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Abstract

The Colorado Learning Attitudes about Science Survey (CLASS) has been widely
used to measure students’ attitudes and beliefs about learning physics. This usage is paired
with the assumption that the eight factors determined by the developers underlie students’
attitudes and beliefs about physics in all populations. Confirmatory factor analysis did not
support the existence of these eight factors amongst students enrolled in introductory physics
courses at a large research university in Western Canada. Thus, to understand the factors that
underlie students’ attitudes and beliefs about physics as conveyed by the CLASS data
collected at the university, a revalidation procedure was undertaken. The investigation of
underlying factors included performing and interpreting the results of exploratory factor
analysis, confirmatory factor analysis, and reliability tests.
Exploratory analysis of the survey data suggested five factors that underlie students’
responses to the survey items in an introductory physics course for engineering students.
Analysis of data from the introductory physics courses for engineering students and a
calculus-based physics courses for science students confirmed the existence of three of the
five emergent factors. These three factors have been labelled ‘Awareness of Real World
Connections’, ‘Self-Efficacy’, and ‘Constructive Connectivity’. This emergent model
indicates strong patterns in students’ attitudes and beliefs about physics from the beginning
of their undergraduate careers. Future research is needed to support the existence of these
revalidated factors and the robustness of this model in multiple populations. The potential for
a tool that can provide insight into students’ attitudes about physics, and how these attitudes
are shaped, to shape undergraduate physics learning are significant.
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1

Introduction

Today’s society is heavily dependent on knowledge and innovation in science,
technology, engineering, and mathematics (STEM) (“Spotlight on Science Learning,” 2013).
Moreover, there is an increased demand for a scientifically literate society (Huang & Anderson,
2010) and qualified people to pursue careers in STEM (Hue, Sales, Comeau, & Lynn, 2010).
Most careers in these areas require relevant undergraduate degrees. Thus, it makes good sense to
pay attention to undergraduate STEM education to ensure that students graduating with these
degrees have received a quality education (Heilbronner, 2011). It is important to examine not
only the quality but the appropriateness of the experiences students are receiving in the
classroom and how these experiences impact undergraduate learning (Heilbronner, 2011). Due to
the fundamental differences that exist between disciplines each area of STEM should be
considered as its own entity (Blickenstaff, 2005; Hanson, 1996). These differences tend to shape
students’ attitudes and beliefs about the individual STEM discipline. Numerous studies have
been done in this regard, including the use of quantitative instruments to assess these personality
constructs (Adams et al., 2006; Baldwin, Ebert-May, & Burns, 1999; Bauer, 2005, 2008).
Previous studies have demonstrated that a broad range of factors affect a student’s
decision to pursue and persist in a physics degree (Adeyemi, 2010; Ceci, Williams, & Barnett,
2009; Heilbronner, 2011; Kost, Pollock, & Finkelstein, 2009; Seymour & Hewitt, 1997; Smith,
2011; Wang, Eccles, & Kenny, 2013; Why aren’t more women in science?, 2007). Two of these
factors are students’ attitudes and beliefs about physics and learning physics (Adeyemi, 2010).
There also exists a body of literature on how attitudes towards science, and physics can impact
students’ learning and perceptions of what learning physics should be like (Dickinson & Flick,
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1998; Milner-Bolotin, Antimirova, Noack, & Petrov, 2011; Van Etten, Freebern, & Pressley,
1997).
To further explore these impacts, it is crucial to have accurate and reliable tools. A range
of quantitative tools that measure students’ attitudes towards physics and learning physics are
discussed in the literature. These include tools that measure students’ attitudes and
epistemological views about physics and learning physics (Adams et al., 2006; Elby, 2001;
Redish, Saul, & Steinberg, 1998). Although these tools measure slightly different traits, the
overarching goal is often to understand the factors which influence student learning and what
students’ decisions say about their attitudes towards physics and physics related professions. The
current study focuses on understanding the factors that underlie students’ attitudes and beliefs
about physics, as implied by the Colorado Learning Attitudes about Science Survey (CLASS)
(Adams et al., 2006) data for first year physics students at a Western Canadian University. The
CLASS is intended for use at all levels of undergraduate physics learning, across all fields of
physics, and was found to embody an eight factor model (Adams et al., 2006). However, an
inspection of the CLASS data from different introductory physics courses at a large research
university in Western Canada did not support the existence of the eight factor model. Moreover,
the validity of the instrument has been revisited only twice since its development, and neither
study examined the factor structure (Donnelly, MacPhee, Hardy, & Bates, 2013; Sawtelle,
Brewe, & Kramer, 2009). The current study aims to investigate the factors that underlie students’
CLASS responses at a large research university in Western Canada through an iterative
revalidation and confirmation process.

2

1.1

Background to the Study
This study evolved out of a desire to understand the factors influencing students’

persistence in undergraduate physics degrees to graduation. In particular, I aimed to describe the
factors underlying students’ attitudes and beliefs about physics. The Physics Department at the
study institution collects large quantities of data about students’ attitudes and beliefs towards
physics using the CLASS (Adams et al., 2006).
As a precursor to analysis, the structure and scoring method of the survey was examined.
The CLASS is divided into eight categories, suggested by the developers’ personal experience as
well as previous attitude surveys (Elby, 2001; Halloun, 1997; Redish et al., 1998), which were
confirmed by statistical analysis (Adams et al., 2006). However, confirmatory factor analysis did
not support the existence of this factor structure in the population of interest, and it was
suggested that six additional constraints be placed on the model for the data to fit the model. This
negative result, coupled with similar insights from an examination of the validity of the CLASSChem (Heredia & Lewis, 2012), furthered my desire to investigate the factors and factor
structure that underlie undergraduate physics students’ CLASS data through a revalidation
process.
The CLASS has been used in many studies to examine students’ attitudes and beliefs
about physics and learning physics. However, except for a study examining whether or not
students’ interpretations of the survey items are consistent at a primarily Hispanic institution
(Sawtelle et al., 2009), no studies have been conducted to add to the validity evidence
surrounding the instrument. In particular, no revalidation studies have been conducted to
investigate the factors and factor structure underlying students’ attitudes and beliefs about
physics implied by their responses to the CLASS. Similar gaps in the literature exist surrounding
3

other attitudes surveys (Elby, 2001; Halloun, 1997; McCaskey, 2009; Redish et al., 1998). It is
often challenging to select appropriate research instruments, and the availability of validity
evidence can streamline the decision (Heredia & Lewis, 2012). Moreover, given that validity of a
test interpretation may only be context specific, there is always the possibility of multiple
interpretations (Kane, 2009). This research study aims to add to the body of literature on the
factors influencing undergraduate physic students’ attitudes and beliefs about physics and
implications for curriculum, theory, and research.
There is a possibility that any differences between the factors at the institution where the
data were collected for the initial CLASS validation and the factors discovered in the current
study can be attributed to a considerable difference in the student populations at each institution.
For example, 16% of all undergraduate students at the study institution are designated by the
university as international students (Farrar, 2013), compared to only 3.7% at the University of
Colorado, Boulder (Planning, Budget, and Analysis, 2013). Among first year students at the
study institution last year, 29% of students identified as white, while 36% of students identified
as Chinese and 7% identified as South Asian (Farrar, 2013). Among transfer students, 42%
identified as white, 24% as Chinese, and 5% as South Asian (Farrar, 2013). The sample of
students involved in the initial development of the CLASS was 80% Caucasian (Adams et al.,
2006). These differences have effects on the factors and factor structure influencing or
underlying the participants’ attitudes and beliefs about physics and supports the revalidation of
the CLASS in this population..
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1.2

Significance of this Research

In order to conduct meaningful research, researchers need to be confident that the tools
they use are reliable and measure the constructs of interest. Without evidence supporting the
validity and reliability of research tools, researchers cannot generate dependable and valuable
conclusions. This study demonstrates how factors influencing students’ attitudes and beliefs
about physics might be a function of the context in which the subjects reside. This study also
provides insight into how the validity and reliability of survey tools might be interpreted, a view
not espoused in the present literature surrounding the CLASS (Adams et al., 2006). It is critical
for an instrument’s validity and reliability to be interpreted in tandem with a consideration of the
context (Heredia & Lewis, 2012). Thus this study examines the factors and factor structure that
governed CLASS data on students’ attitudes and beliefs about physics through a revalidation of
CLASS.

1.3

Researcher’s Perspective
I graduated with a Bachelor’s of Science in Physics and Mathematics from St. Francis

Xavier University in Antigonish, Nova Scotia, in 2011. I have always been passionate about
ways to attract more people to STEM degree programs, specifically Physics. During my
undergraduate degree, I was employed as a lab instructor for first-year physics students. I helped
undergraduate students to conduct and complete a variety of lab activities. As a result, I observed
first-hand how students’ attitudes can change in a year, a week, or even over the course of a
three-hour lab, and how these attitudes are sometimes slow to shift in any direction. This
background inspired my decision to investigate the factors that underlie students’ attitudes and
beliefs about physics through an analysis of CLASS data.
5

1.4

Research Questions and an Overview of the Methodology
One way to determine the factors underlying students’ attitudes and beliefs about physics

is to develop and validate an appropriate instrument using exploratory and confirmatory factor
analyses. Often, there are already validated and published instruments already exist, which
researchers can adopt and use to collect data. When such an instrument is used, it is vital to
inspect the new data set for the existence of the previously determined and published factors, as
this data collection usually occurs in a different population than the original validation. If the
factors are confirmed, it supports the robustness of the factor. It is an indication of the universal
nature of the factors and hence supports the universal validity of the instrument. Nonetheless,
there are times when the initially determined factors cannot be confirmed in another data set
obtained through the same instrument. In this regard, it is necessary to pursue a revalidation
process to determine the factors and factor structure that underlie the respondents’ scores in the
population of interest.
Although CLASS has been previously validated (Adams et al., 2006) and widely used to
assess undergraduate students’ attitudes towards and beliefs about science (Adams et al., 2006;
Alhadlaq et al., 2009; Gray, Adams, Wieman, & Perkins, 2008; Milner-Bolotin et al., 2011;
Otero & Gray, 2008) there are reasons to examine the factors that underlie students’ attitudes and
beliefs about physics at the study institution. The eight factors determined to underlie students’
attitudes and beliefs could not be confirmed in the CLASS data collected from students at the
study institution. This finding compelled me to investigate the factors and factor structure
underlying these students’ attitudes and beliefs about physics through a revalidation of CLASS
using four distinct sets of CLASS data. Therefore this study aims to investigate the following
research questions:
6

1. What are the factors underlying undergraduate students’ attitudes and beliefs about
physics prior to participating in an introductory physics course?
2. What might the implications of these factors be on course design and consequent
student physics learning?
This study follows a quantitative design aimed at investigating the factors underlying
students’ attitudes and beliefs about physics, and the implications these factors have for student
learning. Data were collected from students enrolled in two introductory physics courses, one for
engineers (n = 1193), and one for science students (n = 1407) using the CLASS. Statistical
analysis of the collected data assisted in pinpointing the factors underlying students’ attitudes
and beliefs about physics, as measured by the CLASS (Question 1). In order to provide
suggestions for course design and the implications to student learning, an analysis of the items
was performed, drawing on metacognitive theories (Question 2). The statistical analysis in this
study differs from the recursive process used during the development of the CLASS (Adams et
al., 2006).

7

2

Literature Review

This section will provide an overview of concepts and research relevant to this study. I
begin with a discussion of attitudes and beliefs, including a definition of each term and their
value to learning. I then describe a variety of quantitative tools that have been developed to
measure and describe students’ attitudes about learning physics, including the Colorado Learning
Attitudes About Science Survey (CLASS) (Adams et al., 2006). The CLASS has been used in
the current study to investigate the factors underlying the students’ attitudes and beliefs about
physics. An overview of research studies and their findings is then provided. Finally, a
discussion of the theories which informed the statistical analysis in this study and the
interpretation of the results is given.
Today’s society relies heavily on knowledge and innovation in science, technology,
engineering, and mathematics (STEM). Moreover, there is a high level of importance placed on
scientific literacy and an increased demand for qualified people to pursue careers in STEM fields
(“Spotlight on Science Learning,” 2013). As a result, there is a continuing need for attention to
understanding how students learn in order to improve conceptual understanding, attitudes
towards science, and enrollment in science-related degrees (“Spotlight on Science Learning,”
2013). There has been particular focus on examining students’ incoming knowledge and attitudes
and comparing these with their knowledge and attitudes following related course experiences
(Adams, Perkins, Dubson, Finkelstein, & Wieman, 2005; Bates, Galloway, Loptson, &
Slaughter, 2011; Hestenes, Wells, & Swackhamer, 1992; Kost et al., 2009; Kost-Smith, 2011;
Milner-Bolotin et al., 2011; Otero & Gray, 2008; Perkins & Gratny, 2010; Pollock, 2005). These
studies support the constructivist view that students are not blank slates and do not come to
8

education without prior knowledge, experiences, and ways of learning, and these prior notions
inform and have a significant impact on how they learn (Driver, 1983; Kelly, 1955; McCaskey,
2009; Shulman, 1986).
The skills and knowledge learned and required for learning in each field of STEM vary
significantly. It is, therefore, important to conduct educational research in the individual fields of
STEM (Blickenstaff, 2005). There exist a number of survey tools to examine attitudes towards
science in general. However, these do not provide sufficient insight into students’ attitudes
towards learning in each discipline and should be examined in tandem with other research
evidence, especially when investigating the factors and factor structures that underlie
respondents’ attitudes and beliefs about physics (Redish et al., 1998; Thomas, Anderson, &
Nashon, 2008).

2.1

Attitudes

2.1.1 What are Attitudes?

My review of the literature revealed many definitions for beliefs and attitudes (Aiken,
2002; Ajzen & Madden, 1986; Eagly & Chaiken, 1993; Osborne, Simon, & Collins, 2003).
Hence, defining the terms beliefs and attitudes, like many other abstract concepts, is a difficult
task for physics education researchers. Many education researchers have struggled for decades to
agree on a singular definition of attitudes and beliefs, or a theory that underpins research in this
area (Osborne et al., 2003). It is common for a variety of constructs to be included in a definition
of “attitudes,” despite the distinct boundaries recognized in psychology, sociology, and education
literature (Bauer, 2005). These constructs include attitude, beliefs, views, interests, values, selfefficacy, self-esteem, and self-concept (Bauer, 2005). To adequately assess and measure
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students’ attitudes about learning physics, it is important to clearly operationalize definitions of
attitudes and beliefs, and what an assessment tool intends to measure (Kane, 2006).
In this study, a belief is defined as the “personal knowledge or understandings that are
antecedents of attitudes and subjective norms; establish behavioural intentions” (Ajzen &
Madden, 1986; Fishbein & Ajzen, 1975, both as cited in Bauer, 2005, p. 1864). An attitude is “a
psychological tendency that is expressed by evaluating a particular entity with some degree of
favour or disfavour" (Eagly & Chaiken, 1993, p. 1 [emphasis in the orignial]). This implies that
before an attitude can be formed, beliefs must be made. Mager proposes that an attitude is “a
learned predisposition to respond favourably or unfavourably toward an attitude object” (as cited
in Bauer, 2005, p. 1864 ). In this case, the attitude object is physics and physics learning. In the
CLASS, these attitudes are framed as falling on a scale between “expert-like” and “novice-like”
as defined by responses to the instrument provided by panel of academics in various fields of
physics (Adams et al., 2006).
This study focuses on students’ attitudes and beliefs about science, specifically physics,
as opposed to scientific attitudes. Attitudes and beliefs about science include an individual’s
opinions about the importance of science, both for the individual and society, the difficulty
associated with science, as well as their innate desire to learn science (Osborne et al., 2003).
Conversely, Osborne (2003) defines scientific attitudes as characteristics such as critical thinking
skills, curiosity, the requirement of validity, and respect for knowledge.

2.1.2 Attitudes and Learning

A high level of importance has been placed on scientific literacy (Huang & Anderson,
2010; “Spotlight on Science Learning,” 2013) and on increasing the number of people choosing
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careers in these fields (Hue et al., 2010). For these reasons, one of the main goals of science
education in Canada is to increase students’ scientific literacy (Council of Ministers of
Education, Canada, 1997). Scientific literacy includes critical thinking skills and the ability to
apply scientific concepts and ways of thinking to authentic situations outside of the classroom
(CMEC, 1997; Gormally, Brickman, & Lutz, 2012).
In light of this need for a scientifically literate population, many curricular and
pedagogical changes have been and continue to be implemented worldwide, including Peer
Instruction (Mazur, 1997) and Modeling Instruction (Hestenes, 1987). By reforming the way
today’s students are taught, it is possible to affect the quality of their learning and increase their
interest in STEM fields. It is important to examine the success of these interventions, and the
impact they have on student learning, interest in science, scientific literacy, and desire to pursue
careers in the sciences (Heilbronner, 2011).
Student success in science learning can be measured in many different ways. Frequently,
success is measured in terms of grades earned on a course. By comparing grades, we can place
students on a scale which indicates academic proficiency. It is important to be cautious when
examining academic standing based solely on grades. For example, some research indicates that
female students obtain higher marks on assignments that are completed outside of class and over
a longer period of time, while male students excel in in-class, high-stakes assessments such as
exams and tests, with no significant statistical difference between final grades by gender (Kost et
al., 2009). Perhaps a more efficient way to examine student success is to interpret learning gains,
which are based upon a student’s knowledge and ability before and after instruction, and the
understanding that a student’s scores can only increase or decrease as much as their initial scores
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allow. It is also possible to measure student success through standardized testing, formative
assessments, and conceptual understanding inventories.
It is generally believed that as a result of instruction, students’ attitudes towards science
should shift towards being more expert-like (Adams & Wieman, 2011; Slaughter, Bates, &
Galloway, 2011). Students’ attitude, views, expectations, and epistemological beliefs are vital to
their learning (Brewe, Kramer, & O’Brien, 2009) and impact how they conceive of science
knowledge, the value they associate with science, and whether or not they perceive science to
apply to the real world (Bates et al., 2011). These attitudes also affect how students perceive
university science courses and careers in science (Milner-Bolotin et al., 2011; Redish et al.,
1998). Additionally, attitudes can serve to differentiate between experts and novices in the field
(Brewe et al., 2009).
Negative attitudes towards physics and learning physics can contribute to the current low
levels of enrollment in physics departments across Canada (Milner-Bolotin et al., 2011).
Whereas positive attitudes, conceptions of relevance, and personal interest are correlated with a
desire to pursue physics beyond high school (Briggs, 1976; Perkins, Adams, Pollock,
Finkelstein, & Wieman, 2005). By identifying students’ attitudes at the outset of a course, an
instructor can attempt to develop a plan to address their students’ strengths and weaknesses, with
the intent of influencing their attitudes towards being more expert-like (Adams & Wieman, 2011;
Bransford, Brown, & Cocking, 2000; Milner-Bolotin et al., 2011). Consequently, the intent is
that more students will choose to pursue studies in physics if their attitudes align more with those
of experts (Adams & Wieman, 2011). Researchers found that students who intend to pursue
physics as a major exhibit more expert-like attitudes at the beginning of introductory physics
courses than those who do not (Perkins & Gratny, 2010; Slaughter et al., 2011).
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2.1.3 Instrumentation and Assessment of Attitudes

A variety of survey tools have been developed to help instructors identify and understand
students’ attitudes about physics and learning physics (Adams et al., 2006; Elby, 2001; Halloun
& Hestenes, 1998; Halloun, 1997; Redish et al., 1998). These survey tools have been designed
for implementation before and after instruction, and provide the instructor (and researchers) with
insight into how students’ attitudes shift over the course of an instructional period. By design, the
tools follow a constructivist theory by drawing upon students’ initial knowledge, which supports
the idea that students do not come to instruction as blank slates (Smith III, diSessa, & Roschelle,
1994). These tools also aim to illuminate how students approach physics knowledge and
learning, highlighting how they construct their own understandings. Through awareness and
acceptance of students’ ways of knowing and learning at the beginning of a course, it is possible
that instructors can make conscious decisions to support their students in thinking more like
experts in the field.
A plethora of instruments have been developed to examine attitudes towards a variety of
topics, both within and outside of educational settings. While this research focuses particularly
on measuring attitudes towards learning physics, it is valuable to note the existence of a range of
available instruments with similar intentions.
In physics education, the Epistemological Beliefs Assessment for Physical Science
(EBAPS), Maryland Physics Expectations survey (MPEX and MPEX2), and the Colorado
Learning Attitudes About Science Survey (CLASS) have been a significant part of the literature
for the past two decades (Adams et al., 2006; Elby, 2001; McCaskey, 2009; Redish et al., 1998).
The three surveys are constructed with different aims in mind, and are designed specifically for
physics education. The CLASS development team used MPEX as a model and guide for the
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development of their tool. These three, as well as the Views About Science Survey (VASS)
(Halloun, 1997) are described in further detail below.
Three alternate versions of the CLASS have been developed to focus on chemistry
(CLASS-Chem), biology (CLASS-Bio), and experimental physics (E-CLASS) (Barbera, Adams,
Wieman, & Perkins, 2008; Semsar, Knight, Birol, & Smith, 2011; Zwickl, Finkelstein, &
Lewandowski, 2012). Other physics attitudes surveys include the Self-Concept and Competence
Scale in Physics (SCACSP) and the Exploring Physics Confidence Survey (EPCS). In chemistry,
the Chemistry Self-Concept Inventory (CSCI), Chemistry Attitude and Experience Questionnaire
(CAEQ) and Attitude Toward the Subject of Chemistry Inventory (ASCI) were developed for
use in college and university chemistry courses (Bauer, 2005, 2008; Dalgety, Coll, & Jones,
2003). The College Biology Self-Efficacy Instrument (CBSEI) is also used in biology (Baldwin
et al., 1999). Many tools have been developed that focus on attitudes towards science in general
including Views of the Nature of Science (VNOS), Attitude Toward Science in School
Assessment (ASTSSA), Scientific Attitude Inventory (SAI II), Modified Attitudes Towards
Science Inventory (mATSI), and Changes in Attitudes About the Relevance of Science (CARS)
(Germann, 1988; Halloun, 1997; Hong & Lin-Siegler, 2012; Lederman, Abd-El-Khalick, Bell, &
Schwartz, 2002; Moore & Foy, 1997; Siegel & Ranney, 2003).
2.1.1.1 EBAPS

The Epistemological Beliefs Assessment for Physical Sciences (EBAPS) was developed
to service high school students, as opposed to CLASS, MPEX, and VASS which were designed
primarily for college and university level physics students (Elby, 2001). EBAPS focuses on
examining students’ epistemological beliefs about physics learning, separate from expectations
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about a physics course. This prompted the developers to move away from items in which the
‘answer the teacher wants’ is relatively obvious, which could compel students to choose this kind
of teacher-centered answer over what they really believe (Redish, 2003a). To separate these
views, the EBAPS asks students to choose what they would do in a given situation, as opposed to
what they think about it. To further accomplish this, EBAPS is not limited to agree-disagree
items and includes multiple-choice questions and mock-debates about important topics (Elby,
2001; Redish, 2003a)
The EBAPS consists of 30 items: 17 agree-disagree, six multiple-choice (e.g. Figure 2.1), and
seven debates (e.g. Figure 2.2). These items are then divided into five subscales, the first three of
which overlap with MPEX subscales (Elby, 2001). These scales are structure of knowledge,
nature of learning, real-life applicability, evolving knowledge, and source of ability to learn
(Table 2.1).
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Table 2.1 Dimensions of the EBAPS tool. Structure of scientific knowledge, nature of knowing
and learning, and real-life applicability overlap with MPEX dimensions, (italics) described
below. An example Likert item from each dimension is shown. (Elby, 2001)
Dimension
Description
Likert Item
Structure of Scientific
Is science a collection of weakly When it comes to
Knowledge
or strongly connected pieces of
understanding physics or
(Concepts, Coherence)
information?
chemistry, remembering facts
isn’t very important.
Nature of Knowing and
Learning
(Independence)

Is information absorbed or
constructed?

When learning science, people
can understand the material
better if they relate it to their
own ideas.

Real-Life Applicability
(Reality Link)

Do scientific ways of thinking
have a purpose outside of
science-specific contexts?
General view of the relevance of
science, as opposed to an
individual’s desire to apply
science.

Understanding science is
really important for people
who design rockets, but not
important for politicians.

Evolving Knowledge

Where do students fall on the
continuum between absolutism
and extreme relativism?

When it comes to controversial
topics such as which foods
cause cancer, there’s no way
for scientists to evaluate which
scientific studies are the best.
Everything’s up in the air!

Source of ability to
learn

Who is able to learn science?
Distinct from beliefs about
personal ability, focusing on the
value of effort and strong
learning strategies.

Someone who doesn’t have
high natural ability can still
learn the material well even in
a hard chemistry or physics
class

22. To be successful at science...
a. Hard work is much more important than inborn natural ability.
b. Hard work is a little more important than natural ability.
c. Natural ability and hard work are equally important.
d. Natural ability is a little more important than hard work.
e. Natural ability is much more important than hard work
Figure 2.1: An example of a multiple-choice item (Elby, n.d.b)
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26.
Justin: When I’m learning science concepts for a test, I like to put things in my own
words, so that they make sense to me.
Dave: But putting things in your own words doesn't help you learn. The textbook
was written by people who know science really well. You should learn
things the way the textbook presents them.
a.
b.
c.
d.
e.

I agree almost entirely with Justin.
Although I agree more with Justin, I think Dave makes some good points.
I agree (or disagree) equally with Justin and Dave.
Although I agree more with Dave, I think Justin makes some good points.
I agree almost entirely with Dave.

Figure 2.2: An example of a debate-style item from the EBAPS (Elby, n.d.b).
Similar to the other surveys discussed here, EBAPS is scored on a single scale based on
expert views (Elby, 2001). Scores range from 0 to 100, with a 0 indicating very unfavourable, 50
neutral, and 100 very favourable. Due to the differing question types, these values do not
represent the percentage of responses a student gives that correspond to an expert view. Each
item is given a score from 0 (not sophisticated) to 4 (very sophisticated), which can include halfpoint scores (Elby, n.d.a). For example, an item can have the scoring key of A (4) B (2.5) C (2)
D (0) E (1.5). The scheme was designed to account for variances in the levels of sophistication
presented by options on each item (Elby, n.d.a).
2.1.1.2 MPEX

The Maryland Physics Expectations survey (MPEX) (Redish et al., 1998) aims to
measure students’ expectations about physics and learning physics as they begin a physics
course. Students’ expectations at the outset of a course will have an impact on what and how
they learn (Redish, 2003b). Through developing a deeper understanding of students at the outset
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of a course, it is possible to develop a course that will focus on developing positive
understandings of physics concepts.
The MPEX survey was designed to enable researchers and educators to examine large
populations of students simultaneously at one time. The survey consists of 34 multiple-choice
items where responses are indicated on a five-point Likert scale ranging from strongly disagree
to strongly agree. The items are separated into six facets which describe various dimensions of
students’ attitudes about how to do physics and their approach to learning physics. Favourable
and unfavourable responses for each dimension are generalized in Table 2.2. These dimensions
are independence, coherence, concepts, reality link, math link, and effort. These dimensions are
not unique, and some items contribute to more than one dimension. This is to be expected, as the
dimensions are not independent of each other.
Table 2.2 The six dimensions of the MPEX survey. Favourable and unfavourable ways of
thinking along each dimension are indicated (Redish et al., 1998).
Dimension
Favourable
Unfavourable
Independence Takes responsibility for constructing Takes what is given by authorities
own understanding
(teacher, text) without evaluation
Coherence

Believes physics needs to be
considered as a connected, consistent
framework

Believes physics can be treated as
unrelated facets or “pieces”

Concepts

Stresses understanding of the
underlying ideas and concepts

Focuses on memorizing and using
formulas

Reality Link

Believes ideas learned in physics are
relevant and useful in a wide variety
of real contexts

Believes ideas learned in physics have
little relation to experiences outside the
classroom

Math Link

Considers mathematics as a
convenient way of representing
physical phenomena

Views the physics and the math as
independent with little relationship
between them.

Effort

Makes the effort to use information
available and tries to make sense of it

Does not attempt to use available
information effectively

18

The survey items were chosen based on an extensive literature review and experience
with undergraduate physics students. Example items from each dimension are given in Table 2.3.
Table 2.3: Example items from each of the six dimensions of the MPEX (University of
Maryland Physics Education Research Group, n.d.)
Dimension
Item
Independence Only very few specially qualified people are capable of really understanding
physics.
Coherence

Knowledge in physics consists of many pieces of information each of which
applies primarily to a specific situation.

Concepts

Learning physics is a matter of acquiring knowledge that is specifically located
in the laws, principles, and equations given in class and/or in the textbook.

Reality Link

Physical laws have little relation to what I experience in the real world.

Math Link

In doing a physics problem, if my calculation gives a result that differs
significantly from what I expect, I'd have to trust the calculation.

Effort

I spend a lot of time figuring out and understanding at least some of the
derivations or proofs given either in class or in the text.

Student interpretation of the items was validated through interviews, in which students
provided explicit examples from their classes. During these interviews, students gave opposing
answers to similar items. This result indicated that the students’ lacked a clear understanding of
the nature of physics. These understandings were also tempered by other factors, such as the
context in which the item is presented. As a result, these items do not contribute to a student’s
score. This is another example of why it is important to be cautious when interpreting the results
of a survey, as it is possible for different situations to elicit opposing attitudes.
Similar to the CLASS tool (Adams et al., 2006), the MPEX survey is scored in relation to
expert responses (Redish et al., 1998). Seasoned physics instructors (considered to be experts)
were consulted to develop this scoring baseline. To validate this scoring key, five groups of
physics learners and teachers were consulted. These groups included first-year undergraduate
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students, high school teachers, and university faculty with the intent to include a range of
abilities. It was expected that an increasing level of expert-like expectations would be observed.
The scores upheld this hypothesis, and the researchers determined that the tool appropriately
measures how expert-like an individual’s expectations are about physics.
2.1.3.1.1 MPEX II

Nearly a decade following the initial development of the MPEX, McCaskey (2009) chose
to update the survey in hopes of improving the validity and usefulness of the tool. This included
identifying problematic items and clusters (factors) which were either altered or removed, and
the addition of several new items. A qualitative and quantitative investigation of the validity of
the tool was then performed.
The 34 items of the MPEX are divided into six dimensions (Tables 2.2, 2.3). However,
Saul and others have consistently observed a deterioration amongst scores in the effort cluster
across various implementations of the tool (as cited in McCaskey, 2009). The large decreases
could have various explanations, including a “New Year’s Resolution” effect, and so the five
items were removed from the MPEX II. An additional 13 items were removed, three of which
were eliminated due to the extent to which they depended on the context of the course. One goal
of the redesign efforts was to ensure that all items were independent from course context and the
student’s level of conceptual understanding. This is important, as it is difficult for a student to
recognize and be aware of the context with which they respond to an item; whether it is a
personal or course-related context. In order to overcome context-related interpretation issues,
debate items similar to those seen on EBAPS (Elby, 2001) were included. These items were
phrased to probe students’ behaviour in authentic situations. In addition to these debate-style

20

questions, five Likert scale items were chosen from EBAPS and reworded to be specific to a
physics context.
All items on the MPEX II were written in future tense to provide consistency between
those students who have not yet taken a physics course and those who have. Each item was
rewritten in the third person. This shift away from first person separates each response from
whether or not a student learned something as a result of instruction. In addition to this
distinction, items were redesigned to provide clear separations between classroom, lab, and real
world experiences.
In order to validate the MPEX2, students participated in interviews following completion
of a pencil-and-paper version of the tool. This enabled identification of possible ambiguities
amongst the items, particularly between course expectations and general epistemological views.
These ambiguities are detrimental to the usefulness of the MPEX2 as the tool is designed to
examine students’ expectations of a course.
The clusters of the MPEX were largely maintained in the MPEX2, and these were not
subjected to statistical analysis. Researchers discuss the appropriateness of using factor analysis
to determine and confirm reliable clusters amongst psychological data, describing the advantages
and disadvantages of relying too heavily on the statistical analysis (Yerdelen-Damar, Elby, &
Eryilmaz, 2012). McCaskey (2009) chose to forgo factor analysis as he was more interested in
the context-rich validity of the tool. McCaskey then suggested that the clusters should be
interpreted as instructional goals, and instructors should strive to see improvements within each
goal.
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2.1.1.3 VASS

The Views About Science Survey (VASS) was developed at Arizona State University
and Lebanese University to assess the nature of the relationship between how students view
knowing and learning science, and how they actually understand science (Halloun, 1997). This
survey is different from the other physics attitudes surveys mentioned in this chapter but
provides interesting insight into another response system aimed at a similar goal of separating
expert and novice views about science. The survey was created following research findings that
the views educators anticipate that students, at all levels, will develop during a science course do
not align with the views students hold on to (as cited in Halloun, 1997).
The survey is designed to examine students’ views along two dimensions, scientific and
cognitive. The scientific dimension focuses on foundational views of science while the cognitive
dimension is aimed at how an individual thinks about learning science (Table 2.4). Both are
further divided into three categories.
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Table 2.4: The scientific and cognitive dimensions of VASS (Halloun, 1997)
Category
Description
Scientific Dimension
Structure of Science
Science as a coherent vs. loosely related body of information
Methodology

The scientific method applies in all situations. Math is a tool for
interpreting and understanding instead of a source of information.

Validity of Science
Cognitive Dimension
Learnability

Scientific knowledge is not permanent, and can be called into question.

Reflective Thinking

In order to develop a valuable understanding of science, a learner must:
1. Focus more on understanding concepts
2. Approach situations from a variety of angles
3. Be aware of discrepancies in their knowledge
4. Construct and reconstruct knowledge to be useful to the learner

Personal Relevance

Science is pertinent in the real world, and is directly relevant to
everyone, not just scientists.

It is possible for anyone to learn science. Achievement is determined
by the amount of effort put forward.

The tool consists of 30 items: 13 to measure the scientific dimensions; and 17 to measure
the cognitive dimensions. Each item consists of a pair of contrasting statements which represent
primary and opposing views that have been consistently observed in the scientific and lay
communities respectively (Figure 2.3) (Halloun & Hestenes, 1998). Participants who completed
the survey would then identify the extent to which they agree with either statement on an 8-point
scale in a Constrasting Alternative Design (Figure 2.4) (Halloun, 1997).
The laws of physics are:
1. Inherent in nature of things and independent of how humans think
2. Invented by physicists to organize their knowledge about the natural
world
Figure 2.3: An example of a pair of statements (Halloun, 1997)
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Figure 2.4 Contrasting Alternatives Design scoring method. (1) only a; (2) mostly (a), rarely (b);
(3) more (a) than (b); (4) Equally (a) and (b); (5) more (b) than (a); (6) mostly (b), rarely (a); (7)
Only (b) never (a); (8) neither (a) nor (b) (Halloun & Hestenes, 1998).
Similar to other attitude surveys in physics, VASS is scored based on expert views
(Halloun & Hestenes, 1998). Physics teachers and professors completed the survey, allowing the
developers to generate standard profiles against which students’ views could be compared and
classified. Most often, experts chose polarized views at one end of the scale, choosing one
statement completely over the alternative. This response describes the expert view for each item.
A small group of teachers chose middle options characterized by a mixed view between being an
expert and being a novice. These are the transitional profiles. Finally, a folk view is defined as
the opposite of the expert view, a choice of the opposing view entirely over the primary view.
Student profiles are determined by the number of items they answer with expert or folk views
(Table 2.5). These profiles were created following an in-depth analysis of the responses teachers
provided to the survey. High transitional and low transitional are demonstrative of the gradual
change in views from folk, to mixed, to expert. Students who are classified as experts along the
cognitive dimension are said to be critical learners, while the others are either passive learners or
lost. Along the scientific dimensions, students range from scientific realists to naïve realists
(Halloun, 1997).
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Table 2.5 General Profile Characteristics (Halloun & Hestenes, 1998).
Profile
Number of Items out of 30
Expert
19 items or more with expert views
High Transitional
15 to 18 items with expert views
Low Transitional
11 to 14 items with expert views and an equal or smaller
number of items with folk views
Folk
11 to 14 items with expert views but a larger number of items
with folk views
OR
10 items or less with expert views

The VASS has been updated since this iteration, although it is not commented on here. The
dimensions and scoring structure have remained relatively static, and the updated version is
available
2.1.1.4 CLASS

The Colorado Learning Attitudes about Science Survey (CLASS) (Adams et al., 2006)
was developed at the University of Colorado to adequately measure students’ beliefs towards
physics over the course of a semester. The instrument was developed in tandem with a standard
procedure for analyzing the collected data (Adams et al., 2006).
The CLASS was developed based on previous surveys and made use of various items
from each of these tools, and new items were added. Items were chosen and designed to focus on
physics as an entire field, as opposed to a particular physics course (Adams et al., 2006). The
items were also written to be clear to a student who had little or no prior experience in physics
(Adams et al., 2006).
Students are required to provide their course, student ID, and gender when completing
the CLASS survey, which is frequently administered online. The survey (Appendix A: The
CLASS) consists of 42 items answered on a five-point Likert scale that ranges from strongly
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disagree to strongly agree. These ratings are then reduced to a three-point scale (disagree,
neutral, and agree). Six items (4, 7, 9, 31, 33, 41) are unscored and do not contribute to an
individual’s overall score because experts did not reach a consensus when answering these items,
or the item is not informative as currently written. These six unscored items are still included in
order to provide instructors and researchers with further information, representing a confusion
between the pedagogical value of a measurement and the value of that measurement towards
measuring a construct or trait. Of the remaining 36 items, 27 are divided amongst eight
categories (Table 2.6). These categories are: ‘Personal Interest’; ‘Real World Connections’;
‘Conceptual Understanding’; ‘Applied Conceptual Understanding’; ‘Sense Making/Effort’;
‘Problem Solving General’; ‘Problem Solving Sophistication’; and ‘Problem Solving
Confidence’. The categories are not unique, and many items are part of multiple categories.
These items are indicated by italics. Nine statements are uncategorized (Adams et al., 2006). Due
to the number of uncategorized statements, this research aims to uncover possible factors that
underlie the observable items and explain students’ attitudes about learning physics.

26

Table 2.6 The CLASS categories and items, as proposed by the developers. Items with a * are
not useful in their current forms, and need to undergo revisions. Italicized items are part of
multiple categories (Adams et al., 2006).
Category
Items
Example Item
Real World Connections
28, 30, 35, 37
Learning physics changes my ideas about
how the world works. (28)
Personal Interest
Sense Making/Effort

3, 11, 14, 25, 28, 30 I enjoy solving physics problems. (25)
11, 23, 24, 32, 36,
I am not satisfied until I understand why
39, 42
something works the way it does. (11)

Conceptual
Understanding

1, 5, 6, 13, 21, 32

Applied Conceptual
Understanding

1, 5, 6, 8, 21, 22, 40 When I solve a physics problem, I locate
an equation that uses the variables given
in the problem and plug in the values. (8)

Knowledge in physics consists of many
disconnected topics. (6)

Problem Solving: General 13, 15, 16, 25, 26,
34, 40, 42

In physics, mathematical formulas express
meaningful relationships among
measurable quantities.(26)

Problem Solving
Confidence

15, 16, 34, 40

I can usually figure out a way to solve
physics problems. (34)

Problem Solving
Sophistication

5, 21, 22, 25, 34, 40 If I want to apply a method used for
solving one physics problem to another
problem, the problems must involve very
similar situations. (22)

Not Scored

4, 7*, 9, 31, 33, 41* It is useful for me to do lots and lots of
problems when learning physics. (4)

Uncategorized

2, 10, 12, 17, 18,
19, 20, 27, 29, 38

There is usually only one correct approach
to solving a physics problem. (10)

The survey categories were generated using a recursive process, which involved
examining both predetermined categories, based on literature and the researchers’ experience,
and statistically generated categories generated through exploratory factor analysis. Each
potential category was examined separately from the others using Principle Component Analysis
(J. D. Brown, n.d.; Muijs, 2011). The existence of an underlying factor structure was not
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investigated (Adams et al., 2006). This is another reason this study aims to suggest a factor
structure underlying the variables, as this process of determining factors produces a structure of
little psychometric value, consisting of subscales that cannot necessarily be accurately measured
concurrently (T. A. Brown, 2006b; Heredia & Lewis, 2012). Each step of the process employed
reduced basis factor analysis, involving only the items assumed to belong to the category, as well
as several items that might fit. After the initial analysis, ill-fitting items were removed, or the
category was analyzed as two separate categories. Additional items, observed to be highly
correlated with the current category in question, were then added to the analysis. This sequence
of events was repeated until each category consisted of at least three items and was considered to
be robust. A good category consisted of items with high, and similar, factor loadings (above 0.7).
Category robustness was determined using a formula that related the average absolute value of
the correlational coefficients between statements (cc), the average absolute value of the factor
loadings for the category (fl), the shape of the scree plot generated through factor analysis (ΔE),
the number of statements in the category (N), and the Pearson product moment correlation (R2)
(Equation 1). The closer a value is to ten, the more robust the category.

5 E 
(1)
  3R 2
Robustness   2cc  fl 

N 

Three controls are built-in to the survey to limit data from students who have randomly

chosen answers. First, item #31 reads: “We use this statement to discard the survey of people
who are not reading the statements. Please select agree (not strongly agree) for this statement.” If
students fail to answer correctly, their results are scrutinized and often rejected. Second, a timer
is included with the online survey. Students who complete the survey in three minutes or less are
discarded. This control is not used at the study institution. Third, if students answer most of the
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questions with the same response (25 of 42) their results will be discarded. Additionally, a
student’s scores are rejected if they fail to respond to six or more of the scored items.
Students’ CLASS responses are scored in relation to the answers expected from experts
in the field, allowing for immediate comparison between students and experts. In the scoring of
the survey, “strongly agree” and “agree” are treated as equal responses, as are “strongly
disagree” and “disagree”. This is to account for discrepancies between students’ interpretations
of agree and strongly agree. Each statement is then scored based on whether it aligns with the
expert response: 1 – agree; 0 – neutral; -1 – disagree. Each student then receives a “percent
favourable” and a “percent unfavourable” score, which describes the extent to which the
student’s beliefs and attitudes line up with those of experts. The possibility exists that a student
will neither agree nor disagree with the expert response, providing a neutral response; so it is not
required for the % favourable and % unfavourable scores to add to 100%. Within each category,
percent favourable and unfavourable scores are also calculated. Due to the nature of the scoring,
with overall scores and category scores, it is important that the factor structure of the survey
holds in the population in question.
An individual’s CLASS score is determined based on how many responses match with
the expert response key(defining how expert-like a student’s attitudes are) (Adams et al., 2006).
This key was determined based on how 16 experts answered the survey tool. A recent study in
the UK examined the validity of this scoring scheme by asking (421) experts (including 162
academics, 56 post-doctoral fellows, 115 post-graduate students, and 53 industry members) to
complete the survey (Donnelly et al., 2013). To confirm expert agreement with the predetermined CLASS expert scoring, a threshold of 66% was chosen. This threshold was met and
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surpassed for 35 of the 41 items (the 42nd item being control-item 31). However, five items failed
to obtain a 66% agreement amongst academics (136 males, 26 females) (Table 2.7).
Table 2.7: The five items experts did not reach a consensus about in the UK
Item
5 After I study a topic in physics and feel that I understand it, I have difficulty solving
problems on the same topic.
12 I cannot learn physics if the teacher does not explain things well in class.
14 I study physics to learn knowledge that will be useful in my life outside of school.
16 Nearly everyone is capable of understanding physics if they work at it.
37 To understand physics, I sometimes think about my personal experiences and relate them to
the topic being analyzed.

Additionally, there existed differences in the number of male and female academics whose
responses agreed with the CLASS scoring scheme (Donnelly et al., 2013). These discrepancies
suggest two things. First, expert responses might depend on context. The original scoring scheme
was developed in the United States, while this study was conducted in the United Kingdom. It is
possible that experts in different populations hold different attitudes. Second, it might be prudent
to re-examine how the CLASS is scored, or to generate a separate scoring scheme to be used in
different contexts, where influences on students’ responses may vary. However, this data only
represent one new context, and additional data are needed to come to a stronger conclusion about
context-dependency of the scoring scheme. The current study represents an effort to examine the
structure of the factors underlying students’ attitudes and beliefs in a population different from
that in which the original validation study took place.
Survey items are carefully chosen to provide researchers with the most accurate
representation of a construct in an individual. For the CLASS, items were chosen to meet with
several important criteria (Adams et al., 2006). First, items were designed to cater to a wide
range of issues pertinent to learning physics. Second, the wording was carefully chosen to be
clear and concise, with only a single possible interpretation. Third, items were designed to hold
30

meaning for a student who has never taken a physics course. Fourth, “expert” and “novice”
answers were required to be unambiguous. Fifth, statements were to be valuable, valid, and
reliable, in order to keep the length of the survey to a minimum. Sixth, although not related to
item choice, the scoring had to be straightforward and automated. Finally, items were to fit into
statistically robust categories. Additionally, the items were designed to cater to physics as a
complete academic discipline, as opposed to individual topic areas or a single course.
In validating the original statements, 42 students were interviewed (Adams et al., 2006).
These students were meant to represent a diverse population, consisting of equal numbers of
male and female students, as well as 20% non-Caucasian students. However, this sample is not
descriptive of the population at all post-secondary institutions, and it is possible that this sample
could create a bias that would not be present at an institution that has a higher ethnic population
(Sawtelle, Brewe, & Kramer, 2012). It is for this reason that Sawtelle, Brewe, and Kramer
(2012) chose to investigate how students interpreted the items at an institution where the
population is 60% Hispanic. Of the 42 items on the CLASS, 20 were chosen to discuss with
students during interviews. These items were based on one of two factors: an expectation of
misinterpretation based on previous experience with MPEX, or a desire to further investigate
students’ cognitive attitudes surrounding an item (Sawtelle et al., 2012). Student responses were
then coded as being “consistent”, “inconsistent”, or “undetermined”, in relation to the single
intended interpretation outlined by the CLASS developers.
Overall, 94% of students interpreted the items in the intended frame. However, two items
caused particular issue: item 6 and item 21. Only 62% of students correctly interpreted item 21
(Appendix) (Sawtelle et al., 2012). It is interesting to note that students who misinterpreted the
item still chose the “expert” response (disagree). However, students believed the item asked

31

about finding the answer to the question, as opposed to a single equation used to solve the
question (Sawtelle et al., 2012). Item 6 (Knowledge in physics consists of many disconnected
topics) was correctly interpreted by 74% of students. Again, students chose the “expert” response
(strongly disagree) based on a false understanding of the item. The item is intended to probe
whether or not students see connections between the various areas of physics. The interviewed
students interpreted the item as asking about the extent to which physics is connected to topics
outside of physics, such as biology, chemistry, and mathematics (Sawtelle et al., 2012). The
remaining items were interpreted by at least 86% of students.
Although in general, students correctly interpreted the intended meaning of the items, the
fact that there was some confusion is noteworthy. The CLASS Items were designed to that each
would only be open to a single interpretation by all possible users – including novices and
experts (Otero & Gray, 2008). Despite this positive result, researchers should not take for
granted that the students in their population of interest will correctly interpret the items of the
tool.
The preceding section has outlined the various available instruments that quantitatively
measure students’ attitudes, expectations, and epistemologies about physics and physics learning.
Table 2.8 provides a summary of the similarities and differences across the above surveys. This
comparison includes descriptions of: number of items, types of items, number of facets described
by the items, how the facets were chosen, how scores are calculated, and how the items were
designed.
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Table 2.8 A comparison of the CLASS, MPEX, MPEX2, EBAPS, and VASS tools (Adams et al., 2006; Elby, 2001; Halloun, 1997;
McCaskey, 2009; Redish et al., 1998).
Survey Items Item Type
Number of
Categories Determined by
Scoring
Item Design
Categories
CLASS 42
5-point
8
“Statistically robust”
Based on expert
As clear as possible, single
Likert
categories based on factor
responses. Percent
interpretation, applicable
analysis, inter-item
favourable/unfavour across physics disciplines.
correlations, and reliability, able
Designed with undergraduate
hypothesized from literature
students in mind.
and experience.
MPEX 34
5-point
6
Categories chosen based on Expert responses.
Aimed at probing students’
Likert
literature review and
expectations about a specific
experience with physics
course. Written to be used in
education.
many courses.
MPEX 37
5-point
3 clusters
Chosen to convey rough
Expert responses
Aimed at probing students’
II
Likert (25)
and 5 subinstructional goals
expectations about a specific
Multipleclusters
course. Written to be used in
choice (8)
many courses.
Debates (4)
EBAPS 30
5-point
5
Categories overlap with
Based on agreement Designed for use in high
Likert (17)
MPEX
with expert
school and undergraduate
Multipleresponses, ranging
education.
choice (6)
from 0 to 100. 0 –
Aims to probe what students
Debates (7)
total disagreement;
do instead of what they think.
100 – total
agreement.
VASS 30
Contrasting 2
Unclear in the literature
Four categories
Each item consists of a pair of
Alternatives dimensions,
based on number of statements. Students must then
Design
3 categories
favourable (expertidentify the extent to which
(CAD)
in each
like) responses
they agree with one over the
(expert, high
other on an 8-point scale
transitional, low
(figure X).
transitional, folk)
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2.1.3.1.2 Shifts in Attitudes

Numerous studies have been conducted using these instruments in introductory and upper
year courses, courses for majors, courses for non-majors, and engineering courses across
institutions in the United States, Canada, Saudi Arabia, and the United Kingdom (Adams et al.,
2006; Alhadlaq et al., 2009; Barrantes et al., 2009; Brewe et al., 2009; Brewe, Traxler, de la
Garza, & Kramer, 2013; Elby, 2001; Gire, Jones, & Price, 2009; McCaskey, 2009; MilnerBolotin et al., 2011; Otero & Gray, 2008; Redish & Hammer, 2009; Slaughter et al., 2011;
Slaughter, Bates, & Galloway, 2012). The findings from these studies have, for the most part,
been consistent in showing that students’ enrolled in traditional introductory physics courses
demonstrate a shift away from expert-like attitudes towards physics (Adams et al., 2006; KostSmith, 2011; Perkins, Gratny, Adams, Finkelstein, & Wieman, 2006; Slaughter et al., 2011). A
few courses, designed to explicitly target students’ attitudes and epistemological beliefs, resulted
in positive shifts (Brewe et al., 2009, 2013; Elby, 2001; Perkins et al., 2005; Redish & Hammer,
2009). Another course which included several educational reforms showed positive shifts
(Pollock, 2005), while a single course that included many active engagement pedagogies led to
positive shifts (Milner-Bolotin et al., 2011). Few studies show mixed results, with positive shifts
in some categories but not all (Elby, 2001), and two professors with similar epistemological
course goals show opposing shifts across the semester (McCaskey, 2009). The studies also reveal
differences between male and female students, majors and non-majors, and first- and third-year
students.
Before students enter university, their attitudes towards physics are often firmly
established, be they positive or negative (Milner-Bolotin et al., 2011). Unconnected to their high
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school experiences in physics, many students in introductory physics courses have a strong idea
of what learning and doing physics means for professionals, and they are able to articulate how
these attitudes differ from their own (Gray et al., 2008; Milner-Bolotin et al., 2011). At the outset
of two introductory courses, distinctions have been observed between majors’ and non-majors’
attitudes towards physics, and non-majors scored lower or equal to majors in each of the eight
categories outlined by CLASS (Perkins et al., 2005; Slaughter et al., 2011). In Slaughter et al.’s
(2011) study, it is interesting to note that all students enrolled in the course met the same
entrance requirements as there is only one introductory physics course, designed for both majors
and non-majors. Both groups demonstrated significant shifts away from expert-like attitudes
overall, with students not intending to major in physics shifting further. Post-instruction,
significant differences were observed in ‘Sense-making/Effort’ and ‘Conceptual Understanding’
(Slaughter et al., 2011). A similar observation has been made elsewhere, with physics majors
consistently demonstrating more expert-like attitudes towards physics than students intending to
major in other sciences (Gire et al., 2009; Perkins & Gratny, 2010).
It is also interesting to compare students’ attitudes at the beginning and end (or near-end)
of a degree in physics. Particularly, researchers have wondered whether students reach a plateau
of expert-like thinking. One study found no statistical significance between students’ first- and
third-year overall favourable or unfavourable scores (Slaughter et al., 2012). This study followed
the same 35 students as they moved through their physics degree. These findings are similar to
those found using a cross-sectional methodology, in which students were chosen from each year
of study during a single academic year (Bates et al., 2011). Between years, significant shifts were
found in favourable and unfavourable scores in several categories (Slaughter et al., 2012).
Decreases were seen in favourable scores in the ‘Problem Solving: General’, ‘Personal Interest’,
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and ‘Problem Solving Sophistication’ categories. Significant increases were seen in ‘Problem
Solving: General’, ‘Personal Interest’, and ‘Real-World Connections’. Bates et al., (2011)
reported score differences between each year of study, and found the statistically significant
decreases in favourable scores from second to third year, and again from third to fourth year.
These values are interesting, as they suggest that students’ attitudes fluctuate amongst the
categories of the CLASS, while remaining relatively static overall. Barrantes et al. (2009) found
that while there were no significant differences between freshman and senior students’ attitudes,
seniors’ scores indicated they placed greater value on the general skills obtained during physics
instruction than the fact-based content (Pawl, Barrantes, Pritchard, & Mitchell, 2012). It is these
attitudes, hidden within the overall score, which provide great insight to instructors hoping to
create change in their students’ attitudes towards physics.
2.1.3.1.3 Attitudes and Course Design

Many studies have come to the conclusion that unless a course is aimed specifically at
altering and improving students’ attitudes and beliefs about learning physics, students shift away
from expert-like thinking (Brewe et al., 2009; Perkins et al., 2005; Pollock, 2005; Redish &
Hammer, 2009). In a study comparing students’ conceptual gains and attitude shifts, Milner et.
al. (2011) observed a relationship between students’ prior knowledge and experience in physics
and their attitude shifts. In all students, a significant positive correlation was observed between
all students’ scores on the Force Concept Inventory (Hestenes et al., 1992) and their favourable
scores overall, and in ‘Problem Solving: General’, ‘Problem Solving: Confidence’, ‘Problem
Solving Sophistication’, ‘Conceptual Understanding’, and ‘Applied Conceptual Understanding’.
These correlations were present at both the outset and conclusion (weeks two and 12,
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respectively) of the course (Milner-Bolotin et al., 2011). Although not a described feature of the
study, the course in question employed a variety of technology-enhanced active engagement
pedagogies, as well as assessments that were chosen to align with the instructors’ learning goals.
It is possible that these decisions were unintentionally focused on the development of expert-like
thinking in physics.
At Florida International University, researchers designed a course to provide students
with “authentic science experiences” with the intent that these experiences would increase
students’ expert-like thinking (Brewe et al., 2009, 2013). Research supporting this belief is
inconclusive with studies both in support (Lindsey, Hsu, Sadaghiani, Taylor, & Cummings,
2012; Otero & Gray, 2008) and against (as cited in Brewe et al., 2009). Brewe et al.’s (2009)
findings indicate that Modelling Instruction methods have a positive effect on students’ attitudes,
with significant shifts in students’ overall, ‘Problem Solving General’, ‘Conceptual
Understanding’, ‘Problem Solving Sophistication’, ‘Applied Conceptual Understanding’ over the
fall semester, and ‘Personal Interest’ over the spring semester. The findings of this study are
consistent with those of Otero and Gray (2008) and Lindsey et al. (2012), who implemented
courses that focused on developing students’ scientific thinking through an inquiry-based
curriculum. In the four studies highlighted here, course enrollment was kept under 50 students,
although Otero and Gray (2008) included a single course with 100 students. Brewe et al. (2013)
suggest that this could have a positive impact on students’ expert-like attitudes, as the small
number allows students to work in an environment similar to that seen in science research and
careers.
Due to the multitude of factors involved in conducting a course, including pedagogies,
enrollment, instructor, and differences between students, it is difficult to pinpoint precise causes
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for the variations observed in these studies. Future research will be needed to further elaborate
upon these causes.
The explicit relationship between students’ learning gains and attitudinal shifts has not
been extensively explored. However two studies revealed interesting preliminary results. Pollock
(2005) found a correlation between students’ learning gains, as measured by the Force and
Motion Conceptual Inventory (Thornton & Sokoloff, 1998), and their attitudes about physics, as
measured by the CLASS (Adams et al., 2006). Students with a normalized learning gain above
0.2 demonstrated an increase in favourable attitudes. While students with very low learning gains
showed a decrease. A variety of pedagogical reforms were implemented in this course.
A second study examined the correlation between learning gains and attitudinal shifts in
students enrolled in traditional introductory physics courses at a variety of institutions (Perkins et
al., 2005). Decreases in students’ attitudes were observed in courses that were not aimed at
impacting students’ attitudes, including a traditional course and one that was taught using
interactive engagement pedagogies. In the courses designed to improve attitudes, increases were
observed in students’ overall scores.

2.2

Theoretical Framework

The analysis and interpretation of the study data drew largely from principles of
exploratory and confirmatory factor analyses including notions of validity and reliability
complemented by interpretive frameworks which are informed by constructivist perspectives
(Driver, 1983; Hodson, 1998; McCaskey, 2009). The discussion draws from the current version
of the CLASS as well as other relevant attitudes surveys. Aspects of the SEMLI_S also informed
this interpretation (Thomas et al., 2008), including self-efficacy (Bandura, 1977, 1986; Thomas
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et al., 2008) awareness (Anderson & Nashon, 2007; Thomas et al., 2008), and constructive
connections (Thomas et al., 2008), as well as the importance of real world connections often
included in other attitude surveys (Redish, 2003a).

2.2.1 Validity

A discussion of validity is a necessary portion of the development of a valid and reliable
instrument. Concerns about validity are central to the accurate use of test scores in interpretation,
generalization, and extrapolation. As Kane (2009) states:
Testing programs are designed to support certain kinds of interpretations and uses.
The resulting test scores have a wide variety of important uses in education,
health care, scientific research, and public policy. It is therefore of some concern
to society as a whole and to many stakeholders that the uses made of test scores
and the interpretations assigned to test scores are appropriate and achieve their
goals. Although it may be difficult to fully articulate the reasoning involved in the
interpretation and use of test scores, it is important to do so (p. 50).

In this section, the scope and value of validity, the necessary evidence for validity, as
well as construct validity will be discussed.
2.2.1.1 What is Validity

This discussion begins with an overarching description of validity, including what
validity means for test developers and users. Although various types of validity are often cited in
the literature (content, criterion, predictive, concurrent), these are better interpreted as types of
evidence in support of overall validity of an instrument (American Educational Research
Association, American Psychological Association, National Council on Measurement in
Education, & Joint Committee on Standards for Educational and Psychological Testing (U.S.),
1999). Validity, now defined as “a unitary concept”, “refers to the degree to which evidence and
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theory support the interpretations of test scores entailed by the proposed uses of tests” (American
Educational Research Association et al., 1999, p. 9). Particularly in the fields of education and
psychology, “validity and validation have been consistently defined in terms of interpretations
and uses of test scores” (Kane, 2009, p. 42) and the “evaluative judgments about the
appropriateness of proposed interpretations and uses” (American Educational Research
Association et al., 1999, p. 9). These judgments are based upon collected evidence, which can
include examinations of the test format and content, how the test is scored, as well as the
procedures involved in writing and scoring the test. The types of evidence required to create a
strong argument for validity depend entirely on the intended interpretations and uses of the test
scores (American Educational Research Association et al., 1999; Kane, 2009). In the context of
this work and the CLASS instrument, this refers to the extent to which a researcher can make
conclusions based on the overall and categorical favourable and unfavourable scores, as well as
the implications of these interpretations. For example, to what extent does a high score in
personal interest indicate that the student truly has a high level of interest in the area of physics?
Defining the proposed interpretation is equivalent to defining the construct or concept the tool
aims to measure (American Educational Research Association et al., 1999). It should also be
noted that for each possible interpretation and use of test scores, evidence must be collected in
support of their validity (American Educational Research Association et al., 1999).
2.2.1.2 Interpretive Arguments

When considering the validity of an instrument, it is important to begin with an
interpretive argument (Kane, 2006). This provides the developer (and user) with a single
statement of how the test scores are intended to be used and interpreted (Kane, 2006). An
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interpretive argument consists of a “network of inferences and assumptions leading from
observed performances to the conclusions and decisions based on performances” (Kane, 2006, p.
23). In other words, the interpretive argument outlines the reasoning and rationale that supports
the procedure followed to get from an observation to a conclusion generated from a group of
observations (American Educational Research Association et al., 1999). In the frame of the
CLASS, this could include an argument in support of relating students’ scores to those of experts
to define the students as “expert-like” or “novice-like”. Cronbach, Linn, and Ryan indicate that
without clearly and adequately outlining the interpretive argument, and thus the proposed
interpretations and uses of the test scores, the validity of an instrument cannot be sufficiently
evaluated (as cited in Kane, 2006). The above review of the research that employs the CLASS
highlights the impact of a weakly-defined interpretive argument. A variety of studies with
differing goals, interpretations, and conclusions exist, all relying on the same instrument.
However, the intended generalizations and extrapolations to be made with CLASS test scores are
ill-defined, and the conclusions of the afore-mentioned studies should be received with caution.
This miscommunication between developers and users of a test is not uncommon, and the onus
falls on both parties to provide sufficient evidence in support of a proposed interpretation or use
of test scores (Kane, 2009).
Cronbach stated that arguments in support of or against validity evaluate individual
aspects of the interpretive argument (as cited in Kane, 2006). An interpretive argument can be
broken down into four main parts, scoring, generalization, extrapolation, and implications. This
structure provides guidance for both the proposed interpretations and uses of test scores, as well
as the validation of these propositions (Kane, 2006). An example is given in Table 2.9 Table
2.9(Kane, 2006). These inferences are supported by the assumptions and evidence that create a
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validity argument (Cronbach, 1988, as cited in Kane, 2006). For example, if the interpretation of
test scores depends on a model of underlying factors present in the construct, collected data
should fit the proposed model, and the strength of the model fit would be evidence for or against
this proposed interpretation (Kane, 2006). It should also be noted that while an interpretive
argument may hold across many populations, it is always possible for an inference to come into
question in a particular case (Kane, 2006). This study focuses on examining the scoring inference
of the CLASS instrument in this population, particularly the validity of the factors and
subsequent subscale scoring as suggested by the developers.
Table 2.9: An example of an interpretive argument for a trait interpretation (Kane, 2006)
I1: Scoring: from observed performance to the observed score
A1.1 The scoring rule is appropriate.
A1.2 The scoring rule is applied as specified.
A1.3 The scoring is free of bias.
A1.4 The data fit any scaling model employed in scoring.
I2: Generalization: from observed score to universe score
A2.1 The sample of observations is representative of the universe of generalization.
A2.2 The sample of observations is large enough to control random error.
I3: Extrapolation: from universe score to target score
A3.1 The universe score is related to the target score.
A3.2 There are no systematic errors that are likely to undermine the extrapolation.
I4: Implication: from target score to verbal description
A4.1 The implications associated with the trait are appropriate.
A4.2 The properties of the observed scores support the implications associated with the trait
label

Kane (2006) outlined two major phases in the validation of a proposed interpretive
argument, development and appraisal. The development stage can be separated into three steps:
(1) create an interpretive argument and develop an appropriate test plan; (2) develop a test that is
consistent with the proposed interpretation; and (3) evaluate the relevant inferences and
assumptions as thoroughly as possible. The development stage can be seen as seeking to evaluate
and confirm the validity of the proposed interpretations and uses (Kane, 2009).
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The appraisal phase involves a critical evaluation of all aspects of the interpretive
argument (Kane, 2009). As Cronbach stated, “a proposition deserves some degree of trust only
when it has survived serious attempts to falsify it” (as cited in Kane, 2006). A thorough
examination of the interpretive argument may uncover a variety of hidden assumptions, true or
not, which could have strong implications for the validity argument as a whole (Kane, 2009). For
this reason, it is important to fully examine an interpretive argument for possible holes in the
logic and rationale supporting its validity.
The appraisal stage includes a thorough examination of evidence relating to the validity
and quality of a claim proposed by the interpretations and uses of a test, and involves generating
a set of propositions in support of or refuting the proposed interpretations and uses (American
Educational Research Association et al., 1999; Kane, 2006, 2009). The development of a strong
validity argument involves collecting various forms of evidence, and weaving them together to
support the clarity, coherence, and plausibility of a proposed interpretive argument (American
Educational Research Association et al., 1999; Kane, 2009). Previous work surrounding the
validity of the CLASS has examined the validity of the expert scoring system used in scoring the
CLASS (Robyn’s poster/presentation) and whether or not students interpret the test items as
expected (Sawtelle et al., 2012). This research aims to examine underlying factor structure and
subsequent scoring model proposed by the CLASS to examine the validity of the proposed
scoring structure.
2.2.1.3 Construct Validity
In 1957, Loevinger proposed that “construct validity is the whole of validity from a
scientific point of view” (as cited in Messick, 1981). While construct validity does not provide a
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full foundation for validity, it is indeed a central and guiding principle to discussions of validity
in educational and psychological measurement (Messick, 1981). Construct validity has been
defined as the “degree to which the relationships among items and components conform to the
construct on which the proposed test score interpretations are based” (American Educational
Research Association et al., 1999). This definition relies heavily on the presence of a clearly
defined theory supporting the proposed interpretations and uses of the test (Kane, 2009), and
Cronbach and Meehl suggest that construct validity is of high value “whenever a test is to be
interpreted as a measure of some attribute or quality which is not operationally defined” and “for
which there is no adequate criterion” (as cited in Kane, 2009). The development of the CLASS
omits relation to any guiding theory, choosing to follow the lead of previous instruments and rely
upon experience in the classroom.
Construct validity illuminates the internal structure of test scores, including the
homogeneity of the items both within factors and across the test (American Educational
Research Association et al., 1999). This includes an examination of the underlying factor
structure of the test scores as well as the internal consistency of the items (American Educational
Research Association et al., 1999). Internal consistency provides a measure of the
unidimensionality of the test items (Cunningham, 1986). A high internal consistency indicates
that the items provide measurements about the same construct, whereas a lower internal
consistency suggests that more than one construct is being measured in the test items
(Cunningham, 1986). This study will use factor analysis and Cronbach’s alpha to examine the
construct validity of the test, although the strength of the argument is weakened due to the lack
of an operationalized definition of “attitudes towards physics” on the part of the developers.
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2.2.2 Self-Efficacy
In science education, self-efficacy is defined as a measure of an individual’s confidence in
their ability to reach a desired outcome (Anderson & Nashon, 2007; “Self-Efficacy,” 2010).
Essentially, a high self-efficacy indicates an individual is confident in their ability to achieve a
desired outcome. Central to the concept of self-efficacy is the notion that individuals are capable
of controlling the decisions they make and the behaviours they pursue (Bandura, 1977; Liehr &
Smith, 2008, p. 183). Particularly, self-efficacy impacts persistence and the amount of effort a
learner is willing to put in to be successful when approaching obstacles and can ultimately
impact whether or not an individual decides to pursue related behaviours (Bandura, 1977). Selfefficacy plays a key role in students’ learning as it impacts their willingness and ability to cope
with unknown situations and construct their own knowledge and understandings (Anderson,
Nashon, & Thomas, 2009; Bandura, 1977; Hacker, 1998). Self-efficacy is not an evaluation of
the skills an individual has, but rather what the individual believes they are capable of doing with
those skills (Bandura, 1986, p. 391).
Through the improvement of self-efficacy, students can become more confident in their
ability to approach learning obstacles and be successful. Instructors should be cognizant of
students’ self-efficacy and help students develop high levels of self-efficacy (Mercer, Nellis,
Martínez, & Kirk, 2011). O’Connor and Korr suggest that through well-thought out pedagogical
choices, instructors have the ability to positively influence students’ self-efficacy (as cited in
Mercer et al., 2011). For example, instructor behaviour, expectations, feedback, and
communication can impact students’ self-efficacy (Mercer et al., 2011). By helping students
develop a strong sense of self-efficacy, it is possible that students will make a more concerted
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effort in their learning (Bandura, 1977) and be more successful in becoming successful (Pajares,
1996).

2.2.3 Constructivist Learning Theories

A major tenet of physics education research is the notion that students do not come to
instruction as blank slates without any prior instruction (Driver, 1983; Hodson, 1998; McCaskey,
2009). They already hold ideas about how the world works, and they build new knowledge on
the foundation of these understandings. Additionally, learning does not occur in isolation
(Vygotsky, 1987) and depends on a plethora of factors including prior knowledge as well as
social interactions (Wink & Putney, 2002) and attitudes (Adams et al., 2006). These factors
impact how students interpret new information they encounter (Hodson, 1998, p. 10). For this
reason, constructivist teaching and learning theories suggest instructors attempt to gain insight
into not only what their students know, but how they came to know it (Driver, 1983; Hodson,
1998). Research has shown that students who are active participants in the construction of their
own knowledge are generally more successful (Thomas et al., 2008).
Particularly in science learning, the ability to internalize information to develop a
personal standpoint is a defining attribute of a scientifically literate individual (Hodson, 1998, p.
3). Millar suggested that “the process of eliciting, clarification, and construction of new ideas
takes place internally, within the learner’s own head” and “occurs whenever any successful
learning takes place” (as cited in Hodson, 1998, p. 34). Millar also suggests that this process
should occur regardless of the form instruction takes (as cited in Hodson, 1998, p. 34).
Constructivist learning includes consciously creating and recognizing relationships between
concepts and pieces of information (Thomas et al., 2008). Although there is no single method for
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implementing constructivist science teaching, Hodson (1998) provides four general steps to serve
as a guideline:





identify students’ ideas and views;
create opportunities for students to explore their ideas and test their robustness in
explaining phenomena, accounting for events and making predictions;
provide stimuli for students to develop, modify and, where necessary, change their
ideas and views;
support their attempts to rethink and reconstruct their ideas and views. (p. 34)

To adequately identify students’ prior knowledge and views, it is important to ensure that
the instruments used to acquire this knowledge are both valid and reliable. In the following
chapters, I will discuss validity as part of the development of strong tools to measure students’
attitudes and beliefs towards physics at the outset of a course.

2.3

Literature Summary

Based on a review of the literature as described above, it appears that no further research
has been done surrounding the validity of the underlying factors and resultant scoring scheme of
the CLASS. This research will focus on examining these factors.
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3

Methodology

In this section, I outline the study methodology. The research questions are reiterated,
followed by the study context. Subsequently, the statistical tests used to analyze the collected
data are described. It is important to note that the statistical analysis differs from the validation
process followed during the development of the CLASS (Adams et al., 2006). Finally, ethical
considerations and limitations of the study are described.

3.1

Research Questions
As discussed in the literature review, students’ attitudes and beliefs about physics and

learning physics is a complex area of research, and a variety of tools have been developed to
measure these constructs. The authors of the Colorado Learning Attitudes About Science Survey
(CLASS) determined eight factors as underlying student responses to the items about their
attitudes and beliefs about science (Adams et al., 2006). However, confirmatory factor analysis
using data from the population of students at the study institution did not support the existence of
these eight factors. Thus, it became necessary to investigate the factors that underlay these
students’ CLASS responses through a revalidation of CLASS. This study analyzed data collected
using the CLASS (Adams et al., 2006) to determine the factors that underlay the students’
attitudes and beliefs about physics and physics learning as well as revalidated the instrument
guided by the following research questions:
1. What are the factors underlying first year undergraduate students’ attitudes and beliefs
about science prior to participating in First Year Physics courses?
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2. What might be the implications of these factors on course design and consequent student
physics learning?
Statistical analysis of the survey data was used to explore the factors that underlie
students’ responses to the survey items about their attitudes and beliefs about science prior to
taking an introductory physics course.

3.2

Study Context and Participants
This study analyzes undergraduate students’ attitudes and beliefs about physics and

physics learning prior to participating in first year courses at a large research university in
Western Canadian. The data were collected from various cohorts of undergraduate students
enrolled in their first undergraduate physics course (either engineering or calculus-based), from
different years (2010-2013) and stored by the Department of Physics and Astronomy in the
Faculty of Science at the university. In general, all students who wish to pursue and obtain a
Physics degree will take an introductory physics course in their first year. The large number of
students enrolled in these courses lends itself well to performing statistical analyses, such as
factor analysis and reliability tests, that rely on large sample sizes to provide generalizable
claims (Muijs, 2011).
Two introductory physics courses were chosen for this research. The first is an
introductory course for engineering students. The second is a calculus-based physics course and
designed for a broader audience of science students which includes majors and non-majors.
These two courses were chosen based on their high enrollments and the breadth of the material
they cover. The engineering course is six-credits and runs from September to April. The
calculus-based course is divided into two sequential three-credit courses, one in the fall semester
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and one in the winter semester. This research focuses on the first semester of this curriculum.
The topics discussed in each of the two courses are described in Table 3.1. Two years of data for
each course were then chosen, based on availability (Table 3.2).
Table 3.1: Outline of the topics covered in each course
Engineering
Calculus-based
 Thermometry
 Buoyancy, Pressure, Bernoulli's Equation
 Thermal properties of matter
 Thermodynamics and Heat Transfer
 Heat
 Simple and Damped Harmonic Motion
 Oscillations
 Waves and the Doppler Effect
 Waves
 Sound

Table 3.2: Number of students in each data set
Course
Total
Female
Engineering – 2010
601
126
Engineering – 2011
592
133
Calculus-based – 2012
760
465
Calculus-based – 2013
647
335

Male
451
436
290
282

No Gender
24
23
5
30

Within the Faculty of Science at this university, particularly in the Department of Physics
and Astronomy, there has been a strong initiative to include evidence-based pedagogies in
science courses at all undergraduate levels (“Carl Wieman Science Education Initiative at the
University of British Columbia”, n.d.). Introductory courses have been at the forefront of this
initiative. In conjunction with their efforts to improve teaching at the institution, an interested
group of science educators engages in ongoing data collection with the intent to assess student
learning and attitudes about science. This study analyzes one portion of previously collected
data.
The two courses described here are large, introductory courses. The courses are divided
into a number of sections and each is taught by a single professor or instructor who is supported
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by a number of Graduate Teaching Assistants. In the engineering course, students participate in a
weekly tutorial session during the fall semester, and there is no laboratory requirement. In the
calculus-based course, students participate in a lab or tutorial each week, on a two week cycle. A
variety of pedagogical tools are implemented in these courses, including but not limited to Peer
Instruction, PeerWise, pre-reading assignments, and in-class activities (“Carl Wieman Science
Education Initiative at the University of British Columbia”, n.d.).

3.3

Study Procedures

This study is analytical in nature. The goal of this research is to analyze quantitative data to
investigate the factors that underlie students’ attitudes and beliefs about physics and physics
learning through a revalidation of the CLASS, which is the instrument used to obtain the data
from the students. This study aims to understand the factors that underlie students’ responses to
the CLASS instrument.

3.3.1 Data Collection
The data about students’ attitudes and beliefs used in this study came from the
Department of Physics and Astronomy at a large research university in Western Canada. The
Department of Physics and Astronomy collects data using the CLASS instrument, created at the
University of Colorado (Adams et al., 2006), at the beginning and end of undergraduate physics
courses, to assess students’ beliefs and attitudes about physics, as well as the success of certain
educational reforms. The survey is administered online, and little or no course credit is provided
to students. Students are asked to provide their student ID, course number and section, as well as
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their gender. The data were anonymized before being given to the researcher to ensure
confidentiality and privacy of participants.
Collected data were organized and sorted using Microsoft Excel (Microsoft, 2010).
Students’ responses to the survey were scored according to the CLASS template provided by the
developers in Microsoft Excel. Students who failed to meet the control requirements when
completing the survey were separated from the group. Data that met the control criteria were
scored according to the scheme supplied by the developers.

3.3.2 Data Analysis

Before beginning analysis, the scores for negatively stated items were reverse coded
consistent with statistical requirement for analyzing data on personality constructs (Salkind,
2007). Responses to items that began with “I do not”, “I cannot” or another negative statement
(Table 3.3) were reversed across the neutral option (3) so that a 1 became a 5, and a 5 became a
1.
Table 3.3: Five CLASS items were reverse-coded
Item
11 I am not satisfied until I understand why something works the way it does.
12 I cannot learn physics if the teacher does not explain things well in class.
13 I do not expect physics equations to help my understanding of the ideas; they are just for
doing calculations.
20 I do not spend more than five minutes stuck on a physics problem before giving up or
seeking help from someone else.
21 If I don’t remember a particular equation needed to solve a problem on an exam, there’s
nothing much I can do (legally!) to come up with it.

This study employed an iterative application of exploratory factor analysis and reliability
tests to arrive at a suggested model underlying the CLASS data in the 2011 course for
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engineering students. The 42 items of the survey were considered as a whole. Subsequently,
confirmatory factor analysis was used to adapt and confirm this model in the 2010 engineering
course, as well as the 2012 and 2013 calculus-based courses.
3.3.1.1 Factor Analysis

Factor analysis is a statistical technique to reduce a number of variables, such as items on
a test, to a smaller number of latent variables (Floyd & Widaman, 1995). It is referred to as a
data reduction technique. Factor analysis enables researchers to determine whether observable
variables are related to a group of unobservable factors (Jowett, 1958; Muijs, 2011). Factor
analysis is commonly used to develop and validate psychological scales due to the unobservable
nature of many constructs researchers are interested in investigating. A factor is created by a
group of observable variables which relate to an underlying unobservable, latent variable (Muijs,
2011). Variables in a factor are strongly correlated with each other, and weakly correlated with
variables outside the factor (Muijs, 2011). These latent variables are descriptive of the
overarching construct of interest. For example, the eight categories of the CLASS each measure
one unobservable aspect of students’ attitudes about physics. Factor analysis aims to explain as
much of the total variance and covariance observed in the variables as possible, with each factor
explaining a piece of the total.
There are three main varieties of factor analysis: exploratory factor analysis; principal
components analysis: and confirmatory factor analysis. This research makes use of exploratory
factor analysis and confirmatory factor analysis to examine the validity of the CLASS
instrument.
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3.3.1.1.1 Exploratory Factor Analysis

Exploratory factor analysis is used to discern the underlying structure of a group of
variables which measure observable traits when the researcher is aware of or believes in the
existence of an underlying structure (J. D. Brown, n.d.). Exploratory factor analysis is the first
step to determining how a scale divides into latent variables, and which items measure each of
these latent variables. The goal is to extract the minimum number of factors that explains the
maximum amount of variance among the items (Thompson, 2004). In the case of this study, we
are also interested in including the maximum number of items from the scale.
Exploratory factor analysis differs from principal components analysis when considering
the variance included in the correlation matrix. When performing principal components analysis,
all variance is included: error variance, shared variance, and unique variance (J. D. Brown, n.d.).
When performing exploratory factor analysis, the only variance included for each variable in the
correlation matrix is the variance that variable shares with another variable. Principal
components analysis is used more often when researchers hold no prior expectations about the
existence of a factor structure, while exploratory factor analysis is more common when a
structure is hypothesized.
In this study, exploratory factor analysis was performed using the SPSS software package
(“IBM - SPSS Amos - Canada,” 2013). The maximum likelihood estimates was used to examine
possible factor structures present in the CLASS, as this is the exploratory factor analysis method
in the SPSS software.
Consider the following example, examining the items of the CLASS identified to belong
to the problem solving categories (Problem Solving General, Problem Solving Confidence, and
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Problem Solving Sophistication). The items are referred to as “PS#”. Three factors were
extracted. However, one factor contained fewer than three variables. It is recommended that a
valuable factor contain at least three items (Muijs, 2011). Subsequently, two factors were
extracted to arrive at two valuable factors.
Each factor should explain as much of the variance in the data as possible, with each
factor explaining less variance than the last (Muijs, 2011). As seen in Table 3.4, the first factor
(eigenvalue = 2.232) explains 20.295% of the variance, while the second factor (eigenvalue =
.463) explains 4.211%. Together, the two factors account for only 24.505% of the total variance
in the system.
Table 3.4: Total variance explained by the extracted factors.

Factor
1
2
3
4
5
6
7
8
9
10
11

Extraction Sums of Squared
Initial Eigenvalues
Loadings
% of
Cumulative
% of
Cumulative
Total Variance
%
Total Variance
%
2.934
26.671
26.671 2.232
20.295
20.295
1.233
11.211
37.882 .463
4.211
24.505
.980
8.907
46.789
.932
8.468
55.258
.854
7.762
63.019
.825
7.503
70.522
.740
6.731
77.253
.695
6.321
83.573
.656
5.961
89.535
.604
5.491
95.026
.547
4.974
100.000

Rotation Sums
of Squared
Loadingsa
Total
2.030
1.795

The unrotated factor loadings are seen in Table 3.5. This information is difficult to
interpret, as most items load on the first factor to explain the majority of the variance in the data
(Muijs, 2011). A promax rotation was used, allowing the factors to correlate, as the factors were
not believed to be orthogonal. When using a promax rotation, the pattern matrix (Table 3.6)
identifies the rotated factor loadings, while the structure matrix (Table 3.7) describes the
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correlation between the item and each factor. All of the factor loadings are above 0.3 (any
loadings below this cut-off are hidden from the table here), and two factors are evident from the
data. Factor 1: {PS 10, PS1, PS5, PS6, PS9}. Factor 2: {PS7, PS8, PS11, PS3, PS4}.
Table 3.5: The factor matrix for exploratory factor analysis with Promax rotation, using the
items from the CLASS suggested to probe facets of problem solving.
Factor
1
2
PS10
.624
PS9
.616
PS1
.534
PS7
.520
PS5
.515
PS8
.373
.318
PS6
.366
PS3
.364
PS11
.339
PS2
PS4
Extraction Method: Maximum Likelihood.
a. 2 factors extracted. 3 iterations required.
Table 3.6: The pattern matrix for exploratory factor analysis with Promax rotation, using the
items from the CLASS suggested to probe facets of problem solving. Shaded cells identify items
that load to each factor.
Factor
1

2

PS10
.598
PS1
.583
PS5
.570
PS6
.552
PS9
.396
PS2
PS7
.553
PS8
.552
PS11
.386
PS3
.381
PS4
.337
Extraction Method: Maximum Likelihood.
Rotation Method: Promax with Kaiser
Normalization.
a. Rotation converged in 3 iterations.
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Table 3.7: The pattern matrix for exploratory factor analysis with Promax rotation, using the
items from the CLASS suggested to probe facets of problem solving. Shaded cells identify items
that load to each factor
Factor
1
2
PS10
.641
.454
PS9
.578
.537
PS1
.569
.355
PS5
.551
.340
PS6
.433
PS2
PS7
.407
.585
PS8
.484
PS3
.407
PS11
.392
PS4
Extraction Method: Maximum Likelihood.
Rotation Method: Promax with Kaiser
Normalization.
Item PS2 failed to load higher than 0.3, in both the pattern and structure matrices, which
suggests the item should be removed until it can be further examined and improved. The
structure matrix also suggests that PS4 is weakly correlated to factor 2. The item and scale
should be examined to determine whether the item belongs in the factor or should be removed.
The correlation matrix (Table 3.8) identifies how strongly each factor is correlated with
the other factors extracted from the data. High correlations suggest that two (or more) factors
actually represent a single factor, and provide evidence of a possible hierarchical structure in the
data (Muijs, 2011). In this example analysis, all of the items relating to problem solving were
selected from the CLASS instrument. It is therefore logical that the two factors are strongly
correlated, as they aim to measure a similar aspect of students’ attitudes towards physics.
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Table 3.8: Factor correlation matrix. There is a high correlation between the two extracted
factors, which suggests that the two factors main in fact be a single factor.
Factor
1
2
1
1.000
.647
2
.647
1.000
Extraction Method: Maximum Likelihood.
Rotation Method: Promax with Kaiser Normalization.
3.3.1.1.2 Confirmatory Factor Analysis

Confirmatory factor analysis uses structural equation modeling to enable a researcher to
determine if measures of observable variables are consistent with a hypothesized model of an
unobservable construct (T. A. Brown, 2006c). Confirmatory factor analysis is used to validate
the factor structure (factors and loadings) as well as the number of subscales present in a survey
tool (T. A. Brown, 2006c). Confirmatory factor analysis provides both convergent and
discriminant validity by confirming or refuting whether variables measure the same thing. In this
study, the goal of confirmatory factor analysis is to determine if the data collected fits the model
proposed by Adams et al. (2006), and to provide insight into the validity of a proposed factor
structure.
In this study, confirmatory factor analysis was performed using the AMOS add-in to
SPSS (“IBM - SPSS Amos - Canada,” 2013). Confirmatory factor analysis was used in two
capacities: to examine how well the collected data fit the model suggested by Adams et al.
(2006), and to examine how data from a second course fit a model suggested by the EFA
conducted in this research. Figure 1 shows an example of how AMOS represents a factor
structure, using the structure suggested by the above analysis of the problem solving items
(Table 3.5). The latent variables are represented by the ovals on the right-hand side, Factor1 and
Factor2. The observed variables (students’ responses to the items) are indicated by the
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rectangles. Arrows connect each observed variable to the appropriate latent variable. The error
variances are indicated on the left hand side. These are unobserved, but indicate variance in the
observed variables that is not explained by the latent variable (T. A. Brown, 2006c).

Figure 3.1: Factor structure and loadings for suggested factor structure underlying problem
solving items for the CLASS instrument.
There is a major difference between confirmatory factor analysis and exploratory factor
analysis. When performing exploratory factor analysis the researcher is looking for structure, a
model that describes the organization of a construct. Confirmatory factor analysis takes this
model and attempts to confirm its validity, as well as evaluating how well the data fits the model
(“Confirmatory Factor Analysis,” 2012). Model fit is evaluated based on several factors:
goodness-of-fit, localized areas of strain, and the parameter estimates.
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Goodness-of-fit can be indicated by a variety of indices (T. A. Brown, 2006d). A nonsignificant χ2 indicates a good absolute fit, although large sample sizes make this difficult to
obtain. Due to the susceptibility of χ2 to be influenced by sample size, the standardized root mean
square residual (SRMR) is commonly used as a second absolute fit index, with 0.0 indicating a
perfect fit. Smaller SRMR values indicate a better model fit, with .08 as an upper bound for a
good fit. The comparative fit index (CFI) is one of several comparative fit indices which
compares the user-suggested model to a baseline (or null) model that is generally more restricted.
Unlike the SRMR, values closer to 1.0 indicate a good fit, with values above .95 indicating a
good fit and values between .9 and .95 indicating an acceptable fit. The root mean square error of
approximation (RMSEA) is an “error of approximation index” which examines whether a model
fits “reasonably well” in a population. Values of RMSEA range between 0.0 and 1.0, with
smaller values indicating a more reasonable fit. Values close to or below .06 are cited as
providing a good fit. Confidence intervals are calculated for RMSEA, based on the noncentral χ2
distribution, and should fall below the upper limit of .08. RMSEA is from the parsimony class of
model fit indices, which compare models that provide equal model fits at the absolute level, and
favours models with fewer freely estimated parameters. These indices are considered together to
determine the quality of a model in each of the courses.
The second aspect of a model fit that should be inspected is the existence of localized
areas of strain. While goodness-of-fit indices provide information about how well the model fits
the data globally, it is important to consider if there are any areas of strain in the model fit at a
local level (T. A. Brown, 2006e). In order to determine whether or not these areas exist, it is
necessary to inspect the modification indices and residuals of the analysis (T. A. Brown, 2006e).
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Modification indices are calculated for all fixed and constrained parameters in the model
(T. A. Brown, 2006e). This includes the error terms and latent variables. Modifications indices
provide an estimate of how much the model χ2 would decrease if the parameter were freely
estimated (T. A. Brown, 2006e). In general, a lower χ2 is more likely to be non-significant, as the
difference between the value and the number of degrees of freedom will decrease. Small
modification indices suggest a good fit, whereas larger modification indices suggest a parameter
should be re-examined to determine if it should be freely estimated or constrained (T. A. Brown,
2006e).
Residuals provide another means of examining the existence of localized areas of strain.
The residual matrix describes the difference between the sample variance-covariance matrix and
the one suggested by the model (T. A. Brown, 2006e). A small residual suggests that the
variance and covariance were adequately reproduced by the suggested model and parameter
estimates (T. A. Brown, 2006e). In order to assess whether a residual is “small”, the standardized
residual is calculated by dividing the residual by the estimated standard errors. Then, the
standardized residuals can be treated in a manner analogous to z-scores. An appropriate
standardized residual falls between -2.00 and 2.00, indicating an absence of areas of strain and
supporting a good global fit (T. A. Brown, 2006e).
Finally, if the output suggests a good model fit it is important to examine the parameter
estimates to ensure that they make sense (T. A. Brown, 2006e). In particular, the size and
direction of factor loadings require examination. Standardized factor loadings above 1.0 are
problematic, and items should load in the expected direction (positive or negative). A factor
loading indicates the amount by which an observation should increase or decrease if the overall
factor score were to increase by one unit (T. A. Brown, 2006e). Low factor loadings suggest that
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the item does not load strongly to the factor, and it could be prudent to remove the item from the
factor (T. A. Brown, 2006a).
Information from the modification indices and standardized residuals can inform
alterations to the model that would improve the fit. For example, a high modification index
might suggest that two error variances are correlated (T. A. Brown, 2006a). When error
variances are not correlated, the researcher is making a statement that all correlation between the
items in a factor is due solely to the latent variable, and all measurement error is random (T. A.
Brown, 2006a). Conversely, correlating two error variances indicates that some of the shared
variance is attributable to the factor, and some is due to an outside influence (T. A. Brown,
2006a). When choosing to correlate two error variance terms, it is important that this decision is
supported by theory or method effects. Two items that ask the same question, but are phrased
differently, for example would support correlated errors. If two error variances are correlated for
one reason, the error variances of all other pairs of items that meet this requirement must also be
correlated for consistency (T. A. Brown, 2006a). High standardized residuals (greater in
magnitude than 2.0) suggest that more parameters are needed in the model (T. A. Brown, 2006e).
This could include removing an item with consistently high residual values, or if the item has a
high residual for items in a particular factor only, the item could be cross-loaded onto that factor.
Finally, it is important to recall that confirmatory factor analysis relies heavily not only on
empirical analysis, but theoretical foundation (T. A. Brown, 2006b). Suggested factor structures
should be supported by theory, as should all alterations to the structure (T. A. Brown, 2006b).
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3.3.1.2 Reliability

When scores from a scale of items are added together to create a single score, we need to
be sure that the items are measuring the same thing; that they are internally consistent (Bland &
Altman, 1997). Cronbach’s alpha is commonly used when reporting internal consistency of items
of a scale. It provides a measure of how much the variables in a scale measure the same construct
(Muijs, 2011). By examining the internal structure of a scale, it is possible to measure its
reliability without the need for a second test (Revelle & Zinbarg, 2009). It is important to
measure the reliability of the scale as a whole, as well as any subscales within it from which a
score is calculated (Shavelson, Webb, & Rowley, 1989). Each subscale should meet reliability
criteria to ensure that the items are measuring the same construct. In this work, Cronbach’s alpha
was used to determine whether items should be added or removed from individual factors.
Cronbach’s alpha is a measurement that meets in the middle of the reliability
measurements that came before, including split-half reliability, without the need to arbitrarily
divide scales into seemingly equal halves (Cronbach, 1951; Revelle & Zinbarg, 2009).
Cronbach’s alpha is relatively simple to understand, easy to implement and interpret, and is
nicely included in many statistical software packages. It is therefore a popular reliability measure
in the psychology literature, despite the existence of a variety of other measures that may be
more appropriate (Revelle & Zinbarg, 2009).
Cronbach’s alpha is a measure of internal consistency of the items in a scale (Cronbach,
1951). It is calculated by examining the correlations between all of the items in the scale (Muijs,
2011). High correlations, and thus a high alpha value, suggest that the items are measuring the
same thing, and the items are internally consistent (Muijs, 2011). Like all correlations, the value
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of Cronbach’s alpha ranges from 0 to 1, with 0 indicating no correlation or consistency, and 1
indicating perfect correlation and consistency (Muijs, 2011). A cutoff of 0.7 is commonly cited
in the literature (Heredia & Lewis, 2012; Muijs, 2011). However, this value should be interpreted
with care, as several other factors have an impact on alpha (Cortina, 1993). To calculate
Cronbach’s alpha, the total number of items (K), the average variance for the sample (v) and the
average of the covariance between items ( c ) are combined, as seen in equation (x) (Muijs,
2011).



K c

  
 v  K  1  c 

(3.1)

Any weighting of item scores must occur before calculating the variance of each item,
and subsequently Cronbach’s alpha (Bland & Altman, 1997). This includes reverse coding the
data. In this study, the five items were reverse-coded prior to all analysis (Table 3.3).
It is important to be cautious when interpreting Cronbach’s alpha for three main reasons.
First, Cronbach’s alpha is sensitive to the number of items in a scale, and is susceptible to
inflation as this number increases (Muijs, 2011). The ratio of K to (K – 1) demonstrates how α
relies on the number of items, as a small K will have a greater impact on the value than a larger
one. Second, Cronbach’s alpha is considered to be a lower bound for reliability (Revelle &
Zinbarg, 2009). It is possible for a scale to be more reliable than an α calculation can reveal.
Third, high values of Cronbach’s alpha could indicate that the items are overly repetitive, and
some items should be removed (Adams & Wieman, 2011). Calculation of Cronbach’s alpha
should be conducted in tandem with a close examination of the items included in the analysis.
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Overall reliability is important, although less so than that of the subscales. Cronbach’s
alpha is more useful for scales that measure a single construct – such as the subscales of a larger
scale (Adams & Wieman, 2011). Although the instrument as a whole aims to measure the same
overarching construct the individual scales measure facets of this construct, which can skew the
internal consistency of the test as a whole (Cortina, 1993).

3.1

Ethical Considerations

The researcher did not collect any data, but instead used secondary data collected by the
Department of Physics and Astronomy in 2010, 2011, 2012, and 2013. The data were
anonymized using a key that could allow the researcher to trace students across years of study,
connecting the data to an individual student without identifying the student. The study was
approved by the Behavioural Research Ethics Board at the study university on September 23,
2013 (Error! Reference source not found.).

3.2

Limitations

When choosing a research tool, it is important to consider the population for which the
tool is reliable and valid. This study examines the validity and reliability of the CLASS
instrument in a single population. Evidence supporting consistent reliability and validity across
populations is lacking from the literature, and this study should not be taken to be generalizable
across populations. It is important for researchers to consider available evidence and gather more
evidence before committing to the use of a research tool.
Limitations of this study stem from the origin of the data. The statistical data were
collected in 2010-2013, and it is possible that the data may not provide an accurate image of the
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current student population in the Department of Physics and Astronomy at the study institution.
The collected data are also only representative of students at this university and may not be
generalizable to other institutions. The Department of Physics and Astronomy has undergone
various teaching reforms in the last six years, due to the Carl Wieman Science Educational
Initiative presence in the Faculty of Science (“Carl Wieman Science Education Initiative at the
University of British Columbia”, n.d.). These initiatives may have impacted the nature of the
responses we receive from students, and may not be applicable to a university that does not
currently employ similar teaching methods.
This study is entirely quantitative in nature. In order to address each area of validity
concerns it is important to conduct interviews with students (or members of the group of interest)
to gain understanding of how items might be related, and how items could be interpreted. This
study considers qualitative and quantitative data collected at other institutions along with the
interpretations of a single researcher at the study institution. To gain a fully-formed
understanding of problematic items, more data is required from this institution.
Likert scale data is nominal in nature, as the distance between rankings is not consistent
from one participant to the next. However, SPSS and AMOS (“IBM - SPSS Amos - Canada,”
2013, “IBM SPSS software,” 2013) consider all data to be continuous when performing factor
analysis. This could skew the results of this study.

3.3

Methodology Summary
The validity and reliability of the CLASS survey tool was examined using Cronbach’s

alpha, exploratory factor analysis, and confirmatory factor analysis. The results of these analyses
are presented and discussed in Chapter 4.
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4

Results and Discussion

To answer the research questions, a variety of statistical analyses were performed. Firstly,
the existence of the factors (categories) previously identified in the CLASS (Adams et al., 2006)
was investigated through confirmatory factor analysis (CFA). This indicated that the published
factor structure is non-existent in the population of students analyzed in this study. This made it
necessary to investigate the factors that underlie the students’ responses to the original CLASS
questionnaire. This study followed a validation process that differed from the one used in the
development of the original CLASS tool, which is described in the Literature Review (Adams et
al., 2006). A new model was generated through a revalidation process using exploratory factor
analysis (EFA). The existence of the new extracted factors was then investigated in three other
student groups using CFA.
Following a description of the results, I discuss the interpretation of the findings. Labels
are given to the confirmed factors, and implications are provided for theory, research, and
curriculum design.

4.1

Examining the Original CLASS Model

Confirmatory factor analysis was performed in AMOS using each of the data sets involved
in this analytical study (“IBM - SPSS Amos - Canada,” 2013). For each course (data set), the
AMOS test output read: “The model is probably unidentified. In order to achieve identifiability,
it will probably be necessary to impose 6 additional constraints.”
This result supported the decision to re-examine the factor structure underlying students’
responses to the CLASS items, as the current factors could not be confirmed or measured
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separately and simultaneously (T. A. Brown, 2006b; Heredia & Lewis, 2012) in this particular
population.

4.2

Generating a Revalidated Model

Because the original factor structure does not exist in the population of students analyzed
in this study, it was necessary to investigate the factors that underlie students’ responses to the
CLASS in this population. Exploratory factor analysis (EFA) was used to analyze the data from
an introductory engineering physics. Subsequently, the robustness of the factors was investigated
by performing confirmatory factor analysis (CFA) using other data sets. Item 31 was not
included in any of the analysis, as it is the control item and all students’ answers are the same
(agree, 4).

4.2.1 Exploratory Factor Analysis

Initially, three factors were extracted. Subsequently, four, five, six, seven, eight, and nine
factors were extracted. These iterations were performed to determine a factor structure that
included the maximum number of items as seen in the pattern matrix, and supported by the
structure matrix.
When seven factors were extracted, only nine items did not load onto a factor (Appendix
B: Pattern and structure matrices when seven factors are extracted from all 41 items of the
survey). However, the number of robust factors (including three or more items) should be equal
to the number of factors extracted. When seven factors were extracted, the seventh factor
contained a single item (33). This item was removed, and again seven factors were extracted
(Appendix C: Pattern and structure matrices for seven extracted factors after removing item 33
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from the data.). Two factors contained only two items, so the analysis was run again to extract
six factors (Appendix D: Pattern and structure matrices for six extracted factors after removing
item 33 from the data). Then five factors were extracted (Appendix E: Pattern and structure
matrices for five extracted factors after removing item 33 from the data), to come up with a
factor structure in which all of the factors contained at least three items. In this model, 14 items
did not load onto factors (Items 1, 2, 6, 9, 10, 13, 15, 16, 19, 20, 22, 23, 26, and 38). These items
were removed, and five factors were again extracted (Appendix F: Pattern and structure matrices
for five extracted factors. Items 1, 2, 6, 9, 10, 13, 15, 16, 19, 20, 22, 23, 33, 36, and 38 have been
removed.). This process was repeated, removing another four items (4, 8, 11, and 39), to gain a
factor structure in which all of the items loaded to a factor. Table 4.1 shows the pattern matrix
for this model and Table 4.2 the structure matrix. These five factors explain 29.615% of the
variance observed in the data. For convenience, factor loadings below .280 are not included.
Shaded items load on a single factor. Item 25 loaded strongly on two factors, and had similar
correlations to each of the two factors (lighter shading). The two factors were examined in terms
of reliability to determine whether the item increased the internal consistency of one factor more
than the other. Although item 42 has a loading below the recommended cut off of .300 (.292),
the item was included in the tool based on the high correlation between the item and Factor 3
(.440). The items are identified by “v#” in all of the following tables.
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Table 4.1: Pattern matrix for the emergent model. Five factors are extracted. Items 1, 2, 4, 6, 8,
9, 10, 11, 13, 15, 16, 19, 20, 22, 23, 33, 36, 38, and 39 have been removed. Shaded items load on
each factor.
Factor
Item
1
2
3
4
5
v3
.630
v37
.621
v14
.596
v35
-.522
v30
.508
v28
.473
v40
-.665
v5
-.652
v34
.587
v12
.458
v21
.376
v25
.353
.332
v24
.602
v26
.351
v32
-.302
v42
.292
v17
.569
v29
-.290
.456
v27
.310
v41
.592
v18
.499
v7
.317
Extraction Method: Maximum Likelihood.
Rotation Method: Promax with Kaiser Normalization.a
a. Rotation converged in 6 iterations.
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Table 4.2: The structure matrix when five factors are extracted after removing items that did not
load in the previous analysis. Shaded items belong to each factor.
Factor
Item
1
2
3
4
5
v3
.650
.374
.373
v14
.556
.310
v35
-.525
-.415
.323
v37
.523
v30
.523
.344
v28
.502
.333
v40
-.313
-.638
v34
.355
.600
.305
v5
-.553
v21
.446
-.289
v12
.382
v25
.448
.527
.528
v24
.510
v26
.408
.355
.486
v42
.409
.286
.440
v32
-.329
-.361
-.420
v17
.564
v29
-.296
.464
v27
.360
v41
.591
v18
.507
v7
.303
Extraction Method: Maximum Likelihood.
Rotation Method: Promax with Kaiser Normalization.

The items in each extracted factor (as seen in Table 4.1 and Table 4.2) are listed in Table
4.3.
Table 4.3: Five extracted factors. In this model, all of the items load to a factor.
Factor
Items
Factor 1
3, 14, 28, 30, 35, 37
Factor 2
5, 12, 25, 34, 40
Factor 3
24, 25, 26, 32, 42
Factor 4
17, 27, 29
Factor 5
7, 18, 41
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4.2.2 Testing Reliabilities

Reliability analyses were performed on questionnaire data to assess the ability of each
factor to measure a single aspect of students’ attitudes towards physics.
4.2.2.1 Factor 1

Analysis of the items in Factor 1 revealed a reliability well below the ideal .7 for the six
extracted items (α = .428). Removing item 35, as suggested by the analysis (Table 4.4), increased
the reliability of the five-item factor to =.683.
Table 4.4: Reliability analysis for Factor 1.
Scale Mean if Scale Variance if Corrected Item-Total Cronbach's Alpha if
Item Item Deleted Item Deleted
Correlation
Item Deleted
v3
17.5355
5.620
.417
.236
v14
17.3547
6.212
.376
.282
v28
17.1571
6.491
.334
.312
v30
17.1199
6.722
.316
.327
v35
19.2905
10.470
-.409
.683
v37
17.7838
5.561
.405
.240

4.2.2.2 Factor 2
The internal consistency of Factor 2 returned a concerning negative value (6 items, α = .333). To improve this value, items 5 and 40 were removed (Table 4.5). This increased the
reliability of the four item factor to .510. After removing items 5 and 40, it was clear that item 25
should remain in the factor to maintain a valuable level of internal consistency (Table 4.6).
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Table 4.5: Reliability analysis for Factor 2.
Scale Mean if Scale Variance if Corrected ItemCronbach's Alpha if
Item Item Deleted Item Deleted
Total Correlation
Item Deleted
v5
15.1959
4.753
-.289
.036
v12
15.8041
3.542
-.009
-.437a
v21
14.3666
3.349
-.019
-.446a
v25
13.8986
3.370
.134
-.634a
v34
14.1588
3.921
.020
-.426a
v40
15.7399
5.320
-.369
.058
a. The value is negative due to a negative average covariance among items. This
violates reliability model assumptions. You may want to check item codings.

Table 4.6: Reliability statistics for Factor 2 after removing items 5 and 40.
Scale Mean if Scale Variance if Corrected ItemCronbach's Alpha if
Item Item Deleted Item Deleted
Total Correlation Item Deleted
v12
11.0743
4.110
.232
.505
v21
9.6368
3.612
.285
.465
v25
9.1689
4.070
.370
.384
v34
9.4291
4.394
.359
.406
4.2.2.3 Factor 3

Having determined that item 25 was a valuable addition to Factor 2 (Table 4.6), I
considered the internal consistency of Factor 3. Item 25 loaded almost equally on Factor 2 and
Factor 3 (Tables 4.1 and 4.2). Without item 25, the internal consistency of Factor 3 is almost
zero (4 items, α = -.006), and the analysis suggests removing item 32 to increase the reliability to
.439 (with three items) (Table 4.7). Adding item 25 to the four item factor increased the
reliability from -.006 to .210, however removing item 32 would increase this value to .567
(Table 4.8). Based on this analysis, Factor 3 includes four items: 24, 25, 26, and 42.
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Table 4.7: Reliability analysis for Factor 3.
Scale Mean if Scale Variance if Corrected ItemCronbach's Alpha if
Item Item Deleted Item Deleted
Total Correlation Item Deleted
v24
12.1149
3.510
.270
-.195a
v26
12.4358
2.974
.414
-.171a
v32
12.2061
3.284
.364
.439
v42
12.3530
3.190
.353
-.384a
a. The value is negative due to a negative average covariance among items. This
violates reliability model assumptions. You may want to check item codings.

Table 4.8: Reliability analysis for Factor 2; item 25 has been added to the factor.
Scale Mean if Scale Variance if Corrected ItemCronbach's Alpha if
Item Item Deleted Item Deleted
Total Correlation Item Deleted
v24
14.0101
3.293
.172
.141
v25
14.3311
2.828
.293
-.006a
v26
14.1014
3.090
.256
.055
v32
16.3699
5.032
-.331
.567
v42
14.2483
2.867
.298
-.006a
a. The value is negative due to a negative average covariance among items. This
violates reliability model assumptions. You may want to check item codings.

4.2.2.4 Factors 4 & 5
The internal consistency measures of Factor 4 (3 items, α = .422) and Factor 5 (3 items, α
= .454) are lower than the ideal .7. However, it is important to remember that Cronbach’s alpha
is influenced by the length of the scale (Cortina, 1993). Each of these scales contains only three
items, and the alpha value would likely increase if more, consistent, items were added to the
factors. The factors are still included in the emergent factor structure at this point as the alpha
values are close to .5, and the scale consists of only three items. The inter-item correlation
matrices for each factor are shown in Table 4.9 and Table 4.10, respectively. The low
correlations between the items suggest that, while the items do load together, they do not create
strong factors. The factors have been left in this model, although a re-examination of the items is
suggested. Low alpha values also suggest that a scale is not unidimensional, as items must be
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internally consistent if they are homogeneous (Cortina, 1993). It is, therefore, possible that there
exists other layers to these factors, but there are not enough items in the factor to adequately
piece apart these differences.
Table 4.9: Inter-item correlation matrix for Factor 4
v17
v27
v29
v17
1.000
.205
.263
v27
.205
1.000
.162
v29
.263
.162
1.000
Table 4.10: Inter-item correlation matrix for Factor 5
v7
v18
v41
v7
1.000
.175
.180
v18
.175
1.000
.293
v41
.180
.293
1.000
4.2.2.5 Whole Scale

The reliability of the 22-item scale, before removing items 5, 35, and 40 as suggested by
reliability analyses of the individual factors, is lower than the accepted .7 cutoff value (α = .417)
(Table 4.11). Removing the suggested items drastically improves the reliability of the 18 item
scale to .617 (Table 4.12). Removal of these items is supported by analysis of the internal
consistency of the complete scale, which indicates removing these items would result in an
increased Cronbach’s alpha value (Table 4.11).
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Table 4.11: Reliability statistics for the 22-item scale which emerged from exploratory factor
analysis.
Scale
Corrected
Cronbach's
Scale Mean if Variance if
Item-Total
Alpha if Item
Item Item Deleted Item Deleted Correlation
Deleted
v3
60.6706
26.959
.293
.319
v14
60.4899
27.536
.296
.325
v28
60.2922
28.065
.254
.336
v35
62.4257
32.289
-.173
.434
v37
60.9189
26.985
.276
.322
v5
61.7466
30.213
-.012
.402
v12
62.3547
30.256
-.002
.398
v21
60.9172
30.739
-.058
.416
v25
60.4493
28.326
.233
.342
v34
60.7095
29.760
.111
.370
v40
62.2905
32.548
-.199
.434
v24
60.1284
29.026
.181
.355
v26
60.2196
28.706
.222
.347
v32
62.4882
32.535
-.199
.432
v42
60.3666
28.016
.278
.332
v17
62.1081
29.217
.104
.371
v27
61.5236
28.463
.127
.364
v29
62.9510
30.707
.017
.386
v7
61.5693
28.977
.110
.369
v18
61.9916
28.076
.170
.352
v41
61.0574
27.594
.233
.336

The internal consistency of the emergent 18-item tool suggests that the removal of the
items in Factor 2 would increase the overall reliability of the scale (Table 4.12). However, the
items were left in the model for two reasons. First, the internal consistency of the factor was
acceptable. Second, it is expected for the reliability of a scale to be decreased when multiple
factors underlie the data (Cortina, 1993). This is because a scale with multiple factors (or
dimensions) no longer measures a single construct, which means that the scale is not
unidimensional. Exaggerated low or high alpha values also suggest a multi-dimensional scale.
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Table 4.12: Reliability statistics for the 18-item scale resulting after removing items 35, 5, 40,
and 32
Scale
Corrected
Cronbach's
Scale Mean if
Variance if
Item-Total
Alpha if Item
Item Deleted
Item Deleted Correlation
Deleted
v3
56.2162
33.882
.448
.567
v14
56.0355
35.219
.401
.579
v28
55.8378
35.872
.356
.586
v30
55.8007
36.322
.340
.589
v37
56.4645
34.811
.352
.583
v12
57.9003
37.863
.124
.618
v21
56.4628
37.511
.121
.621
v25
55.9949
35.508
.402
.580
v34
56.2551
37.101
.297
.596
v24
55.6740
37.668
.216
.605
v26
55.7652
36.552
.337
.590
v42
55.9122
36.013
.364
.586
v17
57.6537
39.553
.001
.635
v27
57.0693
38.515
.051
.632
v29
58.4966
40.775
-.080
.634
v7
57.1149
38.115
.103
.622
v18
57.5372
37.816
.109
.622
v41
56.6030
36.619
.218
.604

4.2.3 Emergent Model

Using exploratory factor analysis, five viable factors were extracted from the data (Tables
4.1 and 4.2). The items in each factor are listed in Table 4.3 These factors were refined based on
Cronbach’s alpha values for each factor. This involved deletion of items that contributed to the
violation of reliability rules or had a detrimental effect on the internal consistency of the factor.
Table 4.13 outlines the model that emerged from the above exploratory factor analysis and
reliability analysis. We will call this Model 1.
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Table 4.13: Emergent factor model and items. Model 1.
Factor
Items
Factor 1
3. I think about the physics I experience in everyday life.
14. I study physics to learn knowledge that will be useful in my life outside of
school.
28. Learning physics changes my ideas about how the world works.
30. Reasoning skills used to understand physics can be helpful to me in my
everyday life.
37. To understand physics, I sometimes think about my personal experiences and
relate them to the topic being analyzed.
Factor 2
12. I cannot learn physics if the teacher does not explain things well in class.
21. If I don't remember a particular equation needed to solve a problem on an
exam, there's nothing much I can do (legally!) to come up with it.
25. I enjoy solving physics problems.
34. I can usually figure out a way to solve physics problems.
Factor 3
24. In physics, it is important for me to make sense out of formulas before I can
use them correctly.
25. I enjoy solving physics problems.
26. In physics, mathematical formulas express meaningful relationships among
measurable quantities.
42. When studying physics, I relate the important information to what I already
know rather than just memorizing it the way it is presented.
Factor 4
17. Understanding physics basically means being able to recall something you've
read or been shown.
27. It is important for the government to approve new scientific ideas before they
can be widely accepted.
29. To learn physics, I only need to memorize solutions to sample problems.
Factor 5
7. As physicists learn more, most physics ideas we use today are likely to be
proven wrong.
18. There could be two different correct values to a physics problem if I use two
different approaches.
41. It is possible for physicists to carefully perform the same experiment and get
two very different results that are both correct.
Control
31. We use this question to discard the survey of people who are not reading the
Item
statements. Please select agree - option 4 (not strongly agree) to preserve your
answers.

In the next section, the fit of Model 1 is tested in three other courses. Four alternative
models, Models 2, 3, 4, and 5, evolve based on the confirmatory factor analysis output.
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4.3

Testing the Emergent Model

In order to test the generalizability of the emergent factor model (Table 4.13) in courses
outside the 2011 engineering course, confirmatory factor analysis was used to evaluate model fit
in three other courses. These courses included the previous year’s introductory engineering
physics course, 2010, as well as two years of the introductory physics course for science
students, 2013 and 101 (Table 3.2).
As a reminder, the second engineering course (from 2010) was used for the first test of the
emergent model, due to the assumed similarities between the 2010 and 2011 cohorts. The 2013
calculus-based course was tested next, followed by the 2012 calculus-based course. When
changes were made to the model based on the model fit for one course, the new model was
checked for the other two courses.
Model 1 is the five-factor model outlined in Table 4.13, which emerged from exploratory
factor analysis and reliability tests. Analysis of Model 1 in each course necessitated the removal
of item 7, which loaded very weakly (below .300) to Factor 5. A good factor has at least three
items, and as a result Factor 5 was removed, resulting in the four-factor Model 2. Examination of
the modification indices and standardized residual matrix for the fit of Model 2 in each of the
courses suggested that item 21 might cross load on Factors 2 and 4. Model 3 takes into account
this modification, and Factor 5 remains absent. Model 4 maintains the structure of Model 3, with
two additions: item 27 now cross loads on Factor 3 and Factor 4, and item 30 now cross loads on
Factor 1 and Factor 4. In a quest to find a simple factor structure underlying the data, I returned
to the fit of Model 2, which suggested also removing Factor 4 because item 27 loaded weakly
(below .300). In addition, modification indices of the previous analyses in each course suggested
correlating the error covariances for items 3 and 37. This decision is supported by the items,
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which are similar statements (item 3: I think about the physics I experience in everyday life, and
item 37: To understand physics I sometimes think about my personal experiences and relate them
to the topic being analyzed). This three-factor model is Model 5.
The model fit indices for each model are seen in Tables 4.14, 4.15, 4.16, 4.17, and 4.18.
Here the Engineering course is referred to as “Eng” and the Calculus-Based course as “CB”. The
progression of the goodness-of-fit indices for each iteration in each course can be seen in Tables
4.19, 4.20, and 4.21. Moving through the five models, it is clear that the models improve at each
stage. For each iteration of the emergent model, the fit is best for the engineering course. This is
to be expected, as fewer differences exist between students in two years of the same course than
between the students in two different courses.
Table 4.14: Goodness-of-fit indices for Model 1
Index
Eng –2010
2
217.821**
χ
124
df
.0460
SRMR
.926
CFI
.036
RMSEA
(.028, .043)
(90% CI)
**p<0.005

CB –2012
385.884**
124
.0502
.881
.053
(.047, .059)

CB – 2013
338.002**
124
.0505
.897
.052
(.045, .058)

Table 4.15: Goodness-of-fit indices for Model 2
Index
Eng –2010
2
167.129**
χ
83
df
.0478
SRMR
.927
CFI
.041
RMSEA
(.032, .050)
(90% CI)
**p<0.005

CB –2012
306.239**
83
.0490
.892
.060
(.052, .067)

CB – 2013
253.650**
83
.0499
.913
.056
(.049, .064)
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Table 4.16: Goodness-of-fit indices for Model 3
Index
Eng –2010
166.873**
χ2
82
df
.0477
RMR
.926
CFI
.042
RMSEA
(.032, .051)
(90% CI)
**p<0.005

CB –2012
254.807**
82
.0429
.916
.053
(.045, .060)

CB – 2013
220.813**
82
.0456
.929
.051
(.043, .059)

Table 4.17: Goodness-of-fit indices for Model 4
Index
Eng –2010
141.715**
χ2
79
df
.0409
RMR
.946
CFI
.036
RMSEA
(.027, .046)
(90% CI)
**p<0.005

CB –2012
204.401**
79
.0390
.939
.046
(.038, .053)

CB – 2013
167.630**
79
.0368
.955
.042
(.033, .050)

Table 4.18: Goodness-of-fit indices for Model 5
Index
Eng –2010
90.478**
χ2
49
df
.0379
RMR
.959
CFI
.038
RMSEA
(.025, .050)
(90% CI)
**p<0.005

CB –2012
144.752**
49
.0379
.947
.051
(.041, .060)

CB – 2013
138.667**
49
.0388
.948
.053
(.043, .064)

Table 4.19: Confirmatory factor analysis results for Engineering – 2010. N = 601.
Index
Model 1
Model 2
Model 3
Model 4
Model 5
2
217.821**
167.129**
166.873**
141.715**
90.478**
χ
124
83
82
79
49
df
.0460
.0478
.0477
.036
.0379
RMR
.926
.927
.926
.946
.959
CFI
.036
.041
.042
.036
.038
RMSEA
(.028, .043)
(.032, .050)
(.032, .051)
(.027, .046)
(.025, .050)
(90% CI)
**p<0.005
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Table 4.20: Confirmatory factor analysis results for Calculus-Based – 2012 (N = 760)
Index
Model 1
Model 2
Model 3
Model 4
Model 5
385.884**
306.239**
254.807**
204.401**
144.752**
χ2
124
83
82
79
49
df
.0502
.0490
.0429
.0390
.03779
RMR
.881
.892
.916
.939
.947
CFI
.053
.060
.053
.046
.051
RMSEA
(.047, .059)
(.052, .067)
(.045, .060)
(.038, .053)
(.041, .060)
(90% CI)
**p<0.005
Table 4.21: Confirmatory factor analysis results for Calculus-Based – 2013 (N = 647)
Index
Model 1
Model 2
Model 3
Model 4
Model 5
338.002**
253.650**
220.813**
167.630**
138.667**
χ2
124
83
82
79
49
df
.0505
.0499
.0456
.0368
.0388
RMR
.897
.913
.929
.955
.948
CFI
.052
.056
.051
.042
.053
RMSEA
(.045,
.058)
(.049,
.064)
(.043,
.059)
(.033,
.050)
(.043, .064)
(90% CI)
**p<0.005

Although the fit is acceptable in all courses for Model 4, Model 5 provides a better fit in
each course. For this reason, Model 5, with three factors, has been confirmed as the revalidated
model underlying the CLASS instrument from this analysis.

4.4

Revalidated Model

Table 4.22 outlines the revalidated three-factor model confirmed by this work (Model 5).
Table 4.23 includes the factors, which were extracted from the data, but were subsequently
removed based on the outcome of the confirmatory factor analysis. Table 4.24 contains the
items, which were removed from the survey tool following exploratory factor analysis.
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Table 4.22: Revalidated factor model underlying the CLASS instrument, as confirmed by this
research.
Factor
Items
Factor 1
3 I think about the physics I experience in everyday life.
Awareness of 14 I study physics to learn knowledge that will be useful in my life outside of
Real World
school.
Connections
28 Learning physics changes my ideas about how the world works.
30 Reasoning skills used to understand physics can be helpful to me in my
everyday life.
37 To understand physics, I sometimes think about my personal experiences
and relate them to the topic being analyzed.
Factor 2
12 I cannot learn physics if the teacher does not explain things well in class.
Self-Efficacy 21 If I don't remember a particular equation needed to solve a problem on an
exam, there's nothing much I can do (legally!) to come up with it.
25 I enjoy solving physics problems.
34 I can usually figure out a way to solve physics problems.
Factor 3
24 In physics, it is important for me to make sense out of formulas before I
Constructive
can use them correctly.
Connectivity
25 I enjoy solving physics problems.
26 In physics, mathematical formulas express meaningful relationships among
measurable quantities.
42 When studying physics, I relate the important information to what I already
know rather than just memorizing it the way it is presented.
Control Item
31 We use this question to discard the survey of people who are not reading
the statements. Please select agree - option 4 (not strongly agree) to
preserve your answers.

Table 4.23: Factors that were found and subsequently removed from the emergent Model 1
during this research.
Factor
Items
Factor 4 17 Understanding physics basically means being able to recall something you've
read or been shown.
27 It is important for the government to approve new scientific ideas before they
can be widely accepted.
29 To learn physics, I only need to memorize solutions to sample problems.
Factor 5 7
As physicists learn more, most physics ideas we use today are likely to be
proven wrong.
18 There could be two different correct values to a physics problem if I use two
different approaches.
41 It is possible for physicists to carefully perform the same experiment and get two
very different results that are both correct.

83

Table 4.24: The 16 items that were removed from the scale. Bolded items were initially part of a
factor, but were subsequently removed.
Removed Items
1
A significant problem in learning physics is being able to memorize all the information I
need to know.
2
When I am solving a physics problem, I try to decide what would be a reasonable value
for the answer.
4
It is useful for me to do lots and lots of problems when learning physics.
After I study a topic in physics and feel that I understand it, I have difficulty solving
5
problems on the same topic.
6
Knowledge in physics consists of many disconnected topics.
8
When I solve a physics problem, I locate an equation that uses the variables given in the
problem and plug in the values.
9
I find that reading the text in detail is a good way for me to learn physics.
10
There is usually only one correct approach to solving a physics problem.
11
I am not satisfied until I understand why something works the way it does.
13
I do not expect physics equations to help my understanding of the ideas; they are just for
doing calculations.
15
If I get stuck on a physics problem on my first try, I usually try to figure out a different
way that works.
16
Nearly everyone is capable of understanding physics if they work at it.
19
To understand physics I discuss it with friends and other students.
20
I do not spend more than five minutes stuck on a physics problem before giving up or
seeking help from someone else.
22
If I want to apply a method used for solving one physics problem to another problem, the
problems must involve very similar situations.
23
In doing a physics problem, if my calculation gives a result very different from what I'd
expect, I'd trust the calculation rather than going back through the problem.
Spending a lot of time understanding where formulas come from is a waste of time.
32
33
I find carefully analyzing only a few problems in detail is a good way for me to learn
physics.
The subject of physics has little relation to what I experience in the real world.
35
36
There are times I solve a physics problem more than one way to help my understanding.
38
It is possible to explain physics ideas without mathematical formulas.
39
When I solve a physics problem, I explicitly think about which physics ideas apply to the
problem.
If I get stuck on a physics problem, there is no chance I'll figure it out on my own.
40
4.5

Results Summary

The analysis of quantitative data in the preceding sections explored the relationships
between the items of the CLASS survey. A five-factor model emerged from this analysis, and
three of these factors are included in the revalidated model. The three revalidated factors are
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labelled: ‘Awareness of Real World Connections’, ‘Self-Efficacy’, and ‘Constructive
Connectivity’. In the following sections I will further discuss the value of these factors, and the
possible implications for the development of theory, research, and curriculum. First, I will
discuss the revalidated factors, confirmed through confirmatory factor analysis, that underlie
students’ attitudes and beliefs about physics before entering an introductory physics course.
Second, possible implications for instruction and curricular design will be suggested.
Suggestions for improving the robustness of this revalidated model will also be discussed.

4.6

Factors

The first factor (Table 4.25) contains items which focus on the relationship between
classroom learning and “real-world” experiences. It is interesting to note that the items are not
unidirectional, and focus on making connections both from the classroom to the outside world
and from the outside world to the classroom. In determining a label for this first factor, the goal
was to describe how students think about the dual directionality of these connections.
‘Awareness of Real World Connections’ is the label applied to the construct being measured by
this factor. In order to respond favourably to the items (based on the current CLASS scoring
scheme (Adams et al., 2006)) a student must have some awareness of how classroom learning
and the real world are connected. In other words, their attitudes and beliefs are in part shaped by
how aware the individual is about connections between what they learn and the real world.
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Table 4.25: The first factor in the revalidated model.
Factor Title
Items
Awareness of 3
Real World
14
Connections
28
30
37

I think about the physics I experience in everyday life.
I study physics to learn knowledge that will be useful in my life outside of
school.
Learning physics changes my ideas about how the world works.
Reasoning skills used to understand physics can be helpful to me in my
everyday life.
To understand physics, I sometimes think about my personal experiences
and relate them to the topic being analyzed.

The second factor (Table 4.26) is more difficult to describe. The items suggests the factor
probes self-efficacy, self-confidence, problem solving confidence, persistence, or how the
student views themselves in relation to physics learning. Based on how self-efficacy has been
operationalized in this work, the label is given to this factor. Self-efficacy is a measure of how
confident a student is in their ability to reach a desired outcome (Bandura, 1977; “Self-Efficacy,”
2010), which is reflected in the four items of Factor 2. Self-efficacy also informs the amount of
effort a student is willing to invest in a particular task in order to be successful. A high level of
self-efficacy indicates a student is more likely to persist through challenging tasks.
Table 4.26: Second factor in the revalidated model
Factor Title
Items
Self-Efficacy 12 I cannot learn physics if the teacher does not explain things well in class.
21 If I don't remember a particular equation needed to solve a problem on an
exam, there's nothing much I can do (legally!) to come up with it.
25 I enjoy solving physics problems.
34 I can usually figure out a way to solve physics problems.

The third factor (Table 4.27) focuses more evidently on the skills needed to make sense
of new physics knowledge. The original CLASS category ‘Problem Solving General’ included
items 25, 26, and 42, while items 24 and 42 were part of the ‘Sense Making/Effort’ category.
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These items were interpreted to probe the processes students use to make sense of their learning,
and connect concepts together. The ability to construct an understanding of the connections that
exist between various concepts is an indicator of a scientifically literate individual (Hodson,
1998, p. 3). Following the language used by Thomas, Anderson, and Nashon, (2008), the third
factor is labeled ‘Constructive Connectivity’.
Table 4.27: Third factor in the revalidated model
Factor Title
Items
Constructive
24
In physics, it is important for me to make sense out of formulas before I
Connectivity
can use them correctly.
25
I enjoy solving physics problems.
26
In physics, mathematical formulas express meaningful relationships
among measurable quantities.
42
When studying physics, I relate the important information to what I
already know rather than just memorizing it the way it is presented.
These three factors measure distinct yet connected aspects of students’ attitudes about
physics. In the following section I describe potential implications of these factors for future use
of the CLASS instrument, as well as the development of theory, pursuit of research, and
curricular design.

4.7

A revalidated CLASS

This research identifies the fluid nature of the factors and factor structures underlying
different groups of students’ attitudes and beliefs about physics as measured by the CLASS
(Table 4.22). This investigation was prompted by the inability to reproduce the existence of the
eight published factors of the CLASS (Adams et al., 2006) through confirmatory factor analysis
of data collected in this population. Five factors emerged from this process, and the three factors
underlying students’ attitudes and beliefs towards physics in this population are included in the
revalidated model. In the future, researchers with an interest in using the CLASS should be
87

conscious of the validity of the instrument in their population. In addition, the extent to which
students’ scores are extrapolated should be approached with caution. This study does not
investigate the full implications of scores collected using the CLASS. The interpretive argument
of the CLASS is currently incomplete, and CLASS scores have been interpreted in a number of
different lenses (e.g. Otero & Gray, 2008; Perkins et al., 2005; Slaughter et al., 2011) . In order
to continue to improve the validity of the CLASS instrument, it is important to develop every
aspect of the interpretive argument surrounding the interpretation and use of the test scores.
Suggestions for further improvement of the validity of the instrument will be made in the final
chapter of this thesis.

4.8

Potential Implications of the Revalidated Model
The three factors that emerged from and were confirmed in this research (‘Awareness of

Real World Connections’, ‘Self-Efficacy’, and ‘Constructive Connectivity’) propose a means of
examining three facets of students’ attitudes and beliefs about physics. These have the potential
to impact theory, course design, and research in relation to students’ attitudes and beliefs about
physics. These implications do not exist in isolation. Theory informs course design, pedagogical
decisions, and research projects. Research projects can impact aspects of course design, both as a
part of or as a result of research. As a result of research, theory can be augmented, altered, or
abandoned. The following is a discussion of possible implications within each domain, supported
by suggestions for overlap with the other two. It should be noted that these are merely
suggestions, and rely heavily on the need to improve the validity of the CLASS instrument.
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4.8.1 Theory
Previous development of instruments to measure students’ attitudes towards physics has
chosen to identify items and dimensions of attitudes largely based on the researchers’ choice and
experience (Adams et al., 2006; Elby, 2001; Redish et al., 1998; Yerdelen-Damar et al., 2012).
Developing a stronger theoretical foundation for the study of students’ attitudes about physics
will assist the pursuit of research in a variety of issues central to physics education research. In
particular, the development of valid, quantitative survey tools relies heavily on clearly defined
theories. To date, the majority of the available quantitative instruments designed to measures
students’ attitudes and beliefs have a weak foundation in theory. This study suggests a possible
theoretical structure underlying students’ attitudes towards physics before beginning an
introductory, undergraduate physics course. In order to further develop this theory, more
research is needed to investigate the prevalence of this theory across populations. This structure
could inform course design, and the impact of these pedagogical decisions can be determined
through a well thought-out research project.
The three factors in the revalidated model research measure different, yet related, aspects
of students’ attitudes about learning physics. An individual with a high self-efficacy will put
more effort into constructing their own understanding of physics knowledge. Having a deep
conceptual understanding of physics concepts suggests a strong awareness of how physics is
present in real world situations. This awareness could then influence how an individual creates
connections between physics concepts. There is need for a more thorough understanding of how
these three factors are related. This understanding then has the potential to influence how
introductory physics courses are designed and inform research projects aimed at examining both
how these factors manifest and how they are impacted by pedagogical decisions.
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Finally, it is necessary to further understand how attitudes are developed and shaped in
particular contexts. Research projects aimed at developing a deeper awareness of the factors that
influence students’ attitudes towards physics, both positively and negatively, will add to the
physics education literature.

4.8.2 Research

As described above, valuable research requires a strong theoretical foundation. However,
to fully understand the connection between students’ attitudes about physics, achievement,
persistence, and learning gains, more research is needed in this area. As previously discussed, the
relationship between theory, course design, and research is not unidirectional. Further research
will help develop and inform a strong theory underlying the dimensions of students’ attitudes
about physics and learning physics.
To better understand how attitudes towards physics are shaped, more research is needed
on several fronts. It is crucial to have valid and reliable instruments that measure students’
attitudes, which requires more research evidence examining the validity of these instruments,
including the CLASS. This could involve a re-examination of the items not included in the
revalidated three-factor structure that emerged from and was confirmed by this research. The
stability of the factors over time deserves scrutiny as well. This research focuses solely on
students’ attitudes towards physics at the outset of an introductory course, at the very beginning
of their undergraduate career. To extend the applicability and implications of the revalidated
factors in this study, it is necessary to investigate the factors that underlie students’ attitudes as
they move through an undergraduate program. This includes pre- and post- instruction for all
years of study.
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Developing a deeper understanding of how attitudes about physics impact students, as
well as how these attitudes are shaped, has the ability to inform curriculum development at all
levels of undergraduate education. In order to have adequate reason to make these adjustments,
understanding the factors that influence attitudes over time is vital. These factors could include
instructional methods and learning experiences, as well as the type and amount of feedback
provided by the instructor. Additionally, the relationship between attitudes and student success or
persistence is not clear. This is due in part to the complex nature of the persistence puzzle
(Adeyemi, 2010; Chen & Weko, 2009; Goulden, Mason, & Frasch, 2011; Sawtelle et al., 2012;
Seymour & Hewitt, 1997). Further investigation of the connection between students’ attitudes
and these other factors would add significantly to the understanding of why students succeed and
persist.

4.8.3 Curriculum Development

As a group, these factors have the potential to suggest interesting curricular decisions in
introductory physics courses. Understanding how attitudes towards physics are shaped will
inform the need for specific focus on the development of these attitudes, along with physics
knowledge at all levels of undergraduate education It should be noted, however, that the
following are merely suggestions based upon the statistical analysis conducted in this study and
research studies conducted with the original CLASS survey. Given that the current study calls
into question the validity and reliability of the original survey structure and subsequent scoring
system, these results are taken with trepidation, and serve as a guide, rather than a rule, for
implementation and investigation. The development of a second version of the Maryland Physics
Expectations survey (MPEX2) suggested focusing on the item clusters as broad instructional
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goals (McCaskey, 2009). This discussion adopts a similar mentality, although it is believed that
with further validation work the psychometric value of measurements obtained using the CLASS
instrument could be improved.
Previous research has suggested increases in students’ overall attitudes can occur when
courses are designed to provide students with authentic physics-related experiences (Redish &
Hammer, 2009). This literature, combined with the existence here of a factor probing how
students connect classroom learning to the real-world suggests that this experience is an active
participant in developing expert-like attitudes towards physics. Current examples of these
experiences include Modeling Instruction (Brewe et al., 2009, 2013; Hart, 2008; Hestenes, 1987)
and inquiry-based pedagogies (Lindsey et al., 2012; Otero & Gray, 2008). These studies also
suggest maintaining smaller class sizes for a variety of reasons. Science labs are often composed
of smaller communities, in which collaboration is encouraged. The large classes seen in many
introductory physics courses tend to turn into information pipelines, with the instructor
transmitting information with the assumption that students will incorporate it into their
understanding. Smaller class sizes allow instructors to spend more time with students, helping
the individual develop their own understanding and skills.
Another example would be providing more students with the opportunity to conduct their
own research as part of a capstone project. Involving students directly in the process of
developing and conducting a research project enables students to experience firsthand how
science exists outside of the classroom. Providing students with authentic experiences can help
them understand how physics learning can connect to the world outside of the classroom. In turn,
this understanding can improve how students interpret the connections between physics
concepts.
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Turning the discussion to the dual-directionality seen in the items of the ‘Real World
Connection’ factor, instructors should consider how students connect classroom learning to realworld experiences, and how real-world experiences impact student learning. Providing authentic
experiences to students can facilitate these connections. Possible avenues could include having
students examine real-world phenomena (rainbows, planetary orbits, and echolocation) and
describe the physics involved. Going in the opposite direction, students could be asked to
consider the number of ways physical concepts are manifested in their daily lives. Both activities
require students to think at a deeper level about how physics can be valuable outside of the
classroom. These skills are also invaluable in making sense of problem solving and experimental
results, which in turn help students build relevant skills
In this structure, the ‘Self-Efficacy’ factor could be interpreted as an indication of how
willing a student is to struggle with physics content. As previously discussed, self-efficacy is a
measure of how confident a student is in their ability to successfully use the skills at their
disposal (Bandura, 1986, p. 391). This factor supports pedagogical decisions designed to help
students develop problem solving skills and the ability to construct knowledge with limited
assistance from the instructor. Research has shown that students’ problem solving skills evolve
over the course of instruction (Ogilvie, 2009). Providing specific opportunities for students to
experience and practice struggling with authentic problems could help students develop a deep
conceptual understanding of how physics concepts are related, while gaining confidence in their
ability to confront unknown situations.
The presence of a factor probing how students tend to construct their knowledge suggests
an investigation into how students develop understandings of physics concepts and developing
methods to support students in this construction. A basic constructivist tenet of physics education
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research is the focus on the knowledge students bring to instruction (McCaskey, 2009).
Interpreting how students construct understandings of new information can provide instructors
with valuable insight into how to best offer educational support. High scores (maintaining the
current CLASS expert scoring system) indicate students approach knowledge integration in an
expert-like manner and require less support. Lower expert-like scores suggest students need a
deeper level of support in building connections between concepts, formulas, and contexts.
In order to have a lasting impact on students’ attitudes towards physics, these efforts
should be imbedded in the curriculum at all years of study, from first year through graduate
studies. In many institutions, introductory courses boast a variety of reformed instructional
methods, with upper-year courses tending more towards a more traditional approach. Slaughter,
Bates, and Galloway, (2012) found that students’ attitudes remained relatively stagnant as they
moved from first to third year when instruction turned increasingly to more traditional methods.
Further research is required to examine the impacts of alternative teaching methods at all levels
of undergraduate education, as well as how attitudes are shaped as students move through a
degree program.

4.9

Discussion Summary
In this study, five factors underlying students’ attitudes students’ attitudes at the outset of

an introductory physics course for engineers emerged from statistical analysis (Table 4.3). Three
of these factors were confirmed in a second set of data from the same course, as well as two
years of an introductory, calculus-based physics course for science students (Table 4.22
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Table 4.22). These factors are ‘Awareness of Real World Connections’ (Table 4.25), ‘SelfEfficacy’ (Table 4.26), and ‘Constructive Connectivity’ (Table 4.27). Implications of these
factors include furthering theoretical understandings of how students’ attitudes change and are
shaped, researching the factors that influence attitude change, and altering curriculum to focus on
increasing students’ attitudes towards physics.
In the next and final chapter of this thesis, I present a summary of the research project and
findings. I also answer the research questions and suggest areas of future research.
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5
5.1

Conclusions

Summary

Physics education researchers have turned to attitude surveys to provide insight into
what attitudes and beliefs students enter instruction with, and how these shift over the course
of instruction (Adams et al., 2006; Elby, 2001; Halloun, 1997; Redish et al., 1998). This
study aimed to add to the validity evidence surrounding the CLASS, a popular physics
attitudes survey, by answering the following research questions:
1. What are the factors underlying undergraduate students’ attitudes and beliefs about
physics prior to participating in an introductory physics course?
2. What might the implications of these factors be on course design and consequent
student physics learning?
The study followed a quantitative design and relied on statistical analysis of data
collected from first year engineering (n = 1193) and science students (n = 1407) at a large
research university using the CLASS. Statistical analysis of the collected data did not support
the existence of the eight categories of the published CLASS (Adams et al., 2006). Instead,
the analysis indicated the existence of five factors, and confirmed three, underlying students’
attitudes and beliefs about physics as measured by the CLASS. These three factors are
labelled ‘Awareness of Real World Connections’, ‘Self-Efficacy’, and ‘Constructive
Connectivity’. Interpretation of the three revalidated factors, supported by the metacognitive
theories that guided this research, informed suggestions for implications to theory, research,
and curriculum.
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5.2

Conclusions: Answering the Research Questions

5.2.1 Question 1: What are the factors underlying undergraduate students’ attitudes
and beliefs about physics prior to participating in an introductory physics
course?

The analysis of quantitative data in the preceding sections explored the relationships
between the items of the CLASS survey in order to suggest an alternate framework that
would be valid in the study population. Through exploratory factor analysis, five factors
emerged as underlying students’ attitudes towards physics before undergraduate instruction.
Three of these factors were confirmed across multiple data sets using confirmatory factor
analysis. The three revalidated factors are: ‘Awareness of Real World Connections’; ‘SelfEfficacy’; and ‘Constructive Connectivity’. The first factor probes how students connect
classroom learning to the real world and how students connect real world learning to the
classroom. The second factor identifies how confident a student is in their ability to learn
physics and tackle problems in their learning. The third factor examines the extent to which
students construct their own understanding of the information available to them.

5.2.2 Question 2: What might the implications of these factors be on course design and
consequent student physics learning?

The existence of these three factors across two courses over a four year period has
several implications for the development of theory, research projects, and curriculum. This
was previously explored in Section 4.8 of the Results and Discussion chapter. Space exists to
further develop the theory surrounding students’ attitudes and beliefs about physics and
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learning physics using the factor structure found in this study as a guide. This can be
accomplished through research projects designed to investigate how attitudes are shaped and
the factors that influence these changes. In turn, well-developed theory and a desire to
conduct further research can inform a well-rounded curriculum designed to have a positive
impact on students’ attitudes about physics at all levels of instruction. In order to continue
using the CLASS as a research tool, it is suggested that more evidence be collected in
support of the validity of the tool.

5.3

Future Research

The findings in this study support the need for further examination of the factors that
underlie students’ attitudes and beliefs about learning physics. It is always recommended to
add whatever evidence possible to the validity argument for or against an instrument
(Heredia & Lewis, 2012). For example, the factor model of the current published version of
the CLASS identifies eight factors (Adams et al., 2006), while the revalidated model in this
research contains three. Five factors emerged from exploratory factor analysis, and it is
possible that a different subset of these factors could exist in different populations. The
CLASS was developed to be applicable across a broad range of populations, contexts, and
levels of undergraduate study. To increase the validity of the revalidated factors in this study,
it is recommended that additional data be collected from this population and others to
examine the stability of these factors across contexts.
Also of interest is the stability of these factors in the same group of students over the
course of instruction. The CLASS was designed for use pre- and post- instruction (Adams et
al., 2006). In this work, I discuss students’ attitudes at the outset of a course, before
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instruction. To continue the use of the CLASS as a measure of shifts in students’ attitudes
over the course of instruction, the existence of the three revalidated factors should be
investigated in students’ data post-instruction. Additionally, to extrapolate from changes in
attitude scores to changes in other variables, such as achievement, persistence, or the
effectiveness of an intervention, further research is required to examine the nature of the
relationships among these elements.
The CLASS was designed to be valid and reliable across all areas of physics and at all
years of study (Adams et al., 2006). This research reports on the factor structure in two
introductory physics courses: a course for engineering students; and a calculus-based course
for science majors. Further evidence is required to support the use of this factor model in
courses beyond the first year of instruction. To increase the validity of this model outside of
this population, further analysis should be conducted at other institutions.
The current, published version of the CLASS contains 42 items. Ten of these items do
not belong to any of the eight categories, while six are unscored and do not impact the overall
score. In this study, only 13 of the original 42 items were retained in the revalidated factor
model. The remaining items should be examined and re-evaluated for their value to the
current instrument. It is possible that with some alterations, the items could be valuable
additions to the three-factor model provided here.
Finally, the implications of students’ scores on the CLASS should be investigated.
The interpretive argument of the CLASS is currently unclear as to how students’ scores can
be generalized and extrapolated. Furthering this understanding will increase the validity of
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the instrument and the breadth and strength of research into students’ attitudes and beliefs
about physics.
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Appendices

Appendix A: The CLASS

1. A significant problem in learning physics is being able to memorize all the information I
need to know.
2. When I am solving a physics problem, I try to decide what would be a reasonable value
for the answer.
3. I think about the physics I experience in everyday life.
4. It is useful for me to do lots and lots of problems when learning physics.
5. After I study a topic in physics and feel that I understand it, I have difficulty solving
problems on the same topic.
6. Knowledge in physics consists of many disconnected topics.
*7. As physicists learn more, most physics ideas we use today are likely to be proven
wrong.
8. When I solve a physics problem, I locate an equation that uses the variables given in the
problem and plug in the values.
9. I find that reading the text in detail is a good way for me to learn physics.
10. There is usually only one correct approach to solving a physics problem.
11. I am not satisfied until I understand why something works the way it does.
12. I cannot learn physics if the teacher does not explain things well in class.
13. I do not expect physics equations to help my understanding of the ideas; they are just
for doing calculations.
14. I study physics to learn knowledge that will be useful in my life outside of school.
15. If I get stuck on a physics problem on my first try, I usually try to figure out a different
way that works.
16. Nearly everyone is capable of understanding physics if they work at it.
17. Understanding physics basically means being able to recall something you've read or
been shown.
18. There could be two different correct values to a physics problem if I use two different
approaches.
19. To understand physics I discuss it with friends and other students.
20. I do not spend more than five minutes stuck on a physics problem before giving up or
seeking help from someone else.
21. If I don't remember a particular equation needed to solve a problem on an exam, there's
nothing much I can do (legally!) to come up with it.
22. If I want to apply a method used for solving one physics problem to another problem,
the problems must involve very similar situations.
23. In doing a physics problem, if my calculation gives a result very different from what I'd
expect, I'd trust the calculation rather than going back through the problem.
24. In physics, it is important for me to make sense out of formulas before I can use them
correctly.
25. I enjoy solving physics problems.
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26. In physics, mathematical formulas express meaningful relationships among measurable
quantities.
27. It is important for the government to approve new scientific ideas before they can be
widely accepted.
28. Learning physics changes my ideas about how the world works.
29. To learn physics, I only need to memorize solutions to sample problems.
30. Reasoning skills used to understand physics can be helpful to me in my everyday life.
31. We use this question to discard the survey of people who are not reading the statements.
Please select agree - option 4 (not strongly agree) to preserve your answers.
32. Spending a lot of time understanding where formulas come from is a waste of time.
33. I find carefully analyzing only a few problems in detail is a good way for me to learn
physics.
34. I can usually figure out a way to solve physics problems.
35. The subject of physics has little relation to what I experience in the real world.
36. There are times I solve a physics problem more than one way to help my understanding.
37. To understand physics, I sometimes think about my personal experiences and relate
them to the topic being analyzed.
38. It is possible to explain physics ideas without mathematical formulas.
39. When I solve a physics problem, I explicitly think about which physics ideas apply to
the problem.
40. If I get stuck on a physics problem, there is no chance I'll figure it out on my own.
*41. It is possible for physicists to carefully perform the same experiment a
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Appendix B: Pattern and structure matrices when seven factors are extracted from all
41 items of the survey
Table B-1: Pattern Matrix
Factor
4

Item
1
2
3
v3
.618
v14
.586
v35
-.553
v37
.532
v30
.507
v28
.469
v11
-.324
v16
v26
v12
-.656
v40
.588
v5
.587
v1
.460
v20
-.440
v34
-.368
v25
-.310
v6
.309
v8
.278
v27
.440
v4
.437
v9
.363
v17
.331
v22
.302
v24
.693
v29
-.357
v32
-.317
v10
v2
v21
-.294
v19
v38
v23
v15
v36
v41
v18
v7
v13
v33
v42
v39
Extraction Method: Maximum Likelihood.
Rotation Method: Promax with Kaiser Normalization.a
a. Rotation converged in 10 iterations.

5

6

7

.293

.362

.432
.373
.349
.331
-.325

.619
.519
.302
.315
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Table B-2: Structure Matrix
Factor
Item
1
2
3
4
v3
.620
-.309
v14
.554
v35
-.543
.419
v30
.529
.306
v28
.503
v37
.491
v11
-.410
-.326
v42
.397
.328
v26
.389
-.317
.325
v16
.298
v40
-.288
.616
v5
.560
.292
v34
.302
-.549
v25
.446
-.490
.388
v21
-.489
.361
v12
-.450
v6
.393
v20
-.388
v1
.385
v13
-.322
v27
.471
v4
.422
v17
.416
v22
.316
.333
v9
.307
v8
v24
.574
v32
-.354
.393
-.456
v29
-.401
v10
-.294
v15
.284
v2
v36
.291
v23
v19
v38
v41
v18
v7
v33
v39
Extraction Method: Maximum Likelihood.
Rotation Method: Promax with Kaiser Normalization.

5

6

7

.352
.300
.285
.288

.341
.326
-.488
.498
.446
.476

.400

.316

.291

-.294

.376
.329
.326
-.307
.278
.568
.509
.282
.299
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Appendix C: Pattern and structure matrices for seven extracted factors after removing
item 33 from the data.
Table C-1: Pattern Matrix
Factor
Items
1
2
3
4
v3
.605
v14
.559
v37
.518
v35
-.517
.312
v30
.492
v28
.444
v11
-.316
v16
v39
v12
-.527
v5
.503
v1
.498
v20
-.495
v40
.488
v6
.372
v32
.334
v8
.291
v25
v10
v27
.439
v4
.425
v9
.357
v17
.324
v22
.285
v36
v34
.700
v42
.281
v26
v41
v18
v7
v13
v38
v21
-.381
v19
v2
v23
v15
v24
v29
Extraction Method: Maximum Likelihood.
Rotation Method: Promax with Kaiser Normalization.
a. Rotation converged in 14 iterations.

5

6

7

-.286

.629
.517
.302
.391
.381
.344
.339
-.309
.635
-.336
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Table C-2: Structure Matrix
Factor
Items
1
2
3
4
v3
.631
.352
v14
.556
v30
.529
v35
-.520
.437
v37
.502
v28
.500
v42
.411
.363
v11
-.406
v26
.394
.387
v16
.287
v39
v40
.566
-.465
v5
.539
-.318
v21
-.529
v6
.431
v20
-.429
v1
.422
v12
-.409
.284
v22
.343
v13
-.294
v10
.280
v8
v27
.458
v4
.409
v17
.333
.390
v9
.308
v34
.306
-.398
.698
v25
.428
-.434
.452
v41
v18
v7
v38
v23
v15
v36
.281
v19
v2
v24
v32
-.322
.416
v29
.287
Extraction Method: Maximum Likelihood.
Rotation Method: Promax with Kaiser Normalization.

5

6

7

.299

.388
-.333
.380

-.396
.523

.287

.333

.408

.575
.503
.346
-.342
.328
.306
.305
.288
-.294

.584
-.427
-.364

121

Appendix D: Pattern and structure matrices for six extracted factors after removing
item 33 from the data
Table D-1: Pattern Matrix
Factor
Items
1
2
3
4
v3
.605
v14
.569
v35
-.538
.285
v37
.529
v30
.502
v28
.443
v11
-.305
v38
v40
.586
v5
.546
v21
-.524
v20
-.470
v12
-.417
v1
.414
v6
.397
v22
.303
v32
.296
v10
v13
v34
.702
v42
.366
v26
.284
v25
v39
v2
v4
.462
v27
.399
v9
.310
v17
.285
.298
v16
v8
v19
v36
v15
v24
v29
v23
v41
v18
v7
Extraction Method: Maximum Likelihood.
Rotation Method: Promax with Kaiser Normalization.
a. Rotation converged in 13 iterations.

5

6

-.283

.570
-.351
.620
.513
.297
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Table D-2: Structure Matrix
Factor
Items
1
2
3
4
v3
.625
.396
v14
.550
v35
-.542
.439
v30
.532
v37
.497
v28
.497
v11
-.409
v16
.284
v36
.280
v38
v40
.596
-.462
v5
.556
v21
-.539
v6
.436
v20
-.413
v1
.395
v12
-.380
v22
.359
v13
-.302
.284
v8
v34
.303
-.442
.683
v25
.430
-.434
.480
v26
.384
.409
v42
.402
.409
v15
.320
v39
v2
v4
.430
v27
.426
v17
.325
.353
v9
.287
v19
v24
v32
-.337
.399
v29
v10
.284
v23
v41
v18
v7
Extraction Method: Maximum Likelihood.
Rotation Method: Promax with Kaiser Normalization.

5

6

.310

-.346

.352

.375
.322
.358

.533
-.425
-.381
-.289
-.288
.589
.510
.290
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Appendix E: Pattern and structure matrices for five extracted factors after removing
item 33 from the data
Table E-1: Pattern Matrix
Factor
3

Items
1
2
4
v3
.701
v14
.573
v37
.564
v30
.526
v28
.483
v35
-.447
v11
-.391
v42
.383
v26
.342
v39
.289
v16
v38
v2
v40
-.664
v5
-.603
v34
.551
v12
.503
v25
.311
v20
v13
v1
v15
v17
.416
-.321
v27
.393
v4
.354
v8
.291
v6
v9
v22
v19
v36
v24
.441
v29
-.414
v21
.373
.390
v32
-.336
v10
v23
v41
v18
v7
Extraction Method: Maximum Likelihood.
Rotation Method: Promax with Kaiser Normalization.a
a. Rotation converged in 8 iterations.

5

.556
.522
.299
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Table E-2: Structure Matrix
Factor
Items
1
2
3
4
v3
.655
.326
v14
.544
v30
.522
.297
v28
.501
v37
.496
v35
-.483
-.385
-.281
v42
.448
.289
v26
.440
.318
.302
v11
-.416
-.317
v36
.319
.280
v15
.308
.290
v16
.293
v39
v38
v2
v40
-.311
-.648
-.331
v34
.386
.570
v5
-.559
.310
v25
.484
.496
.418
v12
.413
v6
-.365
v20
.344
.316
v13
.338
.285
v1
-.329
v22
-.305
v27
.430
v17
.427
-.301
v4
.374
v8
.294
v19
v9
v21
.494
.501
v32
-.349
-.362
-.462
v24
.293
.412
v29
-.395
v10
-.327
v23
-.310
v41
v18
v7
Extraction Method: Maximum Likelihood.
Rotation Method: Promax with Kaiser Normalization.

5

.557
.527
.303
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Appendix F: Pattern and structure matrices for five extracted factors. Items 1, 2, 6, 9,
10, 13, 15, 16, 19, 20, 22, 23, 33, 36, and 38 have been removed.
Table F-1: Pattern Matrix
Factor
3

Items
1
2
4
v3
.656
v37
.630
v14
.582
v35
-.517
v30
.504
v28
.471
v11
v39
v40
-.653
v5
-.622
v34
.589
v12
.475
v21
.366
v25
.362
.334
v17
.573
v29
.416
-.323
v27
.340
v8
v4
v24
.597
v26
.327
v32
-.308
v42
.297
v41
v18
v7
Extraction Method: Maximum Likelihood.
Rotation Method: Promax with Kaiser Normalization.a
a. Rotation converged in 7 iterations.

5

.605
.499
.306
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Table F-2: Structure Matrix
Factor
Items
1
2
3
4
v3
.664
.373
.371
v14
.548
.307
v37
.522
v30
.519
.344
v35
-.512
-.405
.297
v28
.506
.350
v11
-.393
-.372
v39
v40
-.309
-.631
v34
.352
.604
.300
v5
-.555
.291
v21
.436
v12
.390
v17
.564
v29
.425
-.325
v27
.390
v8
v4
v25
.450
.529
.531
v24
.507
v26
.407
.354
.473
v42
.416
.289
.446
v32
-.336
-.358
-.426
v41
v18
v7
Extraction Method: Maximum Likelihood.
Rotation Method: Promax with Kaiser Normalization.

5

.594
.502
.297
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