DSUAEE AL HoH M15(2002)

Effects of Equating Strains on Equating Error in the

Common-Iltem Nonequivalent Groups Design

Jae-Chun Ban - Bradley A. Hanson - Deborah J. Harris
(KICE - CTB/McGraw-Hill - ACT, Inc.)

1. Introduction

Many large scale educational testing

programs make use of alternate forms of the
same test, which are then equated to
establish

Alternate forms are constructed with different

interchangeability among forms.
items to be as similar as possible in their
content and statistical specifications. These
testing programs usually have several distinct
annual test administration dates (e.g., in
March, June, and October) with different test
forms given each date.

Examinees who test at different times of
the year may differ in their overall level of
achievement due to such things as recency or
amount of relevant coursework. If such group
differences exist, it i1s recommended that a
new form be equated to a form from the
same time of year rather than to a form
from a different time of year to obtain
greater equating stability and to keep the
scores more Interchangeable by maximizing
the similarity of groups used in the equatings
(Kolen & Brennan, 1995). As an illustrative
equating plan, if a test is administered in
March, June, and October,

March forms are always equated to previous

and the new

March forms, June forms are equated to

previous June forms, and October forms are
equated to previous October forms.

The similarity of groups is an important
factor in obtaining good equating, particularly
when the common-item nonequivalent groups
design is employed to equate forms from
different test dates (Harris & Kolen, 1936;
Harris, 1987, Cook & Petersen, 1987). In the
common-item nonequivalent groups design

two groups of examinees from different
populations are each administered different
test forms that have a subset of items in
common.

Although the equating a new form to an
old form from the same time of year is ideal
from the perspective of using similar groups,
it has a significant problem: development of
Suppose a  test is

equating strain.

administered on different test dates and
statistical characteristics (mean and standard
deviation) of the sample administered each
form are different on each test date because
of different overall levels of achievement.
Different linking plans may be made for each
time of year. If this linkage pattern were
extended over several years, it would be
called an equating strain, and the scores from
the forms in different strains would be no

longer comparable.
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Equating strains can lead to systematic
error in which examinees earn higher scale
scores on one form than on another form
(Kolen & Brennan, 1995). Equating strains
Random
equating error is present whenever samples

can also lead to random error.
from populations of examinees are used to
estimate equating relationships. Systematic
equating error results from violations of the
assumptions and conditions of the particular

equating  methodology  used.  Smoothing
techniques, violations of statistical
assumptions, improperly implemented data
collection  designs, and the substantial

differences between the equating group and
the operational group are some examples of
systematic error sources (Kolen & Brennan,
1995). When the common item noneguivalent
groups design is used for equating, the group
differences across administrations, particularly
if substantial, also affect the amount of
systematic equating error. Both random and
systematic errors tend to accumulate over
time, especially if a large number of test
forms are involved in the equating process.
Several ways to avoid strains for the
common - item
were suggested by  Kolen

(1995): minimizing the number of links that

nonequivalent groups design
and DBrennan

affect the comparison of scores on adjacent
forms, minimizing the number of links back
to the initial form, and so on.

When a score scale has been in place over
a number of vears, however, strains are
inevitable unless all new forms link back to
a single old form. The effects of equating
strains on equating errors has not been
extensively examined.

The purpose of this study was, first, to
investigate the extent to which random and
systematic errors of equated scores in the
common-item nonequivalent groups design
arise when several equating linkage patterns
are constructed with only higher groups
mean forms, with only lower groups mean
forms, or with a mixture of lower and higher
groups mean forms (see Figure 1 where
different  equating

illustrated). Second, this study investigated

linkage  paths  are
which equating methods frequently used for

the common-item  nonequivalent  groups
design are the least affected by the equating

linkage paths that are used.
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II. Methodology
1. Constructing Forms

This study used four 60 item ACT
Mathematics forms (ACT, Ine., 1997) denoted
here as Forms A, B, C, and D. Randomly
A (2,690
C (2617

cxaminces), and D (2651 cxaminces). Forms

cquivalent  groups  took Forms

cxaminces), B (2670 cxaminees),

A B, C and D do not have any items in
COMITON.

Five 60 item Mathematics forms  that

contained common items  were  constructed

from items on the original four forms. Items
on cach of the original four forms were
divided into three sets of 20 items, such that
of

the three scts were as similar as possible.

the content and statistical characteristics

TI'or Form A the three scts of 20 items arc
denoted Al, AZ, A3

other forms arc similarly named. The item

and Item sets on the

scts were combined to construct five forms
denoted If, (5, 11 I, and J. Form ¥ contained
Al A2 A3
identical to Form A. Form (& contained item
sets A3, Bl, and B2, so that Forms I and G
had 20

constructed

item  sets and and so  was

]

The forms were
of

forms had 20 items in common (c.g., Forms

in common.

that

itcms

S0 pairs consccutive
I" and (; had 20 items in common, Forms (5
and IT had 20 items in common, cte.). This
formed a commoen item cquating chain of 2
forms (J »>1 »>1I1 > G > I), whare J is
the newest form to he cquated to the hase
I through TForms I II, and (i
addition, Form I° and J had 20
] to

cquated to Form IP. The item scts usced in

TI'orm In

items  in

common to allow Iform he  directly

T'orms It (3 11, I, and ], and the scquence of

121

forms in the cquating chain are given in
Figure 1.
2_ Population Differences and

Constructing Equating Strains

Item  responses  for the forms in the

high,
population  distributions  of
The

with

cquating chain were generated  from
middle,

ahility

and low
(IRT

population  distributions

theta  distributions).

were  normal,
standard deviation one and  with means
varving to rcpresent low, middle, and high
To

ACT Assessment scale score means ohscerved

ability populations. choose the means,
on national test dates for the past several
vears wore reviewed. The three lowest scale
scorc means were considered as means for
the low populations, while the three highest
scale score means were considered as mcans
for the high populations, and a middle scalc
scorc mean was used as the mean for the
middle population. Scale scorce means  worc
converted to means on the IRT thetas scale.
Data for the new form (Form J) and the
hase form (Form I} were generated to have
of 017/ Two of data
were generated for the three middle forms in
of

populations (with mecans of

a theta mcean sets

one from low
042, 047, and

052 for TForms (3, II, and ), and one from

the  chain cquatings:

high populations {with means of 0.03, 0.08
and 0.15 for Forms (5, II, and I). In Figure 1,
the ACT Assessment scale score on Form A
and the corresponding  theta mean  (in
parcnthesis) for cach form arc shown.

Forms ] and I were administered to the
of the

Forms (G, 11, and 1 were administered cither

simulecs middlc ahility population.

to a low ability population simulces or a high
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ahility population simulees  (high  or  low

strains). This study considered five paths

linking the forms using the low, high,
mixedl (LII), mixed2(IIL) and basclinc strains
as represented o Figure 1. Equating using
the low strain is represented by the long
dashed lines (through Forms G, IL and I on
the left side of Iigure 1) Equating using the
high strain is represented hy the mixed long
and onc short dashed lines (through Forms
(. II, and I on the right side of Figurc 1).
LEquating using the mixedl(LII} strain is
represented by the  solid  line  altermating
hetween the two strains. The line containing
a long and two short dashes that alternates
hetween  the two  strains represents  the
mixed2({1IL) strain. The dotted line shows a
direct cquating, called hascline, from Form ]
tc Form I°, that will he compared te the
cquatings hased on the longer chaing of

forms.

3. Data Gencration Procedures

IFor this simulation study, dichotomous itcm
response data were gencrated for simulees.
Item paramcter cstimates for cach item on
BILOG

(Mislevy & Bock, 1990) assuming a three

cach form were obtained from

paramcter logistic IRT model using cquating

data from actual administration of the ACT.

The cstimates were treated as if they were

paramcter values in the gencration of simulee

responses. The specific procedurcs for data
generation werc:

1. Generate random  ability  paramcters  for
3,000 simulees from the normal population
distribution with a standard deviation of
once and means varving to represcnt low,

middle, and high ahility populations {c.g..

mean of 042 for Form G for low

population),
2. Compute the probahility of a simulce
correctly answering an item,

. Generate a  random number  from the

ot

uniform distribution for cach item,

4. Compare the gencrated number from step
3 to the probabhility from step 2. Assign a
onc {correct) if the random number is less
than or cqual to the probability: othorwise
assign a
zero (incorrect),

0. Repeat steps 2 through 4 for cach item,

o]

. Repeat steps 2 through 5 for cach simulee,

=)

. Repeat steps 1 to 6 for cach form.

4. Equating Methods

The cquating methods under consideration

in this study arc lincar and curvilincar

methods  appropriate for the common itcm

noncguivalent  groups design. Curvilinear

methods encompass both  the  frequency
equipcrcentile cquating {the

Angoff, 1984) and IRT

cstimation
frequency estimation,
methods.

The common item

noncguivalent  groups

design  involves two  populations. Two
populations must be combined to obtain a
gvnthetic

single  population, population,  for

defining  an  cquating relationship.  The
synthetic group is a wceighted comhbination of
two nonequivalent groups (Braun & Ilelland,
1982). study, thc

synthetic group was onc for new group and

In this weight of  the
zero for old group for lincar methods, the
frequency  estimation method, and the IRT
ohserved score mcthod .

In lincar equating, the means and standard
deviations on the two forms for a particular
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synthetic population are set equal. The linear

IYs (x) , for observed

scores in synthetic population S is defined in

conversion equating,

the following way:

IYS(x)=ZS+>Y())[x—us(X)]+uS(Y), "

where x and y refer to the test scores to be
equated, S(X) and S(Y) refer to the standard
deviations of Form X and Form Y scores in
synthetic population, and S(X) and S(Y) refer
to the means of the two forms in synthetic
population.

Three linear equating methods were
considered in this study: the Tucker method,
the Levine observed score method, and the
Levine true score method (Kolen & Brennan,
1995; Petersen, Kolen, & Hoover, 1989). In
the common-item nonequivalent  groups
design, the common items are used to adjust
for population differences in performance on
the non-common items. This requires strong
statistical assumptions because each examinee
comes from only one population and takes
only one form. These linear equating methods
differ in terms of their statistical assumptions
(Kolen & Brennan, 1995). The Tucker and
Levine observed score methods transform
observed scores on Form X to observed
scores on Form Y, while the Levine true
score method is based on the estimated true
scores of Form X and Form Y.

The frequency estimation method estimates
the cumulative distributions of scores on
Form X

population. In the

and Form Y for a synthetic

frequency  estimation
method with the nonequivalent groups design,
the Form X distribution is set equal to the
Form Y distribution for a synthetic group of

examinees. Form X scores converted using

equipercentile equating methodology have
approximately the same mean, standard
deviation, and distributional shape (Kolen,

1988). The equipercentile equating function is
found by locating scores on Form X that
have the same percentile rank as scores on
Form Y.

IRT equating methods involve estimating
item parameters on the two forms, placing
parameter estimates on the two forms on a
common scale, and equating test scores. In
the IRT true score method, the true scores
on one form associated with a given is
considered to be equivalent to the true score
on another form associated with that. The
IRT obhserved score method uses the IRT
model to produce an estimated distribution of
the observed number—correct score on each
form, which then are equated using the
equipercentile method (Kolen & Brennan,
1995, p. 181).

5. Equating Procedures

For 500 sets of simulated samples, six
equatings were computed for each of the five
strains (high, low, two mixed, and baseline
strains) in Figure 1. The equating methods
used were: (1) Tucker method, (2) Levine
observed score method, (3) Levine true score
method, (4) frequency estimation method, (5)
IRT observed score method, and (6) IRT true
score method. Form F was treated as the
oldest form and Form ] as the newest form.
After equating a new form to an old form in
the sequence of Figure 1 (J > 1 -> H >
G > TF), the

raw-to—scale scores for each method was

conversion table  of

saved for other subsequent equatings.

For the IRT equatings, the computer
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program  BILOG-MG Muraki,
Mislevy, & Bock, 1996) was used to estimate

item parameters for each form. Since the

(Zimowski,

item parameters estimated from the separate
runs of the BILOG-MG were not on a
common scale, the computer program ST
(Hanson & Zeng, 1995a) was used to put the
item parameter estimates on a common scale
via the Stocking-Lord scale transformation
procedure (Stocking & Lord, 1983). Then, the
computer program PIE
1995b) was employed to conduct IRT true

and observed score equatings.

(Hanson & Zeng,

6. Criteria

The fitted

based on the three parameter IRT model used

observed score distributions
to generate the data were calculated for
Forms F and J. The population equating
function was taken to be the equipercentile
equating function computed using the fitted
observed score distributions. The following
specific procedures were used to obtain the
population equating function:

1. Use BILOG to

estimates for Forms F and ] using the

obtain item parameter
three-parameter IRT model and then treat
them as true values,

2. Obtain a discrete approximation of the
normal distribution with mean .17712 and
standard deviation 1.0 and use this as the
population distribution for Forms F and J.
This was done by wusing 100 equally
spaced points for ranging from -4.0 to 4.0,
computing the density at each point, and
standardizing the distribution so that the
sum of the probabilities across the 100
points was 1,

3. Compute the IRT

observed equating

function using the PIE program, and treat

it as the population equating function.
As evaluation indices, mean squared errors
(total error; MSE), systematic error (bias),
variances (random error), the weighted
average mean squared errors (WMSE), the
weighted average systematic errors (WBIAS),
and the weighted average random errors
(WRANDOM) of the

functions were computed for each of the 30

estimated equating
combinations of equating methods and strains
using the 500 replications. The total error is
the sum of the random and systematic errors:
MSE = random error + systematic error. The
total error is equal to the average squared
difference between the equated score and the
population equated score at each raw score
point over the 500 replications. The
systematic error or bias is the squared
difference between the mean of the equated
scores over the 500 replications and the
population equated score at each raw score
point. The random error is equal to the
variance of the 500 equated scores at each
raw score point. The following formulas were

used to compute the errors for the strain k

[where k is the Dbaseline, high, low,
mixedl(LH), or mixed2(HL)].
1 500 2
MSE(Xi):%j§1{ekj (Xi)_base(xi)} ) )

. . 1 500 2
Systematic Error (Bias) (xi) = [% jzlekj (xi ) _base (xi )i

dom E 1 500 1 500 2
R rror (X.) = —— e . (X.)—— e . (x)]5,
andom () 500121[ kj( i) 500j§1 kj( ]

60 f(x)
WMSE ={ 3 (—IMSE(x)} -
i=0 (5)
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60 f(xi)
WRANDOM ={ ¥ ( N )RandomError(xi)},
i=0
(6)
60 f(x.)
WBIAS={ ¥ (—! )SystematicError (x, )},
i=0
(7)

where x; is a raw score point( x;=i for
i=0,...,60),
j is a replication(j=1,...,.500),
k is a strain(low,mixed1(LH) mixed?2
(HL), and baseline),

€y is the estimated equating function

for strain k on replication j,

based on the population distribution,

N is the number of simulees(=3,000).
Due to space restriction, only the summary
indices WMSE, WBIAS, and WRANDOM are
reported. The weighted average error indices
than

instead of giving

are more useful unweighted error

indices because, equal
weight to all values of the raw score, they
give the greatest weight to raw scores that

are most likely to occur.

. Results

Figure 2 shows the WRANDOM for all

. . . strains using the six equating methods. It
b, x;) is a population conversion at T
. shows the frequency estimation method
each score point, . )
. . vielded larger WRANDOM for all strains
f(x;) is the number of simuless at ) )
. than the other methods. This result is
each score point that are expected
Figure2
Weighted Random Errors of Each Strain Using Six Equating Methods
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0.046
0.045 +
0.042
0.04 +
0.035 +
03+ 0020
s ot 40028
8 B 0028 0.026
g 0.025 /\<—\/" 0025
K3 0.024 e
"~m0021
0.02 ¥ 0.
-0\
0.015 + 0.015
—e— Frequency estimation method
- - # - - Levine observed score method
001+ —-A— Levinetrue score method
—— Tucker Method
—*— |RT observed score method
0.005 4 —e— |RT true score method
0.004
0 ‘ ‘
Base High Low Mix1(LH) Mix2(HL)

Equating Strains
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fact that the

larger

consistent with the general
frequency estimation method needs
sample sizes than the linear methods (the
Levine observed and true score methods and
the Tucker method) to maintain the same
level of random error (Kolen & Brennan,
1995). The

moderate

methods resulted in
of WRANDOM. The
Tucker method produced the least amount of
WRANDOM across  all The IRT

methods usually need relatively larger sample

Levine

amounts

strains.

sizes than the conventional equating methods
to obtain a similar level of random error. The
IRT methods, however, produced a similar
level of WRANDOM as the Levine methods
and less WRANDOM than the frequency
estimation method. The reason is that the
IRT methods effectively smooth the data. For

0.16

example, the IRT observed method is a form
of smoothed equipercentile equating, so it
should lead to smaller WRANDOM than the
unsmoothed frequency estimation method.

For each method, the WRANDOM was
similar across all strains except the baseline.
It can be seen that different linkage plans did
affect the WRANDOM
within each equating method. All methods
lowest  WRANDOM for the

baseline. This makes sense because on the

not substantially

produced the

baseline there were no mediating strains and

random error was only present for one
equating link (Form J to Form F).

The WBIAS and the WMSE are presented
in Figures 3 and 4. For most cases, since the
WBIAS was the main contributor to the

WMSE, Figures 3 and 4 are similar. The

Figure3
Weighted Systematic Error of Each Strain Using Six Equating Methods
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Figure4
Weighted Mean Squared Errors of Each Strain Using Six Equating Methods
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following description will focus on WMSE.

Overall, the IRT methods produced the
lowest WMSEs for most of strains, the
frequency  estimation method the next

smallest, and the linear methods resulted in
the largest WMSEs. The IRT methods also
WMSEs

across strains than the other methods.

produced lower variability of the

Some reasons for better performance of
IRT methods than the others may be (1) the
simulation data were generated on the basis
of IRT model and assumptions of the model
the data, (2) the

population equating function, as the criterion,

were perfectly met by
was equipercentile function based on the
population number correct score distributions
using the IRT model, which is nonlinear, and
(3) the assumption that the equating function

is linear for linear methods was violated and

because the population equating function was
nonlinear, the linear methods introduced more

systematic errors. The IRT methods took

advantage of the characteristics of the
simulation data and more  accurately
decomposed group and form differences,

which resulted in lower total errors than for
the the
population equating function was nonlinear,
the method  yielded
smaller WMSEs across all strains than the

conventional  methods. Since

frequency estimation
linear methods.

Of the linear methods, for the high and
mixed2(HL) strains, the Tucker method
vielded WMSEs than the Levine

observed and true score methods, while for

lower

the low and mixedl(LH) strains the Levine
observed and true score methods resulted in
lower WMSEs than the Tucker method. It is
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not obvious why such results occurred.
The

estimation method vielded a similar pattern of

WMSEs in the high, low, mixedl(LII), and

mixed2(IIL) strains, although the size of the

Both

characteristics

Tucker mcethod and the frequency

was diffcrent. methods  require
of

obscrved relationship hetween total scorce and

crrors
assumptions  about the
scorc on the common items heing the same
These
assumptions may lead to the similar pattern
of WMSLEs for all TFFor hoth the
Tucker method and the frequency cstimation
mcthod, the high strain and the mixed2(IIL)
gtrain that included two high means and onc
low mecan had lower WMSEs than the
and the mixedl(LID

low mecans and onc high mean (Tigure 4).

for the two populations. COMMOon

strains.

low

strain that included two

The results indicated cither more or less hias
depending on whether the newest form, Form
J, was cquated to the high ability group (as
mixedZ2(I1IL)

administered Form I or te the low ahility

in the high and strains)
group {as in the low and mixedl(LII) strains)
administered Form L

The more data scts the strains have in
common {(c.g, the high and mixedZ(IIL)}, the
more similar the WMGSEs for the conventional
methods  are. Ilowever, this cxplanation for
in WMSE among

could be applicd only for the Tucker method

the  differences straing

and the frequency estimation method, not for
and the IRT methods.

TI'or cxample, the Levine true score method

the Levine methods

produced a closer result for the low and the
mixed2({IIL) strains than the result for the
high and the mixed2{IIL) strains, which have
more data in common.
tentative for the

Another cxplanation

differences in WMSIE among straing involves

128

the fact that since the assumptions for the
Tucker methods (c.g., the conditional scorc
variance of unique items given common item
scorcs is the samc for new and old form
populations  for the Tucker method) and for
not
of

which equating straing were uscd. This bias

the freguency  cstimation method  were

met, hias can he cxpected  regardless
may in part depend on whether the mean
differences between groups and forms arc in
the samc dircction (the lower performing
group takes the harder form and the higher
performing group takes the casier form) or
the oppesite direction (the lower performing
group takes the casier form and the higher
performing group takes the harder form).
Figure o shows population raw  score
distributions for cach form if the population
administered Form J had bcen administered
Form I9, (;, IL and I. FForm ] stands out as
heing somcewhat more difficult than the other
forms. Form J is involved only in the first
link to IF'orm I In the high and mixedZ(IIL)
I
administered to the better performing group
{theta (.1498 in TFigurc 1) and the morc
difficult Form ]

lower performing group (theta

strains, because the casier Form Was

administered to  the
0.177) the
mean differences between groups and forms
On  the

hand, in the low and mixedl(LII) strains, the

was

were in the same  direction. other

casicr Form I was administered to the lower

performing group {theta = 0.517) and the
more difficult Form ] was administered to
the bhetter performing group {theta = (.177),

so the mean differences between groups and

forms wore in opposite directions. Perhaps

the pattern of the relative difference between
and form mcans accounts
of the

the group means

for some of the diffcrence in hias
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Figure 5
Population distributions for each form
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Tucker method and the frequency estimation
method for the low and mixedl(LH) strains
versus the high and mixed2(HL) strains.

The

methods produced a similar pattern of results

Levine observed and true score
for most strains. In addition, both methods
produced lower variability of WMSEs across
Tucker method and the

frequency estimation method. In other words,

strains than the

these methods were less affected by different
than  the
estimation method and the Tucker method,
although the absolute sizes of WMSEs were

larger than those of the frequency estimation

equating  linkages frequency

method and were larger or smaller than those
of the Tucker method. The Levine methods
were less affected by group difference than
the Tucker and the frequency methods.

The IRT methods decomposed the group

~
N

(o] (V] (o] (o2} N o — N~ Q

Raw score

difference and form  difference  more
accurately which may be due to the data
perfectly meeting the assumptions of the IRT
model. This also could account for the IRT
methods resulting in a similar level of total

errors across all strains.

IV. Conclusion and
Discussion

the common-item

design is

Equating using
frequently
that

forms on different test

nonequivalent groups

used in large testing programs
administer several
dates. Although equating strains or scale drift
should be avoided, they are inevitable when a
score scale has been in place over a number
of vears. In this study, using the Tucker and

the frequency estimation methods, the high
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mixed2(IIL)
total

strains resulted in lower

than the

and

weighted CITOIS low and
mixedl{LII) strains. The Levine methods and
IRT

weighted total crrors in the high strain. This

the methods  also  produced lower

docs not imply that practitioncrs should use

the high strains when planning  linking  in

practice. The results may be specific to given
data because, in part, the simulation data
violated the assumptions for the conventional
methods and  cquating  itsclf is  population
When the IRT methods

used, the weighted total crrors were similar

dependent. Woere
across all strains. When comparing cquating
methods in terms of weighted total crror, the
IRT methods produced smallest errors across
all strains, the frequency estimation method
the

cquating methods produced the largest crrors.

the next smallest crrors, and lincar

[Towever, it is not fair to dircctly compare
the IRT methods to the conventicnal methods
with the simulation data hecause (1) the
simulation data were generated using an IRT
model, so the assumptions for the IRT maodcl
the data, (2)

population equating function, as the criterion,

were  perfectly met by the

was  cquipercentile  function  using  the

population number correct score  distribution
based on an IRT model, which is nonlincar,
and (3)

assumptions for lincar methods. If the data

the  simulated  data  viclated  the

were  multidimensional  or  the  population

cquating function was lincar, the patterns of
hias for the cquating mcthods would likely
have changed.

The implication of this study is that using
gstrains can affcct cquating crror, and
therefore a linking pattern should be carcfully
sclected. Even with mixed strains, there can

he substantial equating crror when using a

130

link. The
resulting from using a single link may
by using multiple links (Kolen
1995, p. 261; Ilanson, llarris,
Kolen, 1997, Mckinley & Schacffor, 1989).
further

single cquating cquating  crror
he
&
&
A

to

reduced
Brennan,
topic  for rescarch  would  he
investigate the performance of double linking
with cquating strains. Also, using simulation
diffcrent

including multidimensional models, increasing

data generated  from maodcls,

the group differences (in this  study  the

diffcrence between low and high groups was
ACT

and increasing the

about 2 scale score points on  the

asscssment score  scale),
of

considered for future rescarch.

number links in ecach strain could bhe
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EA
e o= - o
Sasa2 Hssdtt AH oA
- = = - - = e =
S5t HZHM(equating strains)0l HAI 552
_ — _
QA OlA= Aok
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AAESEE Agshe dite PgAZ2as] 2 Dk, vbHe R Mixed2(HL)i= B4
o] A% de 7hA dol=E b HARE(test b wal e fGAEe| wulz d4dEH AL
form)Eo] I AHY AAFH HALEFSo] A 23kl Tucker?d W% FA M (frequency esti-
3 v JhestA Heh B daE ddxe mation method)& A& & o, Low? Mixedl
BEE A " =AY S 9, 52 (LH)l 4 Bt} Higher Mixed2(HL)o] 4] A &
I Y2 HAE A9 dg W Ad F e 277 kol LevineH 7 IRTHHEES A& o

SAHFHM oA} AAA Ao FRE Pt = High strainolA A A exp7F Zghoh, IRTW
Ark o] Afd A= FEEE HFSHTEAY HE Ao ALgH 78 BEFoA WA A7t
(common-item nonequivalent groups design)< Hgivt, 2890 @ IRTHH| Ao ARE
ol &3t AlEHoAE E& oW HAEE H FdY dEHd BFolAl A7 M KA
gHol oy §39 T3 AZB4 (equating i, MEFERFHe] Jeod Aoy HAyESl
strains)ell W&FE AA L=XE BTG o] b exvF Ao, vy AlEd o] Aol
High strain® #Hi# A7t #2 fHAGoZ o AFEE Am7E IRTEE] 714 BF 353
AE 7L W3, Low strain® HAHA47 v A g2 Uy EY AR A= 2X sk
L AxTor dAdE Aol Mixedl(LH)+= < F A

’
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