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Hiring, retaining, and developing quality instructors is arguably one of the most
important ways of ensuring a high quality education (Hagedorn, Perrakis & Maxwell,
2006; Sprouse, Ebbers & King, 2008). However, identifying what makes a teacher an
expert (i.e., someone who excels at teaching) is difficult. Indeed, Berliner (2005) argued
that quality teaching is almost indescribable. Good teaching, he suggested, starts with a
combination of skills – such as modeling, motivating, and mentoring – and the ability to
produce acceptable student performance. Beyond these basic characteristics, he
continued, “…a highly qualified individual, always requires keen insight and good
judgment” (p. 207). But Berliner saw no way for society to measure this latter aspect of
quality teaching.
Recent scholarship on expertise, however, is providing new means for
understanding what expertise is and how it is acquired (Bereiter & Scardamalia, 1993;
Ericsson, 2006; Hatano & Inagaki, 1984). This study applies the theory of adaptive
expertise to an investigation of the factors that influence the acquisition of teaching
vi

expertise among mathematics instructors. The relations among the institutional
environment and instructors goal and problem-solving orientations was measured for
mathematics instructors who taught Algebra I, Algebra II/Intermediate Algebra or
College Algebra during the past two academic years. Algebra instructors in secondary
schools, community colleges, and four-year institutions were asked to participate.
This study extends the work of Bereiter and Scardamalia (1993) by applying their
theory of an expert career to teaching, an area in which much of the public discussion
focuses on the need for more excellent performance. Structural Equation Modeling and
Cluster Analyses were used to examine the effects of the reward structure of the
institution, the extent to which a teacher identifies himself or herself as mastery goal
oriented toward teaching and engaged in a conscious process to improve their teaching
practice, and a teacher’s acquisition of content and pedagogical knowledge, on a
teacher’s expert performance. Although the institutional reward structure and mastery
goal orientation were found to have a positive effect on a teacher’s engagement in
continuous improvement behaviors, these behaviors were not found to have a significant
impact on expert performance.
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CHAPTER 1: INTRODUCTION

Hiring, retaining, and developing quality instructors is arguably one of the most
important ways of ensuring a high quality education (Hagedorn, Perrakis & Maxwell,
2006; Sprouse, Ebbers & King, 2008). However, identifying what makes a teacher an
expert (i.e., someone who excels at teaching) is difficult. Indeed, Berliner (2005) argued
that quality teaching is almost indescribable. Good teaching, he suggested, starts with a
combination of skills – such as modeling, motivating, and mentoring – and the ability to
produce acceptable student performance. Beyond these basic characteristics, he
continued, “…a highly qualified individual, always requires keen insight and good
judgment” (p. 207). But Berliner saw no way for society to measure this latter aspect of
quality teaching.
Recent scholarship on expertise, however, is providing new means for
understanding what expertise is and how it is acquired (Bereiter & Scardamalia, 1993;
Ericsson, 2006; Hatano & Inagaki, 1984). This study applies the theory of adaptive
expertise to an investigation of the factors that influence the acquisition of teaching
expertise among mathematics instructors. The relationship between the institutional
environment, goal orientation toward teaching, and an instructor’s problem-solving
orientation is measured for mathematics instructors who have taught Algebra I, Algebra
II / Intermediate Algebra or College Algebra during the past two academic years.
Algebra instructors in secondary schools in Texas and instructors in community colleges,
and four-year institutions who were members of state-wide mathematics associations
during the 2011-2012 academic year (such as, the Council for the Advancement of
Mathematics Teaching – CAMT), and national mathematics education organizations
1

(such as the Mathematics Association of America – MAA, and the American
Mathematics Association for Two-Year Colleges - AMATYC) were asked to participate.
THEORETICAL FRAMEWORK.
Quality is generally defined as “the excellence of something” – a person, thing or
process. Thus, labeling someone a “quality teacher” or his or her actions as “quality
teaching” implies that the individual excels at performing one or more tasks that we
would recognize as teaching: lecturing, writing, designing curriculum, setting up learning
tasks, mentoring students. Quality is therefore inextricably intertwined with the notion of
expertise, which colloquially is defined simply as “outstanding performance.” Thus, in
the public view the quality teacher is by definition an expert.
This view of quality, however, is limited by its emphasis on outcomes. In order to
measure quality we must be able to point to and recognize an outstanding
accomplishment or outcome. However, defining quality and expertise in this way fails to
respond to the question of how quality was achieved. What were the characteristics of the
individual and/or what were the processes he or she went through to achieve these ends?
The theory of adaptive expertise provides us with a possible means for identifying the
characteristics that an individual, who is likely to achieve high quality outcomes,
possesses.
Contemporary theories of expertise that focus on the differences between routine
and adaptive experts (Bereiter & Scardamalia, 1993; Ericsson, 2006; and Hatano &
Inagaki, 1984) have all defined the adaptive expert and expertise in similar ways. They
argue that expertise is not a cognitive state. It is a process or path a person follows
throughout their career. Further, the path of expertise has no logical end. The person
who wants to remain at the top of their field must constantly work to maintain their
2

expertise. Finally, anyone who has acquired a basic knowledge of a domain can choose
the path of expertise. Although some people may have innate talents that make success
in specific domains easier, there is no one type of knowledge or intelligence that predetermines who will become an expert and who will not.
This raises the question of whether or not we can tell who will follow the path of
expertise. Three factors are generally agreed to encourage a person to choose the path of
the adaptive expert. First is the nature of the object of the expertise. If the object is
natural and occurs in random variations, then the procedures applied to deal with it will
vary in outcomes, and natural experimentation occurs. Second is the climate of the
institution or organization. When individuals are given rewards for standardized
outcomes, they will tend to gravitate toward the most efficient and consistent means of
achieving the desired end. The expectation of rewards (or punishments) changes the goal
structure of the event, discouraging both experimentation and the development of
expertise. Finally, the degree to which achieving a deeper understanding is valued in the
culture will determine the choice of path. When it is typical in the domain to be asked to
explain your approach, the individual is more likely to pursue the path of adaptive
expertise (Bereiter & Scardamalia, 1993; Hatano & Inagaki, 1984).
Although this view of the acquisition of expertise has found its way into
discussions of teacher quality (Hamerness et al., 2005), until now there has been no
empirical research attempting to verify this theory. To date, studies of adaptive expertise
have focused exclusively on instructional interventions designed to foster the transfer of
knowledge and use of multiple perspectives (Hatano & Inagaki, 1984). Furthermore,
almost all of these studies (Cordray, Harris, & Klein, 2009) have focused on the
development of these capacities in high school and college students within a specific
academic curriculum. Research applying this theory to professionals, such as teachers,
3

for whom adaptive expertise can be argued to be essential to quality performance, has not
been conducted. This study takes an initial step in that direction by examining the ability
of the theory of adaptive expertise to explain why some teachers develop a deeper
understanding than others of mathematics content for teaching.
STATEMENT OF THE PROBLEM.
The principal research question addressed by this study is the following: is an
individual teacher’s problem solving orientation, as defined by Bereiter and Scardamalia
(1993), Hatano and Inagaki (1984), and Ericsson (2006), a useful construct for
understanding why one teacher excels at teaching mathematics and another does not?
Expert performance, by its nature, is domain specific. The knowledge and skills
the individual must develop to become an expert plumber or magician is not the same as
the knowledge and skills needed to become an expert teacher of mathematics. While
there are many domains that could be used for this inquiry, the domain of teaching was
chosen because teaching as a profession embodies the type of heuristic task Hatano and
Inagaki (1984) pointed to as one in which natural experimentation occurs on a regular
basis. Thus, it is a domain in which possessing the characteristics of an adaptive expert is
expected to be important to the development of expert performance. Algebra instructors
were selected specifically because a set of validated measures is available for measuring
a mathematics teacher’s deep understanding of mathematics teaching. In this study,
expertise in the teaching of mathematics is measured using the Learning for Mathematics
Teaching (LMT) (2011) Algebra I assessment. The LMT was designed to measure an
4

instructor’s understanding of formal content knowledge (CK), specialized knowledge of
content (SKC), and knowledge of students and content (KSC) as they relate to the
teaching of Algebra. Specialized knowledge of content (SKC) refers to a teacher’s ability
to use formal content knowledge effectively in his or her teaching. I t is the ability to
transfer formal content knowledge to teaching situations. This is similar to what Bereiter
and Scardamalia (1993) refer to as informal knowledge and Hatano and Inagaki (1984) to
knowledge transfer. The teacher’s knowledge of students and content (KSC) refers to her
ability to understand the conceptions and misconceptions of students about algebraic
concepts. This parallels Bereiter and Scardamalia’s (1993) notion of the impressionistic
knowledge of a domain (i.e., an understanding of a novice’s perceptions and misperceptions of the domain).
SIGNIFICANCE OF PROPOSED STUDY
If the theory of adaptive expert as proposed by Bereiter and Scardamalia (1993)
and Hatano and Inagaki (1984) is correct, the teacher who is an adaptive expert should be
better able to meet the educational needs of a diverse population of students. The teacher
who possesses the characteristics of the adaptive expert is expected to pursue the
scholarship of teaching, be the type of teacher who will experiment with innovative
teaching techniques, and develop a deeper understanding of what works for different
types of students. In short, the teacher who is an adaptive expert is likely to possess the
“keen insights and good judgment” that Berliner posited are the intangible characteristics
possessed by the quality teacher.
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If the theories proposed by Hatano and Inagaki (1984), Bereiter and Scardamalia
(1993), and Ericsson (2006) are found to explain how and why one person is more likely
than another to acquire adaptive expertise, then it will be much clearer which
mechanisms can be employed to encourage the development of this type of expert
performance. Pre-service and in-service teachers and college instructors can be
encouraged to adopt a mastery goal orientation toward teaching that will make them more
likely to engage in progressive problem solving and deliberate practice. Moreover, the
school climate can be adjusted to encourage, rather than dissuade, experimentation. In
other words, we will have the means through which we can, as Bereiter and Scardamalia
(1993, p. 22) propose, teach a person or team to pursue the path of expertise.
Cluster analyses and structural equation modeling (SEM) were used to test five
research questions: (1) the construct of adaptive expertise, defined as deliberate practice
and progressive problem solving, is useful for identifying teachers who have the traits of
an adaptive expert and who may potentially follow an expert career path; (2) an instructor
with a mastery goal orientation toward teaching is more likely to report that he or she
engages in deliberate practice and progressive problem solving; (3) the climate of the
institution, as measured by the institution’s support for innovation and goal structure,
helps to explain an instructor’s mastery goal orientation toward teaching and his or her
propensity to self-report engaging in deliberate practice and progressive problem solving;
and (4) the problem solving orientation of a teacher helps to explain his or her acquisition
of content knowledge through the acquisition of advanced formal training in the domain
and encourages him or her to remain longer in the teaching profession; and 5) the
problem solving orientation of a teacher combined with strong content knowledge, as
measured by the number of mathematics and/or education credits he or she has earned,
and/or the extent of his or her teaching experience helps to explain expertise in
6

mathematics instruction, as measured by his or her score on the Learning Mathematics
for Teaching (LMT) Algebra I Assessment.
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CHAPTER 2: LITERATURE REVIEW

In order to define quality in a meaningful way, it is useful to start by defining
expertise. Early scholarship on expertise assumed it was due to inherited characteristics,
coupled with time and practice. Persons who had acquired reputations as successful
professionals were studied to see what distinguished them from those who had not
acquired this success. More recent scholarship makes a convincing case for expertise as
something that is acquired through time, experience, and a disposition or attitude toward
improving one’s practice. From this perspective the most important questions become:
What is the nature of expertise? And, how is it acquired?
This review starts by asking the question: What is expertise? From that point it
proceeds to a discussion of the expert career and the way in which the nature of the task,
individual motivation, and environment influence an individual to follow one type of
expert path versus another: adaptive or routine. The teaching profession is chosen as the
domain in which to elaborate on and study how and why these different paths to expertise
are acquired. The teaching profession is ideal for this inquiry because it possesses all of
the proposed characteristics that researchers have hypothesized encourage the
development of adaptive expertise. The classroom and students are unpredictable and
subject to random variation in the effect of strategies on outcomes. Further, the
professional culture of teaching encourages deep understanding and experimentation.
Finally, the teaching profession is populated by thousands of individuals who bring
varied attitudes, perceptions, and motivations to the enterprise.
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DEFINING EXPERTISE
What is expertise? At its most basic, expertise is defined as outstanding
performance by an individual on a task or set of tasks. The study of expertise seeks to
identify the characteristics of the expert and of expertise, and understand how expertise is
created or developed.
In Towards a Theory of Expertise, Ericsson and Smith (1991) proposed a
taxonomy of expertise research. They organized expertise research into four categories
defined by the focus placed on each of two dimensions. The first dimension deals with
the origin of expertise: heredity versus acquired. To what extent are expert traits
genetically inherited and to what extent are they the product of experience and training?
The second dimension has to do with whether the traits being studied are thought to apply
to all experts regardless of domain, or whether the traits under study are specific to a
given domain. Although both dimensions are important to understanding expertise
research as a whole, it is the heredity versus acquisition, or nature versus nurture,
distinction that truly separates scholars.
At one end of this spectrum are studies that assume that expertise is primarily
hereditary in origin. This Grand Master approach to expertise research is characterized
by the identification of experts through enduring reputation. The best known of the
hereditary theorists, Sir Francis Galton (1869, p. 2) stated outright that he believed high
reputation was an accurate measure of high ability. In his study of genius he selected as
his sample eminent men of his time — judges and statesmen. Finding that these eminent
men are frequently interrelated, he concluded that their genius or expertise is a function
of innate talent. His goal was to demonstrate that genius was limited by natural selection.
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Although Galton’s methods and hereditary theories no longer hold sway, the
notion that giftedness or expertise is primarily genetic still has its advocates (Simonton,
1999; Brand, 1996; Jensen, 1998). Simonton (1999), like Galton, defined genius, and
thus expertise, in terms of enduring reputation and argued that one- to two-thirds of
individual talent is genetically determined. He based his conclusions on behavioral
genetic studies of identical twins. While he conceded that experience has some bearing
on genius, he turns the idea of nurture on its head by arguing that the types of experiences
a child receives are directed as much by the child himself as by the environment. Even
the best efforts of a parent to expose a child to learning experiences will fail, if the child
doesn’t have the inclination to attend to that experience. Thus, Simonton gave heredity
primary standing in the development of genius, which to him was virtually synonymous
with expertise.
There are a number of problems with this conception of genius and its
applicability to the study of how expertise is developed. First, Simonton (1999) argues
that the fact that reputation can be capricious does not invalidate its usefulness. He also
claimed that unrecognized genius is an oxymoron. Ericsson and Smith (1991) disagreed.
They argued the fact that reputation can be attained without actual accomplishment
makes it a poor operational definition for scientific inquiry. Moreover, in a large
complex society such as ours, persons with expertise in areas that receive little public
recognition may well be unrecognized geniuses. In other words, Simonton failed to take
into account the inherent social biases in what is attended to by the public.
Even more important is the fact that identifying genius by reputation is by
definition backward looking. Inquiry starts with the outcome — reputation — and then
proceeds backward from that point in an attempt to discover the characteristics of the
genius that explains why he or she is exceptional. While reputational studies may be able
10

to identify publicly recognized expert performance, they lack scientific rigor in
explaining how, and why this exceptional performance is achieved.
At the other end of the spectrum are those scholars (Ericsson & Smith, 1991;
Ericsson, Krampe & Tesche-Römer, 1993; Ericsson, Nandagopal & Roering, 2009;
Freeman, 2007) who argue that expertise is primarily acquired. Anders Ericsson is
among the strongest advocates for the acquisition view of expertise. He argued that
recent research has shown that training can substantially increase cognitive and physical
abilities. For example, a number of studies in the latter part of the 20th century
demonstrated that memorization could be substantially improved in college students of
average ability (Ericsson, 2003). Studies of the mediators of physical talents (such as
aerobic fitness and ballet dancing) have shown similar results from training (Ericsson,
2006).
It follows, then, that developing expertise takes time. Hayes (1985) studied
experts across a variety of domains and concluded that the development of expert
performance took between 6 and 10 years. He described the developmental path of the
expert as proceeding from beginner or apprentice, through a period of low productivity,
to a point at which productivity (expert performance) increases rapidly. In fact,
Berliner’s (2004) review of expertise research in teaching proposed that a teacher reaches
expert status sometime between three and seven years after beginning teaching. Similar
to Haye’s analysis, Berliner (2004) cited studies that showed teachers appear to improve
their ability to increase students’ achievement up to year seven and then level off until
they near retirement when performance declines slightly.
However, although experience may be a necessary condition for expertise to
develop, it can be argued that it is not a sufficient condition. Ericsson concluded that it is
the strategies employed by experts, and not merely experience or innate talent, that
11

determines who will develop exceptional performance. Ericsson and his colleagues
(2006) have proposed that acquisition of expertise in a domain is the result of deliberate
practice. Simply having more experience or practicing more does not make the
difference between the competent performer and the exceptional performer. Motivation,
of course, plays a role in spurring an individual to attain mastery. However, it takes more
than desire and time on task to create an exceptional performance.
Ericsson (2006) distinguished deliberate practice from playfulness or routine
practice. Merely spending more hours engaged in an activity does not qualify as
deliberate practice. Instead, exceptional performers have been shown to approach
practice deliberately; that is, they focus on specific tasks they have not yet mastered
(often identified by a trainer or coach) that will improve their performance. They
approach practice with concentration, using feedback from others to perfect the targeted
task or skill. This differs from the person who either approaches the same activity for
pure enjoyment or the person who engages in deliberate practice up to the point where
they have achieved an acceptable level of competence.
One way to think about deliberate practice is in relation to the importance of
coaching for tennis. If a student practices a tennis stroke using an inefficient technique,
additional practice will not lead to superior performance. The first job of any coach is to
help the student unlearn poor techniques, substituting them with more efficient
techniques that will lead to improved performance. The casual tennis player will play
with no regard for improving technique. The intermediate player will have studied
specific skills until reaching a level where he or she is satisfied with his or her
performance and then continue performing at a relatively stable level. However, the
player who excels will spend many hours of practice mastering progressively more
challenging serves and returns.
12

Since this notion of deliberate practice was proposed, scholars studying the
acquisition of expertise have concluded that it plays an important role in the development
and maintenance of exceptional performance across a variety of domains. Charness,
Tuffiash, Krampe, Reingold, and Vasyukova (2005) found that serious study during the
first decade of competition was the single most important predictor of chess skill ratings.
Krampe and Ericsson (1996) found that the ability of older pianists to maintain their
skills was directly related to the amount of time they spent in deliberate practice. The
importance of deliberate practice to exceptional performance in sports has been shown in
wrestling (Hodges & Starkes, 1996); figure skating (Starkes, Deakin, Allard, Hodges, &
Hayes, 1996); and in team sports such as soccer and field hockey (Helsen, Starkes, &
Hodges, 1998).
Of particular interest to this study is the fact that deliberate practice has been
shown to impact exceptional performance in education. Plant, Ericsson, Hill, and Asberg
(2004) found that deliberate practice was predictive of undergraduate GPA. In their
study of undergraduate students at Florida State University, they found that employing an
organized approach and studying in a quiet solitary environment each uniquely
contributed to earning a higher GPA. Thus, it was not the amount of studying but the
quality of studying that predicted performance.
In another study, Moulaert, Verwijnen, Rikers, and Scherpbier (2004) collected
information on study practices from a group of undergraduate medical students at
Maastricht Medical School in the Netherlands. They wanted to see if the way the
students studied was correlated with their success on block tests and annual progress
tests. They concluded that student achievement in this setting correlates with several
aspects of deliberate practice, namely engaging more in self-study, greater use of study
resources (books and journals), engaging in planning (having a study schedule and
13

sticking to it), and using a study style that concentrates on deep understanding (i.e.,
paying special attention to subjects one does not understand, and trying to make
connections between different parts of a subject.)
When we embrace the idea that expertise is acquired and not inherited, we are
also led to a realization that expertise may be a process, not a cognitive state. Moreover,
while the process of developing expertise is similar across domains, not all domains
require or encourage the same type of expertise. Becoming fast and accurate at
performing a repetitive task such as typing does not require the same type of cognitive
process as becoming a physician or teacher who must be able to continually adapt his or
her knowledge to new challenges.
In the past the principal question in expertise research was: what distinguished the
novice from the expert? The notion of deliberate practice as the road to expertise,
however, leads us to a set of more interesting questions. That is, what is the difference
between people at different levels of expertise? How does expertise vary across different
domains? And, are there different types of experts? These are questions that can be
addressed by a study of the literature on adaptive expertise.
ADAPTIVE EXPERTISE
Like Ericsson (2006), Bereiter and Scardamalia (1993) proposed that time and
experience are necessary but not sufficient conditions for developing expertise. Not
everyone who puts in the time will become an expert. Moreover, it is not solving
problems that defines the expert. Both experts and experienced non-experts engage in
problem solving (although, in different ways). What distinguishes the person who
pursues an expert career from the experienced non-expert is the type of problems they
choose. The expert is a progressive problem solver, meaning that he looks for
14

opportunities that present him with a challenge that will further develop his deep
conceptual knowledge about the domain in which he is engaged. Possessing a deep
understanding enables the expert to confront and solve problems under a variety of
circumstances and to innovate. In contrast, the experienced non-expert may be efficient
and fast at performing tasks or solving problems under a standardized set of conditions,
but without deep understanding he is unable to respond to changing circumstances or to
create something new and better.
Bereiter and Scardamalia’s experienced non-expert fits the definition of what
Hatano and Inagaki (1984) would call a routine expert. The routine expert learns how to
perform standardized tasks efficiently, but, if asked, he would not be able to explain the
reasons for what he does. Like Bereiter and Scardamalia’s expert, Hatano and Inagaki’s
adaptive expert strives for deep knowledge about a domain and acquires this knowledge
through experimentation. That is, expertise can only be acquired by observing the way in
which processes, under varying circumstances, result in different outcomes. This type of
experimentation leads to a deep knowledge about the reasons and purposes behind the
processes in a given domain.
Ericsson’s (2006) individual who engages in deliberate practice, Bereiter and
Scardamalia’s (1993) expert, and Hatano and Inagaki’s (1984) adaptive expert share
similar characteristics. First, in each of these views, expertise is not a cognitive state. It
is a process. Treating expertise in this way helps us to understand how there can be
novices who act in expert ways. It also helps to explain how and why previously
recognized experts may cease to act in expert ways at one point in their life and then
return to the path of expertise at a later point.
Second, in all three formulations the path of expertise has no logical end. The
pianist or tennis player who wants to remain at the top of their field must constantly
15

engage in deliberate practice and the psychologist who wants to develop a deep
understanding of how the human mind works must constantly confront new challenges.
Expertise must be maintained.
Finally, anyone who is able to acquire the basic skills and knowledge of a domain
can choose the path of expertise. While some people may have innate talents that make
success in specific domains easier, the mere acquisition of skills and knowledge in a
domain does not lead directly to expert performance. It is the willingness to engage in
the practice of applying the skills and knowledge acquired to solving novel problems in
the domain through experimentation that determines who will become an expert and who
will not.
As mentioned earlier, Hatano and Inagaki (1984) suggested three factors that
encourage a person to choose the path of the adaptive expert: the nature of the object,
expectations of reward or punishment, and the degree to which achieving a deeper
understanding is valued in the culture.
Bereiter and Scardamalia (1993) also considered the motivational mechanisms
that encourage an individual to pursue an expert career. They concluded that the person
who engages in an expert career does so because, 1) it feels good – he or she experiences
flow (defined as sustained pleasure) when engaged in the process of solving a problem; 2)
he or she is part of a culture (second-order environment) that values progressive problem
solving and deep understanding; and 3) he or she is on a quest for the heroic ideal defined
as a willingness to take risks and expend effort for the good of society that outweighs the
benefits or rewards received. Moreover, Bereiter and Scardamalia (1993) recognized that
the different achievement goals adopted by learners are not equally focused on expertlike learning. Although task-oriented and knowledge-building goals will both lead to
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academic success, only students who engage in knowledge-building goals go beyond the
instructional setting and take on new challenges that could potentially lead to expertise.
MEASURING ADAPTIVE EXPERTISE
Measuring adaptive expertise is challenging. Hatano and Inagaki (1984) defined
adaptive expertise as experimentation, deep understanding, and knowledge transfer. The
adaptive expert engages in experimentation for deeper understanding – testing skills and
strategies across varied circumstances and observing the effects on outcomes. The result
of this experimentation is the development of a deep understanding of the reasons why
something works, and thus the ability to adapt procedures and skills to novel situations.
In this view, the behavior that best exemplifies the accomplished adaptive expert is the
ability to transfer conceptual knowledge of a domain to a novel situation or the ability to
use multiple sources of information to solve problems. Both have been used as a
behavioral indicator of adaptive expertise in a number of studies (Pandy, Petrosino,
Austin, & Barr, 2004; Cordray et al., 2009).
Using transfer of knowledge as an indicator is complicated by the fact that
transfer, as a construct, is controversial and ill defined. Although this is not the place to
engage in a wide-ranging discussion of the debates surrounding transfer, it is important to
note that the controversy surrounding the construct of transfer ranges from debates about
its definition to what constitutes true transfer (spontaneous or contextual), the way
transfer is manifested (direct application versus analogical transfer), and the problem of
near versus far transfer (Thompson, Estabrooks & Degner, 2006). In this study, I will
rely on Bransford and Schwartz’s (1999) conception of successful transfer of knowledge
as an individual’s ability to use resources in a knowledge rich environment to solve new
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problems. This conception is consistent with the emphasis in adaptive expertise on the
value of developing deep understanding that enables creativity and innovation.
Whether adaptive expertise is defined as transfer of knowledge or use of multiple
sources of information, the prevailing literature uses performance tests to measure these
outcomes after an intervention (Cordray et al., 2009; Martin, Petrosino, Rivale, & Diller,
2006; Pandy et al., 2004). This method of measuring expertise is limited. Measuring
adaptive expertise in this way constrains it to the possession or use of expertise as it
applies to a specific task or learning situation. For example, Pandy (2004) and his
colleagues, like most contemporary studies of adaptive expertise, engaged participants in
a challenge-based learning task and then measured through pre- and post- assessments
changes in their level of transfer, content and conceptual knowledge (deep
understanding). These studies measure adaptive expertise as if it were a learning
outcome that can be improved through an instructional intervention. However, if we
define expertise as a process or behavioral system, rather than a cognitive outcome, it is
preferable to measure it in a way that reflects this.
Bereiter and Scardamalia’s (1993) formulation of the expert career suggests
another possible way of identifying the adaptive expert. In their view, the expert is
distinguished from the experienced non-expert based on the types of problems they
choose to solve and the self-regulation they possess that enables them to pursue mastery
in a domain. The progressive problem solver is more likely to develop a deep
understanding exemplified by a command of formal, informal, and impressionistic
knowledge in the domain.
In this study, therefore, I propose measuring a combination of psychological
orientations, behaviors, and knowledges that are indicative of adaptive expertise (see
Table 1). Bereiter and Scardamalia (1993) hypothesized that the individual who
18

willingly approaches novel problems is more likely to develop a deep understanding of
the domain, because she or he is involved in a continuous learning process. Moreover,
this individual approaches learning as a way of improving practice by engaging in
deliberate practice – that is, by figuring out what skill or knowledge is needed to improve
and by focusing effort on that area until it is mastered. In order to succeed, a person must
be in control of the learning process – i.e., a person must be a self-regulated learner. The
result of this process is the development of a deep understanding of the domain. Not only
do they possess strong formal knowledge - facts and skills – related to the domain, they
possess informal knowledge – the ability to transfer knowledge from familiar to novel
situations; and impressionistic knowledge – the ability to comprehend the conceptions
and misconceptions novices and outsiders might have about skills and knowledges that
characterize the domain.
Table 1: Dimensions of Adaptive Expertise

Psychological orientation
 Progressive/Bisociative problem solver
Behavior
 Deliberate Practice
Knowledges (representing a deep understanding)
 Formal/content
 Informal/Transfer
 Impressionistic
 Self-Regulatory

The literature on problem solving provides a means for measuring the
psychological orientation component of adaptive expertise. While this literature focuses
more on defining roles within work teams, it has parallels to the literature on expertise.
For example, Kirton (1994) distinguished between persons with two styles of creativity
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or problem solving – adaptors and innovators. Kirton’s adaptor is the person who
pursues problems with tried and true methods and places value on stability and
conformity. The innovator style, as defined by Kirton (1994), is characterized in part by
a tendency to search for “problems and alternative avenues for solutions that cut across
current paradigms” (p. 10). These characteristics are consistent with the notion of the
routine and adaptive experts, respectively. Kirton saw individuals as existing on a
continuum between the adaptor and innovator styles.
Jabri’s (1991) work on associative versus bisociative problem solving styles
provides an even better parallel to the notion of the adaptive expert. The associative
individual approaches problems “based on habit or set routines” (p. 976). Whereas, the
bisociative individual approaches problems from multiple perspectives “resulting in nonhabitual thought processes” (p. 976). Jabri argued for two distinct and independent styles
rather than a continuum. Items such as: “adhering to commonly established rules of my
area of work” and “following well-trodden ways…” for solving problems are indicative
of an associative problem-solving style. In contrast, “linking ideas which stem from
more than one area of investigation” and “spending time tracing relationships between
disparate areas of work” characterize the bisociative problem solver. Thus, many of the
characteristics of the bisociative style are similar to the adaptive expert’s ability to
transfer knowledge from one problem or realm to another and to explore new ways of
solving problems. The associative style, on the other hand, is characterized by a
preference for routine and the acceptance of “usual and generally proven methods. (p.
976).
Second, the adaptive expert is likely to engage in behaviors that are different from
the routine expert. The progressive problem solver not only approaches problems, but
she or he chooses problems that are at the outer end of his or her present level of
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competence. Ericsson and Smith (1991) called this behavior deliberate practice. Bereiter
and Scardamalia (1993) talked about this behavior as a behavioral manifestation of
progressive problem solving.
The challenge is to identify discrete teaching behaviors that can reliably qualify as
deliberate practice. Fortunately, Dunn and Shriner (1999) made at least one attempt to
identify these behaviors. They asked 136 teachers in the United States to respond to a
15-item questionnaire referencing specific activities involved in teacher planning and
preparation, evaluation of students, interaction with administrators and other teachers,
and opportunities for improving teaching practice. Participants were asked to rate each
activity on four separate scales: improving teaching effectiveness, amount of effort
required to initiate and maintain performance, enjoyment inherent in the activity, and
frequency of performance. A qualitative study (time and activity logs and interviews)
was then conducted with eight veteran teachers (with more than 10 years of experience)
to explore the mechanisms through which these activities lead to teacher expertise.
Dunn and Shriner (1999) concluded that it is difficult to fit teaching into the
deliberate practice model. Nevertheless, they did derive some insights about what might
constitute deliberate practice in teaching. First, planning and evaluation are a necessary
part of every teacher’s routine practice. For novice teachers, planning and evaluation are
necessary for survival but the extent of planning and evaluation needed for mere survival
lessens with experience. Therefore, they concluded that the veteran teacher who
continues to spend considerable time in planning and evaluation, uses it to acquire new
knowledge, and incorporates it into his or her teaching repertoire is engaged in a type of
deliberate practice. A series of questions patterned after Dunn and Shriner’s insights measuring a teacher’s involvement in preparation and planning, beyond what is necessary
to maintain minimal competence – was developed and included in this study.
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Finally, for Hatano and Inagaki (1984), possessing a deep knowledge of the task
is essential to possessing expertise. The adaptive expert is someone who, not only knows
how to do something but why it is done that way, and, thus, how to transfer this
knowledge to a novel situation. Further, Bereiter and Scardamalia (1993) argued that,
while knowledge is not all there is to expertise, it has a special place in defining the
expert. They talked about at least four forms of knowledge: formal, informal,
impressionistic, and self-regulatory.
The first three forms of knowledge described by Bereiter and Scardamalia (1993)
(formal, informal, and impressionistic knowledge) can be measured using the Learning
Mathematics for Teaching (LMT) assessment for Algebra I (Learning Mathematics for
Teaching Project, 2008). This scale was developed by disaggregating pedagogical
content knowledge into three parts: content knowledge, specialized knowledge of
content, and knowledge of students and content (Hill, Schilling, & Ball, 2004; Shulman,
1986, 1987).
Formal knowledge is the facts and rules we learn in school. In the case of the
Mathematics instructor, formal knowledge is basic mathematical content knowledge.
Knowing how to factor a quadratic equation would be an example of this type of
knowledge. In the LMT, this type of knowledge is measured by instructor responses to
questions like:
Ms. Chambreaux’s students are working on the following problem: Is 371 a prime
number? As she walks around the room looking at their papers, she sees many
different ways to solve this problem. Which solution method is correct? (Learning
Mathematics for Teaching Project, 2008, p. 4)
Informal knowledge and impressionistic knowledge require a deep understanding
of formal knowledge. In this case, informal knowledge is the ability to transfer general
principles about pedagogy and the teaching of mathematics to novel situations. This
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requires a deep understanding of mathematics, as well as a deep understanding of
techniques and practices for teaching mathematics. Bereiter and Scardamalia (1993)
called it “educated common sense” or “situated knowledge.” This type of knowledge is
best exemplified in the mathematics classroom by the instructor’s ability to modify the
way she or he presents, organizes, and paces the teaching of a specific mathematical
concept for a specific population of students. It might also include knowledge about how
to run a discussion or organize group work around a specific piece of mathematical
content for different populations. In the LMT, this is considered to be specialized
knowledge of content (SKC) and is measured by items such as:
Mrs. Davies’ class has learned how to tessellate the plane with any triangle. She
knows that students often have a hard time seeing that any quadrilateral can
tessellate the plane as well. She wants to plan a lesson that will help her students
develop intuitions for how to tessellate the plane with any quadrilateral. (Learning
Mathematics for Teaching Project, 2008, p. 23)
The respondent is given a list of ways of responding to this prompt.
Impressionistic knowledge, on the other hand, is the ability to infer from our past
knowledge about another person’s likes, dislikes, tastes, or knowledge, to our current
interactions with that person. An instructor’s student content knowledge represents her
ability to understand a student’s misconceptions and be able to deconstruct the incorrect
understanding and reconstruct it with new, accurate knowledge. In the LMT, this is
considered to be knowledge of students and content (KSC). For example, a sample LMT
item asks an instructor:
A number is called “abundant” if the sum of its proper factors exceeds the number.
For example, 12 is abundant because 1 + 2 + 3 + 4 + 6 > 12. On a homework
assignment, a student incorrectly recorded that the numbers 9 and 25 were abundant.
What are the most likely reason(s) for this student’s confusion? (Learning
Mathematics for Teaching Project, 2008, p. 15)
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The instructor is given a series of possible responses to which he or she can agree or
disagree.
For the purposes of this study, the LMT Algebra I assessment was used.
Although the LMT instruments were originally designed for assessing the knowledge of
K-8 teachers, Nankervis (2009) found no ceiling effects when using the algebraic
reasoning assessment with Master Teacher and Master’s of Education candidates. He
found significant variation particularly in the questions dealing with specialized
knowledge of content where teachers were asked to interpret students’ misunderstandings
and misconceptions. This study will be limited to college and secondary school
instructors who have taught Algebra 1, Algebra II/Intermediate Algebra, or College
Algebra during the past two years. I did not anticipate any restrictions of range in this
study and none were found.
Finally, Bereiter and Scardamalia (1993) argued that an expert has strong selfregulatory knowledge. That is, the expert teacher has the ability to manage his or her
behavior and maintain concentration even in a chaotic classroom situation. There are
several scales that measure self-regulatory behaviors. One of these instruments, The
Learning and Study Strategies Inventory (Weinstein, Schulte, and Palmer, 2002),
includes a concentration scale that closely parallels Bereiter and Scardamalia’s (1993)
definition of self-regulatory knowledge. I revised the items, originally written for
students, to reflect similar behaviors from an instructor’s perspective. For example, “I
concentrate fully when I am studying” became “I concentrate fully when preparing a
lesson.”
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APPLYING ADAPTIVE EXPERTISE TO TEACHER QUALITY
Hatano and Inagaki (1984) argued that, if the object of one’s expertise naturally
occurs in random variations, then the procedures applied to deal with it will result in
varied outcomes, and natural experimentation will occur. This type of object encourages
the development of adaptive expertise. To make this point, Hatano and Inagaki
compared the case of the farmer who must grapple with the effects of nature on crops, to
the worker in a greenhouse, in which growing conditions are held constant and
predictable. The farmer is forced to learn how to react to ever-changing conditions and
adapt methods to new and, often, unpredictable circumstances. The employee in the
greenhouse, on the other hand, can develop standard routines for plant care that require
little, if any, variation.
Teaching, for the vast majority of educators, is more like working a farm than
working in a greenhouse. Indeed, the needs of learners are seldom consistent and
predictable. Each new class is populated with individuals from varying educational,
cultural, and social backgrounds, possessing different types and degrees of prior
knowledge; challenged by unique learning needs and personal barriers; and striving for
different learning goals. As Galbraith, cited in Galbraith and Jones (2006), noted: “The
mode and complexity of the teaching and learning process are confined to the
individuality and idiosyncrasies of those who take on the role of teacher and learner” (p.
20).
The complex nature of teaching, however, is rooted in more than the individual
characteristics of the teacher and learner. Lampert (2001) discussed the complex
interactions inherent in every teaching enterprise: between the teacher and the student,
the teacher and the content, the student and the content, the student and her peers, the
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teacher and the social groups within the classroom. Moreover, Lampert (2001) noted that
there are “complexities in time” – that is each lesson is nested within a larger unit and
within the course as a whole, and I might add, within the milieu of other instructors and
courses in which the learners are engaged. There are also “complexities of grouping” or
classroom social relationships – that is the teacher is teaching one way to the class as a
whole, another way to small groups of students with unique characteristics or needs, and
yet another way to the needs of individuals within each grouping. Finally, there is
“complexity in content” – that is the teacher needs to explain the what and how of a
concept, while also providing students with the links they need to connect that concept or
lesson to a larger body of knowledge. To illustrate this point, Lampert (2001) gave the
example of teaching students about decimals and relating it to place values and fractions,
while simultaneously helping students understand its connection to division and
multiplication. She claimed, “successful performance and understanding go hand-inhand” (p. 37).
Thus, few educators would argue that teaching is not a complex task. Every
teaching task or procedure is likely to elicit varied outcomes from different students and
at different times. The teacher is continually provided with opportunities for
experimentation and exploration, a prerequisite, according to Hatano and Inagaki (1984),
for the development of adaptive expertise.
Nevertheless, two questions remain. Are all teaching environments or
circumstances equally complex and naturally open to experimentation? Moreover, while
the teaching enterprise provides an environment in which adaptive expertise can occur, it
doesn’t guarantee that it will. What types of teachers will be more likely to take
advantage of these opportunities to learn and grow, and which will not?
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This latter question will be dealt with in the next section on teacher motivation.
The first question, however, deserves some discussion here. Are some teaching and
learning environments less prone to natural variation than others (i.e., are some more like
greenhouses than farms)? Logically, a teaching and learning environment, in which the
majority of the students are from similar, economically stable, family backgrounds, with
well-grounded emotional lives, and a strong academic foundation, would be closer to the
educational greenhouse than the farm. Granted, even in a prestigious four-year research
university a classroom full of this type of perfect student is an ideal, and not a reality.
Further, even if such an environment existed, the same complex interrelationships that
Lampert (2001) described would still pertain. Arguably, however, there may be degrees
of complexity. The teacher in a four-year research university may be able to more easily
ignore learner differences and group interactions, and attend more to the complexities in
the content. The teacher of developmental education students in a community college, on
the other hand, is more likely to be faced with the need to simultaneously attend to
individual differences and complexities in content, time, and groupings. This is an
untested hypothesis and one that is very likely correlated with teacher motivation and the
climate for innovation, issues to which I now turn my attention.
TEACHER MOTIVATION
As mentioned earlier, the teaching enterprise provides an environment in which
adaptive expertise can occur, but it doesn’t guarantee that it will. Therefore, it is prudent
to ask, what types of teachers will be more likely to take advantage of these opportunities
to learn and grow, and which will not.
Hatano and Inagaki (1984) suggest that an individual is more likely to develop a
deep conceptual understanding of a task or object of inquiry when they approach the task
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playfully or from a heuristic posture, without external pressures. However, if there is a
promise of external reward or punishment for performing the procedure correctly, they
will retreat into a “safety” mode. That is, they will focus on accurate performance of the
task, rather than developing a deeper understanding of it.
Bereiter and Scardamalia (1993) make a similar point. Learners who pursue an
instructional or task-oriented goal may demonstrate a high level of achievement on the
assigned task, but it is the learner who moves beyond these goals to a knowledgebuilding goal that develops a deeper understanding of the object of inquiry. The learner
engaged in a knowledge-building goal is not satisfied to stop with mere competency, but
progresses on to tackle aspects of the problem that will give them a deeper knowledge of
the phenomenon. Moreover, individuals who are engaged in this progressive problem
solving tend to report that they enter a state of flow, i.e., they are fully immersed in the
task and focused on solving the problem (Csikszentmihalyi, 1997). Pursuing knowledgebuilding will not necessarily lead to expertise. However, without it a deep knowledge of
the task and, thus, expertise can’t be achieved.
What is interesting is that these motivational mechanisms suggested in the
expertise literature point toward a body of work that is very familiar — achievement goal
orientation. The goal orientation approach emerged from the achievement motivation
literature as a way of explaining the aim and direction of an individual’s competencyrelated activities. Achievement goals generally refer to the way a person processes,
attends to, and understands information about their competence. Achievement goals can
be thought of as situation-specific, motivational systems that differentially influence
behaviors and beliefs about things such as one’s perceptions of a task or learning
environment, self-evaluation of competence, and persistence (Ames & Ames, 1984;
Dweck, 1986, Elliot & Harackiewicz, 1996, Nicholls, 1984).
28

Over time achievement goal approaches have been conceptualized in terms of a
dichotomous (Dweck 1986), a trichotomous (Elliot & Harackiewicz, 1996), and, most
recently, a 2 X 2 model (Elliot & McGregor, 2001). The dichotomous models have been
labeled variously as learning versus performance (Dweck, 1986, Dweck & Leggett,
1988; Licht & Dweck 1984), task-involvement versus ego-involvement (Nicholls, 1984)
and, mastery versus performance (Ames, 1992). Elliot and Harackiewicz (1996)
proposed a trichotomous model created by splitting the single performance goal into
performance-approach and performance-avoidance. They argued that the inability to
unambiguously correlate performance goals with negative achievement consequences
could best be explained by recognizing that there are two different types of performance
structures – one in which the individual seeks the challenge to demonstrate competence
(approach) and one in which the individual avoids the challenge so as not to fail
(avoidance).
Elliot and McGregor (2001) refined the trichotomous model further by proposing
a 2 X 2 matrix in which individuals are categorized by their definition of and valence
toward competence. In this reformulation, the individual with a mastery goal defines
competence in relation to the task itself and/or in relation to an intrapersonal standard.
The individual that defines competence in relation to others is said to have a performance
goal. The individual’s aims are further categorized depending upon their valence to the
task — that they are either attracted to the challenge (approach) or repulsed by it due to
their fear of failure (avoidance). This 2 X 2 model categorizes learners into one of four
categories based on these two dimensions: mastery-approach, mastery-avoidance,
performance-approach or performance-avoidance (Elliot & McGregor, 2001; Elliot,
2005).
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An individual who falls in the mastery-approach category measures their
competence against their perception of the difficulty of the task or their own intrapersonal
standard and seeks out novel and challenging tasks. Mastery-avoidance is the newest and
least researched achievement goal category. It refers to an individual that measures
competence in relation to the task or an intrapersonal standard, but rather than seeking
novel or challenging tasks, strives to keep from losing existing knowledge or skills.
Elliot (2005) described this dimension in relation to individuals who are aging and trying
to maintain competence in the face of cognitive loss. (This construct may prove useful in
explaining the observation that as a teacher’s tenure in the profession increases their
willingness to take risks goes down). The person with a performance-approach goal
measures their competence against others’, but still seeks out challenges. Performanceavoidant individuals, meanwhile, measure their competence against others and shy away
from challenging situations in order to avoid exposing themselves to failure.
Regardless of the model’s exact formulation, the research on achievement goals
has typically confirmed that mastery goals (approach-oriented only) yield more positive
achievement outcomes than performance-avoidant goals. Mastery goals have been
shown to: increase intrinsic motivation (Elliot & Harackiewicz, 1996; Harackiewicz,
Barron, Carter, Lehto, & Elliot, 1997); lead to a greater willingness to take risks (Dweck,
1986); predict a greater ability to transfer skills and knowledge (Farrell 1986 cited in
Dweck 1986); and predict a greater degree of engagement in self-regulatory and
metacognitive strategies (Nolen, 1988). However, performance-approach goals have
been shown in some situations to lead to greater achievement as measured by end-ofcourse grades (Harackiewicz et al., 1997). These findings have led some scholars to
suggest that the optimal goal structure might be one that combines the characteristics of
the mastery and performance-approach goals (Harackiewicz et al., 1997). However,
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without a mastery orientation an individual is not likely to develop adaptive expertise. It
can be hypothesized then, that a teacher who pursues a mastery or knowledge-building
goal toward teaching is more likely to develop a deep understanding of teaching, leading
him or her on the path of the adaptive expert.
MEASURING TEACHERS’ ACHIEVEMENT GOALS
Elliot (2005) noted that how we choose to measure achievement goals depends
on how we define the term goal. Thus, he argued, if we conceive of achievement goals
as aims – a standard to which we strive – our measures should focus on the individual’s
attraction or repulsion to the aim. On the other hand, if we conceive of a goal as both the
reason we do something (the why) and the aim (standard we strive to achieve), we should
include in our measures both the standard for that aim and the reason for our commitment
to that standard. Finally, if we conceive of achievement goals as a general orientation,
then our measures should include “many different dispositions, tendencies, processes and
outcomes associated with the aim“ (p. 65).
For the purpose of this study, I am defining goal as both an aim and a reason. If
our purpose is to understand how to engage teachers in life-long learning then we need to
know not only what they hope to achieve (aim) but also their reasons and the saliency of
those reasons for pursuing development. Therefore, one of the criteria for selection of a
scale measuring teacher’s achievement goals is that it focuses on both the aim of learning
to be a better teacher and the reasons for wanting to be a better teacher, or at minimum
the value placed on becoming a better teacher. Two additional criteria drive the decision
of how to measure teacher’s achievement goals. First, the measure must be focused on
the teacher as learner. Scales that focus on teacher’s desires for their students,
preferences for types of classroom structures, or teaching strategies do not measure the
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individual teacher’s aims or reasons for pursuing development opportunities. Second, it
must measure at least a trichotomous model of achievement goals and at best a 2 X 2
model.
In choosing the most appropriate measure of achievement goals for teachers
toward teaching then, I eliminated measures that either were originally developed for
students, such as the ACQ-S (Conroy, Elliot, & Hofer, 2003) and those that focus on the
teacher’s approach to instruction and teaching efficacy, such as the Patterns of Adaptive
Learning Scales (PALS) (Midgely, 2000).1
There are two scales that have been developed specifically for measuring teacher
achievement goals toward teaching. The Butler (2007) scale asks teachers ‘what would
make them feel they had a successful day in school?’ The responses are limited to things
that might happen such as “saw that I was teaching better than before.” Thus, the focus is
on the teacher’s affective response to events/behaviors that indicate whether their goal
toward teaching is one of doing the best they can or of receiving praise and recognition.
It is based on a trichotomous model of achievement goals: mastery, ability-approach and
ability-avoidance. I am eliminating this scale because it focuses on affect toward
responses to teaching rather than on aims.
The Goal Orientation Toward Teaching (GOTT) scales (Kucsera, Roberts, Walls,
Walker, & Svinicki, 2011) have been selected to measure the achievement goal
orientation of participants. This scale is the best of the available scales for measuring the
definition of goal as both aim and reason, even though it measures only three of the goal
orientations in the 2 X 2 model -- mastery, performance-approach, and performanceavoidance. The GOTT measures the teacher’s aim (pursuing development) and the value
1 For example, a mastery question under approach to teaching is: “During class, I often provide
several different activities so that students can choose among them. A mastery question under personal
teaching efficacy is: “If I try really hard, I can get through to even the most difficult student.”
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the teacher places on pursuing this aim – “the development of my teaching skills are
important enough to” or “the opinions of others about…are important to me; and their
aim to improve their teaching skill for example by “taking risks,” “seeking out
opportunities.” Overall, this instrument meets more of my criteria for a measure of
teacher’s goal orientation toward teaching.
THE CLIMATE FOR INNOVATION
There are two ways in which to think about the environment in the context of this
inquiry. First, is the idea that the goal structure of the environment encourages an
individual to adopt either a mastery or performance orientation toward teaching and
learning. As already discussed, Hatano and Inagaki (1984) argued that the goal structure
of the task encourages an individual to take either a ‘safety’ or a ‘heuristic’ approach to a
task. As we will see, Ames (1984) also concluded that a student’s goal orientation
depends, in large part, on the goals for student outcomes the teacher has for the task (i.e.,
deep understanding versus correct performance).
Second is the observation by Hatano and Inagaki (1984) and Bereiter and
Scardamalia (1993) that adaptive expertise is more likely in an environment that
encourages exploration. Hatano and Inagaki (1984), in particular, argued that the
expectation of reward for a successful outcome leads an individual to embrace an
efficiency orientation rather than one of exploration.
In theory, then, I would expect that the goal structure of the environment in which
a teacher works is a direct predictor of their goal orientation toward teaching and an
indirect predictor of their adaptive expertise. And the innovativeness of the climate is
very likely to be both a direct predictor of a teacher’s adaptive expertise and correlated
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with the goal structure of the environment. The question is how we measure these two
constructs: the goal structure and the climate for innovation.
MEASURING GOAL STRUCTURE
Ames and Ames (1984) concluded that the goals teachers have for student
outcomes impact the types of learning strategies they use and the goal orientations their
students adopt. Gordon, Dembo, and Hocevar (2007) measured the relationship between
teacher’s control ideology (custodial or humanistic) and their use of self-regulatory
strategies and achievement goal orientation. They concluded that a teacher who uses
self-regulatory behavior is more likely to have a mastery goal orientation, and a teacher
with a mastery goal orientation is more likely to have a humanistic (open and
collaborative) teaching style. Other studies have looked at how a teacher’s sense of selfefficacy and their classroom goal structure2 are related (Wolters & Daugherty, 2007);
how a student’s perception of the classroom goal structure affects their adoption of a
mastery or performance goal orientation (Ames & Archer, 1988); and how a teacher’s
goal orientation impacts their use of a cognitively stimulating and autonomous teaching
strategy (Retelsdorf, Butler, Streblow, & Schiefele, 2010). The common link between
these studies is their focus on the association between teacher’s goals and beliefs and how
this affects their students’ choice of achievement goal structure and/or academic
achievement.
While there are a few existing tools for measuring classroom goal structure, all of
them are directed at the impact of the classroom and teacher’s practices on student’s
achievement goals, and most are focused on students in elementary and secondary
2

Mastery classroom goal structures encourage student adoption of mastery goals and performance
goal structures foster student adoption of performance goals.
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settings. For that reason instruments such as the PALS (Midgley, C. et al., 2000),
Church’s and her colleagues’ (2002) perceived classroom environment instrument, and
the Classroom Motivation Questionnaire (CMCQ) (Tapia & Heredia, 2008) were
eliminated from consideration.
A next logical step for finding measures of these dimensions is to review the
literature on school climate. Although there has been more than 100 years of research on
school climate, most of the research has focused on student safety and discipline, clean
facilities and access to resources, social relationships (respect for diversity and
community engagement), student engagement and academic outcomes from a student’s
point of view (Zullig, Koopman, Patton, & Ubbes, 2010). Therefore, I also eliminated
from consideration instruments like the High Performance Learning Community
Assessments or HiPLACE Assessment (Center for School Improvement and Educational
Policy, 2011), and the Comprehensive School Climate Inventory (CSCI) (Cohen,
McCabe, Michelli, & Pickeral, 2009).
To date, the achievement goal literature has ignored the organizational climate of
schools and their impact on teacher’s achievement goals. Fortunately, although the
TARGET system proposed by Ames (1992) is designed for measuring student classroom
goal structures, it provides valuable insights into the types of items that should be
developed to measure the impact of the goal structure on teachers. The TARGET system
examines five dimensions of the classroom that influence student achievement goals:
nature of the tasks assigned, authority relation between the teacher and students, nature of
recognition or rewards for accomplishments, whether students are grouped in a manner
that promotes collaboration, whether evaluation of student work is private and promotes
mastery, and whether or not students are allowed to schedule tasks and complete
assignments at their own pace (Ames, 1992; Meece, Anderman, & Anderman, 2006).
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The TARGET system suggests that a measure of school goal structure that examines
teachers’ perceptions of their school or institution should include each of the five
following dimensions:


Within their current school or institution is teaching challenging and interesting to
them? Are they encouraged to adapt their teaching to the diverse needs of students
and to try varying strategies? In other words, is the Task of teaching challenging
and interesting?



In this school or institution is Authority centralized or shared? Are teachers
involved in decision-making about the direction of the school or institution,
investment in resources, curriculum, and teaching strategies? Are they given the
opportunity to assume leadership roles in the institution?



Do they receive Recognition for their teaching that promotes individual effort,
improvement and accomplishments? Are their incentives to improve? Are they
rewarded for individual effort in teaching or only for student outcomes, or nonteaching activities?



Are teachers encouraged to discuss their teaching in professional learning
communities or other types of Groupings that promote peer collaboration and
cooperation? Is professional development focused on improving teaching
encouraged and available?



How is a teacher’s performance Evaluated? Is performance evaluation private or
public, i.e., does it encourage individual improvement and mastery of teaching, or
teacher-to-teacher comparison? Is it based on individual effort or on student
outcomes or performance in non-teaching activities such as publication, service
and research?
36



Are teachers given optimal planning Time in which to reflect on their teaching
practice, and experiment with and test new ideas?
Lee, Dedrick, and Smith (1991) take another approach to measuring school

climate in their study of teacher efficacy and satisfaction. They used select items from
the National Center for Education Statistic’s High School and Beyond (HS&B) Survey of
Teachers and Administrators (NCES, 2008) to study how teacher’s perceptions of their
schools impacted their satisfaction. These questions are focused on K-12 institutions and
can be adapted for measuring teacher collaboration and control issues. For example, the
Sense of Community scale measures the cooperative spirit and support among teachers.
They also measure the amount of time teachers spend collaborating with each other, and
their knowledge of the content and goals other teachers have in their courses.
The scale used in this study for measuring the climate for innovation also has
parallels to the measure of school goal structure. Items on the Siegel Scale for Innovation
(Siegel & Kaemmerer, 1978), and on Scott and Bruce’s (1994) revision of this scale have
correlations to the task and authority dimensions of the TARGET model. However, since
the intent is to measure openness to innovation and not goal structure, the fit is not
perfect. Although the climate for innovation measure used is likely to be correlated to the
goal structure measure, it is not a substitute for one. Thus, a new instrument based on the
TARGET model, incorporating some questions from the HS&B Teacher and
Administrator Survey (2008), and focused on the instructors’ perceptions of their
institution or academic department was developed for this study.
MEASURING CLIMATE FOR INNOVATION
Mathiesen and Enairsen (2004) review four popular inventories for measuring the
impact of organizational climate on innovation and creativity: KEYS: Assessing the
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Climate for Creativity; Creative Climate Questionnaire/Situational Outlook
Questionnaire (CCQ/SOQ); Team Climate Inventory (TCI); and the Siegel Scale of
Support for Innovation (SSSI). Neither the CCQ/SOQ nor the TCI have been used in
school settings. Moreover, the TCI is intended for work teams and the KEYS inventory
is intended to be used with groups of three or more individuals from the same
organization. Thus, the CCQ/SOQ, the TCI and the KEYS were eliminated from
consideration.
For this study, a modified version of the SSSI used by Scott and Bruce (1994) was
selected. Scott and Bruce (1994) dropped the personal commitment scale of the SSSI
because it failed to distinguish between innovative and non-innovative organizations.
They also selected items from the support-for-creativity and tolerance-for-difference
subscales and added four items on perceptions of reward-innovation dependency and six
items measuring perceptions about resource availability in support of innovation.
However, they discovered that while resource supply was highly correlated to support for
innovation, there was no relationship between resource supply and innovative behavior.
Scott and Bruce (1994) concluded that resource supply acts as a suppressor of the
relationship between support for innovation and innovative behavior. Thus, the scale
used in this study does not include the resource supply items.
SUMMARY
To date, none of the constructs discussed here have been applied systematically to
the study of teaching. Very little work has been done on deliberate practice as a means
for improving teaching, and even less has been done on what constitutes adaptive
expertise in teaching. Further, to the extent that teachers have been studied in relation to
achievement goal orientations, the research has focused on the impact of a teacher’s goal
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orientation on the students’ motivation, goal orientation or learning outcomes. Only
recently has any work been done on the goal orientation of the teacher toward teaching.
One reason for this lack of attention is the difficulty inherent in defining expert
teaching. Unlike activities like figure skating, playing tennis or chess, there is little
agreement about what makes a teacher an expert. Bereiter and Scardamalia (1993) note
that it is easier to recognize expertise in domains in which we aren’t all engaged.
Everyone is, at some point in their life, engaged in teaching - as a co-worker, older
sibling, and/or parent. Perhaps, it is for this reason that we have so much difficulty
defining quality teaching.
This study contributes to the debate about the nature and processes of expertise by
studying the effect of institutional climate, mastery goal orientation, and problem-solving
orientation on teachers’ expertise in mathematics teaching. Moreover, it engages in the
dialogue surrounding teacher quality, by proposing a set of constructs that, together,
serve as a measure for those amorphous aspects of teacher quality (such as, “keen insight
and good judgment” and continuous professional improvement), embodied in the
construct of adaptive expertise, that Berliner (2005) has claimed are too difficult to
measure. This study has five main research questions:
1. Is the construct of adaptive expertise, defined as deliberate practice and
progressive problem solving, useful for identifying teachers who have the traits of
an adaptive expert and who may potentially follow an expert career path?
2. To what extent does mastery goal orientation explain an individual’s problem
solving orientation, as measured by his or her self-reported tendency to engage in
deliberate practice and/or progressive problem solving behaviors?
3. Does the climate of the institution, as measured by the institution’s support for
innovation and goal structure, help to explain an instructor’s mastery goal
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orientation and/or problem-solving orientation, as measured by his or her selfreported deliberate practice and/or progressive problem solving behaviors?
4. To what extent does an individual’s problem solving orientation help to explain
his or her content knowledge of the discipline of mathematics or pedagogical
training, as measured by the number of college mathematics and education credits
they have earned, and/or experience teaching mathematics?
5. To what extent does an individual’s problem-solving orientation combined with
his or her training in mathematics and/or pedagogy help to explain expertise in
mathematics instruction, as measured by his or her score on the LMT (i.e., his or
her knowledge of content (SKC) and knowledge of students and content (KSC))?
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CHAPTER 3: METHODS

According to Hatano and Inagaki (1984) situations that require the actor to
respond to objects that vary (students) and conditions that are unpredictable (group
dynamics) encourage heuristic behaviors, and thus adaptive expertise. Teaching was
chosen as the object of this study primarily because it is an inherently heuristic task that,
under appropriate conditions, may lead to the development of adaptive expertise.

Figure 1: Path diagram - Expertise as a Function of Experience

Applying the theory of adaptive expertise to an inherently heuristic process, such
as teaching, calls for a more complex model of the development of expertise than one that
assumes expert performance is a function of experience (Figure 1). It calls for a process
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model in which experience, formal education, a teacher’s goal orientation toward
teaching, self-regulatory skills, and problem solving orientation together explain expert
performance. Moreover, these skills and orientations are influenced by the climate of the
institution or school (i.e., the goal structure and support for innovation in the climate). If
the theory of adaptive expertise as a process is a useful construct for understanding a
teacher's expert performance, then this alternative model (Figure 2) should explain the
development of expertise in teaching better than a model that assumes that expertise is
primarily a function of experience. A teacher’s experience in the profession (as measured
by the number of semesters teaching) is, in turn, influenced by the supportive nature of
the school or institution in which they work.

Figure 2: Path Diagram – Theory of Adaptive Expertise
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HYPOTHESES.
The following 10 hypotheses were tested using latent variable SEM and cluster
analysis:
Hypothesis 1: A Cluster Analysis model using the deliberate practice, bisociative
problem solving/progressive problem solving, and mastery goal orientation items as
criterion variables produces two stable groups of participants with significantly different
problem-solving and mastery goal orientations.
Hypothesis 2: The cluster groups’ scores on the LMT are significantly different,
with the adaptive expertise group scoring higher than the non-adaptive expertise group.
Hypothesis 3: Three separate Cluster Analysis models using the deliberate
practice, bisociative problem solving/progressive problem solving, mastery goal
orientation items, along with 1) experience teaching mathematics, 2) number of
mathematics, and 3) number of education credits earned as criterion variables produces
stable groups of participants.
Hypothesis 4: The cluster groups’ scores on the LMT, for each of the three sets of
binary clusters formed using the criterion variables in Hypothesis 3, are significantly
different, with the adaptive expertise group scoring higher than the non-adaptive
expertise group.
Hypothesis 5: Structural Equation Model 1 (Figure 5) has a good fit to the data as
determined by the RMSEA, CFI, and WRMR measures of fit.
Hypothesis 6: Structural Equation Model 2 (Figure 6) fits the process through
which an instructor acquires expertise in mathematics teaching, as defined by the degree
of informal/impressionistic knowledge (SKC and KSC) she or he possesses, better than
Structural Equation Model 1 (Figure 5).
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Hypothesis 7: The effect of the latent variable Goal Structure and Support for
Innovation on Mastery Goal Orientation is positive and strong.
Hypothesis 8: The latent variable Mastery Goal Orientation has a positive and
significant effect on the latent variables Deliberate Practice and Progressive Problem
Solving.
Hypothesis 9: The latent variables Deliberate Practice and Progressive Problem
Solving have a significant, positive effect on experience teaching mathematics, the
number of mathematics credits and the number of education credits an individual teacher
has earned.
Hypothesis 10: An individual’s experience teaching mathematics (as measured by
the number of semesters teaching), the number of mathematics credits, and the number of
education credits earned will have a positive and significant effect on his or her score on
the LMT.
THE SAMPLE
A total of 204 completed surveys were collected, with 82 percent of participants
from two-year and four-year colleges and only 18 percent from secondary schools. Table
2 shows the demographic and professional characteristics of the participants. The
majority of participants were female, with a mean age of 47 years. Further, most
participants (72 percent) reported they had earned a M.A. or Ph.D. in mathematics and
had earned on average 70 college credits in mathematics. However, they had less
training in education theory and practice. On average, they said they had completed only
28 college credits in education, with the most frequent response to this question being
zero credits completed. Nevertheless, 41 percent said they hold a current teacher
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certificate. Participants who said they had not taught Algebra over the past two years
were thanked and excused from completing the survey. Those who had taught Algebra
were asked how many credits of each of three types of basic Algebra they had taught
during this period. Participants’ recent experience teaching Algebra was spread across all
three basic courses: Algebra 1, Algebra II/Intermediate Algebra, and College Algebra.

Table 2: Demographic and Professional Characteristics of the Sample (N = 204)

Item
Female

Percent

Mean

62

Average Age

47

Mathematics Credits Earned

70

Education Credits Earned

28

Semesters Teaching Mathematics

36

College teachers

82

Current Teaching Certificate

41

Highest Degree in Mathematics: M.A. or Ph.D.

72

Taught more than 6 Credits in last two years: Algebra I

44

Taught more than 6 Credits in last two years: Algebra II/Intermediate

50

Taught more than 6 Credits in last two years: College Algebra

50

PROCEDURE
Approval to proceed with the study was received from the University of Texas
Institutional Review Board in June 2012 (study number 2012-06-0005). Final decisions
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were made about the set of items to be included in the study, and an online survey was
created. Eight mathematics instructors from Texas State University pilot tested the
survey in August 2012. They provided feedback on the wording and appropriateness of
the questions and functionality of the online survey. Each instructor received a gift card
valued at $20. In response to their feedback minor changes in wording were made to a
couple of the demographic and professional background questions.
Links to the survey, information about incentives offered, and IRB disclosure
information (for participants who were invited to participate by a colleague or who
received the postcard invitation) were posted on a website. Screen shots of the website
are included in Appendix A. Complete disclosure information was included in the e-mail
invitations. Copies of the e-mail and postcard invitations are included in Appendix B.
Between September 17, 2012 and December 15, 2012, approximately 7,100
college and secondary mathematics instructors were invited to participate in the study
through e-mail and mail lists purchased or acquired from three national associations of
college mathematics instructors (National Association of Developmental Education, the
American Mathematical Association of Two-Year Colleges, and the Mathematics
Association of America3). A list of more than 15,000 secondary mathematics instructors
in Texas was also purchased from the Texas Education Agency. In addition, snowball
sampling was used to increase the response rate. Teachers who were sent invitations
were asked to invite their colleagues to participate. Requests were sent to the
mathematics specialists at all 20 Texas Education Regional Service Centers, the
Southwest Education Development Laboratory (SEDL), the Texas Higher Education
3

The Mathematics Association of America (MAA) list included members of several national mathematics
associations including the American Mathematical Society (AMS), Association for Women in Mathematics
(AWM). I planned to purchase a list of secondary teachers from the National Council of Teachers of
Mathematics but decided not to due to the expense.
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Coordinating Board, and colleagues from the University of Texas at Austin and the
Denver Public Schools asking them to inform teachers, with whom they were acquainted,
to about the study.
Approximately 2,100 e-mail invitations were sent and a total of 5,000 postcards
were mailed to teachers for whom e-mail addresses were not available. Invitations were
sent out in waves with approximately 2,000 postcards and 900 e-mails sent in late
September 2012, a second wave of approximately 2,000 postcards and 800 e-mails in
mid-October 2012, and a final wave of 1,000 postcards and 400 e-mails in November
2012.
Participants were directed to a link for a two-part, online survey with 134 items.
The survey software was programmed to allow participants to start the survey, stop, and
return later to complete it. Part One of the survey contained 100 question stems about
goal orientation, problem-solving orientation, climate of the institution/school, and
demographic and professional characteristics. Part Two of the survey was the 34-item
Learning Mathematics for Teaching Algebraic Reasoning Assessment. In order to reduce
non-response, participants were required to select a response for all items on a page
before leaving the page. A Don’t know response item was added to the LMT Algebra I
assessment so that participants would have to respond before exiting each page.
Participants were asked to enter their First Name and e-mail address at the
beginning of the survey and a mailing list code from the postcard, if they received one.
They were informed that this information would be used to remind them to complete the
survey and enter them into the prize drawing. Due to the high cost of mailing,
participants sent postcard invitations did not receive reminders unless they began the
survey and entered this information. Participants sent e-mail invitations received exactly
three e-mail reminders at approximately 10-day intervals.
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Incentives were given to participants to complete the survey. The invitation
informed them that four prizes worth $100 each would be given out at the end of the
survey. They were directed to the website where pictures of the prizes were posted: two
Echo SmartPens from Livescribe and two Coby Kyros 7-Inch Android 2.3 4 GB Internet
Touchscreen Tablets. In order to encourage participants with partial responses to
complete the survey, four $20 Starbucks cards were also given out as prizes to anyone
who completed the survey by December 15, 2012. Notice of these additional prizes was
included in reminders sent to participants in November and December 2012. Prizewinners were selected in December 2012. Mailing addresses were requested from the
winners, and all prizes were mailed in January 2013.

MEASURES
Seven different types of measures were included in the survey. These include
multiple measures for each of the latent constructs: support for innovation, goal structure
of the environment, teacher’s goal orientation toward teaching, self-regulation,
bisociative problem solving style, progressive problem solving, and deliberate practice.
A direct measure of mathematics content knowledge was not available. The LMT
Algebra I assessment was originally intended to provide this data point. However, the
LMT is uni-factorial. Thus, it could not be used to provide a measure of content
knowledge (CK) separate from the knowledge of content and students (KCS) or
specialized content knowledge (SCK) constructs. Therefore, two continuous variables
measuring college credits earned in mathematics and education were used as a proxy for
content knowledge. The number of semesters a respondent had taught mathematics was
used as a measure of a teacher’s experience.
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Demographic questions. The demographic questionnaire was used primarily to
gather information on the participant’s level of teaching experience, formal education,
and demographic characteristics. The questionnaire measured three types of experience,
the number of semesters teaching: (1) mathematics at their current grade level, (2)
mathematics at any educational level, and (3) teaching any subject at any grade level. It
also measured their formal educational experience with mathematics and pedagogy by
asking them how many credit hours they had earned in mathematics and in education, as
well as about the highest degree they had earned in mathematics and in other areas. They
were also asked if they had a current teaching certificate. In addition, three other
characteristics were collected: type of institution in which they were employed, gender,
and age (Appendix C).
Goal Orientation Toward Teaching (GOTT). The GOTT is a measure of the
latent variable Goal Orientation. The coefficient alphas for each of the three scales in a
convenience sample of individuals from a large southern university with at least one
semester of teaching experience were in the acceptable range for low stakes applications
(Nunnally & Bernstein, 1994): mastery .66-.70; performance-approach .70, and
performance-avoidance .68-.74 (Kucsera et al., 2011). For this study only the mastery
and avoidance scales were included in the survey. Three new items were added to each
scale so that they could be used separately in the analyses. The alphas for the two revised
scales are mastery .80 and performance-avoidance .67. Only the mastery scale was used
in the analyses because of its theoretical importance and stronger reliability. For
example, teachers were asked to agree or disagree with items measuring their mastery
orientation to teaching such as, “I actively seek out opportunities to improve my teaching
skills and techniques” (Appendix D).
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Self-Regulation for Teaching Scale. The measure of self-regulatory behavior
used in this study is adapted from three of the four sub-scales of the Learning and Study
Strategies Inventory (LASSI) that measure self-regulation: Concentration, Time
management, and Study aids (Weinstein & Palmer, 2002). Select items were taken from
each of these three scales. Items in the fourth scale, test-taking strategies, were not
applicable to teachers. Fifteen items (eight of the original eight Concentration items, four
of eight Study Aids, and three of the eight Time Management items) were selected and
reworded to reflect teacher behaviors. For example, teachers are asked to indicate if a
behavior such as “I concentrate fully when planning a lesson” or “I try to find a colleague
or group of colleagues to work with” is typical for them (Appendix E). The original
scales had adequate to strong levels of reliability in a sample of incoming freshmen from
a large southern university: Concentration, .86; Study Aids, .73; and Time Management,
.85. They each loaded strongly on the latent variable Self-Regulation. The reliabilities
for the teacher-focused items are Concentration, 84, Study Aids, .85, and Time
Management, .32. Because the Time Management scales reliability was too low, these
items were not used in this study.
Problem Solving Scales. I collected data on three aspects of problem solving:
bisociative problem solving style, deliberate practice, and progressive problem solving.
For the purposes of this study, I chose a modified version of the Jabri (1991) bisociative
scale to measure one aspect of problem solving. Jabri's 9-item, bisociative scale was
found to be internally consistent with a coefficient alpha of .80 for a sample of scientists
and engineers. Eight additional items were created to measure aspects of progressive
problem solving and deliberate practice. An Exploratory factor analysis of these items
found a two-factor solution: bisociative/progressive problem solving and deliberate
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practice. The reliability for the 9-item bisociative/progressive problem solving was .84,
and for the three-item deliberate practice scale was .73.
The question stem for all items was changed from Jabri’s bisociative scale from:
“I am a person who:” to “I am a teacher who:” Respondents were asked to indicate on a
five-point scale from “is very unlikely to” through “is very likely to,” if they are likely to
do such things as: “Pursue a problem, particularly if it takes me into areas I don’t know
much about,” “Seek a way to meet the learning needs of each student,” and “Seek out
new opportunities to improve my skills as a teacher” (Appendix F).
Modified Siegel Scale of Support for Innovation. The Scott and Bruce (1994)
modified SSSI is a 26-item scale that measures the latent construct Support for
Innovation. It is a measure of the respondents’ perception of the receptiveness of their
school/institution to innovative behaviors. A factor analysis (Scott & Bruce, 1994)
revealed two subscales, support for innovation and resource supply. Cronbach’s alpha
for the support for innovation scale was very strong at .92 in a sample of engineers,
scientists, and technicians employed in a large R&D firm. For the resource supply scale,
the alpha was adequate at .77 in this same sample. However, Scott and Bruce (1994)
concluded that resource supply acts as a suppressor of the relationship between support
for innovation and innovative behavior. Therefore, in this study, only the 16 items that
load on the support for innovation scale were used.
The reliability of the support for innovation scale for my sample was .945.
Respondents were asked to use a five-point Likert response set ranging from strongly
disagree to strongly agree to respond to items such as, “This place seems to be more
concerned with the status quo than with change” (Appendix G).
Institutional Goal Structure. Another measure of the receptiveness of the
climate for innovation lies in the ways in which the institutional culture fosters either
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performance or mastery achievement goals. The goal structure scale (Appendix H)
measures each of the five elements of Ames’ (1992) TARGET model for mastery goal
structure. Items from the 1984 High School and Beyond (HS&B) Administrators and
Teachers Survey conducted by the National Center for Education Statistics, and cited in
Lee, Dedrick, and Smith (1991), were modified to make them appropriate to the
experience of college instructors. Additional items were added to cover areas of the
TARGET model not covered by the HS&B survey.
Five scales were created: a 7-item Authority/Control scale, a 5-item
Evaluation/Reward scale, a 5-item Grouping/Collaboration scale, a 4-item Recognition
scale, and a 4-item Task scale. An exploratory factor analysis found the expected fivefactor solution. The reliabilities for all five scales were moderately strong with alphas of
Authority/Control, .79; Evaluation/Reward, .79; Grouping/Collaboration, .73;
Recognition, .85; and Task, .79.
Respondents were asked how strongly they agree or disagree with statements such
as, “I feel successful as a teacher” and “I have a great deal of control of my teaching and
planning, when it comes to selecting teaching strategies.”
Learning Mathematics for Teaching (LMT) Assessment of Content
Knowledge for Teaching for Teachers of Algebra I. The LMT (Learning Mathematics
for Teaching Project, 2011) is a series of instruments for assessing teacher’s content
knowledge (CK), knowledge of students and content (KSC), and specialized knowledge
of content (SKC). These instruments, developed at the University of Michigan, are
designed to measure teacher’s knowledge and evaluate professional development
programs. I received training on the use of these instruments from the Learning
Mathematics for Teaching project in May 2012 at the University of Michigan. The LMT
for Assessment of Content Knowledge for Teaching for Teachers of Algebra I was used
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in this study to measure Expert Performance in Mathematics Teaching. The LMT
Algebra I assessment is targeted at K-8th grade teachers, but has been used successfully
with pre-service and in-service teachers completing Masters degrees and Master teacher
certificates in mathematics without encountering a ceiling effect (Nankervis, 2009). The
reliability coefficient for the Algebra instrument is very strong (.93) in a national sample
of middle school teachers (Hill, 2007). This assessment was used exactly as written with
the exception of adding a “Don’t know” response to avoid confusion about the meaning
of missing responses. Each question was scored correct or incorrect using the scoring
guide provided by the developers. Participants were given a score of one for each correct
answer and a score of 0 for each incorrect answer. The highest score possible was 34.
The LMT instruments are proprietary, therefore only previously released sample
questions are included in Appendix I.
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CHAPTER 4: RESULTS

Two types of quantitative analyses were used to investigate the data: Cluster
Analysis and SEM. Since the preliminary analyses for both types of procedures are
similar they are discussed first. The procedures used for and results of the Cluster
Analyses are discussed next, followed by those for the SEM.

PRELIMINARY ANALYSES
Responses to the survey were completed by 205 participants. After checking the
data for consistency, the first step was to examine it for unusual responses and outliers.
The initial review of the data revealed one respondent with Don’t know responses for the
entire Learning Mathematics for Teaching Assessment of Content Knowledge for
Teaching for Teachers of Algebra 1. This case was considered missing and trimmed
from the data leaving 204 cases.
The online survey was programmed to require participants to provide a response
before moving to the next item or page. As a result, there were very few missing cases in
the data. Missing cases comprised less than 1 percent of all responses. Moreover, since
it appears the missing cases were due to failure to respond to open-ended items and to a
programming problem with one of the categorical variables, it is relatively safe to assume
that the missing data are missing completely at random (MCAR).
Fortunately, Mplus uses full information maximum likelihood (FIML) estimation
to adjust for continuous and categorical predictor variables with missing data (Muthén,
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2005). Maximum likelihood imputation methods, such as FIML, are generally
considered to be the best methods for dealing with missing data (Keith, 2006 p. 394).
Most of the items in the survey were categorical or were restricted to a 5- or 6item (generally Likert) continuous response format. However, there were several
variables for which participants entered open-ended numerical responses: semesters
teaching mathematics (SEMATH/SEMATL)4, college credits earned in mathematics
(MATHCRED) and education (EDCRED). A multiple regression was conducted with
the Learning Mathematics for Teaching (LMT) Algebra I assessment score
(LMTSCORE/LMTSCL)5 as the outcome. The Cook distance, Leverage, and Influence
statistics were examined and each of these three variables were found to have at least one
outlier (See Table 3). Further investigation suggested that these responses were not only
unusually high or low, but also contradicted other values reported by the same
respondent. For example, a value of 250 semesters teaching mathematics, or roughly
62.5 years of teaching (assuming 4 semesters per year, 2 long semesters and 2 summer
semesters), was reported. However, the age of the participant was reported to be only 50
years.
Reifman and Keyton (2010) cited studies suggesting that winsorization is
preferable to trimming for small data sets. Thus, winsorization, setting the outlier to the
next closest value in the data, was used to modify the outliers for these three variables.
Because the most common response for the education credits variable was 0, a modified,
4

The semesters teaching math variable has two forms. The raw form of the variable (SEMATH) and log
transformed variable (SEMATL). The SEMATH variable was used in the Cluster Analyses. The SEMATL
variable was used in the SEM.
5 The Learning Mathematics for Teaching Assessment Score variable has two forms. The raw form of the
variable (LMTSCORE) and log transformed variable (LMTSCL). The LMTSCORE variable was used in
the Cluster Analyses. The LMTSCL variable was used in the SEM.
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asymmetrical winsorization was used for the education credit variable. That is, only the
high value outlier was winsorized.

Table 3: Winsorization of Outliers

Outliers
Variable

Low

High

Type of Winsorization

SEMATH

2

150

Symmetrical

MATHCRED

9

250

Symmetrical

EDCRED

0

200

Asymmetrical

Possible non-normal distributions in the data were also investigated. The
existence of univariate non-normality indicates a potential problem with multivariate
non-normality (Byrne, 2012). The Skew scores were all within normal range. Although
none of the Kurtosis scores were over the +/- 7.0 threshold for problematic data
suggested by West, Finch, and Curran (1995), they were above the +/- 2.0 suggested by
others (Byrne, 2012).6 Fortunately, the winsorization of variables, discussed previously,
adjusted these larger kurtotic values. However, the large number of smaller kurtotic
variables is still a concern because it signals problems with the distributions of some of
the ordinal variables. Table 4 lists the top three kurtotic variables before and after
winsorization.

6

Byrne (2012) suggests that Kurtosis is more of a problem for SEM than Skew. Where skew affects the
estimates of means, kurtosis affects estimates of the variances and covariances (the basis for SEM).
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Table 4: Skew and Kurtosis Before and After Winsorization

Before
Variable

After

Skew

Kurtosis

Skew

Kurtosis

SEMATH

1.05

1.26

.79

-.15

MATHCRED

1.27

7.56

.20

.67

EDCRED

1.70

5.80

1.01

.71

Another issue to consider is nonlinearity. There is a theoretical reason to suspect
that the length of time a teacher is in the profession may be non-linearly related to expert
performance. Earlier, I discussed Berliner’s (2004) observation that teachers improve
their ability to increase students’ achievement up to year seven, and then level off until
they near retirement when performance declines slightly. If this dynamic is at play in the
data, it could signal a possible non-linear relationship between semesters teaching
mathematics (SEMATH/SEMATL) and the participant’s score on the LMT Algebra I
assessment (LMTSCORE/LMTSCL). I tested for a non-linear relationship using the
curve fitting function in SPSS (Keith, 2006). The program suggested that the power
function performed best. Transforming both the dependent and independent variable may
not be wise, however, because transforming the dependent variable may affect its
relations with other independent variables. Therefore, I also tested the log transformed
LMTSCORE variable with the other variables proposed for the model. Fortunately, I
found that the log transformed LMTSCL variable did not substantially change the
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relation with the other independent variables7. The R2 for the LMT score regressed on
semesters teaching mathematics was substantially larger (.007 versus .049) when the
power transformation of the LMTSCL and SEMATL variables was used. Further, as will
be discussed later, the power transformation similarized the variances between these
variables, something that turned out to be important later for model convergence. Similar
tests on the other variables being modeled did not find non-linearity.
Multicollinearity is another problem that was addressed. Although I hypothesized
that my predictor variables were related, I did not initially check for multicollinearity.
When initial testing of the model resulted in standardized regression coefficients
substantially greater than 1, I re-examined the data. Nevertheless, when the MASTERY
and deliberate practice (DELPRAC) variables were regressed on LMTSCL,
multicollinearity did not appear to be a problem. There were no tolerance scores lower
than .45 and no VIF scores over 2.5 (Keith, 2006). The convergence problem with the
model was resolved, but it was not due to multicollinearity. I will discuss this more later.
There are two other possible violations of assumptions to consider: nonindependence of the data and heteroscedasticity. The data were collected from a
convenience sample of individuals across institutions and states, therefore independence
of the data is presumed. Heteroscedasticity was tested by generating a multiple
regression using the LMT score as the dependent variable and examining a scatter plot of
the standardized residuals. The plot points were fairly evenly distributed indicating that
the data were reasonably homoscedastic.

7

The log transformation of the LMTSCL had little impact on its relationship with other variables. For
example, the R2 for LMTSCL on MATHCRED changed from .124 to .125; on EDCRED from .026 to .027
and on Mastery Orientation (MASTERY) from .039 to .034.
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ANALYSIS PROCEDURES AND RESULTS
Two types of quantitative analysis procedures were employed: Cluster Analyses
and SEM. Cluster analysis groups cases based on criterion variables. It enables the
researcher to identify membership of participants in clusters distinguished by their
loading on a set of criterion variables. SEM tests the fit to the data of a theory about the
effects variables have on one another. The Cluster Analysis is discussed first.

Cluster Analyses
A series of Cluster Analyses were conducted to place participants in groups based
on four sets of criterion variables. The characteristics that make each set of clusters
unique were then analyzed and interpreted. Finally, the ability of these clusters to explain
a teacher’s pedagogical content and knowledge of content and teaching (as measured by
the Learning Mathematics for Teaching assessment - LMTSCORE), acquisition of
mathematics (MATHCRED) and education credits (EDCRED), and length of time
teaching mathematics (SEMATH) were tested.
The two-step cluster analysis method was selected because of the relatively small
size of the sample (N = 204) and the use of categorical variables for the criterion
variables. The log likelihood distance calculation was used to form the clusters.8
The first Cluster Analysis used the four MASTERY and three DELPRAC
variables as the criterion. Two clusters of relatively similar size were generated that
possessed good cohesion. These clusters were also characterized by statistically
8

Prior to conducting the cluster analysis, correlations were generated for all the criterion variables and
inspected to see if any correlations were at .9 or greater. A correlation of this magnitude would indicate
multicollinearity and one of the linearly dependent variables should be removed. No correlations of this
magnitude were observed (Mooi & Sarstedt, 2011).
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significant differences on each of the mastery and deliberate practice criterion variables.9
Members of Cluster 1a (N = 93), or Expert Path Leaders, were significantly more likely
to strongly agree than members of Cluster 2a with the statements: “I actively seek out
opportunities to improve my teaching skills and techniques;” “I actively seek out ways to
teach that will meet the learning needs of my students”; and “[I] seek out new
opportunities to improve my skill as a teacher.”
That is not to say that members of Cluster 2a disagreed with these statements.
They also agreed with each of these statements, but they were more likely to agree than
strongly agree. For members of Cluster 2a (N = 111), the Expert Path Followers, these
activities were important, but not quite as salient as they were to the Expert Path Leaders.
Further, while the two clusters were significantly different in the salience with which they
agreed on the mastery and deliberate practice items, it was the three items (BMAK03,
BMAK01 and DDP03, see Table 5) that emphasized actively seeking new knowledge that
were the most important in distinguishing the two clusters. Interestingly, the Leaders and
Followers are employed in college and secondary education in roughly identical
proportions to the sample as a whole (82 percent college and 18 percent secondary) (see
Table 5).

9

As determined by an ANOVA of the cluster membership groupings with the criterion variables.
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Table 5: Goal Orientation and Deliberate Practice Cluster Analysis

Percent who Strongly Agree or Agree with Distinguishing Statements
and Percent Teaching in College and Secondary Schools
By Cluster
Leaders
Followers
N = 93
N = 111

Item
The value of trying new teaching
methods outweighs the risk of
making a mistake.
I actively seek out opportunities
to improve my teaching skills and
techniques.
I am a teacher who is:
To seek out new opportunities to
improve my skills as a teacher.

Percent
Strongly Agree
Agree

Percent
Strongly Agree
Agree

83.3

33.0

16.7

67.0

77.0

23.1

23.0

76.9

Very Likely

Likely

Very Likely

Likely

80.7

22.0

19.3

77.6

Percent Teaching in:
College

82.7

82.0

Secondary School

18.3

18.0

Three additional clusters were analyzed each based on a different predictor
variable: semesters teaching mathematics (SEMATH) and number of college credits
earned in mathematics (MATHCRED) and education (EDCRED). The cluster analysis
focused on teaching experience used 3 criterion variables: SEMATH, Credits of Algebra
1 (ALGEB1), and credits of Algebra 2 (ALGEB2) taught during the past two years. Two
stable groups of approximately equal size were formed (that could be clearly
distinguished based on these criterion variables. The members of Cluster 1b (N = 84), or
the Mathematics Teachers, had taught more semesters of mathematics on average than
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members of Cluster 2b (N = 113), or the Algebra Teachers, but had taught fewer Algebra
credits over the past two years (see Table 6).

Table 6: Teaching Experience Cluster Analysis

Variable

Mean Semesters Teaching and Algebra Credits Taught
By Cluster
Mathematics Teachers
Algebra Teachers
N = 84
N = 113

Semesters Teaching Mathematics

38.5

33.1

Algebra I Credits Taught *

0.61

3.1

Algebra II Credits Taught*

0.94

3.4

*Credit hours taught in 2010-2011 and 2011-2012 academic years.

Another clustering was generated using the number of mathematics credits earned
(MATHCRED) as the criterion variable. Four stable groups were initially generated.
However, analysis of the groups showed that a three-group solution was more
interpretable. Two of the three groups were of relatively equal size, Cluster 1c, the
Mathematicians (N = 87), with an average of 93 mathematics credits earned, and, Cluster
2c, the Math Masters (N = 85), with an average of 63 mathematics credits, earned.
Cluster 3c, the Math Students was considerably smaller (N = 29) and had earned an
average of 29 credits. The three groups align well with degree attainment. Thirty-one
percent of the Math Students report they had not earned a college degree in mathematics
and 41 percent had earned only a B.A. The Math Masters were most likely to hold a B.A.
or M.A. degree in mathematics (91.8 percent), whereas the Mathematicians were most
likely to hold a M.A. or Ph.D. (89.7 percent) (see Table 7).
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Table 7: Mathematics Credits Cluster Analysis

Item
Mathematics Credits
Earned - Mean

Mean Mathematics Credits Earned and Percent Holding Degrees
By Cluster
Mathematicians
Math Masters
Math Students
N=87
N=85
N=29
93

63

29

Percent with degree in Mathematics:
B.A. or less

72.4

31.8

10.3

M.A.

24.1

65.9

64.4

Ph.D.

3.5

2.3

25.3

The final clustering used two criterion variables: the number of college credits
earned in education (EDCRED) and the possession of a current teaching certificate
(CERT). Two stable clusters of relatively equal size were formed. Cluster 1d (N = 111),
the Teachers, had earned 14 hours of education credits on average and did not have a
teaching certificate. Cluster 2d (N = 81), the Educators, had earned on average 38.6
education credits and possessed a current teaching certificate. Interestingly, the
Educators were divided between college and secondary teaching (42 percent secondary
and 58 percent college), whereas the Teachers were exclusively teaching in a college
setting (see Table 8).
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Table 8: Educator Credits and Certification Cluster Analysis

Item

Mean Teacher Education Credits, Teaching Certification,
and Percent Teaching in College and Secondary
By Cluster
Educators
N=81

Teachers
N = 111

Teacher Education Credits
Earned – Mean

38.6

14

Current Teaching Certificate

Yes

No

Percent Teaching in:
College

58.0

100.0

Secondary school

42.0

--

Finally, four ANOVAs for each clustering were conducted with clustering
membership as the predictor variable and the LMTSCORE, SEMATH, MATHCRED and
EDCRED as the outcome variables. The Expert Path Leaders and Followers did not
differ significantly on the LMTSCORE, SEMATH, or MATHCRED. However, they did
differ significantly on EDCRED. Members of the Expert Path Leaders group reported
earning 36 education credits on average, compared with only 22 for members of the
Expert Path Followers cluster. Interestingly, the Leaders were not significantly more
likely than the Followers to hold a current teaching certificate. Like the Expert Path
Leaders and Followers, the Mathematics Teachers and Algebra Teachers LMTSCORE
did not vary significantly.
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26

23

Teachers

Educators

Figure 3: LMT Score by Education Credit Clusters

In contrast, the LMTSCORE for the Mathematician, Math Masters, and Math
Students, and the Teachers and Educators were significantly different. Although earning
more mathematics credits translated into a higher LMTSCORE, having more education
credits did not. The Teachers cluster, with lower than average education credits, had a
higher average score on the LMTSCORE than the Educators (see Figure 3). The
LMTSCORE for the three mathematics credits groups, Math Students, Math Masters and
Mathematicians, on the other hand, increased as the average number of mathematics
credits earned increased (see Figure 4).
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LMT Score

Math Students

Math Masters

Mathematicians

Math Credits

21
30

24
63

27
93

Figure 4: LMT Score by Mathematics Credit Clusters
Structural Equation Modeling
Mplus version 6.2 was used to test and compare two structural equation models.
The models included three latent variables: mastery goal orientation (MASTERY),
deliberate practice (DELPRAC), and the reward structure of the environment
(REWARD). Also included were three measured variables: college credits earned in
Mathematics (MATHCRED) and education (EDCRED), experience teaching
mathematics (SEMATL), and the score on the LMT Algebra I assessment (LMTSCL).
Two models were tested to see which provided the best explanation of the relations
among these variables.
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Model Specification
One of the dangers inherent in conducting SEM is the chance the model is
incorrectly specified (Keith, 2006). Thus, I relied heavily on the theory of adaptive
expertise to specify the model. Nevertheless, it is always possible that I mis-interpreted
the theory in relation to the variables involved, left out a common cause, and/or misspecified the direction of one or more effects. If this is the case, the results of the
analyses of the model will be misleading and the estimates of effects for the variables
involved may be overestimated or underestimated.
Measured variable SEM also is very sensitive to the reliability of the measures.
The procedure assumes that all measures are perfect, without error. In reality this is
rarely the case. The measures being used have been found to have adequate to good
reliability, but they are not measuring variables perfectly. Using a latent variable model,
with two or more measured variables per latent variable, mitigates some of the effects of
unreliable measures. All latent variables in the models used in this study have three or
more measured variables. Nevertheless, as mentioned earlier skew and kurtosis can also
cause problems with estimation of the model. However, Muthén (2013) suggested two
conditions that should mitigate against the effect of these non-normal distributions. First,
latent variables are often normal even though the variables that they encompass are not.
Second, using the WLSMV estimator in Mplus, recommended when categorical data is
being modeled, adjusts for non-normal distributions.
Earlier in this chapter I discussed a problem with non-convergence of the models.
Two adjustments were necessary to deal with this problem. First, MATHCRED and
EDCRED were on a vastly different scale than LMTSCL and SEMATL. Bentler (2006
p. 73) suggests that when variables are on vastly different scales they should be
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similiarized so that all variances are between 1 and 10. Thus, the MATHCRED and
EDCRED variables were similarized to the LMTSCORE and SEMATL by dividing by a
constant (30).
Second, there were too many parameters in the original model to estimate with the
current sample size. The number of variables was pared down to include only the part of
each construct that was most salient to the theory. Thus, only the reward structure of the
environment, which corresponds with Hatano and Inagaki’s (1984) argument that the
nature of rewards in the environment influences the tendency to engage in
experimentation, was included. Further, only the deliberate practice scale was used
because it measures actively engaging in practices leading to improvement as a teacher,
and only the mastery items from the goal orientation toward teaching scale were used.
Finally, because they were tangential to the central concerns of the theory of adaptive
expertise, the self-regulation scales were dropped completely.
Two models were tested: Model 1 - the experience model and Model 2 - the
adaptive expertise model. Both models are over-identified with 88 degrees of freedom
for Model 1 and 81 degrees of freedom for Model 2. Before estimating either model, a
confirmatory factor analysis was tested inclusive of all the latent and measured variables
used in both models. All models were tested using the WLSMV estimator in MPlus10.

10

The WLSMV is a robust estimator recommended for models including categorical predictors. It produces
a robust, scaled Chi-square. As such, the degrees of freedom are not calculated in the usual manner.
According to Muthén, the degrees of freedom are a function of the asymptotic covariance matrix and the
Chi-square and degrees of freedom are adjusted until a correct p-value is generated. The p-value, not the
Chi-square, is the statistic of interest in weighted least squares estimation.
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Confirmatory Factor Analysis
The Confirmatory Factor Analysis (CFA) model included three latent variables:
Evaluation/Reward with five measured variables (see Appendix J, Table 9), Mastery
Goal Orientation with five measured variables (see Appendix J, Table 9), and Deliberate
Practice with three measured variables (see Appendix J, Table 9). Four other measured
variables were also included in the model: LMTSCL, MATHCRED, EDCRED, and
SEMATL.
CFA Model 1 did not have good fit as indicated by the Root Mean Square Error
of Approximation (RMSEA) of .071 with a 90 percent confidence interval of 0.058 –
0.084; a significant Chi-Square, p <.001; and a Weighted Root Mean Square Residual11
(WRMR) of 0.948 (above the benchmark for good fit of .90). However, the Comparative
Fit Index (CFI) of .95 and Tucker-Lewis Index (TLI) of .94 suggest a good fit compared
to the null model.
An inspection of the Modification Indices suggested that there were at least one
and possibly three measured variables that were problematic. The FEV02 variable
loading on the latent variable Evaluation/Reward had high modification indices,
indicating both cross-loadings with other latent variables and shared residuals with other
measured variables (see Appendix J, Table 10). Although FEV02 loaded well on the
Evaluation/Reward latent variable (see Appendix J, Table 9), it does not load as well as
the other measured variables. I suspect that the MI indicates that this variable (“I feel
accepted and respected as a teacher by my colleagues”) is too general and encompasses
multiple ideas making it a bad fit for the model.

11

The WRMR has been shown to perform better than the SRMR with categorical data (Byrne, 2012). The
Mplus Technical Appendices (Muthén, 2004) suggests that values of the WRMR < .90 can be considered an
indication of good fit.
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Two other variables had similar issues: BMAK02 and BMAR02. These are both
measured variables on the latent variable Mastery Goal Orientation. They too had high
MIs on cross-loadings and especially on shared residuals (see Appendix J, Table 10).
They too load well on the Mastery Goal Orientation latent variable, but not as well as the
other variables (see Appendix J, Table 9). However, BMAR02 – “I enjoy the challenge
of trying out new teaching methods regardless of the risks” and BMAK02 – “Engaging in
professional development that will help me become a better teacher is an important part
of my job description” also seem to encompass multiple ideas. In the case of BMAR02,
there are at least two separate ideas being measured: enjoyment of teaching and
willingness to take risks. In the case of BMAK02 there are at least three attitudes being
measured: willingness to engage in professional development, desire to be a better
teacher, and importance of both of these activities to their job.
I decided to modify the model to exclude these three items. I then re-ran a
modified CFA model: CFA Model 2. The result was a much better fitting model.
Although the Chi-Square was still large and significant (117.420, p = .0008), the RMSEA
was now within the range of good fit at 0.055 with a 90 percent C.I. of 0.035 – 0.072.
Further, the CFI increased to 0.977 and the TLI to 0.968, well above the .95 threshold for
good fit. Finally, the WRMR shrunk to 0.730 also indicating good fit. Appendix K,
Tables 11, 12 and 13, show the new standardized results for the latent variables and
modified scale reliabilities, modification indices, and correlation matrix with variances on
the diagonal for CFA Model 2.
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Structural Models
One of my hypotheses was that a model in which mastery (MASTERY) and
problem-solving/deliberate practice orientation (DELPRAC) influenced experience
(SEMATL, EDCRED and MATHCRED) and through experience effects expert
performance (LMTSCL) would fit the data better than a model with experience alone.
Model 1 did not regress any other variables on MASTERY and DELPRAC. Model 2
regressed SEMATL, MATHCRED, and EDCRED on DELPRAC; DELPRAC on
MASTERY and REWARD; and MASTERY on DELPRAC.
SEM Model 1 (see Figure 5) is an over-identified model with 88 degrees of
freedom. It has three latent variables (REWARD, MASTERY, and DELPRAC) and four
measured variables (MATHCRED, EDCRED, SEMATL, and LMTSCL). Mathematics
credits and education credits earned were predicted to effect the number of semesters
teaching mathematics because the more prepared a teacher is the more likely he or she is
to have self-confidence as a teacher and remain in teaching. All three of these variables
(MATHCRED, EDCRED, and SEMATL) were expected to have a direct effect on
LMTSCL. In other words, the more content knowledge a teacher has acquired and the
more time she or he has been a practicing teacher should have a direct effect on his or her
score on the LMT Algebra I assessment. The Evaluation/Reward structure of the
institution or school (REWARD) was expected to have an effect on the number of
semesters a participant has been teaching (SEMATL), but the earning of mathematics
(MATHCRED) and education (EDCRED) credits were assumed to come before the
teacher entered teaching, and thus, the goal structure of the school was not expected to
have a direct effect on these variables. Because teachers seldom have much choice of or
effect on the environment in which they teach, MATHCRED and EDCRED were also not
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expected to have an effect on the goal structure of the school/institution (REWARD)
where the teacher is currently employed. Finally, in this model the assumption was made
that neither mastery goal orientation (MASTERY) nor deliberate practice (DELPRAC)
would have an effect on the other variables in the model. This was because the
hypothesis is that a teacher’s experience, not his or her psychological orientation, is the
principal driver of their expert performance as a mathematics teacher. In reality it is
difficult to imagine a teacher’s psychological attitudes and orientations not having some
impact on the other variables in the model. However, this model was set up intentionally
as an alternative against which to test the change in fit between it and Model 2.
As indicated in Figure 5, Model 1 had a poor fit to the data. The X2 was large and
significant indicating the model did not fit the data. Moreover, the WRMR was over 2
and the CFI and TLI were poor at .675 and .671, respectively. The RMSEA also indicated
poor fit at .189.
Interestingly, the modification indices suggested the model would be improved
substantially by including DELPRAC and MASTERY in the model and estimating some
type of effect between MASTERY and EDCRED (see Appendix L, Table 15). Model 2
was specified to take these relations into account.
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Chi-Square = 729..01
p = .0000
df = 88
RMSEA = .189, CI .176 - .202
CFI = 0.675
TLI = 0.612
WRMR = 2.774

Figure 5: SEM Model 1 - Expertise as a Function of Experience

SEM Model 2 is the model of primary interest in this study. It was specified to
take into account the relationships between the goal structure of the environment
(REWARD), mastery goal orientation (MASTERY), and engaging in deliberate practice
(DELPRAC) with a teacher’s expert performance (LMTSCL). Model 2 was an overidentified model with 81 degrees of freedom. Similar to Model 1, it had three latent
variables (REWARD, MASTERY, and DELPRAC) and four measured variables
(MATHCRED, EDCRED, SEMATL, and LMTSCL). MATHCRED and EDCRED were
predicted to have an effect on the number of semesters teaching mathematics (SEMATL)
because the more prepared a teacher is the more likely he or she is to remain in teaching.
All three of these variables MATHCRED, EDCRED, and SEMATL were expected to
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have a direct effect on the LMTSCL. In other words, the more content knowledge you
have acquired and the more time you have been a practicing teacher the higher your score
is expected to be on the LMT Algebra I assessment. The reward structure of the
institution or school (REWARD) is expected to have an effect on the number of
semesters a participant has been teaching, but the number of mathematics and education
credits earned are assumed to come before the teacher entered teaching, so the goal
structure of the school is not expected to have a direct effect on MATHCRED or
EDCRED. Also, EDCRED and MATHCRED are not expected to have any effect on the
goal structure of the school/institution. The reward structure of the school/institution is
hypothesized to directly effect mastery goal orientation (MASTERY) and engaging in
deliberate practice (DELPRAC).
In Model 2 engaging in deliberate practice (DELPRAC) is expected to have a
direct effect on the number of college mathematics (MATHCRED) and education credits
(EDCRED earned and the number of semesters teaching (SEMATL), and, thus, have an
indirect effect on a teacher’s score on the LMT Algebra I assessment (LMTSCL). The
modification indices suggested a covariance in the residuals between two of the mastery
goal orientation’s measured variables (BMAR01 and BMAR03). Both measure a
teacher’s willingness to take a risk to improve their teaching. Thus, it was reasonable to
add this constraint.
As the data contained in Figure 6 illustrates, all indicators point to Model 2
having a good fit. The X2 was not significant indicating good model fit, and the WRMR
was reduced to .675. The RMSEA also indicated good fit and the CFI and TLI were close
to 1.0, again indicating good fit. The change in X2 cannot be calculated in the usual
manner when WLSMV estimation is used. Instead, Mplus provides a DIFFTEST option
for nested models that calculates a comparison between the robust, scaled X2 statistics
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based on the null hypothesis that including the predictors (MASTERY and DELPRAC)
in the model does not significantly improve model fit (Muthén & Muthén, 1998-2010).
The p-value < .001 for the DIFFTEST indicated that the null hypothesis can be rejected
and the model including MASTERY and DELPRAC is preferred.12

Figure 6: SEM Model 2 – Theory of Adaptive Expertise Model

12

Chi-Square = 95.211
p = .1337
df = 80
RMSEA = .029, CI .000 - .051
CFI = 0.993
TLI = 0.991
WRMR = 0.675

West, Curran and Finch (1995 p.71) advise testing linearly transformed variables by including them
simultaneously in the model with the original variables. When the original variables, LMTSCO and
SEMATH, were included simultaneously with LMTSCL and SEMATL the model no longer fit the data as
indicated by a X2 with a p<.001, a RMSEA over .05, lower CFI and TLI (.96 and .95, respectively), and a
WRMR at .9. This indicates that the linearly transformed variables provide the best model fit.
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Interpretation of Model 2 – Adaptive Expertise Model
Of primary interest is the effect of the variables in Model 2 on LMTSCL. Two of
the three variables had significant, direct effects on LMTSCL (see Appendix M, Tables
17, 18, and 19). The number of semesters teaching mathematics (SEMATL) had a
moderate effect (0.15) on the LMT score (LMTSCL), while the number of college credits
earned in mathematics (MATHCRED) had a large effect (.30). The third variable,
number of college credits earned in education (EDCRED), did not have a statistically
significant effect on LMTSCL.
Also of interest is the effect of deliberate practice (DELPRAC) on teacher
experience (SEMATL) and content knowledge (MATHCRED and EDCRED). A
participating teacher’s willingness to seek out new knowledge to improve their teaching
(DELPRAC) had a significant effect on the number of teacher education credits
(EDCRED) earned, but did not have a significant effect on either the number of
mathematics credits (MATHCRED) earned or length of experience in the teaching
profession (SEMATL). The only indirect effect problem solving (DELPRAC) had on the
LMTSCL was through the number of education credits, but this effect is not significant.
As would be expected from the literature on the effect of goal structures on
students (Ames & Ames, 1984; Ames & Archer, 1988; Ames, 1992), the nature of the
reward system in a school or academic department (REWARD) had a significant,
moderate effect on longevity in the teaching profession (SEMATL) (.140). It also had a
significant, moderate effect on a teacher’s mastery goal orientation (MASTERY).
However, its effect on a teacher’s deliberate practice orientation (DELPRAC) was not
significant. As hypothesized the effect of the reward structure on deliberate practice was
indirect through its direct effect on a teacher’s mastery goal orientation.
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Thus, although institutional reward structure and mastery goal orientation were
found to have a positive effect on a teacher’s engagement in continuous improvement
behaviors, these behaviors were not found to have a significant impact on expert
performance.
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CHAPTER 5: DISCUSSION

Hatano and Inagaki (1984), Bereiter and Scardamalia (1993), and Ericsson (2004,
2006) each theorized that expert performance results, in part, from the way in which
individuals approach problems in a domain. The person who continually confronts new
problems and solves them (progressive problem solver), who recognizes areas in which
his or her skills or knowledge need improvement and focuses on improving performance
(engaging in deliberate practice), and who engages in experimentation that enables him
or her to understand better why, not just how, something happens (the adaptive expert) is
more likely to become an expert in the field.
This inquiry began with five broad research questions, and 10 hypotheses focused
on the empirical verification of this theory. The overall goal has been to investigate the
construct of adaptive expertise, defined as progressive problem solving or deliberate
practice, among teachers of mathematics to see if: 1) teachers can be identified as having
different problem-solving orientations, and 2) if having a deliberate practice or
progressive problem solving orientation affects a teacher’s expert performance.
College and secondary teachers of Algebra were asked to participate in a survey
during the fall of 2012. Of the more than 7,000 teachers asked to participate, 204
completed the 134-item online survey. The vast majority of those responding were
women and teaching at a college or university. All of them had taught Algebra at least
once during the past two years.
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ADAPTIVE EXPERTISE/DELIBERATE PRACTICE
The first research question posed by this study was whether or not the construct of
adaptive expertise, defined as deliberate practice, provides a meaningful way of
identifying those teachers who are most likely to pursue an expert career path. A Cluster
Analysis distinguished two groups of respondents of roughly equal size based on their
deliberate practice and mastery goal orientations. One group, Expert Path Leaders,
strongly agreed that behaviors associated with mastery goal orientation and deliberate
practice described them. The second group, Expert Path Followers, also agreed that
these behaviors described them as a teacher, but not as strongly. Although the analysis
was able to make a distinction between teachers based on their self-reported engagement
in activities that I have called deliberate practice, more research on a more diverse
population of teachers will be needed to decide if this is a meaningful construct for
identifying those teachers who are most likely to follow an expert career path.
REWARD STRUCTURE, MASTERY GOAL ORIENTATION, AND DELIBERATE PRACTICE
Hatano and Inagaki (1984) suggested that a person’s likelihood of adopting an
adaptive expert’s stance in a domain was influenced by a willingness to pursue new
problems and progressively increase one’s abilities. This behavior, in turn, was
encouraged by a culture in which the reward structure valued continuous quality
improvement over mere accuracy or production quotas. Therefore, I hypothesized that a
person with a mastery goal orientation would be more likely to report having a deliberate
practice orientation. Likewise, I hypothesized that a teacher who reported that the reward
structure in his or her school/department valued quality teaching would have a stronger
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tendency to embrace both a mastery goal and deliberate practice orientation toward
teaching.
As hypothesized, mastery goal orientation was shown to have a strong, positive
effect on a participant’s tendency to say he or she engages in deliberate practice.
Further, a school or academic department that recognizes teachers for a job well done and
is viewed as valuing quality teaching has a moderate, positive impact on a teacher’s
mastery goal orientation toward teaching. Further, as hypothesized, encouraging teachers
to excel and valuing quality teaching alone, without first encouraging the development of
a mastery goal orientation, does not significantly effect the likelihood a teacher will be
the type of progressive-problem solver who is willing to take risks to improve their skills
as a teacher. Thus, the data support the contention that possessing a mastery goal
orientation is important to the development of deliberate practice. They also suggest that
encouraging teachers to develop a mastery goal orientation toward teaching may lead
them to engage in more deliberate practice around their teaching.
IMPACT

OF

DELIBERATE PRACTICE

ON

KNOWLEDGE, PERSISTENCE,

AND

EXPERT

PERFORMANCE
The last two research questions focused on the effect of having a deliberate
practice orientation toward teaching on a teacher’s pursuit of knowledge, persistence in
the profession, and likelihood of demonstrating expert performance. The full structural
equation model tested three hypotheses related to these questions. Does having a mastery
goal orientation and engaging in deliberate practice lead to the acquisition of more formal
knowledge related to the domain? Does having a deliberate practice orientation influence
a teacher’s persistence in the profession? And, does a deliberate practice orientation,
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coupled with more formal training in the domain and/or persistence in the profession,
impact a teacher’s expert performance?
The adaptive expertise model (Model 2) (see Figure 6) fit the data better than the
model that assumed deliberate practice had no relationship to the acquisition of
knowledge, persistence in the domain, and demonstration of expert performance.
However, the relationship between deliberate practice, experience, content knowledge,
and expert performance was not shown to be strong. Presumably, knowledge and skill in
a field are a prerequisite for expert performance and a prerequisite for engaging in
deliberate practice. However, although deliberate practice orientation had a strong
positive effect on education credits earned, it did not have a significant effect on tenure as
a mathematics teacher or the number of mathematics credits earned.
Moreover, only one variable, the number of college mathematics credits earned,
was strongly related to a participant’s score on the LMT Algebra I assessment. The
structural equation model found that the number of credit hours in mathematics was the
only variable with a significant, strong, positive relationship to a teacher’s score on the
LMT Algebra I assessment. Neither length of time teaching nor the number of education
credits earned was significantly related to performance on the LMT Algebra I
assessment.
The Cluster Analysis confirmed these findings. Two clusters of participants were
identified based on the number of credits completed in mathematics. The
Mathematicians had more college credits in math and higher degrees in math than the
Math Masters or the Math Students. They also had a significantly higher average score
(26) on the LMT Algebra I assessment than the Math Masters (24) and the Math Students
(22). In contrast, the acquisition of credits in education had a negative effect on expert
performance. Members of the Teacher cluster had fewer education credits and a higher
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average score on the LMT Algebra I assessment than members of the Educator cluster,
who had more education credits. Finally, there was no significant difference in scores on
the LMT Algebra I assessment between teachers with longer tenures in the profession
and those with fewer semesters teaching. Thus, only the number of college mathematics
credits earned was found to be strongly related to expert performance.
SUMMARY AND CONCLUSION
This study found that some teachers identify more strongly with the behaviors of
the adaptive expert than others. However, more than four out of five of the teachers in the
sample (87 percent) claimed they are the type of teacher who is likely or very likely to
engage in deliberate practices such as “identif[ing] an area in which [they] need to
improve [their] skills and focus on that area until [they] excel at it.”
There are two reasons why such a high percentage of the sample might identify
with deliberate practice behaviors. First, I suspect that the teachers who took the time to
participate in the study were a self-selected group. The survey was long and time
consuming. Therefore, it is likely that participants who are more mastery goal oriented,
were more likely to participate in the study. Second, teachers may view the quest to
improve oneself as something that is valued by their peers and, thus, respond in a way
they think is socially desirable. Regardless of the cause of this bias, it limited the range of
responses to the deliberate practice and mastery goal orientation items and my ability to
detect an effect of deliberate practice on the outcome. Nevertheless, there were some
interesting findings.
As hypothesized, the study found a strong, positive effect of mastery goal
orientation on deliberate teaching practices. For every one standard deviation increase in
a teacher’s mastery goal orientation his or her deliberate practice orientation increased by
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.87 standard deviations, indicating a large and positive influence of mastery goal
orientation on deliberate practice.
Further, teachers who said their school/department values and rewards quality
teaching are more likely to have a mastery goal orientation. The SEM showed a moderate
and positive relationship (.13) between teachers’ views that their school/department
valued quality teaching and their mastery goal orientation. This suggests that a
school/department that sends a message that quality teaching is valued encourages
teachers to adopt a mastery goal orientation, which, in turn, encourages them to engage in
deliberate practices for improving teaching.
On the other hand, deliberate practice was not found to have an effect on a
teacher’s pursuit of content knowledge in mathematics or longevity in the profession.
There was no significant effect between deliberate practice and the number of
mathematics credits earned or the number of semesters teaching mathematics. There was
an effect found between deliberate practice and the number of education credits a
participant had earned. The explanation for this effect, however, is not clear. Does
deliberate practice encourage a teacher to pursue more formal training in pedagogy? Or,
does pursuing more training in educational theory and practice expose them to ideas
about mastery goals and foster a deliberate practice orientation?
Finally, no link was found between deliberate practice and expert performance.
For this sample of teachers, the single most important predictor of their expert
performance, as measured by their score on the LMT Algebra I assessment, was the
number of college mathematics credits earned. Further, deliberate practice had no
significant effect on mathematics credits earned. Therefore, for this sample, the theory of
adaptive expertise, defined as the effect of deliberate practice on the demonstration of
expert performance, was not verified. Engaging in deliberate practice was not found to
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have a significant indirect effect on expert performance for these teachers of
mathematics.
LIMITATIONS
Although every effort was made to recruit a broad spectrum of teachers, the
method used was susceptible to self-selection bias. First, very few secondary school
teachers responded to the survey (18 percent, N = 37). There were no e-mail lists for
secondary teachers. Further, the length of time it took to complete the survey was
probably a greater burden for secondary teachers whose work hours are less flexible than
college teachers. Second, it is very likely that the teachers who completed the study did
so because they represent the type of teacher who is interested in new studies on
education and who is likely to have a mastery approach orientation. Further, the high
level of agreement with the mastery goal orientation and deliberate practice items may
have been due to the belief among teachers that it is socially desirable to endorse concern
about student learning. These are the most likely reasons that 96 percent of participants
agreed or strongly agreed that they are a teacher who: “…actively seek[s] out ways to
teach that will meet the learning needs…of students.” This compression of scores may
have reduced the correlation among the variables, even when using latent variables that
adjust for the resulting kurtosis.
Another complication in interpreting the results of the study is my inability to
distinguish mathematics content credits from mathematics education credits in the
MATHCRED variable. Respondents were asked not to include mathematics education
credits among their mathematics credits, but it is not clear that all of the respondents
followed these directions. Therefore, it is possible that credits earned in mathematics
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education and not just in mathematical concepts and procedures are included in the
MATHCRED variable.
Further, although the sample size was adequate, it was not large enough to
estimate the full model proposed. Some variables, such as aspects of the climate and the
entire self-regulation scale, were dropped from the analysis because the sample size was
not large enough. Attempting to estimate the model using all the parameters originally
proposed resulted in non-convergence of the model.
Finally, several of the scales were either completely new and untested, or had new
items added to them that were untested. Although most of the scales were shown to have
at least adequate reliability (alpha >.7), not all of the new items loaded on the latent
variables as expected. The time and cost constraints of the study did not allow for
separate testing and refinement of the scales prior to the study. This field of study would
benefit from additional testing of these scales with new populations of teachers.
DIRECTIONS FOR FUTURE RESEARCH
There are still many questions to explore. To begin with, there are additional
analyses that could be conducted with the existing data. For example, it would be
beneficial to estimate additional models substituting variables not used in the current
study with other variables in the database (e.g., support for innovation, and additional
elements of the goal structure construct, self-regulation, and the bisociative/progressive
problem solving scales).
The scales themselves are of interest. More work should be done to validate the
new/modified scales measuring self-regulation, deliberate practice,
bisociative/progressive problem solving, goal orientation, and goal structure. Although
there are numerous scales measuring these constructs for students, to date there are few,
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if any, scales designed to measure these constructs for teachers. New samples of teachers
could be recruited to complete subsets of the larger instrument used for this study. In
addition to validating the scales themselves, it would be useful to use a scale such as the
Crowne and Marlowe (1960) social desirability scale to assess how much of the positive
skew in responses to the mastery goal orientation and deliberate practice scales is due to
teachers’ selecting what they think is the socially desirable response.
It would also be interesting to consider what measures, other than the LMT, could
be used to assess expert performance. I have assumed that the LMT Algebra I
assessment measures at least three of the types of knowledge Bereiter and Scardamalia
(1993) suggested are central to expert performance: formal, informal and impressionistic.
Indeed, it may be that the LMT more heavily assesses content knowledge in Algebra than
it does teaching strategies. Moreover, although a study of other LMT instruments
concluded that a teacher’s score on the LMT was positively correlated with improved
student performance (Hill, Rowan & Ball, 2005), a link between the LMT Algebra I
assessment and student outcomes has not been established. Other means of measuring
expert performance in teaching will be difficult to identify and measure, but it would be
worth the effort.
Finally, additional research in this area would be aided by the ability to recruit a
more diverse group of teachers. Although the current strategy of recruiting teachers from
across the nation produced an adequate sample, it also resulted in some self-selection
bias. Further, approaching teachers as part of a professional development effort would
introduce a violation of non-independence suggesting other methods of analysis such as
HLM. In order to avoid selection bias, participants would have to be assigned to the
professional development rather than choosing to participate. The best strategy would be
to obtain permission from a school district to gather data from all teachers in the district.
86

Thus, there is still much work to be done. Further development of teacheroriented scales on self-regulation, problem-solving orientation and goal orientation is one
avenue for further study. Applying the model of adaptive expertise to other measures of
expert performance may also be valuable. Finally, identifying a school district that is
willing to grant permission to gather data from their entire faculty would help to reduce
bias and potentially increase the sample size.
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APPENDIX A: ADAPTIVE EXPERTISE IN MATHEMATICS TEACHING
WEBSITE
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APPENDIX B: SURVEY INVITATIONS
Postcard: Side A

Postcard: Side B
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Example E-Mail Invitation
Dear ${m://FirstName},
As a mathematics teacher and member of AMATYC you are invited to participate
in a research study on expertise in mathematics teaching. The Adaptive
Expertise in Mathematics Teaching study will contribute to an understanding of
the personal and institutional factors that encourage or discourage expertise in
the teaching of mathematics. This research focuses specifically on teachers who
have taught Algebra I, Algebra II, Intermediate Algebra or College Algebra during
the last two academic years (2010-2011 or 2011-2012).
Do you know colleagues that did not receive an invitation? Tell them to
visit teachmath.webs.com to participate.
You are being asked to complete two
surveys between September 17, 2012 and October 15, 2012. Part one is
estimated to take 15-20 minutes to complete. Part two is estimated to take 60
minutes. You may start a survey, save it and return to complete it at a later point
by clicking on the link at the bottom of this message.
The study is being conducted by Robin Zuniga of the University of Texas at
Austin, 512-934-0322, robin.zuniga@utexas.edu. You are free to contact the
investigator at the above address and phone number to discuss the study. You
must be at least 18 years old to participate.
Your participation in this study is
voluntary. You may decline to answer any question and you have the right to
withdraw from participation at any time. Withdrawal will not affect your
relationship with your institution or the University of Texas at Austin in anyway. If
you do not want to participate simply stop completing the surveys and close the
browser window. All responses are anonymous. The ID Code you are asked to
enter at the start of each survey section will not be linked to any identifying
information.
After completing the study, in recognition of your time and effort, you will receive
an entry into a drawing for one of four prizes valued at $100 each. You will be
asked for your first name and e-mail during the survey. This information will not
be linked to responses. It will be used solely as a means of reminding you to
complete the study and enter you into the drawing. More information about the
drawing is available at http://teachmath.webs.com. All contact information will be
destroyed at the end of the study.
At the end of November 2012, aggregate
results of each survey will be posted on the project
website, http://teachmath.webs.com.
If you have any questions about the study, or need to contact the principal
investigator, call Robin Zuniga at 512-934-0322 or send an email to
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robin.zuniga@utexas.edu. This study has been processed by the Office of
Research Support and the study number is 2012-06-0005.
Keep this e-mail until you have completed the study. You must use this link
to return to the survey if you leave it for any reason.
Follow this link to the Survey:

${l://SurveyLink?d=Take the Survey}

Or copy and paste the URL below into your internet browser: ${l://SurveyURL}
Follow the link to opt out of future emails: ${l://OptOutLink?d=Click here to unsubscribe}
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APPENDIX C: TEACHER DEMOGRAPHIC ITEMS
Item
1. (Filter)

2.
A. (ALGEB1) +
B. (ALGEB2) +
C. (ALGEBCA)
3. (INST2)

4. (EXP1M)
5. (SEMATH/
SEMATL) +
6. (EXP1E)
7. (MATHCRED) +

Question
During the past two academic years (2010-2011 and 2011-2012)
have you taught any of the following courses at the secondary or
postsecondary level: Algebra 1 or its equivalent, Algebra
II/Intermediate Algebra or its equivalent, and/or College Algebra
or its equivalent? Yes, No – Thank you for your time. The rest of
the survey does not apply to you. (Filter question)
During the past two academic years (2010-2011 and 2011-2012),
how many credit hours total did you teach of each of the
following courses?
Algebra I or equivalent (None, 3 or fewer credit hours, 4-5, 6-9,
10-12, More than 12 credit hours)
Algebra II, Intermediate Algebra or equivalent (None, 3 or fewer
credit hours, 4-5, 6-9, 10-12, More than 12 credit hours)
College Algebra or equivalent (None, 3 or fewer credit hours, 4-5,
6-9, 10-12, More than 12 credit hours)
At what type of institution were you primarily employed as a
mathematics teacher during the 2011-2012 academic year? (High
school/secondary school, Two-year college, Four-year college or
university, Other)
How many semesters have you been teaching mathematics at this
educational level?
How many semesters have you been teaching mathematics at any
educational level?
How many semesters have you been teaching total (any subject or
grade level)?
How many college credit hours have you successfully completed
in MATHEMATICS (Include only actual credit hours taken in
Mathematics. Do not include non-Mathematics courses or Math
education courses taken as part of a program leading to a degree
in Mathematics. Please provide your best estimate assuming that
each course is 3 to 4 credit hours. As a general rule of thumb, less
than 24 hours represents some college level work in Mathematics,
24 to 53 hours represents work toward a B.A. or B.S. in
Mathematics, 54 to 84 hours represents work toward an M.S. in
Mathematics, anything above 84 credits would be work toward a
Ph.D.)?
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APPENDIX C: TEACHER DEMOGRAPHIC ITEMS
Item
8. (EDCRED) +

9. (MATHDEG)
10. (EXP3E)
11.(CERT) +

Question
How many college credit hours have you successfully completed
in EDUCATION (Include only actual credit hours taken in
Education methods or Math Education courses. Do not include
non-Education courses taken as part of a program leading to a
degree in Education. Please provide your best estimate assuming
that each course is 3 to 4 credit hours. As a general rule of thumb
less than 37 hours represents some college level work in
Education, 37 to 44 hours represents work toward a B.A. or B.S.
in Mathematics, 45 to 84 hour represents work toward a M.A. in
Mathematics Education, anything above 84 credits would be work
toward a Ph.D.)?
What is the highest degree you have earned in Mathematics?
(B.S./B.A., M.A./M.S./M.Ed., Ph.D./Ed.D., Other)
What is the highest degree you have earned in any field?
(B.S./B.A., M.A./M.S./M.Ed., Ph.D./Ed.D., Other)

12. (GENDER)

Are you certified to teach mathematics at the P-12 level in your
state? (Regular certification, Alternative Certification, Other, Not
Certified)
Gender (Male, Female)

13. (AGE)

Age

+

These items were used in the analyses.

.
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APPENDIX D: GOAL ORIENTATION TOWARD TEACHING
Item
1. (MA)
BMAR01+
2. (MA)
BMAR02+
3. (MA)
BMAR03+
4. (MA)
BMAK01+
5. (MA)
BMAK02+
6. (MA)
BMAK03+
7. (AV)
BAVM01
8. (AV)
BAVM02
9. (AV)
BAVM03
10. (AV)
BAVK01
11. (AV)
BAVK02
12. (AV)
BAVK03

Question
For me, the development of my teaching ability is important enough to take
risks.
I enjoy the challenge of trying out new teaching methods regardless of the
risks.
The value of trying new teaching methods outweighs the risk of making a
mistake.
I actively seek out opportunities to improve my teaching skills and
techniques.
Engaging in professional development that will help me become a better
teacher is an important part of my job description.
I actively seek out ways to teach that will meet the learning needs of my
students.
I feel like a good teacher when I can teach without making any mistakes.
A good class period is when everything goes exactly as planned.
The risk of making a mistake is more important to me than the value of
trying new teaching methods.
I typically only use teaching methods I know for sure how to use.
I’m not interested in trying new teaching methods until their effectiveness
has been proven beyond a doubt.
I am content using the teaching methods I have always used

How well do each of the following statements describe you as a teacher? (Indicate the extent to which you
agree with each of the following statements. Please answer according to how well the statement describes
you as a teacher, not how you think you should be or what others would do. There are no right or wrong
answers. Please respond to all items.)
Five point Likert scale from 1 = "strongly disagree" to 5 = "strongly agree"
MA= mastery/learning ; AV = performance avoidance/avoiding
+
These items were used in the analyses.
(Adapted from Kucsera, et al., 2011)
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APPENDIX E: SELF-REGULATION FOR TEACHING
Item
1. (CN01)
2. (CN02)
3. (CN03)
4. (CN04)
5. (CN05)
6. (CN06)
7. (CN07)
8.
9.
10.
11.

(SA01)
(SA02)
(SA03)
(SA04)

12. (TM01)
13. (TM02)
14. (TM03)

Question
I concentrate fully when planning a lesson.
When it comes to planning, procrastination is a problem for me.r
I find it difficult to maintain my concentration while planning.r
I put off working more than I should.r
My mind wanders a lot when I work.r
I am very easily distracted from my work.r
I do not have enough time for planning, because I spend too much time
engaged in unrelated activities.r
I seek help when I am having difficulty teaching the material for a lesson.
If I am having trouble planning a lesson, I ask another colleague for help.
I try to find a colleague or group of colleagues to work with.
When I am having trouble with a lesson, I do not go to my colleagues for
help.r
I find it hard to stick to a work schedule.r
When I decide to work, I set aside a specific length of time and stick to it.
I set aside more time to work on lessons that are difficult for me to teach.

How well does each of the following statements describe you as a teacher? (Indicate how typical each of
the statemetns are of you as a teacher. Please answer according to how well the statement describes you as
a teacher, not how you think you should be or what others would do. There are no right or wrong answers
to these statements. Please answer all items.)
Five point Likert scale from 1 = not at all typical of me to 5 = very much typical of me.
CN = Concentration; SA = Use of Study Aids; TM = Time Management
r

indicates item is reverse coded.

(Adapted from the Learning and Study Strategies Inventory (LASSI), Weinstein and Palmer, 2002)
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APPENDIX F: PROBLEM SOLVING ORIENTATION SCALES
Item
1. (DBS01)
2.
3.
4.
5.
6.
7.

(DBS02)
(DBS03)
(DBS04)
(DBS06)
(DBS07)
(DBS08)

8. (DPS01)
9. (DPS02)
10. (DPS03) +
11. (DDP01) +
12. (DDP03) +

Question
Pursue a problem, particularly if it takes me into areas I don’t know
much about.
Link ideas which stem from more than one area of investigation.
Search for novel approaches not required at the time.
Spend time tracing relationships between disparate areas of work.
Make unusual connections between apparently unrelated ideas.
Confront a maze of ideas which may, or may not lead me somewhere.
Become fully occupied with what appear to be novel methods of
solution.
Seek to understand why things are the way they are.
Seek out problems to solve that will extend my understanding.
Seek a way to meet the learning needs of each student.
Identify an area in which I need to improve my skill and focus on that
area until I excel at it.
Seek out new opportunities to improve my skills as a teacher.

I am a teacher who: (Indicate how likely you are to do each of the following. Please answer according to
how well the statement describes you as a teacher, not how you think you should be or what others would
do. There are no right or wrong answers. Please respond to all items.)
Five point Likert scale from 1 = is very unlikely to 5 = is very likely to
DBS = Bisociative/progressive problem solving; DDP = Deliberate Practice items; DPS = Progressive
Problem Solving
+
These items were used in the analyses.
(The bisociative problem solving scale is adapted from Jabri, 1991)
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APPENDIX G: MODIFIED SIEGEL SCALE OF SUPPORT FOR INNOVATION
Item
E01.
E02.
E03.
E04.
E05.
E06.
E07.
E08.
E09.
E10.
E11.
E12.
E13.
E14.
E15.
E16.

Question
This organization can be described as flexible and continually adapting to
change.
Our ability to function creatively is respected by the leadership.
Around here people are allowed to try to solve the same problem in different
ways.
Creativity is encouraged here.
People around here are expected to deal with problems in the same way.
The people in charge around here usually get the credit for others' ideas.
A person can't do things that are too different around here without provoking
anger. r
In this organization we tend to stick to tried and true ways.r
This organization is open and responsive to change.r
This place seems to be more concerned with the status quo than with change.r
The best way to get along in this organization is to think the way the rest of the
group does.r
Around here, a person can get into a lot of trouble by being different.r
The main function of members in this organization is to follow orders that
come down through channels.r
The reward system here encourages innovation.
This organization publicly recognizes those who are innovative.
The reward system here benefits mainly those who don't rock the boat. r

How well do each of the following statements describe the school/institution in which you are
currently employed? (Indicate the extent to which you agree with each of the following statements. If you
are employed at more than one school/institution answer for the one you consider to be your principal place
of employment or where you spend the most hours. There are no right or wrong answers. Please respond to
all items.)
Five point Likert scale from 1 = Strongly disagree to 5 = Strongly agree
r

indicates item is reverse coded.

(Scott and Bruce, 1994)
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APPENDIX H: INSTITUTIONAL/DEPARTMENT GOAL STRUCTURE
Item
FTA01
FTA02R
FTA03
FTA04
FAU01
FAU02
FAU03
FAU04
FAU05
FAU06
FAU07R
FRC01
FRC02
FRC03
FRC04
FGR01
FGR02
FGR03
FGR04
FGR05

Question
I look forward to working every day
I sometimes feel it is a waste of time to try to do my best as a teacher r
I am satisfied with my experience teaching at this institution
I feel successful as a teacher
I have a great deal of control of my teaching and planning, when it comes
to selecting content, topics and skills to be taught
I have a great deal of control of my teaching and planning, when it comes
to selecting teaching strategies
I have a great deal of control of my teaching and planning, when it comes
to selecting textbooks and other instructional materials
I have a great deal of control of my teaching and planning, when it comes
to disciplining students
I have a great deal of control of my teaching and planning, when it comes
to determining the amount of homework to be assigned
Instructors are involved in making decisions that affect them.
Leadership seldom consults with instructors before making decisions that
affect us. r
In this school/department I am encouraged to experiment with my
teaching
Faculty in this school/department are interested in innovative and new
ideas for teaching
Leadership recognizes innovative and new ideas for teaching
Leadership’s behavior toward instructors is supportive and encouraging
I am familiar with the content and specific goals of courses taught by
other instructors in my school/department
During the last school year, I met on a regular basis with fellow
instructors to discuss course content and teaching strategies.
Departmental leadership encourages instructors to participate in
professional development opportunities
Others in the department help me to improve my teaching
There is a great deal of cooperative effort among instructors
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APPENDIX H: INSTITUTIONAL/DEPARTMENT GOAL STRUCTURE
Item
FEV01 r
FEV02 r
FEV03 r
FEV04 r
FEV06R r

Question
Instructors are recognized for a job well done.
I feel accepted and respected as a teacher by my colleagues
Everyone is encouraged to excel as a teacher
Quality teaching is valued by my department
Instructors are publicly criticized for poor performance. r

To what extent do you agree with each of the following statements? (If you are employed at more than one
school/institution answer for the one you consider to be your principal place of employment or where you
spend the most hours. There are no right or wrong answers. Please respond to all items.)
Five point Likert scale from 1 = Strongly disagree to 5 = Strongly agree;
+

These items were used in the analyses.

r

indicates item is reverse coded

TA = Task; AU = Authority; RC= Recognition; GR=Grouping/Collaboration; EV=Evaluation/Reward
(Items are adapted from 1984 High School and Beyond, Administrator and Teacher Survey, republished in
Lee, Dedrick and Smith, 1991.)

99

APPENDIX I: LEARNING MATHEMATICS FOR TEACHING
Item
1. (CK) +

Released Question
Ms. Chambreaux’s students are working on the following problem:
Is 371 a prime number? As she walks around the room looking at their
papers, she sees many different ways to solve this problem. Which
solution method is correct?

2. (SKC) +

Mrs. Davies’ class has learned how to tessellate the plane with any
triangle. She knows that students often have a hard time seeing that any
quadrilateral can tessellate the plane as well. She wants to plan a lesson
that will help her students develop intuitions for how to tessellate the
plane with any quadrilateral.

3. (KSC) +

A number is called “abundant” if the sum of its proper factors exceeds the
number. For example, 12 is abundant because 1 + 2 + 3 + 4 + 6 > 12. On
a homework assignment, a student incorrectly recorded that the numbers 9
and 25 were abundant. What are the most likely reason(s) for this
student’s confusion?

CK = Content Knowledge; SKC = Specialized Knowledge; of Content KSC = Knowledge of Student and
Content.
+
These items were used in the analyses.
(Learning Mathematics for Teaching Project, 2008)
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APPENDIX J: CONFIRMATORY FACTOR ANALYSIS – MODEL 1

Table 9: CFA Model 1 - Standardized Model Results: STDYX

Latent Variable
Mastery Goal
Orientation
Alpha = 0.803

Measured
Variable

Estimate

Standard
Error (SE)

Estimate/SE

TwoTailed
p-value

BMAK01

0.86

0.03

28.11

0.000

BMAK02
BMAK03
BMAR01
BMAR02
BMAR03
DDP01
DDP03
DPS03
FEV01
FEV02
FEV03
FEV04
FEV06R

0.63
0.87
0.68
0.71
0.68
0.60
0.91
0.74
0.79
0.66
0.80
0.93
0.49

0.05
0.02
0.05
0.04
0.05
0.05
0.04
0.04
0.03
0.05
0.04
0.03
0.06

13.31
37.06
15.06
16.99
14.81
11.83
24.71
17.13
23.33
13.90
20.94
35.72
8.44

0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

MASTERY
DELPRAC
REWARD

0.13
0.07
0.17

0.07
0.08
0.07

1.77
0.82
2.49

0.077
0.412
0.013

MASTERY
DELPRAC
REWARD
MATHCRED WITH
MASTERY
DELPRAC
REWARD
EDCRED WITH
MASTERY

-0.05
-0.02
0.06

0.07
0.08
0.08

-0.75
-0.23
0.75

0.454
0.816
0.453

-0.01
-0.16
0.08

0.07
0.07
0.08

-0.17
-2.23
0.99

0.862
0.026
0.325

0.31

0.07

4.24

0.000

Deliberate Practice
Alpha = 0.734
Evaluation/Reward
Alpha = 0.799

SEMATL WITH

LMTSCL WITH
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Table 9: CFA Model 1 - Standardized Model Results: STDYX

DELPRAC
REWARD

0.22
0.06

0.08
0.06

2.77
0.97

TwoTailed
p-value
0.006
0.333

DELPRAC
REWARD

0.83
0.22

0.04
0.07

23.71
2.95

0.000
0.003

DELPRAC

0.18

0.08

2.28

0.022

LMTSCL
MATHCRED
EDCRED

0.19
0.24
0.12

0.07
0.07
0.08

2.87
3.58
1.52

0.004
0.000
0.129

MATHCRED
EDCRED
MATHCRED WITH
EDCRED

0.35
-0.16

0.06
0.07

5.73
-2.40

0.000
0.016

-0.12

0.06

-1.93

0.053

4.13
12.36
2.78
1.09

0.20
0.51
0.15
0.14

20.27
24.44
18.72
8.09

0.000
0.000
0.000
0.000

Measured
Variable

Latent Variable

Estimate

Standard
Error (SE)

Estimate/SE

MASTERY WITH

REWARD WITH
SEMATL WITH

LMTSCL WITH

MEANS
SEMATL
LMTSCL
MATHCRED
EDCRED
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Table 10: CFA Model 1 - Mplus Output: Modification Indices

Mastery BY FEV02

21.50

Expected
Parameter Change
(EPC)
0.21

DelPrac BY BMAK01

6.76

DelPrac BY BMAK02

BY Statements

M.I.

Standard
EPC

StdYX
EPC

0.18

0.18

770.00

0.46

0.46

4.51

0.59

0.35

0.35

DelPrac BY BMAR02

11.40

-1.04

-0.62

-0.62

DelPrac BY BMAR03

8.11

0.87

-0.52

-0.52

DelPrac BY FEV02

24.42

0.34

0.20

0.20

DelPrac BY FEB06R

5.68

-0.17

-0.10

-0.10

Reward BY BMAK02

25.07

0.32

0.25

0.25

Reward BY BMAK03

10.75

-0.24

-0.19

-0.19

BMAK03 WITH BMAK02

5.17

Expected
Parameter Change
(EPC)
-0.15

BMAR01 WITH BMAK01

6.70

BMAR03 WITH BMAK01

WITH Statements

M.I.

Standard
EPC

StdYX
EPC

-0.15

-0.41

-0.18

-0.18

-0.47

5.70

-0.17

-0.17

-0.46

BMAR03 WITH BMAK02

5.19

-0.17

-0.17

-0.30

BMAR03 WITH BMAR01

16.26

0.24

0.24

0.45

BMAR03 WITH BMAR02

16.03

0.22

0.22

0.42

DDP03 WITH BMAK01

16.06

0.24

0.24

1.11

DDP03 WITH BMAR03

6.75

-0.19

-0.19

-0.62

FEV02 WITH BMAK02

23.62

0.33

0.33

0.57

FEV02 WITH DDP03

4.04

0.15

0.15

0.48

FEV02 WITH DPS03
FEV03 WITH FEV01

11.12
5.29

0.22
0.16

0.22
0.16

0.44
0.43

103

APPENDIX K: CONFIRMATORY FACTOR ANALYSIS – MODEL 2

Table 11: CFA Model 2 - Standardized Model Results: STDYX

Latent Variable
Mastery Goal
Orientation
Alpha = 0.762

Deliberate Practice
Alpha = 0.734
Evaluation/Reward
Alpha = 0.792

Measured
Variable

Estimate

Standard
Error
(SE)

Estimate/SE

BMAK01

0.87

0.03

27.89

0.000

BMAK03

0.90

0.02

37.69

0.000

BMAR01
BMAR03

0.67
0.65

0.05
0.05

13.22
12.74

0.000
0.000

DDP01

0.60

0.05

11.27

0.000

DDP03

0.90

0.04

23.57

0.000

DPS03

0.74

0.04

17.50

0.000

FEV01

0.81

0.03

23.89

0.000

FEV03

0.82

0.04

21.95

0.000

FEV04
FEV06R

0.92
0.49

0.03
0.06

33.22
8.03

0.000
0.000

Mastery
DelPrac
Reward

0.12
0.07
0.15

0.08
0.08
0.07

1.49
0.82
2.13

0.136
0.411
0.033

Mastery
DelPrac
Reward

-0.01
-0.02
0.03

0.07
0.08
0.08

-0.18
-0.23
0.43

0.854
0.819
0.668

Mastery
DelPrac
Reward

0.02
-0.16
0.07

0.08
0.07
0.08

0.23
-2.23
0.82

0.815
0.025
0.411

Two-Tailed
p-value

SEMATL WITH

LMTSCL WITH

MATHCRED WITH
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Table 11: CFA Model 2 - Standardized Model Results: STDYX

Measured
Variable

Estimate

Standard
Error
(SE)

Estimate/SE

Mastery
DelPrac
Reward

0.28
0.22
0.06

0.08
0.08
0.06

3.55
2.77
1.04

0.000
0.006
0.297

DelPrac
Reward

0.84
0.13

0.04
0.08

22.89
1.67

0.000
0.096

DelPrac

0.11

0.08

1.30

0.195

LMTSCL
MATHCRED
EDCRED

0.19
0.24
0.12

0.07
0.07
0.08

2.87
3.58
3.58

0.004
0.000
0.129

MATHCRED
EDCRED
MATHCRED WITH
EDCRED

0.35
-0.16

0.06
0.07

5.73
-2.40

0.000
0.016

-0.12

0.06

-1.93

0.053

4.13
12.36
2.78
1.09

0.20
0.51
0.15
0.14

20.27
24.44
18.72
8.09

0.000
0.000
0.000
0.000

Latent Variable

Two-Tailed
p-value

EDCRED WITH

MASTERY WITH

REWARD WITH
SEMATL WITH

LMTSCL WITH

MEANS
SEMATL
LMTSCL
MATHCRED
EDCRED
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Table 12: CFA Model 2 - Mplus Output: Modification Indices

M.I.
BY Statements
DelPrac BY BMAK01
DelPrac BY BMAR03
DelPrac BY FEV06R
Reward BY BMAK03

6.95
6.75
4.38
5.19
M.I.

WITH Statements
BMAR01 WITH BMAK01
BMAR03 WITH BMAK01
BMAR03 WITH BMAR01
DDP03 WITH BMAK01
DDP03 WITH BMAR03

7.67
4.66
29.19
20.96
5.62
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Expected
Parameter
Change
(EPC)
0.93
-0.83
-0.14
-0.17
Expected
Parameter
Change
(EPC)
-0.19
-0.16
0.31
0.29
-0.17

Standard
EPC
0.56
-0.50
-0.09
-0.14
Standard
EPC
-0.19
-0.16
0.31
0.29
-0.17

StdYX
EPC
0.56
-0.50
-0.09
-0.14
StdYX
EPC
-0.51
-0.41
0.55
1.33
-0.51

Table 13: CFA Model 2 - Correlation Matrix (With Variances on the Diagonal)
1
2
3
4
Goal Orientation Toward Teaching
1. BAMK01
2. BMAK03
0.79
3. BMAR01
0.46 0.60
4. BMAR03
0.45 0.57 0.64
Deliberate Practice
5. DDP01
0.42 0.48 0.27 0.28
6. DDP03
0.78 0.66 0.42 0.36
7. DPS03
0.51 0.62 0.42 0.36
Reward Structure of the Environment
8. FEV01
0.04 0.01 0.15 0.04
9. FEV03
0.07 0.01 0.12 0.10
10. FEV04
0.10 0.05 0.16 0.16
11. FEV06R
0.07 -0.01 0.09 0.05
Education, Experience Teaching, and LMT Score
12.SEMATL
0.19 0.09 0.04 0.05
13.LMTSCL
0.00 -0.07 -0.01 0.07
14. MATHCRED 0.11 -0.07 0.01 0.00
15. EDCRED
0.19 0.26 0.17 0.24

5

6

7

8

9

10

0.54
0.51

0.65

0.01
0.06
0.07
-0.08

0.08
0.07
0.11
-0.06

0.10
0.13
0.15
-0.07

0.69
0.74
0.39

0.74
0.36

0.50

0.07
-0.07
-0.14
0.21

0.03
-0.05
-0.10
0.19

0.06
0.09
-0.16
0.10

-0.01
-0.03
0.03
0.04

0.18
-0.01
0.09
0.06

0.17
0.05
0.02
0.08
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11

12

13

0.14
0.12
0.09
-0.02

0.65
0.19
0.24
0.12

0.07
0.35
-0.16

14

15

0.73
-0.12 0.79

APPENDIX L: STRUCTURAL EQUATION MODELING – MODEL 1

Table 14: SEM Model 1 (Experience Model) Standardized Model Results: STDYX

Measured
Variable

Latent Variable
Mastery Goal
Orientation
Alpha = 0.762

Estimate

Standard
Error (SE)

Estimate/SE

TwoTailed
p-value

BMAK01

0.78

0.04

18.83

0.000

BMAK03
BMAR01
BMAR03
DDP01
DDP03
DPS03
FEV01
FEV03
FEV04
FEV06R

0.94
0.71
0.70
0.65
0.83
0.78
0.81
0.82
0.91
0.50

0.03
0.05
0.05
0.06
0.05
0.05
0.03
0.04
0.03
0.06

27.56
15.07
14.13
10.50
15.57
14.36
24.67
22.84
34.67
8.32

0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

REWARD

0.15

0.07

2.10

0.036

EDCRED
MATHCRED
SEMATL

-0.18
0.32
0.14

0.07
0.06
0.07

-2.75
5.05
2.04

0.006
0.000
0.042

MATHCRED
EDCRED

0.24
0.12

0.07
0.08

3.57
1.52

0.000
0.127

SEMATL
LMTSCL
MATHCRED
EDCRED

3.34
11.09
2.78
1.09

0.30
0.60
0.15
0.14

11.16
18.37
18.71
8.09

0.000
0.000
0.000
0.000

Deliberate Practice
Alpha = 0.734
Evaluation/Reward
Alpha = 0.792

SEMATL ON
LMTSCL ON

SEMATL ON

INTERCEPTS
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Table 15: SEM Model 1 (Experience Model) - Mplus Output: Modification Indices

M.I.
BY Statements
MASTERY BY DDP01
MASTERY BY DDP03
MASTERY BY DPS03
MASTERY BY FEV04
DELPRAC BY BMAK01
DELPRAC BY BMAK03
DELPRAC BY BMAR01
DELPRAC BY BMAR03
REWARD BY BMAR01
REWARD BY BMAR03

70.17
367.89
147.23
6.21
239.96
264.22
46.78
45.15
6.92
4.99
M.I.

ON/BY Statements
MATHCRED ON
DELPRAC/ DELPRAC BY
MATHCRED
EDCRED ON MASTERY/
MASTERY BY EDCRED
EDCRED ON DELPRAC/
DELPRAC BY EDCRED
MASTERY ON DELPRAC/
DELPRAC BY MASTERY
MASTERY ON REWARD/
REWARD BY MASTERY
DELPRAC ON MASTERY/
MASTERY BY DELPRAC
DELPRAC ON REWARD/
REWARD BY DELPRAC
REWARD ON MASTERY/
MASTERY BY REWARD
REWARD ON DELPRAC/
DEPRAC ON REWARD

Expected
Parameter
Change
(EPC)
0.59
0.98
0.80
0.20
1.24
1.20
0.74
0.68
0.21
0.15
Expected
Parameter
Change
(EPC)

Standard
EPC
0.46
0.76
0.62
0.15
0.81
0.79
0.48
0.44
0.17
0.12
Standard
EPC

StdYX
EPC
0.46
0.76
0.62
0.15
0.81
0.79
0.48
0.44
0.17
0.12
StdYX
EPC

4.03

-0.18

-0.12

-0.14

18.16

317.00

0.25

0.28

8.37

0.30

0.20

0.22

579.87

1.01

0.85

0.85

10.88

0.13

0.14

0.14

579.87

0.71

0.85

0.85

4.74

0.09

0.11

0.11

10.88

0.14

0.14

0.14

4.74

0.14

0.11

0.11
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Table 15: SEM Model 1 (Experience Model) - Mplus Output: Modification Indices

7.33
18.16

Expected
Parameter
Change
(EPC)
0.17
0.25

4.03
8.37

M.I.
ON Statements
MASTERY ON SEMATL
MASTERY ON EDCRED
DELPRAC ON
MATHCRED
DELPRAC ON EDCRED

StdYX
EPC

0.22
0.32

0.18
0.28

-0.11

-0.16

-0.14

0.25

0.22

10.27
10.27
19.68
31.81
9.80
10.28
185.74
159.26
22.21
17.23
42.04
73.37
15.32
17.69
4.01

0.16
Expected
Parameter
Change
(EPC)
0.47
0.32
0.42
0.48
0.27
0.28
0.78
0.66
0.42
0.36
0.51
0.62
0.42
0.36
0.16

579.87

M.I.
WITH Statements
BMAK03 WITH BMAK01
BMAR03 WITH BMAR01
DDP01 WITH BMAK01
DDP01 WOTH BMAK03
DDP01 WITH BMAR01
DDP01 WITH BMAR03
DDP03 WITH BMAK01
DDP03 WITH BMAK03
DDP03 WITH BMAR01
DDP03 WITH BMAR03
DPS03 WITH BMAK01
DPS03 WITH BMAK03
DPS03 WITH BMAR01
DPS03 WITH BMAR03
FEV04 WITH BMAR03
DELPRAC WITH
MASTERY
REWARD WITH
MASTERY
REWARD WITH
DELPRAC
MATHCRED WITH
DELPRAC
EDCRED WITH MASTERY
EDCRED WITH DELPRAC

Standard
EPC

Standard
EPC

StdYX
EPC

0.47
0.32
0.42
0.48
0.27
0.28
0.78
0.66
0.42
0.36
0.51
0.62
0.42
0.36
0.16

2.16
0.63
0.88
1.82
0.50
0.52
2.24
3.43
1.07
0.91
1.30
2.85
0.95
0.81
0.55

0.43

0.43

0.85

10.88

0.09

0.09

0.14

4.74

0.06

0.06

0.11

4.03

-0.08

-0.08

-0.14

18.16
8.37

0.19
0.13

0.19
0.13

0.28
0.22
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Table 16: SEM Model 1 (Experience Model) - Correlation Matrix (With Variances on the Diagonal)

1

2

3

4

Goal Orientation Toward Teaching
1. BAMK01
0.79
2. BMAK03
0.46
0.60
3. BMAR01
0.45
0.57
0.64
4. BMAR03
Deliberate Practice
0.42
0.48
0.27
0.28
5. DDP01
0.78
0.66
0.42
0.36
6. DDP03
0.51
0.62
0.42
0.36
7. DPS03
Reward Structure of the Environment
0.04
0.01
0.15
0.04
8. FEV01
0.07
0.01
0.12
0.10
9. FEV03
0.10
0.05
0.16
0.16
10. FEV04
0.07
-0.01
0.09
0.05
11. FEV06R
Education, Experience Teaching, and LMT Score
0.19
0.09
0.04
0.05
12.SEMATL
0.00
-0.07
-0.01
0.07
13.LMTSCL
0.11
-0.07
0.01
0.00
14. MATHCRED
0.19
0.26
0.17
0.24
15. EDCRED

5

6

7

8

9

10

11

12

13

14

15

0.54
0.51

0.65

0.01

0.08

0.10

0.06

0.07

0.13

0.69

0.07

0.11

0.15

0.74

0.74

-0.08

-0.06

-0.07

0.39

0.36

0.50

0.07

0.03

0.06

-0.01

0.18

0.17

0.14

0.65

-0.07

-0.05

0.09

-0.03

-0.01

0.05

0.12

0.19

0.07

-0.14

-0.10

-0.16

0.03

0.09

0.02

0.09

0.24

0.35

0.73

0.21

0.19

0.10

0.04

0.06

0.08

-0.02

0.12

-0.16

-0.12
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0.79

APPENDIX M: STRUCTURAL EQUATION MODEL – MODEL 2

Table 17: SEM Model 2 (Adaptive Expertise) - Standardized Model Results: STDYX

BMAK01
BMAK03
BMAR01
BMAR03
DDP01
DDP03
DPS03
FEV01
FEV03
FEV04
FEV06R

0.88
0.91
0.59
0.56
0.61
0.89
0.74
0.81
0.82
0.92
0.49

0.03
0.03
0.06
0.06
0.05
0.04
0.04
0.03
0.04
0.03
0.06

27.63
37.12
10.09
9.57
11.29
23.38
17.12
23.97
21.94
33.54
8.01

TwoTailed
p-value
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

REWARD

0.13

0.08

1.63

0.104

REWARD
MASTERY

-0.01
0.87

0.07
0.04

-0.07
23.24

0.942
0.000

REWARD
DELPRAC

0.14
0.09

0.07
0.08

1.99
1.04

0.047
0.300

DELPRAC

-0.08

0.07

-1.14

0.255

DELPRAC

0.28

0.08

3.53

0.000

EDCRED
MATHCRED
SEMATL

-0.15
0.30
0.15

0.08
0.06
0.07

-1.88
4.72
2.19

0.060
0.000
0.028

MATHCRED
EDCRED

0.25
0.10

0.07
0.08

3.74
1.17

0.000
0.242

Measured
Variable

Latent Variable
Mastery Goal Orientation
Alpha = 0.762

Deliberate Practice
Alpha = 0.734
Evaluation/Reward
Alpha = 0.792

Estimate

Standard
Error (SE)

Estimate/SE

MASTERY ON
DELPRAC ON

SEMATL ON

MATHCRED ON
EDCRED ON
LMTSCL ON

SEMATL ON
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Table 17: SEM Model 2 (Adaptive Expertise) - Standardized Model Results: STDYX

Latent Variable

Measured
Variable

Estimate

Standard
Error (SE)

Estimate/SE

TwoTailed
p-value

BMAR03
BMAR01

0.46

0.07

6.70

0.000

SEMATL
LMTSCL
MATHCRED
EDCRED

3.35
11.06
2.77
1.08

0.29
0.61
0.15
0.13

11.41
18.16
18.75
8.10

0.000
0.000
0.000
0.000

INTERCEPTS

Table 18: SEM Model 2 (Adaptive Expertise) - Mplus Output: Modification Indices

M.I.
BY Statements
DelPrac BY BMAK01
Reward BY BMAK03

4.84
4.44
M.I.

ON/BY Statements
MATHCRED ON MASTERY/
MASTERY BY MATHCRED

6.66
M.I.

ON Statements
DELPRAC ON MATHCRED

6.48
M.I.

WITH Statements
DDP03 WITH BMAK01
MATHCRED WITH DELPRAC

12.87
6.48
113

Expected
Parameter
Change
(EPC)
1.29
-0.18
Expected
Parameter
Change
(EPC)
0.69
Expected
Parameter
Change
(EPC)
-0.14
Expected
Parameter
Change
(EPC)
0.26
-0.10

Standard
EPC
0.78
-0.14
Standard
EPC
0.61
Standard
EPC
-0.24
Standard
EPC
0.26
-0.34

StdYX
EPC
0.78
-0.14
StdYX
EPC
0.71
StdYX
EPC
-0.20
StdYX
EPC
1.20
-0.40

Table 19: SEM Model 2 (Adaptive Expertise) Correlation Matrix (With Variances on the Diagonal)

1

2

3

4

Goal Orientation Toward Teaching
1. BAMK01
2. BMAK03
0.79
3. BMAR01
0.46 0.60
4. BMAR03
0.45 0.57 0.64
Deliberate Practice
5. DDP01
0.42 0.48 0.27 0.28
6. DDP03
0.78 0.66 0.42 0.36
7. DPS03
0.51 0.62 0.42 0.36
Reward Structure of the Environment
8. FEV01
0.04 0.01 0.15 0.04
9. FEV03
0.07 0.01 0.12 0.10
10. FEV04
0.10 0.05 0.16 0.16
11. FEV06R
0.07 -0.01 0.09 0.05
Education, Experience Teaching, and LMT Score
12. SEMATL
0.19 0.09 0.04 0.05
13. LMTSCL
0.00 -0.07 -0.01 0.07
14. MATHCRED 0.11 -0.07 0.01 0.00
15. EDCRED
0.19 0.26 0.17 0.24

5

6

0.54
0.51

0.65

7

0.01 0.08 0.10
0.06 0.07 0.13
0.07 0.11 0.15
-0.08 -0.06 -0.07

8

9

10

0.69
0.74
0.39

0.74
0.36

0.50

0.07 0.03 0.06 -0.01 0.18
-0.07 -0.05 0.09 -0.03 -0.01
-0.14 -0.10 -0.16 0.03 0.09
0.21 0.19 0.10 0.04 0.06
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11

0.17 0.14
0.05 0.12
0.02 0.09
0.08 -0.02

12

13

14

15

0.65
0.19 0.07
0.24 0.35 0.73
0.12 -0.16 -0.12 0.79
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