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ABS CT

The Bayesian approach to setiing passing 'scores as proposed by

Swaminathan, Hambleton, and,Algina is compared with 'the empirical

Reyes approach to the same problem that is derived from Huynh's

Aecision-theoretic framework. Compatisois are based an simulated

data which follow an approximate beta-binoMial disitribution and on

real test data sampled fram.a stateWide testing program. It is

found that the two procedures lead to setting identical or almost

identical passing scores as long as the test score distribution .is

reasonably symmetric or when the minimum mastery level or criterion .

level is high. Larger discrepancies tend to occur whea this level

is low, especially when the distribution of test scores is concen-

trated at a feWextreme scores or when the frequencies are irregu-
.

lar. However, i terms.of mastery/nonmastery degisioniiothe two

procedures result in the same classifications'in practically'all

situations. Howevert the empirical Bayes procedure may be uSed for

tests of any length, while the Bayesian procedure is reCommended

only.for. tests.of 8 or more items. Additionally, the empirical
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Bayes procedure dhn be generalized And applied to more complex

testing situations with less difficulty than the Bayesian procgdure.

1. INTRODUCTION

Among the marl decision,theoretic apprOaches to setting pass

ing scbres (or standards) for mastery tests, there are at least two

Methods which rely on test datp collected from a group of examinees.

The Sayesian prodedure, as presented in Swaminatpan, Hambleton, and

.Algina' (1975), assumea that prior knowledge regarding the examinees

* .is exchangeable (Novick, Lewis, 4 jackson, 1973) and can be quanti-

fied in some appropriate manner.- On the other hand the empirical

.Bayes approach', aS#formuiated in Huynh (1976a), uses only the trile

H,a4i.lity distribution of the examinees and makes no assuniptidn*re-

garding prior-knowledge about the examinees. Both procedures use

testf,data collected fram a group of examinees and establish passing
. . .

scoreer.for mastery tests by minimizing certain loss functions. The
,

purpose df.this paper is' to present a comparison 'of the two sets of

st-.dards (passing scores) formulated under a variety of conditions-

which an be .expected to be encountered it mastery testing or in

minimum ...mpetency testing. The comparison will be made first on,

the basis o approximate beta-binomial test scores. Further com-

parisons will e made using the Comprehensive Tests of Basic Skills

(CTBS, 1973) dat collected in the 1975 South Carolina Statewide -

Testing Program:

4 Overall Framework

AN a RVIEW OF THE BAYESIAN AND
EMPI AL BAYES APPROACHES

The Bayesian framework as presented-by Swaminathan,et'al. and

the special-empirical Bayes procedure described in Hurh (1976ai
,

p. 70-73),start with a typical four-corner setup used in decision

theory. (See FiiAire I, p.,.16, for the 4sic eletents of this setup.)

Let e (7 in the notation of Swaminathan et al.) 1;;B ihe true sCore (or

/
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tr*a ability) of an examinee and, x be the obseived,test score as

obtained from an n-item test. For the binomial error model adopted

'in both standard setting approaches, e is the firoportion of items

a.real or hypothetical item.pooldthat an 'examinee answers cor-

rectly. Let a person be called a master if that person%s true .

score 6 i juch that 0 > 6 and a nonmaster if e < 6 . Here, e
o

is

a givenconstant which defines the loweü.r .. boundary of the mastery

level or the crAterion level. Since a persofiTi 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 cutcq score c that will be in some sense optimal.

On the basis of the test score x, a person is called a master

if x"> c and a nonmaster if x < c. A correct decision is made'

whenever either (a) 0 e and4x c, or (b) e < e and x < c.

Otherwise, either a false positive error (e < 0
o

and x c) or a

false negative error-(0 > Bo and x,< c) 'is encountered.

In the caSe where the loss osociated with each error is Con-

stant, generality is not diminiihed if we let the loss incurred by

a, false positive-error be equal,to 1and that associated.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. m
2'21/112')

Bayesian Approach

Now lee an n-item teet be given to m examinees. In the Hayes-

ian procedure as implemented by Swaminathan et al., the prior in-

formation regarding the' examinees is assumed to be exchangeable

(i.g., 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 riquires knowledge.

(prior belief) .of the ,distribution of the variance of true scores

for the group. point of fact, an arcsine transformation of e

is used.) This prior distribution is taken to be the inverse chi-
/

sivare distribution with parameter X. and degrees of freedom v. A

recommended chOice of v is 8 (Novick, et al., 1973).
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To assess X, let t be the number of test items which would

need to be adminiptered to a typiCal examines in order to bbtain as ' *

much information about that examine"e1.4 a as we already have. Then,

X 2' 3/(2t+1) . Wang (1973) has tables to facilitate computation ia

this procedure. In the setup ofothe Wang tables, X/v is chosen as

.01,,.02, .03, .04, an4 .05. These ratios correspopd.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 X and v and the test data of m subjects,

it is possible via the Wang tables to compute th4 two expected'
#

losses: Fr(5 < 5
o

I test data) and (1.17i(e > 0. 1 test data) at
o

each test scor'e. A Bayesian passing score is then'the smallest

.score at whichtthe first expected losa is smaller .than the second

one. More detail§ may be found in Swaminathan et al.'(1975) and

in Novick et al. (1973)1

Empirical Bayes Approach

The empirical.BayesNolution assumes that\the m examinees

constitute a random sample from a population for which the true

ability a f011ows a known distribuional'form-such as the beta

density with parameters a and 5 (Keats, & Lord, 1962, page 68).

Sample test data ai-e used to obtain the estimates a and a, and the

results are peed to co ute the probability of a false positive

decision Pr(0 < 00, x and of a false negative decision

Q.Pr(0 > 00,1x < c) at a giv cutoff score c. The optimum passing

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

the value of c at which the average loss Pr(5 < 90, x > c)

Q-Pr(0, 0 , x c), is the smallest.
*

The procedure is implemented as follaws. Let x and s be the

mean and standard deviation of the test scores, and let the Kuder-

Richardson reliability coefficient be defined as

a =
.21 11.-1

. ns
2

1 .

Then
.

a = (-1 +

and

#
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For test scores with insufficient variability, a21
may be negative.

A

If this occurs simply replace a21 by the smallest positive relia-

bility estimate which happens to bl evailabl.e. Let I. denote the

incompleie beta function as tabulated in Pearson (1934) and imple-

mented via computer programs such as the IBM Scientiflx Subroutine

ackage (1971) ot the rms.', (1477). Then the passing,score is the

smallest integer c, at which'

't I(a+c,n+B-c00) < (1/(14-0:

A normarapproximation is available if there is a sufficiently

large number of items and if e
0

is not near 0 or 1. Let e. denote

the 100/(1+Q) percentile of the unit normal distribution. Then the

iest passing score is nearly equal to

c = (n+a+8-1)00 + (1-0 )) 31 ..-. a + .5.
o o

(2)

The data presented in Huydh (1976b) indicate that the passing score

computed from Equation (2) does not differ appreciably.from the one

deduced fromItiequation (1) when the test consists of 20 iteme and 4

when 0 is within the range from 50 to- 80.
-o

3. -A COMPARISON OF BAYESIAN AND EMPIRICAL BAYES
PASS-LNG SCORES FOR APPROXIMATE

BETA-BINOMIAL TEST DATA

The passing score Sbtained 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 follQw closely a

beta-binomial form.

Both the pfesent coMparison and the one detailed in the next
.4

section are based on tests with ten items. In these comparisons,
0

the criterion or minimud mastery level Is set at 8
o
= .60, .70, and

.80. The loss ratio, is chosen to be Q = .25, .50,.100, and 2.00.

(A loss ratio smaller than one indicates that a false positive

error is less Serious than a false negative error.) To compute a

passing score via the Bayesiamapproach, it is necessary to specify
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the tatio AN'or, equivalently, the quantity t as described in

Section 2. It may be r4ecalled that t may be interpreted as the

number ofie;est items" which are believed to be 'as inforaative as

the prior belief about the examinees. In practical situatilons in-

volving standard setting, it seems unreasonabl to let the pribt, ,

A, carry as much weight as the objective test data. In other

words, it is unlikely that t is to9 close to Thus for the

comparisdts based on 10-item tests reported iD this section and in.

Section 4 as well as the comparisons based A 20-item t4ts

described in Section 5,.the t-values are chosen to tie 8.875

(Abv = .02) 5.75 (A/v =.03), 4.1875 (VN) = .04), and 3.25 .

(kly = .05).
The first five test seore frequency distributions (labeled Al

througil A5 in Table 1) serve as the,data base for the comparison of

the passing scores computed by the two procpdures using test score

distributions that are approximately beta-binomial. Each. is delib-

2
,

erately chosen (i) to yield an s value (variance of the arcsine-

sqUare-root transformation of the test scores). conforming as closely'
2

as possible to the tabulated s iralues of the Wang tables (so that
g

no interpolation would be necessary) and (ii) toureflect several

.degrees of skewness and variability thought to be-typical of mas-

tery testing. situations. (Also in Table 1, and explained below,

'are diltributions of actual tegt scores from the South Carolina

Statewide Testing Program.) It may be note

civantity D(%) repreients the maximum per

the observed and beta-binomia171i ted dumu

small D-value indicateS a good fit.

Table 2 reports the Bayesian

sponding eiiidl Bayes passiAlr

combinations of e Q, and t. The

_tions under consideration, the Baye

scores are identical, or nearly so,

tribution is. reasonably symmetrical

that.in Table 1, the

difference between

ative Irequencies. A

assing scores and.the corre-

ores (In italics) for several,

data indicate that for the situa- ..

t
ian and empt cal Bayds passing

as lOng as t e test score dig-

kCases'A2, A4, and A5). For ,

and A3) the vo passinghighly skewed. distributions (Cases A
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tABLE 1

Frequency Distributions of Test Scores ilsed,

in Comparisons o,f Fassing.Scores

,Dita Source/ It Skew-
Set Subtest* m

* D(Ot S.D. ness
App'roXimate Beta-Binotial

Al
A2
A3
A4

,.A5

Fictitious 40 ..3.1 1.36. -0.61

Fictitious 80 1.0 1.87..-0.31
Fictitious 40 1 . 2 1.01 -1. 51

Fictitious - 40 1.6 2.01 -0.02

Fictitious 40 _1.0 2.15 0.12.

'0

C II So rehensive Tests of Basic Skills
31 Mat ficA .

concepts, and

applications'20 6,17 1.28 -0:63
B2 Mathetatics

computations 20 9.2 '1.45 --0.24

'33 -Spelling 20 6.1. 1.76 -1.04

B4 Social
studies 40 6*2 2.11 . 0.27,4

Biikanguage
expression 40 8.2 1.86 -0.53

B6 Reading 40 4.1 122 .-2.12
37 Science 60 5.6 1.74 -0.22

38 Reading
vocabulary
Reading
vocabulary
Spelling

39

m w total number of scores in the digiribution.

11.

60 3.2 1.56 -1.75

80 2.7 168 -1.49
80 2.1 1.50 -1.44

1

Frequ9ncy. ,at score o

1 2 3 5.4

1

1 3 6 10

1, 3 5 6 7
3 5- 6 7 6

2 0

4 5 9 5

1 t 5 3

1

6 10

1- 0 3

2 1 2

1 0 2

6. 7 8 9 10

.3 '6 011.11
13 16 15 11 5 .

i 2 4 10 23
7 5 4 2
5 4 2 1 0

2 1 6 ,4 7

3 . .4 3 4 6

-.1. 2 6 4 5

5 6 3 1 1

4 11010 3 2
1

8

1

5

4

2 3330
2 14 8 12 0

5, 5 16 29

#6 11 23 30
7 12 16 38

D(Z) represents the maximum percent difference between the observed
and beta-binomial-fitted cumulative frequencies. All are not sigl-

nificant At the ten percent level of significance.

scores rarely differ by more than one uait when the Criterion level

B
o
is relatively high 1.70 or .80) and when AN is such that t is

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

cies, however, may odour at a lou criterion level such as..60 or

when t is-close to_n.

a

I.
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Bayesian and Empirical Bayes Passing Scores fbr Five
Approximate Beta-Binomial Test Score Distributions

Data
Set e

o

Bayesian (at AN .02,.03,.04,.05)
and empirical Bayes Italics) at

Qsi .23 = .50 Q = 1.qp Q = 2.00

Al .60 4, 5, 6, 6, 4 3, 4, 5,5, 2 2, 3, 4, 4, 1 1:27-5,7
.70. 7, 8, 8, 8, 6 6., 7, 7, 7, 5 5; 5, 6, 6, 4 4, 4, 5, 5,

.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, 5, 4.
.70 10,10,.9, 9, 9 9, 9, 9, 9, 9 8, 8, 8, '8, 8 7, 7, 7, 7, 7'

3z0,10,1o,10,10 10,10,10,10,20 10,10,10,10,20 9, 9, 9, 9, 9

A3
1

.60 10 3, 4, 4,'3 .1,2, 3, 3, 2 0, 1, 2i 2, 2 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

.80 8, 8, 9, 9, 8 7, 7, 8, 8, 7 5, 6, 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,.6, 6,06

.70 10,10,10,10,20 10,10,10,10,10 10, 9, 9, 9,20 9, 9, 8, 8' 9

, .80 10,19,10,10,10 10,10,10,10,10 10,10,10,10;10 10,10,10',10.40

A5 .60 10,10, 9, 9,20- 9, 9, 9, 9,9 8 8, 8, 8, 8 7, 7, 7, 7, 7

.70 10,10,1010,20 10,10,10,10,20 10, 9, 9,20 9, 9, 9, 9, 9

.80 10,10,10,t0,20 10'110)10110t20 lQTDl0,10 -10,l0L10,1010

4. A COMPARISON OF BAYESIAN ANp_ EMPIRICAL
BAYES PASSING SCORES FOR CTBS TEST Der

4

This phase of-the study is based on a 10% systematic sample

.of thi entire Ohird grade CTBS-Level C data file compiled_during the.

1978 South CEirolina Statewide Testing Program. To obtain the fre-

quency distributions labeled as 31 to B10 (in Tables 1 and. 3), the

fpllowing Orocedure was used. First, ten 1Ckitem.subtests- were .

atisembled by randolvelectiOn of items from each CTBS subtest.

Next, fot each 10-item subtest, a frquency distribution was con-

stiiucted.for each school district which had' at,least.20 students in.

the systematic sample, and the corresponding s
2
value was obtained.

(The s values were 'distributed as follows: .10 to .50 (32%), .51
g

to .75 (38%), .16 to 1.00'.(20%), all.more than 1.00 (10%). Large

2
s values tended to associate with subtests dealing with reading
g
eomprehension (sentences or paragraphs), language expression; and

latiguage mechanics.) Third, among the frequency distributions,with

s
2 values included between .DI and ;05, ten were finally selected .



t

BAYESIAN & ENPIRICAL PASSING'sSdORiS 9

41.

..and altered slightly so that the total number of examinees (m) was

exactly 20, 40, 60, or 80.

Table 3 lists the Bayesian and dmpirical Bayes p;assing scores

under a variety of-conditions. As in...the previous section,,the data

C

TABLE 3

Bayesian and Empirical Bayes PassingScores
for Ten CTBS Test Scqre Distributions

Data
See 8

Bayesian (at AN = .02,.03,.04,.05)
and empirical Bayes (in itallcs) at

Q 1.00 Q = 2.00

31 .60 5, 5, 6, 6, 3

.70 7, 7, 8, 8, 6-
. .80 10,10,10,10, 9

B2 .60 6, 6, 6, ;, 5
. 70, 8, 8, 8, 8, 7
.80 10,10;10,10, 9

B3 .60 6, 6, 7,/74.6
. 70 8, 8, 81 8,'8
.80 10,10,10,10,20

4; 4, 5, 5, 2.
.6, 6, 7, 7, 5
9, 9, 9, 9, 8

5, 5, 5, 5, 4
7, 7, 7, 7, 6
9, 9, 9, 9, 9

51 5, 6, 6,6
7, 7,.8, 8, 7

.9, 9, 9, 9, 9

3, 3, 4, 4, '1 .2, 2, .3, 3, 0

5, 5, 6, 6, 4- 4, 4,'5, 5, *3

.8, 8, 8, 8, 1' 7, 7, 6

4, 4, 4, 5, 2
6, 6, .6, 6, 5
8, 8, 8, 8, 8

3, 3, 3,.4, /
5, 5, 5, 6, 4
7, 7, 8, 8, 7

4, 4, 5, 5, 5 .3, 4, 4, 4, 4
6, 70,7,.70 6 5,'6, 6 6,.16
9, 9, 9, 9, 8 8, a, 8, 8, 7

B4 .60 0, 9, 9', 9, 9. 9; 8, 8, a, 8 -8, S, 7, 7, 7 7, 7, 6, 6, 7

10,10,10,10,io 10,10,10,10,10 10, 9, 9, 9, 9 9, 9, 8, 8, 9

.80 10,10,10,10,20 10,10,10,10,20 10,10,10,10,20 10,10,10,10,20

35 .60

.70

. 80

B6 .60

.70

.80

37- .60

. 70

.80

38 .60

. 70

.80

. 39 .60

.70

. 80

1110 .60

. 70

.80

8,.8, 8., 7 7, 7, 7, 7, 6 6, 6, 6, 6, 5 4, 5, 5, 5, 4

10,10, 9, 9,10 9, 9, 9, 9 8, 8, 8, 8-, 8 7, 7, 7, 7, 7.9,

10,10,10;10,190,10,10,10,/0 10,10,10,10,20 9, 9, 9, 9, 9

2, 3, 4, 5, 6 1, 2, 3, 4, 6
5, '5, 6, 7, 8, 3, 4, 5, 6, 7

1, 2, 2, 3, 5
2, 3, 4, 5, 6

0, 1,

4, 2,

1, 2, 4
3, 4; 6

'8, 8, 9, .9, 9 /, 7, 8, 8, 8 6, 6, 7, 7'1, X 4, 5, 6, 6, 7

8, 8, 8, 8, 7 7; 7, 7, 7, 6 5, 6, 6, 6, 5 4,5, .5, 5, 4

10,10,10,10, 9 9, 9, 9, 9, 9- 8 .7, 7, 7, 7, 7

10,10,10,10,20 10,10,10410,10 10,10,10,10,10 10,10, 9, 9,20

3, 4, 5, 6, 6 2, 3, 4, 5, 6 2, 2, 3, 4, 5 1, 2, 2, 3, 4

6, 7,7, 8, 8 5, 6, 6, 7, 7 4, 5, 5, 6, 6. 3, 4, 4, 5, 6

9, 9, 9, 9, 9 S, 8, 9, 9, 8 7, 7, 8, 8, 8 6, 6, 7, 7, 7

4, .5, 5, 6; 6 3, 4, 4, 5, 6 2, 3, 3, 4, 5 1, 2, 3, 3, 4

7, 7, 8, 8, 8, 4, 6, 7, 7, 7 4, 5, 6, 6, 6 3, 4, 5, 5, 6

9,16,10,10, 9 9, 9, 9; 9, 9 8, 8, 8, 8, 8 6, 7, 7,.7, 7

3, 4, 5; A; 6 2, 3, 4, 5, 5 1, 2, 3, 4, 5 1, 1, 2, 3, 4

6, 7, 7, El, 8 5, 6, 6, 7, 7 4, 4, 5, 6, 6 3, 3, 4, 5, 5

9 9 9 9 9 8 8 9 9 8 7 8 8 8 6 6 7 7 7

Oft
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show that the two sets of passing scores are the same, or nearly

so, as long as the.test score 'distrib4ion is'reasonably y1T1metric

(see cases"B4, B5, and 137). Discrepancies.in these situations'are

rarely largei than one unit. For most other situations, the dif-

ference between the'tyo valuee for a ?easing scoria is seldem larger

than one unit, when the criterion
o

is .70 or .80 and when X./1) is

. at'least .03. The same magnitude of difference, epe unit, also

tends to Mid at 0°,.. 460 unlelas the test scoreallge Up at extreMe
,

values (Case B6)^or unlees the frequencies dia.fairly irregular

(Case Bl):

5. ADDITIONAL-BO:TA FOR MODERATENY
,SKEWED DISTRI*TIONS

Additional comparieons were made fortten 20;item-testa with
0

'distributions having-skewness ranging from -4.109 to .117 (see

a

,

Table 4). These/tests were absimbled in thelsame way 'as the 10-
. .

..
, N

item testa descr bed in Section 4. As in the previous aectibns,
. .,

the criterion 1 vel 0 was set at .60, .70, and .80, and the loss
,o , .

.

ratio Q at. .25 .50, 1.00,)At4 2.00. The 1:0. r'knowledge about the,-
_...

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

.8.875 (X/V im .92), 5A75 (X/v - :03), 4.18.75 ii .04); Snd'3.25
.

. 4

(X/v a. .05). For all the 480 combinations under consideration, the '

- ,

TABLE 4

. Frequency Diktribution of Stores on Ten CTBS Subtests!
Mentioned in Section 5

.
Frequency at score Of

'

.

,

(

-Subtest, 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

Reading vocabulary

Spelling
SCience
Social studies 2,,

2Social'studies
Reading vocabulary

.

: Mathematics. concepts ".

and application
Reading vocabulary
Social studies 1

Sciente . .

1

0

1

1

3

1

.1
2

2

2

0

1

1

4

1

,0

'0

0

1

2:

3

3.
3

...0.

.1

1

2

3

1

1

'2

2

0,

2

1

4

2

1

1

'3

.,

2

4

1

1

3

2

6

4

2

lj

5

2

5

4.1

1.-

6

5

4

.

.3
2.
3

4

3 4

'2, 3

9. e
9 .1

2

3

4 0

3 2

6',3
2 3.

7.

2_

5

.4

'2

4

7

5

5

,4

4

3.

'2
4

5

8

.7

'5

4

3

8

8

1

1

0

3

2

,6

4

5

3

12
'1'

3

0
:4

6

9

1

"0

'4

8
1

0

.1
2

2

7

0

1

4.
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,

.
absolute value of the discrepansies' between the two computedi .

.
1

passingscores are distribute4 as follows:- .0 (35%)1 1.(37%), 2
,

. ,
a (1,5%).0 3 (5%), and 4 or more (8%).-* Hence in about three-fourths of

,

*all sit4tions, the Bayesian'and empirical Bayes paising scores do
,

,

not differ from each other by iore than one unit.
. .

IEN___.f......___S16;.AGREE,MATERYiNONMASTERIEDCISIONS

la aOted in Section 4, there are situations (suCh ad some

cases associeted wrth the A.1, Bi, and B6 data sets) Where te pass

ing scdres_obtained.from the,two methods differ, ippieciably. This

may.seem'datediteibibg;JHoWever, the ProdedUrei proVide mastery/.

npnmastery classificatAofts which are.in high agreetent for most'
,

cased.under -consideration. For Data Set Al with 0' = .60 and -.70,

for example, the combined-proportions of studena, identically
. .

, .

sified,,in either tbe 'mastery or nonmastery datigdry by the Bfyesian .

'procedure cwith Vu = .05) and by ale emPirical Bayes Otocedure are
.

,

. i

88%, 95%, 99%.,and 100% for Q.= :25, .50, 1.00, 40 2.00 respect-

ively. dVer the fifteen data sets of Table'l and with Op same

_ *

,

trt

r

,

4:

7....

value4 for A/v and Q, the proportions of Atentical claseificatiOns
4 * ' r

reach 94%, 96%0,- 98, and 97% respectively. As for the data of
-e

Table 4,-these proportions stbnd ,at 98%, 98%, 98%, and 97%.
r

- Though the overall agreement for classifications is high fdr

the 6(6 considered-in thid study, same lidividual cases may show
4

- less agreement than others. These cases include situations such as

A2.with
o
= .60, Q = .25, and A/v = .05 where the Bayesian passing

-score of-8. and the empirical,Bayes passing score of 7 are located

near thecenter of the test:score distribution. The shift of only

one unit in test score in this case actually causes 16 students out

. of a t'otal of 80-tobe classified differently by the two procedures.

Visible disagreement between the classificati5ns defined by tlie

Bayesian and empirical Bayes procviures may oCcur in sktuations

where scores with high'frequencies of occurrence are Selected as
4

the passing adores. rlf tks issthe case, the proportion of stu7
P

dents.classified In the mastery (or nonmastery) category is not 1

likely to Se otose-to ,either 0% or 100%. in other situations where

O.

12
a t.

a.
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, ,,

,- most,s,tudenti are declared masters (Nita .Set Al with. 0
0

. AID , - ,, , ?
..., .

r
'It ,' . 1 '.. -.4.

%
-AA) 1,7,05, aUd 4 "= 2.00) or nonmasters (Data-Set A5 with 8 - .70 - -` *°,-i,* ,,.

.-
*AN is 45,. and (2 s l.00),.the agreem ,ent,'in classifieations-is

almbst perfect.'

-

. - ,

. -.- .

.

.4.
.

t:.:2:1 , . ^-

% ,
V . .

-t 4. .

'. %. N
V

0 tIV' r Z
..7. DIS SION AND' CONCLUSION .

a.

.

. . . . . ,
-

- . The results described in previoug set,tions maybe srmariied

as f011dws:, li.) Bayeeian. paisink Scores. and thOse.computed via-the
.N-

,

. t

4
A 0:1

, a

I

'*empirieal Bayes procedure..,are identical or almost identical as loak
.

.-. ,.,
. f.

as:the test score frequency distribution,is reasonably.symmetric -or . ./
..

when the'criterion level 8 is'sufficien1ryhigh-(-..70:'-or.480); -----
o-

III)---re:fkk.diet-trepancies. in-passing-scored may occur at criterion
. ,

'levels of .60-(or teloW), eapeciAiy when the test scores

at a few extreme values or when the-frequency distribution is

irregular; (iii) however; mastery/nonmastery decisfons aderived from

the two procedures are most' often identical. OVerall, the;combiged..

proportion of students similarly classified by both procedures is'

' about 97%.-' ,
.

. .

.
.

.

All-in all, there is little difference between the Bayesian
.. ,

approach as described b waminathan et al.-and the Huynh empirical,

Bayes prodedure444rit;e ereeither in terms of the resulting.

,passing scores on 14 terms,of the mastery/norastery categorization.

ft-shunt-5e painted out_that the procedure by Swaminathan et

-al. teliesan'a'normal arisine-squaie-root transformation of the,

test data and is therefore considered adequate only 'When.the test

has at least.8 items. In addition, the scheme iequirep the evalua-.-

tion'of certain posterior probabilities. This may be done via the'

MARPRO computer prOgram (menti9ed in Wang; 1973) or yia the Wang

tables. To the chagrin of the writers, many frequency distribu-

tions such as those dertved from the CTBS test data of the South

gpfolina Statewide Testing Program have s
2
values much larger-than

the.upper'bOund of .05 allowed in the above-mentioned.tables., In

addition, the codittraint_of having at least 8 items, seems to be

-quite severe in many practical situations involving objective-
.

13
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!...* I .
,

t relerenced tdsting. ;Such tests-ft &Iequtly have 5cib.--"Ti'llikwer items
.

..

. . i A)er'Objective. ,
. ,

._

.. . ,

The givirical Bayes approach in'its siMplest form, as pre-
. ir .

Sented,in-Huy;* (197W,'requires 'that the test scbres follow a
..% . .-

tabihomliakdistribution.: There-4re i1i4cation§r(1(eats & Lord,

.., ^:.... A DUnCsn;',..1:974'; Suyph 4 Saunders, 1979; allotted Table 1) that

i,. 44 4..:' %-t1 .47-m'oael'aaecixiately fits mihy test store "distributions. Moreover,

-;.-i
Is"'

Ahown2(Subkotriak, ,19,76; Huyfth & Saunders,-1979) that, the
0 . .

4. .

,
model. :itti uaeful,in the Ostimation.of tir reliability of mastery

-%-ciassification based on one telt administration. In addition,
. .. ,

.

,-usitg thi empiriCal Baye's approach, iiiitleang-0-atirarmay-tmvxmArnmteli--- ------

lor test's of Raz length aneCan be approximated quickly via
...

f

'El:illation C2)
a-

It_fty be noted thatt Bayesian and empirical Reyes proce-

dures discusaed in this paper deal with the setting of passing
.

*tores for 41 particular test. Both procedures assume the availabil-

ity,ofaminimum mastery-or criterion' level 80 and the availability .

44

-,df.4ber...infdrmation Such as Q,_theratiOof,the foss incurred by

a false positiye d4cisionto that incurred by a falke.negative one.'

In-the'context of testing for instructional purposes, e may be
o .

based on,the judgment of a cutriCulum.speciaiist or 'A knoWledgeable

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

misdecision (Huynhl 1976i).. The issue is muehmore invollied for

I

;,--

ehdof-program-certification, such as high,school graduation (mint-.

mum.Cdtpetency) t.gs
e

ting programs legislated iT setreral states. Thec

reaaer is referred to Jaeger (1976).and Shepare(1976) for'insight
t ,

regarding some of these.issues..

'the empiric]al*Bayes approach with the availability 'of a pre-:-

:deiermined-criterion level,.hoWever, is only,the.SimPlest form of

the general Tramework f mastery' evaluation as approached' by fitiynh

.(1976a), The essegtial component of this, model is an eXternal task
-

(real.or hypothetical)7that exami?ees are-upposed to perform once

.-they are granted mastery of the Objtctiveslar content upon which a

test is based. Such an exterdal task may be itrtified in the :

cdhtext of In'struction, especially when instructional units are
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sequenced fa some logical order.- If:this reciuirement is fulfilled,

t4e specification of'ao 'is no longer necessary. Some suggestions

for solutions alorig this line have been presented 4sewhere.(Huynh.

1976a, p. 73725; Huynh,, 1977 Huynh & Perney,-1979). To the

knowledge of the wri;ersc the Bayesiad approach as presented by

Swaminathan.et:al. has not been generalized to aituations other

phan those involving Constant Losses and wheh a criterion level ia

availible Although.such a generalization, may be made, the pumer-
,

ical analysis would be more.involved than can be' expected from the

empirical Bayes approach.

,....,042.JadicatgLpkey4,291174,- both standard setting procedures P

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

ippropriate to the extent that minimization of'lo:s is considered

for the entire group of exatinees. This may be the'case for mini-

mum competency testing where resources for remedial,instruction are

limited. Procedures relating to standard,setting in the absence of

'group data are availiible (see, for example, Huynh, 1978).

In conclusion, the-empirical Bayesapproach yields,mastery/

nonmastery decisions identical in most 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..
11.
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FIGURE I

Four CAtegoiies,of Classification
Based'on Two Test Administrations

e -

First
Testing

Sedond

Testing..

%
,

.

.

Nonmastery
!,

t

,

,

. /
.

Mastery

is , kozaa,aumo a,,

o

, !

l as$ery

;

;
, .

.-, a .-o-oomeme ......--*
J40 .

Nonmastery-r-
. Mastery, K

,

Mastery-
Mastery

(consistent
decision)

,

,
,

.

,

Nonmastery
.1,

,

.

.

.,

.
,

- .

Nonmastery-
. ,.mastery ,Non

(cohsistent
decision).

.

.

'Mastery-
Nonmastery.

.

,

ACKNMWLEDGEMENT

This work was performed pursuant to Grant NIE-G-78-0087 with the
National InstitUte of Education, Department of Health, EdUdation,
and Welfare, Huynh Huynh, Principal.Investigator. Point's of view or
opinions stated do not neccessarily reflect NIE positions or policy
and,no endorsement should be inferred.. The editorial assistance. of

Anthony J. Nitko is gratefully acknowledged.

4


