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ABSTRACT

This study sought to examine the alteration of the cut-off scores determined by cluster analysis
according to 3 different sample sizes (250, 500 and 1000) and 3 different distribution types
(Normal, Uniform and Beta) in data compatible with the 2-parameter Item Response Theory (IRT)
model. To this end, 9 different simulation data consisting of 25 items were generated in WinGen3
program. The cut-off score was determined by dividing the individuals into two groups using the
Two-Step Cluster Analysis method. The study revealed that the cut-off score determined for the
actual score of individuals with normal distribution by cluster analysis method was 14.5 in the
N=250 study group and 11.5 in the N=500 and N=1000 study groups. For the actual score of
individuals with a uniform distribution, the cut-off scores determined in the N=250, N=500 and
N=1000 study groups were 10.5, 12.5 and 11.5, respectively. For the actual score of individuals
with beta distribution, the cut-off scores determined in N=250, N=500 and N=1000 study groups
were 8.5, 10.5 and 9.5, respectively. The study concluded that the highest cut-off score determined
for the actual score of the individuals with regard to sample size and distribution type was obtained
in the N=250 study group with a normal distribution. The lowest cut-off score was obtained in the
N=250 study group with a beta distribution. It was concluded that the lowest cut-off score for the
entire study group size was found in the data set with beta distribution. The results suggest that
the cut-off scores determined by cluster analysis may vary according to sample size and the type
of distribution. Researchers are recommended to use cluster analysis method, which does not
involve subjectivity, to determine cut-off scores in standard setting studies. Researchers may
investigate how the cut-off score determined by cluster analysis will change for data sets generated
based on different IRT models (e.g., 3-parameter logistic model).

Keywords: Standard setting, cluster analysis, cut-off score, WinGen.

* A preliminary version of this paper was presented at the Uluslararasi Egitim Yénetimi Forumu that was held in Ankara,
Tirkiye on October 17-21, 2017.

2342



I.I OE E C (International Journal of Eurasian Education and Culture) Vol: 8, Issue: 23 2023
100. Yil Ozel Sayisi

INTRODUCTION

Turkish education system, like all other education systems, resorts to measurement and evaluation activities in
various aspects. One reason is that measurement and evaluation activities procure the control of the education
system. Measurement and evaluation are, on the other hand, subsequent processes. The measurement scores
are obtained as a result of the measurement process, and they are compared with certain criteria in the
evaluation process. Particularly students, the input element of the education system, are measured at many
stages and evaluated according to certain criteria. For example, students need to score 70 points out of 100
points to be successful in an undergraduate course. A score of 70, which corresponds to the minimum proficiency

level required to be successful, is a cut-off score used to classify students as successful or not.

Designating a cut-off score is indeed a standard setting practice. Accordingly, Cizek (2001) defines standard
setting as the determination of performance levels to make decisions or classifications about individuals.
Similarly, Crocker and Algina (2008) define standard setting as obtaining a cut-off score. Therefore, standard
setting is very critical in terms of determining the differentiation in the achievement or performance levels of
individuals. The cut-off score must first be determined for the interpretation of test scores. For example, some
curricula are divided into units. Students take a follow-up and/or achievement test upon the completion of a
unit. If this test score equals or exceeds the cut-off score, the student is allowed to move on to the next unit.
Similarly, some vocational and placement certificate programs require the completion of professional knowledge
tests. Certification is only granted if the applicant's score equals or exceeds a certain cut-off score. The cut-off
score is commonly referred to as the standard score (Crocker & Algina, 2008). The literature hosts various

standard setting methods used in the literature. The current study addresses only the Cluster Analysis Method.

Cluster analysis is the process of dividing the information in the data set into groups according to certain
proximity criteria. The elements within a cluster should be similar, but the similarity between clusters should be
low (Dinger, 2006). Briefly, cluster analysis is a statistical procedure for forming groups of similar elements.
Cluster analysis has a wide application in many fields (medicine, marketing, education, etc.) as well as standard
setting. Traditional standard setting methods have been criticized for being based on subjective judgments, lack
of reliability and lack of external validity. Cluster analysis builds on the strengths of other standard setting
methods and addresses some of their weaknesses. In particular, it involves the use of external evidence of

replication and validity and relies less on subjective judgments (Khalid, 2011).

The standard setting studies using cluster analysis often compares cluster analysis with other standard setting
methods. For example, Sireci et al. (1999) compared cluster analysis with the boundary group and contrasting
groups methods, and Violato et al. (2003) compared it with the Nedelsky and Ebel methods. Hess et al. (2007)
used cluster analysis to verify the cut-off score determined by the Angoff method. An examination of the
available literature suggests that there is a gap regarding how the cut-off score would change under different

conditions (sample size, distribution type, etc.). Changing the groups used for standard setting also changes the
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cut-off score (Koyuncu, 2015). There is a need to examine whether this change is affected by the type of
distribution and sample size. In this respect, the present study makes an important contribution to improving
the use of cluster analysis standard setting method in practical educational settings. Accordingly, the problem of
the study was determined as examining how the cut-off scores determined by cluster analysis will differ
according to different distribution types and sample sizes in data that is compatible with the 2-parameter Item

Response Theory (IRT) model scored as 1-0.

This study aimed to examine the change of the cut-off score determined by cluster analysis, which is one of the
standard setting methods, in terms of 3 different sample sizes (250, 500 and 1000) and 3 different distribution
types (Normal, Uniform and Beta) in data compatible with the 2-parameter IRT model. In line with this purpose,

the following questions were sought to be answered:

1. Does the cut-off score determined by cluster analysis for the group with a sample size of N=250 differ
according to the distribution type?

2. Does the cut-off score determined by cluster analysis for the group with a sample size of N=500 differ
according to the distribution type?

3. Does the cut-off score determined by cluster analysis for the group with a sample size of N=1000 differ
according to the distribution type?

4. Do the cut-off scores determined by cluster analysis differ according to sample size and distribution

type?

METHOD
Research Design

Since this study aims to examine the change in the cut-off scores determined by cluster analysis based on
simulation data according to sample size and distribution type, this study adopted a basic research design with
the feature of generating knowledge. Biiylkoztirk et al. (2012) briefly defines basic research as studies aiming

knowledge and theory production.

Data Generation

The data were simulated using WinGen3 program, which was developed to generate both two-category and
multi-category item response sets (Han, 2007). In line with the purpose of the research, in the first stage of data
generation with WinGen3, individuals' actual scores (theta) were determined as normal, uniform and beta
distributions for one-dimensional models. For the normal distribution, the mean and standard deviation of the
individuals' actual scores were set as 0.00 and 1.00 respectively; for the uniform distribution U was defined as
(-3, +3); for the beta distribution, the a parameter was set as 2 and the b parameter was set as 5. In addition,
data were generated according to three different study group sizes (250, 500 and 1000) for each distribution

type. In the second stage, the distributions of the a and b parameters related to the Item Response Theory 2-
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Parameter Logistic Model were assumed to be uniform, and a set of 25 multiple-choice items were produced,
which were scored dichotomously with the a parameter between 0 and 2 and the b parameter between -3 and
+3. The reason for determining the parameter values, test length, and sample sizes used in the data generation
in this way is that other studies in the literature also use these values and sample sizes (Ankenmann & Stone,
1992; Erdemir & Atar, 2020; Preinerstorfer & Formann, 2012; Stone, 1992; Sahin & Yildirim, 2018). In the third
stage, the individual parameters generated in the first stage were combined with the item parameters generated
in the second stage to generate individual-item pattern data sets. The results of the three stages of data

generation are summarized in Table 1, Table 2 and Table 3 according to distribution types.

Table 1. The Study Group in the Research According to Normal Distribution

Person Parameters Item Parameters
N f
Distribution . umper ° Mean Standard Number a b
Universe Individuals - . L .
Type (N) (W) Deviation (o) ofitem  (discrimination) (Item difficulty)
1 250 0 1 25 0<acx<?2 -3<b<+3
Normal 2 500 0 1 25 0<as<2 -3<b<+3
3 1000 0 1 25 0<as<?2 -3<b<+3
Table 2. The Study Group in the Research According to Uniform Distribution
Person Parameters Item Parameters
Distribution . Numper of . . Number a . b
Tvpe Universe Individuals Minimum Maximum of items (discrimination) (item
yp (N) difficulty)
1 250 -3 +3 25 0<ax<?2 -3<b<+3
Uniform 2 500 -3 +3 25 0<as<2 -3<b<+3
3 1000 -3 +3 25 0<as<?2 -3<b<+3
Table 3. The Study Group in the Research According to Beta Distribution
Person Parameters Item Parameters
Distribution . Nur.'n?er of parameter  parameter  Number a b
Universe  Individuals . N .
Type (N) a b of items  (discrimination) (Item difficulty)
1 250 2 5 25 0<ac<2 -3<b<+3
Beta 2 500 2 5 25 0<ac<2 -3<b<+3
3 1000 2 5 25 0<as<2 -3<b<+3

Data Analysis

In the study, a total of 9 different (3x3) simulation data were generated in WinGen3 program according to 3
different sample sizes (250, 500 and 1000) and 3 different distribution types (Normal, Uniform and Beta). In line
with the purpose of the study, a cut-off score was determined on each data set using the SPSS package program
using the cluster analysis method. Two-Step Clustering technique was used to determine the cut-off score by
clustering analysis. The average Silhouette coefficient is reported for the quality of clustering. The Silhouette
coefficient is an internal measure of cluster validity that takes into account both intra- and inter-cluster distances.
The average Silhouette coefficient takes values between -1 and +1. If the average Silhouette coefficient is

between 0.5 and 1, it is interpreted as good clustering (Dinh et al., 2019; Supandi et al., 2021). The individuals
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were divided into two groups according to the total score they obtained from 25 items. The standard was
determined using the minimum and maximum scores determined for the two groups. The average of the
maximum score of the low-achieving group and the minimum score of the high-achieving group was used

determined as the cut-off score.

FINDINGS
Findings regarding the first research question

The study first addressed the question "Does the cut-off score determined by cluster analysis for the group with
a sample size of N=250 differ according to the type of distribution?". As a result of the two-step clustering
analysis, the average Silhouette coefficient for all distributions (normal, uniform, beta) in the N=250 study group
was 0.7 and this value can be interpreted as good. Accordingly, descriptive statistics of two clusters (groups)
obtained from the clustering analysis of the scores of N=250 individuals with Normal, Uniform and Beta

distributions are presented in Table 4.

Table 4. Descriptive Statistics of Cluster Analysis for N=250 Sample Size

Distribution Type Cluster N Minimum Maximum Mean Standard Deviation (SD)
1 124 15.00 23.00 17.83 2.14
Normal
2 126 3.00 14.00 10.51 2.66
Uniform 1 123 11.00 23.00 15.50 2.96
2 127 1.00 10.00 6.31 2.27
Beta 1 129 9.00 18.00 11.28 2.09
2 121 3.00 8.00 6.17 1.50

Table 4 demonstrates that there are two clusters (groups) according to each distribution type. The mean of the
scores of individuals with a normal distribution was 17.83 (SD=2.14, Range=15.00-23.00) in cluster 1 and 10.51
(SD=2.66, Range=3.00-14.00) in cluster 2. The mean scores of individuals with a uniform distribution were 15.50
(SD=2.96, Range=11.00-23.00) in cluster 1 and 6.31 (SD=2.27, Range=1.00-10.00) in cluster 2. The mean of the
scores of individuals with beta distribution was 11.28 (SD=2.09, Range=9.00-18.00) in cluster 1 and 6.17 (SD=1.50,
Range=3.00-8.00) in cluster 2.

The cut-off score to be used to make a pass/fail decision about the individuals was determined by averaging the
maximum score of the low-achieving group and the minimum score of the high-achieving group. For example,
for Normally distributed individual scores, the cut-off score was determined as 14.5 by averaging the minimum
score 15.00 of the high achieving cluster 1 and the maximum score 14.00 of low achieving cluster 2. Similarly, for
Uniform and Beta distributions, the cut-off score determined by cluster analysis to make a pass/fail decision

about individuals was obtained as 10.5 and 8.5, respectively.
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Findings regarding the second research question

The study secondly addressed the question "Does the cut-off score determined by clustering analysis for the
group with a sample size of N=500 differ according to the type of distribution?". As a result of the two-step
clustering analysis, the average Silhouette coefficient was 0.7 for the normal and beta distribution and 0.8 for
the uniform distribution in the N=500 study group, and these values can be interpreted as good. Accordingly, the
descriptive statistics of two clusters (groups) obtained from the clustering analysis of the scores of N=500

individuals with Normal, Uniform and Beta distributions are presented in Table 5.

Table 5. Descriptive Statistics of Cluster Analysis for N=500 Sample Size

Distribution Type Cluster N Minimum Maximum Mean Standard Deviation (SD)
1 294 12.00 23.00 14.78 2.33
Normal
2 206 3.00 11.00 8.71 1.84
Uniform 1 292 13.00 24.00 17.75 2.54
2 208 2.00 12.00 8.25 2.45
Beta 1 284 11.00 23.00 13.89 2.37
2 216 2.00 10.00 7.69 1.89

As Table 5 presents, the mean of the scores of individuals with a normal distribution was 14.78 (SD=2.33,
Range=12.00-23.00) in cluster 1 and 8.71 (SD=1.84, range=3.00-11.00) in cluster 2. The mean of the scores of
individuals with uniform distribution was 17.75 (SD=2.54, Range=13.00-24.00) in cluster 1 and 8.25 (SD=2.45,
Range=2.00-12.00) in cluster 2. The mean of the individual scores with beta distribution was 13.89 (SD=2.32,
Range=11.00-23.00) in cluster 1 and 7.69 (SD=1.89, Range=2.00-10.00) in cluster 2. For the N=500 study group,
the cut-off score to be used to make a pass/fail decision about the individuals was determined as 11.5 for Normal

distribution, 12.5 for Uniform distribution and 10.5 for Beta distribution.

Findings regarding the third research question

The study thirdly addressed the question “Does the cut-off score determined by cluster analysis for the group
with a sample size of N=1000 differ according to the distribution type?”. As a result of the two-step clustering
analysis, the average Silhouette coefficient for all distributions (normal, uniform, beta) in the N=1000 study group
was 0.7 and this value can be interpreted as good. Accordingly, the descriptive statistics of two clusters (groups)
obtained from the clustering analysis of the scores of N=100 individuals with Normal, Uniform and Beta

distributions are presented in Table 6.

Table 6. Descriptive Statistics of Cluster Analysis for N=1000 Sample Size

Distribution Type Cluster N Minimum  Maximum Mean Standard Deviation (SD)
Normal 1 357 12.00 25.00 14.08 2.18
2 643 2.00 11.00 8.58 1.98
Uniform 1 600 12.00 24.00 17.47 3.35
2 400 0.00 11.00 7.60 2.39
Beta 1 613 10.00 21.00 12.66 2.26
2 387 1.00 9.00 7.25 1.55
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Table 6 demonstrates the mean of the scores of individuals with a normal distribution was 14.08 (SD=2.18,
Range=12.00-25.00) in cluster 1 and 8.58 (SD=1.98, Range=2.00-11.00) in cluster 2. The mean scores of
individuals with a uniform distribution were 17.47 (SD=3.35, Range=12.00-24.00) in cluster 1 and 7.60 (SD=2.39,
Range=0.00-11.00) in cluster 2. The mean of the individual scores with beta distribution was 12.66 (SD=2.26,
Range=10.00-21.00) in cluster 1 and 7.25 (SD=1.55, Range=1.00-9.00) in cluster 2. For the N=1000 study group,
the cut-off score to be used to make a pass/fail decision about the individuals was determined as 11.5 for Normal

distribution, 11.5 for Uniform distribution and 9.5 for Beta distribution.

Findings regarding the fourth research question

The study finally addressed the question “Do the cut-off scores determined by cluster analysis differ according to
sample size and distribution type?”. Figure 1 shows the cut-off scores used to make pass/fail decisions about
individuals according to 3 different sample sizes (250,500,1000) and 3 different distribution types (Normal,

Uniform, Beta).

Cut-off Score
16
- 14.5
12
10
Qo
S 8
wv
6
4
2
0
N=250 N=500 N=1000
® Normal 14,5 11,5 11,5
® Uniform 10,5 12,5 11,5
1 Beta 8,5 10,5 55

®m Normal

m Uniform m Beta

Figure 1. Cut-off Score According to Distribution Type and Sample Size

As present in Figure 1, the cut-off score determined by cluster analysis for the actual score of individuals with a
normal distribution was 14.5 in the N=250 study group, and 11.5 in the N=500 and N=1000 study groups. The
cut-off score determined by cluster analysis for the actual score of individuals with a uniform distribution varied
as 10.5, 12.5 and 11.5 in the N=250, N=500 and N=1000 study groups, respectively. The cut-off score determined

by cluster analysis for the actual score of individuals with Beta distribution varied as 8.5, 10.5 and 9.5 in the
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N=250, N=500 and N=1000 study groups, respectively. The study revealed that all cut-off scores change according

to the study group (sample size) in the Uniform and Beta distribution types.

The highest cut-off score determined for the actual score of the individuals according to the sample size and the
type of distribution in the N=250 study group was obtained when the distribution was normal. The lowest cut-
off score in the N=250 study group was obtained in the beta distribution. In addition, the lowest cut-off score for

the entire study group size was obtained in the beta distribution.

CONCLUSION and DISCUSSION

The current study sought to examine the change of the cut-off scores determined by the cluster analysis, which
is one of the standard setting methods, according to 3 different sample sizes (250, 500 and 1000) and 3 different

distribution types (Normal, Uniform and Beta) in the data compatible with the 2-parameter IRT model.

The study found that the highest cut-off score determined for the actual score of the individuals according to the
sample size and the type of distribution was in the N=250 study group with a normal distribution. The lowest cut-
off score was obtained in N=250 sample size with a beta distribution. The lowest cut-off score was obtained in

beta distribution among all study group sizes.

The study mainly concludes that the cut-off scores determined by cluster analysis may vary according to the size
and distribution type of the study group. It was observed that the cut-off score determined by cluster analysis
may be different, equal or close to the cut-off score. For example, while the cut-off score determined for the
Normal and Uniform distribution for the N=1000 study group was the same (11.5), it was determined that each
cut-off score determined for the actual scores of individuals with Uniform and Beta distributions differed. Zumbo
(2016) states that cut-off score should not be determined based solely on the statistical distribution of test
scores. Methods based on the statistical distribution of test scores often depend on norm-referenced test
interpretation. A norm-referenced interpretation is resorted when individual test performance is described with
respect to some normative sample. Therefore, more attention should be paid to this, especially when setting a
cut-off score based on statistics derived from a normative test sample, and this should be supported by other

external evidence-based information (Zumbo, 2016).

The cut-off score forms the basis for using and interpreting test results. Therefore, in some cases, the validity of
test scores may depend on the cut-off score (AERA et al., 2014). Additionally, as the cut-off score changes, the
classifications to be made based on the actual performance of the individuals will change. Accordingly,
classification accuracy rates will also change. If the cut-off score to be used to make a pass/fail decision for
students is too high, students who should normally be successful will fail. Similarly, the vice versa is valid. If the
passing score is set too low, many students who should fail will succeed. In both cases, the misclassification rate
will increase. Therefore, in order to minimize misclassification errors, validity studies need to be conducted for

the cut-off score and various evidence should be obtained. Goodwin (1996) stated that the validity of
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classifications will depend not only on the validity of test content but also on the validity of standards. Hambleton
(2001) stated that as the final stage of setting performance standards in educational assessments, validity
evidence and technical documents related to the standards should be collected. Thus, the decisions' validity

based on the determined cut-off score can be increased.

SUGGESTIONS

e Traditional standard setting methods are subjective. However, cluster analysis does not contain
subjectivity since it does not involve expert opinion. Hence, teachers and researchers who want to set
cut-off scores are recommended to use cluster analysis instead of traditional methods based on expert
opinion.

e This study adopted the two-step cluster analysis for determining the cut-off scores. Further research
may resort to different cluster analysis methods.

e  This study examined how the cut-off score would change with cluster analysis based on data generated
according to the 2-parameter logistic (2PL) IRT model. Researchers may further investigate how the
cut-off score determined by clustering analysis will change for data sets generated according to different
IRT models (e.g., 3-parameter logistic model (3 PLM)).

e This study aimed to obtain two homogeneous groups by determining a single cut-off score. It is
recommended to investigate how the cut-off score changes when more than one cut-off score is
desired; for example, when researchers want to divide individuals into more than two homogeneous

groups.
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