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The Beyeeien approach to satting passing scores as proposed by

Swaminathan, Hambleton, and.Algina is comparad with the empirtcal
'Bayes apprdaoh to the same problem“thst is derived from Huynh's o
decisionrtheoretic framework. Compatisoﬁs ere based on simulated
data which follow an approximate beta—binomial distribution and on

" real test data sampled fromﬂa\statewida tasting program. It is
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found that the two procedures lead to setting identical or almost
identical passing scores as long as the test score distribution 1is

reasonably symmetric or when the minimum mastery level or eriterion’

level is high. Larger discrepaucias tend to occur when this level
is low, especially when the distribution of test scoree~is concen-
trated at a few extreme scoras or when the frequencies are irregu~-
lar. However, iu terms of mastery/nonmastery denisions,:the two
procedures result in the same classifications in practically‘all
situations. However! the empirical Bayes procedure may be used for
tests of any length, while the Bayesian procedure 1is recommended

only for tests of 8 or more items. Additionally, the empir;cal
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Bayes procedure can be geﬁeralized and app;ied to more complex

- testing situations with less difficulty than the Bayesian procgdure.

1. INTRODUCTION

Among the man$ decision-theoretic approaches to setting pass-
ing scores (or standards) for mastery tests; there_ere at least two
oethode'whichvrely on test data coliected from a group of examinees.
The Bayesian procdedure, as presented in Swaminatpen, Hambleton, and

' Algina (1975), assumes that prior knowledge regarding the examinees
Vg-is exchao&eable (Novick, Lewis, & Jackson, 1973) and can be quanti-
fied in some eppropriate manner. - On'the other hand, the empirical
Bayes approach ase formuiated in Huynh (1976a), uses only the true
aﬁility distribution of the examinees and makes no eesumption re-
.} gerding prior- knowledge about the examinees. Both procedures use

. teet'data collected from a group of examinees and establish passing

purpose of this paper is to present a comparison of the two sets of
stagdards (paseing scores) formulated under a variety of conditions
which \¢an be expected to be encountered in maatery testing or in

G minimum ®“pmpetency testing. The comparison will be made first on.

thewbaais o approximate-beta—binomial test scores. Further com-
- parisons will Qe made using the Comprehensive Tests of Basic Skills
- (CTBS, 1973) dat collected in the 1978 South Carolina Statewide .

Testing Program.

»

RVIEW OF THE BAYESIAN AND
. EMPIRYCAL BAYES APPROACHES

3

Overall Framework

The Bapeeran framework as presented.og Swaminethenﬁggiei. and '
the special-empirical Bayes procedure described in Huyph (1976a;
p. 70-73) .start with,a typical four-corner setup-used/ip decision
theory. (See Figure I, p. 16, for the~b§sic elemente of this setup.)
Let 8 (7 in the'hotation of Swaminathan et al.) be the true ecore (or
W ' / L

.f}‘ | -

[ 4 .

~

scores for mastery tests by minimizing certain loss functions. The /-:



. BAYESIAN & EMPIRICAL PASSING SCORES - 3
,trﬁe ability) of an exaﬁinee and, vae the obsetved.teSt score as
obtained from an n-item test. For the hinomial grror model adopted
}’ih both standard setting ap?roaches, 6 1is the ﬁroportion of items
~in'a. real or hypothetical item, peol that an ‘examinee answers cor-
rectly | Let e person ‘be called a master if that person' s true.
score 6 is such that & > 6 "and a nonmaster if 8 < 8 . Eere, GI”is'
a givenxconstent which defines the lowe\.boundery of the mastery
level or the criterion level Since a persoii's true score cannot
be observed directly, decisions about whether to call the person a
. » Master must be based ‘on an observed test score. What remains to be
~ determined is the cutq\f score ¢ that will be in some sense optimal.
~On the basis of the test score X, a person is called a master
if x > ¢ and a nonmaster if X < c. A correct decision is made’
_whenever either (a) @ > 9 and&x > e, or (b) 8 < 9 and x < c. |
Otherwise, either a false positive error (¢ < 8, end X >c) or a A
false negative error-(8 > 3 and x < ¢) is encountered. |
‘ ) 'wIn the cese where the loss @gsOCiated with each erroxr is ton-
‘stant, generality is not diminished if we let the loss incurred by
a false positive -error be equal .to ljend that assoc¢iated with a
false negative error be equal to Q. Here, Q expresses the ratio of
the false negative error loss to the. false positive error loss. .

(In the notation of Swaminathan et al., Q - 221/212 )

Beyesian Approach

]
¢ " Now lef an n-item test be given to m examinees., In the Bayes-
ian procedure as implemented by Swaminathan et al., the prior in-

formation regarding the examindes is assumed to be exchangeable

(z. e., prior knowledge regarding one examinee can be interchanged
with that associated with another examinee without causing any dis-
. turbance in the decision.problem). The model requires knowledge.
Yy {prior belief) of theldistribution of the variance of true scores
for the“group. (Inh point of fact, an arcsine transformation of 8
is used. ) This prior distribution is taken to be the inverse chi-
sdhare distribution with parameter A and degrees of freedom v. A
recommended choice of v is 8 (Nowick, et el.,.1973)

V- |
- 4 PN
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To assess A, let t‘be the'nember pf test items)which would

need to be administered to a typiﬁe; examinee in order to obtain as

much information about that examineeﬂs & .as we already have. Then,
A= 3/ (2e+1) . | Wang (lQ73) has tables te facilitate computation id
‘this procedure. In the setup ofsthe Wang tables, A/v is chosen as .

.01,..02, 03, .04,.and .05, These rarios correspond.to the t val-
ues of 18.25, 8.875, 5.5, 4.1875, and 3.25. Given the prior infor-
‘mation as revealed through A and v and the tegt data of m subjecﬁs,’
it is possible via the Wang tables to compute thé two expectéd - )
losses‘ Pr(8 < 8‘ f test data) and Q*Pr (6 > 8 | test data)' at

each test'ecoré. A Bayesian passing score is then'the smallest
.score at which,the first expected loss 1is smaller than the second
one. More details may be found in Sweminathan et al. (1975) and

in Novick et al. (1973), '

Empirical Bayes Approech

_ The empirical Bayes golution assumes that\the m examinees
| ,eonetiture a random sample'from a population for which‘the true
ability 6 follows a known distzibutional®form such as the beta
density with parameters @ and B (Keats & Lord, 1962, pagetéS).
éample test data are used to obtain the estimates & an& é, and the
_' | ute the probability of a false positive
decision Pr(6 < So, x 2%
Q*Pr(e > eo;gx < c) at a giv

and of a false negative dgcision

-~

cutoff score ¢. The optimum passing

score (henceforth referred to simply as the passing score) will be

the value‘of c at which the average loss, Pr(® < 80, x.i.c)

+ QPr(8,> 6 o X < ¢), is the smallest.
' The procedure 1s‘implemented as ‘follows. Let x and s be the
mean and standard deviation of the test scores, and let the Kuder-

. Richardson reliabiliry coefficient be defined as

T, Ea®) L | -
_Then g ,
' @ = (-1 + l/a,)x :
and g v Q.
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. | ?
| B = -a +‘p/a21 n. ‘ . ‘
' For test scores "with: insufficient variability, 0] LAY be negative.
If this occurs gimply replace 321 by the smallest positive relia-
bility estimate which happens to be available. Let L ‘denote the
incomplete beta function as tabulated in Pearson (1934) and imple-
' . mented via computer programs such as the IBM Scientific Subroutine

" Rackage (1971) ot the IMSL (1977). Then the pessing‘score is the - . -
smellest integer c, at which’ . . “' )
& I(ate,nBec;0 ) £ Q/H): - - (-

A normal approximation is available if there is a sufficiently
" large number of items and if 9 is not néar 0 or 1. Let § demote
- . the 100/(1+Q) percentile of the unit normal" distribution. Then the -

test paesing score 1is nearly equal to -

c = (n%a+s-1)e + g (n+ok8-1)8_(1-8 )]?'i —a+.5. @

. ’The date presented in Huynh_(1976b) indicate that the passing score
b computed from Equation (2) does not differ appreciably-from the one

-

- . deduced from Inequation (1) when the test consists of 20 items and .

-

when 8 1s within the rdnge from . .50 to-.80.

. 3. A COMPARISON OF BAYESIAN AND EMPIRICAL BAYES
<. - PASSING SCORES FOR APPROXIMATE
BETA-BINOMIAL TEST DATA

The passing score Jbtained via the empirical Bayes approach,
as revealed by Inequation (1), is based on test score data that
follow a beta—binomial distribution. It may be of interest to
compare the Bayesian approach to setting a passing score with the ' -

. empirical Bayes approach, using test data which follaw closely a " } _
beta-binomial form.

BotH the pfesent comparison and the one detailed in the next
section are bpased on‘tests with ten items. In these comparisons,
the criterion or minimum mastery level is set at © '-'.60, .70, and
.SO.Q The loss ratio is chosen to be Q = .25, .50, .l 00, and 2.00.
(A loss ratio smalier than one indicates that a falde positive
arror is less serious than a false negative error.) To compute a

passing score via the Bayesian approach, it is necessary'to specify
’ - - : AV , : :

" EB@S&« B o o 6

, ""A
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the\ratio %/v“or, equivalently, the quantity t as described in
Section 2. It may be'rgcalled that t may be interpreted as the
number ofh"f,est’,items" which are believed to be as informative as
- the prior belief about the egaminees. In practical situatiens in-
volving stendard‘setting, it seems unreasonable to let the prior
“Ibelief_v\carry as much weight as the objective test data. In other
words, it is unlikely that t is tog close to n.’ Thus for the
. comparisons based on 1l0-item tests reported ip this section and in,
Section 4 ag well as the comparieons besed on 20-item.te3ts
described in Sectiom 5, the t-values are chosen to Qe 8.875
(Afv = ,02), 5.75 (A/v - .03, 4 1875 (X/v = .04), and 3.25
(X/v = ,05).
’ The first five test score frequency distributions (labeled Al

,

4

through A5 in Table 1) serve as ther data base for the comparison of
the passing scores computed by the two procedures using test score
distributions that are approximately beta—binomial. Eaeh is delib~
erately chosen (1) to yield an S: value (variance of the areeine— ‘
squere—root transformation of the test scores) conforming as . closely
as possible to the tabulated sg values of the Weng tables (so that o
no interpolation would be necessary) and (ii) toirefleet saveral
:degrees of skewness and variability thought to be typical of mas-
tery testing siguationms. (Also in Table 1, aﬁd explained below,

‘are distributions of actual tedt scores from the Sooth Carolina

" that«in Table 1, the

) -,
difference between

Statewide Testing Program.) It may be note

quantity D(z)'repreéents the maximum per
the observed and beta-binomial-fitted dUmn ative frequencies. A
small D-value indicates a good fit\

Table 2 reports the Bayesian passing scores and the corre-- .
sponding empiridal Bayes pessi;3.§
~combinations of 90, Q, and t. The deta indicate that for the situa—"

ores (in italics) for several
‘tions under comsideratiom, the Bayetian and emptz&cel Bayés paeeing

scores are identical, or nearly so,ﬁas long as the test score die—
tribution is. reasonahly symmetrical kCases'Az A4, and A5)., TFor

highly skewed distributions (Cases A' and A3) the two passing
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e ' TABLE1 . B
. ) \ . & s ' .
Frequency Distributions of Test Scores Used S
. . ' -in Comparisons of Passing:Scores -
Data ‘Source/ . ‘ ‘! - - Skew- Frequency: at score of

. * -
T e . Set  Subtest® m D(Zf'S.D. negs 0 1
- _ . Approximate Beta-Binomial

Y
2 3 & 5 6 7 8 910

Al TFictitious 40 .3.1 1I1.36 -0.61 . 1.3 %6 8%M1.11
| . A2 Fictitious 80 1.0 1.87.°-0.31 1 3 61013161511 5,
# . A3 TFictitious 40-1.2 1.01 -1.51 . ' 1 2 41023
T A4 Fictitious - 40 1.6 2,01 -0.02 .- 3 5.6°7 7 5 -4 2 0
~A5 Fictitious - 40 1.0 2.15 0.12°1 3 5 6, 7 6 5.4 2 1 0
* T éémprehensive Tests of Basic Skills ’ . T .
" Bl Mathematics e Cor : ' - '
: ' concepts and - S _ T S ] .
> applications:20 637_ 1.28 -0.63 . x\g 1 6 4 7
"+ B2 Mathematics S R - :
' . computations 20 9.2 ‘L.45 --0.24 - 34 3 4 6
B3 -Spelling 20 6.1-1.76 =-1.06 ... _ 2 012 6 & 5
B4 Social - S o ,
studies . 40 6.2 2,11, 0.27.° "1 4 5°9 5 56 3 1 1
_B§§>Language - . -
' expression 40 8.2 1.8 -0.53 1 T 5 3 41100 3 2
' B6. Reading" 40 4.1 1,22 -2.12 11 2 3 330
.'B7 Science 60 5.6 1.74 -~0.22 2 610 8114 812 O
B8 Reading > e |
‘vocabulary 60 3.2 1.56 -1.75 1.0 3 1 5.516 29
B9 Reading '
vocabulary 80 2.7 1.68 ~1.49 2 1 2 5 o6 11 23 30
”BlO Spelling 80_2.1 1.50 -1.44 ° 1 0 2 4 71216 38

m = total number of scores in the diftribution. )
N D(Z)'represents the maximum percent difference between the observed
" ..and beta-binomial-<fitted cumulative frequencies. All are not sig-
nificant at the temn percent level of significance.
' gcores rarely differ by more than one unit when the criterion level
8, 1is relatively high (.70 or .80) and when A/v is such that t is

not too close to n, say when A/v is at least .03. Large discrepan-

cies, however, may occur at a low criterion level such as. .60 or ‘

.

when t is-close to..n.
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TABLE 2

Approximate Beta-Binomial Test Score Distributions

foBayesian'(at A/lv = 02,.03,.04,.05)

Data : and empirical Baves (in ftalics) at
Set 8 Q= Q = .50 Q = ;_jp T Q= 2.00
Al .60 4, 5,6, 6, ¢ 3, 4, 5,5, 2 2, 3, 4,04, 1 1,2, 3, 3,0
.70- 7, 8,8,8,6 6,7,7,7,5 5,5,6, 6,4 4,4,5,5, 3
.80 10,10,10,10, 9°9, 9, 9,9, 8 8,8,8,8,7 7,7,7,:7,6
A2 .60 7,8,8,8,7 6,7,7,7,6 5 6,6,6,5 4,4, 5 54"
. .70 10,10,.9, 9, 9 9,9, 9, 9,9 8,8,8,8,8 7,7,7,17, 7
.80 10,10,10,10,20 10,10,10,10,10 10,10,10,10,10 9, 9, 9, 9, 9
a3 '.60 1, 3, 4, 4,°3 1,72, 3,3,2 0,1,2/2,1 0,1,1,2 0
.70 4, 5,6, 6, 6 3,4,5,5,5 2,3, 4, 4,4 1,.2,3, 3, 3
1.8 8,8'9,9, 8 7,7,8 8,7 56,7,7,6 4,5,6,6,5
A4 .60 9,9,9,9,9 9,8,8,8,8 8,7,7,7,8°7,6, s,’ge,s
.70 10,10,10,10,20 10,10,10,10,10 10, 9, 9, 9,10 9, 9, 8, 8f 9
. +80 10,10,10,10,10 10,10,10,10,10 10,10,10,10;10. 10,10,10,10,10
A5 .60 10,10, 9, 9,12 9,9, 9, 9,9 8,8,8,8,8 7,7,7, 7,7 "
~ -70 10,10,10,10,10 10,10,10,10,10 19,10, 9, 9,20 9, 9, 9, 9, ¢
o,1o,ho;zo 10,10,10,10,10 10, 10, 101;0 10, 10,10,10,10

.80 10,1
. 4. A COMEARISON Oof BAYESIAN AND EMPIRICAL -
BAYES PASSING SCORES FOR CTBS TE§T DATA

f
This phase .of - the study is based on a 10% systematiq sample

.of the entire third grade CTBS—Level C data file compiled _during the

1978 South Carolina Statewide Testing Program. To obtain the fre=-
quency distributions labeled as Bl to 310 (in Tables 1 and 3), the

"~_ﬁpllowing procedure was used. First, ten 10-item subtests were .

agsembled by randon}..‘ selection of items from each CTBS subtest. N
Next, for each 10-itém subtest, a frequency distribution was con-
strbcted for each school district which had’ at:least.20 students in,

the syscematic sample, and the corresponding 92 value was obtained.

jThe si values were distribnted as follows. .10 to .50 (32%), .51

to .75 (38%), .76 to 1.00(20%), aif more than 1.00 (10%). Large
sé values tended to associate with subtests dealing with readrng
comprehension (sentences or paragraphs), language expression, and

_language mechanics.) Third, among the frequency distributiona with

s; values included between .Q1 and .05, ten were finally gselected

' »

“ ) .zit” ’, . s; ' . ng" ' |
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Bayesian and Empirical Bayes Passing Scores for Five .



Q = 2.00

!

Bayesian (at A/v = .02,.03,.04,.05)
Q= 1.00

irical Bayeé passing scores

emp

As in_the previous section,, the data

AN
TABLE 3
Bayesian and Empirical Bayés Passing Scores

/.
"‘Q = 050

and empirical Bayes (in italics) at

25

BAYESIAN & EMPIRICAL PASSING SCORES

for Ten CTBS Test Scqre Distributions

-

Q=

Table 3 lists the Bayesian and
8

under a variety of -conditions.

exactly 20, 40, 60, or 80.

Set

. -and altered slightly so that the total nﬁmber of examinees (m) was
Data

Y

-
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show that the two sets of p3351ng sgores are the same, or nearly
so, as long as the.test score distribu;ion is* reasonably §ymmenric
(see cases*B4, BS5, and B7). DiscrepancieSain these situations ‘are
rarely largei than one unit. For most other situations, the dif-
ference between the’ tyo values for a passing scoﬁe is seldom larger
than one unit, when the criterion 6 1s .70 ot .80 egd when A/v 1is
at least .03. The same magnitude of difference; Qpe unit, also
tends to h6fe at 9"- +60 unle8s the teet scores- pile up at extreme'
values (Case B6) or unless the frequeneies dre- fairly irregular
(Case Bl). o ‘ : R
o L A
3. ADDI'BIONAL EATA FOR MODER,ATEBY “\ ;
. SKEWED DISTRIﬂbTIONS R

Additional comparisons were made for‘ten 20—item tests with

"discributions having- skewness ranging from ~<1.109 to .117 (see

/

Table 4). These tests were eesembled in the Jgame way’ as the 10-

,iCem tests descr bed in Section 4. As #n the previous eectibns,

the criterion lgvel 6 .was set at 60, .70 and .80, and the loss
ratio Q at .25,/ .50, 1 00, sad 2 00. The gr%pr knowledge about the

examinees. whs assumed to be equivalent to a number. of.items, t, of

"8.875 (A/v = oz), 5,75 (A/v = 03), 4.1875 (\v & .04y, end 3.25

(A/v = .05). For all the 480 combinations under consideration, the

. TABLE 4

Frequency Diktribution of Scores on Ten CTBS Subtests‘
: Mentioned in Section 5

2

. . Frequency at gcore of

o

. Subtest, S 6 7 8 91011 12 13 14 15 16 17 18 19 20
Reading vocabulary . o 1 1 5 3 4 7.4 8 3 4~
Spelling 1yl 2,3.2 3 812 8
Science . 111 3 3 43 1-9.4 52111

~ Social studies 2.0 2.0 3.1 2 2 6 9 1.4 41 30
'Social ‘studies 12 5 3 3 1 6 5 2'2 50 01
Reading vocabulary 2'0 02 1 4 4 ;\ 3 4 8 3:4 2
* Mathematics concepts ™ - . S
and application 1001 232 3 4 07.7 26 2
Reading vocabulaty \ ' . 12.3 2 5'5.6 9 7
Social studies 131 110,25 36,354 410
Scientce .11 4 22 2 4 2 4 2 34 35 0 1
' . i . “ha *
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BAIESIANi&'EMRIRICAL PASSING-SCORE§ - ‘,\ii R
absolute Value of the diecrepanciea between the two computed | R S
passing acorea are distributed as follows:" 0 (352) 1. (377), '
- (gﬁ%), 3 (52), and 4 or more (8%) .° Hence 1n ahout three—fourths of ,
all situations, the Bayesian and empirical Bayes passing scores: do :
_ not differ from each other by more than one unit. N
. ’f :-”éi AGREEMENT oF MASTERY[NONMASTERY Dggrsxons Co -
5__ S As noted in Section A there are situations (such as some | ;'~ '\
1. cases agsociated with the Al, Bl, and 36 data sets) where the paaa-~'

fa ‘ ing scdres obtained from the: -£wo methods differ appreciably This
\ o may seem diaﬂeartening. However, the procedures provide mastery/
nonmastery classificetions which are in high agreement for most’ ’ ,
- cases under consideration. For Data Set Al with e - .60 and ~70, . f'
for example, ‘the combined” proportiona of atudentsfidentically claa- - |
) sified»in either the maatery or nonmastery category by the Bayesian
procedure ({with ‘A/u = .05) and by the empirical Bayes procedure are
o eee, 95%, 992, and 100% for Q= .25, .50, 1. 00, dnd 2,00 respect-
e ively. O&er the ﬁifteen data sets of Table'l and with the same
o valueb for X/v and Q, the proportions of identical claaaifications
N reach 94Z, 963, 98 and 972 reapectively. As for the data of K _~».
) Table_a, -these proportions atand{gt 98%, 98%, 98%, and 97%.
_ ' ‘Though the o;erall agreement for classifications is high for
. ' the data considered in thia study, some individual cases may show T«

less agreement than others. Theae cases include situations auch as tor
A2 with e = .60, Q = .25, and AJv = 05 ‘where the Bayesian passing
. .'score of 8 and the empirical -Bayes passing score 6f 7 are located
_near thercenter of the test, score distribution. The shift of only
' one- unit in test score in this case actually cansea 16 atudents out
of a total of 80 to- be claeeified differently by the two procedurea.-
Visible disagreement between the claasificatians defined by tHe

_ Bayesian and empirical Bayea procedures may occur in srtuationa o,
" ';-ff 'f, where scores with high ‘frequencies of occurrence are selected as
: . the pasaing scorea. If this is the case, the proportion of stu= )
E . - dents classified in the mastery (or nonmastery) category 1is not % i
Liigely to be ctose-to either 0% or’}OOZ, in ather situations where

| L . [
. L A - ) . | .

. b s ' / . -

.. .. -,". '\ ."... e . . . -

- - - Y

-
-
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Tl > most students are declared masters (Dsté Set Al.with 6 ‘- AD, : d,‘ﬁ_.- ;, ¥ _‘ :T
ff_'.?';'_'. A -.,05 and Q = 2.00) or nqumasters (Data Set A5 with 8, = 70, ;}, :'\Sff%}éﬁk‘ﬁ
B _ A/v = ..05, and Q = 1.00), tHe agreement«in classifications is - RGP siﬁ.t
1?:_3‘ . slmost perfect, . o : f “‘ . .~' o L : e a.};#jf:lfff%;él
) L SR o R 3 DISCU%SIGN AND' concwsmu ’ _i.‘":.;-; ..‘.'\.J
.\;j;.,'.:- .;f’{' The results described in previous sehtions may be summarized E ‘Qfﬁ,:ﬁfi;f%,
Tl. .., - as féllows: . (i) Bayesian passing scores and theose computed via’ the '-i ' é”'f‘éc.
o b empiriesl Bayes procedure are idehtical or almost {dentical as long - ST
. _ ss»the test score frequency distribution.is ressonably -symmetric or ;_7:: r:;;';;:
.;‘ . ~:"f R when the ‘criterion level 8 is: sufficiently high (- 700t +80) ~n¢-m-w;.-fii37._gee
T TIi) large discrepsncies in'psssing ‘scored may occuy at criterion R
pqp\*,;fh; levels of .60 (or ihlow), especislly whén the test scores pile up . " >
. at a few extreme values or when the. frequency distribution is ‘- .o
,ﬁ;-.'.\;. o irregular' (iii) however; mastery/nonmastery decisionsvderived from .. '_ i
N the two procedures are most’ often ideptical. QNErall, the combined ;_* - R
\ proportion of students similarly classified by both procedures is :._,' |
“ about 97Z.-' I - ' S | B

--_;153, S All in all, there is little difﬁerence between the Bayesisn |
7 approach as described b waminsthsn et al.- and the Huynh empirical
Bayes procedure deserib ere, either in terms of the resulting

L .passing scores oxn tﬁ termsfof the msstery/no&mastery categorizstion. .

St _ ' ft*shoutﬂ'ﬁe pointed out thst the procedﬁre by Swaminathan et ;

- - -al. relies on s normal srcsine—squafe~root transformation of the

. test data and is therefore considered adequate only when the test .
has at least 8 items. In addition, the scheme requires the evalua—'
tion of certain posterior probabilities. This may be done via the
MARFRO computer program (mentioned in Wang; 1973) or via the Wang
tables. -‘To the chagrin of the writers, many frequency distribu— o ' '.{__i
tious such as those derived from the CTBS test data of the South

N erolina Statewide Testing Program have 32 values_mnch larger- than | | -

the upper bound of .05 allowed in the above-mentioned tables.. In

addition, tbe comstraint of having at least 8 items, seems to be . v .

quite severe in mafy practical situations involving objective- T

n
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eferenced tésting._ Such tests frequently have'g‘;;hiﬁwer items -

per ‘objective. " " Leﬂ - o

f_Ihe empirioal Bayes approach in its simplesr form, as pre-
sented An Huynh (19763), requires that the test scorés fbllow a’

bets:binomial distribution.: There" are iﬂdicatioqg (Keats & Lord,
1962 Duncan,v1974“ Huynh & Seunders, 1979, alsgyk:e Teble 1) that}

th& modei a&equately £its many test ‘score distributipns. Moreover,

it is’ _ kpiown (SubkoViak 19}8, Huynh & Saunders, 1979) that, the ST -
v model 14 uSeful in . the estimation.of the reliability of msstery s (:f/

i- .olassifioation based on one test ‘administration. : In eddition,

using the empirioal Bsyes approach passing’ soores*w“ﬁ coftputed-~—-- '

'1‘ l'

for tests of a x lenggh and “can be approximated quickly via
'Equation (2).- o ' ' ’

- It _May be noted that the Bayesian and empirioal Beyes ptoce—

dures discussed in this paper deal with the setting of psosing
*sibres for a partioulsr test. Both prooedures assume the availabil-
ity of a minimum mastery or criterion level 8  and the availability
of ofher. infozmation such as Q, the ratig of the Loss incurred by

a false positive décision.to that incurred by a false negative ona.
In the context of testing for instructional purposes, 90 may be
based on.the judgment of a cutriculum spectalist or ‘a knowledgeable .

:-teaoher and Q may be assessed via the time losses encountered by a

misdecision (Huynh, 19764d). The issue is mueh‘more involved for
end-of-program certifiostion, such as high school graduation (mini-
mum cofipegency) testing progrems legislated in several states. The?

_ reader is_ referred to Jaeger (1976)‘and Shepard (1976) for insight

regarding some of these issues..

The empiricsl Beyes approach with the.availability‘of a pre-
’oetermined\criterion 1evel,_however, is ggli‘the_simplest formwof
the geoerel'framework éf mastery evaluatfon as approached by Huynh
(1976a)..  The essential component of this model is an external task R

(real.or hypothetical) that exami?ees are- supposed to perform once

'-.they are granted mastery of the objlotives or content upon which a,

test is based. Such an exterdal ‘task ‘may be i‘FntifieJ in the
cdntext of instruotion, especially when instruotional units are
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.
sequenced In some logical order.  If this requirement is fulfilled,

the specificaﬁion'of'a '4s no longer necessary. Some suggestions

. for solutions along this line have been presented elsewhere  (Huynh,

19263, p- 73—15 Huynh, 1977 Huynh & Perney, 1979) To the

‘ knowledge of the wri;ers, the Bayesian approach as presented by

Swaminathan et al. has not been generalized to situations other

than those involving constant losses and when a criterion level is,

‘available. Although such a generalization may be made, the pumer~

ieal analysis would be more ‘involved than can be expected from the

-

empirical Bayes approach.
JAemindigagegmprexigp§;14“both standard setting procedures

- studied in this paper- are based on group data and therefore are -

appropriate to the extent that minimization of loss is 9onsidered
for the encire group of examinees. This may be the’ case for mini- |

mum competency testing where resources for remedial instruction are

~ limited. Procedures’ relating to standard eetting in the absence of
‘:group data are avaif&hle (see, for example, Huynh, 1978).

In. conclusion, the -empirical Bayes_approach yields,master?/

nonmastery decisions i&entical'in mos%.caSes to. those based on the-

Bayesian approach. In addition, the former approach is simpler in

“terms of computations, is applicable to any test length and, has

been generalized to more complex testing.situations.
el < ‘
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