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Abstract
This study analysed polytomous items’ psychometric properties according to nonparametric item response
theory (NIRT) models. Thus, simulated datasets—three different test lengths (10, 20 and 30 items), three
sample distributions (normal, right and left skewed) and three samples sizes (100, 250 and 500)—were
generated by conducting 20 replications in 27 test conditions. Via simulated datasets, polytomous items’
psychometric properties were investigated through NIRT models, the Mokken Homogeneity Model (MHM)
and the Kernel Smoothing Approach Model (KSAM). According to MHM analysis results, number of items,
distribution of sample and sample-size factors affected items’ level of fit. As a result of scaling data according
to MHM in this study’ test conditions, tests that generally fit MHM at weak and moderate levels, with high
reliability, were achieved. According to KSAM analysis results, number of items, sample distribution and
sample-size factors influenced item and test discrimination. Consequent to KSAM data analysis, tests that
generally consisted of items with an acceptable discrimination level and with high reliability were achieved.
In this study, producing H coefficients, through MHM, that were easy to interpret and providing, through
KSAM, graphics with detailed information made it easier to examine complementary polytomous items’
psychometric properties.
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Tests used for such purposes as determining educational quality, defining educational
needs, hiring an employee, student selection and placement and performing guidance
and clinic services have an important place in education and psychology. Of course, they
should have certain psychometric features related to test scores’ validity and reliability.
Various test theories have helped to create more valid and reliable measurements and,
as a result, to make better decisions regarding individuals. In education and psychology,
Classical Test Theory (CTT) and Item Response Theory (IRT) are both widely used. CTT
assumes that an individual’s observed score is the total of the true score and the error
score, while IRT estimates an individual’s ability or latent trait from responses to test
items (Embretson & Reise, 2000).

When IRT assumptions and model-data fit are ensured, item and ability parameters’
invariance occurs; this is known as the most important advantage IRT has over CTT. Item
and ability parameters’ invariance means estimating ability parameters independently
of item sample and estimating item parameters independently of ability sample.
IRT’s invariance feature makes it very practicable in many applications, for instance,
test development, computerized adaptive testing, bias studies, test equating and item
mapping (Hambleton & Swaminathan, 1985). IRT is classified under two main categories
as parametric IRT (PIRT) and nonparametric IRT (NIRT) (Olivares, 2005; Sijtsma &
Molenaar, 2002).

To analyse ordered items, such as Likert-type attitude items, partial credit cognitive
items or not ordered graded items such as multiple-choice test items, item response
models are developed towards polytomous items in IRT (Ostini & Nering, 2006). In
these models developed for polytomous items, a non-linear relationship between an
individual’s latent trait and the possibility of choosing a certain category of item answer
is explained (Embretson & Reise, 2000). Graded Response Model (GRM), part of IRT
models developed for polytomous items, is often preferred by researchers for applications
since it is more useful in presentations, portfolios, essays and Likert-type items with
ordered item categories (DeMars, 2010; Ostini & Nering, 2006). To scale tests that
consist of polytomous items by making true estimates according to GRM, evaluating
PIRT’s assumptions and model-data fit is necessary. And to provide these assumptions
and model-data fit, large samples are needed. At this point, NIRT models draw attention
because they provide a practical advantage in determining psychometric properties of
tests with fewer items and respondents (Stout, 2001).

NIRT models are defined as statistical scaling methods that require fewer assumptions
than PIRT models for measuring persons and items (Stochl, 2007). With their wide
application area, NIRT models are used in ordinal scales, applied research areas,
sociology, marketing research and health research on quality of life (Sijtsma, 2005).
The literature reveals that two models, namely, the Mokken model and nonparametric
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regression estimation models, are employed. These two models are themselves divided
into sub-models. The Mokken model consists of the sub-models Monotone Homogeneity
Model (MHM) and the Double Monotonicity Model (DMM). Nonparametric regression
estimation models consist of such sub-models as the Kernel Smoothing Approach Model
(KSAM), the Isotonic Regression Estimation and the Smoothed Isotonic Regression
Estimation models (Lee, 2007; Sijtsma & Molenaar, 2002). Along with theoretical
studies being conducted, new sub-models are being added to nonparametric regression
estimation models.

As a NIRT model, MHM requires unidimensionality, local independence and
monotonicity assumptions, and it defines the relationship that latent variables and items
with homogeneous (unidimensional) and monotone item characteristic curve (ICC)
have (Meijer & Baneke, 2004; Sijtsma & Molenaar, 2002). Both binary and polytomous
items’ psychometric properties are examined through this model. MHM, developed
for polytomous items, is defined as nonparametric GRM (Hemker, Sijtsma, Molenaar,
& Junker, 1996; Sijtsma & Molenaar, 2002; Sijtsma, Emons, Bouwmeester, Nyklcek,
& Roorda, 2008; van Onna, 2004). The main difference is that, even though ICCs are
monotone in MHM, they are not as logistic as they are in PIRT. Moreover, this situation
is also the foundation for classifying IRT models as parametric and nonparametric
models. As a NIRT model, DMM requires non-intersect ICC, in other words, invariant
item ordering assumption, in addition to MHM’s assumptions. DMM is generally used
in determining whether scales emerging from polytomous items are in a hierarchical
structure (Sijtsma & Molenaar, 2002).

In MHM, parameter estimates for binary and polytomous items are accomplished
with scalability coefficient (H) (van Onna, 2004). H coefficient is interpreted as the
nonparametric counterpart of o coefficient (item discrimination index), which exists
in logistic models with one or two parameters (Meijer, 2004). High H coefficient
values in MHM show that items have high discrimination power (Hemker, Sijstma, &
Molenaar, 1995; Meijer, 2004; Meijer & Baneke, 2004; van Onna, 2004). In evaluating
H coefficients, the criterion is determined for .30 < H < .40 as weak, for .40 < H < .50
as moderate and for H > .50 as strong (Mokken, 1971). In a test scaled according to the
Mokken model, H coefficient values in item selection and the criterion above are used
regarding H coefficient values (Meijer & Banake, 2004; Mokken, 1971; Sijtsma, Debets,
& Molenaar, 1990; van Onna, 2004).

In calculating the total score’s reliability in Mokken models, Cronbach’s a reliability
coefficient, Guttman’s lambda 2 () reliability coefficient and Rho coefficient are used. Rho
coefficient, which was suggested by Mokken (1971) (Stochl, 2007), is also known as Molenaar
Sijtsma (MS) statistics (van der Ark, 2015). MS coefficient is an appropriate statistic for
DMM, and this coefficient is needed to interpret scales with invariant item ordering (Stochl,
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2007; van der Ark, van der Palm, & Sijstma, 2011). The study conducted by van der Ark,
van der Palm and Sijstma (2011) developed a new reliability coefficient for use in Mokken
models, called latent class reliability coefficient (LCRC). Researchers emphasized that
Cronbach’s a and Guttman’s lambda 2 (L) reliability coefficients make biassed estimations,
and the MS coefficient has a limiting condition as invariant item ordering. In the current
study, even though Cronbach’s o and Guttman’s lambda 2 (A), MS and the newly developed
LCRC reliability coefficients have the same theoretical substructure, LCRC is indicated as the
reliability coefficient with the fewest limiting features and is suggested for use in applications.

KSAM, one of the NIRT models, is an IRT model approach based on nonparametric
regression estimation used in analysing polytomous items and options. In this approach,
ICCs and option characteristic curves (OCC) are estimated with the nonparametric
smoothing approach. OCCs show the relationship between the probability of choosing a
particular option for a test item and individuals’ latent ability (Ramsay, 1991). ICCs are
related to the level of latent trait measured, and they provide information about the mean
score of an item that is estimated throughout the scale score. High item scores are related
to high levels of measured ability. ICCs, which are monotone increasing functions, are
evaluated as an indicator of how well items at changing levels of latent trait discriminate
individuals (Sodano & Tracey, 2011). Sample OCCs are illustrated in Figure 1, and a
sample ICC is illustrated in Figure 2 below (Khan et al., 2014, p. 55).
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Figure 1. Sample OCCs Figure 2. Sample ICC

Through analysis of OCCs in Figure 1, it is seen that the item in question is influential
at all levels of latent ability. Individuals with a low level of latent trait will probably choose
option /, those with a moderate level of latent trait will probably choose option 4, and those
with a high level of latent trait will choose option 7. In other words, as individuals’ scores on
the scale increase, the probability of options with high values being chosen also increases.
When the ICC presented in Figure 2 is analysed, vertical bold lines (specified with circles)
show the estimated value of the curve at each ability level and at a 95% confidence interval.
The steeper the slope of an ICC belonging to an item, the more discriminated and qualified
the item (Ramsay, 2000). Thus in Figure 2, the ICC can be considered a discriminating item.
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In determining tests’ efficiency in demonstrating individual differences in changing
levels of latent trait according to KSAM (determining tests’ discrimination), graphics
belonging to test information functions (TIF) and standard error functions (SEF) are
examined (Ramsay, 2000). As for KSAM reliability estimates, reliability function
(RF) graphs on tests are examined (Meijer, Tendeiro, & Wanders, 2015). Contrary to
traditional reliability estimates, RF graphs have differentiating values instead of only one
value throughout changing levels of latent trait. The main reason is RF graphs’ creation
based on TIFs (Sachs, Law, & Chan, 2003). Thus, detailed information regarding tests’
reliability can be acquired via RF graphs in changing levels of latent trait.

Comparison of NIRT and PIRT demonstrates that their difference rests on ICCs. In PIRT
models, ICCs are based on a logistic or normal ogive curve, while in NIRT models, ICCs
do not have a predetermined parametric form (Lee, Wollack, & Douglas, 2009; Sodano &
Tracey, 2011). The need for large samples to estimate correctly in PIRT models is referred
to as a limitation (Sijtsma & Molenaar, 2002). Furthermore, when ability distribution
(sample distribution) is skewed, estimations according to PIRT models are less correct
than estimations made when ability distribution is normal (Syu, 2013). Thus, achieving
normally distributed data is necessary to estimate correctly according to PIRT models.
Since obtaining data that would always distribute normally in applications is not possible
and considering that large samples are needed for datasets with normal distribution, it
can be concluded that NIRT models are more useful than PIRT models. Moreover, NIRT
models are also found useful because of such features as making possible more detailed
examination of datasets, making convenience in applications where parametric models
show weak fit, and making it easy to use with data that consist of fewer items and persons
rather than large-scale tests (Junker & Sijtsma, 2001).

Here, studies conducted within the NIRT framework were examined, and the following
are studies in which various scales’ psychometric properties were examined: Bedford,
Watson, Henry, Crawford, and Deary (2011), Galindo Garre et al. (2014), Laroche, Kim,
and Tomiuk (1999), Palm and Strong (2007), Pope (1997), Rivas, Bersabé¢, and Berrocal
(2005), Roosen (2009), Sach, Law, and Chan (2003), Stewart, Watson, Clark, Ebmeier,
and Deary (2010), Stochl, Jones, and Croudace (2012), Valois, Frenette, Villeneuve,
Sabourin, and Bordeleau (2000), and Young, Blodgett, and Reardon (2003); comparison
of PIRT and NIRT with regards to estimating scales’ psychometric properties: Dychouse
(2009), Gouge (2008), Kogar (2015), Meijer and Baneke (2004), Patsula and Gessaroli
(1995), Sijtsma et al. (2008), and Zhou (2011); studies in which short versions of scales
are being developed: Aderka et al. (2013), Aljubaily (2010), Gouge (2008), Khan, Lewis,
and Lindenmayer (2011), Sodano, Tracey, and Hafkenscheid (2014); studies in which
model-data fit in PIRT models are explored to NIRT models: Douglas and Cohen (2001),
Emons (2008), Lee (2007), Lee et al. (2009), Liang, Wells, and Hambleton (2014), Sueiro
and Abad (2011), and Syu (2013) and studies in which items are chosen according to
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NIRT in simulative test conditions: Straat, van der Ark, and Sijtsma (2014). In these
studies, which generally use large samples and long tests, a limited number show that
NIRT is useful in short tests and small samples—the observed advantage of NIRT over
PIRT (Aderka et al., 2013; Galindo Garre et al., 2014; Laroche et al., 1999; Lee et al.,
2009; Meijer & Baneke, 2004; Palm & Strong, 2007; Patsula & Gessaroli, 1995; Rivas et
al., 2005; Sijstma et al., 2008; Sueiro & Abad, 2011; Young et al., 2003).

A literature review has revealed that only one study regarding NIRT has been conducted
in Turkey. In studies conducted abroad, researchers use MHM—a NIRT model—testing
MHM’s monotonicity assumption with KSAM or using MHM and KSAM separately for
analysis based on NIRT. Although the literature stresses NIRT’s usefulness in short tests
and small sample sizes, an analysis conducted on studies in the NIRT framework has
discovered that too few studies have been conducted to show the theory’s advantages.
Generally, long tests of polytomous items applied to large samples in real applications
have been used. It is important to determine psychometric properties of polytomous-
item tests that are applied in small samples in education and psychology, in different
test conditions, with IRT models that estimate item parameters independently of ability
sample and estimate ability parameters independently of item sample. The literature
emphasizes that short tests applied to small samples accord with NIRT models that are
IRT models. Nevertheless, polytomous items’ psychometric properties have not been
analysed according to MHM and KSAM (NIRT models) under different testing conditions,
in small samples with various distribution features and on small tests. For these reasons, it
was necessary to analyse polytomous items’ psychometric properties via simulative data
in small test conditions and in small samples with various distribution features.

Purpose

This study’s purpose was to analyse simulated polytomous items’ psychometric properties
under different test conditions with NIRT models. Therefore, the following are research
questions: (i) what are the items’ model-data fit levels? (7i) what are the standard error values
estimated for model-data fit values belonging to items? (7ii) what are model-data fit values for
tests, and what are standard error values estimated for model-data fit values belonging to tests?
(iv) what are reliability values (LCRC, a, A) estimated for tests gathered under different test
conditions according to MHM? Answers are also sought for the following: (i) how efficient
are items and item options (discrimination of items) at different levels of changing latent
trait? (ii) how efficient are tests in determining individual differences (test discrimination) at
different levels of latent trait? (iii) how are reliability functions at different levels of latent trait
distributed according to KSAM under different test conditions?

This study is important in analysing simulated polytomous items’ psychometric properties,
using two different NIRT models, while studying short tests and small samples with various
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distribution features. Thus, this study conducted comparative analyses according to two different
models, and under which conditions NIRT models showed better results was determined.
Additionally, this study is expected to offer researchers important information regarding NIRT
models’ testing practicality. Considering that in practice, researchers often encounter small
samples without normal distribution, conditions in which skewed sample distribution is present
were analysed, and this analysis is expected to contribute highly to the literature.

Method

Aiming to determine polytomous items’ psychometric properties generated via
simulated data under different test conditions, this is a fundamental research study.

Data Production

This research is conducted as a Monte Carlo simulation study. In line with its purpose,
WinGen3 software was used in generation of simulated data, with 20 replications in 27
different test conditions. Different test conditions generated are presented in Table 1, after
which related explanations are provided.

Table 1

Test Conditions
Sample Size Distribution of Sample Test Length (Number of Items)
10 20 30
Normal Distribution X X X
100 Positively Skewed Distribution X X X
Negatively Skewed Distribution X X X
Normal Distribution X X X
250 Positively Skewed Distribution X X X
Negatively Skewed Distribution X X X
Normal Distribution X X X
500 Positively Skewed Distribution X X X
Negatively Skewed Distribution X X X

Sample size. In analyses conducted in the NIRT framework, Molenaar (2001) stated
that sample size with 300400 persons is adequate, while Ramsay (1991) mentioned that
a sample with at least 100 persons is needed. Considering that NIRT is useful in short tests
and small samples, and according to the literature, sample sizes considered small (100,
250 and 500 persons) were determined for this study.

Test length. For this study, tests with a limited number of items (10, 20 and 30) that
would demonstrate NIRT models’ advantages were preferred.

Ability distribution and item parameters. In this research, ability distribution generated
data as normal and positively and negatively skewed, while item parameters generated data
convenient to GRM with normal and uniform distributions. Regardless of NIRT analysis, the

499



EDUCATIONAL SCIENCES: THEORY & PRACTICE

main reason data were generated according to GRM (a PIRT model) is that GRM is a special
form of MHM, and data that adjusts with GRM also adjusts with MHM (Sijtsma et al., 2008).
Ability distributions were generated in three conditions, while standard deviation values were
fixed. Related conditions were chosen as normal distribution N—(0, 1), positively skewed
distribution N—(—1, 1) and negatively skewed distribution N—(1, 1). In this study, skewness
and kurtosis coefficients gathered from ability distributions were valued between —/ and /.
According to Bulmer (1979), these values showed a moderately skewed distribution. Thus,
in this study, ability distributions were determined to be moderately skewed, adhering to the
literature. Within the study’s scope, for item parameters, b parameter was determined as N—(0,
1) with normal distribution, while a parameter was determined to be U € [1,2] and uniform.

This study presumes that measurement tools used to determine affective features generally
consist of Likert-type scales rated on five points, and items were generated accordingly.

Data Analysis

In data analysis according to MHM, the R 3./.3 programme was used, and according
to KSAM, TestGraf software was used. MHM analyses were conducted with the Mokken
package developed by van der Ark (2007), and H, SE, H and SE values were acquired.
Reliability estimates of tests according to MHM were calculated with codes developed by
van der Ark (2015) for the R programme.

TestGraf software, used in determining polytomous items’ psychometric properties
according to KSAM, is based on graphical display (Ramsay, 2000). Because TestGraf
software outputs are also graphical, results in comments are intuitional and may vary
from one person to another. For this reason, Khan (2010), Khan et al. (2011) and Santor,
Ascher Svanum, Lindenmayer, and Obenchain (2007) developed some criteria for
interpreting graphics peculiar to their study. Related criteria are arranged by considering
test conditions in this study, summarized and presented below.

Criterion 1. OCCs should demonstrate distribution that covers all changing levels of
a latent trait.

Criterion 2. OCCs should demonstrate rapid change in changing levels of the latent trait.

Criterion 3. In areas where each option is selected with the highest possibility, other
options must be aligned from left to right with regard to the option’s score (1-5). For
example, the area in which option number two is chosen with the highest possibility
should fall between areas in which options number one and number three are chosen with
the highest probability.

Criterion 4. Items’ obtained scores should be aligned throughout changing levels of the
latent trait, meaning ICCs should have values that range from the lowest to the highest score.
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While conducting this analysis, median values of options should be considered. For this study,
which consists of five-point scale items, items should have ICCs valued at four or more.

Criterion 5. Throughout changing levels of the latent trait, ICCs should have a steep slope.
Criterion 6. [tems’ biserial correlation coefficients should have a value of at least .50.

Among these criteria, the first three were used in evaluating OCCs and the last three in
evaluating ICCs. During the evaluation process, if items met all six criteria defined above, they
were categorized as very good, if they met at least four, they were categorized as good, if they
met at most three, they were categorized as weak; if they did not meet any, they were categorized
as poor. In the present study, within the determined test conditions’ scope, 1080 graphs were
evaluated, 540 belonging to OCCs and 540 to ICCs. Graphical analysis according to KSAM and
evaluating graphics that were intuitional can be considered an important limitation of this model.
Nevertheless, this limitation can be overcome by ensuring graphic evaluations’ reliability. To do
so, another independent evaluator (expert) was employed, as in Santor et al.’s study (2007), and
in addition, the evaluator’s consistency with herself was examined. For this, the evaluator and
the expert analysed randomly chosen items from each test condition (27 conditions). Also, 27
items and their graphics were chosen randomly to determine the evaluator’s ‘self-reliability’. To
analyse the evaluator’s consistency with the expert, 27 different randomly chosen items and their
54 graphics were considered and to analyse the evaluator’s consistency with herself 27 different
randomly chosen items (different from evaluator and the expert) and their 54 graphics were
considered. Determination of both self-consistency and evaluator—expert consistency benefitted
from the following equation (Tavsancil & Aslan, 2001):

Reliabilit Y number of agreements
eLtapiit =
4 ¥ number of agreements + ¥, number of disagreements

Results revealed that the evaluator’s consistency with herself was .94, and the
evaluator’s consistency with the outside expert was .82. Therefore, graphs were analysed
reliably according to determined criteria.

Findings
In this research, 540 data files—simulated datasets generated with 20 replications—
were analysed separately. In analysis according to MHM, related values were interpreted
by calculating the mean of all values (H. SE,, H, SE, LCRC, a, A) gathered in determined
test conditions. KSAM analyses were conducted on 27 datasets that provided values
closest to H, and SE, mean values, gathered from MHM analysis for each test condition.
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Model-data Fit Levels Belonging to Items Gathered according to MHM in
Different Test Conditions

In determining level of fit to MHM of model-data fit values (H,) gathered in different
test conditions for 10, 20 and 30 items, criteria defined by Mokken (1997) and Sijtsma et
al. (1990) were used. As a result of analysis within these criteria, items’ fit levels to MHM

are displayed in Table 2.
Table 2
Items’ Fit Levels to MHM in Different Test Conditions
Distribution of Sample Normal Positively Skewed  Negatively Skewed
Sample Size 100 250 500 100 250 500 100 250 500
Fit Level
Strong - - - - - - 1 - -
10 item Moderate 6 4 6 - - 5 6 1 6
Weak 4 6 4 5 4 5 3 8 4
Strong 1 1 - - - - - - -
20 item Moderate 9 15 11 6 4 6 - 2 8
Weak 10 4 9 13 14 14 5 13 11
Strong 3 - - 1 - - - 1 -
30 item Moderate 20 1 13 14 14 13 25 21 3
Weak 7 18 16 15 14 17 5 8 18

Table 2 shows that items generally had weak and moderate fit levels to MHM. Along
with this, some items did not fit MHM. When these items were omitted from tests and
analyses were redone, the number of items that demonstrated weak fit diminished.
However, generally, items were compatible with MHM.

Standard Error Values (SE,) Estimated for Model-data Fit Values, Belonging to
Items Gathered according to MHM in Different Test Conditions
The lowest (SE, ) and the highest (SE,

thelowest nhehighest) values of standard error values (SE,)

estimated for model data fit values, belonging to items gathered according to MHM in different
test conditions, are displayed in Table 3 and are aligned according to number of items.

Table 3
Standard Error Values Estimated for Model Data Fit of Items in Different Test Conditions (SE)
IS);IS;E;?:UOH of Normal Positively Skewed Negatively Skewed
Sample Size 100 250 500 100 250 500 100 _ 250 500
SE Values
‘ o 005 004 002 006 003 003 006 004 002
T SE 006 004 003 008 004 004 007 006 003
‘ e 005 003 002 005 003 002 005 003 002
20U 007 004 003 006 004 004 009 005 003
' o 005 0035 002 005 003 002 005 003 002
Ot 006 004 003 009 005 004 007 005 003
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SE, values estimated for model-data fit values belonging to items in Table 3 decreased
as sample size increased. Moreover, SE, values that were generally gathered from skewed
distributions were higher than SE, values gathered from normal distributions.

Model-data Fit Values (H) Belonging to Tests and Standard Error Values (SE)
Estimated for These Values Belonging to Tests Gathered according to MHM in
Different Test Conditions

In different test conditions, model-data fit values (H) belonging to tests and gathered
according to MHM and standard error values (SE) estimated for these values are presented
in Table 4. In interpreting these values, criteria determined by Mokken (1997) and Sijtsma
et al. (1990) were considered.

Table 4
Model Data Fit Values (H) for Tests in Different Test Conditions and Standard Error Values Estimated for
These Values (SE)

Distribution of Sample Normal Positively Skewed Negatively Skewed

Sample Size 100 250 500 100 250 500 100 250 500
H-SE

10 item H 0.38" 038 041" 029 0.29 040" 043" 035 039
SE 0.04 0.03 0.02 0.04 0.03 0.02 0.04 0.03 0.02
20 item H 0.40" 042" 039" 036" 035 0377 027 034" 037
SE 0.04 0.02 0.02 0.04 0.03 0.02 0.04 0.02 0.02
30 item H 0.44™ 0.32° 037" 039" 036" 038 043" 042" 0.32°
SE 0.03 0.02 0.02 0.04 0.03 0.02 0.04 0.03 0.02

*weak, **moderate, *** strong

Table 4 reveals that H values gathered for tests in different test conditions were
valued between .27 and .43. According to these values, tests generally have weak and
moderate fit levels to MHM. Along with this, some test conditions did not fit MHM:
positively skewed distribution, sample size of 100 and 250 persons, tests with 10 items
and negatively skewed distribution with a sample size of 100 persons and 20 items. When
SE values were estimated for tests’ H values, they were between .02 at a minimum and .04
at a maximum. SE values decreased as the sample size increased. Thus it was concluded
that as sample size increased, errors in estimates decreased.

Reliability Values (LCRC, a and 1) Estimated for Tests in Different Test Conditions
Findings regarding reliability values (LCRC, a and A) estimated for tests in different
test conditions are displayed in Table 5 according to item number order.
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Table 5

Reliability Values Estimated for Tests in Different Test Conditions
Distribution of Sample Normal Positively Skewed Negatively Skewed
Sample Size 100 250 500 100 250 500 100 250 500

Reliability Values

LCRC 085 084 085 079 080 0.83 0.87 0.82 0.84
10 item o 083 083 084 076 077 0.82 0.85 0.80 0.83
A 084 083 084 077 078 0.82 0.85 0.81 0.83
LCRC 092 092 091 091 091 091 088 090 091
20 item o 091 092 091 090 090 09 084 089 0.90
A 091 092 091 090 090 090 0.85 0.89 090
LCRC 095 092 094 095 094 094 095 094 092
30 item o 095 092 094 093 093 093 095 095 092
A 095 092 094 094 093 093 095 094 092

As Table 5 shows, LCRC, a and A reliability values were high in all study test
conditions. In datasets in which samples were distributed normally and negatively skewed,
as number of items increased, reliability values also increased. In conditions in which
samples were positively skewed, generally, number of items and sample size increased
together with reliability values. With increased sample size and number of items, LCRC,
a and A reliability coefficients had values close to each other. Furthermore, a reliability
coefficient, which was gathered from all test conditions in Table 5, provided the lower
reliability limit compared with LCRC and A, just as Sijtsma and Molenaar (1987) and van
der Ark, van der Palm, and Sijtsma (2011) indicated.

Items and Item Options’ Efficiency in Changing Levels of Latent Trait accor-
ding to KSAM in Different Test Conditions

In determining items and item options’ efficiency according to KSAM, ICCs belonging
to items and OCCs belonging to options were examined. These graphs were evaluated
with criteria determined by Khan (2010), Khan et al. (2011) and Santor et al. (2007), and
results are presented in Table 6.

As a result of examinations conducted according to KSAM, Table 6 shows that as
the sample size increased, the number of items with high item discrimination power
increased as well. Moreover, in this study’s test conditions and in KSAM analysis, sample
distribution impacted items and options’ discrimination. From findings obtained at all
test lengths, items with the highest discrimination were achieved in samples with normal
distribution, while items with the lowest discrimination were generally obtained from
samples with positively skewed distribution.
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Table 6
Evaluation Results on the Analysis of Items According to KSAM
Distribution of Normal Positively Skewed Negatively Skewed
Sample
Sample Size 100 250 500 100 250 500 100 250 500
Very good 1 4 3 0 3 2 1 1 0
§  Good 6 6 5 4 3 3 5 4 9
S Weak 3 0 2 5 4 5 4 5 1
Poor 0 0 0 1 0 0 0 0 0
Very good 1 0 6 1 1 3 0 2 1
5§ Good 10 13 7 7 7 5 1 4 9
§ Weak 8 7 7 12 11 12 13 13 10
Poor 1 0 0 0 1 0 6 1 0
Very good 1 0 5 0 0 0 0 0
5§ Good 10 10 18 9 14 14 3 1 9
§ Weak 19 19 6 17 16 14 26 18 19
Poor 0 1 1 4 0 2 1 1 2

Tests’ Effectiveness in Determining Individual Differences in Changing Levels
of Latent Trait according to KSAM in Different Test Conditions

Determining tests’ efficiency at demonstrating individual differences in different test
conditions, that is, determining tests’ discrimination, benefitted from TIF and SEF graphs. In this
study’s test conditions, the lowest and highest approximate values of these graphs, regardless of
emphasizing sample sizes and sample distribution pattern, are summarized in Table 7.

Table 7

The Lowest and the Highest Values of TIFs and SEF’s Gathered for Tests in Different Test Conditions
TIF e TIE  highes SEF owest SEF, ighes

10 item 0.040 0.160 2.500 5.000

20 item 0.026 0.070 3.750 6.100

30 item 0.015 0.041 4.900 8.000

As can be deduced from Table 7, as number of items increased, TIFs decreased and
SEFs increased. The test with the highest discrimination according to KSAM analysis
is specified as the test with the fewest items. A related condition was achieved from the
500-person sample with positively skewed distribution. Moreover, the test with the lowest
discrimination according to KSAM analysis was that with the highest number of items.
A related condition was achieved from the 250-person sample with normal distribution.
According to findings, increase or decrease in general TIFs or SEFs values did not
demonstrate a particular pattern in regard to distribution and sample sizes. However,
increase or decrease in TIFs or SEFs values demonstrated a particular pattern in regard to
number of items. As the number of items increased, TIFs decreased and SEFs increased.
A possible reason could be inclusion of items with low levels of discrimination. When
these items are omitted and analyses redone, an increase in TIFs and a decrease in SEFs
may occur. Furthermore, an increase in the number of items with high discrimination will
cause an increase in TIFs.
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Reliability Functions of Tests Estimated in Changing Levels of Latent Trait in
Different Test Conditions according to KSAM

For this study, graphs belonging to RFs were analysed to determine test reliability according
to KSAM. These graphs’ lowest and highest approximate values are shown in Table 8.

Table 8
The Lowest and the Highest Values of RF's Gathered According to KSAM in Different Test Conditions
Distribution of Sample Normal Positively Skewed Negatively Skewed
Sample Size 100 250 500 100 250 500 100 250 500
RF
) T owest 068 078 078 065 073 078 0.77 0.69 0.82
10 item )
T highest 08 086 086 078 080 0.88 087 082 0.88
) T eionest 084 09 087 08 084 086 078 086 0.86
20 item )
L chighest 091 093 094 08 089 092 089 090 0091
) T onest 092 086 092 089 0.89 0091 090 091 0.89
30 item

093 092 095 093 093 094 093 094 093

T hehighest

GF values gathered from tests’ KSAM analysis in different test conditions showed generally
high reliability values. Evaluation of all test conditions together showed that RFs’ lowest value
resulted from a 100-person sample with positively skewed distribution for a 10-item test; the
highest value resulted from a 500-person sample with normal distribution for a 30-item test.
With an increased number of items and sample sizes, RF values also increased.

In determining item and test discrimination, this study found that MHM and KSAM
analyses of simulated datasets generated with 20 replications produced differing results.
These results are compared in Tables 9 and 10, respectively. Table 11 comparatively
presents this study’s test reliability estimates according to MHM and KSAM.

Table 9

Comparison of Items’ Discrimination According to MHM and KSAM

Number of Item Conditions MHM KSAM

10 item Best condition NsD, N =100 ND, N =250
Worst condition PsD, N =250 PsD, N =100

20 item Best condition ND, N =250 ND, N =500
Worst condition NsD, N =100 NsD, N =100

. Best condition ND, N =100 ND, N =500

30 item .

Worst condition ND, N =250 PsD, N =100

ND: Normal Distribution, PsD: Positively Skewed Distribution, NsD: Negatively Skewed Distribution, N:
Sample Size

Conditions that determine items’ discrimination quality according to MHM and KSAM
are generally seen to differ in Table 9. Nevertheless, along with increased number of
items, conditions that determine their discrimination according to MHM and KSAM were
remarkably similar in sample distribution. Results regarding comparison of discrimination of
tests consisting of polytomous items according to MHM and KSAM are shown in Table 10.
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Table 10
Comparison of Discrimination of Tests According to MHM and KSAM
Test Length Conditions MHM KSAM
Best condition NsD, N =100 PsD, N =500
10 item Worst condition PsD, N =100 ND, N =100
PsD, N =250 NsD, N =250
. Best condition ND, N =250 NsD, N =100
20 item .
Worst condition NsD, N =100 ND, N =500
Best condition ND, N =100 NsD, N =500
30item Worst condition ND, N =250 ND, N =250

NsD, N = 500
ND: Normal Distribution, PsD: Positively Skewed Distribution, NsD: Negatively Skewed Distribution, N:
Sample Size

Table 10 reveals that almost all conditions differ in determination of quality of test
discrimination according to MHM and KSAM. Table 11 displays tests’ comparative
estimated reliability values according to MHM and KSAM.

Tablell
Comparison of Reliability of Tests According to MHM and KSAM
Test Length Conditions (r) MHM KSAM
.. _ PsD, N =500 (0.88)
10 item Best condition (r) NsD, N =100 (0.87) NsD. N = 500 (0.88)
Worst condition (r) PsD, N =100 (0.79) PsD, N =100 (0.65)
. ND, N =100 (0.92) _
20 item Best condition (r) ND, N =250 (0.92) ND, N =500 (0.94)

Worst condition (r)

NsD, N = 100 (0.88)

NsD, N = 100 (0.78)

Best condition (r)

ND, N = 100 (0.95)
PsD, N = 100 (0.95)

ND, N = 500 (0.95)

30 item NsD, N =100 (0.95)
ND, N =250 (0.92)
NsD, N =500 (0.92)
ND: Normal Distribution, PsD: Positively Skewed Distribution, NsD: Negatively Skewed Distribution, N:
Sample Size, r = For MHM LCRC coefficient, for KSAM the lowest and the highest values of RF

Worst condition (r) ND, N =250 (0.86)

Table 11 also reveals the best conditions in which reliability values were highest and
the worst conditions in which reliability values were lowest. Furthermore, conditions
in which reliability coefficients obtained the highest and lowest values according to
MHM and KSAM analyses were similar, especially in sample distribution. Moreover,
even though KSAM reliability estimates were lower than MHM reliability estimates,
generally, both MHM and KSAM reliability estimates were high.

Discussion

This study aimed to analyse polytomous items’ psychometric properties according to
MHM and KSAM, which are NIRT models, in different test conditions consisting of 10,
20 and 30 items, of samples with normal, positively and negatively skewed distribution
and of samples of 100, 250 and 500 persons. Therefore, H, coefficients, which are easy to
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comment on, were produced in analysis conducted according to MHM, while in analysis
conducted according to KSAM, detailed information was obtained through ICC and OCC
graphs. The research determined that analysis according to MHM and KSAM produced
different results. Only with increased numbers of items and persons do these models
produce similar results. In addition, in test reliability estimates, KSAM provided lower
estimates compared to MHM, and these values estimated with increased numbers of
items and persons were determined to approach each other.

Study results show that tests gathered from conditions with samples with skewed
distribution can be scaled according to MHM and KSAM, which are NIRT models.
Additionally, this shows that NIRT models are appropriate in determining items’
psychometric properties when datasets cannot attain normal distribution in applications.
However, that skewed distribution conditions according to Bulmer’s (1979) criteria,
chosen from the literature, were at a medium level should be considered; thus, stated
results were reached for datasets with skewed distribution at a medium level.

The study determined that number of items, sample distribution and sample-size factors
influenced items and tests’ level of fit to MHM. Generally, as sample size increased, items
and tests’ fit level to MHM increased as well. In the literature, many studies’ findings
(Chon, Lee, & Ansley, 2007; Douglas & Cohen, 2001; He & Wheadon, 2013; Lee et al.,
2009; Reeve & Fayers, 2005; Sueiro & Abad, 2011) regarding the fact that as sample size
increases, model data fit is provided for both PIRT and NIRT, show similarity to this study’s
finding. For tests with 30 items, however, this finding was not obtained from data. When
SE, values estimated for H, values gathered according to MHM, belonging to items in
different test conditions were examined, these values decreased as sample size increased.
This finding bears similarity to that of studies conducted by Smits, Timmerman, and Meijer
(2012) and Kogar (2015). Moreover, SE, values from skewed distributions were higher
than SE, values from normal distributions. This finding supported Kuijpers, van der Ark,
and Croon (2013). In this study’s test conditions, tests generally fit MHM. This finding
paralleled others that suggest tests applied to small samples fit MHM (Junker & Sijtsma,
2001; Meijer, 2004; Molenaar, 2001; Stochl, Jones, & Croudace, 2012). Nevertheless,
tests not fitting MHM were found in conditions with skewed sample distributions. SE,
values obtained for tests decreased with increased sample size and number of items. This
finding resembled that of studies conducted by Smits et al. (2012) and Kogar (2015).

Estimates within the MHM context determined that reliability values increased
depending on increase in number of items and in sample size. This finding parallelled
that of many other studies (Pozehl, 1990; Wang, 2004; Zenisky, Hambleton, & Sireci,
2002; Zhang, 2010) conducted within PIRT’s scope. In addition, LCRC reliability values,
estimated according to MHM of tests with polytomous items, were high. This finding
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supports that of Rivas et al. (2005), who suggested achieving tests with high reliability by
using scaling according to MHM.

In this study, number of items, sample distribution and sample-size factors influenced
items and options’ effectiveness, in other words, in determining items’ discrimination
according to KSAM. KSAM analysis demonstrated that as sample size increased, the
number of high-discrimination items increased as well. In studies within the PIRT context,
Bock (1972), De Ayala and Sava Bolesta (1999), DeMars (2003) and He and Weadon
(2013) emphasized that sample size and number of items influenced item discrimination;
as sample size increased, items with high discrimination were obtained. In this study,
findings of KSAM analysis, a NIRT model, paralleled findings of researchers studying
within PIRT’s scope. In determining tests’ discrimination, TIFs and SEFs were examined;
at points at which TIFs reached high values, SEFs had low values. The literature has
observed that at points where TIFs reached high values, errors decreased (Hambleton,
Swaminathan, & Rogers, 1991). In KSAM analysis, increased RF values obtained
with an increased number of items and sample size were determined. The finding that
suggested increased reliability values parallel increased number of items and sample size
bears similarity to many previous PIRT findings (Pozehl, 1990; Wang, 2004; Zenisky et
al., 2002; Zhang, 2010).

Suggestions

According to this study’s results, while producing H coefficients, which are easy
to interpret in MHM analysis according to detailed graphs, were achieved in analysis
conducted according to KSAM. These models can thus be considered complementary.
When studying with small sample groups, when sample distributions show differences
in normal distribution or when model-data fit cannot be reached for PIRT models, in
aims such as scale development, determining scales’ psychometric properties, both NIRT
models can be used together. In KSAM analysis, OCCs and ICCs were seen to provide
detailed information regarding discrimination of items and options. From this point forth,
analysis can be conducted according to KSAM for achievement tests, for weighing options,
increasing distractor quality and for tests developed to measure affective characteristics
such as interest, attitude and anxiety, for topics such as uniting items’ options. A similar
study could be conducted outside this study’s test conditions, that is, a study using larger
samples, longer tests or smaller samples, shorter tests or generated test conditions in
which ability distributions are skewed with wider gaps.
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