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 Purpose – This study examined the effects of test length, sample size, and 

Item Response Theory (IRT) models on the reliability of Generalizability 

Theory (GT) coefficients.  

Methodology – Simulated dichotomous and polytomous data were 

generated using WinGen and analyzed using EduG. The study employed 

several combinations of sample sizes (N = 200, 300, 500, 1000, and 5000), 

test lengths (n = 5, 10, 30, 50, and 100), dichotomous models (1PL, 2PL, and 

3PL), and polytomous models (GRM and GPCM) with different response 

categories.  

Findings – The findings indicate that test length had a stronger influence 

on G-coefficient reliability than sample size. In dichotomous data, the 1PL 

and 2PL models generally produced higher G-coefficients than the 3PL 

model, especially with a test length of 50 items. In polytomous data, the 

GPCM model produced higher and more stable G-coefficients than the 

GRM model, particularly when the number of response categories and test 

length increased. The results indicate that optimal combinations of test 

length, sample size, parametric model, and response categories are 

important for achieving high measurement reliability. This study also 

demonstrates the effectiveness of Generalizability Theory and EduG 

software in evaluating reliability for both dichotomous and polytomous 

data.  

Contribution – This research helps researchers determine appropriate 

model parameters, sample size, and test length. Furthermore, it can 

strengthen theory in empirical research. 
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INTRODUCTION 

Generalizability Theory (GT) was introduced by Cronbach and his colleagues (Brennan & Liao, 2020; 

Cronbach et al., 1972). GT began to be recognized in psychometrics as a refinement of Classical Test Theory 

(CTT). As is well known, in CTT, observed scores are a combination of true scores and errors (Cronbach et al., 

1972; Eason, 1989; Irianty et al., 2025; Shavelson & Webb, 1991). CTT combines all measurement errors into a 

single, undifferentiated error term, making it impossible to examine the specific causes of variance (Parriott, 

2017). As a result, researchers were never able to determine the true scores until Cronbach and his colleagues 

proposed GT as a "grand theory" of the reliability of behavioral measurements (Cardinet et al., 2010). Although 

GT and Item Response Theory (IRT) are both modern measurement approaches, they can help researchers 

identify error variances that are not distinguishable when using CTT calculations (Eason, 1989; Lakes & Hoyt, 

2013). Unlike CTT, which is based on correlation, GT is based on ANOVA (Karami, 2012).  

GT enables researchers to estimate sources of error variance arising from interactions among 

measurement facets. GT can identify both systematic and random errors (Susongko, 2015). GT can also 

differentiate between absolute and relative coefficient values in measurement results (Shavelson & Webb, 

1991). Generalizability theory basically consists of G-Theory and D-Theory. G-Theory is used to estimate the 

magnitude of the inter-rater reliability coefficient in specific circumstances. The results of the G-Theory 

analysis are then used to analyze D-Theory (Fiangga & Sari, 2017; Irianty et al., 2025). 

GT contains a key term, namely facets. These facets are crucial when measuring the G-Coefficient. 

Determining whether a facet is fixed or differentiated is crucial if researchers intend to use EduG software. 

There are four types of facets: differentiation, fixed, random, and stratification (Brennan, 2001). A facet is 

simply a collection of comparable measuring circumstances (Brennan, 2011). Any aspect of the measurement 

situation that might influence observed scores on the measure of interest and across which generalization of 

the observed score is required is referred to as a facet (White, 2017). 

Matters related to generalizability analysis include the G-coefficient and D-study. Obtaining the G-

coefficient and D-study results no longer requires manual calculations. Manual calculations can lead to errors 

in calculations and placement. Software is now available to assist researchers, particularly with calculations 

related to generalizability analysis. EduG is a tool created for generalizability analysis based on the Analysis 

of Variance (ANOVA) and Generalizability Theory (G theory) (Cardinet et al., 2010). EduG makes it easy for 

users to complete generalizability analyses of observed data. The entire software is built around user-friendly, 

typically self-explanatory displays that let the user specify the design's features (Clauser, 2008). As the creator 

of EduG, Cardinet stated in 2006 that EduG is a versatile software (Teker et al., 2015). One example of EduG's 

use in education is in essay-based exam assessments (Handayani et al., 2024). Subjective bias can occur during 

the scoring process. Even though raters have read the rubric and understood the scoring guidelines, in 

practice, one rater's assessment may differ from another's. Consequently, EduG can provide a G-coefficient 

value as a measure of reliability. However, researchers can also use EduG to further compare parameter 

stability or reliability coefficients across combinations of sample size, test length, and item-modeling choices. 

This represents a research gap left by previous studies that the current study aims to address. 

IRT allows for dichotomous or polytomous test or exam results. Dichotomous, as the name suggests, 

means the resulting data contains only two values: 1 for correct and 0 for incorrect. Polytomous, on the other 

hand, allows for more than two values. In dichotomous models, the parameter models include 1 Parameter 

Logistic (PL), 2-Parameter Logistic (2PL), and 3-Parameter Logistic (3PL) (Hambleton et al., 1991). The 1PL 

(Rasch) model uses only the item difficulty (b) parameter (Boone & Noltemeyer, 2017; Susongko, 2016). The 

2PL model uses the discrimination parameter (a) and difficulty (b) parameters. The 3PL model uses the 

discrimination parameter (a), difficulty (b), and pseudo-guessing (c) parameters. Item difficulty parameters 

ranged from −2 to +2, representing items from easy to difficult. The discrimination parameter is generated in 

the range of 0.5 to 2.0, while the guessing parameter in the 3PL model is generated in the range of 0.1 to 0.25. 

Polytomous item response theory models can be applied to questions that assess cognitive, affective, and 
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psychomotor domains. There are also five types of scoring models in polytomous models: the Graded 

Response Model (GRM), Nominal Response Model (NRM), Partial Credit Model (PCM), Rating Scale Model 

(RSM), and Graded Partial Credit Model (GPCM) (Hambleton et al., 1991; Kartono, 2008; Ostini & Nering, 

2006). In polytomous IRT models, the Partial Credit Model (PCM) is a special case of the Generalized Partial 

Credit Model (GPCM). In PCM, the discrimination parameter (a) is constrained to be constant or equal to 1, 

thereby extending the Rasch model to polytomous data. On the other hand, GPCM allows discrimination 

values to vary across items, extending the 2PL model to polytomous scoring (Kartono, 2008; Masters, 1982). 

In other words, the PCM model is a Rasch model, and 2PL is a special case of the GPCM model (Istiyono, 2016; 

Kartono, 2008; Ostini & Nering, 2006). The item discrimination parameter in PCM is constant at 1, whereas in 

GPCM, it varies (Istiyono, 2016; Ostini & Nering, 2006).  

In development, dichotomous and polytomous models are no longer measured separately; they can now 

be assessed together in a single test. One example is the Minimum Competency Assessment (AKM), 

implemented since 2022, and the Academic Competency Test (TKA), implemented since the 2026 academic 

year. The AKM includes five types of tests, not all of which yield dichotomous scores (Fitriyah, 2023; Suliyanah 

et al., 2021). Meanwhile, in TKA, complex multiple-choice questions produce polytomous data (Nababan et 

al., 2025). Traditionally, assessment scoring schemes distinguished between item types that yielded 

dichotomous scores and those that yielded polytomous scores; dichotomous scoring was typically applied to 

multiple-choice and short-answer items, whereas polytomous scoring was used for essay questions. However, 

the AKM and TKA assessments have introduced new challenges by combining dichotomous and polytomous 

scoring within a single section of the test. Students encounter not only conventional multiple-choice items but 

also complex multiple-choice items—the former yielding dichotomous scores and the latter polytomous 

scores. This mixed-scoring format makes the reliability behavior of the GT coefficient—under conditions 

involving a mix of dichotomous and polytomous items—a practical issue that warrants urgent investigation. 

Consequently, this study aims to analyze the differences in G and D coefficients using simulated datasets 

containing both dichotomous and polytomous data. These datasets were processed using EduG and modified 

based on sample size (N), test length (n), and various other model parameters. 

In measurement theory, ensuring the reliability of assessment instruments is a crucial yet complex task, 

particularly concerning error variance. As previously discussed, CTT provides a simple framework but lumps 

all measurement errors into a single, undifferentiated term. This makes it difficult for researchers to identify 

the precise sources of variance. GT addresses this limitation by using ANOVA to identify multiple error 

sources simultaneously. However, in empirical studies, researchers often face practical dilemmas regarding 

the required combination of model parameters, sample size, and test length. The appropriate combination 

needs to be explored to obtain stable and reliable G-coefficients. However, combinations such as integrating 

dichotomous (1PL, 2PL, 3PL) and polytomous (GRM and GPCM) parameter models remain underexplored 

under various simulation constraints. The primary research gap identified here is that existing Generalizability 

Theory (GT) studies tend to examine dichotomous and polytomous data separately. There is a lack of research 

systematically mapping how G and D coefficients behave when sample size and test length are adjusted to 

meet target reliability levels. Without a clear understanding of the outcomes resulting from various 

combinations of these factors, researchers risk collecting excessively large samples or designing assessment 

instruments that are unnecessarily long and inefficient. This issue is particularly pressing given that the AKM 

and TKA assessments combine the two scoring formats into a single test. Consequently, instrument developers 

require concrete, evidence-based guidance regarding the appropriate number of test items, sample size, and 

model parameters. 

To address the above issues, this simulation study systematically examines the simultaneous effects of 

test length, sample size, and various IRT model parameters on the reliability of GT coefficients using a 

simulated dataset analyzed through EduG software. The novelty of this work lies in its comprehensive 

framework that compares dichotomous and polytomous parameters across a wide gradient of sample sizes 

(up to N = 5000) and test lengths (up to n = 100). By placing this research within a proper psychometric context, 
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this study builds on recent baseline studies that employ modern measurement approaches. For example, the 

generalizability analysis framework relies heavily on the versatility of the EduG software, as evaluated by 

Clauser (2008) and Teker et al. (2015). Furthermore, this study's methodological approach aligns with recent 

GT implementations in educational testing instruments, as demonstrated by the multifaceted validation 

frameworks reported by Handayani et al. (2024) and Irianty et al. (2025). To optimize instrument design, this 

study also draws on insights from Ngozika (2026), who emphasized the critical need to determine a minimum 

test length to ensure a reliable and efficient multiple-choice economics assessment. Through this structural 

comparison, the study provides a clear empirical benchmark to help researchers determine the most efficient 

sample size and item configuration. Its theoretical contribution lies in extending Generalizability Theory (GT) 

literature by explaining how coefficient stability improves with specific combinations. From a practical 

standpoint, the study offers a reference for test developers and policymakers to design assessments using 

appropriate item counts, sample sizes, and model parameters. 

METHODOLOGY 

Research Design 

This research is a simulation study using data generated by WinGen and processed with EduG software. 

WinGen is software developed by Kyung T. Han and Ronald K. Hambleton (Han & Amherst, 2007). EduG is 

software programmed by Cardinet and colleagues to obtain G and D coefficient values for the study (Clauser, 

2008). The simulated data in this study were generated using a normal distribution with a mean (μ) of 0 and a 

standard deviation (σ) of 1. The normal distribution was chosen because, in item response theory (IRT), 

examinees' ability (ability parameter/θ) is generally assumed to follow a standard normal distribution. With 

this assumption, the simulated data can proportionally represent the variation in examinees' ability, from low 

to high. The standard normal distribution was used to generate participant ability parameters (θ) to 

approximate empirical conditions in educational and psychological measurement.  

Data Collection 

The generated data consisted of several data combinations, both dichotomous and polytomous. For the 

dichotomous data, all 1PL, 2PL, and 3PL models were selected. For the polytomous data, only two models 

were selected: GRM and GPCM. The GRM and GPCM were selected because they are widely applied in 

educational and psychological assessment. The GRM is used for graded data such as attitude scales or graded 

assessments. This model usually takes the form of a Likert scale. Meanwhile, the GPCM is used for partial 

responses to essay questions or step-by-step scoring. This model is typically used for essay questions or 

practical tests in schools. The number of response categories used in simulations is 5, 7, or 10.  

Data Analysis 

This study used simulated data generated with WinGen and then processed with EduG. Several 

combinations were used to determine the G-coefficient value and good D-study results. The first combination 

is a fixed sample size (N) and test length (n), but the model parameters are modified. The second combination 

is a fixed sample size (N) and model parameters, while the test length (n) is varied. The third combination is 

a fixed test length (n) and model parameters, with the sample size (N) modified. Table 1 shows the aspects 

and combinations used in this study. 

Table 1. Data Combination Design 

Aspects Combinations 

Sample Size (N) 200, 300, 500, 1000, 5000 

Test Length (n) 5, 10, 30, 50, 100 

Dichotomous Model 1PL, 2PL, 3PL 

Polytomous Model GRM, GPCM 

Number of Categories 5, 7, 10 
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FINDINGS 

First Combination (N and n Fixed, Model Parameters Modified) 

This combination consists of a sample size (N) of 200 and a test length (n) of 10, which are fixed, while 

the model parameters are varied across the 1PL, 2PL, and 3PL models. Table 2 shows that the highest relative 

G-coefficient is in the combination of N=200, n=10, and 1PL. Meanwhile, the highest absolute G-coefficient is 

obtained with N=200, n=10, and 2PL. 

Table 2. Result of G Study Dichotomous Model for N=200 and n=10 

 
Relative G-coefficient Absolute G-coefficient 

N=200; n=10; 1PL 0.63 0.54 

N=200; n=10; 2PL 0.62 0.56 

N=200; n=10; 3PL 0.53 0.48 

Table 2 shows that the relative and absolute G-coefficient values for N=200 and n=10 did not reach 0.7, 

even though the model parameters were changed from 1PL to 2PL and then to 3PL. This indicates that a 

sample size of 200 and a test length of 10 items are insufficient to yield a G-coefficient of 0.7 or higher. 

 

Figure 1. Graph of G-relative and G-absolute Coefficient in Dichotomous Model Modification 

 

Meanwhile, for the results of the D-study with a sample size of 200, with n’ consisting of 5, 8, 12, 15, and 

20. The test length is 10, and the parameter model is 1PL, where n’ is the number of measurement conditions 

in the desired design (decision study/D-study). The specific test lengths for the D-study (n' = 5, 8, 12, 15, and 

20) were selected to evaluate the impact of both shortening and lengthening the baseline instrument (n = 10). 

This incremental range allows precise identification of the optimal point—minimizing measurement error and 

ensuring practical test efficiency while identifying the threshold at which the visual G-coefficient meets the 

acceptable psychometric benchmark (> 0.70). For more details, see Figure 2 below Table 3. 

Table 3. Result D-study Dichotomous Model 1PL for N=200 and n=10 

Result D-study N=200 n 10 1PL 

n’ 5 8 12 15 20 

Relative G-coefficient 

 

0.4577 0.57454 0.66948 0.71687 0.77148 

Absolute G-coefficient 

 

0.37428 0.48902 0.58942 0.64215 0.70524 

Relative D-coefficient 

 

0.03252 0.02033 0.01355 0.01084 0.00813 

0,63 0,62 0,53

0,54 0,56 0,48

N=200; n=10; 1PL N=200; n=10; 2PL N=200; n=10; 3PL

Relative G-coef. Absolute G-coef.
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Figure 2 compares four coefficients: the relative G-coefficient, the absolute G-coefficient, the relative D-

coefficient, and the absolute D-coefficient. The top two lines—representing the relative and absolute G-

coefficients—show a continuous upward trend as values on the horizontal axis increase. In contrast, the lines 

for the relative and absolute D-coefficients remain much lower, staying relatively stable near zero. This striking 

difference indicates that G-coefficients are far more sensitive to variable changes than D-coefficients. The G-

coefficient values in the upper section represent measurement reliability, whereas the lower section of the 

graph shows the magnitude of error variance (both relative and absolute). This distinction accounts for the 

observed differences between the G-coefficient and D-coefficient plots. 

 

Figure 2. Graph of D-study Dichotomous Model 1PL for N=200 and n=10 

For a sample size of 200, a test length of 10, and a 2PL parameter model, the results of the D-study are 

shown in Table 4 and Figure 3. 

Table 4. Result of D-study Dichotomous Model 2PL for N=200 and n=10 

Result D-study N=200 n 10 2PL 

n’ 5 8 12 15 20 

Relative G-coefficient 

 

0.4537 0.57059 0.66591 0.71359 0.76862 

Absolute G-coefficient 

 

0.38942 0.50507 0.60486 0.65676 0.7184 

Relative D-coefficient 

 

0.03474 0.02171 0.01447 0.01158 0.00868 

Absolute D-coefficient 

 

0.04523 0.02827 0.01885 0.01508 0.01131 

Table 4 and Figure 3 show the results regarding the impact of increasing the number of items (n') on the 

instrument's coefficient values. As n' increases from 5 to 20, both the Relative G-coefficient and the Absolute 

G-coefficient show a consistent rise, moving from the 0.38–0.45 range to 0.71–0.76. Conversely, the Relative D-

coefficient and Absolute D-coefficient values steadily decline, approaching the 0.008–0.011 range. A stark 

contrast is evident in the scale of these values: the G-coefficients rise into the moderate-to-high range, whereas 

the D-coefficients—representing the instrument's error variance—remain very low and continue to decrease 

toward zero. This demonstrates that increasing the number of items effectively reduces error drastically while 

simultaneously enhancing the reliability coefficient. 

0

0,1
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0,3

0,4

0,5

0,6

0,7

0,8

0,9

5 8 12 15 20

Relative G-coef. Absolute G-coef. Relative D-coef. Absolute D-coef.



 

1521 | Jurnal Eduscience Volume 13 No. 5 (2026) 

 

 

Figure 3. Graph of D-study Dichotomous Model 2PL for N=200 and n=10 

Table 5 and Figure 4 show the results of the D-study for a sample size of 200, a test length of 10, and a 

3PL parameter model, with n’= 5, 8, 12, 15, and 20. 

Table 5. Result of D-study Dichotomous Model 3PL for N=200 and n=10 

Result D-study N=200 n 10 3PL 

n’ 5 8 12 15 20 

Relative G-coefficient 0.36106 0.47483 0.57559 0.62898 0.69328 

Absolute G-coefficient 0.3143 0.42309 0.52383 0.57896 0.64707 

Relative D-coefficient 0.03778 0.02361 0.01574 0.01259 0.00945 

Absolute D-coefficient 0.04658 0.02911 0.01941 0.01553 0.01164 

 

Table 5 and Figure 4 demonstrate that increasing the number of items (n') raises the reliability coefficient 

while simultaneously reducing error. As n' increases from 5 to 20, the Relative G-coefficient rises from 0.36106 

to 0.69328, and the Absolute G-coefficient climbs sharply from 0.3143 to 0.64707. Conversely, the error variance 

values (Relative and Absolute D-coefficients) steadily decline, reaching 0.00945 and 0.01164, respectively. This 

confirms that increasing the number of items in the 3PL model effectively minimizes measurement error and 

enhances the reliability of test results. 

 

Figure 4. Graph D-study Dichotomous Model 3PL for N=200 and n=10 
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Second Combination (N and Model Parameters are Fixed, n Modified) 

The next dichotomous modification combines a fixed sample size and model parameters with a modified 

test length. In Table 6, the sample size remains at N=200, and the model parameters remain at 3PL. However, 

the test lengths are modified to 10, 30, and 50. Based on the EduG processing results, absolute and relative G-

coefficient values are obtained. The table shows that the highest relative and absolute G-coefficient values are 

at N=200, n=50, and 3PL. This indicates that test length significantly influences the G-coefficient value. The 

larger the test length, the larger the G-coefficient values, both relative and absolute. If the sample size remains 

at 200 and the test length (n) is 30 or 50, with the model parameters set to 1PL, 2PL, and 3PL, respectively, the 

relative and absolute G-coefficient values are shown in Table 6 and Figure 5. 

Table 6. Result of G-Study Dichotomous Model for N=200, n=10; 30; 50 

 
Relative G-coefficient Absolute G-coefficient 

N=200; n=10; 1PL 0.63 0.54 

N=200; n=10; 2PL 0.62 0.56 

N=200; n=10; 3PL 0.53 0.48 

 
Relative G-coefficient Absolute G-coefficient 

N=200; n=30; 1PL 0.84 0.79 

N=200; n=30; 2PL 0.84 0.80 

N=200; n=30; 3PL 0.80 0.76 

 
Relative G-coefficient Absolute G-coefficient 

N=200; n=50; 1PL 0.90 0.88 

N=200; n=50; 2PL 0.90 0.88 

N=200; n=50; 3PL 0.88 0.85 

Based on Table 6 and Figure 5, the highest relative and absolute G-coefficient values are at a test length 

of 50. The 1PL and 2PL parameter models are not too different, although in the EduG output results, the 1PL 

model is slightly larger than the 2PL model. Thus, it can be temporarily concluded that for N = 200, the most 

suitable test length for questions with Dichotomous scores is 50. The findings suggest that the 1PL or 2PL 

parameter model yields the highest G-coefficient values, both relative and absolute.  

 

 

Figure 5. Graph of Relative G-coefficient and Absolute G-coefficient in Test Length Modification 
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Third Combination (n and Model Parameters are Fixed, N Modified) 

Meanwhile, in the third experiment, the sample size was varied while the test length and model 

parameters were held fixed. The test length was chosen as 50 because the second experiment obtained the 

largest relative and absolute G-coefficient values at this test length. Then, the modified sample size was tested 

with n=50 and the 1PL, 2PL, and 3PL model parameters to determine which combinations yielded the highest 

relative and absolute G-coefficient values (Table 7). 

Table 7. Result of G-Study Dichotomous Model for n=50 with Sample Size and Model Parameter 

Modification 

 
Relative G-coefficient Absolute G-coefficient 

N=200; n=50; 1PL 0.90 0.88 

N=300; n=50; 1PL 0.90 0.88 

N=500; n=50; 1PL 0.90 0.88 

N=1000; n=50; 1PL 0.89 0.86 

N=5000; n=50; 1PL 0.90 0.88 

 
Relative G-coefficient Absolute G-coefficient 

N=200; n=50; 2PL 0.90 0.88 

N=300; n=50; 2PL 0.90 0.88 

N=500; n=50; 2PL 0.91 0.88 

N=1000; n=50; 2PL 0.92 0.90 

N=5000; n=50; 2PL 0.91 0.88 

 
Relative G-coefficient Absolute G-coefficient 

N=200; n=50; 3PL 0.88 0.85 

N=300; n=50; 3PL 0.88 0.85 

N=500; n=50; 3PL 0.88 0.85 

N=1000; n=50; 3PL 0.87 0.85 

N=5000; n=50; 3PL 0.87 0.84 

Table 7 above shows that the relative and absolute G-coefficient values for each combination of parameter 

models (1PL, 2PL, and 3PL) are not significantly different. For the 1PL parameter model, the highest G-

coefficient values were 0.90 and 0.88 for sample sizes of 200, 300, 500, and 5000, respectively. This means that 

if a researcher were to use a sample size of 200 for a test length of 50, the results would not differ significantly 

from those of a sample size of 5000. Meanwhile, for the 2PL parameter model, the highest G-coefficient was 

achieved with a sample size of 1000 and a test length of 50 items. Compared with sample sizes of 200, 300, 500, 

and 5000, the sample size of 1000 yielded relative and absolute G-coefficient values of 0.92 and 0.90, 

respectively. 

Finally, in the 3PL parameter model, sample sizes of 200, 300, and 500 have the highest relative and 

absolute G-coefficient values compared to sample sizes of 1000 and 5000. The resulting relative and absolute 

G-coefficient values were 0.88 and 0.85, respectively. Therefore, it can be concluded that, in dichotomous data, 

the best combination for obtaining the highest relative and absolute G-coefficient values in the 1PL for a test 

length of 50 is sample sizes of 200, 300, 500, and 5000. For the 2PL parameter model with a test length of 50, 

the sample size that produced the highest relative and absolute G-coefficient values was 1000. Furthermore, 

for the 3PL parameter model and a test length of 50, the highest relative and absolute G-coefficient values were 

observed at sample sizes of 200, 300, and 500.  

Figure 6 shows that despite varying sample sizes, the absolute and relative G-coefficients tend to be stable. 

Empirically, there were no significant changes when the sample size was varied from 200, 300, 500, 1000, and 

5000. The relative and absolute G-coefficient values remained stable at sample sizes of 200, 300, and 500. 

Meanwhile, the relative and absolute G-coefficient values decreased by 0.01 at sample sizes of 1000 and 5000. 

This indicates that there is no significant difference between sample sizes N=200, 300, and 500. In practice, 

researchers can choose N=200 for a test length of 50 and a 3PL parameter model to yield the same G-coefficient 
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as N=500. Next, we will discuss polytomous data: the GRM and GPCM. The distribution used is the normal 

distribution. 

 

 

Figure 6. Graph of Relative G-coefficient and Absolute G-coefficient in Sample Size Modification 

Polytomous with Normal Distribution 

In polytomous models, simulated data uses several combinations. These combinations are used to 

determine the high G-coefficient characteristic of polytomous response models (GRM and GPCM). The first 

part uses the GRM model. The first combination holds the sample size (N) and test length (n) constant, while 

varying the number of categories. The second combination holds the sample size (N) and model parameters 

constant, while varying the test length (n). The third combination holds the test length (n) and the model 

parameters constant, while varying the sample size (N). The detailed G study results for the simulated GRM, 

along with their modifications and combinations, are as follows. 

First Combination of the GRM Model (N and n are Fixed, Number of Categories is Modified) 

In combination with the modified number of categories, the best G-coefficient value was obtained at 

N=200 and n=5 with 10 categories. Meanwhile, the lowest coefficient value was obtained at 7 categories. Thus, 

it can be concluded that if researchers wish to use a GRM, the appropriate combination to obtain a coefficient 

value above 0.7 is N=200, n=5, and a 10-category. 

Table 8. Result of G-Study Polytomous with Sample Size (N)=200, Test Length (n)=5, and Parameter Model 

GRM, with Categories Modification 

 
Relative G-coefficient Absolute G-coefficient 

N=200; n=5; 5-category, GRM 0.51 0.51 

N=200; n=5; 7-category, GRM 0.5 0.49 

N=200; n=5; 10-category, GRM 0.74 0.72 

Meanwhile, for N=200 and n=5, the 10-category has the highest G-coefficient compared to the 5- and 7-

category responses. The graph is shown in Figure 8 below. However, the highest value is only around 0.7. 
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Figure 7. Graph of Relative G-coefficient and Absolute G-coefficient with Response Categories modification 

for Model GRM 

Second Combination in the GRM Model (N and Categories are Fixed, n Modified) 

Below are several combinations that modify the test length. Based on Table 9, the relative and absolute 

G-coefficient values for almost all combinations are above 0.7. Only the combination of N=200, n=5, and 5 

categories has a relative and absolute G-coefficient below 0.7, namely 0.51. 

Table 9. Result of G-Study Polytomous GRM with Sample Size (N)=200, Categories, and Test Length (n) 

Modification 

 
Relative G-coefficient Absolute G-coefficient 

N=200; n=5; 5-category, GRM 0.51 0.51 

N=200; n=10; 5-category, GRM 0.73 0.71 

N=200; n=30; 5-category, GRM 0.89 0.89 

N=200; n=50; 5-category, GRM 0.95 0.94 

N=200; n=100; 5-category, GRM 0.96 0.96 

 
Relative G-coefficient Absolute G-coefficient 

N=200; n=5; 10-category, GRM 0.74 0.72 

N=200; n=10; 10-category, GRM 0.80 0.78 

N=200; n=30; 10-category, GRM 0.88 0.87 

N=200; n=50; 10-category, GRM 0.94 0.94 

N=200; n=100; 10-category, GRM 0.97 0.97 

Based on Table 9 above, the largest G-coefficient is at N = 200, n = 100, and 5 categories. Meanwhile, for 

the 10-category case, the highest G-coefficient occurs when N = 200 and the test length is 100. In field data, the 

Polytomous score, which has a test length of 100 items, is a psychological test in which examinees only need 

to respond according to their perceived circumstances. However, if the cognitive test items require examinees 

to think about the questions in a complex manner, it is not recommended to use items with a test length of 

100—the graph of the stability of the relative and absolute G-coefficient values in Figure 8. 
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Figure 8. Graph of Relative G-coefficient and Absolute G-coefficient in Test Length Modification 

Third Combination of the GRM Model (Number of Categories and n are Fixed, N Modified) 

Table 10 and Figure 10 show that relative and absolute G-coefficient values exceeded 0.7 when the sample 

size was increased to 300. Thus, the number of examinees for whom the relative and absolute G-coefficient 

values of 0.7 was 300. Increasing the sample size to 500 actually reduced the relative and absolute G-coefficient 

values to 0.37 in the 5-category. Similarly, when the number of examinees was reduced to 200, the relative and 

absolute G-coefficient values dropped even further, to 0.51. The worst G-coefficient value was obtained when 

N, or the sample size, was 500.  

Table 10. Result of G-study Polytomous GRM for Test Length =5, and 5; 10 Categories with Sample Size 

Modification 

 
Relative G-coefficient Absolute G-coefficient 

N=200; n=5; 5-category, GRM 0.51 0.51 

N=300; n=5; 5-category, GRM 0.73 0.70 

N=500; n=5; 5-category, GRM 0.37 0.37 

N=1000; n=5; 5-category, GRM 0.63 0.59 

N=5000; n=5; 5-category, GRM 0.59 0.54 

 
Relative G-coefficient Absolute G-coefficient 

N=200; n=5; 10-category, GRM 0.74 0.72 

N=300; n=5; 10-category, GRM 0.71 0.70 

N=500; n=5; 10-category, GRM 0.62 0.61 

N=1000; n=5; 10-category, GRM 0.53 0.53 

N=5000; n=5; 10-category, GRM 0.42 0.42 

Based on Table 10, if the test length is 5 and the categories are 5 and 10, then the highest G-coefficient is 

at the sample size of 300. This indicates that the researcher can develop an instrument with GRM for test 

lengths of 5 or 10 and a sample size of 300 people to obtain a sufficient G-coefficient (Figure 9). 
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Figure 9. Graph of Relative and Absolute G-coefficient in Sample Size Modification 

The next combination uses the GPCM model with the same combination as the previous GRM. For 

simplicity, the subpoint numbers will continue. The results of the G-study of the GPCM model, along with its 

combinations and modifications, are as follows. 

First Combination in the GPCM Model (Fixed N and n, Modified Number of Categories) 

Similar to the GRM model, Table 11 and Figure 10 show that when the sample size (N) and test length (n) 

are fixed, the 10-category model provides relative and absolute G-coefficient values above 0.8, namely 0.9 and 

0.85. While the GRM with 7 categories yields the lowest G-coefficient, the GPCM 10-category model yields a 

higher G-coefficient than the 5-category model.  

Table 11. Result of G-study Polytomous GPCM for Sample Size (N)=200 and Test Length (n)=5 with 

Categories Modification 

 
Relative G-coefficient Absolute G-coefficient 

N=200; n=5; 5-category, GPCM 0.73 0.72 

N=200; n=5; 7-category, GPCM 0.86 0.81 

N=200; n=5; 10-category, GPCM 0.90 0.85 

Table 11 and Figure 10 demonstrate the impact of increasing the number of response categories on 

instrument reliability, while keeping sample size (N=200) and the number of items (n=5) constant. Both the 

table and the graph reveal that the Relative G-coefficient rises from 0.73 (5 categories) to 0.86 (7 categories), 

then reaches 0.90 (10 categories). Meanwhile, the absolute G-coefficient increases from 0.72 to 0.81, then to 

0.85. The line visualizations in Figure 10 highlight that the relative coefficient curve consistently remains 

slightly above the absolute coefficient curve across all category levels. Overall, the combined data from the 

table and graph confirm that increasing the number of response categories in the GPCM model consistently 

and significantly enhances the measurement instrument's reliability.         
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Figure 10. Graph of Relative and Absolute G-Coefficients for Modified Number of Categories 

Second Combination in the GPCM Model (N and number of categories fixed, n modified) 

 In the GPCM model, the highest G-coefficient was obtained when the sample size was 200, the test 

length was 50, and the 5-category. Table 12 shows that a sample size of 200 and a modified test length produced 

relative and absolute G-coefficient values above 0.7. 

Table 12. Results of the GPCM Polytomous G-Study with Sample Size (N) = 200, and Categories of 5 and 10, 

with Modified Test Length (n) 

 
Relative G-coefficient Absolute G-coefficient 

N=200; n=5; 5-category, GPCM 0.73 0.72 

N=200; n=10; 5-category, GPCM 0.88 0.84 

N=200; n=30; 5-category, GPCM 0.95 0.94 

N=200; n=50; 5-category, GPCM 0.98 0.97 

 
Relative G-coefficient Absolute G-coefficient 

N=200; n=5; 10-category, GPCM 0.90 0.85 

N=200; n=10; 10-category, GPCM 0.94 0.91 

N=200; n=30; 10-category, GPCM 0.98 0.97 

N=200; n=50; 10-category, GPCM 0.99 0.98 

Table 12 above shows that when N = 200 and the number of categories is 5 or 10, the highest G-coefficient 

values in the GPCM model are obtained for a test length of 50. This can serve as a reference for researchers 

who want to create questions for the GPCM: a 10-category, 50-item test with a sample size of 200 yields the 

highest G-coefficient among other combinations. However, a test length of 30, a sample size of 200, and 

response categories of 5 or 10 can provide relative and absolute G-coefficient values that are also worth 

considering (Figure 11).  
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Figure 11. Graph of Relative and Absolute G-coefficient in Test Length Modification 

Combination of the GPCM Model (Fixed Number of Categories and N, Modified N) 

If the sample size is modified, the highest G-coefficient is obtained with a sample size of 1000, a test length 

of 5 items, and 5 categories. The G-coefficient values for each combination are shown in Table 13 and Figure 

12. 

Table 13. Results of the G Study for the GPCM Polytomous with Test Length (n) = 5 and Modified Sample 

Sizes (N) of 5 and 10 

 
Relative G-coefficient Absolute G-coefficient 

N=200; n=5; 5-category, GPCM 0.73 0.72 

N=300; n=5; 5-category, GPCM 0.76 0.72 

N=500; n=5; 5-category, GPCM 0.75 0.73 

N=1000; n=5; 5-category, GPCM 0.89 0.84 

N=5000; n=5; 5-category, GPCM 0.8 0.72 

 
Relative G-coefficient Absolute G-coefficient 

N=200; n=5; 10-category, GPCM 0.90 0.85 

N=300; n=5; 10-category, GPCM 0.92 0.88 

N=500; n=5; 10-category, GPCM 0.93 0.90 

N=1000; n=5; 10-category, GPCM 0.93 0.89 

N=5000; n=5; 10-category, GPCM 0.92 0.90 

In Table 13 above, the sample size is modified for a fixed test length of 5; the GPCM model with 5 

categories and a sample size of 1000 yields the highest G-coefficient. Meanwhile, the 10-category sample size 

of N=500 yields the highest absolute G-coefficient. Although not significantly different from N=1000 and 

N=5000 (Figure 12).  
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Figure 12. Graph of Relative and Absolute G-coefficients for Modified Sample Sizes 

DISCUSSION 

Research related to test length and sample size is important. Both need to be carefully designed to produce 

reliable assessments (Ngozika, 2026). Using Generalizability Theory to guide test development also ensures 

accurate and reliable evaluation of student performance. 

In dichotomous data, the best combination for obtaining the highest relative and absolute G-coefficient 

values in the 1PL model for a test length of 50 is a sample size of 5000. For the 2PL parameter model with a 

test length of 50, the sample size that produces the highest relative and absolute G-coefficient values is 1000. 

Furthermore, for the 3PL parameter model and a test length of 50, the highest relative and absolute G-

coefficient values are in sample sizes of 200, 300, and 500. 

In polytomous data, two models can be distinguished: the GRM and the GPCM. In the GRM, the highest 

G-coefficient is observed when N=200, n=100, and the number of categories is 5. Meanwhile, across the 10 

categories, the highest G-coefficient is observed at N=200, with a test length of 100. Furthermore, if the test 

length is 5, then for response categories of 5 and 10, the sample size with the highest G-coefficient value is 

when N=300. This indicates that if researchers are interested in creating 5 test items for the GRM, a sample 

size of 300 people would be preferable. Based on these findings, the best combination is N = 300, test length = 

5 items, with 5 or 10 response categories. An example of the application of the GRM parameter model is a 

questionnaire with a Likert scale, where a sample size of 300 is a good number to get optimal results (Kyriazos, 

2018). 

Meanwhile, in the GPCM model, for N=200 and n=5, the 10-category has the highest G-coefficient values 

compared to the 5- and 7-category. When N=200, for categories of 5 and 10, a test length of 50 has the highest 

G-coefficient in the GPCM model. This can serve as a reference for researchers wishing to create test forms 

using the GPCM scoring system. The results show that a 10-category design with a test length of 50 and a 

sample size of 200 yields the highest G-coefficient values among the combinations. Finally, when n=5 and the 

response category is 10, the sample size that yields the highest value is N=500, although this is not significantly 

different from N=1000 and N=5000. Based on these findings, the best combination for the GPCM model is 

when the number of samples (N) = 200, test length (n) = 50 items, and 10 response categories, because this 

combination produces the highest G-coefficient value compared to other combinations. However, if 

researchers want to use a test length less than 50, n = 5 with 10 response categories produces the highest G-

coefficient value with N = 500. The sample sizes can be reduced if the test length is increased by more than 5 

and less than 50. An example of applying the GPCM model is a mathematics essay test, which is scored from 

0 to 10 based on the completeness of the solution steps. In addition, practical tests can also use assessments 
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with a score category of 0–10 (very poor to very good). The test length for both examples can be a minimum 

of 5, depending on the researcher's needs and the eligible sample size. 

These patterns align with the fundamental reasoning of D-studies. Any increase in the number of items, 

the sample size, or the number of response categories only reduces the standard error. The generalizability 

coefficient is essentially the ratio of universe-score variance to the sum of universe-score variance and error 

variance (Cronbach et al., 1972). This explains why, in D-studies, both absolute and relative standard errors of 

measurement decrease as the number of items increases. The nearly identical results observed at N=1000 and 

N=5000 for the GPCM model with n=5 items illustrate how the G-coefficient in this study sometimes reaches 

a plateau or shows only minimal improvement once the sample size exceeds a certain threshold. In other 

words, Generalizability Theory (GT) does not automatically confer an advantage simply by having a large 

dataset. 

The N=300 threshold that repeatedly appears in the GRM analysis results aligns with long-standing 

sample size recommendations in psychometric research. A parameter-recovery study of the Graded Response 

Model (GRM) conducted by Reise & Yu (1990) using the MULTILOG software found that the correlation 

between estimated and true parameters exceeded 0.85 when the sample size reached at least 500. Similarly, 

Kyriazos (2018) suggested a sample size of approximately 300 respondents as a practical benchmark for stable 

parameter estimation in scale-based instruments. This is generally consistent with recent findings indicating 

that while the GRM benefits from larger sample sizes for long instruments with many categories, it achieves 

stability at N=300 for short tests. Studies comparing the performance of the GRM and GPCM—examining 

variables such as sample size, instrument length, and missing data—have presented simulations allowing for 

more direct comparisons. These studies found that both models require a minimum sample of 300 respondents 

and an instrument length of at least five items to yield adequate item parameter estimates, and that the GPCM 

is relatively more stable than the GRM across various instrument lengths (Dai et al., 2021). These findings are 

consistent with current research results showing that the highest G-coefficient values for the GPCM are more 

stable than those for the GRM across variations in the number of categories and test length. The study's 

conclusion—that a structure with 10 categories does not necessarily yield better results than one with 5 

categories—also aligns with a more recent Monte Carlo study by Ikeda (2026) that found that increasing the 

number of response categories does not automatically improve the quality of GRM parameter estimation when 

the sample size and number of items are already adequate. 

Rather than presenting abstract statistics, these findings offer specific design recommendations for 

assessment developers. A moderate sample size of 200–300 respondents is sufficient when calibrating 

dichotomous multiple-choice instruments using the 1PL/Rasch model, as adding thousands more 

respondents yields only marginal improvements in reliability coefficients. This is advantageous when data 

collection is costly or time-constrained, aligning with the minimum length guidelines suggested by Ngozika 

(2026) for effective multiple-choice assessments. Developers should aim for a sample size closer to 1,000 if the 

2PL model is required due to varying item discrimination. 

According to a generally accepted rule of thumb in questionnaire-based research, Kyriazos (2018) A 

sample of approximately 300 respondents suffices for short Likert-type scales analyzed using the GRM. For 

rubric-scored performance tasks—such as essays or practical tests—a 10-category rubric with around 50 items 

and 200 respondents yields the highest consistent reliability estimates under the GPCM model. However, a 

shorter rubric with 5 items and the same category range can still perform well with a sample size of N=500. 

These standards are directly applicable to instruments such as the AKM and TKA in Indonesia, which now 

combine dichotomous and polytomous item formats within a single test administration. Consequently, 

calibration plans must consider sample size requirements for each format individually, rather than relying on 

a single, universal rule. 

This study makes three specific contributions to the psychometric literature. First, rather than examining 

these model groups in isolation—as has been the case in most prior Generalizability Theory (GT) research—

this study presents a comparative simulation benchmark of G- and D-coefficient performance across various 

dichotomous (1PL, 2PL, 3PL) and polytomous (GRM, GPCM) models within a unified EduG-based 
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framework. Second, rather than relying on general guidelines drawn from unrelated statistical traditions, this 

study generates practical recommendations on sample sizes and test lengths for each model type, thereby 

providing an empirically grounded starting point for researchers and test developers. Third, this study 

extends the applied relevance of GT to contemporary educational measurement policy in Indonesia by linking 

its recommendations to mixed-format assessments, such as the AKM and TKA. This offers a reference point 

that can directly inform the future calibration and validation of large-scale, mixed-format instruments. 

This study has certain limitations that should be noted. First, the data utilized in this research are 

simulated datasets generated under a standard normal distribution of examinee ability. While this layout 

provides a controlled environment for testing parametric behavior, empirical settings in educational and 

psychological testing often encounter skewed, multi-modal, or non-normal distributions. Second, the facets 

examined were constrained to test length and sample size within single-facet designs. Future studies should 

evaluate the robustness of these interactions using multifaceted designs (e.g., incorporating raters or testing 

occasions) and empirical data to further confirm the stability of the G and D study coefficients. 

CONCLUSION 

This study shows that test length, sample size, model parameters, and the number of score categories 

influence the Generalizability (G) coefficient and D-study values. For dichotomous data, increasing test length 

has a greater impact on the G-coefficient than increasing the sample size. The 1PL and 2PL models tend to 

produce higher G-coefficients than the 3PL. For dichotomous data, test length (n) significantly affects the G-

coefficient value. The best combination for achieving the highest reliability (above 0.85) is to use a test length 

of 50 items. At this test length, the sample size does not significantly change. Researchers are advised to choose 

the 1PL or 2PL model with a sample size of at least 200 people to achieve efficiency comparable to a large 

sample.  

For polytomous data, the GRM model with a small number of items (n = 5) indicates that the optimal 

sample size is N = 300 to obtain a G-coefficient above 0.7. Reliability values will be optimal (above 0.90) if the 

test length is increased to 50 or 100 items, especially for the response categories of 5 and 10. The GPCM model 

produces higher G-coefficients than the GRM, especially when the number of score categories and test length 

are increased. Test lengths of 50–100 items generally yield excellent reliability, with G-coefficients above 0.90. 

For polytomous data, the GPCM model generally produces higher and more stable G-coefficient values than 

the GRM. The highest reliability values are obtained with a combination of 10 response categories, a test length 

(n) of 50, and a sample size (N) of 200. If researchers use only short tests (n = 5), a sample size of 1000 (for 5 

categories) or 500 (for 10 categories) can yield the maximum G-coefficient results. 

The findings of this study indicate that test instrument design needs to consider the optimal combination 

of test length, sample size, scoring model, and response categories to achieve high measurement reliability. 

Furthermore, the use of Generalizability Theory through EduG software has proven effective in evaluating 

the quality of measurement instruments for both dichotomous and polytomous data. Overall, the length of 

the test and the characteristics of the parameter model (especially the choice of categories in polytomous data) 

play a more dominant role in increasing the reliability coefficients G and D than a massive increase in sample 

size. 

This study theoretically confirms that the strength of GT lies in its ability to identify sources of error. It 

demonstrates that a large sample size is not necessarily more important than having a sufficient number of 

high-quality items. This approach addresses the previously mentioned research gap by enabling the analysis 

of assessments involving both dichotomous and polytomous scoring. Furthermore, empirical studies often 

struggle to secure large samples of participants willing to complete assessments containing a high number of 

items. Using EduG, G-coefficient, and D-coefficient analyses can be performed with simulated data. The 

findings can assist developers of Likert-based questionnaires, national examinations, or classroom quizzes in 

designing smaller-scale, more cost-effective data collection processes. 
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