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Advancements in technology and computer-based testing has allowed for greater 

flexibility in assessing examinee knowledge on large-scale, high-stakes assessments. Through 

computer-based delivery, cognitive ability and skills can be effectively assessed cost-efficiently 

and measure domains that are difficult or even impossible to measure with traditional paper and 

pencil assessments. Current educational methodology focuses on providing realistic problems for 

examinees to connect knowledge, processes, and strategies to finding a solution. As large-scale 

assessment programs move away from a paper-based format to computer-based delivery they are 

beginning to investigate and incorporate innovative item types. 

A contemporary measurement technique widely used by large-scale assessment programs 

to model examinee data is Item Response Theory (IRT). There are several key assumptions in 

IRT that must be fulfilled to ensure item and examinee parameter estimates are valid. Local item 

independence is one critical assumption that is directly related to the estimation process. When 

this assumption is violated, and not accounted for during item calibration and latent ability 

estimation, bias in parameterization can be introduced.  

The purpose of this study is to explore the effects that two scoring strategies have on the 

residual covariance structure on an assessment of reading comprehension. Analyzing the residual 

covariance of item scores can be used as an indicator of departure from unidimensionality and 

item independence. What is being measured is the degree to which the violation of 

dimensionality is small enough to be insensitive when estimating item parameters. Though, no 

assessment strictly satisfies the assumption of unidimensionality. Any nuisance factors that are 

not detected in a test for dimensionality could eventually accumulate in the model-fit statistics. 



 

Even if the assumption of unidimensionality is met it is important to identify items displaying 

dependency and finding ways to handle this issue.  

Results from this dissertation suggest that when items are scored as unique measurement 

opportunities, items within a contextual-based assessment display item dependency. The degree 

of item dependency by a subset of items is a factor on internal reliability estimation but does not 

impact unidimensional data structure. However, the impact of item dependency on testlet 

information differs between scoring method and calibration model. When a high degree of item 

dependency is present, testlet information is overestimated when scored as unique measurement 

opportunities. Estimations of examinee ability are highly correlated no matter which scoring 

method or IRT model is used. 
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CHAPTER I: INTRODUCTION 

This chapter begins with an introduction to two item formats used by large-scale 

assessment programs – selected-response and innovative items. Changing theories in educational 

standards and advancements in technology has caused a shift in the assessment industry to 

incorporate innovative items to measure more complex constructs. Unlike traditional selected-

response items, innovative items can introduce challenges in scoring and scaling that might cause 

issues within a unidimensional trait that need to be considered. Two measurement theories – 

Classical Test Theory (CTT) and Item Response Theory (IRT) can address some of these 

measurement issues that innovative items potentially pose. IRT is a more robust measurement 

theory that can address several problems that cannot be addressed with CTT.  

There are several key assumptions in IRT that must be fulfilled to ensure item and 

examinee parameter estimates are valid, such as local item independence. Researchers, such as 

Yen (1984), have described some statistical indices that can inform a practitioner when this 

specific assumption has been violated. As will be discussed in the ensuing chapters, innovative 

items have the potential to violate item independence due to sources described by Yen (1993). 

When this assumption is violated, unintentionally or intentionally, and not accounted for during 

item calibration and latent ability estimation, bias in parameterization can be introduced.  

Item Format 

Since the 1950s, the format of educational standardized assessments has been mostly 

paper-based with selected response items being the bulk of the format. The Army Alpha and Beta 

intelligence assessments used during World War I to classify recruits was the advent of large 

scale testing using selected response items (Clarke, et al., 2000). By the 1930’s, large school 

districts were using selected response tests of intelligence to track students, and with the 
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development of the high-speed scanner in the 1950’s, which reduced the cost of scoring selected 

response items and increased efficiency, standardized testing proliferated (Clarke, et al., 2000). 

Selected response items have been the format of choice for large-scale and/or high stakes 

assessments because they have a long history of use with volumes of research on their reliability 

and validity in assessing examinee knowledge, skills, and abilities. This is further evident with 

the readily accessible guidelines for item development, concrete techniques in statistically 

analyzing selected response items, and methods to measuring higher order thinking skills.  

Emerging trends in assessments intended to measure complex content such as multi-step 

problems, effective writing, or defending an argument may lend themselves to more nuanced 

analysis methodologies. Advancements in technology and computer-based testing has allowed 

for greater flexibility in assessing examinee knowledge on large-scale, high-stakes assessments. 

Through computer-based delivery, cognitive ability and skills can be effectively assessed cost-

efficiently and measure domains that are difficult or even impossible to measure with traditional 

paper and pencil assessments. Current educational methodology focuses on providing realistic 

problems for examinees to connect knowledge, processes, and strategies to finding a solution. As 

assessment programs move away from a paper-based format to computer-based delivery they are 

beginning to investigate and incorporate innovative item types. 

Innovative items have the potential to increase examinee engagement, expand the 

measurement of a construct, and improve measurement precision. Traditional selected-response 

items typically have 4 – 5 answer options whereas innovative items vary in format and typically 

consist of a series of related tasks that are presented to examinees. For example, innovative items 

could require an examinee to select and move options around in different ways, such as moving 

information into a graphic or placing information in sequential order (drag and drop), select areas 
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within a graphic (hot spot), select areas within a table (match interaction), or create a bar graph 

or histogram by adjusting bar height up and down (graphing). Examinee response(s) or action(s) 

are then scored. Though these items might require examinees to interact within a response space 

instead of toggling a correct answer choice, many of these items are variants of the traditional 

selected-response item. 

There are several factors to be considered when evaluating the utility of introducing 

innovative items on an assessment such as the cost to develop and coverage of content in 

accordance to the construct domain (Davey & Pitoniak, 2006; Geisinger, 2016). Usability is the 

amount of time an examine must invest in the item to produce a response. When innovative 

items are context-dependent there is additional time that the examinee must invest outside of the 

measured response or action. This is problematic if the assessment is timed which could lead to a 

reduction in measurement opportunities to time spent ratio (Bennett et al., 2003; DeVore, 2004). 

To ensure a construct domain is well represented on an assessment, subject matter experts often 

use item formats that allow for the collection of several measurement opportunities in a context-

dependent situation. How well an innovative item enhances the measurement of a construct and 

provides evidence for its utility on an assessment is a primary criterion for use (Russell, 2016). 

Scoring Innovative Item Types 

Innovative item types can have multiple instances of examinee interaction, or 

measurement opportunities. Captured responses can be scored based on a scoring evaluator that 

transforms responses into a score(s) (Luecht, 2007). The response environment could dictate if 

the scoring evaluator creates binary scores, patterns of binary scores, ordinal (integer) scores, or 

continuous values (Luecht, 2007). The choice of scoring evaluator can impact the choice of IRT 

model that is used.  
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In the assessment industry, there are two commonly used scoring evaluators, algorithmic 

and rule-based scoring. Scoring of open response items (verbal or written) is usually performed 

through an algorithmic mechanism. Complex rubrics or human rater scoring of open response 

items are used to “train” a computer to score via algorithmic processes. For example, examinee 

responses are evaluated for context and structure then compared against scoring algorithms. 

Based on an examine response, no credit, partial credit, or full credit is administered.  

Measurement opportunities that have a correct response or a sequence of correct 

responses, a rule-based system using a set of Boolean rules to operationalize the actions is 

preferred when evaluating responses (Luecht, 2001, 2005).  A scoring evaluator compares 

examinee responses to a stored key(s) and scores the item based on predetermined rules. These 

predetermined rules could score each measurement opportunity independently creating a 

dichotomous string of scores or sum scores of grouped items to produce a polytomous score.  

Measurement Theory 

Classical test theory (CTT) is an approach to measurement that analyzes an examinee’s 

observed score on an assessment to the expected score, or “true” score. True score is the 

measurement of a construct without error. This can be expressed as 𝑋 = 𝑇 + 𝐸, where X is an 

examinee’s observed score, T is the true score, and E is the random error score (Spearman, 1904; 

Novick, 1966). Examinee random error can be caused by a myriad of reasons such as motivation, 

anxiety, or environmental distractions. The average random error of all examinees is the 

collective standard error of measurement of the assessment.  

In CTT, item analysis is dependent on the total test score, examinee responses, item-total 

correlation, and reliability of the assessment (Impara & Plake, 1997). The percentage of correct 

responses to an item is a measure of item difficulty. The frequency of responses to answer 
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options are used to examine the usefulness of distractors (incorrect answer options). The item 

discrimination is dependent on overall scores and examinee responses. A limitation of CTT is 

that the statistics that describe the items are sample dependent (Hambleton, 2000).  This sample 

dependency of item characteristics can limit the valid development of assessments and 

complicate analyses (Hambleton & Jones, 1993). 

Item response theory (IRT) provides a set of powerful mathematical models that 

strengthen CTT by emphasizing the cognitive science in mental measurement. IRT models 

estimate statistical features of measurement stimuli, such as item difficulty and discrimination, as 

well as examinee cognitive proficiency (Osterlind, 2010). Unlike CTT, item measurement 

characteristics and examinee latent ability are estimated independently of any particular 

examinee or assessment item. In addition, IRT models place item and examinee ability estimates 

on the same measurement scale.  Furthermore, item characteristics such as difficulty and 

discrimination, and examinee characteristics, such as latent ability, can be used in IRT models to 

determine the probability of a correct response (Nering & Ostini, 2010). Zenisky et al., (2002) 

states “the probability that an examinee will provide a specific response to an item is a function 

of the examinee's location on 𝜃 and one or more parameters (depending on the IRT model 

chosen) describing the relationship of the item to 𝜃.” 

There is a suite of IRT models that a practitioner can select from which offer flexibility 

on modeling examinee ability-performance relationships and analyzing different item formats. 

The normal ogive function and logistic function models are the most prevalent in educational 

measurement. The logistic model has some computational advantages over the normal ogive 

model and is more commonly used, though neither one fits mental assessment data better than 

the other (Lord, 1980). Unidimensional IRT models are categorized based on the response space 



 6 

being analyzed. Two main classes of unidimensional IRT models are dichotomous and 

polytomous IRT models.  

Dichotomous models are used to analyze binary items, such as selected-response, and 

polytomous models are selected to analyze items with multicategory scoring to allow for partial 

credit, such as is the case for open response items (constructed and extended response). What 

characterizes the dichotomous models are the number of item parameters specified. The one 

parameter logistic model (1PL) assumes items have equal discriminating power and guessing is 

minimal so all items in an assessment only differ by their difficulty. The two-parameter logistic 

model (2PL) also measures item difficulty and includes a discrimination parameter, or slope 

parameter. Instead of having a fixed discrimination parameter like the 1PL model, in the 2PL 

model it varies between items. As the discrimination parameter increases in magnitude this 

indicates how well the item can distinguish between high-achieving and low-achieving 

examinees. Lastly, the three-parameter logistic model (3PL) includes a pseudo-guessing 

parameter in addition to a difficulty and discrimination parameter. The guessing item parameter 

is the probability that an examinee with very low ability will get the item correct due to guessing.  

Polytomous models are used for the analysis of items consisting of two or more score 

categories. These models allow for measurement information across a wider range of the ability 

scale (Nering & Ostini, 2010). There are two main families of polytomous models available to 

practitioners, the “divide-by-total” and “difference models” (Thissen and Steinberg, 1986). The 

Partial Credit (Masters, 1982), Generalized Partial Credit (Muraki, 1992), and the Rating Scale 

(Andrich, 1978) models fit under the divide-by-total family since the models expression are an 

exponential divided by a sum of exponentials. The generalized partial credit model is a 

commonly used model when examinee data is scored in terms of the number of steps completed 
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in solving a problem (Nering & Ostini, 2010) and will be discussed for this family of models. 

The GPCM is based on the 2PL model and is an extension of Masters (1982) PCM where 

Muraki (1992) relaxed the assumption of uniform discriminating power of test items and allows 

for a slope parameter to be estimated. The model is written as: 

𝑃𝑖𝑘(𝜃) =
𝑒𝑥𝑝 ∑ 1.7𝑎𝑖(𝜃 − 𝑏𝑖 + 𝑑𝑗)𝑘

𝑗=0

∑ 𝑒𝑥𝑝 ∑ 1.7𝑎𝑖(𝜃 − 𝑏𝑖 + 𝑑𝑗)𝑖
𝑗=0

𝑚−1
𝑖=0

 

In this model, 𝑎𝑖 and 𝑏𝑖 are the item discrimination and difficulty parameters for item 𝑖 

and 𝑑𝑗 is the step boundary parameter. The probability of an examinee responding in step 

𝑘(𝑘 = 0, 1, … , 𝑚) is 𝑃𝑖𝑘(𝜃) where 𝑚 is the highest score for the item. Multi-score point items 

are treated as ordered steps where examinees receive credit for successfully completing a step. 

Examinee performance is measured by the various levels which are completed on an item.  

The graded response model (Samejima, 1969) is an example of a difference model and is 

based on the two-parameter logistic model. The difficulty parameters are estimated for each step, 

and one discrimination parameter is used for all steps. Samejima’s model is a two-step approach 

in estimating an examinees probability of responding to a particular step. The model 

approximates the probability of an examinee of ability 𝜃 receives a score at or above each score 

category. To derive the probability of a particular score, the model subtracts the cumulative 

property of obtaining the next higher score from the probability of obtaining the current score. 

This is demonstrated below: 

𝑃𝑥𝑖(𝜃) = 𝑃𝑥𝑖
∗ (𝜃) − 𝑃(𝑥𝑖+1)

∗ (𝜃) 

where 𝑃𝑥𝑖(𝜃) is the probability of responding to category i of item x. 𝑃𝑥𝑖
∗ (𝜃) is the 

probability of responding in i or a higher category of item x, and 𝑃(𝑥𝑖+1)
∗ (𝜃) is the probability of 

responding in i or a higher category of item x. 
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Another family of IRT models are the testlet response theory (TRT) models. These special 

case models use a parametric approach to model item. The first TRT model studied was the 2PL 

testlet (Bradlow et al., 1999) followed by the 3PL testlet (Wainer & Wang, 2000), and finally a 

model for assessments that are partially or entirely polytomously scored (Wang et al., 2002). A 

random effect parameter to account for item interdependencies is included in the models. Two 

examinee ability parameters are calculated by the models, a general ability and a testlet ability. 

These models have been used when items have some contextual dependence. 

IRT Model Assumptions 

When using mathematical models to analyze data there is usually a set of assumptions 

about the data that must hold for the mathematical model to be true. Within IRT there are four 

basic assumptions common to all models. These assumptions are: 1) dimensionality of the latent 

space, 2) local independence, 3) monotonicity, and 4) invariance.  

Dimensionality of the latent space assumes that the number of latent abilities must be 

defined before any model is established. Unidimensional models assume a single latent ability is 

being measured. This single latent trait could be a unique psychological characteristic or a fixed 

composite of several characteristics. This assumption cannot be strictly met since there are 

outside factors (e.g., anxiety, motivation, speededness) that can impact performance. But, a 

“dominant” construct or factor being measured is required to meet the assumption (Hambleton & 

Swaminathan, 1985). There is the possibility that within an examinee population an assessment 

is unidimensional for one group of examinees, but not unidimensional for another.  

The assumption of local item independence is equivalent to the assumption of 

unidimensionality. It is assumed that an examinee’s response to an assessment item is not 

statistically related to their response on another item, even after the latent trait is held constant. 
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Local item independence is true when, “an examinee’s performance on one item does not affect, 

either for better or worse, his or her responses to any other items on a test” (Hambleton and 

Swaminathan, 1998, p 23). When the probability of an examinees response pattern is equivalent 

to the probability associated with each examinees response to each item, then local item 

independence is met (Hambleton & Swaminathan, 1985).  

The monotonicity assumption indicates that as examinee latent ability increase, the 

probability of a correct response increases. This is often displayed in an item characteristic curve 

(ICC) which reflects the true relationship between a trait and the response to an item. Usually the 

relationship is S-shaped in which as examinee ability increase along the ability scale (𝜃), the 

probability for a correct response increase.  

The assumption of invariance means that the estimation of item parameters and the latent 

trait are independent of population demographics. When estimated item parameters are 

consistent across different populations then unbiased estimates of examinee latent ability are 

obtained. Hambleton & Swaminathan (1985) describe that this assumption holds “if the complete 

latent space is defined for the examinee population of interest, the conditional distribution of 

item scores at fixed ability levels must be identical across these populations.” When controlling 

for examinee ability (𝜃), if item parameters behave differently in subgroups then an item is 

considered to display differential item functioning (DIF). 

Scaling 

A primary reason for IRT’s attractive features is that explicit, falsifiable models are used 

in developing a scale on which test items and examinees are placed (Baker, 1965; Hambleton, 

Swaminathan, & Rogers, 1991; Nering & Ostini, 2010; van der Linden & Hambleton, 1997). 

Item calibration using an IRT model places item difficulty and discrimination as well as 
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estimating examinee proficiency on a common scale if all the item statistics are calibrated to a 

common item bank scale (Luchet, 2007). The performance of an examinee on an assessment can 

be on one ability or many abilities; and there are many IRT models to specify the relationship 

between item responses and the underlying abilities (Hambleton et al., 1991).  

Under the unidimensional IRT model, local item independence is a major assumption 

because it is directly related to parameter estimation. Satisfying this assumption is paramount 

when finding the most likely estimates of item and examinee parameters under the likelihood 

function. Thus, examinee responses to items should be statistically independent when 

considering examinee latent abilities. For example, stand-alone selected response items are 

carefully developed by subject matter experts to be independent of one another. That is, stand-

alone selected response items are written so an examinees’ response to one item is not influenced 

by their success or failure on another item. When constructing an assessment, stand-alone 

selected response items that “que” a response to other selected response items are often identified 

prior to placing the items on the same assessment. This might not be as clear to identify when 

items are linked contextually or have scoring rules that introduce dependencies.  

Yen’s 𝑸𝟏 and 𝑸𝟑 Statistics 

When a trait is held constant, examinee item responses must be locally independent if an 

IRT model is true (Yen, 1984). “When a trait is held constant” is directly aligned to the 

assumption of unidimensionality. Meaning that the latent ability scale encompasses only one 

factor or ability that is being measured. By holding a trait constant then the expected response 

pattern holds under a unidimensional IRT model, and local item independence is satisfied.  

In Yen’s seminal 1984 paper she addressed the assumption of unidimensionality and 

local item independence by using four statistical indices (𝑄1 (Yen, 1981), 𝑄2 (van den 
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Wollenberg, 1982), signed 𝑄2 (Yen, 1984), and 𝑄3 (Yen, 1984)) to check that these conditions 

held under the three-parameter logistic model. In this research Yen (1984) discovered that 𝑄1was 

not a complete measure of item fit. Meaning that though it could be used as a goodness-of-fit test 

for an IRT model based on identifying items that had unexpected item characteristic curves, she 

noted that multidimensionality was identified indirectly by 𝑄1, if at all. The 𝑄2 statistic proposed 

by van den Wollenberg was intended to measure local independence at an aggregate level for the 

Rasch model. Yen noted that an issue with the 𝑄2 statistic was that “the determination of the cell 

boundaries is dependent on the observed distribution of estimated trait values, which may affect 

the distribution of 𝑄2 and its degrees of freedom”. She also states that a direction of local 

dependence (positive or negative) was not reflected in the statistic. Because of the latter, Yen 

included a sign into the calculation by estimating the relationship between two items i and j 

∑ 10𝑟=1 𝜑𝑖𝑗𝑟. In addition to these three statistical indices, Yen proposed a pairwise method (𝑄3) 

of measuring item dependency using item residual correlations that are calculated as a Pearson 

correlation taken over examinee 𝜃 estimates.  

Using simulated unidimensional and multidimensional data, along with real examinee 

data, Yen compared the utility of the statistical indices in identifying local item dependence 

(LID) within and between item sets. In the simulated data Yen states that both of the 𝑄2 statistics 

and the 𝑄3 statistic produced similar results in identifying item pairs that are locally dependent, 

but that the 𝑄2 statistics were impacted by sample size which inflated 𝑄2 values as sample size 

increased. Real data item sets that had logical context associations displayed high 𝑄2 and 

𝑄3values. Also observed by Yen were items with high 𝑄2 and 𝑄3 values had similar difficulty 

and discrimination parameters, but items with similar item parameters did not necessarily have 

high 𝑄2 and 𝑄3 values.  
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Yen hypothesized and subsequently proved in her 1984 research that when there are traits 

that are highly correlated the unidimensional model uses a combination of these traits as its 

unidimensional trait. This was observed in math items in which an examinee had to read text 

prior to solving a mathematical problem. These items had a higher discrimination compared to 

similar items where the text was read to the examinees by a proctor.  

The 𝑄1 and 𝑄3 statistics have proven to be effective measures for identifying departures 

from unidimensionality and local item independence. Yen's (1984) study and additional research 

on other statistical indices to measure local item independence by Chen & Thissen (1997) and 

Habing et al., (2005) have demonstrated that 𝑄3 outperforms them. Also, research by Goodman 

and Luecht (2007) and Goodman et al. (2008) has demonstrated that 𝑄3can be extended beyond 

that of unidimensional IRT.  

Implications of Innovative Items 

The format of large-scale high-stakes assessment has been evolving over the past four 

decades, from being solely paper-based to computer-based delivery, though selected response 

items continue to be widely used (Luecht & Sireci, 2011). More recently, a factor for this shift to 

computer-based assessments was the adoption of new curriculum standards in the United States 

in English language arts, mathematics, and science. To measure student achievement on many of 

these standards has had an influence on the selection of item formats to use on assessments. 

Thus, large-scale assessments are integrating innovative item formats that incorporate content 

and examinee interactions to measure constructs difficult to measure on a traditional paper-based 

assessment. Innovative item formats are intended to measure existing competencies more 

efficiently and new competencies such as problem-solving processes (Bennett, et al., 2010).  
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As assessment format transforms to a mixture of traditional selected response and 

innovative items there are psychometric challenges that need to be considered. Including 

innovative items to measure something difficult to assess with a selected response item could 

potentially result in unintentionally introducing an additional ability being measured. If another 

trait is being measured that is different from the selected response items, then the assessment 

could become multidimensional. Luecht (2016) notes that consideration should be taken on the 

ability assumed being measured by innovative item response behaviors as being the same or 

different than that being measured by traditional items. 

Innovative items often consist of multiple measurement opportunities that are associated 

with a common passage, graphic, or response action. The linking of multiple measurement 

opportunities could influence examinee responses to multiple tasks within an item set. 

Dependent on the scoring rules of the scoring evaluator there could also be explicit relations with 

examinee scored responses. If there are dependencies caused by item format or scoring rules 

there are several issues that could arise when there is a departure from unidimensionality. If there 

is a significant violation of unidimensionality and item independence then test reliability, item 

parameterization, and examinee latent ability estimation could be directly impacted. The 

likelihood function explicitly relies on these two assumptions being met when finding the most 

likely estimates of item and examinee ability parameters. As will be discussed in the ensuing 

chapters, research has shown when there is moderate to high levels of item dependence this 

could cause the overestimation of the slope parameter, information function, and assessment 

reliability. A crucial step in developing valid and reliable assessments is to check these 

assumptions.  
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Objective of the Study 

The purpose of this study is to explore the effects that two scoring strategies have on the 

residual covariance structure on an assessment of reading comprehension. Analyzing the residual 

covariance of item scores can be used as an indicator of departure from unidimensionality and 

item independence. What is being measured is the degree to which the violation of 

dimensionality is small enough to be insensitive when estimating item parameters. Though, no 

assessment strictly satisfies the assumption of unidimensionality. Any nuisance factors that are 

not detected in a test for dimensionality could eventually accumulate in the model-fit statistics. 

Even if the assumption of unidimensionality is met it is important to identify items displaying 

LID and finding ways to handle this issue. Identifying if LID is present in an assessment and 

providing a measurement solution will have incremental benefits of improving the model fit and 

parameter estimation 
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CHAPTER II: REVIEW OF THE LITERATURE 

The review of literature is broken out into six parts beginning with defining the 

assumption of local item independence based on two theories. The second section focuses on the 

sources that attribute to item dependencies within an assessment itself as well as the assessment 

environment as discussed by Yen (1993). This is followed by research on identifying these 

sources. In the third section methods used to detect the presence of local dependencies between 

item pairs is presented with a focus on Yen's (1993) 𝑄3 and statistical indices described by Chen 

and Thissen (1997). The fourth section discusses why item dependency is an issue with 

innovative items. The fifth section discusses IRT models used for this research and advantages 

and disadvantages of how each model treats the analysis of items. Finally, the sixth section 

discusses implications of LID.  

Local Item Independence Defined 

Local item independence is an important assumption of IRT and efforts to identify the 

degree of its presence and extent to which it is reasonable within an assessment should be made. 

If the presence of item dependency between item pairs is warranted, due to items measuring 

important abilities or achievements that enrich the construct being measured, and the assumption 

of local item independence is violated then this maybe a desirable affect (Yen, 1993). There are 

two forms of local item independence; 1) strong local independence (McDonald, 1994; Stout, 

2002) and 2) weak local independence (McDonald, 1994). Strong local independence assumes 

the probability that any pair of item responses is a product of the probabilities of seeing each 

item separately after conditioning on an examinee’s proficiency (Hambleton & Swaminathan, 

1985; F. M. Lord, 1980). This is also known as the assumption of conditional independence 
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since it refers to item independence after conditioning on, or accounting for, examinee’s ability. 

The strong theory of local independence is modeled as:  

𝑃(𝑌1 = 𝑦1, … , 𝑌𝑗 = 𝑦𝑗|𝜃) = ∏ 𝑃 (𝑌𝑗=𝑦𝑗|𝜃)

𝐽

𝑗=1

 

Where 𝑌𝑗 are the responses of any examinee to item j, and 𝜃 are the examinees abilities 

assumed to influence performance on an assessment.  

A test is weakly locally independent if the conditional covariance is zero for all item pairs 

with respect to each examinee’s latent ability on a test of J length (Stout, 2002). Thus, local item 

independence is true when the correlation of residuals between an examinee’s responses is zero. 

The weak theory of local independence is modeled as: 

𝐶𝑜𝑣(𝑌𝑗 , 𝑌𝑘|𝜃) = 0, 𝑓𝑜𝑟 𝑎𝑙𝑙 1 ≤ 𝑗 < 𝑘 ≤ 𝐽 

If local item independence is not met then an IRT model does not capture sources of 

covariance between items, and consequently may lead to biased inference. The weak theory of 

local independence is often used to determine if local dependence between item pairs exists. Any 

variance between items pairs may or may not be consequential to the construct being measured.  

Local independence is true when examinee responses are statistically independent after removing 

the effects of the latent trait(s) underlying performance (Baldonado et al., 2015). 

Sources of LID 

Yen (1993) identified and explained several factors which can cause the violation of local 

item independence on an assessment. A brief description of each are as follows: 1) examinees 

receiving outside assistance or being distracted due to external conditions; 2) test administration 

time constraints or item format requiring extended time for a response; 3) examinee fatigue 

caused by length of an assessment or measurement tasks; 4) coaching or opportunities to interact 

with practice items; 5) item groups or bundles that assess different knowledge, skills, and 
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abilities; 6) item linkage to a common stimulus; and 7) associations between responses caused by 

scoring rubrics or rules. For this study, the sources of item dependency as they could pertain to 

innovative items that are the focus are context-dependency and scoring. 

Context-Dependency 

Assessing real-world tasks often require examinees to respond to related measurement 

opportunities or solve problems in a stepwise fashion. Many times, to measure comprehension of 

real-world constructs multiple items are linked to reading passages, common scenarios, or 

analyzing graphs. One advantage of a contextual-based assessment is being able to measure 

multiple authentic skills in the context of a single resource. Context-dependency is often a source 

of item dependency as empirical studies in the context of large-scale assessments have shown. 

When examinees are familiar with the subject and there is overlap on the information used to 

respond to multiple measurement opportunities this could differentially impact examinee correct 

response patterns. An assessment could be considered multidimensional if there is more than one 

skill or trait required for an examinee response. 

In addition to Yen's (1984) research discussed in Chapter I, Yen (1993) analyzed 

responses to a reading assessment designed for select grades in elementary and middle school. 

The reading assessments were contextually based with blocks of items linked to a passage. Yen 

observed that most of the item dependency was within passage sets that required examinees to 

perform tasks.  Lee (2004) used the assessment of reading comprehension on an English as a 

foreign language exam to identify if item dependencies existed. The passages on the assessment 

were selected from five subject areas and examinees had to respond to four to seven selected-

response items per passage. In addition, Lee identified what he termed “item types” to determine 

if there might be a correlation with item dependency. Items were classified based on dominant 
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cognitive attributes: infer about the main topic, recall of details, inference of details and 

prediction of content. Based on his analyses, Lee concluded that passage-based items might be a 

salient characteristic that contributes to item dependency, but Lee did not confirm item 

dependency existed based on the item types which he had identified.  

Contextually based item dependencies have been studied outside the construct of reading 

comprehension. Zenisky et al., (2002) studied the effects of LID on the Verbal Reasoning, 

Biological Sciences, and Physical Sciences sections of the Medical College Admissions Exam. 

Varying degrees of item dependency caused by contextual dependence were identified in all 

sections of the exam. Yen (1993) and Ferrara et al., (1997) observed item dependencies on math 

assessments with items links to common scenarios. A certification exam for accountants 

(Goodman and Luecht, 2007) and a Pediatric Evaluation of Disability Inventory (Tao, 2008) 

have also shown item dependencies when using common resources. 

Scoring 

Scoring procedures could be a source of an item pairs violation of item independence. If 

two scoring evaluators are associated to a common examinee response then there could be a 

higher-order dependency between the response scores (Luecht, 2017). An innovative item that 

requires multiple examinee actions the responses to those actions could be dependent on the 

other. For example, a science item that asks examinees to build a food web from a pop-up list of 

organisms and then identify if claims about energy flow were supported from the food web 

constructed. One measurement opportunity could be the examinees success on building the food 

web; and the second measurement opportunity would be their responses to supporting/not 

supporting the claims. Examinee success or failure on supporting the claims could hinge on their 
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success or failure on constructing the food web. This example of an item chain could violate item 

independence resulting in standard errors of estimation based on the IRT model selected.  

Checking Item Fit 

Prior to IRT item analysis it is important to investigate the scoring rules implemented to 

score examinee responses. Identifying scoring related issues allows for correcting scoring 

evaluators or discovering problematic items (e.g., poor alignment to content domain). 

Descriptive statistics such as item difficulty, discrimination, and response frequencies (item type 

dependent) are ways to evaluate the performance of an item. Item difficulty (mean) is equivalent 

to the percentage of examinees that respond correctly to an item. Item discrimination (point-

biserial) refers to the correlation between examinee scores on an item and scores for the entire 

assessment. This statistic can range from -1.0 to +1.0. Items with a point-biserial >0.20 have a 

moderate-high correlation between examinees that received a high score on the assessment 

answer the item correctly then those with lower scores. Frequencies of examinee responses to 

distractors provide insight on how incorrect answer options are functioning. Evaluating these 

statistics enable a practitioner to identify any scoring related issues, such as an incorrect answer 

key or misrepresenting a correct response by the scoring expression being used. 

IRT fit analyses also provide insight on how well scoring expressions function by the fit 

of empirical response data to an IRT model. There are several statistical indices that can be used 

to evaluate the goodness-of-fit, but for this study Yen's (1981) 𝑄1 statistic will be discussed since 

it is often used to determine model-data fit. 𝑄1 is distributed as a chi-squared stochastic variable, 

with the number of examinee groups minus the number of parameters in the model equaling the 

degrees of freedom. Examinees are placed into ten groups or “bins” based on ability (𝜃). The 

difference between the percentage observed correct for examinees in each bin versus the 
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percentage correct predicted by the item response function is calculated. The residual difference 

can either be positive or negative where a positive residual indicates examinees within the bin 

are performing better than predicted, and a negative residual indicates examinees performed 

worse than expected. A residual close to zero indicates good model fit. Yen’s 𝑄1 statistic is as 

follows: 

𝑄1 = ∑ 𝑛𝑔

𝐺

𝑔=1

(𝑝𝑔 − 𝑃𝑔)
2

𝑃𝑔(1 − 𝑃𝑔)
 

where G represents the number of groups: 𝑝𝑔 and 𝑃𝑔 indicate the observed proportion 

correct and the model-based prediction for group g, respectively; and 𝑛𝑔 denotes the number of 

examinees in group g.  

When empirical data does not fit an IRT model it should be further investigated to 

uncover underlying reasons. Misfitting data could uncover scoring expression dependencies 

resulting in items functioning differently (DIF) for examinee subgroups or a departure from 

unidimensionality if the assessment is designed to measure one content domain or a composite 

(Luecht, 2014). 

In addition to checking item model fit relationships, overall model data fit will be 

estimated using two difference tests, Akaike information criterion (AIC) (Akaike, 1974) and 

Bayesian information criterion (BIC) (Schwarz, 1978). When comparing model data fit, these 

two tests have demonstrated to be a reliable measure when determining the best fitting 

unidimensional/multidimensional model (DeMars, 2012; Min & He, 2014; Rijmen, 2010). These 

two indices compare which model fits better, after a penalty for the number of parameters (p) is 

estimated. The AIC is not asymptotically consistent (Bozdogan, 1987; Woodroofe, 1982); it does 

not take the sample size (N) into account and thus does not become increasingly accurate with 
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sample size. Instead, it tends to favor more complex models with larger sample sizes. To address 

this issue, with the BIC and SSA-BIC, the penalty for model complexity increases for large 

samples. Several researchers have applied the AIC and BIC in other IRT contexts. McKinley 

(1989) studied the AIC and the consistent AIC (CAIC, similar to the BIC) for selecting 

multidimensional models. For a unidimensional data set, the AIC was lower for a more complex 

model, and for a three-dimensional data set both indices chose the correct model. Kang and 

Cohen (2007) compared the one parameter (1PL), two parameter (2PL), and three parameter 

(3PL) unidimensional logistic models. Both AIC and BIC were effective when the true model 

was the 1PL or 2PL. But when data followed a 3PL model, the BIC always erroneously preferred 

the 1PL or 2PL, and the AIC also tended to choose the 2PL when the test was easy and had few 

examinees near the lower asymptote. Kang, Cohen, and Sung (2009) used the AIC and BIC to 

compare polytomous IRT models; the BIC was more accurate. F. Li, Cohen, Kim, and Cho 

(2009) compared the AIC and BIC, as well as several Bayesian indices, for selecting IRT 

mixture models. BIC was generally most accurate; as sample size increased, AIC tended to favor 

more complex models. The AIC and BIC models are as follows: 

 

𝐴𝐼𝐶 = −2𝐿𝐿 + 2𝑝 

     and 

𝐵𝐼𝐶 = −2𝐿𝐿 + 𝑝(𝑙𝑛(𝑁)) 
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Checking Item Local Independence 

In addition to Yen’s 𝑄3, there are several statistical indices that a practitioner can use to 

detect violations of local independence (Chen & Thissen, 1997; Chen, 2018) which fit into two 

general categories, the Pearson Chi-squared (𝑋2) and the likelihood ratio (𝐺2) statistics.  

Pearson 𝑋2: 

𝑋2 = ∑
(𝑂𝑚𝑛 − 𝐸𝑚𝑛)2

𝐸𝑚𝑛
𝑚,𝑛

 

𝐺2: 

𝐺2 = −2 ∑ 𝑂𝑚𝑛 log (
𝐸𝑚𝑛

𝑂𝑚𝑛
)

𝑚,𝑛

 

where 𝐸𝑚𝑛 is the model-derived expected responses and  𝑂𝑚𝑛 equals the number of 

observed responses for item i in the m-th category and item j in the n-th category. 

The 𝐺2 statistic uses the natural log of the residuals, the natural log of the observed 

correct responses in each bin minus the natural log of the predicted correct responses. Examinees 

are placed into an unrestricted number of bins based on ability (𝜃) and the probability of a 

correct response based on average ability in each bin is calculated. The 𝐺2 statistic is a chi-

square distribution with the degrees of freedom being equal to the number of bins. The 𝑋2 and 

𝐺2 statistics are commonly used measures for checking local dependence behind Yen’s 𝑄3 

(Baldonado et al., 2015). 

Yen's (1993) 𝑄3 statistic is the correlation between the residuals of a pair of items 

(𝑑𝑖, 𝑑𝑗) after examinee ability (𝜃) estimates are separated out. 𝑄3 is expected to be negative 

since the item responses used in the correlations are also used to calculate examinee ability (𝜃). 
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According to Yen (1993), 𝑄3 should have an expected value of 
−1

𝐿−1
 under conditional 

independence.  

The fit statistic is based on the item residuals 

𝑑𝑖 = 𝑥𝑖 − 𝑒𝑖(𝜃); and 

𝑑𝑗 = 𝑥𝑗 − 𝑒𝑗(𝜃) 

where 𝑒𝑖(𝜃) and 𝑒𝑗(𝜃) is the probability of a correct response on items i and j and 

computed as the Pearson correlation. 

𝑄3,𝑖𝑗 = 𝑟𝑑𝑖𝑑𝑗
 

Using Assessment Reliability to Detect Violations of Item Independence 

Comparison of reliability estimates have been shown by Wainer (1995) and Wainer & 

Thissen (1996) as a method for detecting LID. Assessment reliability estimation is calculated for 

two scoring methods, 1) a stand-alone item scoring model where item reliability constitutes the 

internal consistency estimate of an assessment based on independent items, and 2) the 

polytomous item scoring model provides the internal consistency estimate of an assessment 

based on the summed scores of grouped items. Regardless of the scoring method used, examinee 

raw scores will be the same.  

Using these two scoring models to calculate reliability and then comparing the estimates 

is a method of detecting LID since the items in the scoring models measure common passages. 

Based on research by Sireci et al., (1991) and Thissen et al., (1989), if reliability is higher using a 

discrete item scoring model then reliability is most likely overestimated, though Sireci et al., 

(1991) indicates that reliability estimation using a polytomous scoring model maybe lower due to 

fewer items in the calculation. To account for this difference in item count between the two 

scoring models, Zenisky et al., (2002) used a random approach of combining items of different 
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item groups and then calculating reliability to gauge a difference in reliability estimation. This 

random method approach was also used by Yen (1993) for the same purpose. 

In theory, items that have a high correlation with each other may be due to local 

dependence, which in turn will have a higher correlation with total examinee test score. The high 

correlation between the items can cause overestimation of reliability, thus true reliability is less 

than what is calculated. When LID is present, the change in reliability is between five and ten 

percent; whereas if LID is not present the change is two to three percent (Sireci et al., 1991; 

Wainer, 1995; Zenisky et al., 2002).  

Reliability is important in standardized assessment since it is a measure of test quality 

based on the assumption that the true score variance – the segment of the observed test score that 

represents examinee ability – remains constant across administrations while the measurement 

error for each administration is random (Swygert and Williamson, 2016). According to Standard 

2.3 in the Standards for Educational and Psychological Testing (2014), “for each total score, 

subscore, or combination of scores that is to be interpreted, estimates of relevant indices of 

reliability/precision should be reported.” Overestimation of reliabilities can impact the validity of 

a domain being assessed. 

The reliability coefficient used in this study is presented below: 

IRT marginal reliability coefficient: 

𝜌𝑚𝑎𝑟𝑔 =
𝜎𝜃

2 − 𝜎𝑒𝑚
2

𝜎𝜃
2  

where 𝜎𝜃
2 is the variance of the observed examinee location, and 𝜎𝑒𝑚

2  is the marginal 

measurement error. 

𝜎𝑒𝑚
2 =

∫ 𝜎𝑒
2(𝜃)𝑔(𝜃)𝑑𝜃

∞

−∞

∫ 𝑔(𝜃)𝑑𝜃
∞

−∞
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where 𝑔(𝜃) is the variance of the observed examinee locations, when 𝑔(𝜃) is normally 

distributed. 

Methods to Handle LID 

Innovative item formats that involve multiple measurement opportunities require research 

on the best ways to score the items, particularly if a response to one item affects how a student 

answers a subsequent item (Sireci & Zenisky, 2006). If item dependence is present because of 

scoring concerns or contextual dependencies, there are methods to minimize the impact. The first 

approach to be discussed is a score-based method by creating “testlets” of items that share 

common passages, scenarios, or response space is an option. The testlet is considered a “parent” 

item comprised of smaller units, or “child” items. The parent item is scored by summing scored 

responses of the individual items (children) in the testlet. Creating a polytomous score absorbs 

any item dependencies by treating the testlet items as the item-level unit of analysis. A 

practitioner would use an appropriate polytomous model to calibrate the summation of child 

scores as a polytomously scored item. This method of controlling the magnitude of item 

dependency has shown to be effective in reducing overestimation of assessment statistics 

(Goodman, 2008; Sireci et al., 1991; Tao, 2008; Thissen et al., 1989; Wainer, 1995; Yen, 1993; 

Zenisky et al., 2002). It is imperative to create testlets with items that are contextually dependent 

because Yen (1993) noticed a reduction in assessment reliability and measurement information 

when testlets were created at random. This determination could be made during test construction 

or initial analysis of assessment data. A concern with creating and scoring a testlet is the loss of 

measurement information from a dichotomous response pattern. 

Another approach is the item based testlet method which retains item level information. 

There have been several models developed that treat item scores dichotomously, such as the 
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Testlet Response Theory (TRT) models (Wainer, et al., 2007), bi-factor model (Gibbons & 

Hedeker, 1992), and the random coefficient multinomial model (Hoskens & De Boeck, 1997). 

An advantage of a TRT model is the dichotomous score string is used in item and examinee 

parameterization with a “nuisance” factor being modeled in the calculations. Another advantage 

to an item-based approach of analyzing data is that the item parameters can be interpreted the 

same as a standard dichotomous model. Using the 2PL TRT model and simulated data, Bradlow 

et al. (1999) demonstrated that item difficulty, discrimination, and examinee ability estimates 

were more highly correlated to true parameter estimates, unlike the 2PL model. A drawback 

noted by Wang, et al., (2005) is the computational burden of the model can result in lengthy 

processing time, especially as the number of testlets increases.  

IRT Model Selection 

This study will implement the use of three IRT models for the parametrization of items 

that will be used for the estimation of examinee ability. The models to be used each model 

examinee responses differently based on the model characteristics and the nature of the scored 

responses to be parametrized and will be used to estimate the magnitude of item dependence. 

Yen (1993) noted that the source of item dependence is a factor that is usually unaccounted for 

and that this nuisance factor influences examinee performance on particular items and not others. 

A brief description of each follows.  

Two-Parameter Logistic Model (Birnbaum, 1968; Lord, 1952) 

The two-parameter logistic model is from the family of dichotomous unidimensional 

models. This model is often used in large-scale assessments when items are scored either correct 

or incorrect, and do not appear to allow for guessing. This model assumes that only one 

“dominant” trait is being measured by items in the assessment. Under this model, items are 
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scored dichotomously creating a scored string of 0’s and 1’s for each measurement opportunity 

an examinee is presented. The information contained in each response pattern provides to the 

overall test information and measurement of the intended trait. Item parameters relate scores on 

every item to the trait value, which are used to estimate each examinee latent trait score (𝜃). 

Under this model, unidimensionality and item independence is assumed, thus the dominant 

underlying trait attributes to an examinee score.   

Graded Response Model (Samejima, 1969) 

This model was introduced by Samejima to handle a testing situation where item 

responses are contained in two or more ordered categories and is in the IRT family of Nominal 

response models. Samejima developed the model for item responses that have some a priori 

order as they relate to the latent variable being measured. Thissen et al. (2010) state that this 

model is used widely for: 1) items that elicit nominal responses, 2) empirical check examinee 

ordered responses to items has been achieved, and 3) testlets. Testlets are defined as a group of 

items that are associated with a common stimulus (i.e., passage, graphic, or table). Examinee 

item scores within a testlet are summed and the testlet is treated as a “super” item and 

parametrized as a polytomous score.  

Two-Parameter Testlet Response Theory Model (Bradlow et al., 1999)  

This model is part of a family of models developed to address a “testlet” factor 

introduced into the defined latent space by sets of items that are context-dependent. The 

underlying theory is to model a nuisance factor using a parametric approach when conditions are 

appropriate (passage, stimuli, graph, etc.). Bradlow et al., (1999) modified the two-parameter 

logistic model to include a random effect common to all item responses in a testlet that is unique 

within each item set. Examinee responses within a testlet are allowed to be more highly 
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correlated then their responses to adjacent testlets. They used a Bayesian parametric approach, 

where prior distributions are specified that enable the sharing of information across items, 

examinees, and testlets (Bradlow et al., 1999). 

Implications of Innovative Item Use 

Two of the practical issues that need to be considered when placing innovative items on 

an assessment is 1) scoring, and 2) scaling procedures. When assessing a construct, it is 

understood that there will be nuisance factors in the item model calculations, but the severity of 

the variance introduced must be tolerable. The amount tolerable that a nuisance factor influences 

an examinees response and ultimately scores should be considered since this will lead to items 

weighted with this factor (Yen, 1993). Estimates of the latent variables and item parameters will 

generally be biased because of model misspecification, which in turn leads to incorrect decisions 

on subsequent statistical analysis, such as testing group differences and correlations between 

latent variables score (Steinberg and Thissen, 1996). These results appear most consistent with a 

multidimensional situation in which there are important, different underlying traits influencing 

the items within the different item sets and the unidimensional estimated trait is a combination of 

these underlying traits (Yen, 1984). When maximum likelihood scoring of item responses is 

used, item discriminations are used in the item weights. Thus, when a test measures several 

correlated dimensions, items that measure more of these dimensions will tend, all else being 

equal, to have higher discriminations and to be given more weight in the test scoring. 

When incorporating innovative items to develop a mixed-format assessment there are 

score-based inferences that need to be considered. If innovative items measure a unidimensional 

construct as well as “something else” this has implications on the function of the assessment and 

the evidentiary argument (Kane, 2006) being made. A practitioner needs to evaluate the intended 
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scale and if the construct domain being measured by the innovative item response actions are the 

same or different from an existing scale consisting of traditional item types (Luecht, 2007). Some 

scale designs to consider are a single trait, composite trait, or separate scale approach. A single 

trait approach to scaling is strictly a unidimensional interpretation of examinee scores. In this 

method stand-alone selected response items are calibrated using a unidimensional model and 

used to anchor a second calibration that includes the innovative items, thus constraining the 

innovative items onto the same scale. The single set of parameters is then used to estimate 

examinee ability. A second scaling method uses a single calibration with IRT models appropriate 

for each measurement opportunity (dichotomous and polytomous model). A composite 

unidimensional trait is created and the individual items contribution to the score estimate is 

weighted by their relative influence or sensitivity to the underlying trait being estimated 

(Goodman, 2008). Lastly, creating separate scales by calibrating the items using appropriate IRT 

models. The separate scales are used to create two separate examinee scores for each test section. 

This method will account for the entire latent space regarding underlying unidimensionality or 

association traits.  

Purpose of the Study 

Interpreting examinee scores on an assessment requires considering the precision of the 

scores. Mixed-format assessments are becoming more prevalent in summative large-scale testing 

due to computer-based delivery and multidimensional content standards. Innovative item formats 

are typically developed to address these complex standards by measuring problem-solving, 

communicative, and evaluative skills that are difficult to assess with traditional selected response 

items. These innovative item formats are intended to measure knowledge, skills, and abilities that 

are aligned to real-world situations. Often examinees who these assessments are aligned too can 
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differ in their opportunities to learn some of the skills being assessed or the response 

environment is unfamiliar. Additionally, examinees may have prior knowledge or skills that 

provides an advantage to how they respond that is outside of the construct being measured. If 

there are complex scoring rules that have implicit or explicit associations with item response 

actions, then there could be response/score bias among examinees.   

Research has shown when multiple items are contextually dependent local item 

independence can be violated. When this assumption is violated, item and examinee parameters 

are either over or under-estimated resulting in biased estimates. When examinee ability 

estimation is skewed then the reliability of an examinee score is reduced, and the valid 

interpretation of examinee proficiency is in jeopardy. But often examining LID in standardized 

testing is overlooked. Since the dimensionality assumption, to some degree, is related to local 

independence, practitioners will assume if statistical indices are being met for unidimensionality, 

then local item independence is also being met. 

This study focuses on evaluating the residual covariance structures of innovative item 

formats using two scoring methods. The scoring methods examined in this study are based on 

scoring decisions that commonly need to be considered on a large-scale assessment intended to 

make high stakes decisions of examinee proficiency. Scoring items as single measurement 

opportunities (dichotomously) or forming item sets and summing scores to create a single score 

(polytomously) does have measurement implications, such as a loss of item response 

information. Based on findings from LID research, when there are contextually based 

dependencies, scoring items dichotomously might cause them to be locally dependent.  

The three IRT models selected to calibrate items for the scoring methods are the 2PL, 

2PL TRT, and the graded response model. The 2PL model includes a discrimination parameter 
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that increases the accuracy of item information obtained and is used in making informed 

decisions during test construction and how well the items function within an examinee 

population. A disadvantage of using this model is that it ignores inter-item interdependencies. 

The 2PL TRT model includes a parameter that models a nuisance factor during item 

parameterization. A concern with this model is that if residual covariances change over time this 

could complicate scale maintenance. The graded response model will be used to calibrate 

polytomously scored item sets. By summing the item set scores the inter-dependencies are 

removed from the calibration. 

The goals of this study are: 

1. To evaluate item model fit of two innovative gap-filling item types to three IRT 

models to inform model selection. 

2. To apply local item dependence detection methods to identify if item dependencies are 

present. 

3. To compare score reliabilities using item response theory indices as a method for 

detecting local item dependence. 

4. To examine what the effects, if present, local item dependence has on item parameter 

estimation using these two scoring methods.   

5. To evaluate the results of examinee proficiency when item parameters are calibrated 

with three different item response theory models. 

When passage-related dependence is observed on a test or a test section, the degree to 

which it may distort ability estimates should be investigated and interpreted (Zenisky et al., 

2002). 

It is anticipated that these goals will be achieved by answering the following research questions: 
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1. Which scoring method and IRT model best fits the gap-filling item types based on 

goodness-of-fit indices? 

2. Does the response interaction and scoring method among two innovative gap-filling item 

types impact the assumption of local dependence? 

3. To account for local item dependence, does item scoring and IRT model selection have 

any impact on test reliability? 

4. To what extent does the scoring method and item calibration model show differences in 

item parameter estimation? 

5. To what extent does the two-parameter logistic model, two-parameter testlet response 

theory model, and graded response model show differences in examinee score estimation? 

Significance of the Study 

Gap-filling is an overarching term used for a family of items that are primarily developed 

and used to assess reading comprehension. The format is context-dependent and requires 

examinees to complete missing words within a paragraph. This might require an examinee to 

restore an omitted word by 1) selecting from a number of options provided for in each deleted 

word (multiple-choice gap-filling (Jonz, 1976)), 2) generating a lexical item for each deleted 

word (open gap-filling (C. Alderson & Cseresznyes, 2003)), 3) or selecting words from a bank of 

items (bank gap-filling (C. Alderson & Cseresznyes, 2003)). In addition to different response 

formats there is also the context (location) in which words within a paragraph are deleted. For 

instance, words are deleted every nth word, usually between every 4th and 12th (McCray & 

Brunfaut, 2018). Oller and Jonz (1994a) call this method of word deletion fixed-ratio cloze. 

Another word deletion technique is rational-deletion cloze (Oller and Jonz, 1994a) or gap-fill 

(Alderson, 2000) where words are deleted rationally.  
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This study focuses on selected-response gap-filling and bank gap-filling items using the 

rational-deletion cloze/gap-fill method of item deletion. This study is unique since it investigates 

LID on two gap-filing item formats on a standardized assessment of English language 

proficiency. To construct assessments that are reliable and valid, checking item response theory 

assumptions is critical. Prior research has demonstrated that violations of LID of varying degrees 

influence item and examinee proficiency estimates (Ackerman, 1987; Tuerlinckx & De Boeck, 

2001; Wainer, Bradlow, & Wang, 2007b; Yen & Fitzpatrick, 2006). When making decisions 

about an examinee’s English language proficiency and/or reading comprehension the precision 

of their ability estimates is especially important.  
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CHAPTER III: RESEARCH DESIGN 

This chapter presents the research design for this this study that addresses the research 

questions presented in Chapter II. It begins by discussing the instrument and data source 

followed by steps to clean the data and methods used to score examinee responses. The 

following sections will outline the analyses to address each research question. 

The Instrument 

The data for this research comes from a computer-based assessment used to measure 

English language proficiency of non-native English speakers. The assessment tasks are modeled 

along the Schema Theory (Anderson, 2009; Bartlett, 1932) in which there is a common theme 

that “allows examinees to activate the different domains of knowledge they have acquired and 

thus further enhance second language acquisition” (Pearson, 2019). The idea being that examinee 

knowledge is based on past experiences. When faced with a new task, that past knowledge is 

used to produce a response.  

There were 872 examinees from 50 countries that took the assessment. Based on the 

reported data, the distribution of gender favored females accounting for 55% of the population. 

The largest percentage of examinees field tested identified their native language as Mandarin 

(22.0%), followed by English (20.0%), Indonesian (6.0%), and Japanese (6.0%). A distribution 

of examinees by form are presented in Table 1 with the most common languages spoken listed. 
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Table 1. Demographics of Examinee by Form 

 
Form 

Total 

1 2 3 4 

Total 215 206 227 224 872 

Gender  

Female 114 117 134 118 483 

Male 101 89 93 106 389 

Native Language  

      English 46 36 53 43 178 

Other 169 170 174 181 694 

Language Spoken  

Mandarin 45 44 51 52 192 

Indonesian 14 22 11 9 56 

Japanese 9 14 18 12 53 

Korean 15 12 15 9 51 

Chinese 13 8 11 14 46 

Vietnamese 10 13 6 12 41 

 

Reading comprehension comes from two separate but highly correlated processes: 

word recognition and comprehension (Perfetti et al., 2005). Examinees need to combine two 

processes for full reading comprehension; one process involves constructing a text-based model 

that represents the explicit meaning of the text (i.e., bottom-up process based on words). The 

other process requires building a situation model (Kintsch, 1988) that represents a broader 

meaning implied by the text (i.e., top-down process based on knowledge). 

Gap-fill items require knowledge of word use and collocation as they occur in the English 

language. There were two different formats of the gap-fill items implemented on the assessment, 

1) drop-down and 2) drag and drop. Drop-down passage sets required an examinee to complete 

statements within a passage by selecting a word from a drop-down list. Drag and drop passage 

sets are similar in format to the drop-down gap-fill items, but instead of each missing word 

having a list of options, examinees choose a word to fill in a deleted word from a list of words in 

a bank. Examinees select a word from a bank and drag it and drop it to complete a statement. 
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The number of answer options in each bank is greater than the number of deleted words an 

examinee must complete.  Examples of these two gap-fill item types are below.  

Figure 1. Bank Gap-Filling Item Type (Pearson, 2019) 

 

 

Figure 2. Multiple-Choice Gap-Filling Item Type (Pearson, 2019) 

 

The number of discrete measurement opportunities by form and item format is provided 

in Table 2. Figure 3 is a graphical representation of the item analysis performed by each item 

response theory model. 
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Table 2. Number of Items and Format by Form. 

Form Group MOs Testlet 

1 

ALL 23 5 

Drop Down 9 2 

Drag and Drop 14 3 

2 

ALL 21 5 

Drop Down 12 3 

Drag and Drop 9 2 

3 

ALL 22 5 

Drop Down 13 3 

Drag and Drop 9 2 

4 

ALL 23 5 

Drop Down 8 2 

Drag and Drop 15 3 
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Figure 3. Graphical Representation of the Models. 

 

 

 

 

 



 39 

Data Cleaning and Preparation 

Prior to statistical item analysis, cleaning rules and quality checks were applied to prepare 

the data for analyses to ensure accuracy of results. Data was provided in three files: 1) Examinee 

database included - examinee identifiers, demographics, and assessment administration; 2) Item 

database included – item identifiers, content strands, answer keys, and maximum score points; 3) 

Response database included – examinee identifiers, test forms, item identifiers, and responses. 

To check the data structures, frequency reports of variables in each data file were created to 

check the content in the variables and identify missing or incomplete information. After this 

initial analysis, irrelevant or missing data was removed from each database. The examinee 

database was sorted by examinee id and checked for duplicate instances of an examinee taking 

the assessment. If an examinee id was duplicated the examinee was dropped from the database.  

Using a scoring and analysis framework similarly described by Luecht (2005) response 

and scored arrays were created and a master data file was produced through multiple steps.  

1) Response database: Examinee single-response and multi-responses were parsed into 

separate response bins to account for each unique measurement opportunity.  

2) Item database: Single-response and multi-response item keys were parsed into separate 

key bins to account for each unique measurement opportunity. 

3) Response+Item database: Response and Item databases were merged by test form and 

examinee id creating an examinee response and item key data file.  

The following scoring rules were used to create examinee scores by parent and child 

item: 

1) Dichotomous = 𝑦𝑖 = 𝑓(𝑟𝑖, 𝑎𝑖) = 0/1 

2) Polytomous = 𝑦𝑖 = 𝑓[𝑔(𝑟𝑖), 𝑎𝑖] = 0/1. . . 𝑚𝑖 
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where 𝑟𝑖 is the examinee response and 𝑎𝑖 is the answer key. After scoring examinee 

responses, examinee scores and responses were transposed to create single examinee records.  

Prior to item response theory analysis, classical test statistics were calculated to check for 

items that were mis-keyed. These statistics were the mean and point-biserial of each item. 

Classical item difficulty (mean) is equivalent to the percentage of examinees that respond 

correctly to an item. Classical item discrimination (point-biserial) refers to the correlation 

between examinee scores on an item and scores for the entire assessment. This statistic can range 

from -1.0 to +1.0. Items with a point-biserial >0.20 have a moderate-high correlation between 

examinees that received a high score on the assessment answer the item correctly then those with 

lower scores. Items that have either a high or low p-value the correlations could be artificially 

low. Items with a mean < 0.15 and/or a point-biserial < 0.20 were flagged and the scoring rules 

checked.  

Item Model Fit 

Item model fit statistics are a measure of how well observed examinee response data on 

an assessment match what an IRT model predicts is a probability of a response as a function of 

an examinees underlying ability or proficiency, . This is often called the expected response 

function (ERF). This association, which is a nonlinear regression of the ERF on  and can be 

visually demonstrated through an item characteristic function that shows a monotonic 

relationship between examinee latent ability and the probability of responding to an item 

correctly (e.g., Lord (1980); Hambleton & Swaminathan (1985). There are two benefits to item 

response models that fit assessment data 1) estimates of examinee ability do not hinge on the 

assessment items selected and 2) item parameter invariance, in which item parameter estimates 

are not contingent on the population of examinees selected (Hambleton & Swaminathan, 1990).  
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When an item response function does not fit examinee observed responses, bias item parameter 

estimates and examinee ability can result (Wainer & Thissen, 1996; Yen, 1981). 

There are several methods that can be used to determine the goodness of fit of an item to 

an IRT model. For this study, Yen’s 𝑄1 (1981) statistic and item-fit plots will be used and are 

discussed below. These two methods provide a check that each of the items has reasonable IRT 

item parameters, based on model parameterization. 

Empirical model-data fit plots are a way to visually inspect each item. Creating item fit 

plots to examine how the empirical data compare to the item response function based on the 

current model provides additional insight into item to model data fit. By graphing empirical 

responses with predicted responses, a visual display of the residual differences is obtained. As 

the differences in residuals increases so too does the fit of the empirical data to the theoretical, 

thus providing evidence for violation of fit. The residual difference between the empirical data 

and item response function can be explained as: 

𝑟𝑚𝑖 = 𝑥𝑚𝑖 − 𝑃𝑚𝑖1 

where 𝑟𝑚𝑖 is the residual, 𝑥𝑚𝑖 is the observed response, and 𝑃𝑚𝑖1 is the location on the 

curve for a correct response. 

To answer the first question of this study, item fit will be evaluated through the 

computation of 𝑄1 statistics. The standardized 𝑍𝑄1 statistic and criterion 𝑍𝑄1𝑐𝑟𝑖𝑡 will be 

compared for magnitude of difference. An item will be flagged for misfit if 𝑍𝑄1 is greater than 

the criterion 𝑍𝑄1𝑐𝑟𝑖𝑡. The conversion of the 𝑄1 statistic is as follows: 

𝑍𝑄1 =
𝑄1 − 𝑑𝑓

√2𝑑𝑓
 

And  
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𝑍𝑄1𝑐𝑟𝑖𝑡 =
𝑁

1500
∗ 4 

where df is the degrees of freedom and N is the number of examinees. The transformation 

to a Z-score accounts for variation in the degrees of freedom when items have a different number 

of IRT parameters. By using a Z-score, item fit results are easier to interpret and can address any 

sensitivity due to sample size (PARCC, 2019). 

Item-fit plots will compliment this analysis and will be used to visually inspect the fit of 

an item to the IRT model. Items that are flagged for IRT model misfit will be compared to items 

identified as displaying LID, which will be discussed in a later section.  

Local Item Independence 

Under this assumption, an examinees response to a test item is statistically independent of 

other test items on an assessment. When the probability of an examinees response sequence is 

equivalent to the product of the likelihood associated to each item response by an examinee, then 

local independence is met (Hambleton & Swaminathan, 1985). Given an examinees ability (𝜃), 

their response to any item on an assessment is unrelated to their response to other items. This can 

be represented by the likelihood function 

𝐿(𝑈|𝜃) = ∏ 𝑃𝑖
𝑢𝑖

𝑛

𝑖=1

𝑄𝑖
1−𝑢𝑖 

where 𝑢𝑖 is an examinee observed response to item i. If LID is manifest in sufficient 

magnitude, then the likelihood for a response does not hold. 

Sources of violations of local independence fall into two categories according to Chen 

and Thissen (1997), surface local dependence and underlying local dependence. Surface local 

dependence as cited by Yen (1993) would be external assistance, fatigue, testwiseness, item or 

response format, and speededness. Underlying local dependence described by Yen (1993) is 
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related to item chaining, explanation of previous answer, and passage dependence. The main idea 

of these violations of local independence is that they consistently disturb the performance of 

some examinees on certain test items to a great degree (Chen, 2018). When there is a separate 

trait that is common to a set of independent items then local independence is violated. According 

to Monseur et al., (2011), “these separate traits can therefore be regarded as minor dimensions 

existing beside the unique essential latent dimension 𝜃.” 

Item antagonists placed close to each other on an assessment can lead to a violation of 

item independence. This occurs when one item presents a cue for another item. If one item cues 

another, an examinee could benefit from this item relationship and their response could be 

influenced. The likelihood of a response is conditioned on information outside the examinee’s 

knowledge, skills, and abilities, thus resulting in measurement error. From an item scoring 

perspective, scoring an item incorrect or correct may be influenced by a related task resulting in 

the validity of the scores to be in question. 

Passage dependence may occur when an examinees’ responses to different items are 

interrelated, largely due to a common stimulus (the passage). When assessing reading 

comprehension, the format is usually passage-based with multiple, ideally independent items 

linked to the passage, or, with respect to gap-fill items, are either embedded within the text of a 

passage, or external from the passage. A group of items attached to a specific passage is often 

referred to as a testlet. Wainer and Kiely (1987) initially coined the term “testlet” in the context 

of a new model for delivering groups of items related to a single content domain within a 

computer adaptive test environment. Luecht et al., (2006) used testlet and module synonymously 

to describe a multi-stage adaptive Testlet delivery model. The term testlet was further refined by 

Wainer et al., (2007) to include groups of items that were contextually dependent. DeMars 
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(2012) defines a testlet as a collection of several questions on one reading passage so that each 

question can measure a different aspect of the examinee’s comprehension of the passage. Using a 

passage-based format to assess reading comprehension requires examinees to incorporate 

different cognitive processes. This format has been found to be cost-effective and allows for the 

measurement to evaluate an examinees perspective multiple ways by providing more context and 

task authenticity (Baghaei & Ravand, 2016; Y. W. Lee, 2004).  

An issue with passage-based testlets is that they are likely not independent, which is a 

violation of local item independence. Within a passage set, item correlations should be zero 

when the intended latent trait is removed, allowing for the items to be evaluated independently. 

Violations of LID within a passage-based context have been demonstrated by Sireci et al., 

(1991), in which test reliability was impacted. Lee (2004) also identified positive interactions 

within sets, and negative LID within item-types.  

Items that are locally dependent have deleterious effects on calculating item parameters 

and examinee proficiency. For example, Tuerlinckx & De Boeck (2001) demonstrated the 

underestimation of item response discrimination when negative LID was present and reduced 

item information, as well as the underestimation of standard error. This underestimation of item 

parameters was also observed by Wainer et al., (2007b) and Yen & Fitzpatrick (2006) who also 

noticed that examinee ability estimates were overestimated. When LID was present, (Ackerman, 

1987) identified item discrimination overestimation of item sets. 

 One way to account for potential item dependencies is to score items polytomously. 

Examinee scores of items in a testlet are summed to create a total “testlet” score (0 to x), which is 

then calibrated with a polytomous item response model. By scoring testlets polytomously, local 

item independence holds across testlets because the testlet is modeled as a unit and not by each 
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unique item. If items within a testlet are locally dependent, then modeling them as a unit score 

meets the assumption of local item independence. Research by Goodman, (2008), Sireci et al., 

(1991), Stark et al., (2002), Yen (1993), Zenisky et al., (2002), has demonstrated that scoring 

passage-based testlets polytomously reduces the impact of LID during item calibration and 

examinee scoring. Samejima's (1969) graded response model is commonly used when item 

responses are confined in two or more ordered categories using a type of multinomial coding. 

The GRM can be summarized as 

𝑃𝑥𝑖 = 𝑃𝑥𝑖
∗ − 𝑃𝑥𝑖+1

∗ . 

where, 𝑃𝑥𝑖 represents the category threshold function for category x of item i. In this 

model it is assumed that an examinees response to item i can be placed into 𝑚𝑖 + 1 categories 

and scored 𝑥𝑖 = 0, 1, 2, … . . , 𝑚𝑖 (Hambleton & Swaminathan, 1985). An example of scoring an 

item with four score categories (𝑥 ∈ {0, 1, 2, 3}) is as follows: 

            𝑃𝑖0(𝜃) = 1; 

Step 1: 𝑃𝑖1(𝜃) = 𝑃𝑖1
∗ (𝜃) − 𝑃𝑖2

∗ (𝜃); 

Step 2: 𝑃𝑖2(𝜃) = 𝑃𝑖2
∗ (𝜃) − 𝑃𝑖3

∗ (𝜃); 

Step 3: 𝑃𝑖3(𝜃) = 𝑃𝑖3
∗ (𝜃). 
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Which can also be depicted as:  

Figure 4. GRM Scoring Categories (Penfield, 2014) 

 

Since the probability of an examinee selecting the lowest category 𝑃𝑖0 is 1, the threshold 

parameter is not estimated. At Step 1 and Step 2, the cumulative probability of reaching the next 

highest score is subtracted from the probability of obtaining the current score. Penfield (2014) 

depicts this cumulative approach in which the 𝑘𝑡ℎ step function defines a failure (F) as 𝑌𝑖 < 𝑘 

and a success (S) as 𝑌𝑖 ≥ 𝑘. 

The graded response model estimates item difficulty at each step (𝑏𝑥𝑖), and the 

discrimination (𝑎𝑖) parameter is constant for all steps. The graded response model is a suitable 

model when testlet scores have an ordered quality if they “correspond to the extent of 

completeness of the examinee’s reasoning process within a testlet” ( Lee, 2001). As the number 

of measurement opportunities increase within a testlet, then the reasoning process of an 

examinee increases. The graded response model can be expressed as 

𝑃𝑥𝑖(𝜃) =
𝑒𝑥𝑝[𝑎𝑖(𝜃 − 𝑏𝑥𝑖)]

1 + 𝑒𝑥𝑝[𝑎𝑖(𝜃 − 𝑏𝑥𝑖)]
−

𝑒𝑥𝑝[𝑎𝑖(𝜃 − 𝑏𝑥𝑖+1)]

1 + 𝑒𝑥𝑝[𝑎𝑖(𝜃 − 𝑏𝑥𝑖+1)]
 

where 𝑃𝑥𝑖𝜃 is the probability of responding in category 𝑥𝑖 = 0,1,2, … . . , 𝑚𝑖 of item i.  

Polytomous scoring approaches to passage-based testlets have been criticized. Wainer et 

al., (2007b) note that when testlets are scored polytomously there is a loss in item information 

since the response patterns of examinees is not considered during calibration. Some 
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measurement information may also be lost when number-correct scoring is used. That is, there 

could be information (scoring precision) lost under the Rasch family of IRT models because item 

discriminations are not used in scoring. The counter argument is that item-level discrimination 

indices should be used to take advantage of pattern-scoring (i.e., the discrimination parameter 

estimates are used as scoring weights; (Chen and Thissen, 1997; Yen, 1993)).  

Considering the loss of information through a polytomous score-based approach, Wang et 

al., (2005) proposed a 2 PL IRT model that models the violation of conditional independence. 

The 2PL testlet response theory (2PL TRT) IRT model is multidimensional and includes a 

random effect parameter, 𝛾, to account for the interdependencies of the items within the same 

testlet. The 2PL TRT model can be expressed as: 

𝑝(𝑋𝑖𝑛 = 1|𝜃𝑛, 𝛾𝑑(𝑖)𝑛) =
1

1 + 𝑒𝑥𝑝[−𝑎𝑖(𝜃𝑛 − 𝑏𝑖 − 𝛾𝑑(𝑖)𝑛)]
 

where 𝑎𝑖 and 𝑏𝑖 are the item discrimination and difficulty parameters, and d(i) denotes a 

testlet with item i. The 𝛾𝑑(𝑖)𝑛 is the testlet effect parameter for examinee n on the testlet. The 

TRT model yields two examinee ability parameters: a general ability 𝜃𝑛 and the testlet specific 

ability 𝛾𝑑(𝑖)𝑛. The testlet specific parameter is caused by examinee characteristics influenced by 

background knowledge, passage dependence, and/or motivation, for example. The testlet effect 

parameter is fixed across items and random across examinees (Wainer et al., 2007a; Wang et al., 

2005). Introduction of the random effects parameter makes the TRT a special case 

multidimensional IRT model, where each item simultaneously loads on two factors 

(dimensions): an overall ability and testlet specific dimension.  

When deciding the best course of action for calibrating items on a standardized 

assessment, the IRT model to use may not be clear. Factors that need to be considered when 

selecting a model is the extent to which item dependencies in the data are consequential in terms 
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of item, test, and examinee ability statistics. When considering passage-based item sets (testlets) 

the intent of the measurement should be considered. For example, if the task requires an 

examinee to sequence a series of events or processes, then some dependency is expected. Thus, it 

would not be advisable to select a polytomous model. Or, if testlets are not locally dependent 

then scoring polytomously does not improve anything and some information of scoring the 

examinees is lost. So, the degree of LID existing within a test must be ascertained before 

deciding how to best model the assessment.  

Detecting LID through Discrete Item Dichotomous Scoring 

To address question two of this study, Yen’s 𝑄3 statistic will be used to detect 

dependencies of items calibrated with the 2PL and 2PL TRT models. Large differences between 

the observed 𝑄3 and expected 𝑄3 statistic indicate a possible existence of LID. According to 

Chen & Thissen (1997), using a critical absolute value of  ≥ 0.2 should be used when screening 

for LID. For comparison of flagging purposes, the 𝐺2 statistic will also be calculated. Chen 

(2018) recommends that item pairs with a 𝐺2 statistic greater than 10 are flagged for LID. It is 

anticipated that Yen’s 𝑄3 statistics will be more sensitive to LID since Chen and Thissen (1997) 

observed 𝑄3 outperforming 𝐺2 in their study. 

Detecting LID through Assessment Reliability of Scoring Methods 

To address question three of this study, there will be four marginal reliability coefficients 

calculated using three different models 1) 2PL, 2) 2PL TRT, and 3) GRM. IRT reliability 

estimates for reading comprehension skill will be compared for four forms by each scoring and 

calibration method.  
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Item Parameter Estimation 

As stated earlier, research has demonstrated when LID is present, item parameter 

estimation can be affected. Most notably is the overestimation of the discrimination parameter 

(a-parameter) when LID is positive and the underestimation of the discrimination parameter 

when LID is negative (Ackerman, 1987; Tuerlinckx & De Boeck, 2001; Wainer et al., 2007b; 

Yen & Fitzpatrick, 2006).  A study by Reese (1995) where she simulated four scenarios with 

items where LID was not present, slightly present, moderately present, and highly present 

demonstrated overestimation of the discrimination parameter when LID was high. The 

discrimination correlations between the datasets where LID was not present to moderately 

present were between 0.88 and 0.91; compared with discrimination correlations of 0.26 for the 

data with a high degree of LID. 

To address question 4 of this study, item parameters (a- and b-parameters) will be 

calculated by calibrating items using the 2PL, 2PL TRT, and graded item response theory 

models. Since three models are being used for three separate item calibrations, the variance of 

the ability distribution is set at one with mean of zero. A comparison of the correlations and 

mean differences between the parameter estimates will be calculated to detect the difference in 

estimation of the three models. High correlations provide evidence for no differences in 

estimation from the models while large mean differences indicate smaller correlation.  

Examinee Ability Estimation 

As with item parameter estimation, local item independence is essential for determining 

accurate examinee ability estimates. When there are structural errors in an IRT model this could 

reduce the accuracy of examinee parameter estimation. If the association between items is zero, 

then the true latent score of an examinee should equal the observed estimate. If LID is identified 
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within an assessment or assessment domain, then the degree to which LID distorts ability 

estimates should be investigated and interpreted (Zenisky et al., 2002).  

To address question 5 of this study, examinee score estimates will be compared to those 

derived from the data calculated by calibrating items using the 2PL, 2PL TRT, and graded item 

response theory models. Examinee scores obtained from each model will be correlated and mean 

differences between the estimated parameters calculated to detect and quantify the magnitude of 

difference between the models.  

Summary 

Chapter III presented the instrument, data collected, and scoring methods for this study 

and outlined the analysis plan to answer the research questions in Chapter II. As innovative items 

are being incorporated in large-scale assessments this mixed format can be daunting when 

deciding scoring and scaling procedures and might not always be clear prior to administration. 

After initial analysis of scoring items as individual measurement opportunities and calibrating 

with the 2PL model, there is item misfit that is observed and should be further investigated.  
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CHAPTER IV: RESULTS 

The data analyses presented in this chapter are aligned with those discussed in Chapter 

III. The results are divided into five sections corresponding to the research questions that this 

paper focuses on. The purpose of this study was to investigate the two scoring methods and 

identify if these scoring methods introduce local item dependence of two gap-filling innovative 

item types used to assess reading comprehension. Three different IRT models will be used to 

calibrate the items and a comparison of item parameters and examinee ability scores will be 

evaluated. Specifically, this research addressed the following questions: 

1. Which scoring method and IRT model best fits the gap-filling item types based on 

goodness-of-fit indices?  

2. Does the response interaction and scoring method among two innovative gap-filling item 

types impact the assumption of local dependence? 

3. To account for local item dependence, does item scoring and IRT model selection have 

any impact on test reliability? 

4. To what extent does the scoring method and item calibration model show differences in 

item parameter estimation? 

5. To what extent does the two-parameter logistic model, two-parameter testlet response 

theory model, and graded response model show differences in examinee score estimation? 

The analyses presented begins with a discussion of item fit statistics using Yen’s 𝑄1 

index and item fit plots. Local item independence is checked using Yen’s 𝑄3 index and the 

likelihood ratio statistic 𝐺2. Yen’s 𝑄1 statistics are included in this analysis to identify if fit is an 

indication of violations of local item dependence. The third section presents the results of form 
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reliability using IRT marginal reliability. The last two sections compare calibrations using the 

three different models and score estimates of examinees. 

To answer the questions proposed, twenty passage based testlets were analyzed. Ten of 

these were GAPs drop-down testlets with the number of items in each testlet ranging between 3 – 

5 items. The total number of GAPs drag and drop testlets analyzed was also ten, with the number 

of items in each testlet ranging between 4 – 5. The passage based testlets were placed on four 

separate forms. As will be noted in the ensuing sections, some of the data presented in this 

chapter will be of contextually based testlets on form one with all contextually based testlet 

analyses presented in the appendices. 

Research Question 1 

Yen’s 𝑄1 (1981) fit statistic is a measure used to determine how well observed examinee 

responses fit an item response model. Observed and predicted item responses are compared to 

calculate 𝑄1 or generalized 𝑄1 (multiple response categories). Prior to calculating 𝑄1, the 

estimated item parameters and examinee observed responses were used to estimate examinee 

ability (𝜃). This was followed by computing expected performance using each examinee 

estimated ability in combination with the estimated item parameters. Since 𝑄1 is not directly 

comparable to items with a different number of parameters a linear transformation was applied. 

Fit was estimated by the transformation of 𝑄1 into a Z𝑄1 statistic and compared against a Z𝑄1 

criterion. Estimation of the Z𝑄1 and Z𝑄1 criterion is provided: 

𝑍𝑄1 =
𝑄1 − 𝑑𝑓

√2𝑑𝑓
, 

𝑍𝑄1𝑐𝑟𝑖𝑡
=

𝑁

1500
 (4), 
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where Q is either 𝑄1 or generalized 𝑄1 and df are the degrees of freedom. Degrees of 

freedom is calculated by multiplying the number of intervals (10) by the number of score 

categories minus one, followed by subtracting the number of parameters (2) in the calibration 

model. For example, there is eight degrees of freedom for a dichotomous item score 0/1 as 

shown below: 

10 ∗ (2 − 1) − 2 = 8 𝑑𝑓  

Table 3 displays 𝑄1 statistics for items identified as mis-fitting the two-parameter logistic 

model and compared against the same items calibrated with the two-parameter testlet model. 

Table 4 shows items that did not fit the two-parameter testlet model but did fit the two-parameter 

logistic model. Lack of fit indicates that the assumed IRT model does not accurately model how 

examinees respond to the items. As discussed by Hambleton et al., (1991), “The advantages of 

item response models can be obtained only when the fit between the model and the test data of 

interest is satisfactory. A poorly fitting IRT model will not yield invariant item and ability 

parameters” (p. 53).  

Table 3 shows thirteen GAPs drop-down items, and seven GAPs drag and drop items that 

did not fit the two-parameter logistic model, of these, there were six GAPs drop-down, and seven 

GAPs drag and drop items that did not fit the two-parameter testlet model either. Of the items 

that did not fit either model, nine items calibrated with the two-parameter logistic model had a 

higher standardized 𝑄1 statistic compared to four items for the two-parameter testlet model. The 

departure from fitting either model was greatest for items calibrated with the two-parameter 

logistic model.  
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Table 3. 𝑸𝟏 Item Misfit Statistics of Items Calibrated with the Two-Parameter Logistic 

Model 

Form Testlet Item Type Item 
𝑄1 

(2PL) 

Z𝑄1 

(2PL) 

𝑄1 

(TRT) 

Z𝑄1 

(TRT) 
DOF Z𝑄1crit 

Fit 

(2PL) 

Fit 

(TRT) 

1 

2 
Drop 

Down 

1 16.14 2.44 11.95 0.99 8 0.57 MISFIT MISFIT 

2 17.79 2.88 10.83 0.71 8 0.57 MISFIT MISFIT 

3 9.34 0.63 14.18 1.54 8 0.57 MISFIT MISFIT 

3 
Drag and 

Drop 
2 12.80 1.55 12.21 1.05 8 0.57 MISFIT MISFIT 

4 
Drag and 

Drop 
4 10.53 0.94 10.81 0.70 8 0.57 MISFIT MISFIT 

5 
Drag and 

Drop 
1 11.66 1.24 12.74 1.18 8 0.57 MISFIT MISFIT 

2 

1 
Drop 

Down 

1 13.70 1.79 10.98 0.74 8 0.55 MISFIT MISFIT 

3 16.46 2.53 9.88 0.47 8 0.55 MISFIT FIT 

2 
Drop 

Down 
4 10.28 0.88 14.94 1.73 8 0.55 MISFIT MISFIT 

 3 
Drop 

Down 
1 13.71 1.43 7.42 -0.15 8 0.55 MISFIT FIT 

3 

3 
Drop 

Down 

1 9.63 0.70 5.63 -0.59 8 0.53 MISFIT FIT 

4 17.98 2.93 4.24 -0.94 8 0.53 MISFIT FIT 

5 9.86 0.77 5.92 -0.52 8 0.53 MISFIT FIT 

4 
Drag and 

Drop 
1 14.56 2.02 11.77 0.94 8 0.53 MISFIT MISFIT 

4 

2 
Drop 

Down 

1 9.33 0.62 9.40 0.35 8 0.54 MISFIT FIT 

2 12.00 1.34 2.87 -1.28 8 0.54 MISFIT FIT 

3 13.06 1.62 13.46 1.36 8 0.54 MISFIT MISFIT 

3 
Drag and 

Drop 

1 18.90 3.18 11.93 0.98 8 0.54 MISFIT MISFIT 

4 16.04 2.42 8.22 0.06 8 0.54 MISFIT FIT 

5 12.70 1.52 1.53 -1.62 8 0.54 MISFIT FIT 

4 
Drag and 

Drop 
4 11.16 1.11 14.33 1.58 8 0.54 MISFIT MISFIT 

5 
Drag and 

Drop 

3 10.58 0.96 2.63 -1.34 8 0.54 MISFIT FIT 

5 9.78 0.74 12.05 1.01 8 0.54 MISFIT MISFIT 

 

Table 4 displays two GAPs drop-down and one GAPs drag and drop item that fit the two-

parameter logistic model but did not fit the two-parameter testlet model. Based on these statistics 

presented in Table 3 there is not a clear item type that fits the two-parameter logistic model best, 

though there were four GAPs drop-down testlets with all items fitting the model compared to one 

GAPs drag and drop testlet. Seven testlets calibrated with the two-parameter testlet model had 
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acceptable fit statistics with three of these testlets being GAPs drop-down and four GAPs drag 

and drop testlets.  

Table 4. 𝑸𝟏 Item Misfit Statistics of Items Calibrated with the Two-Parameter Testlet 

Model 

Form Testlet Item Type Item 
𝑄1 

(2PL) 

Z𝑄1 

(2PL) 

𝑄1 

(TRT) 

Z𝑄1 

(TRT) 
DOF Z𝑄1crit 

Fit 

(2PL) 

Fit 

(TRT) 

3 1 
Drop 

Down 

1 6.57 -0.12 12.37 1.09 8 0.53 FIT MISFIT 

2 5.29 -0.46 12.95 1.24 8 0.53 FIT MISFIT 

4 1 
Drag and 

Drop 
4 3.77 -0.86 10.73 0.68 8 0.54 FIT MISFIT 

 

𝑄1 fit statistics for the polytomously scored testlets on all four forms are presented in 

Tables 5 – 8. Based on the results in the tables, scoring items as testlets by summing discrete 

scores and then calibrating using the graded response model fit both item types.     

Table 5. Form One Polytomously Scored Testlet 𝑸𝟏 Statistics 

Testlet Item Type 𝑄1 Z𝑄1 DOF Z𝑄1crit Fit 

1 Drop Down 26.81 -1.83 44 0.57 FIT 

2 Drop Down 25.34 -1.15 35 0.57 FIT 

3 Drag and Drop 15.28 -3.06 44 0.57 FIT 

4 Drag and Drop 34.09 -1.06 44 0.57 FIT 

5 Drag and Drop 36.52 0.18 35 0.57 FIT 

 

Table 6. Form Two Polytomously Scored Testlet 𝑸𝟏 Statistics 

Testlet Item Type 𝑄1 Z𝑄1 DOF Z𝑄1crit Fit 

1 Drop Down 25.65 0.45 35 0.55 FIT 

2 Drop Down 28.35 -0.80 35 0.55 FIT 

3 Drop Down 29.59 -1.54 44 0.55 FIT 

4 Drag and Drop 14.05 -2.50 35 0.55 FIT 

5 Drag and Drop 20.65 -2.49 44 0.54 FIT 
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Table 7. Form Three Polytomously Scored Testlet 𝑸𝟏 Statistics 

Testlet Item Type 𝑄1 Z𝑄1 DOF Z𝑄1crit Fit 

1 Drop Down 37.99 0.36 35 0.53 FIT 

2 Drop Down 39.24 0.51 35 0.53 FIT 

3 Drop Down 28.78 -1.62 44 0.53 FIT 

4 Drag and Drop 15.63 -2.31 35 0.53 FIT 

5 Drag and Drop 23.09 -2.23 44 0.53 FIT 

 

Table 8. Form Four Polytomously Scored Testlet 𝑸𝟏 Statistics 

Testlet Item Type 𝑄1 Z𝑄1 DOF Z𝑄1crit Fit 

1 Drop Down 26.45 -1.02 35 0.54 FIT 

2 Drop Down 29.72 -0.63 35 0.54 FIT 

3 Drag and Drop 30.34 -1.46 44 0.53 FIT 

4 Drag and Drop 22.99 -2.24 44 0.53 FIT 

5 Drag and Drop 19.62 -2.60 44 0.53 FIT 

 

Item response functions provide a visual comparison of observed responses to the 

predicted responses to an item. “By comparing the average item performance levels of various 

ability groups to the performance levels predicted by an estimated item characteristic curve, a 

measure of fit between the estimated item characteristic curve and the observed data can be 

obtained” (Hambleton & Swaminathan, 1990). In the figures presented, observed item responses 

(solid red line) with each ability group average item performance depicted by a symbol (asterisk) 

is plotted along the ability (𝜃) scale. The predicted responses (solid blue line) are also plotted in 

the figures. Ideally, a “good” fitting item is one in which the observed group performance 

follows the estimated responses. Estimation error would be greatest at either ends of the item 

characteristic curve.  

Figures 5 – 7 are the fit plots of the GAPs drop-down and drag and drop items on Form 1 

calibrated with each IRT model. In Figure 5 and 6, the item as presented to the examinee are 
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listed as 01 – 23 and the testlet each item is assigned is listed as 01 – 05. When considering 

Yen’s 𝑄1 fit statistic, items 1 through 3 in testlet 02 (06 – 08), item 2 in testlet 03 (11), item 4 in 

testlet 04 (18), and item 1 in testlet 05 (20) were identified as misfitting the two-parameter 

logistic and testlet models. In addition, item 3 in testlet 05 (22) did not fit the two-parameter 

logistic model. There are departures of fit by the observed and predicted responses at the lower 

and upper tails of the item characteristic curves for several of the items. In addition, there are 

items not flagged for fit by 𝑄1that appear to not fit the model as well. Items 02 and 03 in testlet 

1, as well as items 1 and 4 in testlet 3 (10 and 13) appear not to fit the predicted response curve. 

The standardized 𝑄1 statistics for these four items are 0.23, 0.17, 0.34, and 0.49 with a ZQ 

criterion of 0.57. Based on 𝑄1these items fit the model. 
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Figure 5. Form One Item Fit Plots of Dichotomously Scored Items Calibrated with the 

Two-Parameter Logistic Model 
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Figure 6. Form One Item Fit Plots of Dichotomously Scored Items Calibrated with the 

Two-Parameter Testlet Model 

 

All form fit plots of items polytomously scored are presented in Figure 7. 𝑄1 goodness-

of-fit statistics for the five testlets on all forms were below the Z𝑄1 criterion thus fitting the 

graded response model. This can also be observed in the fit plots where the observed responses 

follow closely to the predicted response curves. There is some departure from the predicted 

response curve for the GAPs drop-down testlets. Forms 1 through 4 in Figure 7 are listed in order 

from top left to bottom right. Visual inspection of the figures shows all testlets follow the 

predicted response curve, but testlets where examinees responded by selecting from a drop-down 

list (01 & 02; plus testlet 02 in form 3) displayed varying degrees of departure of the observed to 
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predicted response. This is visible at the lower end of the tail as well as along the response curve 

of examinees with an estimated ability less than zero for testlet 1. It does appear that testlets 

requiring a drag and drop response fit the graded response model best. 

Figure 7. Item Fit Plots of Polytomously Scored Testlets 

 

In addition to the item-model fit analyses, data model fit indices were also estimated 

using two overall likelihood ratio tests, AIC and BIC. The model with the smallest AIC or BIC 

indicates the model with the best comparative fit. Table 9 presents the AIC and BIC estimations 

for each form and item response theory model. In all instances the graded response model fit the 

data best for each form, which is anticipated since models with more parameters tend to fit a data 

set better. 
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Table 9. Model AIC and BIC Fit Indices 

Form Model AIC BIC 

1 

2PL 5755.724 5930.997 

TRT 4942.462 5023.35 

GRM 3511.227 3619.087 

2 

2PL 5260.714 5420.452 

TRT 4619.448 4692.662 

GRM 3307.402 3407.238 

3 

2PL 5556.94 5721.353 

TRT 4836.293 4911.923 

GRM 3433.738 3535.674 

4 

2PL 5474.581 5646.353 

TRT 4817.471 4896.751 

GRM 3426.240 3531.945 
 

Exploratory factor analyses (EFA) were conducted to examine dimensionality of the test 

forms using both dichotomous and polytomous scoring methods. EFA was included in the 

research to examine the dimensionality of the forms because it is an effective way in determining 

dimensionality of the data and to support the research. The dimensionality of both scoring 

methods was assessed through factor analysis in SAS by calculating eigenvalues of polychoric 

correlations. Eigenvalues represent the variance accounted for by each underlying factor.  

Eigenvalues can be used to assess the number of factors in the solution and whether a primary 

factor is observed using either of the scoring methods. The amount of variance explained by the 

first eigenvalue will indicate if there is one dominant factor. The method to be used for 

determining the number of factors is the Kaiser-Guttman (Guttman, 1954; Kaiser, 1960) 

eigenvalue greater than one rule. Any eigenvalues greater than one are considered “significant” 

factors.  

In addition to calculating eigenvalues, scree plots (Cattell, 1966) of the eigenvalues will 

be used to determine if there is one dominant factor. When eigenvalues become uniformly 
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decreasing the slope of eigenvalue to dimension becomes a constant and the plot will be a 

descending line. If a dominant factor is present, then a distinct “elbow” (inflection point) will be 

observed at the second factor. Since a polychoric correlation matrix is used as an input matrix, 

negative values occur for the last few factors. The heuristic is to retain all the factors above (i.e., 

to the left of) the inflection point (i.e., the point where the curve starts to level off) and eliminate 

any factor below (i.e., to the right of) the inflection point. Since the curve isn’t necessarily 

smooth there can be multiple inflection points and so the actual cutoff point can be subjective. 

Concerns for both methods as being reliable indicators of dimensionality have been 

raised in the literature and alternative approaches suggested. Studies have shown that the greater 

than one rule can be inaccurate and overestimates the number of factors to retain (Velicer et al., 

2000; Zwick & Velicer 1986). Scree plots are criticized because of the subjectivity when 

analyzing the plots as well as determining the number of factors when there are multiple elbows. 

These two methods are exploratory and only used to gain a better understanding of the 

dimensionality of the raw data using both dichotomous and polytomous scoring methods.  

Table 10 presents the eigenvalues >1 calculated from each form using the dichotomous 

scoring method. The first seven factors explain approximately 76% of total variance in forms 1, 

2 and 4. Factor 1 explains approximately 41% in forms 1 and 2 and 45% in form 4. The first 8 

factors on form 3 explain 76% of the variance with factor 1 explaining 34% and factor 2 

explaining 10%.  
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Table 10. Eigenvalues > 1 of Dichotomous Scoring Method 

Form Factor Eigenvalue Difference Variance 

1 

1 10.72 8.62 41.23 

2 2.10 0.12 8.07 

3 1.98 0.54 7.60 

4 1.44 0.18 5.53 

5 1.26 0.14 4.83 

6 1.11 0.02 4.28 

7 1.09 0.19 4.20 

2 

1 9.91 8.25 41.29 

2 1.65 0.14 6.89 

3 1.52 0.03 6.33 

4 1.49 0.24 6.21 

5 1.25 0.09 5.21 

6 1.16 0.08 4.83 

7 1.08 0.13 4.48 

3 

1 8.44 6.00 33.77 

2 2.44 0.69 9.76 

3 1.75 0.06 6.99 

4 1.68 0.28 6.74 

5 1.41 0.13 5.62 

6 1.27 0.22 5.10 

7 1.05 0.02 4.21 

8 1.03 0.10 4.13 

4 

1 11.63 9.77 44.72 

2 1.86 0.34 7.16 

3 1.52 0.22 5.86 

4 1.31 0.06 5.02 

5 1.25 0.13 4.80 

6 1.12 0.07 4.30 

7 1.04 0.13 4.02 

 

Eigenvalue scree plots in Figure 8 show a distinct elbow at factor 2 then a trend down. 

The scree plot for all four forms indicates a unidimensional structure in the raw data.  
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Figure 8. Scree Plot of Eigenvalues by Form of Dichotomously Scored Data 

 

Estimated eigenvalues using a polytomous scoring method (Table 11) had one factor (1) 

that met the greater than 1 rule. The amount of variance explained by the first factor for forms 1, 

2, and 4 was greater than 50% (61%, 58%, and 63%). Form 3 had one eigenvalue greater than 

one with the amount of variance explained by the first factor being 48%. Eigenvalue scree plots 

(Figure 9) for each form show a distinct elbow at the second factor, followed by a continuous 

decreasing trend. This indicates that an essential unidimensional structure can be claimed for the 

polytomous raw data. 
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Table 11. Eigenvalues > 1 of Polytomous Scoring Method 

Form Factor Eigenvalue Difference Variance 

1 

1 3.65 2.96 60.79 

2 0.69 0.14 11.47 

3 0.55 0.04 9.11 

4 0.51 0.18 8.53 

5 0.33 0.05 5.50 

6 0.28 0.00 0.00 

2 

1 3.45 2.60 57.50 

2 0.85 0.21 14.18 

3 0.64 0.21 10.65 

4 0.43 0.08 7.22 

5 0.36 0.09 5.97 

6 0.27 0.00 0.00 

3 

1 2.87 1.93 47.90 

2 0.94 0.20 15.73 

3 0.75 0.19 12.46 

4 0.56 0.06 9.36 

5 0.51 0.14 8.44 

6 0.37 0.00 0.00 

4 

1 3.76 3.02 62.69 

2 0.74 0.24 12.31 

3 0.50 0.06 8.33 

4 0.44 0.10 7.41 

5 0.35 0.14 5.76 

6 0.21 0.00 0.00 
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Figure 9. Scree Plot of Eigenvalues by Form of Polytomously Scored Data 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 67 

Research Question 2 

In addition to evaluating item model fit, another assumption that should be checked to 

validate the validity of the IRT model is local item independence. As mentioned in Chapter III, 

many times in high stakes assessment, if items fit the IRT model this indicates that local item 

independence is met. To check local item independence two statistical indices were used, Yen’s 

𝑄3 and the likelihood ratio statistic (𝐺2). These statistics measure pairwise associations between 

item pair responses.  

The residuals to any pair of items should be uncorrelated and close to zero when using 

Yen’s 𝑄3. A critical value of 0.2 (Chen and Thissen, 1997) will be used to identify item pair 

dependence since it has been shown in research to be indicative of dependence. Yen’s 𝑄3 can 

either be positive or negative, where positive 𝑄3 indicates performance is higher than expected 

and a negative 𝑄3 indicates performance is lower than expected. It is important to note that 

research by Christensen et al. (2017) demonstrated that a single critical value is not appropriate 

for all assessment situations because the number of items, response categories, and ncount of 

examinees can influence the range of residual correlations. Since 𝐺2 will also be calculated and 

compared against Yen’s 𝑄3, any deviations from the critical value of 0.2 will be noted. The 𝐺2 

statistic has been demonstrated to be an appropriate statistic for identifying local dependence 

(Chen and Thissen, 1997; Min and He, 2014; Thompson and Pommerich, 1996). Item pairs with 

a 𝐺2 value greater than 4.0 indicate dependence and values greater than 10.0 demonstrate 

extreme local dependence (Min & He, 2014).  

Table 12 presents the 𝑄3 and 𝐺2 results from the two-parameter logistic model of all item 

pairs with a significant statistical index. There were sixteen item pairs with a 𝑄3 value >= 0.20; 

fourteen of these item pairs were positive and two were negative. When comparing the examinee 
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interaction to elicit a response, fourteen of the item pairs required the examinee to select from a 

drop-down menu, and four item pairs required an examinee to drag and drop a response. Three of 

the item pairs with a 𝑄3value between -0.21 and 0.21 had a 𝐺2 statistic range less than four (2.60 

– 3.93). Significant or extreme levels of local dependence is considered when an item pair has a 

𝑄3 value greater than 0.40 or 𝐺2 value greater than 10.0. There were four item pairs that had 

both significant values and four item pairs that had an extreme 𝐺2 value and a 𝑄3 borderline 

significant, but less than 0.40. When considering item model fit as a measure of 

unidimensionality and local item independence, the fit of the items demonstrating dependence 

was included in Table 12. There were four item pairs with both items misfitting the two-

parameter logistic model, and four item pairs with one item misfitting. There were ten item pairs 

where both items fit the two-parameter logistic model. 
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Table 12. Within Testlet 𝑸𝟑 and 𝑮𝟐 Statistics of Item Pairs Derived from the Two-

Parameter Logistic Model 

Form Item Type Testlet Item 1 Item 2 𝐺2 Prob 𝐺2 𝑄3 𝑄1 Fit 1 𝑄1 Fit 2 

1 
Drop Down 1 

2 
4 0.94 15.13 0.42 

FIT 
FIT 

5 
0.20 4.63 0.25 

FIT 
3 0.27 5.28 0.26 FIT 

Drop Down 2 1 2 0.98 18.71 0.40 MISFIT MISFIT 

2 
Drop Down 3 

2 4 0.98 17.49 0.37 MISFIT FIT 

3 5 0.53 7.61 -0.23 FIT FIT 

Drag and Drop 5 3 4 0.04 2.60 -0.21 FIT FIT 

3 

Drop Down 1 1 2 0.92 14.18 0.34 FIT FIT 

Drop Down 2 
1 2 0.98 18.50 0.53 FIT FIT 

2 4 0.30 5.55 0.24 FIT FIT 

Drop Down 3 

1 2 0.69 9.42 0.23 MISFIT FIT 

2 3 0.38 6.24 0.25 FIT  FIT 

4 5 1.00 30.33 0.44 MISFIT MISFIT 

Drag and Drop 4 1 4 0.83 11.68 0.32 MISFIT MISFIT 

Drag and Drop 5 2 3 0.14 3.93 0.21 MISFIT FIT 

4 

Drop Down 1 3 4 0.39 6.30 0.24 FIT FIT 

Drop Down 2 1 2 0.09 3.41 0.20 MISFIT MISFIT 

Drag and Drop 3 3 4 0.77 10.58 0.30 FIT MISFIT 

 

Table 13 presents the 𝑄3 and 𝐺2 results from the two-parameter testlet model of all item 

pairs with a significant statistical index. There were fourteen total item pairs identified, of these, 

ten required an examinee to select a response from a drop-down list and four required the 

examinee to drag and drop a response.  When comparing the common item pair 𝑄3 and 𝐺2 

statistical indices across the two dichotomously scored models all item pairs had lower 𝑄3 values 

for the two-parameter testlet model, except item pair 1 and 2 in testlet 3 on form 3 (+ 0.02). 𝐺2 

values were higher for six item pairs calibrated with the TRT model and seven item pairs had 

lower values than the two-parameter logistic model. There were eight item pairs with extreme 𝐺2 

values (> 10.0) and four significant 𝑄3 values (> 0.40) for item pairs calibrated with the two-

parameter logistic model, compared to six extreme 𝐺2 and four significant 𝑄3 item pairs in the 
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TRT model. Comparing 𝑄1fit of dependent item pairs there were two with both items misfitting 

the model, and two items with one of the items misfitting the model. There were ten item pairs in 

the TRT model identified as being dependent that had 𝑄1 statistical values indicating fit. 

Table 13. Within Testlet 𝑸𝟑 and 𝑮𝟐 Statistics of Item Pairs Derived from the Two-

Parameter Testlet Model 

Form Item Type Testlet Item 1 Item 2 𝐺2Prob 𝐺2 𝑄3 𝑄1 Fit 1 𝑄1 Fit 2 

1 
Drop Down 1 

2 4 0.99 19.52 0.37 FIT FIT 

3 5 0.66 9.00 0.21 FIT FIT 

Drop Down 2 1 2 0.62 8.58 0.34 MISFIT MISFIT 

2 
Drop Down 3 

2 4 0.98 17.81 0.30 FIT FIT 

3 5 0.38 6.20 -0.31 FIT FIT 

Drag and Drop 5 3 4 0.01 1.76 -0.20 FIT FIT 

3 

Drop Down 1 1 2 0.92 14.14 0.26 MISFIT MISFIT 

Drop Down 2 1 2 0.99 19.52 0.55 FIT  FIT 

Drop Down 3 

1 2 0.90 13.40 0.23 FIT  FIT 

2 3 0.58 8.13 0.21 FIT  FIT 

4 5 1.00 27.51 0.41 FIT  FIT 

Drag and Drop 4 1 4 0.58 8.17 0.28 MISFIT FIT 

4 
Drag and Drop 3 3 4 0.56 7.92 0.24 FIT FIT 

Drag and Drop 5 1 5 0.18 4.41 0.21 FIT MISFIT 

 

Table 14 displays polytomously scored testlet 𝑄3 results. There were three testlet pairs 

that have 𝑄3values of 0.20. The remaining 37 testlet pairs were between -0.15 and 0.16 and are 

presented in the appendices.  

Table 14. Between Testlet 𝑸𝟑 Statistics of Item Pairs Derived from the Graded Response 

Model 

Form Item Type A Item Type B Testlet A Testlet B 𝑄3 𝑄1 Fit A 𝑄1 Fit B 

1 Drag and Drop Drag and Drop 4 5 0.18 FIT FIT 

2 Drop Down Drag and Drop 1 5 0.20 FIT FIT 

3 Drop Down Drag and Drop 2 4 0.19 FIT FIT 
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Research Question 3 

Item dependency has been shown to impact marginal reliability coefficients by 

overestimation of the discrimination parameter (Sireci et al., 1991; Thissen et al., 1989; Zenisky, 

et al., 2002). Marginal reliabilities were calculated for each form and each score method, 

traditional dichotomous scoring and polytomous testlet summed score. When there are fewer 

items scored (polytomous scoring) there is an expected drop in reliability estimation (Sireci et 

al., 1991). To account for this reduction in reliability estimation for polytomously scored items, 

random testlets were formed to gauge this change. Table 15 presents the marginal reliabilities by 

form for each scoring and item calibration method. The mean difference and percent of change 

of the marginal reliabilities was calculated. The average marginal reliability mean difference 

between the dichotomous models was 0.01 with 1.18 average change for all forms. The range of 

change was between 0.00% to 2.41%. The average marginal reliability mean difference between 

the dichotomous scored items that were calibrated with the two-parameter logistic model and the 

polytomously scored items 0.02 with 2.78 average change for all forms. The range of change was 

between 0.00% to 7.59%. The average marginal reliability mean difference between the 

dichotomous scored items that were calibrated with the two-parameter logistic model and 

randomized polytomous items 0.02 with 1.70 average change for all forms. The range of change 

was between 1.11% to 2.30%.  

Marginal reliability of forms 1, 2, and 4 did not demonstrate a dramatic change across 

methods (0.00 to 0.02) and is not large enough when compared to empirical studies in the 

literature where the percentage of change observed by Sireci et al., (1991) was 10%, Zenisky et 

al., (2002) was 4.6% to 7.1%, and Keller et al., (2003) was 5.4% respectively. Though form 3, 

which had six item pairs demonstrating dependence, showed the greatest change in marginal 
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reliability estimation between methods (0.02 to 0.06). The percentage of change between the 

dichotomously scored models was 2.41% compared to 7.60% for the two-parameter logistic 

model and the graded response model.  

Table 15. Marginal Reliabilities by Form 

Form 2PL TRT N Dich GRM (R)   GRM N Poly 

1 0.87 0.87 23 0.88 0.86 5 

2 0.87 0.86 21 0.89 0.85 5 

3 0.85 0.83 22 0.87 0.79 5 

4 0.89 0.88 23 0.90 0.89 5 

 

Research Question 4 

The calibration of item parameters was completed using two different scoring methods 

and three different item response models, 1) two-parameter logistic model that assumes item 

local dependency does not exist; 2) two-parameter testlet model that incorporates a random 

effect parameter that factors out local dependency; and 3) graded response model that absorbs 

any local dependency by summing all scores of a contextually dependent item testlet. Table 16 

and 17 show the descriptive statistics for item discrimination (a) and difficulty (b) by each model 

and GAPs item type. There was one drop-down item calibrated with the two-parameter logistic 

model that had an extreme difficulty parameter of 33.56 that was excluded in the calculations. 

This item was on form 4 and the last item in testlet 2 in response position 4.  

Item discrimination descriptive statistics for the three models are presented in Table 16. 

When comparing the mean difference in estimation for all items, the dichotomous models 

showed the least variance (0.04). The dichotomous models mean difference showed a much 

greater spread with the polytomous model (0.49 and 0.45). When looking at the mean difference 
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by item type, the GAPs drag and drop items was greater than the GAPs drop-down between the 

dichotomous and polytomous discrimination parameters which was 0.86, compared to the drop-

down (0.15 and 0.06). The standard deviation and standard error were highest for the polytomous 

model when considering all items. GAPs drop-down and drag and drop items standard deviation 

was highest for the TRT model with the greatest spread of the discrimination parameters in the 

drop-down items (0.64) compared to the two-parameter logistic model (0.45) and the graded 

response model (0.32).  

Table 16. Discrimination Descriptive Statistics by Calibration Method and GAPS Item 

Type 

Item Discrimination (a-parameter) 

Group 
2-Parameter Logistic Model 2-Parameter Testlet Model Graded Response Model 

Mn Std Min Max Err Mn Std Min Max Err Mn Std Min Max Err 

Drag-Drop 1.70 0.47 0.76 2.81 0.07 1.70 0.48 0.81 2.75 0.07 2.56 0.45 1.80 3.51 0.14 

Drop Down 1.37 0.45 0.61 2.24 0.07 1.46 0.64 0.44 3.51 0.10 1.52 0.32 0.90 1.93 0.10 

All 1.55 0.48 0.61 2.81 0.05 1.59 0.57 0.44 3.51 0.06 2.04 0.65 0.90 3.51 0.15 

  

 

Table 17 lists the item difficulty descriptive statistics of the three item response models. 

The mean difference and standard error of the GAPs drag and drop items is minimal (0.00 and 

0.05; 0.01 and 0.00) between all three models as well as for all items combined between the 

testlet and polytomous calibrations (0.05 and 0.03; 0.01). The greatest deviation of mean and 

standard deviation differences is between the GAPs drop-down items. The mean difference 

between the two-parameter logistic model and the testlet and graded response model is 0.10 and 

0.09. The standard deviation difference is 0.03 with the TRT model, but 0.58 with the graded 

response model.  
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Table 17. Difficulty Descriptive Statistics by Calibration Method and GAPS Item Type 

Item Difficulty (b-parameter) 

Group 
2-Parameter Logistic Model 2-Parameter Testlet Model 

Mn Std Min Max Err Mn Std Min Max Err 

Drag-Drop -0.25 0.75 -2.19 1.18 0.11 -0.25 0.82 -2.25 1.36 0.12 

Drop Down -0.28 1.18 -2.00 5.02 0.18 -0.38 1.21 -2.17 3.76 0.19 

All -0.26 0.97 -2.19 5.02 0.10 -0.31 1.02 -2.25 3.76 0.11 

 

Item Difficulty (b-parameter) 

Group 
Graded Response Model 

Mn Std Min Max Err 

Drag-Drop -0.20 0.37 -0.71 0.22 0.12 

Drop Down -0.37 0.60 -1.44 0.20 0.19 

All -0.29 0.49 -1.44 0.22 0.11 

 

Scatter plots of the item discrimination parameters from both dichotomous models by 

form are presented in Figures 10 - 13. It should be noted that the scatter plots presented are 

purely informative as to the relationship between the discrimination parameters estimated by the 

two models. The estimates are not on the same scale and should not be considered a true 

comparison between the differences in estimation. The plots show a linear trend but there is 

dispersion across the theta scale. Form 2 (Figure 10) discrimination parameters displayed the 

closest relationship between the model estimations.  
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Figure 10. Form One Estimated Item Discrimination Parameters of the Two-Parameter 

Logistic and Testlet Models 

 

 

Figure 11. Form Two Estimated Item Discrimination Parameters of the Two-Parameter 

Logistic and Testlet Models 
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Figure 12. Form Three Estimated Item Discrimination Parameters of the Two-Parameter 

Logistic and Testlet Models 

 

 

Figure 13. Form Four Estimated Item Discrimination Parameters of the Two-Parameter 

Logistic and Testlet Models 

 

To get a better understanding of the relationship between the estimations by scoring 

method, model, and item type, graphs of discrimination parameters by testlet were created 

(Figures 14 - 17). As with the discrimination scatter plots, the graphs are informative since the 
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parameters are on different scales. The discrimination parameters for each item by model are as 

follows: two-parameter logistic model (blue diamond), two-parameter testlet model (yellow 

square), and graded response model (black triangle). Numbers within each symbol identify the 

item sequence in each testlet. What can be observed in all graphs is the polytomously scored 

drag and drop items had a higher discrimination than all the polytomously scored drop-down 

items.  

Form 1 (Figure 14) had three item pairs in testlet 1 and one item pair in testlet 2 that 

displayed item dependence. In the order of the two testlets they were items 2 and 4, 2 and 5, 3 

and 5, and 1 and 2. Of these pairs, testlet 2 items 1 and 2 did not fit the two-parameter logistic 

model. Similar results were observed in form 1 with three of the four item pairs exhibiting 

dependence in the two-parameter testlet model (2 and 4, 3 and 5, and 1 and 2). What can be 

observed in both testlets 1 and 2 is that the discrimination parameters for these dependent items 

were lower than the discrimination parameters estimated by the two-parameter testlet model. 

Item pairs 2 and 4 in testlet 1, and 1 and 2 in testlet exhibited significant dependence so 

overestimation by the two-parameter logistic model was anticipated, but not observed. When 

looking at item parameter estimations across form 1 drag and drop testlets 3 - 5 dichotomous 

item parameter estimations were very similar to the models with a few departures such as testlet 

3, item 3, testlet 4 and 5 items 2.  

Form 2 (Figure 15) consisted of the same three item pairs on two testlets that were 

dependent by both dichotomous models. Testlet 3 (items 3 and 5) and 5 (items 3 and 4) item 

pairs 𝑄3 was negative indicating examinees did worse on the items then predicted. Item pairs 2 

and 4 on testlet 3 had discrimination parameters for both models that were almost the same (item 

2 – 1.08 and 1.07; item 4 – 1.09 and 1.08). These pairs are clustered together in Figure 15. There 
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was slight, yet discernible difference between items pairs 3 and 5 and 3 and 4 in testlets 3 and 5. 

Unlike what was observed in form 1, the discrimination parameters for these items were slightly 

higher for the two-parameter logistic model. Only one item (testlet 3, item 2) on this testlet did 

not fit an IRT model (2PL).  

Form 3 (Figure 16) had eight item pairs that shared dependency with two pairs on testlet 

2 and three pairs on testlet 3. Item pairs 1 and 2 in testlet 2 for both dichotomous models 

demonstrated extreme dependence. Figure 16 shows these two items separate from the items in 

the testlet and have discrimination parameters ranging from 2.04 to 3.51. The two-parameter 

testlet model discrimination estimation is 0.96 and 1.27 greater than the same items estimated 

with the two-parameter logistic model. In the same testlet item pair 2 and 4 using the two-

parameter logistic model demonstrate moderate dependence. Though item 4 calibrated with the 

testlet model does not demonstrate dependence with items in testlet 2 the discrimination 

estimation is 0.38 greater. Clear differences in parameter estimation are not as clearly observable 

as with testlet 2. When considering these three testlets, there are two item discrimination 

parameters that are larger when calibrated with the two-parameter logistic model, compared with 

the TRT model (difference of 0.07 and 0.17). The remaining items shared an increase in 

discrimination with the TRT model ranging from 0.05 to 0.23. 

Form 4 (Figure 17) had item pairs in testlet 1, 2, and 3 display dependency for the two-

parameter logistic model. There were only two item pairs using the TRT model showing 

dependency, one in testlet 3 and 5. The item pair in testlet 3 show dependency for both 

dichotomous models. Though it is difficult to ascertain in the figure, the TRT model shows a 

larger discrimination estimation for both items (0.14 and 0.13). When comparing the item pairs 

showing dependency for the two-parameter logistic model in testlet 1 and 2 the parameter 
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estimation for both dichotomous models show very slight differences whereas the second item in 

the pair have larger discrimination estimates (0.42 and 0.28), respectively. Lastly, items 1 and 2 

in testlet 5 display dependence for the TRT model. The differences in discrimination between the 

two dichotomous models indicate that the parameter estimates of the two-parameter logistic 

model are slightly inflated (0.00 and 0.13). 

Figure 14. Form One Discrimination Parameters by Model and Testlet 

 

Figure 15. Form Two Discrimination Parameters by Model and Testlet 
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Figure 16. Form Three Discrimination Parameters by Model and Testlet 

 

 

Figure 17. Form Four Discrimination Parameters by Model and Testlet 

 

 

Scatter plots of the item difficulty parameters from both dichotomous models by form are 

presented in Figures 18 - 21. The scatter plots presented are purely informative as to the 

relationship between the difficulty parameters estimated by the two models. The estimates are 

not on the same scale and should not be considered a true comparison between the differences in 
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estimation. The plots show a linear trend though there is dispersion at the lower end of the theta 

scale in forms 1 and 3. Figure 19 (form 2) is linear with an outlier with parameters of 5.02 and 

3.76 (item 1; testlet 2). Form 4 (Figure 21) shows a tight linear relationship without any outliers.  

 

Figure 18. Form One Estimated Item Difficulty Parameters of the Two-Parameter Logistic 

and Testlet Models 
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Figure 19. Form Two Estimated Item Difficulty Parameters of the Two-Parameter Logistic 

and Testlet Models 

 

 

Figure 20. Form Three Estimated Item Difficulty Parameters of the Two-Parameter 

Logistic and Testlet Models 
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Figure 21. Form Four Estimated Item Difficulty Parameters of the Two-Parameter Logistic 

and Testlet Models 

 

 

Plots of difficulty parameters by form, item type, and each of the three IRT models are 

presented in Figures 22 - 25. As with the difficulty scatter plots, the graphs are informative since 

the parameters are on different scales. The difficulty parameters for each item by model are as 

follows: two-parameter logistic model (blue diamond), two-parameter testlet model (yellow 

square), and graded response model (black triangle). Numbers within each symbol identify the 

item sequence in each testlet. Unlike the discrimination parameter figures where the 

polytomously scored drag and drop items had a higher discrimination than all the polytomously 

scored drop-down items, there is not a clear relationship showing one item type is more difficult 

than the other. When considering difficulty estimations by item and by dichotomous model, 

many of the item difficulty parameters cluster together. Comparing a relationship between item 

pairs that are dependent to difficulty parameters that deviate in estimation there is not clear 

correlation. For example, in form 1 (Figure 22) difficulty parameters for items 3 and 4 in testlet 

2, and item 1 in testlet 3 are estimated as more difficult using the two-parameter logistic model 
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compared to the TRT model, yet none of these items show dependency with other items in the 

testlet. On the contrary, items 1 and 2 in testlet 2 exhibit extreme dependence (0.40 and 18.71) 

and do not fit (based on 𝑄1) either model, but cluster together in difficulty estimation. The 

difference is difficulty estimation for each item by each dichotomous model is 0.00 and 0.02. 

testlet 1 on form 1 had three item pairs (2 and 4; 2 and 5; and 3 and 5) with 𝑄3 statistics of 0.42, 

0.25, and 0.26. The difference in difficulty estimation between dichotomous models was 0.16, 

0.20, 0.37, and 0.20 with items estimated with the two-parameter logistic model being more 

difficult for all four items. When comparing parameter estimation for all items on all four forms 

that did not display dependency based on 𝑄3 or 𝐺2 statistical indices, nineteen items estimated 

more difficult using the TRT model (0.001 to 0.43; mean change of 0.17) compared to thirty-

seven items for the two-parameter logistic model (0.001 to 0.40; mean change of 0.12). 

 

Figure 22. Form One Difficulty Parameters by Model and Testlet 
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Figure 23. Form Two Difficulty Parameters by Model and Testlet 

 

 

Figure 24. Form Three Difficulty Parameters by Model and Testlet 
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Figure 25. Form Four Difficulty Parameters by Model and Testlet 

 

 

Research Question 5 

This analysis examined the examinee ability estimates by each scoring method and 

dichotomous model. Table 18 presents the summary statistics for examinee ability estimates by 

each model. There were 820 (N) examinee ability estimates used to calculate the statistics 

presented. When considering the two different scoring methods, the mean estimation of 

examinee ability estimates was 0.00 with a standard deviation difference of 0.02 for the two-

parameter logistic model and the graded response model. The minimum and maximum 

differences in estimation differed by 0.03. When compared to the TRT model mean examinee 

ability estimation was +0.01 and had the highest standard deviation but the difference between 

the other models was 0.01 and 0.03. The TRT model minimum examinee ability estimate was 

slightly higher only to the two-parameter logistic model (0.03), while the maximum estimation 

was lowest between all models by 0.05 and 0.08. 
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Table 18. Summary of Examinee Ability by Model 

Estimation Model N Mean Standard Deviation Minimum Maximum 

2PL 820 0.00 0.94 -2.31 2.32 

TRT 820 0.01 0.95 -2.28 2.27 

GRM 820 0.00 0.92 -2.28 2.35 

 

Though Table 18 shows comparable estimations by the models, the differences in 

examinee estimations between the models was investigated. The correlation between each 

model’s examinee ability estimations were calculated, along with four other statistics, ability 

estimate mean differences (Mean Diff), mean absolute difference (MAD), minimum mean 

absolute difference (MinAD), and maximum absolute difference (MaxAD. Table 19 shows the 

highest correlation of examinee ability estimates between the two dichotomously scored models, 

0.997 and the MAD index the lowest. When comparing estimation by model, the two-parameter 

logistic model and two-parameter testlet model show the least difference in examinee ability 

estimation.  

Table 19. Differences of Examinee Ability Between Models 

Estimation Model N Corr Mean Diff MAD MinAD MaxAD 

Logistic & Testlet 820 0.997 0.00 0.10 0.00 0.60 

Logistic & Graded 820 0.993 0.00 0.12 0.00 0.77 

Testlet & Graded 820 0.995 0.01 0.12 0.00 0.60 
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Summary 

Chapter IV presents and discusses the results of the analyses to answer the questions 

outlined in Chapter III. Two scoring methods and three IRT models were used to calibrate two 

contextual-dependent GAPs item types to explore how local item dependence, if present, 

influenced item parameter and examinee ability estimations. The first analyses addressed item 

model fit and was completed by using two methods, 1) Yen’s 𝑄1 statistic, and 2) 

observed/predicted item response function graphs. These analyses showed that polytomous item 

scoring fit the graded response model better than dichotomous scoring using the two 

dichotomous models. Two statistical indices were used, 1) Yen’s 𝑄3 statistic, and 2) 𝐺2 statistic 

to determine if LID was present within the testlets and the extent of item dependency if it 

existed. From these results, the two parameter testlet model “where LID is systematically 

modeled and conditioned out” (Baghaei and Ravand, 2016) performed better than the two-

parameter logistic model. More items were identified as having dependence in the two-parameter 

logistic model than did the two-parameter testlet model. When comparing the GAPs item types, 

more item pairs demonstrated dependence with the drop-down method than the drag and drop 

method. Yen’s 𝑄3 analyses was completed on the polytomously scored items and there were 

slight dependencies identified between testlets, but not to the degree as the dichotomous models. 

Reliabilities of the models were estimated using marginal reliability. One form did show 

reliability overestimation of dichotomous scoring. Descriptive statistics between item 

discrimination and difficulty estimated by the dichotomous models did not display a departure 

from estimation for the GAPS drag and drop items. Whereas there were differences in estimation 

for the GAPS drop-down items. When considering local item dependence investigation there 
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were more item pairs that displayed dependence for the GAPS drop-down item pairs. Finally, 

examinee score estimation by model indicated little difference in estimation between models.   
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CHAPTER V: CONCLUSIONS 

Assessing reading comprehension typically involves individual textual reading. Test 

items measure an examinee’s ability to understand explicitly stated information and implied 

ideas or arguments. Assessing reading comprehension is complicated since the very nature of 

reading comprehension is extremely complex. (Kendeou et al., 2012). A general assumption is 

that the reading comprehension construct is what a reading comprehension assessment is 

measuring (Keenan et al., 2008). When measuring reading comprehension, contextually based 

assessments with multiple items grouped are highly efficient since examinees respond to 

multiple questions for only one passage for which they read. Items attached to these scenarios 

could be discrete multiple-choice, GAPs drop-down (cleaner), or GAPs drag and drop (fill-in-

blank). What makes the GAPs items innovative is that examinees interact within the response 

space and can complete a sentence or statement and immediately see how they connect.  

Researchers and practitioners must make choices on a scoring method and IRT models to 

use when calibrating items. When choosing the correct model to score items, there are several 

assumptions that should be checked. This dissertation explored two assumptions, 1) 

unidimensionality, and 2) local item independence. To address the problem of the violation of 

local independence assumption, several approaches have been suggested by numerous 

researchers in the field of educational measurement. Assessment item’s that are linked based on 

a common passage(s), graphic(s), or media that have a single keyed response can be scored 

multiple ways. Practitioners must decide prior to pilot testing (field testing) whether to calibrate 

items independently using a dichotomous IRT model or to sum scores of a grouped item set and 

calibrate with a polytomous IRT model. As discussed in Chapter III, the choice of calibration 

model (dichotomous or polytomous) has pros and cons. A dichotomous model considers each 
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examinees item response pattern, thus maintaining measurement information about the examinee 

which each item measures. But if items exhibit dependence within an item set for a correct 

response then the measurement assessed is bias/skewed and results in construct-irrelevant 

variance. Whereas, by summing scores of items in a passage set and calibrating using a 

polytomous model, any item dependency within the passage set is absorbed by the model. A 

concern with polytomously scoring item sets is the loss of measurement information by 

collapsing each examinees item score into a single summed score.  

To account for contextual item set response dependence and the loss of measurement 

information through polytomous scoring, researchers have proposed several dichotomous item 

response models that take contextually based item set dependence into account. Item-based 

testlet response theory models (TRT) have been proposed for the 1PL, 2PL, and 3PL models. 

These multidimensional models include a random effect parameter to account for LID without 

losing item-level response pattern information caused when a summed score is used. 

The purpose of this study was to assess the magnitude of item dependency and impact on 

examinees scores using three different IRT models of a reading comprehension assessment that 

uses contextually based items sets. The items of interest were two gap-filing item types 

(multiple-choice gap-filling and bank gap-filling) using the rational-deletion cloze/gap-fill 

method of item deletion. Reading comprehension data for this study came from the pilot testing 

of items on an assessment that measures English language fluency. There were 89 dichotomously 

scored passage-based items in total, there were 10 GAPS drop-down, and 10 GAPS drag and 

drop testlets.  
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The goals of this study were: 

1. To evaluate item model fit of two gap-filling item types to three IRT models to inform 

model selection. 

2. To apply local item dependence detection methods to identify passage-based item 

dependencies and compare detection between two gap-filling item types. 

3. To compare reading comprehension score reliabilities using item response theory 

indices as a method for detecting local item dependence. 

4. To examine how the three item response theory models handle local item dependence 

during item parameter estimation.   

5. To evaluate the results of examinee proficiency when item parameters are calibrated 

with three different item response theory models. 

Summary of Findings 

Which scoring method and IRT model best fits the gap-filling item types based on goodness-of-fit 

indices?  

Findings from 𝑄1statistical analyses confirmed the AIC and BIC statistics that calibrating 

dichotomously scored items using the two-parameter logistic model resulted in items misfitting 

the model when compared to a summed testlet score scoring method and the testlet model. Both 

models used to calibrate using a discrete score method, 35% of items tested did not fit the two-

parameter logistic model compared to 18% of items not fitting the two-parameter testlet model. 

The item model fit by innovative response action, 33% and 19% of the GAPs drop-down items 

did not fit the dichotomous models compared with 36% and 17% of the GAPs drag and drop 

items not fitting. When considering 𝑄1item model fit statistics, a criterion was used. It was 

observed that 𝑄1 fit statistics in Table 3, there were items slightly outside of this target and in an 
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operational setting wouldn’t be removed from an item bank but fit of these items would be 

compared when used on future assessments. Though fit was not met these items still might be 

reasonable. 𝑄1fit using the polytomous summed score method demonstrated all items fit the 

graded response model.  

Item fit plots were created for each item using both scoring methods and three calibration 

models. Figures 5 and 6 appear to confirm the 𝑄1 statistics in identifying items that misfit each 

model. Inspection of items indicating fitting each of the dichotomous models based on 𝑄1 appear 

to have some fit issues. What can be concluded from the item model fit analyses is that 

increasing the number of parameters used in the calibration estimation improves item model fit 

for the reading comprehension data and item types.  

When considering the three different models, summing item scores by testlet, and 

estimating item parameters using the graded response model fit the data in this research best. 

Examinee response interactions that involved selecting a word from a bank of items (GAPS drag 

and drop) outperformed the GAPS drop-down response interaction by fitting all three models the 

best. Fewer GAPS drag and drop items misfit the IRT models. 

Does the response interaction and scoring method among two innovative gap-filling item types 

impact the assumption of local dependence? 

Analyses from Chapter IV indicate that scoring context-dependent items as independent 

measurement opportunities did cause items to be locally dependent (Tables 12 and 13). Both 

statistical analyses methods (𝑄3 and 𝐺2) had values flagged for item pairs that were dependent 

almost consistently across all forms, though 𝑄3appeared to be slightly more sensitive. There 

were item pairs in forms two, three, and four with 𝑄3 just at the threshold indicating dependence 

(-0.21, 0.20, and 0.21) that when compared to 𝐺2would have not been considered dependent 
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(2.60, 3.41, and 3.93), though the latter would have been flagged if rounding criteria changed. 

When comparing the dichotomous models overall there were 178 within testlet item pair 

combinations, of these, 17% (31) displayed dependence when item parameters were calculated 

with the two-parameter logistic model. This percentage decreased when compared to the two-

parameter testlet model, 10% (17). The degree of dependence between the item pairs was 

moderate to high in the same testlet. When examining if model fit (𝑄1) was an indicator of local 

item independence violation, it can be concluded that that wasn’t true. Of the 31 item pairs 

identified as dependent there were four item pairs in which both items did not fit the two-

parameter logistic model and four item pairs with items misfitting the model. There were eleven 

item pairs that fit the model based on 𝑄1values. This was also observed with the two-parameter 

testlet model in which two item pairs had both items misfitting and two item pairs with one item 

not fitting. There were 13 item pairs where both items fit the model.  

Dependency based on examinee response interaction (drop-down (104) and drag and 

drop (94)) saw 14% of GAPs drop-down items identified as dependent when calibrated with the 

two-parameter logistic model compared to 12% calibrated with the TRT model. Both models had 

5% of GAPs drag and drop items display dependency. This finding suggests that LID exists 

among items within both response interactions but the degree which it exists is different between 

response interactions. Using 𝑄3, LID was estimated between testlets for the polytomous scoring 

method calibrated with the graded response model. There were three testlets that displayed 

moderate dependency across all four forms. Of these one was a response interaction of drag and 

drop and two were drop-down. The degree of item dependency is minimal, 0.18, 0.19, and .20. 

The results of the 𝑄3 and 𝐺2 indices of all three models indicates that the GAPS drag and drop 
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items show the least dependence between responses. When considering dichotomous scoring, the 

GAPS drag and drop items had fewer item pairs flagged for dependency. 

To account for local item dependence, does item scoring and IRT model selection have any 

impact on test reliability? 

Empirical research has shown that when local item dependence is present within an 

assessment that the internal reliability is inflated. The degree to which this was observed across 

forms varied, and from the analyses presented in Chapter IV, appears to be dependent on the 

number of item pairs that are dependent. Form 3 marginal reliability had the largest difference in 

estimation that is consistent with what has been observed by Sireci et al., (1991) and Zenisky et 

al., (2002). Compared to other forms, form 3 had eight item pairs displaying dependence 

compared to three and four item pairs on the other forms. When considering the change in 

number of items from the dichotomous data to the polytomous data the difference in marginal 

reliability estimations for forms 1, 2, and 4 is trivial in practice. When taking these differences 

into consideration what also needs to be considered is the number of items where the 

dichotomously scored items ranged from 20 – 23 items and for the polytomously scored items 

there were 5 testlets.  Zenisky et al., (2002) created randomized polytomously scored testlets to 

compare the degree of change between dichotomous scoring and polytomous scoring and 

observed marginal reliabilities slightly higher than polytomously scored testlets, yet lower than 

dichotomously scored forms. The randomized testlet reliability estimates observed were higher 

than all reliability estimates which could mean that dependency impacts reliability estimation 

overall. Regardless of the scoring method, acceptable marginal reliability estimates for each item 

response theory model were obtained. From this research, it appears that the number of 
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dependent item pairs is a factor in the magnitude of change between scoring methods in 

reliability estimation. 

To what extent does the scoring method and item calibration model show differences in item 

parameter estimation? 

Empirical research has shown that when item dependency is present in dichotomous data, 

that the discrimination parameters are overestimated. This research has presented data that does 

not completely align to this observation. The two-parameter testlet model includes a gamma 

parameter that takes into account dependency and adjusts the parameterization of the 

discrimination parameter. Reported in Chapter IV when comparing discrimination parameters of 

the dichotomous models there were twenty items with discrimination parameter estimates greater 

than those estimated with the two-parameter logistic model with an average difference of 0.28 

and a standard deviation of 0.32. Item discrimination estimates of the two-parameter logistic 

model that had a higher estimation (8) displayed an average difference of 0.08 with a standard 

deviation of 0.06. It appears that the TRT model overestimates item discrimination parameters to 

a greater degree for items that are dependent. An interesting caveat is that there were two item 

pairs that were dependent based on the TRT model only and those estimated parameters were 

higher for the logistic model with an average of 0.07 and a standard deviation of 0.32. Of the 

eight items with higher discrimination six of the items were on form 2 and were all the item pairs 

that displayed dependency. The difference between estimations were not specific to the response 

interaction of either GAPs drop-down or drag and drop. But, as noted in Chapter III, the overall 

descriptive statistics of the item types showed little difference between dichotomous scoring for 

the GAPS drag and drop items compared to the GAPS drop-down items. 
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To what extent does the two-parameter logistic model, two-parameter testlet response theory 

model, and graded response model show differences in examinee score estimation? 

Examinee ability estimates by scoring method and model selection showed comparable 

statistics overall when comparing all examinees. Highly correlated ability estimates were 

observed by both dichotomous and polytomous scoring methods and dichotomous models. The 

dichotomous models had a mean difference examinee ability estimate of 0.00 and lowest mean 

absolute difference of 0.10 when comparing all three models. These results indicate little to no 

difference in examinee score estimation by IRT model selection. 

Implications 

This study evaluated two scoring methods of two innovative item types requiring 

examinees to choose a best response by either dragging and dropping an answer option from a 

bank of words or selecting an answer option from a drop-down list. The decision of which 

scoring method to use influences the information of the assessment. When items are scored as a 

unique measurement opportunity each examinee response is used to determine proficiency. 

When discrete items are summed into a single testlet score the information regarding each 

examinees response to an item is lost. One potential caution to the use of a polytomous IRT 

model could be a trade-off in information (Thissen, et al., 1997; Yen, 1993).  

The models selected to calibrate examinee responses for each scoring method were the 

two-parameter logistic model which ignores local item dependence that might be present in 

contextually based items; the graded response model that bypasses the issue of local item 

dependence among items that are contextually based; and the two-parameter testlet model which 

explicitly models the testlet effect. When considering item model fit and item dependency within 

contextually based items the analyses in this study support a summed score-based approach to 
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parameter estimation. This approach is straightforward to understand in theory and easy to carry 

out in practice. Also, the graded response model has been used in large scale assessments thus 

has a lot of information about its performance. 

Item information is influenced when local item dependence is present as this has an 

impact when examinee proficiency is categorized by a cut score(s). When making informed 

decisions about reading comprehension, correct ability precision estimates is imperative, 

especially if the cut score is pass/fail. The scoring method and model selection to estimate item 

parameters does influence parameter estimation when item dependency is present.  

In addition to informing scoring method and model selection, this study also provides 

insight on the statistical performance of two innovative items that can aid subject matter experts 

(SMEs) on making informed decisions during item development and test construction. As 

demonstrated in this study, the GAPs drop-down item format is prone to dependency within item 

pairs for both dichotomous models. GAPs drag and drop items did display dependence with a 

dichotomous scoring scheme, but the number of item pairs were fewer, and dependency as 

indicated by 𝑄3 and 𝐺2 statistics were not extreme. Within the context of item development, by 

identifying item pairs that display dependence, SMEs could use this to identify patterns of 

contexts that cause dependency and adjust writing schemes. An alternative would be to use item 

dependency analysis to modify item pairs to reduce/remove dependence. Therefore, the 

challenge to SMEs would not be the elimination of item dependencies by deleting contextual-

based items from an item bank, but rather modeling items so that local item dependence does not 

occur. An alternative would be to select item sets during form construction that do not display 

dependencies or only low levels of dependence. The issue with this approach is the factor of cost. 

Item development and field testing is expensive and can be detrimental to the robustness of the 
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item bank. Thus, considering an item type, such as the GAPS drag and drop format, which in this 

research displayed fewer instances of dependency, should be considered especially in the context 

of assessing reading comprehension. 

Assessments of language proficiency often, if not always, use contextually based items. 

Techniques to address item dependencies and explore the effects on statistical estimations and 

examinee ability reporting is worthy of more investigation. If the precise pattern of examinee 

responses is not considered, then information about differences in ways examinees respond is 

lost. Studying if item dependencies are present within an assessment and the consequences they 

pose for test score meaning and interpretation is critical for any assessment.  

Limitations 

The present study has several limitations that are acknowledged and warrant further 

investigation. The first is the sample size that was used. There were approximately 200 examinee 

scored responses on each form in this study. Dependent on the IRT models being used the 

sample size needs to be large enough to obtain accurate item-parameter estimates that results in 

accurate estimates of ability. The discrepancy in item and examinee estimation increases as the 

complexity of the model also increases. This is critical when high-stakes decisions are made, 

such as mastery of reading comprehension on an English language assessment. Studies have 

suggested a minimum number of examinees per number of items when using the two-parameter 

logistic model. For example, a 25-item assessment, Weiss & Minden (2012) suggest a sample 

size no smaller than 200, whereas Harwell & Janosky (1991) recommend 250 examinees. 

Ackerman (1994) recommends a minimum of 2,000 examinees for a mutli-dimensional model to 

obtain stable item parameter estimates. With regard to the graded response model, Reeve & 

Fayers (2005) suggest a minimum sample size of 250 examinees, but for accurate item parameter 
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estimates 500 examinees is recommended. Thus, it would be meaningful to replicate this study 

once a larger sample size can be obtained to investigate how different sample sizes can affect the 

comparison of the investigated models. Lastly, Hambleton, et al., (1991) note that goodness-of-

fit statistics are sensitive to sample size. 

A second limitation of this study was the mode of the assessments being low stakes 

without any consequences to the examinee. The items analyzed were part of a pilot testing study 

(field test) to gain a preliminary understanding of the psychometric properties of items. 

Examinees who participated in the assessment were recruited and did not receive performance 

scores, so, examinee motivation is an underlying factor that should be considered with these 

results. In an assessment context, motivation typically refers to the amount of effort that 

examinees give to their item responses, with low-effort behavior characterized by guessing, 

omitting items, and rapid responding (Wise and Kong, 2005). When there is low examinee 

motivation, the psychometric characteristics of items and examinee scores can be distorted. But 

it is important to note that examinees who participated in the pilot study were adults, which 

could be more highly motivated when responding. Examining the psychometric performance of 

the items once the assessment is in operation (high stakes) will be fruitful in determining the 

amount of dependency between item pairs and how the IRT models estimate item parameters.   

A third limitation was there were 178 examinees that identified English as their native 

language. If these examinees were truly native English speakers then they have an advantage 

when responding to items developed to assess English reading comprehension. An alternative 

approach to this study would have been to exclude these examinees. Since the number of 

examinees in the data were approximately 200 per form, the native English speakers were 
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included since by excluding them the number of examinees per form would have been reduced to 

approximately 173.  

Future Research Recommendations 

As stated in the previous section, replicating this study with a larger sample size and in 

context of an operational assessment would build upon the current research presented. A larger 

sample size and the inclusion of only non-native English-speaking examinees would reduce 

potential bias in item and examinee estimation. Also, in a high-stakes operational context any 

potential motivation factors introduced in the pilot study would be assumed to be reduced. 

Differential item function (DIF) would provide analysis on whether different subgroups 

of equal ability perform differently on items. A DIF study was not included in the current 

research since a minimum sample size per subgroup is recommended to be approximately 400 

examinees, at minimum. DIF analysis does not indicate if an item is faulty but signals that an 

item is behaving differently for a subgroup. If DIF analysis signals that an item(s) favors a 

particular subgroup then SMEs would evaluate the item and determine if revision or disposal of 

the item is necessary. 
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APPENDIX A: 𝑄1 FIT STATISTICS FORMS 1 - 4 

Table A1. Form One 𝑸𝟏 Item Fit Statistics of Items Calibrated with the Two-Parameter 

Logistic Model 

Testlet Item Item Type 𝑄1 Z𝑄1 DOF Z𝑄1crit Fit 

1 

1 

Drop Down 

8.46 0.39 8 0.57 FIT 

2 7.87 0.23 8 0.57 FIT 

3 6.36 -0.17 8 0.57 FIT 

4 4.61 -0.64 8 0.57 FIT 

5 8.91 0.51 8 0.57 FIT 

2 

6 

Drop Down 

16.14 2.44 8 0.57 MISFIT 

7 17.79 2.88 8 0.57 MISFIT 

8 9.34 0.63 8 0.57 MISFIT 

9 5.28 -0.46 8 0.57 FIT 

3 

10 

Drag and Drop 

5.72 -0.34 8 0.57 FIT 

11 12.80 1.55 8 0.57 MISFIT 

12 3.87 -0.84 8 0.57 FIT 

13 8.84 0.49 8 0.57 FIT 

14 7.94 0.25 8 0.57 FIT 

4 

15 

Drag and Drop 

5.50 -0.40 8 0.57 FIT 

16 4.07 -0.78 8 0.57 FIT 

17 7.62 0.17 8 0.57 FIT 

18 10.53 0.94 8 0.57 MISFIT 

19 4.14 -0.76 8 0.57 FIT 

5 

20 

Drag and Drop 

11.66 1.24 8 0.57 MISFIT 

21 5.79 -0.32 8 0.57 FIT 

22 6.06 0.48 8 0.57 FIT 

23 9.07 0.55 8 0.57 FIT 
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Table A2. Form Two 𝑸𝟏 Item Fit Statistics of Items Calibrated with the Two-Parameter 

Logistic Model 

Testlet Item Item Type 𝑄1 Z𝑄1 DOF Z𝑄1crit Fit 

1 

1 

Drop Down 

13.70 1.79 8 0.55 MISFIT 

2 8.21 0.05 8 0.55 FIT 

3 16.46 2.53 8 0.55 MISFIT 

2 

4 

Drop Down 

3.69 -0.88 8 0.55 FIT 

5 7.01 0.25 8 0.55 FIT 

6 7.88 0.23 8 0.55 FIT 

7 10.28 0.88 8 0.55 MISFIT 

3 

8 

Drop Down 

14.29 1.95 8 0.55 MISFIT 

9 8.15 0.31 8 0.55 FIT 

10 7.42 0.11 8 0.55 FIT 

11 7.72 0.07 8 0.55 FIT 

12 4.12 -0.77 8 0.55 FIT 

4 

13 

Drag and Drop 

6.32 0.41 8 0.55 FIT 

14 8.01 0.27 8 0.55 FIT 

15 5.99 -0.27 8 0.55 FIT 

16 4.40 -0.70 8 0.55 FIT 

5 

17 

Drag and Drop 

4.56 -0.65 8 0.55 FIT 

18 3.77 -0.86 8 0.55 FIT 

19 5.62 -0.37 8 0.55 FIT 

20 7.85 0.23 8 0.55 FIT 

21 2.45 -1.22 8 0.55 FIT 
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Table A3. Form Three 𝑸𝟏 Item Fit Statistics of Items Calibrated with the Two-Parameter 

Logistic Model 

Testlet Item Item Type 𝑄1 Z𝑄1 DOF Z𝑄1crit Fit 

1 

1 

Drop Down 

6.57 -0.12 8 0.53 FIT 

2 5.29 -0.46 8 0.53 FIT 

3 6.86 -0.04 8 0.53 FIT 

4 2.74 -1.14 8 0.53 FIT 

2 

5 

Drop Down 

4.96 -0.55 8 0.53 FIT 

6 3.79 -0.86 8 0.53 FIT 

7 7.83 0.22 8 0.53 FIT 

8 3.84 -0.84 8 0.53 FIT 

3 

9 

Drop Down 

9.63 0.70 8 0.53 MISFIT 

10 5.66 -0.36 8 0.53 FIT 

11 2.52 -1.20 8 0.53 FIT 

12 17.98 2.93 8 0.53 MISFIT 

13 9.86 0.77 8 0.53 MISFIT 

4 

14 

Drag and Drop 

14.56 2.02 8 0.53 MISFIT 

15 6.32 -0.18 8 0.53 FIT 

16 6.97 -0.01 8 0.53 FIT 

17 7.21 0.20 8 0.53 FIT 

5 

18 

Drag and Drop 

8.64 0.44 8 0.53 FIT 

19 6.45 0.38 8 0.53 FIT 

20 4.87 -0.57 8 0.53 FIT 

21 8.63 0.43 8 0.53 FIT 

22 3.48 -0.94 8 0.53 FIT 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 117 

Table A4. Form Four 𝑸𝟏 Item Fit Statistics of Items Calibrated with the Two-Parameter 

Logistic Model 

Testlet Item Item Type 𝑄1 Z𝑄1 DOF Z𝑄1crit Fit 

1 

1 

Drop Down 

7.27 0.07 8 0.54 FIT 

2 5.73 -0.34 8 0.54 FIT 

3 6.70 -0.08 8 0.54 FIT 

4 3.77 -0.86 8 0.54 FIT 

2 

5 

Drop Down 

9.33 0.62 8 0.54 MISFIT 

6 12.00 1.34 8 0.54 MISFIT 

7 13.06 1.62 8 0.54 MISFIT 

8 6.39 -0.16 8 0.54 FIT 

3 

9 

Drag and Drop 

18.90 3.18 8 0.54 MISFIT 

10 5.15 -0.50 8 0.54 FIT 

11 7.56 0.15 8 0.54 FIT 

12 16.04 2.42 8 0.54 MISFIT 

13 12.70 1.52 8 0.54 MISFIT 

4 

14 

Drag and Drop 

9.81 0.45 8 0.54 FIT 

15 3.04 -1.06 8 0.54 FIT 

16 8.13 0.30 8 0.54 FIT 

17 11.16 1.11 8 0.54 MISFIT 

18 4.44 -0.68 8 0.54 FIT 

5 

19 

Drag and Drop 

4.18 -0.75 8 0.54 FIT 

20 3.07 -1.05 8 0.54 FIT 

21 10.58 0.96 8 0.54 MISFIT 

22 6.75 -0.07 8 0.54 FIT 

23 9.78 0.74 8 0.54 MISFIT 
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Table A5. Form One 𝑸𝟏 Item Fit Statistics of Items Calibrated with the Two-Parameter 

Testlet Model 

Testlet Item Item Type 𝑄1 Z𝑄1 DOF Z𝑄1crit Fit 

1 

1 

Drop Down 

7.58 -0.10 8 0.57 FIT 

2 6.22 -0.44 8 0.57 FIT 

3 5.28 -0.68 8 0.57 FIT 

4 5.07 -0.73 8 0.57 FIT 

5 4.27 -0.93 8 0.57 FIT 

2 

6 

Drop Down 

11.95 0.99 8 0.57 MISFIT 

7 10.83 0.71 8 0.57 MISFIT 

8 14.18 1.54 8 0.57 MISFIT 

9 9.22 0.30 8 0.57 FIT 

3 

10 

Drag and Drop 

6.22 -0.44 8 0.57 FIT 

11 12.21 1.05 8 0.57 MISFIT 

12 7.25 -0.19 8 0.57 FIT 

13 9.64 0.41 8 0.57 FIT 

14 6.56 -0.36 8 0.57 FIT 

4 

15 

Drag and Drop 

4.95 -0.76 8 0.57 FIT 

16 4.79 -0.80 8 0.57 FIT 

17 5.59 -0.60 8 0.57 FIT 

18 10.81 0.70 8 0.57 MISFIT 

19 5.31 -0.67 8 0.57 FIT 

5 

20 

Drag and Drop 

12.74 1.18 8 0.57 MISFIT 

21 2.79 -1.30 8 0.57 FIT 

22 8.96 0.24 8 0.57 FIT 

23 8.97 0.24 8 0.57 FIT 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 119 

Table A6. Form Two 𝑸𝟏 Item Fit Statistics of Items Calibrated with the Two-Parameter 

Testlet Model 

Testlet Item Item Type 𝑄1 Z𝑄1 Df Z𝑄1crit Fit 

1 

1 

Drop Down 

10.98 0.74 8 0.55 MISFIT 

2 6.43 -0.39 8 0.55 FIT 

3 9.88 0.47 8 0.55 FIT 

2 

4 

Drop Down 

9.87 0.47 8 0.55 FIT 

5 7.65 -0.09 8 0.55 FIT 

6 4.43 -0.89 8 0.55 FIT 

7 14.94 1.73 8 0.55 MISFIT 

3 

8 

Drop Down 

7.42 -0.15 8 0.55 FIT 

9 8.92 0.23 8 0.55 FIT 

10 6.58 -0.35 8 0.55 FIT 

11 7.04 -0.24 8 0.55 FIT 

12 3.51 -1.12 8 0.55 FIT 

4 

13 

Drag and Drop 

4.17 -0.96 8 0.55 FIT 

14 2.71 -1.32 8 0.55 FIT 

15 4.13 -0.97 8 0.55 FIT 

16 1.75 -1.56 8 0.55 FIT 

5 

17 

Drag and Drop 

4.66 -0.83 8 0.55 FIT 

18 4.50 -0.88 8 0.55 FIT 

19 4.29 -0.93 8 0.55 FIT 

20 2.70 -1.33 8 0.55 FIT 

21 3.72 -1.07 8 0.55 FIT 
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Table A7. Form Three 𝑸𝟏 Item Fit Statistics of Items Calibrated with the Two-Parameter 

Testlet Model 

Testlet UIN Item Type 𝑄1 Z𝑄1 Df Z𝑄1crit Fit 

1 

1 

Drop Down 

12.37 1.09 8 0.53 MISFIT 

2 12.95 1.24 8 0.53 MISFIT 

3 6.38 -0.41 8 0.53 FIT 

4 9.37 0.34 8 0.53 FIT 

2 

5 

Drop Down 

7.12 -0.22 8 0.53 FIT 

6 3.16 -1.21 8 0.53 FIT 

7 10.10 0.53 8 0.53 FIT 

8 6.53 -0.37 8 0.53 FIT 

3 

9 

Drag and Drop 

5.63 -0.59 8 0.53 FIT 

10 5.75 -0.56 8 0.53 FIT 

11 8.54 0.14 8 0.53 FIT 

12 4.24 -0.94 8 0.53 FIT 

13 5.92 -0.52 8 0.53 FIT 

4 

14 

Drag and Drop 

11.77 0.94 8 0.53 MISFIT 

15 9.84 0.46 8 0.53 FIT 

16 4.08 -0.98 8 0.53 FIT 

17 9.21 0.30 8 0.53 FIT 

5 

18 

Drag and Drop 

3.89 -1.03 8 0.53 FIT 

19 3.28 -1.18 8 0.53 FIT 

20 9.23 0.31 8 0.53 FIT 

21 4.62 -0.85 8 0.53 FIT 

22 5.44 -0.64 8 0.53 FIT 
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Table A8. Form Four 𝑸𝟏 Item Fit Statistics of Items Calibrated with the Two-Parameter 

Testlet Model 

Testlet UIN Item 𝑄1 Z𝑄1 Df Z𝑄1crit Fit 

1 

1 

Drop Down 

8.77 0.19 8 0.54 FIT 

2 5.84 -0.54 8 0.54 FIT 

3 9.18 0.30 8 0.54 FIT 

4 11.89 0.97 8 0.54 MISFIT 

2 

5 

Drop Down 

9.40 0.35 8 0.54 FIT 

6 2.87 -1.28 8 0.54 FIT 

7 13.46 1.36 8 0.54 MISFIT 

8 5.10 -0.72 8 0.54 FIT 

3 

9 

Drag and Drop 

11.93 0.98 8 0.54 MISFIT 

10 2.94 -1.26 8 0.54 FIT 

11 6.65 -0.34 8 0.54 FIT 

12 8.22 0.06 8 0.54 FIT 

13 1.53 -1.62 8 0.54 FIT 

4 

14 

Drag and Drop 

4.37 -0.91 8 0.54 FIT 

15 3.23 -1.19 8 0.54 FIT 

16 10.73 0.68 8 0.54 MISFIT 

17 14.33 1.58 8 0.54 MISFIT 

18 7.80 -0.05 8 0.54 FIT 

5 

19 

Drag and Drop 

6.75 -0.31 8 0.54 FIT 

20 5.24 -0.69 8 0.54 FIT 

21 2.63 -1.34 8 0.54 FIT 

22 4.16 -0.96 8 0.54 FIT 

23 12.05 1.01 8 0.54 MISFIT 
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APPENDIX B: FIT GRAPHS FORMS 2 - 4 

Figure B1. Form Two Item Fit Plots of Dichotomously Scored Items Calibrated with the 

Two-Parameter Logistic Model 
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Figure B2. Form Three Item Fit Plots of Dichotomously Scored Items Calibrated with the 

Two-Parameter Logistic Model 
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Figure B3. Form Four Item Fit Plots of Dichotomously Scored Items Calibrated with the 

Two-Parameter Logistic Model 
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Figure B4. Form Two Item Fit Plots of Dichotomously Scored Items Calibrated with the 

Two-Parameter Testlet Model 
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Figure B5. Form Three Item Fit Plots of Dichotomously Scored Items Calibrated with the 

Two-Parameter Testlet Model 
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Figure B6. Form Four Item Fit Plots of Dichotomously Scored Items Calibrated with the 

Two-Parameter Testlet Model 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 128 

APPENDIX C: EIGENVALUES FORMS 1 – 4 

Table C1. Form One Eigenvalues of Dichotomous Scoring Method 

Form Factor Eigenvalue Difference Variance 

1 

1 10.72 8.62 41.23 

2 2.10 0.12 8.07 

3 1.98 0.54 7.60 

4 1.44 0.18 5.53 

5 1.26 0.14 4.83 

6 1.11 0.02 4.28 

7 1.09 0.19 4.20 

8 0.91 0.17 3.49 

9 0.73 0.02 2.83 

10 0.71 0.06 2.75 

11 0.65 0.06 2.50 

12 0.59 0.05 2.26 

13 0.54 0.05 2.07 

14 0.48 0.09 1.86 

15 0.39 0.03 1.51 

16 0.37 0.04 1.41 

17 0.32 0.04 1.24 

18 0.28 0.02 1.09 

19 0.27 0.10 1.03 

20 0.17 0.04 0.64 

21 0.13 0.04 0.48 

22 0.08 0.01 0.32 

23 0.07 0.05 0.26 

24 0.02 0.07 0.07 

25 -0.06 0.29 -0.21 

26 -0.35 0.00 0.00 
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Table C2. Form Two Eigenvalues of Dichotomous Scoring Method 

Form Factor Eigenvalue Difference Variance 

2 

1 9.91 8.25 41.29 

2 1.65 0.14 6.89 

3 1.52 0.03 6.33 

4 1.49 0.24 6.21 

5 1.25 0.09 5.21 

6 1.16 0.08 4.83 

7 1.08 0.13 4.48 

8 0.94 0.05 3.93 

9 0.90 0.13 3.73 

10 0.76 0.07 3.18 

11 0.69 0.12 2.88 

12 0.57 0.01 2.38 

13 0.57 0.12 2.36 

14 0.45 0.09 1.85 

15 0.35 0.02 1.47 

16 0.33 0.05 1.37 

17 0.28 0.09 1.16 

18 0.19 0.09 0.81 

19 0.11 0.09 0.45 

20 0.01 0.01 0.06 

21 0.01 0.03 0.03 

22 -0.03 0.05 -0.11 

23 -0.07 0.04 -0.31 

24 -0.12 0.00 0.00 
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Table C3. Form Three Eigenvalues of Dichotomous Scoring Method 

Form Factor Eigenvalue Difference Variance 

3 

1 8.44 6.00 33.77 

2 2.44 0.69 9.76 

3 1.75 0.06 6.99 

4 1.68 0.28 6.74 

5 1.41 0.13 5.62 

6 1.27 0.22 5.10 

7 1.05 0.02 4.21 

8 1.03 0.10 4.13 

9 0.93 0.04 3.72 

10 0.89 0.11 3.54 

11 0.78 0.11 3.11 

12 0.67 0.02 2.67 

13 0.65 0.06 2.59 

14 0.59 0.17 2.35 

15 0.42 0.03 1.67 

16 0.39 0.05 1.56 

17 0.33 0.12 1.34 

18 0.21 0.04 0.84 

19 0.17 0.03 0.68 

20 0.14 0.06 0.58 

21 0.09 0.06 0.34 

22 0.02 0.06 0.10 

23 -0.04 0.07 -0.14 

24 -0.11 0.10 -0.44 

25 -0.21 0.00 0.00 
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Table C4. Form Four Eigenvalues of Dichotomous Scoring Method 

Form Factor Eigenvalue Difference Variance 

4 

1 11.63 9.77 44.72 

2 1.86 0.34 7.16 

3 1.52 0.22 5.86 

4 1.31 0.06 5.02 

5 1.25 0.13 4.80 

6 1.12 0.07 4.30 

7 1.04 0.13 4.02 

8 0.92 0.05 3.53 

9 0.86 0.13 3.32 

10 0.73 0.08 2.81 

11 0.65 0.01 2.50 

12 0.64 0.13 2.46 

13 0.51 0.06 1.95 

14 0.44 0.02 1.71 

15 0.43 0.10 1.64 

16 0.33 0.01 1.27 

17 0.32 0.08 1.25 

18 0.24 0.04 0.94 

19 0.20 0.08 0.78 

20 0.12 0.06 0.47 

21 0.07 0.04 0.25 

22 0.02 0.02 0.09 

23 0.01 0.03 0.03 

24 -0.02 0.03 -0.08 

25 -0.05 0.10 -0.21 

26 -0.16 0.00 0.00 
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APPENDIX D: 𝑄3 AND 𝐺2 STATISTICAL INDICIES FORMS 1 – 4 

Table D1. Form One 𝑮𝟐 and 𝑸𝟑 Statistics for Two-Parameter Logistic Model 

Form Item Type Testlet Item 1 Item 2 𝐺2 Prob 𝐺2 𝑄3 𝐺2 Flag 𝑄3 Flag 

1 

Drop Down 1 

1 2 0.03 2.23 -0.09   

1 3 0.06 2.91 0.19   

1 4 0.00 0.39 0.00   

1 5 0.00 0.60 0.11   

2 3 0.00 0.97 0.13   

2 4 0.94 15.13 0.42 Y Y 

2 5 0.20 4.63 0.25 Y Y 

3 4 0.00 0.07 0.08   

3 5 0.27 5.28 0.26 Y Y 

4 5 0.00 0.31 0.12   

Drop Down 2 

1 2 0.98 18.71 0.40 Y Y 

1 3 0.02 1.97 0.16   

1 4 0.00 0.19 0.08   

2 3 0.00 0.72 0.11   

2 4 0.00 0.62 0.12   

3 4 0.00 1.06 0.18   

Drag and Drop 3 

1 2 0.00 1.18 -0.07   

1 3 0.00 1.01 -0.09   

1 4 0.00 0.10 0.03   

1 5 0.00 0.15 0.07   

2 3 0.00 0.22 -0.01   

2 4 0.00 0.71 0.08   

2 5 0.01 1.50 0.13   

3 4 0.03 2.37 0.12   

3 5 0.00 0.19 0.01   

4 5 0.00 0.45 0.06   

Drag and Drop 4 

1 2 0.00 0.25 0.01   

1 3 0.00 0.26 0.02   

1 4 0.00 0.10 0.00   

1 5 0.00 0.54 0.08   

2 3 0.00 0.31 0.01   

2 4 0.01 1.54 0.14   

2 5 0.00 0.35 0.00   

3 4 0.11 3.60 -0.16   

3 5 0.00 0.90 0.10   

4 5 0.07 3.02 0.19   

Drag and Drop 5 1 2 0.00 0.62 -0.05   
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1 3 0.00 0.31 -0.01   

1 4 0.00 0.43 0.07   

2 3 0.00 0.36 -0.15   

2 4 0.00 1.27 0.07   

3 4 0.00 0.07 -0.01   
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Table D2. Form Two 𝑮𝟐 and 𝑸𝟑 Statistics for Two-Parameter Logistic Model 

Form Item Type Testlet Item 1 Item 2 𝐺2 Prob 𝐺2 𝑄3 𝐺2 Flag 𝑄3 Flag 

2 

Drop Down 1 

1 2 0.10 3.53 0.17   

1 3 0.01 1.40 0.10   

2 3 0.03 2.29 0.14   

Drop Down 2 

1 2 0.00 0.01 0.03   

1 3 0.00 0.60 0.06   

1 4 0.00 0.01 0.02   

2 3 0.00 1.17 0.14   

2 4 0.00 0.23 0.10   

3 4 0.01 1.46 -0.08   

Drop Down 3 

1 2 0.02 1.99 0.06   

1 3 0.00 0.83 -0.10   

1 4 0.00 0.52 0.10   

1 5 0.00 0.46 -0.05   

2 3 0.07 3.13 0.19   

2 4 0.98 17.49 0.37 Y Y 

2 5 0.00 0.02 0.02   

3 4 0.00 0.57 -0.05   

3 5 0.53 7.61 -0.23 Y Y 

4 5 0.00 1.20 0.10   

Drag and Drop 4 

1 2 0.10 3.45 0.15   

1 3 0.00 1.25 -0.11   

1 4 0.00 0.11 -0.01   

2 3 0.00 0.24 -0.02   

2 4 0.04 2.46 0.13   

3 4 0.00 0.59 0.08   

Drag and Drop 5 

1 2 0.06 2.85 0.07   

1 3 0.00 0.37 0.05   

1 4 0.00 0.98 0.05   

1 5 0.00 0.29 -0.03   

2 3 0.00 0.06 -0.04   

2 4 0.01 1.79 0.07   

2 5 0.01 1.38 0.03   

3 4 0.04 2.60 -0.21  Y 

3 5 0.05 2.79 0.16   

3 5 0.00 0.32 -0.07   
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Table D3. Form Three 𝑮𝟐 and 𝑸𝟑 Statistics for Two-Parameter Logistic Model 

Form Item Type Testlet Item 1 Item 2 𝐺2 Prob 𝐺2 𝑄3 𝐺2 Flag 𝑄3 Flag 

3 

Drop Down 1 

1 2 0.92 14.18 0.34 Y Y 

1 3 0.00 1.21 0.12   

1 4 0.00 1.02 0.11   

2 3 0.00 0.91 0.11   

2 4 0.00 0.23 0.08   

3 4 0.00 1.00 0.12   

Drop Down 2 

1 2 0.98 18.50 0.53 Y Y 

1 3 0.00 0.49 -0.05   

1 4 0.05 2.67 0.17   

2 3 0.00 0.87 -0.07   

2 4 0.30 5.55 0.24 Y Y 

3 4 0.01 1.40 0.12   

Drop Down 3 

1 2 0.69 9.42 0.23 Y Y 

1 3 0.00 0.59 0.06   

1 4 0.00 0.21 0.00   

1 5 0.04 2.52 0.08   

2 3 0.38 6.24 0.25 Y Y 

2 4 0.00 0.17 -0.03   

2 5 0.00 0.65 -0.11   

3 4 0.00 1.30 0.12   

3 5 0.00 0.76 0.07   

4 5 1.00 30.33 0.44 Y Y 

Drag and Drop 4 

1 2 0.00 0.23 0.04   

1 3 0.00 0.94 -0.07   

1 4 0.83 11.68 0.32 Y Y 

2 3 0.00 0.63 0.10   

2 4 0.00 0.36 0.06   

3 4 0.01 1.83 0.14   

Drag and Drop 5 

1 2 0.01 1.64 0.12   

1 3 0.01 1.76 0.12   

1 4 0.04 2.61 0.14   

1 5 0.00 0.05 0.01   

2 3 0.14 3.93 0.21  Y 

2 4 0.00 0.17 0.03   

2 5 0.00 0.04 0.02   

3 4 0.05 2.66 0.14   

3 5 0.04 2.57 -0.15   

4 5 0.00 0.09 0.00   
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Table D4. Form Four 𝑮𝟐 and 𝑸𝟑 Statistics for Two-Parameter Logistic Model 

Form Item Type Testlet Item 1 Item 2 𝐺2 Prob 𝐺2 𝑄3 𝐺2 Flag 𝑄3 Flag 

4 

Drop Down 1 

1 2 0.00 0.23 -0.01   

1 3 0.03 2.34 0.15   

1 4 0.04 2.55 0.15   

2 3 0.01 1.75 -0.07   

2 4 0.00 0.44 0.10   

3 4 0.39 6.30 0.24 Y Y 

Drop Down 2 

1 2 0.09 3.41 0.20  Y 

1 3 0.00 0.49 0.09   

1 4 0.01 1.48 0.16   

2 3 0.00 0.78 0.11   

2 4 0.08 3.24 0.20   

3 4 0.00 0.11 0.08   

Drag and Drop 3 

1 2 0.00 0.18 0.00   

1 3 0.00 0.03 0.02   

1 4 0.00 0.64 0.09   

1 5 0.00 0.37 0.07   

2 3 0.00 0.31 0.04   

2 4 0.00 0.56 0.08   

2 5 0.00 0.24 -0.08   

3 4 0.77 10.58 0.30 Y Y 

3 5 0.00 0.89 0.09   

4 5 0.00 0.09 0.05   

Drag and Drop 4 

1 2 0.00 0.11 -0.03   

1 3 0.00 0.79 0.09   

1 4 0.02 1.93 -0.11   

1 5 0.00 0.06 0.01   

2 3 0.00 0.14 0.04   

2 4 0.00 0.54 -0.10   

2 5 0.00 0.97 0.08   

3 4 0.00 0.02 0.00   

3 5 0.00 0.01 0.02   

4 5 0.00 0.77 0.07   

Drag and Drop 5 

1 2 0.02 1.91 -0.13   

1 3 0.00 0.16 0.00   

1 4 0.00 0.33 -0.13   

1 5 0.12 3.78 0.19   

2 3 0.00 0.09 0.06   

2 4 0.00 0.30 -0.04   

2 5 0.01 1.69 0.12   
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3 4 0.00 0.76 0.05   

3 5 0.00 0.23 -0.01   

4 5 0.02 1.87 -0.18   
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Table D5. Form One 𝑮𝟐 and 𝑸𝟑 Statistics for Two-Parameter Testlet Model 

Form Item Type Testlet Item 1 Item 2 𝐺2 Prob 𝐺2 𝑄3 𝐺2 Flag 𝑄3 Flag 

1 

Drop Down 1 

1 2 0.12 3.69 -0.15   

1 3 0.11 2.72 0.14   

1 4 0.04 1.29 -0.05   

1 5 0.02 0.67 0.05   

2 3 0.10 2.51 0.08   

2 4 0.99 19.52 0.37 Y Y 

2 5 0.13 3.17 0.19   

3 4 0.06 1.42 0.03   

3 5 0.66 9.00 0.21 Y Y 

4 5 0.09 2.14 0.08   

Drop Down 2 

1 2 0.62 8.58 0.34 Y Y 

1 3 0.06 2.87 0.11   

1 4 0.05 1.03 0.04   

2 3 0.02 1.95 0.06   

2 4 0.10 1.90 0.06   

3 4 0.18 2.59 0.11   

Drag and Drop 3 

1 2 0.00 0.84 -0.15   

1 3 0.00 0.63 -0.14   

1 4 0.00 0.43 -0.04   

1 5 0.00 0.82 0.00   

2 3 0.00 0.23 -0.04   

2 4 0.00 0.59 0.03   

2 5 0.01 1.81 0.09   

3 4 0.00 1.04 0.06   

3 5 0.00 0.18 0.00   

4 5 0.00 0.39 0.01   

Drag and Drop 4 

1 2 0.00 0.04 0.00   

1 3 0.00 0.13 0.01   

1 4 0.00 0.15 -0.04   

1 5 0.00 0.64 0.04   

2 3 0.00 0.06 0.03   

2 4 0.00 1.05 0.09   

2 5 0.00 0.89 -0.03   

3 4 0.11 3.58 -0.20   

3 5 0.00 0.92 0.06   

4 5 0.06 2.90 0.15   

Drag and Drop 5 

1 2 0.00 1.13 -0.12   

1 3 0.00 0.80 -0.07   

1 4 0.00 0.67 0.00   
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2 3 0.00 0.69 -0.17   

2 4 0.01 1.44 0.05   

3 4 0.00 0.43 -0.04   
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Table D6. Form Two 𝑮𝟐 and 𝑸𝟑 Statistics for Two-Parameter Testlet Model 

Form Item Type Testlet Item 1 Item 2 𝐺2 Prob 𝐺2 𝑄3 𝐺2 Flag 𝑄3 Flag 

2 

Drop Down 1 

1 2 0.07 3.05 0.09   

1 3 0.01 1.45 0.02   

2 3 0.05 2.64 0.07   

Drop Down 2 

1 2 0.01 1.66 -0.02   

1 3 0.01 1.46 0.02   

1 4 0.00 1.15 -0.04   

2 3 0.02 1.99 0.10   

2 4 0.01 1.48 0.04   

3 4 0.01 1.77 -0.14   

Drop Down 3 

1 2 0.03 2.18 -0.03   

1 3 0.01 1.83 -0.19   

1 4 0.00 0.86 0.06   

1 5 0.01 1.59 -0.13   

2 3 0.12 3.71 0.11   

2 4 0.98 17.81 0.30 Y Y 

2 5 0.00 0.23 -0.05   

3 4 0.00 0.51 -0.14   

3 5 0.38 6.20 -0.31 Y Y 

4 5 0.01 1.82 0.03   

Drag and Drop 4 

1 2 0.11 3.58 0.14   

1 3 0.01 1.37 -0.13   

1 4 0.00 0.43 -0.06   

2 3 0.00 0.59 0.01   

2 4 0.02 1.94 0.11   

3 4 0.01 1.46 0.06   

Drag and Drop 5 

1 2 0.12 3.69 0.05   

1 3 0.00 0.98 0.02   

1 4 0.02 1.92 0.05   

1 5 0.00 0.55 0.02   

2 3 0.00 0.71 -0.06   

2 4 0.03 2.23 0.10   

2 5 0.02 2.04 0.03   

3 4 0.01 1.76 -0.20  Y 

3 5 0.12 3.75 0.14   

3 5 0.00 0.71 -0.02   
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Table D7. Form Three 𝑮𝟐 and 𝑸𝟑 Statistics for Two-Parameter Testlet Model 

Form Item Type Testlet Item 1 Item 2 𝐺2 Prob 𝐺2 𝑄3 𝐺2 Flag 𝑄3 Flag 

3 

Drop Down 1 

1 2 0.92 14.14 0.26 Y Y 

1 3 0.02 2.11 0.04   

1 4 0.13 3.81 0.03   

2 3 0.05 0.13 0.04   

2 4 0.07 0.31 0.01   

3 4 0.01 1.34 0.05   

Drop Down 2 

1 2 0.99 19.52 0.55 Y Y 

1 3 0.10 3.13 -0.12   

1 4 0.09 2.66 0.06   

2 3 0.15 3.44 -0.14   

2 4 0.10 2.56 0.11   

3 4 0.00 1.10 0.10   

Drop Down 3 

1 2 0.90 13.40 0.23 Y Y 

1 3 0.00 0.04 0.04   

1 4 0.03 2.18 -0.01   

1 5 0.10 3.45 0.11   

2 3 0.58 8.13 0.21 Y Y 

2 4 0.00 0.45 -0.06   

2 5 0.02 1.84 -0.12   

3 4 0.02 2.07 0.09   

3 5 0.05 2.71 0.04   

4 5 1.00 27.51 0.41 Y Y 

Drag and Drop 4 

1 2 0.00 1.23 0.05   

1 3 0.00 1.18 -0.10   

1 4 0.58 8.17 0.28 Y Y 

2 3 0.03 2.22 0.07   

2 4 0.00 1.17 0.03   

3 4 0.01 1.65 0.10   

Drag and Drop 5 

1 2 0.00 1.23 0.04   

1 3 0.00 1.06 0.09   

1 4 0.00 0.44 0.15   

1 5 0.00 0.26 0.00   

2 3 0.11 3.64 0.13   

2 4 0.00 0.34 -0.05   

2 5 0.00 0.38 -0.06   

3 4 0.01 1.44 0.12   

3 5 0.01 1.80 -0.16   

4 5 0.00 0.36 0.02   
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Table D8. Form Four 𝑮𝟐 and 𝑸𝟑 Statistics for Two-Parameter Testlet Model 

Form Item Type Testlet Item 1 Item 2 𝐺2 Prob 𝐺2 𝑄3 𝐺2 Flag 𝑄3 Flag 

4 

Drop Down 1 

1 2 0.01 1.47 -0.06   

1 3 0.10 3.49 0.08   

1 4 0.11 3.63 0.09   

2 3 0.00 0.99 -0.14   

2 4 0.01 1.78 0.04   

3 4 0.22 3.78 0.18   

Drop Down 2 

1 2 0.09 3.38 0.14   

1 3 0.05 2.63 0.03   

1 4 0.12 3.68 0.11   

2 3 0.03 2.23 0.05   

2 4 0.11 3.62 0.18   

3 4 0.08 0.41 0.03   

Drag and Drop 3 

1 2 0.00 0.64 -0.06   

1 3 0.00 0.34 -0.05   

1 4 0.00 0.97 0.02   

1 5 0.03 2.29 0.01   

2 3 0.00 0.49 0.00   

2 4 0.00 0.72 0.02   

2 5 0.00 1.20 -0.11   

3 4 0.56 7.92 0.24 Y Y 

3 5 0.01 1.67 0.05   

4 5 0.01 1.40 -0.01   

Drag and Drop 4 

1 2 0.00 0.10 -0.06   

1 3 0.00 1.23 0.03   

1 4 0.01 1.32 -0.13   

1 5 0.00 0.42 -0.03   

2 3 0.00 0.15 -0.03   

2 4 0.00 0.35 -0.07   

2 5 0.00 1.14 0.06   

3 4 0.00 0.05 -0.06   

3 5 0.00 0.24 -0.04   

4 5 0.00 1.19 0.05   

Drag and Drop 5 

1 2 0.00 1.29 -0.14   

1 3 0.00 0.30 0.01   

1 4 0.00 0.02 -0.03   

1 5 0.18 4.41 0.21 Y Y 

2 3 0.00 0.54 0.02   

2 4 0.00 0.14 -0.08   

2 5 0.05 2.69 0.08   
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3 4 0.00 1.23 0.03   

3 5 0.00 0.63 -0.04   

4 5 0.00 1.01 -0.15   

 

 

  



 144 

APPENDIX E: ITEM PARAMETER ESTIMATES 

Table E1. Form One Item Parameter Estimates by Scoring Method and Model 

Form 1 

Position Two-Parameter Logistic Model Two-Parameter Testlet Model Graded Response Model 

Testlet Testlet Seq Seq a-prm a-prm se b-prm b-prm se a-prm a-prm se b-prm b-prm se a-prm a-prm se b-prm b-prm se 

1 

1 1 1.37 0.27 -0.84 0.17 1.00 0.24 -1.17 0.28 

1.53 0.23 -1.44  

2 2 1.12 0.25 -1.19 0.24 1.21 0.28 -1.35 0.27 

3 3 1.25 0.27 -1.32 0.24 1.38 0.33 -1.51 0.28 

4 4 1.84 0.41 -1.42 0.21 1.96 0.57 -1.79 0.28 

5 5 1.85 0.35 -0.88 0.14 2.10 0.54 -1.08 0.19 

2 

1 6 1.71 0.29 -0.09 0.12 2.40 0.65 -0.09 0.14 

1.63 0.22 -0.85  
2 7 1.18 0.22 -0.03 0.15 1.50 0.32 -0.01 0.16 

3 8 1.30 0.27 -1.11 0.21 1.12 0.26 -1.42 0.29 

4 9 2.22 0.55 -1.62 0.23 2.05 0.72 -2.17 0.38 

3 

1 10 1.13 0.26 -1.49 0.29 0.97 0.24 -1.75 0.40 

2.36 0.31 -0.68  

2 11 1.40 0.28 -0.93 0.18 1.38 0.28 -0.97 0.20 

3 12 2.27 0.39 -0.13 0.11 2.56 0.51 -0.09 0.11 

4 13 1.07 0.21 0.10 0.16 1.17 0.23 0.13 0.16 

5 14 1.72 0.33 -0.92 0.15 1.70 0.35 -0.96 0.17 

4 

1 15 1.58 0.27 -0.25 0.13 1.61 0.30 -0.22 0.13 

2.68 0.36 -0.65  

2 16 2.18 0.37 -0.20 0.11 2.39 0.48 -0.17 0.11 

3 17 1.89 0.32 -0.17 0.12 1.86 0.34 -0.15 0.12 

4 18 1.32 0.26 -0.86 0.17 1.33 0.27 -0.88 0.19 

5 19 1.35 0.38 -2.19 0.45 1.45 0.37 -2.25 0.44 

5 

1 20 0.96 0.23 -1.44 0.32 0.96 0.23 -1.51 0.36 

2.58 0.35 0.09  
2 21 1.94 0.33 0.53 0.13 2.08 0.40 0.58 0.13 

3 22 1.66 0.29 0.91 0.16 1.57 0.30 1.03 0.18 

4 23 1.66 0.29 -0.21 0.12 1.53 0.28 -0.19 0.14 
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Table E2. Form Two Item Parameter Estimates by Scoring Method and Model 

Form 2 

Position Two-Parameter Logistic Model Two-Parameter Testlet Model Graded Response Model 

Testlet Testlet Seq Seq a-prm a-prm se b-prm b-prm se a-prm a-prm se b-prm b-prm se a-prm a-prm se b-prm b-prm se 

1 

1 1 1.24 0.23 0.28 0.15 1.34 0.35 0.33 0.17 

1.30 0.20 0.19  2 2 0.91 0.20 -0.14 0.18 0.93 0.23 -0.17 0.21 

3 3 1.17 0.22 0.43 0.17 1.11 0.27 0.53 0.21 

2 

1 4 0.63 0.34 5.02 2.44 0.97 0.27 3.76 0.80 

1.72 0.25 -0.16  
2 5 1.38 0.32 -1.40 0.25 1.44 0.35 -1.52 0.27 

3 6 1.79 0.34 -0.69 0.14 1.84 0.43 -0.76 0.15 

4 7 1.23 0.26 -0.88 0.19 1.09 0.26 -1.04 0.26 

3 

1 8 2.14 0.40 -0.59 0.12 2.02 0.44 -0.65 0.14 

1.93 0.26 -0.26  

2 9 1.08 0.22 -0.43 0.17 1.07 0.23 -0.45 0.19 

3 10 1.56 0.28 -0.40 0.13 1.47 0.29 -0.43 0.15 

4 11 1.09 0.22 -0.20 0.16 1.08 0.23 -0.21 0.17 

5 12 0.70 0.18 0.74 0.28 0.61 0.17 0.91 0.37 

4 

1 13 1.55 0.27 0.57 0.15 1.44 0.28 0.66 0.17 

2.62 0.38 0.00  
2 14 2.34 0.40 0.10 0.11 2.59 0.56 0.13 0.12 

3 15 2.07 0.38 -0.57 0.12 1.89 0.39 -0.65 0.14 

4 16 1.69 0.29 -0.16 0.12 1.64 0.31 -0.16 0.14 

5 

1 17 1.92 0.37 -0.77 0.14 1.88 0.38 -0.83 0.15 

2.63 0.36 0.09  

2 18 1.80 0.34 1.10 0.17 1.90 0.39 1.18 0.18 

3 19 1.47 0.26 -0.09 0.13 1.38 0.25 -0.08 0.15 

4 20 2.20 0.38 0.53 0.12 2.04 0.38 0.62 0.14 

5 21 2.81 0.52 -0.30 0.10 2.75 0.56 -0.31 0.11 
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Table E3. Form Three Item Parameter Estimates by Scoring Method and Model 

Form 3 

Position Two-Parameter Logistic Model Two-Parameter Testlet Model Graded Response Model 

Testlet Testlet Seq Seq a-prm a-prm se b-prm b-prm se a-prm a-prm se b-prm b-prm se a-prm a-prm se b-prm b-prm se 

1 

1 1 0.71 0.20 -1.09 0.34 0.88 0.27 -1.12 0.35 

1.13 0.20 -1.28  
2 2 0.77 0.24 -2.00 0.56 0.99 0.31 -2.05 0.48 

3 3 0.99 0.22 -0.41 0.18 0.86 0.27 -0.54 0.26 

4 4 1.00 0.25 -1.33 0.30 0.87 0.30 -1.80 0.49 

2 

1 5 2.05 0.46 -1.05 0.16 3.00 0.91 -1.34 0.22 

0.90 0.18 0.10  2 6 2.24 0.49 -0.95 0.15 3.51 1.01 -1.23 0.21 

3 7 0.61 0.19 1.86 0.58 0.44 0.13 2.71 0.79 

3 

1 9 1.92 0.36 0.73 0.15 1.86 0.47 0.93 0.21 

1.54 0.24 -0.02  

2 10 1.49 0.29 -0.29 0.14 1.33 0.35 -0.36 0.18 

3 11 1.32 0.28 -0.80 0.18 1.39 0.35 -0.93 0.22 

4 12 1.07 0.23 -0.32 0.17 1.14 0.28 -0.36 0.20 

5 13 1.64 0.31 0.52 0.15 1.83 0.52 0.62 0.18 

4 

1 14 1.34 0.27 -0.58 0.16 1.45 0.34 -0.60 0.18 

1.80 0.29 -0.71  
2 15 2.12 0.43 -0.91 0.15 2.10 0.55 -1.04 0.20 

3 16 1.10 0.24 -0.77 0.20 1.01 0.26 -0.89 0.27 

4 17 1.08 0.23 -0.53 0.18 1.31 0.30 -0.51 0.18 

5 

1 18 1.55 0.29 0.20 0.14 1.81 0.39 0.23 0.14 

2.50 0.43 -0.42  

2 19 0.76 0.22 -1.57 0.43 0.81 0.21 -1.61 0.44 

3 20 1.36 0.29 -0.93 0.19 1.46 0.33 -0.97 0.21 

4 21 1.95 0.36 0.02 0.12 2.38 0.57 0.05 0.12 

5 22 1.72 0.33 -0.42 0.13 1.32 0.30 -0.50 0.17 
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Table E4. Form Four Item Parameter Estimates by Scoring Method and Model 

Form 4 

Position Two-Parameter Logistic Model Two-Parameter Testlet Model Graded Response Model 

Testlet Testlet Seq Seq a-prm a-prm se b-prm b-prm se a-prm a-prm se b-prm b-prm se a-prm a-prm se b-prm b-prm se 

1 

1 1 1.16 0.24 1.21 0.25 1.14 0.27 1.43 0.31 

1.72 0.23 0.20  
2 2 1.15 0.23 -0.39 0.16 0.81 0.22 -0.58 0.27 

3 3 1.34 0.25 0.54 0.16 1.38 0.33 0.64 0.19 

4 4 1.37 0.26 -0.44 0.15 1.79 0.50 -0.48 0.16 

2 

1 5 1.26 0.26 -0.72 0.18 1.25 0.27 -0.86 0.21 

1.80 0.24 -0.23  
2 6 2.01 0.36 -0.06 0.11 2.28 0.56 -0.09 0.13 

3 7 1.29 0.25 0.90 0.19 1.11 0.24 1.15 0.26 

4 8 2.05 0.40 -0.74 0.14 2.47 0.68 -0.90 0.17 

3 

1 9 1.18 0.25 -0.89 0.20 1.03 0.24 -1.07 0.27 

2.10 0.26 0.22  

2 10 1.86 0.33 0.65 0.14 1.70 0.36 0.77 0.17 

3 11 1.68 0.30 0.26 0.13 1.82 0.37 0.28 0.14 

4 12 1.04 0.22 -0.52 0.19 1.17 0.25 -0.52 0.18 

5 13 2.08 0.41 1.18 0.17 2.02 0.48 1.36 0.21 

4 

1 14 1.60 0.30 0.86 0.17 1.48 0.29 0.96 0.19 

2.76 0.35 -0.01  

2 15 2.14 0.38 0.42 0.12 2.14 0.40 0.46 0.13 

3 16 1.17 0.23 -0.32 0.16 1.15 0.24 -0.35 0.17 

4 17 1.91 0.34 -0.13 0.12 1.81 0.33 -0.13 0.13 

5 18 1.60 0.33 -1.06 0.19 1.58 0.33 -1.14 0.20 

5 

1 19 2.72 0.49 0.43 0.11 2.72 0.51 0.47 0.11 

3.51 0.51 0.07  

2 20 1.50 0.29 -0.59 0.15 1.37 0.27 -0.66 0.17 

3 21 1.78 0.36 -1.00 0.17 1.75 0.38 -1.09 0.19 

4 22 2.49 0.45 0.44 0.11 2.22 0.42 0.51 0.13 

5 23 2.20 0.41 0.92 0.15 2.07 0.40 1.02 0.16 

 


