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Abstract 
 

As the emphasis on improving national academic standards and performance has 

grown increasingly focused on high-stakes testing in recent years, education 

professionals have begun exploring methods of measuring and tracking student 

improvement throughout the school year. Curriculum Based Measures (CBM) have been 

developed to assess academic growth across the core areas of the elementary curriculum 

(reading fluency, comprehension, writing, arithmetic, and calculation) and have been 

proven psychometrically sound. CBM are designed to be easily and quickly administered 

and scored, and to provide useful feedback to teachers regarding specific skill or content 

areas in which students may be progressing at less than optimal rates.  Unfortunately, 

successful development of CBM for use in secondary education has been elusive.  In 

particular, development of CBM for algebra has proven challenging, due in part to the 

quantity and variety of new skills that students are taught in a single year of instruction.  

To date, Project AAIMS (Algebra Assessment and Instruction – Meeting Standards) has 

produced three promising instruments to be used as algebra CBM. Of them, the Basic 

Skills probe is the focus of this study. Although reliability was easily established, field 

testing of the Basic Skills probe has heretofore failed to demonstrate adequate validity for 

it to be considered psychometrically sound.   

In this study, item response theory (IRT) has been used to construct two new 

forms of the Basic Skills probe, using items from the original twelve forms as an item 



 

bank.  The goal of this study was to apply IRT to these two new forms in order to 

determine their validity as instruments that assess algebra skills across a wide spectrum 

of performance levels. In addition, exploratory factor analysis was used to determine if 

more than one underlying factor is assessed by the instrument. Finally, multiple linear 

regression was applied to data collected at three different times during the school year to 

determine if the two new forms can be used to measure incremental growth across time.  

Results suggest that the content of the Basic Skills probes represents a unitary 

construct, which is basic algebra skills. The two newly created forms of the Basic Skills 

probe are sensitive to incremental growth in this skill set over time, and are thus valid and 

reliable for use as progress monitoring measures for students enrolled in Algebra I 

classes. 
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Chapter I 

Introduction 

Mandatory Algebra Requirements 

The National Mathematics Advisory Panel Task Group on Instructional Practices 

(2008) was charged with identifying those components of mathematics education that 

most consistently produce positive learning outcomes for students. Their study included 

assessments of student-teacher interaction, use of technology in the classroom, methods 

of instruction, and several other aspects of mathematics education. A great deal of 

emphasis was placed on teaching algebra, specifically, because of the needs identified by 

the larger panel for greater improvement in advanced levels of math instruction and 

performance.  This emphasis on algebra mirrors the standards published by the National 

Council of Teachers of Mathematics (1995) in which algebra was identified as one of the 

five main content areas to be emphasized in mathematics instruction across all grades.  

In addition, the No Child Left Behind Act of 2001 (20 U.S.C. §6319, 2008) 

included the requirement that all students successfully complete an algebra course before 

high school graduation. Introducing the expectation that all students will successfully 

learn algebra represents a significant shift in standards for secondary education. While in 

previous years, students were able to substitute mathematics courses such as accounting 

for algebra, this option is becoming obsolete, and the increasing enrollment in algebra 

classes has created a greater need for effective methods of instructional intervention that 

can be applied when students struggle to master algebra.  
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Assessment Limitations 

 While there have been several ongoing efforts to develop effective interventions 

for students who struggle with algebra, it has been difficult to document effectiveness in 

any statistically sound manner for wont psychometrically valid performance measuring 

instruments in algebra. In their review of 23 studies documenting mathematics 

interventions for secondary students, Maccini , Mulcahy, and Wilson (2007) identified 

only six that implemented a standardized assessment instrument, such as the KeyMath-R 

(Connolly, 2007) or Cognitive Assessment System (Naglieri & Das, 1997).  The 

remaining 17 studies employed measures such as performance on daily quizzes, teacher 

reviews, and unit tests. Neither type of instrumentation (i.e., standardized or informal 

assessments) is ideal for several reasons.  

As documented by Foegen, Jiban, and Deno (2007), algebra-specific standardized 

tests are a rarity, and most standardized instruments that are commonly available measure 

a broader spectrum of mathematics skills, not all of which are taught in algebra courses. 

Thus, while standardized tests may be well-developed psychometrically, they do not 

always assess what has been taught in the classroom, and thus cannot necessarily be 

considered a valid measure of a child’s progress in algebra specifically.  This problem 

with standardized assessment is not new and has been widely documented by those who 

study academic interventions (Rathvon, 1999; Shapiro, 2004) The recently available 

KeyMath-3 Test (Connolly, 2007) is one of the first widely available standardized 

assessments that includes a specific algebra subtest. Previous standardized achievement 

tests often included algebra problems interspersed among other types of problems, so that 

the scores generated represented performance on a more broad aggregate of math skills 
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rather than those specifically learned in algebra classes. To date, the author is not aware 

of any published studies in which the KeyMath-3 has been used as a standardized 

assessment for purposes of evaluating specific algebra interventions.  In the absence of a 

readily available standardized instrument, most heretofore published studies of algebra 

interventions have relied on non-standardized assessment measures (Maccini et al., 

2007). 

A primary shortcoming of the use of non-standardized assessments lies in the 

subjectivity that is inherent in the grades that are assigned to students’ work (Morgan & 

Watson, 2002). Multiple studies have documented the weak psychometric qualities of 

unit mastery tests, which have been the traditional method of assessment in algebra 

classes (Fuchs, Tindal, & Fuchs, 1986; Tindal et al., 1985). Further, classroom grades do 

not necessarily reflect learning. A student’s classroom grade can be impacted by several 

factors including the amount of time spent studying, organizational skills and access to 

supplemental instruction and materials (Marsh, Trautwein, Ludtke, Koller, & Baumert, 

2005).  Neither unit mastery tests nor classroom grades provide feedback to teachers or 

students regarding overall growth and progress in developing the larger skill set that is 

taught in algebra classes. What is needed in the secondary math classroom is a course-

specific assessment instrument that can be easily administered and scored, and which will 

provide educators with reliable and valid data regarding students’ specific skill growth. 

 



 

Chapter II 

Review of the Literature 

Curriculum-Based Measures  

The need for assessment instruments that provide critical feedback to teachers in 

formats that are easily interpreted and help to shape instruction is not unique to algebra. 

Such assessments have long been in development for use in elementary math and reading. 

These measures have been named Curriculum-Based Measures (CBM) and their 

usefulness has been demonstrated in a multitude of studies across disciplines (Berninger, 

2002; Deno, Espin, & Fuchs, 2002). 

CBM were originally designed to assess students’ mastery of what is actually 

taught in the classroom, rather than a set of skills contained on a standardized test. They 

are considered to be a more valid assessment measure for determining students’ 

individual skill development and growth than standardized measures, which assess more 

general concepts (Deno, 1992; Rathvon, 1999; Shapiro, 2004). In addition, CBM are 

generally administered over shorter periods of time than standardized assessments, are 

easily scored by classroom teachers, and exist in several parallel forms making multiple 

administrations over time feasible and reliable.  These features also differentiate CBM 

from traditional, norm-referenced assessments, which generally must be administered 

over several hours, sent to an off-campus location for scoring, and exist in far fewer 

parallel forms (usually two), which precludes their use for multiple administrations. Most 

importantly, CBM provides assessment data that can be used in development and 

implementation of specific academic interventions that target the particular areas of 

weakness identified by the measures. Several studies have shown that when teachers use 
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CBM procedures to identify specific skills shortcomings in students, and subsequently 

provide individualized instruction to address those weaknesses, student achievement 

increases beyond that of students who are not thus targeted for intervention  (Foegen et 

al., 2007; Stecker, Fuchs, & Fuchs; 2005 Stecker, Lembke, & Foegen, 2008).  

Designed as a means of measuring incremental progress over time and providing 

feedback to teachers regarding the effectiveness of instruction, CBM are generally easily 

administered in the classroom over a short period of time (one to five minutes) and can be 

quickly scored.  As described by Shinn (2002), after an initial period (usually a week) of 

repeated measures, a baseline level of performance is calculated before intervention is 

begun. Subsequent scores can then be compared to the baseline to determine rates of 

growth for each individual student, as well as for classes, schools, and/or districts. In 

order to avoid practice effects, most CBM exist in multiple parallel forms so that re-

administration can occur frequently – such as weekly, or even bi-weekly, depending on 

the targeted skill set.   

Measuring growth over time is important for several reasons. First, determining 

an individual’s rate of growth over time can provide valuable ipsative information about 

a student’s progress. A student who begins the year with a growth rate that declines over 

time may be in need of assistance. In addition, when an average rate of growth over time 

is calculated for a group (class-wide, grade-wide, etc.), individual rates of growth over 

time can be compared to the group average in order to identify students who are 

struggling more to grasp the material than their classmates are. Finally, a student who 

may begin at a lower level of mastery of material than his or her classmates, but whose 

rate of growth over time is consistent with the average rate of growth of his or her 
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classmates, can be understood to have started at a disadvantage, in comparison to 

classmates, rather than misidentified as demonstrating difficulty in benefitting from 

instruction.  

Uses of CBM.  Recent interest in early identification and remediation of students 

whose academic skills are lagging behind their peers’ has led to an increase in the use of 

CBM as a means of identifying students who are in need of assistance (Deno et al., 2002; 

Shinn, 2002; Stecker et al., 2005). Normal rates of skill increase are determined for 

specific skills (such as oral reading fluency) and grade levels. Then, the rates of 

individual students’ skill growth are compared to these norms. If a student’s rate of 

growth is significantly lower than the norm, that student is identified as being in need of 

further assistance.  In optimal circumstances, such identification can occur before the 

student may even be aware of his or her own shortcoming, and intervention can be 

provided quickly so that the student reaches a normal rate of growth in a short period of 

time.  Ideally, this type of identification and remediation program reduces the number of 

students who struggle to keep up with peers and experience frustration early in their 

educational careers  

A second use of CBM lies in identification of students who may need to be 

assessed for a disability and eligibility for special education services. A student who 

initially is performing at a significantly lower skill level than his or her peers can be 

targeted for intervention. If that student’s skill level does not improve at a rate that is 

commiserate with that of his or her peers after evidence-based interventions are used, 

then additional, different, evidence-based interventions are added. If the child still fails to 

reach a rate of skill acquisition that is needed, then he or she may be considered for 
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formal assessment for special education (Fuchs, 2002; Shinn, 2002). This system of 

identification addresses several problems that have arisen over the history of special 

education identification. Shinn (2002) provides a thorough explanation of the use of 

CBM in a problem-solving model, beginning with problem identification, in which the 

individual performance of a student is compared to his or her peers’ in order to determine 

if there is a significant discrepancy in performance.  If such a discrepancy is found, then 

data is collected to quantify the degree of discrepancy.  Next, goals for improvement are  

established, and interventions are explored and implemented. Progress monitoring is 

ongoing, and data collected is used to determine the rate of improvement and intervention 

success, or lack thereof.  

Reading CBM.  Initially, CBM were designed for use in elementary classrooms, 

particularly to assess reading skills (Burns, 2001). The most common form of reading 

CBM are oral reading passages, which are generally one-minute administrations of grade-

level passages. Children are given a copy of the passage to read aloud and the instructor 

marks a different copy to indicate starting and ending points, as well as words read 

incorrectly. A rate of correct words read per minute is calculated and compared to 

previous rates.  The theory behind this method of reading assessment lies in the close 

correlation between reading fluency and reading comprehension. A child who is unable 

to read with fluency typically has difficulty comprehending what he or she reads  (Burns, 

et al., 2002).  In addition to oral fluency assessment, CBM for comprehension, referred to 

as MAZE probes, have also been proven effective measures of progress (Fuchs & Fuchs, 

1992; Fuchs, Fuchs, & Maxwell, 1988). MAZE probes consist of grade-level reading 

passages in which there are opportunities for students to choose between two words to 
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complete a sentence. Children who comprehend what they are reading make fewer errors 

than those who do not. CBM have been developed in other areas such as spelling, 

writing, and mathematics. 

CBM for math. The development of CBM for mathematics has increased in 

recent years, and many appropriate instruments are available for assessing math at the 

elementary level. As a result, CBM are increasingly implemented in mathematics 

instruction and assessment (Berninger, 2002; Carnine, Silbert, Kame'enui, & Tarver, 

2004; Deno, 2003; Hamilton & Shinn, 2003; Rathvon, 1999; Shapiro, 2004; Shinn, 1989; 

Stecker et al., 2005).  Like reading CBM, elementary math CBM include emphasis on 

fluidity.  Students’ ability to correctly recall basic math facts, such as multiplication 

tables, are often included because fluid recall of such facts is necessary for more 

complicated applications, such as long division.  Other elementary math CBM focus on 

solving equations and word problems (Hintze, Christ, & Keller, 2002). Studies have 

shown that elementary math CBM are reliable and valid indicators of mathematics 

proficiency and can be used as general outcome measures (Keller-Margulis, Shapiro, & 

Hintze, 2008).  Unlike reading CBM, math CBM have been shown to be most reliable 

and valid when a “practice” assessment is administered to avoid novelty effects (Christ & 

Schanding, 2007), and when scores are calculated from multiple assessments given 

within a few days of one another (Hintze et al., 2002).  

 Unfortunately, unlike reading skills, mathematics skills do not build on a single 

trajectory as students move from the elementary to secondary levels of instruction 

(Stecker et al., 2005). Rather, in secondary classrooms, entirely new sets of skills are 

introduced, many of which require students to combine previously mastered single skills 
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into complex sets of skills that are used to solve multi-step problems. In addition, as 

mathematics equations become more complicated, students must demonstrate both an 

ability to understand the approach required to solve the equation, and the ability to 

accurately perform the arithmetic involved (Allsopp, et al., 2008; Rivera, 1997; Witzel, 

Mercer, & Miller, 2003). Finally, as they progress through school, students are 

increasingly required to use information provided in word problems to construct the 

equations they are to solve. This added component requires that students’ reading skills 

be adequate for the task (Ansley & Forsyth, 1990; Stecker et al., 2005). Any CBM that is 

developed for secondary level math must accurately assess multiple skill sets, while 

providing the ease of administration and scoring that are necessary for the maintenance of 

their practical usefulness. 

  Foegen et al. (2007) recently published an exhaustive review of the literature on 

this subject in which they reported no single study was found documenting use of CBM 

in high school math. Most studies have relied on improved classroom grades and teacher 

reports of improvement, both of which are highly subjective and non-standardized 

measures. In addition, standardized tests such as the Stanford-9 Achievement Test (SAT-

9; Harcourt Educational Measurement, 1996) have been used, but such tests are rarely an 

accurate reflection of the actual curricula that secondary math students have been taught. 

(Gierl, Henderson, Jodoin, & Klinger, 2001). The Report of the Task Group on 

Instructional Practices (U.S. Department of Education, 2008a) describes the differences 

between traditional formative assessments and those more recently developed in the field 

of school psychology. Traditional formative assessments are generally designed to allow 

teachers to determine if students have mastered the skills that have been most recently 

 



 10 

taught before instruction in a new set of skills is begun. The type of formative assessment 

that has been developed in the field of school psychology is designed to indicate the 

degree to which students have acquired the set of skills (or knowledge) that is taught 

throughout the entire school year, and allows teachers and students to monitor growth 

over time. In addition, the task force reports that the “school psychology tradition devotes 

a good deal of attention to empirical establishment of the validity and reliability of the 

assessment procedures” (U.S. Department of Education, 2008a, page 171) in comparison 

to the traditional assessment measures which are often designed by teachers.  

 The report provides additional documentation of the few studies available in 

which CBM (the Task Group uses the term formative assessment) is used in a secondary 

mathematics setting (U.S. Department of Education, 2008b). While very few studies met 

criteria for adequate experimental design, those that did showed that the use of formative 

assessment led to improved student performance, albeit in increments only bordering on 

significance, presumably because the simple act of providing information about students’ 

progress to students and teachers served to improve student performance.  When 

additional instructional enhancements were added, student improvement was significant, 

when calculated on the student level (U.S. Department of Education, 2008b, p. 181). 

However, because the number of studies involving secondary mathematics was minimal, 

the committee called for further research into the development of these measures for use 

at the secondary level.  

Developing CBM for algebra.  Project AAIMS (Algebra Assessment and 

Instruction-Meeting Standards), a federally funded program devoted to the development 

of CBM measures in Algebra, has recently produced three potential algebra CBM 
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instruments (Foegen, Olson, & Impecoven-Lind, 2008).  These instruments are named 

“Basic Skills,” “Algebra Foundations,” and “Content Analysis-Multiple Choice”.  Foegen 

and colleagues collaborated closely with classroom teachers as well as other education 

professionals to develop instruments that were sensitive to incremental growth in student 

performance, easily scored, reflective of actual material taught in algebra classes, 

reliable, and closely correlated with other measures of performance.  

One of the difficulties that Foegen and colleagues noted was in establishing the 

validity of an instrument that could assess students’ abilities to perform complex, multi-

step problem solving tasks, while at the same time allowing for simplicity and reliability 

of scoring methods (Foegen et al., 2008). The Task Group on Instructional Practices 

reiterates the need for continued validity studies in the area of criterion-related 

assessment (National Mathematics Advisory Panel, 2008a). 

 Foegen and colleagues (Perkmen, Foegen, & Olson, 2006) relied on classical test 

theory and statistics to measure reliability and validity of two of the instruments they 

created: Basic Skills and Content Analysis-Multiple Choice.  Reliability was measured 

using test-retest and alternate forms reliability comparisons. Validity was assessed by 

comparing student performance on the AAIMS instruments to various other scores, 

including grades, test scores, teacher ratings of proficiency, and state-administered 

standardized tests.  Unfortunately, while reliability coefficients were strong for many 

measures (test-retest r = .79-.86; alternate forms r =.81-.89), the validity scores fell only 

in the moderate range, at best (concurrent validity r = .13-.73; predictive validity r = .19 

– 56)  (Perkmen et al., 2006).  Possible explanations for these difficulties include 

problems of sample size and distribution, as well as a lack of similar measures against 
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which student performance on the AAIMS measures could be compared. Further 

technical evaluation of these measures may be conducted using two distinct theories - 

Classical Test Theory and Item Response Theory. 

Classical Test Theory 

 Classical test theory  (CTT) is based upon the normal distribution and evaluating 

individual performance as it relates to that of the larger population. Thus, raw scores are 

often converted to scaled scores, which are compared to the mean of the population’s 

scores in terms of standard deviations.  The foundational assumption of classical test 

theory is that any individual’s performance on a particular assessment represents a 

combination of the individual’s knowledge or skill and an unknown quantity of random 

error. The score that would reflect only the skill of the individual, without influence of 

error, is called the true score, but exists only in theory, because testing cannot take place 

in a theoretical vacuum. Under these assumptions, any individual observed score is 

assumed to represent a combination of the true and error scores (Crocker & Algina, 

2006). 

 There are various formulas used to calculate the estimated true and error scores 

for individual assessments, as well as composites (those composed of more than one 

administration, and/or more than one form of the instrument). These formulas are useful 

not only in identifying the score most likely to be an accurate representation of the 

individual’s skill level, but also in assessing the reliability and validity of instruments in 

development. Observed scores are used to predict item variance, as well as composite (or 

test form) variances, and these quantities are used to calculate reliability and validity. 
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Assessing reliability using classical test theory.  Several methods of assessing 

an instrument’s reliability have been developed within CTT. The most common include 

the reliability index (a correlation coefficient expressing the relationship between true 

and observed scores on a test) and the reliability coefficient (representing the coefficient 

between scores on different test forms, which is also the square of the reliability index).  

Both of these coefficients rely on the assumption of the possibility of administering 

multiple parallel tests (Crocker & Algina, 2006). This assumption, in itself, creates 

several practical problems, not the least of which is time limitation, because the number 

of participants needed for power in calculating a reliability coefficient is often large, and 

the feasibility of multiple test administrations is often limited. In addition, the 

construction of truly parallel test forms is quite complicated.  Given these factors, various 

methods of calculating reliability based on a single administration have been developed.   

Stability coefficients are calculated to determine how consistently examinees 

perform on the same instrument administered at different times. Alternate forms 

reliability seeks to determine this coefficient by administering two (assumed to be 

parallel) forms of the same instrument to the same examinees over multiple 

administrations. The test-retest method of reliability estimation uses the same test form 

administered at different times. Both coefficients are calculated using the Pearson product 

moment coefficient, and are vulnerable to error caused by a change in examinees over 

time. Academic skills tests are particularly vulnerable to this type of error, as students are 

constantly receiving instruction, and any change over time is likely to be attributable to 

instruction and/or individual growth.  
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Equivalence coefficients are also calculated using the Pearson product moment 

coefficient, and are intended to determine the consistency of instrument content. The 

split-half approach to reliability involves a single administration of an instrument in 

which the items on the instrument are divided into two groups, creating two halves of the 

instrument. Individual performances on the two halves are compared to determine if the 

contents are equal. A multitude of sampling methods – choosing which items to include 

in each half – have been tested for use in split-half reliability assessment, but the method 

remains vulnerable to error in content sampling from form to form.  

Internal consistency coefficients are calculated to determine the equivalence, or 

consistency of the individual items within the test, in order to determine that all of the 

items on the test are measuring the same skill or construct in the same way.  Cronbach’s 

alpha is the most commonly used formula for computing internal consistency, but others 

have been developed in order to address some of the variations in content type (such as 

dichotomous versus scaled scoring of items, etc.). As in split-half methods, calculations 

of internal consistency are vulnerable to error created through sampling, as well as flaws 

in individual items.  

 As would be expected, these methods of assessing reliability using classical test 

theory are not ideally suited for criterion-referenced (rather than performance/norm-

referenced) assessments, for the simple reason that they rely on the comparison of 

individual scores to group scores.   This dilemma has been addressed by several theorists 

who have constructed methods of assessing reliability of criterion-referenced assessments 

through calculation of generalizability coefficients and error variance to represent the 

relationship between domain score estimates and actual domain scores. However, these 
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methods all require multiple administrations of parallel forms of the test. (See Crocker & 

Algina, 2006 for a more thorough discussion of generalizability theory.)  

Assessing validity using classical test theory.  Assessing instrument validity can 

be more challenging than assessing reliability for the simple reason that a reliable 

instrument must only generate consistent scores over time, whereas a valid instrument 

must generate scores that accurately reflect the measurement of some skill or construct.  

A scale that consistently reads ten pounds over the actual weight placed on it is reliable, 

but not valid.  Most methods of assessing validity using classical test theory can be 

classified into the following categories: face, content, criterion-related, and construct 

validity.  

 Face validity refers to the degree to which the instrument appears to measure what 

it is designed to measure. While face validity is not assessed psychometrically, it is 

nonetheless important to consider, because an instrument that purports to assess a 

familiar construct but does so in an unfamiliar way will not be accepted as valid by 

potential users, regardless of its psychometric qualities. For example, a reading 

assessment that required students to sing might have excellent psychometric qualities, but 

it would not likely be considered valid by classroom teachers or school administrators, 

and would therefore not be widely used.  

Content validity refers to the degree to which individual performance on a sample 

measure is considered an accurate representation of an individual’s mastery of a larger set 

of skills or information. For example, a test that included the domain of all possible 

vocabulary words would be impossible to administer, so a sample is chosen and 

individual scores are interpreted as indicators of the individuals’ levels of knowledge of 
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the larger domain. This form of validity is generally established by collecting a panel of 

experts who generate a number of items agreed upon as representative of the domain 

being assessed.  

 Criterion validity is assessed through comparison of individual performance on a 

given task to individual performance on an observable, measurable variable.  Two forms 

of criterion validity are most commonly used: concurrent and predictive. Concurrent 

validity compares performance on the measure under development to performance on 

another, already established measure of the same construct. Thus, scores on a new self-

report rating scale for depression might be compared to scores on another self-report 

depression scale that has already been established as reliable and valid. Predictive 

validity measures the accuracy with which scores on one instrument predict performance 

on another, different measure. One of the most common examples of this form of validity 

is the use of the Scholastic Aptitude Test to predict first year academic performance of 

college freshmen. Both forms of criterion validity are evaluated using correlation 

coefficients, and both are highly vulnerable to sampling error.  Sample sizes must be high 

(200 or more) in order to avoid significant sampling error (Crocker & Algina, 2006). In 

addition, it can be difficult to identify a comparison construct that can be objectively 

measured.  

 Finally, and most complicated, construct validity is assessed using factor analysis, 

in which a matrix of item correlations is factored to identify clusters of response that 

would indicate the presence of one or more underlying constructs.  In this context, the 

variation in response to items in a given cluster is taken to represent variation in skill 

levels among participants.  While factor analysis can be particularly helpful in 

 



 17 

establishing the presence of one or more identifiable constructs from a collection of items 

that may appear, on their surface, to be unrelated, it can also create confusion if factor 

loadings occur in unpredicted patterns.  In addition, sample sizes must be large (no less 

than 200, and roughly ten times the number of items) in order to achieve power (Crocker 

& Algina, 2006).  

Item Response Theory 

 While many test developers rely on Classical Test Theory (CTT) for 

psychometric assessment of instruments, Item Response Theory (IRT) provides an 

alternative methodology. The primary difference between IRT and CTT is that IRT does 

not rely on a normal distribution, and thus, population samples do not have to be 

constructed as representative. Because IRT is item-based, rather than instrument-based, 

items are evaluated in relationship to one another. Instrument-based assessments compare 

scores on whole instruments to scores on whole instruments. In comparison, IRT uses the 

performance of individual participants on specific items in comparison to the 

participants’ total scores on the measure to formulate a rating for each participant, as well 

as for each item included in the measure.  

 As Hambleton, Swaminathan, and Rogers (1991) explain, because CTT analysis 

is test-oriented, rather than item-oriented, it is not useful when one is interested in 

predicting performance on a specific item, or identifying individuals who have met a 

specific criteria level of proficiency. The only information that CTT provides about an 

individual is how his or her score compares to the of scores his or her peers. 

 Item response theory approaches test construction in a different way than classical 

test theory, most notably because it does not assume a normal distribution, and is not 
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based upon comparing performance of students to one another. Instead, individual 

patterns of responses are used to derive variable values representing the skill level of the 

individual, as well as the difficulty level and discrimination value of each item.   When 

the primary purpose of assessment is to determine the skill level of the individual, as it is 

in criterion-referenced testing, the limitations of CTT become more evident, because in 

CTT the characteristics of the individual and the test are each defined in terms of the 

other.   

When the ability of the individual is defined in terms of performance on a specific 

test, then the measure of that ability is only as good as the test itself. If the test is too 

difficult, the individual’s ability appears to be low, whereas a less challenging test can 

produce overestimation of ability. Because CTT is based upon comparison of the 

individual to a group, further distortion of ability estimate and/or estimate of test 

difficulty can occur when the group to which the individual is being compared includes a 

disproportionate number of individuals with either high or low ability.  Scores from a 

group of high ability students will cause a test to appear easier, and the scores of an 

average ability student to be lower than either actually is. Furthermore, the information 

gained from an individual’s score (which may indicate high or low ability) does not 

provide specific information about what ability the individual actually has, but only how 

his or her ability level compares to others’ (Hambleton et al., 1991). 

Assumptions of IRT.  IRT models are founded upon a set of assumptions about 

the data.  The first, unidimensionality, is that a single ability is measured by the items on 

a test. Unidimensionality is supported when a factor analysis produces a single dominant 

factor loading for all items on the test, as well as through other methods. Local 
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independence assumes that examinee performance on one item is independent from 

performance on any other item on the test, and is only influenced by the individual latent 

trait, or ability, of the examinee.  

IRT assumes that individual performance on a given item can be predicted based 

on the abilities or traits of the individual. The relationship of these traits to performance 

on the test items is described by a function called an item characteristic function, or item 

characteristic curve (ICC) (Hambleton et al., 1991). Essentially, the ICC provides a 

visual representation of the relationship between individual ability or trait level, item 

difficulty, and item discrimination -- or the degree to which response patterns indicate 

that performance on the specific item tends to discriminate between individuals of 

differing ability levels.  Figure 1 represents an ICC.  

 

Figure 1 An Item Characteristic Curve 

 

 IRT models vary in complexity, but most include the following variables: 

Ρi(Θ)  is the probability that a randomly chosen examinee with ability Θ 

answers item i correctly. 

ai is the item i discrimination parameter. 

bi is the item i difficulty parameter. 

ci is the guessing parameter. 
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The complexity of the model depends upon how many parameters are being estimated, 

however, all models generate an Item Characteristic Curve  (ICC) which displays the 

relationship between the ability level (Θ) and the item parameter estimations.  The ICC is 

based on the normal ogive function. 

The one-parameter model, also called the Rasch model, creates a curve produced 

by the following equation:  

The Rasch Model, One Parameter Equation           (1) 

 i = 1, 2, …., n 

 

where n is the number of items in the test,  and e is 2.718.  The Rasch model assumes that 

the discrimination (a) parameter is constant, and the guessing (c) parameter is absent, so 

they are not included in the formula. The difficulty parameter (b) represents the point on 

the ability scale at which 50% of the population is expected to answer item i correctly, or 

the point at which the probability of a correct answer is .50. A higher b value indicates 

that a greater amount of ability (Θ) is needed for a 50% correct response rate.  The 

assumption is that the discrimination parameter (a) is constant is interpreted to mean that 

the only factor influencing an examinee’s correct response is the difficulty level of the 

item. The assumption of an absent guessing parameter (c) is made when the form of item 

responses does not allow for guessing, such as in a free response format. When answer 

formats allow for guessing (such as in multiple choice), then this assumption cannot be 

made.  

 The two-parameter model (i.e., Birnbaum model) also assumes that guessing is 

not possible, but adds the calculation of a, the discrimination parameter, which is 

 

Ρi(Θ) =
e(Θ−b1 )

1+ e(Θ−b1 )

 

 



 21 

proportional to the slope of the ICC at the point bi on the ability scale.  The value of a 

effects the shape of the ICC in terms of how gradual or steep the curve is.  Values of a 

generally are in the range of (0, 2). Negative values of a cannot exist. The value of adding 

an estimation of a lies primarily in test construction, when consideration of how specific 

items influence individuals’ scores is of primary concern. In addition, graduated tests rely 

on the calculation of discrimination in order to determine which item to present next to an 

examinee after a given item is completed successfully or not.  

 The three-parameter model includes the estimation of c, the guessing parameter. 

Such consideration is needed when items allow for an individual of very low ability to 

correctly guess the answer to an item of greater difficulty.  The ICC of this model does 

not ever reach 0, as the assumption is that even an individual with a very low ability level 

might correctly guess the answer to a limited number of questions.  

 IRT and test construction.  One of the benefits of using IRT in test development 

lies in the amount of information that IRT provides about how individual items contribute 

to the overall character of the test. In addition to the ICC, IRT can also generate an item 

information function, denoted  Ii(Θ),  which provides a visual representation of a 

quantified assessment of the amount of information item i provides at Θ, based on the 

following equation. 

The Item Information Function          (2) 

 

      

 

Ii(Θ) =
2.89ai

2(1− ci)
[ci + e1.7ai (Θ−bi )][1+ e−1.7ai (Θ−bi )]2
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The roles of b, a, and c in the calculation of Ii(Θ) can be understood in this equation fairly 

easily.  A higher a parameter will generally produce greater information. When c is zero 

(in one and two-parameter models), information is higher. When the b value is close to 

Θ, information is higher than when b is farther from Θ.  In operational terms, more 

information is provided by items with greater discrimination parameters and when the 

difficulty level approaches theta (Θ).  Figure 2 is an example of an item information 

function graph. The sum of the item information functions creates the test information 

function (TIF), which allows the test developer to evaluate the usefulness of the 

instrument for assessing the underlying construct across a desired spectrum of theta (Θ) 

values. Figure 3 is an example of a test information function graph.  

 

Figure 2 An Item Information Curve 
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Figure 3 A Test Information Curve 

A test developer who wishes to construct an instrument that will provide 

information about individuals performing within a given range of theta (Θ) can simply 

select items that provide the most information at the designated theta values.  Graduated 

assessments can be designed so that items are administered based on the ongoing 

performance of the individual – allowing formation of much shorter, more useful 

examinations.   

IRT and achievement tests.  Because of its many benefits, IRT has become 

increasingly favored in construction of achievement tests. Once an item bank has been 

developed, instruments can be “custom made” for specific uses. As a method of test 

equating, IRT provides an accessible means to generate multiple parallel forms of 

achievement tests with accuracy, which enables educators to monitor student progress 

frequently while avoiding practice effects (Green, Yen, & Burket, 1989).  One of the 
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more progressive ways in which IRT is being applied to achievement test development is 

in the adaptation of tests for cross-cultural assessment. As applied by Ercikan, Gierl, 

McCreith, Puhan, and Koh (2004), IRT  can be used to identify when translation to a 

second language significantly alters item parameters (a and b in particular). Indeed, 

Hambleton, Merenda, and Spielberger (2005) have found this area of IRT application so 

fertile as to merit the compilation of several studies into a volume.  

 The sensitivity of IRT to testing conditions, particularly timed administration, has 

been a topic of research of particular interest to achievement test developers. The primary 

question lies in the handling of missing data. In an untimed administration, unanswered 

items can be safely counted as incorrect, on the assumption that the student’s 

nonresponse indicates an inability to answer correctly. However, under timed conditions, 

this assumption cannot necessarily be made, as nonresponse may indicate that the student 

simply did not reach the later items in the test, or otherwise ran out of time to complete 

all of the items.  Lane, Stone, Ankenmann, & Liu (1995) explored this question as related 

to a  polytonomously scored mathematics performance assessment on which students 

were not only asked to problem solve, but were also required to explain the reasoning or 

demonstrate the processes used to arrive at their answers. Their findings were that of 

eight items most likely to be affected by timed administration, parameter estimates were 

steady over the first of two administrations. Four of the eight items showed some 

differing estimations over the second administration, but at least two of these were 

thought to be possibly impacted by the strategies employed in problem solving, that were 

effective, but more time-consuming than other methods which had not yet been taught at 

the time of data collection.  
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 Oshima (1994) approached the question of speededness with regard to the 

accuracy of item parameter estimations under the following conditions: proportion of 

items not reached (5%, 10%, and 15%), response to unreached items (non-response vs. 

random response) and item ordering (random vs. easy to hard). Oshima used computer-

generated responses, and was primarily concerned with the possibility of error in item 

parameter estimation. Oshima found that the correlation between true and estimated 

ability parameters was high, leading him to conclude that “if the purpose of the testing is 

to rank order examinees, the effect of the violation of the nonspeedeness assumption may 

not be too serious” (Oshima, p. 214) 

 The possibility of IRT in development of CBM.  While the volume of research 

dedicated to exploration of IRT in development of achievement tests is growing, to date, 

there is very little, if any research available in which IRT is applied to the development 

and use of CBM.  Possible explanations for this shortage may include concerns about the 

impact of speededness on item parameter estimates, as well as the fact that the focus of 

CBM is progress monitoring, rather than traditional achievement testing.  Nonetheless, 

given the complexity and breadth of material included in secondary education courses, 

and increasing emphasis on performance in high-stakes testing, the possibilities for CBM 

development through application of IRT are intriguing and warrant investigation. 

Goals of the Current Study 

 Hoffman-Lach (2009) attempted to apply IRT to assess the validity of algebra 

CBM using the Basic Skills measure developed by Perkmen, Foegen, & Olson (2006). 

The twelve original forms of the Basic Skills measure were administered under timed 

conditions to more than 350 ninth grade students over a period of two weeks. Data 
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collected from these students were analyzed using IRT. The TIC’s that were produced 

revealed that no single form of the original Basic Skills probe provided adequate amounts 

of data across theta values to be used as CBM.  Rather TIC’s revealed that each of the 12 

forms provided large amounts of data only around specific theta values, and thus were 

only useful for assessing students who were functioning at those levels of mastery.  

In order for the Basic Skills probes to be used as CBM, each form would have to 

provide useful information around the broader spectrum of theta values, because students 

are expected to begin with low levels of basic algebra skill, and increase to higher levels 

over the course of the academic year. An instrument that is to be used as a CBM must 

provide adequate information about students’ performance across skill levels, or else it 

cannot be used to measure growth over time.  

 Given this original finding, the current study was designed with the goal of 

modifying the content of the Basic Skills probes in such a way as to maintain the original 

format and type of content, while selecting specific items for inclusion that would be 

more likely to produce the desired normal distribution of theta values on the TIC. To that 

end, two new versions of the Basic Skills measure were created using items chosen from 

the original 12 Basic Skills probes.  

The goals of the current study were to assess the reliability and validity of the two 

newly constructed forms of the Basic Skills measure (numbers 13 and 14, Appendices A 

and B, respectively) using IRT.  Previous research using the Basic Skills assessment 

produced results suggesting that two new forms of the probe, constructed using the 

original twelve forms as an item bank, would be more reliable and valid measures of 
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algebra skills than any of the individual original twelve forms were.  The current study 

was designed to answer the following questions: 

1. Does factor analysis of Basic Skills Probes number 13 and 14 support the IRT 

assumption that a single underlying construct is being measured by the 

probes?  

2. Do modified Basic Skills probes (numbers 13 and 14) provide adequate 

information about student performance across a spectrum of skill levels to be 

useful as CBM? 

3. Are Basic Skills probes numbers 13 and 14 sensitive enough to student growth 

over time to be useful as CBM?

 



 

Chapter III 

Methodology 

Participants and Setting 

 Participants were recruited from three different high school campuses in a large 

Southern city. Two of the schools were private, single-sex, parochial schools, and one 

was public. The two private schools were sister/brother schools whose campuses 

connected to one another. Students from the third school were all enrolled in algebra 

classes taught by the same teacher.  The school populations and number of participants 

from each are described in Table 1. 

 All data was collected by teachers and provided to the researcher. Data collected 

in the parochial schools was used only for item analysis, and thus no student 

identification of any sort was required or collected. Some students were able to complete 

both probes during untimed administration, and others completed only one. Because no 

identification numbers were assigned to students, the exact number of participants from 

each school is unknown. Data collected in the public school was used for regression 

analysis, which necessitated assigning identification numbers to students in order to 

calculate rate of change over time. The teacher created his own list of student 

identification numbers, which were not related to the students’ school-issued 

identification numbers, and did not provide this list to the researcher. Student papers were 

then identified only by the identification numbers assigned to them. Because no 

identifying information of any sort was ever provided to the researcher, and data 

collection did not differ significantly from regular classroom experiences, informed 

consent was not required. However, all student participants were informed of the nature 
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and purpose of the data collection.  The estimated number of participants is 606, with 525 

estimated from the two parochial schools, and 81 known from the public school.  

Table 1  

School-Reported Demographics 

 
 

All-Girls Parochial 
 

All-Boys Parochial Public 

Demographic Data as 
Percentage of 
Enrollment 2010 - 2011 

   

Female/Male 100/0 0/100 56/44 
Asian  12 13 4 
African American 7 9 17 
Hispanic 20 14 61 
Caucasian 61* 64* 14 
Receiving Financial 
Aid/Low SES ** 

10.2 13 62 

Total Enrollment 872 897 442 
Number of Participants 275*** 250*** 81 

*Reported as “all other” by school. ** Low SES determined by qualifying for free or reduced 
lunch. ***Approximation 

 

Instrumentation 

 Item analysis.   Previous research (Hoffman-Lach, 2009) revealed that none of 

the original twelve forms of the AAIMS Basic Skills probes failed to provide adequate 

information about students of varying ability levels. Original construction of the Basic 

Skills probes included careful consideration of the variety of specific skills to be 

assessed, and the combination of item types that were included in each probe. Each probe 

contained eight ratio/proportion, ten combining like terms, twenty distribution, twelve 

simple equation, and ten integer problems. Analysis of data collected in the first stage of 

this study (Hoffman-Lach, 2009) produced test information curves that were primarily 

unimodal, with some bimodal distributions, indicating that no single form of the probe 

provided adequate information about student performance across a full range of skill 
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levels.  Upon further examination, it was noted that several individual items within the 

original twelve probes produced item information curves (IIC’s) that were promising, 

while others provided little useful information at all.  The two IIC’s below illustrate the 

difference between items that appeared promising, and those that did not.  

 

Figure 4  An Item Information Curve – Low Value Item 

The IIC in Figure 4 provides a visual representation of the information produced 

by IRT analysis. The blue sloped line indicates the ICC for the item, and reveals that the 

value of a is low, because the slope of the curve is fairly small, and there is not a clear 

delineation at b (indicated by the red vertical line) between theta values of those who 

answered correctly and those who did not. The grey line is the IIC, which is the slope of 

the ICC when it is maximized at the inflection point and represents the amount of 

information provided by the item (number 37 from probe 2) about respondents at Θ = 

2.6321, the threshold point indicated by the red line.  

 

Figure 5  An Item Information Curve – High Value Item 
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  Figure 5 represents an IIC for Item number 16 from Basic Skills Probe 2, which 

provides much more information than the one in Figure 4 does. The steeper slope of the 

blue line indicates a greater a value, and the higher peak of the IIC indicates that this item 

provides significantly more information about those respondents functioning at Θ = -1.62 

(as indicated by the red vertical line) than item number 37 from the same probe did about 

the respondents functioning at Θ  = 2.6321.  

Item selection.  Given the inconsistent IIC’s obtained from the initial data 

collection, a new set of probes was designed.  Based on the work of Gierl et al. (2001), 

two new probes were constructed, using the original twelve as an item bank from which 

120 items were chosen for inclusion in modified probes number 13 and 14, which are 

included in Appendix A.  The variety of items included in the original probes was not 

addressed in Gierl et al., and does not appear to be addressed elsewhere in the literature. 

Thus, the construction of the two new probes did not follow Gierl and associates’ model 

exactly.  

  Gierl et al. (2001) describe a process by which items are selected from an item 

bank based upon the value of the item information curve (IIC) at specific values of theta 

(Θ). Items with the greatest IIC values at the desired points across the values of theta (Θ) 

are selected for inclusion. This method of item selection was dubbed theta maximum, and 

proved the most reliable of three methods, based on simulated parameter estimations. In 

order to maintain the ratio of types of items included in the original twelve probes, the 

following method was employed in the selection of items to include in probes number 13 

and 14.  First, all items on all of the original twelve probes were identified as either 

ratio/proportion (P), combining like terms (C), distributive property (D), simple equation 
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(E), or integer (I) problems.  Next, a spreadsheet was generated in which the item 

number, problem type, theta value (Θ), difficulty (b), discrimination (a) and Y-axis value 

at theta (Θ) were included.  Using these values, items were chosen for inclusion in forms 

13 and 14 based on both the item skill category and the value of Y at Θ.  This spreadsheet 

is included as Appendix B. 

 Because 120 items were to be selected, in order to maintain the same proportion 

and variety of items on Probes 13 and 14 as were in the original twelve, it was necessary 

to select sixteen ratio/proportion (P) items, twenty combining like terms (C) items, etc. 

Using the flexibility of the spreadsheet, the items were sorted by category first. The 

pattern that emerged of theta values as related to skill category was worth mention. As 

might be expected, there was a trend in distribution of theta values across category type. 

Simple equation problems (E) had the lowest theta values, followed by proportion (P) and 

Integer (I) problems. Combining like terms (C) and distributive property (D) items were 

the most challenging of the five. While there was overlap across the theta spectrum, the 

trend was clearly visible. Items were then selected for inclusion on probes number 13 and 

14 based on category type, theta scores, and IIC’s. The added parameter of category did 

affect adherence to the theta max method of selection, but care was taken to avoid 

variation from Gierl’s method as much as possible. The resulting probes contained the 

original ratio of category types, and were expected to generate the desired even 

distribution of theta values across each form that is needed in CBM instruments.  

Procedure 

All procedures for this project were reviewed and approved by the University of 

Houston’s Committee for the Protection of Human Subjects. Data collection at the 
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private schools consisted of teachers’ administration of probes 13 and 14 during normal 

class meeting times, with no time limitations, in order to control for novelty effects as 

much as possible. All teachers were trained in administration by the primary researcher. 

Students were told not to write their names on their papers in order to protect their 

anonymity.  If papers were submitted with names included, the administering teacher cut 

the names off of the papers. Data was collected at two times in the school year – once in 

the early fall semester, and once near the end of the spring semester. None of the teachers 

who administered probes were involved in scoring. This data was used to assess the item 

parameters of the two probes and generate Item Information Curves  (IIC’s) as well as 

Test Information Curves (TIC’s). No names or other identifying data was included on any 

of the forms returned to the researcher, so data collection was completely anonymous. 

Thus, informed consent was waived.  

The data collected at the public school was also collected anonymously. The 

teacher was trained in administration by the researcher, and administered both probes at 

three different times throughout the academic year, during regular class time. Teachers 

administered probes in both settings in order to control for experimenter effects as much 

as possible. These administrations were timed, and followed standard administration 

methods designed by Project AAIMS, which included reading specific instructions to 

students, and administering an abbreviated practice probe in order to avoid novelty 

effects. The teacher did inform students about the purpose of the activity, but did not 

provide any other feedback to participants.  
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Dependent Variable Scoring 

Correct responses were coded as 1, and incorrect or nonresponses were coded as 

0.  All probes were scored twice, and at least once by the primary researcher.  A total of 

198 of the completed probes were scored by an additional scoring assistant who was 

trained by the primary researcher. Scoring assistants were given photocopies of the 

unscored probes, which were identified by the researcher-generated identification 

number, only. Interrater reliability for these 198 probes was calculated according to 

Project AAIMS guidelines using the following formula: 

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑡𝑒𝑚𝑠 𝑠𝑐𝑜𝑟𝑒𝑠 𝑎𝑔𝑟𝑒𝑒𝑑 𝑜𝑛
𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑡𝑒𝑚𝑠

 

Interrater reliability was calculated to be 98.8%. 

 

 



 

 
Chapter IV 

Results 

Factor Analysis 

In order to meet the primary assumption of IRT, which is that the construct being 

measured is unitary, it was necessary to conduct factor analysis of both forms of the 

probe, using data collected in the spring.  It is the nature of scores on curriculum-based 

measures (CBM) to be dynamic and show improvement over the course of the academic 

year. Assuming that the content of the CBM does not change, students would be expected 

to answer very few items correctly at the beginning of the academic year, and to improve 

over time, as material was covered in classroom instruction. Thus, factor analysis of 

student performance on a CBM that includes material to which they have not yet been 

exposed is not a valid assessment of the instrument.  Given this limitation, only the data 

collected from untimed administrations in the spring semester were included in the factor 

analysis. Unfortunately, the original plan for data collection did not take into 

consideration the necessity of administering untimed probes only in the spring semester 

for purposes of factor analysis, and the obtained sample sizes were not large enough to 

analyze with adequate power based on Meyers, et al.’s (2006) recommendation of 250 

participants per 25 items, and 400 per 90 items.  

Initially, the content of the Basic Skills probe (as constructed by Project AAIMS), 

was to include five specific skills which were agreed upon by instructional experts as 

representing the most fundamental skills for algebra students to master. These five skills 

were 1) solving simple equations, 2) solving ratio and proportion problems, 3) working 

with integers, 4) combining like terms, and 5) applying the distributive property. While 
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the vast majority of problem solving that is included in algebra curricula differs in name 

and complexity from these five essential elements, none of the more complicated 

algebraic computations can be completed without application of at least one of these five 

skills. For example, solving linear equations and quadratic equations both can involve 

application of all five of the basic skills. In fact, Project AAIMS developed four other 

varieties of probes targeted at assessing progress in more complex applications of 

algebra, all of which required a fundamental mastery of the five basic skills.  

Based on the original five-factor model used in creation of the probes, a five 

factor principal component analysis (PCA) with Varimax rotation was conducted on 59 

out of 60 of the items on Probe 13 and all 60 items of Probe 14. The omitted item from 

Probe 13 was excluded because item variance was equal to zero. Data was collected from 

a total of 266 respondents on Probe 13 and 241 respondents on Probe 14 during untimed 

administration in the spring semester.  The Kaiser-Meyer-Olkin (KMO) measures of 

sampling adequacy indicated that both samples were factorable (KMO = .726 Probe 13, 

KMO = .824 Probe 14), and Bartlett’s test of sphericity was significant (p = .000) for 

both data sets, indicating that variables being measured were correlated.  

Results of Varimax rotation of the solution are presented in Appendices 3 and 4. 

Limiting the number of factors extracted to five produced models that accounted for 

30.185 (Probe 13) and 37.831 (Probe 14) percent of total score variance. Of the 59 items 

included in analysis of Probe13, a total of 15 items failed to load at 0.30 or higher on any 

of the five factors, and another 12 items loaded at 0.30 or higher on more than one factor. 

Results for Probe 14 were similar, with a total of 9 of 60 items failing to load on any of 

the five factors, and 13 items loading at 0.30 or greater on more than one factor.   
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Visual examination of the data suggested that a possible partial explanation for 

the observed loading patterns might be related to the type of skill(s) included in particular 

items, as well as the individual item variance. A disproportionate number of items 

including only simple equation solving (8 of 15 on Probe 13, 4 of 9 on Probe 14) did not 

load on any factor.  In addition, most non-loading items had calculated variances that 

were very low (𝜎2 <  .05).   

Despite the intended scope and content of the items included in the original 

Basic Skills probes (from which the items in Probes 13 and 14 were drawn), close 

examination of the items included in Probes 13 and 14 revealed that only about 40 

percent of the items on either probe required application of a single, isolated skill (i.e., 

one of the five identified basic skills). The other 60 percent of the items required students 

to apply a combination of more than one of the basic skills. Use of integers, solving 

simple equations, and combining like terms occurred in some single skill application 

items, but also were included in multi-skill application items. Both ratio and proportion 

and the distributive property never occurred in isolation in a single item, but were always 

included in items that required use of at least one other skill to reach a solution. Examples 

of single and combined skill items can be found in Table 2.  

 

 

 

 

 

 

 



 38 

Table 2  

Examples of Skills and Skill Combinations Included in Basic Skills Probe Items 

 

Specific 
Skill/Combination 

Item Steps and Skills Required 

Simple Equations y + 4 = 7 y = 7-4 
y=3 

Ratio/Proportion/ 
Equation 

Solve: 12 in = 1 ft. 
_____ in = 4 ft. 

 (R)  12
𝑋

=  1
4
 

(E)   1X = 4(12)  
X=48 

Integers Evaluate: 
9 + (-4) - 8 

9 – 4 – 8 
5 – 8 

-3 
Combining Like Terms Simplify: 

6c + c + c 
7c + c 

8c 
Distributive/Integers Simplify: 

-8(e + 2) -3 
(D)  -8e -16 -3 

(I)   -8e -19 
Distributive/Like Terms 
 

Simplify: 
7d + 2 (d +6) -3 

 (D) 7d + 2d + 12 – 3 
(LT)  9d + 12 – 3 

9d + 9 
Integers/Like Terms Simplify: 

4 + 7t2 – 6 + 3t2 
(I)  -2 + 7t2 + 3t2 

(LT)  -2 + 10t2 

10t2 - 2 
Distributive/Integers/Like 
Terms 

Simplify 
8 – 6d + 4(d-3) 

(D) 8 – 6d + 4d – 12 
(I)  -4 – 6d + 4d 

(LT)  -4 – 2d 
-2d – 4 

 

 

 

When items were re-categorized in consideration of the combinations of skills 

contained therein, a total of eight skill combination varieties were identified. The 

composition of each probe by item variety is presented in Table 3. 
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Table 3  

Composition of Probes by Item Variety 

Skills 
 

Number of Items 

 Probe 13 Probe 14 Total 
Equations 12 12 24 
Integers 10 10 20 

Like Terms 2 3 5 
Ratio + Equations 8 8 16 

Integer + Like Terms 8 7 15 
Distributive + Like Terms 6 2 8 

Distributive + Integer 4 3 7 
Distributive + Integer + Like Terms 10 15 25 

 

In consideration of the observed combination of skills included in several items 

and the results of the five factor analysis, an eight factor PCA was conducted with 

Varimax rotation. The KMO and Bartlett’s test results were unchanged from the five 

factor model as the data sets were identical.  The eight factor analysis produced models 

that accounted for 38.748 (Probe 13) and 46.494 (Probe 14) percent of total variance. 

Fewer item loadings were problematic on Probe 13 in the eight factor model (4 non-

loading items, 15 double-loading items), but this was not true for Probe 14 (7 non-loading 

items, 18 double-loading items). A summary comparison of the two models is included in 

Table 4.  Examination of the non-loading items that remained on Probe 13 revealed that 

three of the four were Simple Equation problems, each with a variance of less than .02. 

The non-loading items from Probe 14 included one Simple Equation, three Integer, one 

Combining Like Terms, and one Like Terms/Integer combination item. Variances ranged 

from .008 - .160. When non-loading items were removed, PCA with Varimax rotation 

produced models accounting for 41.049 (Probe 13) and 49.564 (Probe 14) percent of total 

variance, in which all items loaded on one of eight factors.  
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Table 4  

Comparison of 5 and 8 Factor Models 

 Probe 13 Probe 14 
Total Variance Explained   
5 Factor Model 30.185 37.831 
8 Factor Model 38.748 46.494 
Number of Items Not Loading   
5 Factor Model 15 9 
8 Factor Model 4 7 
Number of Items Double Loading   
5 Factor Model 12 13* 
8 Factor Model 15 18* 
Total Number of Problematic 
Items 

  

5 Factor Model 27 22 
8 Factor Model 19 25 
* Item #39 triple loaded on both models  

 As initially noted, the number of participants included in this study did not reach 

the minimum threshold required for statistical power in this type of factor analysis, and 

thus these results should be interpreted with caution. However, for purposes of this study, 

the eight component model in which all items loaded was considered to be indicative of 

the presence of a unitary underlying construct, (i.e. basic algebra skills), and so item 

analysis was undertaken. 

Item Analysis 

 Item analysis was conducted using data collected from untimed 

administrations of Probe 13 and Probe 14 that occurred during both the fall and spring 

semesters. Because IRT assigns a difficulty and discrimination value to each item based 

on the total scores obtained by participants, it is not affected by the level of achievement 

of participants, in theory. Thus, while PCA could only be computed using scores of 

spring administration, IRT was conducted on all untimed administrations of the probes. 

Recommended sample size needed for power in item analysis varies, depending on the 
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number of items and the complexity of the model being applied. A general rule of thumb, 

according to Crocker and Angina (2006), is 5 to 10 participants for every item analyzed. 

Using this guideline, between 300 and 600 participants are required for power in item 

analysis of the forms of the Basic Skills probe.  A total of 536 participants were 

administered Probe 13 and 466 participants were administered Probe 14 in untimed 

settings.  

Results of IRT indicate that the distributions of difficulty (b) values across items 

in both forms of the probe did not match the target distribution, which was an equal 

representation of items across difficulty levels.  Both probes contained two outliers, one 

at each end of the spectrum in estimation of difficulty. When these outliers were 

removed, the means and standard deviations of difficulty and discrimination values for 

both forms were similar. Table 5 displays the means and standard deviations of difficulty 

and discrimination parameter estimates for both probes.  

Table 5  

Results of 2-Parameter Item Analysis 

Parameter Statistic Probe 13 Probe 13 
Outliers 
Removed 

Probe 14 Probe 14 
Outliers 
Removed 

Difficulty Mean -2.5677 -2.3635 -1.6869 -1.7679 
 Standard 

Deviation 
4.743 1.5522 10.3322 1.9282 

Discrimination Mean 1.3342 1.3830 1.8009 1.8268 
 Standard 

Deviation 
0.6783 0.6339 0.9377 0.8904 

 

Theta values (that is, the skill level of students) across both probes appeared to be 

normally distributed, indicating that the probes were sensitive to a wide range of student 

skill level. Test Information Curves for Probes 13 and 14 are included in Appendix 5 and 

Theta distribution charts are provided in Appendix 6.  
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Figure 6   Probe 13 Dual Plot Showing a, b, and Θ Distributions 
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Figure 7  Probe 14:  Dual Plot Showing a, b, and Θ Distributions 

 

Linear Regression 

Multiple regression analysis was conducted on data collected from the three timed 

administrations of both probes in the public school Algebra I classes. Time of probe 

administration (Time 1, 2, or 3) was used to predict students’ scores on both probes. 

Correlations between predictors (time 2 and time 3) were determined to pose no threat of 

multicollinearity. Two predictors (time 2 and time 3) were entered simultaneously into 

the analysis. The overall variance explained by the two predictors was 10.9 % for Probe 

13 and 10.4% for Probe 14.  Both predictors were positively related to the outcome 
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variables: time 2 (Probe 13 β = .215, p = .003; Probe 14 β = .17, p  = .019); time 3 

(Probe β = .379, p = .000; Probe14 β=.375, p = .000).  Examination of the Normal P–P 

plots of standardized residuals for both probes reveals a strong linear relationship 

between the predictors of time and the score outcome.  The P-P plots for both probes are 

included in Figures 6 and 7.  

 

 

Figure 8 Probe 13: Normal P-P Plot of Standardized Residuals 
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Figure 9 Probe 14: Normal P-P Plot of Standardized Residuals 

Mean Scores and Slopes 

 While results of linear regression are important in establishing the validity of 

applying the Basic Skills probes as CBM, their usefulness ultimately is determined by 

their sensitivity to growth over time. If first and second administrations accurately predict 

second and third administrations, respectively, but the actual change in raw scores 

between administrations is small, teachers will have a difficult time using the probes as 

CBM without using software for statistical analysis, which ultimately undermines their 

usefulness. Table 6 includes the mean scores, as well as mean slopes of students’ 

improvement scores over the three timed administrations.  
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Table 6  

 Mean Scores and Slopes by Probe 

Probe 
Number 

Mean 
Score 

Time 1 

Mean 
Score 

Time 2 

Mean 
Score 

Time 3 

Mean 
Slope  

Time1 – 
Time 2 

Mean 
Slope 

Time 2 – 
Time 3 

Mean 
Slope 

Time 1 – 
Time 3 

13 18.125 21.654 25.247 .390 .223 .283 
14 22.079 25.813 30.012 .524  .324 .374 

 



 

Chapter V 

Discussion 

Unitary Nature of Probes 13 and 14 

  Before item analysis could be considered, factor analysis was necessary to 

confirm the presence of a unitary underlying construct. Content validity of the Basic 

Skills probes was established during their initial development as part of project AAIMS, 

through lengthy consultation with experienced educational and instructional specialists. 

Initial investigation of a model consistent with the identification of five operations 

comprising the basic skills of algebra failed to produce a five factor model. However, 

examination of the data revealed that several items on each form of the probe required 

application of more than one of the five basic skills in order to reach a correct answer. 

Eight combinations of skills were identified within the individual items. Factor analysis 

confirms that when items are categorized by the eight combinations of basic skills that 

must be applied to solve them, the resulting model is significant and parsimonious, and 

supports the IRT assumption of a unitary underlying construct.  

Additional studies to confirm the unitary nature of the construct being assessed 

are warranted, given sample size limitations of this study. While sample size alone is 

probably not an adequate explanation for the failure of the five factor model, it is 

nonetheless significant. In addition, in consideration that more than half of the items on 

both probes required application of more than one of the five basic skills, an expansion 

from five to eight factors may be warranted. An eight factor model would reflect the eight 

skill combinations identified among the items on the two probes, and might prove to be 

more parsimonious than the five factor model.  
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Another option would be to redesign the probes and include only single skill 

items. Accomplishing such a feat might prove more challenging than expected, when 

consideration is given to the form in which some of the items would have to be presented. 

For example, in order to isolate the distributive property, items would have to exclude the 

use of working with integers and combining like terms. While such items might 

accurately assess the skill of applying the distributive property in isolation, the findings 

may not provide an accurate representation of students’ abilities to apply the distributive 

property within the contexts in which it is normally encountered (i.e. complex, multi-step 

equations).    

Close examination of the data revealed that the majority of items for which no 

clear loading occurred were simple equations, and most were correctly answered by more 

than 90% of respondents. Indeed, one such item could not be included in the analysis, 

because uniformly correct responses from all participants resulted in zero item variance. 

It is possible that the simple equation items are actually too simple to provide meaningful 

information, perhaps because this skill is increasingly being taught to students in lower 

grades, so that those who are enrolled in algebra classes have already mastered it before 

any instruction begins. Another possible explanation for the response pattern seen in 

these items is that students need only complete a single step using mental math in order to 

solve the equations. If the equations included different, less familiar numbers, and/or 

required more than one step of problem solving, the response pattern might differ.  Such 

changes would conflict with the original theory behind construction of Probes 1-12,  

however. As described by Foegen (personal communication, July 3, 2012), simple 

equations were intentionally included in the original probes in order that a portion of the 
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items would assess automaticity of algebraic problem solving, which most closely 

parallels the fluency measured in elementary level math probes, (see Hintze, Christ, and 

Keller, 2002, for this discussion).  The conflict between the theoretical orientation of the 

original probe construction and the violation of the assumptions of IRT that result from 

inclusion of items with little or no variance presents a challenge for future research. Is 

there room for a measure of automaticity in construction of CBM for algebra? Does 

algebraic problem solving automaticity predict successful development of additional 

algebra skills?  

Sensitivity of Probes 13 and 14 to Student Skill Levels 

The confirmation of a unitary underlying trait opened the possibility of applying 

item analysis to assess validity of the Basic Skills probes. Results of item analysis 

indicate that both forms of the Basic Skills probe provide sufficient data across theta 

values to be considered valid for use as CBM. While the test information curves for each 

probe indicate that item difficulty and discrimination values were not distributed as 

evenly as expected, the theta values were normally distributed across both probes. Both 

alpha and theta distributions represented marked improvement over those generated by 

the first twelve forms of the Basic Skills probes, as reported in the initial stage of this 

research by Hoffman-Lach (2009). The finding of a normal distribution of theta values 

ranging from -2 to +2 supports the probes’ sensitivity to varying levels of student 

proficiency.  

Despite the increased sensitivity of the probes to differing levels of student 

proficiency, examination of IIC’s reveals that some items which had previously appeared 

to contribute useful information to the overall TIC, no longer played such a role in the 
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newly configured versions of the probes. For example, the IIC for item 13-16 reveals that 

the item does not discriminate between theta values almost at all, which suggests that its 

inclusion in the revised version of the instrument is not warranted. Interestingly enough, 

several such items with problematic IIC’s were those with low b values, which again 

raises the question of whether items primarily intended to assess automaticity of algebraic 

problem solving should be included in the instrument at all.  

Sensitivity of Probes 13 and 14 to Student Skill Growth Over Time 

 The final question addressed in this study is the sensitivity of Probes 13 and 14 to 

individual student growth over time. Linear regression results indicate a clear predictive 

relationship between time of administration and student performance, indicating that both 

probes are sensitive to student skill level change over time.  This finding supports the use 

of both probes as CBM for Algebra I, and suggests that calculation of a standard rate of 

skill increase over time is possible. 

It is important to note that data used in linear regression analysis was collected 

using the original 60-item forms of each probe, rather than the shorter forms used in the 

final version of factor analysis. Should a shorter form be determined to be a more reliable 

and/or valid instrument through item analysis, additional regression analysis would be 

required to confirm the stability of the probes’ predictive value.  

In addition, the current existence of only two forms of the probe raises the 

question of practice effects, particularly in settings where more frequent assessment (bi-

monthly, for example) is expected. For purposes of practical application, it will be 

necessary to develop several other parallel forms of the Basic Skills probe.  However, this 
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process need not be as tedious or time consuming as the one involved in the creation of 

forms 13 and 14.  

Finally, while the current forms of the Basic Skills probes have not yet been 

perfected, they both appear to be significant improvements upon the original forms. It is 

hoped that the process undertaken in their development will provide valuable information 

regarding the potential for item analysis to be implemented in development of progress 

monitoring CBM that can be used in other areas of secondary mathematics instruction.   

Limitations 

 The original purpose of Hoffman-Lach (2009), of which the current study is a 

part, was to assess the validity of the AAIMS Basic Skills probe without using classical 

test theory. This goal, in itself, presented a challenge due to the timed nature of the test 

versus the assumption of untimed administration when using IRT.  The creation of a 

timed instrument using data collected from untimed administrations of that instrument 

presents an obvious problem. However, data from the untimed administrations of Probes 

13 and 14 were collected solely to be used in factor analysis, for the purpose of 

establishing the validity of the instrument, itself, rather than the validity of its application. 

Does the Basic Skills probe actually measure basic algebra skills or not? Results of IRT 

and factor analysis suggest that it does. Thus, when administered in untimed conditions, 

the Basic Skills probe can be considered a valid measure of basic algebra skills. 

However, the Basic Skills probe was not designed to be used as an untimed assessment. 

Rather, it was designed to be used as a CBM, under timed conditions. Results of linear 

regression suggest that student performance under timed conditions at time one predicts 

performance at time two, and time two performance predicts performance at time three. 
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However, the question of usefulness remains. Are the rates of improvement between 

administrations large enough to be useful as indicators of student growth? How does a 

mean increase of three points in total score over three months translate into useful 

information that an algebra teacher can use for planning? If students are expected to 

increase only one point per month (on average) in performance, how many months must 

pass before a teacher determines that a student is not increasing at the expected rate? The 

risk of over- or under-identification seems quite large, given that a single point may be 

the difference between a child who is referred and a child who is not.  

The most challenging statistical facet of the current study emerged in factor 

analysis. While it is not difficult to define algebra or identify specific skills used in 

solving algebraic equations, reducing those skills to a collection of the most simple and 

basic that must be mastered is not as straightforward as one would expect it to be. While 

the originally identified five skills of solving simple equations, working with integers, 

solving ratio and proportion problems, combining like terms, and applying the 

distributive property are generally agreed upon by experts as the most fundamental of 

algebra skills, this study revealed that these skills do not always appear in isolation from 

one another, even in fairly simple items that students are expected to be able to answer in 

a matter of seconds.  This reality presents a new set of questions. Can a student who does 

not fully grasp working with integers still accurately apply the distributive property? Can 

mastery of combining like terms be achieved in the absence of the ability to work with 

integers?  Is it possible to answer ratio or proportion questions without solving simple 

equations? If the answer to such questions is no, then does the original five factor model 

apply or not? Perhaps the answer to such questions is sometimes. If so, the model 
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becomes more complicated, yet. Future investigation into the question of how to 

accurately define the essential basic skills of algebra and/or how to most accurately 

measure them is certainly warranted. 

An additional limitation to factor analysis was sample size. Failure to consider the 

necessity of using only data collected in the spring for purposes of factor analysis during 

the planning stages of the study resulted in insufficient sample size for power in factor 

analysis. Given the complicated turn that the factor analysis took, it is important to view 

the results of this analysis with caution, as further investigation is warranted. 

 While the benefits of collecting data from an ethnically diverse urban population 

of students are many, geographic limitations of the current study are nonetheless cause 

for notice. Additional field testing of Probes 13 and 14 in other geographic regions of the 

US, as well as in other countries is necessary to confirm their validity for use as intended.  

 All untimed collections of data occurred during normal class meeting times in the 

two parochial schools included in the study. Because this data was not being used to 

calculate growth rate, there was no need to identify individual students for purposes of 

tracking individual progress. However, failure to assign any form of identification to the 

students resulted in a possible confounding factor of dual sampling. Some students who 

completed Probe 13 under untimed conditions also completed Probe 14 at the same time. 

Others did not. It is not possible to determine how many of the participants completed 

one or the other, or both of the probes. Thus, the actual number of participants from the 

parochial schools cannot be accurately reported, and any confounding influence of  

possible dual sampling cannot be calculated.  
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Final Conclusions and Future Directions 

  The current debate over cost and necessity of college education for all Americans 

provides a particularly appropriate backdrop for this study. It may be true that financial 

and job security are linked to successful completion of a college degree, but there is no 

doubt that successful completion of high school increasingly requires successful 

completion of Algebra I. As more students enter algebra classrooms, the need for 

evidence-based instruction and intervention methods increases. Without psychometrically 

sound instruments for measuring progress, there is no way to determine if any given 

intervention is more or less effective than any other. The complex nature of algebra has 

proven challenging not only to new students who are trying to learn it, but also to 

researchers who are trying to measure it. The current study represents a new approach to 

creating psychometrically sound instruments for measuring incremental growth in 

algebra. Results suggest that item analysis may be more beneficial than classical test 

theory in the design of curriculum based measures for algebra. 

 Although it was not the original intent of this study to forge new ground in the 

application of IRT to the development of CBM, the results seem have begun down that 

path, to a small degree. While theoretically, the application of IRT to CBM is logical, in 

practice it is not straightforward.  Two significant differences between use of CBM and 

other achievement tests provide specific challenges. First, in order to be practical, CBM 

typically requires time limits for administration. Thus, most CBM are designed to be 

administered within time constraints, thereby violating the IRT assumption of untimed 

administration. For this reason, untimed administration must be employed for purposes of 

estimating item difficulty and discrimination values during CBM development.  
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 Second, traditional achievement tests such as the SAT, are designed to provide a 

single assessment of an individual’s mastery of a particular skill set. In such applications, 

there is no assumption of ongoing instruction or any attempt to link assessment to 

curriculum, both of which are assumed in CBM. In addition, CBM are designed to be 

administered multiple times to the same respondents. Application of IRT to CBM 

development must be paired with another predictive statistical test in order to determine 

if the administration of the CBM produces reliably predictable scores on subsequent 

administrations. Simply constructing an instrument with the target distribution of theta 

values does not guarantee that the instrument will be sensitive to positive trait change 

over time.   

 While the application of IRT in CBM development is initially labor intensive, the 

results of this study suggest that the effort may well pay off in the longer term. 

Previously, the multi-faceted skill sets associated with secondary school curriculum have 

been difficult to condense into reliable or valid CBM that were efficient and easily 

implemented. However, this study suggests that construction of such CBM is possible, 

and may in fact be fairly straightforward, once item banks are established. Should further 

studies support this finding, secondary teachers may soon have in hand an accurate and 

effective tool for monitoring skill growth across disciplines.   

  

 



 

 

References 

Allsopp, D. H., Kyber, M. M., Lovin, L., Garretson, H., Carson, K. L., & Ray, S. (2008). 

Mathematics dynamic assessment: Informal assessment that responds to the 

needs of struggling learners in mathematics. Teaching Exceptional Children, 

40(3), 6-16. 

Ansley, T. N., & Forsyth, R. A. (1990). An investigaion of the natures of the interaction 

of reading and computational abilities in solving mathematics word problems. 

Applied Measurement in Education, 3(4), 319-329. 

Berninger, V. W. (2002). Best practices in reading, writing, and math assessment-

intervention links: A systems approach for schools, classrooms, and individuals. 

In A. Thomas, & J. Grimes (Eds.), Best Practices in School Psychology (4th ed.). 

(pp. 851-866). Bethesda, MD: National Association of School Psychologists. 

Burns, M. K. (2001). Measuring sight-word acquisition and retention rates with 

curriculum-based assessment. Journal of Psychoeducational Assessment, 19, 

148-157. 

Burns, M. K., Tucker, J. A., Hauser, A., Thelen, R. L., Holmes, K. J., & White, K. 

(2002). Minimum reading fluency rate necessary for comprehension: A potential 

criterion for curriculum-based assessments. Assessment for Effective 

Intervention, 28(1), 1-7. 

Carnine, D. W., Silbert, j., Kame'enui, E. J., & Tarver, S. G. (2004). Direct instruction 

reading (4th ed.). Upper Saddle River, NJ: Prentice Hall. 

 



 57 

Christ, T. J., & Schanding, G. T. (2007). Curriculum-based measures of computational 

skills: A comparison of group performance in novel, reward, and neutral 

conditions. School Psychology Review, 36(1), 147-158. 

Connolly, A. J. (2007). Keymath-3 Diagnostic Assessment. Minneapolis, MN: NCS 

Pearson, Inc. 

Cook, L. L., Eignor, D. R., & Taft, H. L. (1988). A comparative study of the effects of 

recency of instruction on the stability of IRT and conventional item parameter 

estimates. Journal of Educational Measurement, 25(1), 31-45. 

Crocker, L., & Algina, J. (2006). Introduction to Classical & Modern Test Theory. US: 

Thomson Wadsworth. 

Deno, S. L. (2003). Developments in curriciulum-based measurement. The Journal of 

Special Education, 37(3), 184-192. 

Deno, S. L. (1992). The nature and develoment of curriculum-based measurement. 

Preventing School Failure , 36(2), 5-10. 

Deno, S. L., Espin, C. A., & Fuchs, L. S. (2002). Evaluation strategies for preventing and 

remediating basic skill deficits. In Shinn, Walker, & Stoner (Eds.), Interventions 

for academic and behavior problems II: Preventive and remedial approaches (pp. 

213-241). 

Ercikan, K., Gierl, M. J., McCreith, T., Puhan, G., & Koh, K. (2004). Comparability of 

bilingual versions of assessments: Sources of incomprability of English and 

French version of Canada's National Achievement Tests. Applied Measurement 

in Education, 17(3), 301-321. 

 



 58 

Foegen, A., & Deno, S. L. (2001). Indentifying growth indicators for low-achieving 

students in middle school mathematics. The Journal of Special Education, 35(1), 

4-16. 

Foegen, A., Jiban, C., & Deno, S. (2007). Progress monitoring measures in mathematics: 

A review of the literature. The Journal of Special Education, 4(2), 121-139. 

Foegen, A., Olson, J. R., & Impecoven-Lind, L. (2008). Developing progress monitoring 

measures for secondary mathematics: An illustration in algebra. Assessment for 

Effective Intervention, 33(4), 240-249. 

Fuchs, L. S. (2002). Best practices in defining student goals and outcomes. In A. Thomas, 

& J. Grimes (Eds.), Best Practices in School Psychology, Vol. IV (pp. 553-564). 

Bethesda, MD: National Association of School Psychologists. 

Fuchs, L. S., & Fuchs, D. (1992). Identifying a measure for monitoring student reading 

progress. School Psychology Review, 21(1), 45-58. 

Fuchs, L. S., Tindal, G., & Fuchs, D. (1986). Effects of mastery learning procedures on 

student achievement. Journal of Educational Research, 79(5), 286-291. 

Fuchs, L., Fuchs, D., & Maxwell, L. (1988). The validity of informal reading 

comprehension measures. Remedial and Special Education, 9(2), 20-27. 

Gierl, M. J., Henderson, D., Jodoin, M., & Klinger, D. (2001). Minimizing the influence 

of item parameter estimation errors in test development: A comparison of three 

selection procedures. The Journal of Experimental Education, 69(3), 261-279. 

Green, D. R., Yen, W. M., & Burket, G. R. (1989). Experiences in the application of item 

response theroy in test construction. Applied Measurement in Education, 2(4), 

297-312. 

 



 59 

Hambleton, R. K., Merenda, P. F., & Spielberger, C. D. (Eds.). (2005). Adapting 

Educational and Psychological Tests for Cross-Cultural Assessment. Mahwah, 

NJ: Lawrence Erlbaum Associates. 

Hambleton, R. K., Swaminathan, H., & Rogers, H. J. (1991). Fundamentals of Item 

Resopnse Theory. Newbury Park, CA: Sage Pulications. 

Hamilton, C., & Shinn, M. R. (2003). Characteristics of word callers: An investigation of 

the accuracy of teachers' judgments of reading comprehension and oral reading 

skills. School Psychology Review, 32(2), 228-241. 

Harcourt Educational Measurement. (1996). Stanford Achievement Test Series, Ninth 

Edition. San Antonio, TX: Harcourt Educational Measurement. 

Hintze, J. M., Christ, T. J., & Keller, L. A. (2002). The generalizability of CBM survey-

level mathematics assessments: Just how many samples do we need? School 

Psychology Review, 31(4), 514-528. 

Hoffman-Lach, R. (2009). Assessing progress monitoring measures in algebra 

(Unpublished doctoral candidacy thesis). University of Houston, Houston, TX. 

Keller-Margulis, M., Shapiro, E., & Hintze, J. M. (2008). Long-term diagnostic accuracy 

of curriculum-based measures in reading and mathematics. School Psychology 

Review, 37(3), 374-390. 

Lane, S., Stone, C. A., Ankenmann, R. D., & Liu, M. (1995). Examination of the 

assumptions and propoerties of the graded item response model: An example 

using a mathematics performance assessment. Applied Measurement in 

Education, 8(4), 313-340. 

 



 60 

Maccini, P., Mulcahy, C. A., & Wilson, M. G. (2007). A follow-up of mathematics 

interventionof secondary students with learning disabilities. Learning Disabilities 

Research & Practice, 22(1), 58-74. 

Marsh, H. W., Trautwein, U., Ludtke, O., Koller, O., & Baumert, J. (2005). Academic 

self-concept, interest, grades, and standardized test scores: Reciprocal effects 

models of causal ordering. Child Development, 76(2), 397-416. 

Morgan, C., & Watson, A. (2002). The interpretative nature of teachers. Journal for 

Research in Mathematics Education, 33(2), 78-110. 

Naglieri, J. A., & Das, J. P. (1997). The Das-Naglieri Cognitive Assessment System. 

Riverside Publishing. 

National Council of Teachers of Mathematics. (1995). Principles and Standards; 

Assessment Standards. Reston, VA: National Council of Teachers of 

Mathematics.No Child Left Behind Act of 2001, 20 U.S.C. § 6301. 

Oshima, T. C. (1994). The effect of speedeness on parameter estimation in item response 

theory. Journal of Educational Measurement, 31(3), 200-219. 

Perkmen, S., Foegen, A., & Olson, J. (2006). A replication study of the reliability, 

criterion validity, and sensitivity to growth of two algebra progress monitoring 

measures (Technical Report #13). Ames, IA: Iowa State University Project 

AAIMS: Algebra Assessment and Instruction -- Meeting Standards.  

Rathvon, N. (1999). Effective school interventions: Strategies for enhancing academic 

achievement and social competence. New York, NY: Guilford Press. 

Rivera, D. P. (1997). Mathematics education and students with learning disabilities: 

Introduction to the special series. Journal of Learning Disabilities, 30(1), 2-19. 

 



 61 

Shapiro, E. S. (2004). Academic skills problems: Direct assessment and intervention. 

New York, NY: The Guilford Press. 

Shinn, M. R. (2002). Best pracitces in using curriculum-based measurement in a 

problem-solving model. In A. Thomas, & J. Grimes (Eds.), Best Practices in 

School Psychology, vol. IV (pp. 671-697). Bethesda, MD: National Association 

of School Psychologists. 

Shinn, M. R. (1989). Curriculum-Based Measurement: Assessing Special Children. New 

York, NY: Guilford Press. 

Stecker, P. M., Fuchs, L. S., & Fuchs, D. (2005). Using curriculum-based measurement 

to improve student achievement: Review of research. Psychology in the Schools, 

42(8), 795-819. 

Stecker, P. M., Lembke, E. S., & Foegen, A. (2008). Using progress-monitoring data to 

improve instructional decision making. Preventing School Failure, 52(2), 48-58. 

Tindal, G., Fuchs, L. S., Fuchs, D., Shinn, M. R., Deno, S. L., & Germann, G. (1985). 

Empirical validation of criterion-referenced tests. Journal of Educational 

Research, 78(4), 203-209. 

U.S. Department of Education, National Mathematics Advisory Panel. (2008). 

Foundations for success: The final report of the national mathematics advisory 

panel.  Retrieved from http://www2.ed.gov/about/bdscomm/list/mathpanel 

/index.html 

U.S. Department of Education, National Mathematics Advisory Panel. (2008). Report of 

the Task Group on Instructional Practices (Chapter 6). Foundations for success: 

 



 62 

The final report of the national mathematics advisory panel. Retrieved from  

http://www2.ed.gov/about/bdscomm/list/mathpanel/reports.html 

Vaughn, S., Linan-Thompson, S., & Hickman, P. (2003). Response to instruction as a 

means of identifying students with reading/learning disabilities. Exceptional 

Children, 69(4), 391-401. 

Witzel, B. S., Mercer, C. D., & Miller, M. D. (2003). Teaching algebra to students wtih 

learning difficulties: An investigation of an explicit instruction model. Learning 

Disabilities Research and Practice, 18(2), 121-131. 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



 63 

 

 

 

 

 

\ 

 

 

 

Appendix  A 

Skills Probe 13 
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Evaluate: 

4 – (– 2) + 8        
  

 Solve: 

s
9

81
 s =    

Simplify: 

– 2m – 6m – 5m
2 

 – 2 

 

 Simplify: 

5(g – 6) – 9 

 

Simplify: 

9w – 4(w – 6) 

 

 Simplify: 

3j – 9(j + 1) – 5 

 

Evaluate: 

6 + (– 2) + 7 

  

 Solve: 

r + 2 = 6 r = 

 

Solve: 



10

v


450

45
 v = 

 

 Evaluate:  

8 – (– 6) – 4 

                       

Simplify: 

e + 6e + e 

 

 Solve: 

7 – 5 = g g = 

 

Simplify: 

13 – 7(a – 8) – 2a 

 

 Evaluate: 

– 7 + (– 9) – 3 

 

Solve: 

6 • 3 = a a = 
 

 Evaluate: 

6 + (– 7) – 3  5-43 

Simplify: 

s + 2s – 4s  
                                 

 Simplify: 

15 – 2(t – 7) – t 
 

Simplify: 

9k – 5(k + 8)  

 

 Solve: 

8 + 9 = s s = 
     

Simplify: 

3 – 2b + 8(b – 1)  

 

 Simplify: 

p – 4(p + 5) – 7 

 

Solve: 

n • 4 = 20                    n =         

 Solve:  

3 tsp. = 1  

____ tsp. = 3 Tbsp.   

Solve: 

1 yd. = 3 ft. 

____ yds. =  30 ft. 

 

 Simplify: 

– 2w + 5w
2
– 9w

2
 – 7w  

Simplify: 

10 – 3(e – 3) – 6e 
 

 Simplify: 

3x – 6(x + 4) 

 

Evaluate: 

– 3 + (– 5) + (– 2) 

 

 Solve: 
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9
 s s = 
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Simplify: 

3 – 5w + 4(w – 3) 

 

 Evaluate: 

6 – (– 5) – 1  

 

Solve:    

63

5.4 b
  b = 

 Simplify: 

h + 7(h + 5) – 4   

Solve: 

9 • 5 = a a = 
     

 Simplify: 

7d + 2(d + 6) – 3 
 

Simplify: 

k + 8(k + 1) + 4  

 Evaluate: 

9 + (– 3) – 8 

                      

Evaluate: 

– 7 + 3 + (– 5) 

 

 Solve: 

5

2

20


i
 i = 

Solve:  

3 tsp. = 1 Tbsp. 

____ tsp. = 4 Tbsp 

 Solve: 

 16 c.= 1 gal. 

____ c. = ½ gal.   

Simplify: 

6f + 3f – f  

 

  Solve: 

w • 5 = 45 w =    

Evaluate: 

– 2 + (– 5) + (– 8)     

 Solve:     

12 in. = 1 ft. 

____ in. =  4 ft. 

Simplify: 

4(k + 6) – 2k – 3 

 

 Simplify: 

2(m – 3) – 7    

Solve: 

120

3015


f
 f =  

 Simplify: 

6w – 9w + 1 + 7 

 

Evaluate: 

1 + (– 5) – 3 

 

 Solve: 

10 – v = 4 v = 
 

Simplify: 

8 – 5(x + 1)     

 Simplify: 

9m – 6m + m
2 

– 5m
2     

 

Evaluate: 

– 6 + 2 + 3   

 

 Simplify: 

6(s + 5) + 8s 

  

Simplify: 

5(d – 7) + 5 + 3d 

 

 Simplify: 

3a – 5a – a 

 

Evaluate: 

– 6 – 9 + (– 4)     

 Solve: 

3 + 2 = v v =  
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Evaluate: 
7 – (– 5) + 4 d =   

 Solve: 
a • 9 = 27 a = 
  

Simplify: 
x + 4(x – 6) – 10  
 

 Solve: 
1 yd. = 3 ft. 
10 yds. = ____ ft. 
 

Solve: 
6 • 6 = m m =  
 

 Simplify: 
 – 4 + 5(9 + s)  
 

Solve: 
6 + 4 = j j = 
  

 Simplify: 
2(e – 6) + 7e + 9 
  

Simplify: 
3 + 4k + 4(k – 6) 
 

 Solve: 

15
10

3
=

n  n =    

Simplify: 
c – 3(c + 2) + 8     

 Simplify: 
8s + 2(s – 3) 
 

Solve: 
z + 5 = 10 z = 
 

 Simplify: 
6 – 2(y + 3) 
 

Solve: 

400
2550

=
i

 i = 

 

 Solve:  
32 ÷ d = 8 d = 
 

Simplify: 
4 + 7t2 – 6 + 3t2 
 

 Simplify: 
1 – 4w + 5(w + 2)     

Solve: 

f
30

5
15

=   f =   

 Evaluate: 
7 – (– 2) + 8     
  

Solve: 
6s = 30 s = 
 

 Simplify: 
4x + 8(x – 6)     

Simplify: 
– 8(e + 2) – 3  

 Simplify: 
– 3t – 6 – 4 – 2t     

Simplify: 
12 + d + 7d – 1 
 

 Simplify: 
8 – 6d + 4(d – 3) 
  

Simplify: 
– 4(e + 3) + 6 
 

 Simplify: 
5k2 – 6k + 7 + 8k2 
 

Solve: 
t ÷ 4 = 3 t = 
 

 Evaluate: 
– 2 + (– 5) – 7 
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Simplify: 
2 – 7r + 2(r – 5) 
 

 Solve: 
z + 7 = 13 z = 
 

 Simplify: 
2n – 6n – 4n 
 

 Simplify: 
9(c + 3) – 4c  
 

Solve: 

f
40

5
4
=   f =   

 Simplify: 
– 2(v – 1) – 6 + 4v    

Simplify: 
x(9 – x) – 6x + 6 
  

 Simplify: 
5s – 9s + 6 + 4 
 

Solve: 
d • 7 = 49 d = 
 

 Simplify: 
6r – 5 – 2r + 6     

Solve: 
9 + a = 16 a =  
 

 Solve: 
5 • 4 = d d = 

Simplify: 
8 – b + 5(b + 6) 
 

  Simplify: 
6m + 4(m + 5)  
 

Evaluate: 
9 + (– 4) – 8 
 

 Evaluate: 
– 9 + (– 1) + (– 4)   

Simplify: 
– 5a – 1 – 4 – 3a    

 Solve: 
1 lb. = 16 oz. 
1½ lbs. = ____ oz. 
 

Solve: 

25
20

5
=

r
 r =     

 Simplify; 
– 3 – 5x2 + 2x + 7x2 
 

Simplify: 
6c + c + c    

 Simplify: 
5k – 8k + 5 + 8 
 

Solve: 
5s = 25 s = 
 

 Simplify: 
7p – 4(p + 4) 
 

Evaluate: 
– 5 + 7 + (– 4) 
   

 Simplify: 
2c + 3(c – 2) 
  

Solve: 
y + 4 = 7 y = 
 

 Simplify: 
4(d – 3) + 1 + 3d 
 

Simplify: 
3g + 6 + 8g – 9    

 Evaluate: 
5 – (– 3) + 9 
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Probe 13 5 Factor Principal Components Analysis 
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KMO and Bartlett's Test 

Kaiser-Meyer-Olkin Measure of Sampling Adequacy. .828 

Bartlett's Test of Sphericity Approx. Chi-Square 7254.807 

df 1770 

Sig. .000 

 

 

Communalities 

 Initial Extraction 

13-1 1.000 .108 

13-2 1.000 .178 

13-3 1.000 .360 

13-4 1.000 .141 

13-5 1.000 .182 

13-6 1.000 .342 

13-7 1.000 .415 

13-8 1.000 .018 

13-9 1.000 .373 

13-10 1.000 .491 

13-11 1.000 .365 

13-12 1.000 .179 

13-13 1.000 .274 

13-14 1.000 .472 

13-15 1.000 .146 

13-16 1.000 .146 

13-17 1.000 .330 

13-18 1.000 .446 

13-19 1.000 .037 

13-20 1.000 .155 

13-21 1.000 .120 

13-22 1.000 .139 

13-23 1.000 .192 

13-24 1.000 .452 

13-25 1.000 .250 

13-26 1.000 .514 

13-27 1.000 .336 

13-28 1.000 .249 
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13-29 1.000 .511 

13-30 1.000 .305 

13-31 1.000 .254 

13-32 1.000 .211 

13-33 1.000 .156 

13-34 1.000 .521 

13-35 1.000 .379 

13-36 1.000 .333 

13-37 1.000 .303 

13-38 1.000 .243 

13-39 1.000 .183 

13-40 1.000 .287 

13-41 1.000 .278 

13-42 1.000 .302 

13-43 1.000 .234 

13-44 1.000 .408 

13-45 1.000 .245 

13-46 1.000 .366 

13-47 1.000 .350 

13-48 1.000 .415 

13-49 1.000 .170 

13-50 1.000 .180 

13-51 1.000 .366 

13-52 1.000 .298 

13-53 1.000 .343 

13-54 1.000 .357 

13-55 1.000 .352 

13-56 1.000 .235 

13-57 1.000 .200 

13-58 1.000 .552 

13-59 1.000 .300 

13-60 1.000 .421 

Extraction Method: Principal Component 

Analysis. 
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Total Variance Explained 

Component 

Initial Eigenvalues Extraction Sums of Squared Loadings Rotation Sums of Squared Loadings 

Total % of Variance Cumulative % Total % of Variance Cumulative % Total % of Variance Cumulative % 

1 7.842 13.069 13.069 7.842 13.069 13.069 5.690 9.483 9.483 

2 3.748 6.247 19.316 3.748 6.247 19.316 3.940 6.567 16.050 

3 2.126 3.544 22.860 2.126 3.544 22.860 2.830 4.717 20.767 

4 2.075 3.458 26.318 2.075 3.458 26.318 2.587 4.311 25.078 

5 1.677 2.796 29.114 1.677 2.796 29.114 2.421 4.036 29.114 

6 1.584 2.640 31.754       

7 1.533 2.555 34.309       

8 1.434 2.390 36.699       

9 1.368 2.280 38.979       

10 1.331 2.218 41.197       

11 1.312 2.187 43.384       

12 1.225 2.042 45.426       

13 1.201 2.002 47.428       

14 1.159 1.931 49.359       

15 1.132 1.887 51.245       

16 1.094 1.823 53.069       

17 1.059 1.765 54.834       

18 1.028 1.713 56.547       

19 1.019 1.698 58.245       

20 .994 1.657 59.902       

21 .966 1.610 61.512       

22 .940 1.567 63.079       

23 .921 1.535 64.614       

24 .909 1.515 66.129       

25 .883 1.471 67.600       

26 .856 1.426 69.026       

27 .815 1.358 70.384       

28 .788 1.313 71.697       

29 .761 1.268 72.965       

30 .751 1.251 74.217       

31 .738 1.229 75.446       

32 .718 1.197 76.643       

33 .702 1.169 77.813       

34 .682 1.136 78.949       

35 .676 1.127 80.076       

36 .671 1.118 81.195       
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37 .650 1.083 82.278       

38 .642 1.070 83.348       

39 .607 1.011 84.359       

40 .593 .988 85.347       

41 .581 .968 86.316       

42 .572 .953 87.269       

43 .560 .933 88.202       

44 .555 .925 89.127       

45 .532 .887 90.014       

46 .497 .828 90.842       

47 .482 .803 91.645       

48 .474 .790 92.435       

49 .465 .775 93.209       

50 .439 .731 93.940       

51 .434 .723 94.663       

52 .417 .695 95.358       

53 .405 .675 96.033       

54 .393 .655 96.687       

55 .373 .622 97.309       

56 .351 .585 97.894       

57 .337 .561 98.455       

58 .322 .537 98.992       

59 .317 .528 99.520       

60 .288 .480 100.000       

Extraction Method: Principal Component Analysis. 
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Component Matrix
a
 

 
Component 

1 2 3 4 5 

13-1 .145 .107 .092 .259 -.004 

13-2 .281 -.093 .153 -.132 .223 

13-3 .415 -.393 -.012 .021 .179 

13-4 .206 .007 .296 .063 .083 

13-5 .075 .112 -.067 .374 -.140 

13-6 .315 -.032 .459 .061 -.165 

13-7 .431 -.423 -.080 .030 .207 

13-8 -.018 -.014 .045 .000 .126 

13-9 .263 -.016 .523 -.004 -.173 

13-10 .458 -.461 -.186 -.165 -.084 

13-11 .469 -.325 .001 .039 .193 

13-12 .174 .225 .058 .304 .046 

13-13 .143 .114 -.091 .459 -.147 

13-14 .571 -.348 -.009 .132 .086 

13-15 .157 -.023 .222 .257 -.077 

13-16 .023 .035 -.199 -.005 .323 

13-17 .450 -.265 .179 .064 .145 

13-18 .512 -.372 -.193 .049 .080 
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13-19 -.025 -.102 .095 .124 -.038 

13-20 .262 -.075 .068 .204 -.186 

13-21 .126 .029 -.166 .236 -.142 

13-22 .216 -.018 .169 .213 .136 

13-23 .411 -.113 .097 .022 .016 

13-24 .512 -.375 -.007 .158 .155 

13-25 .187 .338 -.205 -.018 .242 

13-26 .596 -.320 -.237 .010 .003 

13-27 .208 .057 -.132 .521 -.037 

13-28 .481 -.121 .008 -.049 .011 

13-29 .588 -.300 -.258 -.041 -.081 

13-30 .187 .155 -.259 .164 .390 

13-31 .484 -.083 .047 -.103 .012 

13-32 .196 .227 .123 .239 -.222 

13-33 .173 .348 -.003 -.055 .033 

13-34 .561 .033 -.195 -.186 -.363 

13-35 .418 .127 .293 -.091 .308 

13-36 .223 .245 -.271 .384 -.050 

13-37 .499 .137 .116 -.063 -.134 

13-38 .435 .178 .045 .077 -.116 

13-39 .356 .062 .119 -.129 -.148 

13-40 .160 .245 -.117 .410 -.140 

13-41 .313 .320 .157 .136 .187 

13-42 .515 -.116 -.138 -.041 .047 

13-43 .354 .231 .198 .118 .043 

13-44 .571 -.109 -.156 -.144 -.157 

13-45 .360 .161 .221 .052 .195 

13-46 .210 .383 -.153 -.172 .349 

13-47 .349 .387 .218 -.171 -.048 

13-48 .412 .132 -.291 -.234 -.296 

13-49 .258 .307 .009 -.037 .083 

13-50 .150 .314 -.187 .120 -.098 

13-51 .168 .381 -.405 .148 .082 

13-52 .205 .483 .028 -.064 .133 

13-53 .435 .337 .123 -.098 -.124 

13-54 .564 .064 .135 .102 .082 

13-55 .510 .264 .059 -.128 -.048 

13-56 .147 .352 -.225 -.087 .177 

13-57 .389 .116 .021 -.186 -.010 

13-58 .514 .138 -.210 -.284 -.380 
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13-59 .385 .258 .230 -.177 -.021 

13-60 .189 .524 -.150 -.273 .122 

Extraction Method: Principal Component Analysis. 

a. 5 components extracted. 

 

 

Rotated Component Matrixa 

 
Component 

1 2 3 4 5 

13-1 .029 .172 -.005 -.064 .271 

13-2 .283 .243 .067 -.083 -.166 

13-3 .590 .058 -.055 -.064 -.034 

13-4 .112 .333 -.073 -.109 .022 

13-5 -.026 .005 -.028 .019 .425 

13-6 .121 .485 -.292 .061 .062 

13-7 .640 .004 -.021 -.067 -.024 

13-8 .018 .025 .032 -.119 -.047 

13-9 .058 .516 -.317 .058 -.013 

13-10 .623 -.078 -.104 .272 -.109 

13-11 .588 .123 -.005 -.056 .005 

13-12 -.003 .209 .109 -.080 .342 

13-13 .027 .018 -.020 .021 .522 

13-14 .654 .148 -.069 .022 .131 

13-15 .074 .221 -.186 -.066 .230 

13-16 .114 -.107 .303 -.169 -.030 

13-17 .493 .266 -.095 -.082 .014 

13-18 .656 -.025 .012 .094 .077 

13-19 .021 .008 -.160 -.077 .070 

13-20 .182 .137 -.166 .115 .250 

13-21 .076 -.067 .008 .113 .311 

13-22 .176 .226 -.021 -.172 .165 

13-23 .353 .242 -.030 .072 .055 

13-24 .646 .110 -.066 -.067 .117 

13-25 .025 .092 .482 .008 .091 

13-26 .673 .005 .049 .221 .100 

13-27 .147 .000 .026 -.062 .557 

13-28 .422 .212 .036 .156 .024 

13-29 .636 -.008 .035 .313 .083 

13-30 .191 -.026 .444 -.194 .181 
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13-31 .391 .262 .050 .172 -.023 

13-32 -.070 .261 -.050 .139 .341 

13-33 -.082 .233 .276 .117 .069 

13-34 .324 .154 .075 .616 .089 

13-35 .243 .508 .195 -.124 -.093 

13-36 .060 -.014 .233 .084 .517 

13-37 .218 .400 .066 .288 .094 

13-38 .169 .322 .097 .224 .226 

13-39 .155 .300 -.006 .263 -.011 

13-40 -.037 .063 .088 .072 .518 

13-41 .050 .410 .252 -.086 .191 

13-42 .480 .123 .139 .183 .059 

13-43 .090 .421 .111 .018 .189 

13-44 .465 .138 .074 .408 .034 

13-45 .170 .424 .153 -.088 .072 

13-46 .027 .175 .575 -.011 -.066 

13-47 -.045 .508 .201 .224 -.011 

13-48 .189 .049 .199 .579 .043 

13-49 .015 .270 .286 .090 .078 

13-50 -.071 .052 .241 .189 .280 

13-51 -.012 -.068 .490 .126 .325 

13-52 -.123 .331 .404 .067 .071 

13-53 .049 .454 .182 .304 .096 

13-54 .366 .419 .109 .059 .180 

13-55 .179 .421 .233 .291 .061 

13-56 -.026 .062 .471 .080 .045 

13-57 .197 .275 .169 .232 -.056 

13-58 .221 .165 .146 .674 .025 

13-59 .065 .486 .139 .194 -.050 

13-60 -.136 .217 .550 .219 -.069 

Extraction Method: Principal Component Analysis.  

 Rotation Method: Varimax with Kaiser Normalization. 

a. Rotation converged in 9 iterations. 
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Component Transformation Matrix 

Component 1 2 3 4 5 

1 .722 .522 .205 .346 .212 

2 -.616 .399 .606 .168 .254 

3 -.187 .750 -.514 -.314 -.199 

4 .031 -.058 -.190 -.410 .890 

5 .252 .047 .538 -.765 -.243 

Extraction Method: Principal Component Analysis.   

 Rotation Method: Varimax with Kaiser Normalization.  
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Probe 14  5 Factor Principal Components Analysis 
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Notes 

Output Created 27-Jan-2012 10:41:31 

Comments   

Input Data F:\DataCollection\Probes13&14\14UntimedSpring.sav 

Active 

Dataset 

DataSet8 

Filter <none> 

Weight <none> 

Split File <none> 

N of Rows in 

Working 

Data File 

241 

Missing 

Value 

Handling 

Definition of 

Missing 

MISSING=EXCLUDE: User-defined missing values are treated as missing. 

Cases Used LISTWISE: Statistics are based on cases with no missing values for any variable used. 

Syntax FACTOR 

  /VARIABLES @141 @142 @143 @144 @145 @146 @147 @148 @149 @1410 @1411 

@1412 @1413 @1414 @1415 @1416 @1417 @1418 @1419 @1420 @1421 @1422 

@1423 @1424 @1425 @1426 @1427 @1428 @1429 @1430 @1431 @1432 @1433 

@1434 @1435 @1436 @1437 @1438 @1439 @1440 @1441 @1442 

@1443 @1444 @1445 @1446 @1447 @1448 @1449 @1450 @1451 @1452 @1453 

@1454 @1455 @1456 @1457 @1458 @1459 @1460 

  /MISSING LISTWISE 

  /ANALYSIS @141 @142 @143 @144 @145 @146 @147 @148 @149 @1410 @1411 

@1412 @1413 @1414 @1415 @1416 @1417 @1418 @1419 @1420 @1421 @1422 

@1423 @1424 @1425 @1426 @1427 @1428 @1429 @1430 @1431 @1432 @1433 

@1434 @1435 @1436 @1437 @1438 @1439 @1440 @1441 @1442 

@1443 @1444 @1445 @1446 @1447 @1448 @1449 @1450 @1451 @1452 @1453 

@1454 @1455 @1456 @1457 @1458 @1459 @1460 

  /PRINT INITIAL KMO EXTRACTION ROTATION 

  /PLOT ROTATION 

  /CRITERIA FACTORS(5) ITERATE(25) 

  /EXTRACTION PC 

  /CRITERIA ITERATE(25) 

  /ROTATION VARIMAX 

  /METHOD=CORRELATION. 

 

Resources Processor 

Time 

00 00:00:01.981 
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Elapsed 

Time 

00 00:00:02.107 

Maximum 

Memory 

Required 

404280 (394.805K) bytes 

 

 
KMO and Bartlett's Test 

Kaiser-Meyer-Olkin Measure of Sampling Adequacy. .824 
Bartlett's Test of Sphericity Approx. Chi-Square 6067.053 

df 1770 

Sig. .000 

 

 
Communalities 

 Initial Extraction 

14-1 1.000 .050 

14-2 1.000 .241 

14-3 1.000 .573 

14-4 1.000 .009 

14-5 1.000 .352 

14-6 1.000 .777 

14-7 1.000 .085 

14-8 1.000 .346 

14-9 1.000 .532 

14-10 1.000 .326 

14-11 1.000 .159 

14-12 1.000 .358 

14-13 1.000 .060 

14-14 1.000 .495 

14-15 1.000 .184 

14-16 1.000 .032 

14-17 1.000 .231 

14-18 1.000 .076 

14-19 1.000 .558 

14-20 1.000 .262 

14-21 1.000 .537 

14-22 1.000 .740 
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14-23 1.000 .180 

14-24 1.000 .769 

14-25 1.000 .058 

14-26 1.000 .423 

14-27 1.000 .175 

14-28 1.000 .798 

14-29 1.000 .254 

14-30 1.000 .311 

14-31 1.000 .241 

14-32 1.000 .215 

14-33 1.000 .448 

14-34 1.000 .255 

14-35 1.000 .224 

14-36 1.000 .314 

14-37 1.000 .395 

14-38 1.000 .369 

14-39 1.000 .428 

14-40 1.000 .455 

14-41 1.000 .552 

14-42 1.000 .747 

14-43 1.000 .375 

14-44 1.000 .644 

14-45 1.000 .401 

14-46 1.000 .393 

14-47 1.000 .374 

14-48 1.000 .436 

14-49 1.000 .493 

14-50 1.000 .434 

14-51 1.000 .632 

14-52 1.000 .566 

14-53 1.000 .616 

14-54 1.000 .197 

14-55 1.000 .338 

14-56 1.000 .503 

14-57 1.000 .357 

14-58 1.000 .379 

14-59 1.000 .478 

14-60 1.000 .488 

Extraction Method: Principal Component Analysis. 
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Total Variance Explained 

Component 

Initial Eigenvalues 

Extraction Sums of Squared 

Loadings 

Rotation Sums of Squared 

Loadings 

Total 

% of 

Variance 

Cumulative 

% Total 

% of 

Variance 

Cumulative 

% Total 

% of 

Variance 

Cumulative 

% 

1 11.821 19.702 19.702 11.821 19.702 19.702 6.698 11.163 11.163 

2 3.757 6.261 25.963 3.757 6.261 25.963 5.867 9.778 20.941 

3 2.725 4.541 30.504 2.725 4.541 30.504 4.451 7.418 28.359 

4 2.450 4.083 34.587 2.450 4.083 34.587 3.163 5.272 33.631 

5 1.947 3.244 37.831 1.947 3.244 37.831 2.520 4.200 37.831 

6 1.846 3.077 40.908       

7 1.811 3.018 43.926       

8 1.507 2.512 46.438       

9 1.496 2.493 48.931       

10 1.394 2.323 51.254       

11 1.354 2.257 53.511       

12 1.259 2.098 55.610       

13 1.212 2.021 57.630       

14 1.166 1.943 59.573       

15 1.103 1.838 61.412       

16 1.050 1.750 63.162       

17 1.037 1.728 64.890       

18 .997 1.661 66.551       

19 .950 1.583 68.134       

20 .935 1.558 69.692       

21 .923 1.538 71.231       

22 .877 1.461 72.692       

23 .839 1.399 74.090       

24 .798 1.330 75.421       

25 .777 1.295 76.715       

26 .756 1.260 77.975       

27 .739 1.232 79.207       

28 .680 1.134 80.341       

29 .656 1.093 81.434       

30 .634 1.056 82.490       

31 .599 .998 83.488       

32 .588 .980 84.468       

33 .568 .947 85.414       
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34 .553 .922 86.337       

35 .524 .873 87.210       

36 .508 .847 88.057       

37 .484 .806 88.863       

38 .464 .773 89.637       

39 .447 .746 90.382       

40 .438 .730 91.112       

41 .428 .713 91.825       

42 .422 .703 92.528       

43 .381 .635 93.163       

44 .373 .621 93.785       

45 .365 .609 94.394       

46 .339 .564 94.958       

47 .331 .551 95.509       

48 .315 .525 96.034       

49 .288 .480 96.514       

50 .282 .469 96.983       

51 .268 .446 97.429       

52 .230 .383 97.813       

53 .224 .373 98.185       

54 .208 .347 98.533       

55 .179 .298 98.830       

56 .175 .292 99.122       

57 .148 .246 99.368       

58 .135 .225 99.593       

59 .130 .217 99.810       

60 .114 .190 100.000       

Extraction Method: Principal Component Analysis. 

 

 
Component Matrixa 

 
Component 

1 2 3 4 5 

14-1 .063 -.034 -.108 .172 -.062 

14-2 .278 .267 .202 -.139 -.180 

14-3 .554 .412 -.280 -.063 .117 

14-4 -.049 -.004 -.067 .025 -.039 

14-5 .368 .223 .339 -.187 -.130 

14-6 .355 .556 .243 .532 -.025 
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14-7 -.003 -.043 .114 .007 .264 

14-8 .135 -.015 .316 -.180 .442 

14-9 .549 .251 -.335 .025 .234 

14-10 .213 .137 .376 -.284 .202 

14-11 .243 -.152 .193 .044 .193 

14-12 .441 .239 .239 -.195 -.110 

14-13 .220 .099 -.031 .002 .020 

14-14 .517 .318 -.309 -.081 .158 

14-15 .164 -.157 .265 -.079 .236 

14-16 -.036 -.038 .077 -.063 .138 

14-17 .193 .168 .290 -.183 .221 

14-18 .221 -.109 .081 .090 .016 

14-19 .487 .411 -.331 -.143 .148 

14-20 .284 .030 .274 -.243 -.216 

14-21 .523 .313 -.311 -.079 .249 

14-22 .301 .455 .348 .564 -.058 

14-23 .006 -.008 .294 -.139 .273 

14-24 .340 .403 .371 .579 -.131 

14-25 .172 -.101 .012 .134 -.009 

14-26 .497 .334 -.230 -.109 .002 

14-27 .244 -.224 -.052 .170 .185 

14-28 .429 .555 .170 .526 .006 

14-29 .455 .155 -.003 -.142 .056 

14-30 .455 -.208 .225 .079 -.065 

14-31 .436 .082 .039 -.157 -.134 

14-32 .385 -.064 .195 -.035 .152 

14-33 .318 -.039 .415 -.212 .359 

14-34 .357 .048 .073 -.255 -.235 

14-35 .403 -.125 .002 .187 -.103 

14-36 .375 -.195 .275 -.031 -.243 

14-37 .560 .240 -.012 -.147 -.034 

14-38 .529 -.232 -.061 .139 -.110 

14-39 .640 -.017 .051 -.049 -.115 

14-40 .510 -.204 .298 -.104 .232 

14-41 .670 -.277 .129 -.026 -.095 

14-42 .686 -.443 -.128 .216 .130 

14-43 .498 -.253 -.112 -.097 -.202 

14-44 .571 -.383 -.091 .196 .353 

14-45 .540 -.270 .094 .097 .135 

14-46 .486 -.294 -.166 .204 .037 
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14-47 .556 -.064 .098 -.152 -.170 

14-48 .540 .241 -.278 -.091 .019 

14-49 .606 .246 -.207 -.121 .087 

14-50 .558 -.023 -.109 -.250 -.218 

14-51 .592 -.326 -.299 .229 .182 

14-52 .602 .283 -.309 -.168 .016 

14-53 .639 -.404 -.108 .141 -.115 

14-54 .272 -.120 .071 .095 .307 

14-55 .554 -.143 .066 -.069 .034 

14-56 .625 -.302 .110 .025 -.095 

14-57 .475 -.010 .095 -.262 -.230 

14-58 .551 -.045 -.109 -.029 -.245 

14-59 .564 -.069 .226 -.128 -.295 

14-60 .463 -.400 -.141 .255 -.172 

Extraction Method: Principal Component Analysis. 

a. 5 components extracted. 

 

 
Rotated Component Matrixa 

 
Component 

1 2 3 4 5 

14-1 .137 .025 -.056 .075 -.148 

14-2 -.089 .169 .404 .193 .066 

14-3 .087 .726 .126 .149 .006 

14-4 -.014 -.009 -.038 -.017 -.084 

14-5 -.033 .147 .492 .204 .215 

14-6 .050 .253 .063 .841 .014 

14-7 .037 -.015 -.125 .007 .260 

14-8 .023 .054 .000 -.016 .585 

14-9 .239 .682 -.020 .091 .038 

14-10 -.092 .102 .266 .050 .484 

14-11 .266 -.002 .047 .056 .288 

14-12 .011 .256 .478 .177 .182 

14-13 .078 .199 .084 .079 .027 

14-14 .125 .685 .076 .065 .021 

14-15 .165 -.052 .068 -.020 .385 

14-16 -.021 -.033 -.045 -.050 .160 

14-17 -.074 .138 .165 .097 .412 

14-18 .240 .011 .082 .077 .074 
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14-19 .020 .739 .091 .057 .010 

14-20 .019 .019 .496 .025 .122 

14-21 .138 .712 .019 .056 .087 

14-22 .083 .097 .081 .846 .040 

14-23 -.056 -.057 .016 -.001 .417 

14-24 .140 .056 .145 .851 .004 

14-25 .227 .008 .026 .077 -.007 

14-26 .072 .603 .208 .095 -.040 

14-27 .387 .064 -.109 .006 .100 

14-28 .104 .343 .052 .816 .006 

14-29 .131 .385 .254 .058 .146 

14-30 .428 -.006 .304 .122 .145 

14-31 .143 .265 .385 .037 .038 

14-32 .262 .128 .183 .077 .301 

14-33 .125 .077 .194 .028 .623 

14-34 .065 .176 .467 -.042 .001 

14-35 .403 .097 .166 .146 -.059 

14-36 .307 -.097 .449 .073 .064 

14-37 .134 .471 .363 .122 .090 

14-38 .538 .153 .222 .050 -.065 

14-39 .380 .305 .421 .099 .063 

14-40 .400 .105 .260 .011 .466 

14-41 .572 .144 .432 .011 .132 

14-42 .829 .216 .075 -.028 .078 

14-43 .434 .173 .353 -.148 -.099 

14-44 .722 .226 -.092 -.034 .249 

14-45 .556 .131 .155 .046 .221 

14-46 .598 .179 .035 .000 -.045 

14-47 .307 .213 .479 .010 .069 

14-48 .172 .606 .187 .043 -.051 

14-49 .196 .632 .219 .061 .059 

14-50 .259 .353 .473 -.119 -.064 

14-51 .719 .327 -.072 -.048 -.009 

14-52 .155 .693 .243 .010 -.043 

14-53 .724 .148 .250 -.041 -.075 

14-54 .303 .117 -.081 .055 .286 

14-55 .409 .226 .296 -.003 .177 

14-56 .582 .105 .378 .018 .099 

14-57 .173 .203 .531 -.049 .041 

14-58 .356 .287 .384 .027 -.147 
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14-59 .305 .107 .602 .089 .050 

14-60 .656 .029 .136 .002 -.196 

Extraction Method: Principal Component Analysis.  

 Rotation Method: Varimax with Kaiser Normalization. 

a. Rotation converged in 7 iterations. 

 

 
Component Transformation Matrix 

Component 1 2 3 4 5 

1 .627 .567 .479 .176 .158 

2 -.654 .528 .045 .539 -.034 

3 -.095 -.536 .407 .415 .605 

4 .406 -.198 -.463 .707 -.286 

5 .072 .271 -.624 -.081 .725 

Extraction Method: Principal Component Analysis.   

 Rotation Method: Varimax with Kaiser Normalization.  

 
 
 

 



 

 

 

 

 

 

 

 

 

 

Appendix E 

Probes 13 & 14 Trimmed 8 Factor Principal Components Analysis 
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Notes 

Output Created 07-Feb-2012 15:39:00 

Comments    

Input Data F:\DataCollection\Probes13&14\13UntimedSpring1.sav 

Active 

Dataset 

DataSet1 

Filter <none> 

Weight <none> 

Split File <none> 

N of Rows in 

Working 

Data File 

266 

Missing 

Value 

Handling 

Definition of 

Missing 

MISSING=EXCLUDE: User-defined missing values are treated as missing. 

Cases Used LISTWISE: Statistics are based on cases with no missing values for any variable used. 

Syntax FACTOR 

  /VARIABLES @131 @133 @134 @135 @136 @137 @139 @1310 @1311 @1312 

@1313 @1314 @1315 @1316 @1317 @1318 @1319 @1320 @1321 @1322 @1323 

@1324 @1326 @1327 @1328 @1329 @1330 @1331 @1332 @1334 @1335 @1336 

@1337 @1338 @1339 @1340 @1341 @1342 @1343 @1344 @1345 

@1346 @1347 @1348 @1349 @1350 @1351 @1352 @1353 @1354 @1355 @1356 

@1357 @1358 @1359 

  /MISSING LISTWISE 

  /ANALYSIS @131 @133 @134 @135 @136 @137 @139 @1310 @1311 @1312 

@1313 @1314 @1315 @1316 @1317 @1318 @1319 @1320 @1321 @1322 @1323 

@1324 @1326 @1327 @1328 @1329 @1330 @1331 @1332 @1334 @1335 @1336 

@1337 @1338 @1339 @1340 @1341 @1342 @1343 @1344 @1345 

@1346 @1347 @1348 @1349 @1350 @1351 @1352 @1353 @1354 @1355 @1356 

@1357 @1358 @1359 

  /PRINT INITIAL KMO EXTRACTION ROTATION 

  /PLOT EIGEN 

  /CRITERIA FACTORS(8) ITERATE(25) 

  /EXTRACTION PC 

  /CRITERIA ITERATE(25) 

  /ROTATION VARIMAX 

  /METHOD=CORRELATION. 

 

Resources Processor 

Time 

00 00:00:00.452 

Elapsed 00 00:00:00.468 
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Time 

Maximum 

Memory 

Required 

340900 (332.910K) bytes 

 
 

 
KMO and Bartlett's Test 

Kaiser-Meyer-Olkin Measure of Sampling Adequacy. .740 
Bartlett's Test of Sphericity Approx. Chi-Square 4183.936 

df 1485 

Sig. .000 

 

 
Communalities 

 Initial Extraction 

13-1 1.000 .203 

13-3 1.000 .465 

13-4 1.000 .403 

13-5 1.000 .340 

13-6 1.000 .518 

13-7 1.000 .542 

13-9 1.000 .452 

13-10 1.000 .484 

13-11 1.000 .387 

13-12 1.000 .464 

13-13 1.000 .378 

13-14 1.000 .608 

13-15 1.000 .276 

13-16 1.000 .409 

13-17 1.000 .310 

13-18 1.000 .509 

13-19 1.000 .309 

13-20 1.000 .329 

13-21 1.000 .285 

13-22 1.000 .410 

13-23 1.000 .304 

13-24 1.000 .474 
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13-26 1.000 .622 

13-27 1.000 .523 

13-28 1.000 .387 

13-29 1.000 .585 

13-30 1.000 .423 

13-31 1.000 .293 

13-32 1.000 .392 

13-34 1.000 .656 

13-35 1.000 .342 

13-36 1.000 .434 

13-37 1.000 .426 

13-38 1.000 .294 

13-39 1.000 .332 

13-40 1.000 .423 

13-41 1.000 .223 

13-42 1.000 .340 

13-43 1.000 .386 

13-44 1.000 .451 

13-45 1.000 .260 

13-46 1.000 .574 

13-47 1.000 .415 

13-48 1.000 .470 

13-49 1.000 .453 

13-50 1.000 .436 

13-51 1.000 .367 

13-52 1.000 .362 

13-53 1.000 .260 

13-54 1.000 .353 

13-55 1.000 .439 

13-56 1.000 .433 

13-57 1.000 .406 

13-58 1.000 .599 

13-59 1.000 .353 

Extraction Method: Principal Component Analysis. 
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Total Variance Explained 

Component 

Initial Eigenvalues 

Extraction Sums of Squared 

Loadings 

Rotation Sums of Squared 

Loadings 

Total 

% of 

Variance 

Cumulative 

% Total 

% of 

Variance 

Cumulative 

% Total 

% of 

Variance 

Cumulative 

% 

1 7.897 14.358 14.358 7.897 14.358 14.358 4.097 7.449 7.449 

2 3.325 6.045 20.403 3.325 6.045 20.403 3.641 6.620 14.068 

3 2.553 4.641 25.044 2.553 4.641 25.044 3.596 6.538 20.606 

4 2.032 3.694 28.738 2.032 3.694 28.738 3.010 5.473 26.079 

5 1.824 3.316 32.054 1.824 3.316 32.054 2.433 4.424 30.503 

6 1.757 3.194 35.247 1.757 3.194 35.247 2.051 3.729 34.232 

7 1.646 2.992 38.239 1.646 2.992 38.239 1.967 3.577 37.809 

8 1.545 2.809 41.049 1.545 2.809 41.049 1.782 3.240 41.049 

9 1.401 2.547 43.595       

10 1.352 2.457 46.053       

11 1.323 2.406 48.458       

12 1.244 2.261 50.720       

13 1.205 2.191 52.910       

14 1.136 2.066 54.976       

15 1.117 2.031 57.007       

16 1.083 1.969 58.976       

17 1.076 1.956 60.931       

18 1.036 1.883 62.815       

19 1.015 1.845 64.659       

20 .995 1.810 66.469       

21 .962 1.749 68.218       

22 .917 1.666 69.884       

23 .874 1.589 71.473       

24 .839 1.525 72.998       

25 .820 1.492 74.490       

26 .786 1.429 75.919       

27 .751 1.365 77.283       

28 .742 1.349 78.632       

29 .719 1.307 79.939       

30 .680 1.237 81.176       

31 .635 1.154 82.330       

32 .622 1.132 83.461       

33 .600 1.091 84.552       

34 .585 1.063 85.615       

35 .563 1.024 86.638       
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36 .540 .981 87.620       

37 .522 .950 88.569       

38 .504 .916 89.485       

39 .493 .896 90.381       

40 .481 .875 91.256       

41 .458 .833 92.089       

42 .444 .807 92.895       

43 .407 .741 93.636       

44 .393 .715 94.351       

45 .391 .711 95.061       

46 .370 .673 95.734       

47 .349 .634 96.369       

48 .316 .575 96.944       

49 .312 .567 97.511       

50 .291 .529 98.040       

51 .253 .460 98.500       

52 .231 .421 98.920       

53 .214 .389 99.310       

54 .203 .369 99.678       

55 .177 .322 100.000       

Extraction Method: Principal Component Analysis. 

 



96 

 
Component Matrixa 

 
Component 

1 2 3 4 5 6 7 8 

13-1 .131 .243 .123 .019 .252 -.008 -.080 -.205 

13-3 .414 -.200 -.155 -.328 .304 -.098 -.100 .101 

13-4 .218 .297 -.270 .129 .324 .036 -.192 -.187 

13-5 .201 .352 -.013 .062 -.223 -.022 -.266 .226 

13-6 .375 .179 -.422 .182 .205 .193 -.210 -.105 

13-7 .484 -.348 -.066 -.128 .340 -.059 -.202 .077 

13-9 .289 .235 -.427 .267 .114 .198 .051 -.076 

13-10 .483 -.467 .035 .073 .105 -.081 -.092 .008 

13-11 .500 -.043 -.084 -.306 -.057 -.064 .166 .017 

13-12 .286 .465 .208 .229 .013 -.228 .062 .117 

13-13 .309 .414 .326 -.018 -.026 -.044 -.004 -.036 

13-14 .597 -.163 -.042 -.385 .236 -.117 -.080 .010 

13-15 .268 .242 .098 -.129 .145 -.189 -.149 -.202 

13-16 -.037 -.032 .100 .102 .189 -.057 .486 .333 

13-17 .460 .063 -.231 -.012 .131 -.047 .081 .123 

13-18 .526 -.328 .126 -.127 .009 -.216 .063 .204 

13-19 -.001 .065 -.199 .060 .370 .346 .053 -.046 

13-20 .209 .206 .370 -.206 -.132 .020 -.112 -.182 

13-21 .208 .269 .339 -.111 -.144 .022 -.116 .085 

13-22 .256 .322 -.059 -.087 -.063 -.207 -.069 -.421 

13-23 .346 .007 -.119 -.173 -.114 .174 .253 .182 

13-24 .553 -.128 -.126 -.291 .194 -.057 -.082 .054 

13-26 .654 -.326 .125 .205 .093 -.119 -.067 .050 

13-27 .188 .408 .378 -.174 .301 .192 .044 -.134 

13-28 .443 -.183 .150 .273 .051 .047 .092 -.218 

13-29 .605 -.338 .150 .205 -.127 -.103 -.120 .008 

13-30 .083 .093 .318 .046 .242 .180 .453 .092 

13-31 .438 -.014 -.156 -.205 -.139 .084 .055 -.068 

13-32 .261 .355 .035 .110 .146 .177 -.230 .280 

13-34 .621 -.338 .195 .259 -.188 .117 -.043 -.036 

13-35 .347 .158 -.338 -.032 -.067 -.121 .248 .019 

13-36 .207 .294 .457 -.120 .192 .172 -.075 -.099 

13-37 .517 .074 -.119 -.106 -.172 -.037 .282 .135 

13-38 .406 .154 -.091 .079 -.088 .257 -.069 .114 

13-39 .406 .007 .007 -.026 -.175 .095 .341 -.104 
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13-40 .302 .320 -.040 .256 -.057 .089 -.268 .282 

13-41 .274 .323 .075 -.050 -.035 -.054 .149 -.096 

13-42 .466 -.130 .125 -.209 .114 -.081 -.161 .015 

13-43 .444 .318 .004 .114 -.086 -.228 .112 -.052 

13-44 .557 -.333 .091 .057 -.046 .127 -.017 .005 

13-45 .263 .208 -.290 -.031 .079 -.203 .121 .036 

13-46 -.007 .163 .078 .405 .200 -.489 .151 .276 

13-47 .374 .189 -.390 .197 -.147 .140 -.085 -.018 

13-48 .392 -.265 .244 .303 -.099 .261 .084 -.099 

13-49 .306 .137 .021 -.185 -.270 -.255 .168 -.374 

13-50 .174 .116 .008 -.158 -.246 .134 -.301 .445 

13-51 .119 .282 .402 -.078 -.113 .260 -.014 .159 

13-52 -.039 .166 -.010 .310 -.029 -.473 -.046 .102 

13-53 .384 .148 -.157 .062 -.090 .166 .117 .113 

13-54 .459 .254 -.017 -.170 -.020 -.047 .143 .161 

13-55 .624 .129 -.019 -.086 -.141 .057 .041 -.018 

13-56 -.022 .004 .214 .167 .530 .147 .236 .021 

13-57 .366 .008 .073 .368 .074 -.279 -.129 -.179 

13-58 .491 -.301 .256 .336 -.164 .186 -.016 -.163 

13-59 .227 .067 -.389 .109 -.116 .197 .203 -.203 

Extraction Method: Principal Component Analysis. 

a. 8 components extracted. 

 

 
Rotated Component Matrixa 

 
Component 

1 2 3 4 5 6 7 8 

13-1 -.002 -.066 .062 .371 .216 -.064 .079 .030 

13-3 .008 .123 .662 -.012 .091 -.004 -.055 .014 

13-4 -.057 .010 .125 .179 .577 .014 .122 -.070 

13-5 -.024 .117 -.039 .142 .055 .485 .163 -.200 

13-6 .098 .136 .157 .004 .657 .145 .007 -.108 

13-7 .255 -.025 .674 -.045 .137 .015 -.018 .030 

13-9 .073 .279 -.050 -.055 .594 .084 .054 .024 

13-10 .500 .021 .465 -.120 .002 -.046 .039 -.010 

13-11 .100 .469 .373 .092 -.056 -.007 -.068 -.039 

13-12 .057 .189 -.074 .374 .047 .227 .464 .101 

13-13 .076 .167 -.016 .535 -.023 .182 .153 .020 

13-14 .124 .237 .710 .160 .038 -.015 -.063 -.043 
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13-15 -.022 .049 .221 .406 .110 -.044 .149 -.154 

13-16 -.041 .152 -.021 -.125 -.153 -.039 .175 .559 

13-17 .082 .345 .314 -.010 .235 .107 .122 .070 

13-18 .337 .228 .514 -.033 -.242 .054 .113 .062 

13-19 -.066 -.046 .027 -.015 .435 -.036 -.202 .265 

13-20 .098 .055 .026 .501 -.164 .069 -.091 -.156 

13-21 .059 .072 .006 .399 -.170 .292 .015 -.046 

13-22 -.020 .225 .027 .385 .182 -.171 .145 -.356 

13-23 .070 .458 .138 -.041 -.014 .149 -.169 .132 

13-24 .116 .246 .612 .076 .110 .050 -.058 -.039 

13-26 .611 .110 .437 .013 .041 .062 .194 .040 

13-27 -.055 .014 .056 .657 .105 .040 -.108 .247 

13-28 .556 .109 .092 .124 .129 -.132 .066 .069 

13-29 .652 .121 .312 -.007 -.060 .102 .143 -.117 

13-30 .087 .130 -.071 .231 -.064 -.071 -.034 .574 

13-31 .143 .405 .225 .058 .073 .044 -.160 -.146 

13-32 .002 .004 .085 .221 .268 .493 .083 .120 

13-34 .761 .165 .177 .018 -.022 .124 -.016 -.043 

13-35 -.030 .521 .109 -.056 .178 -.013 .149 -.032 

13-36 .077 -.072 .063 .610 .007 .115 -.099 .157 

13-37 .148 .593 .181 .029 -.022 .119 .052 .042 

13-38 .205 .256 .053 .083 .233 .340 -.084 -.006 

13-39 .269 .484 .004 .105 -.013 -.069 -.078 .063 

13-40 .115 .067 -.007 .101 .247 .541 .199 -.036 

13-41 .008 .310 -.014 .334 .055 .019 .108 .007 

13-42 .214 .079 .488 .194 -.040 .073 -.019 -.067 

13-43 .136 .391 .041 .272 .103 .073 .344 -.074 

13-44 .552 .174 .313 -.009 .005 .076 -.109 .013 

13-45 -.126 .343 .168 .006 .206 -.003 .235 -.025 

13-46 -.028 -.038 -.026 -.042 -.024 .034 .705 .265 

13-47 .150 .334 -.023 -.075 .426 .231 .041 -.196 

13-48 .658 .074 -.029 .051 .022 .026 -.108 .123 

13-49 .086 .422 .022 .287 -.110 -.254 .086 -.318 

13-50 -.043 .075 .132 -.020 -.124 .609 -.099 -.122 

13-51 .063 .046 -.124 .390 -.157 .353 -.145 .152 

13-52 -.040 -.044 -.085 -.038 -.026 .037 .584 -.084 

13-53 .145 .384 .034 .019 .194 .221 -.020 .057 

13-54 .000 .447 .224 .222 .021 .204 .085 .070 

13-55 .270 .461 .220 .231 .096 .181 -.018 -.097 

13-56 .057 -.177 .043 .152 .170 -.154 .032 .565 
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13-57 .383 -.011 .107 .147 .183 -.057 .417 -.126 

13-58 .764 .071 .019 .076 .019 .031 -.052 -.015 

13-59 .112 .398 -.120 -.116 .356 -.094 -.113 -.077 

Extraction Method: Principal Component Analysis. 

Rotation Method: Varimax with Kaiser Normalization. 

a. Rotation converged in 9 iterations. 

 

 

Component Transformation Matrix 

Component 1 2 3 4 5 6 7 8 

1 .547 .529 .507 .266 .202 .204 .090 -.049 

2 -.470 .246 -.349 .587 .296 .320 .249 -.016 

3 .326 -.338 -.090 .607 -.571 .057 .015 .270 

4 .517 -.210 -.477 -.217 .360 .085 .501 .159 

5 -.192 -.373 .468 .162 .449 -.248 .102 .552 

6 .181 -.023 -.261 .028 .324 .284 -.799 .272 

7 -.026 .600 -.251 -.086 -.187 -.435 .025 .587 

8 -.187 .035 .188 -.367 -.273 .717 .170 .420 

Extraction Method: Principal Component Analysis. 

Rotation Method: Varimax with Kaiser Normalization. 

 
Factor Analysis 

 
Notes 

Output Created 07-Feb-2012 15:45:22 

Comments   

Input Data F:\DataCollection\Probes13&14\14UntimedSpring.sav 

Active Dataset DataSet2 

Filter <none> 

Weight <none> 

Split File <none> 

N of Rows in Working Data File 241 

Missing Value Handling Definition of Missing MISSING=EXCLUDE: User-defined missing values are 

treated as missing. 

Cases Used LISTWISE: Statistics are based on cases with no 

missing values for any variable used. 

Syntax FACTOR 

  /VARIABLES @142 @143 @145 @146 @147 @148 

@149 @1410 @1411 @1412 @1414 @1415 @1416 
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@1417 @1419 @1420 @1421 @1422 @1423 @1424 

@1426 @1427 @1428 @1429 @1430 @1431 @1433 

@1434 @1435 @1436 @1437 @1438 @1439 @1440 

@1441 @1442 @1443 @1444 @1445 @1446 @1447 

@1448 @1449 @1450 @1451 @1452 @1453 @1454 

@1455 @1456 @1457 @1458 @1459 @1460 

  /MISSING LISTWISE 

  /ANALYSIS @142 @143 @145 @146 @147 @148 

@149 @1410 @1411 @1412 @1414 @1415 @1416 

@1417 @1419 @1420 @1421 @1422 @1423 @1424 

@1426 @1427 @1428 @1429 @1430 @1431 @1433 

@1434 @1435 @1436 @1437 @1438 @1439 @1440 

@1441 @1442 @1443 @1444 @1445 @1446 @1447 

@1448 @1449 @1450 @1451 @1452 @1453 @1454 

@1455 @1456 @1457 @1458 @1459 @1460 

  /PRINT INITIAL KMO EXTRACTION ROTATION 

  /CRITERIA FACTORS(8) ITERATE(25) 

  /EXTRACTION PC 

  /CRITERIA ITERATE(25) 

  /ROTATION VARIMAX 

  /METHOD=CORRELATION. 

 

Resources Processor Time 00 00:00:00.078 

Elapsed Time 00 00:00:00.063 

Maximum Memory 

Required 

328872 (321.164K) bytes 

 
 

 

 
KMO and Bartlett's Test 

Kaiser-Meyer-Olkin Measure of Sampling Adequacy. .852 
Bartlett's Test of Sphericity Approx. Chi-Square 5354.184 

df 1431 

Sig. .000 
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Communalities 

 Initial Extraction 

14-2 1.000 .375 

14-3 1.000 .652 

14-5 1.000 .462 

14-6 1.000 .400 

14-7 1.000 .455 

14-8 1.000 .480 

14-9 1.000 .557 

14-10 1.000 .420 

14-11 1.000 .641 

14-12 1.000 .425 

14-14 1.000 .510 

14-15 1.000 .669 

14-16 1.000 .328 

14-17 1.000 .566 

14-19 1.000 .599 

14-20 1.000 .454 

14-21 1.000 .524 

14-22 1.000 .381 

14-23 1.000 .361 

14-24 1.000 .431 

14-26 1.000 .470 

14-27 1.000 .372 

14-28 1.000 .525 

14-29 1.000 .323 

14-30 1.000 .472 

14-31 1.000 .374 

14-33 1.000 .601 

14-34 1.000 .316 

14-35 1.000 .388 

14-36 1.000 .433 

14-37 1.000 .403 

14-38 1.000 .404 

14-39 1.000 .550 

14-40 1.000 .673 

14-41 1.000 .568 

14-42 1.000 .767 

14-43 1.000 .386 
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14-44 1.000 .666 

14-45 1.000 .653 

14-46 1.000 .432 

14-47 1.000 .479 

14-48 1.000 .472 

14-49 1.000 .524 

14-50 1.000 .496 

14-51 1.000 .639 

14-52 1.000 .595 

14-53 1.000 .655 

14-54 1.000 .442 

14-55 1.000 .517 

14-56 1.000 .559 

14-57 1.000 .407 

14-58 1.000 .496 

14-59 1.000 .529 

14-60 1.000 .488 

Extraction Method: Principal Component Analysis. 

 

 

 

 

 
Total Variance Explained 

Component 

Initial Eigenvalues 

Extraction Sums of Squared 

Loadings 

Rotation Sums of Squared 

Loadings 

Total 

% of 

Variance 

Cumulative 

% Total 

% of 

Variance 

Cumulative 

% Total 

% of 

Variance 

Cumulative 

% 

1 11.899 22.035 22.035 11.899 22.035 22.035 5.985 11.083 11.083 

2 3.672 6.800 28.835 3.672 6.800 28.835 5.927 10.976 22.059 

3 2.679 4.961 33.796 2.679 4.961 33.796 3.574 6.619 28.678 

4 2.031 3.761 37.557 2.031 3.761 37.557 3.323 6.153 34.831 

5 1.809 3.350 40.907 1.809 3.350 40.907 2.420 4.481 39.312 

6 1.741 3.224 44.131 1.741 3.224 44.131 2.037 3.772 43.085 

7 1.496 2.771 46.901 1.496 2.771 46.901 1.875 3.473 46.558 

8 1.438 2.663 49.564 1.438 2.663 49.564 1.624 3.007 49.564 

9 1.378 2.551 52.115       

10 1.216 2.253 54.368       
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11 1.191 2.205 56.573       

12 1.124 2.081 58.654       

13 1.083 2.006 60.661       

14 1.054 1.951 62.612       

15 1.009 1.868 64.480       

16 .962 1.781 66.261       

17 .889 1.646 67.906       

18 .878 1.625 69.532       

19 .859 1.590 71.122       

20 .805 1.490 72.612       

21 .778 1.441 74.053       

22 .748 1.384 75.438       

23 .731 1.354 76.792       

24 .681 1.262 78.054       

25 .677 1.253 79.307       

26 .651 1.206 80.513       

27 .633 1.172 81.684       

28 .613 1.135 82.819       

29 .586 1.085 83.904       

30 .556 1.029 84.933       

31 .544 1.008 85.941       

32 .526 .973 86.915       

33 .494 .915 87.830       

34 .477 .883 88.712       

35 .470 .870 89.582       

36 .452 .837 90.419       

37 .438 .811 91.230       

38 .417 .772 92.002       

39 .400 .741 92.743       

40 .383 .708 93.451       

41 .363 .672 94.123       

42 .349 .645 94.769       

43 .339 .628 95.397       

44 .323 .599 95.996       

45 .287 .532 96.528       

46 .275 .510 97.037       

47 .255 .472 97.509       

48 .242 .448 97.957       

49 .234 .433 98.390       

50 .218 .404 98.795       
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51 .210 .389 99.183       

52 .182 .337 99.520       

53 .137 .254 99.774       

54 .122 .226 100.000       

Extraction Method: Principal Component Analysis. 

 
Component Matrixa 

 
Component 

1 2 3 4 5 6 7 8 

14-2 .285 -.276 .290 -.171 .235 -.186 .105 -.061 

14-3 .568 -.457 -.221 .114 .156 -.115 -.121 .078 

14-5 .372 -.228 .420 -.124 .199 -.036 .180 -.081 

14-6 .435 -.413 .035 -.115 .129 -.078 .043 -.028 

14-7 -.012 .065 .077 .208 .109 .201 -.210 -.552 

14-8 .121 .058 .291 .502 -.193 .124 .226 -.151 

14-9 .556 -.274 -.326 .179 .133 -.121 .046 .021 

14-10 .214 -.123 .435 .343 -.188 -.124 .020 .037 

14-11 .239 .183 .163 .125 .591 .089 -.383 -.071 

14-12 .445 -.245 .325 -.059 .053 -.039 -.186 -.138 

14-14 .524 -.355 -.245 .190 -.012 -.023 -.074 -.081 

14-15 .153 .188 .227 .187 .420 .445 -.029 .386 

14-16 -.038 .049 .076 .135 .151 .278 .041 .445 

14-17 .195 -.157 .338 .218 .258 -.080 .497 .147 

14-19 .497 -.452 -.254 .201 -.045 -.103 .010 .172 

14-20 .286 -.038 .336 -.077 -.386 -.001 -.301 .113 

14-21 .533 -.342 -.264 .228 .026 .020 -.001 -.020 

14-22 .368 -.211 .188 -.197 -.114 -.021 .206 -.267 

14-23 .000 .047 .278 .361 -.210 .127 .193 .232 

14-24 .416 -.113 .245 -.335 .224 -.071 .092 -.096 

14-26 .507 -.362 -.161 .060 -.062 -.142 -.146 .081 

14-27 .232 .248 -.119 .089 .391 -.015 -.279 .065 

14-28 .565 -.425 -.088 -.031 .011 -.074 -.104 .019 

14-29 .458 -.157 .074 .060 .215 .171 -.063 .022 

14-30 .445 .246 .213 -.069 .230 -.303 -.136 -.006 

14-31 .458 -.161 .145 -.204 .224 .004 .046 -.155 

14-33 .311 .068 .425 .470 -.083 -.224 -.203 .010 

14-34 .380 -.116 .198 -.213 -.040 .000 .042 .266 

14-35 .399 .141 -.023 -.130 .116 -.415 .072 .037 

14-36 .373 .236 .286 -.137 -.066 -.188 -.290 .118 



105 

14-37 .565 -.254 .036 .008 -.090 .073 -.043 .046 

14-38 .520 .245 -.115 -.113 -.037 -.189 -.047 .091 

14-39 .640 .026 .072 -.154 .151 .182 .231 .036 

14-40 .502 .232 .278 .343 -.246 -.240 -.232 -.033 

14-41 .659 .310 .119 -.043 -.013 -.070 .025 .126 

14-42 .678 .482 -.223 .100 .005 -.120 -.005 .035 

14-43 .515 .147 -.041 -.245 -.070 -.165 -.038 -.060 

14-44 .556 .425 -.197 .261 .123 .119 .044 -.194 

14-45 .532 .303 .039 .094 .059 -.253 .443 .060 

14-46 .483 .327 -.248 .020 -.043 -.072 .131 .075 

14-47 .554 .081 .137 -.077 -.130 .341 -.062 .063 

14-48 .545 -.256 -.224 .052 -.095 .196 .024 -.091 

14-49 .614 -.265 -.151 .152 -.173 -.027 -.002 .021 

14-50 .583 -.059 .019 -.209 -.153 .292 -.007 -.030 

14-51 .584 .351 -.388 .123 .055 -.050 .066 .011 

14-52 .612 -.307 -.228 .080 -.078 .207 -.054 .125 

14-53 .630 .438 -.176 -.091 -.165 .010 -.004 .007 

14-54 .262 .157 .006 .245 .035 -.019 .267 -.464 

14-55 .543 .158 .043 .030 .022 .357 -.090 -.241 

14-56 .618 .329 .070 -.106 -.031 .212 .081 -.031 

14-57 .499 -.069 .216 -.185 -.203 .151 .077 -.041 

14-58 .553 .051 -.086 -.209 -.118 .342 .064 -.030 

14-59 .569 .096 .283 -.170 -.253 .070 -.134 .025 

14-60 .453 .432 -.216 -.168 -.082 -.073 .070 .072 

Extraction Method: Principal Component Analysis. 

a. 8 components extracted. 

 

 
Rotated Component Matrixa 

 
Component 

1 2 3 4 5 6 7 8 

14-2 -.023 .157 -.011 .585 .084 .007 -.002 -.033 

14-3 .096 .761 -.005 .209 .067 -.077 .097 -.021 

14-5 -.012 .118 .155 .623 .087 .159 .048 .017 

14-6 -.004 .456 .104 .420 .024 -.049 -.028 -.041 

14-7 -.117 -.044 .064 -.022 .058 -.017 .054 .654 

14-8 .008 .013 .088 -.037 .086 .628 -.031 .261 

14-9 .273 .676 -.032 .125 -.074 .011 .041 .040 

14-10 -.056 .126 .004 .146 .384 .480 -.035 .021 
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14-11 .122 .023 -.065 .214 .201 -.166 .624 .344 

14-12 -.036 .269 .199 .413 .350 -.001 .037 .132 

14-14 .113 .682 .088 .068 .039 .013 -.031 .130 

14-15 .039 -.063 .196 .050 -.048 .209 .756 -.075 

14-16 -.060 -.031 .080 -.107 -.086 .186 .437 -.269 

14-17 .042 .087 -.111 .462 -.152 .521 .145 -.120 

14-19 .088 .748 .010 .060 .022 .091 -.022 -.138 

14-20 -.025 .071 .331 .024 .558 .056 -.088 -.130 

14-21 .138 .690 .090 .061 -.035 .073 .027 .093 

14-22 .046 .163 .280 .420 .024 .074 -.288 .095 

14-23 -.050 -.052 .078 -.117 .094 .552 .080 -.126 

14-24 .138 .092 .192 .592 .059 -.111 .021 -.007 

14-26 .106 .631 .063 .113 .181 -.056 -.048 -.075 

14-27 .298 .087 -.101 .000 .098 -.200 .441 .148 

14-28 .063 .633 .153 .263 .137 -.079 -.029 -.040 

14-29 .076 .345 .217 .247 .052 .040 .279 .092 

14-30 .431 .017 -.054 .358 .345 -.067 .166 .063 

14-31 .121 .223 .204 .496 .028 -.088 .055 .107 

14-33 .116 .131 -.106 .083 .579 .417 .123 .166 

14-34 .106 .158 .262 .290 .161 .035 .057 -.312 

14-35 .477 .120 -.133 .302 .136 -.080 -.065 -.091 

14-36 .295 -.043 .138 .168 .525 -.077 .091 -.084 

14-37 .109 .473 .311 .196 .162 .072 .011 -.032 

14-38 .548 .174 .122 .089 .184 -.100 .001 -.079 

14-39 .362 .235 .410 .392 -.093 .086 .158 -.022 

14-40 .372 .159 .055 .002 .622 .302 -.006 .168 

14-41 .583 .123 .271 .210 .254 .105 .128 -.056 

14-42 .812 .206 .146 -.036 .138 .025 .117 .100 

14-43 .446 .151 .210 .213 .182 -.164 -.120 -.011 

14-44 .623 .175 .180 -.056 -.034 .123 .204 .392 

14-45 .665 .081 .003 .291 -.049 .336 -.033 -.056 

14-46 .618 .166 .135 -.041 -.030 .034 .013 -.024 

14-47 .216 .178 .577 .092 .167 .084 .154 .011 

14-48 .139 .559 .345 .051 -.065 .020 -.043 .109 

14-49 .215 .625 .209 .067 .123 .124 -.094 .002 

14-50 .194 .282 .588 .164 .068 -.036 -.005 .007 

14-51 .710 .298 .102 -.095 -.065 -.010 .102 .112 

14-52 .136 .664 .353 .017 .006 .024 .088 -.052 

14-53 .699 .124 .358 -.047 .134 -.043 -.012 .038 

14-54 .285 .050 .025 .140 -.120 .265 -.144 .482 
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14-55 .266 .172 .492 .090 .076 .029 .173 .360 

14-56 .505 .057 .490 .158 .075 .076 .126 .093 

14-57 .140 .163 .491 .271 .157 .100 -.104 -.032 

14-58 .282 .227 .591 .094 -.059 -.048 .023 .022 

14-59 .255 .109 .487 .200 .412 .048 -.034 -.041 

14-60 .652 .022 .212 -.028 .023 -.104 -.023 -.070 

Extraction Method: Principal Component Analysis.  

 Rotation Method: Varimax with Kaiser Normalization. 

a. Rotation converged in 19 iterations. 

 

 
Component Transformation Matrix 

Component 1 2 3 4 5 6 7 8 

1 .569 .564 .417 .337 .228 .080 .090 .067 

2 .676 -.635 .049 -.278 .086 .012 .182 .141 

3 -.290 -.413 .149 .521 .507 .424 .122 -.004 

4 -.019 .292 -.355 -.381 .102 .675 .244 .345 

5 .033 -.004 -.371 .457 -.315 -.230 .681 .190 

6 -.302 -.049 .733 -.244 -.338 .080 .401 .169 

7 .200 -.122 .006 .301 -.673 .532 -.289 -.186 

8 .053 .074 -.041 -.184 .079 .125 .420 -.871 

Extraction Method: Principal Component Analysis.   

 Rotation Method: Varimax with Kaiser Normalization.  
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Probe 13 Difficulty and Discrimination Estimation 
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Item Difficulty Discrimination 

13-1 -6.7676 0.3264 

13-2 -2.8681 0.6834 

13-3 -0.7598 1.4144 

13-4 -4.7659 0.7049 

13-5 -3.3000 0.7512 

13-6 -2.4308 1.3464 

13-7 -0.3601 2.1476 

13-8 5.8541 -0.7286 

13-9 -3.2739 0.7124 

13-10 -0.4485 2.2007 

13-11 -0.9622 1.6915 

13-12 -3.6220 1.4968 

13-13 -3.2556 1.1977 

13-14 -0.5914 2.7588 

13-15 -3.3512 0.9683 

13-16 18.3456 -0.2059 

13-17 -1.3649 1.4605 

13-18 -0.3271 2.4398 

13-19 -7.5811 0.4281 

13-20 -3.1117 1.0011 

13-21 -4.2638 1.1911 

13-22 -3.3748 0.7818 

13-23 -1.7837 0.9571 

13-24 -0.5574 2.1186 

13-25 3.8322 -13.9313 

13-26 -0.3373 4.4973 

13-27 -3.0580 0.9687 

13-28 -1.2791 1.4322 

13-29 -0.4252 3.3067 

13-30 -9.3561 0.3342 
 

Item Difficulty Discrimination 

13-31 -0.5976 1.4767 

13-32 -2.1868 0.7773 

13-33 -3.9411 1.2182 

13-34 -0.7539 3.0704 

13-35 -2.4048 1.4116 

13-36 -2.8963 1.4092 

13-37 -1.2433 1.7268 

13-38 -1.8169 1.3042 

13-39 -1.3287 1.1892 

13-40 -1.2257 0.9115 

13-41 -2.8257 1.0994 

13-42 -0.6432 1.6633 

13-43 -2.1284 1.9280 

13-44 -0.7994 2.2679 

13-45 -2.7588 0.9495 

13-46 -3.7253 1.2266 

13-47 -2.1133 1.7228 

13-48 -0.8301 1.2815 

13-49 -2.2153 1.2934 

13-50 -2.8640 0.9072 

13-51 -3.4643 1.0241 

13-52 -5.5163 0.7642 

13-53 -2.0043 1.4936 

13-54 -1.6922 1.7347 

13-55 -1.4556 3.5839 

13-56 -5.0070 0.5049 

13-57 -1.0607 1.2055 

13-58 -1.1222 2.1792 

13-59 -2.3838 0.8314 

13-60 -4.4330 0.9843 
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Probe 14 Difficulty and Discrimination Estimations 
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Item Difficulty Discrimination 
14-1 -12.0576 0.2112 
14-2 -2.1838 0.9587 
14-3 -1.0946 2.2508 
14-4 4.2346 -1.2139 
14-5 -1.7082 1.2410 
14-6 -0.3498 1.7953 
14-7 -34.2554 0.1196 
14-8 -1.9779 0.3141 
14-9 -1.2197 1.8919 
14-10 -3.1951 0.7585 
14-11 -4.1647 1.1284 
14-12 -1.5591 1.4602 
14-13 -2.7207 0.5949 
14-14 -1.0961 1.8843 
14-15 -5.6955 0.5796 
14-16 4.5781 -1.2871 
14-17 -3.8938 0.8985 
14-18 -4.0479 0.6870 
14-19 -1.0606 1.8129 
14-20 -3.5376 1.1661 
14-21 -1.1357 2.0184 
14-22 -1.2345 1.2092 
14-23 -42.7262 0.0259 
14-24 -0.8627 1.2734 
14-25 -4.9990 0.5160 
14-26 -0.7215 1.9245 
14-27 -4.2575 1.3408 
14-28 -0.6144 2.6254 
14-29 -1.7115 1.5013 
14-30 -2.3470 1.3002 
 
 

Item Difficulty Discrimination 
14-31 -0.8342 1.5187 
14-32 -1.7219 0.9428 
14-33 -2.3748 0.8436 
14-34 -0.8396 1.0924 
14-35 -2.3296 1.0722 
14-36 -2.7875 0.9949 
14-37 -0.6328 2.2611 
14-38 -2.0503 1.4484 
14-39 -1.4362 2.3161 
14-40 -2.0679 1.4777 
14-41 -1.8171 2.3699 
14-42 -2.2633 26.0872 
14-43 -1.7370 1.5589 
14-44 -2.4366 2.6122 
14-45 -2.1865 1.6264 
14-46 -2.3824 1.4121 
14-47 -1.2968 1.6996 
14-48 -0.8493 1.9222 
14-49 -0.9804 2.4315 
14-50 -1.0509 2.1859 
14-51 -2.3347 2.6027 
14-52 -0.8937 2.6409 
14-53 -2.1851 1.9907 
14-54 -1.8394 0.6350 
14-55 -1.4520 1.6372 
14-56 -1.7283 2.0389 
14-57 -1.0344 1.5259 
14-58 -1.7277 1.8046 
14-59 -1.2969 1.8093 
14-60 -2.5915 1.128 



 

 

 

 

 

 

 

 

 

 

Appendix H 

Probe 13 Item Information Curves 
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Appendix  I 

Probe 14 Item Information Curves 
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Appendix J 

Probe 13 Linear Regression 
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Appendix K 

Probe 14 Linear Regression 
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