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i 
Abstract 

The purpose of this study was to estimate the utility of general outcome measures and 

targeted skill measures to answer questions related to the mastery of mathematics 

computation skills. Specifically, this study used skills analysis to analyze student 

performance on curriculum-based measures in mathematics (CBM-M) with special 

attention to skill. Participants included 488,572 students in second and third grade across 

a national sample of participants. Generalizability theory was used to investigate the 

reliability of student mathematics computation performance samples. Generalizability 

studies were conducted to estimate the amount of variance in student performance 

associated with person, form, item (problem), and the interactions between each of these 

facets. Decision studies were conducted to determine reliability and standard error of 

measurement (SEM) estimates for various student performance samples, in terms of both 

rank order reliability and absolute score reliability. The results of this study provide an 

estimate of the size of a performance sample required to make reliable and valid 

decisions to guide instructional planning. 

Keywords: General outcome measurement, subskill mastery, miscue analysis, 

generalizability theory. 
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Chapter 1: Introduction 

 Educators want assessments that are instructionally relevant and useful. When 

faced with the question of how to best assess student(s), educators have expressed 

concerns about measures that are inauthentic, such as standardized multiple choice tests 

(Stebbe Rowe, Witmer, Cook & daCruz, 2014). That type of inauthentic measure often 

has response formats or test content unlike that which is used in the classroom or natural 

environment. Nevertheless, it is important to use assessment materials that are reliable 

and valid for the intended purpose (Kane, 2013). This requires standardization (cf. 

Appendix C: Glossary of Key Terms). That is, reliability and validity evidence for the 

interpretation and use of assessment scores requires consistent, or standardized, 

procedures for administration, interpretation, and use (Kane, 2006, 2013). While some 

educators prioritize authentic assessments that provide instructionally-relevant 

information, others prioritize standardization and psychometrically-sound interpretation 

and use of data (Serafini, 2000). The varying perspectives of educators on assessment use 

is the focus of the present study, specifically in the context of formative assessment in 

mathematics. 

Assessment Paradigms 

The various assessment perspectives highlighted above can be conceptualized in a 

continuum, spanning from high standardization and low information utility to low 

standardization and high information utility. Scholars have identified three assessment 

paradigms within this continuum as a heuristic to understand assessment research and 

practice (e.g., Serafini, 2000). These paradigms are assessment as measurement, 

assessment as procedure, and assessment as inquiry (Serafini). The paradigms are distinct 
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from one another in terms of how information is gathered and what qualifies as usable 

information (Brown, Christ, & Cox, 2016). Each of the three paradigms are defined 

briefly below. Further description can be found in Appendix D: Description of 

Assessment Paradigms. 

First, assessments developed within a measurement paradigm make use of 

psychometric principles of measurement research to capture student achievement with a 

high degree of control. That is, assessments developed from a measurement perspective 

are generally standardized such that evidence can be gathered to support the reliability 

and validity of a particular interpretation and use of resulting scores (Serafini, 2000; 

Brown et al., 2016). Second, assessments developed within an inquiry paradigm 

emphasize gathering information that is instructionally relevant. Assessments developed 

from an inquiry perspective are used to investigate the interaction between the learner 

and the learning context, such that resulting information can be used to identify students’ 

instructional needs (Serafini; Brown et al.). Finally, assessments developed from a 

procedure perspective merge the priorities of assessments developed from a measurement 

paradigm with those developed from an inquiry paradigm. That is, the purpose of 

assessments developed from a procedure paradigm is to maintain a high degree of 

psychometric control while also producing instructionally-relevant information (Serafini; 

Brown et al.). 

Measurement Frameworks 

Just as assessments can be categorized according to theoretical assumptions 

implicated in assessment (i.e., assessment paradigms), assessments can also be 

categorized according to measurement framework. Two such measurement frameworks, 
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general outcome measurement and subskill mastery measurement, were defined within 

literature on curriculum-based assessment (cf. Appendix C: Glossary of Key Terms), 

which is a type of formative assessment (e.g., Fuchs & Deno, 1991). First, general 

outcome measurement involves the use of assessments that cover material across 

curricular objectives (Fuchs & Deno). Such measures are developed either through 

curriculum sampling across relevant objectives, or through the identification of robust 

indicators that correlate with overall achievement in the academic domain of interest 

(e.g., Foegen, Jiban & Deno, 2007). General outcome measures generally have multiple 

alternate, equivalent forms that can be used to measure progress in meeting curricular 

objectives across time. Alternately, subskill mastery measurement involves the use of 

multiple different assessments that each target one or few curricular objectives (Fuchs & 

Deno). Such measures are generally developed to selectively target one or a few skills, 

and are designed to be used in conjunction with one another to demonstrate overall 

competence in a particular academic domain. 

Foundational curriculum-based assessment literature emphasized the use of 

general outcome measurement over subskill mastery measurement for formative 

assessment activities, providing ample criticism of subskill mastery measurement and 

convincing evidence for the use of general outcome measurement (e.g., Fuchs & Deno, 

1991). However, there is a lack of consensus among mathematics researchers as to the 

structure and composition of a general outcome measure in the context of mathematics 

(e.g., Codding et al., 2016; Foegen, Jiban & Deno, 2007; Gersten et al., 2009; 

VanDerHeyden & Burns, 2005; VanDerHeyden & Burns, 2009; VanDerHeyden, 

Codding, & Martin, 2017). For example, one group of researchers identified three 
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different types of curriculum-based measures of mathematics, which is a type of general 

outcome measure (Codding et al.). These three types included measures of basic 

computation facts, mathematics concepts and applications, and a measure aligned with 

national mathematics standards. Each type was found to be related to the others, and to a 

different, high-stakes measure of mathematics achievement (Codding et al.). Other 

researchers identified general outcome measures in similar ways; one group noted that it 

may be appropriate to define general outcome measures by subdomains within the broad 

mathematics domain (Gersten et al.). That is, these researchers suggested that a general 

outcome measure might be created to address skills related to mathematics computation, 

and another might be created to address skills related to concepts and applications 

(Gersten et al.). Still other researchers suggested that mathematics general outcome 

measures targeting mathematics computation skills are an appropriate way to estimate 

mathematics proficiency in general (VanDerHeyden & Burns, 2005). Thus, it is clear that 

there is a lack of consensus in the literature as to the best way to structure general 

outcome measures of mathematics, which supports further research in this area. This, in 

conjunction with the historical lack of emphasis on subskill mastery measures (e.g., 

Fuchs & Deno), forms the basis for the present study. 

For the purpose of this study, general outcome measures and subskill mastery 

measures were examined in the context of mathematics computation only. Given the lack 

of agreement concerning the identification of a general outcome measure in the context 

of mathematics, as highlighted above, it is important to define both general outcome 

measures and subskill mastery measures. For the purpose of this study, rather than 

attempting to use such measures to make inferences about students’ broad mathematics 
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achievement, general outcome measures and subskill mastery measures were defined to 

address a subdomain of overall mathematics proficiency, mathematics computation. 

Automaticity of Mathematics Computation Skills 

In schools, students are often required to learn and practice mathematics 

computation facts such that they can be reproduced quickly and accurately. This is known 

as automaticity or fluency, indicating the performance of a particular behavior with 

accuracy and speed (Binder, 1996). Students are often required to complete timed 

assessments to assess the automaticity of computation, as well as untimed assessments 

that assess non-automatized mathematics skills. 

The concepts of fluency or automaticity stem from a theory of automatic 

information processing (LaBerge & Samuels, 1974). According to this theory, automatic 

processing of information (i.e., automaticity) requires less active attention than non-

automatic processing of information. In the context of reading, fluency often emphasizes 

the ability to read with prosody in addition to accuracy and rate (Fuchs, Fuchs, Hosp, & 

Jenkins, 2001). Due to this distinction, the term automaticity will be used for the purpose 

of this paper. 

There are various opinions about the necessity of reaching automaticity in the 

context of mathematics computation (e.g., Burns, 2005; Miller & Mercer, 1997; National 

Mathematics Advisory Panel, 2008; Seeley, 2009). For example, one widely accepted 

heuristic to describe the process of skill acquisition across academic domains is the 

instructional hierarchy (Haring, Lovitt, Eaton, & Hansen, 1978). According to this model, 

skill-building takes place in four stages: acquisition, fluency (i.e., automaticity), 

generalization, and adaptation. In the acquisition stage, students develop accuracy in 
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producing the skill. In the fluency stage, students work to perform the skill automatically 

and without conscious effort. In the generalization stage, students become increasingly 

proficient in performing the skill across different settings or contexts. Finally, in the 

adaptation stage, students work to use the skill in different or novel ways (Haring et al.). 

These stages build upon one another; according to the model, acquisition is necessary for 

fluency, which is necessary for generalization, and so on. Therefore, this model suggests 

that fluency, or automaticity, in producing a particular skill is necessary to be able to 

apply the skill across contexts. 

Support for the importance of computation automaticity in demonstrating 

mathematics achievement can also be found in national recommendations for 

mathematics instruction (e.g., National Governors Association Center for Best Practices, 

Council of Chief State School Officers, 2010; National Mathematics Advisory Panel, 

2008). For example, the National Mathematics Advisory Panel Report of 2008 (National 

Mathematics Advisory Panel) emphasized that procedural automaticity and automatic 

recall of mathematics facts is beneficial to students’ mathematics development. Similarly, 

the Common Core State Standards for Mathematics (National Governors Association 

Center for Best Practices, Council of Chief State School Officers) contains standards 

addressing mathematics computation automaticity across the elementary grades, 

suggesting that students are expected to demonstrate mathematics computation 

automaticity in the context of mathematics instruction.  

Not all scholars agree that automaticity of mathematics computation is crucial for 

students’ mathematics development (e.g., Boaler, 2015; Seeley, 2009). For example, 

some scholars assert that timed mathematics computation assessments increase student 
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anxiety (Boaler), and thereby do not produce accurate estimates of mathematics 

computation achievement (Seeley). However, there is not sufficient research to suggest 

that timed computation tasks universally produce mathematics anxiety across students 

(Becker et al., 2019). Furthermore, any purported connection between timed computation 

tasks and mathematics anxiety does not necessarily preclude the importance of 

developing automaticity of mathematics computation. Due to the lack of consensus 

among scholars as to the importance of automaticity in demonstrating mathematics 

computation proficiency, student performance across both automatic and non-automatic 

mathematics computation skills was examined for the purpose of this paper. 

Rationale 

Much of the research on formative assessment is informed by one of two 

assessment paradigms, assessment as inquiry and assessment as measurement; relatively 

little work has been done to address assessment as procedure (cf. Chapter 2). As stated 

above, assessments developed from a procedure paradigm could be considered to be a 

hybrid of assessments developed from a measurement paradigm and those developed 

from an inquiry paradigm. That is, assessment as procedure is characterized by more 

flexibility regarding standardization (Serafini, 2000), which could promote greater utility 

of resulting information for instructional purposes. Assessment as procedure often 

involves the exploration of alternative uses of existing assessments, or gathering 

additional reliability or validity evidence about particular assessments (Wiliam, 2007). As 

stated above, there are limited examples in published literature that have investigated 

assessment as procedure. Thus, further assessment as procedure research is needed. This 

is the aim of the present study; this study represents an attempt to further assessment as 
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procedure research in the exploration of alternative uses for an existing assessment 

developed from a measurement paradigm.  

In addition, the present study examined the ways in which a purpose in line with 

assessment as procedure might be achieved with two measurement frameworks, subskill 

mastery measurement and general outcome measurement (Fuchs & Deno, 1991). 

Although general outcome measures are often emphasized in schools, educators must 

examine their purpose for assessment. For example, in practice, general outcome 

measures are often administered through the use of standardized administration and 

scoring procedures, such that resulting scores quantify a student’s progress through the 

academic curriculum in a single score (in line with an assessment as measurement 

perspective). This may not be useful to inform instruction (cf. Appendix D: Description 

of Assessment Paradigms). Further, there is limited evidence for the use of general 

outcome measurement for alternative assessment purposes. For example, there is limited 

evidence to suggest that general outcome measurement might be used with skills analysis 

(i.e., determining whether a student knows a particular skill; e.g., Becker & Christ, In 

Preparation). Skills analysis may achieve a purpose in line with assessment as procedure 

in that existing measures might be used to produce additional, more instructionally-

relevant information. However, additional reliability and validity evidence are necessary 

to suggest that general outcome measures provide enough information about student 

subskill performance to be used for that purpose. Therefore, the present study was 

completed to examine whether general outcome measurement as a measurement 

framework that, in practice, is often in line with an assessment as measurement 

perspective, might be used in an alternative way to provide additional, instructionally 
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relevant information such that a purpose in line with assessment as procedure might be 

achieved. The same examinations were completed with subskill mastery measures. 

Practical Implications 

Both general outcome measures and subskill mastery measures are used in 

schools. Most often, the general outcome measures used in schools have only been 

validated for use as a broad measure of achievement across a particular skill set (e.g., 

mathematics computation). That is, such measures generally have not been validated for 

use for skills analysis across the skills represented on a particular general outcome 

measure. Current validity evidence for general outcome measures of mathematics 

computation only supports the use of those measures for broad mathematics computation 

decisions, such as those decisions made during screening activities; this is how those 

measures were designed and created to be used. 

However, educators want to use general outcome measures for skills analysis, 

such that they can glean more information about a student’s achievement from that 

student’s performance on a particular general outcome measure. Because validity 

evidence does not exist to support this use, to answer questions related to skills analysis, 

educators must instead administer additional subskill mastery measures that address the 

skills represented by a particular general outcome measure. Such subskill mastery 

measures were created to be used to measure mastery across subskills. Similar to the 

above discussion of general outcome measures, these subskill mastery measures could 

not be used to measure broad achievement, because they were not designed and validated 

for that purpose. This study was completed to investigate the above mismatch between 

assessment validity evidence and the desired purposes of assessment.  
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This study also addressed efficiency and utility of assessment practices used in 

schools. Instructional time is limited; teachers often do not have time to assess each 

student satisfactorily and might therefore rely on unreliable or inadequate information to 

make instructional decisions. This study was completed to determine whether one or a 

few assessments may be used in place of several assessments to achieve reliable 

information about students’ broad mathematics computation achievement and subskill 

mastery. The results of this study describe how many problems a student must complete 

(i.e., behavior sample size) of a particular skill type to make a reliable decision about 

whether the student has mastered that skill. 

Research Questions 

 The following research questions informed the method and analyses for the 

present study: 

1) How do scores and information differ across the two measurement frameworks 

for use to assess broad computation performance, including risk identification? 

2) How do scores and information differ across the two measurement frameworks 

for use to assess computation subskill performance (i.e., strengths and 

weaknesses) to design targeted instruction? 

3) How do scores and information differ across the two measurement frameworks 

when the automaticity of computation performance is of primary interest? 

4) How do scores and information differ across the two measurement frameworks 

when the accuracy of computation performance is of primary interest?  
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Chapter 2: Literature Review 

 School administrators and other educators want to identify the best ways to 

determine whether students are learning; that is, whether instruction is working. 

Formative assessment is used by educators to estimate the effects of instruction, as well 

as to inform the ways in which instruction should be modified to better meet student 

needs (Popham, 2007). The purpose of this review is to investigate existing literature 

related to formative assessment and its effectiveness as a tool to be used to gauge the 

effect of instruction, specifically in the domain of mathematics. This review considered 

various perspectives about assessment to provide a holistic representation of the status of 

formative assessment literature. The following sections provide a broad overview of 

assessment and related terms, the various perspectives held by assessment stakeholders, 

as well as an overview of various types of assessments, with a focus on formative 

assessment. 

When speaking about the methods that are used in schools to gauge student 

learning, it is first important to establish key definitions. First, test is a term that is 

commonly used to describe any activities that are used to gather information about an 

individual; the term can also be used to denote the action of gathering that information 

(Cizek, 2009). While educators and other individuals commonly think of “tests” as only 

standardized activities, such as the type administered for state accountability initiatives, 

the term “test” can refer to any activity to gather information. Thus, a test is not defined 

by format or the type of information gathered (Cizek). 

 Assessment is another word that is often used synonymously with test. 

Assessment, however, has a slightly different connotation and meaning. Like test, the 
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term “assessment” can be used both to denote an action and the tool used to complete that 

action. However, an assessment is distinct from a test in that it refers to the entire process 

of gathering information for a specific purpose. While a test is one specific activity used 

to gather information, an assessment may involve several different tests, all used to the 

same end (Cizek, 2009; Christ & Hintze, 2007). Assessment involves collecting and 

synthesizing information into a cohesive collection of evidence. It can be used to describe 

a variety of phenomena in schools for various purposes, including characteristics of 

individual learners, teachers and instruction, classroom environments, or system-level 

variables, such as curriculum and administrative decisions (Christ & Hintze). For the 

purpose of this review, assessment and test will be used synonymously. That is, the term 

“assessment” will be used to describe both a single tool, and the combined use of 

multiple tools to achieve one answer. 

For assessments to be useful, they must be constructed in such a way that scores 

are produced that can be considered accurate and reliable for a particular purpose. 

Accuracy is a property of a score that is defined as the capacity to detect true features of a 

behavior or other phenomena (Cone, 1981, as cited in Christ & Hintze, 2007; Cone, 

1992). That is, a score is only as accurate as it is able to correctly reflect the features of a 

response or behavior. In contrast, reliability is the idea that scores are generalizable 

across conditions in some way (Kane, 1992). That is, a particular score can be interpreted 

as an indicator of student skill across time, assessment situations, and other conditions. A 

score need not be accurate for it to be reliable, but reliability is a precursor to accuracy. 

When gathering information about an individual’s achievement, it is important to 

remember that any information that is gathered is necessarily only a sample of that 
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individual’s achievement at that moment in time. That is, it is simply impossible to 

capture everything that an individual knows or can do with any single assessment (Cizek, 

2009). When interpreting a score based on a sample of student behavior, inference is 

required. Inference involves extrapolation of observations to form general conclusions 

about student achievement. Although judgments cannot be made with absolute certainty, 

the more information that is gathered about the student’s achievement, the stronger 

conclusions can be (Cizek). Inference from relatively little information may require 

substantial evidence to suggest that such inferences can plausibly be made. 

One subtype of assessment is measurement. Measurement is specific to the 

quantification of phenomena (Christ & Hintze, 2007). That is, measurement describes a 

specific event or behavior in numerical form. It is possible for assessments to be 

considered measures; if the resulting information from an assessment is numerical, it can 

also be termed a “measure”. However, assessment is broader than the quantification of 

phenomena; qualitative instruments, such as interviews or writing samples, can also be 

considered assessments. Thus, measurement is a subcategory of assessment.  

It is also important to distinguish assessment from evaluation. While assessment 

involves gathering information, evaluation involves the use of information to make a 

decision regarding a specific question (Christ & Hintze, 2007). Thus, evaluation is 

comprised of the interpretation and use of information (i.e., data) for some pre-specified 

purpose. The collection and use of information necessarily function in tandem in schools.  

For the purpose of this review, the above precise definitions will be observed. 

Each of the terms above, as well as relevant others, are provided in a glossary (cf. 

Appendix C: Glossary of Key Terms). For the purpose of this review, assessment broadly 
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describes the methods used to capture information about student learning, emphasizing 

varied functions in schools. 

Assessment paradigms. Scholars have identified different paradigms as a 

heuristic to understand assessment research and practice: assessment as measurement, 

assessment as procedure, and assessment as inquiry (Serafini, 2000). As stated above (cf. 

Chapter 1), these paradigms are distinct from one another in terms of how information is 

gathered, and what qualifies as usable information (Brown, Christ, & Cox, 2016). 

Assessment as measurement applies psychometric principles to assessment procedures, 

with the purpose to capture achievement in a specific academic domain, such that student 

achievement in a highly controlled environment can be understood (Serafini, 2000; 

Brown et al., 2016). Assessment as procedure also has a purpose to understand student 

achievement with a high degree of control, but allows for the use of semi-standardized 

assessments (Serafini, 2000; Brown et al., 2016). That is, assessment occurs in authentic 

conditions, but incorporates some level of standardization. Finally, assessment as inquiry 

involves assessment to understand student achievement in the context of instructional 

needs (Serafini, 2000; Brown et al., 2016), examining the match between current 

classroom procedures and student needs. Information is collected informally by educators 

to obtain a holistic perspective of the student. 

Assessment taxonomies. As stated above, assessment paradigms inform the 

methods that can be used to gather information. These varied methods for gathering data 

necessarily result in different categories of assessment procedures. Assessments can also 

be categorized in other ways. For example, assessments could be categorized by the 

procedures used to assess, such as the distinction between paper and pencil 
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administrations, computer administrations, and the use of observation as a means of 

gathering data (e.g., Choi & Tinkler, 2002; Wang et al., 2008). Distinctions could also be 

made in terms of the behavior of interest. For example, one type is performance-based 

assessments, where the behavior of interest is the performance of some skill (e.g., Baker, 

O’Neil, & Linn, 1993; Darling-Hammond, 1994). Such assessments are contrasted with 

traditional, knowledge-based assessments, where the behavior of interest is knowledge of 

some subject matter. Such a dichotomy is drawn because performance-based assessments 

are argued to more accurately assess student skills, as assessment activities are thought to 

more closely align to the ways in which skills are used in everyday life (Darling-

Hammond).  

A final categorization can be found in the way that curriculum is sampled to select 

content to be assessed by a given assessment (e.g., Fuchs, Fuchs & Zumeta, 2008). For 

example, some curriculum-based measures function as global indicators of skill level in a 

target academic domain, while others incorporate subskills strategically sampled from a 

year-long academic curriculum in the target domain. The above represents a brief 

description of the various ways in which assessments could be categorized. This is an 

incomplete list; there is insufficient space in the present paper to fully address each of 

these distinctions. Rather, the focus of the present paper is formative assessment, which is 

addressed below.  

Formative assessment. Formative assessments are generally administered 

frequently to provide feedback on progress toward instructional objectives (Popham, 

2007). Formative assessments are often contrasted with summative assessments, or those 

assessments that are used once a particular set of academic material is learned. 
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Summative assessment scores have the purpose of verifying whether a student has 

learned that material (Wiliam & Black, 1996). Formative assessments can also be 

contrasted with interim assessments, which are assessments that are a hybrid between 

formative and summative assessments (Perie, Marion & Gong, 2009). Interim 

assessments are administered several times per year. Scores from such assessments have 

the joint purpose to inform teachers of modifications that need to be made to instruction, 

but also verify student mastery of certain academic concepts (Perie, Marion & Gong). 

What distinguishes formative assessment from other types of assessment is the 

purpose for score use, rather than the methods used to obtain scores. Thus, scores that are 

useful for formative assessment purposes could be achieved across assessment 

paradigms. It may be that to most effectively gather scores useful for formative 

assessment, data-gathering methods must be selected across paradigms. A variety of 

formative assessment methods, across paradigms, are represented in formative 

assessment literature. These will be examined further below.  

Foundational formative assessment literature. Several reviews of the literature 

have been conducted to investigate the effectiveness of formative assessment practices in 

general (e.g., Black & Wiliam, 1998; Fuchs & Fuchs, 1986; Kingston & Nash, 2011). 

Such reviews have consistently found that the use of formative assessment is associated 

with positive student outcomes. These reviews have included meta-analyses (e.g., Fuchs 

& Fuchs, 1986; Kingston & Nash, 2011) as well as integrative reviews, describing key 

themes in the literature (e.g., Black & Wiliam, 1998). Key examples are provided below. 

One such review found strong empirical evidence for the effectiveness of 

formative assessment in improving students’ academic achievement across domains 
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(Fuchs & Fuchs, 1986). In this meta-analysis, 21 studies were selected that included a 

control group analysis of the effect of formative assessment in the form of curriculum-

based data collection, including feedback to teachers, on students’ academic achievement. 

Through an analysis of effect sizes, methodological features, and study variables, it was 

found that overall, formative assessment procedures were significantly effective (mean 

unbiased effect size = 0.70; Z = 4.43, p < 0.001). In general, study characteristics (i.e., 

publication type, publication year, and quality of study) did not significantly impact 

results. However, four specific variables were found to have an effect on findings, 

including publication type, the use of pre-specified rules for the evaluation of student 

data, the presence of a behavior modification variable, and the use of graphs to display 

data. Overall, the comprehensiveness of coding procedures and strength of findings 

suggest that it is likely that conclusions can be made based on the results of this study. 

Another review integrated formative assessment literature across domains (Black 

& Wiliam, 1998). This review was not a meta-analysis; rather key pieces of literature 

were narratively analyzed, and key themes across pieces of literature were examined. In 

general, it was found that formative assessment was effective in improving student 

achievement. Key themes in the literature included the importance of both teacher and 

student involvement, strategies for teachers to use, the impact on systems, and the 

importance of feedback. Although several examples of studies demonstrating the 

effectiveness of formative assessment were discussed, overall effectiveness was not 

demonstrated empirically, and effect sizes across pieces of literature were not examined. 

In addition, the type of studies reviewed was varied. Thus, it is difficult or impossible to 
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determine the overall effectiveness of formative assessment procedures based on the 

results provided. 

Finally, a more recent meta-analysis found moderate empirical evidence for the 

effectiveness of formative assessment across academic domains (Kingston & Nash, 

2011). In this meta-analysis, 42 effect sizes were examined from empirical studies that 

incorporated control or comparison group analyses of the effectiveness of formative 

assessment with the purpose to inform both teaching and learning among K-12 students. 

Moderate overall effects were found (weighted mean effect size = 0.20), with higher 

effect sizes observed in the domain of English/language arts (mean effect size = 0.32) 

than in mathematics (mean effect size = 0.17) or in science (mean effect size = 0.09). 

However, it was found that the variability in effect sizes was high (Q = 169.46, p < 

0.001). Overall, the authors suggested that although weighted mean and median observed 

effect sizes were substantially lower than previously estimated by prior reviews (e.g., 

Black & Wiliam, 1998), the findings indicated that formative assessment could be 

considered a way to reliably and significantly improve student achievement across 

domains (Kingston & Nash). It should be noted that this meta-analysis substantially 

raised standards for review of the formative assessment literature, which may have 

impacted findings. Authors also criticized the methodology of previous reviews and 

meta-analyses (e.g., Black & Wiliam, 1998; Fuchs & Fuchs, 1986;), especially in terms 

of the inclusion of studies with questionable methodology. This meta-analysis was the 

highest quality review, in comparison with the other two reviews described. Each meta-

analysis was examined in comparison with established criteria for quality meta-analyses 

(Harwell, 2008).  
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While positive results were obtained across reviews, methodology was varied in 

terms of study quality. That is, while some of the above reviews observed strict inclusion 

and exclusion criteria, analyzing results in an empirical manner (e.g., Fuchs & Fuchs, 

1986; Kingston & Nash, 2011), one review did not demonstrate systematic methodology 

(Black & Wiliam, 1998). Across reviews, it was concluded that formative assessment was 

effective to improve student achievement across domains (Fuchs & Fuchs), especially 

with the inclusion of specific components, such as teacher and student involvement, and 

feedback (Black & Wiliam). However, in light of the abundance of empirical work 

demonstrating positive effects, it seems warranted to conclude that formative assessment 

is effective to improve students’ domain-specific academic outcomes, in general. The 

highest quality review described above (Kingston & Nash) supported these conclusions. 

Although the authors of this meta-analysis questioned the methodology of previous 

reviews, they also found formative assessment to be a reliable method to significantly 

improve student achievement (Kingston & Nash). Some differences were found by 

academic domain, however. Formative assessment in reading (effect size = 0.32) was 

found to have a greater average effect than formative assessment in mathematics (effect 

size = 0.17) or science (effect size = 0.09), for example. 

It must be noted, however, that the reviews above were broad in nature, including 

studies across academic domains. In addition, the above meta-analyses (Fuchs & Fuchs; 

Kingston & Nash) necessarily focused on literature that included effect sizes useful in 

calculating an overall effect size. Such studies were likely most aligned to research from 

a measurement paradigm. Thus, such reviews may not have adequately covered literature 

across perspectives and assessment paradigms.  
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The current literature review was completed to synthesize and critically analyze 

formative assessment literature, especially in the context of mathematics. The aim was to 

provide a foundation for the present study in compiling various perspectives represented 

across formative assessment literature. The evidence and utility of formative assessment 

literature was evaluated in the context of a heuristic (Serafini, 2000) that describes 

assessment within three paradigms: assessment as measurement, assessment as 

procedure, and assessment as inquiry (cf. Chapter 2: Assessment Paradigms; Appendix 

D: Description of Assessment Paradigms). This review was completed to answer the 

following questions: (a) what formative assessment work has been done in the context of 

mathematics across paradigms, (b) how does formative assessment affect student 

mathematics achievement, and (c) how do teachers use information gleaned from 

formative assessment practices to alter instructional practices. Procedures used to identify 

key sources are provided in Appendix B: Literature Review: Key Sources. 

Assessment as Measurement: Quantification of Student Learning 

As defined above, assessment as measurement merges the psychometrically-

sound principles of measurement with assessment. The purpose is to assess academic 

competence across specific objectives or across a domain broadly. This largely involves 

the use of standardized testing procedures in a way that limits the influence of error.   

There is a relatively large pool of empirical research examining formative 

assessment from a measurement paradigm within the domain of mathematics. Much 

research is relatively similar – most studies use slight variations in procedure to establish 

that standardized formative assessment procedures are effective in improving student 

achievement in mathematics (e.g., Fuchs, Fuchs, Hamlett, Phillips, & Bentz, 1994; Fuchs, 
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Fuchs, Hamlett, & Stecker, 1991; etc.). There are a few key themes that appear in the 

literature, each of which will be examined below. 

Data use: Perspectives on data use. Foundational formative assessment as 

measurement work provided perspectives on the relative merits and limitations of 

different types of assessment in producing data useful for formative purposes. For 

example, one scholarly work (Fuchs & Fuchs, 1999) contrasted subskill mastery 

measurement, curriculum-based measurement, and dynamic indicators of basic early 

literacy skills (DIBELS) in the context of reading, although these perspectives could be 

applied across academic domains. These different assessment types were examined in 

terms of the availability or potential for reliability and validity evidence, the potential that 

the assessment type could be used to capture growth in skills over time, the level of 

dependence between instruction and assessment activities, the utility of assessment 

results, and the feasibility that such assessment tools could be put into practice. 

Several strengths and limitations were identified for each assessment tool. For 

example, subskill mastery measures had strength in that that they often correspond 

closely to what is taught (i.e., are instructionally relevant), and are sensitive to the effects 

of treatment. However, subskill mastery measures had limitations in that they have a lack 

of psychometric evidence, are dependent on instruction practices, are inadequate to 

capture growth, and that implementation is not feasible, because test construction is the 

responsibility of the individual classroom teacher (Fuchs & Fuchs, 1999). Conversely, 

curriculum-based measures have strength in that they allow for adequate psychometric 

evidence to be gathered, can be used to model growth in skills over time, are sensitive to 

the effects of instruction or treatment, can be used to inform instruction, and are generally 
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created to be independent from instruction (Fuchs & Fuchs). Finally, DIBELS was 

identified as having strength in the capacity for traditional psychometric evidence, as well 

as the capacity to model student growth, while limitations included that assessment 

procedures are dependent on instruction, it is not adequate for modeling student growth, 

is not sensitive to the effects of instruction, cannot be used adequately to inform 

instruction, and is not feasible for implementation in schools (Fuchs & Fuchs). 

Thus, it is apparent that the authors favored curriculum-based measurement as the 

best tool to gather data in a way that would allow for reliability and validity evidence to 

be gathered, growth over time to be captured, implementation to be independent from 

instruction and feasible, and for assessment results to be useful to inform instruction 

(Fuchs & Fuchs, 1999). In general, however, there appears to be a bias in the way that the 

strengths and limitations of each assessment type were presented in that there was an 

underlying preference given to curriculum-based measurement in comparison with the 

other two assessment types. In particular, curriculum-based measurement was presented 

as the opposite of subskill mastery measurement and DIBELS, or as the answer to the 

limitations highlighted with each of those two assessment types. 

Data use: Empirical work in mathematics. Researchers have examined the 

ways in which the data provided to teachers has an effect on student mathematics 

achievement (e.g. Fuchs, Fuchs, Hamlett, Phillips, & Bentz, 1994; Fuchs, Fuchs, 

Hamlett, & Stecker, 1991; Stecker & Fuchs, 2000. For example, one study (Fuchs, et al., 

1991) investigated the effects of curriculum-based measurement on mathematics 

achievement, with and without the use of expert data-interpretation software. Special 

education students in grades two through eight with a history of low mathematics 
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achievement participated in a periodic curriculum-based measurement in mathematics, 

and some teachers were given expert help via a computer program to interpret student 

curriculum-based measurement data, while other teachers were given no assistance. Both 

of these conditions were compared to a control condition in which students did not 

complete curriculum-based measures (Fuchs et al.). Teachers in each of the curriculum-

based measurement conditions made alterations to instruction more often than teachers in 

the control group condition. In addition, students in the curriculum-based measurement 

condition with expert judgment (i.e., the computer program) performed significantly 

higher in terms of mathematics achievement than those in either the control condition, or 

the curriculum-based measurement without expert judgment condition. These findings 

are attributed to the fact that the curriculum-based measurement with expert judgment 

provides teachers with information on what to teach, as well as how to teach, whereas in 

the curriculum-based measurement only condition, teachers were just provided with 

information on what to teach (Fuchs et al.).  

These findings were corroborated by additional work investigating the 

effectiveness of instructional recommendations provided in the context of weekly class-

wide curriculum-based measurement, as compared to weekly curriculum-based 

measurement with no instructional recommendations, and a control condition in general 

education mathematics classes (Fuchs, Fuchs, Hamlett, Phillips, & Bentz, 1994). 

Classrooms were assigned to one of the three conditions, and teachers used the 

curriculum-based measurement data they received to make changes to instruction. It was 

found that students in the curriculum-based measurement with instructional 

recommendations condition grew significantly more than those in the curriculum-based 
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measurement only condition. The amount of data provided also significantly affected 

teacher instruction behaviors, with teachers in the curriculum-based measurement with 

recommendations condition using significantly more skill-specific instruction and one-

on-one or peer instruction (Fuchs et al.). 

This research has also been extended to examine data at the student level. For 

example, one study (Stecker & Fuchs, 2000) investigated whether formative assessment 

results were affected by the data used to make decisions on instruction modification in 

the context of broad mathematics. Special education students in grades two through eight 

were matched into pairs and assessed weekly for twenty weeks. Mathematics 

computation curriculum-based measurement data from one student in each pair (the target 

student) was used to modify instruction for both students each week. The results of 

ANOVA analyses suggested that students outperformed their peers when it was their data 

that was used to make instructional modifications; there were significant main effects for 

student type (target or partner) and time, and that there was an interaction between 

student type and time (Stecker & Fuchs).  

Data use: Conclusions about data use. The above provide several examples of 

research investigating the use of curriculum-based measurement as a formative 

assessment tool for the purpose of improving student achievement in the context of 

mathematics. In general, it appears that the more data provided, and the more specific 

that data is, the better student outcomes are. Non-empirical work in the context of reading 

echoes these claims in supporting tools that provide data that is reliable and valid, while 

also providing adequate information to teachers that is instructionally relevant. The above 

provide relatively convincing examples of the effectiveness of standardized formative 
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assessment techniques in significantly improving a variety of outcomes, including student 

achievement (Fuchs et al., 1991; Fuchs et al., 1994; Stecker & Fuchs, 2000) and teachers’ 

instructional practices (Fuchs et al., 1991; Fuchs et al., 1994). However, it is unclear how 

generalizable findings are, especially in terms of sample selection and sample 

demographics. For example, one study did not provide any demographic information 

(Stecker & Fuchs), and teachers selected participants using their own judgment in 

multiple instances (Fuchs et al., 1994; Stecker & Fuchs). In addition, intervention 

procedures varied significantly across experimental conditions in multiple instances 

(Fuchs et al., 1991; Fuchs et al., 1994; Stecker & Fuchs). That is, it may be the case that 

confounding variables were not adequately controlled. 

Additional research has investigated the technical adequacy of curriculum-based 

measurement for different uses, including research examining curriculum-based 

measurement as a screening or progress monitoring assessment across academic domains 

(e.g., Christ, 2003; Christ & Vining, 2006; Christ, Zopluoglu, Long, & Monaghen, 2012; 

Christ, Zopluoglu, Monaghen, & Van Norman, 2013; Christ, White, Ardoin, & Eckert, 

2013; Hintze & Christ, 2004; Hintze & Silberglitt, 2005; Van Norman, Christ, & 

Zopluoglu, 2013). There is less research, however, investigating the way in which 

information can be gleaned from curriculum-based measures to inform instruction. That 

is, while there is research to suggest that curriculum-based measures can be used to 

inform instruction (e.g., Fuchs et al., 1991), and that the type of data that is used matters 

(e.g., Stecker & Fuchs, 2000), such studies do not indicate how this process can be 

accomplished, or how teachers are able to adequately interpret the information provided 

by curriculum-based measures. This is an important gap to address in the research. 
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Outcome variables: Perspectives on outcome variables. Non-empirical work 

(e.g., Hintze, Christ, & Methe, 2006) has addressed the use of general outcome 

measurement broadly, or curriculum-based measurement specifically (cf. Appendix C: 

Glossary of Key Terms), as a formative assessment tool across outcome variables. For 

example, such work highlighted the idea that scores obtained through curriculum-based 

measurement can be used as dynamic indicators of competence in a broad academic 

domain (Hintze, Christ, & Methe). That is, while such assessments target discrete 

academic skills and can be used to assess student performance across those skills, such as 

mathematics fact automaticity, assessment outcomes are also correlated with broader 

academic outcomes, such as broad mathematics achievement. These assessments are also 

considered to be dynamic in that they are sensitive to changes in student skill over short 

periods of time, and can be used to measure those minute changes (Hintze, Christ, & 

Methe). Other scholarly work (Fuchs & Deno, 1991) has supported similar claims. For 

example, scholars suggested that general outcome measurement can be used to measure 

progress toward long-term, broad curricular goals, as well as to measure the retention and 

generalization of discrete skills within an academic domain (Fuchs & Deno). Thus, non-

empirical work supports the idea that formative assessment can be used to target multiple 

related outcome variables. 

Outcome variables: Empirical work in mathematics. In general, formative 

assessment from a measurement paradigm has a significant effect on various outcome 

variables, including student mathematics achievement (Faber, Luyten, & Vissher, 2017; 

Fuchs et al., 1991; Fuchs et al., 1994; Phelan et al., 2011; Polly et al., 2017; Stecker & 

Fuchs, 2000) and teacher instructional modification behaviors (Fuchs et al., 1991; Fuchs 
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et al., 1994). For example, one study (Fuchs et al., 1991; cf. Data Use) showed that the 

use of formative assessment in combination with expert judgment was effective in 

improving student mathematics achievement. In this study, students whose teachers had 

access to curriculum-based measurement data with expert recommendations on how to 

modify instruction performed significantly better than students whose teachers did not 

have access to expert recommendations (Fuchs et al., 1991). In addition, this study 

demonstrated that teachers who had access to curriculum-based measurement data with 

expert recommendations also modified instruction more frequently than those in the other 

conditions (Fuchs et al., 1991). Teachers not only were given information on what 

content to teach, but they were also given information on how to teach that content 

(Fuchs et al., 1991). Other research has attained similar results (e.g., Fuchs et al., 1994). 

Thus, formative assessment from a measurement paradigm appears to be effective in 

promoting increases in students’ mathematics achievement (Faber, Luyten, & Vissher, 

2017; Fuchs et al., 1994; Phelan et al., 2011; Polly et al., 2017; Stecker & Fuchs, 2000), 

as well as in promoting changes in teachers’ instruction practices (Fuchs et al., 1994).  

Outcome variables: Conclusions about outcome variables. Research has 

examined various outcome variables related to formative assessment from a measurement 

perspective. Non-empirical work has identified various related variables that can be 

assessed by formative assessments, including competence across discrete skills, broad 

academic achievement in a given domain, changes in performance over time, long-term 

goal attainment, and retention and generalization of previously learned skills (Hintze, 

Christ, & Methe, 2006; Fuchs & Deno, 1991). Empirical research has primarily addressed 

student mathematics achievement (e.g., Faber, Luyten, & Vissher, 2017; Fuchs et al., 
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1991; Fuchs et al., 1994; Phelan et al., 2011; Polly et al., 2017; Stecker & Fuchs, 2000). 

This makes sense, as this is the primary purpose of formative assessment in general – 

improving student achievement in a particular academic domain. Such research has been 

extended to also include teachers’ instruction behaviors (e.g., Fuchs et al., 1991; Fuchs et 

al., 1994). This is beneficial as well, as formative assessment is designed to inform 

instruction and any modifications that need to be made. This research is somewhat 

lacking, however, in that there are relatively fewer studies that target such outcomes in 

comparison to formative assessment research from a measurement paradigm in general. 

Additional research could further investigate the way in which teachers use formative 

assessment data to inform instruction, as this could highlight the ways in which data 

could be gathered to make modifications to instruction easier or more apparent. Finally, 

some research has investigated other outcome variables, including teacher and student 

satisfaction (e.g., Fuchs et al., 1994). Additional research should investigate peripheral 

variables such as these. It may be the case that such variables play a role in how 

formative assessment is perceived or used in classrooms. 

There are several key limitations in the existing research targeting various 

outcomes. For example, in the study described above (Fuchs et al., 1991), teachers 

selected students for participation, and instruction and assessment varied substantially 

among treatment groups. Thus, it may be the case that confounding variables were not 

adequately controlled, and conclusions should be made cautiously. Other similar studies 

also lacked randomization (e.g., Fuchs et al., 1994; Polly et al., 2017; Stecker & Fuchs, 

2000) or failed to control for confounding variables (e.g., Fuchs et al., 1994; Stecker & 

Fuchs). 
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Conclusions about assessment as measurement. In general, there is adequate 

evidence to suggest that formative assessment developed from a measurement paradigm 

is effective in improving student mathematics performance. Such research is broad in that 

it addresses various uses of formative assessments and resulting data (cf. Data Use), with 

the conclusion that the more data provided to educators, and the more specific that data 

is, the better student outcomes are. Research has also demonstrated effectiveness of 

formative assessment across various outcome variables (cf. Outcome Variables), 

including both student mathematics achievement outcomes and teacher behaviors. 

However, more work could still be done. For example, as stated above, several of the 

studies reviewed lacked experimental control and randomization. In addition, research 

could further examine alternative uses of data, especially in relation to the usefulness of 

such data to teachers in modifying instruction.  

Assessment as Procedure: Alternative Methods to Gather Psychometrically-Sound 

Data 

 There are relatively few examples of assessment as procedure in formative 

assessment research. While there is little to no empirical work that falls within this 

paradigm, and no work that addresses mathematics formative assessment specifically, 

there are a few examples in which scholars explore the ways in which assessment could 

be done that both maintains psychometrically sound practices, while also providing 

information that is useful to teachers in planning and implementing instructional changes. 

The following provides a brief overview of the perspectives taken by such scholars, and 

the themes found in such work. 
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Mismatch between assessment and instructional needs: Perspectives on 

assessment mismatch. First, many scholars have identified the difficulties inherent in 

encouraging data-based decision making in school settings (e.g. McMillan, 2003). For 

example, scholars have noted that teacher beliefs, consistent with their training programs, 

are at odds with external accountability initiatives (McMillan). There is often a mismatch 

between teacher beliefs and the pressure from external sources to meet school and district 

standards for accountability. For example, scholars report that teachers’ priorities are in, 

among other things, promoting student needs, working toward student understanding, 

accommodating differences among individuals, and improving student motivation 

(McMillan). External pressures, such as state or district accountability initiatives (e.g., 

state testing) may not allow for such individualized attention (McMillan). In addition, 

large-scale assessment initiatives that are often in place in schools may not provide 

relevant, targeted information that teachers can use to guide instruction (McMillan). As a 

result, conflict may exist in the administration and interpretation of assessment 

procedures of various forms, including formative assessment. In addition, scholars 

highlight other factors that may interfere with teacher assessment activities, including 

classroom setting, the method by which teachers make decisions, and classroom grading 

procedures (McMillan).  

The views above have merit in that they highlight the priorities and perspectives 

that teachers may hold concerning assessment procedures used in schools. However, it is 

unclear how widespread such beliefs are, since this work is not empirical in nature. In 

addition, this work does not provide practical recommendations or implications for how 

this mismatch in assessment and instructional needs could be resolved. This is a clear 
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next step needed in research on procedure-based assessments; it is important to 

understand both instructional needs and purposes for assessment, especially formative 

assessment, as well as the ways in which initiatives could be put into place to address 

both sets of priorities.   

Mismatch between assessment and instructional needs: Empirical work. 

Given the search parameters defined for this review (cf. Appendix B: Key Sources), no 

empirical work was found to address the mismatch between assessment and instructional 

needs. Suggestions for strategies to use in practice to target this gap are provided below 

(cf. Implications for Practice: Problem Analysis and Consultation).  

Mismatch between assessment and instructional needs: Conclusions about 

assessment mismatch. In conclusion, although some assessment as procedure scholars 

have noted the mismatch between assessments in schools and the priorities of educators 

using those assessments, there is currently no empirical work to support such a line of 

research. Thus, further empirical work is necessary. 

Alternative uses of assessments: Perspectives on alternative uses of 

assessments. Some researchers have asked questions related to the use of assessments in 

alternative ways (e.g., Becker & Christ, In Preparation). Assessments are often created to 

emphasize one specific purpose (Wiliam, 2000). Although validity and reliability 

evidence could be gathered to support the use of an assessment for an alternative purpose, 

it may be that a particular assessment lends itself to one purpose over others. Thus, when 

suggesting alternative interpretations and uses for assessments and scores, it is necessary 

to fully investigate the reliability and validity of such interpretations and uses. Reliability 

and validity evidence can be established in any context; differing contexts may 
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necessitate alternative methods to gather evidence. With these various types of evidence, 

a validity argument could be established for any type of assessment. 

As stated above, there are often competing motives behind assessment and 

instructional activities (cf. Mismatch Between Assessment and Instructional Needs). 

Although it may be difficult to establish the reliability and validity of alternative 

interpretations and uses, it is nonetheless important to investigate whether existing 

assessments can be used for alternative purposes. For example, some scholars have 

suggested the use of classroom assessments for district and state accountability purposes, 

stating that it be possible for teachers to collect data in such a way as to be useful for both 

classroom decision-making purposes, as well as accountability initiatives (Wiliam, 2007).  

Other scholars have also investigated whether non-standardized classroom 

assessment procedures that currently exist in practice could be made to be reliable and 

valid for the purpose of gauging student learning (Cizek, 2009). For example, in terms of 

reliability, scholars suggest that test-retest reliability evidence could be gathered as 

teachers allow students to demonstrate their knowledge of one set of information in 

multiple ways (Cizek). This could be in the form of several tries at the same activity, 

performance across different activities measuring the same information, asking questions 

as a follow-up to an activity, and so on (Cizek). Similarly, validity evidence could be 

gathered through a comparison of classroom assessment procedures with instructional 

goals and standards; fairness of assessment and scoring procedures could also be 

examined to bolster validity evidence (Cizek). Through these recommendations, scholars 

suggest that it may be possible to gather psychometric evidence for unstandardized 

classroom assessment procedures (Cizek). Thus, it may be possible to use less 
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standardized classroom assessments for alternative purposes, such as accountability 

initiatives (Wiliam), if psychometric evidence were gathered to suggest that those score 

interpretations and uses were warranted. 

This perspective represents a logical next step in formative assessment research 

from an assessment as procedure paradigm. If, as stated above, there is a mismatch 

between the priorities of educators and other educational stakeholders (cf. Mismatch 

Between Assessment and Instructional Needs), it would be logical to investigate whether 

it would be possible to serve the needs of both parties through alternative assessment 

uses. However, such a perspective has limited empirical support at this point. Thus, 

further research should investigate whether such ideas are feasible and have empirical 

support. 

The idea of gathering reliability and validity data about informal classroom 

assessment procedures to promote alternative uses provides one solution to the problem 

that there is a mismatch in assessment priorities among stakeholders. However, this 

perspective appears to be biased in favor of assessment researchers working from an 

assessment as measurement paradigm. That is, gathering reliability and validity evidence 

to promote alternative uses of informal classroom-based assessments could be interpreted 

as an attempt to make informal classroom assessment procedures (i.e., inquiry-based 

assessments) more acceptable to assessment as measurement researchers and 

stakeholders. Thus, further work is needed to investigate the ways in which other 

perspectives can be used to meet the same goal.    

Alternative uses of assessments: Empirical work. Again, given the search 

parameters defined for this review (cf. Appendix B: Key Sources), no empirical work was 
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found to address an exploration of the alternative uses of assessment, although some 

relevant research is currently being conducted (e.g., Becker & Christ, In Preparation). 

Suggestions for further future research to address such questions are provided below (cf. 

Implications for Research: Alternative Assessment Uses). 

Alternative uses of assessments: Conclusions about alternative uses of 

assessments. In conclusion, although some assessment as procedure scholars have begun 

to investigate the need for alternative uses of assessments, there is currently no empirical 

work to support such a line of research. Thus, further empirical work is necessary. 

Conclusions about assessment as procedure. In conclusion, the above 

perspectives demonstrate that there is a mismatch in priorities among assessment and 

education stakeholders; while some prioritize the utility of assessment results for 

instructional decision-making, others prioritize large-scale interpretation and use of data. 

Assessment as procedure can function as a way to bridge the two ends of this spectrum. 

Such work has largely involved investigating the ways in which assessments could be 

used for alternative purposes to meet the needs of multiple parties. However, this work 

still appears to be in its infancy. As there is currently little to no empirical work within 

this paradigm, much further research is needed to investigate alternative perspectives. In 

addition, empirical work is clearly needed to determine whether such procedures are 

feasible and defensible in practice. 

Assessment as Inquiry: Teacher-Driven Classroom Assessment 

 Much formative assessment research appears to focus on assessment from an 

inquiry paradigm (e.g., Ruiz-Primo, 2011). These scholars generally start with the 

implementation of changes in practices that teachers already use and like, with the 
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purpose to increase usefulness in the improvement of student outcomes. Relatively little 

literature was found to address formative assessment specifically in the domain of 

mathematics. Rather, much literature addressed general formative assessment practices, 

or formative assessment in other academic domains. Themes in work addressing 

formative assessment in general are described below, and mathematics literature 

addressing such themes is identified.  

Feedback: Perspectives on feedback. Researchers first emphasize the 

importance of feedback in formative assessment work (e.g., Bangert-Drowns et al., 1991; 

Cauley & McMillan, 2010; Day & Cordón, 1993; Ruiz-Primo, 2011; Sadler, 1989; 

Simmons & Cope, 1993; Wiliam, 2007). A necessary component of formative assessment 

is that the results of such assessment activities are fed back to teachers and students, and 

that changes are made to either instruction (by teachers) or learning strategies (by 

students), based on that information (Ruiz-Primo; Wiliam). Scholars who operate from an 

assessment as inquiry paradigm share the perspective that feedback is an essential part of 

formative assessment for many reasons (Wiliam), such as that it helps students to monitor 

their own work and compare it to some standard (Sadler, 1989), and it helps them to 

identify and fix errors in their work (Cauley & McMillan, 2010). Feedback includes 

action on the part of both the teacher and the student. For example, teachers may gather 

information about student progress in various ways (e.g., responses to questioning, note-

taking skills, homework scores, etc.), which they then may use to inform future 

instruction. Teachers should then provide students with some indication as to how well 

they are performing, relative to expectations, such that students are able to alter learning 

behaviors as necessary (Ruiz-Primo; Wiliam). 
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Scholars also share the opinion that students must have strategies they can use to 

modify their work for feedback to be helpful (Sadler, 1989). Scholars agree that the way 

that feedback is delivered is crucial to the effect it has on student results (e.g., Bangert-

Drowns et al., 1991; Cauley & McMillan, 2010), further supporting the idea that the 

effects of formative assessment scores depend on the interpretation and use of those 

scores. For example, students are thought to perform better with feedback that clearly 

delineates learning objectives and their progress toward those learning objectives (Cauley 

& McMillan). In addition, students are thought to perform better with feedback that 

emphasizes student effort as the cause for success, as well as when feedback is connected 

to student goals (Cauley & McMillan). 

Feedback: Empirical work in mathematics. One integrative review of 

formative assessment literature reported empirical work related to feedback in the domain 

of mathematics (Wiliam, 2007). Such studies (Day & Cordón, 1993; Simmons & Cope, 

1993) investigated the effect of the timing of feedback on student mathematics 

performance. It was found that students must have time to work out the entire problem or 

task before feedback is delivered or must be given feedback in a manner that involves 

scaffolding. For example, in one study, 64 third graders learned to use a balance scale 

either through scaffolded or non-scaffolded instruction as a tool for formative assessment 

(Day & Cordón). Multivariate analyses suggested that students who received scaffolded 

feedback performed better on transfer tasks than students who did not receive scaffolded 

feedback, although students in both groups performed similarly on maintenance tasks 

during post-testing (Day & Cordón). Another study identified by the integrative review 

achieved similar findings (Simmons & Cope). Such findings are also supported by 
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theoretical underpinnings, such as the Zone of Proximal Development (cf. Appendix C: 

Glossary of Key Terms; Vygotsky, 1978). 

Feedback: Conclusions about feedback. In summary, there are various aspects 

of feedback that have been investigated through scholarly work. In general, the 

perspectives of such scholars seem to align in the idea that the form and delivery of 

feedback to students matters, as can be seen in the use of feedback as a part of 

intervention, error correction, and scaffolded learning. While there is some empirical 

work that has touched on these themes (summarized in Wiliam, 2007), there is a need for 

further work to investigate the practicality and psychometrics behind such ideas in 

practice. Although empirical work has shown that feedback is related to student 

achievement in the domain of mathematics, this work is limited (Day & Cordón, 1993; 

Simmons & Cope, 1993). For example, the population studied is restricted (i.e., mid- to 

upper-elementary students), and the mathematical skills sets examined are specific (e.g., 

angle rotations and balance scales). Effect sizes were also not provided for either study. 

Thus, further work is needed across mathematical domains, as well as across other 

populations. Although this review (i.e., Wiliam) was not intended to be a systematic 

review or meta-analysis, such a future study would be valuable to further inform readers 

of the literature. 

Assessment through dialogue and questioning: Perspectives on assessment 

through dialogue. Scholars have also examined formative assessment through informal 

classroom dialogue (e.g., Ruiz-Primo, 2011) in interactions between teachers and 

students (e.g., Ruiz-Primo, 2011). These “assessment conversations” are expected to 

occur on a regular basis throughout the academic day, between teacher and student, or 
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within student pairs or groups. Through observation of the way that students respond to 

questions or interact with the academic material that is presented, teachers can 

continually gauge student understanding; these assessment conversations can be 

subsumed into most classroom activities (Ruiz-Primo). One scholar suggests that such 

conversations allow teachers or other educators to understand the way in which students 

think without explicitly probing for information (Ruiz-Primo). In this way, teachers can 

actively interpret and work with student understanding within an instruction block. 

Another scholar suggests that dialogue, such as through an assessment conversation, 

facilitates learning (Black, 2015). When students are exposed to the language surrounding 

a topic, they implicitly gain understanding. This interaction pattern can also occur when 

teachers comment on students’ written work (Black).  

Similarly, scholars have suggested that it is important to determine what makes 

questions effective in general (Wiliam, 2007). Such scholars propose that teachers need to 

ask rich questions that delineate what students know, as well as what teachers need to do 

to further support student learning (Wiliam). Scholars also suggest that it is important to 

allow adequate time to students when they ask questions, both in the time elapsed before 

students respond, as well as in the follow-up response given to students (Wiliam). 

Assessment through dialogue and questioning: Empirical work. Empirical 

work has investigated the impact of assessment conversations and questioning on student 

performance, although such work was not found to address mathematics, given the search 

parameters of this review (cf. Appendix B: Key Sources). For example, after the 

observation of teacher and student interaction patterns, one group of researchers found 

that open-ended questions best facilitated teachers’ decisions in the moment (Heritage & 
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Heritage, 2013). In this study, researchers examined two hours of videotaped teacher-

student interactions that took place within one fifth grade classroom in the context of 

writing instruction. These videotaped interactions were then transcribed and qualitatively 

examined to identify the types of interactions used in classrooms as opportunities for 

formative assessment, and to determine whether any classroom practices were used to 

support interactions between teachers and students. Researchers observed that formative 

assessment was most effective when it incorporated open questioning, and observed that 

formative assessment practices were impacted by classroom routines and mutual 

understanding about conversation expectations, on the part of both the teacher and the 

students (Heritage & Heritage). 

Assessment through dialogue and questioning: Conclusions about assessment 

through dialogue. Overall, it appears that there is some consensus on the value of 

dialogue with students as a vehicle for informal formative assessment (Black, 2015; 

Heritage & Heritage, 2013; Ruiz-Primo, 2011). Although there has been some empirical 

work (Heritage & Heritage), this empirical work is limited. In addition, this empirical 

work was qualitative and descriptive in nature, and information gathered likely has 

limited generalizability. The population studied and subject matter were also limited. 

Thus, further research is warranted to investigate the applicability of such assessment and 

dialogue procedures across other populations and academic domains, including 

mathematics. 

Self-assessment: Perspectives on self-assessment. A final common theme 

among assessment as inquiry scholars is the use of student self-assessment, or the 

instruction of students in assessment practices such that they can monitor their own 
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learning (e.g., Cauley & McMillan, 2010; Fontana & Fernandes, 1994; Wiliam, 2007). In 

general, value is seen in self-assessment as a way to reduce the assessment 

responsibilities of teachers, making continuous formative assessment more feasible and 

sustainable (Wiliam, 2007), though students must have a clear grasp of the task for self-

assessment to be effective (Wiliam). Through one review, it was suggested that self-

assessment necessarily involves self-monitoring and self-evaluation, which could include 

correcting work, for example (Cauley & McMillan). Scholars suggested that students 

should use these two processes to understand their own level of mastery of the material, 

and develop strategies that will help them improve their learning practices, and the way 

that they interact with instruction and the material (Cauley & McMillan). 

Self-assessment: Empirical work in mathematics. Empirical work has 

demonstrated the effectiveness of self-assessment in improving mathematics 

achievement. For example, in one study (Fontana & Fernandes), it was shown that 

Portuguese students who participated in a self-assessment program performed 

significantly better in terms of general mathematics achievement, as measured by a 

grade-level standardized mathematics assessment, in comparison with students who did 

not participate in self-assessment. Classes of students between the ages of 8 and 14 were 

assigned to either a self-assessment condition (25 teachers and 354 students) or a control 

condition (20 teachers and 313 students). Teachers in the self-assessment condition 

received training on how to incorporate self-assessment in their classrooms. Teachers 

were trained to encourage student self-assessment in two ways: exploratory, in which 

students were taught to plan and organize their own work, and prescriptive, in which 

students were given a hierarchy of tasks to accomplish. Teachers in the control condition 
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received no instruction. Teachers implemented the intervention for a total of 20 weeks, 

over which time students in the control condition gradually took over more responsibility 

for their learning. Students completed a broad mathematics achievement measure before 

and after the intervention was implemented. This measure was constructed to target 

objectives covered by the national mathematics curriculum of Portugal (Fontana & 

Fernandes). An analysis of variance was conducted to examine group differences. It was 

found that students in the self-assessment condition significantly out-performed students 

in the control condition, both in relation to absolute post-test performance (p < 0.001) and 

growth between pre-testing and post-testing (p < 0.001). Significant group differences 

were also accounted for by number of years of schooling (p < 0.001; Fontana & 

Fernandes).  

Self-assessment: Conclusions about self-assessment. Self-assessment has been 

established as an effective avenue for formative assessment from an assessment as 

inquiry paradigm. Reviews of the literature demonstrate that there exists research to 

suggest the effectiveness of self-assessment (Cauley & McMillan, 2010; Wiliam, 2007). 

Empirical work has also demonstrated that self-assessment is effective in the domain of 

mathematics (Fontana & Fernandes, 1994). However, the generalizability of such 

findings may limited in that the population studied was narrow, and the study was not 

completed in the United States (Fontana & Fernandes). Thus, further work is needed to 

confirm such results. 

Conclusions about assessment as inquiry. In conclusion, assessment as inquiry 

research demonstrates several clear themes in terms of key components of formative 

assessment. These components include feedback, assessment through dialogue and 
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questioning, and self-assessment. There is consensus across sources that each of these 

components is effective as a method or component of formative assessment from an 

inquiry paradigm. However, evidence does not make it clear whether each of these 

components is essential, or if some components are more effective than others. Future 

research could investigate which components of inquiry-based formative assessment are 

the most effective or essential. In addition, much inquiry-based formative assessment 

work can be found in the form of reviews and other opinion-based work. There is some 

empirical work, but much of this work is quite specific or peripheral to formative 

assessment in the domain of mathematics as a whole. In addition, one theme was not at 

all supported by empirical research in mathematics. Thus, future work should expand 

empirical inquiry-based formative assessment research. 

Discussion 

As stated above, many scholars who study formative assessment appear to 

emphasize either assessment as measurement (e.g., Stecker & Fuchs, 2000) or assessment 

as inquiry (e.g., Ruiz-Primo, 2011), which spans a continuum of psychometrics (i.e., 

assessment as measurement) to informal classroom assessment to inform routine 

instruction (i.e., assessment as inquiry). Relatively little formative assessment work 

targets assessment as procedure, which falls in the middle of this continuum, and little to 

no empirical work was found within this paradigm. 

 In terms of the prevalence of research targeting formative assessment in 

mathematics across paradigms, as well as the effects demonstrated by that research, it 

was found that formative assessment work targeting mathematics was distinct across 

assessment paradigms. For example, the strongest empirical evidence was found in 
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research targeting assessment as measurement; research within this paradigm also 

demonstrated the largest proportion of empirical evidence. The research within this 

paradigm clearly demonstrated that formative assessment is effective in the domain of 

mathematics (e.g., Fuchs, Fuchs, Hamlett, Phillips, & Bentz, 1994; Fuchs, Fuchs, 

Hamlett, & Stecker, 1991). Substantially less evidence addressing student achievement in 

mathematics was found within the assessment as inquiry paradigm, although such 

research did demonstrate that particular components of formative assessment were 

effective in improving student achievement in math-related domains (Day & Cordón, 

1993; Simmons & Cope, 1993). No evidence was found to specifically address student 

achievement in mathematics within the assessment as procedure paradigm.  

 In terms of the effect of formative assessment on teacher behavior, this was most 

directly addressed in assessment as measurement research (e.g., Fuchs et al., 1991; Fuchs 

et al., 1994). This research demonstrated that formative assessment had a significant 

effect on the instructional procedures teachers used (Fuchs et al., 1991; Fuchs et al., 

1994). The effect of formative assessment on behavior was also demonstrated empirically 

in assessment as inquiry research, although not in the domain of mathematics (Heritage & 

Heritage, 2013). For example, it was found that the use of open-ended questions as a part 

of formative assessment facilitated teachers’ decision-making. Thus, further research is 

needed to empirically demonstrate the effect of formative assessment procedures on 

teachers’ behavior, especially across assessment as inquiry and assessment as procedure 

paradigms. 

Themes. Various themes were highlighted across paradigms, each of which had 

varying levels of empirical and non-empirical support. Across paradigms, the theme with 
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the greatest empirical support is the idea that the information provided to teachers and 

students impacts student achievement. This can be seen in literature related to feedback 

according to assessment as inquiry scholars, and in literature related to data use according 

to assessment as measurement scholars. For example, in the assessment as inquiry 

literature, it was found that student outcomes were enhanced with the use of scaffolding 

(Day & Cordón, 1993; Simmons & Cope, 1993), which could be interpreted to suggest 

that student mathematics achievement outcomes could be improved with the use of 

detailed, task-specific feedback. In the assessment as measurement literature, on the other 

hand, it was found that the more data that are provided to teachers, and the more detailed 

those data were, the better students achieved across outcomes related to mathematics 

achievement (Fuchs et al., 1991; Fuchs et al., 1994; Stecker & Fuchs, 2000). Thus, it 

appears that the information provided by formative assessment, and the way that 

information is used, may be one of the most important components of formative 

assessment. Further work is needed to examine additional themes, especially those 

identified in assessment as inquiry literature. 

Overall state of formative assessment research. The relative lack of targeted, 

empirical research from a procedure paradigm highlights the need for an expanded 

application of formative assessment, both in research and practice. While Serafini’s 

(2000) model is perhaps not the optimal framework to fully capture formative assessment 

literature, it does highlight the trend that there are two relatively distinct groups of 

researchers approaching formative assessment differently; these groups do not interact, or 

even acknowledge the work of researchers operating under different assumptions of 

assessment. It is my perception that this is why there is relatively little work that bridges 



 

45 

the gap, so to speak. Thus, it may be necessary to expand both educators’ and researchers’ 

conceptualizations of assessment to attempt to bridge this gap. Because these distinct 

groups of researchers approach formative assessment with different lenses and priorities, 

it may be necessary to identify or develop some sort of hybrid assessment or data-

gathering process such that the purposes of individuals operating from both ends of the 

continuum (i.e., assessment as measurement and assessment as inquiry) can be satisfied. 

Implications for practice: Problem analysis and consultation. As stated above, 

it may be necessary to expand educators’ conceptualizations of assessment in general, as 

well as formative assessment specifically, to encourage data-based decision-making in 

daily instruction. One way to expand school psychologists’ and teachers’ 

conceptualizations of formative assessment, as well as the reach of assessments already 

in use, is through problem analysis. Problem analysis is a framework in which assessment 

and evaluation are systematically used to define a problem, and to explore potential 

solutions to that problem (Christ & Arañas, 2014). A problem, then, is any discrepancy 

between what is observed and what is expected (Deno, 2005). In this type of a 

framework, after a problem is defined (e.g., underachievement in math), evaluators 

engage in a cyclical process in which information is gathered about student performance 

through assessment, assessment results are analyzed and evaluated to determine the 

nature of the problem, recommendations are made for potential solutions, and instruction 

or intervention are altered to reflect those solutions. This process is then repeated as many 

times as necessary to solve the identified problem, and many different sources of 

information can be used together to reach the same conclusions. Thus, it may be possible 

to use assessments developed within a measurement paradigm together with assessments 
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developed within an inquiry paradigm to make conclusions about student performance, 

and inform instruction going forward. Such a framework could also be used across tiers 

in a multi-tiered system of supports to inform intervention delivery. With cyclical 

procedures for gathering data about student performance, reliability and validity evidence 

may be built into such a process, because data could continuously be gathered to 

corroborate hypotheses about student achievement and examine the effectiveness of 

current practices. Thus, problem analysis could be a mechanism to integrate various 

paradigms to reach the same goal. In addition, this type of a framework may be desirable 

to teachers because they could use assessment procedures that seem useful and make 

sense to them; this increases the value of the assessment process, as well as the 

information that results. In addition, this process has the benefit in that it promotes 

continuous assessment of student achievement, which is important to monitor student 

progress. 

Within such a framework, regardless of the use of assessments that may appeal to 

assessment stakeholders across paradigms, it may still be necessary to use principles of 

consultation to help educators to use data effectively, as well as to appreciate the use of 

data to inform decisions about instruction and intervention. This is supported by the idea 

that teachers are better able to make instructional changes with the use of expert 

judgment and instructional recommendations, as demonstrated in empirical literature 

within the assessment as measurement paradigm (Fuchs et al., 1991; Fuchs et al., 1994).  

Practitioners concerned with garnering support for the implementation of 

assessment procedures across assessment paradigms could use consultation skills to reach 

this goal. For example, practitioners could appeal to their bases of power (French & 
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Raven, 1959), such as expert or informational power, or appeal to principles of 

persuasion and influence (Cook, 2016b) to demonstrate that such assessment procedures 

could be beneficial to all assessment stakeholders. In addition, practitioners could use 

motivational interviewing (Cook, 2016a) to determine readiness for the implementation 

of change across assessment stakeholders, and to find those willing to be early adopters 

of new assessment procedures. Then, assessment procedures could be implemented 

systematically across classrooms as other educators see the value of such assessment 

procedures. 

Implications for research: Alternative assessment uses. Currently, the strongest 

empirical evidence supports the use of formative assessments developed from an 

assessment as measurement paradigm. The literature described above highlights that this 

paradigm includes the widest breadth and depth of studies examining the effectiveness of 

formative assessment practices (cf. Assessment as Measurement: Quantification of 

Student Learning). Sources of information related to assessments that are generally 

available to assessment stakeholders also support the use of assessments developed 

within this paradigm. For example, the National Center on Response to Intervention 

(NCRTI) provides a web-based repository of reliability and validity evidence for 

commercially-available assessments across domains (NCRTI, 2017), which may be used 

by educators to select appropriate assessments. It is important to remember, though, that 

because reliability and validity evidence are generally found in conjunction with 

standardized administration and scoring procedures, it may be the case that most tools 

that are evaluated are developed within an assessment as measurement paradigm. It may 

be that there are alternative, high quality assessments representing assessment as inquiry 



 

48 

or assessment as procedure paradigms that are not represented simply because they do 

not have adequate reliability and validity evidence.  

Regardless of assessment paradigm, all types of formative assessment have the 

shared purpose to gather information to determine whether students make progress to 

meet learning objectives. However, the data that are gathered may be analyzed in 

different ways across different assessment types; different types of assessments allow for 

different types of analyses, based on the reliability and validity evidence for such 

assessments (cf. Paradigms of Assessment). Thus, it may be possible to gather additional 

reliability and validity evidence for existing assessments to expand the reach of these 

assessments for alternative uses of the data. This is one way that the relative lack of 

psychometric evidence for assessments from an inquiry paradigm, for example, could be 

addressed through research. 

Conclusion. The above review serves to highlight the general mismatch among 

researchers and educators operating from different ends of the continuum of formative 

assessments, with those who primarily value high levels of standardization and 

psychometric rigor on one end (i.e., assessment as measurement), and those who 

primarily value the utility of information in making instructional decisions and the 

usability of such assessments in daily practice on the other end (i.e., assessment as 

inquiry). It is in the best interest of students that these individuals work together to 

identify assessment procedures that are sufficient for both purposes, because, among 

other reasons, there is limited time in the school day for students to participate in 

assessment activities. The use of assessments within a problem analysis framework, as 
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well as exploring alternative uses of existing assessments are two possible ways in which 

this could be accomplished.  
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Chapter 3: Method 

Participants 

 Participants included a convenience sample of 488,572 second and third grade 

students. This large sample of participants was derived from the population of all 

individuals that used CBMmath assessments during the 2017-2018 academic year. 

CBMmath is a formative assessment within the Formative Assessment System for 

Teachers (FAST), which is a cloud-based assessment system. Demographic information 

was not available for all individuals. Of those individuals with demographic information 

(99.68%; N = 487,022), 51.55% were identified as male (N = 251,059) and 48.45% were 

identified as female (N = 235,961). The majority of students identified as White (61.10%; 

N = 262,667), followed by Hispanic (14.38%; N = 61,820), Black or African-American 

(12.78%; N = 54,951), Asian (6.02%; N = 25,878), Multiracial (4.39%; N = 18,857), 

American Indian or Alaska Native (0.95%; N = 4,101), Native Hawaiian or Other Pacific 

Islander (0.23%; N = 994), and Other (0.14%; N = 604). Many of these students were 

also identified as having low socioeconomic status (i.e., free or reduced lunch; 37.34%; N 

= 116,204). 

Materials 

 Mathematics computation forms. Mathematics computation forms included two 

types of assessments: subskill mastery measures and general outcome measures. There 

were also two different skill types, automatic skills and non-automatic skills (Theodore J. 

Christ and Colleagues, 2016a; Theodore J. Christ and Colleagues, 2016b). Each of these 

concepts will be described below. 
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General outcome measures. General outcome measures were mathematics 

computation assessments that covered all grade-level skills of a given skill type. 

Therefore, there were four total general outcome measures, one for each of the following 

sets of skills: grade two automatic skills, grade three automatic skills, grade two non-

automatic skills, and grade three non-automatic skills. 

Subskill mastery measures. Subskill mastery measures were mathematics 

computation assessments that covered only one computation skill. Therefore, there were 

ten total subskill mastery measures, one for each of the four second grade automatic 

skills, one for each of the two third grade automatic skills, one for each of the two second 

grade non-automatic skills, and one for each of the two third grade non-automatic skills. 

Automatic skills. Automatic skills are mathematics computation facts aligned 

with grade level standards (Baker, Becker, Nelson, & Kiss, 2018). For grade two, 

automatic skills were defined to include the following, as supported by the Common Core 

State Standards for Mathematics (National Governors Association Center for Best 

Practices, 2010): 

• 2-by-1 addition to 100 without regrouping, 

• 2-by-2 addition to 100 without regrouping, 

• 2-by-1 subtraction from 100 without regrouping, and 

• 2-by-2 subtraction from 100 without regrouping. 

For grade three, automatic skills were defined to include the following, as 

supported by the Common Core State Standards for Mathematics (National Governors 

Association Center for Best Practices, 2010): 

• 2-by-1 multiplication to 12s, and 
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• 2-by-1 division from 100 without remainder. 

All automatic skill forms, including general outcome measures, included 40 items that 

were administered via computer or tablet device. Forms were timed; students were 

expected to answer as many problems as they could in a 90-second administration. 

General outcome measures assessed all skills in a given grade, as well as maintenance 

items, which were made up of skills expected to be mastered in previous grades. 

Maintenance items made up 20 percent of the items on a given general outcome measure. 

Maintenance items were not included in analyses for the purpose of the present study.  

Non-automatic skills. Non-automatic skills are multi-step computation problems, 

also aligned with grade-level standards (Baker et al., 2018). For grade two, non-automatic 

skills were defined to include the following, as supported by the Common Core State 

Standards for Mathematics (National Governors Association Center for Best Practices, 

2010): 

• 2-by-1 and 2-by-2 addition to 100 with regrouping, and 

• 2-by-1 and 2-by-2 subtraction to 100 with regrouping. 

For grade three, non-automatic skills were defined to include the following, as 

supported by the Common Core State Standards for Mathematics (National Governors 

Association Center for Best Practices, 2010): 

• 3-by-2 and 3-by-3 addition to 1000, and 

• 3-by-2 and 3-by-3 subtraction from 1000. 

All non-automatic skill forms, except general outcome measures, included 10 

items. General outcome measures each include 12 items. All non-automatic forms were 

administered with a 15-minute time limit. General outcome measures assessed all skills 



 

53 

in a given grade, as well as maintenance items, which made up 20 percent of the items on 

a given general outcome measure. Maintenance items were not included in analyses for 

the purpose of the present study. 

Procedure 

Extant data were obtained for all second and third grade students who completed 

one or more mathematics computation assessments during the 2017-2018 academic year. 

Item-level student responses and errors (i.e., whether the item was completed correctly or 

incorrectly) across each mathematics computation measure were obtained. Sample sizes 

were determined by the amount of data available in the database; the sample was a 

convenience sample. Assessment took place as a part of general education practices. That 

is, teachers may have used screening or progress monitoring forms to assess student 

mathematics skills as a part of mathematics screening, mathematics intervention 

administration, general classroom procedures, or many other circumstances. 

Administration procedures, by grade, are as follows: 

Second grade assessment administration. Students in the second grade sample 

completed general outcome measures and subskill mastery measures assessing the 

following automatic skills: 2-by-1 addition to 100 without regrouping, 2-by-2 addition to 

100 without regrouping, 2-by-1 subtraction from 100 without regrouping, and 2-by-2 

subtraction from 100 without regrouping. There was one general outcome measure that 

covered all of the above skills. There were four subskill mastery measures that each 

covered one of the above skills. Students were administered one of the above assessments 

via computer or tablet device. Each form had 40 items, and students were allowed 90 
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seconds to complete as many items on the form as possible. Student answers were stored 

in the FAST cloud-based system. 

Second grade students also completed general outcome measures and subskill 

mastery measures assessing the following non-automatic skills: 2-by-1 and 2-by-2 

addition to 100 with regrouping, and 2-by-1 and 2-by-2 subtraction from 100 with 

regrouping. There was one general outcome measure that covered each of the above 

skills. There were two subskill mastery measures that each covered one of the above 

skills. Students were administered one of the above assessments. Each form had 10 to 12 

items, and students were allowed 15 minutes complete the items. School-based educators 

entered student answers into the FAST cloud-based system, where they were stored until 

data extraction. 

Third grade assessment administration. Students in the third grade sample 

completed general outcome measures and subskill mastery measures assessing the 

following automatic skills: 2-by-1 multiplication to 12s, and 2-by-1 division from 100. 

There was one general outcome measure that covered each of the above skills. There 

were two subskill mastery measures that each covered one of the above skills. Students 

were administered one of the above assessments via computer or tablet device. Each form 

had 40 items, and students were allowed 90 seconds to complete as many items on the 

form as possible. Student answers were stored in the FAST cloud-based system. 

Third grade students also completed general outcome measures and subskill 

mastery measures assessing the following non-automatic skills: 3-by-2 and 3-by-3 

addition to 1000, and 3-by-2 and 3-by-3 subtraction from 1000. There was one general 

outcome measure that covered each of the above skills. There were two subskill mastery 
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measures that each covered one of the above skills. Students were administered one of 

the above assessments. Each form had 10 to 12 items, and students were allowed fifteen 

minutes to complete the items. School-based educators entered student answers into the 

FAST cloud-based system, where they were stored until data extraction. 

Data preparation. Data were classified by the screening period in which the data 

were collected (i.e., Fall, Winter, or Spring) to reduce the effect of time on student scores. 

For the purpose of this study, student data collected during the Winter screening period 

was examined. Fall screening data were not selected because at the Fall screening period, 

assessment recommendations indicate that teachers should screen students using 

mathematics computation forms for the previous grade (Theodore J. Christ and 

Colleagues, 2016a; Theodore J. Christ and Colleagues, 2016b). Spring screening data 

were also not selected because it is expected that most students have mastered grade-level 

mathematics computation skills by the end of the academic year (i.e., at the time of 

Spring screening), which would limit the variability in student scores. 

Data Analysis 

Student performance was analyzed separately by skill using both subskill mastery 

measures and general outcome measures. For example, performance across 2-by-1 

addition to 100 without regrouping problems within the subskill mastery measure was 

analyzed separately from performance across 2-by-1 addition to 100 without regrouping 

problems within the general outcome measure. Similarly, student performance across 

each of the above two sets of problems was analyzed separately from student 

performance across 2-by-2 subtraction from 100 without regrouping within the subskill 

mastery measure, and student performance across 2-by-2 subtraction from 100 without 
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regrouping within the general outcome measure. Students’ overall mathematics 

computation performance was also analyzed using both subskill mastery measures and 

general outcome measures. Student response patterns were analyzed with both 

generalizability and decision studies, as described below. 

 Metric of analysis: Scores. For the present study, student scores were defined at 

the item level. That is, each mathematics computation item attempted by a student was 

marked as correct or incorrect. There were two types of scores of interest: accuracy and 

automaticity. Accuracy was a measure of the number of problems completed correctly in 

relation to the number of problems attempted. Thus, a student’s accuracy score for a 

given form was the number of problems answered correctly out of the total number of 

problems attempted, not including problems that were not viewed during the assessment 

administration. Automaticity was a measure of the number of problems completed 

correctly in relation to the total number of problems on the form, thus taking into account 

the number of problems the student was able to complete within the time limit. A 

student’s automaticity score for a given form was the number of problems answered 

correctly out of the total number of problems on the form; any problems not viewed 

during the assessment administration were considered to be incorrect. Automaticity was 

examined across automatic skills only, as these are skills that are expected to be 

completed quickly. A student’s total accuracy and automaticity scores for a given 

mathematics computation form were interpreted to be an estimate of mathematics 

computation fact accuracy and automaticity across the subskills represented by that form.  

Generalizability study. Data were first analyzed through generalizability studies, 

which are based in generalizability theory (Briesch, Swaminathan, Welsh, & Chafouleas, 
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2014). The purpose of a generalizability study is to estimate the amount of variance in 

student scores that can be attributed to different facets of measurement (Briesch et al.; 

Christ & Ardoin, 2009). There were two facets of interest in this study. The first, the 

object of measurement, was defined as person (p), or variance associated with differences 

among individuals. The other facet, item (i), was defined as the variance attributed to 

differences between computation problems. Each item was considered to be an arbitrary 

sample of a mathematics computation problem within the universe of all possible 

problems that target the skill of interest (e.g., 2-by-1 addition to 100). Variance associated 

with the interaction between person and item (p x i) was also examined for the purpose of 

this study. Several generalizability studies were conducted across measurement 

frameworks (i.e., general outcome measures versus subskill mastery measures), skill 

types (i.e., automatic skills versus non-automatic skills), and decision type (i.e., subskill 

mastery versus broad mathematics computation achievement). The model for all 

generalizability studies was as follows:  

!"	$ = !&	$ + !(	$ + !&(	$                                                             (1) 

where !"	$  was total variance; !&	$ 	was person variance; !(	$	was item variance; and !&(	$ was 

the variance associated with the interaction between person and item. Models examined 

both fixed and random effects; the universe of generalization for item was fully 

randomized for all skills except 2-by-1 multiplication to 12s, a third grade automatic 

skill, as there were only 169 possible problems for this skill. All other skills were fully 

randomized, as no restrictions were placed on the use of such problems at the time that 

forms were created (Theodore J. Christ and Colleagues, 2016a; Theodore J. Christ and 
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Colleagues, 2016b). All analyses were conducted using GENOVA software, version 3.1 

(Crick & Brennan, 2001). 

Decision study. Decision studies were conducted to estimate reliability 

coefficients and SEM estimates for both relative and absolute score interpretations, 

represented by student performance for a given skill, level (i.e., second or third grade), or 

type of material (i.e., automatic skills or non-automatic skills). A relative score 

interpretation, in this case, depends on a rank ordering of the scores of all participants for 

a given skill, while an absolute score interpretation depends only on one individual’s 

score for a given skill. Absolute score interpretations, therefore, are inherently less 

reliable; more information about student performance is required to make such 

inferences. The generalizability and dependability coefficients are the corresponding 

reliability-like estimates for relative and absolute score interpretation, respectively. That 

is, these estimates indicate how dependable score interpretations are, given the 

parameters defined by that decision study (e.g., 5 items versus 10 items, etc.). Parameters 

of decision studies varied in terms of number of items administered; decision studies 

were completed for all item counts between one item and 40 items. A threshold of 40 

items was chosen because this is the length of a typical second or third grade 

mathematics computation form assessing automatic skills.  

Standard error of measurement (SEM) estimates were also defined to estimate the 

way that repeated measurements of a student’s mathematics computation fact accuracy or 

automaticity were distributed around that student’s true accuracy or automaticity score, 

by mathematics computation fact type. That is, SEM estimates can be used to construct 

confidence intervals around a student’s observed mathematics computation fact accuracy 
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or automaticity score for a given form, such that the student’s true accuracy or 

automaticity score lies in that interval. In this way, SEM estimates can be used to derive 

implications for mathematics computation fact accuracy or automaticity; the smaller the 

SEM value, the smaller the confidence interval and the better the estimate of the student’s 

true accuracy or automaticity score. 

Decision studies were conducted with the same universe settings as 

generalizability studies. All decision study analyses were again conducted using 

GENOVA software (Crick & Brennan, 2001). 

Sample size and power. For the purpose of this study, specific power analyses 

were not conducted. Rather, the standard error value associated with each coefficient was 

calculated, which is an appropriate indicator of power. In terms of sample size, 

established recommendations for generalizability and decision studies state that 20 

individuals and two conditions per facet are required for adequate power (Briesch et al., 

2014). The sample sizes for the present study are 23-8289 individuals with 5-40 items per 

administration, depending on the assessment administered. These sample sizes are clearly 

in excess of the recommendations. 

Justification for sampling plan. The sampling plan for this study incorporates 

only one form per student. Although this sampling plan is unusual in comparison with 

other generalizability and decision studies, the value of the anticipated findings for this 

study outweigh these limitations. That is, there is little research to specifically address the 

reliability of general outcome measures for subskill mastery decisions or to address the 

reliability of subskill mastery measures for general mathematics computation proficiency 

decisions.  
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Chapter 4: Results 

The research questions guiding the present study broadly addressed the feasibility 

of using general outcome measures and subskill mastery mathematics computation 

measures at second and third grade to make broad mathematics computation proficiency 

and subskill mastery decisions. Steps taken to address missing data are first presented. 

Results of generalizability studies are then discussed. Finally, results of decision studies 

are presented by research question with consideration for the following: grade level (i.e., 

second or third grade), skill type (i.e., automatic or non-automatic skills), skill, 

measurement framework (i.e., general outcome measure or subskill mastery measure), 

and metric of analysis (i.e., accuracy or automaticity). 

Data Preparation and Analytic Assumptions 

Data cleaning and preparation took place in several sequential steps. It was 

necessary to remove or recode missing data because data analysis procedures require 

fully-crossed data sets (Crick & Brennan, 2001). Data were reviewed to identify missing 

data (i.e., a problem was not attempted and was coded as “Not Viewed” or “Not 

Attempted”) or invalid responses (i.e., a response coded as “NA”). Invalid responses 

were examined first. Invalid responses were attributed to problems with data extraction 

from the cloud-based system, and were therefore outside of the scope of experimental 

control for the present study. Thus, students with invalid responses were removed from 

the data set (92.18%; N = 450,384). Second, missing data were addressed. For analyses 

examining students’ mathematics computation automaticity, missing data were 

considered to be incorrect. That is, scores of “Not Viewed” or “Not Attempted” were 

changed to 0. This was done because automaticity takes into account the number of 
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mathematics computation problems a student is able to complete within the time limit out 

of the total number of items on a particular form. If a student did not view or did not 

attempt a particular problem, they did not complete that item within the time limit. 

Finally, for analyses examining student mathematics computation accuracy, students with 

missing data were completely removed from analyses (0.71%; N = 3,456). Final sample 

sizes and descriptive statistics are presented in Table 2. 

Distributional assumptions were not examined for the purpose of this study. Some 

researchers suggest that generalizability and decision studies do not require an 

examination of distributional assumptions, as no hypotheses are tested (Briesch, 

Swaminathan, Welsh, & Chafouleas, 2014). Still, distribution characteristics are 

presented in Tables 8-11. Negative skew was common across measures; this does not 

invalidate distributional assumptions. 

Generalizability Studies 

Results of generalizability studies were used to complete decision studies (cf. 

Decision Studies). These results are presented below by grade level and skill type (see 

Tables 12-17; Figures 3-10). 

Second grade automatic skills. Eighteen generalizability studies were completed 

for second grade automatic skills, nine to examine students’ mathematics computation 

accuracy and nine to examine students’ mathematics computation automaticity. In terms 

of accuracy, for broad mathematics computation achievement as measured by the general 

outcome measure of automatic skills at grade two, the percentage of total variance 

associated with each of the facets was as follows: p was 73.33% (!&	$   = 0.18), i was 

1.03% (!($ = 0.00), and p x i was 25.61% (!&	"	($  = 0.06). Across other generalizability 
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studies investigating students’ mathematics computation accuracy, similar patterns of 

variance allocation were achieved irrespective of skill or type of measure, with the 

exception of the subskill mastery measure of 2-by-2 subtraction from 100 (Table 3). 

Across generalizability studies, the percentage of variance accounted for by p ranged 

from 4.31% to 81.52%, the percentage of variance accounted for by i ranged from 0.00% 

to 3.73%, and the percentage of variance accounted for by the interaction between p and i 

ranged from 18.03% to 91.97%. 

In terms of automaticity, for broad mathematics computation achievement as 

measured by the general outcome measure of automatic skills at grade two, the 

percentage of total variance associated with each of the facets was as follows: p was 

20.41% (!&	$   = 0.04), i was 1.03% (!($ = 0.00), and p x i was 78.56% (!&	"	($  = 0.17). 

Across other generalizability studies investigating students’ mathematics computation 

accuracy, similar patterns of variance allocation were achieved irrespective of skill or 

type of measure (Table 3). Across generalizability studies, the percentage of variance 

accounted for by p ranged from 17.15% to 27.74%, the percentage of variance accounted 

for by i ranged from 0.07% to 1.03%, and the percentage of variance accounted for by the 

interaction between p and i ranged from 72.16% to 82.70%. 

Second grade non-automatic skills. Five generalizability studies were 

completed for second grade non-automatic skills to examine students’ mathematics 

computation accuracy. For broad mathematics computation achievement as measured by 

the general outcome measure of non-automatic skills at grade two, the percentage of total 

variance associated with each of the facets was as follows: p was 23.49% (!&	$   = 0.05), i 

was 12.47% (!($ = 0.03), and p x i was 64.04% (!&	"	($  = 14.46). Across other 
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generalizability studies investigating students’ mathematics computation accuracy, 

similar patterns of variance allocation were achieved (Table 5). The percentage of 

variance accounted for by p was generally higher for subskill measures as compared to 

subskill performance as measured by the general outcome measure. In addition, the 

percentage of variance accounted for by i and p x i were generally lower for subskill 

measures as compared to subskill performance as measured by the general outcome 

measure. Across generalizability studies, the percentage of variance accounted for by p 

ranged from 23.49% to 55.04%, the percentage of variance accounted for by i ranged 

from 0.51% to 12.47%, and the percentage of variance accounted for by the interaction 

between p and i ranged from 44.45% to 67.57%. 

Third grade automatic skills. Ten generalizability studies were completed for 

third grade automatic skills, five to examine students’ mathematics computation accuracy 

and five to examine students’ mathematics computation automaticity. In terms of 

accuracy, for broad mathematics computation achievement as measured by the general 

outcome measure of automatic skills at grade three, the percentage of total variance 

associated with each of the facets was as follows: p was 36.28% (!&	$   = 0.09), i was 

19.33% (!($ = 0.05), and p x i was 44.39% (!&	"	($  = 0.11). Across other generalizability 

studies investigating students’ mathematics computation accuracy, similar patterns of 

variance allocation were achieved irrespective of skill or type of measure, with the 

exception of the subskill mastery measure of 2-by-1 multiplication to 12s (Table 7). 

Across generalizability studies, the percentage of variance accounted for by p ranged 

from 36.28% to 71.42%, the percentage of variance accounted for by i ranged from 
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2.08% to 19.33%, and the percentage of variance accounted for by the interaction 

between p and i ranged from 25.40% to 50.24%. 

In terms of automaticity, for broad mathematics computation achievement as 

measured by the general outcome measure of automatic skills at grade three, the 

percentage of total variance associated with each of the facets was as follows: p was 

15.52% (!&	$   = 0.03), i was 11.37% (!($ = 0.02), and p x i was 73.10% (!&	"	($  = 0.14). 

Across other generalizability studies investigating students’ mathematics computation 

accuracy, similar patterns of variance allocation were achieved irrespective of skill or 

type of measure (Table 7). Across generalizability studies, the percentage of variance 

accounted for by p ranged from 15.52% to 25.07%, the percentage of variance accounted 

for by i ranged from 2.95% to 11.37%, and the percentage of variance accounted for by 

the interaction between p and i ranged from 71.98% to 78.65%. 

Third grade non-automatic skills. Five generalizability studies were completed 

for third grade non-automatic skills to examine students’ mathematics computation 

accuracy. For broad mathematics computation achievement as measured by the general 

outcome measure of non-automatic skills at grade three, the percentage of total variance 

associated with each of the facets was as follows: p was 29.09% (!&	$   = 0.06), i was 

6.97% (!($ = 0.01), and p x i was 63.94% (!&	"	($  = 13.49). Across other generalizability 

studies investigating students’ mathematics computation accuracy, similar patterns of 

variance allocation were achieved irrespective of skill or type of measure, with the 

exception of the subskill mastery measure of 3-by-2 and 3-by-3 addition to 1000 (Table 

9). Across generalizability studies, the percentage of variance accounted for by p ranged 

from 15.90% to 35.54%, the percentage of variance accounted for by i ranged from 
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0.18% to 6.97%, and the percentage of variance accounted for by the interaction between 

p and i ranged from 58.24% to 83.93%. 

Decision Studies 

Results of decision studies address each of the four research questions for the 

present study. Results are presented by research question below (see Tables 18-41; 

Figures 3-10). Results of decision studies were considered in the context of reliability 

standards for low-stakes decision-making. This is because formative assessments are 

generally used in schools for instructional planning or intervention placement, which is a 

low-stakes assessment decision. See Appendix C: Glossary of Key Terms for further 

description of low-stakes and high-stakes assessment decisions. 

Research question one. Research question one addressed the difference in 

reliability of student scores across measurement frameworks to estimate broad 

mathematics computation performance. Specific decision study results by grade, skill 

type, and score type are discussed below. 

Grade 2 automatic skills. In terms of automaticity scores across measures of 

second grade automatic skills, the generalizability coefficient, E)̂$, ranged from 0.17 to 

0.24 at one item and 0.89 to 0.93 at 40 items. The SEM estimate associated with relative 

score interpretation, +, ranged from 0.31 to 0.44 at one item and 0.05 to 0.07 at 40 items. 

The dependability index, Φ, ranged from 0.17 to 0.24 at one item and 0.89 to 0.93 at 40 

items, and ∆, the SEM estimate associated with absolute score interpretation ranged from 

0.32 to 0.44 at one item and 0.05 to 0.07 at 40 items. Results by measure and subskill can 

be found in Tables 18-21 and Figures 3-10.  
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Automaticity scores derived from both the general outcome measure and the 

subskill mastery measures of second grade automatic skills reached reliability standards 

for low-stakes decision-making (i.e., 0.80) at about 15 items for both relative reliability 

and absolute reliability. This means that to reliably measure broad mathematics 

computation across these skills, the general outcome measure would require the 

administration of about 15 items. However, a subskill mastery measurement framework 

would require the administration of about 60 items, since there are four second grade 

automatic skills. 

In terms of accuracy scores across measures of second grade automatic skills, E)̂$ 

ranged from 0.04 to 0.82 at one item and 0.65 to 0.99 at 40 items; + ranged from 0.14 to 

0.25 at one item and 0.02 to 0.04 at 40 items. Similarly, Φ ranged from 0.04 to 0.82 at 

one item and 0.64 to 0.99 at 40 items; ∆ ranged from 0.14 to 0.25 at one item and 0.02 to 

0.04 at 40 items. Results by measure and subskill can be found in Tables 22-25 and 

Figures 3-10. 

Accuracy scores derived from both the general outcome measure and the subskill 

mastery measures of second grade automatic skills reached reliability standards for low-

stakes decision-making at less than five items for both relative reliability and absolute 

reliability, with the exception of the subskill mastery measure targeting 2-by-2 

subtraction from 100. Scores derived from this measure did not reach the reliability 

standard even at 40 items. This means that to reliably measure broad mathematics 

computation across these skills, the general outcome measure would require the 

administration of about five items. However, a subskill mastery measurement framework 
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would require the administration of at least 20 items, since there are four second grade 

automatic skills. 

Grade 2 non-automatic skills. In terms of accuracy scores across measures of 

second grade non-automatic skills, E)̂$ ranged from 0.27 to 0.55 at one item and 0.94 to 

0.98 at 40 items; + ranged from 0.22 to 0.38 at one item and 0.04 to 0.06 at 40 items. 

Similarly, Φ ranged from 0.23 to 0.55 at one item and 0.92 to 0.98 at 40 items; ∆ ranged 

from 0.22 to 0.42 at one item and 0.04 to 0.07 at 40 items. Results by measure and 

subskill can be found in Tables 26-29 and Figures 3-10. 

Accuracy scores derived from the general outcome measure of second grade non-

automatic skills reached reliability standards for low-stakes decision-making at about 10 

items for both relative reliability and absolute reliability. Accuracy scores derived from 

the subskill mastery measures of second grade non-automatic skills reached the same 

reliability threshold at less than five items. This means that to reliably measure broad 

mathematics computation across these skills, both the general outcome measure and the 

subskill mastery measure would require the administration of about 10 items, since there 

are two second grade non-automatic skills. 

Grade 3 automatic skills. In terms of automaticity scores across measures of third 

grade automatic skills, E)̂$ ranged from 0.18 to 0.26 at one item and 0.89 to 0.95 at 40 

items; + ranged from 0.28 to 0.40 at one item and 0.04 to 0.06 at 40 items. Comparably, 

Φ ranged from 0.18 to 0.25 at one item and 0.88 to 0.95 at 40 items; ∆ ranged from 0.29 

to 0.41 at one item and 0.05 to 0.06 at 40 items. Results by measure and subskill can be 

found in Tables 30-33 and Figures 3-10.  
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Automaticity scores derived from the general outcome measure of third grade 

automatic skills reached reliability standards for low-stakes decision-making at about 20 

items for both relative reliability and absolute reliability. Automaticity scores derived 

from the subskill mastery measures of third grade automatic skills reached the same 

reliability threshold at about 15 items. This means that to reliably measure broad 

mathematics computation across these skills, the general outcome measure would require 

the administration of about 20 items, while the subskill mastery measure would require 

the administration of about 30 items, since there are two third grade automatic skills. 

In terms of accuracy scores across measures of third grade automatic skills, E)̂$ 

ranged from 0.44 to 0.74 at one item and 0.97 to 0.99 at 40 items; + ranged from 0.21 to 

0.33 at one item and 0.03 to 0.05 at 40 items. Similarly, Φ ranged from 0.36 to 0.72 at 

one item and 0.96 to 0.99 at 40 items; ∆ ranged from 0.21 to 0.39 at one item and 0.03 to 

0.06 at 40 items. Results by measure and subskill can be found in Tables 34-37 and 

Figures 3-10. 

Accuracy scores derived from the general outcome measure of third grade 

automatic skills reached reliability standards for low-stakes decision-making at about five 

items for both relative reliability and absolute reliability. Accuracy scores derived from 

the subskill mastery measures of third grade automatic skills reached the same reliability 

threshold at less than five items. This means that to reliably measure broad mathematics 

computation across these skills, both the general outcome measure and the subskill 

mastery measure would require the administration of about 10 items, since there are two 

third grade automatic skills. 
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Grade 3 non-automatic skills. In terms of accuracy scores across measures of 

third grade non-automatic skills, E)̂$ ranged from 0.16 to 0.31 at one item and 0.88 to 

0.95 at 40 items; + ranged from 0.26 to 0.37 at one item and 0.04 to 0.06 at 40 items. 

Comparably, Φ ranged from 0.16 to 0.29 at one item and 0.88 to 0.94 at 40 items; ∆ 

ranged from 0.26 to 0.39 at one item and 0.04 to 0.06 at 40 items. Results by measure and 

subskill can be found in Tables 38-41 and Figures 3-10. 

Accuracy scores derived from the general outcome measure of third grade non-

automatic skills reached reliability standards for low-stakes decision-making at about 10 

items for both relative reliability and absolute reliability. Accuracy scores derived from 

the subskill mastery measures of 3-by-2 and 3-by-3 subtraction to 1000 also reached the 

reliability threshold at about 10 items. However, accuracy scores derived from the 

subskill mastery measure of 3-by-2 and 3-by-3 addition to 1000 reached the same 

reliability threshold at about 20 items. This means that to reliably measure broad 

mathematics computation across these skills, the general outcome measure would require 

about 10 items to be administered, while a subskill mastery measurement framework 

would require about 30 items to be administered, since there are two third grade non-

automatic skills. 

Research question two. Research question two addressed the difference in 

reliability of student scores across measurement frameworks to measure mathematics 

computation subskill performance. Specific decision study results by grade, skill type, 

and score type are discussed below. 

Grade 2 automatic skills. In terms of automaticity scores across measures of 

second grade automatic skills, E)̂$ ranged from 0.17 to 0.26 at one item and 0.89 to 0.94 
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at 40 items; + ranged from 0.31 to 0.44 at one item and 0.05 to 0.07 at 40 items. 

Similarly, Φ ranged from 0.17 to 0.28 at one item and 0.89 to 0.94 at 40 items; ∆ ranged 

from 0.32 to 0.44 at one item and 0.05 to 0.07 at 40 items. Results by measure and 

subskill can be found in Tables 18-21 and Figures 3-10.  

Automaticity scores derived from both the general outcome measure and the 

subskill mastery measures of second grade automatic skills reached reliability standards 

for low-stakes decision-making at about 15 items for both relative reliability and absolute 

reliability. This means that to reliably measure subskill mastery across these skills, all 

measures would require the administration of about 15 items. 

In terms of accuracy scores across measures of second grade automatic skills, E)̂$ 

ranged from 0.04 to 0.80 at one item and 0.65 to 0.99 at 40 items; + ranged from 0.14 to 

0.27 at one item and 0.02 to 0.04 at 40 items. Comparably, Φ ranged from 0.04 to 0.82 at 

one item and 0.64 to 0.99 at 40 items; ∆ ranged from 0.14 to 0.28 at one item and 0.02 to 

0.04 at 40 items. Results by measure and subskill can be found in Tables 22-25 and 

Figures 3-10. 

Accuracy scores derived from both the general outcome measure and the subskill 

mastery measures of second grade automatic skills reached reliability standards for low-

stakes decision-making at less than five items for both relative reliability and absolute 

reliability, with the exception of the subskill mastery measure targeting 2-by-2 

subtraction from 100. Scores derived from this measure did not reach the reliability 

standard even at 40 items. This means that to reliably measure subskill mastery across 

these skills, most measures would require the administration of about five items. The 
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subskill mastery measure targeting 2-by-2 subtraction from 100 would require the 

administration of more than 40 items. 

Grade 2 non-automatic skills. In terms of accuracy scores across measures of 

second grade non-automatic skills, E)̂$ ranged from 0.30 to 0.55 at one item and 0.95 to 

0.98 at 40 items; + ranged from 0.22 to 0.38 at one item and 0.95 to 0.98 at 40 items. 

Similarly, Φ ranged from 0.29 to 0.55 at one item and 0.94 to 0.98 at 40 items; ∆ ranged 

from 0.22 to 0.41 at one item and 0.04 to 0.06 at 40 items. Results by measure and 

subskill can be found in Tables 26-29 and Figures 3-10. 

Accuracy scores derived from the general outcome measure of second grade non-

automatic skills reached reliability standards for low-stakes decision-making at about 10 

items for both relative reliability and absolute reliability. Accuracy scores derived from 

subskill mastery measures of second grade non-automatic skills reached reliability 

standards for low-stakes decision-making at about five items for both relative reliability 

and absolute reliability. This means that to reliably measure subskill mastery across these 

skills, a general outcome measurement framework would require the administration of 

about 10 items, while a subskill mastery measurement framework would require the 

administration of about five items. 

Grade 3 automatic skills. In terms of automaticity scores across measures of third 

grade automatic skills, E)̂$ ranged from 0.19 to 0.26 at one item and 0.90-0.95 at 40 

items; + ranged from 0.28 to 0.42 at one item and 0.04 to 0.07 at 40 items. Similarly, Φ 

ranged from 0.18 to 0.25 at one item and 0.90 to 0.95 at 40 items; ∆ ranged from 0.29 to 
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0.43 at one item and 0.04 to 0.07 at 40 items. Results by measure and subskill can be 

found in Tables 30-33 and Figures 3-10.  

Automaticity scores derived from both the general outcome measure and the 

subskill mastery measures of third grade automatic skills reached reliability standards for 

low-stakes decision-making at about 15 items for both relative reliability and absolute 

reliability. This means that to reliably measure subskill mastery across these skills, all 

measures would require the administration of about 15 items. 

In terms of accuracy scores across measures of third grade automatic skills, E)̂$ 

ranged from 0.46 to 0.74 at one item and 0.97 to 0.99 at 40 items; + ranged from 0.21 to 

0.32 at one item and 0.03 to 0.05 at 40 items. Comparably, Φ ranged from 0.40 to 0.72 at 

one item and 0.97 to 0.99 at 40 items; ∆ ranged from 0.21 to 0.35 at one item and 0.03 to 

0.06 at 40 items. Results by measure and subskill can be found in Tables 34-37 and 

Figures 3-10. 

Accuracy scores derived from both the general outcome measure and the subskill 

mastery measures of third grade automatic skills reached reliability standards for low-

stakes decision-making at less than five items for both relative reliability and absolute 

reliability. This means that to reliably measure subskill mastery across these skills, all 

measures would require the administration of about five items. 

Grade 3 non-automatic skills. In terms of accuracy scores across measures of 

third grade non-automatic skills, E)̂$ ranged from 0.16 to 0.38 at one item and 0.88 to 

0.96 at 40 items; + ranged from 0.26 to 0.37 at one item and 0.04 to 0.06 at 40 items. 

Similarly, Φ ranged from 0.16 to 0.36 at one item and 0.88 to 0.96 at 40 items; ∆ ranged 
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from 0.26 to 0.39 at one item and 0.04 to 0.06 at 40 items. Results by measure and 

subskill can be found in Tables 38-41 and Figures 3-10. 

Accuracy scores derived from the general outcome measure of third grade non-

automatic skills reached reliability standards for low-stakes decision-making at about 10 

items for both relative reliability and absolute reliability. Accuracy scores derived from 

the subskill mastery measure targeting 3-by-2 and 3-by-3 subtraction from 1000 reached 

the reliability threshold for low-stakes decision-making at 10 items for both relative and 

absolute reliability estimates, while the subskill mastery measure targeting 3-by-2 and 3-

by-3 addition to 1000 reached the same reliability standard at about 20 items. This means 

that to reliably measure subskill mastery across these skills, the general outcome measure 

would require 10 items to be administered, while subskill mastery measures would 

require 10 or 20 items to be administered. 

Research question three. Research question three addressed the difference in 

reliability of student scores across measurement frameworks when automaticity of 

computation performance was the primary interest. Specific decision study results by 

grade are discussed below. 

Grade 2 automatic skills. In terms of automaticity scores across measures of 

second grade automatic skills, E)̂$ ranged from 0.17 to 0.26 at one item and 0.89 to 0.94 

at 40 items; + ranged from 0.31 to 0.44 at one item and 0.05 to 0.07 at 40 items. 

Comparably, Φ ranged from 0.17 to 0.28 at one item and 0.89 to 0.94 at 40 items; ∆ 

ranged from 0.32 to 0.44 at one item and 0.05 to 0.07 at 40 items. Results by measure and 

subskill can be found in Tables 18-21 and Figures 3-10.  
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Automaticity scores derived from both the general outcome measure and the 

subskill mastery measures of second grade automatic skills reached reliability standards 

for low-stakes decision-making at about 15 items for both relative reliability and absolute 

reliability.  

Grade 3 automatic skills. In terms of automaticity scores across measures of third 

grade automatic skills, E)̂$ ranged from 0.18 to 0.26 at one item and 0.89 to 0.95 at 40 

items; + ranged from 0.28 to 0.42 at one item and 0.04 to 0.07 at 40 items. Similarly, Φ 

ranged from 0.16 to 0.25 at one item and 0.88 to 0.95 at 40 items; ∆ ranged from 0.29 to 

0.43 at one item and 0.04 to 0.07 at 40 items. Results by measure and subskill can be 

found in Tables 30-33 and Figures 3-10.  

Automaticity scores derived from both the general outcome measure and the 

subskill mastery measures of third grade automatic skills reached reliability standards for 

low-stakes decision-making at about 15 items for both relative reliability and absolute 

reliability.  

Research question four. Research question four addressed the difference in 

reliability of student scores across measurement frameworks when accuracy of 

computation performance was the primary interest. Specific decision study results by 

grade and skill type are discussed below. 

Grade 2 automatic skills. In terms of accuracy scores across measures of third 

grade automatic skills, E)̂$ ranged from 0.04 to 0.82 at one item and 0.65 to 0.99 at 40 

items; + ranged from 0.14 to 0.27 at one item and 0.02 to 0.04 at 40 items. Similarly, Φ 

ranged from 0.04 to 0.82 at one item and 0.64 to 0.99 at 40 items; ∆ ranged from 0.14 to 
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0.28 at one item and 0.02 to 0.04 at 40 items. Results by measure and subskill can be 

found in Tables 22-25 and Figures 3-10. 

Accuracy scores derived from both the general outcome measure and the subskill 

mastery measures of second grade automatic skills reached reliability standards for low-

stakes decision-making at less than five items for both relative reliability and absolute 

reliability, with the exception of the subskill mastery measure targeting 2-by-2 

subtraction from 100. Scores derived from this measure did not reach the reliability 

standard even at 40 items. 

Grade 2 non-automatic skills. In terms of accuracy scores across measures of 

second grade non-automatic skills, E)̂$ ranged from 0.27 to 0.55 at one item and 0.94 to 

0.98 at 40 items; + ranged from 0.22 to 0.38 at one item and 0.04 to 0.06 at 40 items. 

Comparably, Φ ranged from 0.23 to 0.55 at one item and 0.92 to 0.98 at 40 items; ∆ 

ranged from 0.22 to 0.42 at one item and 0.04 to 0.07 at 40 items. Results by measure and 

subskill can be found in Tables 26-29 and Figures 3-10. 

Accuracy scores derived from the general outcome measure of second grade non-

automatic skills reached reliability standards for low-stakes decision-making at about 10 

items for both relative reliability and absolute reliability. Accuracy scores derived from 

subskill mastery measures of second grade non-automatic skills reached reliability 

standards for low-stakes decision-making at about five items for both relative reliability 

and absolute reliability.  

Grade 3 automatic skills. In terms of accuracy scores across measures of third 

grade automatic skills, E)̂$ ranged from 0.44 to 0.74 at one item and 0.97 to 0.99 at 40 
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items; + ranged from 0.21 to 0.33 at one item and 0.03 to 0.05 at 40 items. Similarly, Φ 

ranged from 0.36 to 0.72 at one item and 0.96 to 0.99 at 40 items; ∆ ranged from 0.21 to 

0.39 at one item and 0.03 to 0.06 at 40 items. Results by measure and subskill can be 

found in Tables 34-37 and Figures 3-10. 

Accuracy scores derived from both the general outcome measure and the subskill 

mastery measures of third grade automatic skills reached reliability standards for low-

stakes decision-making at less than five items for both relative reliability and absolute 

reliability. 

Grade 3 non-automatic skills. In terms of accuracy scores across measures of 

third grade non-automatic skills, E)̂$ ranged from 0.16 to 0.38 at one item and 0.88 to 

0.96 at 40 items; + ranged from 0.26 to 0.37 at one item and 0.04 to 0.06 at 40 items. 

Comparably, Φ ranged from 0.16 to 0.36 at one item and 0.88 to 0.96 at 40 items; ∆ 

ranged from 0.26 to 0.39 at one item and 0.04 to 0.06 at 40 items. Results by measure and 

subskill can be found in Tables 38-41 and Figures 3-10. 

Accuracy scores derived from the general outcome measure of third grade non-

automatic skills reached reliability standards for low-stakes decision-making at about 10 

items for both relative reliability and absolute reliability. Accuracy scores derived from 

the subskill mastery measure targeting 3-by-2 and 3-by-3 subtraction from 1000 reached 

the reliability threshold for low-stakes decision-making at 10 items for both relative and 

absolute reliability estimates, while the subskill mastery measure targeting 3-by-2 and 3-

by-3 addition to 1000 reached the same reliability standard at about 20 items. 
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Chapter 5: Discussion 

Teachers often administer mathematics computation measures to estimate student 

achievement and student needs in terms of both broad mathematics computation 

achievement and subskill mastery of specific computation skills. Teachers often choose 

separate measures for each purpose of assessment – that is, they choose a general 

outcome measure to estimate broad mathematics computation performance, and one or 

more subskill mastery measures to estimate subskill mastery of specific computation 

skills. The administration and use of both may not be the most efficient way to gather 

information about broad mathematics computation performance and computation subskill 

mastery, however. This is an important thing to consider, as time spent testing reduces 

instructional time. Thus, the purpose of this study was to investigate the performance 

sample necessary for reliable estimates of student mathematics computation performance 

across various grade-level mathematics computation measures at second and third grades.  

Findings 

In general, these findings suggest that either general outcome measures or subskill 

mastery measures might be used to reliably assess both broad mathematics computation 

and subskill mastery. Overall, decision studies suggested that responses to relatively few 

items tend to provide reliable estimates of student achievement, irrespective of skill type, 

score type, measurement framework, or grade level (see Figures 3-10). One finding that 

was unexpected was that differences in reliability across measurement frameworks were 

not consistent across skills, score types, or grade levels. Those features influenced the 

quality of estimates. For example, there were certain skill sets for which estimates were 
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more reliable; those variations were observed within each general outcome measure and 

subskill mastery measure. More detail is provided below.  

Generalizability Studies 

The results of generalizability studies varied somewhat across measurement 

frameworks and score types. Results exhibited one of two patterns. Some studies 

exhibited a low proportion of variance associated with person characteristics, and a high 

proportion of variance associated with the interaction between person and item 

characteristics, which is residual variance, or error (Briesch et al., 2014). Other 

generalizability studies exhibited the inverse of that.  

In cases that the majority of variance was found in the interaction between person 

and item characteristics, student performance varied idiosyncratically across items, but 

person characteristics and item characteristics also contributed meaningfully to student 

scores. These cases included measures of computation automaticity performance across 

automatic skills and computation accuracy performance across non-automatic skills. In 

these cases, it was also found that relatively low proportions of variance were associated 

with item characteristics. Rather, the majority of variance might be attributed to 

idiosyncratic error resulting from testing. This could have included such things as failure 

to follow standardized administration and scoring procedures, testing conditions, and 

other incidental sources of error. 

In contrast to the generalizability studies highlighted above, the generalizability 

studies associated with students’ computation accuracy performance across automatic 

skills demonstrated that the highest proportion of variance in student scores was 

attributed to person characteristics, which is desirable (Briesch et al.). The next highest 
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proportion of variance in scores was attributed to the interaction between person and item 

characteristics, and the lowest proportion of variance was attributed to item 

characteristics. These results indicate that students’ accuracy scores across automatic 

skills were less influenced by measurement error as compared to other measures. 

Therefore, stronger conclusions may be made regarding student performance with these 

measures in comparison to others described above. In comparison with non-automatic 

skills, it may be that student accuracy performance across automatic skills demonstrated 

less idiosyncratic variance in scores because automatic skills are learned first and are 

therefore easier than non-automatic skills. Similarly, in comparison to automaticity 

scores, it may be that student accuracy scores demonstrated less idiosyncratic variance in 

scores because accuracy is a precursor and prerequisite to automaticity. That is, students 

must be accurate in completing math computation problems before they can learn those 

same problems to a level of automaticity. Therefore, students were likely more accurate 

than they were automatic in completing math computation problems, which would lead to 

less idiosyncratic variance in student scores. 

Overall, results of generalizability studies highlight wide variability in variance 

distribution across measures, which suggests that estimates across measures were 

influenced by sources of measurement error (e.g., residual error) differently. The 

strongest conclusions can be made when most of the variance in student scores can be 

attributed to person characteristics. Thus, the measures from which we can make the 

strongest conclusions are measures of students’ mathematics computation accuracy across 

automatic skills.  
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Decision Studies 

As stated above, in examining the results of decision studies, reliability estimates 

were compared with established reliability conventions for low and high stakes decisions 

(Christ, Johnson-Gros, & Hintze, 2005; Christ, Zopluoglu, Monaghen, & Van Norman, 

2013; Cicchetti, 1994; Clark & Watson, 1995). In considering the following research 

questions, the conservative estimates of 0.8 for low stakes decisions and 0.9 for high 

stakes decisions were used. Reliability estimates were also considered in the context of 

both relative (rank order; E)̂$; SEM, +) reliability and absolute reliability (Φ; SEM, ∆). 

Specific results by research question are described below. 

Research question one. The first research question addressed the difference in 

reliability of student scores across measurement frameworks to estimate broad 

mathematics computation performance. Capturing broad computation achievement in line 

with a general outcome measurement framework requires the administration of forms that 

sample broadly across the universe of mathematics computation skills at a particular 

grade level. Conversely, capturing broad computation achievement in line with a subskill 

mastery measurement framework requires the administration of one or more subskill-

specific forms.  

In most cases, general outcome measurement appears to be the most efficient 

measurement framework in capturing broad mathematics computation achievement 

across second and third grade skills. General outcome measures generally require fewer 

items to be administered to achieve established reliability standards for both low stakes 

and high stakes decision making. An exception can be found in measures of broad 

computation accuracy across second grade non-automatic skills. For these skills, 
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administering a compilation of subskill mastery measures would likely result in fewer 

items administered as compared to a general outcome measure, when considering the 

number of items required to achieve reliability standards for both low stakes and high 

stakes decisions. 

Research question two. The second research question addressed the difference in 

reliability of student scores across measurement frameworks in examining mathematics 

computation subskill performance. Capturing subskill mastery across grade level 

computation skills in line with a general outcome measurement framework involves 

calculating subskill scores across the subskills represented within a particular general 

outcome measure. Subskill scores are calculated as the accuracy or automaticity of 

student mathematics computation performance across the items representing one skill 

only. Thus, one general outcome measure might produce two or more subskill scores. In 

contrast, capturing computation subskill mastery in line with a subskill mastery 

measurement framework requires administering a subskill mastery measure that includes 

items that target a single skill.  

In most cases, general outcome measurement and subskill mastery measurement 

appear to be equally efficient in measuring mathematics computation subskill proficiency 

across grades, skills, and score types (i.e., automaticity versus accuracy). Within a 

specific grade, skill type, and score type, subskill mastery measures and general outcome 

measures generally require the same number of items to be administered to produce 

reliable score estimates, both for low stakes decisions and for high stakes decisions. Thus, 

in most cases, teachers may use other factors to determine whether a subskill mastery 

measure or general outcome measure is more appropriate for their assessment purpose.  
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There are a couple of exceptions to this pattern. In the case of all second grade 

non-automatic skills, subskill mastery measures consistently produced more reliable 

scores; teachers might choose subskill mastery measures to most efficiently target second 

grade non-automatic skills. Conversely, in the case of the second grade automatic skill of 

2-by-2 subtraction from 100 and the third grade non-automatic skill of 3-by-2 and 3-by-3 

addition to 1000, the corresponding general outcome measure produced more reliable 

scores than the subskill mastery measure. Therefore, teachers might choose to use a 

general outcome measure to capture mastery of 2-by-2 subtraction from 100 or 3-by-2 

and 3-by-3 addition to 1000, especially if they are also interested to capture mastery of 

other grade level skills, or are interested to measure broad mathematics computation 

performance across second or third grade skills. Differences in reliability estimates across 

skills might be due to a variety of different factors, such as skill difficulty in relation to 

other grade-level skills, or the order in which skills are taught. Teachers must consider 

these factors as they choose assessment tools.  

Research question three. The third research question addressed the difference in 

reliability of student scores across measurement frameworks in examining the 

automaticity of student computation performance. Subskill mastery and broad 

mathematics computation achievement were measured in the same ways described above 

(cf. Research question one; Research question two).  

In all cases, subskill mastery measures and general outcome measures appeared to 

be equally efficient in measuring mathematics computation automaticity across both 

second and third grade skills. Within each grade, each measurement framework required 

approximately the same number of items to produce reliable score estimates, both for low 
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stakes decisions and for high stakes decisions. Therefore, in most cases, teachers might 

choose which measurement framework is most appropriate for their purpose, taking into 

account factors other than the reliability of scores.  

Research question four. The fourth research question addressed the difference in 

reliability of student scores across measurement frameworks in examining the accuracy 

of student computation performance. Subskill mastery and broad mathematics 

computation achievement were measured in the same ways described above (cf. Research 

question one; Research question two).  

In most cases, subskill mastery measures produced more reliable estimates than 

general outcome measures. Subskill mastery measures require fewer items to make 

reliable decisions, both in terms of low stakes decisions and in terms of high stakes 

decisions. Therefore, subskill mastery measurement appears to be the most efficient 

measurement framework to capture students’ mathematics computation accuracy. An 

exception can be found in the subskill mastery measure targeting 3-by-2 and 3-by-3 

addition to 1000, a grade three non-automatic skill. In this case, the subskill mastery 

measure was considerably less reliable than subskill score derived from the 

corresponding general outcome measure. To capture students’ mastery of this skill, 

educators might choose to administer the general outcome measure, especially if they are 

also interested in students’ mastery of other grade three non-automatic skills. 

General Conclusions and Previous Research  

 The results of this study both confirm and extend previous research that has 

investigated the reliability of academic formative assessments in providing 

instructionally-relevant information to educators (e.g., Becker & Christ, In Preparation). 
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That is, the findings of the present study generalize previous research in the domain of 

reading to the domain of mathematics. To that end, the results of the present study 

confirm prior findings in reading (Becker & Christ) in demonstrating that it is possible to 

use general outcome measures to make reliable decisions about students’ mastery of 

grade-level academic skills. The results of the present study generalize these findings to 

the context of mathematics computation, and demonstrate that it is possible to use 

subskill mastery measures to make reliable decisions about students’ broad mathematics 

computation achievement. In this way, the results of the current study are the first of their 

kind, though they do build on limited prior research (Becker & Christ). 

The present study also builds on previous literature in that it provides evidence to 

expand the use of general outcome measures and subskill mastery measures in practice. 

Findings suggest that general outcome measures might be used for purposes other than 

the measurement of broad academic achievement. This study also provides one example 

of a general outcome measure in the context of mathematics computation. This is 

important, as prior research has demonstrated a lack of consensus on the nature of general 

outcome measures in mathematics (e.g., Codding et al., 2016; Foegen, Jiban, & Deno, 

2007; Gersten et al., 2009; VanDerHeyden & Burns, 2005; VanDerHeyden & Burns, 

2009; VanDerHeyden, Codding, & Martin, 2017). In addition, this study provides support 

for the use of subskill mastery measures in practice, which refutes previous literature that 

discouraged the use of such measures (e.g., Fuchs & Deno, 1991). 

 Finally, the present study serves to address the gap in empirical research targeting 

assessments developed from a procedure paradigm (cf. Chapter 2: Conclusions About 

Assessment as Procedure). That is, there is currently little to no empirical research that 



 

85 

investigates the ways in which assessments developed from a measurement paradigm 

might be used in a way that provides more instructionally-relevant information to 

educators, and there is little to no empirical research that examines the reliability and 

validity of assessments developed from an inquiry paradigm (cf. Chapter 2). This study 

addresses the former; this represents one attempt to expand the amount of instructionally-

relevant information provided by assessments developed from a measurement paradigm. 

Implications 

The results highlighted above have clear practical implications for the use of 

general outcome measures and subskill mastery measures in schools. In general, results 

suggest that both general outcome measures and subskill mastery measures might be used 

to estimate student subskill mastery and broad computation achievement across both 

automatic and non-automatic mathematics computation skills at second and third grades. 

In many cases, scores across general outcome measures and subskill mastery measures 

produced similar reliability estimates. Therefore, educators might use factors other than 

reliability of scores to determine which measurement framework will best serve their 

needs. However, in most cases, general outcome measures were most efficient in 

producing reliable estimates of student performance across both broad computation 

achievement and subskill mastery. This pattern was observed regardless of grade level, 

skill type, or score type. Therefore, in most cases, teachers should select general outcome 

measures to answer questions related to math computation achievement. 

The results highlighted above are relevant for teachers and other educators who 

use mathematics computation general outcome measures and subskill mastery measures 

in their classrooms. Because the findings above suggest that general outcome measures 
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and subskill mastery measures might be reliably used for purposes other than for which 

they were designed (i.e., for the identification of strengths and weaknesses in terms of 

subskill mastery, or for the measurement of broad mathematics computation 

achievement), it may be possible to use one existing assessment for multiple purposes, 

thereby decreasing the number of assessment administrations necessary. It may also be 

possible for teachers to tailor assessment activities to target student scores that are most 

relevant and interesting for instructional planning, rather than using measures that are 

either too broad or too narrow in focus. This is encouraging for teachers, as flexibility 

around assessment administration may result in more efficient instructional planning and 

more time for instruction. 

The results highlighted above are also relevant for educators interested to use 

mathematics computation measures for screening decisions. Because general outcome 

measures were generally more efficient than subskill mastery measures, the results of this 

study suggest that in most cases, gated screening may not be necessary. Generally, gated 

screening requires the administration of a general outcome measure to identify students 

not performing at grade-level expectations within a specific skill set, and then requires 

the administration of subskill mastery measures to identify specific skill deficits. 

However, the results of this study suggest that in most cases, general outcome measures 

might be used for both purposes. That is, it may not be necessary to gather additional 

information about students’ specific skill deficits with subskill mastery measures after 

general outcome measures are administered. Rather, the results of this study suggest that 

general outcome measures might be used both to screen for broad mathematics 

computation achievement, as well as to verify students’ computation subskill mastery. 
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Therefore, gated screening might not be necessary, and the process of instruction or 

intervention planning might be streamlined. 

The results of this study may also be relevant for data collection in the context of 

evaluation for special education services, especially in considering specific learning 

disabilities. Again, the possibility to use existing assessments for multiple purposes might 

decrease the number of assessments needed for reliable estimates of student mathematics 

computation achievement. Therefore, evaluations might be completed more efficiently, 

and students may miss less instruction as a result. 

Finally, the results of this study have implications for the measurement of 

automaticity of mathematics computation skills in comparison with accuracy. In general, 

the results of this study demonstrated that accuracy scores were more reliable than 

automaticity scores – accuracy measures required fewer items to achieve reliable 

estimates of students’ mathematic computation achievement than automaticity measures. 

This makes sense because accuracy is a prerequisite skill for automaticity (Haring, Lovitt, 

Eaton, & Hansen, 1978). That is, it is expected that students are first taught to be accurate 

in responding to math computation problems before being taught to be automatic. Thus, 

skill differences among students in terms of accuracy might be more appropriately 

attributed to student characteristics rather than idiosyncratic influences, as compared to 

differences among students in terms of automaticity. This line of thinking is supported in 

the fact that more of the variation in automaticity scores was generally explained by 

idiosyncratic influences as compared to accuracy scores. 

Although there were differences in reliability among accuracy and automaticity 

scores, those differences were not large in magnitude – while most accuracy measures 
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required about five items to achieve reliable scores, most automaticity measures required 

10 or 15 items. Therefore, the results of this study provide little evidence to support 

criticism of automaticity assessment in general. Rather, educators should make decisions 

about whether to use accuracy or automaticity assessments based on their students’ skills 

and what they have been taught. For example, if students are not yet automatic in 

producing a mathematics computation skill, it may not be appropriate to assess with 

measures of automaticity.  

Limitations 

While there are strengths associated with the design of the present study, there are 

also some limitations. First, students only completed one form of a given assessment 

type, so form was not examined as a facet in generalizability studies. In practice, students 

often complete one or more alternate forms of a particular assessment as a part of both 

screening and progress monitoring activities. It is useful, then, to estimate the variance in 

student scores that can be attributed to form characteristics. 

Second, the data used for the present study were extant in nature, and the sample 

was a sample of convenience. That is, data were collected through typical school 

assessment use and later stored in a cloud-based database. No steps were taken to ensure 

that standardized administration and scoring procedures were followed. However, many 

of the assessments examined were administered and scored automatically, which may 

have limited the impact of error associated with administration and scoring. 

Future Directions 

In terms of future research, there are several directions that potential projects 

might take. For example, these findings only represent a small sample of skills that might 
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be assessed in schools. Therefore, future research should consider other skills and grade 

levels within mathematics computation, but should also consider other mathematics 

domains. Future research might also expand beyond the domain of mathematics to 

determine whether there are universal trends across academic assessment research. 

Future research should also be done to improve upon the quality of the present 

study. For example, in the present study, students only completed one form of a given 

assessment type. Because of this, variance attributed to form differences could not be 

estimated. Stronger conclusions might be made with the additional examination of 

student performance across equivalent forms, which would provide a more nuanced 

representation of variance allocation. 

Conclusions 

In conclusion, this study provides encouraging findings in terms of the use of 

mathematics computation formative assessments across measurement frameworks for 

purposes other than for which they were developed. There is clear evidence to suggest 

that general outcome measures might feasibly be used for subskill mastery decisions, and 

that subskill mastery measures might feasibly be used for broad mathematics 

computation decisions. Therefore, teachers and other educators that use such assessments 

might have more flexibility in determining which assessments to use. These educators 

may be able to use factors other than reliability of scores to make assessment decisions, 

such as utility of resulting scores. This study represents an early investigation into the 

feasibility of using assessments representing different measurement frameworks for 

alternative purposes. Further research is necessary to extend such findings to other grades 

and skill types, as well as to other academic domains. Such research might further 
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improve the efficiency of formative assessment in schools, and the balance between 

instruction and assessment. 
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Tables 

Table 1 

Distinctions Among Assessment Paradigms 

Assessment Paradigm Characteristics of Data Collection Interpretation of Data Use of Data 
Assessment as Measurement - Standardized assessment 

procedures 
- Estimate a student’s true score 
- Control as many variables as 

possible 
- Consider reliability and validity 

- Determine whether instruction is 
working 

- Determine whether student 
achievement is improving as 
expected 
 

Assessment as Procedure - Standardization 
- Authentic classroom activities 

as opportunities for assessment 
 

- Authentic student performance 
- Consider reliability and validity 

- Inform instruction 
- Determine whether instruction is 

working 

Assessment as Inquiry - Authentic classroom activities 
as opportunities for assessment 

- Informal 

- Authentic student performance - Inform instruction 

Note. Similarities and differences across Serafini’s (2000) three assessment paradigms. 

 



 

92 
Table 2 

Sample Sizes: Grade 2 Automatic Skills – Automaticity 
 Initial sample size Students removed Final sample size 

General Outcome Measure    
Overall 9,804 1,740 8,064 

2-by-1 Addition to 100 9,804 1,614 8,190 
2-by-2 Addition to 100 9,804 1,606 8,198 

2-by-1 Subtraction from 100 9,804 1,599 8,205 
2-by-2 Subtraction from 100 9,804 1,645 8,159 

Subskill Mastery Measures    
2-by-1 Addition to 100 108,741 107,962 779 
2-by-2 Addition to 100 92,499 91,835 664 

2-by-1 Subtraction from 100 88,755 88,073 682 
2-by-2 Subtraction from 100 84,758 84,128 630 

Note. Students were removed from automaticity analyses if they had any missing data (i.e., a value of “NA” for any math problem). 

Student responses of “Not Viewed” or “Not Answered” were marked as incorrect. General outcome measure skills represent student 

automaticity across problems within the general outcome measure representing that particular skill only. 
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Table 3 

Sample Sizes: Grade 2 Automatic Skills – Accuracy 
 Initial sample size Students removed Final sample size 

General Outcome Measure    
Overall 9,804 9,508 296 

2-by-1 Addition to 100 9,804 9,201 603 
2-by-2 Addition to 100 9,804 9,281 523 

2-by-1 Subtraction from 100 9,804 9,301 503 
2-by-2 Subtraction from 100 9,804 9,308 496 

Subskill Mastery Measures    
2-by-1 Addition to 100 108,741 108,711 30 
2-by-2 Addition to 100 92,499 92,470 29 

2-by-1 Subtraction from 100 88,755 88,719 36 
2-by-2 Subtraction from 100 84,758 84,719 39 

Note. Students were removed from accuracy analyses if they had any missing data (i.e., a value of “NA” for any math problem) or if 

they had unanswered problem (i.e., “Not Viewed” or “Not Answered”). General outcome measure skills represent student accuracy 

across problems within the general outcome measure representing that particular skill only. 
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Table 4 

Sample Sizes: Grade 2 Non-Automatic Skills – Accuracy 
 Initial sample size Students removed Final sample size 

General Outcome Measure    
Overall 8,924 2,010 6,914 

2-by-1 and 2-by-2 Addition to 100 8,924 1,728 7,196 
2-by-1 and 2-by-2 Subtraction from 100 8,924 2,010 6,914 

Subskill Mastery Measures    
2-by-1 and 2-by-2 Addition to 100 186 16 170 

2-by-1 and 2-by-2 Subtraction from 100 187 16 171 
Note. Students were removed from accuracy analyses if they had any missing data (i.e., a value of “NA” for any math problem) or if 

they had unanswered problem (i.e., “Not Viewed” or “Not Answered”). General outcome measure skills represent student accuracy 

across problems within the general outcome measure representing that particular skill only. 
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Table 5 

Sample Sizes: Grade 3 Automatic Skills – Automaticity 
 Initial sample size Students removed Final sample size 

General Outcome Measure    
Overall 10,812 3,365 7,447 

2-by-1 Division from 100 10,812 3,359 7,453 
2-by-1 Multiplication to 12s 10,812 3,361 7,451 

Subskill Mastery Measures    
2-by-1 Division from 100 1,843 375 1,468 

2-by-1 Multiplication to 12s 2,615 406 2,209 
Note. Students were removed from automaticity analyses if they had any missing data (i.e., a value of “NA” for any math problem). 

Student responses of “Not Viewed” or “Not Answered” were marked as incorrect. General outcome measure skills represent student 

automaticity across problems within the general outcome measure representing that particular skill only. 
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Table 6 

Sample Sizes: Grade 3 Automatic Skills – Accuracy 
 Initial sample size Students removed Final sample size 

General Outcome Measure    
Overall 10,812 10,300 512 

2-by-1 Division from 100 10,812 10,217 595 
2-by-1 Multiplication to 12s 10,812 10,220 592 

Subskill Mastery Measures    
2-by-1 Division from 100 1,843 1,728 115 

2-by-1 Multiplication to 12s 2,615 2,467 148 
Note. Students were removed from accuracy analyses if they had any missing data (i.e., a value of “NA” for any math problem) or if 

they had unanswered problem (i.e., “Not Viewed” or “Not Answered”). General outcome measure skills represent student accuracy 

across problems within the general outcome measure representing that particular skill only. 
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Table 7 

Sample Sizes: Grade 3 Non-Automatic Skills – Accuracy 
 Initial sample size Students removed Final sample size 

General Outcome Measure    
Overall 6,374 1,266 5,108 

3-by-2 and 3-by-3 Addition to 1000 6,374 1,081 5,293 
3-by-2 and 3-by-3 Subtraction from 1000 6,374 1,266 5,108 

Subskill Mastery Measures    
3-by-2 and 3-by-3 Addition to 1000 280 62 218 

3-by-2 and 3-by-3 Subtraction from 1000 294 86 208 
Note. Students were removed from accuracy analyses if they had any missing data (i.e., a value of “NA” for any math problem) or if 

they had unanswered problem (i.e., “Not Viewed” or “Not Answered”). General outcome measure skills represent student accuracy 

across problems within the general outcome measure representing that particular skill only. 
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Table 8 

Average Student Accuracy Across Skills: Grade 2 Automatic Skills 
 Percent Correct (SD) Sample 

Size 
General Outcome Measure   

Overall 40 (42) 296 
2-by-1 Addition to 100 61 (42) 603 
2-by-2 Addition to 100 52 (44) 523 

2-by-1 Subtraction from 100 58 (42) 503 
2-by-2 Subtraction from 100 48 (43) 496 

Subskill Mastery Measures   
2-by-1 Addition to 100 32 (42) 30 
2-by-2 Addition to 100 16 (33) 29 

2-by-1 Subtraction from 100 12 (30) 36 
2-by-2 Subtraction from 100 2 (4) 39 

Note. Values represent student accuracy across items attempted. General outcome 

measure skills represent student accuracy across problems within the general outcome 

measure representing that particular skill only. Overall general outcome measure 

accuracy represents performance across all problems in the general outcome measure. 

Sample size range: n = 29-603. 
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Table 9 

Average Student Accuracy Across Skills: Grade 2 Non-Automatic Skills 
 Percent Correct (SD) Sample Size 

General Outcome Measure   
Overall 66 (25) 6,914 

2-by-1 and 2-by-2 Addition to 100 77 (27) 7,196 
2-by-1 and 2-by-2 Subtraction from 100 55 (33) 6,914 
Subskill Mastery Measures   

2-by-1 and 2-by-2 Addition to 100 88 (25) 170 
2-by-1 and 2-by-2 Subtraction from 100 63 (35) 171 

 
Note. Values represent student accuracy across items attempted. General outcome 

measure skills represent student accuracy across problems within the general outcome 

measure representing that particular skill only. Overall general outcome measure 

accuracy represents performance across all problems in the general outcome measure. 

Sample size range: n = 170-7,196. 
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Table 10 

Average Student Accuracy Across Skills: Grade 3 Automatic Skills 
 Percent Correct (SD) Sample Size 

General Outcome Measure   
Overall 39 (30) 512 

2-by-1 Division from 100 57 (36) 595 
2-by-1 Multiplication to 12s 23 (28) 592 

Subskill Mastery Measures   
2-by-1 Division from 100 10 (21) 115 

2-by-1 Multiplication to 12s 56 (42) 148 
 
Note. Values represent student accuracy across items attempted. General outcome 

measure skills represent student accuracy across problems within the general outcome 

measure representing that particular skill only. Overall general outcome measure 

accuracy represents performance across all problems in the general outcome measure. 

Sample size range: n = 115-595. 
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Table 11 

Average Student Accuracy Across Skills: Grade 3 Non-Automatic Skills 
 Percent Correct (SD) Sample Size 

General Outcome Measure   
Overall 70 (27) 5,108 

3-by-2 and 3-by-3 Addition to 1000 77 (28) 5,293 
3-by-2 and 3-by-3 Subtraction from 1000 63 (33) 5,108 

Subskill Mastery Measures   
3-by-2 and 3-by-3 Addition to 1000 92 (12) 218 

3-by-2 and 3-by-3 Subtraction from 1000 79 (24) 208 
 
Note. Values represent student accuracy across items attempted. General outcome 

measure skills represent student accuracy across problems within the general outcome 

measure representing that particular skill only. Overall general outcome measure 

accuracy represents performance across all problems in the general outcome measure. 

Sample size range: n = 208-5293. 
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Table 12 

Generalizability Study Results: Grade 2 Automatic Skills – Automaticity 
 p i p x i  Total 
 σ2 % σ2 % σ2 % σ2 % 
General Outcome Measure         

Overall 0.04 20.41 0.00 1.03 0.17 78.56 0.21 100 
2-by-1 Addition to 100 0.05 21.18 0.00 0.18 0.18 78.64 0.23 100 
2-by-2 Addition to 100 0.05 25.80 0.00 0.20 0.15 73.99 0.21 100 

2-by-1 Subtraction from 100 0.05 21.16 0.00 0.62 0.18 78.23 0.22 100 
2-by-2 Subtraction from 100 0.05 27.74 0.00 0.10 0.13 72.16 0.19 100 

Subskill Mastery Measures         
2-by-1 Addition to 100 0.05 19.77 0.00 0.14 0.19 80.09 0.24 100 
2-by-2 Addition to 100 0.05 24.28 0.00 0.10 0.15 75.61 0.20 100 

2-by-1 Subtraction from 100 0.04 21.94 0.00 0.07 0.15 77.99 0.19 100 
2-by-2 Subtraction from 100 0.02 17.15 0.00 0.15 0.10 82.70 0.12 100 

Note. Variance and percentage of total variance accounted for by each facet. Person is indicated by “p” and item is indicated by “i”. 

The universe of generalization for item was unfixed for all skills. The range of SEM for variance estimates was 0.00 (0.06%) to 0.00 

(1.29%). All variance components were rounded to the nearest hundredth place value. Results were obtained with 630 to 8,198 

participants. 
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Table 13 

Generalizability Study Results: Grade 2 Automatic Skills – Accuracy 
 p i p x i  Total 
 σ2 % σ2 % σ2 % σ2 % 
General Outcome Measure         

Overall 0.18 73.33 0.00 1.05 0.06 25.61 0.24 100 
2-by-1 Addition to 100 0.16 68.31 0.00 0.40 0.07 31.29 0.24 100 
2-by-2 Addition to 100 0.19 76.16 0.00 0.12 0.06 23.72 0.25 100 

2-by-1 Subtraction from 100 0.17 69.43 0.00 0.94 0.07 29.63 0.25 100 
2-by-2 Subtraction from 100 0.17 69.79 0.00 0.00 0.08 30.21 0.25 100 

Subskill Mastery Measures         
2-by-1 Addition to 100 0.18 79.20 0.00 0.46 0.05 20.34 0.23 100 
2-by-2 Addition to 100 0.11 81.52 0.00 0.45 0.02 18.03 0.14 100 

2-by-1 Subtraction from 100 0.09 81.29 0.00 0.00 0.02 18.71 0.11 100 
2-by-2 Subtraction from 100 0.00 4.31 0.00 3.73 0.02 91.97 0.02 100 

Note. Variance and percentage of total variance accounted for by each facet. Person is indicated by “p” and item is indicated by “i”. 

The universe of generalization for item was unfixed for all skills. The range of SEM for variance estimates was 0.00 (0.02%) to 0.04 

(20.25%). All variance components were rounded to the nearest hundredth place value. Results were obtained with 29 to 603 

participants. 

 

  



 

104 
Table 14 

Generalizability Study Results: Grade 2 Non-Automatic Skills – Accuracy 
 p i p x i  Total 
 σ2 % σ2 % σ2 % σ2 % 
General Outcome Measure         

Overall 0.05 23.49 0.03 12.47 0.14 64.04 0.23 100 
2-by-1 and 2-by-2 Addition to 

100 
0.05 29.25 0.01 3.19 0.12 67.56 0.18 100 

2-by-1 and 2-by-2 Subtraction 
from 100 

0.08 33.32 0.03 10.25 0.14 56.43 0.25 100 

Subskill Mastery Measures         
2-by-1 and 2-by-2 Addition to 

100 
0.06 55.04 0.00 0.51 0.05 44.45 0.11 100 

2-by-1 and 2-by-2 Subtraction 
from 100 

0.11 47.57 0.01 3.79 0.11 48.64 0.24 100 

Note. Variance and percentage of total variance accounted for by each facet. Person is indicated by “p” and item is indicated by “i”. 

The universe of generalization for item was unfixed for all skills. The range of SEM for variance estimates was 0.00 (0.33%) to 0.01 

(5.48%). All variance components were rounded to the nearest hundredth place value. Results were obtained with 170 to 7,196 

participants. 
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Table 15 

Generalizability Study Results: Grade 3 Automatic Skills – Automaticity 
 p i p x i  Total 
 σ2 % σ2 % σ2 % σ2 % 
General Outcome Measure         

Overall 0.03 15.52 0.02 11.37 0.14 73.10 0.19 100 
2-by-1 Division from 100 0.05 20.27 0.01 3.68 0.18 76.04 0.23 100 

2-by-1 Multiplication to 12s 0.02 20.17 0.01 7.18 0.09 72.65 0.12 100 
Subskill Mastery Measures         

2-by-1 Division from 100 0.02 18.10 0.00 3.26 0.08 78.65 0.10 100 
2-by-1 Multiplication to 12s 0.06 25.07 0.01 2.95 0.16 71.98 0.22 100 

Note. Variance and percentage of total variance accounted for by each facet. Person is indicated by “p” and item is indicated by “i”. 

The universe of generalization for item was fixed to 169 items for 2-by-1 Multiplication to 12s only; all other skills were unfixed. The 

range of SEM for variance estimates was 0.00 (0.31%) to 0.00 (2.80%). All variance components were rounded to the nearest 

hundredth place value. Results were obtained with 1,468 to 7,453 participants. 
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Table 16 

Generalizability Study Results: Grade 3 Automatic Skills – Accuracy 
 p i p x i  Total 
 σ2 % σ2 % σ2 % σ2 % 
General Outcome Measure         

Overall 0.09 36.28 0.05 19.33 0.11 44.39 0.24 100 
2-by-1 Division from 100 0.12 50.57 0.02 7.74 0.10 41.70 0.25 100 

2-by-1 Multiplication to 12s 0.07 40.02 0.02 11.83 0.09 48.15 0.18 100 
Subskill Mastery Measures         

2-by-1 Division from 100 0.04 47.68 0.00 2.08 0.04 50.24 0.09 100 
2-by-1 Multiplication to 12s 0.18 71.42 0.01 3.19 0.06 25.40 0.25 100 

Note. Variance and percentage of total variance accounted for by each facet. Person is indicated by “p” and item is indicated by “i”. 

The universe of generalization for item was fixed to 169 items for 2-by-1 Multiplication to 12s only; all other skills were unfixed. The 

range of SEM for variance estimates was 0.00 (0.56%) to 0.02 (8.33%). All variance components were rounded to the nearest 

hundredth place value. Results were obtained with 115 to 595 participants. 

 

  



 

107 
Table 17 

Generalizability Study Results: Grade 3 Non-Automatic Skills – Accuracy 
 p i p x i  Total 
 σ2 % σ2 % σ2 % σ2 % 
General Outcome Measure         

Overall 0.06 29.09 0.01 6.97 0.13 63.94 0.21 100 
3-by-2 and 3-by-3 Addition 

to 1000 
0.06 31.65 0.01 3.52 0.12 64.83 0.18 100 

3-by-2 and 3-by-3 
Subtraction from 1000 

0.08 35.54 0.01 6.22 0.14 58.24 0.24 100 

Subskill Mastery Measures         
3-by-2 and 3-by-3 Addition 

to 1000 
0.01 15.90 0.00 0.18 0.07 83.93 0.08 100 

3-by-2 and 3-by-3 
Subtraction from 1000 

0.05 28.67 0.01 4.79 0.11 66.54 0.17 100 

Note. Variance and percentage of total variance accounted for by each facet. Person is indicated by “p” and item is indicated by “i”. 

The universe of generalization for item was unfixed for all skills. The range of SEM for variance estimates was 0.00 (0.24%) to 0.01 

(3.60%). All variance components were rounded to the nearest hundredth place value. Results were obtained with 208 to 5,293 

participants. 
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Table 18 

Decision Study Results: Grade 2 Automatic Skills – Automaticity, 1-10 Items 
 General Outcome Measure Subskill Mastery Measures 
 Overall 2-by-1 

Addition to 
100 

2-by-2 
Addition to 

100 

2-by-1 
Subtraction 
from 100 

2-by-2 
Subtraction 
from 100 

2-by-1 
Addition to 

100 

2-by-2 
Addition to 

100 

2-by-1 
Subtraction 
from 100 

2-by-2 
Subtraction 
from 100 

N (Items) = 1  
E!̂# 0.21 0.21 0.26 0.21 0.23 0.20 0.24 0.22 0.17 
$ 0.41 0.42 0.39 0.42 0.37 0.44 0.38 0.38 0.31 
Φ 0.20 0.21 0.26 0.21 0.28 0.20 0.24 0.22 0.17 
∆ 0.41 0.42 0.39 0.42 0.37 0.44 0.38 0.38 0.32 

N (Items) = 2 
E!̂# 0.34 0.35 0.41 0.35 0.43 0.33 0.39 0.36 0.29 
$ 0.29 0.30 0.28 0.30 0.26 0.31 0.27 0.27 0.22 
Φ 0.34 0.35 0.41 0.35 0.43 0.33 0.39 0.36 0.29 
∆ 0.29 0.30 0.28 0.30 0.26 0.31 0.27 0.27 0.22 

N (Items) = 3 
E!̂# 0.44 0.45 0.55 0.45 0.54 0.43 0.49 0.46 0.38 
$ 0.24 0.24 0.23 0.24 0.21 0.25 0.22 0.22 0.18 
Φ 0.43 0.45 0.51 0.45 0.54 0.42 0.49 0.46 0.38 
∆ 0.24 0.24 0.23 0.24 0.21 0.25 0.22 0.22 0.18 

N (Items) = 4 
E!̂# 0.51 0.52 0.58 0.52 0.61 0.50 0.56 0.53 0.45 
$ 0.20 0.21 0.20 0.21 0.18 0.22 0.19 0.19 0.16 
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Φ 0.51 0.52 0.58 0.52 0.61 0.50 0.56 0.53 0.45 
∆ 0.21 0.21 0.20 0.21 0.18 0.22 0.19 0.19 0.16 

N (Items) = 5 
E!̂# 0.57 0.57 0.64 0.57 0.66 0.55 0.62 0.58 0.51 
$ 0.18 0.19 0.18 0.19 0.16 0.20 0.17 0.17 0.14 
Φ 0.56 0.57 0.63 0.57 0.66 0.55 0.62 0.58 0.51 
∆ 0.18 0.19 0.18 0.19 0.16 0.20 0.17 0.17 0.14 

N (Items) = 6 
E!̂# 0.61 0.62 0.68 0.62 0.70 0.60 0.66 0.63 0.55 
$ 0.17 0.17 0.16 0.17 0.15 0.18 0.16 0.16 0.13 
Φ 0.61 0.62 0.68 0.62 0.70 0.60 0.66 0.63 0.55 
∆ 0.17 0.17 0.16 0.17 0.15 0.18 0.16 0.16 0.13 

N (Items) = 7 
E!̂# 0.65 0.65 0.71 0.65 0.73 0.63 0.69 0.66 0.59 
$ 0.15 0.16 0.15 0.16 0.14 0.17 0.15 0.14 0.12 
Φ 0.64 0.65 0.71 0.65 0.73 0.63 0.69 0.66 0.59 
∆ 0.16 0.16 0.15 0.16 0.14 0.17 0.15 0.14 0.12 

N (Items) = 8 
E!̂# 0.66 0.68 0.74 0.68 0.75 0.66 0.72 0.69 0.62 
$ 0.14 0.15 0.14 0.15 0.13 0.15 0.14 0.13 0.11 
Φ 0.67 0.68 0.74 0.68 0.75 0.66 0.72 0.69 0.62 
∆ 0.15 0.15 0.14 0.15 0.13 0.15 0.14 0.13 0.11 

N (Items) = 9 



 

110 
E!̂# 0.70 0.71 0.76 0.71 0.78 0.69 0.74 0.72 0.65 
$ 0.14 0.14 0.13 0.14 0.12 0.15 0.13 0.13 0.10 
Φ 0.70 0.71 0.76 0.71 0.78 0.69 0.74 0.72 0.65 
∆ 0.14 0.14 0.13 0.14 0.12 0.15 0.13 0.13 0.11 

N (Items) = 10 
E!̂# 0.72 0.73 0.78 0.73 0.79 0.71 0.76 0.74 0.67 
$ 0.13 0.13 0.12 0.13 0.12 0.14 0.12 0.12 0.10 
Φ 0.72 0.73 0.78 0.73 0.79 0.71 0.76 0.74 0.67 
∆ 0.13 0.13 0.12 0.13 0.12 0.14 0.12 0.12 0.10 

Note. Generalizability (E!̂#)	and dependability (Φ) indices represent the reliability of relative and absolute score interpretation, 

respectively. SEM estimates for relative ($) and absolute (∆) score interpretation were also calculated. The universe of generalization 

for item was unfixed. Results were obtained with 630 to 8,198 participants.  
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Table 19 

Decision Study Results: Grade 2 Automatic Skills – Automaticity, 11-20 Items 
 General Outcome Measure Subskill Mastery Measures 
 Overall 2-by-1 

Addition to 
100 

2-by-2 
Addition to 

100 

2-by-1 
Subtraction 
from 100 

2-by-2 
Subtraction 
from 100 

2-by-1 
Addition to 

100 

2-by-2 
Addition to 

100 

2-by-1 
Subtraction 
from 100 

2-by-2 
Subtraction 
from 100 

N (Items) = 11 
E!̂# 0.74 0.75 0.79 0.75 0.81 0.73 0.78 0.76 0.70 
$ 0.12 0.13 0.12 0.13 0.11 0.13 0.12 0.11 0.09 
Φ 0.74 0.75 0.79 0.75 0.81 0.73 0.78 0.76 0.70 
∆ 0.12 0.13 0.12 0.13 0.11 0.13 0.12 0.11 0.09 

N (Items) = 12 
E!̂# 0.76 0.76 0.81 0.76 0.82 0.75 0.79 0.77 0.71 
$ 0.12 0.12 0.11 0.12 0.11 0.13 0.11 0.11 0.09 
Φ 0.75 0.76 0.81 0.76 0.82 0.75 0.79 0.77 0.71 
∆ 0.12 0.12 0.11 0.12 0.11 0.13 0.11 0.11 0.09 

N (Items) = 13 
E!̂# 0.77 0.78 0.82 0.78 0.83 0.76 0.81 0.79 0.73 
$ 0.11 0.12 0.11 0.12 0.10 0.12 0.11 0.11 0.09 
Φ 0.77 0.78 0.82 0.78 0.83 0.76 0.81 0.79 0.73 
∆ 0.11 0.12 0.11 0.12 0.10 0.12 0.11 0.11 0.09 

N (Items) = 14 
E!̂# 0.78 0.79 0.83 0.79 0.84 0.78 0.82 0.80 0.74 
$ 0.11 0.11 0.11 0.11 0.10 0.12 0.10 0.10 0.08 
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Φ 0.78 0.79 0.83 0.79 0.84 0.78 0.82 0.80 0.74 
∆ 0.11 0.11 0.11 0.11 0.10 0.12 0.10 0.10 0.08 

N (Items) = 15 
E!̂# 0.80 0.80 0.84 0.80 0.85 0.79 0.83 0.81 0.76 
$ 0.11 0.11 0.10 0.11 0.09 0.11 0.10 0.10 0.08 
Φ 0.79 0.80 0.84 0.80 0.85 0.79 0.83 0.81 0.76 
∆ 0.11 0.11 0.10 0.11 0.09 0.11 0.10 0.10 0.08 

N (Items) = 16 
E!̂# 0.81 0.81 0.85 0.81 0.86 0.78 0.84 0.82 0.77 
$ 0.10 0.11 0.10 0.10 0.09 0.11 0.10 0.10 0.08 
Φ 0.80 0.81 0.85 0.81 0.86 0.78 0.84 0.82 0.77 
∆ 0.10 0.11 0.10 0.11 0.09 0.11 0.10 0.10 0.08 

N (Items) = 17 
E!̂# 0.82 0.82 0.86 0.82 0.87 0.81 0.85 0.83 0.78 
$ 0.10 0.10 0.10 0.10 0.09 0.11 0.09 0.09 0.08 
Φ 0.81 0.82 0.86 0.82 0.87 0.81 0.85 0.83 0.78 
∆ 0.10 0.10 0.10 0.10 0.09 0.11 0.09 0.09 0.08 

N (Items) = 18 
E!̂# 0.82 0.83 0.86 0.83 0.87 0.82 0.85 0.84 0.79 
$ 0.10 0.10 0.09 0.10 0.09 0.10 0.09 0.09 0.07 
Φ 0.82 0.83 0.86 0.83 0.87 0.82 0.85 0.83 0.79 
∆ 0.10 0.10 0.09 0.10 0.09 0.10 0.09 0.09 0.07 

N (Items) = 19 
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E!̂# 0.83 0.84 0.87 0.84 0.88 0.82 0.86 0.84 0.80 
$ 0.09 0.10 0.09 0.10 0.08 0.10 0.09 0.09 0.07 
Φ 0.83 0.84 0.87 0.84 0.88 0.82 0.86 0.84 0.80 
∆ 0.09 0.10 0.09 0.10 0.08 0.10 0.09 0.09 0.07 

N (Items) = 20 
E!̂# 0.84 0.84 0.87 0.84 0.88 0.83 0.87 0.85 0.81 
$ 0.09 0.09 0.09 0.09 0.08 0.10 0.09 0.09 0.07 
Φ 0.84 0.84 0.87 0.84 0.88 0.83 0.87 0.85 0.81 
∆ 0.09 0.09 0.09 0.09 0.08 0.10 0.09 0.09 0.07 

Note. Generalizability (E!̂#)	and dependability (Φ) indices represent the reliability of relative and absolute score interpretation, 

respectively. SEM estimates for relative ($) and absolute (∆) score interpretation were also calculated. The universe of generalization 

for item was unfixed. Results were obtained with 630 to 8,198 participants.  
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Table 20 

Decision Study Results: Grade 2 Automatic Skills – Automaticity, 21-30 Items 
 General Outcome Measure Subskill Mastery Measures 
 Overall 2-by-1 

Addition to 
100 

2-by-2 
Addition to 

100 

2-by-1 
Subtraction 
from 100 

2-by-2 
Subtraction 
from 100 

2-by-1 
Addition to 

100 

2-by-2 
Addition to 

100 

2-by-1 
Subtraction 
from 100 

2-by-2 
Subtraction 
from 100 

N (Items) = 21 
E!̂# 0.85 0.85 0.88 0.85 0.89 0.84 0.87 0.86 0.81 
$ 0.09 0.09 0.09 0.09 0.08 0.10 0.08 0.08 0.07 
Φ 0.84 0.85 0.88 0.85 0.89 0.84 0.87 0.86 0.81 
∆ 0.09 0.09 0.09 0.09 0.08 0.10 0.08 0.08 0.07 

N (Items) = 22 
E!̂# 0.85 0.86 0.88 0.86 0.89 0.84 0.88 0.86 0.82 
$ 0.09 0.09 0.08 0.09 0.08 0.09 0.08 0.08 0.07 
Φ 0.85 0.86 0.88 0.86 0.89 0.84 0.88 0.86 0.82 
∆ 0.09 0.09 0.08 0.09 0.08 0.09 0.08 0.08 0.07 

N (Items) = 23 
E!̂# 0.86 0.86 0.89 0.86 0.90 0.85 0.88 0.87 0.83 
$ 0.09 0.09 0.08 0.09 0.08 0.09 0.08 0.08 0.07 
Φ 0.86 0.86 0.89 0.86 0.90 0.85 0.88 0.87 0.83 
∆ 0.09 0.09 0.08 0.09 0.08 0.09 0.08 0.08 0.07 

N (Items) = 24 
E!̂# 0.86 0.87 0.89 0.87 0.90 0.86 0.89 0.87 0.83 
$ 0.08 0.09 0.08 0.09 0.07 0.09 0.08 0.08 0.06 
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Φ 0.86 0.87 0.89 0.87 0.90 0.86 0.89 0.87 0.83 
∆ 0.08 0.09 0.08 0.09 0.07 0.09 0.08 0.08 0.06 

N (Items) = 25 
E!̂# 0.87 0.87 0.90 0.87 0.91 0.86 0.89 0.88 0.84 
$ 0.08 0.08 0.08 0.08 0.07 0.09 0.08 0.08 0.06 
Φ 0.87 0.87 0.90 0.87 0.91 0.86 0.89 0.88 0.84 
∆ 0.08 0.08 0.08 0.08 0.07 0.09 0.08 0.08 0.06 

N (Items) = 26 
E!̂# 0.87 0.88 0.90 0.88 0.91 0.87 0.89 0.88 0.84 
$ 0.08 0.08 0.08 0.08 0.07 0.09 0.08 0.07 0.06 
Φ 0.87 0.87 0.90 0.87 0.91 0.86 0.89 0.88 0.84 
∆ 0.08 0.08 0.08 0.08 0.07 0.09 0.08 0.07 0.06 

N (Items) = 27 
E!̂# 0.88 0.88 0.90 0.88 0.91 0.87 0.90 0.88 0.85 
$ 0.08 0.08 0.08 0.08 0.07 0.08 0.07 0.07 0.06 
Φ 0.87 0.88 0.90 0.88 0.91 0.87 0.90 0.88 0.85 
∆ 0.08 0.08 0.08 0.08 0.07 0.08 0.07 0.07 0.06 

N (Items) = 28 
E!̂# 0.88 0.88 0.91 0.88 0.91 0.87 0.90 0.89 0.85 
$ 0.08 0.08 0.07 0.08 0.07 0.08 0.07 0.07 0.06 
Φ 0.88 0.88 0.91 0.88 0.91 0.87 0.90 0.89 0.85 
∆ 0.08 0.08 0.07 0.08 0.07 0.08 0.07 0.07 0.06 

N (Items) = 29 
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E!̂# 0.88 0.89 0.91 0.89 0.92 0.88 0.90 0.89 0.86 
$ 0.08 0.08 0.07 0.08 0.07 0.08 0.07 0.07 0.06 
Φ 0.88 0.89 0.91 0.89 0.92 0.88 0.90 0.89 0.86 
∆ 0.08 0.08 0.07 0.08 0.07 0.08 0.07 0.07 0.06 

N (Items) = 30 
E!̂# 0.89 0.89 0.91 0.89 0.92 0.88 0.91 0.89 0.86 
$ 0.07 0.08 0.07 0.08 0.07 0.08 0.07 0.07 0.06 
Φ 0.88 0.89 0.91 0.89 0.92 0.88 0.91 0.89 0.86 
∆ 0.08 0.08 0.07 0.08 0.07 0.08 0.07 0.07 0.06 

Note. Generalizability (E!̂#)	and dependability (Φ) indices represent the reliability of relative and absolute score interpretation, 

respectively. SEM estimates for relative ($) and absolute (∆) score interpretation were also calculated. The universe of generalization 

for item was unfixed. Results were obtained with 630 to 8,198 participants. 
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Table 21 

Decision Study Results: Grade 2 Automatic Skills – Automaticity, 31-40 Items 
 General Outcome Measure Subskill Mastery Measures 
 Overall 2-by-1 

Addition to 
100 

2-by-2 
Addition to 

100 

2-by-1 
Subtraction 
from 100 

2-by-2 
Subtraction 
from 100 

2-by-1 
Addition to 

100 

2-by-2 
Addition to 

100 

2-by-1 
Subtraction 
from 100 

2-by-2 
Subtraction 
from 100 

N (Items) = 31 
E!̂# 0.89 0.89 0.92 0.89 0.92 0.88 0.91 0.90 0.87 
$ 0.07 0.08 0.07 0.08 0.07 0.08 0.07 0.07 0.06 
Φ 0.89 0.89 0.92 0.89 0.92 0.88 0.91 0.90 0.87 
∆ 0.07 0.08 0.07 0.08 0.07 0.08 0.07 0.07 0.06 

N (Items) = 32 
E!̂# 0.89 0.90 0.92 0.90 0.92 0.89 0.91 0.90 0.87 
$ 0.07 0.07 0.07 0.07 0.06 0.08 0.07 0.07 0.06 
Φ 0.89 0.90 0.92 0.90 0.92 0.89 0.91 0.90 0.87 
∆ 0.07 0.07 0.07 0.07 0.06 0.08 0.07 0.07 0.06 

N (Items) = 33 
E!̂# 0.90 0.90 0.92 0.90 0.93 0.89 0.91 0.90 0.87 
$ 0.07 0.07 0.07 0.07 0.06 0.08 0.07 0.07 0.06 
Φ 0.89 0.90 0.92 0.90 0.93 0.89 0.91 0.90 0.87 
∆ 0.07 0.07 0.07 0.07 0.06 0.08 0.07 0.07 0.06 

N (Items) = 34 
E!̂# 0.90 0.90 0.92 0.90 0.93 0.89 0.92 0.91 0.88 
$ 0.07 0.07 0.07 0.07 0.06 0.08 0.07 0.07 0.05 



 

118 

Φ 0.90 0.90 0.92 0.90 0.93 0.89 0.92 0.91 0.88 
∆ 0.07 0.07 0.07 0.07 0.06 0.08 0.07 0.07 0.05 

N (Items) = 35 
E!̂# 0.90 0.90 0.92 0.90 0.93 0.90 0.92 0.91 0.88 
$ 0.07 0.07 0.07 0.07 0.06 0.07 0.06 0.06 0.05 
Φ 0.90 0.90 0.92 0.90 0.93 0.90 0.92 0.91 0.88 
∆ 0.07 0.07 0.07 0.07 0.06 0.07 0.07 0.06 0.05 

N (Items) = 36 
E!̂# 0.90 0.91 0.93 0.91 0.93 0.90 0.92 0.91 0.88 
$ 0.07 0.07 0.07 0.07 0.06 0.07 0.06 0.06 0.05 
Φ 0.90 0.91 0.93 0.91 0.93 0.90 0.92 0.91 0.88 
∆ 0.07 0.07 0.07 0.07 0.06 0.07 0.06 0.06 0.05 

N (Items) = 37 
E!̂# 0.91 0.91 0.93 0.91 0.93 0.90 0.92 0.91 0.88 
$ 0.07 0.07 0.06 0.07 0.06 0.07 0.06 0.06 0.05 
Φ 0.90 0.91 0.93 0.91 0.93 0.90 0.92 0.91 0.88 
∆ 0.07 0.07 0.06 0.07 0.06 0.07 0.06 0.06 0.05 

N (Items) = 38 
E!̂# 0.91 0.91 0.93 0.91 0.94 0.90 0.92 0.91 0.89 
$ 0.07 0.07 0.06 0.07 0.06 0.07 0.06 0.06 0.05 
Φ 0.91 0.91 0.93 0.91 0.94 0.90 0.92 0.91 0.89 
∆ 0.07 0.07 0.06 0.07 0.06 0.07 0.06 0.06 0.05 

N (Items) = 39 
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E!̂# 0.91 0.91 0.93 0.91 0.94 0.91 0.93 0.92 0.89 
$ 0.07 0.07 0.06 0.07 0.06 0.07 0.06 0.06 0.05 
Φ 0.91 0.91 0.93 0.91 0.94 0.91 0.93 0.92 0.89 
∆ 0.07 0.07 0.06 0.07 0.06 0.07 0.06 0.06 0.05 

N (Items) = 40 
E!̂# 0.91 0.92 0.93 0.92 0.94 0.91 0.93 0.92 0.89 
$ 0.06 0.07 0.06 0.07 0.06 0.07 0.06 0.06 0.05 
Φ 0.91 0.91 0.93 0.91 0.94 0.91 0.93 0.92 0.89 
∆ 0.06 0.07 0.06 0.07 0.06 0.07 0.06 0.06 0.05 

Note. Generalizability (E!̂#)	and dependability (Φ) indices represent the reliability of relative and absolute score interpretation, 

respectively. SEM estimates for relative ($) and absolute (∆) score interpretation were also calculated. The universe of generalization 

for item was unfixed. Results were obtained with 630 to 8,198 participants. 
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Table 22 

Decision Study Results: Grade 2 Automatic Skills – Accuracy, 1-10 Items 
 General Outcome Measure Subskill Mastery Measures 
 Overall 2-by-1 

Addition to 
100 

2-by-2 
Addition to 

100 

2-by-1 
Subtraction 
from 100 

2-by-2 
Subtraction 
from 100 

2-by-1 
Addition to 

100 

2-by-2 
Addition to 

100 

2-by-1 
Subtraction 
from 100 

2-by-2 
Subtraction 
from 100 

N (Items) = 1  
E!̂# 0.74 0.69 0.76 0.70 0.70 0.80 0.82 0.81 0.04 
$ 0.25 0.27 0.24 0.27 0.27 0.21 0.16 0.14 0.14 
Φ 0.73 0.68 0.76 0.69 0.70 0.79 0.82 0.81 0.04 
∆ 0.25 0.28 0.24 0.27 0.27 0.22 0.16 0.14 0.15 

N (Items) = 2 
E!̂# 0.85 0.81 0.87 0.82 0.82 0.89 0.90 0.90 0.09 
$ 0.18 0.19 0.17 0.19 0.19 0.15 0.11 0.10 0.10 
Φ 0.85 0.81 0.87 0.82 0.82 0.88 0.90 0.90 0.08 
∆ 0.18 0.19 0.17 0.19 0.19 0.15 0.11 0.10 0.10 

N (Items) = 3 
E!̂# 0.90 0.87 0.91 0.88 0.87 0.92 0.93 0.93 0.12 
$ 0.14 0.16 0.14 0.16 0.16 0.12 0.09 0.08 0.08 
Φ 0.90 0.87 0.91 0.87 0.87 0.92 0.93 0.93 0.12 
∆ 0.15 0.16 0.14 0.16 0.16 0.12 0.09 0.08 0.08 

N (Items) = 4 
E!̂# 0.92 0.90 0.93 0.90 0.90 0.94 0.95 0.95 0.16 
$ 0.12 0.14 0.12 0.13 0.14 0.11 0.08 0.07 0.07 
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Φ 0.92 0.90 0.93 0.90 0.90 0.94 0.95 0.95 0.15 
∆ 0.13 0.14 0.12 0.14 0.14 0.11 0.08 0.07 0.07 

N (Items) = 5 
E!̂# 0.93 0.92 0.94 0.92 0.92 0.95 0.96 0.96 0.19 
$ 0.11 0.12 0.11 0.12 0.12 0.10 0.07 0.06 0.06 
Φ 0.93 0.92 0.94 0.92 0.92 0.95 0.96 0.96 0.18 
∆ 0.11 0.12 0.11 0.12 0.12 0.10 0.07 0.06 0.07 

N (Items) = 6 
E!̂# 0.94 0.93 0.95 0.93 0.93 0.96 0.96 0.96 0.22 
$ 0.10 0.11 0.10 0.11 0.11 0.09 0.06 0.06 0.06 
Φ 0.94 0.93 0.95 0.93 0.93 0.96 0.96 0.96 0.21 
∆ 0.10 0.11 0.10 0.11 0.11 0.09 0.06 0.06 0.06 

N (Items) = 7 
E!̂# 0.95 0.94 0.96 0.94 0.94 0.96 0.97 0.97 0.25 
$ 0.09 0.10 0.09 0.10 0.10 0.08 0.06 0.05 0.05 
Φ 0.95 0.94 0.96 0.94 0.94 0.96 0.97 0.97 0.24 
∆ 0.10 0.10 0.09 0.10 0.10 0.08 0.06 0.05 0.06 

N (Items) = 8 
E!̂# 0.96 0.95 0.96 0.95 0.95 0.97 0.97 0.97 0.27 
$ 0.09 0.10 0.09 0.10 0.10 0.08 0.06 0.05 0.05 
Φ 0.96 0.95 0.96 0.95 0.95 0.97 0.97 0.97 0.26 
∆ 0.09 0.10 0.09 0.10 0.10 0.08 0.06 0.05 0.05 

N (Items) = 9 
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E!̂# 0.96 0.95 0.97 0.95 0.95 0.97 0.98 0.98 0.30 
$ 0.08 0.09 0.08 0.09 0.09 0.07 0.05 0.05 0.05 
Φ 0.96 0.95 0.97 0.95 0.95 0.97 0.98 0.98 0.29 
∆ 0.08 0.09 0.08 0.09 0.09 0.07 0.05 0.05 0.05 

N (Items) = 10 
E!̂# 0.97 0.96 0.97 0.96 0.96 0.97 0.98 0.98 0.32 
$ 0.08 0.09 0.08 0.09 0.09 0.07 0.05 0.05 0.05 
Φ 0.96 0.96 0.97 0.96 0.96 0.97 0.98 0.98 0.31 
∆ 0.08 0.09 0.08 0.09 0.09 0.07 0.05 0.05 0.05 

Note. Generalizability (E!̂#)	and dependability (Φ) indices represent the reliability of relative and absolute score interpretation, 

respectively. SEM estimates for relative ($) and absolute (∆) score interpretation were also calculated. The universe of generalization 

for item was unfixed. Results were obtained with 29 to 603 participants.  
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Table 23 

Decision Study Results: Grade 2 Automatic Skills – Accuracy, 11-20 Items 
 General Outcome Measure Subskill Mastery Measures 
 Overall 2-by-1 

Addition to 
100 

2-by-2 
Addition to 

100 

2-by-1 
Subtraction 
from 100 

2-by-2 
Subtraction 
from 100 

2-by-1 
Addition to 

100 

2-by-2 
Addition to 

100 

2-by-1 
Subtraction 
from 100 

2-by-2 
Subtraction 
from 100 

N (Items) = 11 
E!̂# 0.97 0.96 0.97 0.96 0.96 0.98 0.98 0.98 0.34 
$ 0.07 0.08 0.07 0.08 0.08 0.06 0.05 0.04 0.04 
Φ 0.97 0.96 0.97 0.96 0.96 0.98 0.98 0.98 0.33 
∆ 0.08 0.08 0.07 0.08 0.08 0.07 0.05 0.04 0.04 

N (Items) = 12 
E!̂# 0.97 0.96 0.97 0.97 0.97 0.98 0.98 0.98 0.36 
$ 0.07 0.08 0.07 0.08 0.08 0.06 0.05 0.04 0.04 
Φ 0.97 0.96 0.97 0.96 0.97 0.98 0.98 0.98 0.35 
∆ 0.07 0.08 0.07 0.08 0.08 0.06 0.05 0.04 0.04 

N (Items) = 13 
E!̂# 0.97 0.97 0.98 0.97 0.97 0.98 0.98 0.98 0.38 
$ 0.07 0.08 0.07 0.07 0.08 0.06 0.04 0.04 0.04 
Φ 0.97 0.97 0.98 0.97 0.97 0.98 0.98 0.98 0.37 
∆ 0.07 0.08 0.07 0.08 0.08 0.06 0.04 0.04 0.04 

N (Items) = 14 
E!̂# 0.98 0.97 0.98 0.97 0.97 0.98 0.98 0.98 0.40 
$ 0.07 0.07 0.07 0.07 0.07 0.06 0.04 0.04 0.04 
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Φ 0.98 0.97 0.98 0.97 0.97 0.98 0.98 0.98 0.39 
∆ 0.07 0.07 0.07 0.07 0.07 0.06 0.04 0.04 0.04 

N (Items) = 15 
E!̂# 0.98 0.97 0.98 0.97 0.97 0.98 0.99 0.98 0.41 
$ 0.06 0.07 0.06 0.07 0.07 0.06 0.04 0.04 0.04 
Φ 0.98 0.97 0.98 0.97 0.97 0.98 0.99 0.98 0.40 
∆ 0.07 0.07 0.06 0.07 0.07 0.06 0.04 0.04 0.04 

N (Items) = 16 
E!̂# 0.98 0.97 0.98 0.97 0.97 0.98 0.99 0.99 0.43 
$ 0.06 0.07 0.06 0.07 0.07 0.05 0.04 0.04 0.04 
Φ 0.98 0.97 0.98 0.97 0.97 0.98 0.99 0.99 0.42 
∆ 0.06 0.07 0.06 0.07 0.07 0.05 0.04 0.04 0.04 

N (Items) = 17 
E!̂# 0.98 0.97 0.98 0.98 0.98 0.99 0.99 0.99 0.44 
$ 0.06 0.07 0.06 0.07 0.07 0.05 0.04 0.03 0.03 
Φ 0.98 0.97 0.98 0.97 0.98 0.98 0.99 0.99 0.43 
∆ 0.06 0.07 0.06 0.07 0.07 0.05 0.04 0.03 0.04 

N (Items) = 18 
E!̂# 0.98 0.98 0.98 0.98 0.98 0.99 0.99 0.99 0.46 
$ 0.06 0.06 0.06 0.06 0.06 0.05 0.04 0.03 0.03 
Φ 0.98 0.97 0.98 0.98 0.98 0.99 0.99 0.99 0.45 
∆ 0.06 0.06 0.06 0.06 0.06 0.05 0.04 0.03 0.03 

N (Items) = 19 
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E!̂# 0.98 0.98 0.98 0.98 0.98 0.99 0.99 0.99 0.47 
$ 0.06 0.06 0.06 0.06 0.06 0.05 0.04 0.03 0.03 
Φ 0.98 0.98 0.98 0.98 0.98 0.99 0.99 0.99 0.46 
∆ 0.06 0.06 0.06 0.06 0.06 0.05 0.04 0.03 0.03 

N (Items) = 20 
E!̂# 0.98 0.98 0.98 0.98 0.98 0.99 0.99 0.99 0.48 
$ 0.06 0.06 0.05 0.06 0.06 0.05 0.04 0.03 0.03 
Φ 0.98 0.98 0.98 0.98 0.98 0.99 0.99 0.99 0.47 
∆ 0.06 0.06 0.05 0.06 0.06 0.05 0.04 0.03 0.03 

Note. Generalizability (E!̂#)	and dependability (Φ) indices represent the reliability of relative and absolute score interpretation, 

respectively. SEM estimates for relative ($) and absolute (∆) score interpretation were also calculated. The universe of generalization 

for item was unfixed. Results were obtained with 29 to 603 participants.  
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Table 24 

Decision Study Results: Grade 2 Automatic Skills – Accuracy, 21-30 Items 
 General Outcome Measure Subskill Mastery Measures 
 Overall 2-by-1 

Addition to 
100 

2-by-2 
Addition to 

100 

2-by-1 
Subtraction 
from 100 

2-by-2 
Subtraction 
from 100 

2-by-1 
Addition to 

100 

2-by-2 
Addition to 

100 

2-by-1 
Subtraction 
from 100 

2-by-2 
Subtraction 
from 100 

N (Items) = 21 
E!̂# 0.98 0.98 0.99 0.98 0.98 0.99 0.99 0.99 0.50 
$ 0.05 0.06 0.05 0.06 0.06 0.05 0.03 0.03 0.03 
Φ 0.98 0.98 0.99 0.98 0.98 0.99 0.99 0.99 0.49 
∆ 0.06 0.06 0.05 0.06 0.06 0.05 0.03 0.03 0.03 

N (Items) = 22 
E!̂# 0.98 0.98 0.99 0.98 0.98 0.99 0.99 0.99 0.51 
$ 0.05 0.06 0.05 0.06 0.06 0.05 0.03 0.03 0.03 
Φ 0.98 0.98 0.99 0.98 0.98 0.99 0.99 0.99 0.50 
∆ 0.05 0.06 0.05 0.06 0.06 0.05 0.03 0.03 0.03 

N (Items) = 23 
E!̂# 0.99 0.98 0.99 0.98 0.98 0.99 0.99 0.99 0.52 
$ 0.05 0.06 0.05 0.06 0.06 0.04 0.03 0.03 0.03 
Φ 0.98 0.98 0.99 0.98 0.98 0.99 0.99 0.99 0.51 
∆ 0.05 0.06 0.05 0.06 0.06 0.04 0.03 0.03 0.03 

N (Items) = 24 
E!̂# 0.99 0.98 0.99 0.98 0.98 0.99 0.99 0.99 0.53 
$ 0.05 0.06 0.05 0.06 0.06 0.04 0.03 0.03 0.03 
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Φ 0.99 0.98 0.99 0.98 0.98 0.99 0.99 0.99 0.52 
∆ 0.05 0.06 0.05 0.06 0.06 0.04 0.03 0.03 0.03 

N (Items) = 25 
E!̂# 0.99 0.98 0.99 0.98 0.98 0.99 0.99 0.99 0.54 
$ 0.05 0.05 0.05 0.05 0.05 0.04 0.03 0.03 0.03 
Φ 0.99 0.98 0.99 0.98 0.98 0.99 0.99 0.99 0.53 
∆ 0.05 0.06 0.05 0.05 0.05 0.04 0.03 0.03 0.03 

N (Items) = 26 
E!̂# 0.99 0.98 0.99 0.98 0.98 0.99 0.99 0.99 0.55 
$ 0.05 0.05 0.05 0.05 0.05 0.04 0.03 0.03 0.03 
Φ 0.99 0.98 0.99 0.98 0.98 0.99 0.99 0.99 0.54 
∆ 0.05 0.05 0.05 0.05 0.05 0.04 0.03 0.03 0.03 

N (Items) = 27 
E!̂# 0.99 0.98 0.99 0.98 0.98 0.99 0.99 0.99 0.56 
$ 0.05 0.05 0.05 0.05 0.05 0.04 0.03 0.03 0.03 
Φ 0.99 0.98 0.99 0.98 0.98 0.99 0.99 0.99 0.55 
∆ 0.05 0.05 0.05 0.05 0.05 0.04 0.03 0.03 0.03 

N (Items) = 28 
E!̂# 0.99 0.98 0.99 0.98 0.98 0.99 0.99 0.99 0.57 
$ 0.05 0.05 0.05 0.05 0.05 0.04 0.03 0.03 0.03 
Φ 0.99 0.98 0.99 0.98 0.98 0.99 0.99 0.99 0.56 
∆ 0.05 0.05 0.05 0.05 0.05 0.04 0.03 0.03 0.03 

N (Items) = 29 
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E!̂# 0.99 0.98 0.99 0.99 0.99 0.99 0.99 0.99 0.58 
$ 0.05 0.05 0.05 0.05 0.05 0.04 0.03 0.03 0.03 
Φ 0.99 0.98 0.99 0.99 0.99 0.99 0.99 0.99 0.57 
∆ 0.05 0.05 0.05 0.05 0.05 0.04 0.03 0.03 0.03 

N (Items) = 30 
E!̂# 0.99 0.98 0.99 0.99 0.99 0.99 0.99 0.99 0.58 
$ 0.05 0.05 0.04 0.05 0.05 0.04 0.03 0.03 0.03 
Φ 0.99 0.98 0.99 0.99 0.99 0.99 0.99 0.99 0.57 
∆ 0.05 0.05 0.04 0.05 0.05 0.04 0.03 0.03 0.03 

Note. Generalizability (E!̂#)	and dependability (Φ) indices represent the reliability of relative and absolute score interpretation, 

respectively. SEM estimates for relative ($) and absolute (∆) score interpretation were also calculated. The universe of generalization 

for item was unfixed. Results were obtained with 29 to 603 participants. 
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Table 25 

Decision Study Results: Grade 2 Automatic Skills – Accuracy, 31-40 Items 
 General Outcome Measure Subskill Mastery Measures 
 Overall 2-by-1 

Addition to 
100 

2-by-2 
Addition to 

100 

2-by-1 
Subtraction 
from 100 

2-by-2 
Subtraction 
from 100 

2-by-1 
Addition to 

100 

2-by-2 
Addition to 

100 

2-by-1 
Subtraction 
from 100 

2-by-2 
Subtraction 
from 100 

N (Items) = 31 
E!̂# 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.59 
$ 0.04 0.05 0.04 0.05 0.05 0.04 0.03 0.03 0.03 
Φ 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.58 
∆ 0.05 0.05 0.04 0.05 0.05 0.04 0.03 0.03 0.03 

N (Items) = 32 
E!̂# 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.60 
$ 0.04 0.05 0.04 0.05 0.05 0.04 0.03 0.03 0.03 
Φ 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.59 
∆ 0.04 0.05 0.04 0.05 0.05 0.04 0.03 0.03 0.03 

N (Items) = 33 
E!̂# 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.61 
$ 0.04 0.05 0.04 0.05 0.05 0.04 0.03 0.02 0.03 
Φ 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.60 
∆ 0.04 0.05 0.04 0.05 0.05 0.04 0.03 0.02 0.03 

N (Items) = 34 
E!̂# 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.61 
$ 0.04 0.05 0.04 0.05 0.05 0.04 0.03 0.02 0.02 
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Φ 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.60 
∆ 0.04 0.05 0.04 0.05 0.05 0.04 0.03 0.02 0.03 

N (Items) = 35 
E!̂# 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.62 
$ 0.04 0.05 0.04 0.05 0.05 0.04 0.03 0.02 0.02 
Φ 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.61 
∆ 0.04 0.05 0.04 0.05 0.05 0.04 0.03 0.02 0.02 

N (Items) = 36 
E!̂# 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.63 
$ 0.04 0.05 0.04 0.04 0.05 0.04 0.03 0.02 0.02 
Φ 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.62 
∆ 0.04 0.05 0.04 0.05 0.05 0.04 0.03 0.02 0.02 

N (Items) = 37 
E!̂# 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.63 
$ 0.04 0.04 0.04 0.04 0.05 0.04 0.03 0.02 0.02 
Φ 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.62 
∆ 0.04 0.05 0.04 0.04 0.05 0.04 0.03 0.02 0.02 

N (Items) = 38 
E!̂# 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.64 
$ 0.04 0.04 0.04 0.04 0.04 0.04 0.03 0.02 0.02 
Φ 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.63 
∆ 0.04 0.04 0.04 0.04 0.04 0.04 0.03 0.02 0.02 

N (Items) = 39 
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E!̂# 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.65 
$ 0.04 0.04 0.04 0.04 0.04 0.03 0.03 0.02 0.02 
Φ 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.64 
∆ 0.04 0.04 0.04 0.04 0.04 0.03 0.03 0.02 0.02 

N (Items) = 40 
E!̂# 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.65 
$ 0.04 0.04 0.04 0.04 0.04 0.03 0.02 0.02 0.02 
Φ 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.64 
∆ 0.04 0.04 0.04 0.04 0.04 0.03 0.03 0.02 0.02 

Note. Generalizability (E!̂#)	and dependability (Φ) indices represent the reliability of relative and absolute score interpretation, 

respectively. SEM estimates for relative ($) and absolute (∆) score interpretation were also calculated. The universe of generalization 

for item was unfixed. Results were obtained with 29 to 603 participants. 
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Table 26 

Decision Study Results: Grade 2 Non-Automatic Skills – Accuracy, 1-10 Items 
 General Outcome Measure Subskill Mastery Measures 
 Overall 2-by-1 and 2-by-2 

Addition to 100 
2-by-1 and 2-by-2 

Subtraction from 100 
2-by-1 and 2-by-2 
Addition to 100 

2-by-1 and 2-by-2 
Subtraction from 100 

N (Items) = 1  
E!̂# 0.27 0.30 0.37 0.55 0.49 
$ 0.38 0.35 0.38 0.22 0.34 
Φ 0.23 0.29 0.33 0.55 0.48 
∆ 0.42 0.35 0.41 0.22 0.35 

N (Items) = 2 
E!̂# 0.42 0.46 0.54 0.71 0.66 
$ 0.27 0.24 0.27 0.16 0.24 
Φ 0.38 0.45 0.50 0.71 0.64 
∆ 0.29 0.25 0.29 0.16 0.25 

N (Items) = 3 
E!̂# 0.52 0.57 0.64 0.79 0.75 
$ 0.22 0.20 0.22 0.13 0.20 
Φ 0.48 0.55 0.60 0.79 0.73 
∆ 0.24 0.20 0.24 0.13 0.20 

N (Items) = 4 
E!̂# 0.59 0.63 0.70 0.83 0.80 
$ 0.19 0.17 0.19 0.11 0.17 
Φ 0.55 0.62 0.67 0.83 0.78 
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∆ 0.21 0.18 0.20 0.11 0.18 

N (Items) = 5 
E!̂# 0.65 0.68 0.75 0.86 0.83 
$ 0.17 0.15 0.17 0.10 0.15 
Φ 0.61 0.67 0.71 0.86 0.82 
∆ 0.19 0.16 0.18 0.10 0.16 

N (Items) = 6 
E!̂# 0.69 0.72 0.78 0.88 0.85 
$ 0.16 0.14 0.15 0.09 0.14 
Φ 0.65 0.71 0.75 0.88 0.84 
∆ 0.17 0.14 0.17 0.09 0.14 

N (Items) = 7 
E!̂# 0.72 0.75 0.81 0.90 0.87 
$ 0.14 0.13 0.14 0.08 0.13 
Φ 0.68 0.74 0.78 0.90 0.86 
∆ 0.16 0.13 0.15 0.08 0.13 

N (Items) = 8 
E!̂# 0.75 0.78 0.83 0.91 0.89 
$ 0.13 0.12 0.13 0.08 0.12 
Φ 0.71 0.77 0.80 0.91 0.88 
∆ 0.15 0.13 0.14 0.08 0.12 

N (Items) = 9 
E!̂# 0.77 0.80 0.84 0.92 0.90 
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$ 0.13 0.12 0.13 0.07 0.11 
Φ 0.73 0.79 0.82 0.92 0.89 
∆ 0.14 0.12 0.14 0.07 0.12 

N (Items) = 10 
E!̂# 0.79 0.81 0.86 0.93 0.91 
$ 0.12 0.11 0.12 0.07 0.11 
Φ 0.75 0.81 0.83 0.92 0.90 
∆ 0.13 0.11 0.13 0.07 0.11 

Note. Generalizability (E!̂#)	and dependability (Φ) indices represent the reliability of relative and absolute score interpretation, 

respectively. SEM estimates for relative ($) and absolute (∆) score interpretation were also calculated. The universe of generalization 

for item was unfixed. Results were obtained with 170 to 7,196 participants.  
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Table 27 

Decision Study Results: Grade 2 Non-Automatic Skills – Accuracy, 11-20 Items 
 General Outcome Measure Subskill Mastery Measures 
 Overall 2-by-1 and 2-by-2 

Addition to 100 
2-by-1 and 2-by-2 

Subtraction from 100 
2-by-1 and 2-by-2 
Addition to 100 

2-by-1 and 2-by-2 
Subtraction from 100 

N (Items) = 11  
E!̂# 0.80 0.83 0.87 0.93 0.91 
$ 0.11 0.10 0.11 0.07 0.10 
Φ 0.77 0.82 0.85 0.93 0.91 
∆ 0.13 0.11 0.12 0.07 0.11 

N (Items) = 12 
E!̂# 0.81 0.84 0.88 0.94 0.92 
$ 0.11 0.10 0.11 0.06 0.10 
Φ 0.79 0.83 0.86 0.94 0.92 
∆ 0.12 0.10 0.12 0.06 0.10 

N (Items) = 13 
E!̂# 0.83 0.85 0.88 0.94 0.93 
$ 0.11 0.10 0.10 0.06 0.09 
Φ 0.80 0.84 0.87 0.94 0.92 
∆ 0.12 0.10 0.11 0.06 0.10 

N (Items) = 14 
E!̂# 0.84 0.86 0.89 0.95 0.93 
$ 0.10 0.09 0.10 0.06 0.09 
Φ 0.81 0.85 0.87 0.94 0.93 



 

136 
∆ 0.11 0.09 0.11 0.06 0.09 

N (Items) = 15 
E!̂# 0.85 0.87 0.90 0.95 0.94 
$ 0.10 0.09 0.10 0.06 0.09 
Φ 0.82 0.86 0.88 0.95 0.93 
∆ 0.11 0.09 0.11 0.06 0.09 

N (Items) = 16 
E!̂# 0.85 0.87 0.90 0.95 0.94 
$ 0.10 0.09 0.09 0.06 0.08 
Φ 0.83 0.87 0.89 0.95 0.94 
∆ 0.10 0.09 0.10 0.06 0.09 

N (Items) = 17 
E!̂# 0.86 0.88 0.91 0.95 0.94 
$ 0.09 0.08 0.09 0.05 0.08 
Φ 0.84 0.88 0.89 0.95 0.94 
∆ 0.10 0.09 0.10 0.05 0.09 

N (Items) = 18 
E!̂# 0.87 0.89 0.91 0.96 0.95 
$ 0.09 0.08 0.09 0.05 0.08 
Φ 0.85 0.88 0.90 0.96 0.94 
∆ 0.10 0.08 0.10 0.05 0.08 

N (Items) = 19 
E!̂# 0.87 0.89 0.92 0.96 0.95 
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$ 0.09 0.08 0.09 0.05 0.08 
Φ 0.85 0.89 0.90 0.96 0.95 
∆ 0.10 0.08 0.09 0.05 0.08 

N (Items) = 20 
E!̂# 0.88 0.90 0.92 0.96 0.95 
$ 0.09 0.08 0.08 0.05 0.08 
Φ 0.86 0.89 0.91 0.96 0.95 
∆ 0.09 0.08 0.09 0.05 0.08 

Note. Generalizability (E!̂#)	and dependability (Φ) indices represent the reliability of relative and absolute score interpretation, 

respectively. SEM estimates for relative ($) and absolute (∆) score interpretation were also calculated. The universe of generalization 

for item was unfixed. Results were obtained with 170 to 7,196 participants.  
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Table 28 

Decision Study Results: Grade 2 Non-Automatic Skills – Accuracy, 21-30 Items 
 General Outcome Measure Subskill Mastery Measures 
 Overall 2-by-1 and 2-by-2 

Addition to 100 
2-by-1 and 2-by-2 

Subtraction from 100 
2-by-1 and 2-by-2 
Addition to 100 

2-by-1 and 2-by-2 
Subtraction from 100 

N (Items) = 21  
E!̂# 0.89 0.90 0.93 0.96 0.95 
$ 0.08 0.08 0.08 0.05 0.07 
Φ 0.87 0.90 0.91 0.96 0.95 
∆ 0.09 0.08 0.09 0.05 0.08 

N (Items) = 22 
E!̂# 0.89 0.91 0.93 0.96 0.96 
$ 0.08 0.07 0.08 0.05 0.07 
Φ 0.87 0.90 0.92 0.96 0.95 
∆ 0.09 0.08 0.09 0.05 0.07 

N (Items) = 23 
E!̂# 0.89 0.91 0.93 0.97 0.96 
$ 0.08 0.07 0.08 0.05 0.07 
Φ 0.88 0.90 0.92 0.97 0.95 
∆ 0.09 0.07 0.09 0.05 0.07 

N (Items) = 24 
E!̂# 0.90 0.91 0.93 0.97 0.96 
$ 0.08 0.07 0.08 0.05 0.07 
Φ 0.88 0.91 0.92 0.97 0.96 
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∆ 0.08 0.07 0.08 0.05 0.07 

N (Items) = 25 
E!̂# 0.90 0.92 0.94 0.97 0.96 
$ 0.08 0.07 0.08 0.04 0.07 
Φ 0.88 0.91 0.93 0.97 0.96 
∆ 0.08 0.07 0.08 0.04 0.07 

N (Items) = 26 
E!̂# 0.91 0.92 0.94 0.97 0.96 
$ 0.07 0.07 0.07 0.04 0.07 
Φ 0.89 0.91 0.93 0.97 0.96 
∆ 0.08 0.07 0.08 0.04 0.07 

N (Items) = 27 
E!̂# 0.91 0.92 0.94 0.97 0.96 
$ 0.07 0.07 0.07 0.04 0.07 
Φ 0.89 0.92 0.93 0.97 0.96 
∆ 0.08 0.07 0.08 0.04 0.07 

N (Items) = 28 
E!̂# 0.91 0.92 0.94 0.97 0.96 
$ 0.07 0.07 0.07 0.04 0.06 
Φ 0.90 0.92 0.93 0.97 0.96 
∆ 0.08 0.07 0.08 0.04 0.07 

N (Items) = 29 
E!̂# 0.91 0.93 0.94 0.97 0.97 
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$ 0.07 0.06 0.07 0.04 0.06 
Φ 0.90 0.92 0.94 0.97 0.96 
∆ 0.08 0.07 0.08 0.04 0.07 

N (Items) = 30 
E!̂# 0.92 0.93 0.95 0.97 0.97 
$ 0.07 0.06 0.07 0.04 0.06 
Φ 0.90 0.93 0.94 0.97 0.96 
∆ 0.08 0.06 0.07 0.04 0.06 

Note. Generalizability (E!̂#)	and dependability (Φ) indices represent the reliability of relative and absolute score interpretation, 

respectively. SEM estimates for relative ($) and absolute (∆) score interpretation were also calculated. The universe of generalization 

for item was unfixed. Results were obtained with 170 to 7,196 participants.  
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Table 29 

Decision Study Results: Grade 2 Non-Automatic Skills – Accuracy, 31-40 Items 
 General Outcome Measure Subskill Mastery Measures 
 Overall 2-by-1 and 2-by-2 

Addition to 100 
2-by-1 and 2-by-2 

Subtraction from 100 
2-by-1 and 2-by-2 
Addition to 100 

2-by-1 and 2-by-2 
Subtraction from 100 

N (Items) = 31  
E!̂# 0.92 0.93 0.95 0.97 0.97 
$ 0.07 0.06 0.07 0.04 0.06 
Φ 0.90 0.93 0.94 0.97 0.97 
∆ 0.07 0.06 0.07 0.04 0.06 

N (Items) = 32 
E!̂# 0.92 0.93 0.95 0.98 0.97 
$ 0.07 0.06 0.07 0.04 0.06 
Φ 0.91 0.93 0.94 0.98 0.97 
∆ 0.07 0.06 0.07 0.04 0.06 

N (Items) = 33 
E!̂# 0.92 0.93 0.95 0.98 0.97 
$ 0.07 0.06 0.07 0.04 0.06 
Φ 0.91 0.93 0.94 0.98 0.97 
∆ 0.07 0.06 0.07 0.04 0.06 

N (Items) = 34 
E!̂# 0.93 0.94 0.95 0.98 0.97 
$ 0.07 0.06 0.06 0.04 0.06 
Φ 0.91 0.93 0.94 0.98 0.97 
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∆ 0.07 0.06 0.07 0.04 0.06 

N (Items) = 35 
E!̂# 0.93 0.94 0.95 0.98 0.97 
$ 0.06 0.06 0.06 0.04 0.06 
Φ 0.91 0.94 0.95 0.98 0.97 
∆ 0.07 0.06 0.07 0.04 0.06 

N (Items) = 36 
E!̂# 0.93 0.94 0.96 0.98 0.97 
$ 0.06 0.06 0.06 0.04 0.06 
Φ 0.91 0.94 0.95 0.98 0.97 
∆ 0.07 0.06 0.07 0.04 0.06 

N (Items) = 37 
E!̂# 0.93 0.94 0.96 0.98 0.97 
$ 0.06 0.06 0.06 0.04 0.06 
Φ 0.92 0.94 0.95 0.98 0.97 
∆ 0.07 0.06 0.07 0.04 0.06 

N (Items) = 38 
E!̂# 0.93 0.94 0.96 0.98 0.97 
$ 0.06 0.06 0.06 0.04 0.05 
Φ 0.92 0.94 0.95 0.98 0.97 
∆ 0.07 0.06 0.07 0.04 0.06 

N (Items) = 39 
E!̂# 0.93 0.94 0.96 0.98 0.97 
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$ 0.06 0.06 0.06 0.04 0.05 
Φ 0.92 0.94 0.95 0.98 0.97 
∆ 0.07 0.06 0.07 0.04 0.06 

N (Items) = 40 
E!̂# 0.94 0.95 0.96 0.98 0.98 
$ 0.06 0.05 0.06 0.04 0.05 
Φ 0.92 0.94 0.95 0.98 0.97 
∆ 0.07 0.06 0.06 0.04 0.06 

Note. Generalizability (E!̂#)	and dependability (Φ) indices represent the reliability of relative and absolute score interpretation, 

respectively. SEM estimates for relative ($) and absolute (∆) score interpretation were also calculated. The universe of generalization 

for item was unfixed. Results were obtained with 170 to 7,196 participants.  
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Table 30 

Decision Study Results: Grade 3 Automatic Skills – Automaticity, 1-10 Items 
 General Outcome Measure Subskill Mastery Measures 
 Overall 2-by-1 Division from 

100 
2-by-1 Multiplication 

to 12s 
2-by-1 Division from 

100 
2-by-1 Multiplication 

to 12s 
N (Items) = 1  

E!̂# 0.18 0.21 0.22 0.19 0.26 
$ 0.37 0.42 0.29 0.28 0.40 
Φ 0.16 0.20 0.20 0.18 0.25 
∆ 0.40 0.43 0.31 0.29 0.41 

N (Items) = 2 
E!̂# 0.30 0.35 0.36 0.32 0.41 
$ 0.26 0.30 0.21 0.20 0.28 
Φ 0.27 0.34 0.34 0.31 0.40 
∆ 0.28 0.30 0.22 0.20 0.29 

N (Items) = 3 
E!̂# 0.39 0.44 0.46 0.41 0.52 
$ 0.21 0.24 0.17 0.16 0.23 
Φ 0.36 0.43 0.44 0.40 0.51 
∆ 0.23 0.25 0.18 0.17 0.23 

N (Items) = 4 
E!̂# 0.46 0.52 0.53 0.48 0.59 
$ 0.19 0.21 0.15 0.14 0.20 
Φ 0.42 0.50 0.51 0.47 0.58 
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∆ 0.20 0.21 0.15 0.14 0.20 

N (Items) = 5 
E!̂# 0.51 0.57 0.59 0.53 0.64 
$ 0.17 0.19 0.13 0.13 0.18 
Φ 0.48 0.56 0.57 0.52 0.63 
∆ 0.18 0.19 0.14 0.13 0.18 

N (Items) = 6 
E!̂# 0.56 0.62 0.63 0.58 0.68 
$ 0.15 0.17 0.12 0.12 0.16 
Φ 0.52 0.60 0.61 0.57 0.68 
∆ 0.16 0.18 0.12 0.12 0.16 

N (Items) = 7 
E!̂# 0.60 0.65 0.67 0.62 0.72 
$ 0.14 0.16 0.11 0.11 0.15 
Φ 0.56 0.64 0.65 0.61 0.71 
∆ 0.15 0.16 0.11 0.11 0.15 

N (Items) = 8 
E!̂# 0.63 0.68 0.70 0.65 0.75 
$ 0.13 0.15 0.10 0.10 0.14 
Φ 0.60 0.67 0.68 0.64 0.74 
∆ 0.14 0.15 0.11 0.10 0.14 

N (Items) = 9 
E!̂# 0.66 0.71 0.73 0.67 0.77 
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$ 0.12 0.14 0.10 0.09 0.13 
Φ 0.62 0.70 0.71 0.67 0.76 
∆ 0.13 0.14 0.10 0.10 0.13 

N (Items) = 10 
E!̂# 0.68 0.73 0.75 0.70 0.79 
$ 0.12 0.13 0.09 0.09 0.12 
Φ 0.65 0.72 0.73 0.69 0.78 
∆ 0.13 0.14 0.09 0.09 0.12 

Note. Generalizability (E!̂#)	and dependability (Φ) indices represent the reliability of relative and absolute score interpretation, 

respectively. SEM estimates for relative ($) and absolute (∆) score interpretation were also calculated. The universe of generalization 

for item was unfixed. Results were obtained with 1,468 to 7,453 participants.  
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Table 31 

Decision Study Results: Grade 3 Automatic Skills – Automaticity, 11-20 Items 
 General Outcome Measure Subskill Mastery Measures 
 Overall 2-by-1 Division from 

100 
2-by-1 Multiplication 

to 12s 
2-by-1 Division from 

100 
2-by-1 Multiplication 

to 12s 
N (Items) = 11  

E!̂# 0.70 0.75 0.77 0.72 0.80 
$ 0.11 0.13 0.09 0.09 0.12 
Φ 0.67 0.74 0.75 0.71 0.80 
∆ 0.12 0.13 0.09 0.09 0.12 

N (Items) = 12 
E!̂# 0.72 0.76 0.78 0.73 0.82 
$ 0.11 0.12 0.08 0.08 0.11 
Φ 0.69 0.75 0.77 0.73 0.81 
∆ 0.12 0.12 0.09 0.08 0.11 

N (Items) = 13 
E!̂# 0.73 0.78 0.80 0.75 0.83 
$ 0.10 0.12 0.08 0.08 0.11 
Φ 0.70 0.77 0.78 0.74 0.82 
∆ 0.11 0.12 0.08 0.08 0.11 

N (Items) = 14 
E!̂# 0.75 0.79 0.81 0.76 0.84 
$ 0.10 0.11 0.08 0.08 0.10 
Φ 0.72 0.78 0.79 0.76 0.84 
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∆ 0.11 0.11 0.08 0.08 0.10 

N (Items) = 15 
E!̂# 0.76 0.80 0.82 0.78 0.85 
$ 0.10 0.11 0.07 0.07 0.10 
Φ 0.73 0.79 0.81 0.77 0.85 
∆ 0.10 0.11 0.08 0.07 0.10 

N (Items) = 16 
E!̂# 0.77 0.81 0.83 0.79 0.86 
$ 0.09 0.10 0.07 0.07 0.09 
Φ 0.75 0.80 0.82 0.78 0.86 
∆ 0.10 0.11 0.07 0.07 0.10 

N (Items) = 17 
E!̂# 0.78 0.82 0.84 0.80 0.87 
$ 0.09 0.10 0.07 0.07 0.09 
Φ 0.76 0.81 0.83 0.79 0.86 
∆ 0.10 0.10 0.07 0.07 0.09 

N (Items) = 18 
E!̂# 0.79 0.83 0.85 0.81 0.88 
$ 0.09 0.10 0.07 0.07 0.09 
Φ 0.77 0.82 0.84 0.80 0.87 
∆ 0.09 0.10 0.07 0.07 0.09 

N (Items) = 19 
E!̂# 0.80 0.84 0.86 0.81 0.88 
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$ 0.09 0.10 0.06 0.06 0.09 
Φ 0.78 0.83 0.84 0.81 0.88 
∆ 0.09 0.10 0.07 0.07 0.09 

N (Items) = 20 
E!̂# 0.81 0.84 0.86 0.82 0.89 
$ 0.08 0.09 0.06 0.06 0.08 
Φ 0.79 0.84 0.85 0.82 0.88 
∆ 0.09 0.10 0.06 0.06 0.09 

Note. Generalizability (E!̂#)	and dependability (Φ) indices represent the reliability of relative and absolute score interpretation, 

respectively. SEM estimates for relative ($) and absolute (∆) score interpretation were also calculated. The universe of generalization 

for item was unfixed. Results were obtained with 1,468 to 7,453 participants.  
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Table 32 

Decision Study Results: Grade 3 Automatic Skills – Automaticity, 21-30 Items 
 General Outcome Measure Subskill Mastery Measures 
 Overall 2-by-1 Division from 

100 
2-by-1 Multiplication 

to 12s 
2-by-1 Division from 

100 
2-by-1 Multiplication 

to 12s 
N (Items) = 21  

E!̂# 0.82 0.85 0.87 0.83 0.89 
$ 0.08 0.09 0.06 0.06 0.08 
Φ 0.79 0.84 0.86 0.82 0.89 
∆ 0.09 0.09 0.06 0.06 0.08 

N (Items) = 22 
E!̂# 0.82 0.85 0.88 0.84 0.90 
$ 0.08 0.09 0.06 0.06 0.08 
Φ 0.80 0.85 0.86 0.83 0.89 
∆ 0.08 0.09 0.06 0.06 0.08 

N (Items) = 23 
E!̂# 0.83 0.86 0.88 0.84 0.90 
$ 0.08 0.09 0.06 0.06 0.08 
Φ 0.81 0.85 0.87 0.84 0.90 
∆ 0.08 0.09 0.06 0.06 0.08 

N (Items) = 24 
E!̂# 0.84 0.86 0.89 0.85 0.91 
$ 0.08 0.09 0.06 0.06 0.08 
Φ 0.82 0.86 0.88 0.84 0.90 



 

151 
∆ 0.08 0.09 0.06 0.06 0.08 

N (Items) = 25 
E!̂# 0.84 0.87 0.89 0.85 0.91 
$ 0.07 0.08 0.05 0.06 0.07 
Φ 0.82 0.86 0.88 0.85 0.91 
∆ 0.08 0.09 0.06 0.06 0.08 

N (Items) = 26 
E!̂# 0.85 0.87 0.90 0.86 0.91 
$ 0.07 0.08 0.05 0.06 0.07 
Φ 0.83 0.87 0.89 0.85 0.91 
∆ 0.08 0.08 0.06 0.06 0.07 

N (Items) = 27 
E!̂# 0.85 0.88 0.90 0.86 0.92 
$ 0.07 0.08 0.05 0.05 0.07 
Φ 0.83 0.87 0.89 0.86 0.91 
∆ 0.08 0.08 0.05 0.06 0.07 

N (Items) = 28 
E!̂# 0.86 0.88 0.90 0.87 0.92 
$ 0.07 0.08 0.05 0.05 0.07 
Φ 0.84 0.88 0.89 0.86 0.92 
∆ 0.08 0.08 0.05 0.05 0.07 

N (Items) = 29 
E!̂# 0.86 0.89 0.91 0.87 0.92 
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$ 0.07 0.08 0.05 0.05 0.07 
Φ 0.84 0.88 0.90 0.87 0.92 
∆ 0.07 0.08 0.05 0.05 0.07 

N (Items) = 30 
E!̂# 0.86 0.89 0.91 0.87 0.93 
$ 0.07 0.08 0.05 0.05 0.07 
Φ 0.85 0.88 0.90 0.87 0.92 
∆ 0.07 0.08 0.05 0.05 0.07 

Note. Generalizability (E!̂#)	and dependability (Φ) indices represent the reliability of relative and absolute score interpretation, 

respectively. SEM estimates for relative ($) and absolute (∆) score interpretation were also calculated. The universe of generalization 

for item was unfixed. Results were obtained with 1,468 to 7,453 participants.  
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Table 33 

Decision Study Results: Grade 3 Automatic Skills – Automaticity, 31-40 Items 
 General Outcome Measure Subskill Mastery Measures 
 Overall 2-by-1 Division from 

100 
2-by-1 Multiplication 

to 12s 
2-by-1 Division from 

100 
2-by-1 Multiplication 

to 12s 
N (Items) = 31  

E!̂# 0.87 0.89 0.91 0.88 0.93 
$ 0.07 0.08 0.05 0.05 0.06 
Φ 0.85 0.89 0.91 0.87 0.93 
∆ 0.07 0.08 0.05 0.05 0.07 

N (Items) = 32 
E!̂# 0.87 0.90 0.92 0.88 0.93 
$ 0.07 0.07 0.05 0.05 0.06 
Φ 0.85 0.89 0.91 0.88 0.93 
∆ 0.07 0.08 0.05 0.05 0.06 

N (Items) = 33 
E!̂# 0.88 0.90 0.92 0.88 0.93 
$ 0.06 0.07 0.05 0.05 0.06 
Φ 0.86 0.89 0.91 0.88 0.93 
∆ 0.07 0.07 0.05 0.05 0.06 

N (Items) = 34 
E!̂# 0.88 0.90 0.92 0.89 0.94 
$ 0.06 0.07 0.05 0.05 0.06 
Φ 0.86 0.90 0.91 0.88 0.93 
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∆ 0.07 0.07 0.05 0.05 0.06 

N (Items) = 35 
E!̂# 0.88 0.90 0.92 0.89 0.94 
$ 0.06 0.07 0.04 0.05 0.06 
Φ 0.87 0.90 0.92 0.89 0.94 
∆ 0.07 0.07 0.05 0.05 0.06 

N (Items) = 36 
E!̂# 0.88 0.91 0.93 0.89 0.94 
$ 0.06 0.07 0.04 0.05 0.06 
Φ 0.87 0.90 0.92 0.89 0.94 
∆ 0.07 0.07 0.05 0.05 0.06 

N (Items) = 37 
E!̂# 0.89 0.91 0.93 0.89 0.94 
$ 0.06 0.07 0.04 0.05 0.06 
Φ 0.87 0.90 0.92 0.89 0.94 
∆ 0.07 0.07 0.04 0.05 0.06 

N (Items) = 38 
E!̂# 0.89 0.91 0.93 0.90 0.94 
$ 0.06 0.07 0.04 0.05 0.06 
Φ 0.87 0.91 0.93 0.89 0.94 
∆ 0.06 0.07 0.04 0.05 0.06 

N (Items) = 39 
E!̂# 0.89 0.91 0.93 0.90 0.95 
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$ 0.06 0.07 0.04 0.05 0.06 
Φ 0.88 0.91 0.93 0.90 0.94 
∆ 0.06 0.07 0.04 0.05 0.06 

N (Items) = 40 
E!̂# 0.89 0.91 0.94 0.90 0.95 
$ 0.06 0.07 0.04 0.04 0.06 
Φ 0.88 0.91 0.93 0.90 0.95 
∆ 0.06 0.07 0.04 0.05 0.06 

Note. Generalizability (E!̂#)	and dependability (Φ) indices represent the reliability of relative and absolute score interpretation, 

respectively. SEM estimates for relative ($) and absolute (∆) score interpretation were also calculated. The universe of generalization 

for item was unfixed. Results were obtained with 1,468 to 7,453 participants.  
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Table 34 

Decision Study Results: Grade 3 Automatic Skills – Accuracy, 1-10 Items 
 General Outcome Measure Subskill Mastery Measures 
 Overall 2-by-1 Division from 

100 
2-by-1 Multiplication 

to 12s 
2-by-1 Division from 

100 
2-by-1 Multiplication 

to 12s 
N (Items) = 1  

E!̂# 0.44 0.55 0.46 0.49 0.74 
$ 0.33 0.32 0.29 0.21 0.25 
Φ 0.36 0.51 0.40 0.48 0.72 
∆ 0.39 0.35 0.33 0.21 0.27 

N (Items) = 2 
E!̂# 0.62 0.71 0.63 0.65 0.85 
$ 0.23 0.23 0.21 0.15 0.18 
Φ 0.53 0.67 0.57 0.65 0.83 
∆ 0.28 0.25 0.23 0.15 0.19 

N (Items) = 3 
E!̂# 0.71 0.78 0.72 0.74 0.90 
$ 0.19 0.18 0.17 0.12 0.14 
Φ 0.63 0.75 0.67 0.73 0.88 
∆ 0.23 0.20 0.19 0.12 0.15 

N (Items) = 4 
E!̂# 0.77 0.83 0.77 0.79 0.92 
$ 0.16 0.16 0.15 0.11 0.12 
Φ 0.70 0.80 0.73 0.78 0.91 
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∆ 0.20 0.17 0.16 0.11 0.13 

N (Items) = 5 
E!̂# 0.80 0.86 0.81 0.83 0.94 
$ 0.15 0.14 0.13 0.09 0.11 
Φ 0.74 0.84 0.77 0.82 0.93 
∆ 0.17 0.16 0.14 0.10 0.12 

N (Items) = 6 
E!̂# 0.83 0.88 0.84 0.85 0.95 
$ 0.13 0.13 0.12 0.09 0.10 
Φ 0.78 0.86 0.81 0.85 0.94 
∆ 0.16 0.14 0.13 0.09 0.11 

N (Items) = 7 
E!̂# 0.85 0.89 0.86 0.87 0.95 
$ 0.12 0.12 0.11 0.08 0.09 
Φ 0.80 0.88 0.83 0.86 0.95 
∆ 0.15 0.13 0.12 0.08 0.10 

N (Items) = 8 
E!̂# 0.87 0.91 0.87 0.88 0.96 
$ 0.12 0.11 0.10 0.07 0.09 
Φ 0.82 0.89 0.85 0.88 0.95 
∆ 0.14 0.12 0.11 0.08 0.09 

N (Items) = 9 
E!̂# 0.88 0.92 0.89 0.90 0.96 
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$ 0.11 0.11 0.10 0.07 0.08 
Φ 0.84 0.90 0.86 0.89 0.96 
∆ 0.13 0.12 0.11 0.07 0.09 

N (Items) = 10 
E!̂# 0.89 0.92 0.90 0.90 0.97 
$ 0.10 0.10 0.09 0.07 0.08 
Φ 0.85 0.91 0.88 0.90 0.96 
∆ 0.12 0.11 0.10 0.07 0.08 

Note. Generalizability (E!̂#)	and dependability (Φ) indices represent the reliability of relative and absolute score interpretation, 

respectively. SEM estimates for relative ($) and absolute (∆) score interpretation were also calculated. The universe of generalization 

for item was unfixed. Results were obtained with 115 to 595 participants.  
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Table 35 

Decision Study Results: Grade 3 Automatic Skills – Accuracy, 11-20 Items 
 General Outcome Measure Subskill Mastery Measures 
 Overall 2-by-1 Division from 

100 
2-by-1 Multiplication 

to 12s 
2-by-1 Division from 

100 
2-by-1 Multiplication 

to 12s 
N (Items) = 11  

E!̂# 0.90 0.93 0.91 0.91 0.97 
$ 0.10 0.10 0.09 0.06 0.07 
Φ 0.86 0.92 0.89 0.91 0.97 
∆ 0.12 0.11 0.10 0.06 0.08 

N (Items) = 12 
E!̂# 0.91 0.94 0.91 0.92 0.97 
$ 0.09 0.09 0.08 0.06 0.07 
Φ 0.87 0.92 0.90 0.92 0.97 
∆ 0.11 0.10 0.09 0.06 0.07 

N (Items) = 13 
E!̂# 0.91 0.94 0.92 0.93 0.98 
$ 0.09 0.09 0.08 0.06 0.07 
Φ 0.88 0.93 0.90 0.92 0.97 
∆ 0.11 0.10 0.09 0.06 0.07 

N (Items) = 14 
E!̂# 0.92 0.94 0.93 0.93 0.98 
$ 0.09 0.09 0.08 0.06 0.06 
Φ 0.89 0.93 0.91 0.93 0.97 
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∆ 0.10 0.09 0.08 0.06 0.07 

N (Items) = 15 
E!̂# 0.92 0.95 0.93 0.93 0.98 
$ 0.08 0.08 0.07 0.05 0.06 
Φ 0.90 0.94 0.92 0.93 0.98 
∆ 0.10 0.09 0.08 0.06 0.07 

N (Items) = 16 
E!̂# 0.93 0.95 0.94 0.94 0.98 
$ 0.08 0.08 0.07 0.05 0.06 
Φ 0.90 0.94 0.92 0.94 0.98 
∆ 0.10 0.09 0.08 0.05 0.06 

N (Items) = 17 
E!̂# 0.93 0.95 0.94 0.94 0.98 
$ 0.08 0.08 0.07 0.05 0.06 
Φ 0.91 0.95 0.93 0.94 0.98 
∆ 0.09 0.08 0.08 0.05 0.06 

N (Items) = 18 
E!̂# 0.94 0.96 0.94 0.94 0.98 
$ 0.08 0.08 0.07 0.05 0.06 
Φ 0.91 0.95 0.93 0.94 0.98 
∆ 0.09 0.08 0.07 0.05 0.06 

N (Items) = 19 
E!̂# 0.94 0.96 0.95 0.95 0.98 



 

161 
$ 0.07 0.07 0.06 0.05 0.05 
Φ 0.92 0.95 0.93 0.95 0.98 
∆ 0.09 0.08 0.07 0.05 0.06 

N (Items) = 20 
E!̂# 0.94 0.96 0.95 0.95 0.98 
$ 0.07 0.07 0.06 0.05 0.05 
Φ 0.92 0.95 0.94 0.95 0.98 
∆ 0.09 0.08 0.07 0.05 0.06 

Note. Generalizability (E!̂#)	and dependability (Φ) indices represent the reliability of relative and absolute score interpretation, 

respectively. SEM estimates for relative ($) and absolute (∆) score interpretation were also calculated. The universe of generalization 

for item was unfixed. Results were obtained with 115 to 595 participants.  
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Table 36 

Decision Study Results: Grade 3 Automatic Skills – Accuracy, 21-30 Items 
 General Outcome Measure Subskill Mastery Measures 
 Overall 2-by-1 Division from 

100 
2-by-1 Multiplication 

to 12s 
2-by-1 Division from 

100 
2-by-1 Multiplication 

to 12s 
N (Items) = 21  

E!̂# 0.94 0.96 0.95 0.95 0.99 
$ 0.07 0.07 0.06 0.05 0.05 
Φ 0.92 0.96 0.94 0.95 0.98 
∆ 0.09 0.08 0.07 0.05 0.05 

N (Items) = 22 
E!̂# 0.95 0.96 0.95 0.95 0.99 
$ 0.07 0.07 0.06 0.04 0.05 
Φ 0.93 0.96 0.94 0.95 0.98 
∆ 0.08 0.07 0.07 0.05 0.05 

N (Items) = 23 
E!̂# 0.95 0.97 0.96 0.96 0.99 
$ 0.07 0.07 0.06 0.04 0.05 
Φ 0.93 0.96 0.95 0.95 0.99 
∆ 0.08 0.07 0.06 0.04 0.05 

N (Items) = 24 
E!̂# 0.95 0.97 0.96 0.96 0.99 
$ 0.07 0.07 0.06 0.04 0.05 
Φ 0.93 0.96 0.95 0.96 0.99 
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∆ 0.08 0.07 0.06 0.04 0.05 

N (Items) = 25 
E!̂# 0.95 0.97 0.96 0.96 0.99 
$ 0.07 0.06 0.05 0.04 0.05 
Φ 0.93 0.96 0.95 0.96 0.99 
∆ 0.08 0.07 0.06 0.04 0.05 

N (Items) = 26 
E!̂# 0.96 0.97 0.96 0.96 0.99 
$ 0.06 0.06 0.05 0.04 0.05 
Φ 0.94 0.96 0.95 0.96 0.99 
∆ 0.08 0.07 0.06 0.04 0.05 

N (Items) = 27 
E!̂# 0.96 0.97 0.96 0.96 0.99 
$ 0.06 0.06 0.05 0.04 0.04 
Φ 0.94 0.97 0.96 0.96 0.99 
∆ 0.08 0.07 0.06 0.04 0.05 

N (Items) = 28 
E!̂# 0.96 0.97 0.97 0.96 0.99 
$ 0.06 0.06 0.05 0.04 0.04 
Φ 0.94 0.97 0.96 0.96 0.99 
∆ 0.07 0.07 0.06 0.04 0.05 

N (Items) = 29 
E!̂# 0.96 0.97 0.97 0.96 0.99 



 

164 
$ 0.06 0.06 0.05 0.04 0.04 
Φ 0.94 0.97 0.96 0.96 0.99 
∆ 0.07 0.06 0.06 0.04 0.05 

N (Items) = 30 
E!̂# 0.96 0.97 0.97 0.97 0.99 
$ 0.06 0.07 0.05 0.04 0.04 
Φ 0.94 0.97 0.96 0.96 0.99 
∆ 0.07 0.06 0.05 0.04 0.04 

Note. Generalizability (E!̂#)	and dependability (Φ) indices represent the reliability of relative and absolute score interpretation, 

respectively. SEM estimates for relative ($) and absolute (∆) score interpretation were also calculated. The universe of generalization 

for item was unfixed. Results were obtained with 115 to 595 participants.  
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Table 37 

Decision Study Results: Grade 3 Automatic Skills – Accuracy, 31-40 Items 
 General Outcome Measure Subskill Mastery Measures 
 Overall 2-by-1 Division from 

100 
2-by-1 Multiplication 

to 12s 
2-by-1 Division from 

100 
2-by-1 Multiplication 

to 12s 
N (Items) = 31  

E!̂# 0.96 0.97 0.97 0.97 0.99 
$ 0.06 0.06 0.05 0.04 0.04 
Φ 0.95 0.97 0.96 0.97 0.99 
∆ 0.07 0.06 0.05 0.04 0.04 

N (Items) = 32 
E!̂# 0.96 0.97 0.97 0.97 0.99 
$ 0.06 0.06 0.05 0.04 0.04 
Φ 0.95 0.97 0.96 0.97 0.99 
∆ 0.07 0.06 0.05 0.04 0.04 

N (Items) = 33 
E!̂# 0.96 0.98 0.97 0.97 0.99 
$ 0.06 0.06 0.05 0.04 0.04 
Φ 0.95 0.97 0.96 0.97 0.99 
∆ 0.07 0.06 0.05 0.04 0.04 

N (Items) = 34 
E!̂# 0.97 0.98 0.97 0.97 0.99 
$ 0.06 0.05 0.05 0.04 0.04 
Φ 0.95 0.97 0.97 0.97 0.99 
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∆ 0.07 0.06 0.05 0.04 0.04 

N (Items) = 35 
E!̂# 0.97 0.98 0.97 0.97 0.99 
$ 0.06 0.05 0.04 0.04 0.04 
Φ 0.95 0.97 0.97 0.97 0.99 
∆ 0.07 0.06 0.05 0.04 0.04 

N (Items) = 36 
E!̂# 0.97 0.98 0.97 0.97 0.99 
$ 0.05 0.05 0.04 0.04 0.04 
Φ 0.95 0.97 0.97 0.97 0.99 
∆ 0.07 0.06 0.05 0.04 0.04 

N (Items) = 37 
E!̂# 0.97 0.98 0.98 0.97 0.99 
$ 0.05 0.05 0.04 0.03 0.04 
Φ 0.95 0.97 0.97 0.97 0.99 
∆ 0.06 0.06 0.05 0.04 0.04 

N (Items) = 38 
E!̂# 0.97 0.98 0.98 0.97 0.99 
$ 0.05 0.05 0.04 0.03 0.04 
Φ 0.96 0.97 0.97 0.97 0.99 
∆ 0.06 0.06 0.05 0.03 0.04 

N (Items) = 39 
E!̂# 0.97 0.98 0.98 0.97 0.99 



 

167 
$ 0.05 0.05 0.04 0.03 0.04 
Φ 0.96 0.98 0.97 0.97 0.99 
∆ 0.06 0.06 0.05 0.03 0.04 

N (Items) = 40 
E!̂# 0.97 0.98 0.98 0.97 0.99 
$ 0.05 0.05 0.04 0.03 0.03 
Φ 0.96 0.98 0.97 0.97 0.99 
∆ 0.06 0.06 0.05 0.03 0.04 

Note. Generalizability (E!̂#)	and dependability (Φ) indices represent the reliability of relative and absolute score interpretation, 

respectively. SEM estimates for relative ($) and absolute (∆) score interpretation were also calculated. The universe of generalization 

for item was unfixed. Results were obtained with 115 to 595 participants.  
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Table 38 

Decision Study Results: Grade 3 Non-Automatic Skills – Accuracy, 1-10 Items 
 General Outcome Measure Subskill Mastery Measures 
 Overall 3-by-2 and 3-by-3 

Addition to 1000 
3-by-2 and 3-by-3 
Subtraction from 

1000 

3-by-2 and 3-by-3 
Addition to 1000 

3-by-2 and 3-by-3 
Subtraction from 

1000 
N (Items) = 1  

E!̂# 0.31 0.33 0.38 0.16 0.30 
$ 0.37 0.34 0.37 0.26 0.34 
Φ 0.29 0.32 0.36 0.16 0.29 
∆ 0.39 0.35 0.39 0.26 0.35 

N (Items) = 2 
E!̂# 0.48 0.49 0.55 0.27 0.46 
$ 0.26 0.24 0.26 0.18 0.24 
Φ 0.45 0.48 0.52 0.27 0.45 
∆ 0.27 0.25 0.28 0.18 0.25 

N (Items) = 3 
E!̂# 0.58 0.59 0.65 0.36 0.56 
$ 0.21 0.20 0.21 0.15 0.19 
Φ 0.55 0.58 0.62 0.36 0.55 
∆ 0.22 0.20 0.23 0.15 0.20 

N (Items) = 4 
E!̂# 0.65 0.66 0.71 0.43 0.63 
$ 0.18 0.17 0.19 0.13 0.17 
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Φ 0.62 0.65 0.69 0.43 0.62 
∆ 0.19 0.18 0.20 0.13 0.17 

N (Items) = 5 
E!̂# 0.69 0.71 0.75 0.49 0.68 
$ 0.16 0.15 0.17 0.12 0.15 
Φ 0.67 0.70 0.73 0.49 0.67 
∆ 0.17 0.16 0.17 0.12 0.16 

N (Items) = 6 
E!̂# 0.73 0.75 0.79 0.53 0.72 
$ 0.15 0.14 0.15 0.11 0.14 
Φ 0.71 0.74 0.77 0.53 0.71 
∆ 0.16 0.14 0.16 0.11 0.14 

N (Items) = 7 
E!̂# 0.76 0.77 0.81 0.57 0.75 
$ 0.14 0.13 0.14 0.10 0.13 
Φ 0.74 0.76 0.79 0.57 0.74 
∆ 0.15 0.13 0.15 0.10 0.13 

N (Items) = 8 
E!̂# 0.78 0.80 0.83 0.60 0.78 
$ 0.13 0.12 0.13 0.09 0.12 
Φ 0.77 0.79 0.82 0.60 0.76 
∆ 0.14 0.12 0.14 0.09 0.12 

N (Items) = 9 



 

170 
E!̂# 0.80 0.81 0.85 0.63 0.79 
$ 0.12 0.11 0.12 0.09 0.11 
Φ 0.79 0.81 0.83 0.63 0.78 
∆ 0.13 0.12 0.13 0.09 0.12 

N (Items) = 10 
E!̂# 0.82 0.83 0.86 0.65 0.81 
$ 0.12 0.11 0.12 0.08 0.11 
Φ 0.80 0.82 0.85 0.65 0.80 
∆ 0.12 0.11 0.12 0.08 0.11 

Note. Generalizability (E!̂#)	and dependability (Φ) indices represent the reliability of relative and absolute score interpretation, 

respectively. SEM estimates for relative ($) and absolute (∆) score interpretation were also calculated. The universe of generalization 

for item was unfixed. Results were obtained with 208 to 5,293 participants.  
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Table 39 

Decision Study Results: Grade 3 Non-Automatic Skills – Accuracy, 11-20 Items 
 General Outcome Measure Subskill Mastery Measures 
 Overall 3-by-2 and 3-by-3 

Addition to 1000 
3-by-2 and 3-by-3 
Subtraction from 

1000 

3-by-2 and 3-by-3 
Addition to 1000 

3-by-2 and 3-by-3 
Subtraction from 

1000 
N (Items) = 11  

E!̂# 0.83 0.84 0.87 0.68 0.83 
$ 0.11 0.10 0.11 0.08 0.10 
Φ 0.82 0.84 0.86 0.68 0.82 
∆ 0.12 0.11 0.12 0.08 0.10 

N (Items) = 12 
E!̂# 0.85 0.85 0.88 0.69 0.84 
$ 0.11 0.10 0.11 0.07 0.09 
Φ 0.83 0.85 0.87 0.69 0.83 
∆ 0.11 0.10 0.11 0.07 0.10 

N (Items) = 13 
E!̂# 0.86 0.86 0.89 0.71 0.85 
$ 0.10 0.09 0.10 0.07 0.09 
Φ 0.84 0.86 0.88 0.71 0.84 
∆ 0.11 0.10 0.11 0.07 0.09 

N (Items) = 14 
E!̂# 0.86 0.87 0.90 0.73 0.86 
$ 0.10 0.09 0.10 0.07 0.09 
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Φ 0.85 0.87 0.89 0.73 0.85 
∆ 0.10 0.09 0.10 0.07 0.09 

N (Items) = 15 
E!̂# 0.87 0.88 0.90 0.74 0.87 
$ 0.09 0.09 0.10 0.07 0.09 
Φ 0.86 0.87 0.89 0.74 0.86 
∆ 0.10 0.09 0.10 0.07 0.09 

N (Items) = 16 
E!̂# 0.88 0.89 0.91 0.75 0.87 
$ 0.09 0.09 0.09 0.06 0.08 
Φ 0.87 0.88 0.90 0.75 0.87 
∆ 0.10 0.09 0.10 0.06 0.09 

N (Items) = 17 
E!̂# 0.89 0.89 0.91 0.76 0.88 
$ 0.09 0.08 0.09 0.06 0.08 
Φ 0.87 0.89 0.90 0.76 0.87 
∆ 0.09 0.09 0.09 0.06 0.08 

N (Items) = 18 
E!̂# 0.89 0.90 0.92 0.77 0.89 
$ 0.09 0.08 0.09 0.06 0.08 
Φ 0.88 0.89 0.91 0.77 0.88 
∆ 0.09 0.08 0.09 0.06 0.08 

N (Items) = 19 



 

173 
E!̂# 0.90 0.90 0.92 0.78 0.89 
$ 0.08 0.08 0.09 0.06 0.08 
Φ 0.87 0.90 0.91 0.78 0.88 
∆ 0.09 0.08 0.09 0.06 0.08 

N (Items) = 20 
E!̂# 0.90 0.91 0.92 0.79 0.90 
$ 0.08 0.08 0.08 0.06 0.08 
Φ 0.89 0.90 0.92 0.79 0.89 
∆ 0.09 0.08 0.09 0.06 0.08 

Note. Generalizability (E!̂#)	and dependability (Φ) indices represent the reliability of relative and absolute score interpretation, 

respectively. SEM estimates for relative ($) and absolute (∆) score interpretation were also calculated. The universe of generalization 

for item was unfixed. Results were obtained with 208 to 5,293 participants.  
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Table 40 

Decision Study Results: Grade 3 Non-Automatic Skills – Accuracy, 21-30 Items 
 General Outcome Measure Subskill Mastery Measures 
 Overall 3-by-2 and 3-by-3 

Addition to 1000 
3-by-2 and 3-by-3 
Subtraction from 

1000 

3-by-2 and 3-by-3 
Addition to 1000 

3-by-2 and 3-by-3 
Subtraction from 

1000 
N (Items) = 21  

E!̂# 0.91 0.91 0.93 0.80 0.90 
$ 0.08 0.07 0.08 0.06 0.07 
Φ 0.90 0.91 0.92 0.80 0.89 
∆ 0.08 0.08 0.09 0.06 0.08 

N (Items) = 22 
E!̂# 0.91 0.91 0.93 0.81 0.90 
$ 0.08 0.07 0.08 0.05 0.07 
Φ 0.90 0.91 0.92 0.81 0.90 
∆ 0.08 0.07 0.08 0.05 0.07 

N (Items) = 23 
E!̂# 0.91 0.92 0.93 0.81 0.91 
$ 0.08 0.07 0.08 0.05 0.07 
Φ 0.90 0.91 0.93 0.81 0.90 
∆ 0.08 0.07 0.08 0.05 0.07 

N (Items) = 24 
E!̂# 0.92 0.92 0.94 0.82 0.91 
$ 0.07 0.07 0.08 0.05 0.07 
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Φ 0.91 0.92 0.93 0.82 0.91 
∆ 0.08 0.07 0.08 0.05 0.07 

N (Items) = 25 
E!̂# 0.92 0.92 0.94 0.83 0.92 
$ 0.07 0.07 0.07 0.05 0.07 
Φ 0.91 0.92 0.93 0.83 0.91 
∆ 0.08 0.07 0.08 0.05 0.07 

N (Items) = 26 
E!̂# 0.92 0.93 0.94 0.83 0.92 
$ 0.07 0.07 0.07 0.05 0.07 
Φ 0.91 0.92 0.93 0.83 0.91 
∆ 0.08 0.07 0.08 0.05 0.07 

N (Items) = 27 
E!̂# 0.92 0.93 0.94 0.84 0.92 
$ 0.07 0.07 0.07 0.05 0.06 
Φ 0.92 0.93 0.94 0.84 0.92 
∆ 0.07 0.07 0.08 0.05 0.07 

N (Items) = 28 
E!̂# 0.93 0.93 0.94 0.84 0.92 
$ 0.07 0.06 0.07 0.05 0.06 
Φ 0.92 0.93 0.94 0.84 0.92 
∆ 0.07 0.07 0.07 0.05 0.07 

N (Items) = 29 
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E!̂# 0.93 0.93 0.95 0.85 0.93 
$ 0.07 0.06 0.07 0.05 0.06 
Φ 0.92 0.93 0.94 0.85 0.92 
∆ 0.07 0.07 0.07 0.05 0.06 

N (Items) = 30 
E!̂# 0.93 0.94 0.95 0.85 0.93 
$ 0.07 0.06 0.07 0.05 0.06 
Φ 0.92 0.93 0.94 0.85 0.92 
∆ 0.07 0.06 0.07 0.05 0.06 

Note. Generalizability (E!̂#)	and dependability (Φ) indices represent the reliability of relative and absolute score interpretation, 

respectively. SEM estimates for relative ($) and absolute (∆) score interpretation were also calculated. The universe of generalization 

for item was unfixed. Results were obtained with 208 to 5,293 participants.  
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Table 41 

Decision Study Results: Grade 3 Non-Automatic Skills – Accuracy, 31-40 Items 
 General Outcome Measure Subskill Mastery Measures 
 Overall 3-by-2 and 3-by-3 

Addition to 1000 
3-by-2 and 3-by-3 
Subtraction from 

1000 

3-by-2 and 3-by-3 
Addition to 1000 

3-by-2 and 3-by-3 
Subtraction from 

1000 
N (Items) = 31  

E!̂# 0.93 0.94 0.95 0.85 0.93 
$ 0.07 0.06 0.07 0.05 0.06 
Φ 0.93 0.93 0.94 0.85 0.93 
∆ 0.07 0.06 0.07 0.05 0.06 

N (Items) = 32 
E!̂# 0.94 0.94 0.95 0.86 0.93 
$ 0.06 0.06 0.07 0.05 0.06 
Φ 0.93 0.94 0.94 0.86 0.93 
∆ 0.07 0.06 0.07 0.05 0.06 

N (Items) = 33 
E!̂# 0.94 0.94 0.95 0.86 0.93 
$ 0.06 0.06 0.06 0.04 0.06 
Φ 0.93 0.94 0.95 0.86 0.93 
∆ 0.07 0.06 0.07 0.04 0.06 

N (Items) = 34 
E!̂# 0.94 0.94 0.95 0.87 0.94 
$ 0.06 0.06 0.06 0.04 0.06 
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Φ 0.93 0.94 0.95 0.87 0.93 
∆ 0.07 0.06 0.07 0.04 0.06 

N (Items) = 35 
E!̂# 0.94 0.94 0.96 0.87 0.94 
$ 0.06 0.06 0.06 0.04 0.06 
Φ 0.93 0.94 0.95 0.87 0.93 
∆ 0.07 0.06 0.07 0.04 0.06 

N (Items) = 36 
E!̂# 0.94 0.95 0.96 0.87 0.94 
$ 0.06 0.06 0.06 0.04 0.06 
Φ 0.94 0.94 0.95 0.87 0.94 
∆ 0.06 0.06 0.07 0.04 0.06 

N (Items) = 37 
E!̂# 0.94 0.95 0.96 0.88 0.94 
$ 0.06 0.06 0.06 0.04 0.06 
Φ 0.94 0.94 0.95 0.87 0.94 
∆ 0.06 0.06 0.06 0.04 0.06 

N (Items) = 38 
E!̂# 0.95 0.95 0.96 0.88 0.94 
$ 0.06 0.06 0.06 0.04 0.05 
Φ 0.94 0.95 0.95 0.88 0.94 
∆ 0.06 0.06 0.06 0.04 0.06 

N (Items) = 39 
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E!̂# 0.95 0.95 0.96 0.88 0.94 
$ 0.06 0.05 0.06 0.04 0.05 
Φ 0.94 0.95 0.96 0.88 0.94 
∆ 0.06 0.06 0.06 0.04 0.06 

N (Items) = 40 
E!̂# 0.95 0.95 0.96 0.88 0.95 
$ 0.06 0.05 0.06 0.04 0.05 
Φ 0.94 0.95 0.96 0.88 0.94 
∆ 0.06 0.06 0.06 0.04 0.05 

Note. Generalizability (E!̂#)	and dependability (Φ) indices represent the reliability of relative and absolute score interpretation, 

respectively. SEM estimates for relative ($) and absolute (∆) score interpretation were also calculated. The universe of generalization 

for item was unfixed. Results were obtained with 208 to 5,293 participants.  
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Figures 

 

 

Figure 1: Serafini’s Assessment Paradigms. Visual depiction of the connections 

between Serafini’s (2000) three assessment paradigms. 
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Figure 2: Assessment as Procedure in Mathematics. Example of assessment as 

procedure: applying standardization procedures (i.e., a rubric) to an 

unstandardized assessment activity developed from an assessment as inquiry 

perspective. 
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5 Items 
Automaticity Accuracy 

General Outcome 
Measure 

Subskill Mastery Measure General Outcome 
Measure 

Subskill Mastery Measure 

Grade 2 Automatic Skills     
2-by-1 Addition to 100     
2-by-2 Addition to 100     

2-by-1 Subtraction from 100     
2-by-2 Subtraction from 100     

Overall Computation Performance  –  – 
Grade 2 Non-Automatic Skills     

2-by-1 and 2-by-2 Addition to 100 – –   
2-by-1 and 2-by-2 Subtraction from 

100 
– –   

Overall Computation Performance – –  – 
Grade 3 Automatic Skills     

2-by-1 Multiplication to 12s     
2-by-1 Division from 100     

Overall Computation Performance  –  – 
Grade 3 Non-Automatic Skills     

3-by-2 and 3-by-3 Addition to 1000 – –   
3-by-2 and 3-by-3 Subtraction from 

1000 
– –   

Overall Computation Performance – –  – 

Figure 3: Harvey Balls Chart for Subskill Mastery and General Outcome Measures – 5 Items. This chart rates evidence for subskill or 

broad computation scores across measures with five items. An empty ball indicates inadequate evidence for reliable low stakes 

decisions (E!̂# ≥ 0.8). A quarter-filled ball indicates that evidence approaches standards for reliable low stakes decisions. A half-filled 
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ball indicates adequate evidence for reliable low stakes decisions. A three-quarters-filled ball indicates that evidence approaches 

standards for reliable high stakes decisions (E!̂# ≥ 0.9). A filled ball indicates adequate evidence for reliable high stakes decisions. 
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10 Items 
Automaticity Accuracy 

General Outcome 
Measure 

Subskill Mastery Measure General Outcome 
Measure 

Subskill Mastery Measure 

Grade 2 Automatic Skills     
2-by-1 Addition to 100     
2-by-2 Addition to 100     

2-by-1 Subtraction from 100     
2-by-2 Subtraction from 100     

Overall Computation Performance  –  – 
Grade 2 Non-Automatic Skills     

2-by-1 and 2-by-2 Addition to 100 – –   
2-by-1 and 2-by-2 Subtraction from 

100 
– –   

Overall Computation Performance – –  – 
Grade 3 Automatic Skills     

2-by-1 Multiplication to 12s     
2-by-1 Division from 100     

Overall Computation Performance  –  – 
Grade 3 Non-Automatic Skills     

3-by-2 and 3-by-3 Addition to 1000 – –   
3-by-2 and 3-by-3 Subtraction from 

1000 
– –   

Overall Computation Performance – –  – 

Figure 4: Harvey Balls Chart for Subskill Mastery and General Outcome Measures – 10 Items. This chart rates evidence for subskill 

or broad computation scores across measures with 10 items. An empty ball indicates inadequate evidence for reliable low stakes 

decisions (E!̂# ≥ 0.8). A quarter-filled ball indicates that evidence approaches standards for reliable low stakes decisions. A half-filled 
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ball indicates adequate evidence for reliable low stakes decisions. A three-quarters-filled ball indicates that evidence approaches 

standards for reliable high stakes decisions (E!̂# ≥ 0.9). A filled ball indicates adequate evidence for reliable high stakes decisions. 
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15 Items 
Automaticity Accuracy 

General Outcome 
Measure 

Subskill Mastery Measure General Outcome 
Measure 

Subskill Mastery Measure 

Grade 2 Automatic Skills     
2-by-1 Addition to 100     
2-by-2 Addition to 100     

2-by-1 Subtraction from 100     
2-by-2 Subtraction from 100     

Overall Computation Performance  –  – 
Grade 2 Non-Automatic Skills     

2-by-1 and 2-by-2 Addition to 100 – –   
2-by-1 and 2-by-2 Subtraction from 

100 
– –   

Overall Computation Performance – –  – 
Grade 3 Automatic Skills     

2-by-1 Multiplication to 12s     
2-by-1 Division from 100     

Overall Computation Performance  –  – 
Grade 3 Non-Automatic Skills     

3-by-2 and 3-by-3 Addition to 1000 – –   
3-by-2 and 3-by-3 Subtraction from 

1000 
– –   

Overall Computation Performance – –  – 

Figure 5: Harvey Balls Chart for Subskill Mastery and General Outcome Measures – 15 Items. This chart rates evidence for subskill 

or broad computation scores across measures with 15 items. An empty ball indicates inadequate evidence for reliable low stakes 

decisions (E!̂# ≥ 0.8). A quarter-filled ball indicates that evidence approaches standards for reliable low stakes decisions. A half-filled 
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ball indicates adequate evidence for reliable low stakes decisions. A three-quarters-filled ball indicates that evidence approaches 

standards for reliable high stakes decisions (E!̂# ≥ 0.9). A filled ball indicates adequate evidence for reliable high stakes decisions.  
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20 Items 
Automaticity Accuracy 

General Outcome 
Measure 

Subskill Mastery Measure General Outcome 
Measure 

Subskill Mastery Measure 

Grade 2 Automatic Skills     
2-by-1 Addition to 100     
2-by-2 Addition to 100     

2-by-1 Subtraction from 100     
2-by-2 Subtraction from 100     

Overall Computation Performance  –  – 
Grade 2 Non-Automatic Skills     

2-by-1 and 2-by-2 Addition to 100 – –   
2-by-1 and 2-by-2 Subtraction from 

100 
– –   

Overall Computation Performance – –  – 
Grade 3 Automatic Skills     

2-by-1 Multiplication to 12s     
2-by-1 Division from 100     

Overall Computation Performance  –  – 
Grade 3 Non-Automatic Skills     

3-by-2 and 3-by-3 Addition to 1000 – –   
3-by-2 and 3-by-3 Subtraction from 

1000 
– –   

Overall Computation Performance – –  – 

Figure 6: Harvey Balls Chart for Subskill Mastery and General Outcome Measures – 20 Items. This chart rates evidence for subskill 

or broad computation scores across measures with 20 items. An empty ball indicates inadequate evidence for reliable low stakes 

decisions (E!̂# ≥ 0.8). A quarter-filled ball indicates that evidence approaches standards for reliable low stakes decisions. A half-filled 
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ball indicates adequate evidence for reliable low stakes decisions. A three-quarters-filled ball indicates that evidence approaches 

standards for reliable high stakes decisions (E!̂# ≥ 0.9). A filled ball indicates adequate evidence for reliable high stakes decisions. 
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25 Items 
Automaticity Accuracy 

General Outcome 
Measure 

Subskill Mastery Measure General Outcome 
Measure 

Subskill Mastery Measure 

Grade 2 Automatic Skills     
2-by-1 Addition to 100     
2-by-2 Addition to 100     

2-by-1 Subtraction from 100     
2-by-2 Subtraction from 100     

Overall Computation Performance  –  – 
Grade 2 Non-Automatic Skills     

2-by-1 and 2-by-2 Addition to 100 – –   
2-by-1 and 2-by-2 Subtraction from 

100 
– –   

Overall Computation Performance – –  – 
Grade 3 Automatic Skills     

2-by-1 Multiplication to 12s     
2-by-1 Division from 100     

Overall Computation Performance  –  – 
Grade 3 Non-Automatic Skills     

3-by-2 and 3-by-3 Addition to 1000 – –   
3-by-2 and 3-by-3 Subtraction from 

1000 
– –   

Overall Computation Performance – –  – 

Figure 7: Harvey Balls Chart for Subskill Mastery and General Outcome Measures – 25 Items. This chart rates evidence for subskill 

or broad computation scores across measures with 25 items. An empty ball indicates inadequate evidence for reliable low stakes 

decisions (E!̂# ≥ 0.8). A quarter-filled ball indicates that evidence approaches standards for reliable low stakes decisions. A half-filled 
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ball indicates adequate evidence for reliable low stakes decisions. A three-quarters-filled ball indicates that evidence approaches 

standards for reliable high stakes decisions (E!̂# ≥ 0.9). A filled ball indicates adequate evidence for reliable high stakes decisions. 
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30 Items 
Automaticity Accuracy 

General Outcome 
Measure 

Subskill Mastery Measure General Outcome 
Measure 

Subskill Mastery Measure 

Grade 2 Automatic Skills     
2-by-1 Addition to 100     
2-by-2 Addition to 100     

2-by-1 Subtraction from 100     
2-by-2 Subtraction from 100     

Overall Computation Performance  –  – 
Grade 2 Non-Automatic Skills     

2-by-1 and 2-by-2 Addition to 100 – –   
2-by-1 and 2-by-2 Subtraction from 

100 
– –   

Overall Computation Performance – –  – 
Grade 3 Automatic Skills     

2-by-1 Multiplication to 12s     
2-by-1 Division from 100     

Overall Computation Performance  –  – 
Grade 3 Non-Automatic Skills     

3-by-2 and 3-by-3 Addition to 1000 – –   
3-by-2 and 3-by-3 Subtraction from 

1000 
– –   

Overall Computation Performance – –  – 

Figure 8: Harvey Balls Chart for Subskill Mastery and General Outcome Measures – 30 Items. This chart rates evidence for subskill 

or broad computation scores across measures with 30 items. An empty ball indicates inadequate evidence for reliable low stakes 

decisions (E!̂# ≥ 0.8). A quarter-filled ball indicates that evidence approaches standards for reliable low stakes decisions. A half-filled 
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ball indicates adequate evidence for reliable low stakes decisions. A three-quarters-filled ball indicates that evidence approaches 

standards for reliable high stakes decisions (E!̂# ≥ 0.9). A filled ball indicates adequate evidence for reliable high stakes decisions. 
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35 Items 
Automaticity Accuracy 

General Outcome 
Measure 

Subskill Mastery Measure General Outcome 
Measure 

Subskill Mastery Measure 

Grade 2 Automatic Skills     
2-by-1 Addition to 100     
2-by-2 Addition to 100     

2-by-1 Subtraction from 100     
2-by-2 Subtraction from 100     

Overall Computation Performance  –  – 
Grade 2 Non-Automatic Skills     

2-by-1 and 2-by-2 Addition to 100 – –   
2-by-1 and 2-by-2 Subtraction from 

100 
– –   

Overall Computation Performance – –  – 
Grade 3 Automatic Skills     

2-by-1 Multiplication to 12s     
2-by-1 Division from 100     

Overall Computation Performance  –  – 
Grade 3 Non-Automatic Skills     

3-by-2 and 3-by-3 Addition to 1000 – –   
3-by-2 and 3-by-3 Subtraction from 

1000 
– –   

Overall Computation Performance – –  – 

Figure 9: Harvey Balls Chart for Subskill Mastery and General Outcome Measures – 35 Items. This chart rates evidence for subskill 

or broad computation scores across measures with 35 items. An empty ball indicates inadequate evidence for reliable low stakes 

decisions (E!̂# ≥ 0.8). A quarter-filled ball indicates that evidence approaches standards for reliable low stakes decisions. A half-filled 
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ball indicates adequate evidence for reliable low stakes decisions. A three-quarters-filled ball indicates that evidence approaches 

standards for reliable high stakes decisions (E!̂# ≥ 0.9). A filled ball indicates adequate evidence for reliable high stakes decisions. 
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40 Items 
Automaticity Accuracy 

General Outcome 
Measure 

Subskill Mastery Measure General Outcome 
Measure 

Subskill Mastery Measure 

Grade 2 Automatic Skills     
2-by-1 Addition to 100     
2-by-2 Addition to 100     

2-by-1 Subtraction from 100     
2-by-2 Subtraction from 100     

Overall Computation Performance  –  – 
Grade 2 Non-Automatic Skills     

2-by-1 and 2-by-2 Addition to 100 – –   
2-by-1 and 2-by-2 Subtraction from 

100 
– –   

Overall Computation Performance – –  – 
Grade 3 Automatic Skills     

2-by-1 Multiplication to 12s     
2-by-1 Division from 100     

Overall Computation Performance  –  – 
Grade 3 Non-Automatic Skills     

3-by-2 and 3-by-3 Addition to 1000 – –   
3-by-2 and 3-by-3 Subtraction from 

1000 
– –   

Overall Computation Performance – –  – 

Figure 10: Harvey Balls Chart for Subskill Mastery and General Outcome Measures – 40 Items. This chart rates evidence for subskill 

or broad computation scores across measures with 40 items. An empty ball indicates inadequate evidence for reliable low stakes 

decisions (E!̂# ≥ 0.8). A quarter-filled ball indicates that evidence approaches standards for reliable low stakes decisions. A half-filled 
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ball indicates adequate evidence for reliable low stakes decisions. A three-quarters-filled ball indicates that evidence approaches 

standards for reliable high stakes decisions (E!̂# ≥ 0.9). A filled ball indicates adequate evidence for reliable high stakes decisions. 
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Appendix A 

CBMmath Common Core State Standards Alignment 

Table A1 

Single-Skill Forms for Automatic Skills 

Grade Skill(s) Common Core Standard 

1 1x1 Addition to 10 1.OA.6 

1x1 Addition to 18 1.OA.6 

1x1 and 2x1 Addition to 20 1.OA.6 

1x1 Subtraction from 10 1.OA.6 

1x1 Subtraction from 20 1.OA.6 

2 2x1 Addition to 100 2.NBT.5 

2x2 Addition to 100 2.NBT.5 

2x1 Subtraction from 100 2.NBT.5 

2x2 Subtraction from 100 2.NBT.5 

3 Fact Families: 1-12 3.OA.7 

2x1 Multiplication to 12 3.OA.7 

2x1 Division from 100 3.OA.7 
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Table A2 

Multi-Skill Forms for Automatic Skills 

Grade Skill(s) Common Core Standard 

1 1x1 Addition to 10  1.OA.6 

1x1 Subtraction to 10 1.OA.6 

1x1 and 2x1 Addition to 20 1.OA.6 

1x1 and 2x1 Subtraction to 20 1.OA.6 

2 Addition to 100 2.NBT.5 

Subtraction to 100 2.NBT.5 

3 2x1 Multiplication to 12 3.OA.7 

2x1 Division to 12 3.OA.7 

Addition, Subtraction, Multiplication, and 

Division 

3.OA.7 

 

Note. This table does not include grade-level general outcome measures. 
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Table A3 

Single-Skill Forms for Non-Automatic Skills 

Grade Skill(s) Common Core Standard 

2 2x1 and 2x2 Addition to 100 2.NBT.5 

2x1 and 2x2 Subtraction from 100 2.NBT.5 

3 3x2 and 3x3 Addition to 1000 3.NBT.2 

3x2 and 3x3 Subtraction from 1000 3.NBT.2 

4 3x1 and 4x1 Multiplication 4.NBT.5 

2x2 Multiplication 4.NBT.5 

3x3x2 and 3x3x3 Addition 4.NBT.4 

2x1 Division from 100 with/without 

remainder 

4.NBT.6 

3x1 and 4x1 Division with/without 

remainder 

4.NBT.6 

5 2x3 and 3x3 Multiplication 5.NBT.5 

3x2 and 4x2 Division without 

remainder 

5.NBT.6 

3x2 and 4x2 Division with 

remainder 

5.NBT.6 

6 Decimal Addition 6.NS.3 

Decimal Subtraction 6.NS.3 

Decimal Multiplication 6.NS.3 

Decimal Division 6.NS.3 
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Table A4 

Multi-Skill Forms for Non-Automatic Skills 

Grade Skill(s) Common Core Standard 

2 2x1 and 2x2 Addition  2.NBT.5 

2x1 and 2x2 Subtraction 2.NBT.5 

3 3x2 and 3x3 Addition to 1000 3.NBT.2 

3x2 and 3x3 Subtraction from 1000 3.NBT.2 

4 3x1, 4x1, and 2x2 Multiplication 4.NBT.5-6 

2x1 Division 4.NBT.5-6 

3x3x2 and 3x3x3 Addition 4.NBT.4-6 

3x1, 4x1, and 2x2 Multiplication 4.NBT.4-6 

2x1, 3x1, and 4x1 Division 4.NBT.4-6 

5 3x2 and 3x3 Multiplication 5.NBT.5-6 

3x2 and 4x2 Division with/without 

remainder 

5.NBT.5-6 

3x2 and 4x2 Division with/without 

remainder 

5.NBT.6 

6 Decimal Addition 6.NS.3 

Decimal Subtraction 6.NS.3 

Decimal Multiplication 6.NS.3 

Decimal Division 6.NS.3 

3x2 and 3x3 Multiplication 6.NS.3 

3x2 and 3x3 Division 6.NS.3 

Note. This table does not include grade-level general outcome measures.   
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Appendix B 

Literature Review: Key Sources 

Key sources of information for the literature review (cf. Chapter 2) were 

iteratively identified with a combination of methods. Researchers and scholars were 

asked to identity key sources of information, which included other scholars, practitioners, 

presentations, and published works. Such scholars were chosen based on their 

contribution to the field of assessment, either through personal knowledge of their work, 

or through analysis of foundational formative assessment literature. Scholars from across 

disciplines (i.e., measurement versus special education) were contacted. See Table B1 for 

a description of the documentation provided by each scholar. 

A search of several library databases (e.g., Academic Search Premier, ERIC, 

Google Scholar, JSTOR, and PsychInfo) was also conducted. Various search terms, in 

different combinations, were used to target formative assessment work, specifically in the 

context of mathematics (e.g., “formative assessment,” “classroom assessment,” and 

“math”).  

All literature was critically analyzed to identify common themes across works. 

Principles of sound research design were examined across sources. This review is not 

meant to exhaustively address formative assessment literature. Rather, the pieces of 

literature chosen are meant to broadly address themes found across disciplines and 

theoretical orientations. 
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Table B1 

Individuals Contacted Regarding Literature Search 

Scholar Correspondence Literature or Scholars Recommended 

Paul Black, PhD 

     Professor Emeritus, Science Education  

     King’s College London 

Email 1. Black, P. & Wiliam, D. (2009) Developing the theory 

of formative assessment. Educational Assessment, 

Evaluation and Accountability, 21(1), 5-31.  

2. Black, P., Harrison, C., Hodgen, J., Marshall, M. and 

Serret, N. (2011) Can teachers’ summative assessments 

produce dependable results and also enhance classroom 

learning? Assessment in Education. 18(4), 451-469. 

3. Black, P. (2013) Pedagogy in Theory and Practice: 

Formative and Summative Assessments in Classrooms 

and State Systems. Ch.11, pp.207-229 in Corrigan, D., 

Gunstone, R. (Monash) and Jones, A. 
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(Waikato)  (eds.) Valuing assessment in science 

education: Pedagogy, curriculum, 

policy. Dordrecht:Springer 

4. Black, P. (2015) Formative Assessment – an optimistic 

but incomplete vision. Assessment in Education: 

Principles, Policy and Practice. 22 (1):161-177. 

5. Black, P. (2016) The Role of Assessment in Pedagogy 

– and Why Validity Matters. Ch.45 pp.725-739 in D. 

Wyse, L.Hayward & J.Pandya (eds.) The Sage 

Handbook of Curriculum, Pedagogy and 

Assessment    London U.K. : Sage 

6. Wiliam, D. (2011). Embedded formative assessment. 

Bloomington, IN: Solution Tree. 
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7. Kawalkar, A., & Vijapurkar, J. (2013). Scaffolding 

science talk: The role of teachers’ questions in the 

inquiry classroom. International Journal of Science 

Education, 35(12), 2004-2027.  

8. Kingston, N. M., & Nash, B. (2011). Formative 

assessment: A meta-analysis and a call for 

research. Educational Measurement: Issues and 

Practice, 30(4), 28–37. 

Theodore J. Christ, PhD 

     Professor, School Psychology 

     College of Education and Human Development 

     University of Minnesota 

Personal 

communication 

1. Paul Black 

2. Dylan Wiliam 

3. Neal M. Kingston 

4. Brooke Nash 

5. Theodore J. Christ 

6. Lynn S. Fuchs 
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7. Douglas Fuchs 

8. Michael C. Rodriguez 

9. Philip Nagy 

10. Frank Serafini 

11. W. James Popham 

12. Henry S. Pennypacker 

13. John D. Cone 

Douglas Fuchs, PhD 

     Professor, Special Education 

     Peabody College 

     Vanderbilt University  

Email 1. Fuchs, L.S., & Deno, S.L. (1991). Paradigmatic 

distinctions between instructionally relevant 

measurement models. Exceptional Children, 57, 488-

500. 

2. Fuchs, L.S., & Fuchs, D. (1986). Effects of systematic 

formative evaluation: A meta-analysis. Exceptional 

Children, 53, 199-209. 
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3. Stecker, P.M., & Fuchs, L.S. (2000). Effecting superior 

achievement using curriculum-based measurement: The 

importance of individualized progress 

monitoring. Learning Disabilities Research and 

Practice, 15(3), 128-134. 

W. James Popham, PhD 

     Professor Emeritus 

     University of California – Los Angeles 

Email 1. Dylan Wiliam 

2. Paul Black 

3. Margaret Heritage 

4. John Hattie 

5. Heidi Andrade 

Michael C. Rodriguez, PhD 

     Professor, Quantitative Methods in Education 

     College of Education and Human Development 

     University of Minnesota 

Email 1. Handbook of Formative Assessment (Andrade & Cizek, 

2009) 

2. Handbook of Research on Classroom Assessment 

(McMillan, 2012) 

3. Maria A. Ruiz-Primo 
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4. Dylan Wiliam 

Frank Serafini, PhD 

     Professor, Literacy Education 

     Mary Lou Fulton Teachers College 

     Arizona State University 

Email 1. Classroom Reading Assessment: More Efficient Ways to 

View and Evaluate Your Students (Serafini, 2010) 

 

 

Dylan Wiliam, PhD 

     Professor Emeritus, Educational Assessment 

     University College London 

Email 1. Andrade, H. L., & Cizek, G. J. (Eds.). 

(2010). Handbook of formative assessment. New York, 

NY: Taylor & Francis. 

2. Bennett, R. E. (2011). Formative assessment: A critical 

review. Assessment in Education: Principles Policy and 

Practice, 18(1), 5-25.  

3. Black, P., & Wiliam, D. (1998). Assessment and 

classroom learning. Assessment in Education: 

Principles, Policy and Practice, 5(1), 7-74.  
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4. Black, P., & Wiliam, D. (2005). Developing a theory of 

formative assessment. In J. Gardner (Ed.), Assessment 

and learning (pp. 81-100). London, UK: Sage. 

5. Black, P. J., & Wiliam, D. (2009). Developing the 

theory of formative assessment.Educational 

Assessment, Evaluation and Accountability, 21(1), 5-

31. 

6. McMillan, J. H. (Ed.). (2007). Formative classroom 

assessment: theory into practice. New York, NY: 

Teachers College Press. 

7. McMillan, J. H. (Ed.). (2013). Sage handbook of 

research on classroom assessment (2 ed.). Thousand 

Oaks, CA: Sage. 
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8. Looney, J. (Ed.). (2005). Formative assessment: 

improving learning in secondary classrooms. Paris, 

France: Organisation for Economic Cooperation and 

Development. 

9. Noyce, P. E., & Hickey, D. T. (Eds.). (2011). New 

frontiers in formative assessment. Cambridge, MA: 

Harvard Education Press. 

10. Wiliam, D. (2011). What is assessment for 

learning? Studies in Educational Evaluation, 37(1), 2-

14.  

11. Kingston, N. M., & Nash, B. (2011). Formative 

assessment: A meta-analysis and a call for 

research. Educational Measurement: Issues and 

Practice, 30(4), 28–37.  
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12. Kingston, N. M., & Nash, B. (2015). 

Erratum. Educational Measurement: Issues and 

Practice, 34(1), 55. 

13. Sadler, D. R. (1989). Formative assessment and the 

design of instructional systems. Instructional Science, 

18, 119-144.  

14. Wiliam, D. (2016). Leadership for teacher learning. 

West Palm Beach, FL: Learning Sciences International 

(chapter 4, responding to Bennett, 2011). 
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Appendix C 

Glossary of Key Terms 

Accuracy: The capacity of a score to detect true features of a behavior or other 

phenomena. 

Assessment: The entire process for gathering information for a specific purpose; more 

comprehensive than a test. 

Curriculum-Based Assessment: Measurement procedures used to directly observe 

students’ academic performance across a particular domain and make data-based 

decisions to plan instruction and intervention. Curriculum-based assessment has 

four distinct types: criterion-referenced curriculum-based assessment, curriculum-

based assessment for instructional design, curriculum-based evaluation, and 

curriculum-based measurement. 

Curriculum-Based Measurement: A specific, standardized method to quantify student 

achievement within an academic domain. Resulting scores are dynamic indicators 

of performance in the domain, meaning that they are sensitive to change over time 

and are correlated with broad academic objectives.  

Evaluation: Using information gathered from assessment activities to make decisions 

regarding a specific question; the interpretation and use of information for some 

specific purpose.  

General Outcome Measurement: An assessment paradigm used to broadly assess 

competence within an academic domain. Assessment material is sampled from 

across a particular academic domain or curriculum, and performance on the same 

assessment is expected to increase over time as more material has been covered. 
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High-Stakes Assessment Decisions: Assessment decisions that are not reversible and 

that often result in changes to educational programming. For example, these types 

of decisions include special education eligibility decisions, diagnostic decisions, 

and accountability decisions. Reliability standards for high stakes decisions are 

around 0.9. 

Low-Stakes Assessment Decisions: Assessment decisions that are reversible and 

formative. These types of decisions are made routinely by teachers and other 

educators for instructional planning and intervention decisions. Reliability 

standards for low-stakes decisions range from 0.7 to 0.8. 

Measurement: The quantification of phenomena; could include quantitative forms of 

assessment. 

Reliability: The idea that scores are generalizable across conditions in some way. 

Score: The resulting information gathered from a test or assessment; could be 

quantitative or qualitative. 

Standardized: Assessment administration and scoring procedures that are completed in 

the same way every time; standardization is incorporated into administration and 

scoring to limit the influence of error on resulting scores. 

Subskill Mastery Measurement: An assessment paradigm used to assess mastery of 

short-term academic objectives within a particular academic domain to indicate 

overall competence in the broader academic domain. 

Test: Any activities that are used to gather information about an individual; the action of 

gathering information. 
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Zone of Proximal Development: The idea that individuals are able to achieve at a higher 

level with help. The Zone of Proximal Development is the range in skill between 

what the individual can do on their own and what they are able to do with help. 
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Appendix D 

Description of Assessment Paradigms 

Assessment as Measurement  

The first paradigm, assessment as measurement, applies psychometric principles 

of measurement research to assessment procedures, with the purpose to capture mastery 

of subskills or broad achievement across an academic domain. Assessment as 

measurement is generally endorsed by those interested to use assessment data for 

eligibility determination or accountability. The purpose of assessment is to understand 

student achievement with a high degree of control (Serafini, 2000; Brown et al., 2016). 

That is, individuals who use assessments of this paradigm value controlled assessment 

conditions to establish psychometric evidence for the interpretation and use of scores. 

In practice, assessments developed from a measurement perspective generally 

incorporate standardized administration and scoring procedures, often including 

directions for administration to be read verbatim to students. For example, in the context 

of mathematics, a measurement-based assessment could take the form of a curriculum-

based measure (cf. Appendix C: Glossary of Key Terms) of mathematics computation 

administered at the beginning or end of a classroom lesson or intervention session. This 

administration would likely be timed, and would incorporate standardized directions and 

prescribed scoring procedures, often digits correct per minute or problems correct per 

minute. Resulting scores would be interpreted according to the psychometric properties 

of the assessments administered. That is, the reliability and validity information 

associated with the allowable interpretations and uses of scores would be considered (see 

Table 1). For example, a particular mathematics computation measure might have 
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validity evidence to suggest that resulting scores can be used to predict future 

performance on a high-stakes mathematics achievement measure. A student’s 

performance on the mathematics computation measure would then be interpreted as an 

indicator of that same student’s future performance on the high-stakes mathematics 

achievement measure. 

Assessment as Inquiry  

The second assessment paradigm is assessment as inquiry. Those who subscribe 

to this paradigm emphasize the use of assessment to gather information to plan 

instruction. Assessment as inquiry involves assessment to understand individual student 

achievement in the naturally-occurring context, which might be most relevant to students’ 

instructional needs (Serafini, 2000; Brown et al., 2016). This paradigm allows for the use 

of assessment to gather information that will be used to examine the match between 

current classroom procedures and student needs; the objective is to comprehend the 

interaction between learner and learning context. Assessment procedures are not 

standardized; rather, information is collected informally by teachers and other educators 

to obtain a holistic perspective of the child. According to this paradigm, educators 

generally assess students with individualized assessments that are unstandardized and 

targeted for a specific purpose. Educators use resulting information to make diagnostic 

decisions. 

In practice, assessments developed from an inquiry perspective are generally 

composed of authentic and informal classroom activities or assessments. For example, in 

the context of mathematics, teachers may examine students’ classwork following a 

mathematics lesson to determine whether students grasped the concepts covered in that 
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lesson. These activities and assessments are often created, administered, scored, and 

interpreted through the use of teacher expertise. Such data are interpreted as indicators of 

student performance across curricular objectives within authentic learning environments 

(see Table 1). These types of assessments, as compared to assessments developed from a 

measurement or procedure perspective, are maximally useful to teachers for instructional 

planning, because these assessments allow for flexible administration and can be tailored 

to individual student needs. However, the interpretation of scores obtained through such 

assessments may not be entirely transparent to school personnel who do not have 

teaching expertise, or who do not interact with the particular students in a learning 

environment. This may be problematic when such school personnel are interested to 

make decisions regarding student academic proficiency, through screening, progress 

monitoring, or to support an evaluation for special education services. Still, this does not 

invalidate such data collection, interpretation, or use (Kane, 2006). 

Assessment as Procedure 

Assessment as procedure is a third assessment paradigm. It is similar to 

assessment as measurement in that the purpose of assessment is to understand student 

achievement with a high degree of control. Similar to assessment as measurement, 

assessments developed from a procedure paradigm might be used for eligibility 

determination or accountability initiatives (Serafini, 2000). However, assessment as 

procedure differs from assessment as measurement in that unstandardized or semi-

standardized assessments might be used to answer questions about student performance 

(Serafini; Brown et al., 2016). This could include standardized rubrics or scoring 

mechanisms imposed upon work samples or other types of permanent products produced 
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in unstandardized conditions. Rather than solely measuring how a student answers 

achievement questions in a highly controlled environment, a student’s learning context is 

taken into account. That is, assessment occurs in authentic conditions within which the 

behavior of interest naturally occurs. The information gleaned from these environments, 

however, is semi-standardized through the application of rubrics or other scoring 

mechanisms after it is collected. 

Because there is limited research investigating assessments developed from a 

procedure perspective (cf. Chapter 2), the prevalence of such assessments in practice is 

unclear. Regardless, such assessments could take one of two forms. First, assessment as 

procedure could involve using assessments developed from a measurement perspective in 

alternative ways, such that resulting scores are more useful to educators in instructional 

planning than scores that result from the administration of the assessments as they were 

designed. For example, in the context of mathematics, this could take the form of the 

administration of a curriculum based measure of mathematics computation. As designed, 

such an assessment would likely produce a single score as an indicator of computation 

proficiency. As an assessment administered from a procedure perspective, however, the 

assessment would necessarily produce more detailed information, such as mastery of the 

individual mathematics computation skills represented by the assessment. 

Assessment as procedure could also involve altering assessments developed from 

an inquiry perspective to be more standardized, such that reliability and validity 

information could be calculated. This would likely involve the application of rubrics or 

similar scoring mechanisms to informal classroom activities or classroom assessments 

such that student performance across these activities could be objectively examined to 
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produce a numerical score. For example, in the context of mathematics, this could take 

the form of the application of a rubric to student performance on a multi-step 

mathematics exploration activity (see Figure 2). 

Assessments developed from a procedure paradigm might be interpreted in two 

different ways. That is, because such assessments allow for the collection of reliability 

and validity data, resulting scores can be interpreted according to psychometric 

characteristics like assessments developed from a measurement perspective, for example, 

as indicators of future performance on a statistically related high-stakes measure. Because 

assessments developed from a procedure paradigm also have the purpose to provide 

information relevant to inform instruction, however, scores across such assessments can 

also be interpreted to indicate student performance across curricular objectives within an 

authentic learning environment (see Table 1).  

Distinctions Among Paradigms  

Individuals that use assessments tend to subscribe to one of the three assessment 

paradigms highlighted above. The paradigm to which an individual subscribes is 

informed by that person’s assumptions about how information should be collected and 

used. In other words, an individual’s chosen assessment paradigm is informed by that 

person’s underlying epistemology and ontology, which defines their view of how we 

come to know about a child and what we can know about a child’s needs and 

achievements (Brown et al., 2016). For example, individuals who view assessment as 

measurement often operate from a realist perspective, both epistemologically and 

ontologically (Brown et al.). That is, individuals gain knowledge through the 

measurement and discovery of facts, and only those objective facts can be considered 
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knowledge. On the other hand, individuals who view assessment as inquiry often operate 

from an epistemologically and ontologically relativist perspective (Brown et al.). Rather 

than limiting usable information (i.e., scores) to discrete facts, individuals who view 

assessment as inquiry also consider subjective experiences gained in the process of 

gathering information as usable scores. Thus, individuals who subscribe to different 

assessment paradigms may consider different sources of information to be useful, and 

may make different interpretations based on the same piece of information, or scores.  

Differences in assumptions and interpretations around assessment across 

paradigms are manifest in practice, such as in the manner of data collection. For example, 

assessments developed from a measurement perspective generally incorporate 

standardized administration and scoring procedures. This is in line with the idea that 

individuals with a measurement perspective place high value on objective facts as sources 

of information (Brown et al., 2006). Conversely, assessments developed from an inquiry 

paradigm are more subjective and less standardized in nature, which is in line with the 

idea that individuals with an inquiry perspective value subjective experiences as useful 

sources of information (Brown et al.). Assessment as procedure merges the two 

perspectives above (Serafini, 2000). Thus, both objective facts and subjective experiences 

are considered to be useful sources of information. This idea could be manifest in practice 

in the use of standardized data interpretation methods with informal sources of 

information, thereby preserving the subjective nature of the data, but also providing 

additional objective information. As highlighted above (cf. Assessment as procedure), 

assessment as procedure could also be manifest in practice in alternative uses of existing 
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standardized (i.e., measurement-based) assessments, in a way that produces more 

instructionally-relevant information. 

While these three assessment paradigms are clearly distinct in terms of data 

collection methods and assumptions underlying the interpretation and use of data, there 

are common characteristics across paradigms (see Figure 1). For example, assessments 

developed from a procedure perspective are similar to assessments developed from a 

measurement perspective in that both consider the reliability and validity of resulting 

scores. Conversely, assessments developed from a procedure perspective are similar to 

assessments developed from an inquiry perspective in that both explicitly consider the 

impact of assessment activities on instructional planning and modification. All three 

paradigms share the purpose to improve student outcomes. That is, the purpose of 

assessments developed across paradigms is to gather information that will be used to 

improve education programs in the interest of improving the outcomes of the students 

that participate in those education programs. It may be, however, that the information 

provided by an assessment developed from a measurement perspective is more useful to 

some stakeholders in the education system, while the information provided by an 

assessment developed from an inquiry perspective is more useful to other stakeholders. 

This is because each educational stakeholder approaches assessment with their own set of 

beliefs about the nature and use of data, as described above (Brown et al., 2006). 

Assessment stakeholders who subscribe to different assessment paradigms could 

potentially come into conflict with one another regarding how best to implement 

assessments in schools. That is, different stakeholders may view different scores as more 

or less useful, depending on the level of detail provided by that score and the potential 
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uses and supported inferences based on those scores, as indicated above. As a result, 

stakeholders may be more or less willing to explore the validity of different uses of 

assessment scores. Therefore, when selecting particular assessments, it is important to 

consider the stakeholders that may use the resulting scores, as well as the assessment 

paradigms to which they subscribe, as this may impact the way in which resulting scores 

are interpreted and used. In particular, the assessment as procedure paradigm provides a 

way to merge the priorities of educators who hold a measurement perspective with the 

priorities of educators who hold an inquiry perspective. As stated above, assessments 

developed from a procedure paradigm have the potential to allow instructionally-relevant 

information to be gleaned, while also allowing for reliability and validity information to 

be calculated. Therefore, assessments developed from a procedure perspective have the 

potential to have a wide impact across education systems and assessment stakeholders. 
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Appendix E 

Automatic Skills Sample Student Stimuli 

 

Figure E1. Sample student stimuli for automatic skills assessment. Retrieved from 

https://www.fastbridge.org/products/product-math/cbmmath/. 
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Appendix F 

Non-Automatic Skills Student Stimuli 

 

Figure F1. Student stimuli for non-automatic skills assessment, covering the following 

skills: 2-by-1 and 2-by-2 addition to 100.  
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Figure F2. Second grade student stimuli for non-automatic skills assessment, covering 

the following skills: 2-by-1 and 2-by-2 subtraction from 100.  
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Figure F3. Second grade student stimuli for non-automatic skills assessment, covering 

the following skills: 2-by-1 and 2-by-2 addition to 100 and 2-by-1 and 2-by-2 subtraction 

from 2-by-2 subtraction from 100.  
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Figure F4. Second grade student stimuli for non-automatic skills assessment, covering 

the following skills: 2-by-1 and 2-by-2 addition to 100, 2-by-1 and 2-by-2 subtraction 

from 2-by-2 subtraction from 100, and selected skills from lower grades.  
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Figure F5. Third grade student stimuli for non-automatic skills assessment, covering the 

following skills: 3-by-2 and 3-by-3 addition to 1000.  
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Figure F6. Third grade student stimuli for non-automatic skills assessment, covering the 

following skills: 3-by-2 and 3-by-3 subtraction from 1000.  
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Figure F7. Third grade student stimuli for non-automatic skills assessment, covering the 

following skills: 3-by-2 and 3-by-3 addition to 1000 and 3-by-2 and 3-by-3 subtraction 

from 1000.  
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Figure F8. Third grade student stimuli for non-automatic skills assessment, covering the 

following skills: 3-by-2 and 3-by-3 addition to 1000, 3-by-2 and 3-by-3 subtraction from 

1000, and selected skills from lower grades. 
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