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1. Introduction 

English is widely used in business, science, technology, and academic discourse, making it a 

necessary skill for professionals hoping to work globally. This has led to a transformation in English 

proficiency that has been a gate gateway to better job opportunities, higher salaries, and international 

mobility [1]. Beyond individual benefits, English has also become a global lingua franca that 

facilitates cross-cultural communication, knowledge exchange, and international collaboration, 

thereby reinforcing its role as a critical competence in the 21st century [2][3], which underscores the 

need for accurate and comprehensive assessments of English proficiency. 
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 Reading comprehension is one of the key skills assessed in English 

language proficiency tests. However, many test items used in schools often 

fail to meet the expected psychometric standards, which can affect the 

accuracy of ability measurement. This study addresses the issue by 

evaluating the psychometric characteristics of the reading skill items in the 

ProTEFL instrument using an Item Response Theory (IRT) approach. This 

study contributes to the development of a high-quality standardized item 

bank for reading comprehension assessment and highlights the usefulness 

of the 4PL model for identifying problematic items. A quantitative 

descriptive method was employed through the analysis of 50 multiple-

choice reading items from the ProTEFL. Responses from 8,038 test-takers 

were analyzed by checking sample adequacy, testing IRT assumptions, 

selecting model fits, and estimating item parameters. The results showed 

that the 4PL model provided the best fit (AIC = 468506.9; BIC = 469905.3; 

logLik = 234053.4), with 43 items meeting unidimensionality, local 

independence, and parameter invariance. About 70% of the items had good 

discrimination power, item difficulty was well distributed between 0 and 2 

logits, pseudo-guessing values were mostly low, and 33% of items exhibited 

high upper asymptotes, indicating a risk of incorrect responses even by 

high-ability test-takers. These findings underscore the usefulness of the 4PL 

model in detecting flawed items and improving item quality. The study 

contributes to the refinement of the ProTEFL reading item bank and 

provides implications for developing valid and reliable language assessment 

instruments. Further research is recommended to apply multidimensional 

IRT models to cover other English language domains beyond reading. 
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English proficiency test is commonly conceptualized as a multidimensional construct that 

encompasses four modalities (reading, listening, speaking, and writing) [4]. Reading comprehension 

is an important part of language proficiency and one of the many requirements that must be fulfilled 

for each skill in the question package. Test questions can be developed as an efficient instrument for 

assessing students' reading proficiency based on a number of reading skills evaluation criteria. English 

proficiency test results are required by many universities as a condition of admission, as a requirement 

for exams, and as a requirement for graduation. Being able to communicate effectively in English is 

considered essential for networking and professional development, as well as a way to compete in a 

more worldwide labor market [5]. This development requires the measurement of language skills for 

students and other professionals. 

There is a significant disparity between university graduates' actual English language proficiency 

and employers' expectations [6]. The challenges for measuring reading literacy skills include the 

influence of teachers' inexperience of the best way to formulate these skills, school facilities with 

regard to the availability of books and topics that are associated with reading, and factors dealing with 

students' starting proficiency from the very beginning [7]. Errors in item writing can make exam 

problems simpler or harder instead of what they might be. While certain errors give unprepared 

students hints that help them estimate the right response, unpleasant, overly complicated, or esoteric 

exam issues hinder prepared students from showcasing their comprehension of the material. In the 

context of the study conducted by [8], the two most frequent mistakes discovered are troublesome 

stems and implausible distractions. 

The challenges presented in creating these reading questions highlight the necessity to analyze 

the quality and appropriateness of the materials used in reading literacy tests. The purpose of this 

assessment is to guarantee that the questions used accurately measure the required ability and not other 

unrelated factors (construct-irrelevant). When it comes to assessing language proficiency, mistakes in 

item drafting affect the test's validity and reliability in addition to its fairness. 

Item Response Theory (IRT) is a popular method for doing an in-depth analysis of item quality. 

This theory offers advantages over Classical Test Theory (CTT) because it can independently estimate 

item parameters and participant ability, and provides richer information about the characteristics of 

each item [9]. IRT can also be applied in assessment systems that can automatically and accurately 

estimate ability scores [10]. Furthermore, IRT's capacity to distinguish between test difficulty and 

ability scores is one of its key benefits. Thus, ability estimates stay the same even when test takers' 

results may change based on the test's complexity [11]. 

IRT is a set of latent variable models widely used in the development of educational and 

psychological tests, such as standardized exams, personality tests, and certifications [12] and it also 

applied in international large-scale assessments (e.g., PISA, TIMSS) [13][14]. IRT is also frequently 

used to estimate student performance on college tests [15]. Specifically, in language assessments, such 

as reading, writing, listening, and speaking, IRT can help identify whether the test measures only one 

dimension or several dimensions simultaneously. For example, [16] used IRT to analyze the 

characteristics of English final exam items at SMA Negeri 5 Malang. By taking into account the 

characteristics of each item against the construct being measured, IRT allows for more precise and 

accurate ability measurement results, especially in identifying individual participant competencies 

[17]. 

Previous research has examined the psychometric characteristics of the ProTEFL listening 

section using IRT up to the 3PL model [18]. While these studies provide valuable insights into item 

functioning, they do not capture the upper asymptote effect, which accounts for the possibility of high-

ability participants providing incorrect responses due to carelessness or other non-cognitive factors. 

To address this limitation, the present study focuses on the reading subtest and employs the 4PL 

model, thereby extending previous ProTEFL investigations and offering new contributions to the 

development of more reliable language assessment instruments. 

Spesifically, this study aims to evaluate the quality of test items in the reading comprehension 

subdomain of the Proficiency Test of English as a Foreign Language (ProTEFL), an English 
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proficiency examination developed by the Language Development Center of Yogyakarta State 

University (UNY). Considered equivalent to the TOEFL, ProTEFL scores are widely used to predict 

students’ TOEFL performance and serve as a graduation requirement at UNY [19]. The test assesses 

three subdomains of English: listening comprehension, structure and written expression, and reading 

comprehension. Each section consists of 50 multiple-choice questions, which must be completed 

within two hours [20]. 

Given its function as a high-stakes test for graduation, the quality of ProTEFL items is critical. 

However, test items, particularly in the reading comprehension subdomain, may vary in quality due 

to challenges in item-writing practices, alignment with intended constructs, or contextual factors in 

language learning. Conducting item analysis using IRT provides an opportunity to examine item 

parameters more rigorously and to refine the ProTEFL item bank. This analysis is both urgent and 

timely to ensure that ProTEFL maintains validity and reliability comparable to other standardized 

English proficiency test. Prior research, such as the development of the University Reading and 

Comprehension Strategies Assessment (URCSA), showed that IRT analysis provides strong evidence 

of reliability, internal validity, and sensitivity in identifying strengths and weaknesses in students’ 

reading skills [21].  

The findings of this study are expected to support the development of a more valid, reliable, and 

representative assessment of reading comprehension. Moreover, refining the ProTEFL item bank 

benefits multiple stakeholders: students, by ensuring fairer and more accurate evaluations of their 

ability; test developers, by providing empirical evidence for item revision; and institutions, by 

upholding the credibility of ProTEFL as a standardized assessment instrument. 

2. Method 

This research is an exploratory descriptive study with a quantitative approach aimed to evaluate 

the psychometric characteristics of reading ability items. This type of research is widely adopted and 

valuable, providing data summaries and interpretations [22]. The main focus of this study is to 

estimate item parameters using an IRT model and analyze the quality of the reading ability instrument 

based on these estimation results. The overall procedure of this research followed several sequential 

stages, as illustrated in Fig. 1. 

 

Fig. 1. Research flowchart 
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2.1. Subject and Data 

The data were obtained from responses of 8.038 ProTEFL test-takers, consisting of 

undergraduate students from various faculties at UNY who took the test as part of their graduation 

requirement. This instrument is commonly used to measure English language skills of students and 

lecturers on college. Each participant completed 50 multiple-choice items in the reading 

comprehension section. The reading comprehension questions consist of short to medium-level texts 

followed by literal and inferential comprehension questions. 

2.2. Proposed Method 

Data analysis was conducted through several systematic stages to ensure that the data met the 

requirements of the IRT approach and to determine the best IRT model suited to the data 

characteristics. To ensure the validity of the results, all stages of the analysis were conducted using 

RStudio, supported by a specialized analysis package such as “psych” and "mirt" [12]. 

● Sample adequacy was checked using the Kaiser-Meyer-Olkin (KMO-MSA) test and data 
homogeneity using Bartlett's test. If the KMO-MSA value is >0.5 and the Bartlett's 
significance test is <0.05, then the data meets the requirements for further IRT assumption 
testing [23]. 

●  IRT assumption testing needs to be met before selecting an IRT model. The assumption of 
unidimensionality of the data, meaning all items measure the same construct, is tested using 
factor analysis (FA) or principal component analysis (PCA) to ensure the dominance of one 
main factor [24][25]. The assumption of local independence, which requires participants' 
responses to one item to be independent of other items, can be considered if the 
unidimensionality assumption is met [26]. The invariance assumption is verified by 
estimating item parameters across different groups of test takers. The estimation results are 
presented in the form of a scatterplot. If the points on the scatterplot are close to the line 
passing through the origin with a slope of 1, or indicate highly correlated items, then the 
parameters are considered invariant [27][28]. 

●  IRT model selection was performed by comparing the fit between five IRT models: Rasch, 
1-Parameter Logistic (1PL), 2PL, 3PL, and 4PL. The selection of the best model was based 
on three main indicators: the Akaike Information Criterion (AIC), the Bayesian Information 
Criterion (BIC), and the log-likelihood (logLik) [29]. Furthermore, the evaluation of the 
significance of the improvement in fit between nested models was reviewed using the 
Likelihood Ratio Test (LRT) [30]. This test produces a standardized chi-squared statistic 
(𝑆𝜒2) [31], degrees of freedom (df), and a significance value (p-value). The model with the 
lowest AIC and BIC, the highest log-likelihood, and a significant improvement in fit based 
on the LRT was selected as the best model for parameter estimation. 

● Item parameter estimation. The best model was then used to estimate the item parameters of 
the reading ability test. In this study, the 4-PL model [32] was selected as the most appropriate 
model, which estimates four item parameters: (𝑎) discrimination power, (𝑏) item difficulty, 
(𝑐) pseudo-guessing, and (𝑢) upper asymptote. This makes the 4PL particularly suitable for 
analyzing reading comprehension items, where misinterpretation of text or distraction can 
occur even among proficient test-takers. The criteria for good item parameters are presented 
in Table 1. 

Table 1.  Item parameter criteria in the 4PL IRT model 

Parameter Thresholds 

𝑎 Range from 0 to 2 [33] 

𝑏 Range from -2 to 2 [34] 

𝑐 Smaller values (approaching 0) [26] 

𝑢 Does not deviate significantly from other u-parameters [35] 
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● Evaluation of the Test Information Function (TIF) and Standard Error of Measurement (SEM) 
was carried out as a final stage to see how much and how accurate the information provided 
by all tests is in the range of participant abilities [36]. 

3. Results and Discussion 

3.1. Data Feasibility Testing 

Before testing the IRT assumptions, data suitability was first tested using KMO-MSA and 

Bartlett's Test of Sphericity. These analyses were conducted using the KMO() and cortest.bartlett() 

functions from the psych package in R. The test results are presented in Table 2. Based on Table 2, 

the feasibility test results show a KMO value of 0.9, which meets the requirement of > 0.5, and the 

Bartlett's test results with a p-value = 0.000 (p < 0.05), indicating that the response data of 8,038 test 

participants who answered the reading ability questions showed a sufficient inter-item correlation and 

met the elements of sample feasibility and data homogeneity [37][38]. This is further reinforced by 

[39][40] that the higher the KMO-MSA value and the more significant the Bartlett's [41], the better 

the factor analysis determination. Furthermore, this proof of feasibility provides a strong basis for 

conducting IRT assumption test analysis [42]. 

Table 2.  Sample feasibility test results 

Testing Result 

KMO − MSA 0.9 

Bartlett′s Khi-suqared = 25255 

 Degree of freedom = 1225 

 p-value = 0.000 (< 2.2e-16) 

 

3.2. IRT Assumption Testing 

Testing the IRT assumptions begins with a unidimensional analysis of the data. Participant 

response data must have one dominant component, indicated by the largest eigenvalue. A common 

rule of thumb is that the eigenvalue of the first contrast (i.e., the second component) should be less 

than 2.0, indicating that the residual variance does not form a meaningful secondary dimension [43]. 

This criterion supports the interpretation that the test items collectively measure a single dominant 

latent trait. This test is performed using PCA on the residual matrix [44][45]. The eigenvalue results 

from the PCA with RStudio are shown in Table 3. Table 3 shows that participants' responses to the 

reading ability questions yielded six components, with one dominant component having an eigenvalue 

of 4.59. The second and subsequent components ranged from 1.09 to 1.54. The ratio between the first 

and second components was 3.05, indicating that the first component was the most dominant. This is 

also supported by the cumulative percentage of the six components, which is 25.52%, which aligns 

with the concept proposed by [28] that the IRT unidimensionality assumption is considered met if the 

cumulative percentage of the components exceeds 20%. In addition, the proof of the assumption of 

data unidimensionality was also carried out using the factor analysis method and the results were 

presented in the form of a scree plot (Fig. 2).  

Examining the scree plot in Fig. 1 reveals only one dominant factor in the reading ability test 

(eigenvalue greater than 4). Furthermore, the other two factors also contribute small eigenvalues to 

the explained variance component. Fig. 1 also shows that the eigenvalues begin to plateau from the 

fourth factor onward. These results show that the response data for reading ability questions only 

measures one factor, which is then referred to as a dimension. The results of the scree plot of factor 

analysis have provided visual information that the response data of the reading ability test participants 

used in this study have one dominant component [46]. This analysis aligns with [47], who emphasized 

the importance of understanding the dimensionality of data from language ability measurements in 

the IRT approach. 

After the unidimensional assumption is met, the next step is to test the local independence 

assumption. In its proof, local independence can be met if the participant's answer to one item does 
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not affect their answer to another item [48]. However, the practice in this study refers to [26], who 

stated that when the unidimensional assumption is met, local independence is also obtained. This is 

based on the concept that local independence is obtained from a predetermined complete latent space, 

namely when all ability dimensions that influence test performance have been taken into account. 

Furthermore, we tested the parameter invariance assumption, a characteristic assumption in IRT that 

differentiates and addresses the weaknesses of classical test theory [27]. The parameter invariance 

assumption was tested by estimating the parameters on different groups of test takers, in this case, 

categorized as odd-even. The results of this estimation were then presented in the form of a scatter 

plot, as shown in Fig. 3.  

The scatter diagram points in Fig. 3 approach/follow the straight-line pattern 𝑦 =  𝑥. The line 

𝑦 =  𝑥 is indicated by a red straight-line curve that passes through the origin (0,0) and has a gradient 

= 1. This result indicates that the reading ability test items have fulfilled the invariant assumption 

element [28]. In addition to item parameters, the invariance of ability parameters also needs to be 

proven. In the same way, the invariance of ability parameters is proven by classifying the item 

division, in this study the items are categorized into odd-even and the results of the invariance 

assumption can be seen in Fig. 4. To strengthen the evidence, this study also conducted a correlation 

analysis as another method for reviewing parameter invariance. The results of the positive correlation 

of each parameter tested are presented in Table 4. Referring to the three previously proven IRT 

assumptions, the information obtained indicates that the response data from 8,038 reading ability test 

participants met the IRT assumptions. Therefore, it can be concluded that the data used is suitable and 

ready for analysis to assess the quality of the instrument using the IRT approach. 

Table 3.  PCA results 

Component Eigenvalue Variance percent Cumulative variant percent 

1 4.59587 11.068806 11.06881 

2 1.546353 3.596169 14.66497 

3 1.310134 3.046824 17.71180 

4 1.147792 2.669283 20.38108 

5 1.115687 2.594621 22.97570 

6 1.093863 2.543867 25.51957 

 

 

Fig. 2. Scree plot of FA and PCA results 
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Fig. 3. Item parameter invariance results (a, b, c) 

 

Fig. 4. Results of invariance of participant ability parameters 

Table 4.  Parameter invariance correlation results 

Parameter Correlation 

Discrimination power (a) 0.855 

Item difficulty (𝑏) 0.954 

Pseudo-guessing (𝑐) 0.884 

Ability 0.696 

 

3.3. IRT Model Fit Test 

After the IRT assumptions are met, the analysis using the IRT approach begins by testing the fit 

of the data to five tiered IRT models, namely Rasch, 1PL, 2PL, 3PL, and 4PL [49]. Table 5 shows the 

results of the suitability test of the reading ability instrument model against the five models which are 

the basis for selecting the best model for estimating the item parameters. Based on Table 5, it was 

discovered that the 4PL model performed the best at capturing the data, as seen by its lowest AIC 

value (468506.9), slightly higher BIC (469905.3), and highest log-likelihood (-234053.4). The LRT 

test [52], which demonstrated that each additional parameter from a simpler model to a more 
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complicated model led to a statistically significant increase in model fit, further corroborated these fit 

results. The chi-square value (𝜒2) in the 4PL model was 104.677 with df = 50 and p < 0.001, indicating 

that although the increase in fit from 3PL to 4PL was relatively small compared to the difference in 

the previous model, the increase was still statistically significant. Meanwhile, the comparison test 

between the Rasch and 1PL models is not shown further because both have identical logLik values, 

so the difference cannot be tested statistically (df = 0; 𝜒2 is invalid). 

While global model fitting (AIC/BIC/logLik) is important, it only indicates overall model fit. The 

item fit method, on the other hand, provides information on how well each item fits the IRT model. 

Additional evaluation was conducted on the item fit of each model using standardized chi-square 

(S𝜒2), as was done by [53]. The results showed that the 4PL model produced the highest number of 

fit items compared to the other models, namely 43 out of 50 items. Based on this, the 4PL model was 

selected as the best model for item parameter estimation in this study. This also takes into account the 

characteristics of large response data [54][55], which is sufficient for use in advanced IRT models 

with stability and accuracy. The 4PL model is an extension of the 3PL model [56], which assumes 

that high-ability participants can still answer incorrectly due to factors such as carelessness, as 

indicated by an upper asymptote parameter that is not equal to one [35]. The choice of this model is 

an advantage of IRT because it allows estimation of participant ability from any combination of 

available items, provided the selected model fits the data [11]. 

Table 5.  Summary of data fit comparison against five IRT models 

Model AIC BIC logLik 𝝌𝟐 df p-value Item count 

Rasch [50] 475276.2 475632.8 -237587.1 - - - 5 

1PL [51] 475276.3 475632.9 -237587.1 -0.103 0 NaN 5 

2PL [51] 470729.6 471428.8 -235264.8 4644.709 49 <0.001 21 

3PL [34] 468511.6 469560.4 -234105.8 2318.021 50 <0.001 42 

4PL [32] 468506.9 469905.3 -234053.4 104.677 50 <0.001 43 

 

3.4. Distribution of Item Parameters 

After the IRT model was determined, an analysis was conducted to review the characteristics of 

the reading ability items. Item characteristics were described from 43 items that met the fit criteria 

based on the 𝑆𝜒2 (𝑝 > 0.05). Therefore, Fig. 5 presents the distribution of the estimated results for 

each item parameter, focusing on the 43 items that fit the 4PL model. Based on Fig. 5, 13 of the 43 

items (30%) had an 𝑎-parameter of more than 2, thus failing to meet the ideal criteria. An a-parameter 

hat too high suggests that the item is too sharp and over-discriminating, which risks making the 

estimation of participants' abilities unstable or focusing too much on small differences in participants' 

abilities. Meanwhile, the majority of the remaining items (70%) fell within the ideal discriminatory 

power range, with the highest concentration at 𝑎-parameter of 1.0 to 1.5. These items demonstrate 

fairly good and realistic discriminatory power [33] in the context of a reading ability test. Although 

most items have good discriminatory power, the presence of items with high 𝑎-parameter indicates a 

potential imbalance in the test characteristics, and some of these items require substantial review to 

maintain the quality of the instrument and measurement results. 

Furthermore, for the item difficulty level parameter (𝑏), Fig. 5 shows that the distribution of 

parameter estimates is quite spread out, concentrated in the range of 0 to 2. However, a more detailed 

analysis reveals that there are 6 items (around 14%) that have a 𝑏-parameter value greater than 2. This 

indicates that these items tend to be too difficult for the majority of participants. This can reduce the 

effectiveness of the items in measuring participants' abilities evenly, especially if the majority of 

participants are at a medium level of ability. Meanwhile, no items were found with a 𝑏-parameter 

value less than -2. This indicates that no items are too easy. The fairly wide distribution of 𝑏-parameter 

and the dominance of medium to high levels of difficulty illustrate that this reading ability instrument 

is more accommodating to measuring participants with intermediate to high abilities. 
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The distribution of the pseudo-guessing parameter (𝑐) as shown in Fig. 5 shows that most items 

have very low 𝑐-parameter, close to 0. This is a good sign because it indicates that the probability of 

participants answering correctly randomly (guessing) is very low, which ultimately increases the 

validity of measuring the participants' true ability. The peak of the distribution is also very close to 0, 

which illustrates the effectiveness of the items in minimizing the guessing factor. However, there are 

several items with c-parameter above the acceptable limit for items with 5 answer options, namely 

0.2. These items require special attention because they are indicated as items that are too easy to guess, 

and may not be effective in differentiating participants' abilities because luck plays a large role. These 

items should be re-evaluated, possibly revised or removed. 

Meanwhile, for the distribution of the upper-asymptote parameter (𝑢) in Fig. 5, it can be seen 

that this parameter indicates the maximum probability of a participant answering an item correctly, 

even if the participant has high ability. In this analysis, a minimum limit of 0.9 was used as a practical 

reference. The distribution results show that the majority of items (67%) have a 𝑢 value ≥ 0.9, which 

indicates that the probability of participants with high ability answering correctly is close to perfect. 

However, there are 14 items (33%) that have a 𝑢-parameter below the 0.9 limit. This indicates that 

even though participants have high ability, there is still a possibility of not being able to answer the 

item correctly. This possibility could occur due to factors such as carelessness, question ambiguity, 

unrepresentative item content, or other non-cognitive factors. This is in line with the findings of [35] 

that the 4PL model can help identify flawed items due to construct-irrelevant variance. Revising or 

replacing such items is crucial to ensure that the ProTEFL reading subtest accurately measure 

proficiency rather than test-taking strategies or carelessness. However, in this study the distribution of 

the 𝑢-parameters still shows a positive trend because there are no items with extremely low 𝑢-

parameter. The 𝑢-parameter are generally still within the acceptable range for academic measurement. 

After estimating the item parameters, the next step is to evaluate the TIF. The TIF analysis aims 

to determine the extent to which the reading ability instrument provides accurate information in 

measuring test takers' abilities at various ability levels. Using 43 items that have been found to fit the 

4PL model, the TIF was analyzed to determine which ability ranges were measured with high accuracy 

and to what extent the test was effective in differentiating participants at specific ability levels. In 

addition to the TIF, an SEM graph is also included which provides an overview of the magnitude of 

measurement error at each ability level. SEM has the best relationship with TIF. Ideally, when the test 

information is high, the SEM is lower, indicating a more accurate measurement. The following graphs 

present the TIF and SEM results. 

The blue curve in Fig. 6 is a TIF graph showing the maximum information from the reading 

ability instrument, which is in the theta (𝜃) range of around +2 logits, where the information value is 

close to 20. This indicates that this reading ability test has high measurement accuracy for participants 

with high abilities, especially at above-average levels. Conversely, the measurement information 

decreases sharply in the 𝜃 <  0 range, meaning this test is less accurate in measuring participants with 

low abilities. This is supported by the SEM curve which shows the lowest point of measurement error 

of < 1 at θ around +2 logits. In addition, the TIF and SEM curves can be seen to intersect visually at 

around θ = -2 and θ = +4. These points indicate the limits of the instrument's effectiveness, confirming 

that the optimal range of abilities that can be measured by this reading ability instrument lies between 

these two points. This is in line with [57] who stated that the theta (𝜃) range generated from the TIF 

and SEM curves indicates the extent of the test participant's abilities that can be measured by the 

instrument. It is important to note that the abilities of all test participants are not at the same level [58] 

[59]. 

This TIF pattern supports the information generated from item parameter estimation. The item 

difficulty ranges from 0 to +2 (mid-to-high proficiency), the low probability of guessing items, and 

the upper-asymptote parameter, indicating that high-ability participants could only actually answer a 

few difficult items almost perfectly, are further reinforced by the TIF graph, which reflects that the 

reading ability instrument was designed to provide accurate measurements for test takers with mid-

to-high proficiency, rather than for those with low proficiency. Given that this test is used in the 

context of selection or meeting specific requirements (e.g., graduation or program acceptance), the 
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dominant measurement focus on the positive 𝜃 range is considered relevant. Most items fall within 

the positive θ range, causing the test to be unbalanced in measuring low proficiency. The exclusion of 

the low θ range is not a weakness; rather, it further demonstrates that this instrument was designed to 

distinguish participants with mid-to-high proficiency, in line with the academic function of the English 

proficiency test. Therefore, this reading ability instrument is indeed more suitable for use in the context 

of selection or certification rather than for initial diagnostic purposes. 

The findings of this study indicate that the 4PL model is capable of capturing variation not 

covered by the 1PL to 3PL models, namely identifying and eliminating items susceptible to guessing 

behavior [29]. The reason for using this model is not only due to statistical fit, but also because the 

4PL model is successfully identified careless responding and items with construct-irrelevant variance 

in cognitive assessments [17]. The superior fit of the 4PL model in this study highlights its potential 

to advance language assessment research in Indonesia, where most item analyses have been limited 

to Rasch, 2PL, or 3PL models. Thus, the measurement will provide more accurate results, and the 

resulting scores will truly represent the test taker's reading ability more fully, compared to using only 

the simpler IRT model. 

Responses that do not reflect true ability, such as correct answers due to guesswork and incorrect 

answers due to carelessness and inattention, pose a significant threat to the validity of test data and 

psychometric measurements because they can lead to erroneous ability estimates [60][61]. This study 

addresses [62] suggestion to empirically test the superiority of the 4PL model. The results show that 

the 4PL model considers the possibility of incorrect answers in high-ability participants, resulting in 

more accurate ability estimates. This is particularly relevant considering that a previous study by [63] 

showed that careless responding is a common problem in large-scale tests and can lead to distorted 

results if not modeled appropriately. Utilizing the 4PL model can provide more accurate ability 

estimates in the context of mass measurement tests. Thus, the 4PL model can provide new insights 

into the characteristics of the measurement instruments used [64]. The potential application of the 4PL 

model is wide open in the development of adaptive tests and more precise ability measurements due 

to its flexibility in modeling the upper limit of the probability of participant success. 

  

  

Fig. 5. Distribution of estimated a, b, c, and u parameters based on the 4PL model 
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Fig. 6. TIF and SEM graphs 

4. Conclusion 

This study aims to evaluate the psychometric characteristics of reading ability items on the 

ProTEFL instrument using an IRT approach. To achieve this objective, a sample data feasibility check 

was carried out, IRT assumption testing, IRT model selection, and item parameter estimation were 

carried out. The results of the study indicate that the IRT 4PL model is the most suitable framework 

for analyzing ProTEFL reading comprehension items, as it provides richer diagnostic information than 

simpler models based on the AIC, BIC, log-likelihood, and standardized chi-square (S𝜒2) indicators. 

Of the total 50 items analyzed, 43 items were declared to fit the 4PL model and have met the 

assumptions of unidimensionality, local independence, and parameter invariance. The item 

parameters analyzed showed that the majority of items (70%) were within the ideal discrimination 

range, no items were too easy because the distribution of difficulty levels was quite spread 

(concentrated in the range of 0 to 2), most items had good pseudo-guessing parameter values because 

they were very low, and as many as 33% of items were indicated as not being able to be answered 

correctly by high-ability participants due to carelessness, question ambiguity, and other non-cognitive 

factors. It is recommended that ProTEFL test developers regularly conduct IRT-based item analyses 

to monitor item quality. Items with extreme discrimination indices, excessive difficulty, or low upper 

asymptote should be revised or replaced to maintain the fairness and accuracy of the test.  

These findings have important implications for constructing competency-based English language 

proficiency test instruments and can be used to develop a standardized ProTEFL question bank. The 

IRT approach with the 4PL model has also been shown to capture phenomena such as identifying 

items that are likely to be incorrectly responded to by even highly proficient participants. However, 

this study has several limitations, such as the English language proficiency domain, which only covers 

reading and not the entire ProTEFL test instrument. Future studies should extend the analysis to other 

ProTEFL subdomains (listening and structure), to provide a more holistic psychometric evaluation. 

Further exploration of multidimensional IRT models or adaptive testing approaches may also offer 

deeper insights into language proficiency measurement. 
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