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Abstract: This study aimed to find the Classical Test Theory (CTT) and Modern Test Theory (MTT) item parameters of the 
Differential Aptitude Test (DAT) and examined their comparability of them. The item parameters being studied are difficulty level 
and discrimination index. 5.024 data of the result sub-test DAT were documented by the Department of Psychology and Guidance and 
Counselling bureau. The parameter of classical and modern test items was estimated and correlated by examining the comparability 
between parameters. The results show that there is a significant correlation between item parameter estimates. The Rasch and IRT 1-
PL models have the highest correlation toward CTT regarding the item difficulty level. In contrast, model 2-PL has the highest 
correlation toward CTT in the item discrimination index. Overall, the study concluded that CTT and MTT were comparable in 
estimating item parameters of DAT and thus could be used independently or complementary in developing DAT.  
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Introduction 

The aptitude test is a psychological measurement instrument that measures the specific ability that involves a 
knowledge or skill domain (Hashmi et al., 2012; Marais, 2007; Shah & Raza, 2009). The application of the aptitude test 
is most widely used in measuring readiness for secondary, tertiary, to postgraduates school (Cohen & Swerdlik, 2018) 
as well as checking motivation, abilities, and skills in work (Avvannavar et al., 2013). An aptitude test must be fair and 
objective in identifying candidates with the greatest potential to succeed in their careers, regardless of their 
geographical, educational, or social background (Dewberry, 2011).  

DAT was widely used in education, especially for ability identification and educational guidance for students choosing 
the study program. It is not easy to choose a study program to their abilities, making many Indonesian students select a 
different major from their potential (Masriah et al., 2018). This is in line with research findings that some Indonesian 
students choose study programs not based on their talents but more than other factors, such as family, individual 
personality, peers, campus image, job prospects, or school of origin (Saputro, 2017). According to Košir and Pečjak 
(2007), the students' mistakes in choosing college majors are a sign of indecision in selecting elections, which in the 
psychological construct is known as career doubts. 

The Differential Aptitude Test (DAT) is the most popular, especially in the educational and vocational setting (Mahakud, 
2013; Mankar & Chavan, 2013). This test is used to predict the academic performance of students (Muhid et al., 2020; 
Pyari et al., 2016). DAT was presented in the form of multiple-aptitude tests. They are numerical ability (NA), verbal 
reasoning (VR), clerical speed and accuracy (CSA), abstract reasoning (AR), language usage (consisting of sentences and 
spelling), space relations (SR), and mechanical reasoning (MR) (Bennet et al., 1956). Furthermore, the language usage 
sub-test was not applied because of the differences in Indonesian structure sentences.  

The construct was based on the group factor of intelligence theory by Thurstone's Primary Mental Ability Model 
(D’Oliveira, 2004). Thurstone's Primary Mental Ability has been developed in various aptitude tests, one of which is the 
GATB (Hakstian & Bennet, 1978). Because many have been researched and used practically in the field, this DAT 
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instrument is considered good quality. However, items of DAT were also widely adapted and developed to detect talent 
and career selection, although efforts for re-study of item quality are often not carried out. 

The quality of the instrument can be seen from the item, which is a sample of the overall attributes. The item quality is 
known as item parameters. There are two approaches to describing quality instruments: Classical Test Theory (CTT) 
and Modern Test Theory (MRT). The CTT was defined as a standard for test development. It has been the mainstay of 
psychological test development for more than the 20th (Embretson & Reise, 2000). The classical test theory is a simple 
approach that is easily understood and widely applied in empirical item analysis (Eleje et al., 2018). If the MTT model 
does not fit well due to a violation of the model assumption, then CTT will be a better choice (Mead & Meade, 2010). 
The simplicity is also related to the ease of analyzing and the few subjects or data needed (Qasem, 2013). Still, 
unfortunately, it does not involve true latent variables: even though the actual score is not empirically observable 
(Progar et al., 2008).  

Rasch and IRT were the latest test analysis theories related to the latent variable models and the successor of the 
classical test theory in psychological assessment (Andrich, 2011; Boone & Scantlebury, 2006; Brennan, 2010; Thomas, 
2011; Tractenberg, 2010). MTT describes the relationships between the latent traits, item characteristics in the scale, 
and the answers for each item (Bond & Fox, 2015; Yang & Kao, 2014). This method is based on two postulates. First, the 
performance or score of test items of the examinee can be predicted based on traits, latent traits, or abilities. Second, an 
Item Characteristic Curve (ICC) is a monotonically increasing function that describes the relationship between the test 
taker’s item performance and a set of characteristics that underlie the item’s performance (Hambleton & Swaminathan, 
1985).  

The differences between the approaches are that CTT and IRT typically describe data properties. In contrast, RMT aims 
to describe the data, item characteristic curve, and fit items (Petrillo et al., 2015). There are three logistics models for 
MTT based on the item properties examined for dichotomous data. 1-PL has only one item parameter: difficulty level 
(b), 2-PL adds discrimination index (a) as the second parameter, and 3-PL model adds pseudo guessing (c) as the third 
parameter (de Ayala, 2009; DeMars, 2010; Thorpe & Favia, 2012). The other MTT model was Rasch Model, developed 
by George Rasch, providing unbiased, efficient, and consistent estimation results on item and person calibrations 
(Dardick & Mislevy, 2016; de Ayala, 2009; DeMars, 2010). Even though Rasch Model looks similar to IRT 1-PL, they are 
different in assumption and assessment theory (Hu et al., 2021). The IRT 1-PL model focused on fitting the data as well 
as possible, given the model’s constraints. In contrast, the Rasch model constructs the variable of interest (de Ayala, 
2009). IRT was a statistical model that aimed to create a model that explained as much as possible the variance 
observed in the data, but Rasch showed invariant across participants and tested the data fit on a measurement scale 
(Stemler & Naples, 2021). 

Analyzing item parameters using MTT will make it easier for researchers or test developers to equate items and make 
computer adaptive testing (Ekpo et al., 2016). This is because MTT provides researchers with various statistical tools to 
assess measurement characteristics. In CTT, item parameters depend highly on the subject or sample being measured 
(sample dependent). Whereas in MTT, the sample is invariant; that is, the item properties do not depend on the 
sample’s ability level (Adedoyin et al., 2020; AL-khadher & Albursan, 2017; Kohli et al., 2015). In CTT, the ability 
estimation refers to the test takers' average scores and the reliability index. MTT, on the other hand, bases the 
probability of correctly answering a question on the ability (θ), item characteristics, and the model used (Baker, 2001). 
Therefore, the results of the analysis with MTT offered sophisticated information and comprehensive or robust, 
especially in terms of assessing the attributes of the instrument (Ekpo et al., 2016; Pollard et al., 2009). 

Relevant studies about CTT and MTT applications (especially IRT) have been studied to describe the comparison and 
correlation item parameters. Still, local literature was limited in replicating the studies and results, and none used 
Rasch Model. The items' level of difficulty and discrimination index was the most popular studies of item parameters. 
This popularity was caused by the fact that both item parameters were usually used to evaluate the items under 
particular test conditions. Description of level difficulty and discrimination index on CTT and IRT studied by many 
researchers. The result of the study found that a lot of items were good item parameters from analyzed CTT and also 
suitable by IRT unless in the small item that could not be parallel (Abed et al., 2016; AL-khadher & Albursan, 2017; 
Bichi et al., 2019; Courville, 2004; Hashmi et al., 2012; Magno, 2009).  

The item parameter analyzed in this study is the difficulty of the item and the discrimination index. In CTT, the difficulty 
was defined as the percentage of the examinee answering particular items correctly that scores between 0 to 1. Some 
experts suggest that the accepted item difficulty index is from .30 to .70 (Mehta & Mokhasi, 2014; Sayyah et al., 2012). 
Items that have a difficulty level below .30 can be categorized as difficult or hard, while items with a difficulty level 
above 0.70 are considered as easy. In the MTT, an item difficulty level was a point or location at which the S-shaped 
curve has the steepest slope in the ability scale. The degree of the item difficulty level based on modern test theory 
ranged from – ∞ to +∞, although it was generally -2 until +2. It will be neither easy nor difficult for the intended subject 
(DeMars, 2010; Hambleton & Swaminathan, 1985). The item difficulty index below -2 was categorized as easy, between 
-2 and +2 was categorized as moderate, and more than +2 was hard. 
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The item discrimination index was defined as the ability to distinguish between high and low-performing students. This 
definition is synonymous with MTT. From a CTT perspective, an item discrimination index is calculated using a biserial 
point statistic with a coefficient ranging from -1 to +1. The items with an index below .2 are poor or revised, between .2 
to .3 are acceptable, and above .3 are good items discrimination index (Boopathiraj & Chellamani, 2013; Mitra et al., 
2009; Philip & Odunayo, 2017; Sayyah et al., 2012). Item discrimination of the MTT was scored as the range of the 
differences, with the score ranging from – ∞ to + ∞. However, the discrimination index usually varies between 0 to 2 
and rarely surpasses 2 (Ahmadi & Thompson, 2012; Hambleton & Swaminathan, 1985). Therefore, the accepted 
discrimination index above 0 and the item discrimination index below 0 are not acceptable. 

Fan (1998) conducted a correlational study using the Texas Assessment of Academic Skills (TAAS) instrument, a 
combination of multiple-choice and essay forms. The study found a correlation of difficulty between CTT and 1-PL IRT. 
The coefficient correlation for all groups is above .90 and significantly less than .05. The coefficient correlation of CTT 
was negative, so the higher the item was more difficult. Meanwhile, for CTT and IRT 2-PL, the coefficient was lower 
(below .90) than all groups compared to the correlation between CTT and IRT 1-PL. Moreover, this is the correlation 
with 3-PL. (2) Compared to the difficulty level, the correlation on the discrimination index was relatively lower (.60 to 
.90) in all conditions. This relationship shows significant differences between tests (mathematics vs. reads), sampling 
conditions, and IRT models (2 vs. 3-parameter logistic). 

A more comprehensive study was conducted by Courville (2004). The study also carried out an analysis based on 
sample size grouped into smaller samples (n=100 students per sub-test) and more extensive samples (n=1000 students 
per sub-test). Item parameter characteristic data were analyzed using the American College Testing (ACT), consisting of 
75 items for English, 60 for Mathematics, 40 for Reading, and 40 for Science. The facts gathered from the research were 
there was a significant correlation in the items' level of difficulty between CTT and IRT in all models. The coefficient of 
the correlation ranges from .553-1.000 (small sample) and .665-1.00 (significant sample). (2) There was a significant 
correlation in the discrimination index between CTT and IRT in all models, with the coefficient of the correlation 
ranging from .229-.957 (small sample) and .613-.930 (significant sample). Meanwhile, Progar et al., (2008) carried out 
a slightly different study. The study only investigated the correlation between CTT and 2-PL IRT. 2-PL IRT model was 
used because, among the three models of IRT, this model was proven to be the fittest with the data gathered from the 
International Mathematics and Science Study (TIMSS) instrument. The findings showed that in the mathematics sub-
test, the correlation coefficients for the level of difficulty and discrimination index between CTT and the 2-PL IRT were 
.922 and .831, respectively.  

Research about item property of DAT using CTT has been done by Setiawati et al. (2018a), also the analysis of item 
parameters using IRT sub-tests of verbal and numerical (Setiawati et al., 2018b) and space relations of DAT (Setiawati 
et al., 2018c). The completed information about items DAT using CTT and MTT needs to describe the property 
psychometric of items, also the relationship between two test theories. The correlation of parameter item property of 
DAT is based on CTT, IRT, and Rasch model. Analysis of all sub-tests needs to be carried out to check if both methods 
are comparable. 

The research focuses on evaluating the property psychometric of a DAT using classical and modern test theories. It is 
essential to find out the parameters property all of the items. Whether there is any inconsistency in item parameter 
characteristics from the analysis results based on both classical and modern test theories, this technique is used to 
assess if items categorized as difficult based on CTT analysis are also considered difficult based on MTT analysis. If 
items have a satisfying discrimination index in CTT, they also have a satisfying index in IRT. Therefore, the study aims 
to find the DAT parameters item and examine its correlation using two test theories. The major hypothesis of this 
research is there were significant correlations between parameters item CTT and MTT’s approaches. The minor 
hypotheses are: (1) There were correlations between item difficulty levels between CTT and MTT’s approaches (Rasch, 
IRT 1-PL, IRT 2-PL, and IRT 3-PL), and (2) There were correlations in item discrimination index between CTT and 
MTT’s approaches (IRT 2-PL, and IRT 3-PL). 

Methodology 

Research Design  

This research used a quantitative approach consisting of interrelated parts—i.e., a study of instrument item parameters 
analysis using classical and modern analysis. The research focus describes the difficulty and discriminant of the items 
that they are the same parameter psychometric CTT and MTT.  

Sample and Data Collection 

Data of the study were documentation of the result of the psychological testing of students. These were collected from 
2014 to 2017. Documentation of the test results was conducted in the laboratory of the Department of Psychology and 
Guidance and Counselling Center in the state university in Indonesia. The data were classified based on gender and 
educational qualification, displayed in Table 1. Because of data documentation, the number of data was different in each 
classification and the sub-test. 
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Table 1. Sample of Research 

Sample Characteristic 
Verbal 

reasoning 
Numerical 

ability  
Abstract 

reasoning  
Space-

relation 
Mechanical 
reasoning  

Gender      
Male 588 621 289 747 788 
Female 420 426 451 299 395 
Educational qualifications      
High School 171 147 42 42 146 
Under 
Graduate 837 900 698 1004 1037 
Total 1008 1047 740 1046 1183 

The data collected from DAT included five subtests—i.e., verbal reasoning, numerical ability, abstract reasoning, space 
relations, and mechanical reasoning. These instruments were in the form of multiple-choice items consisting of five 
sub-tests with the 50 items of verbal reasoning, 40 items of numerical reasoning, 50 items of abstract reasoning, 60 
items of space relations, and 68 items of mechanical reasoning. The reliability of the sub-test verbal reasoning is .809, 
the numerical ability is .850, abstract reasoning is .858, space relations is .862, and mechanical reasoning is .737. 

Analyzing of Data 

The data were analyzed quantitatively using the CTT and MTT to see the item parameters of the DAT, which included 
the difficulty (b) and discrimination index (a) of the items. Item parameter analysis based on the CTT was done using 
the ITEMAN software. In contrast, item parameter analysis based on RMT was done using Winsteps (Linacre, 2012) and 
IRT was conducted using the BILOG software for all logistic models (du Toit, 2003). 

After the fit and parameters items ware estimated, the correlations between parameters were analyzed to examine the 
hypothesis research. The correlation technique used was the Pearson Product Moment. It provided information related 
to correlational statistics with its significance (the significant level this study was accepted if less than 0.05) that 
interpreted the relationship between item difficulty level of CTT and Rasch, 1-PL, 2-PL, as well, as 3-PL. Also, the 
correlation discrimination between CTT and IRT (2-PL and 3-PL) could be analyzed. The correlational item 
discrimination of the Rasch and 1-PL IRT models were not analyzed because this model couldn’t estimate the item 
discrimination index.  

Findings / Results 

The study results described the number of items DAT from many criteria: item fits from MTT analysis, difficulty and 
discrimination index, the average, and the correlation of difficulty and discrimination index between two test theories. 
Table 2 presents the fit items, and table 3 displays the information about the parameters of item difficulty in DAT based 
on CTT and MTT. Most items are fit models. Two items of verbal (item number 23 for IRT 2-PL; item number 46 for IRT 
3-PL) and many items of mechanical sub-test (item numbers 5, 22, 52, 55, 61 for IRT 2-PL and 3-PL; item numbers 41, 
45, 48, 53 for IRT 3-PL) could not be analyzed. Most items are categorized as moderate, followed by a few numbers easy 
and hard items. 

Table 2. The Number of Items fit model of DAT 

Sub-test 
1PL 2-PL 3-PL 

Fit Unfit Fit  Unfit Fit Unfit 
Verbal reasoning 23 27 47 3 47 2 
Numerical ability 17 23 36 4 32 8 
Abstract reasoning 36 14 50 - 48 2 
Spatial relation 30 30 59 1 59 1 
Mechanic reasoning 36 32 58 5 57 2 

Table 3. The Item Difficulty Distribution of DAT 

Sub-test Difficulty Level CTT Rasch 1-PL 2-PL 3-PL 

Verbal reasoning 
Easy 12 4 4 7 5 
Moderate 24 43 43 32 33 
Hard 14 3 3 10 11 

Numerical ability 
Easy 8 3 3 4 2 
Moderate 27 35 35 33 34 
Hard 5 2 2 3 4 
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Table 3. Continued 

Sub-test Difficulty Level CTT Rasch 1-PL 2-PL 3-PL 

Abstract Reasoning 
Easy 31 2 21 19 13 
Moderate 18 45 28 30 35 
Hard 1 3 1 1 2 

Space relations 
Easy 30 2 2 11 3 
Moderate 19 51 52 41 49 
Hard 11 7 6 8 8 

Mechanical reasoning 
Easy 19 1 0 16 4 
Moderate 38 61 62 37 47 
Hard 11 6 6 10 8 

Table 4 summarizes the item discrimination indexes in DAT based on CTT and IRT analysis. It can be seen that all sub-
tests analyzed by IRT 2-PL and 3-PL indicate that all items have a good item discrimination index. The item 
discrimination index of IRT provides a higher number of items with an accepted discrimination index than CTT. Based 
on CTT analyses, mechanical reasoning has the lowest number of accepted items of the five sub-tests.  

Table 4. Item Discrimination Index Distribution on DAT Instrument 

Sub-test Item Discrimination Index CTT IRT 2-PL IRT 3-PL 

Verbal reasoning 
Good 27 49* 49* 
Acceptable 12 - - 
Poor/to be revised 11 - - 

Numerical ability 
Good 30 40 40 
Acceptable 8 - - 
Poor/to be revised 2 - - 

Abstract reasoning 
Good 38 50 50 
Acceptable 8   
Poor/to be revised 4 - - 

Space relations 
Good 41 60 60 
Acceptable 14 - - 
Poor/to be revised 5 - - 

Mechanical reasoning 
Good 20 63* 59* 
Acceptable 23 - - 
Poor/to be revised 25 - - 

* Some items of verbal and mechanical sub-test cannot be calibrated on IRT 2-PL and 3-PL 

Table 5 shows descriptive statistics on average item difficulty levels and item discrimination indexes on DAT based on 
CTT and MTT analyses. Based on the difficulty level, the verbal reasoning sub-test is the most difficult one, because it 
has the lowest average item difficulty on CTT and highest average item difficulty on MTT. Meanwhile, abstract 
reasoning subtest is the easiest sub-test based on the analysis of CTT and MTT because it has the highest mean of item 
difficulty in CTT and the lowest mean of item difficulty in MTT. Then, based on the item discrimination index, the 
numerical ability is the sub-test with the best item discrimination index based on CTT analysis. Meanwhile, abstract 
reasoning is the sub-test with the best item discrimination index based on 2-PL IRT analysis. The space relation is the 
sub-test with the best item discrimination index based on 3-PL IRT analysis. 

Table 5. The Average of Difficulty and Discrimination Items of DAT on CTT and MTT 

Subtests 
CTT 

MTT 
Rasch IRT 1-PL IRT 2-PL IRT 3-PL 

b a b b b a b a 
Verbal reasoning .489 .306 .000 .000 .352 .777 .551 1.108 
Numerical ability .531 .377 .000 .000 -.211 .883 .255 1.157 
Abstract reasoning .744 .361 .000 -1.730 -1.448 .989 -1.071 1.131 
Space relation .596 .331 .000 .000 -.363 .934 .019 1.387 
Mechanical reasoning .542 .226 .000 .000 -.550 .564 .290 1.025 

Note: b = difficulty of item a = discrimination index of item 

The research hypothesis tested the correlations between item parameters in CTT and MTT. Thus, the data analysis was 
described from the correlations of item difficulty between CTT and MTT (Rasch, 1-PL, 2-PL, and 3-PL) and the 
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correlations on item discrimination index between CTT and MTT’s approaches (2-PL vs 3-PL). Table 6 presented the 
Pearson correlation of item difficulty in the results of CTT and MTT analyses. Numerical ability, mechanical reasoning, 
verbal reasoning, and space relation correlate significantly with high and negative correlation coefficients. The item 
difficulty correlation between CTT and Rasch gives the highest correlation value compared to CTT and 1-PL, CTT and 2-
PL, and CTT and 3-PL. 

Table 6. Correlation of Item Difficulty Level (b) between CTT and MTT 

Sub-test 
 MTT 

C
T

T
 

Rasch 1-PL 2-PL 3-PL 
Verbal reasoning -.987** -.985** -.540** -.918** 
Numerical ability -.994** -.992** -.895** -.824** 
Abstract reasoning -.981** -.980** -.903** -.962** 
Space relation -.995** -.990** -.917** -.898** 
Mechanical reasoning -.995** -.987** -.858** -.903** 

 Note: ** = significant correlation of < .01   

Table 7 presents the Pearson correlation of discrimination indexes based on two test theories. There was positive 
correlations coefficient between CTT and MTT on the whole sub-test. Because the Rasch and IRT 1-PL assume fixed (a 
constant value) item discrimination for all items, it could not be computed; hence N/A (not applicable) is entered under 
both columns for Rasch and IRT 1-PL in the table. The correlation coefficient of CTT and 2-PL is higher than CTT and 3-
PL, except on the verbal sub-test. The numerical sub-test gives most significant correlation coefficient, while the space 
relation sub-test provides the smallest correlation coefficient. 

Table 7. Correlation of Item Discrimination Index (a) Between CTT and MTT 

Sub-test 
MTT  

C
T

T
  

Rasch 1-PL 2-PL 3-PL 

Verbal reasoning N/A N/A .373** .766** 

Numerical ability N/A N/A .848** .758** 

Abstract reasoning N/A N/A .744** .734** 

Space relation N/A N/A .824** .280* 

Mechanical reasoning N/A N/A .749** .328* 

Note: * = significant correlation of < .05. ** = significant correlation of < .01 

Discussion 

Table 3 shows the difficulty item calculated based on two test theories, and the number of items categorized as 
moderate is higher analyzed by MTT than CTT. This difference is due to the way of classifying. In CTT, the category of 
moderate items is in the range of 0.3 to 0.7. It has a smaller limit than the moderate item category in MTT (-2 to 2). The 
discrimination indexes are also shown in Table 4. Discrimination index was an item parameter used to categorize an 
item that is good, acceptable, or needs improvement. This study indicates that more items must be corrected when 
analyzed by CTT than MTT. By MTT analysis, all items could be used because it has acceptable item discrimination (a > 
0 or positive value), while in CTT, some items needed to be better. Of course, that condition influenced the limit made 
by CTT, with a minimum item discrimination index of 0.2 compared to a logit scale of positive value on MTT. It means 
that the quality category of MTT parameters is broader than CTT, thus allowing more items to pass the selection. This 
finding was consistent with (Eleje et al., 2018), who showed that many item of DQEST (Diagnostic Quantitative 
Economics Skill Test) were rejected by CTT rather than IRT. It means that the criteria of item parameters determine the 
basis for categorizing good items or not, especially in the results in the area around the border. The different criteria 
used in analyzed item parameters allow different results that would influence the decision-making in interpreting the 
items' quality from the analysis results. 

The IRT analysis indicates that across all parameter logistic models (see Table 5). The item difficulty level of the 
abstract reasoning sub-test shows the same interpretation as the CTT analysis. Therefore, it can be concluded that in all 
the tested logistic models and CTT analyses. The abstract reasoning sub-test is the easiest compared to the other four 
sub-tests. Although considered the easiest subtest, abstract reasoning has the highest item discrimination by the 2-PL. 
For details, the results of the analyses towards the DAT show that: (1) the average item difficulty level based on CTT 
ranges from .489 to .774; meanwhile the average item difficulty level based on the MTT for Rasch, 1-PL, 2-PL, and 3-PL 
models ranges from .000, -1.730 to .000, -1.448 to .352, and -1.071 to .551 respectively; and (2) the average item 
discrimination index based on CTT ranges from .226 to .377 and the item discrimination index based on IRT for 2-PL 
and 3-PL models ranges from .564 to .989 and 1.025 to 1.387. The Rasch analysis showed that the average item 
difficulty level is consistent at 0 for all sub-tests. For Rasch, the average item difficulty level is always set at 0, which 
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indicates the initial reference point of the scale (Sumintono & Widhiarso, 2015). Furthermore, Rasch model, 1-PL, and 
2-PL have a lower index of difficulty item than the 3-PL model in all tested sub-tests. Likewise, the item discrimination 
of 2-PL IRT that also lower than the 3-PL in all the sub-tests. 

A significant, linear, and negative correlation could be found between CTT and MTT (on Rasch and IRT across all 
logistic models) in terms of item difficulty (see Table 6). The result of a negative correlation is because the difficulty of 
item in CTT has the opposite meaning to MTT. As mentioned above, the difficulty in CTT is the percentage of the 
examinee answering particular items correctly. This means that the higher the proportion, the item is rated as an easy 
item, and vice versa. Refers to the significance, the all-correlation coefficient of the item difficulty levels between CTT 
and MTT is below 0.01. Table 5 also shows that there are variations in correlation coefficients. Rasch model has the 
highest correlation compared to the other models in all sub-tests, followed by 1-PL. In contrast, 2-PL and 3-PL models 
could not be told that one had a higher correlation coefficient than the other. The correlation coefficient of CTT-IRT 2-
PL and CTT-IRT 3-PL appear to be slightly weaker, although still reasonably strong. This is because most of the 
coefficients were above .80 for most conditions, except for the verbal sub-test (r = -.540 based on CTT-IRT 2-PL). 

Regarding the item discrimination index, the results of this study revealed a significant linear and positive correlation 
between two test theories (see Table 7). The correlation coefficient of the item discrimination index between CTT and 
IRT ranges from .373 to .848 (2-PL) and .280 to .766 (3-PL). For CTT-IRT 2-PL, the numerical sub-test gave the highest 
correlation coefficient (r = .848), while the verbal sub-test gave the lowest correlation coefficient (r = .373). Meanwhile, 
for CTT-IRT 3-PL, the verbal sub-test gave the highest correlation coefficient (r = .766), while the space relation sub-
test gave the lowest correlation coefficient (r = .280). Similar to item difficulty level, the correlation coefficient of the 
item discrimination index in CTT with IRT 2-PL and 3-PL were inconsistent; the correlation CTT to 2-PL model's 
correlation coefficient was higher than CTT to the 3-PL model, except for the verbal test. But in sum, this finding was 
consistent with previous studies (Awopeju & Afolabi, 2016; Courville, 2004; Fan, 1998; MacDonald & Paunonen, 2002). 
The results further showed that the item difficulty categorization (on the CTT) also corresponded to MTT. 

Generally, this study found that CTT and MTT can be used separately or together to evaluate the item's parameter 
properties. Even though this study didn't in line with the research that found which 3-PL gives a better coefficient of 
correlation towards CTT than the 1-PL and 2-PL (Çıkrıkçı, 2002) It supported the researcher's conclusion that the item 
characteristic of 1-PL and 2-PL are more suitable for CTT compared to the 3-PL (Awopeju & Afolabi, 2016; Courville, 
2004; Fan, 1998; MacDonald & Paunonen, 2002). Moreover, this study provides the findings that the CTT and Rasch 
Model shows the best coefficient on item difficulty level. However, numerically it is not too different from CTT-IRT 1-
PL. The 3-PL model does not give a better result because this model accommodates a pseudo-guessing parameter that 
significantly decreases variants between IRT and CTT by penalizing the low performer with advanced specialized 
knowledge and also the non-guesser (Hernandez, 2009). 

Although CTT and MTT offer comparable parametric terms, MTT can display the ICC and more sophisticated 
mechanisms in conceptualizing measurement errors. In addition, MTT also provides analytical tools for development, 
parameter invariants for both items and persons, and suitable statistical models. Areas where the MTT advantage is not 
apparent, are in small samples. The data are inconsistent with the MTT model used, possibly in the area of usability. 

The choice of which psychometric approach to use depends on some factors. Researchers must develop appropriate 
assessment methods and consider the audience. A cursory survey of psychometric properties using CTT is acceptable if 
the tool development aims to explain phenomena with a small sample and a limited budget. However, for high-risk 
tests (e.g., the college entrance exams, the high school or secondary school exit exams, and the professional licensure 
exams), psychometric properties are explored and presented as RMT, IRT, or both quantitative and qualitative 
desirable. 

Conclusion  

This study depicts item parameters, item difficulty, and discrimination indexes of DAT items analyzed using CTT and 
MTT and their categories. The results accept the major and minor hypotheses. There were correlations between 
parameters item CTT and MTT’s approaches; there is a correlation between item difficulty between CTT to RMT, IRT 1, 
2, and 3-P, and there is a correlation in item discrimination index between CTT to IRT 2-PL and IRT 3-PL. Based on the 
coefficient correlation, the Rasch Model with IRT 1-PL has the highest correlation toward CTT in the item difficulty level 
estimates. The item discrimination indicates the coefficient correlation between CTT and IRT 2-PL was more elevated 
than between CTT and IRT 3-PL.  

Recommendations 

Generally, CTT and MTT are comparable in evaluating the characteristics of the item. Thus, the research implications 
are that if the good item parameters of CTT indicated the good parameters of MTT and vice versa, the bad item 
parameters of CTT indicated the bad parameters of MTT. The analysis results with one theory can be a good prediction 
with another theory so that the use of one study can represent how well the item analysis is in the field. This research 
shows that the Differential Aptitude Test parameter items have various properties. Other researchers can use these 
results or DAT in selecting or selecting items. Good and fit items can be used for collections or question banks for 



1104  SETIAWATI ET AL. / Classical and Modern Theory of Differential Aptitude Test 
 

practical needs and question development. Unfit and bad items can be corrected or not used in practical measurements 
in the field.  

Limitations 

The results of this study demonstrate the psychometric properties of the field data. These psychometric properties may 
change if they are applied to different data. This is following measurements using classical theory, which are not 
invariant, so re-analysis of psychometric properties with the classical approach should always be carried out in new 
research. In contrast to modern analysis, which is invariant, it is possible to get the same results even though the 
repeated study is carried out with different samples or targets. Of course, this applies to items that have a fit model. For 
this reason, it is necessary to evaluate the unfit model and delete or impair the DAT items so that further development 
and utilization of the item analysis results are needed to obtain relevant measurement results. 

This research is analyzed from field data which sometimes gets results that could be under better conditions. Further 
data analysis with simulation data, generating row scores with various situations, and analyzing them with classical 
and modern theories will allow for more accurate results. 
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