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ABSTRACT 

 

Mathematics remains a subject many students fail to become competent in by the 

time they graduate from high school.  Most students often require one on one, 

individualized tutoring to help them reach competence. That remains a challenge since 

most classrooms are understaffed and underfunded, frequently having only one teacher in 

a overpopulated classroom.  One strategy that has been used to alleviate some of this over 

reliance on the teacher has been faded worked examples, or fading. Fading is the 

successive removal of the last steps in a series of problems until the student is solving 

problems completely on their own. The current study aimed to determine whether fading 

improves learning, and for whom. The goal was to compare fading with business as usual 

(control), worked examples with self-explanations, and fading with self-explanations. 

Specifically, I was interested in the following research questions: (1) Do the three 

experimental conditions differ in promoting posttest scores on surface area and volume? 

(2) Do the three experimental conditions differ in promoting conceptual knowledge and 

procedural knowledge of surface area and volume at posttest?  and (3) When interaction 

terms are created between student profiles and conditions within regression analyses, 

which profiles explain significant variance in posttest scores?  Repeated measures 

analysis of variance, principle axis factor analysis, and simple linear regressions were 

used to examine the differences between conditions at posttest, to create propensity 

scores, and to determine whether there were any interactions between propensity scores 

and conditions. Results indicated a significant effect of fading on posttest scores. A 

regression with propensity factors indicated that the fading conditions appeared to benefit 

low propensity students moreso than high propensity students. Findings are discussed in 
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terms of educational implications and future research that can complement these findings 

to contribute to future research.  
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CHAPTER 1 

INTRODUCTION 

 

The Research Problem 

Mathematics remains one of the most challenging subjects to teach and for 

students to learn, especially in the upper grades. Educational researchers have conducted 

a number of studies to address this problem and revealed two key findings: (1) when 

teachers not only model problem solving in a “how to” fashion but also explain the 

conceptual basis of procedures, students perform at a higher level (Crooks & Alibali, 

2014; Rittle-Johnson & Alibali, 1999) and (2) particularly strong effects of instruction 

ensue when students are tutored in a one-on-one fashion (Bloom, 1984). Until recently, 

accomplishing both goals has seemed to be impractical because financially strapped 

school systems cannot even afford the standard, more efficient approach of having one 

teacher provide instruction to 25 or more students.  

In an effort to overcome this obstacle, learning scientists and education 

researchers have tested various methods in the laboratory in order to give students one on 

one, step-by-step approaches to learning novel concepts or procedures. One of the 

methods that have been employed is fading worked examples (or “fading” for short), a 

technique that has been used to teach skills in various disciplines such as mathematics, 

engineering, and physics. In numerous domains, fading involves scaffolding much of a 

problem for a student by successively removing solution steps (e.g., the last step, then the 

second to last step) from worked examples, asking students to supply these steps, and 

continuing the process until the student is solving the entire problem without assistance 
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(Renkl, Atkinson, Maier & Staley, 2002). Fading has produced promising results 

(Schwonke, Renkl, Krieg, Wittwer, Aleven, & Salden, 2009; Moreno, 2009), suggesting 

that it is a useful technique for assisting students in topics that require computation. Its 

success has also prompted adapting the approach for use in actual classrooms.  

Although the first series of studies on fading showed its promise for producing 

significant differences between the mean scores of treatment and control groups, some 

studies showed that it was not effective for all students, likely because of the expertise 

reversal effect for students with high prior knowledge (Kalyuga, Ayres, Chandler & 

Sweller, 2010) or faded steps that required completion not being within students’ zone of 

proximal development and therefore too challenging for them to complete (Collin, 2012). 

In particular, results vary depending on students’ prior knowledge (Kalyuga, 2007). 

Students with low to average prior knowledge benefit from fading and worked examples 

more than students that are considered high prior knowledge. Further, it is unclear 

whether other characteristics besides prior knowledge would affect the relative 

effectiveness of fading for particular students.  

While worked examples have been found to improve performance on their own, 

worked examples have often been combined with self-explanations (Aleven & 

Koedinger, 2002; Berthold & Renkl, 2009; Rittle-Johnson, 2006; Schworm & Renkl, 

2006). Self-explanations are used as a way of bringing students’ attention to certain 

aspects of a problem by asking them to elaborate on why a particular step was done. This 

strategy allows students to reflect on the steps of a problem rather than passively studying 

examples. Self-explanations seem to have the added benefit of improving students’ 

conceptual knowledge of a given topic as well (Renkl & Atkinson, 2010). Because many 
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mathematics problems have several components that may require students’ attention, 

self-explanations, when paired with worked examples, encourage attention on the most 

helpful aspects of a problem (Miller-Cotto, Barbieri, & Booth, in prep). Theoretical 

accounts of the effectiveness of this technique suggest that this attention focusing 

encourages students to think about steps in the worked example that promote conceptual 

thinking, or thinking about the features in a problem or why a particular step was 

performed.  Having a self-explanation prompt, which may improve knowledge in a given 

domain, and a worked example, which reduces cognitive load is ideal. Cognitive 

overload is believed to adversely affect students’ cognitive processing and thus, prevent 

learning.  

Therefore, having both worked examples and self-explanations are said to 

mitigate this problem and promote learning. However, there are two potential problems 

with the standard cognitive load explanation. The first is that the explanation refers to 

additional constructs. For instance, the idea that a task may require resources, beyond a 

limited set of processing resources, that can be allocated to a task and possibly used up. It 

also refers to the important role of shifting attention toward favorable features of a 

problem and away from other features. This effective form of attention shifting is a core 

component of executive function (Blair, Knipe, & Gamson, 2008).  Thus, at a theoretical 

level, the standard cognitive load explanation needs to be elaborated to more explicitly 

include executive function. However, the elaborated model would support the prediction 

that the use of worked examples and self-explanations would be particularly effective for 

learners who demonstrate lower levels of executive function capacity. If worked 

examples and self-explanations works equally well for learners who are both high and 
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low in executive function capacity, this finding undermines the standard cognitive load 

explanation of why worked examples is effective. 

The second problem with research conducted within the cognitive load framework 

is that researchers typically measure the cognitive load of a problem using self-report 

measures (e.g., Bokosmaty, Sweller, & Kalyuga, 2015; Paas, Tuovinen, Tabbers, & Van 

Gerven, 2003). However, when a participant reports that a task is high on cognitive load, 

this judgment may also be based on the effects of their engaging executive functions. The 

effort required to study a worked example, avoid irrelevant stimuli like the self-

explanation prompt, and then shift from studying the worked example to interpreting the 

self-explanation prompt, or consider both stimuli at once, may not only impose cognitive 

load but also tax cognitive resources such as dimensions of executive functioning. It is 

reasonable to assume that executive functioning would then be associated with perceived 

cognitive load. Little work has been conducted to test this assumption and there is a clear 

need to use additional kinds of measures to clarify this within experimental conditions.  

Because of the way that faded worked examples, worked examples, and even both of 

these when paired with self-explanations, are formatted, these formats may impose 

greater cognitive load and reduce processing or achievement as evidenced by posttest 

scores for some students more than others. The purpose of the current study is to explore 

under what conditions faded worked examples with self-explanation is most successful in 

promoting knowledge, including procedural and conceptual knowledge, and what 

cognitive characteristics of the learner (e.g., prior knowledge, working memory, 

inhibitory control, and attention shifting skills) promote or inhibit greater learning in 

mathematics under these conditions.  
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Much of the literature has focused on the effectiveness of faded worked examples 

and self-explanations in the domains of algebra, engineering, and finance learning (Flores 

& Inan, 2014; Kissane, Kalyuga, Chandler, & Sweller, 2008; Moreno, Reisslein, & 

Ozogul, 2009; Salden, 2010). Prior work suggests that self-explanations are particularly 

useful to this end for conceptual knowledge. However, less is known about the usefulness 

of these example-based interventions in the domain of geometry and whether students 

with certain characteristics benefit more than others from various worked example 

interventions and in what ways.  At this point, what is known is that fading worked 

example solution steps is particularly beneficial for students with moderately low to 

average prior knowledge, whereas students with high prior knowledge experience high 

cognitive load as the instructional technique becomes unnecessary, or the expertise 

reversal effect (Sweller, 2012). Given this state of the field, the proposed study seeks to 

provide further tests of the effectiveness of particular combinations of fading, worked 

examples, and self-explanations in a relatively unexplored domain (geometry), a domain 

that may be less dependent on outlining procedural steps than prior examined domains, 

and consider the characteristics of students who benefit the most from fading and self-

explanations.  

Purpose 

The current study sought to examine several questions. The current study 

examined whether fading was equally effective in promoting procedural and conceptual 

knowledge when compared to fading with self-explanations or worked examples with 

self-explanations. Based on prior research, it was hypothesized that these conditions will 

both improve students’ knowledge, but the results will differ by outcome measure. 
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Fading will likely promote greater procedural knowledge, whereas conditions including 

self-explanations will likely promote greater conceptual knowledge.  

The secondary goal of the current study was determine the characteristics of students that 

benefit most from various combinations of fading and self-explanations. The current 

study examined learner characteristics that include the three dimensions of executive 

functioning: working memory, inhibitory control, and attention shifting, as well as 

learners’ prior knowledge ability, and their perceived cognitive load. Students with low 

working memory, high inhibitory control, high attention shifting, and low prior 

knowledge ability will likely benefit most from fading and self-explanation because they 

will need the most scaffolding of attention focus and reduction in information held in 

working memory. Students considered of average prior knowledge ability will benefit 

from either faded worked examples or from worked examples with self-explanations if 

they are low on working memory and also possess high inhibitory control and high 

attention shifting. Students with low attention shifting in either condition may perform 

worse if encouraged to self-explain while studying examples. It is hypothesized that 

students with low working memory will also rate their perceived cognitive load low as 

well.  

Research Questions 

The current study attempted to determine whether findings from laboratory studies 

could be replicated in a traditional classroom setting. A secondary goal was to determine 

whether some students benefitted more than others from fading based on a series of 

propensity variables. The current study’s research questions that were examined are listed 

in greater detail below.  
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1. Do the three experimental conditions differ in promoting knowledge of surface 

area and volume at posttest? 

2. Do the three experimental conditions differ in promoting conceptual knowledge 

and procedural knowledge of surface area and volume at posttest? 

3. Do the three propensity factors of working memory, attention, and perceived 

cognitive load explain additional variance in posttest performance beyond prior 

knowledge and experimental conditions? 

a. When interaction terms are created between student profiles and 

conditions within regression analyses, which profiles explain significant 

variance in posttest scores? 

Significance of the Study 

The current study attempted to make several contributions to learning 

mathematics. Mathematics plays an integral role in majors and professions that tend to 

recruit fewer students (e.g., professions in the science, technology, engineering, and 

mathematics (STEM) and medical or health science fields). In order to participate in 

these majors and professions, it is important for students to be well versed in mathematics 

in courses, such as algebra and later geometry, which would potentially prevent them 

from pursuing these majors (Chen, 2009; Matthews & Farmer, 2008; Schneider, 

Swanson, & Riegle-Crumb, 1998). Unfortunately, many students fail to reach proficiency 

in mathematics before attending college; preventing their participation in these majors 

(Tepe & New America, 2014). Algebra remains an area of difficulty for students, while 

also serving as the foundation for upper level mathematics courses, including geometry. 

However, there is a plethora of research examining various interventions to promote 
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better learning in algebra, but less work done in geometry. Geometry is an essential 

stepping stone course for trigonometry and calculus as well. STEM majors require 

facility in all of these mathematical areas. Hence, there is a need for more research into 

ways to promote higher achievement in geometry as well. Thus, the current study 

contributed to the worked examples literature by examining whether this intervention 

strategy is effective in geometry.  

Further, although there is a plethora of literature on worked examples regarding 

conceptual and procedural knowledge in mathematics, little is known about how these 

constructs are improved when using fading with and without self-explanations. The 

current study examined whether any or all of these intervention techniques are effective 

and if so, whether one technique is more effective for procedural knowledge while others 

may be effective for conceptual knowledge. Examining this aspect of the intervention 

will allow educators and researchers to better understand under what conditions these 

interventions are most effective rather than attempting to create and employ a one size 

fits all method to improving mathematics learning.  

Similarly, because it is generally understood that a one size fits all approach is not 

ideal when teaching mathematics, the current study examined learner characteristics that 

benefit from these intervention methods and under what conditions. Executive function 

research suggests that these dimensions are highly correlated to mathematics 

achievement. More specifically, there is a strong correlation between mathematical 

ability and verbal updating (Friso-van de Bos, van der Ven, Kroesbergen, & van Luit, 

2013). This may be the case when an individual must store information and continue to 

update it briefly when problem solving, ignoring, or inhibiting, the urge to utilize certain 
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arithmetic strategies when problem solving or information that irrelevant to the problem’s 

solution (Bull & Lee, 2014). Types of mathematical tasks are also correlated differently 

depending on the type of working memory measure. Presumably, it is useful to examine 

the role of executive functioning dimensions and determine which dimensions play a role 

in worked example learning to determine which students benefit most. Understanding this 

would allow researchers to improve on these interventions in order to adapt to the needs 

of the learner.   

While understanding the role of executive function in mathematical problem 

solving, the current study also examined the relationship between working memory and 

perceived cognitive load. As previously mentioned, prior literature that examined 

cognitive load often included self-report measures. Although, cognitive load could be a 

process that the individual is generally unaware of, and thus self-report may not be the 

most accurate measure of this implicit process, the current study contributes to this body 

of research by determining whether cognitive resources are indeed taxed when greater 

load is imposed during problem solving.  

Definition of Terms 

Below is a list of key terms and corresponding definitions used throughout the current 

proposal. 

• attention shifting: refers to one’s cognitive flexibility, or one’s ability to switch 

focus between closely related aspects of dimensions of a specific object or aspects 

of a task (Blair, Knipe, & Gamon, 2008).  It is argued to be a core aspect of the 

executive function construct (Miyake et al., 2000) 
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• cognitive load theory: coined by John Sweller (Sweller, 1998) referring to the 

theory used to explain why some instructional methods increase learning more 

than others due to the processing limitations imposed by working memory.  

• conceptual knowledge: the knowledge required to understand mathematical 

relationships and categories (e.g., “equivalence,” “greater than”, “factors,” 

“integers”, etc.), interpret mathematical symbols (e.g., “3”, “X”, “=”), or 

understand how and why a procedure has its effects and is the correct way to 

proceed (Byrnes & Wasik, 1991; Booth, 2011; Schneider & Stern, 2010; Rittle-

Johnson & Star, 2011). 

• executive function: refers to the interrelated cognitive processes of holding 

information in memory and manipulating it for later use, ignoring distractions, 

inhibiting inappropriate responses, and shifting between tasks (Best, Miller, & 

Naglieri, 2011). Initially posited as the set of skills that are lost with frontal lobe 

damage (Luria, 1973), though more recent work has shown that frontal-parietal 

networks are involved in both attention and working memory performance 

(Byrnes, 2012) 

• expertise reversal effect: a compound effect relying on other cognitive load 

effects in combination with levels of expertise. After a learner moves from being 

a novice and closer to being an expert, information becomes less complex often 

leading to a decrease in cognitive load; interventions designed to reduce cognitive 

load then have the reverse effect because they unnecessarily refocus attention on 

worked examples and other features (Sweller, 2012).  
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• fading: or faded worked examples, this technique involves scaffolding much of a 

problem for a student by first showing all steps of a worked solution but then 

gradually fading out the first step, then the second step, or in other instances, 

proceeding from the last step back to the first, until the student is solving the 

entire problem without assistance (Renkl, Atkinson, Maier & Staley, 2002; 

Sweller, 2012). 

• inhibitory control: the ability to ignore a previously learned stimulus-response 

association (Blair, Knipe, & Gamon, 2008). Also refers to the ability to ignore 

stimuli irrelevant to a learning task.  

• perceived cognitive load: learner ratings of cognitive load experienced during 

problem solving. Learners are required to rate the cognitive load they experienced 

as they solve problems (Bokosmaty, Sweller, & Kalyuga, 2015).  

• prior knowledge: item-specific concepts, procedures, and schemata stored in long-

term memory (Byrnes & Takahira, 1994).  

• procedural knowledge: knowledge of procedures needed to solve a problem or 

knowing how to solve a problem (Byrnes, 2008). 

• self-explanations: often paired with worked examples, includes prompts that 

encourage students to explain the reason for employing a specific problem solving 

strategy or to explain why they themselves utilized a strategy versus an alternative 

one.  

• split attention effect: occurs when information and diagrams are not physically 

integrated, increasing cognitive load and potentially preventing learning. When 

this occurs, the individual is forced to hold information in working memory while 
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searching for supplementary information to make sense of the problem (Sweller, 

2012).  

• worked examples: examples that include the problem and corresponding solution 

steps. Sweller (1998) believed this was an effective instructional strategy to 

reduce cognitive load and ensure learning.  

• working memory: the ability to maintain information while processing the same 

information or other information at the same time. Processing includes 

manipulating information or simply maintaining it before using it at a later time. It 

consists of two subareas: the visuo-spatial sketchpad and the phonological loop. 

The visuo-spatial sketchpad creates and processes mental images while storing 

them temporarily, while the phonological loop is responsible for processing 

verbal information and temporary storage (Swanson & Alloway, 2012). Working 

memory is a transient, limited processing resource meaning that it can only hold a 

certain amount of information at a time and only for a specific amount of time 

(unless rehearsal is employed). Working memory differs from short-term memory 

in that the former requires not only the temporary storage of information but also 

the manipulation of this information and intentional attention shifts. 

Organization of the Remaining Chapters 

The present chapter outlined the statement of the problem, the research questions, 

and the significance of the current study. Chapter 2 contains a more comprehensive 

review of related theory and literature that specifically delves into the role of prior 

knowledge, executive functioning, and perceived cognitive load in business as usual tasks 

and studying worked examples from a cognitive processes perspective. Chapter 3 
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includes a detailed breakdown of the participants in the study, study measures, 

methodological and statistical procedures employed in the study. Chapter 4 will detail the 

analyses consistent with the current study’s research questions as well as additional 

analyses that were of interest. Finally, Chapter 5 will make sense of the current study’s 

findings in terms of existing theories, discuss areas for future research, and offer advice 

to educators.  
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CHAPTER 2 

LITERATURE REVIEW 

 

Chapter Overview 

Worked examples are associated with increases in student learning when 

formatted as faded worked examples or combined with self-explanations. However, the 

effectiveness of worked examples varies depending on characteristics of the learner. 

Understanding what characteristics are integral to the process is important for developing 

a better understanding of how to employ this instructional technique. The current study 

sought to examine what characteristics of student learners allow faded worked examples 

to be most advantageous. To this end, the current chapter will serve as a review of the 

literature. It is organized as follows: the first section reviews components of 

mathematical problem solving expertise to provide an overview of the field in which the 

worked examples literature is embedded. The second section will examine the 

effectiveness of worked examples as they relate to the use of fading and self-

explanations. Most prior accounts of this literature emphasize the general, mean 

effectiveness of these techniques for all students. In the present chapter, I will affirm this 

conclusion but also extend this literature by noting that these techniques seem to work 

better for some experimental participants than others. The existence of individual 

differences in responsiveness to learning opportunities sets the stage for a discussion of 

the Opportunity-Propensity model of achievement, which is provided in the third section 

of this chapter. The fourth section will examine the specific learner characteristics of 

interest in the current study: prior knowledge as it pertains to expertise theory, and 
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executive functions, which include working memory, inhibition and attention; these 

characteristics are associated with achievement in mathematics and thus are of great 

interest. The fifth section will address what is still not yet known about fading and 

worked examples with regard to learner characteristics and the effectiveness of fading 

and worked examples. This section will examine the characteristics associated with 

learners who benefit from example based current study’s research questions.  

Overview: The Nature of Problem Solving Expertise in Mathematics 

  To understand why researchers who study worked examples appeal to specific 

variables in their studies (e.g., conceptual knowledge, cognitive load, etc.), it is helpful to 

begin by noting that students who are presented with a worked example are asked to 

engage in a form of mathematical problem solving, or discovering, analyzing, and solving 

problems. In acknowledging this fact, a researcher can appeal to both the general 

literature on problem solving and the specific literature on mathematical problem solving 

for insight into factors that promote success. To illuminate this idea, this review turns to a 

discussion on Information Processing Theory. 

Information Processing Theory 

The general literature on problem solving has its roots in the classical Information 

Processing model of Newell and Simon (1972). This model emphasizes four aspects of 

performance:  

(1) the goal-directed character of problem solving, in which an individual sets a goal, 

envisions its attainment (e.g., a math problem fully solved), and tries to also 

envision various possible solution paths or steps that intervene between the 

current state and the end state;  
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(2)  the fact that the human mind has limited capacity in the sense that it can only 

hold and process a limited amount of information at one time. Simple, familiar 

problems tax the processing system less than complex, unfamiliar, and multi-step 

problems;  

(3)  knowledge is stored in the form of either relevant facts or solution steps. The 

collection of facts needed to solve a problem was called declarative knowledge 

and knowledge of the sequences of solution steps was called procedural 

knowledge;  

(4)  memory capacity can be divided into two “stores”: the long term store (LTM) 

which holds all of an individual’s declarative and procedural knowledge, and the 

short term store (STM) which can temporarily hold a limited amount of 

information recalled from long term memory or encoded from a situation. 

To help explain why some problem solvers were more successful than others, 

information processing theorists regularly contrasted the performance of highly skilled 

individuals in some domain (e.g., chess, mathematics, radiology, etc.) to less skilled 

individuals. The former were called “experts” and the latter were called “novices.” After 

many such studies were conducted, reviews of the literature revealed the following 

differences between experts and novices: (a) experts were not more intelligent than 

novices, but the former do have much more domain-specific declarative and procedural 

knowledge stored in long term memory than the latter; (b) knowledge in experts is more 

hierarchically organized and grounded in higher level principles; (c) experts use more 

efficient and effective solution strategies and well as rules of thumb; novices use less 

efficient, less effective strategies such as “means-end” analysis in which they envision 
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the present state and goal state and think of small steps that incrementally reduce the 

differences between the current state and goal state; (d) through years of experience 

solving certain kinds of problems, experts immediately recognize situations that call for 

certain solutions, retrieve these well-practiced steps from LTM, and also carry out the 

steps in an automated fashion that requires very little attentional resources; novices, in 

contrast, struggle to find solutions and utilize a great deal of attentional resources 

especially when carrying out means ends analysis (Byrnes, 2008; Ericsson, Nandagopal, 

& Roring, 2009; Sweller, 2012). 

In addition to revealing these common differences between experts and novices in 

various domains, expertise theorists have also revealed other differences that vary by 

domain. Building on this work and adding their own perspective, researchers who study 

mathematical problem solving have argued that mathematical expertise consists of four 

key components (Byrnes, 2008). These components are outlined in detail below. 

Components of Highly Skilled Individuals 

First, mathematical expertise requires that one think of mathematics as a 

meaningful, goal directed activity that leads to practical and theoretical problem solving 

(Byrnes, 2008). Rather than thinking of mathematics as a series of facts and procedures, 

mathematical experts think of math as a way of solving everyday or hypothetical 

problems. This might include first identifying the usefulness of mathematics when 

determining how much carpet to buy for a 12 x 16 bedroom and then using their 

knowledge to determine the total amount of carpet (surface area of the room).  

The second component is having the vast amount of knowledge necessary to solve 

a wide range of problems, particularly declarative, procedural, and conceptual knowledge 
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(Byrnes, 2008). Declarative knowledge refers to the knowledge of facts in a given 

domain (e.g. 6 x 6 = 36, the square root of 100, etc). However, while declarative 

knowledge is of importance in mathematical knowledge, one can have declarative 

knowledge and still be incapable of solving problems procedurally; having procedural 

knowledge is necessary. Procedural knowledge refers to one’s knowledge of a procedure 

for a specific problem including (but not limited to) finding the area of a 2 or 3 

dimensional figure. 

 Of course, it is necessary to understand when certain procedures are appropriate 

versus others, or having the conceptual knowledge to determine what contexts are 

appropriate for which procedures. Conceptual knowledge involves understanding the 

meaning of certain mathematical facts and procedures (i.e., why a fact is true, why a 

procedure needs to be performed a certain way), the relation between symbols and their 

referents, the cardinal and ordinal representations of various mathematical entities 

(Byrnes, 2008), and the meaning of features in a problem (Booth, 2011). Having 

conceptual knowledge also allows an individual to learn procedures and retain these 

procedures for later use with unfamiliar problems primarily because they understand why 

they conducted a procedure (Crooks & Alibali, 2014). Finally, conceptual knowledge can 

form the basis of the ability to recreate or invent procedures. Having these three types of 

mathematical knowledge would be of great help to an individual when identifying and 

choosing strategies for problem solving. Note that the theoretical addition of conceptual 

knowledge to account is an important difference between information processing 

theorists and scholars who study mathematical problem solving (e.g., developmental and 

educational psychologists; math educators).  
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The third component of mathematical expertise involves demonstrating an 

efficient and flexible approach to problem solving (Byrnes, 2008). Although it is 

important to be knowledgeable of specific goal-directed actions, number-specific 

algorithms, generalized strategies, and heuristics to solve certain kinds of problems, it is 

also important to have estimation (Booth & Siegler, 2006) and graphing skills to solve a 

wider range of problems. Estimation skills are necessary for determining the likelihood of 

answers on timed tests (e.g. SAT, GRE). These skills are dependent, however, on having 

the three types of mathematical knowledge, though having them does not ensure 

estimation skills. Graphing skills are useful for determining functional relationships in the 

world. These skills are necessary for reading graphs, charts, and graphical information in 

order to understand patterns in data (Byrnes, 2008; Lehrer, 2007). Having a certain 

amount of prior knowledge in addition to skills that are not domain specific, like 

estimation skills and graphing, is necessary to choose between methods that will likely be 

most effective in problem solving, rather than using a method that is easiest for the 

individual.  

Finally, the fourth component includes demonstrating adaptive mathematical 

behaviors that would allow them to use their knowledge in novel situations (Anderman, 

Eccles, Yoon, Roeser, Wigfield, & Blumenfeld, 2001; Byrnes, 2008). Students that have 

these adaptive behaviors would be able to use strategies they’ve learned in certain 

contexts and identify how such strategies would be used in others. This might include 

having experience solving an algebraic problem for one variable (e.g., x + 5 = 25) and 

then identifying the same procedure for word problem that requires the same steps to 

solve it (e.g., “John bought a box of 25 puzzle pieces but he can only find 5. How many 
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puzzle pieces is he missing in total?”). As the preceding account suggests, it is 

advantageous for individuals to have a knowledge set from which to retrieve information 

when solving problems that are similar. This set could include procedural and conceptual 

knowledge for foundational aspects of the problem. Byrnes (2008) argues that problem 

solving exists in levels of abstraction. At the most basic level, specific algorithms exist 

that are restricted to a set of situations (e.g., the least common denominator method for 

adding fractions). However, an individual has to recognize that such algorithms are 

appropriate for particular situations. When problems seem unfamiliar, effective problem 

solvers construct strategies in which specific solutions steps are arranged that may 

include the use of the specific algorithms. Since strategies are not tied to specific 

contexts, they tend to be of a higher level of abstraction than specific algorithms. 

Strategies are plans that first determine how the problem will be solved, including the 

overall goal of the problem and mini-goals that coalesce to solve the overall goal (“First I 

need to find X, then I need to solve for Y…”). Constructing such strategies shows how 

solving math problems are similar to solving problems in other domains since the process 

is similar. Acknowledging the problem state and the goal state involves mentally 

mapping what the steps of the problem between these two states might include. Strategy 

construction is dependent on the types of knowledge and whether the individual already 

has the ability to identify problem categories and the necessary ways to solve them. 

Relatedly, this review now turns to a discussion on these types of knowledge and 

knowledge categories.  

Knowledge Development and Schemata 
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As previously mentioned, in order for an individual to develop better strategies as 

they become more familiar with specific problems over time, this same individual should 

have a good amount of procedural, declarative, and conceptual knowledge to work from 

to solve these problems. Procedural knowledge will likely allow the individual to 

determine what steps are required to fulfill the problem goal, while declarative 

knowledge would allow them to solve more basic aspects of the problem. For instance, if 

a student is learning to solve an algebraic equation 4x + 5 = 20, they would first need to 

determine what 20 – 5 is. Students who have the answer to this problem stored in 

memory (a math fact) would be said to have the declarative knowledge needed for this 

step. Those who do not would have to perform the calculation, thereby showing their 

procedural knowledge of how to subtract two numbers. The procedural also includes 

knowing that they must find ways to get the variable x by itself, and subtracting the 5 

from both sides of the equation is one way to achieve that end. Conceptual knowledge 

would discourage the student from making errors as well promote their ability to retain 

these procedures over time (Byrnes, 2008; Crooks & Alibali, 2014). Conceptual 

knowledge in the aforementioned example might also allow the student to schematize 

algebraic equations, allowing the student to create a mental collection of problems that 

are similar or how these problems are related, such as the relatedness of similar problem 

solving strategies. Students develop this conceptual knowledge as they attempt to 

understand these procedures and facts, determine how the problem and components of 

the problem are related to other problems or procedures they’ve seen before, and then 

create representations, or schemata, after encountering similar problems over a period of 

time (Chen, Kayluga & Sweller, 2015). Other aspects of conceptual knowledge for this 
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problem include understanding what a variable is, the notion of equivalence (that the 

quantity on the left of the equal sign must equal that on the right), and why one must 

perform the same operation on both sides the equation in order to preserve the 

equivalence.  

In developing schemata, individuals create mental representations over time of 

problems they have encountered in the past. They often group these problems based 

various types of problem features; sometimes these features include the way the problem 

is mapped out, and over time, these mental categories of problems might evolve to 

include problems that are solved in similar ways though structurally they look very 

different. To illustrate, Squire and Bryant (2002) found that children begin to show 

mastery of division problems when they rely on their mental models of similar problems 

and suggest that it is important for children to have exposure to novel problems so over 

time they continue to understand solutions associated with these problems and can 

continue to adjust their schemata.  

One core principle of both classical information processing theory and Expertise 

theory is that an effective (and primary) way to promote problem solving expertise is 

make sure that learners engage in many rounds of deliberate practice in order to make 

unfamiliar problems more familiar and routine (Ericsson, Nandagopal, & Roring, 2009). 

However, beginning in the 1980s, researchers started to find that practicing problems that 

are unfamiliar to a learner does not always produce favorable results. Sweller (1988) 

argued that novice learners, because they are unfamiliar with a given topic tend to 

perform poorly not only because of their status as a novice but also because unfamiliar 

problems seem to tax their cognitive resources. In the next section of this chapter, 
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Sweller’s explanation of this phenomenon and suggested ways to remediate it are 

discussed in more detail.  

Theoretical Perspectives on Worked Examples, Fading, and Self-Explanations 

The current study employed traditional worked examples, fading, and self-

explanations to improve performance on geometry problems. Researchers who have used 

these techniques have often grounded their predictions in Sweller’s Cognitive Load 

Theory (CLT) (Sweller, 2006; 2012). In the following sections it will be come clear that 

CLT is very much aligned with classical information processing theory and Expertise 

theory. 

Theoretical Perspectives 

Sweller (2006; 2012) argued that instruction will be much more effective if it is 

aligned with human cognitive architecture.  Human cognitive architecture is defined as 

the way in which cognitive structures function in organizing and processing information 

(Sweller, 2012). In accordance with our human cognitive architecture, Sweller suggests 

that when developing instruction one should consider human cognitive capacity to ensure 

that cognitive load is reduced. More specifically, the goal of instruction should be to free 

up working memory from unnecessary distractions in order to facilitate learning (Sweller, 

2006; 2012). The taxing of working memory resources thus prevents learning or 

schematization, from occurring.   

Relatedly, CLT suggests there are three types of load addressed. Intrinsic load 

refers to the type of load that is imposed by the elements of a problem that must be 

attended to. It is a function of both the number of interacting elements in a problem and 

the expertise of the learner. A problem such as “4 + 3 = 7” might have considerable 
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intrinsic load for a first grader who must process the five symbols in the problem as five 

separate units of information but have less cognitive load for a fifth grader who “chunks” 

in elements into a single unit (Chen et al, 2015). The key variable that determines 

cognitive load for the novice is element interactivity. As Chen et al. argue: 

“…interacting elements can be defined as elements of information that must be 

processed simultaneously in working memory to achieve understanding because 

they are logically related…but that have not as yet been integrated and stored in 

long-term memory as single chunk or schema. The estimated number of 

interactive elements that must be dealt with by a given individual or group of 

individuals performing a particular task or learning a particular concept or 

procedure can be counted. The total number of interactive elements indicates the 

level of element interactivity for the learner (p. 3).” 

 

If a novice learner experiences too much load, problem solving slows down and 

learning is prevented. Experiencing excessively high intrinsic cognitive load would 

exceed the allowable number of cognitive resources needed to solve a problem (Renkl & 

Atkinson, 2010). Given the level of expertise of the learner, intrinsic cognitive load 

cannot be altered through an intervention. 

However, extraneous cognitive load can be reduced via instructional approach or 

the manner in which a problem is presented. It is the extra cognitive load imposed by 

instruction (Chen et al, 2015). Instruction that is properly formatted would assist in 

freeing up cognitive resources necessary for learning. As previously mentioned, one 

would be able to distribute loads between the learning phase and the problem solving 
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phase. Designing instruction is important to reduce extraneous cognitive load (Moreno & 

Mayer, 2010). The goal of instruction, therefore, should be to design instruction that does 

not have a goal state, but rather focuses the attention on learning initially until the student 

is ready (Kalyuga, 2010). Early knowledge acquisition should focus primarily on 

studying the problem and solution; once learners have mastered a knowledge domain, 

problem solving can commence (Kalyuga, 2010; Sweller, 2012).  

The final type of proposed load, though sometimes included as a component of 

intrinsic load in CLT, is germane load. Germane load is brought on by devoting cognitive 

resources to learning automation or schema acquisition (Chen et al., 2015; Moreno & 

Mayer, 2010). It is the cognitive load or effort needed for learning to occur, including the 

working memory effort used with intrinsic load (Kalyuga, 2011). For schema creation to 

occur, an individual must expend effort in creating these organized structures; this effort 

is germane load. CLT theorists also suggest that when presenting information a specific 

way, load can change, also referred to as the additivity hypothesis (Moreno & Mayer, 

2010). If an individual is to successfully learn new information, the three kinds of load 

presented here cannot exceed the allotted number of resources in working memory. 

Having resources available is an essential component in allowing learning to occur.  

One way that this theory predicts whether certain teaching strategies are presented 

effectively is by using students’ prior knowledge. Tasks are high in element interactivity 

for learners with lower levels of experience when they take a trial and error approach to 

problem solving. More experienced learners with more information in long-term memory 

to work with add this information to their memory stores.  These experienced learners 

can retrieve relevant schema from long-term memory for problem solving tasks and 
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transfer them to working memory to solve a problem, changing the element interactivity 

and intrinsic cognitive load. One goal of CLT is to determine what ways instruction can 

be structured to support cognitive structures and the way they operate.  Instruction should 

consider this information in an effort to be most effective.  

Earlier interpretations of the CLT suggested that when individuals are solving a 

problem, much of their cognitive effort is devoted to a mean-ends analysis, or the current 

problem state (the problem) and the goal state (the solution). This process, particularly 

for novice learners, imposes greater cognitive load, which prevents the learner from 

solving the problem or gaining any additional knowledge.  Learners are devoting most of 

their cognitive resources to figuring out what steps are needed between the problem and 

the solution. If the learner were inexperienced, this would impose greater cognitive load. 

CLT suggests, in an effort to remedy this problem, that instructional designs need to 

focus their efforts on findings ways where students can distribute their cognitive 

resources during the learning phase and the problem solving phase, but not both 

simultaneously (Renkl & Atkinson, 2010). Simultaneous focus would place demands on 

cognitive processes and inhibit learning.   

Problems with Cognitive Load Theory 

When measuring cognitive load, researchers have used three primary methods. 

The first and most common has been self-report Likert scale in which individuals must 

indicate the amount of mental effort they used to solve a given task (Paas, 1992; 

DeLeeuw & Mayer, 2008). A second way that cognitive load is measured is to have 

students react (reaction time) to a change in the stimulus unrelated to the learning task. 

The change in reaction time is believed to be indicative of the cognitive load experienced 
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(Brunken, Steinbacher, Plaas, & Leutner, 2002). Of course, these methods have 

challenges and limitations; they may not adequately capture the actual load experienced. 

Individuals may not be aware of the type of load experienced and incorrectly self-report. 

Further, reaction time may be confounded with other factors, such as cognitive 

processing or IQ, and thus do not accurately measure reaction time associated with 

cognitive load. Neither of these measures would accurately measure the three types of 

proposed cognitive load. Thus, one must infer which type of load is measured, which is 

not very informative. A third approach Sweller and colleagues recently cite pertains to 

counting the number of elements that must be attended to and interrelated (e.g., Chen et 

al, 2015). However, it has been a long-standing problem in cognitive psychology in how 

to measure complexity and most accounts assume that complexity cannot be equated 

simply with the number of elements (Birney, Halford, & Andrews, 2006). Opponents of 

this view argue that measuring element interactivity has not been adequately articulated 

(Karpicke & Aue, 2015) and thus make inferences difficult.  

Indeed, many researchers consider CLT problematic. Kalyuga (2011) argued that 

though CLT proposes three types of cognitive load, germane load adds very little benefit 

or predictive power to the theory though it is deemed a separate part of CLT. It is argued 

that germane load be regarded as a component of intrinsic load rather than its own entity 

and that intrinsic load is associated with any type of cognitive activity that results in 

learning. Further, because germane load is the cognitive process that occurs during 

schema acquisition, this process in itself may impose intrinsic load. Germane load might 

simply be a product of intrinsic load during learning. Nevertheless, considering types of 
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load associated with learning should allow researchers to develop ways to facilitate 

learning despite cognitive load.  

Worked Examples 

In an effort to allow this learning to occur, CLT theorists suggest using worked 

examples to reduce cognitive load (Moreno & Mayer, 2010; Sweller, 2012). Worked 

examples have been suggested as an example of instruction that reduces this load. 

Similarly, the worked example effect (Sweller & Cooper, 1985) refers to the opportunity 

for the learner to study worked out solution steps, rather than having to focus on problem 

solving  or business as usual, which places high cognitive processing demands on the 

learner (Sweller, 2006). Theorists attribute these high demands to learners resorting to the 

aforementioned means-ends analysis, or the attempt to determine the steps between one’s 

current state and the goal state (Sweller, 2012). When using worked examples, students 

are encouraged to study the worked examples as a learning tool, rather than using 

cognitive resources to solve the problem and inhibiting learning. For learning to occur the 

student would need to first study the problem and then solve it during a separate task to 

preserve working memory resources. The worked example effect would suggest that this 

is the case. Using worked examples is suggested for novice learners who have not yet 

mastered the skills required to solve a given problem. During the early phases of learning, 

it is necessary for them to study examples and solve similar problems, or example-

problem pairs. During this stage learners are attempting to gain a fundamental 

understanding of the topic. At this point, learners are devoting cognitive resources to 

studying as opposed to taxing resources used for problem solving. As learning 

progresses, learners attempt to understand when to apply these procedures, essentially 
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determining an associated principle (this is where self-explaining may occur; Renkl & 

Atkinson, 2010). This affords them the opportunity for schema acquisition and 

automation. In the later stages, when actual problem solving begins, learners begin to 

apply these procedures and can solve problems quicker with greater accuracy. If an 

individual were to solve problems instead of studying a worked example, this principle 

suggests that cognitive load would increase (Moreno & Mayer, 2010). Once the learner 

has mastered the procedure, they can then begin to solve problems and reduce their study 

time. Otherwise, further mastery is also prevented from occurring. In fact, studying 

examples during the later stages of learning can also be as detrimental as using problem 

solving only initially (Renkl & Atkinson, 2010), or the so-called expertise reversal effect. 

Proponents of worked example instruction argue that unscaffolded problem solving taxes 

one’s working memory, increasing the problem’s extraneous load and requiring one to 

expend more working memory on solving the problem as opposed to learning the 

relevant aspects of the problem. The worked example approach is said to ameliorate this 

load. 

Worked examples by themselves would not necessarily encourage the learner to 

engage in more cognitive effort than unaided problem solving. In fact, learners usually 

report spending more cognitive effort in unaided problem solving (Chen et al., 2015). If 

worked examples encouraged more effort, one could argue that the real causal factor at 

work is the generation effect, not a reduction in cognitive load. The generation effect has 

been found in many studies of memory, where instructions that encourage learners to 

process the material more by coming up with their own elaborations improve memory 

performance (Riefer, Chien, & Reimer, 2008; Slamecka & Graf, 1978). Theorists assert 
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that generation promotes learning by encouraging learners to exert greater cognitive 

effort; cognitive effort is required to identify a stimulus and would thus require 

meticulous discrimination of stimuli by encouraging elaboration of stimuli rather than 

passively reading for encoding. A variety of studies have shown that generating 

responses when completing sentences or word pairs leads to better performance rather 

than reading complete sentence or word pairs (Chen et al., 2015). Constructivist 

researchers appeal to the generation effect as a reason for not using direct instruction 

methods but rather use discovery approaches. Chen et al. (2015) showed that the 

generation effect could be used to explain improvement for memory of formulae when 

they have to invite these formulae themselves. However, the cognitive load explanation is 

more effective in explaining improved performance in novices for problems with high 

intrinsic load.  

Besides CLT and the generation effect, an alternative explanation for the 

effectiveness of example-based learning can be reasoned using social cognitive theory 

(Van Gog & Rummel, 2010). Social cognitive theory encompasses components related to 

modeling examples necessary for learning. The idea is that individuals observe others 

performing a task, whether they’re observing a peer or a teacher performing this task, and 

based on this example they can direct their own behavior. Individuals should be first 

represented with an example that can allow them a reference in their own behavior 

(Bandura, 1986). Essentially, CLT and social cognitive theory are promoting learning 

from examples, or learning from an external source of modeling. Chen et al. (2015) refer 

to this phenomenon as illustrating a “borrowing and reorganizing” principle. Although 

modeling and example-based learning have been previously viewed as two different 



 31 

methods of learning, a plausible argument could be that worked examples are a type of 

modeling (Van Gog & Rummel, 2010). It is important to note, however, that social-

cognitive theory was not originally intended to specifically and exclusively explain 

classroom learning the way that CLT was conceptualized; rather, social-cognitive theory 

is designed to explain how learners internalize any cognitive process (including social 

cognitive skills, language, etc.). Though, it can be easily applied to learning with the use 

of worked examples in a classroom context. Similar to CLT, social learning theorists 

would agree that learners would likely not improve without modeling someone who 

possesses the skill and would not likely happen upon the right answer via random chance. 

Essentially, learning through example-based learning or modeling encourages 

learners to examine multiple representations of a given procedure. After engaging in this 

process after a series of iterations, they should create a schema for the types of problems 

that they examined and the processes associated with these problems.  These processes 

may not necessarily be identical, but the learner should then identify when certain 

processes are necessary and when alternative procedures are needed. In doing this, 

learners create a cognitive schema as a way of understanding how to solve similar 

problems when they encounter them and what procedures to employ. They then should 

create their own representations based on each of these examples to reference at a later 

time, retrieving these procedures and using them for their own problem solving.  

Faded Worked Examples 

Similar to this modeling approach, fading is also a method used to model problem 

solving steps to reach the goal state of the problem. It is easy to assume that most 

students would most benefit from an instructional practice that first guides students in 
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small steps based on their current status of knowledge, slowly building on those steps 

until they have learned to master an entire problem on their own. This assumption is 

largely what drives the fading effect. In a typical fading instruction situation, an 

experimenter or instructor scaffolds much of a problem for a student by gradually fading 

out the first step, then the second step (forward fading), or in other instances, the last step, 

and the second to last step, until the student is solving the entire problem without 

assistance (backward fading; Renkl, Atkinson, Maier & Staley, 2002).  

Fading comes from the idea of scaffolding, derived from the structures used by 

masons to lay the foundation for architectural structures (Byrnes, 2008). In education, 

scaffolding is used to describe the social interaction process between a teacher or 

advanced students and students that are less capable of solving a specific problem (Wood, 

Bruner, & Ross, 1976).  This idea comes from Vygotsky’s notion of the zone of proximal 

development (Vytgotsky, 1978), or ZPD; according to this idea Vygotsky asserts that 

skills are refined progressively through social interaction, whether that interaction is from 

a teacher or a more advanced student. The novice level occurs during the early stages of 

practice and the mastery level occurs during the later stages. Students practice until they 

reach the mastery level of understanding. Vygotsky suggested that the ZPD was the 

distance between where the student actually was developmentally, evidenced by the 

problem solving ability, and their level of potential development. As opportunities for 

practice and interaction accumulate, these children eventually are able to solve these 

problems on their own (Byrnes, 2008). 

Sometimes referred to as the guidance fading effect (Renkl & Atkinson, 2003; 

Sweller, 2012), theorists also suggest that since expert problem solvers benefit most from 
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problem solving while novices benefit most from studying worked examples, then 

another approach would be to begin to fade each of the steps from a worked example for 

novice learners until they can successfully solve problems without needing to study the 

worked example (Sweller, 2012). The guidance effect is said to have occurred when 

learners learn more if guidance is faded from a worked example with all the solution 

steps to a full problem as compared to conditions that include problem solving alone and 

worked examples alone. As a learner’s level of expertise increases the worked examples 

would presumably be faded out to become successively closer to a problem. Learners 

would then practice problems instead of studying the worked examples (Sweller, 2012). 

Thus, within the CLT framework, going from full worked examples to problems alone, 

with a series of faded steps in between, is believed to improve learning in stages while 

employing strategies that decrease cognitive load, continuing to be useful for the learning 

as their knowledge increases. It is also helpful to improve knowledge by adding aspects 

to the intervention to facilitate this.  

Worked Examples and Self-Explanations 

To facilitate improvements beyond worked examples, Sweller and colleagues 

(2012) have also suggested that self-explanations are a productive strategy that 

encourages students to engage in deep processing. As part of the elaboration principle 

(Moreno & Mayer, 2010), students benefit from responding to "why" questions, as the 

amount of deep processing from which students benefit will be dependent on how much 

effort they put in to responding to these questions and whether they can find 

relationships, create rules and exceptions to the rules during their problem solving, and 

reflect on these processes. In fact, previous research suggests that good problem solvers 
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self-explain without prompting (for a review, see Renkl & Atkinson, 2010). While poor 

problem solvers do not engage in this process automatically, by encouraging self-

explanations, one can encourage students to engage in this process increasingly over 

time. If done correctly, self-explanations encourage learners, if they are not already doing 

so, to see how concepts relate to one another, test their theories about these relationships, 

and reflect on these procedures. Responding to self-explanation prompts should 

encourage students to focus on aspects of a problem they may have missed by simply 

studying a worked example or business as usual. By encouraging this self-explanation 

process, instructors encourage learners to engage in tasks, like elaboration, they will 

benefit them at a later time.  

While many of the experiments using worked examples alone have exhibited 

increases in both procedural and conceptual knowledge in mathematics, many studies 

often demonstrate non-significant increases in conceptual knowledge scores on outcomes 

measures (e.g., Fyfe, DeCaro, & Rittle-Johnson, 2014; Rittle-Johnson, 2006). It is 

possible that worked examples simply encourage greater procedural knowledge, while 

students may not yet understand what they are doing and why. It is also likely that the 

prompts used in some studies do not map on to the way conceptual knowledge is being 

measured at posttest. This can pose a problem as students encounter more problems with 

similarities yet subtle differences. Without the conceptual knowledge needed to ascertain 

these subtle differences, students will likely make errors and confuse the appropriate 

solution steps for any given problem.  

When pairing worked examples with self-explanation prompts, research suggests 

that increased benefits of math learning emerge due to cognitive load reduction (Berthold 
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et al, 2009). When using a worked example, self-explanation requires the student to 

explain how or why a solution step was employed in a problem, a meta-cognitive 

strategy. The self-explanation method prompts students to explain a strategy they used to 

solve a problem or to explain why a certain strategy in a worked example was used 

(Siegler & Chen, 2008). Chi, Bassok, Lewis, Reimann, and Glaser (1989) demonstrated 

that students who engaged in this process by justifying problem solving processes learned 

more than those who only examined surface features of an example. Although not 

originally discussed within the CLT framework, Sweller, Ayres, and Kalyuga (2011) 

suggest that self-explanations encourage learners to create interactions that are associated 

with various components of a worked example to one another and their prior knowledge. 

Further, they also suggest that in order to process these components, adequate working 

memory capacity is necessary. Presumably, self-explanations would likely be beneficial 

for learners that can more readily self-explain (Sweller et al., 2011).  

Self-explanation researchers suggest that self-explanation is increasingly effective 

when students are encouraged to elaborate on the principles that undergird a procedure. 

This is believed to encourage conceptual understanding (Renkl & Atkinson, 2007). 

Prompts should then encourage students to think more about the concepts within a 

problem rather than procedures (Berthold, et al., 2009). Essentially, as noted above, what 

could be occurring is the generation effect, or the cognitive act of generating (Slamecka 

& Graf, 1978). When compared to simply reading and re-reading the same information, 

generating is believed to have long lasting positive impact on memory (Hertel, 1989), 

allowing individuals to retain information long after encoding (Burns, Curti, & Lavin, 

1993).  Earlier work suggests that the reason-generating is effective is because learners 
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are intentionally encoding information by finding links between novel information and 

the information that they already have stored in memory (Hertel, 1989). Further, research 

findings indicate that memory for particular encoded items are often better when they are 

self-generated, rather than externally generated items (read or told by someone else) 

(Riefer, Chien, & Reimer, 2008).  

So far then, the present literature review has explained problem-solving processes 

and described how problem-solving abilities improve over time. Additionally, cognitive 

load theory and social-cognitive theory were outlined as theoretical frameworks for using 

worked examples, fading and self-explanations. It was suggested that students learn best 

initially when they are learning by example, rather than by problem solving without 

supports, as a way of not overloading cognitive resources. Additionally, once students 

have moved beyond studying worked examples, fading is used as a temporary stage 

before graduating to complete problem solving alone. It was also suggested that self-

explanations, when used with worked examples, focus students’ attention to important 

aspects of a given problem and allow them to elaborate on the content, potentially 

increasing conceptual knowledge. The current study seeks to examine whether worked 

examples, fading, self-explanations, or a various combinations of the three promote or 

inhibit learning in geometry for specific learners. As previously noted, less is known 

about the characteristics of learners that learn best from one of the three aforementioned 

example based learning strategies. As a prelude to examining learner characteristics, and 

to illuminate the usefulness of worked examples, fading, and self-explanations, this 

review now turns to a more detailed review of the empirical literature on worked 



 37 

examples, self-explanations and fading to build on the aforementioned review of theories 

and allow for an identification of important gaps in the literature. 

A Review of the Empirical Literature 

Worked examples have been suggested as an example of instruction that reduces 

extraneous cognitive load (Sweller, 2012). The worked example effect, (Sweller & 

Cooper, 1985), refers to the improvement that accrues from the opportunity for the 

learner to study worked out solution steps (Sweller, 2006), rather than having to focus on 

problem solving, which makes high processing demands on the learner. Theorists 

attribute these high demands to the fact that learners are alleged to engage in means-ends 

analysis, or the attempt to determine the steps between one’s current state and the goal 

state (Sweller, 2012). This process is similar to the logical sequence associated with 

solving multi-step problems. Therefore, worked examples provide the learner with the 

opportunity to observe rather than determine for themselves the steps between the current 

state (the problem) and the goal state (the solution), which reduces cognitive load.  

Previously, I discussed the theoretical basis for worked examples. The following section 

will examine studies that have supported the aforementioned theories. 

Worked Examples 

Proponents of worked example instruction argue that problem solving without 

support taxes one’s working memory, increasing the problems intrinsic load and 

requiring one to expend more working memory on solving the problem as opposed to 

learning the relevant aspects of the problem, therefore transferring this knowledge to 

similar problems they might encounter. The worked example approach, thus, reduces this 

load. 
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Earlier worked example research was conducted in an effort to compare worked 

examples to business as usual, suggesting that it was beneficial to study worked examples 

in early stages of learning and then to solve problems without worked examples when 

learners’ knowledge increased. Further, Sweller and Cooper (1985) found that learners 

who studied worked examples and then practiced the same problems, or example 

problem pairs, surpassed learners who did problem solving alone on outcome measures. 

These findings suggest that the way worked examples are presented, and the 

characteristics of the learner (novice versus expert) can determine how effective worked 

examples are at improving problem solving. In fact, presenting worked examples in some 

ways can have detrimental effects on learning by overloading students’ working memory. 

Ward and Sweller (1990) argued that although worked examples are used to improve 

learning and to prevent cognitive load, examples that require students to consider 

information from multiple sources may impose greater load, preventing learning. This 

phenomenon is known as the split attention effect. In an effort to prevent this, Tarmizi 

and Sweller (1988) examined ways to prevent cognitive load by integrating worked 

examples with text. Indeed, they found that integrating the information into one source 

allowed for increased skill acquisition and schematization.  

Another way that worked examples have been used to promote learning has been 

through the use of correct and incorrect examples. Booth et al. (2013) argued that 

encouraging students to study both correct and incorrect examples allowed students to 

determine when they have employed a strategy that is incorrect or, when studying an 

example, they realize that a procedure is less advantageous. Of course, the effectiveness 

of these examples depends on students’ prior knowledge, another learner characteristic 
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that will be examined in the proposed study. Booth et al. (2013) found when students 

studied both correct and incorrect examples in algebra, their posttest conceptual 

knowledge scores improved. Students also performed best when explaining the reasoning 

behind procedures in the incorrect examples conditions (both incorrect examples alone 

condition and the combined incorrect example and correct example condition) and 

observed greater increases in knowledge than students who studied correct examples 

alone.  

Similarly, Star, Pollack, Durkin, Rittle-Johnson, Lynch, Newton, and Gogolen 

(2015) examined the use of comparing worked examples and its effectiveness on algebra 

knowledge. Students across two conditions, comparison and control (or business as 

usual) were compared. However, their results suggested that there was no difference in 

knowledge scores between the two groups, though exposure comparison varied greatly 

within the treatment group, suggesting that dosage was important. Results suggested that 

learners who were exposed to comparison for longer periods of time generally exhibited 

higher gains in algebra knowledge. Given this, it is necessary to understand what other 

factors contribute to increased learning in worked examples. These two studies 

demonstrate that both the way worked examples are presented and learner characteristics 

are important factors in understanding our learning occurs even when there are no 

differences at the group level. At this point, it is unclear how both of these factors interact 

and either promote or inhibit learning.  

When pairing worked examples with self-explanation, research suggests that 

increased benefits of math learning emerge (Berthold, Eysink, & Renkl, 2009) including 

increased conceptual knowledge and transfer (Atkinson, et al., 2000; Booth et al., 2013). 
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When using a worked example, self-explanation requires the student to explain how or 

why a solution step was employed in a problem, a meta-cognitive strategy. The self-

explanation method prompts students to explain a strategy they used to solve a problem 

or to explain why a certain strategy in a worked example was used (Siegler & Chen, 

2008). Based on findings from basic research, learning scientists have combined self-

explanations with worked examples to increase the effectiveness of this example-based 

strategy (Aleven & Koedinger, 2002; Schworm & Renkl, 2006).  

Self-Explanations  

Self-explanation is one of the most common ways that learning scientists use to 

increase the effectiveness of worked examples (Aleven & Koedinger, 2002; Berthold & 

Renkl, 2009; Rittle-Johnson, 2006; Schworm & Renkl, 2006). Earlier research suggests 

that efficient, successful learners, when studying worked examples often explain the 

solution steps to themselves in an effort to produce greater understanding (VanLehn, 

Jones, Chi, & 1992). Based on the self-explanation effect, good problem solvers often 

engage in self-monitoring strategies as they problem solve, including accurately checking 

their understanding as they problem solve and needing to reference examples less 

frequently (VanLehn et al., 1992). Presumably, teaching less successful learners to self-

explain and actively monitor their understanding by using self-explanation prompts 

would promote greater outcome scores. Schworm and Renkl (2006) examined whether 

self-explanation prompts could produce the same promising results when paired with 

solved examples. Results suggested that self-explanations provided a positive outcome 

regardless of the type of examples used. Hilbert and Renkl (2009) compared three 

groups: one group that practiced concept mapping, one group that studied how to 
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construct a concept map, and another that studied these examples and engaged in self-

explanations. The self-explanation group had the greatest success learning concept 

mapping. Rittle-Johnson (2006) also compared groups (third, fourth, and fifth grade 

children) on instruction versus invention of a procedure and use of self-explanation and 

without. Results suggested that conditions that employed self-explanation produced the 

most learning. Thus, it is reasonable to assert that self-explanations provide a meaningful 

addition to learning and solving mathematics. 

However, despite overwhelming research suggesting that self-explanations are a 

beneficial strategy, some have argued that self-explanations are not always helpful to 

student learning. Kuhn and Katz (2009) compared students using self-explanations to 

students without self-explanations. Students were asked to examine a database to 

determine causal effects and then explain what they believed were the underlying 

mechanisms. These students were compared to students that did not self-explain. 

Findings from this experiment suggest that the control group outperformed the self-

explanation group on a transfer task. The authors asserted that students often enter the 

classroom with various misconceptions about their knowledge, and when encountering 

information that contradicts their knowledge, they do not easily let go of their 

misconceptions. Thus, as previously stated, self-explanations can only be effective when 

the explanations themselves are correct. If students are plagued by their misconceptions, 

self-explanations effectiveness decreases. While the authors present a compelling 

argument, these findings are limited to one study and should be interpreted cautiously.  

Further, some study findings suggest that self-explanation prompts had no effect 

on students’ problem solving performance (Große & Renkl, 2007; Matthew & Rittle-
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Johnson, 2009). In fact, some studies suggest that self-explanation may hurt performance 

(Berthold & Renkl, 2009; Hilbert, Renkl, Kessler, & Reiss, 2008). Durkin (2014) sought 

to resolve this ambiguity by conducting a meta-analysis of studies that employed self-

explanation prompts in mathematics. Findings from this analysis suggested that the 

overall mean effect for studies was small but significant (d = 0.373, p = 0.004). Of 

course, as the author suggests, there is always the possibility of publication biases; the 

likelihood of publishing null effects regarding self-explanation work is unlikely. Based 

on the literature available, then, it is only reasonable to assume that self-explanation is 

indeed a beneficial strategy in problem solving and necessary to promote performance. It 

is also important to consider the types of prompts being used in these studies and whether 

these prompts map on to conceptual knowledge measures. One would only expect an 

improvement in conceptual knowledge if the prompts employed in the intervention 

extend this knowledge, rather than question only procedures in a worked example.  

Research on self-explanations suggests that self-explanation is increasingly effective 

when the prompts specifically encourage students to elaborate on principles used in a 

procedure. This is believed to encourage conceptual understanding (Renkl & Atkinson, 

2007). Prompts should then encourage students to think more about the concepts within a 

problem rather than procedures (Berthold, et al., 2009). More recently, Berthold, Roder, 

Knorzer, Kessler, & Renkl (2011) examined whether these conceptually oriented 

explanation prompts would improve conceptual knowledge, improve the types of 

explanations students give, and increase the number of explanations. Students were either 

in the conceptually oriented prompt condition or in a control condition that simply asked 

them to take notes as they studied. Results suggested that while the conceptually oriented 
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prompts promoted conceptual knowledge and exhibited increases in the number of 

elaborations used, students that received no prompts exhibited a greater increase in 

procedural knowledge.   

At this point, it appears that self-explanations improve performance based on the 

plethora of research conducted in this domain up to this point. Based on the discussion so 

far, three explanations on why they improve performance are possible but it is not clear 

which is correct. The first is that self-explanation focus attention on relevant information 

only, thereby reducing cognitive load. The second pertains to the aforementioned 

generation effect, where self-explanations may promote deeper processing of material 

and better retention of the information presented. The third explanation is that self-

explanations promote enhanced conceptual knowledge that extends the students’ current 

knowledge beyond the information that is presented and encourages thinking about novel 

contexts. These explanations are necessary to consider when making inferences about 

research findings.  

Another aspect of worked examples and self-explanations that is unclear is how 

the effectiveness of these strategies changes depending on the student. One of the areas of 

interest in the current study is whether these two aspects work the same for all students, 

whether it depends largely on specific learner characteristics, whether the effectiveness 

relates to prior knowledge or cognitive aspects associated with learner ability to retain 

information for a brief amount of time, manipulate this information, shift attention 

between the worked example and the self-explanation prompt, or ignore the self-

explanation prompt while studying the worked example. One area of consideration is 

whether some students have greater difficulty with both the worked example and self-
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explanation when they are both physically integrated on a page. In these instances, 

students would have to make meaning of the worked example, comprehend the process 

employed in the example, and then consider the question posed in the self-explanation 

prompt. Having an understanding of the students’ executive functioning ability may 

illuminate whether this is the case.  

Like self-explanations, fading is another way worked examples have been altered 

to promote learning. Steps from a traditional worked examples are faded out to allow 

students the opportunity to begin problem solving on their own, transitioning them from 

studying worked examples to problem solving alone. Given the focus of fading in the 

current study, this discussion of the literature now turns to the literature on faded worked 

examples.  

Faded Worked Examples  

Fading is defined as scaffolding much of a problem for a student by first showing 

all steps of a worked solution but then gradually fading out the first step, then the second 

step, or in other instances, proceeding from the last step back to the first, until the student 

is solving the entire problem without assistance (Renkl, et al., 2002; Sweller, 2012).  

Fading is believed to reduce cognitive load by presenting the steps sequentially and 

removing one of the steps at a slower rate than having to solve the entire problem without 

this scaffolded technique. This process is thought to reduce cognitive load because it 

progresses at a pace more appropriate for a novice learner. As the steps are removed from 

a series of problems and the final problem is presented with no solution steps is 

presented, it is assumed that the learner would have had enough practice. 



 45 

To illustrate this, Atkinson, Renkl and Merrill (2003) examined the impact of 

backward fading (BF), or removing the last step and so on, and self-explanation prompts 

on near and far transfers. In two experiments, participants were divided into four 

conditions: the BF only condition where the last steps were successively removed and 

participants were to anticipate the next step, the example problem pair (EP) only 

condition where only the second and fourth tasks of each problem’s step was removed, 

and the BF + prompting and example problem + prompting condition where the same 

methods in the BF-only and EP-only condition were utilized except with self-explanation 

prompts to encourage participants to explain each solution step. Participants were 

assessed on correctness of principles, accuracy of anticipation, pretest, near transfers, and 

far transfers. Results suggested that BF-only surpassed the EP condition on accuracy of 

anticipation and on near transfers while prompts were also effective for far transfers. 

While self-explanation prompting did promote increased performance, as well as near 

and far transfers, there was no interaction between fading and self-explanation prompts 

observed in this experiment.  

Many experiments examined fading in an intelligent tutoring environment. 

Students use intelligent tutoring systems, such as the Cognitive Tutor, as a way to address 

specific gaps in their knowledge as the system provides practice and instruction for them. 

Further, another advantage to using the Cognitive Tutor, or intelligent tutoring systems 

like the Cognitive Tutor, is that these systems tend to take into account the characteristics 

of the learner. Many studies that examine the effectiveness of fading first use pretest 

scores to determine prior knowledge, one characteristic of the learner, to determine how 

many steps should be faded from a given problem to promote learning. This is known as 
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adaptive fading. Salden, Aleven, Renkl, and Schwonke (2009) examined whether tutored 

problem solving and worked examples support one another or work in isolation when 

examples are gradually faded.  Across two experiments where samples from a laboratory 

(study 1) and classroom setting (study 2) was utilized, participants were divided into 

three conditions: a problem solving condition using a standard Cognitive Tutor, an 

example enhanced condition where the Cognitive Tutor program fades the same worked 

out steps for every participant, and another example enhanced condition except in this 

condition the Cognitive Tutor fades worked out steps based on the participants’ prior 

knowledge. At the first posttest, results indicated that transfer was more common in the 

adaptive fading condition than the problem solving condition at both the immediate 

posttest and delayed posttest. While the authors’ decision to compare results from a lab 

setting to a classroom setting is reasonable, it is unclear why they did not compare pretest 

results from students in experiment one to pretest results in experiment two since students 

in the second experiment were measured on different material from students in the lab 

study due to their familiarity with the Cognitive Tutor program. Thus, the differences in 

adaptive fading in the classroom setting and lab setting could be due to the difference in 

problems given to each sample. In other words, condition was confounded with sample 

setting. However, one aspect to take away from this study is the importance of 

considering learner characteristics when designing problem-solving interventions, a focus 

of the current study. While prior knowledge is one aspect that is important to consider, 

there are still other factors that have not been considered together (e.g., executive 

function abilities).  
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Salden, et al., (2010) further illustrates this finding where they examined 

performance when adapting worked-examples based on student’s self-explanations of 

worked-out steps. The authors compared performance for participants across three 

conditions: problem solving that employed the Cognitive Tutor program, fixed fading, 

and adaptive fading. Results suggested that the students in the adaptive fading condition 

outperformed those in the other conditions on the posttest and the delayed posttest and 

required fewer examples for learning. However, adaptive fading required more examples 

for learning. The authors concluded that students’ knowledge levels increased faster in 

the adaptive condition in the laboratory, but slower in the classroom.  One potential 

problem with this study was the fact that the researchers first sorted students by grades 

and then selected a student from each group; although this approach seems plausible, it is 

possible that this method of random assignment could have altered the results for the 

classroom experiment though the same methods and procedures were used. It would be 

useful to use traditional random assignment to see if this method did in fact produce 

different results between the two experiments.  Further, because adaptive fading 

conditions included more examples, it possible that exposure is the reason for the 

increased performance for students in that condition. Nonetheless, this study did in fact 

consider the learners’ prior knowledge, through the sophistication of students’ self-

explanations, while also considering the problem solving intervention design. However, 

cognitive processing like cognitive load was not examined in the experiment.  

Schwonke, Renkl, Salden, and Aleven (2010) examined the impact of the amount of 

fading and students’ perceived cognitive load. Schwonke and colleagues examined the 

impact of varying amounts of worked solution steps (high assistance) and to-be-solved 



 48 

steps (low assistance) on procedural and conceptual knowledge for geometry problems. 

First, participants were administered a pretest followed by three procedural and 

conceptual knowledge items related to each geometry principle. They were then given an 

introduction on three math principles that would be included in the learning phase. To 

familiarize themselves with the Cognitive Tutor, participants were then given two 

practice problems. The learning phase consisted of a series of worked out steps, each 

problem with a different number of steps, and then the to-be-solved steps were presented. 

The process was concluded with a cognitive load questionnaire to determine whether 

participants experienced load while solving specific problems. Finally they were 

administered the posttest. Results indicated that participants who were not administered 

worked solution steps showed more procedural knowledge for the easy principle than 

participants that were exposed to a combination of worked solution steps and to-be-

solved steps. With regard to conceptual knowledge, results were not significant for the 

easy principle or the difficult principle. Additionally, the cognitive load questionnaire 

results revealed that participants rated extraneous load higher for to-be-solved steps. The 

authors concluded that worked solution steps could reduce extraneous load and that the 

impact of guided forms of learning was dependent on familiarity of material and learning 

outcomes. However, it is unclear why the researchers only presented problems in order 

from worked solution steps (high assistance) to to-be-solved (low assistance). It is 

possible that order effects may change results regarding extraneous load since the to-be-

solved steps were the most recent steps shown prior to the cognitive load questionnaire. 

Counterbalancing these forms of guided instruction may allow researchers to further 

confirm their findings or find that these loadings may be dependent on order.  
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Given these results, it is important to determine whether perceived cognitive load, rated 

by the learner, is indeed related to working memory. At the time of this writing, there are 

no studies that examine both perceived cognitive load and working memory to determine 

whether these measures are related. Further, it is unclear whether perceived cognitive 

load and working memory supports what is already known about cognitive load and 

learning based on CLT. Finally, it is still unclear how perceived cognitive load, three 

dimensions of executive functioning, and problem solving interventions like fading 

interact to either promote or inhibit learning. One reason that working memory has not be 

assessed by CLT theorists may be the claim of Sweller and colleagues that high 

knowledge individuals can supplement their working memory with long term memory 

resources (“long-term working memory”). Chen et al. (2015) also argue that working 

memory is only used to retain novel information. Given this theoretical stance, they 

would not utilize standard measures of working memory that is often thought of a 

domain-general, individual-difference aspect of executive function. 

As the review also demonstrates, fading has been used to promote learning in a 

variety of mathematical domains. At the time of this writing, however, there are well over 

a 100 studies that examine the effectiveness of worked examples in algebra, just under 60 

studies that examine the effectiveness of worked examples for geometry and limited 

studies to my knowledge that examined fading within geometry. Algebra has been of 

interest in previous years due it being seen as a foundation or gateway could to upper 

level mathematics courses (Booth & Newton, 2012). However, the same could be said for 

geometry given its centrality in trigonometry and calculus. Given the abundance of 

studies in algebra, it is important to extend the literature to see the extent to which similar 
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findings accrue for geometry as algebra. If different findings emerge for geometry, this 

outcome challenges the adequacy of the CLT account. 

While worked examples with self-explanations and fading have been found to be 

useful interventions in improving mathematical knowledge, it is not a simple panacea to 

the mathematics problems that plague the U.S. education system. According to the 

expertise reversal effect, after a learner moves from being a novice and to being closer to 

an expert, information becomes less complex often leading to a decrease in cognitive 

load; interventions designed to reduce cognitive load then have the reverse effect because 

they unnecessarily refocus attention on worked examples and other features (Sweller, 

2012). Thus, learner characteristics play an important role in how effective these 

strategies are. Understanding what characteristics play this role and to what extent or 

under what conditions will further illuminate the ways in which researchers and 

mathematics educators can better employ these techniques to increase learning at specific 

grade levels. 

In the previous section, I outlined theories that supported using worked examples 

with self-explanations and fading problem steps. I argued that students learn best initially 

when they are learning by example, rather than by problem solving, as a way of not 

overloading cognitive resources. I also suggested that self-explanations, when used with 

worked examples, focus students’ attention to important aspects of a given problem and 

allow them to elaborate on the content, potentially increasing conceptual knowledge. 

Further, fading is a useful strategy in incrementally improving students’ problem solving 

ability by removing steps until they are able to solve it on their own. The current study 

examined what characteristics of students are important for them to take advantage of 
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these problem-solving interventions. Thus, I will no discuss learner characteristics that 

are advantageous for high quality instruction to be most beneficial.  

The Opportunity-Propensity Model:  Learner Characteristics Leading to High 

Achievement 

In an effort to better understand how individuals can benefit from high quality 

instruction, it is crucial to understand the characteristics of the individual and factors in 

the individual’s context that would promote high achievement. The Opportunity-

Propensity Model (OPM) asserts that in order for high achievement to occur in a certain 

domain, in this case mathematics, it is necessary for two conditions to be met: (1) 

students must be exposed to opportunities that would inevitably allow them to acquire 

knowledge in a particular domain and (2) students must have the propensity or the ability 

and willingness to take advantage of these opportunities (Byrnes & Miller, 2007; Byrnes 

& Miller-Cotto, 2016). Examples of opportunities to acquire knowledge might come in 

the form of a teacher presenting certain content to his/her students or an afterschool 

enrichment program presenting the content to program participants. Relating the model to 

the current study, an opportunity for high achievement can also come in the form of 

presenting mathematical content by way of worked examples versus problem solving or 

worked examples versus fading. Thus, the previous examples would all be considered 

aspects of learning opportunities according to the model.  

Propensity factors refer to an individual’s ability and willingness to take 

advantage of opportunities presented to them. Examples of propensity factors also 

include students’ intelligence level, cognitive factors such as the ones that will be 

examined in the proposed study (executive function, prior knowledge, perceived 
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cognitive load), aptitude, and perceived competence (Byrnes, 2008). Of course, many of 

these proposed factors are dependent on other factors that occur earlier in time. The 

likelihood of a student benefitting from higher quality instruction or exposure to certain 

academic content may depend on factors such as prior educational experiences (leading 

to greater prior knowledge), and parents’ level of education or socioeconomic status. 

These factors that (a) operate earlier in time than opportunity and propensity factors and 

(b) explain the emergence of opportunities and propensities are referred to as antecedent 

factors. Opportunity and propensity factors are often heavily dependent on antecedent 

factors and cannot be considered without first considering antecedent factors (Byrnes & 

Miller, 2007). Thus, it is necessary, as exhibited in the proposed study, to not only 

examine instructional factors that lead to greater achievement in mathematics 

(opportunity factors) but also propensity factors (prior knowledge, executive function, 

and perceived cognitive load) that would combine to result in greater achievement. In the 

present study, however, the focus was not on explaining how learners came to have 

higher levels of propensities and the present researcher is presenting opportunities in the 

form of experimental conditions. As such, antecedent factors would not be assumed to 

explain the emergence of opportunities. For these reasons, antecedent factors were not 

assessed in the study. 

As a predictive model, the OPM has indeed incorporated and confirmed the 

predictive role of over 20 factors that are important to performance in a number of 

disciplines. Byrnes (2003) first tested this model and found that variables related to 

exposure contributed a significant amount of variance to the overall model. More 

specifically, exposure (opportunity) variables accounted for just over 34% of the 
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variance, suggesting that simply being exposed to content was an important predict in 

later achievement.  However, this theory was tested using secondary data and the author 

did not have complete control over what variables to test other than the ones available in 

the data set. Later work tested the model in a mathematics classroom (Jones & Byrnes, 

2006) and examined the role of prior knowledge, motivation to learn mathematics, and 

aptitude when predicting characteristics of students who take advantage of high quality 

mathematics instruction. These factors were conceptualized as propensity factors. Results 

indicated that working one on one with a teacher was negatively correlated with prior 

knowledge, achievement, and enjoyment. These results suggest that teachers tended to 

work with students in need of the help the most or did not like mathematics. With regard 

to propensity variables, prior knowledge, self-regulation, and high frustration were 

significant predictors. Contrary to previous research, general aptitude was not significant. 

This study illustrated that it is not enough to consider opportunities (or educational 

interventions) necessary to improve academic performance, but they must also be 

considered alongside students’ propensities, or learning characteristics as well.  

Byrnes and Wasik (2009) also examined factors associated with mathematics 

achievement using the OPM during kindergarten, first grade, and third grade. The authors 

were interested in how antecedent, opportunity, and propensity factors explain gender, 

age, and ethnic differences in early mathematics skills. Propensity factors included 

cognitive propensities, motivational, and self-regulatory propensity. Opportunity factors 

derived from teacher’s self-reports of content exposure and teaching style (traditional, 

reform, or balanced). Results demonstrated that children from high socio-economic 

homes were more likely to enter each grade with more skills and motivation needed to 
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benefit from instruction that children coming from a lower SES home. However, 

propensity factors were actually more significant predictors of achievement than 

antecedent and opportunity factors.  

One consideration for the previous studies is that many of them were longitudinal 

studies, often spanning several years of a students’ educational career (see Jones & 

Byrnes, 2006 for an exception). These studies examined antecedent, opportunities, and 

propensity factors as predictors. While the results of these collective studies suggest that 

all these factors should be considered together, a meaningful follow up to these studies 

would be an experimental design to determine in what ways these factors can be 

manipulated to determine in what contexts and for what students certain learning 

strategies work best and for whom. Such an analysis would allow a more concrete 

understanding of how these factors operate across environments and individuals. The 

current study examined aspects of opportunities for learning (e.g., fading), and 

propensities for learning (i.e., executive function, prior knowledge, and perceived 

cognitive load), in an experimental design. Thus, this review now turns to a discussion on 

two of the three propensity factors examined in the proposed study: prior knowledge and 

executive function. 

Aspects of the Learner Associated with Success 

Prior Knowledge  

Prior knowledge is a significant factor when predicting later achievement and is 

routinely the strongest predictor often accounting for about 50% of the variance (Byrnes, 

2008). Some longitudinal studies that examine prior knowledge as a predictor in long-

term academic achievement during kindergarten and the first grade significantly predict 
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achievement well into high school (Sorhagen, 2013). It is possible students that are more 

likely to perform well, and continue to perform well throughout their life, when they have 

early exposure to content. Thus, prior knowledge, one of the variables being examined in 

the proposed study, is likely an important contributor to mathematical problem solving 

and a necessary variable to include in the proposed study. Indeed, studies examining 

expert novice differences have suggested that learner knowledge level is the single most 

important predictor in learning and performance (Kalyuga, 2007). Learning interventions 

that are beneficial to learners with low prior knowledge are often less effective and can 

even be detrimental learning for high prior knowledge learners. This is defined as the 

expertise reversal effect. This implies that individuals with high prior knowledge for a 

given domain will no longer reap the benefits of a learning intervention. Interventions, 

then, become less effective for students with high prior knowledge. Learning 

interventions that take into account learner characteristics are likely to be more effective 

than interventions that simply assume all learners are novices.  

 This point is further illustrated through various studies that employ worked 

examples. Tuovinen and Sweller (1999) found that novice students benefitted more from 

worked examples than students with high prior knowledge students. In fact, when 

comparing students with high prior knowledge across conditions that employed worked 

examples and a worked examples variation (e.g., worked examples with self-

explanations), there was no difference. Kalyuga and Sweller (2004) also found that as 

levels of expertise increase, or as prior knowledge increases, students that were 

administered problems improved in their overall performance than when using worked 

examples. Kalyuga (2007) argues that when studying worked examples, novices tend to 
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create knowledge structures for interacting problem elements. Because more experienced 

learners already have these structures, it is likely that studying these worked examples is 

a redundant activity. These learners may benefit more from learning strategies that offer 

corresponding procedures. Further, Kalyuga (2007) asserts that novice learners that lack 

these knowledge structures stores in their long-term memory would benefit from 

chunking in an effort to increase their working memory capacity. However, if other 

techniques that are used to improve germane load, such as self-explanations, cause 

cognitive load to exceed the learners’ working memory capacity, the germane load would 

likely prevent learning from occurring.  It would be fruitful to examine prior knowledge, 

working memory, and perceived cognitive load in a single study to determine whether 

these three constructs are affected in this way, as the current study did.  

 When examining prior knowledge with regard to fading, Reisslein (2005) 

compared the role of transitioned worked examples to independent problem solving. In 

other words, faded worked examples were compared to independent problem solving. 

Students were compared in an immediate transitioning condition where learners began to 

practice problems immediately after being introduced to the topic. In the second 

condition, the fast fading condition, worked example steps were backward faded one step 

at time for each example. In the final condition, the slow fading condition, one step for 

every second example was removed. Results indicated that there were significant 

interactions between learners’ prior knowledge and the pace of transitioning. More 

specifically, learners with high prior knowledge performed better in the fast and 

immediate transitioning condition than the slow transitioning condition. Presumably, 

learners with low prior knowledge performed best when in the slow fading condition. 
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Thus, it is reasonable to argue that prior knowledge is an important factor to consider 

when designing problem-solving interventions.  

 Researchers have also studied the role of prior knowledge in a variety of other 

studies that did not use the worked examples paradigm. In fact, many studies suggest that 

prior knowledge consistently predicts mathematics performance across developmental 

periods (Byrnes & Wasik, 2009; Watts et al., 2014). Fyfe, Rittle-Johnson, and DeCaro 

(2012) examined the role of feedback during exploration prior to instruction for children 

with varying levels of prior knowledge. Children were randomly assigned to the strategy 

feedback condition, outcome feedback condition (feedback administered at the end of the 

session), or no feedback condition. Based on their prior knowledge evidenced by their 

pretests, students were referred to one-on-one tutoring or an immediate posttest. The 

intervention involved exploratory problem solving where students were told to solve 12 

mathematical equivalence problems and then to explain how they solved the problem. 

Students were then given feedback based on their condition. Results demonstrated that 

there was a significant feedback by prior knowledge interaction; as prior procedural 

knowledge increased, the benefits of feedback decreased. The type of feedback, however, 

did not interact with children’s prior knowledge. Further, for the moderate prior 

knowledge group, children who received outcome feedback tended to have higher 

conceptual knowledge than children who received strategy feedback. The authors argued 

that novel tasks would likely overload low prior knowledge students’ working memory 

capacity, requiring outside guidance to reduce cognitive load. Students with high prior 

knowledge can employ their knowledge structures without running the risk of 

overloading their working memory capacity.  
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 Employing the OPM, Star and colleagues (2015) examined the opportunity 

factors, such as teacher characteristics and teacher instructional practices, and propensity 

factors, such as prior knowledge, to predict students’ gains in flexibility. In this study, 

flexibility was defined as a students’ ability to evaluate and use multiple solutions for a 

given problem. Results suggested that students’ prior knowledge predicted students’ 

gains in flexibility. In fact, this was the case even when teacher background 

characteristics were included.  

 Thus, these collective findings suggest several things. First, prior knowledge is 

indeed an important factor in predicting whether students will be successful at 

mathematical problem. Secondly, prior knowledge plays a critical role in determining 

whether students will benefit from specific problem solving interventions. Third, prior 

knowledge may in fact be more important in some contexts than certain beneficial 

characteristics that teachers bring to the classroom. These notions further support the idea 

that students that have early exposure to content will likely perform better than students 

that are not. It is also reasonable to suggest that new curricula used to improve 

mathematical knowledge can either help or hinder mathematics performance depending 

on which end of the prior knowledge spectrum a student falls.  

 Up until now it may seem unclear why prior knowledge might hinder students 

with high prior knowledge in interventions that are supposed to improve their 

performance. It is likely that once students have high prior knowledge, information in a 

worked example may actually interfere with their working memory, imposing cognitive 

load and therefore hindering performance, the expertise reversal effect. More concretely, 

the expertise reversal effect is considered a compound effect that relies on the learners’ 
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level of expertise in a given domain (Sweller, 2012). When learners become more 

knowledgeable in a given domain, or more expert-like, information that was once deemed 

complex will become less complex and cognitively easier to process. Increases in 

knowledge will likely cause cognitive load to lessen over time until they are non-existent, 

and then reverse (see redundancy effect). This is likely because learners are being 

encouraged to study information that is no longer essential to their learning. CLT 

suggests that information that is redundant interferes with the learners’ comprehension, 

imposing greater load and inhibiting learning. Thus, as a learner becomes more expert 

like it is necessary for the instructional tool to be modified to promote learning (Sweller, 

2012). 

At this point, it should also be apparent that while prior knowledge is in fact an 

important predictor in math learning and taking advantage of math learning interventions, 

prior knowledge does not operate in isolation. Prior knowledge likely interacts with other 

cognitive processes, including working memory and other aspects of executive function. 

Because these latter aspects of cognition have also been found to be predictive of math 

achievement (Alloway & Alloway, 2010; Blair & Razza, 2007; Swanson, Jerman, & 

Zheng, 2008) it is of interest to see whether and how these aspects would interact with 

instructional conditions. As such, this review now turns to a discussion on the role of 

executive function in mathematics performance.  

Executive Function 

Executive function is an umbrella term used to describe cognitive processes 

thought to be associated with the prefrontal cortex (Best, Miller, & Jones, 2009). These 

processes include controlling, directing, or coordinating other cognitive processes such as 
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computation, reading, or writing (Bull & Lee, 2014). Early work regarding executive 

function often pointed to working memory, or the simultaneous processing and storage of 

information, but was later expanded to account for other cognitive processes associated 

with executive function such as inhibition and attention shifting or updating (Conway & 

Stifer, 2012). Numerous studies on the role of executive function in mathematics have 

focused primarily on working memory.  

Working memory, one of the three components of executive function, is defined 

as the ability to maintain information while processing the same information or other 

information at the same time (see Swanson & Alloway, 2012). Processing includes 

manipulating information and maintaining it before using it at a later time. An example of 

using working memory in everyday life could be simply creating a mental grocery list 

and later recalling it and using it to guide shopping while also keeping track of the 

amount of funds one has available for spending as they add items to their cart. In the 

laboratory, one would use working memory when being asked to listen to a string of 

numbers and to repeat the numbers in reverse, often in the form of the Reverse Digit 

Span task of IQ tests. In this task, the individual is required to first attempt to remember 

the number string, manipulate the number order mentally, and repeat the numbers aloud 

in the reverse order. In order for an individual to complete this task, it is possible that 

they must translate these numbers that were administered verbally into visual 

representations by creating mental images. In a classroom, students are often asked to 

solve simple word problems (e.g. “Brian has 20 cupcakes. Nine of the cupcakes have 

frosting. The cupcakes are small. How many cupcakes do not having frosting?) To solve 

this, a child would have to access already stored information (Brian has 20 cupcakes), 
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determine the appropriate algorithm to solve the problem (20 – 9), and ignore irrelevant 

information (the cupcakes are small). Working memory actively monitors, manipulates, 

and preserves information and thus, working memory plays a key role in solution 

accuracy (Swanson & Alloway, 2012).  

Components of working memory have been identified using the tripartite view of 

working memory. This view suggests that working memory is composed of the central 

executive system consisting of two subareas: the visuo-spatial pad and the phonological 

loop (Baddeley, 1992). According to this model, the visuo-spatial pad creates and 

processes mental images while storing them temporarily, while the phonological loop is 

responsible for processing verbal information and temporary storage (Swanson & 

Alloway, 2012). Working memory also includes a third component known as the central 

executive, which is responsible for such things as the allocation and shifting of attention. 

The active processing and temporary storage required within working memory makes it 

different from simple short-term memory where one only needs to temporarily store 

information. 

Working memory also has found a niche within research on academic 

achievement. Various studies have linked working memory as an important factor in 

predicting academic achievement. One particular study (Alloway & Alloway, 2010) 

examined whether working memory combined with IQ contributed to academic 

attainment during kindergarten and fifth grade. Results suggested that IQ and working 

memory predicted outcomes in literacy and numeracy. Additionally, another study 

(Alloway & Passolunghi, 2011) compared working memory and verbal abilities based on 

their contribution to mathematical skills. Results in this study suggested that for 7-year 
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olds, visuo-spatial and short memory predicted math scores, but for 8-year olds only 

short-term memory predicted math scores.  

Working memory also plays a role in mathematics performance and development. 

Swanson et al., (2008) examined the role of growth in working memory in solving math 

problems. Over the course of three years, experimenters assessed problem solving ability, 

achievement, and students’ working memory, inhibition, naming speed, and phonological 

coding. Measures of these constructs were administered to children in 1st grade, 2nd grade, 

and 3rd grade. Results indicated that students who exhibited poor working memory 

showed less growth and lower levels of performance especially if they were identified as 

being at risk for math problem solving difficulties during the first wave. Working 

memory ability also contributed unique variance to problem solving performance when 

compared to inhibition and processing speed (for a review, see Swanson & Alloway, 

2012b).  

Working memory also plays an important role in specific aspects of mathematical 

problem solving. With regard to arithmetic computation, children with poor counting and 

the inability to remember single digits also tended to have working memory deficits 

(Siegel & Ryan, 1989). However, a counterargument to this idea has been that working 

memory is unrelated to arithmetic computation and actually reveals one’s inability to 

inhibit irrelevant information (Bull, Espy, & Wiebe, 2008). Fuchs and colleagues (2014) 

found that methods to teach students fractions differed by working memory ability; 

students with lower working memory ability learned best from interventions that were 

more conceptual based, whereas students with better working memory ability learned 

best from fluency activities. A meta-analysis (Friso-van den Bos, et al., 2013) suggested 
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that working memory, inhibitory control, and attention shifting are all associated with 

mathematical performance. Further, one aspect, verbal updating, had the strongest 

associated with mathematics performance. However, the strength of the associations 

differed by whether tests were general or more specific to tests of mathematical 

performance. Collectively, these findings suggest that while working memory plays an 

integral role in academic achievement and mathematics performance, it is necessary to 

understand the nuances in executive functioning and various interventions to determine 

what learner characteristics and aspects of the intervention interact to promote learning.  

Although working memory has often received the most attention when examining 

cognitive processes that contribute to math achievement, inhibitory control and attention 

shifting have also been suggested to play a role in mathematical performance. Competing 

models sometimes discuss inhibitory control and attention shifting as if these constructs 

that exist within working memory (Swanson & Alloway, 2012), while others discuss 

working memory, inhibitory control, and attention shifting as three components housed 

under the term executive functioning (Blair et al, 2014). Here, inhibitory control and 

attention shifting will be discussed as two of the three subcomponents of executive 

functioning in line with standard practice in cognitive psychology (Miyake & Friedman, 

2012).  

As an entity, executive function plays a significant role in mathematics 

performance. Working memory, as previously suggested, also has demonstrated an 

important role in this domain. Like working memory, inhibitory control has also been 

identified as a cognitive process associated with mathematics achievement and 

performance. Inhibitory control involves the overriding or ignoring of a natural or 
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dominant response (Bull & Lee, 2014). An example of this might occur during the Stroop 

Test where an individual is asked to read a series of names of colors that are printed in 

font colors that do not match their name (e.g. the word purple would be in blue, the word 

yellow would be in pink). The individual must ignore the color of the word and simply 

read the word. Some individuals with poor inhibitory control cannot complete this task 

successfully (see Swanson & Alloway, 2012 for a review). Another example of inhibitory 

control is the Flanker Task, where the individual must use the arrows on a computer 

keyboard to determine what direction the middle arrow in a linear series of other arrows 

is pointing. During this task, it is not uncommon for the middle arrow to be pointing in 

one direction and all the other arrows are pointing in the opposite direction. Again, the 

individual must override their natural response to choose the arrow that is consistent with 

the majority of the arrows and choose the one in the middle.  

Although inhibitory control has been linked to mathematics performance and 

achievement, the associations thus far have been inconsistent. Nevertheless, Bull & Lee 

(2014) argue that inhibitory control may play a role in mathematics by suppressing 

inappropriate calculation strategies, like using addition when subtraction is more 

appropriate. Also, the understanding of fractions may also rely on inhibitory control; 

when working with whole numbers students should understand that larger numbers mean 

greater magnitude. However, when the same numbers are combined in a fraction, larger 

denominations signify smaller magnitude. Students would then have to override their 

natural response to view these numbers as larger magnitudes and see larger numbers as 

smaller magnitudes. As previously mentioned, another good example of how inhibitory 

control operates in mathematics may be when solving word problems. The 
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aforementioned example, “Brian has 20 cupcakes, 9 them have frosting. They are all 

large. How many do not have frosting?” would require a student to ignore that all the 

cupcakes are large to solve the problem. Thus, theoretically inhibitory control should play 

a role in these contexts. In the proposed study, students will be required at some point to 

study a worked example and responds to questions about them. Inhibitory control may 

play a role by allowing students to ignore self-explanation prompts until they can study 

the worked example and make sense of it on their own. Based on this argument, it is 

likely that inhibitory control would play a role in learning geometry with fading and self-

explanations, especially if the student has poor inhibitory control.  

Inhibitory control has been found to be a significant predictor of mathematical 

performance in a number of studies. Inhibitory control predicted emerging math 

performance on early math skills even when age and other factors were also examined. 

However, inhibitory control was the sole significant predictor when including other 

executive function aspects. It is also likely that these predictions depend on what aspect 

of mathematical performance is being measured. Research suggests that inhibition and 

updating are both predictive of counting (for a review, see Bull & Lee, 2014).  

In an effort to examine inhibitory control in isolation, Lubin and colleages (2013) 

examined whether unknown referent problems are associated with the ability to inhibit 

the “add if more, subtract if less” strategy. They created a negative priming paradigm in 

an effort to do this by creating trials where an unknown referent problem served as a 

prime that would require children to use inhibitory control, followed by an unknown 

compare problem that would serve as a probe where the “add if more, subtract if less” 

strategy would be appropriate. Results confirmed the hypothesis that inhibitory control 
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was necessary to ignore the natural response to use the “add if more, subtract if less” 

strategy. While this study suggests that this inhibitory control is an important component 

for this topic in mathematics, it might have been useful to determine how important it is 

relative to other cognitive processes. Doing this might have allowed the researchers to 

determine how much unique variance was contributed by inhibitory control relative to 

other factors.  

Laski & Dulaney (2015) examined the role of both prior knowledge and 

inhibitory control when learning numerical representations. Adults were presented with 

two number line estimation tasks: one with standard endpoints with powers of 10 (from 0 

to 1,000) and one with nonstandard endpoints (364 to 1,364). During the pretest 

participants completed two inhibitory control tasks: a color-word Stroop test and a 

number quantity Stroop test. The same experiment was conducted again with 

kindergartners using a numerical magnitude board game to determine the age-related 

differences as well as to determine the extent to which children benefit from instruction 

that involves number line estimation. Results demonstrated adults that exhibited poor 

inhibitory control were more likely to use estimates that conformed to a logarithmic 

function, the more immature response characteristic of young children and primates 

(Dehaene & Brannon, 2011) Further, performance was also dependent on the type of 

inhibitory control measure that was used; the number quantity inhibitory control test was 

predictive. Children’s mathematical performance was not related to the Stroop test, 

though their scores on the number quantity Stroop test were associated with their pretest 

scores, their rate at which they understood numerical magnitude, and how well they 

improved at playing the board game.  
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Numerous studies have examined components of executive function, showing that 

inhibitory control and attention shifting together often predict significant variance in 

mathematical performance. Attention shifting is broadly defined as one’s cognitive 

flexibility, or one’s ability to switch focus between closely related aspects of dimensions 

of a specific object or aspects of a task. Swanson & Alloway (2012) argue that 

performance on a given task may be reduced immensely when some cognitive processes 

are underdeveloped. This could be due in part to numerous cognitive deficits, such as the 

amount of cognitive space of controlled attention that can be utilized for a given task. 

Most studies that have examined attention shifting have also examined inhibitory control 

and combined performance into a composite score; thus there are few studies that 

examine it as a separate predictor in order to determine its unique contribution to 

mathematical learning and performance. This makes it difficult to make inferences about 

the role of attention shifting in mathematics performance. One study (Blair & Razza, 

2007) however, found that attention shifting was uniquely associated with mathematical 

ability for preschoolers from low-income homes. Thus, it is evident that attention shifting 

plays a role in mathematical performance, though the role is not clear.  

Summary and Rationale 

By now it should be clear that at least one learner characteristic affects the extent 

to which a high quality intervention is effective (i.e., prior knowledge). It is also clear 

that prior knowledge has been found to be predictive of math achievement in a variety of 

other studies that did not use the worked examples paradigm. It has been shown that three 

aspects of execute function are also predictive of math achievement, but, at this writing, 

these aspects have not been examined within the worked examples paradigm. This review 
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has already examined in detail the theoretical rationale for why prior knowledge would 

matter when participants are confronted with worked examples both with and without 

fading and self-explanations (within CLT). What follows are brief rationales for 

examining executive function within the worked examples paradigm. 

The use of working memory as an individual difference factor presents a strong 

test of the cognitive load account because efforts to reduce cognitive load should be more 

effective for learners who demonstrate less working memory capacity on standard 

working memory measures than those who demonstrate high working memory capacity. 

These learners are more likely to experience greater cognitive load due to their limited 

working capacity under conditions that require greater mental effort (e.g. problem solving 

conditions). Of course, working memory may also interact with students’ prior 

knowledge, determining whether or not they will benefit from other conditions (e.g. 

worked example, worked example with self-explanations, fading, fading with self-

explanations).  

The use of inhibitory control as an individual difference factor, although never 

tested within the cognitive load framework, would further examine the role of cognitive 

processes in the worked example paradigm. Inhibitory control processes would likely 

affect the role of multiple components in a worked example condition. It is expected that 

a student with low inhibitory control would exhibit difficulty in conditions that are 

combined with self-explanations (e.g. worked example with self-explanation prompts, 

fading with self-explanation prompts) because they must first make sense of a worked 

examples and the procedures necessary to solve the problem successfully, and then 
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consider the information posed in the self-explanation prompt. High inhibitory control 

participants are less likely to be affected by these additions.  

As the review suggests, little work has been conducted on the individual role of 

attention shifting in mathematics, making it difficult to make inferences about its role in 

the proposed study. However, the use of attention shifting as an individual difference 

factor would further illuminate its role in mathematical performance and problem 

solving, making an important contribution to the literature. Given what is known about 

attention shifting and inhibitory control, one might expect that students with poor 

attention shifting processes would perform similarly to those with poor inhibitory control, 

performing worse in conditions that require more processing of information and mental 

effort (e.g. worked example with self-explanation condition, fading with self-explanation 

condition).  

In order for instructional interventions to be broadly successful, it is necessary to 

show that it produces large effect sizes compared to business as usual. It is crucial to have 

learner background characteristics in mind to determine what interventions are helpful 

and for whom. It is inappropriate to create interventions under the suspicion that one 

teaching strategy will work best for all students in a classroom. Thus, the prior section 

reviewed literature on prior knowledge and the three components of executive function: 

working memory, inhibitory control, and attention shifting. Levels of each of the 

aforementioned constructs contributed to some students learning better from some 

interventions than others. The current study sought to examine the role of these constructs 

to learning geometry using fading. Further, a secondary role of the study was to 

determine the importance of these constructs relative to one other. Next, I will review 
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what is not yet known about fading with regard to worked examples, geometry, how 

learner characteristics play a role in these areas, as well as the need for the current study.  

Gaps in the Literature 

Worked examples, fading, and self-explanations are generally understood as 

effective instructional strategies to improve learning in a variety of domains, is unclear 

what role learner characteristics play in these interventions. As the prior literature review 

demonstrated, prior knowledge and perceived cognitive load have been shown to play 

significant role in determining who benefits from these instructional techniques. 

However, given the theorized association between cognitive load and executive function, 

it is unclear how these learner characteristics contribute to the interventions’ 

effectiveness relative to one another. 

The current study will add significantly to the literature in three important ways. 

First, it will examine whether other variables besides prior knowledge determines which 

instructional conditions are affective in particular circumstances. Doing so will not only 

have practical implications for how to implement these interventions in school contexts, 

the pattern of results will also have important theoretical implications. For example, if 

CLT is correct, interventions alleged to reduce cognitive load should be more effective 

for participants with relatively lower working memory than those with higher working 

memory. Second, the study examined the extent to which the findings that have accrued 

in over 100 studies of algebra occur in the domain of geometry as well. Again, this 

finding has important implications for both theory and practice. Examining the role of the 

experimental manipulations in improving procedural and conceptual knowledge allowed 

us to consider the CLT in terms of conceptual knowledge. Further, the current study 
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examined the interrelationships between prior knowledge and executive function as 

propensity factors in combination with instructional designs shown repeatedly to improve 

performance in geometry, an area we know less about relative to algebra. Finally, the 

current study examined how these factors were related in a middle school geometry 

classroom. Middle school tends to be a time where students begin to exhibit decreased 

levels of self-efficacy in mathematics, feelings of competence, overall motivation, and 

performance (Martin, Way, Bobis, & Anderson, 2015). Examining performance as well 

as ways to improve it during this stage of development can potentially remedy this 

problem.  

Research Questions 

The current study had several goals. The first was to determine whether fading 

promotes improved mathematical performance in geometry, both for procedural and 

conceptual knowledge. A second goal of the current study was to examine characteristics 

of students that exhibit the most improvements in mathematical performance after being 

exposed to fading, whether it is combined with self-explanations or administered alone. It 

was hypothesized that students with low working memory, high inhibitory control, high 

attention shifting, and low prior knowledge ability would benefit most from fading and 

self-explanation because they will need the most scaffolding of attention focus and 

reduction in information held in working memory. To compare, students with average 

prior knowledge ability would benefit from either faded worked examples or from 

worked examples combined with self-explanations if have low on working memory and 

high inhibitory control/high attention shifting ability. It was hypothesized that students 

with low working memory will also rate their perceived cognitive load low as well. As a 
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prelude to a discussion on the proposed research study and its methods, it is necessary to 

review the research questions for the current study here: 

1. Do the three experimental conditions differ in promoting knowledge of 

surface area and volume at posttest? 

2. Do the three experimental conditions differ in promoting conceptual 

knowledge and procedural knowledge of surface area and volume at posttest? 

3. Do the three propensity factors of working memory, attention, and perceived 

cognitive load explain additional variance in posttest performance beyond 

prior knowledge and experimental conditions? 

a. When interaction terms are created between student profiles and 

conditions within regression analyses, which profiles explain 

significant variance in posttest scores? 
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CHAPTER 3 

METHODOLOGY 

   

Participants 

 The population for the current study included middle school mathematics 

classrooms in the Northeast, Mid-Atlantic, and Western regions of the United States. 

Teachers were recruited via e-mail blasts to field interest in assigning the study’s 

measures as homework assigns to their students with parental consent. Based on the way 

in which data were collected using the online tutoring site, ASSISTments (Heffernan & 

Heffernan, 2014), all data were anonymized to protect students’ identity. Thus, there is 

no information available about the individual schools in this study and this information 

was not controlled for. However, the sample for this study included 11 math teachers and 

their students.  

 Participants (N = 114) from over 11 classroom completed the pre-test for the 

study, with n = 73 completing the study. The overall sample included White (38%), 

Black/African-American (44%), Asian (7.6%), Hispanic/Latino (5.1%), and Middle 

Eastern (5.1%). The sample also included children with mothers that had earned at least a 

graduate or professional degree (37.7%), at least a Bachelor’s degree (19.5%), had 

completed at least some college or community college (13%), a high school diploma 

(10.4%), or a mother that did not graduate from high school (3.9%); 15.6% of the sample 

did not know how far their mother had gone in school. Mother’s education was used a 

proxy for socio-economic status. The sample was largely male (60%) and overwhelming 

possessed English as a first language (96.2%). The mean age was 11.7 years. Students 
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were assigned at random to one of the four conditions: Problem Solving (n = 16), 

Worked Example with Self-Explanation (n = 20), Fading (n = 22), and Fading with Self-

Explanation (n = 15). Procedures conducted within each condition will be explained in 

greater detail later in the chapter.  

Research Design 

A randomized control experiment was conducted to determine (1) whether 

students will exhibit greater posttest performance when asked to solve and explain 

geometry problems with faded worked examples than when asked to solve similar 

problems with explanations alone or standard worked examples without fading and (2) 

what characteristics of learners affect how much benefit students derive from faded 

worked examples. A pre-test was administered to determine prior knowledge of geometry 

(Appendix B), working memory, inhibitory control, and attention shifting. A comparable 

post-test was administered four days after the pre-test to determine changes in 

performance in procedural and conceptual knowledge in geometry. To make 

comparisons, students were randomly assigned to one of the following conditions: (a) 

business as usual (control), (b) worked examples with self-explanations, (c) fading, and 

(d) fading and self-explanations.  

Materials 

Prior Knowledge and Mathematical Performance 

Participants first completed a series of assessments prior to the beginning of the 

intervention.  To measure participants’ prior knowledge, a pretest consisting of 17 

problems on calculating the surface area and volume of three-dimensional shapes were 

administered. Participants’ conceptual and procedural knowledge of the content was also 
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measured on 12 of the items. Procedural knowledge was measured using the percentage 

of correct problems across all problems that required computation. Conceptual 

knowledge was measured include using prompts corresponding to each mathematical 

problem to encourage students to elaborate on relations between concepts, hypothetical 

scenarios relating to the problem, underlying mathematical principles which are believed 

to contribute the most variance to mathematical performance and thinking (Schneider & 

Stern, 2010), and a series of multiple choice questions regarding geometric shapes, 

formulas that are used to solve for area and volume for such shapes, and identifying such 

shapes (Stepnowski & Booth, 2015).  Measuring conceptual knowledge illuminates 

whether students understand how or why a procedure was done as well as targets specific 

problem features needed to successfully solve a problem. Hence, the participants were 

prompted to respond to questions such as “Basim’s co-worker John used the same trailer 

to haul dirt but John only filled the trailer halfway with dirt. Would we use the same 

dimensions (8ft by 4ft by 2ft) to determine the total number of cubic feet of diet that is in 

the trailer? Explain your reasoning” to determine whether participants understand how 

volume of the prism and the amount of something inside the prism are related. They were 

given items such as “How many 1-cubic foot boxes would fit into this (3ft by 4ft by 3ft) 

box?” to determine whether participants understand units that represent the entire box or 

more simply symbolic representations, “Fill in the blank: the surface area is a measure of 

the total number of ______” to determine whether students understand how the 

computations relate to what they are actually measuring. Finally,  “What would the 

surface area be if one side were taken away?” to determine how surface area changes as 

the dimensions change for a hypothetical situation. All of these items assess conceptual 
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knowledge of both surface area and volume. Also included in their test of conceptual 

knowledge: “Circle the name of the solid figure represented by the information given”, 

and “Determine if each described pair of figures is similar. Circle either “similar” or “not 

similar” on the line next to the pair”. A similar posttest was administered to measure 

mathematical performance after the intervention phase. The pre-test (α = .828) and post-

test (α = .810) had excellent reliability. 

Working Memory 

To measure working memory, participants were administered the Working Memory 

Battery (WOMBAT; Englund, Decker, Woodlief, & Distefano, 2014) embedded in the 

ASSISTments online learning platform. Participants were presented with a computer 

adaptation of the Reverse Digit Span; they were visually presented a string of numbers 

and prompted to type them into a textbox in the reverse order. They were first allowed 

two practice trials before beginning the task. The string begins with a series of two digits 

and increases until the participant makes four consecutive errors. The maximum number 

of digits for this subtest is 11.  After fours consecutive errors, the task ends and they are 

prompted to move on to the next task. The entire task was expected to take no longer than 

5 minutes. This measure has excellent psychometric properties in prior sample testing (α 

= .850; Englund et al., 2014).  

Inhibitory Control and Attention 

In order to measure participants’ inhibitory control and attention, the Flanker 

Inhibitory Control and Attention Test was used. Upon completing the WOMBAT, 

participants were prompted to complete the inhibitory control and attention test. Due to 

the nature of inhibitory control and attention, the Flanker Task was used to measure both 
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of these rather than two tasks used to measure each individually. In this task, participants 

were shown a linear sequence of arrows, sometimes pointing in the same direction, other 

times in all different directions except the arrow in the middle. The goal of the task was 

for participants to use the left and right arrow keys to choose the arrow in the middle as 

fast as they can while inhibiting the natural response to choose the direction of other 

arrows in the sequence. The psychometric properties are considered sufficient (α = .974).  

Perceived Cognitive Load 

In an effort to determine whether cognitive load played a role in students’ learning of 

geometry, as well as determining how cognitive load is related to other learner 

characteristics and its relative importance in learning, it is necessary to measure cognitive 

load experienced by learners. Consistent with a number of prior studies that have 

examined participants’ cognitive load in geometry and other subjects (e.g., Bokosmaty et 

al., 2015), a Likert-type scale for assessing learner’s mental effort during learning 

consisting of 7-point scale, ranging from “very very easy” to “very very hard”, was used 

to assess their perceived cognitive load. Participants were asked to rate how easy or 

difficult they thought it was to learn the material during the intervention phase, “How 

easy or hard was it to solve all of those problems?’’ after each problem presented (Paas, 

1992). The perceived cognitive load measure has adequate psychometric properties (α = 

.708).  

Design 

Participants were first administered a pre-test, as well as the working memory and 

inhibitory control and attention measures in day 1 of the study. Participants were then 

given a series six problems per session, all of which have a form of worked examples, for 
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the next three days. Depending on their condition, they were also be asked to give 

explanations of some steps or be asked to solve a problem that has one or more steps 

removed that they must supply. Each of the problems were identical across conditions for 

consistency except for the presence or absence of faded steps or self-explanation 

prompts. Conditions that required self-explanation prompts presented prompts using the 

same format in both conditions. Self-explanation prompts included one question per 

problem prompting the participants to elaborate on a step that is used to solve the 

problem or relational knowledge between concepts (e.g. “Why did we divide the total 

volume by 3?”). Participants in the business as usual condition (control condition) were 

prompted to solve six problems on their own.  

 

Figure 1: Business as usual Condition within ASSISTments 

Those in the worked example with self-explanation prompt condition were exposed to 

the same set of problems, however they were prompted to study the first, third, and fifth 

problem as a worked example then prompted to respond to a question about the problem 

solving process or a hypothetical problem that relates to the current problem. They were 

then prompted to solve a similar problem. This occurred to remain consistent with 

business as usual condition. 
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Figure 2: Worked Example with Self-Explanation Condition within ASSISTments 

The fading condition contained the same problems as the business as usual condition 

and worked example with self-explanation problem condition, but instead had the last 

step removed and require the participant to fill in the last step to solve the problem. In the 

second problem of the problem series sequence, the last two steps will be removed and 

the participants will be prompted to complete the last two steps. In the third problem in 

the sequence, participants will be prompted to complete the entire problem on their own. 

The fourth, fifth, and sixth problem in the set involved problem solving without worked 

example supports.  
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Figure 3: Faded example condition within ASSISTments 

Similarly, in the fading with self-explanation prompt condition, students were 

required to complete the last set of steps that were removed and then to complete the self-

explanation prompts about the problem solving process or a hypothetical problem that 

relates to the current problem. The fourth, fifth, and sixth problem in the set involved 

problem solving without assistance. 
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Figure 4: Faded Worked Example Condition within ASSISTments 

Procedure 

Each phase of the experiment was assigned as homework within the 

ASSISTments learning tool. On day 1 of data collection, participants were administered a 

pretest to determine their knowledge on three-dimensional figures prior to the 

intervention. Pretest scores were also used to measure students’ prior knowledge. Upon 

completing the pretest participants were administered the WOMBAT to measure their 

working memory capacity and then the Flanker Inhibitory Control and Attention Test to 

measure inhibitory control and attention. The intervention commenced on day 2 of data 

collection. 

On the second day, participants werre randomly assigned to one of the four 

conditions in ASSISTments. In the business as usual condition participants were 

administered a problem and prompted to solve it. This occurred six times per session. 

They were then be prompted to rate their cognitive load on a scale from 1 (the lowest) to 

7 (the highest) by responding to the question: “How easy or hard was it to solve all of 

those problems?’’ after each set of problems are presented. In the worked example with 

self-explanation prompt condition, participants were told to study a worked example 

closely and to respond to a self-explanation prompt before moving on to a practice 

problem. They were then prompted to rate their cognitive load on a scale from 1 (the 

lowest) to 7 (the highest) by responding to the question: “How easy or hard was it to 

solve all of those problems?’’ after each problem presented. In the fading condition, 

participants were told to complete the final step of the first problem in the problem series, 

then complete a problem with the last two steps of the problem removed, then solve a 
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problems with the last three steps of the third problem removed, and then three problems 

in which none of the steps are supplied for practice. They were then be prompted to rate 

their cognitive load on a scale from 1 (the lowest) to 7 (the highest) by responding to the 

question: “How easy or hard was it to solve all of those problems?’’ after each problem 

presented. The fading with self-explanation prompt condition was identical except that 

participants were told to first complete the faded steps and then respond to a self-

explanation prompt (the same prompt as the worked example with self-explanation 

prompts condition). They were then prompted to rate their cognitive load on a scale from 

1 (the lowest) to 7 (the highest) by responding to the question: “How easy or hard was it 

to solve all of those problems?’’ after each problem pair presented. This same process 

occurred on days 2, 3 and 4 of the experiment. This process was repeated for three days 

to increase the treatment effect necessary to improve mathematical performance. On day 

5, participants were prompted to complete a posttest of the same format as the pretest, 

and to complete a series of demographics measure. Day 5 concluded the study.  
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Chapter 4 

RESULTS 

 

The current chapter is organized as follows. In the first section, the plan of 

analyses is outlined, including a description on how missingness was handled in the data 

from the current study. Second, there will be a presentation of the three analyses that 

were conducted to answer the three main research questions. Finally, there will be a 

description of supplemental analyses conducted that extended beyond  the main research 

questions, but were still of interest and worth exploring related to the theoretical 

framework discussed in Chapter 2.  

Descriptive Statistics 

 Descriptive statistics for the entire sample on all observed variables, prior to mean 

centering, are presented in Table 1. One-way ANOVAs were conducted to compare 

differences by condition on the total pre-test score, the pre-test procedural and pre-test 

conceptual scores considered separately, working memory scores, flanker scores, and 

perceived cognitive load scores. There were no differences on pre-tests by condition, F 

(3,72) = 1.630, p = .190. Further analyses indicated there was no group differences on 

working memory, (F (3, 70) = 1.128, p = .344), and the flanker task (F (3, 68) = .284, p = 

.837). Though the pre-test means by condition were not significantly different, it is worth 

noting that the control condition had a noticeability higher pre-test score than the 

experimental conditions, demonstrated in Table 2. The effect sizes between the control 

condition and three experimental conditions were d = .67 (worked examples plus self-

explanation), .89 (fading), .69 (fading plus self-explanation). Differences of this size  
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could work against demonstrating the effectiveness of the four interventions but that issue 

will be addressed in subsequent analyses. Following these comparisons, prior knowledge 

was centered to prevent the risk of multicollinearity that would might occur when 

including interaction terms in the third research question’s and subsequent analyses 

(Iacobucci, Schneider, Popvich, & Bakamitsos, 2016).  

Table 1: Sample statistics (N = 114) 

 Descriptive Statistics on Categorical and Non-Categorical Variables 

   

Continuous Variable Mean SD Min Max n 

% 

missing 

       Pre-test Overall  47.73 17.94 11.76 79.41 114 32% 

Post-test Overall 59.71 23.41 0 96.43 73 32% 

Pre-intervention WOMBAT Score 2.24 2.68 0 20 114 15% 

Pre-intervention Flanker Score 4.44 0.58 2.5 5 114 39% 

Perceived Cognitive Load Score 3.82 1.32 1.33 8.5 73 61% 

       Categorical Variables 

 

% 

 

n 

  Female 

 

38.5 

 

30 

 

68% 

Ethnic/Racial Minority 

 

62% 

 

49 

 

69% 

Mother College Educated 

 

57% 

 

44 

 

67% 

English First Language 

 

96% 

 

76 

 

69% 

 

 It is possible that students’ perceived cognitive load also depended on their 

familiarity with the content or their familiarity with the intervention or ASSISTments 

platform. Thus, it is worth considering whether students’ perceived cognitive load 

differed at all. Students’ mean perceived cognitive load for each day of the intervention 

are demonstrated in Table 2.  
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Table 2  

Mean Perceived Cognitive Load by Day 

   

 

Day 1 Day 2 Day 3 

Overall 4.36 3.61 3.44 

Control 5.03 3.68 2.8 

Worked Example w/ Self-Explanation 4.18 4.03 3.94 

Faded Worked Example 4.15 3.45 3.79 

Faded Worked Example w/ Self-

Explanation 4.36 3.23 3.11 

 

 

Table 3 

Pre-Intervention Comparisons by Condition 

 

Control (n = 16) 

Worked Example 

w/ Self-

Explanation (n = 

20) Fading (n = 22) 

Fading with Self-

Explanation (n = 

15) 

         

 

Mean SD Mean SD Mean SD Mean SD 

Pre-Test 58.62 15.38 48.2 15.63 42.99 19.43 47.45 16.81 

Pre-Test 

Procedural 51.87 23.15 35.5 22.82 38.63 24.35 40 24.2 

Pre-Test 

Conceptual 21.61 9.64 14.79 9.5 16.09 10.14 16.66 10.08 

WOMBAT 2.63 2.27 1.63 1.86 1.9 1.84 2.6 1.88 

Flanker 4.46 0.83 4.51 0.46 4.35 0.6 4.36 0.44 
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Handling Missingness 

Recall that most participants participated via the online ASSISTments system. 

Inspection of the data revealed that some participants failed to complete all measures (see 

Table 1). Use of casewise deletion (the default in SPSS) has been argued to be 

problematic when (a) the data are not missing at random (e.g., as can occur when one 

category of participants responded less than others), (b) the reduction in N for analyses 

increases the risk of Type II error, and (c) estimates of statistics (e.g., regression 

coefficients) are biased (i.e., larger or smaller than the population value) (Allison, 2000). 

When testing for missingness, it is necessary to determine the missingness pattern before 

deciding on what to do with missing values in the data. When comparing groups, a non-

significant result would indicate missing completely at random, (MCAR), suggesting that 

missing values are randomly distributed across all observed variables. Data that are 

MCAR indicates that missingness in a given variable does not depend on any other 

variable, both observed and unbserved. MCAR data can be confirmed or disconfirmed by 

dividing variables into missing and non-missing variables and then using t-tests of mean 

differences on each of the variables. Data that are MCAR in a relatively large sample can 

potentially be dropped using casewise deletion unless it significantly reduces the sample, 

potentially increasing the likelihood of a Type II error. Data that are missing at random 

(MAR), as opposed to completely at random (MCAR), exhibit observed significance for 

testing missingness between variables. Thus, missingness can be predicted by other 

observed variables and does not depend on variables that were not collected in the current 

study (Garson, 2015).  
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In an effort to determine missingness patterns, posttest variables were recoded 

(missing =1, all else = 0) and pre-test variables were compared on missingness using t-

tests in SPSS. Results suggested that when comparisons were made across all observed 

variables, all variables were statistically significant, suggesting that there was a 

difference between the sample that completed the posttest and the attrition sample. 

Further, missingness did not depend on observed variables, but perhaps based on 

variables that were not collected in the current study. Thus, the data were missing not at 

random (MNAR). Given this missingness pattern, it is advised that the data not be 

imputed since attempting to predict values from variables that were not collected is not 

feasible (Schafer & Graham, 2002). Instead, listwise deletion was used in the current 

study but this decision necessitated conducting alternative analyses to compensate for the 

potential loss in power. 

Correlations 

Initial analyses included examining the relationship among variables in the study. 

Categorical variables such as gender, race,  English as a first language, parent’s 

education, and condition cannot be correlated with the non-categorical variables and thus 

were not included in the correlation matrix. Further, because these variables were not 

central to the current study’s research questions they were not incluced in further 

analyses with the exception of the condition variable. As seen in Table 4, one of the 

major variables of interest, the WOMBAT (working memory) score, showed a small, 

negative correlation with the Flanker score, suggesting that stronger working memory 

scores were associated with weaker attention and inhibitory control, the opposite of what 

should have occurred given contemporary models of executive function (Miyake et al., 
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2000). A medium, negative relationship was also observed for perceived cognitive load 

and the pre-test score (r = -.424, p < .001), posttest score (r = -.312, p = .009), pre-test 

procedural (r = -.356, p = .002), pre-test conceptual (r = -.356, p = .002), and posttest 

procedural (r = -.351, p = .003). These values indicate that participants who had lower 

pre and posttest scores reported higher perceived cognitive load. No  relationship was 

observed for perceived cognitive load and working memory (again, opposite of what 

would be expected in Cognitive Load theory), the flanker score, and the posttest 

conceptual scores though the posttest score was approaching significance (p  = .071). The 

flanker score exhibited a small but positive relationship (r = .295, p < .05), with the 

posttest procedural score. This positive relationship, though small, may indicate the role 

of attention in math ability referenced in Chapter 2. However, it is important to note that 

these correlations should be interpreted cautiously, as correlations only tend to stabilize at 

about 250 participants in a given sample (Schonrodt & Perugini, 2013).  
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Table 4 

Correlations  

 

1 2 3 4 5 6 7 8 9 

1. Pre-Test 1 .820** .820** -0.04 0.153 -.424** .685** .649** .614** 

2. Pre-Test Procedural 

 

1 1.000** 0.048 0.21 -.356** .565** .569** .480** 

3. Pre-Test Conceptual 

  

1 0.048 0.21 -.356** .565** .569** .480** 

4. WOMBAT 

   

1 -.235* -0.025 -0.009 -0.164 0.13 

5. Flanker 

    

1 -0.171 0.164 .295* 0.01 

6. Perceived cognitive 

load 

     

1 -.312** -.351** -0.217 

7. Post-Test 

      

1 .899** .936** 

8. Post-Test Procedural 

       

1 .688** 

9. Post-Test Conceptual 

        

1 

**. Correlation is significant at the 0.01 level (2-tailed). 

      *. Correlation is significant at the 0.05 level (2-tailed). 
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Analyses Pertinent to Research Questions 

 In order to assess the effect of fading on posttest scores, a series of multiple 

regression analyses were conducted with three different outcome variables: (1) posttest 

scores, (2) posttest procedural scores and (3) posttest conceptual scores. As a means of 

addressing the loss of power due to missing data and limit the number of predictors in 

subsequent regression analyses using interaction terms to address the third research 

question, an exploratory factor analysis was conducted to create single factor scores from 

the propensity measures for each participant. To assess whether certain specific 

instructional approaches would seem to be particularly beneficial for students with 

specific propensities (Research question 3),  these factor scores were then used in a 

regression to determine how the effect of fading differed based on the students’ 

propensity scores. Analyses and corresponding results are outlined in detail below.  

Research Question 1 

Do the three experimental conditions differ in promoting knowledge of surface area and 

volume at posttest? 

 To address the first research question, a preliminary 4 (Group: Fading, 

Fading+Self-explantion, Worked examples + self-explanation, control) x 2 (Trial: Pretest, 

Posttest) repeated measures anova (RMANOVA) was conducted to determine group 

differences and  changes in scores from pre to post test. Levene’s test was first run to 

determine whether the assumption of equal variances was violated, but it was found to be  

non-significant, F (3, 69) = .565, p = .640. Thus, the RMANOVA was an appropriate test 

to use as an initial analysis for this research question. The preliminary RMANOA showed 

that there was a main effect for trial after exposure to the ASSISTments homework 
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assignment, F (1, 69) = 55.77, p < .001, 2 = .447, suggesting that all (or most) groups 

showed significant improvement from pretest to posttest. However, there was no main 

effect of condition, F (3, 69) = 1.73, p = .168, 2 = .07, shown in Table 5.  

Table 5 

RMANOVA on pre-test and post-test scores by condition 

 Source Df F p MSE ŋ2 

Time 1,69 55.77 < .001 8919.59 0.447 

Condition x Time 3,69 1.73 0.168 277.25 0.07 

 

 

Figure 5: Change from pre to post test.  

Given these preliminary findings suggesting that there was no difference between 

the two fading and two non-fading conditions (control and worked example condition), 

the fading conditions were collapsed in to one group, whereas non-fading conditions 

were collapsed in to another group. A RMANOVA was conducted to determine group 

differences between the two fading and two non-fading conditions. This analysis 
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indicated a main effect of condition,  F (1, 72) = 1.73, p = .029, 2 = .065 with the fading 

condition (M = 66.15) exhibiting a higher posttest score than the non-fading condition  

(M = 63.07), shown in table 6.  

Table 6 

RMANOVA on pre-test and post-test scores by collapsed condition 

 Source Df F p MSE ŋ2 

Time 1,72 70.92 < .001 10085.14 0.496 

Condition x Time 1,72 4.97 0.029 707.29 0.065 

 

 

Figure 6: Changes from pre to post with collapsed conditions 

 Expressed in terms of effect sizes between the condition with the largest average 

gain score (fading) and the other conditions, the gaps were  d = .14  (control condition), d 

= .35 (WE+SE condition), and d =  .08 (fading+SE condition). Table 7 also compares the 

effect sizes at the pretest and posttest between conditions. As can be seen, whereas the 

effect size between the fading condition and control condition was d = .89 at the pretest, 

it narrowed considerably to d = .14 by the posttest. 

 

0

10

20

30

40

50

60

70

Pre-Test Posttest

P
ro

p
o

rt
io

n
 o

f 
Q

u
e

st
io

n
s 

C
o

rr
ec

t 
o

u
t 

o
f 

10
0 Fading

Non-Fading



 93 

Table 7 

Comparison of Cohen's d effect sizes by condition compared to  faded 

condition for pre and posttest scores 

 

Pretest Post 

Condition d 

Fading  versus Business as Usual .89 .14 

Fading  versus Worked Example + Self-Explanation .29 .35 

Fading versus Fading + Self-Explanation .24 .08 

 

Research Question 2 

Do the three experimental conditions differ in promoting conceptual knowledge and 

procedural knowledge of surface area and volume at posttest? 

Posttest Procedural  

  Two address our second research question that was comprised of two parts, two 4 

(Group) x 2 (Trial) RMANOVAs were conducted. The  RMANOVA  procedural 

revealed a  main effect for  Trial, suggesting a significant increase in procedural  scores 

after exposure to the ASSISTments homework assignment, F (1, 69) = 61.64, p < .001, 

2 = .472. However, there was no main effect of condition, F (3, 69) = .75, p = .521, 2 = 

.03, demonstrated in Table 8.  
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Table 8 

RMANOVA on pre-test and post-test procedural scores by condition 

 

      Source Df F p MSE ŋ2 

Time 1,69 61.64 <.001 1728.05 0.472 

Condition x Time 3,69 0.75 0.521 219.44 0.032 

 

 

Figure 7: Pre posttest scores by group. 

Posttest Conceptual Scores 

 To answer the second part of the second research question, a 4 (Group) X 2 

(Trial) RMANOVA for pre and post test conceptual scores  indicated that there was a 

main effect for  Trial, indicating significant growth in concept knowledge between the 

pre and posttest after exposure to the ASSISTments homework assignment, F (1, 69) = 

314.59, p < .001, 2 = .82. However, there was no main effect of condition, F (3, 69) = 

1.14, p = .339, demonstrated in Table 9.  
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Table 9 

RMANOVA on pre-test and post-test conceptual scores by condition 

 
      Source Df F p MSE ŋ2 

Time 1,69 314.59 <.001 69694.87 0.82 

Condition x Time 3,69 1.14 0.339 252.53 

  

 

Figure 8: Posttest Conceptual Knowledge scores by condition 

 

Research Question 3 

 The final goal of the study was twofold: first, it was of interest in whether 

propensity variables explained additional variance beyond instructional conditions (given 

the expectation that significant differences would emerge among the conditions). Second, 

it was of interest to determine  whether students with specific  propensity profiles would 

particularly benefit from specific instructional conditions. Assessing the latter goals 

required the computation of interaction terms. But to limit the number of these terms, 

factor scores from the propensity variables were created. These factor scores were then 

multiplied by dummy codes for the four conditions. If any of the interaction terms are 
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significant, this finding would suggest that certain conditions were particularly beneficial 

to students having that propensity profile. Note that  the best way to ascertain whether 

conditions were favorable to some students would be to create student profiles based on 

where on each of these variables students fall, employing a person centered approach 

within Latent Class Analysis (LCA). However, LCA  requires a larger sample than the 

one in the current study (Muthen & Muthen, 2002) and thus, the alternative of using 

factor scores was employed instead.  

 More specifically,  an exploratory factor analysis was first conducted to create a 

factor score for each student based on their performance on the pre-test, WOMBAT, 

Flanker Task, and Perceived cognitive load measures. Exploratory factor analysis was 

chosen since no theoretical decisions were made a priori. Principal axis factor analysis 

with varimax rotation and Kaiser normalization was conducted to determine the number 

of underlying factors. Two factors were requested, primarily because the items were 

chosen to index two constructs: prior knowledge and executive functioning. After 

rotation, the first factor accounted for 24.75% of the variance and the second factor 

accounted for 11.13%. Table 10 displays the items and factor loadings for the rotated 

factors, with factor loadings less than .50 omitted to improve clarity. Based on the 

screeplot and values for each factor a two factor solution was chosen, with each factor 

having eigenvalues over 1.00. The first factor had strong loadings on the first two items 

(pre-test score and perceived cognitive load) with loadings over .50. Perceived cognitive 

load, though above .50, had a negative loading. The Flanker and WOMBAT scores had a 

high loading on the second factor, though the loading for the WOMBAT score was 

negative. There were no cross loadings on the two factors. Factor scores were then 
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computed by multiplying each participant’s pretest score by .646 and the perceived 

cognitive load score by -.662 and adding these values together to create one factor score. 

Then, the second factor score was created in a similar manner by multiplying their 

flanker and WOMBAT scores by .504 and -.500 respectively. Factor scores can be 

viewed as how students rank on a series of factors. Thus, higher factor score would mean 

a higher ranking on prior knowledge, working memory, inhibitory control/attention, and 

perceived cognitive load. Given that the first factor contributed 24.75% of the variance in 

the factor analysis, this factor was used as the propensity score for further analysis. This 

score was also mean centered to avoid multicollinearity.  

Table 10 

Factor loadings based on principal axis with 

varimax rotation for propensity variables 

  

Factor 1 Factor 2 

Pre-Test 

 

0.646 0.118 

Perceived cognitive 

load -0.662 -0.018 

Flanker Score 0.242 0.504 

WOMBAT 

 

0.048 -0.500 

 

 To test whether students’ whether propensity variables explained additional 

variance beyond instructional conditions, a regression analysis with the first factor score 

and the dummy codes for each experimental condition was conducted. The four 

conditions in total called for three dummy codes; a zero on all three of the dummy codes 

indicated the business as usual (control) condition, and served as the referent category in 

the subsequent analyses. A linear regression was conducted to ascertain whether the 

propensity factor score X condition interaction terms explained additional variance. The 

overall model was statistically significant (F [7, 67] = 4.078, p < .001) with the first 

propensity factor score being the only significant predictor of posttest scores (B = 21.723; 
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t [70] = 2.628,  = .873, p = .011). Though not statistically significant, all of the 

unstandardized B’s  for the three interaction terms were negative showing that student 

propensities interacted with the three instructional conditions in a manner that predicted 

lower posttest scores for students with higher initial propensities for students in the three 

experimental conditions (relative to the control condition).  This was particularly 

pronounced for the fading and self-explanation combined condition. The model explained 

32% of the variance in posttest scores.  

Table 11 

Linear Regression analysis of factor 1 score predicting posttest scores 

  

 

Model 

  

Variable B SE B β t p 

Worked Example w/ SE 2.72 6.43 0.062 0.423 0.674 

Faded Worked Example 9.87 6.31 0.234 1.563 0.123 

Faded Worked Example w/ SE 6.04 6.65 0.13 0.909 0.367 

Factor 1 21.72 8.26 .873 2.628 0.011 

Factor 1 x Worked Example w/ SE -7.98 9.47 -0.184 -0.842 0.403 

Factor 1 x Faded Worked Example -6.06 9.63 -0.132 -0.629 0.531 

Factor 1 x Faded Worked Example w/ SE -15.87 9.89 -0.311 -1.605 0.114 

R2 0.32 

    
F for Change in R2 4.07 

    
~p < .10, * p< .05, **p<.01 

      

     To help visualize the interaction terms, two groups were created from the first 

propensity score: those above the median (high propensity) and those below the median 

(low propensity. Then the pre and posttest scores were plotted for each of the high and 

low groups. As can be seen below for just the low propensity students, the lines for the 

fading conditions appear to have steeper lines, suggesting that the fading conditions may 
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have helped low propensity students more than the worked example and control 

conditions (thus creating negative coefficients). However, because these groups did not 

significantly differ, these findings should be interpreted cautiously.  

 

Figure 9: Plotted means by condition for low propensity students.  

 

Table 12 

Means for low propensity group by condition 

 

Business 

as Usual 

(Control) 

Worked 

Example 

w SE Fading 

Fading 

w SE 

Pre-Test 33.33 39.3 31.01 39.21 

Posttest 46.42 50.32 56.49 61.9 

 

 For the high propensity students, lines are clustered much closer together. It is 

likely that no one  experimental condition was  particularly helpful for these students. 

However, it is worth noting that the line for the fading condition appears to be steeper 
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than others, suggesting that despite having higher propensity  scores this condition may 

have helped students more than the other conditions.  

 

Figure 10: Plotted means by condition for high propensity students.  

Table 13 

Means for high propensity group by condition 

 

Business 

as Usual 

(Control) 

Worked 

Example 

w SE Fading 

Fading 

w SE 

Pre-Test 64.95 62.18 60.45 59.8 

Posttest 70.53 76.02 79.02 70.23 
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Ancillary Analyses 

 A final analysis was conducted to determine whether perceived cognitive load 

differed by condition. Recall that conditions with more support are believed to reduce 

cognitive load for novice learners and thus lead to learning. A one-way ANOVA 

comparing conditions on their average perceived cognitive load score indicated no 

difference between groups, F (3, 69) = .299, p = .826. 

Table 14 

One-way ANOVA comparison of perceived cognitive load scores between conditions 

      Source df F P 

  Between  Groups 3 .299 0.826 

  Within Groups 66 

    Total 69 

    

      Note: N = 73 
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CHAPTER 5 

DISCUSSION 

 

 The current study broadly examined whether several forms of worked examples 

lead to improved learning, as evidenced by increases in posttest scores. It also 

investigated the role of propensity factors in determining the effectiveness of these 

worked examples that did or did not include fading and self-explanations. Prior studies 

that employed faded worked examples to promote learning indicated that students 

exposed to fading often outperformed students that were exposed to worked examples 

without fading. The fading effect, reported in studies designed to test Cognitive Load 

Theory (CLT), suggests that removing steps from a worked example in a successive 

fashion ultimately promotes learning, particularly when the students exhibit low prior 

knowledge (Sweller, 2012). Also, given the emphasis on cognitive demands placed on 

the learner in CLT, the current study examined the role of executive function in how well 

students performed after exposure to worked examples with and without fading. The 

present chapter will highlight the findings of the present study as they relate to prior 

literature, discuss limitations that arose during the data collection process and as a result 

of the research design, and suggest directions for future research. 

 The research questions were: (1) Will faded worked examples and self-

explanation prompts lead to improved posttest performance of surface area and volume in 

middle school students compared to experimental conditions in which only one of these 

features is present (either faded worked examples alone or self-explanation prompts 

alone)? Will all three experimental conditions promote a higher level of posttest 
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performance than the control (business as usual) condition? (2) Do the three experimental 

conditions differ in promoting conceptual knowledge and procedural knowledge of 

surface area and volume at posttest?  and (3) When interaction terms are created between 

student propensity profiles and conditions within regression analyses, which interaction 

terms explain significant variance in posttest scores and thereby demonstrate that students 

with particular profiles particularly benefitted from one kind of instruction?  

Findings Related to Experimental Manipulations 

 The present study attempted to tease apart the contributions of worked examples, 

fading, and self-explanation. It was an open question as to which of these features was 

most important and whether particular combinations might lead to lower performance 

because of creating cognitive overload. The analyses reported here showed that there was 

no siginificant differences among  the experimental and control conditions for posttest 

knowledge scores. Follow-up analyses showed that there was significant effect of fading 

on posttest scores. By comparison, both the worked example with self-explanation and 

control groups showed less growth than the two fading conditions, which did not differ 

among themselves. Prior literature on the use of worked examples when compared to 

business as usual suggests that students exposed to worked examples, or example 

problem pairs where they study a worked example and solve a similar problem on their 

own, outperform students given only a set of problems to be solved (Booth, McGinn, 

Young, & Barbieri, 2015; Sweller, 2012). The fading literature suggests that novice 

learners exposed to fading outperform students exposed to worked examples (Atkinson et 

al., 2003).  While the findings in the current study are consistent with the fading 

literature, in terms of gain scores, the non-difference between the worked example + self-
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explanation condition and control group contradicts prior findings. However, it is worth 

noting that the current study departs from the prior literature in a number of ways. First, 

the type of prompts employed in the current study were not the types used in prior 

literature. The current study asked students  to generate their own responses, whereas 

many prior studies in an intelligent tutoring environment used a drop down menu or 

multiple choice question (Atkinson et al., 2003). This may further support that the idea 

that the self-explanation prompts were difficult. Third, often worked example problem 

pairs are placed next to the problem to be solved (McGinn, Lange & Booth, 2015). This 

allows the student to examine the worked example and then use it as a model to solve a 

similar problem on their own. In the online learning platform used  in the current study, 

students had to first demonstrate that they looked at the worked example and were taken 

to another problem below it, requiring them to scroll up to review the worked example. 

Thus, it is possible that the placement of the worked example was not helpful. Since both 

of these differences could have caused the non-significant differences, they should be 

teased apart in subsequent studies. 

Theoretical Implications for Cognitive Load Theory 

 Recall that CLT (Sweller, 2012) suggests students who attempt to problem solve 

without first studying examples may experience an increase in cognitive load as they 

attempt a means-end analysis, struggling to find the steps between the problem state and 

the goal state of a given problem. CLT suggests that in order to free up resources needed 

to learn, students should first study worked examples to familiarize themselves with the 

procedures needed to solve the problem, slowly fade these steps out so their problem 
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solving is scaffolded, and then once they’ve reached mastery, allow them to problem 

solve alone.  

 The  current study did in fact find that the fading conditions appeared to have a 

significant effect on posttest scores, whereas the worked example conditions did not. 

Thus, whereas the fading finding is in line with CLT, the worked example finding is not. 

It is possible that the worked examples alone may have benefitted novice learners, though 

it is difficult to determine this since this was not tested in the current study. Although 

worked examples reduce cognitive load according to CLT, asking students to generate 

their own explanation increases cognitive load and thus here it is evident that the two 

manipulations canceled each other out.  

Howevever, a comparison of group differences on perceptions of cognitive load 

indicated no difference, suggesting that students experienced about the same perceived 

cognitive load across conditions. A key assumption of CLT is  that students in the 

business as usual condition would experience the most cognitive load, though it is unclear 

what level of load students should experience across the three experimental conditions. It 

is possible that the perceived cognitive load was not necessarily dependent on the 

experimental design but rather the difficultly of the content itself. Cognitive load as 

typically measured and measured in this study is likely a proxy for perceived difficulty 

rather than load per se, and not related to executive functioning as argued in Chapter 2. 

This may be further supported by the correlations presented in Chapter 4, where there 

was no significant relationship between the perceived cognitive load measure and 

working memory. Significant correlations between perceived cognitive load and prior 

knowledge were observed, however. Thus, the difficulty of the content may have played 
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a bigger role in students’ perceived cognitive load ratings, rather than the experimental 

manipulations. Further, given the question of the perceived cognitive load measure, it is 

also entirely possible that perceived cognitive load is measuring self-efficacy or how well 

the student believes they can do on the problem, distinct from how difficult the actual 

problem is. This finding demonstrates the need to develop additional, more sensitive 

measures of load (e.g., performance reduction in dual task environment). 

Theoretical Implications for the Opportunity-Propensity Model 

 The current study found that when including a propensity score in the model to 

explain posttest scores along with each condition dummy variable, the propensity 

variable was the only significant predictor and explained a significant amount of 

variance. Further, when examining how low propensity and high propensity students 

performed, it appeared that the lines varied depending on which category students fell 

into. The OPM suggests that for students to be successful, two conditions must be met: 

(1) they must be exposed to opportunities that would promote success, such as an 

experienced teacher, high quality instruction, or good schools, and (2) they must have the 

propensity to take advantage of those opportunities. Prior studies that employed the OPM 

found that propensity factors predict outcomes much more strongly than instructional 

factors. For instance, Byrnes & Miller-Cotto (2016) found that when including 

instructional variables, the model predicting math and reading achievement predicted 

31% of the variance, whereas when the model included propensity factors (e.g., interest 

and approaches to learning) explained 47% of the variance. Byrnes and Wasik (2009) 

found that instructional variables only accounted for 2% of the variance. The current 

study is consistent with prior OPM studies, suggesting that propensity may be as 
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important to account for as opportunities. This finding offers further support to the idea 

that it is not enough to account for whether each experimental manipulation improves 

learning, but rather for whom it improves learning. A better understanding of this finding 

would offer a more nuanced understanding of the worked example and fading effects. 

Further research may illuminate these findings by investigating these variables in a 

structural equation model to determine whether the effectiveness of instructional 

variables is shown to be mediated through propensities, rather than computing interaction 

terms as was done in the current study.  

Limitations 

 Before drawing any firm conclusions about the present results, it is important to 

consider the possibility that any of non-significant differences between any of the four 

conditions were due to five main possible methodological concerns.  The first pertains to 

the possibility of ceiling effects. The pretest scores show that students in all conditions 

performed very well so it is possible that the pre and posttest measures were too easy. If 

so, then there would be little growth that could occur between pre- and posttest.  

 The second possible explanation could pertain to the issue of dosage. Graphs of 

growth over time suggest that there were trends in favor of possible differences among 

the conditions. It may be that the three-day intervention was not powerful enough to have 

produced differences and that a longer or more intense intervention would have led to 

significant differences. Further, it may also be the case that implementing the homework 

assignments on a consistent basis was more important than dosage. This possibility 

should be investigated in follow up studies.  
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 The third possible explanation could relate to statistical power. A power analysis 

indicated that 45 students per condition were required to be 80% sure of detecting a 

medium effect size. However, despite the considerable effort to attain this number in 

every condition, all conditions had less than 45 participants. A power related explanation  

may particularly have been the case for the first research question in which the main 

effect of condition nearly approached significance but failed to reach significance. This 

possibility should be explored in follow up studies with larger sample sizes.  

The fourth possible explanation is that the experimental design made it difficult to 

produce a significant an effect. The current study included three treatment groups and a 

control group. As discussed in Chapter 2, prior work suggests that all three of the 

treatment groups may improve problem solving. It is possible that including too many 

treatment groups may have washed out or obscured any effect. The between group 

variance is determined by subtracting each treatment mean from the grand mean. If more 

than one condition was effective and similar means are subtracted from the grand mean, 

the F ratio would not be large enough to be significant. This possibility could be 

examined in follow up studies in which fewer experimental treatments are compared to 

the control condition and each other in each study.  

 Finally, a limitation that came as a result of the field experiment was the fidelity 

of implementation. Students were assigned to each condition via links in ASSISTments. 

It is possible that this method did not ensure perfect randomization, since the students 

were randomized within classrooms rather than for the entire study. Also, students were 

assigned the intervention as homework. There is no way to determine whether students 

completed the measures without assistance or as intended. Relatedly, the working 



 109 

memory measure may have been a poor measure on the online tutoring platform; students 

may have written the numbers down although it was emphasized that this was a memory 

task and writing down answers were strongly discouraged. The lack of control in this 

field experiment made it difficult to replicate laboratory findings. To address the fidelity 

problem, follow up studies should include tighter experimental control by the 

experimenter and less reliance on classroom teachers to make sure the intervention and 

measures were implemented as intended. 

Implications & Suggestions for Future Research 

In summary, some of the findings of the present study were consistent with the 

results of prior studies, and some were not. Despite the discrepancies, one consideration 

that is useful for educators to remember is that some promising strategies for learning that 

work in cognitive science research do not always translate cleanly to classrooms. This 

appears to be the case with the current study. It is clearly necessary to conduct further 

research to determine what about faded worked examples improves learning, in what 

contexts, and why it works, before attempting to first replicate it in classrooms and then 

determining who benefits from it and why. A potential follow up study would be to 

conduct a similar study in a highly controlled laboratory experiment. Instead of including 

all four experimental conditions, a follow up study should include one experimental 

condition and one control to determine the effect of fading on learning without 

interacting with other experimental conditions. Observing an effect would then lead to a 

follow up studying replicating these findings but then covarying for how the effects 

change based on prior knowledge, perceived cognitive load, and executive functioning.  

Further work should also determine how worked examples, fading, or self-explanation 
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might contribute to procedural and conceptual knowledge, or whether a dichotomy of 

types of knowledge are worth examining. It is worth examining whether the measures 

used in the currently study truly assessed conceptual knowledge, a secondary component 

of procedural knowledge, or another construct altogether. Future work should also 

determine whether this is of interest.  

At this stage, it is premature to offer advice to teachers about faded worked 

examples. However, it is worth noting that while faded worked examples are a useful 

strategy to improve learning, and could potentially be a way to change the way they teach 

multi-step math problems, there are some caveats. First, there are some instances where 

business as usual may be more beneficial to students than others (Miller-Cotto, Auxter, 

Byrnes, Newton, 2017).  This is often the case when faded worked examples are not 

faded in accordance with the learners’ prior knowledge. As the current study indicates, 

learners’ characteristics are an important consideration when employing faded worked 

examples. Secondly, there are several steps in creating worked examples that will be 

subsequently used for fading. In other words, creating well designed worked examples is 

an iterative process, and simply creating examples to be used in the classroom will likely 

not yield favorable results. Thus, the same level of careful design employed in a 

laboratory to design good worked examples will be required in a classroom, and it is still 

unclear if this time use is worth it for all students, and if it is, in what ways.   

Conclusion 

 The current study examined the effect of faded worked examples on learning in a 

field experiment, as well as individual differences in the effectiveness of faded worked 

examples. While there were no group differences on posttest measures, low propensity 



 111 

scoring students appeared to benefit from faded worked examples the most, consistent 

with prior literature. Although these findings are not consistent with prior work that 

examines faded worked examples without fading, the current study serves as a foundation 

for future work to undersand mechanisms that might explain why faded worked examples 

promote learning. Continuing this line of research is necessary to replicate this strategy in 

classrooms. It will eventually improve students’ problem solving ability in mathematics, 

potentially increasing the number of students that exhibit competence in mathematics 

when graduating from high school and consequently choosing STEM majors.  
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APPENDIX 

APPENDIX A 

CONSENT FORM 

 

Project Title: The role of prior knowledge, executive function, and perceived cognitive 

load on the effectiveness of faded worked examples in geometry 

 

Dr. James Byrnes and his research assistants are interested in different mathematics 

techniques that improve learning and individual differences associated with their 

effectiveness. Your teacher has volunteered to participate in this study to improve your 

classes’ mathematical performance. Thus, you are being asked to participate to be part of 

the study sample. Each participant will be asked to complete a homework assignment 

using a certain learning strategy. For example, you will be presented with a math problem 

and asked to solve it using the mathematical strategy for that question. The total time you 

will be participating will be about 30 minutes per night of homework, a total of five 

nights of homework. Only ASSISTments administrators will have access to your 

responses and they will be kept in the strictest confidence. No names will be recorded; 

instead, names will be replaced with codes and will not be linked to your name. We do 

not expect that you will find the experience to be unpleasant in any way and have found 

that students often benefit from using these mathematical learning strategies to learn new 

concepts.  We hope that the findings will help us figure out characteristics of students that 

benefit from certain problem solving strategies. 

 

Completion of the homework assignment is a required component of the course. 

However, we would like to use your homework assignment for research purposes. You 

do not have to agree to let us use your homework assignment for research purposes; this 

is completely voluntary and up to you. If you decide not to let us use your homework 

assignment for research purposes, your teacher will not know your decision and your 

grade or relationship with Temple and its employees will not be affected. You may 

choose to stop participating at any time during the study. In sum: completion of the 

homework assignment is required by your teacher; use of your homework 

assignment for research purposes is entirely optional. If you have any questions about 

the study prior, during, or after participating, please feel free to contact the lead 

researcher, Dr. Byrnes, using the information below. If you have any questions about 

your rights as a research participant, you both may contact the Institutional Review Board 

(IRB) Coordinator at (215) 707-3390.  The IRB Coordinator may also be reached by 

email:  irb@temple.edu or regular mail: Institutional Review Board Coordinator, Temple 

University Research Administration, Student Faculty Conference Center, 3340 North 

Broad Street – Suite 304, Philadelphia, PA 19140.  
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Lead Investigator: 

Dr. James P. Byrnes, Ph.D. 

Department of Psychological Studies in Education 

Temple University 

1301 Cecil B. Moore Ave 

Philadelphia, PA 19122           

(215) 204-2813  jpbyrnes@temple.edu 

I have read and understand this consent form and agree to release my responses to the 

researchers: 

 

Your signature documents your permission for the named child to take part in this 

research. 

 

 Printed name of child 

   

Signature of parent or guardian  Date 

  Parent 

 Guardian (See note below) Printed name of parent or guardian 

 

   

Signature of person obtaining consent and assent  Date 

 

 

Printed name of person obtaining consent and assent  Date 
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APPENDIX B 

PRE/POST TEST MEASURE ON SURFACE AREA AND VOLUME 

1)  

a. Basim used a trailer to haul dirt. The interior of the trailer has a length of 8 

feet, a width of 4 feet, and a height of 2 feet.  

 

What is the total number of cubic feet of diet that the trailer can hold when 

it is filled so that the dirt is level with the top? (Include only numbers, not 

words, or labels, in your answer.) 

 

b. Basim’s co-worker John used the same trailer to haul dirt but John only 

filled the trailer halfway with dirt. Would we use the same dimensions (8ft 

by 4ft by 2ft) to determine the total number of cubic feet of diet that is in 

the trailer? Explain your reasoning.  

 

 

2)  

a. Malik will make a carving from a block of ice. The block of ice is in the 

shape of a rectangular prism. The dimensions of the block of ice are 

shown in the diagram below. 

 

   
  

 

What is the volume in cubic feet of the block of ice?  

 

 

b. Imagine that you could fill the block of ice with 1-cubic foot boxes like 

the one below. How many 1-cubic foot boxes would fit inside this 

rectangular prism?   

  

  

  

 

 

3)  

a. Find the surface area of the figure below. 
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b. Fill in the blank: the surface area is a measure of the total number of 

__________.  

4)  

a. Find the surface area of a rectangular prism with the dimensions 7ft by 2.5 

ft by 3ft.  

b. What would the surface area be if one side of the prism were taken away?   

 

 

 

4. Circle the name of the solid figure represented by the information given: 

 

 

 

4. Find the area and volume of the figure.  

a. Has  a volume of 
1

3
𝑙𝑤ℎ Cone Sphere Cylinder Pyramid Cube None 

        

d. Is a rectangular prism Cone Sphere Cylinder Pyramid Cube None 

 

        

        

f. Could be created from 

this net: 

 

Cone Sphere Cylinder Pyramid Cube None 
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4. Can each of these nets be folded to form a closed rectangular box? Choose yes or 

no for each. 

a. 

 

Yes No 

b.  

 

 

 

 

Yes No 

c. 

 

Yes No 

d.  

 

 

 

 

 

 

Yes No 
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7. Determine if each described pair of figures is similar. Circle either “similar” or “not 

similar” on the line next to the pair.  

    

a. A rectangle that is 5 inches wide and 10 inches long; a rectangle that 

is 8 inches wide and 13 inches long 

 

Similar Not Similar 

c. A cone with a height of 2 and a radius of 3; a sphere with a height of 

4 and a radius of 6 

 

Similar Not Similar 

d. A cylinder with a height of 7 and a radius of 2; a cylinder with a 

height of 21 and a radius of 6 

 

Similar Not Similar 
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