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 Evaluation may be carried out using different tests that are not necessarily 

parallel. Students with lower abilities may get higher scores while those with 

higher abilities get lower scores. Measurement errors caused by this 

condition require test equating. Several computer programs, including Bilog 

and the R program, can be used for test equating. Each program has a 

different level of accuracy, and the accuracy of the equating results will 

affect the standard errors of equating. This study aimed to find out the most 

accurate equating test method and the accuracy of the estimated BILOG and 

R program. This research used two sets of tests with equivalent group 

designs. The determination of the most accurate equating method was based 

on the root mean square deviation (RMSD) value. Equating test packages, A 

to package B with BILOG program estimation on the mean and Sigma 

method resulted in RMSD value of 0.320. In the mean and mean method, 

RMSD value is 0.250. Meanwhile, equating package A to package B using 

R program on the mean and sigma resulted in RMSD value of 0.300, and the 

mean and mean method with the RMSD value is 0.272. The mean and mean 

yield RMSD values smaller than the mean and sigma methods. Therefore, 

the mean and mean method is more accurate and applicable. Moreover, the 

estimation results of the BILOG program are more accurate and can be used 

in test equating. 
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1. INTRODUCTION 

Assessment and evaluation of student learning outcomes are important things to do. This is one of 

the efforts made to monitor the achievement of student competencies after the learning process is carried out. 

Assessment informs students about their abilities, strengths, and weaknesses and shows the strategies used in 

the learning process [1]. Assessment is not just a task that is assessed from a series of questions [2], but it is 

rather a method of examining students’ knowledge and behavior during the teaching and learning process [3] 

in order to investigate what students already know [4]. Thus, an effort is needed to develop a strict and strong 

measurement tool in the educational context [5]. A good assessment enables teachers to identify whether 

students can achieve learning outcomes [6]. Each assessment aims to gauge and categorize test-takers' 

proficiency in a certain area [7]. Assessment and evaluation are also carried out to control the quality of 

national education as a form of accountability for education providers to interested parties, including 
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students, institutions, and educational programs. When compared periodically, from school to school, or 

district to district, student scores may show the progress or advancement of educational outcomes.  

One of the main challenges in education is developing test items to determine the extent of students' 

understanding after carrying out the learning process. Teachers, schools, or educational institutions in each 

region use different test instruments to carry out the assessment. In standardized testing, test equating is 

important to ensure fairness for test-takers [8]. The different test forms which are not necessarily parallel 

means that the level of difficulty or distinguishing power of the two test packages is sometimes different [9]. 

This can cause students with lower abilities to get higher scores when working on easy questions, while 

students with higher abilities get lower scores when taking more difficult tests. This situation can cause 

measurement errors when examinee's ability and the item's features could predict or explain the success of an 

examinee [10]. If there is a measurement error, the evaluation results do not show the actual level of student 

competence. Therefore, it is necessary to make an equal test.  

Testing programs that employ numerous exam forms or that introduce new test formats must 

demonstrate that the results and the conclusions drawn from them are equivalent [11]. Making an equal test 

for two or more question packages is not easy or probably impossible, as there must be differences. In 

addition, organizing a parallel multi-package test is almost impossible [12]. The main challenge in 

administering several test packages standard is related to the assurance that these packages are equal and 

measure the same indicator [13]. There is no guarantee that the difficulty level of each item will be the same, 

even though the test was created using the same testing specifications. To compared assessment results, 

equalizing scores on different test instruments is necessary. The results of this comparison can be used to 

determine the quality of education between schools or regions. 

Two parallel test packages are considered “equated” for one group of examinees when the standard 

deviations and means of the two test forms are the same [8]. An equating technique will be used when the 

parallelism of the two test packages has been established. Equating is a statistical procedure that converts the 

raw test results onto a standard scale that is used for all test formats. It is based on the supposition that the 

testing procedures have been followed quite precisely to guarantee that the same build is being assessed [14]. 

Equating is a statistical procedure used to equalize test results so they can be compared across tests. [15]. 

Comparing test results from various test formats is done via test score equating [16]. Even when students 

used various test packages, equating can compare their scores [17]. The process of equating two different 

forms of the same test is often briefly referred to as test equating [18]. This will prevent test takers from 

being adversely affected by the easier or harder test packages they are given. Going through equating, even 

though test packages are relatively varied, the test takers' aptitude can be detected correctly in the future if 

they work on similar exams [19]. 

Test equating can be done using either the item response theory (IRT) or the classical test theory 

(CTT) methods [20], [21]. The equivalence test in CTT must have the same reliability index. According to 

IRT, which makes use of a mathematical model, the likelihood that test takers will correctly respond to a 

question depends on both their ability and the item characteristics [22], [23]. One of the most important 

properties of IRT is item-free person measurement and person-free test calibration [24]. One of the most 

important properties of IRT is parameter invariance or item independent and sample independent [25]–[28]. 

The CTT is selected due to its ease of application despite its limitations in measuring the item difficulty level 

and discrimination since both indicators' calculation is based on the test taker's total score [29]. IRT model is 

understood to be better at revealing the score of the test than CTT model because the result or the IRT model 

is not affected by the characteristic of test taker groups [29]. 

Because IRT has invariance properties in its parameter, test equating using IRT is more 

representative than test equating using CTT. Both the ability parameter and the test parameter are invariant 

[30]. The comparison of the equating test between the CTT and IRT revealed that the IRT’s equating 

standard error is lower than that of the CTT’s [31]. There are two types of test equating, namely vertical 

equating and horizontal equating [32]. Vertical equating compares exams across levels of difficulty, while 

horizontal equating compares two different test versions [24]. Horizontal equating is performed on test 

instrument scores of the same difficulty level within the same level participant group [33]. It can also be 

defined as determining the equal score for differences [34]. Horizontal equating is proper when it is used for 

the security of a test, so several forms of tests are needed. These forms are not the same, but it is expected 

that they are similar in their content and difficulty. There are few equating ways that can effectively function 

when the difficulty, reliability, and content of tests vary so greatly between different forms [35]. 

Based on IRT, there are three testing equivalence designs that were employed: i) Anchor testing 

design; ii) Equivalent group design; and iii) Single group design [36]. In an equivalent group design, two 

tests were done to two equivalent groups drawn randomly from the same population (presumed that they had 

the same level of ability) [37], [38]. The equivalent group design may not only lessen the impact of activity 

and boredom, but it may also cause bias since the groups' levels of ability were probably not equivalent [39]. 

The use of a large sample was advised to lessen the likelihood of bias. The non-anchor item equating 
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utilizing the equivalent group design was previously introduced in a prior study [40]. Equating the item 

response theory consists of mean and sigma methods, mean and mean, and characteristic curves [15]. 

In equating with the item response theory approach, there is a relationship between item parameters 

and a person’s ability [22]. When the scale in the first test is equated with the scale of the second test, tests 

are carried out by two different groups as (1) and (2). 

 

𝑎2j = 
𝑎1j

𝛼
  (1) 

 

b2j = 𝛼𝑏1j + β  (2) 

 

b1j, b2j are item difficulty indexes in test 1 and test 2. 𝑎1j, 𝑎2j are discrimination indexes of test 1 and test 2. 𝛼, β 

is equating constant with α and β are constants in equating. The relationship between parameter estimates of 

the items from the two test tools that are equated based on the mean sigma method with: 

 

b2 = αbj + β, the value is obtained 

 

b2 = αb1 + β and σ(b2) = σ(b1) 

 

then α = 
σ(b2)

σ(b1)
  

 

β = b2 - α b1  

 

The formula for the mean and mean methods is as: 

 

b2 = αb1 + β  

 

𝑎2 = 
𝑎1

α
 , b2 = αb1 + β is obtained 

 

so α = 
𝑎1

𝑎2
  

 

β = b2 - αb1  

 

Where: 

b1, b2: parameter estimate of the item level difficulty in 1st and 2nd test 

a1, a2: estimation of item discrimination index in 1st and 2nd test 

b1, b2: the Mean level of difficulty of the item in 1st and 2nd test 

σ (b1) and σ (b2): standard deviation of the difficulty level of test 1 and 2 α and β are constants used to 

equating the test [15]. 

After α and β are known, the results of the grain parameter estimation and ability parameters of the 

test device 1 are equated on the same scale as the test 2 device using: 

 

𝑏2
∗ =  αb1 +  β  

 

𝑎2
∗ =  

𝑎1

α
  

 

𝜃2
∗ =  α𝜃1 +  β  

 

where: 

𝑏2
∗: the difficulty level of the item on the 1st test 1 after equate on the scale of 2nd test 

𝑎2
∗ : discrimination index on the 1st test 1 after equate on the scale of 2nd test 

𝜃2
∗: student’s ability on the 1st test 1 after equate on the scale of 2nd test [22] 

 

Psychometrics has become interested in equating methods, and the development of new methods in 

equating test [41]. Besides the various methods that can be used for the equating process, there are also 

various kinds of programs that can be used to estimate the parameters of the problem and then find the 

equations. Several methods and programs produce different accuracy. This will result in different results in 
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measurement of the same package of questions. Therefore, it is important to examine the equating method 

and what programs are most accurate in the equating process. 

Related to the existence of two test devices and several methods and software that can be used for 

equating processes, a comparison is needed to see what methods and software produce the least errors. Any 

IRT program, including Winstep and BILOG may be used for equating [42]. BILOG is the program used for 

alternative form equating [43]. It is an IRT application that is widely used in equating tests. There have been 

many studies on equating using BILOG program [44]–[47]. A newly developed application that can be used 

for equating tests using the IRT is the R program. There are several studies on equating tests using this 

program [19], [48]–[50]. 

Currently, there has never been a study that reveals the equivalence and accuracy problems between 

the mean/mean method and mean/sigma based on the estimation results between the BILOG program and the 

R program. There are studies that compared equating methods, but they used the IRTEQ Program [32], [51] 

or Rasch model [52], [53]. Other studies focused more on comparing equating methods that focused on the 

ability distribution estimation and sample size [54], comparing equating methods with the use of different test 

formats [55], investigating the effect of the number of biased items and their distribution in the equated form 

on equating error [56] and examining the impact of anchor items in the mean/sigma method on true score 

equating using IRT [57]. This study will describe the equating of the problem with the mean/sigma methods 

and the mean/ mean based on the estimation results of the BILOG and R program as well as find out the level 

of accuracy. 

Equating accuracy can be measured by comparing of the value of root mean square of error (RMSE) 

or commonly called root mean square of deviation (RMSD). The accuracy of equating is calculated by 

looking at the smallest RMSE value [54]. To calculate equating accuracy the formula can be used [58]. 

 

RMSD (𝑎 ) = √
∑ (𝑎2

∗− 𝑎1)2𝑁
𝑖=1

𝑁
 

 

RMSD (𝑏 ) = √
∑ (𝑏2

∗− 𝑏1)2𝑁
𝑖=1

𝑁
 

 

RMSD (𝜃) =  √
∑ (𝜃2

∗−𝜃1)2𝑁
𝑖=1

𝑁
 

 

 

2. RESEARCH METHOD 

This descriptive-quantitative study aimed to compare the vocational high school (VHS) accounting 

exams which are offered in packages A and B. This study was carried out in Yogyakarta, Indonesia. The 

research participants were grade XII (third grade) students of VHS. The 650 test takers from six vocational 

high schools were chosen using the stratified random selection technique, and they were given test 

instruments in the form of answer sheets. The data collected through documentation. The Aiken formula was 

used to determine the instrument’s content validity [59]. 

Item response theory with BILOG program application was used to analyze the test instrument and 

produce three phases of output. In the first phase, it revealed the number of test participants answering test 

items correctly, the ratio of correct answer probability divided by wrong answer probability, and the biserial 

coefficient. The second phase obtained the data on item parameters according to the item response theory 

model used. The 1PL model covers the data on the difficulty level, the 2PL model covers information on the 

difficulty level and discrimination index, and the 3PL model measures the difficulty level, discrimination 

index, and guessing factor. In estimating the parameter, the logistic model with the highest number of fit 

items was used. Fit items have a calculated Chi-square value that is less than the table’s Chi-square value or a 

p-value that is higher than 5%. The purpose of the goodness of fit test was to determine whether the items 

chosen were consistent with the model that was utilized. 

After knowing the characteristics of the problem, the equivalence of two question packages was 

tested. The test was aimed at examining whether package A and B contained parallel problems or not. If, 

based on the results of the equality test, it was proven that the two package questions were not parallel, it 

would be necessary to equate the question package. Conversely, if the test results showed that the two 

packages were parallel questions, then there would be no need to do an equating process. Allen and Yenn 

stated that two sets of questions are said to be parallel if they have the same mean and variance [60]. 

Therefore, parallel testing was carried out with the SPSS program to see the difference in mean and variance. 

There are two methods used in the equating process of this problem, namely mean & sigma and 

mean & mean methods. The process of equating the test instruments was carried out after equality testing that 
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aim to prove the tests to be parallel. The equating process was carried out based on the results of parameter 

estimation from the BILOG program analysis and R program. From the equating process, the constant 

conversion information of the test device was obtained. The determination of the convergence constant used 

for equating the test was based on a predetermined method. This equating process was done using equivalent 

group designs. The reason why the researchers chose this design was based on the data obtained in the field. 

The data in the form of students' answers were obtained from two different test instruments given to two 

different groups of students but with equivalent abilities. On both test instruments, there was no anchor. 

 

 

3. RESULTS AND DISCUSSION 

3.1. The validity of instrument 

This research involved five raters to estimate the validity using Aiken formula. The content validity 

of an instrument is the extent to which the items in the instrument represents the components in the over-all 

area of the contents of the object to be measured and the extent to which the items reflect behavioral traits 

that will be measured [61]. In sum, the validity of the test items in both packages according to Aiken formula 

is relatively good (65% item on package A, and 67.5% on package B). 

 

3.2.  Characteristics of accounting test items based on item response theory 

Data analysis under the three-parameter logistics was conducted to determine the model that fits the 

items (1-PL, 2-PL, and 3-PL). The fit model analysis was assisted by BILOG software. The most suitable 

logistic model is the model that produces the most fit items with the criteria of chi-square value greater than 

0.05 [62]. 

 

3.2.1. Results question analysis 

Based on the results of the BILOG phase 1 analysis, nine items in test package A (items 1, 3, 15, 22, 

28, 35, 38, 39, and 40) and package B (items 4, 7, 10, 15, 19, 25, 26, 32, and 35) were not included in the 

subsequent analysis because the biserial value was less than 0.3. In phase 1, an item that had a biserial value 

less than 0.3 was not included in the subsequent analysis because it could interfere with the analysis process 

[40]. The results of the goodness of fit analysis Table 1 shows that the item analysis based on the Item 

Response Theory fits the 2-PL model for both packages. Then, based on the logistic parameter two (2PL), the 

model adds completion parameters to the difficulty level [63], [64]. Further analysis carried out to see the 

good or poor characteristics of the questions with the 2-PL model show the following results: package A had 

27 good items and 13 poor items, while package B had 24 good item and 16 poor items. It was found that the 

problem was caused by the level of difficulty and index of discrimination that exceeded the criteria (i.e., the 

value exceeded +2 for item difficulty). 

 

 

Table 1. Goodness of fit (p-value) on package A and B 

Category 
Package A Package B 

1-PL 2-PL 3-PL 1-PL 2-PL 3-PL 

Fit 15 32 31 11 30 18 

Misfit 25 8 9 29 10 12 

 

 

3.3.  Equating of accounting test  

To determine whether both packages are parallel, it is necessary to verify the accounting test 

equation for both packages A and B. The t-test can be used to test the equation for the test instruments. The  

t-test result demonstrates the significant value for assumed equal variances at 0.000<0.05. Therefore, 

equating is required since the mean score generated from packages A and B differs (mean difference=3.092).  

After packages A and B proved to be not parallel, the equating between the two test instruments 

must be done. In the equating process using this 2PL model, cj is assumed to be 0 for all j [16] and which 

package will serve as the standard for equating must be decided. This study equates the package A test to the 

package test B. The parameter estimate is based on the response of the data to the response of students to the 

logistical model. Based on the results of the analysis with the BILOG program, it is proven that the 2-PL 

model has item numbers with the most item characteristics and is the most suitable for application. Table 2 

presents the summary of the item parameters of both test packages. 
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Table 2. Summary of the parameters 

Item 
Package A  Package B 

Difficulty level  Discrimination index  Difficulty level Discrimination index  

5 -0.320 1.364 0.843 1.084 

8 -0.608 1.444 -0.677 1.719 

9 -0.136 1.842 -0.282 1.793 
12 -0.369 1.634 -0.949 1.606 

13 -0.484 1.548 -0.307 1.709 

16 -0.262 1.197 -0.154 1.167 
17 -0.743 1.508 0.927 0.628 

20 0.297 1.199 0.066 1.165 

21 1.511 0.573 1,529 0.630 
23 -0.103 1.552 0.169 1.787 

24 -1.116 0.606 -0.270 1.848 

27 -0.035 1.591 0.229 1.619 
30 0.624 0.981 0.682 1.049 

33 0.602 1.272 0.738 0.910 

34 0.427 1.601 0.791 1.402 

36 -0.468 1.317 0.391 0.887 

37 -0.730 0.6110 -1.375 0.905 

µ -0.1125 1.2847 0.1383 1.2887 
Σ 0.6413 0.3855 0.7490 0.4222 

 

 

3.3.1. Mean/sigma and mean/mean method based on BILOG 

In the mean/sigma method, the calculation of constants α and β uses the Mean and standard 

deviation of the level of difficulty, and the resulted constants are α = 1.168 and β = 0.270. From the values of 

constants α and β, the equality of package A (x) to package B (y) is obtained. 

 

𝜃2
∗ = 1.168θx + 0.270 

 

𝑏2
∗

 = 1.168bx + 0.270 

 

𝑎2
∗

 = 
𝑎1

1,168
  

 

In mean/mean method, the calculation of constants α and β uses the mean of difficulty level and 

discrimination index, which resulted in constants α = 0.997 and β = 0.250. From the constants α and β, it is 

found that the equation of package A (x) to package B (y) is as: 

 

𝜃2
∗ = 0.997θx + 0.250 

 

𝑏2
∗

 = 0.997bx + 0.250 

 

𝑎2
∗

 = 
𝑎1

0.997
  

 

By using the α and β constants, the transformation of item parameters is carried out so that the 

equating item parameter for both methods by Biologist obtained in Table 3. After being equalized, the item 

difficulty level and item discrimination index show that the mean/sigma method provides a higher mean 

(0.1386>0.1378) and a higher standard deviation (0.7491>0.639) than the mean/mean method; meanwhile 

the item discrimination index show that the mean/sigma method provides a lower mean (1.0999<1.2886) and 

a lower standard deviation (0.3301<0.3867) than the mean/mean method. 

 

3.3.2. Mean/sigma and mean/mean method based on r program 

In the mean/sigma method, the calculation of the constants α and β uses the Mean and standard 

deviation of the level of difficulty, and the constants resulted are α = 1.241 and β = 0.2946. From the values 

of constants α and β, the equality of package A (x) to package B (y) is obtained. 

 

𝜃2
∗ = 1.241θx + 0.295 

 

𝑏2
∗

 = 1.241bx + 0.295 

 

𝑎2
∗

 = 
𝑎1

1.241
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In the mean/mean method of calculating the constants α and β using the mean of the level of 

difficulty and the discrimination power, and the constants are α = 1.0729 and β = 0.2743. From the values of 

constants α and β, the equality of package A (x) to package B (y) is obtained. 

 

𝜃2
∗ = 1.073θx + 0.274 

 

𝑏2
∗

 = 1.073bx + 0.274 

 

𝑎2
∗

 = 
𝑎1

0.274
 

 

Using the α and β constants, the transformation of item parameters is carried out so that the equating 

item parameter for both methods by R program is obtained in Table 4. After being equalized, consistent with 

the BILOG results, the item difficulty level and item discrimination index show that the mean/sigma method 

result in a higher mean (0.1445>0.1444) and a higher standard deviation (0.7593>0.6565) than the 

mean/mean method. Meanwhile the item discrimination index show that the mean/sigma method provides a 

lower mean (1.1832<1.3684) and a lower standard deviation (0.3818<0.4416) than the mean/mean method. 

 

 

Table 3. Conversion of package A to package B using BILOG 

Item 

number 

Mean/sigma method Mean/mean method 

Package A Package B Package A Package A2
∗  

b Initial  a Initial  (b2
∗ ) (a2

∗ ) b Initial  a Initial  (b2
∗ ) (a2

∗ ) 

5 -0.320 1.364 -0.1038 1.1678 -0.320 1.364 -0.0690 1.3681 
8 -0.608 1.444 -0.4401 1.2363 -0.608 1.444 -0.3562 1.4483 

9 -0.136 1.842 0.1112 1.5771 -0.136 1.842 0.1144 1.8475 
12 -0.369 1.634 -0.1610 1.3990 -0.369 1.634 -0.1179 1.6389 

13 -0.484 1.548 -0.2953 1.3253 -0.484 1.548 -0.2325 1.5527 

16 -0.262 1.197 -0.0360 1.0248 -0.262 1.197 -0.0112 1.2006 
17 -0.743 1.508 -0.5978 1.2911 -0.743 1.508 -0.4908 1.5125 

20 0.297 1.199 0.6169 1.0265 0.297 1.199 0.5461 1.2026 

21 1.511 0.573 2.0348 0.4906 1.511 0.573 1.7565 0.5747 

23 -0.103 1.552 0.1497 1.3288 -0.103 1.552 0.1473 1.5567 

24 -1.116 0.606 -1.0335 0.5188 -1.116 0.606 -0.8627 0.6078 

27 -0.035 1.591 0.2291 1.3622 -0.035 1.591 0.2151 1.5958 
30 0.624 0.981 0.9988 0.8399 0.624 0.981 0.8721 0.9840 

33 0.602 1.272 0.9731 1.0890 0.602 1.272 0.8502 1.2758 

34 0.427 1.601 0.7687 1.3707 0.427 1.601 0.6757 1.6058 
36 -0.468 1.317 -0.2766 1.1276 -0.468 1.317 -0.2166 1.3210 

37 -0.730 0.611 -0.5826 0.5231 -0.730 0.611 -0.4778 0.6128 

µ -0.1125 1.2847 0.1386 1.0999 -0.1125 1.2847 0.1378 1.2886 
Σ 0.6413 0.3855 0.7491 0.3301 0.6413 0.3855 0.6394 0.3867 

 

 

Table 4. Conversion of package A to package B using R program 

Item 
number 

Mean/sigma method Mean/mean method 

Package A Package B Package A Package A2
∗  

b Initial  a Initial   (b2
∗ ) (a2

∗ ) b Initial  a Initial   (b2
∗ ) (a2

∗ ) 

5 -0.309 1.588 -0.0887 1.2797 -0.309 1.588 -0.0572 1.4801 

8 -0.588 1.511 -0.4349 1.2177 -0.588 1.511 -0.3566 1.4083 
9 -0.140 1.973 0.1210 1.5900 -0.14 1.973 0.1241 1.8389 

12 -0.353 1.866 -0.1433 1.5038 -0.353 1.866 -0.1044 1.7392 

13 -0.447 1.924 -0.2599 1.5505 -0.447 1.924 -0.2053 1.7933 
16 -0.258 1.427 -0.0254 1.1500 -0.258 1.427 -0.0025 1.3300 

17 -0.686 1.739 -0.5565 1.4014 -0.686 1.739 -0.4617 1.6208 

20 0.237 1.373 0.5888 1.1065 0.237 1.373 0.5286 1.2797 
21 1.494 0.559 2.1486 0.4505 1.494 0.559 1.8772 0.5210 

23 -0.118 1.932 0.1483 1.5569 -0.118 1.932 0.1477 1.8007 

24 -1.119 0.615 -1.0938 0.4956 -1.119 0.615 -0.9263 0.5732 
27 -0.051 1.825 0.2315 1.4707 -0.051 1.825 0.2196 1.7010 

30 0.546 1.059 0.9723 0.8534 0.546 1.059 0.8601 0.9870 

33 0.513 1.419 0.9313 1.1435 0.513 1.419 0.8247 1.3226 
34 0.352 1.825 0.7315 1.4707 0.352 1.825 0.6520 1.7010 

36 -0.431 1.656 -0.2401 1.3345 -0.431 1.656 -0.1881 1.5435 

37 -0.730 0.668 -0.5739 0.5383 -0.730 0.668 -0.4767 0.6226 
µ -0.1211 1.4682 0.1445 1.1832 -0.1211 1.4682 0.1444 1.3684 

Σ 0.6119 0.4737 0.7593 0.3818 0.6119 0.4737 0.6565 0.4416 
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The results of equating test items based on the results of the BILOG program parameter estimation 

on the mean/sigma methods produce equating 𝑏2
∗ = 1.168bx+0.60, while the mean/mean methods equating 

are 𝑏2
∗ = 0.997bx-0.250. Equating based on the results of analysis with program R on the mean/sigma 

methods produce the equation 𝑏2
∗ = 1.241bx+0.295, while the mean/mean method yields the equation 𝑏2

∗ = 

1.073bx+0.274. 

 

3.4.  Accuracy of equating results based on root mean square deviation 

In line with the findings of previous study which shows that the mean/mean method gives the 

smallest RMSD value compared to mean/sigma method [51], [65]. This study also proves that all RMSD 

values in the mean/mean method are lower than mean/sigma method, both in the estimation by BILOG and  

R program as shown in Table 5. Smaller RMSD values indicate more accurate equation results, so it can be 

concluded that the mean/mean method is better at detecting test takers’ abilities when taking similar tests 

using relatively different test packages, compared to the mean/sigma method. 

 

 

Table 5. Summary of RMSD based on the BILOG and R program 

Parameter 
BILOG program R program 

RMSD mean/mean RMSD mean/sigma RMSD mean/mean RMSD mean/sigma 

Item difficulty (b) 0.251 0.272 0.272 0.300 

Discrimination index (a) 0.004 0.192 0.192 0.298 

Ability (θ) 0.250 0.320 0.279 0.355 

 

 

RMSD value in equating using the BILOG program is smaller compared to equating based on the 

results of the analysis of the R program. In the equating test by calculating RMSD from the mean/mean method 

and the mean/sigma method, it can be seen that in general the RMSD value of the mean/mean method is smaller 

than the RMSD value of the mean/sigma method [54], [56], [65]. RMSD is calculated by utilizing the 

estimation result ability parameter and parameters of the equation's results. This result is determined by the 

capability of parameter estimates, which are scaled to equating the item parameter. This equating strategy made 

a big contribution to RMSD. The smaller the RMSD, the better and accurate equating method used [65]. 

The difference in the accuracy of the equating results between the BILOG and the R program is due to 

the difference in the analysis results by the two programs. Score equating is impacted by a variety of things. It is 

required to estimate the parameters initially before utilizing a few approaches for equating the parameters. 

Several variables have an impact on parameter estimate outcomes. These factors include the estimate model, the 

sample size, the number of test items, as well as the estimation technique for item and ability characteristics. 

The distribution of item parameters, distribution of ability parameters, comparison of estimate techniques, total 

number of items in the test, and software used are the variables that need to be focused on while equating [65]. 

So far, many studies have compared the accuracy of equating tests regarding the methods and sample 

size used [14], [66]. No research has been found to compare the accuracy of equating test results based on the 

analysis program used. Even though many analysis programs can be used for the equating tests process, each 

program has a different level of accuracy. The limitation of the results of this study is to find support for the 

results of previous studies. Other research needs to examine the accuracy of equating tests based on the analysis 

program used since the accuracy of the results of equating tests affects the equating scores. An accurate 

equating tests score will be able to measure test takers’ ability more accurately [67]. 

 

 

4. CONCLUSION 

The results of this study indicate that the two sets of accounting tests are different (not parallel), so 

an equation is needed. Equating was carried out using the BILOG program and the R program. Of the two 

equating methods used, the mean/mean method gave more accurate results than the mean/sigma method, 

which was indicated by a low RMSD value. The equating results generated from BILOG program and R 

program showed that the RMSD value is smaller in the BILOG program than the R program. As previous 

research comparing the accuracy of the BILOG program and the R program on equating tests has yet to be 

found, this research is something of a novelty. However, similar research with different data needs to be 

conducted to support the results of this study. 
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