Introduction

The quality of tests has alwaysbeen of great concern to test developers. In the past quality was expressed as a
reliability coefficient, and later, within the IRT framework, by the Fisher information function. More recently there has also
been some attention to classification reliability of tests. For asurvey of the literature see Douglas (2007). Verstralen and
Bechger (2008) wroteareport on the classification accuracy of educational tests as well. This report used alater version of
program developed by Verstralen in 1997 to be used in Sluijter (1998). However, usualy the results of atest are not used in
isolation. Often tests are part of abattery of tests, and their results are combined to decide on a classification of the testee.
For instance with exams, the main decision for the examinee is whether or not she passes. As aso noted in Douglas (0.c.) this
subject has had little attention in the literature.

In aprevious report Verstralen (July, 2009) the accuracy of exams was studied within aClassical Test Theory (CTT)
framework. Douglas, like Verstralen, did her study within the framework of CTT using simulation. However, she assumed
the standard error for al true scores a constant, whereas Verstralen, following Feldt (1985), used a conditiona variance of
observed scores given the true score.

It is common practice in the literature on reliability of decisionsto distinguish between accuracy and consistency .
Accuracy refersto the similarity of true classifications and observed classifications, whereas consistency concernsthe
similarity of classifications of observed classifications based on two parallel tests or exams.

The main conclusion in Verstralen (2009) was that a Resit had avery positive effect on the quality of the decision
procedure. Actualy, the emphasis was on alarge improvement on Undue Failures. Now these are an essential part of
accuracy , but do not cover accuracy sufficiently. In the present report this findingis further scrutinized by also usingan Item
Response Theory (IRT) framework. Further, the pass/fail decision rules have been more polished, by sytematically varying
the main criteriathat are used in practical exams.

Research questions

There are so many variables that can be varied in an investigation like this, that the results tend to become
incomprehensible. Therefore, a selection on which variables to focus is necessary . First the variables not investigated are
discussed.

Variables held constant (no research question)

As dready mentioned in the introduction the main focus here is on scrutinizing the favorable influence of a Resit on the
classification quality of exams. This meansthat in some respects this study is more elaboratethan the first, but aso that
some of the questions of the first investigation are neglected here. Most prominently in this investigation the number of tests
of an examwill not be varied. The number of tests in the exam is fixed a seven. Also the covariance between tests is kept
constant. An investigation by Van Rijn ao. (2009) revedled that the average of true correlations between grades of tests in the
Dutch exams for pre university education were about 0.50. Because grades are for the most part linear in the test scores, and
abilities are more or less linear in the test scores, this vaue is adopted here. So the correlation between true scores on al pairs
of tests is assumed to be 0.50, as are the correlations between the true abilities on al pairs of tests. All items are assumed
binary scored. As with the previous investigation the method used is simulation. Per simulation 10.000 students are drawn
from the multivariatedistribution.

IRT

Also not varied are the parameters of the items. For every test they are equally spaced between -0.25, and 0.45. The
discrimination parameters are dl equal to 3. So, actualy, the Rasch model has been used. The mean and standard deviation of
the ability 9 on al testsis set at (0.35,0.33). Five cutoff points for each test have to be defined to be ableto useadl passing
rules. They were set for every test a -0.4, -0.2, 0.1, 0.4, and 0.6 on the latent scale, with the third (0.1) the Fail/Pass point.
This setup results in pass percentages around 51%, dthough still with alarge variation depending on passing procedure.
Keeping the item parameters fixed, instead of samplingthem e.g. uniformly, reduces the variability of results by irrelevant
SOUrces.

CTT

Astest lengthis only instrumental in obtaining scores test lengthis invariably set a 40, as in the previous study . The
measurement accuracy of the test is varied using the KR20 (see below). M eans and standard deviations of the true scores on
the tests are set a (28.7, 6). The five cutoff points on the score scale are 15, 20, 25, 30, 35. Asin our previous CTT study
the local score variation given the true score 7 is governed by
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(Feldt a.0. 1985). The vauefor r,; is obtained with the chosen vaues for k = 40, (y,sﬁ) = (28.7,36) . Atr =25
the following values are obtained for Sg(r) at the values used for the KR20 (see below):

Table 1: Vdues of Se(7) (CTT)

KR20 Sg(15) Se(20) Se(25) Se(30) Se(35)
0.64 4.106 4240 4106 3672 2805
0.78 3210 3315 3210 2871 2193
0.88 2370 2448 2370 2120 1619
094 1676 1731 1676 1499 1145

At this point some scrutiny on this CTT approach to loca score varianceis in order. Table 1 clearly shows that the
local score variance of the test strongly depends on the reliability. However, from the general concept of reliability as the
ratio of true and observed score variance
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one sees that keeping constant the average local variance 62, and increasing the true score variance 2 increases the reliability.
So anincreasein reliability does not necessarily imply adecreaseof the local score variance as is the suggestion of Table 1.
However, because here the population and so the true score variance o2 is kept constant an increasein K R20 necessarily
involves adecreasein the mean loca variance o2.

A completecomparison withthe IRT setup is not possible since there reliability is manipulated viathe test length
However, we can compare the IRT 40 item test, which has areliability of 0.88 withthethird linein Table 1. Asis well
known the local variance of the sufficient statistic of an exponential model is given by the Fisher information function.
Becaused| items have discrimination index equal to 3 that information has to be divided by 9 to get the variance of the raw
score. Taking the square root of the result gives the entries in Table 1b.

Table 1h: Vdues of S:(9)
KR20 Se(-0.4) Sg(-0.2) Se(0.1) Se(0.4) Se(0.6)
0.88 243 3.00 3.08 2.67 2.29

Comparison of Table 1b with the third linein Table 1 makes one conclude that given the choices made here respectively
within the IRT and CTT frameworks the IRT framework shows the higher local score variances.

Variables varied (research questions)

From our previous research it was found that reliability (KR20) of the tests had the clearest positive influence on the
classification accuracy of the exam. In the present application we adopt two measurement models, CTT and as an IRT model
OPLM for dichotomous questions. For CTT the KR20 can be varied again. However, in OPLM the length of the test and the
discrimination of the items in the test are the main determinants of the reliability of the test. Becausethe asymptotic
measurement accuracy is governed by the information function, one would expect that it is immaterial whether aten item test
will be lengthened to 40, or its discrimination indices are multiplied by two. Both measures result in afourfold increasein the
information function, and also result in the same increased KR20. Here only test lengthis used with vaues 10, 20, 40, 80. In
combination with the item and popul ation parameters this results in aKR20 of respectively 0.64, 0.78, 0.88, and 0.94. These
KR20 values will also beused inthe CTT study.

Compared to the previous research the pass/fail procedures have been better organized. Whereas they were more or less
inspired by common practices in actual exams, the essential elements have been extracted and systematicaly varies in the
present investigation. Theseare

1. Number of Resits: (vaues 0,1,2). Whereas in the previous study the number of Resits was maximally one, in the



present study maximaly 2 Resits are dlowed. If onefails the exam, the test or tests with the worst results are redone
using the same true score or ability. Especially with compensatory pass procedures, more complicated strategies are
imaginable. However, here invariably the tests with th the worst results are redone. Moreover, dthough in practice a
student cantry to increaseher ability between the first test administration and the Resit, hereit is assumed that the
ability, or true score a the Resit remains unchanged.

2. Leves of compensation with the compensatory passing rule. An example can clarify this. In the Dutch educational
system grades range from 1 (worst) to 10 (excdlent). Just satisfactory is associated with agrade 6 (> 5.5). At one
level of compensation one still passes if one obtained agrade 5 for atest if for another test one obtainsa7. At two
levels of compensation one can also compensatea4 by an 8. Weuse 1, and 2 levels of compensation. Were the number
of levels equal to O the procedure would be simply conjunctive: one has to pass for al tests. This situation is achieved
usingthe next variable.

3. Maxima number of compensations. We usethe vaues 0,1,2,3. At 0, likewith O levels, the compensation procedure
does not compensateat dl and is equal to aconjunctive procedure. With maximally 3 compensations one may
compensatethree bad results by three good results. E.g. combined withtwo levels three 4's by three 8's.

4. Sizeof the group of tests that has to be passed. For some exams there are certain subjects that you may not fail onto
pass the exam, becausethey are considered essential in generd, or for the specific ty pe of education. Vadues range from
0to3.

5. Passingrule. Besides acompensatory passingrule, also aleniency rule has been used. This rule operates with one
exception similar to the compensatory rule except that no compensations are required. So a one level of leniency and
maxima number of compensations equal to one you can pass with one grade 5. Withtwo levels, however, the lower
level is weighed by two. So if, withtwo levels, the maximum number of compensations equas 3, you may pass by
either havingthree 5's or by havingone 4 and one 5.

Summarizing the passing rules. Two types are distinguished
@® Compensatory
® Leniency
Bothtypes arefine tuned by number of levels and Max number of Comp (compensations or leniencies). Withthe
Compensatory rules one can compensate abad result by agood result, with the Leniency rule some bad results are just
alowed. How many bad results can be compensated is governed by MaxComp, and the allowed badness of test results that
can be compensated/allowed is governed by Level of compensation/leniency. In the sequel the PassTypes are numbered 1
through 4 as follows

1. Compensatory onelevel of compensation

2. Compensatory two levels of compensation

3. Leniency oneleve

4. Leniency two levels

IRT and CTT are compared only concerningthe effect of Resits, as a continuation of the previous report (Verstralen,
2009). The other variables are studied only in the context of IRT, becausethis theory offers abetter framework for local
score variability than CTT.

Classifying candidates

Each of the pass/fail decision rules is based on the classification of acandidatewith respect to the cutoff points on each
of the tests in the exam. For each student and each test we obtain atrue classification and an observed classification. The true
pass fail decision is based on the true classifications, and the observed pass/fail decision on the observed classifications. The
true classification on atest is based on his ability or true score on the test. Inthe CTT casethe cutoff points are defined on
the score scale, so given the true score on atest the true classification is determined. The same holds for the observed
classification which is determined by the observed score. In the IRT caseit is alittle more involved. The cutoff points of a
test are defined on the ability scale of the test. So given the (true) ability of acandidatehis true classification with respect to
the cutoff points is known. After doingthe test we obtain avector of item scores. This score vector is transformed to a
weighted score, the sufficient statistic in the OPLM model. For each cutoff point on the latent scale of the test the expected
weighted score is determined. The classification of the observed weighted score is determined by its position with respect to
the expected weighted scores of the cutoff points. This amountsto usingthe M L ability estimator for obtaining an observed
classification of acandidatewith respect to the origina cutoff points on the latent scale.

Measures of decision accuracy

Given apass/fall procedure, for each candidate a true and an observed pass/fail decision is obtained. By simulating this
process for 10.000 candidates each independently randomly drawn from the specified multivariate distribution one obtains
for each combination of true and observed passes or fails acount. E.g. the number of times acandidate ought to pass
accordingto his true values but failed accordingto his observed results on the tests, the socalled undue failures. The basic
dataon the accuracy of adecision process is, therefore, a2 x 2 table



Observed Pass Fail

True
Pass a b
Fail [ d

with e.g. b the number of candidates out of 10.000 who unduly failed. Clearly the larger a and d the better the procedure
succeedsin correct classification. To investigatethe effect of the investigated variables much more clarity will be gained if
accuracy can be summarised with one number instead of the four numbersin the 2 x 2 table. Initially four measures to
summarizethe accuracy inherent in the 2 x 2 table weretried.

@ Tetrachoric correlation. In the previous research the cosine pi approximation was used. But this approximation

appeared to beredly very approximate Its error can exceed 0.5 (Divgi, 1979). Therefore, in this study an alternative
approximation developed by Divgi has been tried.

@ Pearson’s y2 with Yates's correction for column and row totals (Guilford and Fruchter, 1978, pg 205)
- njad-bc| - n/2) ?
- (a+b)(a+rc)(b+d) (c+d)

withn = a+ b+ c+ d, the total number of observations.
@® Coefficient ¢

4

¢: ad — bc
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Obviously there is acloserelationship between y2and ¢ : neglecting the correction term n/2 one has y2 = ng?
@® Cohen'sk

« = Pa—Pr
1- pr
where
pPa = (a+ d)/n,

the observed proportion of agreement, and
pr = ((@+b) * (@+0) + (b+d) * (c+d)/n?
the estimated conditional probability of random agreement given only the margind totals.
And further the following more direct (in)accuracy measures are a our disposal.
@ Proportion correct (a+ d) /n, aso caled %Correct, actualy the most simple and direct accuracy indicator
@® Proportion of undue failures b/n, if oneis especially concerned with undue failures, as in generd education.

@® Proportion of undue passes ¢/n, if oneis especially concerned with undue passes, as in professional education.
As expected 2 and ¢ give about the same picture. But also k and ¢ are very close as shown in Figure .
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Although less tight the relationship between 2 and %Correct is also very strong (Figure)
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IRT: Regression of %Correct on y?
The only exception is the tetrachoric coefficient that shows avery looserelationship witheg. 2 (Figure).
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However, the tetrachoric coefficient showed aless clear relationship with the investigated variables. Therefore, the effect of

the variables of interest is evaluated using %Correct or one of the two undue decisions. Becausethese are the most smpleto
interpret, and, cbviously y2, ¢, and x show about the same pictures as %Correct.

Results
IRT results

Asshown inFigures, , and test length (and so KR20) has the highest influence on accuracy as measured by %Correct.
After the KR20 the number of Resits has the largest influence, especialy for the shorter tests. The opportunity of asecond

Resit hardly gives an improvement compared to maximally one Resit. It is also clear that with tests of length 10 one Resit
offers even better results than using tests of twice this lengthwithout a Resit.



Correct on Resits and KR20
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IRT: %Correct on KR20 (Test length) for Resits= 0,1,2.The |owest

Figure shows more clearly than Figure the impact of Resits on %Correct, and also that the main gain is about exhausted
after one Resit. For the shorter tests (10 and 20 items) the second Resit still resultsin asmall gain. For the longer tests,
however, asecond Resit has no additional benefit. Figures (, ) and (, ) show respectively the regression of undue Failures and
undue Passes on Resits conditional again on Test length. Clearly, the positive effect of Resits on undue Failures as found in

IRT: %Correct on KR20 for Resits = 0,1,2
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the previous report is reproduced here within the IRT framework, as was to be expected.
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PFTIT1

IRT: Undue Failures on KR20 (Test length) for Resits = 0,1,2
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IRT: Undue Passes on KR20 (Test length) for Resits = 0,1,2
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IRT: Regression of Undue Passes on KR20 (Test length) for Resits =

Figure shows the regression of undue Passes on KR20. The lowest line represents the procedures without aResit. This
line shows strongest the very peculiar phenomenon that the percentage of undue Passes increases with KR20 or test length,
whereas one would expect them to be mitigated with increasing KR20. Only for the largest test length the undue Passes
decline alittle, but still are larger than for exams with the smallest tests. The picture becomes even clearer if this regression is
depicted conditionally upon maxComp, as shown in Figure . The picture with no Resits is clearest with MaxComp=0, and
tends to become more blurred with increasing MaxComp. Such phenomenathat areimpossible in aframe of mind where
abilities, test scores etc. are continuous, aretypically caused by the discrete discontinuous nature of test scores. The
expected scores associated with the passifail 3-value arejust alittle over haf of the maximum score of the test. eg. for the
ten item tests the expected weighted score for 3 = 0.1 equas 15.05, for the 80 item test 120.36. Remember that all
discrimination parameters are equal to 3. For an ability just below 0.1, having one more item correct than 5 on aten item test
has alower probability, than having one moreitem correct than 40 on an eighty item test.
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IRT: Resits = 0. Regression of undue Passes on KR20 (test length)

There was also found alittle dependency of Percentage Correct on PassType and MaxComp. If MaxComp equas O
then al PassTypes are equivalent to the conjunctive rule: one has to pass al tests to pass the exam. So in the lower |eft
picture of Figure shows about four equivaent vertica dot patterns and ahorizontal line. The largest differences between the
different PassTypes occurs with the maximum freedom with MaxComp = 3. With MaxComp = 3 the two level
compensatory rule (PassType=2) gives the highest accuracy, and the two level leniency rule (PassType=4) comes close
(respective means 89.40, and 88.78). Figure shows that accuracy increases dightly by allowing more compensations or by
being more lenient.



IRT: Correct on PassType conditiongl on MaxComp ,
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IRT: %Correct on PassType conditional on MaxComp
The means of the %Correct for the sixteen combinations of PassType and MaxComp are shown in Table 2. Clearly the
two Compensation PassTypes perform better than the two Leniency PassTypes and two level Compensation with highest
MaxComp performs best.

Table 2: Mean %Correct on PassType and MaxComp

MaxComp
PassType 0 1 2 3
1 87.78 87.76 88.50 88.76

2 87.74 87.94 89.12 89.39
3 87.65 87.66 87.92 87.94
4 87.82 87.59 88.24 88.79



The last question that was to be addressed concerns the number of tests that one has to pass, that is the number of tests
that are exempted from complementary or leniency measures. Clearly with MaxComp=0 where one has to pass for al tests
this variable has no influence, becausethere are no compensations or leniencies, one simply has to pass dl tests not just the
exempted tests. Therefore, the influence of the number of tests that one has to pass increases with and shows most clearly
with the maximum value of MaxComp (3), which is shown in Figure . Thesefigures show a serious decreaseof accuracy by
the introduction of asingle "haveto passtest ', and after that asteady decline of accuracy with the introduction of more test
that have to be passed.

IRT: %Correct on #Pass for PassType = 1,2,3,4, and MaxComp=3
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IRT: %Correct on Number of tests to pass, for maxComp=3 and
It is quiteinteresting to see how the decline of %Correct is divided over undue Passes (Figure ) and undue Failures (Figure).
Particularly the rise of undue Passes with Number to Pass for Leniency level 2 (PassType=4) is surprising, as is the increase
of undue Failures for Complementary level 2 (PassType=2), especially for the short tests (the highest row of dots pertains
to Test length= 10).

IRT: Undue Passes on #Pass for PassType=1,2,3,4, and MaxComp = 3
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IRT: Undue Failures on #Pass for PassType=1,2,3,4, and MaxComp = 3
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IRT: Undue Failures on Number to pass conditional on PassTypeand

CTT Results

The clear picture about the effect of Resits on accuracy that emerged from the previous subsection using IRT did this
time not ariseinthe CTT framework. Like in our previous Report (Verstralen, 2009) aclear positive effect of about the same
sizeon Undue Failures is shown in Figure . However, the Undue Passes in the present example are appreciably higher
(Figure) than was found in Verstralen (2009)

CTT: Undue Failures on KR20 for Resits=0,1,2
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CTT: Undue Passes on KR20 for Resits=0,1,2
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CTT: Undue Passes on KR20 for Resits=0,1,2. The highest line
Consequently, the effect of aResit on accuracy gives an unclear picture as shown in Figure . For the highest Test length no
Resit even performs dightly better than one or two Resits.

CTT: %Correct on KR20 for Resits=0,1,2
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CTT: %Correct on KR20 for Resits=0,1,2. At KR20=0.64 the

Probably the main difference with the previous study (Verstralen, 2009) is the severity of the exam. Whereas the mean
percentage passing the exam there with seven tests was about 70%, ranging from 48% to 93%, in this study the CTT mean
equas 53% and it ranges from 27% to 80%. This decreasein successes causes the increasein falsepositives from 1.51% with
no Resit and 2.30% with one Resit, to inthe present CTT study 5.27%, 8.90%, and 10.95% for respectively 0,1, and 2
Resits. Therefore, the CTT casewas repeated with a higher mean score for the tests, it was raised from 27.8 to 32. This
resultsin ailmost 80% passes for the exam, ranging from 52% to 96%, so even higher than in the previous study . Undue pass
percentages for respectively 0, 1, and 2 Resits are 3.49%, 6.01%, and 7.21%. So these are also higher than in the previous
study dthough less than with the lower mean of 27.8. Neverthelessin this case one Resit has alarge impact on accuracy as
shown in Figure . At the lower KR20 = 0.64 one Resit gives asubstantial improvement from 82.5% correct to 88%. A
second Resit, however, shows no added vdue  dl.



CTT: %Correct on KR20 for Resits=0,1,2
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CTT: Higher Mean (32) %Correct on KR20 for Resits=0,1,2.

So whether aResit improves the accuracy or not as evaluated within the CTT framework depends on the %Passing the
exam.

Discussion

The effect of Resits on %Correct was different for IRT and CTT. Another difference between IRT and CTT is the
number of Passes for the exam. With IRT for each value of Resits the number of Passes increases with KR20. For CTT this
is only the casefor no Resits, and less pronounced than for IRT, as shown in Figures and . It aso strikes that for each

combination of vaues of KR20 and Resits there still is an enormous variability in the percentage passing the exam, dueto
changes in procedure.
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Inthe IRT study, dthough the situation with respect to %Passing the examis even worsethan inthe CTT case mean 51%
range from 20% to 80%, the amount of undue Passes is much more favorable, the meansfor 0, 1, and 2 Resits being 2.36%,
4.28%, and 5.47%. In view of the results shown in Tables 1 and 1b above, where a least for the forty item test alarger local
score variance was found for the IRT casethan for the CTT case this finding was unexpected. M ost probably the
discontinuous nature of scores and the relative positions of the edges with respect to the scores are again to blame here.
Theselower undue passes keep the positive effect on accuracy of Resits upright. | think the final conclusion of this study
must be that the positive effect of Resits on accuracy is probably sensitiveto

1. Percentage passing

2. The exact position of the edges with respect to surrounding discontinuous scores.

However, becausethese variables were not part of the present investigation this conclusion can only be provisional, and

further research focused on these variables is needed to obtain a clearer picture.
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