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 The study aimed to examine the effect of the percentage of missing values 

on the matching of the items of the graded model. To achieve this, the 

experimental approach was followed in conducting the study, as hypothetical 

data were used to simulate the experimental conditions represented by the 

percentage of missing values. It has three levels (5%, 10%, and 20%). 

Moreover, the compensation method is represented by simple regression. 

The study found that there were no statistically significant differences in the 

percentage of items matching the graded model according to the missing 

percentages (5% and 10%). Moreover, there were statistically significant 

differences in the percentage of items matching the graded model according 

to the missing percentages (20%). Therefore, we must use the different 

nonparametric item response theory (IRT) models because of the good 

information, it provides to researchers about the test and its items without 

missing items suitable for this purpose and prejudice—the cumulative 

response of the subjects. 
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1. INTRODUCTION 

Accuracy of measurement and obtaining representative data, whether for societies or behavioral 

samples, are among the most important basic pillars in judging the quality of the researcher’s scientific 

production [1]. Moreover, one of the most important issues that researchers in all fields may face is the 

problem of missing values, which prompted researchers to think about solving this problem [2]. Even the 

results of studies and research become more accurate by handling missing values with a procedure that ensures 

that it does not affect the good quality of the data matching the models and the validity and reliability of the 

results through handling missing values [3]. Therefore, in their experiments research and tests, the researchers 

sought to use statistical methods to obtain more results that are accurate by handling those missing values [4]. 

By following several methods to handle these missing values, such as regression, mean, median, and other 

methods; however, these methods are not without problems because they depend on observed values, which 

may lead to the emergence of some type of correlation between the test items [5]. In this regard, we find that 

almost no research is devoid of missing values [6]. This problem faces most researchers, the size of which 

increases as the size and nature of the missing values increase, which directly affects the results of research 

inferences and thus affects the results of the study and the ability to generalize the results from the research 

sample to the study population [3]. Regarding the quality of the scale items according to item response theory 

(IRT), the criterion for judging them lies in verifying four basic assumptions. 

https://creativecommons.org/licenses/by-sa/4.0/
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Unidimensionality is the assumption based on the existence of one factor that underlies performance 

on the scale, and this factor is the measured trait or ability [6]. Unidimensionality is achieved in a measure if 

the discrepancy between the subjects in performance on the items of the scale is due to only one factor, which 

is the measured trait or ability [4]. Unidimensionality items are those that evaluate the same characteristic 

and are homogeneous among themselves, as any question that must be answered follows the same behavioral 

procedures and processes, and the only difference between them is the level of difficulty [7]. However, many 

tests usually include many areas, and they share these domains and have basic characteristics in that they all 

measure the feature that is being measured [8]. In theory, there are four components or dimensions to 

arithmetic problems: addition, subtraction, multiplication, and division. However, we assume that these four 

dimensions measure arithmetic proficiency as one subject and it is difficult to find the expense of not 

combining them [6]. 

Local independence is the basic assumption and the cornerstone of all models of IRT [9]. Violating 

it leads to psychological errors in estimating individuals’ abilities and the criteria of the elements (difficulty, 

discrimination, and guessing), which can be followed by the number of incorrect decisions of an individual 

on a test item that is independent of the outcome of his answer [7]. For any item in the test, in other words, 

the result of one item question is not affected positively or negatively by the result of any other question [5]. 

The assumption of the item characteristic curve, which reflects the real relationship between the ability 

variable and the observed variables (the response to an item), is known as the monotonicity relationship, and 

an assumption related to the characteristics of the items and their relationship to the performance of the 

subjects (freedom from speed) [8]. As for missing values and methods for dealing with them, which may lead 

to less efficient estimates, some rely on the deletion and some rely on compensatory value procedures [9]. In 

light of many estimation methods according to IRT models, many have emerged for us. A research issue is 

related to the accuracy of vertebral parameter estimation and power parameters [10]. 

It is worth noting that scientist Yates was the first to follow the method of deletion for cases that 

included missing values and to be satisfied with the sample size remaining after deletion [11]. Then the 

method of handling missing values by relying on statistical analysis related to variance and covariance 

appeared at the hands of the scientist Bartlett in 1939 [12]. After that, efforts continued to propose various 

methods for handling the problem of missing values, depending on the mechanism of loss, whether it was a 

completely random loss in which the missing values are independent of the rest of the other values [13]. 

Alternatively, random loss in which the missing values are related to other values of other variables and not 

related to the missing value itself, and finally the non-random loss, results from the missing value itself and is 

unrelated to other values [14]. With the advancement of IRT and its special methods for estimating the 

properties of psychometric scales, relying on its estimation of the parameters of the items: thresholds 

(difficulty), discrimination, guessing, and ability of the subjects [15]. Through mathematical models linking 

these properties, these models distinguish the theoretical item's response that differs from the rest of the 

measurement theories [16]. IRT models, both dichotomous and polytomous, are various probabilistic 

mathematical functions. The mathematical formula of the model varies depending on the number of features 

of the item that make up its mathematical structure [17]. These models aim to determine the relationship 

between the probabilities of an individual answering an item [4]. Correct answer and explain the underlying 

ability that causes this performance. These models include the Rasch model, the one-parameter logistic 

model, the two-parameter logistic model, the three-parameter logistic model, the partial scores model, and the 

graded response model (GRM) [4]. 

Because of the widespread use of numerical rating scales, such as Likert scales, in assessing many 

human traits, especially emotional and cognitive ones, the interest of theorists in item response has focused 

on deriving appropriate mathematical models for this scale such as the partial credit model (PCM) [18]. 

Moreover, the GRM is one of the models of the multi-graded IRT [19]. It resulted from the generalization of 

Birnbaum’s two-parameter model using this model, extracting the greatest amount of information regarding 

the level of ability or trait to be measured using a fixed set of vocabulary [20]. By estimating one parameter 

to distinguish the item (ai), and the item difficulty index (bi), called the parameter difficulty threshold; their 

number is one less than the number of grading levels (four thresholds in the case of a five-point Likert scale) 

for each response section [21]. 

Test and scale developers strive seriously to build high-quality scales and tests with appropriate 

psychometric properties that lead to a high degree of measurement accuracy. However, one of the obstacles 

that emerges later after applying these tests is the loss of data collected, because of the lack of full response 

by the subjects. For any reason, this requires replacing these missing values to provide the possibility of 

analyzing them through various analysis programs and producing results. However, the various compensation 

processes for missing data are not without problems, as they, especially in parametric models, may lead to an 

increase in type I errors [22]. In addition, in graded models with more stringent assumptions, it is necessary 

to preserve the cumulative response of the subjects. Which may be distorted because of the presence of 
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missing values, even if one of the compensation methods replaces them [23]. Based on these issues, the 

purpose of this paper is to determine the effect of the percentage of missing values (5%, 10%, and 20%) on 

the matching of items to the graded model after handling it by regression analysis method. Furthermore, there 

were several terminologies of study: 

− Estimation accuracy: a statistical indicator that expresses the quality of a parameter estimate and is 

measured for the value of the standard error of the estimate [24]. 

− Missing values: some respondents left some items in the test without answering them [25].  

− Estimation methods: it is the statistical method or method used to estimate the parameter (difficulty, 

ability) [26]. 

− Graded-response model: a non-linear relationship between an individual's ability level and the probability 

of his response at a certain level of grading, which is referred to as the Threshold, which represents the 

trait level necessary for the individual’s response to exceed the different threshold with a probability of 

0.5, and a number of grading levels. The scale is equal to the number of thresholds plus one [27]. 

 

 

2. RESEARCH METHOD 

The experimental approach was followed in conducting the research, as hypothetical data was used 

that simulated the experimental conditions represented by the percentage of missing values and has three 

levels (5%, 10%, and 20%) and the compensation method was represented by simple regression. The use of 

generated data has been resorted to because it allows for the possibility of missing responses from 

individuals, and this is difficult to provide in realistic studies because subjects respond to all items by 

guessing, even if they do not know the correct answer. The generated data also provides many standard 

conditions that are difficult to obtain when using realistic data, including an appropriate distribution of the 

abilities of the subjects, appropriate distributions of the parameters of the items used in the study, as well as 

the appropriate loss in responses in specific proportions. 

 

2.1.  Respondent 

Responses for this study were obtained by following the procedures: 

− Generating a hypothetical sample of respondents with a size of (1,000) individuals, guided by several 

studies [4], [28], which confirmed that this number of examiners is sufficient to obtain appropriate 

estimates of the parameters of the vertebrae, with the least error in the accuracy of the estimate. Whose 

ability follows a normal distribution with an arithmetic mean (0) and a standard deviation (1), using 

(WinGen) software. 

− Generate a virtual test it consists of (50) items whose items follow the GRM using (WinGen) software. 

− Generate responses for individuals in step: to the test and to form a matrix of hypothetical responses, 

using (WinGen) software. 

− Randomly missing values in the response matrix at different rates (5%, 10%, and 20%) using Excel. 

− Handling the missing values in the two tests after performing the missingness using a simple regression 

method using (SPSS) software. 

 

2.2.  Verifying the assumptions of the response theory of the item 

2.2.1. Verify the assumption of unidimensionality 

This assumption was verified by conducting an exploratory factor analysis test based on principal 

component analysis, to find the eigenvalue and the percentages of explained variance for both the first and 

second component, for the original data that was generated as: i) it is clear from Table 1 that the ratio of the 

Eigenvalue of the first factor to the ratio of the Eigenvalue of the second factor reached (10), which is greater 

than (2). Moreover, the percentage of variance explained by the first component is greater than (20%), which 

are indicator that confirms the unidimensional assumption is fulfilled [29]; and ii) in addition, this can be 

observed through the following graphical representation of the underlying roots (scree plot) from Figure 1 

that there is a sharp inflection when there are two factors, which indicates the presence of only one dominant 

characteristic in the scale. 

 

 

Table 1. Exploratory factor analysis for study data 
Source Eigen value Percentages of explained variance (%) 

First component 11.890 23.779 

Second component 1.189 2.378 
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Figure 1. Scree plot for study data 

 

 

2.2.2. Verifying the assumption of local independence 

The assumption of positional independence was verified by entering data into the (R-studio) 

program in the form of a text file for the test consisting of (50) items. The data of which were generated 

through six experimental conditions on a sample of (1,000) respondents for one time. To reveal pair the 

related items by calculating the index (Q3) based on the correlation of their residual. 

Moreover, what is a reference to it, that the local independence is not exposed with the related 

between the items that the test or the scale formed when it is applied to the sample individuals. In addition, 

this is a requirement to obtain a test of high accuracy in the measurement of the feature, which means the 

need for items that are consistent with each other in measuring the trait. The benefit of using IRT models is 

achieved by providing a good match between the mathematical model and the responses of the subjects on 

the scale, and this requires evaluating the goodness of fit through: evaluating the verification of the 

assumptions of the mathematical model in the data, and the goodness of fit of the model’s expectations. 

The idea of good matching of items is based on comparing the mathematical model’s prediction of 

the respondent’s score with the apparent response. This occurs at the level of the scale items together or at the 

level of each item. Many methods are based on examining the fit of items, including Chi-square, Chi-square 

odds ratio, and standardized residuals index. 

The (Q3) test showed that the total number of pairs equals (1,225) pairs, of which only two pairs are 

not independent, with a percentage of (0.16%) of the total pairs. This shows that the number of pairs of 

vertebrae that achieved the assumption of local independence is four times higher than the number of pairs 

that achieved positional dependency, which amounted to (611.3). This is an indication that the assumption of 

local independence has been fulfilled [30]. 

 

2.2.3. Verifying the conformity of the item according to the graded response model 

The matching of items to the GRM was verified based on the probability value of the item matching 

index (S-X2), which is one of the most important indicators of matching in the case of data with more than 

200 respondents [3]. It is clear from Table 1 that the number of items conforming to the graded model is four 

times greater than the number of items that do not conform to the model. This confirms that the assumption 

of local independence has been met. 

It is clear from Table 2 that two items do not conform to the GRM, as the probability value of the 

generalized item conformity index (S-X2) was less than (0.05), and they are items no. 14, 16, and thus it can 

be said the percentage of matching items reached (96%), which is the percentage that will be relied upon later 

to examine the differences in the effect of the percentage of missing values on the matching of items 

according to the graded model. Obtaining this high percentage of paragraphs matching the graded model 

results from the use of generated data, within a set of selected experimental conditions, which is something 

that cannot be obtained by collecting data from studies that are applied in reality. This allows us to obtain 

standard results that can be compared after performing data loss operations, and then treating them 

statistically through the simple regression method. 
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Table 2. Matching values for the scale items before the missing value 
Item no S_X2 df.S_X2 RMSEA.S_X2 p.S_X2 Matching 

x1 276.2785 272 0.003968 0.416429 Matching 
x2 284.5387 299 0 0.716949 Matching 

x3 176.0604 184 0 0.649918 Matching 

x4 218.1462 211 0.005823 0.353314 Matching 
x5 238.7191 209 0.011931 0.07749 Matching 

x6 264.964 276 0 0.6728 Matching 

x7 197.3342 207 0 0.673555 Matching 
x8 209.8006 218 0 0.642697 Matching 

x9 212.5075 202 0.007216 0.292187 Matching 

x10 129.0676 153 0 0.920453 Matching 
x11 239.8659 232 0.005826 0.347534 Matching 

x12 272.4429 244 0.010802 0.101941 Matching 

x13 282.7876 285 0 0.525898 Matching 
x14 312.6927 269 0.012751 0.034471 Not matching 

x15 270.9058 254 0.008162 0.222591 Matching 

x16 271.9202 233 0.012931 0.040771 Not matching 

x17 268.3386 237 0.011505 0.079156 Matching 

x18 281.1455 269 0.006723 0.293017 Matching 

x19 193.493 189 0.004878 0.396074 Matching 
x20 241.7469 241 0.001761 0.474345 Matching 

x21 209.3983 236 0 0.893018 Matching 
x22 288.7023 292 0 0.543542 Matching 

x23 216.1159 282 0 0.998636 Matching 

x24 262.7431 260 0.00325 0.440743 Matching 
x25 229.9161 259 0 0.903118 Matching 

x26 303.8193 282 0.008801 0.177749 Matching 

x27 257.656 250 0.005537 0.356177 Matching 
x28 208.0234 182 0.011964 0.090371 Matching 

x29 264.0471 244 0.009069 0.180425 Matching 

x30 202.6492 218 0 0.764559 Matching 
x31 286.5125 271 0.00757 0.247455 Matching 

x32 190.0199 203 0 0.734075 Matching 

x33 158.0213 153 0.005732 0.373732 Matching 
x34 261.5634 248 0.007399 0.264982 Matching 

x35 307.018 298 0.005504 0.34717 Matching 

x36 271.6856 250 0.009318 0.165347 Matching 
x37 230.9501 224 0.005573 0.360752 Matching 

x38 287.8113 283 0.004125 0.409401 Matching 

x39 117.5492 111 0.007685 0.31713 Matching 
x40 273.9105 293 0 0.781919 Matching 

x41 277.9233 259 0.008552 0.200136 Matching 

x42 211.0586 221 0 0.673035 Matching 
x43 187.0855 204 0 0.796299 Matching 

x44 171.8309 170 0.003283 0.446277 Matching 

x45 201.5333 214 0 0.719826 Matching 
x46 205.1809 184 0.010734 0.135919 Matching 

x47 262.8818 244 0.008801 0.193895 Matching 

x48 224.5918 216 0.00631 0.329971 Matching 
x49 198.3814 171 0.01266 0.074392 Matching 

x50 218.4064 256 0 0.957344 Matching 

 

 

2.3.  Data analysis 

To reach the results of the study, we relied on several preliminary statistical tests, which were 

exploratory factor analysis using the SPSS program, as well as verifying the assumption of local 

independence using the Q3 test. The conformity of the paragraphs to the GRM was also verified based on the 

probability value of the item conformity index (S-X2) through R software. Then the percentage of items, 

matching the GRM was calculated through R software depending on the percentage of the missing value and 

after processing this by simple regression method using the SPSS program. 

 

 

3. RESULTS AND DISCUSSION 

3.1.  Results 

Table 3 displays that the percentage of items matching the graded model reached (94%, 90%, and 

78%) for the missing values percentages (5%, 10%, and 20%) respectively. As it appears to us that there are 

apparent differences in the matching percentages. In addition, to verify the significance of these differences, 

the (Z) test was relied upon to examine the differences between the proportions, through the following 

mathematical as in (1). 
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𝑍 =  
𝑃̂1−𝑃̂2

√𝑝.𝑞̂(
1

𝑛1
+ 

1

𝑛2
)
 (1) 

 

 

Table 3. Conformity values for the scale items after handling missing values 
Ratio missing 

values (%) 

Total number 

of items 

Number of 

matching items 

Number of 

mismatched items 

Percentage of 

matching items (%) 

5 50 47 3 94 
10 50 45 5 90 

20 50 39 11 78 

 

 

Table 4 shows that there are no differences in the percentage of vertebrae matching the graded 

model according to the missing value rates (5% and 10%). This result can be inferred from its Z-test value, 

which reached (0.46 and 1.76), respectively. It is less than the tabular value of (Z) at the level of significance 

(α/2)=(0.025), which is equal to (1.96). It is also clear from the previous table that there are differences in the 

proportion of matching items at the missing value rate (20%), as the calculated (Z) value for them reached 

(2.68), which is greater than (1.96). 

 
 

Table 4. Z-test to examine the differences between the matching percentages depending on the percentages of 

the missing value 
Source Z value at missing value (5%) Z value at missing value (10%) Z value at missing value (20%) 

Original data before missing 

value and handling 

0.46 1.76 2.68 

Significance Not statistically significant Not statistically significant Statistically significant 

 

 

3.2.  Discussion 

The results showed that there were no statistically significant differences in the proportion of 

vertebrae matching the graded model according to the missing value rates (5% and 10%). That is, the 

aforementioned missing value rates did not affect the probability value of the items matching index (S-X2). It 

also did not have a clear effect on the cumulative graded response as one of the requirements of these models. 

The number of non-matching items was relatively small and did not exceed the permissible error rate in this 

type of human study. The results showed that there were statistically significant differences regarding the 

presence of differences in the proportion of matching items at the missing value rate (20%). It is noted that 

the percentage of vertebrae that do not conform to the stepwise model has a direct relationship with the 

percentage of missing values. This can be explained by the imbalance caused by compensating for missing 

values in the cumulative graded response. Compensation for missing values is based on observed responses 

to the item and does not take into account the cumulativeness necessary for the stepwise model. This is 

considered one of the most important requirements of these models, and hence the increase in the percentage 

of missing values shows a lack of cumulative response patterns in more items. This contradicts the expected 

pattern according to the stepwise model and is the direct cause of the item mismatch. 

Thus, the problem of missing values raises many problems, perhaps the most important of which, 

according to several studies [30], [31] is the possibility of missing values reducing the strength of the 

statistical test results (test power). A defect appeared in the cumulative graded response because of the defect 

in the sample size and test length when items and individuals that did not conform to the model were deleted 

[25]. Other problems lie in the bias in estimating the parameters of the scale, especially when estimating 

validity and reliability, which increases the value of the standard error in the accuracy of estimating the 

parameters of the items [1]. Also, the problem of missing individuals’ responses to several test items has an 

expected impact on the accuracy of estimating the parameters of the items and the power parameter, because 

of the defect that occurs in the pattern of response when those values are substituted [3]. The lower 

percentage of data loss maintains the fulfilment of assumptions and the cumulative response to the item better 

than the higher percentages of data loss, according to a study [21]. 

Moreover, the increase in the number of items that do not conform to the graduated model can be 

attributed to the difficulty and strictness of the assumptions that items conform to the model [27]. The 

logistical form of the item response function is the most stringent [20]. In addition, there are many reasons 

behind the items not matching the observed data, such as the presence of more than one dimension behind the 

responses of the sample members, and that the number of features for the items in question in the approved 

model is not sufficient [17]. Moreover, the description curve of the items in question is not increasing, or 
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there is a possibility that the population in question in which the parameters of the items were estimated 

includes a subpopulation that is not homogeneous with the overall population [28]. From a practical 

standpoint, the presence of a large number of items that do not conform to the model. Due to the presence of 

a loss in the collected data, leads to inaccurate estimates of students’ abilities and the parameters of the items 

thus making inaccurate decisions regarding students. 

 

 

4. CONCLUSION 

The study concluded that as the percentage of missing value increased, the percentage of non-

compliant vertebrae became clear and statistically significant, as the percentage of missing value (20%) is 

considered a high percentage and exceeds the statistically permissible percentages. This is what calls for 

relying on nonparametric models to estimate the parameters of items and the abilities of individuals. When 

there are high rates of missing value, as these models are less stringent in verifying their assumptions and 

therefore a large number of items and individuals that do not conform to the model will not be deleted. 

Which makes it more the ability to deal with the cumulative response without disrupting the style of the 

model used. 
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