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Abstract 

Background

The graded response model (GRM) is commonly used in psychometrics to analyze 

ordinal response data. Despite its growing application in scale development and 

validation, sample size recommendations—such as those provided by the COSMIN 

guidelines (e.g., n ≥ 1000)—are often based on expert consensus rather than empiri-

cal validation. Furthermore, the extent to which the number of items (J) and the num-

ber of response categories (K) contribute to parameter estimation accuracy remains 

insufficiently explored.

Methods

We conducted a Monte Carlo simulation to examine how three design conditions—

sample size (n = 500–1500), number of items (J = 5–50), and a number of response 

categories (K = 4–7)—influence the estimation accuracy of the latent trait parameter 

(θ) and the item discrimination parameter (a) under the GRM. For each condition, we 

generated a large population dataset based on predefined distributions for θ, a, and 

b, and then randomly drew samples (n) for estimation. The GRM was fitted using the 

EM algorithm. Estimation accuracy was evaluated using root mean squared error 

(RMSE), FPC-corrected RMSE, and Pearson’s correlation coefficient between true 

and estimated θ values.

Results

The RMSE of the discrimination parameter a decreased with increasing sample 

size (n) and number of items (J), while the effect of K was negligible. In contrast, 

the RMSE of θ was primarily influenced by J, with only minor effects from n and K. 

Notably, the Pearson correlation between true and estimated θ values consistently 

exceeded r = .98 across all conditions, suggesting high ordinal fidelity even with small 

samples. Increasing J beyond approximately 30 yielded diminishing returns in RMSE 

reduction.
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Conclusions

Our findings suggest that sample size recommendations for GRM should be flexibly 

tailored to the measurement goal. For accurate estimation of θ, a sufficiently large 

number of items (e.g., J ≥ 30) can compensate for smaller sample sizes (n ≈ 500), 

whereas precise estimation of a requires larger samples (n ≥ 1000). The impact of 

increasing K was limited, indicating that additional response categories may not 

always enhance parameter recovery. These results provide empirically grounded 

guidance to support efficient and purpose-specific measurement designs in GRM 

applications.

Introduction

Item Response Theory (IRT) has been widely used across various fields, including 
education, psychology, healthcare, and industry, as a theoretical framework for test 
construction and ability measurement. One of the distinctive features of IRT is its abil-
ity to estimate both the examinee’s latent trait (θ) and item parameters (discrimina-
tion and difficulty) simultaneously. This enables item parameter estimates to remain 
independent of the sampled population and ensures fair comparisons across exam-
inees. Such properties are particularly advantageous for constructing shortened or 
translated versions of psychological scales. Because many psychological instruments 
use Likert-type scales with three or more response categories, models that extend 
IRT from binary to polytomous data are frequently applied. These include the Graded 
Response Model (GRM) by Samejima [1,2] and the Generalized Partial Credit Model 
(GPCM) by Masters [3] and Muraki [4,5]. Among these, GRM is especially versatile 
for items with ordinal responses and is widely used to estimate latent traits and item 
parameters in psychological research (e.g., Adler et al. [6]; Ikeda and Urano [7]; 
Wang, Zhang, and Xin [8]; Zhu et al. [9]).

With the increasing use of IRT in empirical studies, there is growing demand for 
measurement designs that ensure sufficient estimation accuracy of latent traits and 
item parameters. The COSMIN guidelines [10] recommend a sample size of n = 1000 
for scale development using IRT models. However, such recommendations are 
primarily based on expert consensus rather than empirical evidence, and it remains 
unclear whether a fixed sample size is appropriate across different design conditions. 
Specifically, as item parameters remain constant, increasing the number of items 
should increase the information available from the test as a whole, while increasing 
the number of response categories should theoretically enhance the information 
obtained from each item. Accordingly, sample size, number of items, and number of 
response categories are all expected to influence estimation accuracy. This study 
focuses in particular on the impact of including the number of response categories as 
a design factor.

Previous research has explored the relationship between design conditions and 
parameter recovery. For example, Edelen and Reeve [11] emphasized the need for 
sufficient responses in each category of each item and recommended increasing 
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sample size as the number of categories grows. Jiang, Wang, and Weiss examined the effects of sample size, number 
of items, and number of dimensions on parameter estimation and found the largest reduction in bias when the sample 
size increased from 500 to 1000. Dai and colleagues, incorporating missing data into their analyses of GRM and GPCM, 
concluded that a minimum of five items and a sample size of at least 500 were necessary when missingness exceeded 
20%. These studies collectively underscore the importance of designing sample size requirements with consideration of 
item- and scale-level characteristics.

A systematic investigation of required sample sizes under different conditions is essential because IRT parameter 
recovery is strongly influenced by various measurement design factors. In particular, when researchers apply IRT to 
existing psychological instruments, the only design parameter they can typically manipulate is the sample size. Thus, 
many studies have focused on determining appropriate sample sizes. Doostfatemeh, Ayatollah, and Jafari [12] high-
lighted that sample size planning under IRT differs from classical test theory (CTT), and applying CTT-based planning 
to IRT analyses could yield inaccurate conclusions. As noted by Schroeders et al. [13], sample size decisions should 
account for the underlying model and test design, and simulation-based approaches are essential for this purpose—
though, as they point out, the true item and trait distributions are rarely known, making such simulations inherently 
challenging.

The required sample size also differs because psychological scales vary in number of items and response catego-
ries depending on the construct being measured. Svetina Valdivia and Dai [14] reported that for latent trait and dis-
crimination parameter recovery in polytomous IRT models, a sample size of at least 250 and a higher number of items 
led to more accurate estimates. However, the effect of response category number was less conclusive. The interaction 
between sample size and number of items has also been suggested as important. Şahin and Anıl [15] conducted a 
large-scale simulation varying these two factors and found that acceptable parameter recovery required larger sam-
ples when item counts were low, and more items when sample sizes were small. They noted a trade-off between 
these two factors: more items can compensate for smaller samples, and vice versa, due to their combined contribution 
to test information.

While a considerable body of research has addressed IRT sample size requirements, few studies have systematically 
investigated how all three design variables—sample size, number of items, and number of response categories—jointly 
influence parameter recovery. This gap is particularly relevant for GRM, which assumes ordinal response categories. 
Additionally, although most prior studies have evaluated estimation accuracy using absolute error metrics such as RMSE, 
few have included intuitive measures such as the Pearson correlation between true and estimated θ to assess ordinal 
accuracy. There is a growing need for empirical guidance on sample size design tailored to varying test information levels 
and for intuitive metrics to evaluate estimation accuracy.

This study aims to clarify how sample size (n), number of items (J), and number of response categories (K) affect the 
estimation accuracy of latent trait (θ) and item discrimination (a) parameters under the GRM. Focusing on GRM, which 
inherently assumes variation in K, we conduct a comprehensive simulation to evaluate estimation accuracy across a wide 
range of design conditions, thereby providing a theoretical basis for IRT-based measurement planning.

This study makes two methodological contributions to IRT-based research. First, it is one of the few to systematically 
examine the combined influence of sample size, number of items, and number of response categories—factors known to 
affect parameter recovery. While previous studies (e.g., Jiang et al. [16]; Dai et al. [17]) fixed K, this study explicitly varies 
it, enabling more comprehensive insight into the effect of response scale granularity on GRM estimation. This approach 
extends existing findings and supports guideline refinement.

Second, the study introduces the use of Pearson correlation to assess the ordinal fidelity of θ estimation. In addition to 
RMSE, we evaluate average correlations between true and estimated θ values, allowing for more intuitive interpretation 
of estimation accuracy from a psychometric perspective. This dual evaluation approach provides differentiated insights for 
person- and item-level estimation.
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Materials and methods

Data generation

We conducted a simulation study based on the Graded Response Model (GRM) proposed by Samejima [1,2]. The manip-
ulated design conditions included the number of response categories (K = 4 – 7), number of items (J = 5 – 50, in incre-
ments of 5), and sample size (n = 500 – 1500, in increments of 100). All combinations of these factors were considered, 
and 100 replications (R = 100) were generated for each condition.

In each simulation, the population size was set to Npop = ⌈n/0.001⌉, and a sample of n individuals was randomly drawn 
from this population. This ensured that all samples shared a common parameter structure (θ, a, b).

The parameters were generated from the following distributions. The latent trait θi  was generated independently for 
all N

pop
 individuals from the standard normal distribution N (0, 1). Following previous GRM simulation studies [12,17], the 

discrimination parameters aj were drawn from a uniform distribution U (0.5, 2.5) for each of the J items and the category 
location parameters bjk were drawn from U (–2, 2), generating K − 1 thresholds per item, sorted in ascending order.

The category thresholds djk were computed using the following equation:

	 djk = –Dajbjk 	 (1)

where the scaling constant was set to D = 1.701. Based on this structure, category responses were generated using the 
GRM response probabilities. The random seed was set to 123.

Sampling, estimation, and model considerations

For each fixed population, a sample of size n was randomly drawn, and a unidimensional GRM was fitted to the observed 
response data. Parameter estimation was performed using the expectation-maximization (EM) algorithm, which is widely 
employed in applied IRT analyses.

It is important to note that even if the entire population (i.e., n = N
pop

) were observed, the latent trait θ is not an observ-
able variable, and therefore the difference between estimated and true values is not necessarily zero. Consequently, 
RMSE is theoretically never zero and always contains some degree of estimation error. This reflects a structural property 
of latent variable models: even in a full census, uncertainty in estimation remains.

Parameter estimation

For each generated response dataset, a unidimensional GRM was fitted to estimate the item parameters and latent traits. 
The item discrimination parameters âj  were extracted from the fitted model. The latent traits θ̂i  were estimated using 
Expected A Posteriori (EAP) estimation based on the posterior distribution.

Evaluation metrics

Estimation accuracy was evaluated from multiple perspectives, including the magnitude of errors, standardized errors, 
corrected errors, and ordinal consistency. Separate indices were calculated for item parameters (a) and person parame-
ters (θ).

Evaluation of discrimination parameter a.  The root mean squared error (RMSE) reflects the magnitude of the 
difference between true and estimated values, and lower values indicate higher accuracy. The RMSE for the estimated 
discrimination parameters âj  was defined as:

	

RMSEa =

√√√√1
J

J∑
j=1

(âj – aj)2

	 (2)
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To address the potential downward bias of RMSE when the number of items is small, we applied a finite population 
correction (FPC), defined as:

	
FPCa =

√
J

J – 1 	 (3)

The FPC-corrected RMSE was then computed as:

	 RMSEFPCa = RMSEa · FPCa	 (4)

To improve comparability across conditions, we also defined a standardized RMSE based on the observed range of âj  values:

	
RMSE∗

a =
RMSEa

max(âj) – min(âj)	 (5)

The FPC-corrected version of the standardized RMSE was:

	 RMSE∗FPC
a = RMSE∗

a · FPCa	 (6)

Evaluation of Latent Trait θ.  The RMSE for the latent trait estimates θ̂i  was defined as:

	

RMSEθ =

√√√√1
n

n∑
i=1

(θ̂i – θi)2

	 (7)

To adjust for potential bias due to high sampling ratios, we introduced the following FPC based on the sample size n 
and population size N

pop
:

	
FPCθ =

√
1 –

n
Npop 	 (8)

The corrected RMSE was then calculated as:

	 RMSEFPCθ = RMSEθ · FPCθ	 (9)

To assess ordinal consistency between θ̂ and θ, we also computed the Pearson correlation coefficient r, defined as:

	

r =

∑n
i=1

(
θi – θ̄

)(
θ̂i –

¯̂
θ
)

√∑n
i=1

(
θi – θ̄

)2√∑n
i=1

(
θ̂i –

¯̂
θ
)2

	 (10)

To obtain a more stable estimate of the mean correlation across replications, we applied Fisher’s z -transformation:

	
z̄ =

1
R

R∑
i=1

tanh–1(ri)
	 (11)

	 r̄ = tanh(z̄)	 (12)
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Software

All simulations and analyses were conducted using R (Version 4.4.3) [18]. The mirt package [19,20] was used for GRM data 
generation and parameter estimation. To enable efficient batch processing and parallel computation on large population data-
sets, we employed the future [21] and future.apply [22] packages. Some parts of the parameter generation process 
were implemented in C++ using the Rcpp package [23]. All code was executed in an RStudio environment running on macOS.

Evaluation criteria

In this study, we used RMSE = 0.30 as a convenient reference point to indicate “sufficient accuracy,” rather than as a uni-
versal benchmark. This value corresponds to ±1 SD under a standard normal assumption N (0, 1), meaning that approxi-
mately 68% of estimation errors fall within ±0.30:

	
P(|θ̂i – θi| < 0.30) = P

(
–1 <

θ̂i – θi
0.30

< 1

)
≈ 0.6827.

	 (13)

Changing the threshold naturally alters which conditions are classified as “sufficient,” particularly the required number 
of items, but it does not materially affect the overall trends regarding sample size or number of categories. Research-
ers who prefer stricter or more lenient criteria may adjust the RMSE threshold (e.g., < 0.30 or >0.30) according to their 
desired confidence level, and our results can be interpreted accordingly.

To supplement this, we also evaluated the consistency between true and estimated θ using the average Pearson 
correlation coefficient. This coefficient indicates how accurately the individual-level variance in the latent trait is captured 
by the estimates. Based on Cohen’s guidelines [24], we interpreted values above 0.70 as “high agreement,” 0.50–0.70 
as “moderate agreement,” and below 0.50 as “low agreement.” This interpretation also applies to the average correlation 
coefficients obtained through Fisher’s z -transformation. Therefore, in this study, we considered a mean correlation above 
0.70 as indicative of strong ordinal agreement between estimated and true values.

For the discrimination parameter a, which was generated from a uniform distribution and did not assume normality, 
absolute benchmarks like those used for θ were not applicable. Instead, we focused on the relative change in RMSEa 
across sample sizes. Since estimation inevitably involves error, RMSE will never reach zero. However, it is expected to 
asymptotically approach a lower bound as sample size increases. This plateau indicates the point at which additional data 
yield diminishing returns in estimation precision. We therefore used the point of RMSE stabilization as a practical guideline 
for determining adequate sample size for a estimation.

To further reassure readers about the stability of our simulation results, we note that they relied on independent replica-
tions with deterministic EM estimation rather than MCMC sampling; therefore, traditional convergence diagnostics (e.g., 
Gelman–Rubin statistics) were not applicable. Instead, we assessed stability by inspecting RMSE values across increas-
ing numbers of items J. The observed plateau in RMSE indicates that additional items yield diminishing improvements in 
estimation accuracy, serving as a practical confirmation of convergence in this simulation context.

Results

Estimation accuracy of the discrimination parameter a

Effects of sample size, number of items, and number of categories on non-standardized RMSE.  The RMSE 
for the discrimination parameter a decreased with increasing sample size (n) and number of items (J). In particular, as 
n increased, RMSE consistently declined (Fig 1). For example, under the condition of J = 10, K = 5, the mean RMSE 
decreased from approximately 0.243 at n = 500 to about 0.143 at n = 1500, indicating that increasing the sample size 
improves the estimation accuracy of a. This trend was also observed across other J and K conditions.
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To visualize this trend by item count and examine the variability of the RMSE distribution, a boxplot was constructed 
(Fig 2). As shown in Fig 2, increasing n consistently reduced RMSE, demonstrating that larger sample sizes contribute to 
more accurate estimation of a. In contrast, changes in K had minimal effect on RMSE. The RMSE decreased similarly with 
increasing n, regardless of K, indicating that the additional information provided by more response categories contributed 
little to the accuracy of a.

Effects on standardized FPC-corrected RMSE.  The standardized FPC-corrected RMSE for the discrimination 
parameter a gradually decreased with increasing number of items. Fig 3 illustrates how this metric varied with sample size 
(n) and number of items (J), and Fig 4 shows that RMSE declined gradually as J increased.

To more clearly visualize the influence of J, we averaged RMSE values across different K levels under the same J and 
n conditions (Fig 5). The results showed a gradual decline in RMSE as J increased, but the effect was modest com-
pared to the influence of n. Notably, under conditions with small n (e.g., n = 500), increasing J did not substantially reduce 
RMSE, suggesting that increasing the number of items alone is insufficient for improving the precision of a. In addition, 
the contribution of more items to estimation accuracy was most notable between J = 10 and J = 20, with diminishing returns 
observed beyond J = 30.

Fig 6 shows changes in RMSE∗FPC.
a  across combinations of J and n. Improvements in estimation accuracy due to 

increasing J were particularly pronounced when J < 30. The effect of n was relatively consistent and robust. However, the 
improvement in accuracy diminished as J increased, with no substantial gains beyond J ≥ 30.

Estimation accuracy of the latent trait parameter θ

Effects on FPC-corrected RMSE.  To evaluate the estimation accuracy of θ, we computed RMSE and FPC-corrected 
RMSE and examined their changes across conditions of J, K, and n. Fig 7 shows that RMSE for θ did not decrease 
substantially as n increased. For instance, comparing conditions with n = 500 and n = 1500, the mean RMSE differed only 

Fig 1.  Changes in non-standardized RMSE of the discrimination parameter a with increasing sample size (n). The RMSE consistently decreased 
as n increased, indicating that larger sample sizes contributed to improved estimation accuracy of the discrimination parameter.

https://doi.org/10.1371/journal.pone.0347684.g001
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Fig 2.  Changes in RMSEa with sample size (n). The boxplots show the distribution of estimation errors under each condition. The parameter a 
represents the slope parameter in the Graded Response Model (GRM), and RMSEa indicates the estimation accuracy for a. The x-axis represents the 
sample size (n), and the y-axis represents the RMSE of the estimated slope parameters. The number of response categories (K) is indicated by panel or 
grouping as appropriate.

https://doi.org/10.1371/journal.pone.0347684.g002

Fig 3.  Effects of sample size (n) and number of items (J) on the RMSE∗FPC
a . The RMSE∗FPC

a  gradually decreased with increasing J, although the 
effect was modest compared to the influence of n.

https://doi.org/10.1371/journal.pone.0347684.g003
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slightly. In contrast, Fig 8 shows a marked reduction in RMSE with increasing J, particularly when comparing J = 5 and 
J = 50. The influence of K on RMSE was minimal in comparison to that of J, although a slight improvement was observed.

We also compared uncorrected RMSE values for θ (Supplementary S1 and S2 Figs) with the FPC‐corrected results 
shown in Figs 7 and 8. The differences between corrected and uncorrected values were negligible—visible changes were 

Fig 4.  Transition of RMSE∗FPC
a  with sample size (n). Boxplots show the distribution of standardized and FPC-corrected RMSE values for the discrim-

ination parameter a. The x-axis represents sample size (n), and the y-axis represents RMSE. The number of response categories (K) is indicated by 
panel or grouping as appropriate.

https://doi.org/10.1371/journal.pone.0347684.g004

Fig 5.  Changes in RMSEa across the number of items (J). The line plot shows how the RMSE of the discrimination parameter (a) changes with 
increasing item count (J). The x-axis represents the number of items (J), and the y-axis represents RMSEa.

https://doi.org/10.1371/journal.pone.0347684.g005
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Fig 6.  Changes in RMSE∗FPC
a  across the number of items (J). The line plot shows how the RMSE∗FPC

a  changes with increasing number of items (J). 
The RMSE values were corrected using finite population correction (FPC). The x-axis represents the number of items (J), and the y-axis represents 
RMSE∗FPC

a .

https://doi.org/10.1371/journal.pone.0347684.g006

Fig 7.  Changes in RMSEFPCθ  by sample size (n), number of items (J), and number of response categories (K). The line graph illustrates how the 
FPC-corrected RMSE of the latent trait parameter (θ) varies across different levels of n, J, and K.

https://doi.org/10.1371/journal.pone.0347684.g007
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absent in the figures, and numerical differences occurred only at the third decimal place. This confirms that the FPC cor-
rection has virtually no impact on the evaluation of θ estimation accuracy.

Ordinal consistency between true and estimated θ.  To examine the relationship between θ and θ̂, we computed 
the average Pearson correlation coefficient and visualized the results across all conditions (Fig 9). Similar to the RMSE 
findings, Fig 9 shows that the mean correlation remained stable regardless of sample size. For example, under J = 50, 
the mean Fisher-transformed correlation ranged from.985 to.989, indicating minimal fluctuation and high consistency 
regardless of n.

Unlike RMSE, the correlation between θ and θ̂ exceeded the benchmark of r > .70 across all levels of J. This result sug-
gests that item count does not meaningfully affect the ordinal agreement between true and estimated values of θ, a point 
that is further discussed in the Discussion section.

Discussion

This study aimed to examine how three measurement design conditions in IRT—sample size (n), number of items (J), and 
number of response categories (K)—affect the estimation accuracy of latent traits (θ) and item discrimination parameters 
(a) in the Graded Response Model (GRM). The results indicated that (1) RMSE for a improved with increasing n and J, 
while the effect of K was minimal; (2) RMSE for θ decreased substantially with increasing J, but showed limited sensitivity to 
n and K; and (3) the correlation coefficient between θ and θ̂ consistently exceeded.98 across all conditions, demonstrating 
high ordinal consistency.

The improvement in a estimation accuracy with larger n and J can be attributed to two factors: (i) a larger n enables 
more responses per item, enhancing the precision of item-level slope estimates, and (ii) increasing J raises the total 
test information, thereby supporting more accurate estimation. In contrast, increasing K did not enhance accuracy likely 
because estimating category boundaries requires higher-order gradient information. With more categories, the density of 
information per category decreases, diluting the effectiveness of additional categories for estimating a.

Fig 8.  Changes in RMSEFPCθ  by number of items (J). The boxplots show the distribution of RMSEFPCθ  under each condition. The x-axis represents the 
number of items (J), and the y-axis represents the FPC-corrected RMSE of the estimated latent trait (θ).

https://doi.org/10.1371/journal.pone.0347684.g008
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The improvement of θ estimation primarily through increases in J, with only limited contributions from n and K, aligns 
with IRT theory: the precision of θ estimates depends largely on total test information rather than sample size. The con-
sistently high correlations between θ and θ̂ suggest that individual differences in true scores were stably captured by the 
estimates, indicating that ordinal ranking can be preserved even with smaller samples.

Prior studies have emphasized the trade-off between sample size and item count. For example, Şahin and Anıl [15] 
showed that smaller item sets require larger samples for adequate parameter recovery. Our study not only confirmed this, 
but also provided the first quantitative evidence that estimation accuracy for both θ and a saturates around J ≈ 30, beyond 
which further increases in J yield diminishing returns. This finding underscores that unlimited item expansion may not be 
cost-effective, highlighting the need for rational allocation of measurement resources.

Regarding the number of response categories, Edelen and Reeve [11] noted that large n is required to ensure sufficient responses 
in each category, while Svetina et al. [14] found that increasing K does not necessarily improve accuracy. Our results support this 
trend, showing limited gains from higher K for both θ and a. Although more categories theoretically increase information, skewed cate-
gory usage in practice can cancel out these gains. Therefore, increasing K is not always desirable in applied contexts.

Importantly, our study evaluated θ estimation not only by RMSE but also by correlation with θ̂, introducing an ordinal 
perspective on estimation fidelity. This approach aligns with the recommendation of Schroeders et al. [13] to adopt more 
intuitive accuracy indices. Our findings suggest that correlation, which consistently hovered around.98, may be a more 
practical indicator than RMSE when ordinal ranking is the primary objective.

Furthermore, our findings invite a reassessment of the COSMIN guideline recommending N = 1000. For θ estimation 
[10], sufficient accuracy can be achieved with n ≈ 500 if J ≈ 30, while a estimation benefits from larger n. Thus, the required 
sample size differs depending on whether the primary goal is estimating person or item parameters. Our results provide a 
theoretical basis for tailoring sample size recommendations to specific measurement objectives and call for more flexible 
application of existing guidelines.

Fig 9.  Changes in the correlation coefficient ( r̄ ) between θ and θ̂ by sample size (n). The line plot shows how the Fisher-transformed correlation 
coefficient ( r̄) between true and estimated values of θ varies with increasing sample size (n). The number of items (J) is indicated as appropriate.

https://doi.org/10.1371/journal.pone.0347684.g009
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This study has three limitations. First, we restricted our analysis to unidimensional GRM, whereas many psychological 
scales are multidimensional. In multidimensional models, more parameters must be estimated, and the saturation points 
we report (e.g., for RMSE) may underestimate the necessary sample size per dimension.

Second, the distributions of a and b were fixed as uniform. In practice, a often clusters below 1.0, and b values tend 
to concentrate around moderate difficulty levels. Such skewed distributions may distort the test information function and 
reduce the generalizability of our precision metrics.

Third, we did not incorporate missing data or local item dependence. The simulation assumed complete, independent 
responses, whereas real-world data often include missing values or local dependencies. These factors may inflate estima-
tion error beyond the theoretical values we report. Therefore, our sample size guidelines should be viewed as minimum 
requirements under ideal conditions.

Future studies should extend this work to multidimensional GRM or GPCM models, explore the effects of parameter 
distribution skewness, missingness, and local dependence, and develop estimation-agnostic guidelines through compar-
isons with Bayesian or MIRT estimation. Additionally, optimizing design algorithms based on test information functions 
could enable dynamic configuration of n, J, and K.

Design decisions should reflect the intended purpose of the scale. If accurate θ estimation is the goal, J ≈ 30 may 
suffice with n ≈ 500. In contrast, if precise a estimation or item characteristic curve analysis is prioritized, n ≥ 1000–1500 
and J ≥ 20 are recommended. Since the benefits of increasing K are limited, 4–5 categories may be more practical when 
considering respondent burden. These findings complement existing guidelines such as COSMIN and support the devel-
opment of flexible, goal-specific measurement design strategies.

Conclusion

This study systematically investigated how three design conditions—sample size (n), number of items (J), and number 
of response categories (K)—influence the estimation accuracy of latent traits (θ) and item discrimination parameters 
(a) under the Graded Response Model (GRM). The findings demonstrated that the accuracy of θ estimates primarily 
improved with an increasing number of items, while the impact of sample size and number of categories was limited. In 
contrast, the accuracy of a estimates improved with both larger sample sizes and more items, whereas increasing the 
number of response categories had minimal effect.

The estimated values of θ̂ consistently maintained a high correlation with the true θ values (r > .98), indicating strong ordinal 
agreement even under small sample conditions. In addition, RMSE values for both θ and a tended to plateau around J ≈ 30, 
suggesting that increasing the number of items beyond this point yields diminishing returns in estimation precision.

These results provide empirical evidence for the rational optimization of measurement design in IRT applications, particu-
larly when choosing between prioritizing person-level (θ) versus item-level (a) accuracy. Importantly, the study suggests that the 
sample size recommendation of N = 1000, as advocated by the COSMIN guidelines, should not be applied uniformly. Instead, it 
should be tailored to the primary measurement objective. For instance, if the focus is on estimating θ, a sample size of n ≈ 500 
may be sufficient when J ≈ 30. However, if the goal is to obtain precise estimates of a or analyze item characteristic curves, a 
larger sample (n ≥ 1000–1500) and moderate item count (J ≥ 20) are recommended. Given the limited benefits of increasing K, a 
practical choice of 4 or 5 categories may be appropriate, especially when considering respondent burden.

Taken together, these findings complement existing guidelines such as COSMIN and support the development of flexi-
ble and goal-specific measurement design strategies in psychological and health-related assessment contexts.

Supporting information

S1 Fig. Changes in RMSEθ by sample size (n), number of items (J), and number of response categories (K). There 
is little difference from Fig. 7 using FPC-corrected RMSE.
(PDF)
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S2 Fig. Changes in RMSEθ by number of items (J). There is little difference from Fig. 8 using FPC-corrected RMSE.
(PDF)

Author contributions

Conceptualization: Tatsuya Ikeda.

Data curation: Tatsuya Ikeda.

Formal analysis: Tatsuya Ikeda.

Funding acquisition: Tatsuya Ikeda.

Investigation: Tatsuya Ikeda.

Methodology: Tatsuya Ikeda.

Project administration: Tatsuya Ikeda.

Software: Tatsuya Ikeda.

Validation: Tatsuya Ikeda.

Visualization: Tatsuya Ikeda.

Writing – original draft: Tatsuya Ikeda.

Writing – review & editing: Tatsuya Ikeda.

References
	 1.	 Samejima F. Estimation of Latent Ability Using a Response Pattern of Graded Scores. Psychometrika. 1969;34(S1):1–97. https://doi.org/10.1007/

bf03372160

	 2.	 Samejima F. A general model for free-response data. Psychometrika Monograph Supplement. 1972.

	 3.	 Masters GN. A Rasch Model for Partial Credit Scoring. Psychometrika. 1982;47(2):149–74. https://doi.org/10.1007/bf02296272

	 4.	 Muraki E. Fitting a Polytomous Item Response Model to Likert-Type Data. Applied Psychological Measurement. 1990;14(1):59–71. https://doi.
org/10.1177/014662169001400106

	 5.	 Muraki E. A generalized partial credit model: Application of an EM algorithm. Applied Psychological Measurement. 1992;16(2):159–76. https://doi.
org/10.1177/014662169201600206

	 6.	 Adler M, Hetta J, Isacsson G, Brodin U. An item response theory evaluation of three depression assessment instruments in a clinical sample. BMC 
Med Res Methodol. 2012;12:84. https://doi.org/10.1186/1471-2288-12-84 PMID: 22721257

	 7.	 Ikeda T, Urano Y. An item response theory analysis of the Dissociative Experiences Scale II: examining psychometric properties and longitudinal 
stability among Japanese adults. BMC Psychiatry. 2025;25(1):32. https://doi.org/10.1186/s12888-024-06465-w PMID: 39789520

	 8.	 Wang X, Zhang S, Xin T. Item Response Theory Analysis of the Dark Factor of Personality Scale for College Students in China. Int J Environ Res 
Public Health. 2022;19(19):12787. https://doi.org/10.3390/ijerph191912787 PMID: 36232116

	 9.	 Zhu G, Zhou Y, Zhou F, Wu M, Zhan X, Si Y, et al. Proactive Personality Measurement Using Item Response Theory and Social Media Text Mining. 
Front Psychol. 2021;12:705005. https://doi.org/10.3389/fpsyg.2021.705005 PMID: 34367029

	10.	 Mokkink LB, de Vet HCW, Prinsen CAC, Patrick DL, Alonso J, Bouter LM, et al. COSMIN Risk of Bias checklist for systematic reviews of 
Patient-Reported Outcome Measures. Qual Life Res. 2018;27(5):1171–9. https://doi.org/10.1007/s11136-017-1765-4 PMID: 29260445

	11.	 Edelen MO, Reeve BB. Applying item response theory (IRT) modeling to questionnaire development, evaluation, and refinement. Qual Life Res. 
2007;16 Suppl 1:5–18. https://doi.org/10.1007/s11136-007-9198-0 PMID: 17375372

	12.	 Doostfatemeh M, Taghi Ayatollah SM, Jafari P. Power and Sample Size Calculations in Clinical Trials with Patient-Reported Outcomes under Equal 
and Unequal Group Sizes Based on Graded Response Model: A Simulation Study. Value Health. 2016;19(5):639–47. https://doi.org/10.1016/j.
jval.2016.03.1857 PMID: 27565281

	13.	 Schroeders U, Gnambs T. Sample-Size Planning in Item-Response Theory: A Tutorial. Advances in Methods and Practices in Psychological Sci-
ence. 2025;8(1). https://doi.org/10.1177/25152459251314798

	14.	 Svetina Valdivia D, Dai S. Number of Response Categories and Sample Size Requirements in Polytomous IRT Models. The Journal of Experimen-
tal Education. 2023;92(1):154–85. https://doi.org/10.1080/00220973.2022.2153783

http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0347684.s002
https://doi.org/10.1007/bf03372160
https://doi.org/10.1007/bf03372160
https://doi.org/10.1007/bf02296272
https://doi.org/10.1177/014662169001400106
https://doi.org/10.1177/014662169001400106
https://doi.org/10.1177/014662169201600206
https://doi.org/10.1177/014662169201600206
https://doi.org/10.1186/1471-2288-12-84
http://www.ncbi.nlm.nih.gov/pubmed/22721257
https://doi.org/10.1186/s12888-024-06465-w
http://www.ncbi.nlm.nih.gov/pubmed/39789520
https://doi.org/10.3390/ijerph191912787
http://www.ncbi.nlm.nih.gov/pubmed/36232116
https://doi.org/10.3389/fpsyg.2021.705005
http://www.ncbi.nlm.nih.gov/pubmed/34367029
https://doi.org/10.1007/s11136-017-1765-4
http://www.ncbi.nlm.nih.gov/pubmed/29260445
https://doi.org/10.1007/s11136-007-9198-0
http://www.ncbi.nlm.nih.gov/pubmed/17375372
https://doi.org/10.1016/j.jval.2016.03.1857
https://doi.org/10.1016/j.jval.2016.03.1857
http://www.ncbi.nlm.nih.gov/pubmed/27565281
https://doi.org/10.1177/25152459251314798
https://doi.org/10.1080/00220973.2022.2153783


PLOS One | https://doi.org/10.1371/journal.pone.0347684  April 22, 2026 15 / 15

	15.	 Şahin A, Anıl D. The effect of sample size on item parameters in item response theory. Educational Sciences: Theory & Practice. 2017;17(1):321–
35. https://doi.org/10.12738/estp.2017.1.0270

	16.	 Jiang G, Chang HH, Zheng Y. A simulation study of sample size requirements for the estimation of multidimensional graded response models. 
Journal of Educational and Behavioral Statistics. 2016;41(6):679–710. https://doi.org/10.3102/1076998616663160

	17.	 Dai S, Vo TT, Kehinde OJ, He H, Xue Y, Demir C, et al. Performance of Polytomous IRT Models With Rating Scale Data: An Investigation Over 
Sample Size, Instrument Length, and Missing Data. Front Educ. 2021;6. https://doi.org/10.3389/feduc.2021.721963

	18.	 R Core Team. R: A Language and Environment for Statistical Computing. Vienna, Austria: R Foundation for Statistical Computing. 2024.

	19.	 Chalmers RP. mirt: A Multidimensional Item Response Theory Package for theREnvironment. J Stat Soft. 2012;48(6). https://doi.org/10.18637/jss.
v048.i06

	20.	 van der Veld WM, Roelofs PMJP, Glas CAW. The R Package Mirt for Multidimensional Item Response Theory. Journal of Statistical Software. 
2022;101(1):1–52. https://doi.org/10.18637/jss.v101.i01

	21.	 Bengtsson H. A unifying framework for parallel and distributed processing in R using futures. Journal of Statistical Software. 2021;96(1):1–36. 
https://doi.org/10.18637/jss.v096.i01

	22.	 Bengtsson H. Progressr: An Inclusive, Unifying API for Progress Updates. 2020.

	23.	 Eddelbuettel D, Francois R. Rcpp: Seamless R and C Integration. Journal of Statistical Software. 2011;40:1–18. https://doi.org/10.18637/jss.v040.
i08

	24.	 Cohen J. Statistical power analysis for the behavioral sciences. 2nd ed. New York, NY: Psychology Press. 2009.

https://doi.org/10.12738/estp.2017.1.0270
https://doi.org/10.3102/1076998616663160
https://doi.org/10.3389/feduc.2021.721963
https://doi.org/10.18637/jss.v048.i06
https://doi.org/10.18637/jss.v048.i06
https://doi.org/10.18637/jss.v101.i01
https://doi.org/10.18637/jss.v096.i01
https://doi.org/10.18637/jss.v040.i08
https://doi.org/10.18637/jss.v040.i08

