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Article Info Abstract

Keywords: The purpose of this research was to evaluate the effect of item pool and selection
algorithms on computerized classification testing (CCT) performance in terms of some
classification evaluation metrics. For this purpose, 1000 examinees’ response patterns
using the R package were generated and eight item pools with 150, 300, 450, and 600
items having different distributions were formed. A total of 100 iterations were
performed for each research condition. The results indicated that average classification
accuracy (ACA) was partially lower, but average test length (ATL) was higher in item
pools having a broad distribution. It was determined that the observed differences were
more apparent in the item pool with 150 items, and that item selection methods gave
similar results in terms of ACA and ATL. The Sympson-Hetter method indicated
advantages in terms of test efficiency, while the item eligibility method offered an
improvement in terms of item exposure control. The modified multinomial model, on the
Research Article other hand, was more effective in terms of content balancing.
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1. Introduction

Computerized adaptive testing (CAT) has an increasing popularity among researchers and practitioners and
has been widely preferred in the large-scale testing applications. Given that computers work more
efficiently with item response theory (IRT), it can be noted that IRT is the fundamental theory in CAT
applications. The most significant advantage of IRT is possibly the independence of item parameters across
sub-samples and individual parameters from the items (Hambleton & Swaminathan, 1985). Although the
examinees are tested through different sets of items, their scores can be compared with those of others
thanks to these advantages of CAT applications as the items have been calibrated by IRT models (Krabbe,
2017). In this sense, CAT applications differ from the current paper and pencil tests in which all items are
administered collectively in a fixed-form test. Through CAT, each examinee is offered a smaller set of
items based on their individual performances in line with their ability levels. Thus, examinees’ ability levels
are more reliably estimated through CAT measurements (Bao, Shen, Wang, & Bradshaw, 2020; Krabbe,
2017; Fan, Wang, Chang, & Douglas, 2012; Thompson, 2009). On the other hand, computerized
classification testing (CCT) is employed when the aim of the test is to classify participants based on test
results in two or more categories. Considering the high stakes tests in such fields as medical licensure or
educational proficiency examinations, the decision to be made according to the test type is directly related
to people’s life and future. Therefore, it is of great importance for CCT applications themselves that they
have high classification accuracy rates (Thompson & Ro, 2007). Further, the fact that classification of
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examinees has been made through fewer items but high classification accuracy (lower classification errors)
shows that CCT application has high level of test efficiency (Thompson, 2009). Weiss and Kingsbury
(1984) note that there must be decisions to be made related to the components of a CAT procedure as
follows: (i) item response model, (ii) item pool, (iii) entry level, (iv) item selection rule, (v) scoring method
(ability estimation method), (vi) termination criterion. Thompson (2007), on the other hand, posits that
although CCT applications are similar to CAT procedures, they consists of five basic technical components:
(i) psychometric model, (ii) calibrated item bank, (iii) starting point, (iv) item selection algorithm, (v)
termination criterion (classification/scoring procedure). Therefore, it is possible to suggest that CCT
applications differ from CAT in terms of ability estimation. In this sense, Weiss and Kingsbury (1984)
suggest that the test administration should be terminated when the ability estimation of examinee is
achieved with the desired precision in CAT, In this sense, Weiss and Kingsbury (1984) suggest that the test
administration should be terminated when the expected ability estimation of examinee is achieved in CAT,
but according to Thompson (2007), it should be terminated when the examinee has been classified in one
of the predetermined categories.

In addition to the components mentioned above related to individualized tests, such constraints as item
exposure control and content balancing in CAT applications can also be considered in CCT applications in
order to achieve valid, reliable measurements with high level of test security. Although content balancing
and item exposure control are simultaneously regarded as additional constraints in recent CAT studies,
these restrictions are not taken into account in many CCT studies. In this regard, this gap in the literature is
worth to examine the issues about content balancing and item exposure control.

The purpose of this research was to evaluate the effect of item pool and selection algorithms (e.g. item
selection methods, content balancing methods, and item exposure control methods) on CCT performance
in terms of classification evaluation metrics. Within the frame of this purpose, CCT simulations were
performed on different size item pools, consisting of unidimensional and dichotomous items and showing
peaked and broad distributions. In the evaluation of CCT performance, average classification accuracy
(ACA), average test length (ATL), applied content rates, the proportion of overexposed items in the pool
(i.e., the proportion of items in the pool with exposure rate exceeding rmax) (OEX), the mean exposure rate
of overexposed items (MOEX), and test overlap values were used in the current study.

The sub-problems of the current study were identified as follows:

How do ACA, ATL, applied content rates, OEX, MOEX and test overlap values in the item pools with 150,
300, 450 and 600 change in the cases where the item pools show peaked or broad distributions based on
dichotomous classifications in which the sequential probability ratio test (SPRT) classification criterion is
employed together with cutscore based item selection methods related to the Maximum Fisher Information
(MFI-CB) and the Kullback-Leibler Information (KLI-CB), and content balancing methods such as
constrained CAT (CCAT) and modified multinomial model (MMM), and item exposure control methods
including Sympson-Hetter (SH) and item eligibility (IE)?

The previous literature has shown a wide range of studies on applications. Among these are classification
criteria (e.g., Kingsbury & Weiss, 1980; Spray & Reckase, 1996; Thompson, 2009), item selection methods
(e.g., Eggen, 1999; Lin & Spray, 2000) or classification criteria crossing with different item selection
methods (e.g., Eggen & Straetmans, 2000; Thompson & Ro, 2007). There have been, on the other hand,
few studies on such constraints as content balancing and/or item exposure control. Even though there are
concerns over using these constraints on the research conditions may eliminate the differences between
item selection methods, it is an undeniable fact that content balancing is required for tests covering content
areas based on maximum information and with high content validity, while item exposure control is for test
security that can be increased through the proper utilization of the item pools (Leroux et al., 2019; Lin,
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2011). Given the advantages by tests with high validity and test security to the classification accuracy of
the examinees, it is possible to consider new CCT applications in which content balancing and item
exposure control are considered in the research constraints as a new contribution to the literature. In this
sense, this study is thought to useful for making significant contributions to the literature. For the purpose
of the research, below are described design of the research, data generation, CCT simulation conditions and
data analysis process. Then, the findings are presented and the results of the research are discussed. Finally,
recommendations are given for future applications and research.

2. Methodology

This study is a descriptive one examining item selection methods, content balancing methods, and item
exposure control methods used in CCT applications over different size item pools with peaked and broad
distributions. Descriptive studies are those in which a given state of affairs is described as thoroughly as
possible (Fraenkel, Wallen & Hyun, 2012). This study is a simulation research, as well. Simulation studies,
which form and analyse many different research conditions simultaneously, allow researchers to examine
more complex research designs (Dooley, 2002). The dependent variables in this study are ACA, ATL,
applied content rates, OEX, MOEX, and test overlap rates, whereas the independent variables are item
selection methods (MFI-CB, KLI-CB), content balancing methods (CCAT, MMM), item exposure control
methods (SH, IE), item pool distribution (peaked, broad) and item pool sizes (150 items, 300 items, 450
items, 600 items).

2.1. Data Generation

In this study, the three-parameter logistic model from the IRT models was preferred and the item pools
were designed such a way that they had 150, 300, 450 and 600 items having peaked and broad distributions.
The three-parameter logistic model was used in that it would contribute to the classification accuracy by
taking into account the guessing parameter (parameter c) as well as the item discrimination parameter
(parameter a) and the item difficulty parameter (parameter b). For the items in the pools, the item
discrimination parameter a was generated between a~UJ[0.5, 2.0] range as it had uniform distribution for
medium and high discrimination based on the study conducted by Kingsbury and Weiss (1980). The item
difficulty parameter b, on the other hand, was generated as b~N(0, 0.4) in the item pools having a peaked
distribution and as b~N(0, 1.5) in the item pools with a broad distribution for getting close to the real values
considering the study of Thompson (2009). Finally, the guessing parameter ¢ was generated as c~N(0.20,
0.05) from the normal distribution by considering the probability of selecting the correct item option by
20%. Further, ability parameters were randomly generated in the R program in a way that 1000 examinees
with normal distribution were 6~N(0, 1). In addition, each examinee's item response pattern was also
simulated in the R program.

2.2. CCT Simulation Conditions

Below are some explanations about CCT simulation conditions as sub-headings.

2.2.1.Starting point

In CCT applications, examinee ability at the mean of the population or a likelihood ratio of 1.0 (an even

ratio) is often used as the starting point (Thompson, 2007). Based on this, the starting point ¢ = 0 was
determined as the default value in all conditions in the current study.
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2.2.2.Item selection

Intelligent item selection methods, based on the random selection of the best item among the unused items
in the pool, are often classified into two types, cutscore based and estimated based (Thompson, 2007). The
cutscore based (CB) methods related to the IRT are Maximum Fisher information (MFI), Maximum
Kullback-Leibler information (KLI) and log-odds ratio criterion. Accordingly, these three methods are
comparable with each other (Lin & Spray, 2000).

The MFI method aims to maximize the information at a cut point (6), the probability of a correct answer P
and the probability of a wrong answer Q, and is formulated by the following equation (Embretson & Reise,
2000).

dap; (6
1;(6) = [al—é)]z/Pi(e)Qi(Q)

The KLI method, on the other hand, evaluates the information between 6o and 61 around the nearest cutting
point as the probability of a correct answer P and the probability of a wrong answer Q and the equation
below displays the sum of KLI of the items (Eggen, 1999).
P;(6 (6

l( 1) +Qi(91)log QL( 1)
P;(6,) Q:(6o)

In this current study, MFI-CB and KLI-CB from cutscore based item selection methods were used.

K;(6:116,) = P;(6,)log

2.2.3. Ability estimation

Maximum Likelihood Estimation (MLE), Marginal Maximum Likelihood Estimation (MMLE), Weighted
Likelihood Estimation (WLE), Maximum A Posteriori (MAP), and Expected a Posteriori (EAP) are the
most used ability estimation methods from the unidimensional IRT model applied in the literature. These
methods, however, are subjected to several disadvantages. Accordingly, Warm (1989) suggests that all
these estimation methods can produce biased estimates to some degree. Bias is a major disadvantage for
CCT applications in that it can systematically affect the precision of the cut score (Wang & Wang, 2001).
When the item pool size is small, the EAP may bias results toward the mean of estimated ability levels. The
previous study has indicated that increasing the number of items reduces the bias of maximum likelihood
estimates, but there is no clear-cut answer about how many items will reduce the bias (Wainer & Thissen,
1987). In this sense, considering the item pool sizes in this current study, the EAP ability estimator method
which can make unbiased estimations as much as possible, was used.

2.2.4. Classification criteria

There are three basic classification criteria based on IRT in CCT applications: SPRT, CI, and Bayesian
decision theory. All three classification criteria require fewer items than traditional fixed-form tests, and
provide a similar level of classification accuracy (Kingsbury & Weiss, 1983). Further, Thompson (2009)
notes that while the item selection method is based on the cutscore in both peaked and broad distributions
of item pools, the SPRT classification criterion is more useful in terms of test efficiency. Accordingly, in
the present research, based on the cutscore based item selection, the SPRT classification criterion,
frequently used in the literature, was preferred. In addition, considering the research conditions for SPRT,
the indifference region constant was determined as o: .35.

2.2.5.Content balancing

An examination of previous research has shown that content balancing methods often used in CCT
applications are the spiraling method (Kingsbury & Zara, 1989) (e.g., Finkelman, 2008; Huebner, 2012)
and the constrained CAT (CCAT) method (e.g., Eggen & Straetmans, 2000; Huebner & Li, 2012). Unlike
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the previous research in the literature, in this study, MMM method, used by Lin (2011), was employed so
as to determine performance differences among methods in addition to CCAT method.

While a test is performed, the content balancing process via CCAT method is as follows (Kingsbury &
Zara, 1989).

15t Step: Following the administration of an item, examinees’ provisional ability level estimate is calculated.
2"d Step: Percentage of items which have already been administered in each content area are calculated.

3 Step: Calculated percentages and predetermined desired percentages are compared and content area with
the largest discrepancy is identified.

4™ Step: The most informative item at the examinees’ provisional ability level estimate from the content
area with the largest discrepancy are selected and administered it to the examinees.

These steps are iteratively performed after each item until the test is terminated. Then, the test is completed
when any predetermined test termination criterion is satisfied.

In MMM method, on the other hand, following a multinomial distribution, a cumulative distribution is
created based on prespecified content rates for each sub-content area. Then, a number is randomly selected
from a uniform distribution ranging from 0 to 1, and the most appropriate item selected from the sub-content
area to which this number corresponds is administered to the examinees. For example, in this current study,
in which the desired content coverages were 0,45, 0,35 and 0,20 respectively, the cumulative percentage
for contents 0,45, 0,80 (0,45 + 0,35) and 1 (0,80 + 0,20) were respectively. If 0,3 is selected as a random
number in a uniform distribution ranging between 0 and 1, the first sub-content is selected. If a random
number 0.7 is chosen, the second sub-content is selected The iterative process is carried out through the
administration of the best item in the chosen sub-content to the examinee. A randomized content area
sequence prevents content sequencing predictability. The randomized content selection ends when a desired
content percentage is achieved (Lin, 2011).

In this study, the minimum number of items to be used before terminating the test was limited to 5 and the
maximum number of items to 30, considering the research conditions such as item pool sizes, content
balancing and item exposure control. Item pools designed with 150, 300, 450, and 600 items derived in the
R program when included under the content balancing research conditions with CCAT or MMM were
divided into three content areas with the random item assignment. Then, with the help of loops written by
the researcher, item selection was performed based on these content areas. The desired percentages of the
prespecified content areas were adjusted to be 45%, 35% and 20%, respectively.

2.2.6. Item exposure control

The random item selection from randomized strategies and SH method from conditional selection strategies
are the most widely established item exposure control procedures (Sympson & Hetter, 1985). In the present
study, SH and IE methods which are considered as more effective than random item selection and are based
on the conditional selection strategy under realistic test conditions (van der Linden & Veldkamp, 2004)
were used. SH and IE methods check the desired maximum item exposure rate (rmax), by assigning an
exposure control parameter (Km) to each item in the pool. The difference between the methods is how and
when these Km parameters are calculated (Huebner, 2012). In SH method, Kmis a constant parameter and
is calculated through iterative simulations before the administration of the test to examinees as follow:

1 l’f P(Sm) S Tmax

Km = rmax .
P(Sm) lf P(Sm) > Tmax

In each iteration of these preliminary simulations, the probability P(Sm) of choosing m items is recalculated
and the item exposure control parameters are updated consistent with this rule (Huebner, 2012).
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IE method, on the other hand, needs no preliminary simulations and Km(i+1) is updated using the following
rule at the time of administration of the test, with the item exposure control parameter based on individuals
1,2, ..., i and the probability of administration of the item m P(Am) (Huebner, 2012).

P(l l)(A )
{ 1 if o O < Tnax
PaRGE :4 K
m i ;
l Tmame(l) i pQ-i (Am) > 7
p(l...i)(Am) Km(i) max

In this study, the desired maximum item exposure rate was defined as rmax=.20, which is thought to be an
average rate (Huebner, 2012; Leung, Chang & Hau, 2002; Thompson & Ro, 2007).

2.2.7.Classification categories and cutscore

In this present study, in which dichotomous classifications were made, the cutscore was set according to
the generated ability parameters of examinees. Similarly, in the study by Eggen and Straetmans (2000), the
first half of the ability parameters ranked from low to high were determined as level 1 and the second half
as level 2. Then 70% of the highest ability in the level 1 was taken as the cutscore (CS = 0.00).

2.2.8.1tem pool sizes and distributions

The simulations were designed to examine the effect of item pool distribution and item pool size in the
CCT application. Considering the study of Thompson (2009), a total of eight item pools (item pools of 150,
300, 450 and 600 items with a peaked distribution and item pools of 150, 300, 450 and 600 items with a
broad distribution) in the R program were designed.

2.3. Data Analysis

In a CCT application, it is mostly aimed at high ACA, low ATL, OEX, MOEX, test overlap rates and as
much as possible along with the applied content rates providing the desired content rates. As a result of
research by Harwell et al. (1996), a minimum of 25 replications were proposed for MC studies in IRT-
based research. In this regard, for the evaluations for these goals, 100 iterations were carried out for each
of the 64 simulation conditions and the values of the dependent variables were obtained by calculating the
average of the iterations. The test overlap rate was calculated by the following formula employed by Huo
(2009).

(ZCo)/Ci
G J)/IN

In this formula, N is the number of examinees, Co is the number of common items for any two examinees,
Cn? is the total number of possible pairs of N examinees, and Ji is the test length of examinee i.

Additionally, functions and loops were written in the R program as well as the item selection method for
content balancing and item exposure control.

3. Findings
Findings obtained in the study are presented in this section.

Table 1 shows the values calculated by averaging 100 replications performed for each simulation condition
related to the peaked distribution of item pools.
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Table 1. Comparison of the CCT applications over the peaked distribution of 1tem pools to different sizes.

IPS ISM CBM IECM  ACA ATL Applied Content Rates OEX MOEX Test
Overlap

150 MFI-CB CCAT SH 91 11.79 46.79 3416 19.05 20 .34 .32

IE .90 13.35 4585  34.28 19.87 17 21 19

MMM SH 91 11.80 4510 35.06 19.85 20 .33 31

IE .90 13.59 45.16 35.14 19.70 A7 .20 .18

KLI-CB CCAT SH 91 11.82 46.80 34.16 19.04 .20 .34 .32

IE .90 13.63 45.79 34.27 19.94 A7 21 19

MMM SH 91 11.77 44.97 35.07 19.96 .20 .33 31

IE .90 13.57 45,02  35.04 19.94 .18 21 19

300 MFI-CB CCAT SH 91 10.84 4748  34.06 18.46 .09 .34 .32

IE 91 11.66 4691 3417 18.92 .07 21 19

MMM SH 91 10.80 4507  34.92 20.00 .09 .33 31

IE 91 11.57 4498 35.05 19.97 .07 21 .18

KLI-CB CCAT SH 91 10.83 4751 3410 18.39 .09 .34 .32

IE 91 11.68 4696 34.14 18.90 .07 21 19

MMM SH 91 10.81 4503 35.05 19.91 .09 .33 31

IE 91 11.63 4505 34.98 19.97 .07 21 .18

450 MFI-CB CCAT SH 91 10.50 4778  34.06 18.16 .06 .34 .32

IE 91 11.04 4745  34.07 18.48 .05 21 .18

MMM SH .92 10.44 45.05 3497 19.99 .06 .33 31

IE 91 11.04 45.03 35.04 19.94 .04 21 .18

KLI-CB CCAT SH .92 10.43 47.83  34.03 18.13 .06 .34 .32

IE 91 11.07 4740  34.06 18.54 .05 21 .18

MMM SH 91 10.44 45.00 35.00 20.00 .06 .33 31

IE 91 11.06 4498 3499 20.03 .04 21 .18

600 MFI-CB CCAT SH .92 10.18 48.10 33.96 17.94 .04 .34 31

IE 91 10.74 4758  34.09 18.33 .03 21 .18

MMM SH .92 10.20 4495 35.03 20.02 .04 .33 31

IE 91 10.74 4489  35.03 20.08 .03 21 .18

KLI-CB CCAT SH 91 10.28 4794 3401 18.05 .04 .34 .32

IE 91 10.75 4763 34.06 18.30 .03 21 .18

MMM SH .92 10.25 4501 35.02 19.97 .04 .33 31

IE 91 10.73 45.03 35.03 19.94 .03 21 .18

Note: IPS= item pool size, ISM= item selection method, CBM= content balancing method, IECM= item exposure control
method, ACA= average classification accuracy, ATL= average test length, OEX= the proportion of overexposed items in the
pool, MOEX= the mean exposure rate of overexposed items, MFI-CB= maximum fisher information method based on
cutscore, KLI-CB= Kullback-Leibler information method based on cutscore, CCAT= constrained computerized adaptive
testing, MMM= modified multinomial model, SH= Sympson-Hetter method, IE= item eligibility method.

As can be seen from the table 1, in item pools with a peaked distribution, high classification accuracy
(between 90% and 92%) was obtained under all research conditions and item pool size did not affect ACA.
In terms of ATL, on the other hand, there were similar results for both item selection methods in item pools
of the same size. The results showed that there was a slight decrease in ATL as the item pool size increased.
Furthermore, especially in the 150-item item pool, regardless of the item selection method and the content
balancing method, when SH item exposure control method was used, there was slightly higher ACA but
lower ATL compared to IE method. Accordingly, it can be noted that test efficiency is higher in these
conditions. However, it is seen that this difference decreases, even almost disappears as the item pool size
increases. When MMM was employed as the content balancing method, the applied content ratios provided
the desired content ratios (45%, 35% and 20%, respectively). On the other hand, when CCAT method was
used, the applied content rates were partially above or below the desired content rates. There is evidence to
suggest that OEX rates are higher in the 150-item pool compared to other item pools. On the other hand, it
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is seen that the MOEX rates are similar for the same conditions in all item pools. For instance, in the 150-
item pool, under the conditions in which MFI-CB, CCAT and SH methods were used together,
approximately 20% of the items exceeded the item exposure rate (rmax = .20), and the mean exposure rate
of overexposed items was calculated as approximately .34. Further, it is important that OEX, MOEX and
test overlap rates were calculated lower regardless of other research conditions when IE item exposure
control method was used.

Table 2 shows the values calculated by averaging 100 replications performed for each simulation condition
related to the broad distribution of item pools.

Table 2. Comparison of the CCT applications over the broad distribution of item pools to different sizes.

IPS ISM CBM IECM ACA ATL Applied Content Rates OEX MOEX Test
Overlap

150 MFI-CB CCAT SH .90 14.28 45.35 3434 2031 25 .36 .33

IE .87 18.16 43.99 3440 21.60 27 21 19

MMM SH .89 14.35 44.99 35.02 20.00 .25 .33 .32

IE .88 17.23 45.10 34.88  20.02 21 21 19

KLI-CB CCAT SH .89 14.43 45.30 3433  20.37 .25 .33 .33

IE .87 17.09 44.26 3439 2134 22 21 19

MMM SH .89 14.43 45.04 3497 19.98 .25 .33 .32

IE .89 16.84 45.06 34.89 20.05 19 21 19

300 MFI-CB CCAT SH 91 12.42 46.41 3424 19.35 A1 .34 .32

IE .90 14.34 45.34 3434 20.32 .09 21 19

MMM SH .90 12.34 45,01 3499 20.00 10 .33 31

IE .90 14.10 44.95 35.05 20.00 .09 21 19

KLI-CB CCAT SH 91 12.44 46.40 3421 19.39 11 .34 .32

IE .90 14.13 45.48 3429 20.24 .09 21 19

MMM SH 91 12.46 45.03 3497  20.00 11 .33 31

IE .90 14.23 44.97 35.06 19.96 .09 21 19

450 MFI-CB CCAT SH 91 11.68 46.90 3416 18.94 .07 .34 .32

IE 91 13.01 46.11 3422  19.67 .05 21 19

MMM SH 91 11.74 44.98 35.00 20.01 .07 .33 31

IE .90 12.99 45.06 3496 19.98 .05 21 19

KLI-CB CCAT SH 91 11.72 46.85 3420 1895 .07 .34 .32

IE .90 12.93 46.09 3426 19.65 .05 21 19

MMM SH 91 11.65 45.04 3494  20.02 .07 .33 31

IE 91 12.92 45.02 3499 20.00 .05 21 19

600 MFI-CB CCAT SH 91 11.30 47.06 3418 18.76 .05 .34 32

IE 91 12.35 46.45 3422  19.33 .04 21 19

MMM SH 91 11.30 45.01 3495 20.04 .05 .33 31

IE 91 12.33 4491 35.03  20.05 .04 21 .18

KLI-CB CCAT SH 91 11.27 47.25 34.07 18.68 .05 .34 .32

IE 91 12.36 46.40 3422 19.38 .04 21 19

MMM SH 91 11.23 45.00 35.03 19.97 .05 .33 31

IE 91 12.24 44.92 35.05 20.03 .04 21 .18

Note: IPS= item pool size, ISM= item selection method, CBM= content balancing method, IECM= item exposure control
method, ACA= average classification accuracy, ATL= average test length, OEX= the proportion of overexposed items in the
pool, MOEX= the mean exposure rate of overexposed items, MFI-CB= maximum fisher information method based on
cutscore, KLI-CB= Kullback-Leibler information method based on cutscore, CCAT= constrained computerized adaptive
testing, MMM= modified multinomial model, SH= Sympson-Hetter method, IE= item eligibility method.

As can be seen from the Table 2, in the item pools with a broad distribution, high classification accuracy
(range 87% to 91%) was obtained under all research conditions, and when compared to Table 1, it is seen
that ACA decreased especially in 150-item pools with a broad distribution compared to item pools with a
peaked distribution, but ACA did not change much in larger size item pools. When Table 2 is compared to
Table 1 in terms of ATL, there needed more items, particularly in the item pool with 150-items, to terminate
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the test, and there was a slight decrease in ATL as the item pool size increased. In addition, there were
similar results in terms of ACA and ATL in the conditions created for both item selection methods used in
item pools with the same sizes. According to Table 2, it is seen that the OEX rates are higher in the 150-
item pool compared to other item pools, and when compared to Table 1, the OEX rates in the item pools
with a broad distribution are higher. Furthermore, in line with the findings on Table 1 regardless of item
selection method, test efficiency is higher when SH item exposure control method is used, but this
difference between SH and IE decreases as the item pool size increases. MMM method outperforms CCAT
method in providing the desired content rates, and the MOEX values are similar in all item pools under the
same conditions. Further, it was concluded that OEX, MOEX and test overlap rates were higher in general
when SH item exposure control method was used.

4. Conclusion and Suggestions

In this study, the comparison of cutscore based item selection methods, content balancing methods, and
item exposure control methods used in CCT applications in terms of different size item pools with peaked
and broad distributions were examined.

The findings of the study revealed that high classification accuracy was obtained in all research conditions
in the item pools with both peaked and broad distribution. Moreover, it was determined that ACA was
partially lower, while ATL was higher in item pools with a broad distribution. This difference observed
between peaked and broad distributions of item pools in terms of ACA and ATL is more evident especially
in the smallest item pool (150-item pool). This finding corraborated with the study by Thompson (2009).
Accordingly, Thompson (2009), concluded that while ACA had similar values, ATL was higher in broad
item pools in the comparison of item pools with peaked and broad distributions. Another finding in line
with Thompson (2009) is that in both peaked and broad distributions of item pools, there was a slight
decrease in ATL values as the item pool size increased. In addition, it was found out that ACA increased
along with the decrease in ATL in the item pools larger than 150 items. The item selection methods showed
similar results in terms of ACA and ATL. The similar results by the item selection methods MFI and KLI
may have derived from the fact that these two methods were similar in their nature. The items with
maximum information at the examinee’s recent ability is selected in the ability estimation through MFI,
whereas the items with maximum information is preferred at the bounds of the indifference region in the
ability estimation through KLI (Spray & Reckase, 1994). Regardless of the distribution of the item pool, it
was concluded that in the conditions where SH item exposure method was used, slightly higher ACA and
lower ATL were calculated compared to IE method. Accordingly, it is seen that SH method is more
advantageous in terms of test efficiency. However, this difference by SH and IE decreased as the item pool
size increased. In addition, OEX, MOEX and test overlap values were calculated lower when item exposure
control was performed with IE method. Accordingly, it can be noted that IE method is more advantageous
in terms of item exposure control. Huebner (2012) supported this finding by concluding that IE method is
more effective than SH method in terms of item exposure control. Based on this finding, it can be concluded
that 1E method needs as large item pools as possible in order to perform better in terms of test efficiency as
well as item exposure control. There is also evidence that content balancing with MMM method provided
desired content rates in all conditions, and therefore performed better than CCAT. Similarly, Lin (2011)
found that compared to the most frequently used content balancing methods in CCTs, MMM method,
mostly used in CATs in the literature, is more successful in providing the desired content balance as it
successfull controlled content balancing. The results of this study indicated that OEX rates were higher in
the item pools with 150 items and in those with a broad distribution. On the other hand, MOEX and test
overlap rates were similar under the same conditions in item pools with both peaked and broad distributions.
The reason why the test overlap values did not change despite the larger size of the item pool may be the
fact that the item pools show similar conditions in terms of test overlap and that they include at least 150
items which make them large enough. Accordingly, based on the results obtained from the current study, it
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can be noted that it is worth to use item pools larger than 150 items as much as possible to increase the
ACA value and decrease the ATL and OEX values in line with the expectations in CCT applications.
Furthermore, for more effective CCT applications in which item exposure control and content balancing
are performed, the use of larger item pools should be preferred when the item pools with broad distributions
are used compared to those with peaked distributions.

Considering the results of this paper, there are some practical implications. In order to perform CCT
applications with higher ACA and lower ATL (with higher test efficiency), it can be recommended that the
item pool should be as close to a peaked distribution as possible and SH method should be preferred. On
the other hand, if item exposure control is of critical importance, the more advantageous IE method can be
employed. Further, the use of MMM method may be preferred for content balancing purposes. In general,
as large item pools as possible can be used to gain advantages in terms of test efficiency, item exposure
control, and content balancing. In this regard, as large item pools as possible can be used to be able to
provide advantage in terms of test efficiency, item exposure control, and content balancing. In future
studies, comparing the item pools with peaked, broad, and normal distributions in terms of different
classification criteria, ability estimation methods, and item selection methods can provide contribution to
the related literature. In addition, these comparisons can be conducted by considering multi-dimensional
item pool or real data sets.
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