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Abstract

This study aims to examine how individuals' ability estimations change under different conditions in tests
consisting of polytomous items in a computerized multistage test environment. In this simulation study, 108
(3x3x6x2=108) conditions were examined, consisting of three categories (3, 4, and 5), three test lengths (10, 20,
and 30), six-panel designs (1-2, 1-2-2, 1-3, 1-3-3, 1-4, and 1-4-4), and, two routing methods (Maximum Fisher
Information (MFI) and Random). Simulations and analyses were carried out in the mstR package in the R program,
with a pool of 200 items, 1000 people, and 100 replications (i.e. iterations). The mean absolute bias, RMSE, and
correlation values were calculated as the research outcomes. This study discovered that as the number of categories
and test lengths increase, the mean absolute bias and RMSE values decrease, while the correlation values increase.
Although MFI and random methods have similar tendencies regarding routing methods, MFI provides better
results. Furthermore, there is a similarity between the panel designs in terms of results.

Keywords: Computerized multistage tests, polytomous items, routing method.

Introduction

Traditional paper-and-pencil tests have been replaced by computerized adaptive tests (CAT) in
educational and psychological institutions. CATs are the tests in which the abilities of individuals are
estimated with a scaled item pool before the exam, which has rules of starting, progressing, and ending
according to the individual's previously known or predicted ability (Weiss, 1982). There are many
advantages to CATs compared to traditional paper-and-pencil applications. For instance, an advantage
of CATs is the increased accurate ability estimation by using fewer items and prompt disclosure of
results (Weiss, 1983). However, CAT applications also have disadvantages such as different test lengths
(i.e., fixed-length is also available), different questions being asked, and the individual not being able to
return to the previous question. Due to the overwhelming disadvantages of CAT, the use of
computerized multistage tests (MST) is becoming widespread (Hendrickson, 2007; MacGregor et al.,
2022; Zenisky et al., 2009).

MST combines the advantages of CAT and paper-pencil tests. MST achieves this by adjusting the tests
based on each individual. While CATs are adapted to the individual at the item level, MSTs are adapted
to the individual at the module level (Zenisky et al., 2009). Unlike CATs, MSTs consist of item groups
called modules and stages. Modules consist of items; stages consist of modules; panels consist of stages.
MSTs provide the opportunity to move between the items in the module and allow test preparers to
better control the test content compared to CATs (Hendrickson, 2007; Sari et al., 2016).

The characteristics of the item pool are important in MSTs, as in CATs. Unlike CATs, MSTs have their
own terminology including panel structure, routing method, module, and stage. A module consists of a
group of items at the same or similar difficulty level. A stage consists of a different number of modules
at different difficulty levels such as easy, medium or hard modules. A panel design is comprised of
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different stages. Test assembly is the process of building modules, stages, and panels so it is one of the
most important steps in an MST.

An MST functions as follows: Individuals take the first-stage module, called the routing module. Then,
the individual is selected for the appropriate module based on the current ability level at the second
stage. Finally, the exam continues until a test taker completes all required stages.

Background and Literature Review

Various past studies on routing methods generally apply Approximate Maximum Information (AMI),
Defined Population Intervals (DPI), and convergent and random routing methods (Kim et al., 2010;
Zenisky, 2004). Routing methods that are based on IRT are other frequently used kinds. These methods
are Maximum Fisher Module Information (MFI), Maximum Likelihood Weighted Module Information
(MLWMI), Maximum Posterior Weighted Module Information (MPW MI), Maximum Module
Kullback-Leibler Information (MKL), Maximum Posterior Module Kullback-Leibler Information
(MKLP) and random. In this study, MFI and random routing methods were used. The MFI routing
method is based on the item information level. In MST, routing with MFI is made to the next stage
according to the cumulative information obtained from the module items. The MFI routing method
directs individuals to the module, explaining their ability levels to the maximum (Weissman et al., 2007).
In the random routing method, theta estimation is made after the module is taken in the routing module.
Then, the individual is randomly assigned to a module in the next stage. On the other hand, individuals
are referred to any of the following stage modules with equal probability, regardless of their scores in a
previous stage.

One of the conditions of MST is panel design. A panel design is formed by the combination of different
numbers of modules and stages. Panel design may vary depending on the purpose of the MSTs. For
example, 1-3 panel patterns consist of 2 stages and four modules. There is 1 module in the first stage
(also called the routing module) and three in the 2nd stage. In a 1-3 panel design, the difficulty levels of
the modules are usually determined as easy, medium, and complicated in the 2nd stage. 1-2, 1-2-2, 1-3,
1-3-3, 1-4, and 1-4-4 panel designs, which are preferred in the literature, were used in this study (Kim
et al., 2010; Oztiirk, 2019; Sar1 & Raborn, 2018).

It is known that test length affects ability estimation in MST designs (Luecht, 2000; Sar1 & Raborn,
2018). Based on the literature, while some studies use different numbers of items at all stages (Macken-
Ruiz, 2008), some other studies use the same number of items (Kim et al., 2013). Kim et al. (2013)
compared the MST designs that they created based on the partial credit model, using different routing
methods and panel designs, in the context of the classification test. As a result, it was observed that the
accuracy of the ability estimations increased as the test length increased. Previous studies using
polytomous test items mainly used 9-20 items (Chen, 2010; Kim et al., 2013; Macken-Ruiz, 2008).
Based on the studies examined in the literature, 10, 20, and 30 test lengths were examined in this study.

MST applications are made with dichotomous (i.e. binary) and polytomous items. Zenisky (2004)
compared various panel designs with different routing methods (DPI, proximity, and random) to
estimate the ability and determine its precision. The item pool was based on the three-parameter logistic
IRT model. Several studies in the literature examine the ability estimations of MST designs using two-
category (i.e. binary) data using different conditions and routing methods (Oztiirk, 2019; Sar1 & Raborn,
2018; Zenisky, 2004). Polytomous items provide more information, allowing more accurate findings in
ability estimation (Donoghue, 1994). However, few research studies use different routing methods in
polytomous data. Studies in the literature which use polytomous items are generally designed according
to the partial credit model (Kim et al., 2010; Kim et al., 2013). Nonetheless, GPCM is used in current
studies and applications such as PISA 2018 (Choi, & Asilkalkan, 2019; Ridho, 2022). Thus, in this
study, we utilized GPCM when generating and analyzing polytomous items.

This study is unique because it was designed with different panel designs, routing methods, and items
produced according to the generalized partial credit model. In addition, AMI, DPI, M-AMI, M-DPI, SL-
DPI, and ML-DPI routing methods are frequently used in the literature (Kim et al., 2010; Kim et al.,
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2013; Zenisky, 2004). Some studies use MFI, MLWMI, MPWMI, MKL, MKLP, and random routing
methods with dichotomous items (Oztiirk, 2019; Sari & Rabon, 2018). Also, in the new MSTGen data
generator program developed by Han (2022), there are three options for the routing methods: MFI,
matching b-value, and random. The MFI routing method selects the most informative item with the
highest accuracy due to its formulation (Luo et al., 2016). Although MFI and random are essential
methods that have been frequently used (Svetina et al., 2019), there is no study in which one performs
better in polytomous items. The results of this study will provide essential contributions in terms of
being a guide to the optimum conditions of real applications that are likely to be applied in the future.

In this study, we researched the answer to the following question presented: "In computerized adaptive

multistage tests, in tests consisting of polytomous items (3, 4, and 5 categories), how do the ability
estimations of individuals change depending on test length (10, 20, and 30), panel designs (1-2, 1-2- 2,
1-3, 1-3-3, 1-4, and 1-4-4) and routing methods (Maximum Fisher Information [MFI] and Random)?"

Methods

This research is a simulation study, and the aim of the study is to examine the effects of simulation
conditions (e.g., test length, number of item categories, panel design, and routing method) on ability
estimation under the context of having polytomous items. Within the scope of the research, three
categories (3, 4, and 5), three test lengths (10, 20, and 30), six-panel designs (1-2, 1-2-2, 1-3, 1-3-3, 1-
4, and 1-4-4) and two routing methods (Maximum Fisher Information [MFI] and Random), 108
(3x3x6x2) conditions were examined. The conditions of the study are shown in Table 1.

Table 1
Simulation Conditions
Condition Number of Levels Levels
3-category
Number of Category 3 4-category
5-category
10 items
Test Length 3 20 items
30 items
1-2
1-2-2
1-3
Panel Design 6 1-3-3
1-4
1-4-4
Routing Method 2 MF1
Random
Total 3x3x6x2=108

Sample size (1000), sample ability distribution [N(0,1)], item pool size (200 items), and ability
estimation method (Expected a priori-EAP) were kept constant in the study. 100 iterations were run for
each condition.

Three separate item pools, each consisting of 200 items in 3, 4, and 5 categories to be used in the
research, were generated with the WinGen (Han, 2007) program. Item parameters were produced
according to 208 items’ descriptive statistics consisting of 3, 4, and 5 categories as Macken Ruiz (2008)
used in his dissertation. When generating a and b parameters under different numbers of item categories
(e.g., 3, 4, and 5-category), we used a uniform distribution. The parameter a was in the range of [0.68,
1.5] for 3-category items, [0.57, 1.01] for 4-category items, and [0.54, 1] for S5-category items. The b
parameter was between [-2.77, 3.41] for 3-category items, [-3.01, 3.44] for 4-category items, and [-3.15,
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1.68] for 5-category items. With the simulation, 200 polytomous items were produced according to the
generalized partial score model (GPCM) (Muraki, 1992). The GPCM formulation is as follows
(Embretson & Reise, 2013):

_ exp[Xji=oa; (6 — gij)]
Yreoexp [Xi—oa; (6 — gij)]

Pix (1)

where m is the number of categories, x is the student's score on the item, i is the item index, 6 is the
student's ability, a is discrimination parameter for the item j. Substituting the category information
function a simplified equation for polytomous item information is calculated as (Samejima, 1969; Dodd
et al., 1995):

m;

N [P ()]
[;(6)) = ;T@) 2

Descriptive statistics of item parameters are given in Table 2.

Table 2

Descriptive Statistics For The Item Parameters Across The Condition

3-Category 4-Category 5-Category
Statistics  a b b2 a b b2 b3 a b b2 b3 ba
Min. 0.68 -2.77 -1.63 057 -3.01 -1.73 -0.86 054 -3.15 -2.31  -147 -0.87
Max. 1.50 0.94 3.41 1.01  -0.81 235 3.44 1.00  -1.05 1.45 1.68 1.03
Mean 1.09 -0.63 049 078 0.75 -0.01 0.85 0.78  0.94 -0.28  0.33 3.03

Item information functions were calculated in R program (R Development Core Team, 2018), and
modules and panels were built in IBM CPLEX program (ILOG, 2006). Cplex is a mathematical
modeling program that solves optimization problems consisting of linear or quadratic equations with the
most precise results possible. The Cplex program selected the most appropriate items to be placed in
each module from the item pool. Figure 1 shows test information function graphs of three different item
pools consisting of 3, 4, and 5-category items.

Figure 1
Test Information Functions of Item Pools
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The routing module comprises items with medium difficulty levels. For items of medium difficulty, the
total item information is maximized at theta level of 0. In 1-2, 1-3, 1-2-2, and 1-3-3 panel designs, easy
modules are composed of items with easy difficulty levels meaning that module-level total item
information is maximized at the theta level of -1. Lastly, hard modules are composed of items with hard
difficulty levels meaning that module-level total item information is maximized at the theta level of +1.
In 1-4 and 1-4-4 panel designs, the routing module comprises items with medium difficulty levels, as in
the other panel designs. Easy modules are composed of items with easy difficulty levels. Lastly, hard
modules are composed of items with hard difficulty levels. As the panel design implies, in 1-4 and 1-4-
4 panel designs, there are four modules at different difficulty levels at other stages. These modules are
easy, medium-1, medium-2, and hard. For the easy modules, module-level total item information is
maximized at the theta level of -1. For the medium -1 module, module-level total item information is
maximized at the theta level of -0.33. For the medium-2 modules, module-level total item information
is maximized at the theta level of +0.33. For the hard modules, module-level total item information is
maximized at the theta level of +1. All panel designs used in the study are shown in Figure 2.

Figure 2
All Panel Designs Used In The Study
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As we mentioned above, the sample size is 1000, and there are 108 conditions in this study. The mean
absolute bias, RMSE, and correlation values were obtained with a total of 10.800 iterations, 100
iterations for each condition. Four-way ANOV A was run in SPSS for the results. F values and partial 1?
statistics were used to determine the significance of the effects of the factors. Obtained results are given
in the findings section.

The research conditions were determined by examining the literature, and taking into account the most
frequently used conditions in simulations and real applications (see Rutkowski et al., 2022; Svetina et
al., 2019). The studies in the literature related to the conditions in this study are explained in detail in
the literature review section. Mean absolute bias (MAB), mean squares of error (RMSE), and correlation
values were calculated to evaluate the results. These statistics were calculated from the following
formulas.

The bias is the average of the difference between the actual and the predicted value. The bias (e) is
formulated as follows:

3)

The mean absolute error (MAE) derives from the unaltered magnitude (absolute value) of each
difference.

Mean Absolute Bias = [n™* ¥, [6, — 6, |] “4)

The RMSE is the mean of the squared difference between the actual and predicted value. The mean
squared error is formulated as follows.

Y0106, — 6))? (5)
N

RMSE =

The correlation between actual (0) and calculated () skill levels (p (é}, 6;)) is formulated as follows.

cov(8,,6))

p(8),6) =——"— 6
I o5 g, (6)

Results

Overall, when we analyzed the findings in terms of panel design, panel designs 1-2, 1-3, 1-4, 1-2-2, 1-
3-3, and 1-4-4 produced very similar results under different conditions. However, the routing method
and several item categories changed the study outcomes. Therefore, the study findings regarding routing
methods and the number of categories were discussed.

Mean Absolute Bias

Table 3 shows the mean absolute bias values obtained under all simulation conditions. Regardless of
panel design, number of categories, and test length, MFI gives better results than random routing
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methods. Figure 3 shows the graphs of the mean absolute bias values according to the number of
categories. The mean absolute bias decreased as the test length increased. Under the same conditions,
as the number of categories changed from 3 to 4, there was a slight increase in the mean absolute bias
values. However, MST conditions consisting of 5-category items had the lowest mean absolute bias
values. The lowest mean absolute bias is seen in the MFI routing method (.149) in the 5-category, 30-
item test, and 1-3-3 panel design. The highest mean absolute bias is seen in the random routing method
in the tests in 4-category, 10-item, and 1-2-2 panel designs (.301). The highest score is highlighted in
bold, and the lowest score is marked in bold and italic in Table 3.

Table 3
Findings of Average Absolute Bias Across All Conditions
3-Category 4-Category 5-Category
Routing Panel
Method Design 10 20 30 10 20 30 10 20 30
1-2 261 195 .164 277 207 174 242 179 150
1-2-2 259 .194 .163 276 205 173 241 178 150
1-3 260 194 165 278 207 176 240 177 150
MFI 1-3-3 257 192 164 275 206 174 239 176 149
1-4 259 197 165 277 208 177 241 178 153
1-4-4 256 192 165 278 207 178 237 178 151
1-2 295 223 .186 .300 225 188 261 195 162
1-2-2 295 224 186 301 226 189 261 .196 .163
1-3 292 221 .186 299 224 .190 .260 194 162
Random 1-3-3 294 222 188 .299 226 .192 259 197 .164
1-4 293 225 189 .299 225 191 262 197 165
1-4-4 296 226 .193 .300 230 .194 264 .198 165
Figure 3

Average Absolute Bias Values According to The Number of Categories
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Table 4 shows that ANOVA results for mean absolute bias indicate that most interaction and main
effects were significant. Four factors ANOV A was significant (n? =.922). However, the factors with the
highest partial n* were the main effects of routing and test length (n?> =.927). These effects explained
about %93 of the variance in the mean absolute bias. The main effects of test length (1>=.868) was the
factor with the next largest partial n2. The factor explained about 87% of the variance in the mean
absolute bias. When category and panel design were added to routing and test length separately, the
factor explained about 83% of the variance in the mean absolute bias (n? =.827).
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Tablo 4
ANOVA Results for Grand Mean Absolute Bias
Factor Sum of df Mean Square F p D%
Squares

Routing 1.401 1 1.401 43657.236 .000 .803
Test Lenght 2.250 2 1.125 35054.378 .000 .868
Category 1.376 2 .688 21435.204 .000 .800
Panel Design 344 5 .069 2142.806 .000 .501
Routing * Test Lenght 4328 2 2.164 67414.127 .000 .927
Routing * Category 937 2 469 14599.161 .000 732
Routing * Panel Design 120 5 .024 746.228 .000 259
Test Lenght* Category 252 4 .063 1962.405 .000 423
Test Lenght* Panel Design .861 10 .086 2683.301 .000 715
Category * Panel Design .593 10 .059 1848.531 .000 .634
Routing*Test Lenght * Category  1.644 4 411 12806.986 .000 .827
Routing * Test Lenght * Panel - ¢, 10 164 5122.090 000 827
design

1 * k
Routing * Category *Pancl 968 10 097 3015.402 000 738
Design

* k

Tes.t Lenght* Category * Panel 1.200 20 060 1869315 .000 778
design

1 * %
Routing * Test Lenght 4.083 20 204 6360.937 000 922
Category * Panel Design
Residuals 343 10692 .000
Total 528.233 10800

Root Mean Square Error

Table 5 shows the RMSE values obtained under all research conditions. Figure 4 shows the graphs of
RMSE values according to the number of categories. Regardless of panel pattern, number of categories,
and test length, MFI gives better RMSE results than the random routing method. As the test length
increased, the RMSE value decreased in both routing methods. As the number of categories increased,
the RMSE value decreased. The lowest RMSE value is seen in the 5-category, 30-item test, in 1-3-3
panel design, in the MFI routing method (.190). The highest RMSE values are seen in the random routing
method (.383) in the 10-item test with 3 and 4 categories. The highest RMSE value is for 4 categories
in 1-2-2 panel design. Another highest RMSE value is for 3 categories in 1-4-4 panel design. The
highest scores are noted in bold, and the lowest score is noted in bold and italic in Table 5.

Table 5
Findings of RMSE Across All Conditions
3-Category 4-Category 5-Category
Routing Panel
Method Design 10 20 30 10 20 30 10 20 30
1-2 333 250 210 352 262 220 .308 228 192
1-2-2 .330 247 .208 .350 .260 219 307 227 191
1-3 331 .248 210 352 263 223 .306 226 191
MFI 1-3-3 327 244 .209 .350 261 220 304 224 190
1-4 330 251 210 351 264 224 .308 227 .194
1-4-4 325 244 210 351 263 225 302 226 192
1-2 381 292 244 382 .288 241 335 252 210
1-2-2 .380 291 242 383 .289 .243 336 252 210
1-3 379 288 242 .380 287 .243 335 250 210
Random 1-3-3 378 288 244 .380 .288 245 333 253 211
1-4 .380 293 .246 381 287 .244 338 253 212
1-4-4 383 294 251 382 294 247 .339 255 215
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Figure 4
RMSE Values According to Category Numbers
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Table 6 shows that ANOVA results for grand mean RMSE indicate that most interaction and main
effects were significant. Four factors ANOVA was significant (n?> =.915). The factors with the highest
partial n?> were the main effects of routing and test length (n? =.920). These effects explained 92% of the
variance in the mean RMSE. The main effects of test length (n?>=.855) was the factor with the next
largest partial n2 The factor explained about 86% of the variance in the mean RMSE each. Panel design
and category added to routing and test length seperatly. The effect was almost the same. When panel
design added to routing and test length, the factor explained about 81% of the variance in the mean
RMSE (1? =.814). When category was added to routing and test length, the factor explained about 81%
of the variance in the mean RMSE (1> =.810).

Tablo 6

ANOVA Results for Grand Mean RMSE
Factor Sum of df Mean Square F P 0%

Squares
Routing 2.701 1 2.701 47053.219 .000 815
Test Lenght 3.630 2 1.815 31625.578 .000 .855
Category 2.002 2 1.001 17440.144 .000 765
Panel Design .590 5 118 2057.510 .000 490
Routing * Test Lenght 7.088 2 3.544 61744.829 .000 .920
Routing * Category 1.499 2 750 13060.690 .000 710
Routing * Panel Design .196 5 .039 681.434 .000 242
Test Lenght* Category 447 4 112 1945.753 .000 421
Test Lenght* Panel Design 1.420 10 142 2474.563 .000 .698
Category * Panel Design .983 10 .098 1713.316 .000 616
Routing*Test Lenght * Category ~ 2.620 4 .655 11412.098 .000 .810
Routing * Test Lenght * Panel
design 2.685 10 268 4677.228 .000 814
1 % £

Routing * Category *Panel 1.614 10 161 2812.061 000 725
Design
Test Lenght* Category * Panel
design 1.918 20 .096 1670.814 .000 758
Routing * Test Lenght *
Category * Panel Design 6.645 20 332 5788.613 .000 915
Residuals .614 10692 .000
Total 864.884 10800
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Correlation

Table 7 shows the correlation values obtained under all research conditions. Figure 5 shows the graphs
of correlation values according to the number of categories. Although the MFI routing method generally
gives better results than the random routing method, it gives the same results in the 5-category, 20- and
30-item tests. Figure 5 shows the graphs of correlation values according to the number of categories. As
the test length increased, the correlation value increased in both routing methods. Similarly, as the
number of categories increased, the correlation value increased relatively. The lowest correlation value
was found in 1-2, 1-2-2, and 1-4-4 panel designs, in the 4 categories, 10-item test, and in the 1-4-4 panel
designs in the 3 category 10-item test and in the random routing method (.923). The highest correlation
value was found in all panel designs except 1-4 in the 5-category 30-item test and in MFI (.981). The
highest scores are highlighted in bold, and the lowest score is highlighted in bold and italic in Table 7.

Tablo 7
Findings of Correlations Across All Conditions
3-Category 4-Category 5-Category
Routing Panel
Method Design 10 20 30 10 20 30 10 20 30
1-2 942 968 977 935 964 975 951 973 981
1-2-2 943 969 979 936 965 975 951 973 981
1-3 943 968 977 935 964 974 951 974 981
MFI 1-3-3 944 969 979 936 965 975 952 974 981
1-4 943 967 977 936 964 974 951 973 980
1-4-4 945 970 979 936 964 974 953 973 981
1-2 924 956 969 .923 957 970 941 967 977
1-2-2 924 956 970 .923 957 970 941 967 977
Random 1-3 925 957 970 924 957 .969 942 968 977
1-3-3 925 957 969 924 957 .969 942 967 977
1-4 924 955 969 924 957 .969 941 967 977
1-4-4 .923 955 967 .923 955 968 .940 .966 976
Figure 5
Correlation Values According to Category Numbers
MFI Random
g o e g O | ceereerceeeeaieeeee o — 30 item
o & - :
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Table 8 shows that ANOVA results for correlation indicate that most interaction and main effects were
significant. Four factors ANOVA was significant (> =.893). The factors with the highest partial > were
the main effects of routing and test length (n? =.898). These effects explained 90% of the variance in
correlation. The main effects of test length (1*=.839) was the factor with the next largest partial n?. The
factor explained about 84% of the variance in the correlation each. When panel design added to routing
and test length, the factor explained about 78% of the variance in the correlation (n? =.785). When
category added to routing and test length, the factor explained about 77% of the variance in the
correlation (n?=.771).

Tablo 8
ANOVA Results for correlation
Factor Sum of df Mean Square F p %
Squares
Routing 262 1 262 38768.600 .000 784
Test Lenght 375 2 .188 27778.873 .000 .839
Category .166 2 .083 12288.887 .000 .697
Panel Design .057 5 .011 1699.072 .000 443
Routing * Test Lenght .634 2 317 46923.297 .000 .898
Routing * Category 152 2 .076 11248.700 .000 .678
Routing * Panel Design .018 5 .004 535.626 .000 200
Test Lenght* Category .051 4 .013 1900.051 .000 415
Test Lenght* Panel Design 130 10 .013 1928.010 .000 .643
Category * Panel Design .092 10 .009 1358.231 .000 .560
Routing*Test Lenght * Category  .243 4 .061 9008.331 .000 71
1 % *
Routing * Test Lenght * Panel 10 026 3902.227 000 785
design
1 £ *
Routing * Category *Panel 141 10 014 2081.990 000 661
Design
* *
o Lenght* Category * Panel -, 20 009 1405.130 000 724
esign
1 £ *
Routing * Test Lenght 604 20 030 4473.880 000 893
Category * Panel Design
Residuals .072 10692 .000
Total 9937.363 10800
Discussion

Overall, this study investigated the change in the ability estimations of individuals in tests consisting of
polytomous items in the computerized multistage test (MST) environment according to the routing
methods based on three categories (3, 4, and 5), six-panel designs (1-2, 1-3, 1-4, 1-2-2, 1-3-3, and 1-4-
4), three test lengths (10, 20, and 30-item) and two routing methods (MFI and random). The results were
then analyzed for mean absolute bias, mean squares of error (RMSE), and correlation values between
actual and observed ability levels.

When examining the average absolute bias, RMSE, and correlation values obtained from the item pools
consisting of 3, 4, and 5 category items in terms of item categories, the values obtained from the 3 and
4-category item pools are close. Still, the mean absolute bias obtained from the item pool consisting of
4 category items (.23) and RMSE (.29) is the highest. However, the mean absolute bias (.19) and RMSE
(.25) values obtained from the item pool consisting of 5-category items are lower than the other
categories. In addition, the correlation value (.97) is at the highest level in 5-category items compared
to other categories. According to the results obtained, as the number of categories increases, mean
absolute bias and RMSE decrease, while correlation values increase.

When examined in terms of routing methods, MFI and random routing methods have similar tendencies,
but MFI delivers better results. This was consistent with the previous studies. For example, Macken-
Ruiz (2008) compared three routing methods with generalized partial credit model item response theory:
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M, fixed 0, and number-right routing in MST environment, and found that the best performance was
observed under the maximum information routing. This was because MFI is a dynamic routing method
that calculates module-level information first and, selects the best appropriate module for a test taker.
However, the random routing approach, a kind of static method, does not use such an adaptation, and
randomly selects the next module among the available modules. This might result in that a test taker
with high ability level can receive an easier module at the next level which would inflate his/her ability
estimation. Therefore, MFI yielded better results, as also found in Svetina et al. (2019).

Kim et al. (2013) observed that the accuracy of the ability estimates increased as the test length
increased. Similarly, in our study mean absolute bias decreased as the test length increased. In addition,
as the test length increased, the correlation values also increased. Oztiirk (2019) examined how the
length and feature of the routing module affect the measurement accuracy in various panel designs. In
that study, with two-category items, correlation values increased as the test length increased. As the test
length increased, the RMSE value decreased in both routing methods. It can be seen that when examined
in terms of test length, the results obtained in our current study show similarities with studies conducted
with dichotomous items in the literature (Oztiirk, 2019).

Our current study examined an item pool consisting of polytomous items and different conditions, all
examined panel designs (1-2, 1-2-2, 1-3, 1-3-3, 1-4, and 1-4-4) showed similar results. Kim et al. (2013)
determined all routing methods classification decisions equally well in their studies where they utilized
an item pool consisting of polytomous items based on partial credit model (PCM), different panel
designs (1-3-3, 1-3-2, 1-2-3, and 1-2-2) and routing methods (ML- DPI, SL-DPI, and M-AMI). Zenisky
(2004) did not find meaningful differences between these panel structures or routing methods. The
precision of their classification decision was performed all the same. However, some studies have
dichotomous items, where the mean error value decreases as we move from the two-stage panel design
to the three-stage panel pattern (Sari & Raborn, 2018). Therefore, while the panel design used in MST
applications in which an item pool consisting of polytomous items is used does not matter, choosing
three-stage panel designs in dichotomous MST applications will provide more accurate results.
However, as in the case of Sari and Raborn (2018) and Zenisky (2004), the chosen routing method
severely affects the accuracy of the results.

Our study is limited to three kinds of polytomous items (3, 4, and 5 categories), six-panel designs (1-2,
1-3, 1-4, 1-2-2, 1-3-3, and 1-4-4), three test lengths (10, 20, and 30) and two routing methods (MFI and
random). According to this study's results, better values were obtained as the number of categories
increased. Considering the number of categories in future studies, 5-category items should be preferred.
Since there is no difference between the panel designs in the current study, different applications can be
made by choosing the panel design suitable for the item pool in future studies. Applications based on
actual study parameters can be made with different routing methods (MLWMI, MPWMI, MKL, and
MKLP). Classification precision can be examined using different test lengths and item category numbers
in MST.
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