AN NO M4 ND M4 ND Mg ND M4 JA0) M4 ND M4
0T=+4 80 =+ go=+ 0T =+ 80 = Go=+ 0T=+ 80 =+ Go=-+

S9INPad0Id 1910

S2INPadold N PUe A Po1991I0))

S2INPadold N Pue A\{ TeUIStIQ

reddey] 10] SIOLIF pIepue)§ [RUISLI() PUR POJIOIIO)) ] (R

43



0c0’0 €200 9100 LT0°0 8100 0200 | ¢c0'0 ¢c0'0 97100 9100 9100 LT00 | ¢40°0 ¢SO0 6¥0°0 6700 0S0°0 0500 v
7€0°0 T€0'0 ¢€0'0 0€00 LEO0 T€00 | 0EO0 0€00 6¢0°0 8O0 €00 €€0°0 | ¥e0'0 ¥cO'0 €¢00 €200 L2000 L300 %08
L10°0 1200 8100 1200 LTOO €€0°0 | LTO'O LTO'0 8TO'0 8TO'0 ¥#c0'0 ¥c0'0 | L60°0 Lg00 ¢vO'0 TPO0 €500 ¥S0°0 %99
6¢0°0 7EO'0 GEO'0 8EO'0O GEO'0 LEOO | 920°0 9¢O°0 0€00 6200 ¥EOO FEOO | ¢c0'0 ¢cOo0 Tc0'0 Tc0'0 0€0°0 6200 Awom

G/qc
Ggr0’0  A10°0 ¥I0°0 AT0°0 €T10°0 GTO0 | 8TO'0 0c0'0  LT0°0 8100 ¥I00 GTI00 | ¢90°0 ¢90°0 T190°0 T190°0 090°0 0900 v
¥v0'0  €¥0°0 ¥¥0'0 0¥0'0 0900 &v0'0 | 8€0°0 LEO'0 8E0'0 LEOD'O G¥O'0 G¥0'0 | 800 8200 Lg00 Lg00 ¢CEO00 ¢CEO00 %08
120°0 0200 €€0°0 €€0°0 ¥c0'0 ¥c0'0 | cco0 0200 T€00 €600 %200 ¥2O0 | ¥PO'0O ¥PO'0 T180°0 1800 €L0°0 €L00 %99
9¢0'0 0¥0°0 0vV0'0 T¥0°0 8FYO0'0 TG00 | 9€0°0 9€0°0 €¥0°'0 ¢¥0'0 LVO'0O 9¥0°0 | TEO'0 TEO0 9E0°0 9€0°0 GEO'O GEOO Awom

G/4¢

T1 AN TI NN TI AN NO M4 ND M4 ND M4 ND M4 JAS) M4 ND M4
0T=- 80 =+ go=+ 0T =+ 80 = Go=+ 0T=+ 80 =+ Go=-+

S9INPad0I1d 1Y)

S2INPadoId N PUe MG Po1991I0))

S2INPadold JND PUe A\{ [eUIStIQ

d 10§ ASINY [FUISLIQ pue pojoolio]) 0z o[qel,

44



¥¢0'0 €200 ¢c0'0 0c00 €200 ¢c00 | 9c0°0 Lc00 €200 ¢c0'0 €c00 €200 | 8200 8L00 €800 €800 1600 ¢60°0 v
790°'0 8500 0600 €S0°0 80T'0 8¥0'0 | G%0°0 9¥0°0 &S00 €500 9¥0°0 ¥¥0O'0 | €10 €cI'0 L¥I'0 9PT°0 GPI°0 ¥PI'0 %08
8¢0'0 8¢0'0 TE€O0 LZO0 €600 8TO0 | 8TO'0 LZO'O TE€0°0 0L0°0 €€0°0 TEO'0 | 69000 6900 €800 €800 <TOT0 €0T0 %99
7€0°0 7EO'0 <CEO'0 €€0°0 GEO'0 8VO'0 | LEOO LEOO TEOO 0€0°0 8FPO'0 S¥0°0 | 080°0 0800 €800 <¢80°0 €800 €800 W%

G/q¢
Gc0'0  ¥¢0'0 €200 €200 ¢c00 Tc00 | 8200 LcO'0 L2200 920°0 9200 €¢0°0 | TOT'0 T0T°0 L0T'0O 80T0O ¥ITO ¥ITO v
GL0°0 ¥S0°0 6110 S¥0°'0 01’0 9¥0°0 | 990°0 G900 LS00 T90°0 LS00 T190°0 | 09T°0 T19T°0 991°0 991T°0 1I8T'0 €810 %08
0’0 €v0°0 ¥P0'0 0’0 0¥0'0  ¥€0°0 | €700 8600 9700 6£0°0 TFVO'0 ¥EO0 | €600 €600 00T'0 00T'0 STI'0 SCI'0 %99
6€0°0 ¢¥0°'0 ¢v0'0 ¢s0'0 ¢v0'0 1900 | ¥PO0 €VO0 6900 TS0°0 9500 L¥0°0 | 0cT'0 6IT0 F¥OT'0O ¥OT'O 9¢I'0 9210 Awom

G/4¢

T1 AN TI NN TI AN NO M4 ND M4 ND M4 ND M4 JA0) M4 ND M4
0T=- 80 =+ go=+ 0T =+ 80 = Go=+ 0T =+ 80 =+ Go=+

S9INPad0IJ 1Y)

S2INPadold N PUe A Po1991I0))

S2INPadold JND Pue A\{ [eUIStIQ

eddey[ 10] HSINY [RULSLI() PUR POJIILIO)) :

1¢ °19&L

45



Table 22: Corrected and Original Decision Consistency Estimates for Jurisdiction #1

Hypothetical and Hypothetical Forms Hypothetical and Actual Forms
Raw CSS NSS Raw CSsS NSS
P Kappa P Kappa P Kappa P Kappa P Kappa P Kappa
Using the Original Procedures
NM 0.847 0.661 0.847 0.648 0.837 0.640 — — — — — —
LL 0.846 0.667 0.849 0.658 0.837 0.643 | 0.846 0.667 0.848 0.659 0.836 0.645
BL 0866 0.714 — — — — — — — — — —
BW 0867 0.714 0.854 0.676 0.867 0.716 | 0.905 0.795 0.898 0.773 0.905 0.796
CM 0.867 0.714 0.856 0.677 0.867 0.714 | 0.905 0.795 0.898 0.771 0.905 0.795
Using the Bias-Corrected Procedures
BW 0.857 0.691 0.846 0.651 0.857 0.690 | 0.897 0.778 0.889 0.751 0.897 0.778
CM 0.857 0.690 0.846 0.648 0.857 0.690 | 0.897 0.778 0.889 0.751 0.897 0.778
Table 23: Corrected and Original Decision Consistency Estimates for Jurisdiction #2
Hypothetical and Hypothetical Forms Hypothetical and Actual Forms
Raw CSsS NSS Raw CSsS NSS
P Kappa P Kappa P Kappa P Kappa P Kappa P Kappa
Using the Original Procedures
NM 0.829 0.649 0.890 0.619 0.820 0.625 — — — — — —
LL 0836 0.659 0.889 0.634 0.821 0.629 | 0.836 0.658 0.889 0.636 0.822 0.628
BL 0.853 0.695 — — — — — — — — — —
BW 0856 0.701 0.895 0.673 0.856 0.702 | 0.899 0.790 0.924 0.761 0.898 0.788
CM 0.854 0.697 0.897 0.663 0.854 0.697 | 0.897 0.786 0.925 0.745 0.897 0.786
Using the Bias-Corrected Procedures
BW 0.842 0.672 0.892 0.634 0.842 0.672 | 0.889 0.767 0.916 0.726 0.889  0.767
CM 0.842 0.670 0.895 0.632 0.842 0.670 | 0.888 0.767 0.922 0.728 0.888 0.767
Table 24: Model Fit for the LI, Procedure
Mean S.D. Skew. Kurt.
Juris #1
Observed  30.1415 9.3932 -0.1162 2.6594
Fitted 30.1415 9.3932 -0.1162 2.4728
Likelihood Ratio Chi-Square = 82.1210 (with df = 52), p < 0.01
Juris #2
Observed  31.3489 8.5777 -0.2887 2.7041
Fitted 31.3489 8.5777 -0.2887 2.5949
Likelihood Ratio Chi-Square = 78.7502 (with df = 49), p < 0.01
Table 25: Observed and Predicted Pass Rates
Two Hypothetical Forms Hypothetical and Actual Forms
NM LL BL BW CM NM LL BL BW CM
Juris #1: observed pass rate = 0.365
0.343 0.361 0.371 0.371 0371 — 0364 — 0.368 0.368
Juris #2: observed pass rate = 0.602
0.580 0.596 0.599 0.598 0.597 — 0.600 — 0.598 0.599
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Figure 1: Chi-square Plots for the Jurisdictions
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Chi-square Plot for Pair 1, Juris #2
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Q-Q Plot for Juris #1
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LL Raw and Fitted Proportions-Juris #1
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A Raw to NSS Transformation Plots

Figure 1: Raw Score to NSS Transformation Plots
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Juris #1 raw 113-264 208
Juris #1 CSS 191-351 267
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Juris #1 NSS 182-387 291

Juris #2 raw 94-206 159

Juris #2 CSS 183-339 254

Juris #2 NSS 173-376 273

25/2 raw 0-33 17, 22, 27
25/5 raw 0-45 23, 30, 36
50/2 raw 0-58 29, 38, 47
50/5 raw 0-70 35, 46, 56
100/5 raw 0-120 60, 78, 96
100/10 raw 0-140 70, 91, 112
200/5 raw 0-220 110, 143, 176
200/10 raw 0-240 120, 156, 192

C Percentile Ranks with Different Test Length

Percentile Ranks of the Score Points for the 25/2 Type (r = 0.5)

R Marg C Marg R PRs C PRs prop score
0.00000  0.00000 0.00 0.00 0.000 O
0.00000  0.00000 0.00 0.00 0.030 1
0.00000  0.00000 0.00 0.00 0.061 2
0.00000  0.00000 0.00 0.00 0.091 3
0.00001  0.00002 0.00 0.00 0.121 4
0.00005 0.00005 0.00 0.00 0.152 b
0.00015 0.00016 0.01 0.02 0.182 6
0.00038 0.00034 0.04 0.04 0.212 7
0.00087  0.00085 0.10 0.10 0.242 8
0.00177  0.00171 0.23 0.23 0.273 9
0.00336  0.00330 0.49 0.48 0.303 10
0.00600 0.00591 0.96 0.94 0.333 11
0.00963  0.00967 1.74 1.72 0.364 12
0.01543 0.01515 2.99 2.96 0.394 13
0.02256  0.02161 4.89 4.80 0.424 14
0.03122 0.03124 7.58 7.44 0.455 15
0.04182  0.04166 11.23 11.08 0.485 16
0.05322 0.05318 15.98 15.83 0.515 17
0.06488  0.06486 21.89 21.73 0.545 18
0.07637 0.07664 28.95 28.80 0.576 19
0.08568  0.08594 37.05 36.93 0.606 20
0.09281  0.09172 45.98 45.82 0.636 21
0.09374  0.09342 55.31 55.07 0.667 22
0.09072  0.09132 64.53 64.31 0.697 23
0.08264  0.08303 73.20 73.03 0.727 24
0.07072  0.07190 80.86 80.77 0.758 25
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