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1. INTRODUCTION

Multiple matrix sampling, also known as rotated booklet design or matrix sampling, is a
technique where different participants answer different item blocks to reduce the number of
items that each examinee answers while ensuring content coverage. This design is based on the
idea of dividing a large item pool into blocks of items and administering different but linked
booklets to examinees. Therefore, the so-called “item sampling” makes it possible to administer
a large set of items (Lord, 1962). The rotation of the items or blocks across the booklets allows
us to obtain a reliable and valid measurement of the examinees' abilities as a group and accurate
item parameters while reducing the burden of excessive testing. This design is commonly used
in international large-scale assessments (ILSASs). The utilization of rotated booklet designs has
become increasingly popular in ILSAs, serving as an effective means of gathering population
achievement level estimations from a large number of individuals through the use of large item
pools. Overall, Multiple Matrix Sampling (MMS) (Lord, 1962; Shoemaker, 1973) allows for
calibrating large item pools while minimizing the test burden on students.

The item sampling is termed as the rotated booklet design in large-scale assessments
(Rutkowski et al., 2010) or multiple matrix sampling (OECD, 2023). This design is used not
only in ILSAs, but in any large-scale assessment that intends to calibrate a large item pool, such
as when building an item bank in computerized adaptive testing. As stated by Shoemaker
(1973), when the item pool is substantial, the MMS design provides a practical advantage for
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estimating the parameters of the items. Also, this design reduces overall testing time and cost
for assessment by reducing testing time per examinee and allowing for a more efficient use of
resources (Shoemaker, 1973). Overall, Shoemaker (1973) listed the advantages of MMS as
follows: MMS reduces the standard error of the estimate and makes it possible to test a large
number of items. Also, as participants answer some parts of the items, testing time is reduced.

Thus, when the purpose is to estimate the proficiency distribution of a population, estimate the
person parameters, or estimate item parameters using a large item bank, MMS design provides
an efficient way to achieve these goals. Integrating IRT and MMS design allows comparable
person or item parameters as IRT can estimate these parameters on a common scale. When
estimating population parameters, the latent regression IRT model that utilizes item responses
and covariates is a widely used model. In this approach, the multiple imputation technique
(Rubin, 1987) is used to estimate the plausible values based on the posterior distributions. When
the aim is to estimate person parameters, more items per person are needed to increase the
measurement precision of individuals, whereas when the aim is to estimate population
parameters, increasing the precision for the population is vital (Gonzales & Rutkowski, 2010).
When estimating item parameters, various booklet designs are used. These designs are
explained in the following section.

1.1. Rotated Booklet Design Types

The requirement to give subtests of items to examinees has prompted the development of
various booklet designs. The decision for the specific design is given based on the purpose of
the test and the applicability of the design. For computer-based linear tests or paper-based tests,
the design needs to be established before finalizing the test booklets. In computerized adaptive
tests or multi-stage tests, the items or blocks of items to be administered to examinees are
decided based on some algorithms (Gonzales & Rutkowski, 2010).

Gonzales and Rutkowski (2010) categorized booklet designs into complete and incomplete
designs. Complete booklet designs are those in which all items or blocks are presented in each
form, resulting in all items being answered by all examinees, either in the same order or the
rotated order. In complete design, multiple forms can be used by rotating the positions of the
items to control the position effect. On the other hand, incomplete booklet designs include
booklets that contain a subset of items or blocks. Thus, each examinee answers a subset of all
items in the latter one.

Booklet designs are also categorized as balanced and unbalanced designs (Gonzales &
Rutkowski, 2010). In a balanced design, every item or block is rotated to appear an equal
number of times in each form, whereas in an unbalanced design, some items or blocks rotate,
but others generally appear only one time. Balanced booklet designs could control the order
effect by counterbalancing.

The balanced incomplete block design (BIBD) was proposed by Lord (1965), in which each
subset of items or blocks rotates to appear an equal number of times; therefore, the BIBD
balances the position of each item. Table 1 shows one example of a BIBD in which there are a
total of 10 items/blocks in the item bank, each student answers five items/blocks, and each
item/block appears an equal number of times. On the condition of a large number of items,
Shoemaker (1973) investigated the effectiveness of a Partially Balanced Incomplete Block
design (PBIBD) compared to a BIBD, finding that the PBIBD could accurately reproduce
known means across various conditions. In the PBIBD, each cluster appears a set number of
times but does not appear with every other cluster (Rutkowski et al., 2013). A variation of the
PIBD was used in TIMSS 2011 and PIRLS 2011.
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Table 1. An example of a balanced incomplete block design.

item1/ item2/ item3/ item4/ item5/ item6/ item7/ item8/ item9/ item10/

Booklet blockl block2 block3 block4 block5 blocké block7 block8 block9 block10
1 X X X X X
2 X X X X X
3 X X X X X
4 X X X X X
5 X X X X X
6 X X X X X
7 X X X X X
8 X X X X X
9 X X X X X
10 X X X X X

Table 2 shows one example of an unbalanced incomplete block design (UIBD) in which there
are a total of 10 items/blocks in the item bank; each student answers four items/blocks.
Items/blocks appear an unequal number of times. Both designs provide links across booklets to
calibrate items on the same scale. One of the widely used examples of the BIBD, the BIB7 or
Youden squares design, has seven rotated blocks, as shown in Table 3 (Gonzales & Rutkowski,
2010). All blocks are arranged to show up an equal number of times. NAEP, PISA, and TIMSS
use designs originated from the BIB7.

Table 2. An example of an unbalanced incomplete block design.

Booklet item1 item2 item3 item4 item5 item6 item7 item8 item9 item10

1 X X X X
2 X X X X
3 X X X X
4 X X X X

Table 3. BIB7 or Youden squares design.

Booklet Blocks
1 A B C
2 B C D
3 C D E
4 D E F
5 E F G
6 F G A
7 G A B

One commonly used UIBD includes a common part (anchor) and varying blocks. Table 4
depicts an example of such a UIBD, where there is one common block (A) and rotating blocks
(B to G). Another version of a UIBD features rotating common parts and non-common parts
that appear only once, as depicted in Table 5. In the example given in Table 5, booklet 1 and
booklet 2 are linked to each other with C2; booklet 2 and booklet 3 are linked to each other with
C3, and so on. For instance, having an item pool of 90 items, the nonrotating part (such as A)
might have 10 items, whereas rotating anchors might have 5+5=10 items (such as C1 and C2).
Therefore, 90 items could be calibrated while each student answers 20 items in a one-lesson
duration.
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Table 4. An example of an unbalanced incomplete block design.

Booklet Blocks
1 B C A
2 C D A
3 D E A
4 E F A
5 F G A
6 G B A

Table 5. An example of an unbalanced incomplete block design.

Booklet Blocks
1 A C1 Cc2
2 B C2 C3
3 C C3 C4
4 D C4 C5
5 E C5 C6
6 F C6 C1

1.2. Procedural Issues in MMS

Shoemaker (1973) described some procedural issues regarding the application of MMS. The
process of MMS consists of three steps: (a) creating booklets with related items or blocks, (b)
administering each booklet to selected examinees, and (c) calibrating item and person
parameters. Following these steps raises a number of issues to consider when developing the
design. For instance, how many subtests will be created? How many test takers are required per
booklet? Which is preferable: making fewer booklets with more items in each, or more booklets
with fewer items in each? For a more detailed discussion, please visit the book of Shoemaker.

1.3. MMS Designs in Large-Scale Assessments

To minimize student burden and estimate population parameters, large-scale assessment
programs (e.g., PISA, NAEP, PIRLS, and TIMSS) use the MMS design as they have wide
content coverage. As the purpose of these large-scale assessments is to make inferences based
on the population, individual scores are not provided to participants. Focusing on population
parameters instead of sample parameters allows one to use the most appropriate MMS design
based on specific purposes (Gonzales & Rutkowski, 2010).

In PISA 2021, for questionnaire sections, a within-construct matrix sampling design was used.
In this design, questions rotate within constructs instead of between constructs. Thus, a student
answers different subsets of questions for each construct. In PISA 2018 field trial design, many
testlets were used to eliminate the item order effect, and then, students were randomly assigned
to these testlets (OECD, 2020). PISA also links their assessments to the one that preceded it by
anchor bookilets.

TIMSS 2023 administration used a group adaptive assessment design while maintaining the 14-
block TIMSS design (Table 6). The booklets were composed of difficult (D), medium (M), and
easy (E) items. Seven of the fourteen booklets were created with difficult or medium blocks,
whereas the other seven were created with medium or easy blocks. The booklets are linked via
common blocks. 70% of the students in high-achieving countries were randomly assigned to
more difficult booklets and rest were assigned to the easy booklets (30%); for middle-level
countries, these percentages were 50% and 50%; and for low-achieving countries, 30% of the
students were randomly assigned to more difficult booklets, and the rest were assigned to the
easy booklets (70%). The idea is to better match assessment difficulty with student ability in
each country (Yin & Foy, 2021).
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Table 6. TIMSS booklet design.
Booklets Blocks

1 SM1 SD1 MM1 MD1

2 MD2 MD3 SD2 SD3

More 3 SM2 SD2 MM2 MD?2
Difficult 4 MD5 MD1 SD5 SD1
Booklets 5 SM3 SD3 MM3 MD3
6 MM4 MD4 SM4 SD4

7 SD4 SD5 MD4 MD5

8 ME1 MM1 SE1 SM1

9 SE1 SE2 ME1 ME2

Less 10 ME2 MM2 SE2 SM2
Difficult 11 SE3 SE5 ME3 ME5
Booklets 12 ME3 MM3 SE3 SM3
13 SE4 SM4 ME4 MM4

14 ME5 ME4 SE5 SE4

First M: Mathematics; Second M: Medium; S: Science; D: Difficult; E: Easy

1.4. Studies Based on MMS Designs

MMS designs are used to estimate the proficiency distribution of a population, person
parameters, or item parameters utilizing a large item bank. In international large scale
assessments, the main purpose of using MMS designs is to estimate population parameters.
NAEP, TIMSS, and PISA use MMS design to control the item exposure rate and to ensure that
an adequate number of items are presented to each individual for estimating population-level
achievement (Rutkowski, 2014). Also, another benefit of using a rotated booklet design is
minimizing student burden.

Several studies were conducted to compare different designs using Large Scale Assessment
data (e.g., PISA). With a focus on investigating missing data imputation and plausible value
generation methodologies, Kaplan and Su (2016) conducted studies to compare three distinct
designs: the two-form design, the three-form design, and the PBIBD (partially balanced
incomplete block matrix sampling design), utilizing data from the PISA 2012. For a similar
purpose, Adam et al. (2013) developed and compared two-form MMS designs using data from
the PISA 2006. They have also exemplified the use of MMS designs for questionnaires in their
study.

Some studies consider estimating item parameters and population-level parameters for
questionnaires. Munger and Loyd (1988) showed that the MMS procedure could be used for
the mail survey questionnaires. They reported that the response rate was higher in item-sampled
questionnaires. When there are many items in a questionnaire, and the purpose is to estimate
item parameters, multiple matrix sampling could be used to minimize the participant burden.
In her dissertation, Yan Zhou (2021) conducted a simulation study to develop and compare
MMS designs, utilizing non-overlapping short blocks to divide a lengthy context questionnaire
(CQ).

Simulation studies provide valuable information about different designs and methods. Gressard
and Loyd (1991) conducted a Monte Carlo simulation study to examine how item sampling
through item stratification influences parameter estimation when utilizing multiple matrix
sampling with achievement data. Gonzales and Rutkowski (2010) compared various designs
based on a simulation study. They focus on the effects of various designs on estimating person
ability estimates and item parameters and discuss key issues for developing a booklet design.
They point out that test developers should find a balanced model for their data since different
results would be obtained for the real data.
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1.5. Present Study

MMS designs are used when a large set of items is required to measure a construct to minimize
burden on participants. Like computerized adaptive testing, large scale assessments require a
large and calibrated item bank; therefore, the use of rotated booklet design offers advantages in
estimating item parameters and developing the item bank. While MMS designs are useful for
covering a broad content, minimizing student burden and testing time, and facilitating the
estimation of population parameters, estimating item parameters on a common scale requires
advanced item analysis techniques. However, the majority of MMS studies focus on estimating
student parameters with various designs. Despite the growing number of studies requiring a
calibrated large item pool, there is a dearth of literature offering practical guidance on how to
estimate item parameters utilizing MMS designs in real datasets. Thus, the purpose of the
current study is to explain and provide an example of how to calibrate a large item bank that is
given to students with an MMS design. In the current study, it is exemplified how a real item
pool, including 540 math items at the fourth-grade level can be calibrated via UIBD.

2. METHOD

2.1. Participants

The current study makes use of items and data from a project that aims to develop a CAT system
for fourth graders. In the field test phase, 3108 students- 66% of public schools and 34% of
private schools-participated in order to calibrate an item bank including 540 mathematics items.
A total of twelve public schools and twenty-three private schools participated in the current
research. The schools and the students volunteered to attend the study.

2.2. Instrument

To create a computerized adaptive test system, first, a large item pool of fourth-grade
mathematics items, 540 items, was developed. These items were developed based on TIMSS
assessment framework where items were planned to measure three types of cognitive
dimensions: knowing, applying and reasoning (Mullis et al., 2021). Due to the hierarchical
nature of TIMSS taxonomy, knowing items are supposed to be simpler than applying items,
whereas reasoning items are the most cognitively demanding. To enable simultaneous
calibration of these 540 items, they were placed into 36 booklets, each containing 20 items (see
Table 7). Items were placed accordingly to create parallel booklets in terms of content and
cognitive dimensions, and applying items were mainly placed to anchor items as applying items
are suitable to the majority of the students. This procedure has been done by measurement
specialists and math educators according to the test blueprint. Using blocks by grouping items
was also useful to maintain the similarity of the item contexts for each booklet. Otherwise,
participants’ scores could be affected by unequal context distribution, and this situation might
create construct-irrelevant variance (Gonzales & Rutkowski, 2010).

The testing time is one of the most significant limitations in actual data collection. Considering
that classes often run 40 or 50 minutes, 20 items per student would be considered sufficient.
Thus, a UIBD was selected in order to calibrate 540 items while administering the minimum
item per student. Complete booklet designs were not selected as they required 540 items to be
given to each pupil. Furthermore, the BIBD were not preferred since they necessitated using an
equal quantity of each item, which meant making more booklets. For instance, a BIBD with 20
items per a booklet will result in 540 booklets; a very large sample size is needed to calibrate
that many booklets. Therefore, to have a minimum number of booklets, a UIBD was selected.
In the UIBD, similar to the one in Table 5, 540 items could be calibrated using 36 booklets. In
the current study design, the first blocks, like block As, had 10 items, and the anchor blocks,
block Bs and block Cs, each had five items. Therefore, we end up with a total of 20 items per
booklet and 36 booklets. Booklet 1 is linked to booklet 2 via B1 and to booklet 36 via C18;
booklet 2 is linked to booklet 1 via B1 and to booklet 3 via C1, and so on. The total quantity of
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booklets will differ based on the number of items in each block; for instance, fewer booklets
will be produced overall if there are fewer items in the anchor blocks and more items in the
initial blocks. But since fewer items in anchor blocks could raise the standard error, a substantial

number of items are needed in anchor blocks.

Table 7. Multiple Matrix Design of the current study.

Unique Items Blocks A

(36 Blocks; 10 items each)

Anchor Item Blocks B

(18 Blocks; 5 items each)

Anchor Item Blocks C
(18 Blocks; 5 items each)

Booklet 1 Block A1 (items 1-10) Block B1 (items 361-365) Block C18 (items 536-540)
Booklet 2 Block A2 (items 11-20) Block B1 (items 361-365) Block C1 (items 451-455)
Booklet 3 Block A3 (items 21-30) Block B2 (items 366-370) Block C1 (items 451-455)
Booklet 4 Block A4 (items 31-40) Block B2 (items 366-370) Block C2 (items 456-460)
Booklet 5 Block A5 (items 41-50) Block B3 (items 371-375) Block C2 (items 456-460)
Booklet 6 Block A6 (items 51-60) Block B3 (items 371-375) Block C3 (items 461-465)
Booklet 33 Block A33 (items 321-330) Block B17 (items 441- 445) Block C16 (items 526-530)
Booklet 34 Block A34 (items 331-340) Block B17 (items 441- 445) Block C17 (items 531-535)
Booklet 35 Block A35 (items 341-350) Block B18 (items 446- 450) Block C17 (items 531-535)
Booklet 36 Block A36 (items 351-360) Block B18 (items 446- 450) Block C18 (items 536-540)

2.3. Data Analysis

Student data was collected on the Concerto Platform as a long data format (examinees in rows
and variables in columns). Data cleaning and preparations were handled using R (R Core Team,
2023) and the dplyr package (Wickham et.al., 2023). Following the administration of the
booklets, four items were removed from the dataset as two items had zero variances, and the
other two items had a printing error. Then the local independence assumption was checked by
using Yen’s Q3 statistic with a 0.20 cut-off criterion (Chen & Thissen, 1997). According to
Yen’s Q3 statistics, 23 items that violate local independence assumption were eliminated.

Items were calibrated with the mirt package (Chalmers, 2012) using mirt () and
multipleGroup () functions. We refer to the method that uses mirt () function as the
standard method and multipleGroup () function as the multiple group method. The
standard method is used for IRT item calibrations according to dichotomous and polytomous
IRT models. On the other hand, the multiple group method is utilized for vertical scaling
(particular items answered by only one group while both groups answered common anchor
items) in addition to its major applications, such as detecting differential item functioning (DIF)
and differential test functioning (DTF). It divides the data into subsets, applies the conventional
procedure to each subset independently, and then aggregates the outcomes. During this process,
multiple group method allows the user to constrain some parameters to be equal (e.g.,
anchoring). On the other hand, the standard method uses the entire dataset, assigns plausible
values to missing data, and then makes the calibrations (Chalmers, 2023).

ForthemultipleGroup () function, booklets were used as the grouping variable. However,
because of themultipleGroup () function's massive processing power needs, it is typically
necessary to perform the estimations as paired pairs in order to estimate the standard errors of
item parameter estimates. That’s why we run the multipleGroup () function for paired
booklets: booklet 1 and booklet 2; booklet 2 and booklet 3; booklet 3 and booklet 4, and so on.
Despite the enormous overall number of students in the current study, there were around 90

pupils per booklet. Therefore, the Rasch model was selected to calibrate the item bank using
both methods (O’Neill et.al., 2020). Then, the difficulty (b) parameters and their standard errors
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for both methods were compared.

In order to evaluate the consistency of b parameters, the correlation between IRT b parameters
and Classical Test Theory (CTT) p statistics were estimated. Research showed that under the
CTT and IRT frameworks, there is a strong correlation between item difficulty parameters
(MacDonald & Paunonen, 2002). The significance of the difference between these correlations
obtained from both calibration methods was tested by using Fisher’s Z test, and Cohen’s (
statistics for the effect size. The calculations for the Fisher’s Z test and Cohen’s ¢ statistics were
handled with the diffcor package (Blotner, 2024) in R. The R codes used in the data analysis
can be reached through https://github.com/ecaybek/rbd

3. FINDINGS
3.1. Comparison of b Parameters

The item difficulty parameters were calibrated using the Rasch model, and descriptive statistics
for the b parameters are presented in Table 8 for the multiple group method and standard
method. The results showed that the item bank covered an ability range of -4.66 to 2.90 for the
multiple group method and -4.62 to 2.88 for the standard method. The mean of the b parameters
for both methods were close to zero and b parameters were normally distributed according to
both methods.

Table 8. Descriptive statistics of b parameter estimations by two methods.

Methods k min max mean median S skewness  kurtosis
Multiple Group 513 -4.66 2.90 -0.20 -0.13 1.36 -0.52 0.10
Standard 513 -462 288 -0.21 -0.08 1.35 -0.54 0.17

k: number of items; s: standard deviation

The mean difference of b parameters between the two methods was not significant (tio2s = -
0.90; p = .37). The distribution of the b parameters for the multiple group and the standard
method is presented in Figure 1. As can be seen in Table 8 and Figure 1, according to the
estimations from both methods, the item bank had items targeting a very large range of ability
levels, especially for very low ability levels (lower than -2) and high ability levels (higher than
2).

Figure 1. Distribution of the b parameters of the item bank.
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3.2. Evaluation of Standard Errors

The standard errors of the b parameters estimated by both methods were compared to gain a
better understanding of the item parameter estimations (see Figure 2). The standard method
tends to estimate b parameters with smaller standard errors than the multiple group method.
This discrepancy may be due to the multipleGroup () function's enormous processing
power requirements.

Figure 2. Distribution of the SEs of the b parameters of the item bank.
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Because of this need, b parameters are estimated by using booklet pairs (Booklet 1 - Booklet 2,
Booklet 2 - Booklet 3, and so on) with multipleGroup () function. Because the multiple
group methodology used data from booklet pairs, while the standard method used the complete
dataset, the multiple group method likely estimated the b parameters with higher standard errors
due to the smaller dataset size. The U-shaped plot of the standard error occurs due to relatively
easy and difficult items having fewer observations for estimating the lower asymptote (Thissen
& Wainer, 1982). We believe that the items at the tails have very similar standard errors for
both methods.

3.3. Correlation among IRT and CTT Difficulty Parameters

It is also important to evaluate the correlation between IRT b and the CTT p statistics. Since
CTT p statistics and the IRT b parameters are related to the area under the normal distribution
curve, this investigation provided us insight into how well the two methods estimated the item
parameters. Thus, the scatter plot between the IRT b parameters and the CTT p statistics for
both methods is shown in Figure 3.

The scatter plot shows that the IRT b parameter estimates from both methods highly correlate
with the CTT p statistics. On the other hand, the standard method has a stronger relationship
with the CTT p statistics. While the correlation coefficient between multiple groups and the
CTT was found to be -0.972, the correlation coefficient between the standard method and the
CTT was found to be -0.981. Fisher’s Z test showed that the standard method had a significantly
higher correlation with the CTT p statistics than the multiple group method (z = 3.059; p <.01).
On the other hand, Cohen’s q was found to be 0.19, which indicates the size of the difference
was small (Cohen, 1988).
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Figure 3. Scatter plot of the b parameters and the p statistics.
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3.4. Comparison of Test Information Functions

Finally, the test information functions of the item bank were drawn using both methods (Figure
4), and both methods generated very similar test information functions. To sum up all the
findings, the standard method has been found more efficient by the manner of computing power
and simplicity while there were no significant differences between mean b parameter
estimations; the standard method estimates the b parameters with smaller standard error and
higher correlation with the CTT p statistic.

Figure 4. Information functions of the item bank.
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4. DISCUSSION and CONCLUSION

The current study aims to exemplify how to calibrate an item bank utilizing MMS design for
various purposes, such as developing a CAT administration. Therefore, the current study
focuses on why, when, and how to use MMS design. Studies on MMS mostly focus on
estimating student parameters, and to the best of our knowledge, estimating item parameters in
MMS designs is not prevalent in the literature. Thus, there is a need to demonstrate how to
calibrate a large item bank using Multiple Matrix Sampling. Calibrating a large item pool
requires deciding on a specific booklet design by considering methodological and practical
issues. As Gonzalez and Rutkowksi (2010) stated, in any design, there is a trade-off between
what is desired and what is practical based on the purpose of the assessment and existing
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resources. More items mean more precision; however, it is more laborious. Integrating the
benefits of IRT and MMS, it is more practical and efficient to estimate item parameters of large
item pools. Given the constraints of data collection, such as class time of schools and low stake
consequences of data collection for participants, it is a kind of must to administer a relatively
restricted number of items to students. Depending on the topic, student level and cognitive load,
15 to 20 items may be ideal to administer in a single course time.

In the current study, items (4th grade mathematics) were developed based on the TIMSS
Assessment Framework. TIMSS fourth-grade mathematics assessment included three content
domains: (1) number, (2) measurement and geometry, (3) data, and three cognitive domains:
(1) knowing, (2) applying, (3) reasoning. A substantial number of items within each category
should have been administered to enable precise estimation of proficiency distribution
(Rutkowski et al., 2013). A total of 540 items were developed in this study. Obviously, it was
impossible to administer every item to all examinees. One of the appropriate models to calibrate
these items was an unbalanced incomplete booklet design. Thus, in a single lesson period, each
student encountered 20 items from all content and cognitive areas.

As simulation studies provided somewhat clean results, using real data from a test provides
valuable information and is important for sharing the experience. As Gonzales and Rutkowski
(2010) stated, test developers should find a balanced model for their data since different results
would be obtained for the real data. Thus, the current study explained the procedures and
challenges of calibrating a large item pool using real data.

Each item in the current study was responded to by a varying number of participants due to the
design and challenges in reaching out to a big sample. With 36 booklets and 540 items to
calibrate, anchor items were answered by approximately 180 students, while non-anchor items
were answered by approximately 90 students. As a result, the mean standard error of anchor
items was smaller than non-anchor items. In a balanced design, the number of students per item
for both anchor and non-anchor items would be similar, resulting in similar standard errors.
However, balanced designs will result in more booklets, which require more pupils.

The standard errors of item difficulties were higher for items with extreme difficulties. The
estimates of difficulty for items that were very easy and very difficult were less precise
compared to the items with medium level difficulty. Gonzalez and Rutkowksi (2010) also
reported a similar finding and reported that having more people responding to the items, the
precision increases, especially for the extremes. On the one hand, this is a predictable outcome;
an item bank for a CAT administration necessitates a huge number of extreme items in order to
adequately match student abilities.

The mirt package provides very useful tools not only for the conventional item bank
development process but also for item bank development under the MMS design. The package
includes two functions, mirt () and multipleGroup (), which are very useful for MMS
design. The results of the present study showed that the standard mirt () function is more
practical and makes more precise estimations when it is compared to the multipleGroup ()
function. It is practical because when multipleGroup () function was used with booklet
pairs, the estimations took around 42 seconds, while mirt () function estimated the item
parameters in around 24 seconds. Moreover, themultipleGroup () function was incapable
of calculating standard errors when 36 booklets were simultaneously included in the analysis.
The standard error estimation failed with support not only from the personal computers of the
researchers but also from Google Cloud servers. Even though there was no significant
difference between the mean of b parameter estimations from both methods, mirt () function
also estimated the b parameters with less standard error and showed higher correlation with the
CTT p statistics.
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Overall, comparing the multiple group method and standard method, while there were no
statistically significant differences between the mean b parameter estimations, the standard
method was found to be more efficient in terms of computing power and simplicity. It also
estimates b parameters with a smaller standard error and a higher correlation with the CTT p
statistic.

4.1. Further Suggestions and Limitations

For practical researchers, the standard mirt () function is more useful and precise than the
multipleGroup () function for calibrating item banks with the MMS design. Also, a
simulation study can be conducted to compare the bias and RMSE values of the b parameter
estimations from both methods. Counterbalancing could also be used to minimize the effect of
item order.

One limitation of the current study is that the Rasch model was used to evaluate item
discrimination. Due to sample size per booklet, the Rasch model was chosen. A larger sample
size per booklet would be better to test the other IRT models. Another limitation is the pairing
of booklets when making calibrations via multipleGroup () function due to its
computational requirements. It would be good to compare the results of this function by running
without pairing the booklets.
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