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Abstract

The present study ams to compare the Kernel equating and Kernd loca eguating methods in observed score
equating. Functions and error estimates regarding the difference between raw and equated scores and the scores
equated by Stocking-Lord and Haebara true-score equating methods in Kernel local equating and Kernel
equating were examined in Item Response Theory Observed Score Equating. Therefore, 5, 10, and 15 external
anchor items were used, and scores were obtained from two forms based on the 2PL model. R (version 3.5.3.)
programming software was used for |RT assumptions, item parameters, calibration, and equating analyses. The
results revealed that Stocking-Lord and Haebara true-score equating methods yielded similar results. Moreover,
if the equating method is the same, estimation errors decreased when the number of anchor itemsincreased. The
mean scores obtained by Kernel equation 5 and 15 anchor items were lower than Kernel loca equating, while
means of Kernel equating of 10 anchor items were higher. As the number of items increased, estimation errors
decreased, and Kernel local equating revealed the lowest errors in the medium score scale. Kernel equating can
be used based on the related ability level if the individual 's ability distribution is known.
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INTRODUCTION

Measurement tools are used for many purposes, such as measuring cognitive, affective, or
psychomotor characteristics of individuals, getting to know individuas, placing themin any institution
or school. The validity and reliability of the measurements of these measurement tools are a need for
better measurement. To increase test reliability and therefore test validity, different test forms
measuring the same feature are used especidly in exams with wide participation and high risk, such
asselection and placement exams, whose results greatly affect the future of individuals. These different
test forms must have the same degree of difficulty for individuals to be evaluated fairly (Haladyna &
Downing, 2004). However, this is not always possible in practice. In this case, the scores obtained
from the test forms that do not have the same difficulty level should be brought to the same scale and
the scores should be equated so that the forms can be used interchangeably. These statistical processes
are possible with the help of test equating (Kolen & Brennan, 2004). Equating brings the scores on the
test forms to the same scal e, alowing them to be used interchangeably and the scores to be compared
(Hambleton & Swaminathan, 1985). Thus, bias towards the measurement tools used in different test
forms can be eliminated.

Equating has certain steps to be followed. The first step is to determine the data collection design.
There are five data collection designs, which include equivalent groups design, single group design,
counterbalanced design, non-equivalent groups with anchor test design, and non-equivalent groups
with covariates design (Gonzalez & Wiberg, 2017). The second step is to determine the equating
method. These methods differ based on classical test theory (CTT) and item response theory (IRT).
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Diao (2018) categorizes CTT test equating methods into four: identity equating, mean equating, linear
equating and equipercentile equating. CT T-based equating methods differ among themselves based on
true-score equating and observed score equating. Before starting the equating processin IRT, separate
and concurrent caibrations are conducted to scale parameters. Item parameters of the two forms are
estimated at the same time in concurrent calibration. In separate calibration, on the other hand, forms
are scaled separately and calibrated using common items. Calibration methods include the moment
method (mean-mean, mean-sigma) and characteristic curve transformation (Haebara and Stocking-
Lord) (Kolen & Brennan, 2004). At the last stage of equating, standard errors are cdculated, and
properties of equating are checked. These properties are symmetry, same specifications, equity,
observed score, and group invariance (Gonzalez & Wiberg, 2017; Kolen & Brennan, 2004).

There are equating studies based on non-equivalent groups with covariatesin IRT. Also, the effect of
skewness of ability distributions, multidimensiondity, violation of group invariancein different levels
on equating errors have been examined in some studies (Gok & Kelecioglu, 2014; Oztiirk-Giibes,
2019; Oztiirk-Giibes & Kelecioglu, 2015; Tanberkan-Suna, 2018; Uysal, 2014). The general results of
the studies showed that IRT true score equating method performed best in providing test fairness,
while IRT observed score equating method performed best in decreasing measurement errors.

Equapercentile and linear equating methods are used in observed-score equating (von Davier, 2008).
These methodsinclude equapercentil e equating methods, linear equating methods, |RT observed score
equating, local equating, non-linear equating, and Kernel equating (von Davier, 2013).

Kernd equating is defined as an equapercentile equating method that transforms discrete score
distribution into a continuous distribution (von Davier, Holland & Thayer, 2004). Kernel equating was
first defined by Holland and Thayer (1981). The Kernel equating methods can be applied as post-
stratification equapercentile, post-stratification linear, chained equapercentile and chained linear. The
equating methods based on CTT uses linear estimates for the continuation of the score distributions,
while Gauss Kernel method is used in Kernel equating (von Davier et al., 2004). There are five steps
in observed score Kernel equating: pre-smoothing, estimating score distributions for the target
population, computing the equating function, continuizing the discrete score distributions, and
computing the standard error of equating (von Davier, 2013). Pre-smoothing helps the data become
consistent. Kernel equating smoothes data transformation and provides a small standard error. Also, it
is less affected by the change in the sample compared to other methods. Kernel equating is used with
equivalent groups design, single group design, counterbalanced design, and non-equivalent groups
with anchor test design (von Davier et al., 2004). There are various studies that used Kernel equating
(Akin Arikan, 2017; Andersson & Wiberg, 2014; Choi, 2009; Liou, Cheng, & Johnson, 1997; Norman
Dvorak, 2009; Wiberg, van der Linden, & von Davier, 2014). Akin Arikan (2017) found that the
extreme scores yielded greater standard errors as the group ability distributions varied in Kernel
equating. In IRT true score equating; on the other hand, middle and high scores had the grestest error.
Kernd equating methods had lower standard errorsin the medium score scale and had higher standard
errors in extreme scores where score frequency was lower compared to the IRT true score equating in
al conditions. Moreover, lower efrors were obtained through the IRT true score equating method than
the Kernel equating methods regarding the extreme scores.

Local equating also became popular along with Kernel equating in observed score eguating (von
Davier et d., 2004). It wasfirst introduced by Lord (1980) in his definition of equating (as cited in van
der Linden, 2000). All traditional equating methods use the same equating transformations for all
populations of test participants. van der Linden (2000) revealed that equating should be done
separately for each ability level. Local equating offers a common ground for different transformations
for each ability level. In local equating, if both test forms are appropriate for the item response theory
(IRT) and can be used with any equating design, the IRT observed score could be defined asthe local
Kernel equating (Wiberg et a., 2014).

Wiberg et a. (2014) proposed three different observed score Kernel local equating methods by
combining local equating and Kernel equating. The methods for loca Kernel equating on-equivalent
groups with anchor test design are; IRT observed score eguating, anchor test score Kernel equating
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and local Kernel equating with ability estimated by anchor test. These new methods are compared to
previous methods in terms of measures such as bias and relative error percentage. The item response
theory observed score local Kernel equating method, which is used for all common equating methods,
yielded bias, relative error, and Kernel standard equalization error, even when the measurement
precision of the test was reduced. Kernel loca eguating methods generally showed low bias in the
non-equivaent groups with anchor test design. In addition, the anchor was highly stable against
variationsin the accuracy and length of the test.

Many studies used Kernel equating (Akin Arikan, 2017; Andersson & Wiberg, 2014; Choi, 2009; Liou
et al., 1997; Norman Dvorak, 2009; Wang, Zhang ve You, 2020; Wiberg et d., 2014). These studies
reveded that Kernel equating and similar traditional equating methods can be compared with
equivalent groups design in equivalent and non-equivalent groups with anchor test design when
estimating standard errors in equapercentile equating (Choi, 2009); and that R program was used for
IRT observed score Kernel local equating (Andersson & Wiberg, 2014). Wiberg et d. (2014) used
three different observed score Kernel loca equating methods by combining local equating and Kernel
equating in their study. Studies have shown that with Kernel local equating, equating functions can be
obtained at each ability level, and thus estimation errors can be minimized (Gonzalez & Wiberg, 2017;
Wiberg et a ., 2014). The present study compares the Kernel loca eguating with Kernel equating to
examine the bias in the equating processes and the contribution of the methods to the test validity.

In kernel equating methods, in cases where the ability distributions between groups are different,
extreme scores yield high standard errors (Akin Arikan, 2017). Wiberg et al. (2014) concluded that in
the common item nonequivalent groups, It is predicted that Kernel local equating methods will yield
a lower standard error in cases where the ability distributions of individuas are known and the test
fairness is ensured to make more accurate equating. In this study, the results of Kernel local equating
are compared with Kernel equating under various conditions. Sincethere are few studies on this subject
(Akin Arikan, 2017; Wiberg et al., 2014) and there are no studies that examine Kernel equating and
Kernel local equating together, the study aims to compare the results of Kernel equating and Kernel
loca equating.

Purpose of the Study

In the present study, 6 values with values decreasing one by one between -6 and 0 (low), 8 = 0 (middle)
and 8 values with values increasing one by one between 0 and +6 (high) ability levels of the scores
obtained from two different forms based on 2PL model and different anchor item numbers in IRT
observed score Kernel equating and IRT observed score Kernel loca equating were included.
Stocking-Lord and Haebarawere used for data transformation and the equating results were compared.
Tothisend, different anchor item numbers (10, 20, and 30) were used and after data were transformed
with Stocking-L ord and Haebara methods, equating functions and errors were examined with observed
score Kernel equating and observed score Kernel local equating.

METHOD

Research Design

In this study, data were artificialy produced in order to examine the change of errors in cases where
different anchor items were used in the equating methods and these items were not included in the
total score. Therefore, this study isasimulation study.

Data Production

Theitemsinthe X and Y forms and the anchor materials were produced under the conditionsin Table
1 according to the 2PL Model. The items in both data sets were produced using the “kequate” package
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(Andersson, Brianberg & Wiberg, 2020) inthe R Studio interface of the R (version 3.5.3) programming
software with 20 items different and the number of anchor items 10, 20 and 30.

The forms consisting of X form and anchor items are named as P and Y forms and forms consisting
of anchor items as Q forms. A parameters are uniformly distributed with values ranging from 0.50 -
2.0, the b parameters are N(0; 1) and the ability parameters are N(0.50; 1) for the P form, and N(0O; 1)
for the Q form.

According to Baker (trans. 2016), a parameters range between -2.80 and +2.80 in practice, while b
parameters range between -3.00 and +3.00. In addition, he specified the cutoff point as 0.35 for the
low level of the parameter a, 0.64 for the medium level, and 1.35 for the high level. In order to have
medium and high level a parameters, they were taken between 0.50 and 2.00.

Wang, Lee, Brennan, and Kolen (2008) stated that the similarity distributions are important in terms
of equating results and they considered the difference over 0.25 as very wide. Therefore, it was
expected that the difference was taken as 0.50 to reveal the difference between Kernel equating and
Kernel loca eguating errors more clearly.

Kolen and Brennan (2004) stated that the ratio of the number of anchor items to the total number of
items in the test should be at least 20%. Therefore, while 30 items were different in all data sets (X
and Y forms), the number of anchor items was determined as 5, 10 and 15. The number of iterations
was determined as 100. A total of 600 (2 x 3 x 100) data sets were obtained. The average and ranges
of the difficulty and discrimination parameters of the sample distributions obtained from the Pand Q
forms according to the number of anchor items are givenin Table 1.

Table 1. The Mean and Ranges of the Difficulty and Discrimination Estimates Obtained From the P

and Q Forms According to the Anchor Item Numbers
P forms Qforms

Total Number of Number of Meanb Rangeb Meana Rangea Meanb Rangeb Meana Rangea

ltems Anchor ltems

35 5 -0.505 4179 1.261 1622 -0.013 4454 1.253 1.614
40 10 -0.5634  4.502 1.248 16563  0.002 4448 1.253 1.677
45 15 -0.637 46256 1255 1656 -0.031 4.547 1.244 1.624

Table 1 shows that for each anchor item number, the means of b parametersrelated to the Pforms are
approximately 0.50 lower than the Q forms. The means of a parameter are approxi mately the same.

Data Analysis

In IRT Kernel equating (post-stratification equating) parameters were cdibrated based on Stocking-
Lord and Haebara methods. Then, an externa anchor design was used in which the anchor items were
not included in the total score. The distribution of equated scores, means of equating errors, and
functions related to the difference between the raw score and the equated scores were compared
regarding both calibration methods. Similar studiesin kernel local equalization for cases where ability
levels are low (decreasing one by one between -6 and 0) (L: Low), zero (M: Medium), and high
(increasing one by one between 0 and +6) (H: High) was also repeated. “psych” (Revelle, 2021), “mirt”
(Chamerset d., 2021), “kequate™ (Andersson e al., 2020), “ltm” (Rizopoulos, 2018) packages were
used in the R Studio interface of the R (version 3.5.3) programming software for al analyzes.

RESULTS

This chapter presents the results of IRT Kernel observed score equating and Kernel observed score
local equating. In thisregard, score distributions, equating functionsand distribution of equating errors
were examined.
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Equated Score Distributions and Functions of Score of Difference

In cases when the numbers of anchor items were 5, 10 and 15, Stocking-Lord and Haebara methods
were examined. Ability levels for Kernel local equating are low (decreasing one by one from 0),
medium (Q), and high (increasing one by one from 0). Table 2 shows the equated score distributions
obtained with the IRT observed score Kernel equating and Kernel local equating. These values were

the result of calculating the means of the values obtained with 100 iterations.

Table 2. Equated Score Distributions Obtained With IRT Observed Score Kernel Equating and Kernel

Loca Equating
Kernel Equating Kernel Loca Equating

Caibrati Number . ] .

ibration Min. Max. Mean SD. Min. Max. Mean SD.
of Anchor level

L 0.141 29907  15.071 9.000
5 0.140 29905 15054 8.989 M 0.167 29906 15039 9.022
H 0173 29905 15023 9.008
Stocking- L -0022 29782 14817 9.039
Lord 10 -0.026 29917 14.827  9.067 M -0.048 29787 14792  9.060
H -0045 29916 14802 9.086
L 0112 29944 15044  9.039
15 0112 29876 15008 9.005 M 0.069 29948 15009 9.070
H 0.073 29877 14973  9.033
L 0142 29919 15084  9.005
5 0141 29912 15067 8.993 M 0.181 29919 15058  9.021
H 0186 29912 15042  9.007
L -0026 29782 14812 9.043
Haebara 10 -0.032 29921 14.824  9.073 M -0.051 29787 14790  9.082
H -0049 29921 14802  9.090
L 0118 29938 15040 9.083
15 0117  29.871 15.002  8.997 M 0.064 29942  15.001 9.069
H 0.068 29871 14.963  9.030

Nete. L: Low. M: Medium. H: High

Kernd equating results in Table 2 shows that when 10 anchor items were used in both calibrations,
the equated scores were estimated with a low mean score. Again, in both estimation methods, the
condition in which scores are estimated with a higher mean is the case where the number of anchor
items is 5. The number of anchor items shows that the mean and standard deviations of the scores
equated according to the methods do not differ much. Figure 1 shows the function graph regarding the
differences between the equated scores and the raw scores taken from the test.

Figure 1. Function Graphs Regarding the Differences of Equated Scores and Raw Scores Obtained

With IRT Kernel Equating

ISSN: 1309 - 6575 Egitimde ve Psikolojide Olgme ve Degerlendirme Dergisi

Journal of Measurement and Evaluation in Education and Psychelogy

352



Yildirim Seherveli, M., Yahsi Sar, H., & Kelecioglu, H. / Comparison of Kernel Equatingand Kernel Local Equating.
in Item Response Theory Ohserved Score Equating

Figure 1 shows that the distribution of the difference scores is aimost the same when the number of
anchors is the same and the calibration method is different. When using 5 anchors, the differences
decreased up to approximately 5 raw points, while the differences gradualy increased after 5 raw
points. When 10 anchor items were used, the difference scores increased as the raw scores increased
and started to decrease after about 17 raw scores. When 15 anchor items were used, the difference
scores increased as the raw scores increased, but the rate of change was relatively low. On the other
hand, when 10 anchor items are used up to 26 raw points, the differentiation from the raw scoresin
both methods is higher compared to the other anchor items. When the raw score is greater than 26, it
is seen that the differentiation from the raw score is more when 15 anchor items are used.

Table 2 demonstrates the Kernel local equating results and reveals that the mean scores of the equated
scores a low, medium, and high ability levels are the highest in 5 anchor items and the lowest in 10
anchor itemswhen Stocking-Lord (S-L ) and Haebara (H) methods are used. In the case where 5 anchor
items were used, the highest mean score was obtained in the low ability level with Haebara method,
while the lowest mean score at the high ability level was obtained with the S-L method. When 10
anchor items were used, the highest mean score was obtained at thelow ability level with S-L, and the
lowest mean score at the medium ability level was obtained with the Haebara method. In the case
where 15 anchor items were used, the highest mean score was obtained at the low ability level with S-
L, and the lowest mean score at the high ability level was obtained with the Haebara method. In all
conditions, the lowest mean score was obtained with the middle ability level when 10 anchors and the
Haebara method was used, and the highest mean score was obtained with the low ability level when 5
anchors and the Haebara method were used.

\When both methods are compared, in the case that 5 anchor items were used, the mean score obtained
with Kernel equating waslower than the mean score obtained with Kemnel local equating based on low
ability level. The closest mean score was obtained when the Haebara method is used with the middle
ability level. In the case where 10 anchor items are used, the mean scores obtained with Kernel
equating are higher under al equating conditions. The closest mean score was obtained when the S-L
method is used with the low ability level. In the case where 15 anchor items are used, the mean score
obtained with Kernel equating is lower than the mean score obtained with Kernel local equaization
with the low ability level. The closest mean score is the case in which the S-L method is used in the
equating made according to the middle ability level. Figure 2 shows the function graph regarding the
differences between the equated scores and the raw scores obtained from the test.

Figure 2 reveals that the distribution of the difference scores is amost the same when the number of
anchors is the same and the calibration method is different. In the case of using 5 anchor items, the
difference scores are higher in the equalizations made according to medium and high ability levelsup
to 14 raw points, while the difference scores are higher in the equations made according to the high
ability level and Kerndl equating over 17 raw points. In cases where 10 and 15 anchor items are used,
up to 12 raw points, the difference scores are higher in the equdizations made according to medium
and high ability levels, whilethe difference scores are higher in the equalizations made at medium and
low ability levels over 23 raw points. In the equating made according to the middle ability level, the
range of difference scores in each anchor item condition is the smallest.

Error Distributions

Equating errors were calculated for al conditions. These values were the result of calculating the
means of the values obtained with 100 iterations. Table 3 shows the distribution of equating errors
obtained with the abserved score Kernel equating and Kernel loca equating.

Table 3 shows that the error means of equated scores under al conditions are estimated higher in the
Stocking-Lord method than in the Haebara method. The difference between these error means was
found to be approximately .004 when 5 anchor items were used, .002 when 10 anchor items were used,
and .003 when 15 anchor items were used. The distribution of the errors shows that as the number of
anchor items increases, the errors are closer to each other and become more homogeneous. The
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smallest of these errors occurred in the calibration made according to both methods when 15 anchor
items are used; the greatest was obtained in the calibration performed according to the Stocking-Lord
method when 5 anchors were used.

Number -
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Figure 2. Equated Scores Obtained With Kernel Equating and Kernel Local Equating Based on IRT
in Conditions Where the Number of Anchor Itemsare 5, 10 and 15, Respectively, and Function Graphs
Regarding The Differences Of Raw Scores

Theresults of the Kernel local equating show that the errors of the equated scores were estimated .003
times higher with the Stocking-Lord method compared to the Haebara method. As the number of
anchor items increased, equating errors decreased in both methods and both ability levels. In cases
when 5, 10, and 15 anchor items were used, the smallest error was obtained with equalizations of the
middle ability level. Similarly, in the equatings made according to low ability level, estimates were
made with relatively high errars. In addition, in the equalizations made according to the middie ability
level, errors are relatively more homogenous. The smallest of these errors was when the 15 anchor
items were used according to the middle ability level with the Haebara method. The greatest error, on
the other hand, was when 5 anchor items were used with the low ability level based on the Stocking-
Lord method.
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It was revealed that Kernel equating errors were greater than those of Kernel local equating when
comparing Kernel equating and Kernel local equatingin al conditionsin all ability levels.

Table 3. Error Distributions Obtained From IRT Observed Score Kernel Equating and Kernel Loca
Equating

Kernd Equating Kerngl Local Equating
Cdibration ~ Number o Mo Men SD. 6level M.  Max.  Men  SD.
of Anchor

Stocking- L 0.188 0.490 0.354 0.082
Lord 5 0188 0.496 0.375 0.080 M 0.189 0.367 0.312 0.047
H 0.181 0418 0.333 0.058

L 0.144 0.362 0.263 0.060

10 0.147 0.365 0.278 0.056 M 0.141 0.263 0.228 0.032

H 0.139 0.302 0.243 0.040

L 0.129 0.310 0.229 0.049

15 0134 0.312 0.243  0.045 M 0.127 0.232 0.201 0.027

H 0.127 0.265 0.215 0.033

Haebara L 0.187 0482 0.350 0.080
5 0186 0.491 0.371  0.079 M 0.188 0.363 0.308 0.047

H 0.180 0418 0.330 0.059

L 0.143 0.358 0.260 0.059

10  0.146 0.362 0276 0.056 M 0.140 0.261 0.225 0.032

H 0.138 0.303 0.241 0.041

L 0.129 0.305 0.226 0.048

15 0134 0.309 0240 0.045 M 0.126 0.228 0.198 0.027

H 0.127 0.264 0.213 0.034

Note. L: Low, M: Medium, H: High

DISCUSSION and CONCLUSION

In this study, the P and Q forms based on the 2PL model with different anchor item numbers (5, 10,
15) were evaluated for different ability levels [8 < 0 (low), 0 (moderate) and 6 =0 (high)]. Equating
results of Stocking-Lord and Haebara methods were examined.

The present study used simulated data in which the anchor items were not included in the individual
scores, unlike the studies of Oztiirk-Giibes and Kelecioglu (2015), Pektas and Kiling (2016),
Tanberkan-Suna (2018), in which the real datawere used. Akin Arikan (2017), used simulated data as
well; however, she only compared the Haebaramethod in IRT true score equating and Kernel equating
methods. Oztiirk-Giibes (2019), on the other hand, investigated the effect of multidimensionality on
test equating and not included the change in theitem numbers. Moreover, Wang et al . (2020) compared
equapercentile equating, Kernel equating, and IRT Kernel eguating methods.

Errors and function graphs were examined related to the difference between raw and equated scores
in IRT observed score Kernel equating non-equivalent anchor test design when anchor items and
calibration methods differ. The results reveded that there are differences and similarities between the
equated scores, the distribution of the difference scores and errors in non-eguivaent groups with
anchor test design with Stocking-Lord and Haebara methods. Equated scores were estimated with a
higher mean score when 5 anchor items were used in both calibration methods. In al the conditions,
equated scores are lower than each score that can be obtained from the test. In cases when the anchor
item numbers were the same, errors of the equated scores based on Haebara method were estimated
lower. As the number of anchor items increased, the errors of the estimates in both methods were
closer to one another. Wang et al. (2020) also obtained similar results where the number of items was
30 and 45 inthe simulation. Thisfinding is not supported by the findings of Uysal (2014), in which he
found that error estimates with the Stocking- Lord method were lower than the Haebara method.

In addition, the present study investigated the functions and errors regarding the difference scores and
equated scores when the item numbers and caibration methods differed. Both Stocking-Lord and
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Haebara methods yielded similar results in cases that the same number of anchor items were used and
the equatings of the scores and errors were conducted according to the low, middle, and high ability
levels. The mean scores of low, middle, and high ability levels were the greatest with the 5 anchor
items and the smallest with the 10 anchor items with both methods. In al conditions, the lowest mean
score was obtained with the Haebara method and 10 anchor items according to middle ability level.
The highest mean score, on the other hand, was obtained with the Haebara method and 5 anchor items
according to low ability level.

When both methods are compared, mean scores obtained with Kernel loca equating with 5 and 15
anchor items according to low ability level were estimated higher than Kernel egquating. When 10
anchor items were used, the results of Kernel equating were the highest in al the conditions. Also, the
graphs about the relationship between raw and equated scores showed that the range of difference
scores were the narrowest when Kernel local equating were used regardless of the calibration method.
Thereason for this could be thefact that errors were estimated lower with the hel p of different equating
functions based on the ability level and raw scores.

The lowest errors were estimated when both methods were used with 5, 10, and 15 anchor items.
Moreover, errors were homogenous in the equatings based on middle ability level. The reason behind
this result could be that the simulation data were simulated with norma distribution in the middle
ability level (b=0). Thisfinding was supported by Wiberg et al. (2014), which suggests three different
observed score Kernel local eguating methods by combining local equating and Kernel equating and
found that Kernel local equalization methods are quite stable against the changes in the accuracy and
length of the anchor test in the non-equivalent groups anchor test design. The Kernel local equating
errors were lower than Kernel equating errors when the two methods were compared. Thisfinding is
not supported by the results of the study of Wiberg et al. (2014) in which they found that the Kernel
local equating method yielded higher standard errors than Kernel equating.

Asaresult, it wasfound that IRT observed score Kernel equating and Kernel local equating Stocking-
Lord and Haebara methods can both be used and to keep the errors low, the number of anchor items
should be kept higher. Also, Kernd loca equating should be used with the ability level most
appropriate to the ability distribution of the individuals. In future studies, different Kernel eguating
methods, different calibration types, and different data collection designs can be used to compare the
observed score with the true score equating in cases where the anchor item is internal and external.
Also, Kernel equating, and Kernel local equating methods can be examined using the equivalent
groups design. In addition, equating errors can be examined by dividing ability levelsin IRT Kernel
local equating. The present study made use of the simulation data; a similar study can be conducted
with red dataset.
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