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The Examination of Item Difficulty Distribution, Test Length
and Sample Size in Different Ability Distribution
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Abstract

This is a post-hoc simulation study which investigates the effect of different item difficulty distributions,
sample sizes, and test lengths on measurement precision while estimating the examinee parameters in right and
left-skewed distributions. First of all, the examinee parameters were obtained from 20-item real test results for
the right-skewed and left-skewed sample groups of 500, 1000, 2500, 5000, and 10000. In the second phase of
the study, four different tests were formed according to the b parameter values: normal, uniform, left skewed
and right skewed distributions. A total of 80 conditions were formed within the scope of this research by
selecting 20-item and 30-item condition as the test length variable. In determining the measurement precision,
the RMSE and AAD values were calculated. The results were evaluated in terms of the item difficulty
distributions, sample sizes, and test lengths. As a result, in right-skewed examinee distribution, the highest
measurement precision was obtained at the normal b distribution and the lowest measurement precision was
obtained at the right skewed b distribution. A higher measurement precision was obtained in the 30-item test,
however, it was observed that the change in the sample size didn’t affect the measurement precision
significantly in right-skewed examinee distribution. In the left skewed distribution, the highest measurement
precision was obtained at the normal b distribution and the lowest measurement precision was obtained at the
left-skewed b distribution. Also it was observed that the change in the sample size and test length didn’t affect
the measurement precision significantly in the left-skewed distribution.

Key Words: Item response theory, examinee distribution, item difficulty distribution, sample size, test length.

INTRODUCTION

During the phases of development and scoring process of the tests used to recognize individuals in
the fields of Education and Psychology, Classical Test Theory (CTT) and Item Response Theory
(IRT) are utilized. These two theories are considered fundamentals in the field of measurement and
evaluation. While IRT emerged through the midst of 20th century, the history of CTT dates back to
the earlier ages (Crocker & Algina, 1986). IRT is an advantageous and powerful approach in test
development, item analysis, and scoring processes (Thompson & Weiss, 2011). Unlike CTT, it is
considered that there is a relation between the responses given and the characteristics that the test
measures in IRT, and this relation is shown with an increasing function that is named as Item
Characteristic Curve (ICC). As IRT does not vary from one group to another, the parameters that
determine this curve will remain the same (Lord & Novick, 1968). There are four parameters in the
definition of IRT. These are item discrimination parameter (a), item difficulty parameter (b), pseudo
guessing parameter (c), and upper asymptote (d). Also, the mathematical equations that describe ICC
form IRT models. In addition, the performance of each person who responses the items in the test
can be estimated through the instrumentality of the factors named such as characteristics, latent trait
or ability (Hambleton, Swaminathan & Rogers, 1991). Another term in the theory is item
information function and test information function. The contribution of any item in the scale to the
accuracy of measurement done with the whole scale is determined through item information
function. Moreover, the test information function is obtained through the total amount of item
information function.
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Item information function and test information function can be obtained independently of sample of
individuals. Moreover, these functions are related to standard error of measurement at any ability
levels. Due to this features of item information function and test information function is considered
as an alternative to reliability and standard error in CTT. The average of test information function at
all ability levels means the “reliability” coefficient (marginal reliability) (Hambleton & Swainathan,
1985).

Unidimensionality, local independence and normality assumptions are found in the unidimension
and parametric models of IRT. Unidimensionality assumption is based on the statistical
independence among items (Crocker & Algina, 1986) and test items measure only one ability
(Hambleton et al., 1991). Local independence assumption is related to unidimensionality and it
means that, when the abilities influencing the test performance of the individuals are at the same
level, individuals’ responses to any pair of items are statistically independent from the responses to
any other test items. Although unidimensionality and local independence are different terms, when
the test ensures its unidimensionality, it means that the local independence assumption is obtained
(Hambleton et al., 1991).

The characteristic features of IRT has improved test development, test bias identification, test
equating and the limitations have been removed in these conditions (Hambleton & Swaminathan,
1985). Thanks to the advantages of IRT, this theory has been preferred in the examinations
especially like PISA (The OECD Programme for International Student Assessment) and TIMSS
(The Trends in International Mathematics and Science Study) (Martin, Mulis & Hooper, 2016;
OECD, 2017). In addition, it is seen in many national and international research that test results are
evaluated within the context of IRT (Ackermann, 1994; Bhakta, Thennant, Horton, Lawton &
Andrich, 2005; Celen & Aybek, 2013; ilhan, 2016). The exams used in education are prepared for
many different purposes, and these exams are extremely important for individuals. These purposes
can include student selection and placement, proficiency, diagnostic tests etc. These tests will have
various psychometric characteristics depending on the purpose of development, the characteristics of
individuals or the number of individuals taking the test. For example, if the number of students are
more but the number of the students to be selected according to the results is less, the test can be
expected to be difficult. However, if the test is to be developed to diagnose the existing knowledge
(not to select and place), the test is expected to be easier than selection and placement tests and to
consist of items with moderate difficulty, if possible. It is more important here to identify how the
validity and reliability will be affected in the tests that have different item difficulty index. In
addition, how the ability distribution of the individuals that take the test affect the validity and
reliability should also be identified. In this study, based on the results of a national exam, the effect
of test length and sample size for different ability distributions in the tests that have different b
parameters within ability parameter estimation on measurement precision was analyzed.

In the literature, there are studies that analyze the effect of sample size on measurement precision in
various models and items with different scores in the item response theory (Boughton, Klinger &
Gierl, 2001; Cheng & Yuan, 2010; De Ayala & Bolesta, 1999; DeMars, 2002; DeMars, 2003;
Montgomery & Skorupski, 2012; Preston & Reise, 2014). In addition to these, there are studies
which consist at least two of sample size, test length and ability distribution type conditions.
(Ankenmann ve Stone, 1992; Baker, 1998; Guyer ve Thompson, 2011; Hulin, Lissak ve Drasgow,
1982; Kieftenbeld ve Natesan, 2012; Lautenschlager, Meade ve Kim, 2006; Preinerstorfer ve
Formann, 2012; Roberts ve Laughlin, 1996; Seong, Kim ve Cohen, 1997; Stone, 1992; Swaminathan
ve Gifford; 1979; Wang ve Cheng, 2005; Wollack, Bolt, Cohen ve Lee, 2002). Furthermore, while
there are studies that a parameter is obtained within different ranges and that analyze its impact on
measurement precision (DeMars, 2003; Preston & Reise, 2014; Reise & Yu, 1990), fewer studies
examine b parameters’ impact on measurement precision. Some studies related to this study are
summarized as follows.

Lautenschlager et al. (2006), in a post-hoc simulation study within graded response model (GRM),
examined the effect of 7 different sample sizes (75, 150, 200, 300, 500, 1000 and 2000 individual),
four different test lengths (5, 10, 15 and 20 items), and three different sample distributions (normal,
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skewed and uniform) on ability and item parameter estimation. The researchers used maximum
posteriori (MAP) estimation method in the ability parameter estimation. In the study, the results
showed that sample size does not change the root mean squared error (RMSE) values but RMSE
values decreased when the test length increases. Ankenmann and Stone (1992) carried out a post-hoc
simulation study using three different test lengths (5, 10, and 20 items), with a sample size of 125,
150, 500 for one-parameter GRM and with a sample size of 250, 500, and 1000 for 2-parameter
GRM, they analyzed how ability estimation was affected. The researchers that used marginal
maximum likelihood (MML) in parameter estimation used MULTILOG Program. As a result, it was
concluded that sample size did not have an important effect on ability parameter estimation. In
addition, it was found that the longer the test length is, the more precise the measurement in ability
estimation. Kieftenbeld and Natesan (2012) conducted another post-hoc simulation in their study
using a four different test lengths (5, 10, 15, and 20 items), five different sample sizes (75, 150, 300,
500, and 1000 individuals) and three different ability distribution types (normal, uniform, and
skewed), and they analyzed the effect of these conditions on ability and item parameter. In the study,
MML and Markov Chain Monte Carlo (MCMC) methods were used for estimation. They conducted
the study within the context of GRM and estimated the parameters using MULTILOG program. The
results of the study revealed that test length described the highest variance in RMSE whereas sample
size described a less amount of the variance. Preinerstorfer and Formann (2012) analyzed the effect
of two different sub-groups (1 and 2 sub-group), homogeneity and heterogeneity of the groups, four
different test lengths (10, 15, 25 and 40 items) and three sample sizes (500, 1000, and 2500) on
measurement precision in parameter estimation using mixed Rasch model. As a result, it was found
that as sample size and test length increased, so did the measurement precision.

In the literature, for the models related to polytomous items and Rasch model, there are some studies
that analyze the effect of sample size and/or test length on measurement precision, and some other
similar studies with logistic models related to dichotomous items. For example, Swaminathan and
Gifford (1979) analyzed the effect of ability and item parameter estimation on measurement
precision using Urry and MLE methods. They used different test lengths (10, 15, 20, and 80),
different sample sizes (50, 200, and 1000), and different ability distribution types (normal, uniform,
and skewed) within 3PL model. As a result, they stated that when the sample size and test length
increased, so did the measurement precision within ability parameter, and there was a little effect of
sample size on measurement precision. Hulin et al. (1982) carried out a Monte-Carlo study using
2PL and 3PL models and analyzed the effect of different sample sizes (200, 500, and 1000), different
test lengths (15, 30, and 60) on measurement precision within item and ability parameter estimation.
The result of the study revealed that the accuracy of ability estimation in 3PL is less in small samples
and small lengths. In addition, it was found that the sample size in 30 and 60 item tests in 3PL model
did not affect RMSE and correlation values much. Stone (1992) analyzed the effect of different
sample sizes (250, 500, and 1000), different test lengths (10, 20, and 40) and different distribution
types (normal, skewed, and platykurtic) in 2PL model on measurement precision within parameter
estimation. The result of the study revealed that the most significant condition that affected
measurement precision was test length within ability parameter estimation (especially among
extreme ability parameters). In addition, it was found that when the test length gets longer, error of
estimation decreased significantly. Furthermore, they also found that the increase in the sample size
did not reduce the deviation. Stone also analyzed the measurement precision within item level and
the effect of research conditions when b parameter was in different levels (average (0, 02), easy (-2,
18), difficult (1, 82)) on measurement precision. In this context, it was found that when the item
difficulty was average, lower RMSE values were achieved within item parameter estimation, and the
highest RMSE values were seen in easy items. Cheng and Yuan (2010) aimed to correct the standard
error of ability estimation using MLE method within 2PL model. These researchers, who analyzed
the effect of sample size on standard error, determined the sample size as 200 and 2000. It was found
that the increase in the sample size did not affect the standard error significantly.

Finally, some studies that analyze the effect of sample size and test length on measurement precision
are summarized below. Kdse (2010) aimed to analyze the effect of different sample sizes (500, 1000,
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and 1500) and different test lengths (12 and 24) on item and ability parameter estimation and model
data fit in unidimensional (2PL) and multidimensional models. The results of the study reveal that
sample size in ability parameter estimation did not have a significant effect on both unidimensional
and multidimensional models. In addition, Kdse stated that, based on RMSD values, the increase in
the number of items in ability parameter estimation caused less defective results. Kogar (2015)
carried out a Monte Carlo study using unidimensional, unidimensional non-parametric and multi-
dimensional IRT models and analyzed the effect of different sample sizes (100, 500, 1000, and
5000), different test lengths (5, 15, and 25) and different inter-dimensional correlation values (0,00,
0,25, and 0,50) on item parameter estimation and model fit. The results suggested that, in
unidimensional and multidimensional models, in order for the item parameter estimation to be more
accurate, the sample size and test length should be greater.

In the literature, the studies usually focus on analyzing the effect of some variables such as sample
size, test length, and item discrimination index on measurement precision within ability parameter
estimation. Different from many studies, this study investigated how the measurement precision of
the ability parameter estimation is affected by different b parameter distributions (normal, uniform,
right-skewed, and left-skewed), in addition to analyzing the effect of sample size and test length in
left and right skewed ability distributions.

Purpose of the Study

This study aims to analyze the effect of different b parameter distributions, test lengths, sample sizes
on measurement precision of ability parameter estimation in right skewed and left-skewed ability
distributions. It was found that literature generally focuses on different conditions that affect
measurement precision within ability parameter estimation. As stated in the introduction part of this
study, the studies usually analyze the effect of sample size and test length on measurement precision.
However, no studies were found in literature that analyze the effect of different b parameter
distributions on measurement precision in the groups that have different ability distributions,
different test lengths and sample sizes. Production of four different tests based on different item
difficulty distributions is considered important. The problem of the study is “what is the effect of
different item difficulty distributions, sample sizes, and test lengths in right-skewed and left-skewed
ability distributions on measurement precision of ability parameter estimation?”

Sub-problems of the study are as follows:

1. What is the effect of different test lengths, sample sizes, item difficulty distributions within right-
skewed ability distribution on measurement precision of ability parameter estimation?

2. What is the effect of different test lengths, sample sizes, item difficulty distributions within left-
skewed ability distribution on measurement precision of ability parameter estimation?

METHOD
Data Production
Obtaining Ability Parameter Values

In this post-hoc simulation study, real data were used to collect ability parameters. The real data
were obtained from the 20-items mathematics subtest of Placement Test (Seviye Belirleme Sinavi-
SBS) applied in 2012. This placement test was used to select students who will continue high school
education. In the study, totally five sample sizes (500, 1000, 2500, 5000, and 10000) were chosen
from the data set. Previous studies in the literature (Ankenmann & Stone, 1992; Baker, 1998;
DeMars, 2002; Guyer & Thompson, 2011; Hulin et al., 1982; Kieftenbeld & Natesan, 2012;
Lautenschlager et al., 2006; Montgomery & Skourpski, 2012; Preinerstorfer & Formann, 2012;
Preston & Reise; 2014; Reise & Yu, 1990; Roberts & Laughlin, 1996; Seong et al., 1997; Stone,
1992; Swaminathan & Gifford, 1979; Thissen & Wainer, 1982; Wang & Cheng, 2005; Wollack et
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al., 2002, Yavuz & Hambleton, 2016) were utilized while choosing the sample size. For each sample
size chosen for obtaining the ability parameters, both right-skewed and left-skewed ability,
distributions were chosen from the real data. During the selection of right and left-skewed
distributions for each sample size for the right-skewed distribution, SBS data, which is originally a
right-skewed data set (coefficient of skewness=1,05), was done randomly. For the left-skewed data
sets, similar to the study of Dogan and Tezbasaran (2003), intended sample distribution was
achieved through purposive sampling, and the groups whose coefficient of skewness is =-1,00 were
chosen for all sample sizes.

Similar to the coefficient of skewness values used in Dogan and Tezbasaran (2003), Bahry (2012)
and Sen (2014), it was determined the coefficient of skewness as +1,00 in this study. For the left-
skewed distribution, Dogan & Tezbasaran (2003) and Bikmaz Bilgen & Dogan (2017) used a -1,00
coefficient of skewness in their studies. After these groups were chosen from the areal data,
maximum likelihood estimation method was used in MULTILOG 7.03 program (Thissen, Chen &
Bock, 2003) and the groups’ ability parameters were estimated with 25 replications, and this post-
hoc simulation study was completed.

Simulation of Item Parameters

In the second step of the study, different four tests were created which have different b parameters:
tests with normal distribution, uniform distribution, right-skewed and left-skewed distribution. The
statistics used in test development were determined according to the values and suggestions within
the studies in the literature (Ankenmann & Stone, 1992; Baker, 1998; Bahry, 2012; De Ayala &
Sava-Bolesta,1999; DeMars, 2002; DeMars, 2003; Dolma, 2009; Fotaris, Mastoras, Mavridis &
Manitsaris, 2010; Han, 2012; Hulin et al., 1982; Kieftenbeld & Natesan, 2012; Montgomery &
Skourpski, 2012; Preston & Reise; 2014; Reise & Yu, 1990; Seong et al., 1997; Stone, 1992;
Swaminathan & Gifford, 1979). In accordance with these studies, a parameter value was determined
as min=0,5 and max=2 in the simulation of item parameters, and ¢ parameter value was determined
as min=0 and max=0,05. Four different item difficulty distribution were created for left-skewed b
parameter a=8; B=2; for right-skewed b parameter distribution a=2; p=8; for uniform b parameter
distribution min=-3; max=+3 and for normal b parameter distribution average=0 and sd=1 values
were used. For the test length variable of the study, two different conditions with 20 and 30 items
were determined. The reason why the test length was determined as 20 and 30 items is that these test
lengths are mainly used in national exams and the studies in the literature use similar test lengths
(Ankenmann & Stone, 1992; Baker, 1998; Boughton et al., 2001; Craig & Kaiser, 2003; DeMars,
2003; Fotaris et al., 2010; Guyer & Thompson, 2011; Hulin et al., 1982; Kieftenbeld & Natesan,
2012; Lautenschlager et al., 2006; Roberts & Laughlin, 1996; Seong et al., 1997; Stone, 1992;
Swaminathan & Gifford, 1979; Wang & Cheng, 2005; Wollack et al., 2002, Yavuz & Hambleton,
2016). 80 conditions (2 ability distribution, x5 sample size, x4 b parameter distribution, x2 test
length) dealed within the scope of the study were created via WinGen 3 program (Han, 2007; Han &
Hambleton, 2007) after 25 replications. Within the scope of the study, the reason why 25 replications
were made is that it is a sufficient number in the elimination of sample bias (Harwell, Stone, Hsu &
Kirisci, 1996).

Data Analysis

During data analysis process, firstly ability parameter estimation produced data were done through
MULTILOG 7.03 and 2000 times (80 conditions x 25 replication) based on MLE method. Then the
estimated measurement precision of ability parameter was analyzed as parameter recovery studies in
IRT generally use measurement precision calculation. To analyze measurement precision, RMSE
and “average absolute deviation (AAD)” values were calculated. RMSE and AAD values were
calculated after each replication and compared to the number of replications, then the average score
was reported and discussed. To calculate these values, the following formulas were used:
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YN (65 — 012
N

RMSE =

s |66
AAD = ————
N

In these formulas, eTf j. means actual ability parameter for the individual; ©] j refers to ability

parameter estimated for the individual and N describes the sample size. When RMSE and AAD
values get closer to 0, the measurement precision increases. Thus, the accuracy of parameter
estimation also increases. In addition, some interpretations were made according to the criterion that
RMSE value is less than 0,10 (DeMars, 2003; Sen, Cohen & Kim, 2015; Tate, 2000).

RESULTS
This part represents the findings within the context of sub-problems of the study.

1. Sub-problem: What is the effect of different test lengths, sample sizes, item difficulty distributions
within right-skewed ability distribution on measurement precision of ability parameter estimation?

All the RMSE and AAD values from analysis done for right-skewed ability distribution are shown in
Table 1.

Table 1. RMSE and AAD Values in Right-Skewed Ability Distribution in Relation to Test
Conditions

Right-Skewed Ability

Item Difficulty Parameter Distribution

Distribution
Normal Uniform Left-Skewed Right-Skewed
Le-l;zystths Sample Sizes RMSE AAD RMSE AAD RMSE AAD RMSE AAD
500 0,080 0,317 0,112 0,460 0,144 0,562 0,235 1,108
1000 0,080 0,320 0,115 0,469 0,150 0,587 0,232 1,087
2500 0,079 0,315 0,112 0,459 0,149 0,583 0,231 1,089
20 5000 0,079 0,314 0,112 0,458 0,148 0,581 0,232 1,091
10000 0,079 0,315 0,112 0,460 0,148 0,580 0,232 1,090
500 0,070 0,275 0,101 0,411 0,156 0,637 0,231 1,101
1000 0,071 0,282 0,102 0,419 0,163 0,665 0,228 1,078
2500 0,070 0,279 0,100 0,408 0,161 0,663 0,228 1,081
30 5000 0,070 0,278 0,100 0,408 0,161 0,663 0,228 1,082
10000 0,070 0,280 0,100 0,411 0,161 0,661 0,228 1.082

In Table 1, RMSE and AAD values, which were used to determine the measurement precision for 40
conditions within right-skewed distribution, are represented. In this sub-problem, the variation of
RMSE and AAD values (in different b parameter distributions and sample size for 20 and 30 test
items within the context of right-skewed ability distribution) is shown in Figure 1 and the figures are
discussed with Table 1.
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Figure 1. Graphics in Relation to RMSE and AAD within the Context of Test Length for Right-
Skewed Ability Distribution.

When Figure 1 and Table 1 are analyzed, within all sample sizes (500, 1000, 2500, 5000, and 10000)
that has right-skewed ability distribution, when b parameter distribution is normal, it can be seen that
the lowest RMSE and AAD values were obtained for both 20-item test and 30-item test. These
RMSE and AAD values are followed by uniform and left-skewed distribution for all sample sizes
respectively. However, the highest RMSE and AAD values were obtained from the distribution in
which b parameter has right-skewed distribution. Based on these values of RMSE and AAD
statistics, it can be stated that, within all sample sizes, the measurement precision is the highest when
b parameter has a normal distribution and the lowest when it has right-skewed distribution, and the
second highest measurement precision distribution type is the uniform distribution. In addition,
sample size did not have much effect on RMSE and AAD values within ability parameter estimation
within different b parameter distribution and test lengths for right-skewed ability parameter. This
result can be seen in Figure 1 and Table 1. In other words, sample size did not have a significant
effect on measurement precision within ability parameter estimation.

With reference to the values in Table 1, the variation of RMSE and AAD values within different b
parameter distributions and test lengths (individually for each sample size) is shown in Figure 2 and
the figures are discussed with Table 1.
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Figure 2. Graphics in Relation to RMSE and AAD Values within the Context of Sample Size for Right-Skewed Ability Distribution.
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When Figure 2 and Table 1 is examined, when b distribution is normal, it can be seen that the lowest
RMSE and AAD values were obtained in 30-items test. Higher RMSE and AAD values were
obtained for 20 items within each sample size than the values within 30-item test. When item
difficulty parameter has uniform and right-skewed distribution, for all sample sizes, the lowest
RMSE and AAD values, similar to the distribution in normal item difficulty, was seen within 30-
item test. Accordingly, it can be said that, in the tests that have normal, uniform, and right-skewed b
parameter distribution, for all sample sizes, when the test length increases, the measurement
precision also increases. However, for the left-skewed b parameter distribution, when all sample
sizes are considered, the lowest RMSE and AAD values were obtained from 20-item test. It was
different from the other item difficulty distributions. This may be because of the increase in the
number of items with high item difficulty. Overall, when the test length increases, RMSE and AAD
values decrease; and hereby measurement precision increases. When the values for right-skewed
ability parameter are analyzed, it was found that, for all b parameter distributions, the values
obtained from different test lengths were more or less the same. However, it was also seen that, in
contrast with sample size, the values varied when test length changes. In conclusion, it can be stated
that, based RMSE<0,10 on the criteria that Tate (2000), DeMars (2003) and Sen et al. (2015) used,
all test lengths and sample sizes were convenient when the b parameter distribution is normal.
However, in other b parameter distributions, all of test lengths and sample sizes were not found
appropriate based on the criterion.

2. Sub-problem: What is the effect of different test lengths, sample sizes, item difficulty distributions
within left-skewed ability distribution on measurement precision of ability parameter estimation?

All RMSE and AAD values obtained from the whole analysis for left-skewed ability distribution are
shown in Table 2.

Table 2. RMSE and AAD Values in Left-Skewed Ability Distribution in Relation to Test Conditions

Left-Skewed Ability Item Difficulty Parameter Distribution

Distribution
Normal Uniform Left-Skewed Right-Skewed
Test Length  Sample Size  RMSE AAD RMSE AAD RMSE  AAD RMSE AAD
500 0,079 0,324 0,137 0,610 0,246 1,166 0,149 0,652
1000 0,079 0,326 0,136 0,610 0,248 1,183 0,147 0,656
20 2500 0,079 0,326 0,138 0,616 0,250 1,191 0,146 0,638
5000 0,079 0,328 0,137 0,611 0,250 1,192 0,146 0,640
10000 0,079 0,327 0,138 0,617 0,250 1,191 0,146 0,639
500 0,078 0,322 0,137 0,610 0,248 1,176 0,150 0,656
1000 0,079 0,327 0,137 0,615 0,249 1,184 0,147 0,643
30 2500 0,079 0,327 0,135 0,604 0,250 1,191 0,146 0,641
5000 0,079 0,327 0,138 0,617 0,249 1,189 0,146 0,639
10000 0,079 0,326 0,138 0,617 0,250 1,190 0,146 0,639

In Table 2, RMSE and AAD values, which were used to determine the measurement precision for 40
conditions within left-skewed distribution, are represented. In the second sub-problem, the variation
of RMSE and AAD values (in different b parameter distributions and sample size for 20 and 30 test
items within the context of left-skewed ability distribution) is shown in Figure 3 and the figures are
discussed with Table 2.
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Figure 3. Graphics in Relation to RMSE and AAD Values within the Context of Test Length for
Left-Skewed Ability Distribution.

When Figure 3 and Table 2 is examined, when b distribution is normal, within all sample sizes that
have left-skewed ability distribution, it can be seen that the lowest RMSE and AAD values were
obtained for both 20-items test and 30-item tests. These values are followed by uniform b
distribution and right-skewed distribution respectively. The highest RMSE and AAD values were
obtained from the distribution in which b parameter has left-skewed distribution. Based on these
values of RMSE and AAD statistics, it can be stated that, within all sample sizes, the measurement
precision is the highest when b parameter has a normal distribution and the lowest when it has left-
skewed distribution, and the second highest measurement precision distribution type is the uniform
distribution. In addition, sample size did not have much effect on RMSE and AAD values within
ability parameter estimation within different b parameter distribution and test lengths for left-skewed
ability parameter distribution. This result can be seen in Figure 3 and Table 2. In other words, sample
size did not have a significant effect on measurement precision within ability parameter estimation.
The variation of RMSE and AAD values within different b parameter distributions and test lengths
(individually for each sample size) is shown in Figure 4 and the figures are discussed with Table 2.
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When Figure 4 and Table 2 is analyzed, for left-skewed ability parameter distribution, it was seen
that RMSE and AAD values are similar in both 20-item and 30 item within all item difficulty
parameter distributions and sample sizes. Accordingly, it can be said that, within all sample sizes and
item difficulty parameter distributions, measurement precision does not change significantly
although the test length increases. In conclusion, it can be stated that, based RMSE<0,10 on the
criteria that Tate (2000), DeMars (2003) and Sen et al. (2015) used, all test lengths and sample sizes
were convenient when the b parameter distribution is normal. However, in other b parameter
distributions, all of test lengths and sample sizes were not found appropriate based on the criterion.

DISCUSSION and CONCLUSION

In this study, measurement precision of ability parameter estimation obtained from the conditions
that are generated from two different ability distribution, five different sample size, four different b
parameter distribution, and two different test length is analyzed. The ability parameter values were
estimated according to the conditions addressed by the data from a national exam. To determine the
test lengths, the average test lengths of national exams were considered. To create the tests, it is
considered that the conditions in which b parameter comprised of normal, uniform, right-skewed,
and left-skewed distributions.

When the results for right-skewed ability distribution are examined, it is seen that, when the sample
size of each test that has different b parameter distribution increases, RMSE and AAD values that are
measured for measurement precision do not change significantly. When the effect of sample size
change for 20-items and 30-items tests is examined, it is seen that RMSE and AAD values decrease
when sample size increases. However, when the conditions in which sample size and test length has
different b parameter distributions, the best results were obtained when b parameter has normal
distributions. This condition is followed by the condition which b parameter has uniform
distribution. In the conditions that has uniform distribution, similar to other conditions, there is not a
significant effect of different sample sizes on measurement precision. When b parameter had left-
skewed distribution, RMSE and AAD values did not vary much in different sample sizes but they
decreased when test length increased. Lower RMSE and AAD values were obtained for 30 items
than 20-items test when b parameter distribution had right-skewed. In addition, it can be stated that,
when sample size increases, RMSE and AAD values do not vary significantly but the difference
between 500 and 1000 individuals are higher than other sample sizes. In right-skewed b distribution,
RMSE and AAD values were higher than other b distributions. Similarly, Stone (1992) compared
normal ability distribution for easy items and right-skewed ability distribution and found that right-
skewed ability distribution (such conditions as 20 items and 500-1000 sample size) had lower
measurement precision values than normal ability distribution.

When left-skewed ability distribution was examined, it is seen that, when sample size for each test
that has different b parameter increased, RMSE and AAD values did not have significant change.
When the effect of test length was analyzed, it was found that in the group that had left-skewed
ability parameter, the increase of the test length did not affect measurement precision in general.
When the effect of item difficulty parameter was examined, it was found that the lowest RMSE and
AAD values were obtained when b parameter had normal distribution. This distribution was
followed by uniform b parameter distribution (relevant for both test lengths and all sample sizes). It
was found that by achieving the highest RMSE and AAD values in left-skewed b parameter
distribution and measurement precision was the lowest for these values.

The overall results of the study showed that, within both left-skewed and right-skewed ability
parameter distribution, when the sample size within each b parameter distribution types increases, no
significant change was observed in measurement precision. In the literature, some studies show the
same results for similar conditions. Hulin et al. (1982) and Swaminathan and Gifford (1979), for
example, stated that sample size does not have a significant effect on RMSE and correlation values.
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Stone (1992) and Cheng and Yuan (2010), within two-parameter logistic model, found that sample
size does not affect error significantly within the estimation of ability parameters.

The result of the study showed that the best estimations for both left-skewed and right-skewed ability
parameter distribution was observed in condition which b distribution was normal. Stone (1992)
stated that, within right-skewed and normal ability parameter distribution, the best estimations
appear in condition that the item difficulty is medium. In addition, he added that the worst
estimations appear within easy items. Similarly, in this study, for right-skewed ability parameter
distribution, the most defective estimations are made when b parameter distribution is right-skewed.
Wollack et al. (2002) stated that parameter recovery is best done with the medium-difficulty items
and worst done with extreme (easy or difficult) items. Similarly, in this study, Yen (1987) analyzed
the conditions in which item difficulty is easy, average and difficult, and worked with 20-items test
length, normal ability distribution and with the sample size of 1000. The results of his study revealed
that the highest measurement precision was obtained from medium-difficulty items.

Findings about the effect of test length show that, within right-skewed ability distribution and other
conditions (normal, uniform, and right-skewed) except for left-skewed item difficulty distribution,
measurement precision increases when test length increases. In the literature, there are similar
studies in accordance with the relevant results of dichotomous models and polytomous models
(Ankenmann & Stone, 1992; Boughton et al., 2001; Hulin et al., 1982; Kieftenbeld & Natesan, 2012;
Lautenschlager et al., 2006; Preinerstorfer & Formann, 2012; Roberts & Laughlin, 1996; Seong et
al.,, 1997; Stone, 1992; Swaminathan & Gifford, 1979). For 3PL of dichotomous models
Swaminathan and Gifford (1979), Hulin et al. (1982) and for 2PL Stone (1992) identified that
measurement precision increase when test length increases. For left-skewed ability distribution, no
effect of test length was observed. In the literature, there are studies which the ability estimation of
test length do not affect measurement precision (Wollack & Cohen, 1998; Wollack et al., 2002).
Wollack et al. (2002) had similar results to this study. They found that the increase of test items from
20 to 30 does not develop Pik(6j) estimation.

In this study, in accordance with the results obtained from the individuals who have right-skewed
ability parameter, it can be suggested that test developers should ensure that number of items is
higher when b parameters are distributed normal, uniform or right-skewed, and ensure that number
of items is lower when b parameters have left-skewed as long as it does not decrease content
validity. In addition, as measurement precision will be higher when b parameter distribution is
normal (independently from ability parameter), it is suggested that b parameters in the test should
have normal distribution as long as it is relevant with the purpose. In other words, when most of the
items have a medium-difficulty level, it would be more appropriate in accordance with the results if
difficult and easy items are fewer. Another suggestion for the test developers is that most of the test
items should not be very difficult (when b parameter distribution is left-skewed) or very easy (when
b parameter distribution is right-skewed). Because within this kind of b parameter distributions,
measurement precision may be lower when compared to normal and uniform distribution.

In this study, right-skewed and left-skewed ability parameters were produced from the real data, and
conditions were created with reference to different sample size, different b parameter distributions
and different test lengths. Other researchers can conduct some other studies in other conditions that
have estimation method, model, and number of categories for polytomous items, number of
replication, estimation program etc. rather than sample size and test length. In addition, they can
research the effect of different b parameter distributions on measurement precision when ability
parameters have normal and uniform distribution. While this study was conducted for dichotomous
data, other studies can be conducted for polytomous. Although this study was done using 3-
parameter logistic model, other researchers can use other models. In conclusion, while this study
analyzed measurement precision within ability parameter estimation, some other studies, within
same conditions, can analyze the change of measurement precision within item parameter estimation.
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Farkh Yetenek Dagilimlarinda Madde Giicliik Dagilimi, Test

Uzunlugu ve Orneklem BilyuklUgiiniin Incelenmesi

Girig

Madde tepki kuraminin (MTK) karakteristik 6zellikleri sayesinde bireye uygun test gelistirme,
madde yanliligini belirleme, testleri esitleme gibi durumlarda ilerleme saglanmis, smirliliklar
giderilmistir (Hambleton ve Swaminathan, 1985). MTK’nin bir¢ok avantajindan dolay1 PISA,
TIMSS gibi uluslararasi sinavlarda tercih edildigi goriilmektedir. Ayrica ulusal ve uluslararasi bir¢ok
aragtirmada sinavlardan elde edilen sonuglarin MTK baglaminda degerlendirildigi de goriilmektedir.
Bireyler icin olduk¢a onemli bir konu olan ve egitimde kullanilan sinavlar farkli amaclarla
hazirlanmaktadir. Bu amaglar arasinda ogrencileri segme ve yerlestirme, diizey belirleme, girdi
oOzelliklerini belirleme, 6grencileri siralama vb. yer alabilir. Sinavlar hazirlanis ve uygulanis amacina
veya testi alan bireylerin 6zelliklerine ve /veya sayisina gore farkli psikometrik 6zelliklere de sahip
olacaktir. Ornegin bir testi alan birey sayisinin fazla fakat test sonucu ile karar verilecek birey say1s
az ise hazirlanan testin zor olmasi beklenen bir durumdur. Ancak se¢me ve yerlestirme amacindan
cok bireylerin var olan bilgilerinin tespiti i¢in hazirlanan bir sinavin ise se¢me ve yerlestirme
simavina gore daha kolay olmasi hatta miimkiinse ¢cogunlugunun orta giicliikte maddelerden olusmast
daha istendik bir durumdur. Burada asil olan testlerde 6lgme ve degerlendirme agisindan saglanmasi
gereken gecerlik ve giivenirligin bu durumdan nasil etkileneceginin belirlenmesidir. Ayrica testi
alan bireylerin yetenek dagilimlarinin farklilagsmasinin da gegerlik ve gilivenirlige olan etkisinin
belirlenmesi de 6nemlidir.

Bu calismada ulusal bir sinavdan elde edilen parametrelere dayanarak birey dagiliminin saga ve sola
carpik olmast durumunda, farkli b parametresi dagilimlarimin, test uzunlugunun ve Orneklem
bliyilikliiglinlin birey parametresi kestiriminde 6lgme kesinligine etkisi incelenmistir. Literatiirde

ISSN: 1309 - 6575 Egitimde ve Psikolojide Olcme ve Degerlendirme Dergisi
Journal of Measurement and Evaluation in Education and Psychology

292



Sahin, M. G., Yildirim, Y. / The Examination of Item Difficulty Distribution, Test Length and Sample Size in
Different Ability Distribution

birey dagilimi tiirii, 6rneklem biiyiikligi ve test uzunlugu kosullarinin 6lgme kesinligine etkisinin
incelendigi siklikla goriilmektedir. Ancak farkli birey dagilimlari, test uzunluklar1 ve 6rneklem
biiytikliikklerinde farkli b parametresi dagilimlarimin G6lgme kesinligine etkisinin incelendigi
caligmalara literatiirde rastlanmamistir. Burada farkli madde giicliigli dagilimlarina dayali olarak
tiiretilen dort farkl: testin ise kosulmasi ¢aligmanin ayrica 6nemini olugturmaktadir.

1. Saga carpik yetenek dagiliminda, farkli test uzunluklari, 6rneklem biiyiikliikleri ve madde
guclik dagilimlarinin yetenek parametresi kestiriminin 6lgme kesinligine etkisi nedir?

2. Sola garpik yetenek dagiliminda, farkli test uzunluklari, 6rneklem biyiikliikleri ve madde
giicliik dagilimlarinin yetenek parametresi kestiriminin 6lgme kesinligine etkisi nedir?

Ydntem

Arastirma kapsaminda kullanilan kosullarin olusturulmasi amaciyla veriler tiretildiginden bu ¢alisma
simiilasyon calismasidir. Arastirmada oncelikle birey parametreleri elde edilmistir. Bu amagla,
liselere geciste uygulanan ulusal 6grenci se¢me sinavinin 20 maddelik matematik alt testinden elde
edilen veriler kullanilmigtir. Aragtirmada 500, 1000, 2500, 5000 ve 10000 olmak iizere toplam bes
orneklem Dbiiyiikliigii belirlenmistir. Simiilasyon c¢alismast i¢in ilk agsamada gercek birey
parametreleri elde edilmistir. Saga carpik birey parametrelerinin elde edilmesinde her bir 6rneklem
biiyiikliigli i¢in gergek veriden random gruplar secilmistir. Sola carpik birey parametrelerinin elde
edilmesinde ise verinin tamamindan kasitli 6rnekleme yoluyla ¢arpiklik ~-1,00 olacak sekilde her
orneklem Dbiiyiikliigiinde veri setleri secilmistir. Simiilasyonun 2. asamasinda ise madde
parametreleri tiiretilmistir. Bu asamada farklt b parametresi dagilimina sahip (normal dagilim,
tekdiize dagilim, sola carpik ve saga ¢arpik dagilim) hem 20 maddelik hem de 30 maddelik testler
olusturulmustur. Madde parametrelerinin tiretilmesinde a parametre degeri min= 0,5 maks=2 olarak,
¢ parametre degeri min= 0 maks=0,05 olarak belirlenmistir. Sola ¢arpik b parametresi dagilimi i¢in
0=8; f=2; saga carpik b parametresi dagilimi i¢in 0=2; =8; tekdiize b parametre dagilimi i¢in min=-
3; maks=+3; normal b parametresi dagilimi i¢in ort=0; Ss= 1 degerleri kullanilarak arastirma
kapsaminda kullanilacak dort ayr1t madde giigliigii dagilimi olusturulmustur.

Arastirma kapsamina alinan 80 kosul (2 birey dagilimi x 5 6rneklem biiyiikliigi x 4 b parametresi
dagilimi x 2 test uzunlugu) Wingen 3 programi (Han, 2007) yardimiyla olusturulmustur. MTK’de
parametre iyilestirme calismalarinda genel olarak dlgme kesinligi hesaplamasi yapilmaktadir. Olgme
kesinligini incelemek amaciyla “hata kareleri ortalamasimi karekokii” (Root Mean Squared Error
(RMSE)) ve  “ortalama mutlak farklilik” (Absolute Average Deviation (AAD)) degerleri
hesaplanmustir.

1. Alt probleme iliskin bulgular: Saga carpik birey dagiliminda ele alinan tiim Orneklem
biiyiikliiklerinde 6lgme kesinligi en yiiksek; b parametresi dagilimi normal ve test uzunlugu
30 madde oldugunda, en diisiik ise b parametresi saga carpik ve test uzunlugu 20 madde
oldugunda elde edilmistir. Ayrica 6l¢me kesinliginin normal b dagilimdan sonra en yiiksek
tekdiize b dagiliminda oldugu gdzlemlenmistir. Arastirmanin sonuglart test uzunlugu
acisindan incelendiginde ise, normal, tekdiize ve saga ¢arpik b dagilimlarinda genel olarak
20 maddelik teste iliskin 6lgme kesinliginin 30 maddelik teste gore daha diisiikk oldugu
belirlenmistir. Bu b dagilimlarinin aksine sola carpik b dagilimda ise 20 maddelik testin
6l¢me kesinliginin 30 maddelik teste gore daha yiiksek oldugu goriilmiistiir. Sonug olarak
test uzunlugu arttikca Slgme kesinliginin de arttigi belirlenmistir. Son olarak 6rneklem
bliylikliigliniin birey parametresinin kestiriminde O6lgme kesinligine onemli bir etkisinin
olmadig1 gézlemlenmistir.

2. Alt probleme iliskin bulgular: Sola c¢arpik birey dagiliminda ele alinan farkli test
uzunluklarinda ve orneklem biiytikliiklerinde b parametresi dagilimi normal oldugunda
O0leme kesinliginin en yiiksek diizeyde oldugu ve bunu tekdiize dagilimin takip ettigi
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sOylenebilir. Ayrica en diisik 6lgme kesinliginin de tiim test uzunlugu ve Orneklem
biiytikliiklerinde en diisiik sola ¢arpik b dagiliminda oldugu goriilmiistiir. Son olarak sola
carpitk birey dagilimi igin Orneklem biiyiikliiglinin ve test uzunlugunun birey
parametrelerinin kestirim iizerinde 6nemli bir etkisi olmadig1 gézlemlenmistir.

Sonuc ve Tartisma

Aragtirmadan elde edilen sonuglarda, hem saga hem de sola carpik birey dagilimda farkli b
dagilimina sahip her bir test icin 6rneklem biiyiikliigii arttikca 6lgme kesinligi i¢in hesaplanan RMSE
ve, AAD degerlerinde ¢ok fazla degisim olmadig1 goriilmiistiir. Saga ¢arpik birey dagilimi i¢in tiim
orneklem biiyiikliiklerinde test uzunlugunun etkisi incelendiginde ise test uzunlugu arttiginda RMSE
ve AAD degerlerinin genel olarak azaldigi gozlemlenmistir. Ancak sola ¢arpik birey dagilimi igin
test uzunlugundaki degisimin dlgme kesinligini 6nemli derecede etkilemedigi goriilmiistiir. Ayrica
saga ve sola carpik birey dagilimlarinda, tiim 6rneklem biiyiikliigii ve test uzunluklari igin; en yiksek
Olgme kesinligi b parametresi dagilimi normal oldugunda elde edilmistir. Normal b dagilimini ise b
parametresinin tekdiize dagildig1 kosul izlemistir. Son olarak saga ¢arpik birey dagilimi icin RMSE
ve AAD degerlerinin en yiiksek saga carpik b dagiliminda oldugu, sola ¢arpik birey dagilimda ise en
yiiksek sola carpik b dagiliminda oldugu gézlemlenmistir.

Aragtirmanin sonuglari dogrultusunda test gelistiricilere sola carpik b parametre dagilimi yani
maddelerin ¢ogunlugunun zor olmasi ya da saga ¢arpik b parametre dagilimi yani maddelerin
cogunlugunun kolay olmasi onerilmez. Ciinkii bu tip b parametresi dagilimlarinda 6lgme kesinligi
normal ve tekdiize b parametresi dagilimina kiyasla daha diisiikk elde edilebilmektedir. Bagka
arastirmalarda Orneklem biiylikliigli ve test uzunlugu yerine kestirim yontemi, model, ¢oklu
puanlanan maddeler icin kategori sayisi, tekrar sayisi, kestirim programi vb. gibi kosullarin dlgme
kesinligine etkisi incelenebilir. Ayrica yetenek parametreleri normal ve tekdiize dagilima sahip
oldugunda, farkli b parametresi dagilimlarinin 6lgme kesinligine etkisi de arastirilabilir.
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