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Classification testing has been widely used to make categorical decisions by 

determining whether an examinee has a certain degree of ability required by established 

standards. As computer technologies have developed, classification testing has become 

more computerized. Several approaches have been proposed and investigated in the 

context of computer-based classification testing, including: 1) Computerized adaptive test 

(CAT); 2) Multistage test (MST); 3) Sequential probability ratio test (SPRT), among 

others.  

The purpose of this study was to systematically compare the differences in 

classification decision precision among several testing approaches (i.e., CAT, MST, and 

SPRT) given three test lengths and three cutoff scores using mixed-format tests based on 

the generalized partial credit model. The progressive-restricted exposure control 

procedure and constrained CAT content balancing procedure with test unit types were 
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also incorporated as part of this study. All conditions were evaluated in terms of the 

classification decision precision and the exposure control property. 

Overall, this study’s results indicated that all three approaches performed well in 

terms of classifying people into two categories. The CAT and SPRT approaches 

produced, on average, comparable results with both performing relatively better than the 

MST approach in the precision of their classification decision. As the test length 

increased, the classification decision accuracy generally increased for all approaches; 

however, the CAT and SPRT approaches yielded more accuracy with the shorter test 

length. In terms of cutoff scores, predicting classification decision differed according to 

the location of cutoff scores based on the normal distribution of examinees.  

In terms of exposure control properties, the progressive-restricted exposure 

control procedure with the pre-set maximum test unit exposure rate was implemented 

effectively into the CAT and SPRT approaches. The CAT approach had, on average, a 

higher proportion of test units with low test unit exposure rates and produced better 

results in pool utilization rates than the SPRT approach. Finally, the MST approach 

administered all test units constructed for the panels for each condition. It had, on average, 

however, a higher proportion of test units with high test unit exposure rates because 

computations were based only on the proportion of whole test unit pool used for 

constructing the MST panels.  
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CHAPTER ONE: INTRODUCTION 

Classification testing has been widely used to make both dichotomous (e.g., 

pass/fail) or polytomous decisions (e.g., below basic, basic, intermediate, and proficient). 

This type of testing determines whether examinees have a certain degree of ability 

required by the standards of different test settings (Bergstrom & Lunz, 1999; Parshall, 

Spray, Kalohn, & Davey, 2002; Thompson, 2007b). For a licensure and certification 

testing situation, classification testing can be used to choose qualified individuals for 

professional fields such as registered dieticians and registered nurses. It can be also 

applied to the educational and counseling field to admit or diagnose people into mutually-

exclusive categories (Jiao, 2003; Spray& Reckase, 1996). 

As computer technologies have developed, classification testing has become more 

computerized (Spray, Abdel-fattah, Huang, & Lau, 1997). This includes testing in 

educational settings and professional fields such as those conducted for architects and 

accountants (Thompson, 2007b). Along with item response theory (IRT) models, 

computer-based classification testing has taken many approaches to classify examinees 

more accurately and efficiently (Hambleton & Xing, 2006). Several approaches have 

been proposed and investigated in the context of computer-based classification testing: 1) 

Computerized adaptive test (CAT); 2) Multistage test (MST; Luecht & Nungester, 1998); 

and 3) Sequential probability ratio test (SPRT; Ferguson, 1969; Reckase, 1983; Wald, 

1947) among others. Although these testing approaches have different characteristics to a 

certain degree, as well as comparative advantages and disadvantages, all of those 

approaches have administered a certain number of test items in order to produce precise 
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results and thus classify examinees into different categories.  

Computerized adaptive test (CAT) has several distinctive features. Most notably, 

it can achieve the same measurement precision as a full-length, paper-and-pencil (P&P) 

test through shorter test lengths; administer more informative items; and be accomplished 

using automated testing systems (Weiss, 1982). The CAT tailors a test for each examinee 

by considering the examinee’s response to a previous item and then selecting a 

subsequent item that accurately measures the examinee’s current ability. Different 

stopping rules can be used, including the variable-length stopping rule using, for example, 

standard error of ability estimates or the fixed-length stopping rule using a defined 

number of items. If a variable-length stopping rule is used, the testing procedure stops 

when enough information to assign the examinee into an ability scale with a certain 

degree of precision is obtained or a practical standard is reached (Green, Bock, 

Humphreys, Linn, & Reckase, 1984). 

CAT has been used by the United States Armed Forces, state-wide testing that 

measures students’ academic achievement, and some certification testing (Frick, 1990; 

Gorham & Bontempo, 1996). A feasible CAT needs a large item pool that contains 

properly-estimated item parameters with a broad range of distribution (Green et al., 1984). 

Several procedures to select items and estimate abilities have been proposed and 

investigated (Embretson & Reise, 2000; Lord, 1980; Owen, 1969, 1975; Weiss, 1982).  

In addition, to protect items from being overexposed to examinees, items are selected and 

administered based on item content balancing procedures such as Kingsbury and Zara’s 

(1989) content balancing procedure and item exposure control procedures (e.g., Revuelta 
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& Ponsoda, 1998; Sympson & Hetter, 1985).  

Another approach, multistage test (MST) is regarded as a compromise between 

fully CAT and P&P tests (Jodoin, Zenisky, & Hambleton, 2006). MST has an adaptive 

nature according to the examinee’s ability estimate, while adaptation occurs at the set 

levels of items rather than the individual items. MST also has several additional 

components beyond CAT such as panels, stages, modules, and pathways (Luecht, 2000). 

Panels, as the largest units, consist of specified stages within which several modules 

belong. Panels can be regarded as a test form in a conventional testing situation. Modules 

are the smallest units that contain groups of items. If several modules are gathered 

together, they become a stage. Finally, pathways are regarded as the routes that 

examinees take from module to module within a particular panel. Examinees can be 

routed from one stage to another stage using various routing methods based on ability 

estimation or number-correct scoring methods. 

Panels can be constructed according to characteristics of various components such 

as target test information functions (TIFs) in the module-level or test-level specifications. 

In addition, physically, how many items are included in a stage and how many stages are 

used can influence the panel construction. Content balancing and item exposure control 

considerations, therefore, can be incorporated into MST panel construction design. Often, 

automated test assembly (ATA) software has been used to construct panels.  

MST guarantees a quality control procedure for test forms such as providing a 

more equitable content balancing procedure to each examinee; something that CAT often 

lacks. CAT test forms are individually constructed as the test is administered to each 
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examinee; thus, it cannot ensure that every form strictly reflects the content that test 

developers specify even with the content balancing procedure (Keng, 2008). Forms of 

MST (e.g., panels), however, are constructed prior to test administration. As a result, 

more quality control of test content can be provided (Patsula, 1999). Furthermore, MST 

has been investigated in the context of licensure tests such as the Uniform Certified 

Public Account Examination or the United States Medical Licensing Examination 

(Breithaupt & Hare, 2007; Luecht, 1998b).  

Another computer-based classification testing approach, the sequential probability 

ratio test (SPRT) has been used to classify examinees into categories (Ferguson, 1969; 

Reckase, 1983; Wald, 1947). The main advantage of SPRT is that it is simple to 

implement and has relative test efficiency to make decisions with a certain degree of 

precision (Frick, 1989, 1990) as compared to other approaches. Simply stated, the 

procedure starts by establishing two hypotheses (i.e., 0H : an examinee’s latent ability is 

equal to the null criterion and 1H : an examinee’s latent ability is equal to the alternative 

criterion) with nominal error rates, pre-defined cutoff scores, and the width of 

indifference regions (Parshall et al., 2002; Spray & Reckase, 1996). In the next step, the 

ratio of the likelihood related to two hypotheses is calculated to assign each examinee 

into a decision category.  

In SPRT, the items are usually rank ordered based on item information at the 

cutoff points and then sequentially presented to the examinees. For the test security 

purposes, SPRT can apply CAT content balancing procedures (e.g., Kingsbury & Zara, 
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1989) and item exposure control procedures (e.g., randomization) into the item selection 

process. In addition, SPRT can be used in both fixed-length or variable-length tests 

(Parshall et al., 2002). SPRT has been used extensively to measure the quality control of 

manufactured products to decide whether goods are acceptable (Frick, 1989; Thompson, 

2007b).  

In the current study, the main distinction made between these testing approaches 

(i.e., CAT, MST, and SPRT) was determined according to the degree of adaptive nature 

that each approach possesses. In a general sense, adaptive nature can be described as a 

test that chooses and administers test items based on examinees’ currently estimated 

proficiency levels. The CAT approach can be regarded as having a fully-adaptive nature, 

while the MST approach can be considered as having a half-adaptive nature between a 

CAT and a P&P test. Finally, the SRRT approach, as a fixed-length test, can be 

considered as having a non-adaptive nature because each item is administered without 

estimating the abilities of each examinee during test administration (Thompson, 2007b). 

Many researchers have investigated the performance of these testing approaches 

(i.e., CAT, MST, and SPRT) individually in the context of classification testing (e.g., 

Bergstrom & Lunz, 1992; Gorham & Bontempo,1996; Lunz & Bergstrom, 1994; Zenisky, 

2004), while some studies have compared two of these approaches (e.g., Hambleton & 

Xing, 2006; Jodoin, 2003; Jodoin et al., 2006; Xing & Hambleton, 2004). To date, 

however, no study has investigated all of these approaches while simultaneously 

considering exposure control and content balancing procedures. 

Although the mixed-format is regarded as a more realistic form of test design than 
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single format approaches because it includes dichotomously-scored and polytomously-

scored items (Lau & Wang, 1998; Rosa, Swygert, Nelson, & Thissen, 2001), relatively 

few studies have applied this design to these approaches such as CAT or MST (e.g., 

Grady & Dodd, 2009; Ho & Dodd, 2008) or even to the context of classification testing. 

In this sense, this dissertation applied mixed-format tests based on the generalized partial 

credit model (GPCM; Muraki, 1992).  

The purpose of this dissertation was to compare the performance of these three 

testing approaches (i.e., CAT, MST, and SPRT) using a mixed-format test design in 

classification testing situations. In general, test lengths and cutoff scores were included as 

manipulating conditions. Different test lengths were chosen to represent both shorter and 

longer tests. Cutoff scores were selected to choose examinees with high, middle, and low 

levels of ability. In addition, for security purposes, the progressive-restricted (Revuelta & 

Ponsoda, 1998) exposure control procedure was applied to the CAT and SPRT 

approaches, while Kingsbury and Zara’s (1989) content balancing procedure was applied 

to the CAT, MST, and SPRT approaches.  

As dependent variables, indices for classification decision precision were included. 

Several features for the exposure control procedure were also considered for comparison 

purposes. 
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CHAPTER TWO: LITERATURE REVIEW 

The following literature review describes the background relevant to the current 

study. The first section provides a brief introduction of computer-based classification 

testing. The second section provides features of IRT. The subsequent three sections focus 

on an overview of conceptual and methodological information related to CAT, MST, and 

SPRT. The final section states the problem that is the main interest of this dissertation. 

Computer-Based Classification Testing 

Classification testing has been used to make classification decisions by 

determining examinees’ specified level of competence. For example, some testing 

programs need a simple dichotomous categorical decision such as pass/fail or 

certified/non-certified, while other programs need to classify people into multi-

categorical decisions such as basic/proficient/advanced (Cizek & Bunch, 2007).  

As technology has developed, classification testing has been administered using 

computers. Computer-based testing (also called computerized testing) has shown many 

advantages: 1) automated data collection; 2) immediate scoring and reporting; and 3) test 

scheduling convenience. In addition, features of enhanced speed and graphical and 

multimedia presentations have been constantly developing (Zickar, Overton, Taylor, & 

Harms, 1999). In this sense, computer-based classification testing represents a way to 

deliver classification testing. Computer-based classification testing can be also defined as 

any test used for classification purposes administered by computers (Thompson, 2007b).

Computer-based classification testing has been widely used for certification and 

licensure organizations, particularly for employing people in specialized areas, such as 
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registered nurses, dietitians, and architects (Bergstrom & Lunz, 1999; Parshall et al., 

2002). For example, the National Association of Security Dealers, Microsoft, and Novell 

have used the computer-based credential examination (Xing & Hambleton, 2004). 

Computer-based classification testing has been also used for educational and instructional 

situations to classify students into different levels of classes and diagnose student 

learning problems (Jiao, 2003).  

In the context of the computer-based classification testing, test administration for 

classification testing can differ according to various testing approaches. If CAT is 

considered, items are selected based on estimates of examinees’ current ability. In 

addition, when MST is considered, a group of items called a module is administered at 

each stage based on current ability estimation. If SPRT is considered, items are selected 

based on the amount of item information at predetermined cutoff score points. The 

sequential Bayes (SB; Spray & Reckase, 1996) approach (also called adaptive mastery 

testing [AMT]; Kingsbury & Weiss, 1983) and adaptive sequential mastery testing 

(ASMT; Glas & Vos, 2005, 2006) have tried to incorporate Bayesian methods to classify 

examinees into categories. SB applied the IRT method using Bayesian confidence 

intervals to make categorical decisions. ASMT is based on the Bayesian sequential 

decision-theoretic framework, which incorporates a loss function to evaluate costs of 

administering items and misspecification in decision making. In addition, some of these 

testing approaches provide individual scores along with categorical decisions (Parshall et 

al., 2002; Xing & Hambleton, 2004).  

To construct the item pool for these testing approaches, psychometric models 



 

9 

need to be specified and the items must be calibrated according to the selected model. 

These models can be based on classical test theory or IRT. It is feasible to construct 

computer-based classification testing with classical test theory, but it is more widely set 

up with the IRT model. Furthermore, IRT supplies a useful mathematical foundation for 

calibrating and equating items into a common scale (Bergstrom & Lunz, 1999). 

Item Response Theory 

Item response theory (IRT; Rasch, 1960) estimates the probability of an examinee 

giving a certain response to an item as a function of his/her ability or trait (i.e., theta [θ ]) 

level and item characteristics (Ostini & Nering, 2005). 

IRT Assumptions 

Three main assumptions exist for IRT. The first assumption is called 

unidimensionality, which means that examinees’ responses to items can be explained by 

a single ability (Embretson & Reise, 2000). In other words, an item must measure a 

single, unidimensional underlying latent trait. A popular example of violating this 

assumption is that a math test item not only requires mathematical ability to solve the 

problem, but also demands reading ability to interpret the item correctly. 

The second assumption is that the items within the test have local independence. 

This means that the probability of responding to an item is statistically independent of the 

probability of responding to any other item in the same test conditioned on the 

examinee’s ability (Embretson & Reise, 2000). In other words, an examinee’s response to 

any item must be statistically independent; that is, the items should not provide any hints 

for answering another item on the same test. For example, testlets that include a set of 
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items that share common passages often violate this assumption because one item can 

easily provide a cue or information to answer another item in the same set of items 

(Hendrickson, 2007). 

The third assumption is that a mathematical function models the probability of a 

given response to an item conditioned on an ability level, θ  (Hambleton & 

Swaminathan, 1985; Parshall et al., 2002). The item characteristic curve (ICC) can 

display this relationship by plotting the examinee’s ability and the corresponding 

probability of a given response to an item. 

Dichotomous IRT Models 

The dichotomous IRT models represents the nonlinear relationship between 

examinee trait level and the probability of getting an item correct when the item has only 

two response options (i.e., correct or incorrect), such as a multiple-choice item. The three 

most popular dichotomous IRT models are: 1) the one-parameter logistic (1PL; Rasch, 

1960); 2) the two-parameter logistic (2PL; Birnbaum, 1968); and 3) the three-parameter 

logistic (3PL; Birnbaum, 1968).  

Properties of Dichotomous IRT Models  

The three major item parameters for dichotomous IRT models are: discrimination 

(a), difficulty (b), and pseudo-guessing (c). Dichotomous IRT models are also divided 

into three classes depending on the item parameters they have.  

The one-parameter logistic (1PL) IRT model, also known as the Rasch model 

(Rasch, 1960), has one item characteristic, the difficulty parameter (b) or location 

parameter (Hambleton, Swaminathan, & Rogers, 1991). The probability of success ( 1=x ) 
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for a person j with a given ability level ( jθ ) on item i using the 1PL model is 

,
)exp(1

)exp(
)(

ij

ij
jij b

b
P

−+
−

=
θ

θ
θ        (1) 

where ib  is the difficulty parameter for item i. 

For 1PL IRT models, the difficulty parameter (b) is the theta level that 

corresponds to the point of inflection of the ICC at which the examinee has a 50% 

probability of answering the item correctly. In other words, the difficulty parameter is the 

value on the ability scale where the ICC slope is the steepest. The more difficult the item, 

the more the ICC shifts farther to the right. The slopes for all items are assumed to be the 

same under the 1PL IRT model. 

The two-parameter logistic (2PL) IRT model has two item characteristics: 

discrimination parameter (a) and difficulty parameter (b). The probability of success 

( 1=x ) for a person j with a given ability level ( jθ ) on item i using the 2PL model is 
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where ia  is the discrimination parameter of item i and ib  is the difficulty parameter for 

item i. 

For 2PL IRT models, the difficulty parameter is the theta (θ ) level that 

corresponds to the same point as defined for the 1PL IRT model. For the 2PL IRT model, 

however, the slope at the point of inflection is related to the discrimination parameter (a). 

In other words, the discrimination parameter, or a parameter is proportional to the slope 
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of the ICC at its point of inflection. The steeper the slope at the point of inflection, the 

greater the discrimination power. 

The three-parameter logistic (3PL) IRT model has three item parameters: 

discrimination (a), difficulty (b), and pseudo-guessing (c). The probability of success 

( 1=x ) for a person j with a given ability level ( jθ ) on item i using the 3PL model is  
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where ia  is the discrimination parameter of item i, ib  is the difficulty parameter for 

item i, and ic  is the pseudo-guessing parameter of item i. 

The pseudo-guessing parameter (c) is the lower asymptote of the ICC and 

represents the probability of low ability examinees answering the item correctly based on 

guessing alone. This parameter can range from 0 to 1. Because guessing is taken into 

consideration in the 3PL IRT model, the difficulty parameter is the theta value that 

corresponds to the point of inflection or the point where the slope is maximal on the ICC 

(
2

1 cp +
= ). Like the 2 PL IRT model, the slope at the point of inflection is related to the 

discrimination parameter (a). Figure 2.1 illustrates ICC for the 3PL IRT model with item 

parameters indicated. In this graph, the discrimination parameter value is 1.50; difficulty 

parameter value is 1.00; and pseudo-guessing parameter value is .10. 
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Figure 2.1. Item characteristic curve for a dichotomously scored item. 

Item and Test Information for Dichotomous IRT Models  

The precision of measurement that an individual item provides across different 

ability levels is presented by an item information function (Embretson & Reise, 2000). 

For a dichotomous IRT model, the item information function, )(θiI , is expressed as 
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where )(θiP  is the probability of a correct response to item i conditional on ability (θ ) 

and )(' θiP  is the first derivative of )(θiP  with a given ability (θ ). 

The higher the information function for a given ability, the more accurately the 

item measures examinees with that ability. Items calibrated according to the 1PL IRT 

model have the same amount of item information, such that all the items have the same 

height of information function. Items from 2PL and 3PL IRT models have different 
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amounts of item information according to the values of the discriminating parameters. 

The higher the discriminating parameter value items have, the more peaked information 

function they have. 

Test information, TI (θ ), is the sum of the item information function: 
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1
∑
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i
iITI θθ         (5) 

where )(θiI  is the item information function of item i at a given ability (θ ).  

The test information provides information about the measurement precision for a 

test and is inversely related to the standard error associated with an ability (θ ) which is 

described as 
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SE =          (6) 

Polytomous IRT Models 

Polytomous IRT models are needed when items consist of multiple ordered 

response categories that are not scored simply as right or wrong. In other words, 

polytomous IRT models are appropriate when test are constructed with essay type items; 

items that include a Likert scale; items with possible partial credit; or portfolio 

assessment. Compared to dichotomous items, polytomous items provide more 

information along a wider theta continuum because they have a larger number of 

response categories (Ostini & Nering, 2006).  

Polytomous IRT models can be categorized into two basic types: 1) difference 

models; and 2) divide-by-total models (Thissen & Steinberg, 1986). Samejima’s (1969) 
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graded response model (GRM) is one example of a difference model. In addition, the 

partial credit model (PCM; Masters, 1982) and the generalized partial credit model 

(GPCM; Muraki, 1992) are examples of divide-by-total models.  

Graded Response Model  

As an example of difference models, the graded response model (GRM; 

Samejima, 1969) is used with items having two or more ordered response categories. 

Two steps are required to calculate the probability that an examinee with a given ability 

will obtain a certain category score.  

As a first step, response categories are artificially dichotomized (e.g., a score of 0 

versus a score of 1, 2, or 3 in four category score items). The cumulative probability of an 

examinee with a given ability (θ ) obtaining category score x or higher on item i is 

described as 
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where ia  is the discrimination parameter for item i and ixb  is the category boundary for 

category x of item i. GRM assumes items are different in discrimination, while categories 

within the item have an equal discrimination. In addition, there will be im +1 category 

scores because there will be im  category boundaries.  

As a second step, the probability of responding in a particular category is attained 

by subtracting the cumulative probabilities for adjacent categories conditioned on θ . 

This is described as 
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1,
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By definition, the probability of responding in or above the lowest category is equal to 

1.0 and the probability of responding above the highest category is equal to 0.0. 

Partial Credit Model 

Divide-by-total models obtain the probability of an examinee responding to a 

particular category score by dividing the numerator which represents a response in a 

given category score by the sum of the numerators for all possible category scores for 

that item. As an example of divide-by-total models, the partial credit model (PCM; 

Master, 1982) extends the 1PL IRT or the Rasch model, to the polytomous case. The 

PCM differs from the GRM by assuming all items have equal discrimination. In this 

model, subsequent steps are not required to be more difficult than the previous one while 

the steps are sequentially ordered. The probability of an examinee with a given ability (θ ) 

to obtain a category score x on item i is defined as 
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where im  is the number of score categories minus one for item i and ikb  is the step 

difficulty parameter associated with score category x of item i. The step difficulty 

corresponds to the theta (θ ) point where two consecutive operating characteristic curves 

intersect and represents the difficulty associated with transitioning from one category to 

the next. 



 

17 

Generalized Partial Credit model 

The generalized partial credit model (GPCM; Muraki, 1992) is an extension of the 

2PL IRT model (Birnbaum, 1968) that estimates a single discrimination parameter and 

multiple step difficulties for each item. Under the GPCM, the probability of an examinee 

with a given ability (θ ) responding in a category score x of item i is defined as 
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where im  is the number of score categories minus one for item i; ikb  is the difficulty 

parameter associated with category score x of item i; and ia  is the item discrimination 

parameter for item i. The GPCM simplifies in the PCM, when item discrimination values 

are equal for all items. 

Item and Test Information for Polytomous IRT Models 

Because polytomous IRT models are composed of multiple parameters to 

calculate the probability of response categories, it is more complex to produce item and 

test information than for the dichotomous IRT model. According to Samejima (1969), the 

category information function for polytomous item i can be expressed as 
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where )(θixP  is the probability of obtaining a category score x of item i for a given 

ability (θ ), and )(' θixP  and )('' θixP  are the first and second derivatives of )(θixP , 
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respectively. The item information function for a polytomous item i is defined as 
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The test information function (TIF) for the polytomous IRT model is the sum of 

the item information function just as it is for the dichotomous IRT models. In addition, it 

is related to the precision of measurement by inversing the TIF. 

Computerized Adaptive Test 

The computerized adaptive test (CAT) has several distinctive features. First, it 

achieves the same level of measurement precision as full-length P&P tests with shorter 

test lengths. It does this by administering more informative items and by using an 

automated testing system. Second, it minimizes the measurement error from boredom or 

frustration because of the shortened test length. Third, it provides a prompt scoring 

system (Parshall et al., 2002; Urry, 1977; Weiss, 1985; Weiss & Kingsbury, 1984). CAT 

is based on the principle that items that are too easy or too hard for examinees give little 

information about the examinee’s actual ability. The CAT thus tailors a test for each 

examinee by considering the examinees’ responses to a previous item and then selecting 

a subsequent item that will accurately measure his/her ability. Because each examinee 

only takes items appropriate to their ability level, efficiency is thus obtained without 

losing reliability (Bergstrom & Lunz, 1999). In addition, to protect items from being 

repeatedly exposed to examinees, items are selected and administered based on item 

content balancing procedures and item exposure control procedures.  

The following sections address the major components of CAT: 1) item pool; 2) 
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item selection procedures; 3) ability estimation procedures; and 4) stopping rules, (Dodd, 

De Ayala, & Koch, 1995; Kingsbury & Weiss; 1983; Reckase, 1989). In addition to these 

major components, content balancing and item exposure control procedures have now 

become a crucial part of operational CAT programs (Davis & Dodd, 2005). 

Item Pool 

The item pool can be defined simply as a bank of calibrated items (Wright & Bell, 

1984). More specifically, it is a bank containing items with parameters calibrated 

according to a common scale with characteristics that may be administered during the test 

(Weiss & Kingsbury,1984). A proper item pool contains a sufficient number of items that 

cover a wide range of the ability continuum. The desired distribution of items across 

ability level will change depending on the test’s purpose. Often, CAT item pools are 

designed to measure the average examinee. For this reason, the item pool will commonly 

contain items targeted at the mid-point of the ability distribution.  

Because the most informative item is often administered based on the current 

examinee’s ability level, however, accurately estimating examinees with an extreme 

ability requires an item pool to include items with a variety of difficulty levels. For 

security purposes, such as preventing examinees from sharing items, the item pool must 

have depth among the items at each ability point in the continuum. Furthermore, 

according to Bergstrom and Lunz (1999) and Parshall et al. (2002), the size of the item 

pool is influenced by the levels of exposure control and content areas, the test length, the 

size of examinee population, and various psychometric properties of items.  
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Item Selection Procedures 

The item selection procedure is the process of selecting an item from the item 

pool to be administered to the examinee. The initial item for administration is often 

selected with an assumed examinee ability level in the middle of the distribution. If an 

examinee’s achievement level is assumed to be high, however, an item with a relatively 

high difficulty level can be administered first (Weiss & Kingsbury, 1984). To continue 

selecting items to satisfy maximal test efficiency, maximum information (MI) selection 

and Bayesian selection procedures are the two most frequently-used procedures 

(Embretson & Reise, 2000). 

In the MI selection procedure, the item with the largest information value at the 

examinee’s current ability level is selected for administration (Kingsbury & Zara, 1989; 

Weiss, 1982). Items are rank-ordered according to the amount of information that they 

provide at each ability level and selected for administration depending on the examinee’s 

provisional ability.  

In the Bayesian selection procedure (Owen, 1969, 1975), each item in the pool is 

evaluated in terms of minimizing the expected posterior variance of the trait estimate or 

maximizing the expected posterior precision of the trait estimate. After each item is 

administered, the examinee’s new ability estimate is calculated based on his/her response 

to the current item and the prior distribution value. Then, the posterior distribution of trait 

level is computed. The item that minimizes the expected variance for administration or 

maximally reduces the error of the ability estimate will be selected. Both MI and 

Bayesian methods, however, often produce a similar set of items for an examinee because 
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their procedures have mutually related functions (Sympson, Weiss, & Ree, 1982). 

Ability Estimation Procedures 

Ability estimates are updated after each item is administered and answered by 

examinees to produce accurate estimates of examinees’ abilities. At the beginning of the 

test, the initial value for trait level is usually the mean ability estimate of the testing 

population. After the first item is administered, ability level is estimated using either 

maximum likelihood estimation (MLE; Lord, 1980) method or a Bayesian method, such 

as expected a posteriori (EAP) or maximum a posteriori (MAP; Embretson & Reise, 

2000). 

With MLE, the likelihood function of a score pattern for an examinee j with a 

given ability ( jθ ) can be generally described as 
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where jx  is the vector of item responses for an examinee j with a given ability ( jθ ) and 

)( jijP θ  is the probability of the examinee j with a given ability ( jθ ) answering item i 

correctly (i.e., 1=ijx ). The mode of this likelihood function is used as the new ability 

estimate (Embretson & Reise, 2000).  

The advantages of MLE are that it produces unbiased estimates (i.e., the expected 

value of ability always equals true ability) and also yields efficient estimates (Embretson 

& Reise, 2000). The major disadvantage of MLE is that ability is not estimated until after 

the examinee has responded in two different categories (e.g., correct and incorrect) as the 
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test is administered. This makes it often unstable for shorter tests (Embretson & Reise, 

2000; Hambleton & Zaal, 1991; Kingsbury & Weiss; 1983; Parshall et al., 2002).  

Thus, a variable step size method (Koch & Dodd, 1989) is required prior to MLE. 

For example, when responses are correct, the new trait estimate will be set to half the 

distance between the previous trait estimate and the hardest difficulty value in the item 

pool. When responses are incorrect, new trait estimates will be set to half the distance 

between the previous trait estimate and the easiest difficulty value in the pool. The 

variable step size is used until a correct and an incorrect response have been obtained at 

this point. 

The Bayesian estimation procedure modifies the likelihood function to 

incorporate any prior information examinees may possess. The Bayes’ theorem can be 

written as 

),()|()|( θθθ pxLxP jj ∝       (14) 

where )|( jxP θ  represents the posterior distribution of θ  and )(θp  represents the 

prior distribution of θ . EAP uses the mean of the posterior distribution as the point 

estimate of ability. MAP uses the mode or maximum value of posterior distribution. 

Unlike MLE, the Bayesian estimates of θ  can be obtained for an examinee who 

answered all items correctly or incorrectly. In addition, it is relatively stable for shorter 

tests (Kingsbury & Weiss, 1983; Parshall et al., 2002).  

A disadvantage of the Bayesian estimation is that the posterior distribution is 

based on prior information; therefore, if examinees have incorrect prior information, 
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ability estimates can be seriously biased and misleading. In addition, Bayesian ability 

estimates have a tendency to regress toward the mean unless the number of items is large 

(Embretson & Reise, 2000; Hambleton & Zaal, 1991; Kingsbury & Weiss, 1983). 

Stopping Rules 

Termination of the CAT is based on two methods: fixed-length and variable-

length stopping rules. A fixed-length stopping rule is based on a pre-determined number 

of items administered. Once this specified number of items is reached during exam 

administration, the test is finished and the examinee’s proficiency level is estimated. The 

fixed-length test is favored when the biased estimates of ability especially computed from 

the short test must be avoided (Stocking, 1987). 

The variable-length stopping rule provides more efficiency with a specific level of 

precision (Davey & Thomas, 1996; Thompson, Davey, & Nering, 1998). The variable-

length stopping rule terminates the test when a pre-specified level of measurement 

precision has been reached. Measurement precision is based on the standard error related 

to a given ability. This stopping rule based on measurement precision results in different 

numbers of items being administered to examinees, but ensures that all individuals have 

equally precise measurement (Weiss & Kingsbury, 1984). It is also feasible to use a 

combination of two stopping rules by considering both “maximum number of items” and 

“target precision” (Thissen & Mislevy, 2000).   

Content Balancing Procedures 

Test blueprint or table of specification of tests represents how many items of the 
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test belong to each content area. To satisfy the test blueprint and to provide a fair 

assessment across content areas, it might be necessary to include a content-balancing 

procedure within the CAT (Kingsbury & Zara, 1991). According to Parshall et al. (2002), 

balancing contents fulfills two purposes. First, it makes possible for a test to have the 

content validity evidence by proportionally administering each content area. Second, it 

produces alternate forms of the same test as parallel as possible. In other words, it 

produces comparable scores across examinees. If the content of items is not balanced, a 

certain group of examinees tend to encounter items from a limited content area. Likewise, 

examinees with little knowledge in a specific domain will receive underestimated ability 

estimates, and examinees with high knowledge in that domain will receive overestimated 

ability estimates. 

Two most popular content balancing procedures are Stocking and Swanson’s 

(1993) weighted deviations model and Kingsbury and Zara’s (1989) constrained CAT 

procedure. Here, only Kingsbury and Zara’s constrained CAT is introduced further 

because this procedure is related to this dissertation. 

Constrained CAT Procedure 

The constrained CAT procedure by Kingsbury and Zara (1989), which is used 

most frequently, allows test administrators to determine, prior to administering the test, 

what proportion of the test will assess each content area. Once the desired percentage of 

items to be administered from a given content area (i.e., the target proportions) are 

determined, the procedure compares the targeted proportion for content-balancing to the 

actual proportions as items are administered. The content area with the largest 
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discrepancy between the target and actual proportions during item administration will be 

the next content area from which an item is selected.  

According to Kingsbury and Zara (1989), this procedure has two main advantages. 

First, the test form will have optimal items to measure, satisfying the test blueprint. 

Second, this procedure will closely match the proportion defined in the test blueprint, 

particularly with a variable-length test. 

Exposure Control Procedures 

Exposure control refers to constraining the administration of more popular items 

that would otherwise be administered too frequently due to the use of the MI function. 

Overexposing certain items threatens test security because examinees can share 

information with one another about the test items. Neither using a big item pool nor 

limiting testing windows are enough to secure the items (Parshall et al., 2002). Two 

categories of the exposure control procedure will be discussed: 1) randomization and 2) 

conditional selection (Way, 1998). 

Randomization Procedures 

Randomization procedures select several items near the optimal level of MI from 

which one item is then randomly selected for administration rather than selecting the 

individual-most informative item. Randomization is implemented relatively easily 

compared to the conditional selection procedure (Boyd, 2003) but it cannot provide full 

protection against overexposure of popular items (Parshall et al., 2002). The 

randomization procedures include: 1) the 5-4-3-2-1 procedure (McBride & Martin, 1983); 

2) randomesque procedure (Kingsbury & Zara, 1989); 3) within .10 logits procedure 
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(Lunz & Stahl, 1989); and 4) the progressive procedure (Revuelta & Ponsoda, 1996).  

Conditional Selection Procedures 

Conditional selection procedures have preset exposure control parameters that 

meet a pre-selected maximum exposure rate. However, they often require numerous 

simulations to obtain exposure control parameters. The conditional selection procedures 

consist of: 1) the Sympson-Hetter procedure (Sympson & Hetter, 1985); 2) the 

conditional Sympson-Hetter procedure (Stoking & Lewis, 1998); and 3) the restricted 

maximum information procedure (Revuelta & Ponsoda, 1996). 

Progressive-Restricted Procedure 

Revuelta and Ponsoda’s (1998) progressive-restricted (PR) procedure combines 

two exposure control procedures. One is the progressive procedure (Revuelta & Ponsoda, 

1996) and the other is the restricted maximum information procedure (Revuelta & 

Ponsoda 1996). Thus, according to Revuelta and Ponsoda (1998), PR procedure takes 

advantages from both a randomization procedure (i.e., the progressive procedure) and a 

conditional procedure (i.e., the restricted maximum information procedure).   

The item selecting algorithm of PR specifies that items are selected according to 

MI, but with a random component added. This random component is prevalent at the 

early test stage, but less influential as the test continues. For administering a new item, h 

is denoted as the number of items already administered to a certain examinee and m is a 

maximum length of the test. First, for each unselected item (i), the information at the 

provisional ability estimated from the previous h items ( iI ) need to be computed. H will 
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be regarded as the highest information value attained. A random value ( iR ) from the 

uniform(0, H) distribution will be assigned for each item. Second, the serial position of 

the item is calculated according to the formula: 

,/ mhs =         (15) 

where h is the number of items previously administered and m is the total test length. The 

range of serial position is 0 to 1.  

Third, the weight for each unused item will be calculated according to  

,)1( iii sIRsw +−=     (16) 

where s is the relative serial position of an item in the test; iR  is a random value drawn 

from uniform distribution; and iI  is the item information at the currently estimated 

ability. 

The item with the highest weight will be selected for administration. The relative 

importance of two components (i.e., iRs)1( −  and isI ) will be changed as the test 

proceeds because of the nature of the serial position of s. In addition, the PR procedure 

specifies the exposure control parameter, k, and does not allow any item to be selected 

and administered to more than 100k% of the examinees.  

Revuelta and Ponsoda’s (1998) study showed that PR 40 (i.e., PR with maximum 

exposure rate of 40%) constantly used items in the item pool while maintaining the 

maximum exposure rate. In addition, it had a slightly higher bias and standard error 

compared to the MI procedure. In terms of the CAT approach, the PR exposure control 

procedure was applied successfully to several studies (e.g., Boyd, 2003; Ho & Dodd, 
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2008; Keng, 2008). In particular, Ho and Dodd (2008) found that the PR procedure 

provided the optimal exposure control procedure by maintaining the maximum exposure 

rate with good pool utilization rate in the context of mixed-format tests. For these reasons, 

it is the exposure control procedure included for this dissertation. 

Multistage Test 

Multistage test (MST) has been regarded as a compromise between a fully CAT 

and P&P test (Jodoin el al., 2006). It applies its adaptive nature to the ability estimate 

while adaptation occurs at the level of set of items or modules not at the level of 

individual items. MST has been called various names including: 1) computer-adaptive 

sequential testing (CAST; Luecht & Nungester, 1998); 2) multiple form structure (MFS; 

Armstrong, Jones, Koppel, & Pashley, 2004); and 3) bundled multistage adaptive testing 

(BMAT; Luecht, 2003).  

Compared to CAT, MST makes quality assurance feasible because test forms are 

controlled by test specialists and content committee experts before test administration. 

Every test has its own table of specifications for content validity. For example, the CAT 

test form is built during test administration and depends on each examinee’s responses; 

therefore, it may not possible for a content expert to manage every test form. For MST, 

test developers can review the content because item sets are built in advance. Other than 

content specifications, test developers can check cognitive levels, item formats, and word 

counts (Hendrickson, 2007; Luecht & Nungester, 1998; Patsula, 1999).  

Unlike CAT, MST allows examinees to review and correct previous responses 

within a test stage during test administration. Because ability estimation with CAT is 
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calculated after answering each item, skipping among test items is not allowed. MST, 

however, makes it possible to review the items within a module because an examinee’s 

proficiency is calculated after finishing an entire module (Hendrickson, 2007; Keng, 

2008; Luecht & Nungester, 1998; Patsula, 1999). 

Basic MST Components 

According to Luecht (2000), MST is composed of four basic components: 1) 

panels; 2) stages; 3) modules; and 4) pathways. A panel is the largest basic unit within 

MST, which can include multiple panels. Panels are constructed of several stages and two 

or three stages are popular. Each stage is composed of modules. Modules are groups of 

items that together compose a certain level of difficulty. Modules are often built to meet 

non-statistical and statistical targets such as content balancing and the test information 

functions (TIFs). Modules are also specified as easy, medium, and hard modules based on 

their overall difficulties. Generally, the first stage is composed of only one module, while 

later stages, such as the second and the third stage, consist of two or three modules. 

Content experts can review and amend item selection of these pre-constructed modules 

and panels. This step provides test form quality control that CAT is often missing (Luecht 

& Nungester; 1998).  

Examinees can be assigned to various routes (called pathways) from stage to stage 

within the panels. In other words, pathways are the possible sequences of modules to 

which examinees are assigned (Luecht & Nungester; 1998). MST inherits this adaptive 

nature by allowing a theta routing decision between stages through these pathways. If 

examinees have high ability, they will take a pathway leading to a medium module at the 
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first stage (i.e., the first stage module); a hard module at the second stage; and a hard 

module at the third stage. If examinees have a relatively low ability, they will be assigned 

to a pathway leading to a medium module at the first stage (i.e., the first stage module); 

the easy module at the second stage; and the easy module at the third stage. 

Figure 2.2 illustrates one example of MST panel design. It has one module at the 

first stage and three modules at the second and third stages (i.e., easy, medium, and hard 

level modules). This panel design is also specified as 1-3-3 MST design. This 1-3-3 

design is the most popular structure and has been applied to many research studies (e.g., 

Davis & Dodd, 2003; Hambleton & Xing, 2006; Jodoin et al., 2006; Keng, 2008; Kim, 

Tseng, Cheng, & Dodd, 2008; Luecht, Brumfield, & Breithaupt, 2006; Luecht & 

Nungester, 1998). 
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Figure 2.2. The 1-3-3 structure of MST design. 

The following sections describe the MST design components and procedures. In 

addition, MST panel, stage, and module assembly considerations are explained in more 

detail. 

Item Pool 

The item pool upon which an MST test form is built requires having a decent pool 

size and various levels of items based on item characteristics such as difficulty and 

discrimination (Xing & Hambleton, 2004). Ideally, item pool size should be sufficient to 
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assemble panels, stages, and modules according to different test lengths and to satisfy 

non-statistical properties including content balancing (Hendrickson, 2007).  

Ability Estimation and Scoring Procedures 

  The number-correct (NC) scoring method and ability estimation method based 

on MLE or EAP estimates are used to place examinees into different stages (Armstrong, 

et al., 2000; Hendrickson, 2007; Luecht, 2000). Even if NC scoring is the uncomplicated 

method to place examinees into subsequent stages, using NC scoring method for 

estimating final ability for each examinee is not recommended for MST because items 

that each examinee receives are not statistically equivalent (Keng, 2008). 

 The same method that CAT uses to estimate ability can be also applied to 

estimate MST ability. The MLE procedure was used in studies by Davis and Dodd (2003); 

Kim and Plake (1993); and Kim et al. (2008). EAP was also applied in the studies of 

Hambleton & Xing (2006); Jodoin (2003); and Keng (2008).  

Routing Procedures 

According to examinees’ performance, scores, or ability estimation on the first 

stage, examinees will be assigned to one of modules of the second stage. Again, 

depending on the performance of the second stage modules, examinees will be routed to 

the third stage. For between-stage routing, several methods are described below. 

The defined population intervals (DPI) method routes a proportion of examinees 

into the different stages (Luecht et al., 2006). For example, if a 1-3-3 structure is used, 

after the first stage, examinees are rank-ordered according to ability estimates. Then the 

lowest third of examinees are assigned to the second stage easy module; the middle third 
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of examinees are assigned to the second stage medium module; and the upper third of 

examinees are assigned to the second stage hard module. This method is simple to 

implement and widely used in MST research (Jodoin, 2003; Xing, 2001; Zenisky, 2004). 

The proximity method compares the current ability estimate of an examinee and 

the average difficulty of each module of the following stage. Examinees will be routed to 

the module providing the least difference between the average module difficulty and 

provisional ability. Like the DPI method, it is relatively easy to implement and was used 

in Kim & Plake’s (1993) study. 

The approximate maximum information (AMI; Luecht et al., 2006) method routes 

examinees by determining the intersection between cumulative TIFs of adjacent modules. 

For example, the routing point to distinguish easy and medium modules in the second 

stage is decided by determining the intersection of cumulative curves of TIFs: (the TIF 

from the first stage module + the TIF from the easy module at the second stage) ∩  (the 

TIF from the first stage module + the TIF from the medium module at the second stage). 

A similar method that CAT uses to route examinees can be applied to MST 

routing procedures. Using the TIFs, Davis and Dodd (2003) selected the next module 

providing MI at the provisional ability estimates based on MLE procedure from the 

previous stage. In addition, Keng (2008) used the same routing method based on EAP 

ability estimation from the previous stage. Keng considered this as the modified version 

of the AMI. 

MST Assembly 

MST assembly can be conducted manually or by using computer software such as 
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automated test assembly (ATA) program, which allows many varieties of constraints. 

Most of the research applied the ATA software program to construct the MST panel and 

module designs (e.g., Jodoin , 2001; Xing & Hambleton, 2004; Zenisky, 2004). Several 

studies such as Davis and Dodd (2003), Keng (2008), and Kim et al. (2008), however, 

construct panels manually. 

Bottom-up, Top-down, and Mixture Strategies 

According to Luecht and Nungester (2000), MST panels can be created in three 

ways: bottom-up, top-down, and mixture strategies. The bottom-up strategy uses module-

level specification for the statistical target, content, and other features, so that modules 

can be used interchangeably. Conversely, the top-down method requires only test-level 

specification, so that the modules can be fixed both within and across panels. In this 

method, target TIFs can be specified for each of the major pathways (e.g., a pathway of a 

medium difficulty module at the first stage, a medium difficulty module at the second 

stage, and a medium difficulty module at the third stage). The mixture strategy specifies 

both the module-level and the test-level. 

Content and Exposure Control Procedures 

The procedures for content and exposure control are decided according to the 

strategies selected, such as bottom-up or top-down. If the bottom-up method to construct 

module-level specification is selected, the content balancing will be imposed in the 

module-level. If the top-down method is selected, the procedures will be imposed in the 

test-level by obtaining the proportional distribution of each content area. Item exposure 

rates can be controlled by considering whether items can be used how many times across 
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modules and panels; how many panels are constructed; how many stages and modules 

panels contain; and the distributions of item properties in the item pool. For example, if 

we choose to construct five panels according to item pool characteristics with a 1-3-3 

panel structure and a bottom-up design, and decide items are not interchangeably used 

across modules; the maximum exposure rate for each item will be .20. 

Automated Test Assembly 

Automated test assembly (ATA) program is used to produce fixed-length parallel 

tests prior to administration with constraints, including test length, content areas, and 

item exposure control. Often, MST is designed by using ATA software such as 

CASTISEL (Luecht, 1998a) or CPLEX (ILOG, 2002). ATA computer software applies 

optimization algorithms such as linear programming or heuristics to simultaneously 

create multiple panels and modules. It also satisfies non-statistical properties such as 

content balancing (Luecht & Nungester, 1998, Luecht et al., 2006). 

Normalized weighted absolute deviations heuristic. The heuristic approach is not 

based on an actual mathematical modeling of assembly, but makes a formulization of 

rules to select items that can be incorporated into the computer program (for more 

information, see van der Linden [1998]). Among techniques of the heuristic approach, the 

normalized weighted absolute deviations heuristic (NWADH; Luecht, 1998b, 2000) used 

the item information function to assemble modules and panels considering constraints 

such as content areas. NWADH is adopted in this current research to build the MST panel 

design; therefore, it is briefly outlined in the following paragraphs. 
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Consider that iku  denotes an item information function for Ii ,....,1=  items in 

an item pool, calculated at Kk ,....,1=  points. For a particular test with In ≤  items, 

the corresponding TIF can be described as 

∑
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i
iku

1

, ,,....,1 Kk =        (17) 

where ,,....,1, niuik =  are assumed to be algebraically additive for all items in the test. 

A corresponding target TIF is defined as kT  and an objective function could be defined 

to minimize  
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and  

{ } ,,....,1,1,0 Iixi =∈        (20) 

where ix  is a decision variable for selecting the n items with 1=ix  indicating item i is 

included in the test otherwise 0=ix . 

 For formally implementing this algorithm, the minimization problem in Equation 

(18) is transformed to a maximization problem. Item selection procedure can be 

considered at the unit level, where nj ,....,1=  objective functions are to be maximized. 

That is, for a series of n optimization models, maximizing 
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In Equation (21), ie  is defined as a variable coefficient: 
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and 1−jR  is defined as a set of indices for the remaining items in the item pool after 

excluding the selected j-1 items. In Equation (26), 
1
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 shows the current value 

of the target TIF after removing previously selected items. Finally, the coefficients are 

normalized, in Equation (25), by dividing the id  variable by their sum over all eligible 

items. This normalization transforms the absolute difference function into a proportional 

quantity. The optimization model should be solved at each item selection, ,,....,1 nj =
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because Equations (21) to (26) are only related to selecting the current item, j. As new 

items are selected, Equation (21) is increased through Equation (25) and Equation (26). 

In addition, the constraints of content can be incorporated into NWADH (for more 

information, see Luecht [1998b, 2000]). 

Sequential Probability Ratio Test 

Sequential probability ratio test (SPRT) was developed mainly for classification 

testing situations. It was first suggested by Abraham Wald (1947) during World War II as 

a way to save allied ammunition. SPRT was recommended for mental testing by 

Ferguson (1969) and later further developed by Reckase (1983); Kingsbury and Weiss 

(1983); and Spray and Reckase (1987, 1994, 1996) for computer-based testing purposes.  

Parshall et al. (2002) specified the five steps of testing administration for SPRT 

approaches: 1) decide the values of basic SPRT components; 2) prepare items in the pool 

for selecting and administering; 3) administer an item to an examinee; 4) calculate the 

likelihood ratio; and 5) decide the pass/fail status. The SPRT will continue steps 3-5 until 

terminating tests according to predetermined criterion of stopping rules (e.g., variable or 

fixed length). The following section describes in more detail the general features and 

framework for the SPRT approach. 

Basic SPRT Components 

Hypotheses 

SPRT has two simple hypotheses for an examinee with a certain ability level (θ ) 

within a cognitive testing setting. One is the null hypothesis, 00 : θθ =jH , and the other 
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is the alternative hypothesis, 11 : θθ =jH , where jθ  is a latent ability of the examinee j. 

Arbitrarily, 0θ  is less than 1θ . 0θ  is the lowest possible passing level on the θ  

continuum and 1θ  is the highest possible passing level on the θ  continuum (Kalohn & 

Spray, 1999; Parshall et al., 2002; Spray & Reckase, 1996). 

Type I and Type II Classification Error Rates 

Two types of error rates (or nominal error rates) must be defined to conduct the 

SPRT in advance: Type I and Type II error rates. Type I error rate, denoted as α , is the 

rate of false positive classification error, or the frequency with which test administrators 

(or researchers) classify an examinee as “pass” given that the examinee should truly 

“fail”. Type II error rate, denoted as β , is the rate of false negative classification error, 

or the frequency with which test administrators (or researchers) classify an examinee as 

“fail” given that the examinee should truly “pass” (Parshall et al., 2002). 

The range of α  and β  is 0 to 1. It is usual to fix α  and β  at .05 or at .10 

(Jiao, 2003; Parshall et al., 2002). It could also be set depending on the situation to 

tolerate a higher false negative error rate than a false positive error rate or vice versa. In 

particular, false positive error rates are crucial for certification and licensure tests for 

public safety purposes. False positive error rates control the number of examinees who do 

not have a true ability to pass the test and actually obtain certification or licensure to 

practice their profession (Kalohn & Spray, 1999). False negative error rates manage the 

number of examinees in an educational setting who have a true passing ability and 

actually need to retake a course or review skills that they may have already mastered 
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(Ferguson, 1969). 

These two error rates need to be decided to calculate the two boundary values for 

determining whether or not the examinees pass or fail the test. A is the upper boundary 

value and is approximately represented as 

./)1( αβ−=A         (27) 

B is the lower boundary value and is approximately represented as 

).1/( αβ −=B         (28) 

Cutoff Score and Width of the Indifference Region 

SPRT also needs to specify a cutoff score ( cθ ) and the distance between 0θ  and 

1θ  which is called the indifference region. Those two points of the indifference region 

are produced based on a cutoff score. The width of the indifference region (δ ) can be 

either symmetrical or asymmetrical around the cutoff score. The larger the indifference 

region, the shorter the test length is given if it is a variable-length test. This is because the 

difference in the probability of the corresponding two points is relatively larger 

(Thompson, 2007a).  

Based on those components, the following sections describe SPRT design and 

procedures. In addition, several steps for administering SPRT to examinees are explained 

in further detail. 

Item Pool 

CAT generally requires a large number of test items along the continuum of the 

theta scale. The item requirement for SPRT, however, is lower than CAT because the 
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most popular item selection algorithm is mainly choosing the most informative item at 

the cutoff point. Thus, SPRT needs to have a depth of items at the cutoff point contingent 

on content balancing specifications and exposure control procedures (Parshall et al., 

2002). 

Item Selection Procedures 

Some research studies have tried to compare item selection methods such as 

choosing an item based on MI at the true or estimated ability level or cutoff points using 

SPRT for making a two category classification (e.g., Eggen, 1999; Spray & Reckase, 

1994). These research studies showed that item selection with MI at the cutoff score 

points performed relatively better than selecting the item with MI at the ability level in 

terms of efficiency. Choosing an item with the greatest information at the cutoff points is 

also the most common selection method (Thompson, 2007a).  

Based on these studies, this dissertation selected the item having the MI at the 

cutoff points. To use this selection method, item information at the cutoff points in the 

item pool must be calculated and rank ordered. If no constraints are imposed on the test-

administering algorithm, the most informative item at the cutoff point in the item pool is 

administered, while the second item is the second most informative item at the cutoff 

point in the item pool. This is called sequential selection, which chooses items 

sequentially to maximize information at a cutoff point (Thompson, 2007a). 

Content and Exposure Control Procedures 

When choosing the items in the item pool, various procedures of content 

balancing and exposure control used in the CAT approach can also be applied to SPRT 
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item selection procedures. For example, the randomesque (Kingsbury & Zara, 1989) item 

exposure control procedure (Lau & Wang, 2000) and Sympson-Hetter (1985) procedure 

(Lau & Wang, 1999) have been applied. In addition, Eggen and Straetmans (2000) 

considered Kingsbury and Zara’s (1989, 1991) content balancing procedure together with 

Sympson-Hetter method for choosing items. 

Scoring Procedures 

 As mentioned, the values of ,, 10 θθ  cθ , and δ need to be specified before 

administering the SPRT. For scoring procedures, the probability of getting a certain 

response on an item given θ  and item parameters calibrated from a specific IRT model 

needs to be calculated. Here, it is assumed that one of the dichotomous IRT models will 

be applied. If x axis represents the ability scale and y axis represents probability (P), the 

P(θ ) is the item characteristic function that correctly answers the items, while P( 0θ ) and 

P( 1θ ) are the two points of that function. 0θ  and 1θ  are actually the two points of the 

indifference region. Thus, if )(1)( θθ PQ −= , then )( 0θQ  and )( 1θQ  represent two 

points that incorrectly answer the item.  

Items are presented in sequence. After administering ki ,...,1=  items, the 

likelihood of the examinee j with 0θθ =j  is generally described as 

),()...()()|,....,,( 00201021 θπθπθπθ kkxxxL =     (29) 

where ,)()()( 1
000

ii xx
i QP −= θθθπ        (30) 

and 1=ix , if the examinee answers item i correctly and 0=ix , otherwise. 
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The likelihood of the examinee j with 1θθ =j  is 

),()...()()|,....,,( 11211121 θπθπθπθ kkxxxL =     (31) 

where .)()()( 1
111

ii xx
i QP −= θθθπ        (32)  

Next, the likelihood ratio (LR) of the two likelihood values is calculated. Here, 

the events (i.e., 1=ix  or 0=ix ) are mutually exclusive events. In other words, the 

examinees cannot get both 1 and 0 for this item; they should get either 1 or 0. Thus, if 

item i is answered correctly (i.e., 1=ix ), corresponding 

)|1(/)|1( 01 θθ === ii xLxLLR ; if item i is incorrectly answered (i.e., 0=ix ), 

corresponding )|0(/)|0( 01 θθ === ii xLxLLR . The LR is updated according to the 

examinees response to each item that he/she answers, so that after administering k items, 

LR is described as  

).|,....,,(/)|,....,,( 021121 θθ KK xxxLxxxLLR =     (33) 

Figure 2.3 illustrates the ICC for an item under 2PL IRT (here, a = 2 and b = 0). 

Let’s assume that the theta point of 0.00 is the cutoff point (i.e., cθ = 0.00); 0θ = -0.50; 

and 1θ = 0.50 (thus, the width of the indifference region is 1.00). The events of obtaining 

a category score of zero or one are mutually exclusive.  

During test administration, if an examinee gets the right answer (i.e., obtains a 

category score of one) for the item administered, the probabilities of getting a category 

score of one given an ability of -0.50 and given an ability of 0.50 are calculated. In this 

example, the probability of the examinee getting a category score of one given an ability 
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of -0.50 is around .27, while the probability of an examinee obtaining a category score of 

one given an ability of 0.50 is about .73. Next, the corresponding likelihood is calculated 

and LR is updated. 

 

 

Figure 2.3. Item characteristic curve for a dichotomous item under 2PL IRT model. 

In the case of polytomous items with the polytomous IRT model applied, the 

probabilities of obtaining a specific category score (e.g., zero, one, two, and three for an 

item with four category scores) given two points on the ability continuum (i.e., 0θ  and 

1θ ) are calculated, and the corresponding likelihood and LR can be updated. The events 

of obtaining the category score of zero, one, two, or three are also mutually exclusive. 

For example, Figure 2.4 illustrates the operating characteristic curves for a four-

category score item under GPCM (here, a = 1.50; 1b  = -1.50; 2b = 0.00; and 3b = 1.50). 
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Let’s assume that an ability of 0.00 is the cutoff point (i.e., cθ = 0.00); 0θ = -0.50; and 

1θ = 0.50 (i.e., the width of the indifference region is 1.00). During the test administration, 

if an examinee obtains a category score of two for this item, the probabilities of getting 

category score of two given an ability of -0.50 and given an ability of 0.50 are calculated. 

The probability of the examinee getting a category score of two given an ability of -0.50 

is around .29, and the probability of an examinee obtaining a category score of two given 

an ability of 0.50 is about .52. Next, the corresponding likelihood is calculated and LR is 

updated. 

 

 

Figure 2.4. Operating characteristic curves for a four-category score item under 

generalized partial credit model. 
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Termination Criteria and Determining Status 

SPRT can be terminated according to a time limit imposed for the test or a preset 

test length (Lau & Wang, 2000). In addition, a variable-test length could be considered 

for SPRT by comparing the upper and lower boundaries of decision criterions (i.e., A and 

B). In a variable-length test, after calculating and updating LR for each item, three 

statuses can be obtained. These are: 1) LR is large enough (i.e., LR≥A) so that an 

examinee with a given ability should pass; 2) LR is small enough (i.e., LR≤B) so that an 

examinee with a given ability should fail; 3) LR is neither too large nor too small (i.e., 

B<LR<A) and another item will be administered.  

To decide whether or not the examinees pass or fail the test in a fixed-length test 

after all the items are administered, the LR is also compared to A and B. If LR≥A, then 

examinees are regarded as pass. If LR≤B, then examinees are considered as fail. If 

B<LR<A, then the distance between the LR and the two boundaries A and B is compared. 

The shorter distance is used as the criterion for the final decision.  

Studies about CAT, MST, and SPRT in the Context of Classification Testing 

Many studies have explored three computer-based testing approaches (i.e., CAT, 

MST, and SPRT) in the context of classification testing. Sometimes, these studies have 

investigated individual approaches, while other studies have compared performance 

between approaches. Often, the CAT approach has been included for comparison. In 

addition, unlike the CAT and MST, SPRT has been developed and mainly used for 

classification decisions. The following studies provide an overview of these aspects. CAT 

studies are reviewed first, followed by MST, and subsequently SPRT. 
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Bergstrom and Lunz (1992) compared the confidence of pass/fail decision making 

of CAT and P&P tests in certification examinations. The variable-length CAT with a 

confidence level stopping rule and two fixed-lengths of P&P tests (109 items and 189 

items) were included in this study. The Rasch model was used for item calibration. In 

addition, content balancing was included in this study. The results showed that the CAT 

with a confidence level stopping rule improved the accuracy of pass/fail decisions 

compared to P&P tests with a comparable test length. This study suggested that the CAT 

can be a useful approach for certification examinations.  

Lunz and Bergstrom (1994) also compared the performance of CAT and P&P 

tests of certification examinations. They used three difficulty variations of the first item 

(easy, medium, and hard) and test difficulty (items targeted at the current ability 

estimation; 0.40 logits below the current ability estimation; and 0.90 logits below the 

current ability estimation); two variations of the minimum test length (50 items for a 

shorter test and 100 items for a longer test); and four conditions on opportunities to 

control the tests (students were able to skip, defer, or return to the presented items or they 

had no control over previous items). They again used the Rasch model to calibrate the 

item bank, and content balancing was applied during the test administrations. The results 

using ANCOVA analysis showed that only the opportunity to control the test had a 

significant main effect; there were no significant interactions between the different test 

administration formats. This study also provided basic proof that CAT is the efficient and 

comparable format for certification testing. 

Gorham and Bontempo (1996) compared the CAT version and P&P version of the 



 

48 

National Council of the State Boards of Nursing Licensure Examination (NCLEX). CAT 

has been implemented for the operational testing of NCLEX since 1994. Primarily, they 

compared the pass/fail rate of examinees that failed the CAT version and repeatedly 

attempted the CAT version versus examinees that failed the P&P version and repeatedly 

took the P&P version. In this study, examinees were called “repeaters” and some took the 

exam more than twice. The results showed that both versions produced very similar 

overall passing rates. For example, for the examinees’ second attempts, the passing rate 

of the CAT version was 52.80% and the passing rate of the P&P version was 52.90%. For 

the examinees’ third attempt, the passing rate of the CAT version was 36.30% and the 

passing rate of the P&P version was 39.30%. 

Jodoin (2003) compared the linear fixed-length test (LFT), MST, and CAT 

approaches. Three mean levels of item pool discrimination (low, moderate, and high 

discriminating item pools); and two levels of match between test and item pool content 

specifications (an ideal item pool where the test specification and the distributions of item 

attributes in the item pool were proportional versus a constrained item pool where the test 

specification and the distribution of item attributes in the item pool were not proportional) 

were included in this study. In addition, two levels of test length (40 and 60 items); 

several levels of exposure control using unconditional and conditional Sympson-Hetter 

(1985) exposure procedures; and cutoffs scores corresponding to 30%, 50%, and 85% 

failure rates were compared in the context of the LFT in both the MST and CAT 

approaches. The dependent variables were classification accuracy and measurement 

precision. The item pool consisted of dichotomous items calibrated according to 3PL IRT 



 

49 

model, and the MST (2-stage and 3-stage multi-stage test) was assembled using 

CASTISEL (Luecht, 1998a). This research showed that classification accuracy and 

measurement precision were better with an enhanced item pool quality; a longer test 

length; the proper match between item and test content characteristics; and a more liberal 

item exposure control level. In addition, decision accuracy was the highest for the 85% 

failure rate. Generally, the CAT approach worked better compared to MST and LFT. 

Zenisky (2004) studied variations on module arrangements (e.g., 1-3-3 or 1-2-3); 

the amount of overall test information (e.g., 50% decrease or 25% increase); the 

information distribution of stages (e.g., equal information or different proportional 

information); routing methods between stages (e.g., random routing or number-correct 

routing); and passing rates (30%, 40%, and 50%) to the MST design. The 3PL IRT model 

was used for item calibration, and CASTISEL (Luecht, 1998a) was used for assembling 

the MST. The results indicated that although test information was decreased by as much 

as 25%, MST produced high decision accuracy. Variations on module arrangements and 

the routing methods between stages did not produce significant differences in terms of 

the classification decision. In addition, when overall test information was relatively high 

and test information was provided equally among stages, better results were produced. If 

reduced test information was used, providing more information at stage one (the first 

module) yielded the best results. Finally, a 30% cutoff score produced the highest correct 

classification rate.   

Xing and Hambleton (2004) compared the linear parallel-forms test (LPFT), a 1-

3-3 structure of the MST, and the CAT in terms of decision consistency and decision 
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accuracy of a credentialing exam. They manipulated the conditions of the item pool size 

and item quality. They used two item bank sizes, 240 and 480, and three levels of average 

discrimination parameters, 1.00 (the original item pool); 0.60 (the poor item pool); and 

1.40 (the best item pool). They calibrated the item pool with the 3PL IRT model; used a 

test length of 35 items; and a passing rate of 50% as a cutoff point. The three testing 

approaches produced similar results in terms of decision making. Within an individual 

approach, the condition with a better item pool quality and larger numbers of items 

produced the better results; that is, higher decision consistency and accuracy rates.   

Hambleton and Xing (2006) compared LPFT, a 1-3-3 structure of MST, and CAT 

with the conditional Sympson-Hetter (1985) exposure control procedure to test the 

decision consistency and accuracy of a credentialing exam. The item pool was calibrated 

according to the 3PL IRT model, and the authors used the ATA program (CASTISEL; 

Luecht, 1998a) to assemble the multiple panels. In addition, 60 items were used for all 

conditions. In constructing MST panels and LPFT, the authors manipulated the overall 

TIFs according to: 1) the mean of examinee trait distribution (theta of 0.00) and 2) cutoff 

score levels (theta of -0.50, 0.00, and 0.50). The three cutoff scores corresponded to 

passing rates of 70%, 50%, and 30%. This study demonstrated that all approaches 

performed better than a test design that randomly selected items to form the exams 

considering content balancing only (the LPFT approach). Among these, the CAT 

approach performed better in terms of classification decisions, while the MST approach 

showed slightly better results compared to the LPFT design, particularly when overall 

TIF was matched to the cutoff points. The LPFT design yielded slightly better results 
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when overall TIF was matched to the mean of the ability distribution than to the cutoff 

scores. 

Jodoin, Zenisky, and Hambleton (2006) compared various MST designs such as 

60 items administered during two stages; 60 items administered during three stages; and 

40 items administered during two stages, with a 60-item LFT considering content 

specifications in terms of accuracy of ability estimates and classification decision. In 

addition, they used three passing scores (30%, 40%, and 50% of passing rates) to 

compare the decision accuracy and the false positive and false negative error rates. All 

panels with 1-3-3 structures were built with ATA software (CASTISEL; Luecht, 1998a) 

and the item pool was calibrated with the 3PL IRT model. All 60-item conditions 

produced similar levels of decision consistency and accuracy. The passing rate of 30% 

obtained the lowest error rate. Forty items with two stages, however, resulted in slightly 

lower classification accuracy compared to the results from the three-stage MST and LFT 

test design. Jodoin et al. thus suggested that 40 items using two-stage testing was feasible 

for a credentialing agency in terms of a lower item exposure rate as well as economical in 

terms of both cost and time.  

Lau & Wang (1998) investigated various aspects of SPRT approach. Two test 

length conditions (a minimum of 10 items with a maximum of 50 items and a minimum 

of one item with a maximum of 100 items); two cutoffs scores (theta of 0.50 and 1.50); 

three item pool types (dichotomous, polytomous, and combined), and three item selection 

methods (selecting an item having the MI at the cutoff points; randomly selecting among 

the most informative items at the cutoff points; and randomly selecting an item without 
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considering the MI) were included in the test design. When a combined item pool was 

used, items were given either a 3:1 ratio (three dichotomous items were administered first 

and then one polytomous item was administered) or 1:1 ratio (after one dichotomous item 

was administered then one polytomous item was administered). In addition, the GPCM 

was used for the item pool calibration. The results showed that the polytomous item pool 

achieved higher accuracy and efficiency than the dichotomous item pool. The method of 

selecting the item having the MI at the cutoff scores preformed best in terms of accuracy 

and efficiency. The error rates were higher for the minimum of 10 items with a maximum 

of 50 items. Within the combined item pool, selecting items according to the MI at the 

cut off points and a higher level of cutoff scores produced better test efficiency and 

accuracy. The minimum of 10 with maximum of 50 items produced slightly higher error 

rates, while the minimum of one with maximum of 100 items showed the better test 

efficiency. The 3:1 ratio of dichotomous to polytomous items showed slightly lower rates 

in accuracy and efficiency than the 1:1 ratio, but the 3:1 and 1:1 ratio selection generally 

produced very similar outcomes. Across all conditions, the theta of 1.50 cutoff point 

produced the lower error rates. 

Lau and Wang (1999) investigated the SPRT approach further based on the 

polytomous item pool using GPCM. Two item information algorithms (Fisher 

information [FI] and Kullback-Leibler information [KLI; Cover & Thomas, 1991]); three 

exposure control methods (Sympson-Hetter [1985]; randomesque-3 [Kingsbury & Zara, 

1989]; and no control); two cutoff scores (theta of 0.80 and -0.80); two item pool sizes 

(266 and 90 items), and two width of indifference regions (0.50 and 1.00) were used. The 
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results generally showed that the SPRT approach worked well with a polytomous item 

pool. Two item information algorithms and two exposure control methods (Sympson-

Hetter and randomesque-3) showed equal performance in terms of accuracy and 

efficiency. As the cutoff points increased, the total error rates and item use rate decreased. 

The larger item pool and the wider indifference regions performed better in terms of test 

efficiency, but the smaller indifference regions produced lower error rates. 

Lau and Wang (2000) investigated the SPRT approach further based on the 

mixed-format test design with GPCM. Two variations of item information (FI and KLI); 

two exposure control procedures (Kingsbury and Zara’s [1989] randomesque-3 and 

randomesque-5); two cutoff scores (theta of -1.00 and 1.00); two test lengths (a minimum 

of 10 items with a maximum of 50 items and a minimum of one item with a maximum of 

100 items); two item selection algorithms (selecting an item having the MI at the cutoff 

points or choosing an item having the MI-time index); and two maximum time 

constraints (60 and 120 minutes) were included for test design. MI-time index 

simultaneously considered both item information and item response time, which was 

calculated by item information divided by item response time (i.e., the mean time in 

seconds that the examinees used to respond to the item). The results showed that both 

item selection methods performed well in different aspects. The item selection method of 

considering the MI at the cutoff points reduced item consumption, while the MI-time 

index decreased time consumption. In addition, two variations of item information 

produced similar results in terms of test efficiency and accuracy. Randomesque-3 worked 

better than randomesque-5 in terms of classification precision and test efficiency. As 
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cutoff scores increased, the error and item use rate decreased. The minimum of one and 

maximum of 100 items with 120 minutes achieved the best classification accuracy, while 

the minimum of one and maximum of 100 items with 60 minutes showed the best test 

efficiency. 

Eggen and Straetmans (2000) compared the SPRT and adaptive mastery testing 

(AMT; Kingsbury & Weiss, 1983). AMT is similar to the CAT approach in estimating 

final ability estimates and its standard error. To classify examinees, however, AMT uses 

the confidence interval (i.e., a combination of estimated ability; standard error; and the 

normal deviate for 1-α confidence interval). The item pool was calibrated according to 

the 2PL IRT model and the methods for choosing an item having the MI at the cutoff 

score points or an item having the MI at the current ability estimates were used to select 

AMT items. For the SPRT approach, basically the item selection method of choosing an 

item having the MI at the cutoff points was applied. In addition, Kingsbury and Zara’s 

(1989, 1991) content balancing procedure and Sympson-Hetter (1985) exposure control 

method were also considered in selecting items for both the AMT and SPRT approaches. 

The results showed the SPRT performed more efficiently compared to AMT. For the 

AMT approach, the method of selecting an item having the MI at the current ability level 

produced better efficiency. In addition, the exposure control and content balancing 

procedures did not negatively impact the quality of testing procedures (i.e., efficiency and 

accuracy).  

Thompson (2007a) compared the SPRT and AMT in terms of classification 

accuracy and efficiency. A dichotomous item pool calibrated according to the 3PL IRT 
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model and a polytomous item pool calibrated with GPCM were compared. Several item 

selection procedures, such as selecting the item having the MI at the cutoff scores or 

current ability estimates and the performance of multiple cutoff scores (two and three 

classifications) were included. In addition, variations of item bank shapes (information 

function was either high or flat or it peaked at cutoff scores). No content balancing and 

exposure control procedures were used. The results from main effects showed that the 

SPRT approach appeared more efficient than AMT at holding accuracy constant. 

Conditions with a single cutoff score performed better in terms of average test length and 

percentage of correct classifications than a test with multiple cutoff scores. Conditions 

with a polytomous item pool required fewer items than a dichotomous item pool. Item 

selection method based on cutoff scores required slightly more items than an item 

selection method based on current ability estimation, but it produced higher accuracy. 

The peaked item pool produced slightly higher accuracy; overall however, item bank 

shape had relatively little effect on classification accuracy and testing efficiency. 

In summary, Table 2.1 briefly lists the main features of the literature review 

currently included for this study. 
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Table 2.1 

Summary of Literature Review in the Context of the Classification Testing 

Features CAT SPRT MST 

IRT model 
Mainly 

dichotomous IRT 
models 

Dichotomous and 
polytomous IRT 

models 

Mainly 
dichotomous IRT 

models 

Item pool 
Mainly 

dichotomous item 
pool 

Dichotomous, 
polytomous, and 

mixed-format pool 

Mainly 
dichotomous item 

pool 

Content balancing 
Yes, but mainly 

with dichotomous 
items 

Yes, but mainly 
with dichotomous 

items 

Yes, but mainly 
with dichotomous 

items 

Comparison to other 
approaches 

 
MST and 

LFT/LPFT 
 

AMT 

 
CAT and 

LFT/LPFT 
 

 

Statement of Problem 

Computer-based classification testing has become popular, particularly with 

credentialing agencies because it offers diverse approaches to increase the accuracy of 

categorical decisions (Zenisky, 2004). Although MST and CAT have great potential to be 

applied to classification testing situations, considerably less research has been conducted 

for these approaches in the context of classification testing situations (e.g., Bergstrom & 

Lunz, 1992; Gorham & Bontempo, 1996; Zenisky, 2004). In addition, previous studies on 

classification testing approaches were confined to comparing LFT/LPFT, MST, and CAT 
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(e.g., Hambleton & Xing, 2006; Jodoin, 2003; Xing & Hambleton, 2004) or comparing 

SPRT and AMT, which has a similar algorithm as does CAT (e.g., Eggen & Straetmans, 

2000; Thompson, 2007a). These studies compared accuracy and testing efficiency 

differences according to various conditions such as cutoff scores, test lengths, or item 

pool characteristics. To date, no study, however, has compared the CAT, MST, and 

SPRT approaches together in the computer-based classification testing environment.  

More specifically, in terms of test design characteristics, most of these research 

studies were conducted based on the test having only dichotomous items. Neither a test 

design containing polytomous items nor the mixed-format test design has been widely 

considered. In particular, the mixed-format design is more reflective of a real testing 

setting because it includes both dichotomous and polytomous items (Rosa, et al., 2001). 

Only a few studies have applied mixed-format test design with the SPRT approach (Lau 

& Wang, 1998, 2000). Moreover, studies of MST and CAT in a classification test setting 

have mainly used a test design composed only of dichotomous items (e.g., Bergstrom & 

Lunz, 1992; Hambleton & Xing, 2006; Jodoin et al., 2006; Zenisky, 2004).  

Regarding content balancing and exposure control procedures, some studies have 

investigated the SPRT approach with various exposure control procedures (Lau & Wang, 

1998, 1999, 2000). Few studies of the SPRT approach, however, considered content 

balancing procedure contingent on exposure control procedure. Eggen and Straetmans 

(2000) considered Kingsbury and Zara’s (1989, 1991) content balancing procedure with 

Sympson-Hetter (1985) procedure, but only based on dichotomous items. Although some 

studies have examined the mixed-format design, content balancing with item types was 
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not considered (Lau & Wang, 1998, 2000). Furthermore, studies of the CAT and MST in 

the context of classification testing have mainly applied the dichotomous IRT model; 

therefore, only a contingent table of one item type by content areas has been considered 

(e.g., Bergstrom & Lunz, 1992; Jodoin, 2003; Zenisky, 2004). Thus, few studies 

concerning the CAT and MST approaches have considered exposure control and content 

balancing with item types in classification testing using mixed-format tests. Without 

incorporating these procedures, the test may become unfair by overexposing examinees 

to a certain content area and item type. Thus, the quality assurance of the test forms 

cannot be guaranteed (Parshall et al., 2002). 

The purpose of this study, therefore, was to systematically compare in the context 

of a mixed-format test design the differences in classification decision precision among 

several testing approaches (i.e., CAT, MST, and SPRT) given variations in test lengths 

and cutoff score points. For security purposes, the PR exposure control procedure was 

applied to the CAT and SPRT approaches. Furthermore, Kingsbury and Zara’s (1989) 

content balancing procedure was applied to each approach. Specifically, this study was 

designed to answer the following questions: 

1. How do the three different testing approaches (i.e., CAT, MST, and SPRT) with the 

mixed-format testing design generally compare in their classification decision 

precisions?  

2. Do different test lengths have a different effect on the classification decision precision? 

To what extent can each testing approach make correct decisions when test lengths 

vary from a short test to a long test? In addition, which testing approach will be more 
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efficient by accurately classifying examinees using a shorter-length test? 

3. Do different cutoff scores produce different results in terms of the classification 

decision precision? 

4. How do the three different testing approaches compare in their exposure control 

properties? 
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CHAPTER THREE: METHODOLOGY 

Design Overview 

Three computer-based classification testing approaches for binary decision 

making (i.e., pass/fail) were considered in this study. The first approach considered was 

CAT; the second approach included was MST; and the third approach compared was 

SPRT. This study distinguished these testing approaches according to each approach’s 

adaptive nature (i.e., items are chosen according to the current ability estimation). The 

CAT approach has a fully-adaptive nature; the MST approach has a half-adaptive nature 

between a CAT and a P&P test; and the SPRT approach has a non-adaptive nature. 

Three fixed-length test units of 21 (i.e., 12 two category; six three category; and 

three four category test units); 27 (i.e., 15 two category; eight three category; and four, 

four category test units); and 33 (i.e., 19 two category; nine three category; and five four 

category test units) were applied as a stopping rule. Previously, when item pools 

consisting only of dichotomous items (i.e., two categories) or polytomous items (i.e., 

more than two categories) were considered, the term “item” was used to indicate either 

purely dichotomous or polytomous items. Here, the test unit was introduced to indicate 

items with two to four categories in the mixed-format test design. Test unit is the 

measurement unit previously used by Ho and Dodd (2008) and Grady and Dodd (2009) 

in the context of the mixed-format test design. For example, a two category test unit was 

previously called a dichotomous item, and a three to four category test unit was classified 

as polytomous items. In the context of mixed-format, however, these were called as the 

test unit in a unified sense.  
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Three cutoff score points were set as a passing rate of 70%, 50%, and 30%. The 

location of cutoff score points was based on the latent ability scale based on a normal 

distribution of examinees. Thus, the passing rates of 70%, 50%, and 30% approximately 

correspond to theta (θ ) values of -0.524, 0.000, and 0.524 in the ability scale. The design 

of this study included a 3 (approach) x 3 (fixed-length) x 3 (cutoff point) conditions. A 

total of 27 conditions were evaluated for the decision accuracy.  

Furthermore, the PR exposure control procedure (Revuelta & Ponsoda, 1998) 

with the maximum exposure rate of .35 was applied to the CAT and SPRT approaches.  

This rate was selected to match the maximum exposure rate of the MST approach. The 

exposure control of the MST approach was achieved by limiting the frequency of each 

test unit use across panels. The test units were used only one time across the 21 modules 

with three panels and each panel was randomly administered to the examinee with 

approximately equal chance so that the maximum exposure rate for each test unit was 

around .35. In addition, Kingsbury and Zara’s (1989) content balancing procedure, using 

content areas and test unit types was applied to the CAT, MST, and SPRT approaches. 

Mixed-Format Test Unit Pool 

The current study used the mixed-format test unit pool. Many recent tests have 

been using the mixed-format test design. For example, the National Assessment of 

Educational Progress (NAEP), the Advanced Placement (AP) examination, and state tests 

including North Carolina, Wisconsin, and other states include multiple choice items and 

constructed response items (Rosa, et al., 2001).  

The test unit pool used in this current study was obtained from the science subtest 
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of the 1996 NAEP. The pool included three test unit types and three content areas, 

producing nine content cells. In constructing the test unit pool, the number of earth and 

life science test units with three-step difficulties was doubled for the MST design quality, 

because this content cell contained a very small number of test units. The test unit pool 

for this study, therefore, consisted of 424 total test units.  

Of the 424 total test units, 244 (57.55%) were dichotomous test units; 113 test 

units (26.65%) had two-step difficulties (i.e., test units with three categorical scores); and 

67 test units (15.80%) had three-step difficulties (i.e., test units with four categorical 

scores). The test unit pool also contained three content areas. One hundred-twenty-six 

(29.72%) were physical science test units; 148 (34.90%) were earth science test units; 

and 150 (35.38%) were life science test units. Table 3.1 shows these specifications.  

  



 

63 

Table 3.1 

Test Unit Pool Specification 

 # of category scores  

Content areas 2 3 4 Total of test unit 

Physical science 79 30 17 126 

Earth science 87 39 22 148 

Life science 78 44 28 150 

Total of test unit 244 113 67 424 

Furthermore, Table 3.2 describes the joint probabilities in percentage that were 

implemented for the simulations.  

Table 3.2 

Joint Probabilities of Test Unit Pool 

 # of category scores 

Content areas 2 3 4 

Physical science 18.63% 7.08% 4.01% 

Earth science 20.52% 9.19% 5.19% 

Life science 18.40% 10.38% 6.60% 
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Parameter Estimation 

Test units for this study previously calibrated according to the GPCM were 

available on the NAEP website. Because the NAEP assessment is a low-stakes test, a 

constant of 0.40 was added to discrimination parameters for all test units. The test thus 

more closely resembled items in a high-stakes testing situation (Burt, Kim, Davis, & 

Dodd, 2003; Grady & Dodd, 2009). 

Data Generation 

Response data for the 424 test units was generated using the IRTGEN SAS macro 

(Whittaker, Fitzpatrick, Williams, & Dodd, 2003). A random number was drawn from a 

normal distribution (0, 1) to represent the known ability level for a simulated examinee 

(simulee). The probability of responding in each category given a simulee’s ability level 

was then be computed for each test unit according to the GPCM. The probabilities were 

then summed to create a cumulative probability of response ranging from 0 to 1. Next, a 

random number was drawn from a uniform distribution and compared to the cumulative 

response probability. The simulee was assigned the score corresponding to the location in 

the cumulative probability distribution that was at or below where the random number 

fell. This procedure was repeated for all simulees and all test units. One hundred 

replications with 1,000 simulees were generated for this study to evaluate. The resulting 

100 replications were used repeatedly for each condition. 

Cutoff Scores 

Setting the location of cutoff scores ( cθ ) is usually influenced by perspectives of 

classification testing program (e.g., the proportion of examinees for each decision 
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category, emphasis on either false positive or negative error rates, and the ability 

distribution of examinees taking tests). In addition, the value of cutoff scores is usually 

determined by a passing score study or standard-setting methods in the real testing 

situation (Jiao, 2003; Parshall et al., 2002). The cutoff scores for this dissertation were 

selected based on the assumption of normal distribution of ability and the cutoff score 

was placed on the ability scale. Several research studies used this method of setting cutoff 

scores based on the normal distribution of examinees (e.g., Hambleton & Xing, 2006; 

Jodoin, 2003; Zenisky, 2004). 

Three cutoff scores were set at -0.524, 0.000, and 0.524 in the normally 

distributed ability scale. These scores represent cases where approximately 70%, 50%, 

and 30% of examinees are classified as pass. Those cutoff scores correspond with tests 

that identify examinees with low, middle, and high levels of ability. These percentages 

were selected because tests are usually administered not only to select examinees with 

top abilities, but also identify those with lower abilities (Thompson, 2007a). 

Test Lengths 

 Fixed test lengths of 21, 27, and 33 test units were chosen for this study. The 

fixed-length was chosen over the variable-length because the MST is basically based on 

fixed-length tests. 

In this dissertation, each test length mirrored the test unit type proportion in the 

pool. The 21 test units were composed of 12 dichotomous test units; six three category 

test units; and three four category test units. If converted to dichotomous test units, 
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approximately 33 total score points can be produced. The test length of 21 test units was 

chosen to measure the efficiency purposes to represent the shorter test length. In the same 

way, the 27 test units were approximately composed of 15 dichotomous test units; eight 

three category test units; and four, four category test units. If converted to the 

dichotomous test units, 43 total score points can be produced. The test length of 27 test 

units was selected to correspond to the test length used with Ho and Dodd’s (2008) study 

which was based on mixed-format tests. The 33 test units were composed of 19 

dichotomous test units; nine three category test units and five four category test units. If 

converted to dichotomous test units, 52 total score points can be produced. Finally, the 

test length of 33 test units was chosen to represent a longer test and was also selected as 

the approximately maximum number according to the capacity of the current test unit 

pool to produce three panels for the MST.  

CAT Simulations 

Simulating the CAT conditions was completed by modifying a SAS program 

Davis (2002) developed. The initial ability estimate was equal to zero (i.e., the mean of 

the population). The test units were selected based on the PR exposure control procedure 

and Kingsbury and Zara’s (1989) content balancing procedure, using content areas and 

test unit types. The maximum exposure control level was set to .35. In addition, the MLE 

procedure with a variable step size was be used to estimate ability. Three fixed-lengths of 

21, 27, and 33 test units terminated the tests. Examinees’ estimated abilities were used for 

decision making by comparing ability estimates to the cutoff score. 
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MST Simulations 

MST panels should be constructed before the test administration. From the 424 

calibrated test units, three panels per condition were constructed according to the three 

different test length conditions. 

MST Assembly 

Each panel had three stages: one module for the first stage and three modules for 

the second and the third stages. Thus, a 1-3-3 panel structure was used. In addition, seven 

pathways were identified within each panel. 

The SAS program to automatically assemble the 1-3-3 panel structure with seven 

pathways was written for this dissertation. This program is fundamentally based on the 

Luecht’s (1998b, 2000) NWADH, but was modified according to this study’s design of a 

1-3-3 panel construction. For example, instead of Luecht’s original method of 

incorporating content balancing, this program was written to consider Kingsbury and 

Zara’s (1998) content balancing procedure in all the pathway levels. 

Several arrangements were possible to distribute test units according to different 

stages and modules. For this study, seven test units were assigned to each of the stage 

modules for the 21 fixed-length test condition. Nine test units were assigned to each of 

the stage modules for the 27 fixed-length test condition, and 11 test units were assigned 

to each of the stage modules for the 33 fixed-length test condition. This assignment 

attempted to distribute the TIFs evenly across all the stages. For example, Figure 3.1 

depicts the 1-3-3 panel structure of the test length with 33 test units. In particular, each 

pathway met the need of Kingsbury and Zara’s (1989) content balancing considering nine 
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content cells (i.e., three content areas and three test unit types). The content cells for 

subsequent stage modules were selected based on the proportion of content cells used in 

previous stage modules.  

Module 1M
11 test units

Module 2E
11 test units

Module 2M
11 test units

Module 2H
11 test units

Module 3E
11 test units

Module 3M
11 test units

Module 3H
11 test units

 

Figure 3.1. The 1-3-3 panel structure of a 33-test units MST. 

Due to the lack of sufficient test units covering a certain content area in the 

current pool, only three panels were constructed for each condition. The test units were 

used only one time across the modules and panels, however, so that the maximum 

exposure rate for each test unit was less than .35. This rate matched the maximum 

exposure rate of the CAT and SPRT approaches based on the PR exposure control 

procedure (Revuelta & Ponsoda, 1998).  
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Three input files were necessary for the SAS ATA program. First of all, for each 

test unit, the test unit information functions at given abilities (i.e., 41 theta points in the 

range of ability scale from -4.00 to 4.00 with 0.20 increments) were produced based on 

the GPCM. Second, the file containing the index of each test unit’s type and content area 

was produced. Finally, the dataset containing the target TIF for each module was needed. 

Target TIFs were generated through an automatic target generation program written in a 

SAS program.  

Specifically, target TIFs were specified for the seven modules in the MST design 

for this study based on the previous literature review (e.g., Keng, 2008; Luecht el al., 

2006; Zenisky, 2004). Across all conditions, the TIFs for the first stage module were 

target at 0.0. From there, relatively easy and hard modules were specified using each 

module-level target TIF translated to the right and/or left by a certain quantity, such as 

one standard deviation assuming the normal ability distribution. For example, for the 

first-stage module, the target TIF centered on 0.0 and at the second and third stage, the 

target TIFs shifted by one standard deviation centered at -1.0 (easy module); 0.0 (medium 

module); and 1.0 (hard module). This approach of MST panel construction basically 

applied a mixed strategy to build panels because it specified the module-level target TIFs 

at the same time it considered the test-level of content balancing procedure by ensuring 

pathways reflect the percentage of each content area and test unit types of the whole test. 

With those basic frameworks, the target TIFs were yielded for each module 

considering the test unit information function and the proportion of content cells. First, 

for each of nine content cells, test units having the maximum information around theta 
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points of -1.0, 0.0, and 1.0 were selected (which distinguishes easy, medium, and hard 

level of difficulty). After that, the sum and the average of those test unit information 

functions were calculated. Thus, 27 averages according to nine content cells and three 

theta peak points were produced. Using this average information function, the target 

information functions for each module were calculated. For example, if we have nine test 

units need to be selected for constructing the easy module in the second stage peak at the 

theta point of -1.0 with the same proportion of nine content areas, the average of each 

nine content having the peak at the theta point of -1.0 would be added up to produce the 

easy module target TIFs. In this study, the initial height of easy, medium, and hard 

module target TIFs differed because the whole test unit pool information function was 

somewhat negatively skewed. Thus, adjustments were made to make the heights of the 

easy, medium, and hard module target TIFs equal. 

 Figure 3.2 is showing the target TIFs for the second stage (i.e., easy, medium, 

and hard modules) for the 27 test length conditions actually produced for this study (i.e., 

nine test units per module). This method of target producing was modified method based 

on the Luecht’s (1998b, 2000) study by more considering the content area proportion. 
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Figure 3.2. Target test information functions (TTIFs) for the second stage of 27 test units. 

During the actual construction of MST, the random components of the test unit 

assignment were applied in the panel construction so that test units were selected fairly 

across the panels. Beginning of every stage, the sequence of panels and modules were 

randomly decided. For an example, before the beginning of the second stage construction, 

assuming that the order of the module construction is randomly decided to follow 

“medium module-easy module-hard module” sequence and then the order of panel 

construction is also randomly decided to follow “panel 3-panel 1-panel 2” sequence, then 

the first test unit for the second stage construction will be allocated to the medium 

module at the panel 3. The second test unit will be selected to be put into the medium 

module at the panel 1 and then next test unit will be assigned to the medium module at 

the panel 2. After finishing the medium module construction at the second stage, next test 

unit will be chosen for easy module at panel 3. This random process was continued until 
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the completing construction of the last stage. 

Finally, the weights in selecting test units were given based on the Luecht and 

Hirsch’s (1992) study. Those weights gave higher priority on the peak of target TIFs (i.e., 

more weights around the peak theta points). Therefore, the test unit producing the 

smallest weighted error was chosen. 

MST Administration 

Simulating the MST conditions was achieved by modifying a SAS program 

developed by Davis (2002). MST simulations for the current study were similar to the 

studies of Davis and Dodd (2003) and Kim et al. (2008). One of three panels was 

randomly assigned to each examinee. After completing the first stage, the examinee was 

routed to the next-stage module, providing the maximum amount of information based on 

the MLE of ability with a variable step size procedure. From the second stage to third 

stage, an examinee can only be routed to modules with the same or adjacent difficulty 

levels as modules found in the second stage. A fixed-length stopping rule of 21, 27, and 

33 test units according to different cutoff points was conducted. After the simulations are 

complete, examinees’ estimated ability was considered to classify them into pass or fail 

categories by comparing ability estimates to the cutoff score. 

SPRT Simulations 

SPRT simulations were conducted using a SAS program the author wrote for this 

dissertation. The points of -0.524, 0.000, and 0.524 were considered as theta cutoff scores 

( cθ ). Furthermore, the nominal Type I and Type II error rates were both set at .05 in this 
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study and the width of the indifference region was set as 0.50. For example, with a theta 

cutoff point of 0.000, the indifference region was expected to have the theta range of    

-0.250 to 0.250. These values were selected because they are the most-used value in 

classification testing with the SPRT approach (Jiao, 2003; Kalohn & Spray, 1999; Lau & 

Wang, 1999; Spray & Reckase, 1987).  

Without considering the initial theta of examinees, the test unit having the MI at 

the cutoff points contingent on the PR exposure control procedure and Kingsbury and 

Zara’s (1989) content balancing that considered three content areas and three test unit 

types was administered to examinees. The maximum exposure rate was set as .35, like 

the CAT approach. The stopping rules of 21, 27, and 33 test units were applied. Finally, 

rather than calculating ability estimates, the sequential likelihood ratio was computed and 

compared to the lower and upper boundaries of pass/fail decision making. 

Data Analyses 

First, all conditions were compared in terms of the following decision-making 

criteria: 1) correct classification rate; 2) false positive error rate; 3) false negative error 

rate; and 4) total error rate. The correct classification was regarded as a true and accurate 

decision. The correct classification was considered when both true ability and estimated 

ability from the MST and CAT approaches or both true ability and sequential ratio testing 

results from the SPRT approach were classified as “pass,” or both were classified as “fail.”  

The false positive classification was defined as the decision to classify “fail” 

examinees according to their true abilities to a “pass” category. The false negative 

classification was defined as the decision to classify true “pass” examinees according to 
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true abilities to a “fail” category. Table 3.3 displays these relationships.  

Table 3.3  

Classification Rules 

 True ability 

Pass Fail 

Classification made 
Pass Correct False positive 

Fail False negative Correct 

 In the CAT and MST contexts, examinees with the true and estimated abilities 

above the theta points of -0.524, 0.000, and 0.524 (i.e., corresponding to the passing rates 

of 70%, 50%, and 30% based on the normal distribution of examinees) were classified as 

“pass” and vice versa as “fail.” In the SPRT approach, the true abilities above the theta 

points of -0.524, 0.000, and 0.524 were classified as “pass” and vice versa as “fail.” The 

values from the sequential LR, however, were compared to the upper and lower 

boundaries to make estimated decisions.  

The number of correct classifications, false positive decisions, and the false 

negative decisions were added and then divided by the total number of examinees in each 

replication (i.e., 1,000 simulees). This produced the correct classification rate, the false 

positive, and the false negative error rates. The total error rate was obtained by summing 

the false positive and false negative error rates. All classification rates were calculated as 

percentage for this dissertation. Furthermore, Cohen’s (1960) Kappa (κ) was included as 

a measure of agreement for evaluating the classification decision precision. It takes into 
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account the degree of chance agreement between the decisions. In other words, the Kappa 

can be considered as the proportion of agreement, over and above that which can be 

expected by chance alone (Crocker & Algina, 1986; Swaminathan, Hambleton, & Algina, 

1974). Cohen’s Kappa coefficient can be defined as 

,
1 c

c

P
PP

−
−

=κ          (34) 

where P  is the proportion of observed agreements (i.e., consistent decisions) and cP   

is the proportion of agreements expected by chance.  

The cP  is called the chance consistency which is calculated by 

,0..01..1 PPPPPc +=        (35) 

where .1P  is the proportion of a “pass” classification decision on the first time; 1.P  is 

the proportion of a “pass” classification decision on the second time; .0P  is the 

proportion of a “fail” classification decision on the first time; and 0.P  is the proportion 

of a “fail” classification decision on the second time.  

These classification decision precision indices such as error rates, correct 

classification rates, and Kappa values for all 27 conditions were computed based on 100 

replications with each replication containing 1,000 simulees. 

In addition to classification decision accuracy indices, because an exposure 

control procedure was used for this study, the test unit exposure rate was calculated based 

on the number of times a particular test unit was administered to examinees divided by 

the total number of examinees. The descriptive statistics of test unit exposure rates 
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included the frequency distribution, the mean, the standard deviation, and the maximum 

value of exposure rate. Furthermore, pool utilization was computed based on the 

percentage of test units never administered during the administrations. The exposure 

control properties for all 27 conditions were computed based on 100 replications with 

each replication containing 1,000 simulees. 
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CHAPTER FOUR: RESULTS 

This study considered the three testing approaches (CAT, MST, and SPRT) 

discussed with three fixed-length test conditions (21, 27, and 33 test units) and three 

cutoff scores (-0.524, 0.000, and 0.524) for binary decision-making (i.e., pass/fail). The 

3x3x3 design yielded a total of 27 conditions. This chapter presents information on the 

test unit pool, results for actual MST assembly, specific findings regarding the precision 

of the classification decision, and the effectiveness of the exposure control procedure.  

Test Unit Pool 

This study used a mixed-format test unit pool containing both dichotomously-

scored and polytomously-scored test units. Table 4.1 displays the descriptive statistics for 

the test unit pool of this study calibrated according to GPCM (Muraki, 1992), which 

estimates the single discrimination parameter and multiple step difficulty parameters for 

each test unit. Among 424 test units, 244 were dichotomous test units; 113 test units had 

two-step difficulties; and 67 test units had three-step difficulties.  
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Table 4.1 

Descriptive Statistics of Test Unit Pool 

Parameter 
estimate 

Test unit 
type N Mean Standard 

deviation Min Max 

 Dichotomous 244 1.18 0.36 0.55 2.94 

Discrimination Polytomous 180 0.97 0.23 0.64 2.27 

 Mixed 424 1.09 0.33 0.55 2.94 

 Dichotomous 244 0.34 1.34 -3.29 4.42 

Step difficulty 1 Polytomous 180 0.07 1.36 -3.95 3.43 

 Mixed 424 0.23 1.35 -3.95 4.42 

Step difficulty 2 Polytomous 180 1.39 1.37 -2.30 4.33 

Step difficulty 3 Polytomous 67 1.28 1.40 -3.88 3.49 
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Figure 4.1 presents the test unit pool information function for this study. The pool 

was slightly negatively skewed and peaked around the theta point of 0.80. 

 

Figure 4.1. Information function for test unit pool.  
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Figure 4.2 shows the pool information function according to three test unit types. 

The pool consisted of 57.55% two-category test units (Type 1); 26.65% three-category 

test units (Type 2); and 15.80% four-category test units (Type 3).  

 

Figure 4.2. Information functions for test unit types. 
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In addition, Figure 4.3 depicts the pool information function according to three 

content areas. The content area distribution of the 424 test units were 29.72% physical 

science test units; 34.90% earth science test units; and 35.38% life science test units.  

 

Figure 4.3. Information functions for content areas. 
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The pool included three test unit types and three content areas, producing nine 

content cells. Figure 4.4 illustrates the information function for each content cell. 

 

 

Figure 4.4. Information functions for nine content cells. 

Note. Content 1 = two-category physical science test units; Content 2 = two-category 

earth science test units; Content 3 = two-category life science test units; Content 4 = 

three-category physical science test units; Content 5 = three-category earth science test 

units; Content 6 = three-category life science test units; Content 7 = four-category 

physical science test units; Content 8 = four-category earth science test units; and Content 

9 = four-category life science test units. 
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MST Assembly 

MST panels were automatically constructed using a SAS program based on the 

Luecht’s (1998b, 2000) NWADH, which was modified according to this study’s design. 

By definition, any definite mathematical proof of optimality of constructive heuristics is 

not feasible (van der Linden, 2005). Thus, for the current study, evaluating the test 

assembly using heuristics in the context of classification test was done by comparing 

various classification rates and inspecting visual graphs of panel assembly.  

First, the panel-level evaluation of classification accuracy rates was included in 

the current study. Tables 4.2, 4.3, and 4.4 show the classification decision precision 

across three panels for each test length condition. All values were averaged across 100 

replications and each replication included 1,000 simulees.  

Within each test length, the difference in mean correct classification rates across 

three panels given the cutoff score conditions were trivial within the range of, on average, 

0.30%. Table 4.2 compares the accuracy rates of classification decisions between panels 

across different cutoff score conditions when the test length was 21 test units. The largest 

mean correct classification rate difference among panels was about 0.40% given the 

cutoff score. In the same manner, Table 4.3 compares the accuracy rates of classification 

decisions of three panels when the test length was 27 test units. The largest difference 

between mean correct classification rates among panels was about 0.44% given the cutoff 

score. Finally, Table 4.4 describes the classification rates among the three panels when 

the test length was 33 test units. The largest difference between mean correct 

classification rates among panels was about 0.39% given the cutoff score. 
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Table 4.2 

Panel-Level Classification Decision Precision: 21 Test Units for Cutoff Score Conditions 

Averaged Across 100 Replications 

Cutoff 
score (θ) Panel # FNER (%)   

(Min, Max) 
FPER (%) 

(Min, Max) 
TER (%) 

(Min, Max) 
CCR (%) 

(Min, Max) 

 1a 3.89     
(2.41, 6.93) 

5.07     
(2.41, 8.43) 

8.96     
(5.42, 12.05) 

91.04   
(87.95, 94.58) 

0.524 2b 3.89     
(1.78, 6.82) 

4.88     
(2.67, 8.01) 

8.77     
(5.64, 13.06) 

91.23   
(86.94, 94.36) 

 3c 4.04     
(1.51, 6.95) 

4.98     
(2.12, 9.37)         

9.02     
(4.83, 12.69) 

90.98   
(87.31, 95.17) 

 1a 5.13     
(2.71, 8.13) 

4.87     
(2.11, 8.43) 

10.00    
(6.02, 13.86) 

90.00   
(86.14, 93.98) 

0.000 2b 5.04     
(2.37, 7.42) 

4.80       
(2.37, 7.42) 

9.84     
(5.94, 12.76) 

90.16   
(87.24, 94.07) 

 3c 4.89     
(2.72, 7.55) 

4.81     
(1.81, 8.76) 

9.69     
(5.44, 14.20) 

90.31   
(85.80, 94.56) 

 1a 4.82     
(2.71, 8.13) 

4.17     
(1.81, 7.53) 

8.99     
(6.32, 12.65) 

91.01   
(87.35, 93.68) 

-0.524 2b 5.16     
(2.67, 7.72) 

4.23     
(1.19, 7.12) 

9.39     
(5.94, 12.76) 

90.61   
(87.24, 94.06) 

 3c 5.17     
(2.72, 8.46) 

4.02     
(1.81, 6.65) 

9.19     
(5.14, 13.60) 

90.81   
(86.40, 94.86) 

Note. FNER = false negative error rate; FPER = false positive error rate; TER = total 

error rate; CCR=correct classification rate. 
a332 (out of 1,000) simulees were randomly assigned to the panel 1. 
b337 (out of 1,000) simulees were randomly assigned to the panel 2. 
c331 (out of 1,000) simulees were randomly assigned to the panel 3.  
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Table 4.3 

Pane-Level Classification Decision Precision: 27 Test Units for Cutoff Score Conditions 

Averaged Across 100 Replications 

Cutoff 
score (θ) Panel # FNER (%)   

(Min, Max) 
FPER (%) 

(Min, Max) 
TER (%) 

(Min, Max) 
CCR (%) 

(Min, Max) 

 1a 3.73     
(1.20, 6.02) 

4.44     
(2.41, 6.93) 

8.17     
(5.12, 11.75) 

91.83    
(88.25, 94.88) 

0.524 2b 3.52     
(1.48, 5.64) 

4.35     
(1.48, 8.01) 

7.87      
(4.75, 12.46) 

92.13    
(87.54, 95.25) 

 3c 3.57     
(1.51, 5.74) 

4.36     
(1.51, 6.65) 

7.93     
(4.83, 11.48) 

92.07   
(88.52, 95.17) 

 1a 4.55     
(1.81, 6.93) 

4.50     
(2.41, 7.23) 

9.05     
(5.72, 12.65) 

90.95   
(87.35, 94.28) 

0.000 2b 4.64     
(2.37, 6.82) 

4.24     
(2.08, 6.82) 

8.87     
(5.34, 12.76) 

91.13   
(87.24, 94.66) 

 3c 4.54     
(2.42, 8.46) 

4.23     
(1.81, 6.95) 

8.77     
(4.83, 12.69) 

91.23   
(87.31, 95.17) 

 1a 4.57     
(1.81, 7.23) 

3.60     
(1.81, 6.02) 

8.17     
(4.82, 11.75) 

91.83   
(88.25, 95.18) 

-0.524 2b 4.53     
(1.78, 7.12) 

3.93     
(1.48, 6.82) 

8.47     
(5.94, 13.35) 

91.53   
(86.65, 94.06) 

 3c 4.45     
(2.42, 6.95) 

3.57     
(1.51, 6.34) 

8.03     
(4.23, 11.48) 

91.97   
(88.52, 95.77) 

Note. FNER = false negative error rate; FPER = false positive error rate; TER = total 

error rate; CCR=correct classification rate.  
a332 (out of 1,000) simulees were randomly assigned to the panel 1. 
b337 (out of 1,000) simulees were randomly assigned to the panel 2. 
c331 (out of 1,000) simulees were randomly assigned to the panel 3.  
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Table 4.4 

Panel-Level Classification Decision Precision: 33 Test Units for Cutoff Score Conditions 

Averaged Across 100 Replications 

Cutoff 
score (θ) Panel # FNER (%)   

(Min, Max) 
FPER (%) 

(Min, Max) 
TER (%) 

(Min, Max) 
CCR (%) 

(Min, Max) 

 1a 3.35     
(0.90, 6.32) 

3.86     
(1.20, 6.32) 

7.21     
(3.92, 11.44) 

92.79   
(88.56, 96.08) 

0.524 2b 3.17     
(1.19, 5.64) 

4.01     
(2.08, 6.82) 

7.18     
(3.86, 10.98) 

92.82   
(89.02, 96.14) 

 3c 3.46     
(1.51, 6.04) 

4.00      
(0.91, 6.65) 

7.46     
(5.14, 10.27) 

92.54   
(89.73, 94.86) 

 1a 4.19     
(1.20, 6.93) 

4.03     
(1.51, 7.83) 

8.22     
(3.62, 12.95) 

91.78   
(87.05, 96.38) 

0.000 2b 4.14     
(1.78, 6.82) 

3.97     
(1.78, 6.53) 

8.11     
(5.04, 11.57) 

91.89   
(88.43, 94.96) 

 3c 3.98     
(0.91, 6.95) 

4.00     
(1.51, 6.65) 

7.98     
(4.53, 11.78) 

92.02   
(88.22, 95.47) 

 1a 4.25     
(1.20, 6.93) 

3.41     
(1.20, 6.32) 

7.66     
(3.62, 11.75) 

92.34   
(88.25, 96.38) 

-0.524 2b 4.06     
(1.78, 5.94) 

3.68     
(1.78, 5.94) 

7.74     
(3.86, 10.98) 

92.26   
(89.02, 96.14) 

 3c 4.02     
(1.21, 7.86) 

3.33     
(0.60, 5.44) 

7.35     
(3.02, 12.39) 

92.65   
(87.61, 96.98) 

Note. FNER = false negative error rate; FPER = false positive error rate; TER = total 

error rate; CCR=correct classification rate. 
a332 (out of 1,000) simulees were randomly assigned to the panel 1. 
b337 (out of 1,000) simulees were randomly assigned to the panel 2. 
c331 (out of 1,000) simulees were randomly assigned to the panel 3.  
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The following figures illustrate the results of the MST assembly in a graphical 

way. Figures 4.5 to 4.7 compare the three panel level information functions and their 

corresponding target TIFs given each test length. In an ideal MST design, each panel 

should have approximately the same amount of information to ensure the test is 

administered fairly among examines. For the current research, the three panels at each 

test length condition were very similar and the assembled panel information functions 

almost matched the target TIFs. 

 

Figure 4.5. Panel-level target test information functions (TTIFs) and actual information 

functions for 21 test units. 
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Figure 4.6. Panel-level target test information functions (TTIFs) and actual information 

functions for 27 test units. 

 

 

Figure 4.7. Panel-level target test information functions (TTIFs) and actual information 

functions for 33 test units.  
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Figures 4.8 through 4.10 show the target TIFs and actual constructed information 

functions at the stage level according to different test lengths. Most of modules were 

constructed well to meet the target TIFs. TIFs of modules for each stage were 

distinguishable (i.e., they did not overlap one another) and representing easy, medium, or 

hard difficulty levels in the range of ability scale from -4.00 to 4.00 across the different 

test length conditions. As the test length increased, however, (e.g., a test length of 21 

versus 33 test units), the actual information functions for the easy modules showed a bit 

less information than the target TIFs of the easy module. Meanwhile, the actual 

information for the hard modules was constructed with slightly more information 

compared to the target TIFs of the hard modules. 

 

  

Figure 4.8. Stage-level target test information functions (TTIFs) and actual information 

functions (AIFs) for 21 test units.  
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Figure 4.9. Stage-level target test information functions (TTIFs) and actual information 

functions (AIFs) for 27 test units. 

 

Figure 4.10. Stage-level target test information functions (TTIFs) and actual information 

functions (AIFs) for 33 test units. 
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 Finally, Figures 4.11 through 4.13 illustrate actually constructed information 

functions at the pathway level according to different test lengths.  

 

 

Figure 4.11. Actual pathway-level information functions for a test length with 21 test 

units. 

Figure 4.12. Actual pathway-level information functions for a test length with 27 test 

units.
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Figure 4.13. Actual pathway-level information functions for a test length with 33 test 

units. 

Note. MEE = medium, easy, and easy module sequence; MEM = medium, easy, and 

medium module sequence; MME = medium, medium, and easy module sequence; MMM 

= medium, medium, and medium module sequence; MMH = medium, medium, and hard 

module sequence; MHM = medium, hard, and medium module sequence; MHH = 

medium, hard, and hard module sequence. 

  

0

2

4

6

8

10

12

14

16

-4 -3 -2 -1 0 1 2 3 4

In
fo

rm
at

io
n

Proficiency (Ѳ)

MEE
MEM
MME
MMM
MMH
MHM
MHH



 

93 

Classification Decision Precision 

The precision of the classification decision indicates how accurately each 

condition classified examinees into mutually exclusive categories (i.e., pass/fail). 

Dependent measures for classification decision precision included correct classification 

rates, false positive error rates, false negative error rates, total error rates, and Kappa. 

Comparisons for the classification decision precision collapsed across different 

conditions are presented first, followed by the results within each testing approach 

separately across cutoff score and test length conditions. 

Table 4.5 displays the results for testing approaches collapsed across conditions of 

three test lengths and three cutoff scores. This table shows that overall the three testing 

approaches performed well by each producing mean false positive and false negative 

error rates of less than 5% and mean correct classification rates of more than 90%. In 

addition, all testing approaches produced overall mean Kappa values larger than .80. The 

mean false positive error rates and mean false negative error rates were similar within 

each testing approach.  

The CAT and SPRT approaches performed in similar ways, producing differences 

in mean correct classification rates of 0.29% and differences in mean Kappa values 

of .006 when collapsed across test length and cutoff score conditions. The MST approach 

yielded between 1.22% to 1.51% fewer mean correct classification rates and 

between .028 to .034 lower mean Kappa values compared to the CAT and SPRT 

approaches when collapsed across cutoff score and test length conditions. 
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Table 4.5  

Classification Decision Precision: Testing Approaches Collapsed Across Test Length and 

Cutoff Score Conditions  

Approach FNER (%) 
(Min, Max) 

FPER (%) 
(Min, Max) 

TER (%) 
(Min, Max) 

CCR (%) 
(Min, Max) 

κ 
(Min, Max) 

CAT 3.49    
(1.50, 6.10) 

3.45    
(1.60, 5.90) 

6.94    
(4.00, 10.10) 

93.06    
(89.90, 96.00) 

.845 
(.772, .908) 

SPRT 3.72    
(1.70, 6.40) 

3.51    
(1.60, 5.70) 

7.23    
(4.70, 10.70) 

92.77   
(89.30, 95.30) 

.839 
(.773, .892) 

MST 4.25    
(2.10, 7.50) 

4.20    
(2.00, 7.10) 

8.45    
(5.60, 11.60) 

91.55   
(88.40, 94.40) 

.811 
(.729, .876) 

Note. Each test length and cutoff score condition given the testing approach was based on 

100 replications with each replication containing 1,000 simulees. FNER = false negative 

error rate; FPER = false positive error rate; TER = total error rate; CCR = correct 

classification rate; κ = Kappa. 
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Table 4.6 shows the classification decision precision for cutoff scores collapsed 

across conditions of three testing approaches and three test lengths. Cutoff scores set on 

theta points of -0.524, 0.000, and 0.524 corresponded to passing rates of 70%, 50%, and 

30% in the normal distribution of examinees. At all cutoff scores, the overall mean 

correct classification rates were more than 90% and the mean Kappa values were larger 

than .80. In addition, each mean error rate was less than 5%.  

The mean correct classification rates and mean Kappa values were higher when 

the cutoff score was set on 0.524. When the cutoff score was set on 0.000, mean correct 

classification rates were lower, while the cutoff score of -0.524 produced lower mean 

Kappa values. When the cutoff score was set on 0.524, mean false positive error rates 

were slightly higher than mean false negative error rates and vice versa for the cutoff 

score was set on -0.524. The cutoff score set on 0.000 produced similar results for both 

mean error rates. 
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Table 4.6 

Classification Decision Precision: Cutoff Scores Collapsed Across Testing Approach and 

Test Length Conditions  

Cutoff 
score (θ) 

FNER (%) 
(Min, Max) 

FPER (%) 
(Min, Max) 

TER (%) 
(Min, Max) 

CCR (%) 
(Min, Max) 

κ 
(Min, Max) 

0.524 3.15   
(1.50, 5.70) 

3.71    
(1.60, 7.10) 

6.86    
(4.00, 10.70) 

93.14   
(89.30, 96.00) 

.838 
(.745, .908) 

0.000 4.16   
(1.80, 6.80) 

3.98    
(2.00, 6.70) 

8.14    
(5.30, 11.60)  

91.86   
(88.40, 94.70) 

.837 
(.768, .894) 

-0.524 4.15   
(1.80, 7.50) 

3.47    
(1.80, 6.00) 

7.62    
(4.90, 11.30) 

92.38   
(88.70, 95.10) 

.820 
(.729, .884) 

Note. Each testing approach and test length condition given the cutoff score was based on 

100 replications with each replication containing 1,000 simulees. FNER = false negative 

error rate; FPER = false positive error rate; TER = total error rate; CCR = correct 

classification rate; κ = Kappa. 
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Table 4.7 displays the results for test lengths collapsed across conditions of three 

testing approaches and three cutoff scores. It shows that overall the three test lengths 

performed well, with each producing mean correct classification rates of more than 90%. 

In addition, all mean Kappa values were more than .80. Both mean error rates produced 

similar results given each test length. Generally, as the test length increased from 21 test 

units to 33 test units, the mean correct classification rates increased by 1.29% and the 

mean Kappa values increased by approximately .028 when collapsed across testing 

approach and cutoff score conditions. 

Table 4.7 

Classification Decision Precision: Test Lengths Collapsed Across Testing Approach and 

Cutoff Score Conditions  

Test 
length 

FNER (%) 
(Min, Max) 

FPER (%) 
(Min, Max) 

TER (%) 
(Min, Max) 

CCR (%) 
(Min, Max) 

κ 
(Min, Max) 

21 4.16   
(1.80, 7.50) 

4.06    
(2.10, 7.10) 

8.22    
(5.20, 11.60) 

91.78   
(88.40, 94.80) 

.817 
(.760, .882) 

27 3.79   
(1.70, 6.80) 

3.68    
(1.60, 6.20) 

7.47    
(4.30, 11.50) 

92.53   
(88.50, 95.70) 

.833 
(.753, .901) 

33 3.51   
(1.50, 6.40) 

3.42    
(1.60, 5.50) 

6.93    
(4.00, 9.90) 

93.07   
(90.10, 96.00) 

.845 
(.773, .908) 

Note. Each testing approach and cutoff score condition given the test length was based on 

100 replications with each replication containing 1,000 simulees. FNER = false negative 

error rate; FPER = false positive error rate; TER = total error rate; CCR = correct 

classification rate; κ = Kappa. 
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Table 4.8 shows the classification decision precision for three testing approaches 

and three cutoff scores collapsed across the three test lengths. For all testing approaches, 

conditions with the cutoff score of 0.524 yielded, on average, higher mean correct 

classification rates. The CAT approach with the cutoff score of 0.524 produced, on 

average, the highest classification decision precision. In addition, for the MST approach, 

the degree of difference between classification decision precision across three cutoff 

scores was not as large as those for the CAT and SPRT approaches. The CAT and SPRT 

approaches, however, showed approximately a similar degree of difference. Figure 4.14 

illustrates the mean correct classification rates for testing approaches and cutoff scores. 

 

 

Figure 4.14. Mean correct classification rates (MCCRs) for testing approaches and cutoff 

scores. 
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Table 4.8  

Classification Decision Precision: Testing Approaches and Cutoff Scores Collapsed 

Across Test Length Conditions  

Approach Cutoff 
score (θ) 

FNER (%) 
(Min, Max) 

FPER (%) 
(Min, Max) 

TER (%) 
(Min, Max) 

CCR (%) 
(Min, Max) 

κ 
(Min, Max) 

 0.524 2.82   
(1.50, 4.60) 

3.28   
(1.60, 4.90) 

6.10   
(4.00, 8.30) 

93.90  
(91.70, 96.00) 

.856  
(.808, 908) 

CAT 0.000 3.83   
(2.20, 6.10) 

3.72   
(2.30, 5.60) 

7.55   
(5.30, 10.00) 

92.45  
(90.00, 94.70)  

.849 
(.800, .894)  

 -0.524 3.82   
(1.80, 5.50) 

3.34   
(1.80, 5.90) 

7.16   
(4.90, 10.10) 

92.84  
(89.90, 95.10) 

.831 
(.760, .884) 

 0.524 3.00    
(1.70, 4.90) 

3.40   
(1.60, 5.00) 

6.40   
(4.70, 9.20) 

93.60  
(90.80, 95.30) 

.849 
(.784, .892) 

SPRT 0.000 4.07   
(1.80, 6.40) 

3.83   
(2.00, 5.70) 

7.90   
(5.50, 10.70) 

92.09  
(89.30, 94.50) 

.842 
(.786, .890) 

 -0.524 4.08   
(2.50, 5.70) 

3.30   
(1.80, 4.90) 

7.38   
(5.20, 9.50) 

92.62  
(90.50, 94.80) 

.826 
(.773, .877) 

 0.524 3.62   
(2.10, 5.70) 

4.44   
(2.00, 7.10) 

8.06   
(5.60, 10.70) 

91.94  
(89.30, 94.40) 

.810 
(.745, .867) 

MST 0.000 4.57   
(2.50, 6.80) 

4.38   
(2.40, 6.70) 

8.95   
(6.20, 11.60) 

91.05  
(88.40, 93.80) 

.821 
(.768, .876) 

 -0.524 4.56   
(2.30, 7.50) 

3.77   
(2.00, 6.00) 

8.33   
(5.70, 11.30) 

91.67  
(88.70, 94.30) 

.803  
(.729, .867) 

Note. Each test length condition given the testing approach and the cutoff score was 

based on 100 replications with each replication containing 1,000 simulees. FNER = false 

negative error rate; FPER = false positive error rate; TER = total error rate; CCR = 

correct classification rate; κ = Kappa. 
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Table 4.9 presents the classification decision precision for three testing 

approaches and three test lengths collapsed across conditions of three cutoff scores. In 

general, as the test length increased from 21 test units to 33 test units, the classification 

decision accuracy, on average, increased when collapsed across cutoff score conditions. 

The CAT approach with the test length of 33 test units produced the highest classification 

decision precision. When the test length increased from 21 test units to 33 test units, the 

CAT and SPRT approaches showed a similar degree of increase in their mean correct 

classification rates (an average of 1.13%) and mean Kappa values (an average of .025). 

The MST approach yielded a slightly higher degree of increase in the mean correct 

classification rates (an average of 1.67%) and mean Kappa values (an average of .037). 

For example, Figure 4.15 illustrates the mean correct classification rates for testing 

approaches and test lengths. 

 

 

Figure 4.15. Mean correct classification rates (MCCRs) for testing approaches and test 

lengths. 

89

90

91

92

93

94

95

21 27 33

M
C

C
R

Test length

CAT

SPRT

MST



 

101 

Table 4.9  

Classification Decision Precision: Testing Approaches and Test Lengths Collapsed 

Across Cutoff Score Conditions 

Approach Test 
length 

FNER (%) 
(Min, Max) 

FPER (%) 
(Min, Max) 

TER (%) 
(Min, Max) 

CCR (%) 
(Min, Max) 

κ 
(Min, Max) 

 21 3.79   
(1.80, 6.10) 

3.78   
(2.10, 5.90) 

7.57   
(5.30, 10.10) 

92.43   
(89.90, 94.70) 

.831 
(.760, .879) 

CAT 27 3.46   
(1.80, 5.20) 

3.38   
(1.60, 5.40) 

6.84   
(4.30, 9.80) 

93.16  
(90.20, 95.70) 

.847 
(.772, .901) 

 33 3.22   
(1.50, 5.80) 

3.19   
(1.80, 5.00) 

6.41   
(4.00, 8.90) 

93.59  
(91.10, 96.00) 

.857 
(.797, .908) 

 21 4.01   
(2.10, 5.80) 

3.77   
(2.50, 5.70) 

7.78   
(5.20, 10.70) 

92.21  
(89.30, 94.80) 

.826 
(.773, .882) 

SPRT 27 3.68   
(1.70, 5.80) 

3.51   
(2.00, 5.40) 

7.19   
(4.80, 9.70) 

92.89  
(90.30, 95.20) 

.840 
(.802, .888) 

 33 3.45   
(1.80, 6.40) 

3.25   
(1.60, 4.70) 

6.70   
(4.70, 9.40) 

93.30  
(90.60, 95.30) 

.850 
(.790, .892) 

 21 4.67   
(2.80, 7.50) 

4.65   
(2.70, 7.10) 

9.32   
(7.10, 11.60) 

90.68  
(88.40, 92.90) 

.792 
(.729, .846) 

MST 27 4.24   
(2.40, 6.80) 

4.14   
(2.30, 6.20) 

8.36   
(5.70, 11.50) 

91.64  
(88.50, 94.30) 

.813 
(.753, .864) 

 33 3.84   
(2.10, 6.30) 

3.81   
(2.00, 5.50) 

7.65   
(5.60, 9.90) 

92.35  
(90.10, 94.40) 

.829 
(.773, .876) 

Note. Each cutoff score condition given the testing approach and the test length was 

based on 100 replications with each replication containing 1,000 simulees. FNER = false 

negative error rate; FPER = false positive error rate; TER = total error rate; CCR = 

correct classification rate; κ = Kappa. 
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Table 4.10 shows the classification decision precision for three test lengths and 

three cutoff scores collapsed across conditions of three testing approaches. The test 

length of 33 test units with the cutoff score of 0.524, on average, produced the best 

classification decision precision. Three test lengths showed approximately similar 

degrees of differences between classification accuracy decisions across cutoff scores. For 

example, Figure 4.16 illustrates the mean correct classification rates for test lengths and 

cutoff scores. 

 

 

Figure 4.16. Mean correct classification rates (MCCRs) for test lengths and cutoff scores. 
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Table 4.10 

Classification Decision Precision: Test Lengths and Cutoff Scores Collapsed Across 

Testing Approach Conditions  

Test 
length 

Cutoff 
score (θ) 

FNER (%) 
(Min, Max) 

FPER (%) 
(Min, Max) 

TER (%) 
(Min, Max) 

CCR (%) 
(Min, Max) 

κ 
(Min, Max) 

 0.524 3.40   
(1.80, 5.30) 

4.09   
(2.20, 7.10) 

7.49   
(5.20, 10.70) 

92.51   
(89.30, 94.80) 

.824 
(.745, .879) 

21 0.000 4.52   
(2.40, 6.50) 

4.34   
(2.90, 6.70) 

8.86   
(5.90, 11.60) 

91.14  
(88.40, 94.10) 

.823 
(.768, .882) 

 -0.524 4.56   
(2.50, 7.50) 

3.77   
(2.10, 6.00) 

8.33   
(5.30, 11.30) 

91.67  
(88.70, 94.70) 

.803 
(.729, .873) 

 0.524 3.13   
(1.70, 5.70) 

3.69   
(1.60, 6.20) 

6.82   
(4.30, 9.70) 

93.18  
(90.30, 95.70) 

.839 
(.771, .901) 

27 0.000 4.14   
(2.30, 6.80) 

3.91   
(2.00, 6.10) 

8.05   
(5.40, 11.50)  

91.95  
(88.50, 94.60) 

.839 
(.770, .892) 

 -0.524 4.11   
(2.20, 6.50) 

3.43   
(2.10, 5.30) 

7.54   
(4.90, 10.60) 

92.46  
(89.40, 95.10) 

.822 
(.753, .879) 

 0.524 2.90   
(1.50, 5.10) 

3.34   
(1.60, 5.40) 

6.24   
(4.00, 9.10) 

93.76  
(90.90, 96.00) 

.853 
(.794, .908) 

33 0.000 3.82   
(1.80, 6.40) 

3.70 
(2.10,5.50)  

7.52   
(5.30, 9.90) 

92.48  
(90.10, 94.70) 

.850 
(.802, .894) 

 -0.524 3.80   
(1.80, 6.30) 

3.21   
(1.80, 4.90) 

7.01   
(4.90, 9.80) 

92.99  
(90.20, 95.10) 

.834 
(.773, .884) 

Note. Each testing approach condition given the test length and the cutoff score was 

based on 100 replications with each replication containing 1,000 simulees. FNER = false 

negative error rate; FPER = false positive error rate; TER = total error rate; CCR = 

correct classification rate; κ = Kappa. 
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The following section specifically presents the classification decision precision 

for each testing approach across cutoff score and test length conditions. The CAT 

approach is described first, followed by the SPRT and MST approaches. 

Table 4.11 shows the classification decision precision for the CAT approach 

according to different cutoff score and test length conditions. The CAT approach 

produced mean total error rates as the sum of mean false positive error rates and the mean 

false negative error rates less than 10% for all conditions, with each mean false positive 

and mean false negative error rates less than 5%. Within each cutoff score conditions, as 

the test length increased from 21 test units to 33 test units, mean total error rates 

generally decreased by 1.10% for the cutoff score condition of 0.524; by 1.12% for the 

cutoff score condition of 0.000; and by 1.22% for the cutoff score condition of -0.524. 

The cutoff score condition of 0.000 had the highest mean total error rates, while 

the cutoff score condition of 0.524 produced the lowest mean total error rates given the 

same test length condition. The differences between the mean total error rates across 

cutoff score conditions ranged from 0.37% to 1.52% for 21 test units; from 0.38% to 1.36% 

for 27 test units; and from 0.47% to 1.50% for 33 test units. In addition, when the cutoff 

score was set on 0.524, the mean false positive error rates were higher than the mean 

false negative error rates and vice versa for the cutoff score condition of -0.524 given the 

test length. The cutoff score condition of 0.000 produced the similar values for both mean 

error rates. 

The range of mean correct classification rates for CAT conditions was 91.81% to 

94.43%, while the range of mean Kappa values was .815 to .868. When the test length 
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increased from 21 test units to 33 test units, the mean Kappa values increased by .025 for 

the cutoff score condition of 0.524; by .023 for a cutoff score condition of 0.000; and 

by .029 for a cutoff score condition of -0.524.  

In addition, the differences between the mean Kappa value across cutoff score 

conditions ranged from .007 to .028 for 21 test units; from .006 to .024 for 27 test units; 

and from .009 to .024 for 33 test units. When the cutoff score was set on 0.524, mean 

correct classification rates and mean Kappa values were higher compared to those 

conditions with the cutoff scores of -0.524 and 0.000 given the test length. The test length 

of 33 test units with the cutoff score of 0.524 showed the highest mean correct 

classification rates and mean Kappa values within the CAT approach. 
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Table 4.11 

Classification Decision Precision: The CAT Approach for Cutoff Score and Test Length 

Conditions Averaged Across 100 Replications 

Approach Cutoff  
score (θ) 

Test 
length 

FNER (%) 
(Min, Max) 

FPER (%) 
(Min, Max) 

TER (%)  
(Min, Max) 

CCR (%) 
(Min, Max) 

κ        
(Min, Max) 

  21 3.08      
(1.80, 4.60) 

3.59      
(2.20, 4.90) 

6.67      
(5.30, 8.30) 

93.33  
(91.70, 94.70) 

.843 
(.808, .879) 

 0.524 27 2.81      
(1.80, 4.00) 

3.25      
(1.60, 4.90) 

6.06      
(4.30, 7.70) 

93.94   
(92.30, 95.70) 

.857 
(.817, .901) 

  33 2.56      
(1.50, 4.40) 

3.01      
(1.80, 4.10) 

5.57      
(4.00, 7.70) 

94.43   
(92.30, 96.00) 

.868 
(.825, .908) 

  21 4.12      
(2.40, 6.10) 

4.07      
(2.90, 5.60) 

8.19   
(6.50, 10.00) 

91.81   
(90.00, 93.50) 

.836 
(.800, .870) 

CAT 0.000 27 3.80      
(2.30, 5.20) 

3.62      
(2.50, 5.40) 

7.42      
(5.40, 9.20) 

92.58   
(90.80, 94.60) 

.851 
(.816, .892) 

  33 3.58      
(2.20, 5.80) 

3.49      
(2.30, 5.00) 

7.07      
(5.30, 8.90) 

92.93   
(91.10, 94.70) 

.859 
(.822, .894) 

  21 4.16      
(2.50, 5.50) 

3.66      
(2.10, 5.90) 

7.82      
(5.30, 10.10) 

92.18   
(89.90, 94.70) 

.815 
(.760, .873) 

 -0.524 27 3.77      
(2.20, 5.20) 

3.27      
(2.20, 5.10) 

7.04      
(4.90, 9.80) 

92.96   
(90.20, 95.10) 

.833 
(.772, .879) 

  33 3.52      
(1.80, 5.10) 

3.08      
(1.80, 4.40) 

6.60      
(4.90, 8.50) 

93.40   
(91.50, 95.10) 

.844 
(.797, .884) 

Note. Each of 100 replications contained 1,000 simulees. FNER = false negative error 

rate; FPER = false positive error rate; TER = total error rate; CCR = correct classification 

rate; κ = Kappa. 
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Table 4.12 presents the classification decision precision for the SPRT approach 

according to different cutoff score and test length conditions. The SPRT approach 

showed similar results produced by the CAT approach. Mean total error rates were less 

than 10% for all conditions, with each mean error rate less than 5%. Within each cutoff 

score condition, as the test length increased from 21 test units to 33 test units, mean total 

error rates decreased by 1.00% for a cutoff score condition of 0.524; by 1.14% for a 

cutoff score condition of 0.000; and by 1.11% for a cutoff score condition of -0.524.   

The cutoff score condition of 0.000 had the highest mean total error rates, while 

the cutoff score condition of 0.524 produced the lowest mean total error rates given the 

same test length condition. The differences between mean total error rates across cutoff 

score conditions ranged from 0.56% to 1.64 % for 21 test units; from 0.48% to 1.41% for 

27 test units; and from 0.53% to 1.50% for 33 test units. In addition, when the cutoff 

score was set on 0.524, mean false positive error rates were higher than mean false 

negative error rates and verse versa for the cutoff score condition of -0.524. Again, the 

cutoff score condition of 0.000 produced similar results for both mean error rates. 

The range of mean correct classification rates for SPRT conditions was 91.48% to 

94.12%, while the range of mean Kappa values was .812 to .861. When the test length 

increased from 21 test units to 33 test units, the mean Kappa values increased by .024 for 

a cutoff score condition of 0.524; by .022 for a cutoff score condition of 0.000; and 

by .026 for a cutoff score condition of -0.524.   

Furthermore, the differences between the mean Kappa value across cutoff score 

conditions ranged from .007 to .025 for 21 test units; from .005 to .021 for 27 test units; 
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and from .009 to .023 for 33 test units. When the cutoff score set on 0.524, mean correct 

classification rates and mean Kappa values were higher compared to conditions with the 

cutoff scores of -0.524 and 0.000 given the test length. The test length of 33 test units 

with a cutoff score of 0.524 showed the highest mean correct classification rates and 

mean Kappa values within the SPRT approach. 
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Table 4.12 

Classification Decision Precision: The SPRT Approach for Cutoff Score and Test Length 

Conditions Averaged Across 100 Replications 

Approach Cutoff  
score (θ) 

Test 
length 

FNER (%) 
(Min, Max) 

FPER (%) 
(Min, Max) 

TER (%)  
(Min, Max) 

CCR (%) 
(Min, Max) 

κ        
(Min, Max) 

  21 3.18      
(2.10, 4.90) 

3.70      
(2.60, 4.90) 

6.88      
(5.20, 9.20) 

93.12      
(90.80, 94.80) 

.837 
(.784, .879) 

 0.524 27 2.97      
(1.70, 4.20) 

3.44      
(2.10, 5.00) 

6.41      
(4.80, 8.10) 

93.59      
(91.90, 95.20) 

.848 
(.802, .888) 

  33 2.82      
(1.80, 3.90) 

3.06      
(1.60, 4.70) 

5.88      
(4.70, 7.90) 

94.12      
(92.10, 95.30) 

.861 
(.818, .892) 

  21 4.41      
(2.70, 5.80) 

4.11      
(2.90, 5.70) 

8.52    
(5.90, 10.70) 

91.48      
(89.30, 94.10) 

.830 
(.786, .882) 

SPRT 0.000 27 4.04      
(2.40, 5.80) 

3.78      
(2.00, 5.40) 

7.82      
(5.60, 9.70) 

92.18      
(90.30, 94.40) 

.843 
(.806, .888) 

  33 3.77      
(1.80, 6.40) 

3.61      
(2.10, 4.70) 

7.38      
(5.50, 9.40) 

92.62      
(90.60, 94.50) 

.852 
(.812, .890) 

  21 4.44      
(2.80, 5.70) 

3.52      
(2.50, 4.90) 

7.96      
(6.20, 9.50) 

92.04      
(90.50, 93.80) 

.812 
(.773, .853) 

 -0.524 27 4.03      
(2.90, 5.20) 

3.31      
(2.10, 4.50) 

7.34      
(5.30, 9.00) 

92.66      
(91.00, 94.70) 

.827 
(.781, .869) 

  33 3.77      
(2.50, 4.90) 

3.08      
(1.80, 4.50) 

6.85      
(5.20, 8.80) 

93.15      
(91.20, 94.80) 

.838 
(.790, .877) 

Note. Each of 100 replications contained 1,000 simulees. FNER = false negative error 

rate; FPER = false positive error rate; TER = total error rate; CCR = correct classification 

rate; κ = Kappa. 
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Table 4.13 displays the classification decision precision for the MST approach 

according to different cutoff score and test length conditions. The MST approach yielded 

mean total error rates less than 10% for all conditions, with each mean error rate less than 

5%. Exceptions were the mean false negative error rates of a cutoff score condition of 

0.000 with a test length of 21 test units (i.e., 5.02%) and the condition of the cutoff score 

of -0.524 with the test length of 21 test units (i.e., 5.05%). Note, however, that these rates 

were only slightly higher than 5%. 

Within each cutoff score condition, as the test length increased from 21 test units 

to 33 test units, mean total error rates decreased by 1.64% for a cutoff score condition of 

0.524; by 1.75% for a cutoff score condition of 0.000; and by 1.60% for a cutoff score 

condition of -0.524. The cutoff score condition of 0.000 had the highest mean total error 

rates, while the cutoff score condition of 0.524 produced the lowest mean total error rates 

given the same test length condition. The differences between mean total error rates 

between cutoff score conditions ranged from 0.27% to 0.93% for 21 test units; from 0.24% 

to 0.91% for 27 test units; and from 0.31% to 0.82% for 33 test units. In addition, when 

the cutoff score was set on 0.524, mean false negative error rates were higher than mean 

false positive error rates and vice versa for a cutoff score condition of -0.524. When the 

cutoff score was set on 0.000, both mean error rates were similar. 

The MST approach had lower mean correct classification rates compared to both 

the CAT and SPRT approaches. The range of mean correct classification rates was 90.15% 

to 92.72%, while the range of mean Kappa values was .783 to .838. When the test length 

increased from 21 test units to 33 test units, mean Kappa values increased by .037 for the 
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cutoff score condition of 0.524; by .035 for the cutoff score condition of 0.000; and 

by .038 for the cutoff score condition of -0.524.  

All mean Kappa values were larger than .80, with two exceptions: 1) the 

condition with the cutoff score of 0.524 with the test length of 21 test units; and 2) the 

condition with the cutoff score of -0.524 with the test length of 21 test units. Their values, 

however, were slightly lower than .80 (i.e., mean Kappa values of .791 and .783). The 

difference between the mean Kappa values across cutoff score conditions ranged 

from .008 to .020 for 21 test units; from .006 to .016 for 27 test units; and from .007 

to .017 for 33 test units. When the cutoff score was set on 0.524, mean correct 

classification rates were higher compared to conditions with cutoff scores of -0.524 and 

0.000 given the test length.  
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Table 4.13 

Classification Decision Precision: The MST Approach for Cutoff Score and Test Length 

Conditions Averaged Across 100 Replications 

Approach Cutoff  
score (θ) 

Test 
length 

FNER (%) 
(Min, Max) 

FPER (%) 
(Min, Max) 

TER (%)  
(Min, Max) 

CCR (%)  
(Min, Max) 

κ        
(Min, Max) 

  21 3.94      
(2.80, 5.30) 

4.98      
(3.70, 7.10) 

8.92      
(7.10, 10.70) 

91.08   
(89.30, 92.90) 

.791 
(.745, .835) 

 0.524 27 3.61      
(2.40, 5.70) 

4.38      
(2.50, 6.20) 

7.99      
(5.70, 9.70) 

92.01   
(90.30, 94.30) 

.812 
(.771, .862) 

  33 3.32      
(2.10, 5.10) 

3.96      
(2.00, 5.40) 

7.28      
(5.60, 9.10) 

92.72   
(90.90, 94.40) 

.828 
(.794, .867) 

  21 5.02      
(3.70, 6.50) 

4.83      
(3.40, 6.70) 

9.85      
(7.70, 11.60) 

90.15   
(88.40, 92.30) 

.803 
(.768, .846) 

MST 0.000 27 4.58      
(3.20, 6.80) 

4.32      
(3.00, 6.10) 

8.90      
(6.80, 11.50) 

91.10   
(88.50, 93.20) 

.822 
(.770, .864) 

  33 4.10      
(2.50, 5.50) 

4.00      
(2.40, 5.50) 

8.10      
(6.20, 9.90) 

91.90   
(90.10, 93.80) 

.838 
(.802, .876) 

  21 5.05      
(3.80, 7.50) 

4.14      
(2.70, 6.00) 

9.19      
(7.10, 11.30) 

90.81   
(88.70, 92.90) 

.783 
(.729, .833) 

 -0.524 27 4.52      
(2.90, 6.50) 

3.71      
(2.30, 5.30) 

8.23      
(5.90, 10.60) 

91.77   
(89.40, 94.10) 

.806 
(.753, .861) 

  33 4.11      
(2.30, 6.30) 

3.48      
(2.00, 4.90) 

7.59      
(5.70, 9.80) 

92.41   
(90.20, 94.30) 

.821 
(.773, .867) 

Note. Each of 100 replications contained 1,000 simulees. FNER = false negative error 

rate; FPER = false positive error rate; TER = total error rate; CCR = correct classification 

rate; κ = Kappa. 
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Figures 4.17 through 4.19 illustrate the mean correct classification rates for 

testing approaches and test lengths given three levels of cutoff score.  

 

Figure 4.17. Mean correct classification rates (MCCRs) for testing approaches and test 

lengths given the cutoff score of 0.524. 

 

 

Figure 4.18. Mean correct classification rates (MCCRs) for testing approaches and test 

lengths given the cutoff score of 0.000. 
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Figure 4.19. Mean correct classification rates (MCCRs) for testing approaches and test 

lengths given the cutoff score of -0.524. 
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Exposure Control Property 

The frequency distribution and descriptive statistics of test unit exposure rates 

were evaluated as exposure control properties. The percentage of test units never 

administered was used as the pool utilization index. The PR exposure control procedure 

(Revuelta & Ponsoda, 1998) with the maximum test unit exposure rate of .35 was applied 

to the CAT and SPRT approaches. In addition, Kingsbury and Zara’s (1989) content 

balancing procedure, which factored content areas and types of test unit, was applied to 

all testing approaches.  

Due to the pool size and test length differences, comparisons between testing 

approaches with the same test length were considered first, collapsed across three levels 

of cutoff score conditions. The following three sections present the results from each 

testing approach separately across cutoff scores and test length conditions. 

Table 4.14 describes the frequency distribution of test unit exposure rates for 

different testing approaches collapsed across different cutoff score conditions with the 

test length of 21 test units. The CAT approach left an average of 5.19% of the pool’s test 

units (22 test units out of 424) unused. It had on average, however, a large proportion of 

test unit with low test unit exposure rates. An average of 311 test units (73.35%) had a 

test unit exposure rate between .01 and .05, while an average of 31 test units (7.31%) had 

a test unit exposure rate between .06 and .10.  

The SPRT approach produced higher average percentages of pool’s test units not 

administered given the test length compared to the CAT approach. An average of 30.42% 

of the test unit pool was not used (129 out of 424 test units). An average of 223 test units 
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(52.59%) had test unit exposure rates between .01 and .05, while an average of 12 test 

units (2.83%) had test unit exposure rates between .06 and .10.  

Calculating the MST approach was based on the size of the test unit pool used 

only to construct the panels (i.e., 147 test units) for the test length of 21 test units with 

three panels. Based on the size of the test unit pool, the MST approach showed good pool 

utilization rates; indeed, all test units used in the MST assembly were administered at 

once. MST produced an average of 46 test units (31.29%) with test unit exposure rates 

between .01 and .10. 
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Table 4.14 

Frequency Distribution of Test Unit Exposure Rates: Testing Approaches with 21 Test 

Units Collapsed Across Cutoff Score Conditions  

Approach CAT SPRT MSTa 

Test length 21 21 21 

Pool size 424 424 147 

Test unit exposure rate    

.31-.35 26 41 21 

.26-.30 6 3 0 

.21-.25 9 3 0 

.16-.20 7 5 11 

.11-.15 12 8 69 

.06-.10 31 12 45 

.01-.05 311 223 1 

Not administered 22 129 0 

% of pool not administered 5.19 30.42 0 

Note. Each cutoff score condition given the testing approach and the test length was 

based on 100 replications with each replication containing 1,000 simulees. 
aThe MST panel construction did not use the entire available test unit pool. 
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Table 4.15 displays the descriptive statistics of test unit exposure rates for the 

three testing approaches collapsed across cutoff score conditions when the test length was 

21 test units. According to Chen, Ankenmann, and Spray (2003), the mean exposure rate 

is the ratio of test length to pool size when the test length is fixed. This concept was 

demonstrated by producing the same grand mean of test unit exposure rates for both the 

CAT and SPRT approaches (.050), but a different grand mean of test unit exposure rates 

for the MST approach (.143). The MST calculation differed because it was based only on 

the test units used for constructing the MST panels.  

The mean maximum test unit exposure rates for the CAT and SPRT approaches 

were .35. This shows that the PR exposure control procedure with a maximum test unit 

exposure rate of .35 was implemented well for these testing approaches. For the MST 

approach, the mean maximum test unit exposure rate was .337. This resulted because 

each test unit was assigned only once across panels and each panel was assigned 

randomly to each simulee. 
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Table 4.15 

Descriptive Statistics of Test Unit Exposure Rates: Testing Approaches with 21 Test 

Units Collapsed Across Cutoff Score Conditions 

  Test unit exposure rate 

Approach Test length Grand mean Mean SD Mean 
maximum 

CAT 21 .050 .091 .350 

SPRT 21 .050 .105 .350 

MSTa 21 .143 .082 .337 

Note. Each cutoff score condition given the testing approach and the test length was 

based on 100 replications with each replication containing 1,000 simulees. SD = standard 

deviation. 
aThe MST used only 147 test units (of 424) in panel assembly.  
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Table 4.16 describes the frequency distribution of test unit exposure rates for 

testing approaches with the test length of 27 test units collapsed across different cutoff 

score conditions. For the CAT approach an average of 2.12% of the test units (9 test units 

out of 424) within the test unit pool were not used during test administration. Again, it 

had, on average, however, a large proportion of test units with low test unit exposure 

rates. An average of 304 test units (71.70%) had a test unit exposure rate between .01 

and .05, while an average of 31 test units (7.31%) had a test unit exposure rate 

between .06 and .10.    

The SPRT approach produced higher average percentages of the pool were not 

administered given the test length compared to the CAT approach. An average of 23.11% 

of the test units (98 test units of 424) of the test unit pool was not used. An average of 

235 test units (55.42%) had a test unit exposure rate between .01 and .05. An average of 

15 test units (3.54%) had a test unit exposure rate between .06 and .10.  

Again, calculating the MST approach was based on the pool size used only to 

construct the panels (i.e., 189 test units) for the test length condition of 27 test units. The 

MST approach had good pool utilization rates, showing that all test units used in the MST 

assembly were administered at least once. It had an average of 55 test units (29.10%) 

with test unit exposure rates between .01 and .10.  
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Table 4.16 

Frequency Distribution of Test Unit Exposure Rates: Testing Approaches with 27 Test 

Units Collapsed Across Cutoff Score Conditions  

Approach CAT SPRT MSTa 

Test length 27 27 27 

Pool size 424 424 189 

Test unit exposure rate    

.31-.35 38 57 27 

.26-.30 7 3 0 

.21-.25 10 3 0 

.16-.20 8 5 3 

.11-.15 17 8 104 

.06-.10 31 15 55 

.01-.05 304 235 0 

Not administered 9 98 0 

% of pool not administered 2.12 23.11 0 

Note. Each cutoff score condition given the testing approach and the test length was 

based on 100 replications with each replication containing 1,000 simulees.  
aThe MST panel construction did not use the entire available test unit pool. 
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Table 4.17 includes the descriptive statistics of test unit exposure rates for the 

three testing approaches collapsed across three cutoff score conditions when the test 

length was 27 test units. Again, the mean exposure rate is the ratio of test length to the 

pool size (Chen et al., 2003). This was demonstrated by the same grand mean of test unit 

exposure rates for the CAT and SPRT approaches (.064), but a different grand mean of 

test unit exposure rate for the MST approach (.143). Again, the MST calculation was 

based only on the test units used for constructing the MST panels.  

The mean maximum test unit exposure rates for the CAT and SPRT approaches 

were .35, showing that the PR exposure control procedure was implemented well with 

these testing approaches. For the MST approach, the mean maximum test unit exposure 

rate was .337, because each test unit was assigned only once across panels to which each 

simulee was assigned randomly. 
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Table 4.17 

Descriptive Statistics of Test Unit Exposure Rates: Testing Approaches with 27 Test 

Units Collapsed Across Cutoff Score Conditions  

  Test unit exposure rate 

Approach Test length Grand mean Mean SD Mean 
maximum 

CAT 27 .064 .104 .350 

SPRT 27 .064 .119 .350 

MSTa 27 .143 .080 .337 

Note. Each cutoff score condition given the testing approach and the test length was 

based on 100 replications with each replication containing 1,000 simulees. SD = standard 

deviation. 
aThe MST used only 189 (of 424) test units in panel assembly. 
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 Table 4.18 displays the frequency distribution of test unit exposure rates for each 

testing approach with a test length of 33 test units collapsed across different cutoff score 

conditions. With the CAT approach, an average of 0.94% of the test unit pool (4 test units 

out of 424) were not used during test administration. Again, however, it had, on average, 

a large proportion of test units with low test unit exposure rates. An average of 283 test 

units (66.75%) had a test unit exposure rate between .01 and .05. An average of 38 test 

units (8.96%) had a test unit exposure rate between .06 and .10.   

Compared to the CAT approach, SPRT produced, on average, a substantial 

proportion of test units with high test unit exposure rates and higher average percentages 

of the pool’s not administered given the test length. An average of 17.45% of the test 

units (74 test units out of 424) within the test unit pool was not used. An average of 241 

test units (56.84%) had a test unit exposure rate between .01 and .05. An average of 14 

test units (3.30%) had a test unit exposure rate between .06 to .10.  

As with previous conditions, calculating the MST approach was based on the pool 

size used only for constructing the panel (i.e., 231 test units) for the test length of 33 test 

unit conditions. The MST approach achieved good pool utilization rates, showing that all 

test units used in the MST assembly were administered at least once. An average of 27.27% 

of the test units (63 test units) had test unit exposure rates between .01 and .10.  
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Table 4.18 

Frequency Distribution of Test Unit Exposure Rates: Testing Approaches with 33 Test 

Units Collapsed Across Cutoff Score Conditions 

Approach CAT SPRT MSTa 

Test length 33 33 33 

Pool size 424 424 231 

Test unit exposure rate    

.31-.35 48 70 33 

.26-.30 9 6 0 

.21-.25 12 5 0 

.16-.20 15 4 2 

.11-.15 15 10 133 

.06-.10 38 14 63 

.01-.05 283 241 0 

Not administered 4 74 0 

% of pool not administered 0.94 17.45 0 

Note. Each cutoff score condition given the testing approach and the test length was 

based on 100 replications with each replication containing 1,000 simulees. 
aThe MST panel construction did not use the entire available test unit pool. 
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Table 4.19 features the descriptive statistics of test unit exposure rates for testing 

approaches collapsed across three cutoff score conditions when the test length was 33 test 

units. Again, the mean exposure rate is the ratio of test length to the pool size (Chen et al., 

2003). This condition presented the same grand mean of test unit exposure rates for CAT 

and SPRT approaches (.078), but a different grand mean of test unit exposure rates for 

the MST approach (.143). This is because the MST calculation was based only on the test 

units used for the MST panel construction.  

The mean maximum test unit exposure rates for the CAT and SPRT approaches 

were .35, showing that the PR exposure control procedure was implemented well with 

these testing approaches. For the MST approach, the mean maximum test unit exposure 

rate was .337. Again, this resulted because each test unit was used once for the panel 

construction and each panel was assigned randomly to each simulee. 
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Table 4.19 

Descriptive Statistics of Test Unit Exposure Rates: Testing Approaches with 33 Test 

Units Collapsed Across Cutoff Score Conditions  

  Test unit exposure rate 

Approach Test length Grand mean Mean SD Mean 
maximum 

CAT 33 .078 .113 .350 

SPRT 33 .078 .129 .350 

MSTa 33 .143 .080 .337 

Note. Each cutoff score condition given the testing approach and the test length was 

based on 100 replications with each replication containing 1,000 simulees. SD = standard 

deviation. 
aThe MST used only 231 (of 424) test units in panel assembly. 
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The following section presents the findings of exposure control properties for 

each testing approach separately across cutoff score and test length conditions. First, the 

exposure control results of the CAT approach are presented, followed by the results of 

the SPRT and MST approaches, respectively. 

Table 4.20 describes the frequency distribution of test unit exposure rates for the 

CAT approach according to different cutoff score and test length conditions. As the test 

length increased from 21 test units to 33 test units, the average percentage of the pool not 

administered during the test decreased from 5.19% to 0.94% (22 test units to 4 test units 

out of 424). 

In addition, a large percentage of test units in the pool had low test unit exposure 

rates (i.e., having test unit exposure rates between .01 and .10). Specifically, an average 

of 80.66% (342 test units) for the test length of 21 test units had low exposure rates, 

while an average of 79.01% (335 test units) for the test length of 27 test units and an 

average of 75.71% (321 test units) for the test length of 33 test units had low exposure 

rates. 
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Table 4.20 

Frequency Distribution of Test Unit Exposure Rates: The CAT Approach for Cutoff Score 

and Test Length Conditions Averaged Across 100 Replications 

Approach     CAT     

CS (θ)  0.524   0.000   -0.524  

TL 21 27 33 21 27 33 21 27 33 

PS 424 424 424 424 424 424 424 424 424 

TUER          

.31-.35 26 38 48 26 38 48 26 38 48 

.26-.30 6 7 9 6 7 9 6 7 9 

.21-.25 9 10 12 9 10 12 9 10 12 

.16-.20 7 8 15 7 8 15 7 8 15 

.11-.15 12 17 15 12 17 15 12 17 15 

.06-.10 31 31 38 31 31 38 31 31 38 

.01-.05 311 304 283 311 304 283 311 304 283 

NA 22 9 4 22 9 4 22 9 4 
% of pool 

NA 
5.19 2.12 0.94 5.19 2.12 0.94 5.19 2.12 0.94 

Note. Each of 100 replications contained 1,000 simulees. CS = cutoff score; TL = test 

length; PS = pool size; TUER = test unit exposure rate; NA = not administered. 
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Table 4.21displays the descriptive statistics of test unit exposure rates for the 

CAT approach according to different cutoff score and test length conditions. As the test 

length increased, the grand mean of test unit exposure rates increased proportionally to 

the test unit pool (i.e., .050 to .078) (Chen et al., 2003). Furthermore, the mean maximum 

test unit exposure rates were .35 for all conditions, which were obtained by using PR 

exposure control procedure with the maximum test unit exposure rate of .35. 

Table 4.21 

Descriptive Statistics of Test Unit Exposure Rates: The CAT Approach for Cutoff Score 

and Test Length Conditions Averaged Across 100 Replications 

   Test unit exposure rate 

Approach 
Cutoff 

score (θ) 
Test length Grand mean Mean SD 

Mean 
maximum 

  21 .050 .091 .350 

 0.524 27 .064 .104 .350 

  33 .078 .113 .350 

  21 .050 .091 .350 

CAT 0.000 27 .064 .104 .350 

  33 .078 .113 .350 

  21 .050 .091 .350 

 -0.524 27 .064 .104 .350 

  33 .078 .113 .350 

Note. Each of 100 replications contained 1,000 simulees. SD = standard deviation. 
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Table 4.22 includes the frequency distribution of test unit exposure rates for the 

SPRT approach according to different cutoff score and test length conditions. As the test 

length increased, the average percentage of the pool not administered generally decreased. 

Unlike the CAT approach, the SPRT approach showed a different distribution of test unit 

exposure rates according to cutoff score conditions. When the cutoff score was set on 

0.524, the average percentage of test units not administered ranging from 9.91% to 20.99% 

(42 test units to 89 test units out of 424) across different test length conditions. An 

average of 65.57% to 68.16% of test units (278 to 289) had test unit exposure rates 

between .01 and .10 according to the different test length conditions. 

When the cutoff score was set on 0.000, the average percentage of test units not 

administered ranged from 18.87 % to 29.72% (80 test units to 126 test units out of 424) 

across different test length conditions. An average of 55.66% to 57.78% of test units (236 

to 245) had test unit exposure rates between .01 and .10 according to different test length 

conditions. Finally, when the cutoff score was set on -0.524, the average percentage of 

test units not administered ranged from 23.58 % to 40.80% (100 test units to 173 test 

units out of 424) across different test length conditions. An average of 44.58% to 54.25% 

of test units (189 to 230) had test unit exposure rates between .01 and .10 according to 

different test length conditions. 
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Table 4.22  

Frequency Distribution of Test Unit Exposure Rates: The SPRT Approach for Cutoff 

Score and Test Length Conditions Averaged Across 100 Replications 

Approach     SPRT     

CS (θ)  0.524   0.000   -0.524  

TL 21 27 33 21 27 33 21 27 33 

PS 424 424 424 424 424 424 424 424 424 

TUER          

.31-.35 42 57 68 39 55 69 43 59 73 

.26-.30 1 5 8 5 1 3 2 3 7 

.21-.25 3 0 5 2 7 7 3 3 3 

.16-.20 6 5 2 5 7 6 6 3 4 

.11-.15 5 6 10 11 12 14 8 8 7 

.06-.10 11 18 17 14 10 10 10 16 14 

.01-.05 267 269 272 222 234 235 179 201 216 

NA 89 64 42 126 98 80 173 131 100 
% of pool 

NA 
20.99 15.09 9.91 29.72 23.11 18.87 40.80 30.90 23.58 

Note. Each of 100 replications contained 1,000 simulees. CS = cutoff score; TL = test 

length; PS = pool size; TUER = test unit exposure rate; NA = not administered. 
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 Table 4.23 displays the descriptive statistics of test unit exposure rates for the 

SPRT approach according to different cutoff score and test length conditions. As the test 

length increased from 21 test units to 33 test units, the grand mean of test unit exposure 

rates increased proportionally to the test unit pool from .050 to .078 (Chen et al., 2003). 

Furthermore, the mean maximum test unit exposure rates were .35 for all conditions. This 

calculation was obtained by using a PR exposure control procedure with the maximum 

test unit exposure rate of .35. 

Table 4.23 

Descriptive Statistics of Test Unit Exposure Rates: The SPRT Approach for Cutoff Score 

and Test Length Conditions Averaged Across 100 Replications 

   Test unit exposure rate 

Approach 
Cutoff 

score (θ) 
Test length Grand mean Mean SD 

Mean 
maximum 

  21 .050 .105 .350 

 0.524 27 .064 .118 .350 

  33 .078 .128 .350 

  21 .050 .104 .350 

SPRT 0.000 27 .064 .118 .350 

  33 .078 .128 .350 

  21 .050 .107 .350 

 -0.524 27 .064 .121 .350 

  33 .078 .131 .350 

Note. Each of 100 replications contained 1,000 simulees. SD = standard deviation.  
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Table 4.24 features the frequency distribution of test unit exposure rates for the 

MST approach according to different cutoff score and test length conditions. Calculations 

showed that the pool utilization rates of the MST approach were excellent, achieving the 

average percentage of pool not administered as 0%. In other words, through all 

conditions, the MST approach administered all test units available in the test unit pool 

according to the different test length conditions. Specific results were 147 test units 

administered for the test length of 21 test units; 189 test units administered for the test 

length of 27 test units; and 231 test units administered for the test length of 33 test units. 

An average of 31.29% of test units (46 test units out of 147) for the test length of 21 test 

units; an average of 29.10% of test units (55 test units out of 189) for the test length of 27 

test units; and an average of 27.27% of test units (63 test units out of 231 test units) for 

the test length of 33 test units all had test unit exposure rates between .01 and .10. 
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Table 4.24 

Frequency Distribution of Test Unit Exposure Rates: The MST Approach for Cutoff Score 

and Test Length Conditions Averaged Across 100 Replications 

Approach     MST     

CS (θ)  0.524   0.000   -0.524  

TL 21 27 33 21 27 33 21 27 33 

PS 147a 189b 231c 147a 189b 231c 147a 189b 231c 

TUER          

.31-.35 21 27 33 21 27 33 21 27 33 

.26-.30 0 0 0 0 0 0 0 0 0 

.21-.25 0 0 0 0 0 0 0 0 0 

.16-.20 11 3 2 11 3 2 11 3 2 

.11-.15 69 104 133 69 104 133 69 104 133 

.06-.10 45 55 63 45 55 63 45 55 63 

.01-.05 1 0 0 1 0 0 1 0 0 

NA 0 0 0 0 0 0 0 0 0 
% of pool 

NA 
0 0 0 0 0 0 0 0 0 

Note. Each of 100 replications contained 1,000 simulees. CS = cutoff score; TL = test 

length; PS = pool size; TUER = test unit exposure rate; NA = not administered.  
aMST used only 147 (of 424) test units in panel assembly for test length conditions of 21 

test units. 
bMST used only 189 (of 424) test units in panel assembly for test length conditions of 27 

test units. 

cMST used only 231 (of 424) test units in panel assembly for test length conditions of 33 

test units. 
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Table 4.25 includes the descriptive statistics of test unit exposure rates for the 

MST approach according to different cutoff score and test length conditions. The mean of 

test unit exposure rates were proportional to the test unit pool size (Chen et al., 2003), 

such that all the grand means of test unit exposure rates were the same across different 

test lengths (i.e., .143). The test units were only used one time across the panel 

construction and each panel were randomly assigned to each simulee; therefore, the mean 

maximum test unit exposure rate was .337 across all conditions. 
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Table 4.25  

Descriptive statistics of Test Unit Exposure Rates: The MST Approach for Cutoff Scores 

and Test Length Conditions Averaged Across 100 Replications 

  Test unit exposure rate 

Approach 
Cutoff 

score (θ) 
Test length Grand mean Mean SD 

Mean 
maximum 

  21a .143 .082 .337 

 0.524 27b .143 .080 .337 

  33c .143 .080 .337 

  21a .143 .082 .337 

MST 0.000 27b .143 .080 .337 

  33c .143 .080 .337 

  21a .143 .082 .337 

 -0.524 27b .143 .080 .337 

  33c .143 .080 .337 

Note. Each of 100 replications contained 1,000 simulees. SD = standard deviation. 
aMST used only 147 (of 424) test units in panel assembly for test length conditions of 21 

test units. 
bMST used only 189 (of 424) test units in panel assembly for test length conditions of 27 

test units. 

cMST used only 231 (of 424) test units in panel assembly for test length conditions of 33 

test units. 
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CHAPTER FIVE: DISCUSSION 

 This study compared the performance of three approaches to classification 

testing: CAT, MST, and SPRT under three levels of test lengths and three levels of cutoff 

scores using mixed-format tests based on GPCM. The precision of the classification 

decision, including correct classification rates, false positive error rates, false negative 

error rates, total error rates, and Kappa was evaluated. In addition, exposure control 

properties, including frequency distribution, pool utilization, and descriptive statistics of 

test unit exposure rates were calculated across each condition. All 27 conditions were 

based on 100 replications with each replication having 1,000 simulees. 

 This chapter consists of three sections. The first section discusses the research 

questions, their results, and findings. The second section describes conclusions from the 

results and findings with practical applications. Finally, the third section provides 

limitations for the current study and suggests future research recommendations. 

Research Questions 

How do the three different testing approaches (CAT, MST, and SPRT) with the 

mixed-format testing design generally compare in their classification decision precisions? 

In the context of mixed-format testing design based on the GPCM, overall, the 

conditions of the three testing approaches performed well by obtaining overall mean 

correct classification rates of more than 90% and both mean error rates of less than 5%. 

Furthermore, mean Kappa values were more than .80. According to Jiao (2003), in actual 

testing situations, nominal false positive and false negative rates are often set at .05 (i.e., 

5%). In addition, Landis and Koch (1977) have proposed the arbitrary benchmark for 
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interpreting the range of Kappa as: < 0.00 is poor; .00 to .20 is slight; .21 to .40 is 

fair; .41 to .60 is moderate; .61 to .80 is substantial; and .81 to 1.00 is almost perfect. 

Compared to those nominal error rates of .05 and Kappa value thresholds, the overall 

conditions of the testing approaches, the test lengths, and cutoff scores produced 

satisfactory results.  

Specifically, the CAT and SPRT approaches performed similarly, while the MST 

approach produced lower mean correct classification rates (an average of 0.72% to 2.25%) 

and lower mean Kappa values (an average of .014 to .052) given test lengths and cutoff 

score conditions. This is because the MST approach selected test units at a module level 

(i.e., a set of test units) rather than an individual test unit level. Accuracy in classification, 

therefore, would drop when compared to the other two approaches. CAT, for example, 

chose individual test units considering the maximum information at the current ability 

estimation, while SPRT selected an individual test unit considering the maximum 

information at cutoff scores.  

Specially, the finding that the CAT approach performed better than the MST 

approach in terms of classification decision accuracy corresponds to previous study 

results from Jodoin (2003) and Hambleton and Xing (2006), which were based on 

classification testing situations. In addition, Patsula (1999) and Keng (2008) showed that 

the CAT approach yielded better measurement precision than the MST. 

One thing to note here is that according to Jodoin (2003), the testing program with 

moderate to low consequences may not have practical importance if the differences 

between correct classification rates are less than 2%. Classification testing has often high-
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stakes consequences, however, (e.g., credential and licensure tests); thus, testing 

programs in these situations need to consider which design is best suited for their 

programs (Thompson, 2007b).  

The reasonable performance of the SPRT approach using the mixed-format 

testing design of this current study corresponded to the SPRT studies of Lau and Wang 

(1998, 2000), which implemented the mixed-format designs into variable-length tests. 

These studies, however, did not include the content balancing procedure that considered 

test unit types and content areas simultaneously with exposure control procedures. This 

study considered both procedures at the same time. Under such conditions, the SPRT 

approach still produced good results. 

Do different test lengths have a different effect on the classification decision 

precision? To what extent can each testing approach make correct decisions when test 

lengths vary from a short test to a long test? In addition, which testing approach will be 

more efficient by accurately classifying examinees using a shorter-length test? 

Overall, when the test length increased, the mean correct classification rates and 

mean Kappa values increased, while the mean total error rates decreased across all testing 

approaches. These results correspond to a well-known characteristic of testing: increases 

in test length introduce an increase in decision consistency or accuracy (Crocker & 

Algina, 1986). In addition, Keng (2008) showed an increase of measurement precision in 

the CAT and MST approaches when the test length was longer.  

The slighter degree of difference in the classification precision for the MST may 

be because MST performance depends on how the MST panels are constructed. For 
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example, the number of test units in each stage according to each test length, the number 

of stages, the levels of TIFs, and the degree to which MST panels are optimally 

constructed all impact the MST’s results.  

Furthermore, the CAT and SPRT approaches performed better in their mean 

correct classification rates and mean Kappa values than the MST approach when the test 

length was 21 test units (i.e., more efficient) given cutoff score conditions (an average of 

1.23% to 2.25%). Although the content balancing and exposure control procedures were 

imposed, the CAT and SPRT approaches still performed equally well in terms of correct 

classification rates with a shorter test length. The degree of classification accuracy 

differences between three testing approaches, however, decreased as the test length 

increased. For example, when the test length was set on 27 test units, the differences in 

the mean correct classification rates between three testing approaches given cutoff scores 

ranged from 0.89% to 1.93%. When the test length was set on 33 test units, the 

differences in mean correct classification rates between approaches ranged from 0.72% to 

1.71%. 

Important to note here is that previous studies related to the SPRT approach alone 

or comparisons of the SPRT approach with other approaches such as the adaptive 

mastery test (AMT) were based on variable-length tests. This study did not incorporate 

variable-length tests because the MST approach is by nature based on fixed-length tests.  

In variable-length tests, Eggen and Straetmans (2003) and Thompson (2007a) 

showed that the SPRT approach was more efficient than the AMT approach. These 

studies did not consider, however, exposure control and content balancing procedures 



 

142 

simultaneously. Thus, determining how much the test can be shortened and still maintain 

the proper levels of classification decision accuracy with the test constraints for CAT and 

SPRT approaches (based on either the fixed- or variable-length test) needs to be 

investigated further in future research. 

Do different cutoff scores produce different results in terms of classification 

decision precision? 

Overall, the mean total error rates were highest when the cutoff score was set on 

the theta point of 0.000. This is because a higher proportion of simulees were positioned 

near the cutoff score of 0.000 compared to the cutoff scores of 0.524 and -0.524 in the 

normal distribution. These results corresponded with the study results of Hambleton and 

Xing (2006), Jodoin (2003), Jodoin et al. (2006), and Zenisky (2004).  

This tendency could also be applied to the proportion of mean false positive rates 

and mean false negative rates for each overall cutoff score condition. As cutoff scores 

moved from choosing 50% of simulees to choosing 30% of simulees, the proportion of 

mean false positive error rates increased. Meanwhile, when cutoff scores switched from 

choosing 50% to choosing 70% of simulees, the proportion of mean false negative error 

rate increased. This tendency also appeared on conditions within each testing approach.  

In terms of mean Kappa values, however, the cutoff score of 0.000 no longer had 

the lowest values. The mean Kappa tended to increase slightly when cutoff points moved 

from choosing 70% to choosing 50% of simulees based on the normal distribution. This 

is because Kappa values tend to be larger when cutoff scores move to the middle of the 

test score distribution (Crocker & Algina, 1986). Thus, when holding constant other 
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conditions (i.e., testing approaches and test lengths), interpreting classification decision 

accuracy may differ according to using different indices of classification consistency (i.e., 

correct classification rates or Kappa values). 

For the MST approach, the degree of differences between classification accuracy 

decision across cutoff scores was not as large as those of CAT and SPRT approaches. 

This would again be because MST results depended more on how the MST panels are 

constructed (e.g., the number of test unit per each module).  

 In addition, careful consideration needs to be given when choosing the cutoff 

scores according to the distribution of examinees. They can be more homogeneous or 

heterogeneous around cutoff points, positively skewed, negatively skewed, or uniformly 

distributed (e.g., a testing program needs to select a proportion of the examinees from a 

positively skewed distribution of examinees for a certain scholarship competition).Thus, 

the potential distribution of examinees for a testing program should be identified before 

establishing the cutoff scores to classify examinees into the proper classification 

categories.  

In addition to the interaction between distribution of examinees and location of 

cutoff scores, the nature of the testing program emphasizing error rates also needs to be 

considered when the cutoff scores are established. In other words, although this study 

gave the same weight to the both of error rates, (e.g., nominal error rates in the SPRT 

approach), one of the error rates could be emphasized from the beginning that the testing 

programs can tolerate. For example, if medical doctors become licensed even though they 

are not eligible to become doctors, it could potentially harm public safety. Thus, some 
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types of exams need to place more emphasis on reducing the false positive error rates 

(Jiao, 2003; Jodoin, 2003). If students are classified as fail in an achievement test such 

that they cannot advance to the next level of study even though they have obtained all the 

knowledge they need, students will be discouraged and unmotivated to study further. In 

this situation, test administers need to be careful about controlling the false negative error 

rates (Jiao, 2003).   

How do the three different testing approaches compare in their exposure control 

properties? 

Overall, the PR exposure control procedure (Revuelta & Ponsoda, 1998) 

performed well with the CAT and SPRT approaches by reducing the mean maximum test 

unit exposure rates not more than .35. Further, the grand mean test unit exposure rates 

were the same for the CAT and SPRT approaches according to each test length. When the 

test length was fixed and three cutoff scores were averaged, the CAT approach had, on 

average, a large proportion of test unit pool with low test unit exposure rates and lower 

average percentages of the test unit pool not administered. These results correspond to the 

study results of Ho and Dodd (2008), which were based on mixed-format test using PR 

exposure control procedure. 

The SPRT approach had higher average percentages of test unit pool that were not 

administered compared to the CAT approach given the test length. This is due to the 

nature of how the SPRT approach administers test units; it only selects test units having 

the maximum information at the cutoff scores contingent on exposure control and content 

balancing procedures. Thus, test units across the wide range of ability scale were not used 
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during the test administration for the SPRT approach.  

Within the CAT approach, as the test length increased, the average percentage of 

the pool not administered also decreased. Like the CAT approach, as the test length 

increased, the average percentage of the pool not administered with the SPRT approach 

also decreased, but with different degrees of decrease across cutoff score conditions 

given test length. The condition of the 0.524 cutoff score condition used, on average, 

more test units than the cutoff scores of 0.000 and -0.524. This is because the 

characteristics of the test unit pool used for the current study provided relatively more 

information around the cutoff score of 0.524 (i.e., the whole test unit pool information 

function was slightly negatively skewed). In other words, the pool had more number of 

test units peaked around the theta point of 0.524.  

The MST approach performed well in its mean pool utilization rates by 

administering all the test units used for panel construction. This also demonstrated that 

modules for each stage were constructed well without much overlap in their TIFs such 

that examinees were routed to various levels of the modules. MST did have, however, a 

higher grand mean of test unit exposure rates because of the ratio of test length to pool 

size. In addition, the MST approach had, on average, a large proportion of test unit pool 

with high test unit exposure rates because of the MST pool size. These results support the 

findings of Keng’s (2008) study. In this study, the MST approach performed better in 

terms of pool utilization, but it also yielded, on average, a large percentage of test units 

with high test unit exposure rates compared to the CAT. This is because the MST uses 

only a subset of test units from the whole test unit pool. In addition, the MST approach 
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had mean maximum test unit exposure rates less than .35. This was achieved using test 

units only once across panel and module construction. In addition, each of the three 

panels was assigned randomly to each simulee. 

Conclusions and Practical Applications 

The current research examined three different computer-based classification 

testing approaches using mixed-format tests based on the GPCM under various testing 

conditions. Overall, this study’s results indicate that all three approaches performed well 

in terms of classifying people into dichotomous categories across different cutoff scores 

and test length conditions. In a relative sense, the CAT and SPRT approaches 

outperformed the MST conditions in most of the conditions, while CAT and SPRT 

approaches produced the similar results in their classification decision precisions.  

Furthermore, heuristics based on a modified NWADH performed very well in 

constructing panels for the MST approach in a computer-based classification testing 

situation. Various classification rates showed the overall level of MST performance and 

approximately equal panel level performance in classifying examinees into the categories. 

Finally, visual presentations showed that given a mixed-format test unit pool, the 

modified NWADH equitably constructed the panels according to each test length. In 

addition, each stage and pathway was constructed to meet its target TIF. 

When the test length increased, all approaches produced better accuracy in their 

classifications, but the CAT and SPRT approaches showed more efficiency when the test 

length was shorter. In terms of cutoff scores, total error rates, Kappa values, and 

proportions of false positive error rates and false negative error rates differed according 
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to the location of cutoff scores based on the normal distribution of examinees.  

In terms of exposure control properties, the PR exposure control procedure with 

the maximum test unit exposure rate of .35 was incorporated effectively into the CAT 

and SPRT approaches. The CAT approach had, on average, a higher proportion of test 

units with low test unit exposure rates and lower average percentages of the pool not 

administered than the SPRT approach. This is because CAT used various test units along 

the wide continuum of the ability scale. Because the SPRT approach chose the most 

informative test units at the cutoff points, it tended to use more test units when the cutoff 

score was set at the point where the more informative test units were clustered around in 

the test unit pool (i.e., depending on the characteristics of pool). Finally, the MST used all 

test units constructed for the panels for each test length condition. It had, on average, 

however, a higher proportion of test units with high test unit exposure rates because 

computations were based only on the proportion of whole test unit pool used for 

constructing the MST panels.  

Based on the current study’s results, several aspects should be considered when 

selecting a classification approach: 1) test procedures (e.g., test assembly and pool size); 

2) measurement characteristics (e.g., test length and test security); and 3) practical 

characteristics (e.g., initial development and cost to examinees) (Parshall et al., 2002).  

The current study’s results should facilitate these decisions.  

The CAT approach is well known for choosing the best items according to 

examinee’s current ability. In terms of test procedures, the CAT approach uses IRT in test 

assembly; further tests are assembled in real time during test administration according to 
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each individual. In addition to the classification decision, the CAT approach can estimate 

an examinee’s ability. The CAT approach, therefore, is preferred if examinees need to be 

rank-ordered over the entire score scale. Typically, a large item pool size is needed across 

wide ability scale. Regarding measurement characteristics, either a fixed- or variable-test 

length can be applied, and item exposure can be minimized by using various exposure 

control constraints. In terms of practical characteristics, the CAT approach usually 

requires substantial resources to develop (Parshall et al., 2002). 

The SPRT approach was intended originally to make mutually exclusive 

categorical decisions among examinees. In terms of test procedures, it is well known for 

its efficiency. The SPRT approach, however, does not usually provide examinees’ 

individual scores other than their classified decision. Requirements for item pool size are 

lower than that of the CAT approach, because SPRT needs items having the maximum 

information around the cutoff scores. In terms of measurement characteristics, SPRT can 

use fixed- or variable-length tests and can incorporate various item exposure control 

procedures. Regarding practical considerations, SPRT also needs a moderate effort when 

it is initially developed (Parshall et al., 2002). 

The MST approach is well known for its quality control in that a test expert 

evaluates the test forms prior to the test being administered. It also provides opportunities 

for examinees to review test items within the module (Patsula, 1999). In terms of test 

procedures, MST can provide examinees with their individual scores along with the 

classification decision. The requirement for item pool size is large so that parallel forms 

(or panels) can be fulfilled for the item exposure control level (Jodoin et al., 2006). In 
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terms of measurement characteristics, MST can be only a fixed-length test. It can also 

apply item exposure control procedures when the MST panels are assembled. Regarding 

this test’s practical considerations, it needs several different degrees of effort in its initial 

development according to ATA algorithms and test volumes (Parshall et al., 2002). 

Limitations and Directions for Future Research 

As with all studies, this study has several limitations. First, the current research 

only classified examinees into two different categories (i.e., pass or fail). More than two 

categories are necessary, however, for many situations. For example, NAEP classifies 

students into diverse categories (e.g., below basic, basic, intermediate, and proficient). 

Thus, future studies could compare these approaches using more than two classification 

categories. 

The process for generating target TIFs revealed that for an easy level of difficulty, 

there were relatively fewer test units with the maximum information around the theta 

point of -1.0 than for the medium and hard levels of difficulty. Because the pool has 

fewer test units for an easy level of difficulty, easy modules were more challenging to 

construct. This is further because the MST assembly depends on the characteristics of the 

test unit pool, such as shape of information function of the pool, the level of test unit 

information function, and the proportion of each test unit type and content area. In the 

same sense, the SPRT has more test units having the maximum information around the 

cutoff theta point of 0.524 because of the test unit pool’s skewness. If the test unit pool 

information function is more uniform, then the modules for the MST approach can be 

constructed more equally and the SPRT approach can be administered more fairly. 
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Other than using heuristics for assembling the MST, the linear programming (LP) 

method can be used for future studies. The LP method chooses the set of items from the 

item pool simultaneously to solve the optimization problem with satisfying multiple 

constraints (Parshall et al, 2002). It also models the test requirements into a set of linear 

expression of constraints and an objective function and solves the optimization problem 

with solvers such as simplex algorithms. The advantage of LP method is that once the 

mathematical modeling is complete, adding or subtracting more constraints is a trivial 

matter compared to the heuristics (van der Linden, 2005).  

Finally, the current study used only the 1-3-3 structure for the MST approach. 

Future research should consider other various MST panel design structures such as 1-2-2 

or 1-2-3 in order to generalize this study’s results. 
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	where   is the discrimination parameter for item i and   is the category boundary for category x of item i. GRM assumes items are different in discrimination, while categories within the item have an equal discrimination. In addition, there will be  +...
	As a second step, the probability of responding in a particular category is attained by subtracting the cumulative probabilities for adjacent categories conditioned on  . This is described as
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	Exposure Control Procedures
	Exposure control refers to constraining the administration of more popular items that would otherwise be administered too frequently due to the use of the MI function. Overexposing certain items threatens test security because examinees can share info...
	Randomization Procedures
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	Multistage Test
	Basic MST Components
	Item Pool
	The item pool upon which an MST test form is built requires having a decent pool size and various levels of items based on item characteristics such as difficulty and discrimination (Xing & Hambleton, 2004). Ideally, item pool size should be sufficien...
	Routing Procedures
	According to examinees’ performance, scores, or ability estimation on the first stage, examinees will be assigned to one of modules of the second stage. Again, depending on the performance of the second stage modules, examinees will be routed to the t...
	The defined population intervals (DPI) method routes a proportion of examinees into the different stages (Luecht et al., 2006). For example, if a 1-3-3 structure is used, after the first stage, examinees are rank-ordered according to ability estimates...
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	The approximate maximum information (AMI; Luecht et al., 2006) method routes examinees by determining the intersection between cumulative TIFs of adjacent modules. For example, the routing point to distinguish easy and medium modules in the second sta...
	A similar method that CAT uses to route examinees can be applied to MST routing procedures. Using the TIFs, Davis and Dodd (2003) selected the next module providing MI at the provisional ability estimates based on MLE procedure from the previous stage...
	MST Assembly
	MST assembly can be conducted manually or by using computer software such as automated test assembly (ATA) program, which allows many varieties of constraints. Most of the research applied the ATA software program to construct the MST panel and module...
	Bottom-up, Top-down, and Mixture Strategies
	According to Luecht and Nungester (2000), MST panels can be created in three ways: bottom-up, top-down, and mixture strategies. The bottom-up strategy uses module-level specification for the statistical target, content, and other features, so that mod...
	Content and Exposure Control Procedures
	The procedures for content and exposure control are decided according to the strategies selected, such as bottom-up or top-down. If the bottom-up method to construct module-level specification is selected, the content balancing will be imposed in the ...
	Automated Test Assembly
	Automated test assembly (ATA) program is used to produce fixed-length parallel tests prior to administration with constraints, including test length, content areas, and item exposure control. Often, MST is designed by using ATA software such as CASTIS...
	Normalized weighted absolute deviations heuristic. The heuristic approach is not based on an actual mathematical modeling of assembly, but makes a formulization of rules to select items that can be incorporated into the computer program (for more info...
	Consider that   denotes an item information function for   items in an item pool, calculated at   points. For a particular test with   items, the corresponding TIF can be described as
	,         (17)
	where   are assumed to be algebraically additive for all items in the test. A corresponding target TIF is defined as   and an objective function could be defined to minimize
	(18)
	subject to two constraints:
	(19)
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	(20)
	where   is a decision variable for selecting the n items with   indicating item i is included in the test otherwise  .
	For formally implementing this algorithm, the minimization problem in Equation (18) is transformed to a maximization problem. Item selection procedure can be considered at the unit level, where   objective functions are to be maximized. That is, for ...
	(21)
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	In Equation (21),   is defined as a variable coefficient:
	(25)
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	and   is defined as a set of indices for the remaining items in the item pool after excluding the selected j-1 items. In Equation (26),   shows the current value of the target TIF after removing previously selected items. Finally, the coefficients are...
	Sequential Probability Ratio Test
	Basic SPRT Components
	Hypotheses
	SPRT has two simple hypotheses for an examinee with a certain ability level ( ) within a cognitive testing setting. One is the null hypothesis,  , and the other is the alternative hypothesis,  , where   is a latent ability of the examinee j. Arbitrari...
	Type I and Type II Classification Error Rates
	Two types of error rates (or nominal error rates) must be defined to conduct the SPRT in advance: Type I and Type II error rates. Type I error rate, denoted as  , is the rate of false positive classification error, or the frequency with which test adm...
	Cutoff Score and Width of the Indifference Region
	SPRT also needs to specify a cutoff score ( ) and the distance between   and   which is called the indifference region. Those two points of the indifference region are produced based on a cutoff score. The width of the indifference region ( ) can be e...
	Based on those components, the following sections describe SPRT design and procedures. In addition, several steps for administering SPRT to examinees are explained in further detail.
	Item Pool
	Mixed-Format Test Unit Pool
	The test unit pool used in this current study was obtained from the science subtest of the 1996 NAEP. The pool included three test unit types and three content areas, producing nine content cells. In constructing the test unit pool, the number of eart...
	Of the 424 total test units, 244 (57.55%) were dichotomous test units; 113 test units (26.65%) had two-step difficulties (i.e., test units with three categorical scores); and 67 test units (15.80%) had three-step difficulties (i.e., test units with fo...
	Table 3.1
	Test Unit Pool Specification
	Furthermore, Table 3.2 describes the joint probabilities in percentage that were implemented for the simulations.
	Table 3.2
	Joint Probabilities of Test Unit Pool
	Parameter Estimation
	Data Generation
	CAT Simulations
	MST Simulations
	SPRT Simulations
	Data Analyses
	This study used a mixed-format test unit pool containing both dichotomously-scored and polytomously-scored test units. Table 4.1 displays the descriptive statistics for the test unit pool of this study calibrated according to GPCM (Muraki, 1992), whic...
	/
	Figure 4.1. Information function for test unit pool.
	/
	Figure 4.2. Information functions for test unit types.
	/
	Figure 4.3. Information functions for content areas.
	Figure 4.4. Information functions for nine content cells.
	The frequency distribution and descriptive statistics of test unit exposure rates were evaluated as exposure control properties. The percentage of test units never administered was used as the pool utilization index. The PR exposure control procedure ...
	Due to the pool size and test length differences, comparisons between testing approaches with the same test length were considered first, collapsed across three levels of cutoff score conditions. The following three sections present the results from e...
	Table 4.14 describes the frequency distribution of test unit exposure rates for different testing approaches collapsed across different cutoff score conditions with the test length of 21 test units. The CAT approach left an average of 5.19% of the poo...
	The SPRT approach produced higher average percentages of pool’s test units not administered given the test length compared to the CAT approach. An average of 30.42% of the test unit pool was not used (129 out of 424 test units). An average of 223 test...
	Calculating the MST approach was based on the size of the test unit pool used only to construct the panels (i.e., 147 test units) for the test length of 21 test units with three panels. Based on the size of the test unit pool, the MST approach showed ...
	Table 4.14
	Frequency Distribution of Test Unit Exposure Rates: Testing Approaches with 21 Test Units Collapsed Across Cutoff Score Conditions
	Descriptive Statistics of Test Unit Exposure Rates: Testing Approaches with 21 Test Units Collapsed Across Cutoff Score Conditions
	The SPRT approach produced higher average percentages of the pool were not administered given the test length compared to the CAT approach. An average of 23.11% of the test units (98 test units of 424) of the test unit pool was not used. An average of...
	Again, calculating the MST approach was based on the pool size used only to construct the panels (i.e., 189 test units) for the test length condition of 27 test units. The MST approach had good pool utilization rates, showing that all test units used ...
	Table 4.16
	Frequency Distribution of Test Unit Exposure Rates: Testing Approaches with 27 Test Units Collapsed Across Cutoff Score Conditions
	Table 4.17
	Descriptive Statistics of Test Unit Exposure Rates: Testing Approaches with 27 Test Units Collapsed Across Cutoff Score Conditions
	Table 4.18 displays the frequency distribution of test unit exposure rates for each testing approach with a test length of 33 test units collapsed across different cutoff score conditions. With the CAT approach, an average of 0.94% of the test unit p...
	Compared to the CAT approach, SPRT produced, on average, a substantial proportion of test units with high test unit exposure rates and higher average percentages of the pool’s not administered given the test length. An average of 17.45% of the test un...
	As with previous conditions, calculating the MST approach was based on the pool size used only for constructing the panel (i.e., 231 test units) for the test length of 33 test unit conditions. The MST approach achieved good pool utilization rates, sho...
	Table 4.18
	Frequency Distribution of Test Unit Exposure Rates: Testing Approaches with 33 Test Units Collapsed Across Cutoff Score Conditions
	Table 4.19
	Descriptive Statistics of Test Unit Exposure Rates: Testing Approaches with 33 Test Units Collapsed Across Cutoff Score Conditions
	Table 4.20 describes the frequency distribution of test unit exposure rates for the CAT approach according to different cutoff score and test length conditions. As the test length increased from 21 test units to 33 test units, the average percentage o...
	In addition, a large percentage of test units in the pool had low test unit exposure rates (i.e., having test unit exposure rates between .01 and .10). Specifically, an average of 80.66% (342 test units) for the test length of 21 test units had low ex...
	Frequency Distribution of Test Unit Exposure Rates: The CAT Approach for Cutoff Score and Test Length Conditions Averaged Across 100 Replications
	Table 4.21
	Descriptive Statistics of Test Unit Exposure Rates: The CAT Approach for Cutoff Score and Test Length Conditions Averaged Across 100 Replications
	Note. Each of 100 replications contained 1,000 simulees. SD = standard deviation.
	Table 4.22 includes the frequency distribution of test unit exposure rates for the SPRT approach according to different cutoff score and test length conditions. As the test length increased, the average percentage of the pool not administered generall...
	When the cutoff score was set on 0.000, the average percentage of test units not administered ranged from 18.87 % to 29.72% (80 test units to 126 test units out of 424) across different test length conditions. An average of 55.66% to 57.78% of test un...
	Table 4.22
	Frequency Distribution of Test Unit Exposure Rates: The SPRT Approach for Cutoff Score and Test Length Conditions Averaged Across 100 Replications
	Table 4.23
	Descriptive Statistics of Test Unit Exposure Rates: The SPRT Approach for Cutoff Score and Test Length Conditions Averaged Across 100 Replications
	Note. Each of 100 replications contained 1,000 simulees. SD = standard deviation.
	Table 4.24 features the frequency distribution of test unit exposure rates for the MST approach according to different cutoff score and test length conditions. Calculations showed that the pool utilization rates of the MST approach were excellent, ach...
	Table 4.24
	Frequency Distribution of Test Unit Exposure Rates: The MST Approach for Cutoff Score and Test Length Conditions Averaged Across 100 Replications
	Table 4.25
	Descriptive statistics of Test Unit Exposure Rates: The MST Approach for Cutoff Scores and Test Length Conditions Averaged Across 100 Replications
	Note. Each of 100 replications contained 1,000 simulees. SD = standard deviation.
	aMST used only 147 (of 424) test units in panel assembly for test length conditions of 21 test units.
	bMST used only 189 (of 424) test units in panel assembly for test length conditions of 27 test units.
	cMST used only 231 (of 424) test units in panel assembly for test length conditions of 33 test units.
	This study compared the performance of three approaches to classification testing: CAT, MST, and SPRT under three levels of test lengths and three levels of cutoff scores using mixed-format tests based on GPCM. The precision of the classification dec...
	This chapter consists of three sections. The first section discusses the research questions, their results, and findings. The second section describes conclusions from the results and findings with practical applications. Finally, the third section p...
	Research Questions
	How do the three different testing approaches (CAT, MST, and SPRT) with the mixed-format testing design generally compare in their classification decision precisions?
	In the context of mixed-format testing design based on the GPCM, overall, the conditions of the three testing approaches performed well by obtaining overall mean correct classification rates of more than 90% and both mean error rates of less than 5%. ...
	Specifically, the CAT and SPRT approaches performed similarly, while the MST approach produced lower mean correct classification rates (an average of 0.72% to 2.25%) and lower mean Kappa values (an average of .014 to .052) given test lengths and cutof...
	Specially, the finding that the CAT approach performed better than the MST approach in terms of classification decision accuracy corresponds to previous study results from Jodoin (2003) and Hambleton and Xing (2006), which were based on classification...
	One thing to note here is that according to Jodoin (2003), the testing program with moderate to low consequences may not have practical importance if the differences between correct classification rates are less than 2%. Classification testing has oft...
	The reasonable performance of the SPRT approach using the mixed-format testing design of this current study corresponded to the SPRT studies of Lau and Wang (1998, 2000), which implemented the mixed-format designs into variable-length tests. These stu...
	In addition to the interaction between distribution of examinees and location of cutoff scores, the nature of the testing program emphasizing error rates also needs to be considered when the cutoff scores are established. In other words, although this...
	Conclusions and Practical Applications
	The current research examined three different computer-based classification testing approaches using mixed-format tests based on the GPCM under various testing conditions. Overall, this study’s results indicate that all three approaches performed well...
	Furthermore, heuristics based on a modified NWADH performed very well in constructing panels for the MST approach in a computer-based classification testing situation. Various classification rates showed the overall level of MST performance and approx...
	When the test length increased, all approaches produced better accuracy in their classifications, but the CAT and SPRT approaches showed more efficiency when the test length was shorter. In terms of cutoff scores, total error rates, Kappa values, and ...
	In terms of exposure control properties, the PR exposure control procedure with the maximum test unit exposure rate of .35 was incorporated effectively into the CAT and SPRT approaches. The CAT approach had, on average, a higher proportion of test uni...
	Based on the current study’s results, several aspects should be considered when selecting a classification approach: 1) test procedures (e.g., test assembly and pool size); 2) measurement characteristics (e.g., test length and test security); and 3) p...
	The CAT approach is well known for choosing the best items according to examinee’s current ability. In terms of test procedures, the CAT approach uses IRT in test assembly; further tests are assembled in real time during test administration according ...
	The SPRT approach was intended originally to make mutually exclusive categorical decisions among examinees. In terms of test procedures, it is well known for its efficiency. The SPRT approach, however, does not usually provide examinees’ individual sc...
	The MST approach is well known for its quality control in that a test expert evaluates the test forms prior to the test being administered. It also provides opportunities for examinees to review test items within the module (Patsula, 1999). In terms o...
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